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ABSTRACT

Remote sensing provides a broad view of landscapes and can be consistent through time, making it an
important tool for monitoring and managing protected areas. An impediment to broader use of remote sensing
science for monitoring has been the need for resource managers to understand the specialized capabilities of an
ever-expanding array of image sources and analysis techniques. Here, we provide guidelines that will enable
land managers to more effectively collaborate with remote sensing scientists to develop and apply remote
sensing science to achieve monitoring objectives. We first describe fundamental characteristics of remotely
sensed data and change detection analysis that affect the types and range of phenomena that can be tracked.
Using that background, we describe four general steps in natural resource remote sensing projects: image and
reference data acquisition, pre-processing, analysis, and evaluation. We emphasize the practical considerations
that arise in each of these steps. We articulate a four-phase process that guides natural resource and remote
sensing specialists through a collaborative process to articulate goals, evaluate data and options for image
processing, refine or eliminate unrealistic paths, and assess the cost and utility of different options.

© 2009 Elsevier Inc. All rights reserved.

1. Introduction

Remote sensing science has become a critical and universal tool for
natural resource managers and researchers in government agencies,
conservation organizations, and industry (Gross et al., 2006; Philipson
& Lindell, 2003; Stow et al., 2004). The range of applications addressed
in the papers of this special issue of Remote Sensing of Environment is
testament to the growing use of remote sensing in natural resource
management. For the resource manager, a particular attraction of
satellite remote sensing technology is the ability to provide consistent
measurements of landscape condition, allowing detection of both
abrupt changes and slow trends over time. Detection and character-
ization of change in key resource attributes allows resource managers
to monitor landscape dynamics over large areas, including those areas
where access is difficult or hazardous, and facilitates extrapolation of
expensive ground measurements or strategic deployment of more
expensive resources for monitoring or management (Li et al., 2003;
Schuck et al., 2003). In addition, long-term change detection results

can provide insight into the stressors and drivers of change,
potentially allowing for management strategies targeted toward
cause rather than simply the symptoms of the cause.

Despite their increased exposure to and appreciation of remote
sensing, managers often must rely heavily on remote sensing
specialists to design and implement monitoring programs based on
change detection of remotely sensed data (Woodward et al., 2002).
The authors' collective experience in monitoring projects has shown
that success is the responsibility of both parties: the remote sensing
scientists must understand the needs and the scientific underpinnings
of the managers' goals, and the managers must have or develop an
understanding of the fundamental remote sensing issues that arise in
remote sensing change detection and monitoring projects. The
primary targets of this paper are natural resource managers or
researchers who are considering remote sensing for monitoring
resource attributes over time, and a fundamental goal is to provide
them with enough information about the full arc of a remote sensing
project to actively collaborate in designing successful monitoring
projects. By doing so, we also hope to aid this audience in evaluating
the case studies found in the other papers in this special issue. Despite
our focus on educating natural resource managers, we emphasize that
the dialog between managers and remote sensing specialists is bi-
directional and iterative.
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To discuss the full arc of a remote sensing study, we require the
reader to have a basic understanding of a few key concepts in remote
sensing change detection. The natural resource manager may consult
the many excellent review papers (Cihlar, 2000; Coppin et al., 2004;
Lu et al., 2004; Mas, 1999; Mouat et al., 1993; Yuan et al., 1998) and
texts (Campbell, 1996; Lillesand & Kiefer, 2000; Lunetta & Elvidge,
1998; Richards, 1993; Sabins,1997; Schott, 1997; Schowengerdt, 1997;
Wulder & Franklin, 2007) written on remote sensing in general and on
change detection in particular. Despite the utility of these references,
we find that the existing literature leaves two gaps. First, the natural
resource manager will struggle to find references written for the non-
specialist that also distill the key technical concepts needed to
effectively make practical decisions about planned remote sensing
projects. While we do not intend to be a simple review paper on basic
remote sensing, our experience suggests that it is critical to highlight a
few central concepts in remote sensing to lay the groundwork for later
discussion. Second, most reviews focus on evaluating image types and
analytical methods for change detection, but few review these issues
in the context of long-term monitoring, particularly how decisions
and constraints at all stages of a project can influence the types of
monitoring goals that can be reached. To wisely distribute time and
funds, a natural resource manager must be able to evaluate trade-offs
among all of the components of the study before final plans are made.
This paper represents our attempt to fill these two gaps.

For simplicity of terminology, we refer in this paper to the "natural
resource manager," but in practice we consider our audience to be the
broader group of scientists, managers, and agency officials who must
bring remote sensing data into the realm of natural resource
management. Because it is impossible in this paper to address each
unique situation faced by natural resource managers and scientists,
we have developed a set of broad resource attributes or indicators that
encompass many specific issues faced by managers, scientists, and
agency personnel (Table 1). All subsequent tables will be structured
around these attributes. Rather than being considered an exhaustive
list, however, the attributes should be considered for their heuristic
value in capturing the continuum of effects of different processes on
landscapes.

Table 1
Common natural resource attributes or indicators that are the focus of monitoring
programs, grouped into broad categories according to the process or threat influencing
that attribute.

The paper has three sections. The first describes underlying
concepts in remote sensing and change detection that must be
understood to effectively communicate with remote sensing specia-
lists. The second section describes the steps involved in a typical
remote sensing study designed for monitoring of natural resources,
showing how the key concepts described in the first section are
applied in practice. The third section provides a general framework of
evaluation phases that should be considered before a remote sensing
monitoring program begins. Throughout this paper, we use studies
described in companion papers of this special issue to illustrate key
concepts.

2. Key concepts

To appreciate the decisions that must be made in a remote sensing
monitoring project, the natural resource manager must understand
how sensors make measurements, how information is ascribed to
those measurements, and how change is inferred from them.

The fundamental process in remote sensing is the measurement
of electromagnetic energy to obtain useful information (Schott,
1997). That energy can originate from the sun or from a source
associated with the sensor, such as a laser or radio emitter, or can be
emitted directly from the material because of its temperature. Like
human eyes, electronic sensors are designed to measure reflected
energy in discrete regions of the electromagnetic spectrum called
"spectral bands." Because the physical and chemical properties of
a given material cause it to absorb, reflect, and emit electromag-
netic energy differentially in different parts of the electromagnetic
spectrum, the relative amounts of energy measured in different
spectral bands can be used to infer something about the character
of the object being observed (Schott, 1997; Verbyla, 1995). For
optical imagery, measurements made in each spectral band are
arranged in regular grids of picture elements (pixels), and grids
combined from different spectral bands create familiar color digital
images. LIDAR data are provided as postings, at either regular or
irregular intervals, but can be, and usually are aggregated to regular
grid cells for interpretation, analysis and change detection. Depend-
ing on the type of lidar (discrete return or waveform), data may be
provided as elevations of one or several returns from each posting
or as a continuous record or return intensity with height. Likewise,
synthetic aperture radar (SAR) images are generally processed
to regular grids, but originate as side-looking images recording the
differences in travel times and retum intensity of transmitted micro-
wave signals.

Extracting information from a digital image begins with "spectral
space" (which for our purposes includes SAR intensity or compar-
able LIDAR measurements). Spectral space is the data space that can
be visualized by plotting measured intensity of reflected radiance in
different spectral bands against each other (Lillesand & Kiefer, 2000;
Richards, 1993). Fig. 1 illustrates this concept for a picture of a
flower and green leaves. All objects that appear to be the same color
in the digital image have pixels whose reflectance values group
together in the same region of spectral space. Thus, green leaves
and reddish flower bases occupy different regions of the spectral
space defined by plotting the reflectance values in the red versus the
green bands. Once regions of spectral space are labeled "flower" or
"leaf," all pixels that fall in that region of spectral space can be
ascribed those labels. Note, however, that the observed spectral
space depends not only on the object itself, but on the illumination
source, and that consistency in illumination is needed to apply
labels in spectral space. Similarly, the spectral space of an image of a
landscape can be labeled with regions corresponding to labels such as
forest, water, etc.

Labeling the regions of spectral space requires external informa-
tion. In the case of the flower in Fig. 1, the external information is the
observer's prior knowledge of the spatial and spectral properties of a

a Hudak and Wessman, 1998, Harris et al., 2003
bAllard, 2003.
c Nagler et al., 2009-this issue.
d Wang et al., 2007.
e Hostert et al., 2003.
f Asner and Vitousek, 2005.
g Goetz et al., 2009-this issue.
h Townsend et al., 2009-this issue.
i Huang et al., 2009-this issue.
j Skakun et al., 2003, Wulder et al., 2005.
k Nemani et al., 2009-this issue.
r Reed et al., 2009-this issue.
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Fig. t. An illustration of spectral space. a) A standard digital photo of a flower and green leaves taken with a handheld digital camera. b) The reflectance of green energy for that photo
(e.g. the "green band" ofthe image). c) The red band of the image. d) A plot of the intensity of red versus green band reflected energy for the images in band c. The nearly-white parts
of the flower petals are high in both red and green reflectance, placing them in a different part of spectral space from the reddish pixels from the base of the flower. Those pixels are
fairly low in red reflectance (i.e. not near the top of the red axis), but even lower in green reflectance, making them appear dark red.

flower in a picture. In the case of an image of a landscape acquired by
a satellite, external information is most commonly obtained from the
observer's prior knowledge of the landscape, from actual descriptive
measurements made at sample locations on the landscape, or from
other imagery more detailed than that for which the spectral space
labels are needed. Examples of such data would include airphoto-
interpreted land cover type, field-measured species composition
within 1-ha plots, or field-measured estimates of forest basal area or
cover-type areal proportions. More advanced approaches to obtain
external data include the use of (sometimes complex) models of
systems and/or system components (Peddle et al., 2007). Some
model-based approaches can provide structural information that
cannot be derived solely from spectral characteristics. Regardless of
the source, without such reference data the measurements from a
satellite image may be of limited utility to a natural resource
manager. Thus, the acquisition of appropriate reference data is
critical in any remote sensing study.

With appropriate reference data, several methods of labeling
regions in spectral space are possible (Fassnacht et al., 2006; Fraser
et al., 2009-this issue). A common approach is discrete classification,
where hard boundaries are drawn between discrete regions, resulting
in a categorical map with discrete labels of land cover (Lillesand &
Kiefer, 2000). Another approach is to allow overlap between regions in
spectral space, resulting in "fuzzy" labels that retain some of the
information about mixtures of components within a pixel (Foody,
1996; Wang, 1990). Alternatively, gradients within spectral space can
be related to variables that vary continuously, such as the percent
vegetative cover within a pixel or to proportions of spectrally pure
cover types (Cohen et al., 2003).

The heart of change detection and monitoring is comparing the
position of a pixel in spectral space at different points in time. Images
are acquired of a landscape in different years or different seasons, and
the spectral space of those images compared. If a pixel's spectral

values place it in a spectral region associated with one land cover type
in one date and in another land cover type in another date, we could
infer that a change has occurred on the ground for the area measured
by that pixel. However, a variety of other effects could cause change in
spectral values for pixels over time, and separating informative
changes from non-informative types remains a central challenge in
remote sensing change detection. Much like the case of a single
spectral space, changes in spectral space can be described using
categorical, fuzzy, and gradient-based techniques, with properties
discussed in Section 3.3 below.

In summary, the foundational process in most remote sensing
change detection is quantifying and labeling changes in the spectral
space represented by a given sensor. The types of change that can be
detected, the ability to meaningfully label them, and the confidence in
those labels all depend on the specific choices made during several
sequential steps in a change detection project.

3. Steps in a remote sensing change detection study

Remote sensing change detection studies involve a series of
sequential steps that are detailed extensively elsewhere (e.g. Cihlar,
2000; Coops et al., 2007; Lunetta, 1998; Schott, 1997). For the natural
resource manager, our goal here is to simplify these steps into four
broad stages: data acquisition, preprocessing and/or enhancement,
analysis, and evaluation. The better a manager understands how
decisions in each stage affect the outcome of the study or project, the
better he or she can guide those decisions.

3.1. Data acquisition

The data acquired in this step are both image data and the
reference data that will ultimately be used to label information in the
image and to evaluate the efficacy of products.
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3.1.1. Image data acquisition
Rather than recreate lists found elsewhere of image sources or the

broad categories of sensors (Kramer, 1996; Lefsky & Cohen, 2003;
Sabins, 1997), our goal is to describe the underlying considerations in
image acquisition as they will specifically relate to the phases of
decision-making in designing a remote sensing project (Section 4 of
this paper). The four primary considerations are type, timing, quality,
and cost of imagery. Table 2 lists the issues and challenges associated
with using different image sources for each of the broad monitoring
goals listed in Table 1.

Radar and LIDAR imagery are not induded in Table 2, as they have
not been used as widely for landscape change studies as have optical
data, largely due to the comparable lack of availability of suitable data
for land cover change detection until recently. However, SARimages
have been used for a wide array of studies that are highly applicable to
tracking changes in flooding (Smith, 1997; Townsend, 2001), wetlands
monitoring (Hess et al., 2003; Lang & Kasischke, 2008; Wdowinski
et al., 2008), for interferometric studies of geologic phenomena (Gens
& VanGenderen, 1996; Massonnet & Feigl, 1998; Kaab et al., 2005), and
to a lesser extent for landscape change studies (but see Quegan et al.,
2000; Rignot & Vanzyl, 1993). SAR imagery has been found to be
especially useful for detection of change in urban areas (Dierking &
Skriver, 2002; Gamba et al., 2006; Henderson & Xia, 1997; Ridd & Liu,
1998; Seto & Liu, 2003). With increasing availability of airborne LlDAR
data, more studies will likely use LlDAR to detect changes, especially in
vegetation structure (Wulder et al., 2007a,b; Yuet al., 2006, 2008) and
topographic change (Woolard & Colby, 2002; White & Wang, 2003;
Rosso et al., 2006).

Type of imagery refers to its spatial, temporal and spectral
qualities, and reflects the tradeoffs among these qualities in the
design of sensors (Verbyla, 1995). The spatial grain of a sensor is the

area on the ground captured by a single sensor element, effectively the
pixel size (although see Schott (1997) for a more detailed discussion),
while the extent is the geographic scope of an image. The temporal
grain is the frequency at which images of a given point on the Earth are
acquired, and the temporal extent is the historical depth of that
imagery. The spectral grain of a sensor relates to the width of the
spectral bands in which it makes measurements, and the spectral
extent to the breadth of the electromagnetic spectrum captured by all
ofthe sensors. Generally, grain and extent in each domain are related:
Finer-grain elements result in smaller extents. Tradeoffs across
domains arise from engineering constraints. Spatial and spectral
grain are opposed because the energy coming from a surface is finite,
and as that energy is divided into increasingly smaller pixels or
narrower spectral bands, the signal strength falls (Schowengerdt,
1997). To maintain a signal above a critical threshold, one domain
must be sacrificed to facilitate finer division of the other. In orbiting
satellite systems, tradeoffs between spatial grain and temporal grain
come about because larger pixels capture more of the Earth's surface
at a time, allowing for more frequent overlap between images
acquired on successive orbits and shorter repeat cycles for sensors
with large pixels (Sabins, 1987). The practical implication of these
tradeoffs is that the natural resource manager may need to prioritize
which domain is most relevant for a given monitoring goal of interest.
A key consideration driving many analytical and practical considera-
tions in remote sensing studies is the relationship between the grain
of the entities being mapped and the grain of the sensor (Woodcock &
Strahler, 1987).

Image timing and image quality must be chosen to minimize the
influence of unwanted effects on spectral space, since such effects can
obscure real change or produce the false appearance of change. Key
issues to consider are phenological state of the landscape, sun angle,

a Zhang and Fraser, 2007.
b Wang and Ellis, 2005a,b.
c Wang et al .. 2007.
d Leckie et aI., 2004.
e Fensham et aI., 2007, Fensham and Fairfax, 2007.
r Kennedy et aI., 2007b.
g Olthof et al .. 2004.
h Asner et aI., 2005.
; Cohen and Goward, 2004.
j Huang et al., 2009-this issue.
k Kennedy et aI., 2007a.
I Wang et aI., 2009-this issue.
m Olthof et al., 2004.
n Potter et al .. 2005.
o Zhan et al., 2002.
q Reed et aI., 2009-this issue.
r Pacifici et aI., 2007.
S Asner and Heidebrecht, 2002.
t Wessels et al .. 2004.
U Myneni et al., 1998, Potter et aI., 2005.
v White et al., 2005.
W Reed et al., 2009-trus issue, Hall et aI., 2002.
x Nemani et aI., 2009-this issue.
Y Cohen et aI., 2006.
z Vikhamar and Solberg. 2003.
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atmospheric condition, and geometric and radiometric quality of the
imagery, These issues are described in greater depth in these key
references (Coops et al., 2007; Yuan et al., 1998). Cost of imagery is an
important consideration for most natural resource agencies, and is
amply discussed in other references (Gross et al., 2006; Turner et al.,
2003). Note that the greatest cost in many remote sensing studies is
not the acquisition of imagery, but in the labor needed to process the
imagery, derive information, and evaluate the results (Lunetta, 1998).

3.1.2. Reference data acquisition
Reference data are independent sources of information that allow a

remote sensing specialist to relate patterns in spectral space to real
quantities or phenomena on the earth surface, or to validate or
evaluate the products that come from such a process (Campbell,
1996). For example, field crews may make areal measurements on the
ground of percent cover of different land cover types, and these land
cover type proportions can be linked to the spectral space to build
generalized rules that relate regions in spectral space to those land

cover labels. If some data are withheld from the rule-making process,
their measured land cover type proportions may also be used to
evaluate how well the rules apply outside of the plots used to make
them, providing a measure of the utility of the rules. Because the
reference data affect the rules used to make maps as well as the ability
to quantify their robustness, the quality and availability of reference
data may drive the questions that can actually be addressed with
remote sensing. This, in turn, makes assessment of reference data a
critical step in the planning process. Table 3 lists the challenges and
opportunities associated with using various reference data in support
of the monitoring resource attributes listed in Table 1.

Although not universal, reference data collected in a probabilistic
statistical framework are commonly used to both train the classifier and
to assess classification accuracy. The statistical framework provides rigor
and credibility, and may be used to minimize bias and estimate variance,
key to assessing data quality (Stehman, 2000, 2001). The statistically-
based accuracy assessment consists of three primary components, a) a
response design that describes how the "true" value for the ground

a Wang et al., 2007.
b Goetz et al., 2003.
c Johansen et al., 2007.
d Kennedy et al., 2007a.
, Wulder et al., 2007 a.b,
r Sanchez-Azofeifa et al., 2003.
g Congalton and Biging, 1992.
h Cohen et al., 1998
; Jantz et al., 2005.
j Boutet and Weishampel, 2003.
k http://fhm.fs.fed.us/.
I DeFries et al., 2000.
m Leckie et al., 2004.

http://fhmJsJed.us/.
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condition will be assigned and interpreted (what is "true on the
ground"), b) a sampling design that describes how we will pick our
specific field sampling locations, and c) analysis protocols that specify
formulas and methods applied to the sampled reference data in
estimating the value and accuracy of change (Strahler et al., 2006).

Ideal reference data are those that match imagery spatially and
temporally, that measure a property that is thought to be detectable
with the imagery, and that are designed to allow construction of the
models required to label spectral space and to evaluate the robustness
affinal maps (Congalton & Green, 1999). For the most part, such data
rarely exist unless they were collected specifically for the purposes of
remote sensing. Typical ecological measurements often do not
capture the average conditions of an entire pixel, are not collected
at the correct time, and are difficult to geographically link with the
imagery (Kennedy et al., 2007a). The heterogeneity of the conditions
within each reference plot is also critical for building and evaluating
models with reference data (Fassnacht et al., 2006), as high
classification accuracies are harder to achieve in more heterogeneous
environments (Smith et al, 2002), and the appropriate sampling for
reference data is also affected by spatial autocorrelation and
heterogeneity (Congalton & Green, 1999; Friedl et al., 2000; Strahler
et al., 2006). In addition to these challenges encountered with any
remote sensing mapping project, challenges arise that are specific to
the mapping of change. First, reference data ideally should be
available for conditions before and after a change, which in practice
can lead to validation using different data sources at different times
(e.g. Huang et al., 2007). Second, even with similar data sources
before and after a change, it is often difficult to completely replicate a
given reference datum on the ground because of geolocational
imprecision, and in high-resolution airphotos or imagery because of
shadowing and view angle variations across years (Paine, 1981; Wang
et al., 2007).

In remote sensing, it is often preferable to collect many field plots of
slightly lower quality or richness rather than collecting few plots that
are rich in information. Strategies for sampling are well-covered
elsewhere for both the general case (Cochran, 1977; Congalton &
Green, 1999; Thompson, 2002) and the special case of remote sensing
change detection (Biging et al., 1998; Stehman, 1999). Regardless of the
particular method chosen, the geographic location of reference data
should be determined before setting foot in the field or obtaining aerial
photos, etc., using a process that eliminates human bias in choosing
plots. A common strategy is to use a higher-resolution remote sensing
product to validate a coarser product (Cohen et al., 2001; Congalton &
Green,1999; Lambin & Ehrlick, 1997; White et al.,1996). Several papers
in this special issue illustrate a range of approaches for reference data
collection, from intensive field measurements of habitat condition at a
relatively small number of plots, to simpler measurements of cover
type at a larger number of plots (Nagler et al., 2009-this issue), to
relatively quick GPS-linked field photos at an extremely large number
of plots (Wang et al., 2009-this issue).

3.2. Image pre-processing

The goal of pre-processing is to ensure that each pixel faithfully
records the same type of measurement at the same geographic
location over time (Lunetta, 1998). Preprocessing is especially critical
in change studies because the detection of change assumes that the
spectral properties of non-changed areas are stable, and inadequate
pre-processing can increase error by causing false change in spectral
space. (Coops et al, 2007; Lu et al., 2004; Lunetta, 1998; Peddle et al.,
2003; Schowengerdt, 1997) Increasingly, pre-processing steps are
becoming automated and resulting in free datasets of relatively high
quality (Fraser et al., 2009-this issue; Masek et al., 2006). Note, how-
ever, that each step in pre-processing alters the position or spectral
properties of pixels in the imagery, and thus each step has the poten-
tial to introduce error.

A final step often labeled pre-processing is image enhancement,
which is the mathematical rotation, compression, or distortion of
spectral space to accentuate desired features and suppress noise
(Lillesand & Kiefer, 2000). Many natural resource managers may
be familiar with one type of enhancement known as vegetation
indices, such as the normalized difference vegetation index (NDVI;
Tucker, 1979), but a wide range of enhancements are possible.
Several papers in this special issue utilize derived indices as a key
step in their process (Crabtree et al., 2009-this issue; Nagler et al.,
2009-this issue; Nemani et al., 2009-this issue; Townsend et al.,
2009-this issue). Note that image enhancement techniques do
not create new information, but rather they highlight information
present in the original spectral data.

In theory, if pre-processing has been perfectly successful, all
changes in spectral value in a given pixel between two images can be
ascribed to actual changes in the conditions of the surface represented
by that pixel. In practice, no pre-processing steps account for all effects
perfectly. Thus, some portion of the spectral change observed in a
pixel over time is uninformative, and the analytical techniques in the
next phase of the project must take this into account.

3.3. Extracting information

Once two or more images have been pre-processed and/or
enhanced, many mathematical approaches are available to detect
and label pixels that have or have not changed (Yuan et al., 1998).
Despite the variety of methods, most change detection approaches
contain a modeling (or functional algorithm) phase and a subtraction
phase. The modeling phase refers to the development or implementa-
tion of algorithms to infer meaning from spectral data, while
subtraction refers to the process of comparing dates via image algebra
or other methods. Key considerations are how the functional step
treats spectral information, and whether the subtraction phase
precedes or follows the modeling phase (Gong & Xu, 2003; Yuan
et al., 1998). Table 4 lists how various analytical techniques relate to
the broad monitoring goals listed in Table 1.

The algorithm phase can involve discrete, fuzzy or continuous
methods. Discrete methods are attractive because changes are
typically defined in terms of land cover classes that are familiar to
natural resource managers (Wang et al., 2009-this issue) and that
can be used directly in subsequent habitat fragmentation or similar
analyses (Townsend et al., 2009-this issue). The primary drawbacks
are that subtle changes of condition within a land cover class are
missed, and that pixels near the spectral boundaries of classes are
more likely to be incorrectly labeled as having changed, simply due
to imperfect pre-processing, unless the change analysis is con-
strained by available high resolution vector GIS data. Fuzzy methods
acknowledge the potential confusion among classes in spectral
space, and can be designed to capture subtle change within classes
(Foody & Boyd, 1999; Kennedy et al., 2007a). The fuzzy nature of
these classes may be non-intuitive, however, and labeling change
among a matrix of many overlapping classes may be untenable or
non-informative in practice. Continuous-variable approaches allow
for capture of subtle distinctions between two dates, but effort must
be made to develop robust methods to define what level of change is
actually meaningful (Yuan et al., 1998). In addition, continuous-
variable methods that simultaneously track several variables often
must be collapsed into categorical variables to simply make sense of
the change (Chen et al., 2003), potentially diminishing the advantage
over strictly discrete methods.

If the models are first applied separately to the spectral space of
each image to create two maps, then change is detected and labeled by
comparing (differencing) those maps (Fig. 2a; also Haertel et al.,
2004). From the practical perspective of the land manager, taking
this approach places a high premium on appropriate reference data
tied temporally to each image, and less on costs associated with
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a Weisberg et al., 2007.
b Ellis et al., 2006.
c Li et al., 2003.
d Cohen and Fiorella, 1998.
e Potter et al., 2005.
f Kennedy et al., 2007b.
g Huang et al., 2009-this issue.
h Wang et al., 2009-this issue.
i ViDa et al., 2007.
j Cohen et al., 1998, Kennedy et al., 2007a.
k Dougherty et al., 2004.
I Lambin and Strahler, 1994.
m Roberts et al., 1998.
n Yuan et al., 1998.

normalizing the spectral space of the two images (Yuan et al., 1998).A
key challenge, however, is that errors in the maps from each image are
compounded in the change detection map, limiting the maximum
accuracy that can be achieved (Cohen & Fiorella, 1998). If spectral
space is first differenced (often through simple subtraction) and then
an algorithm is applied to the spectral difference image, change is
inferred from the spectral character of the spectral difference space
(Fig. 2b; also Lambin & Strahler, 1994). The expected spectral
difference for no-change is zero in all spectral bands, and change is
detected as deviation from zero (although usually with a non-zero
threshold to compensate for imperfect pre-processing). This approach
is attractive in its explicit focus on the change, and avoids
compounding errors in maps. It also allows for detection of change
in any spectral direction (Lambin & Strahler, 1994; Malila, 1980), for
detection of subtle effects like insect defoliation (Muchoney & Haack,
1994; Townsend et al., 2004), and for development of general models
that can be applied across images from many years (Cohen et al.,
2006). The challenge in using this approach is that radiometric
normalization (e.g., for atmospheric, phenological or BRDF differences
[bidirectional reflectance distribution function, Schaepman-Strub
et al., 2006]) must be very robust, and that reference data that

specifically measure change (rather than just state) must be available.
Moreover, the results can be confusing because the differencing step
removes information about the origin or terminus of the pixel in
spectral space (Cohen & Fiorella, 1998).

Some important approaches combine or omit the differencing
phase. One strategy begins with an existing land cover classification
map, and then uses image algebra to detect locations of change on
the map. New classification models are then applied only to label the
changes, while the classification labels from non-changed areas are
simply carried forward (Fig. 3; also Fraser et al., this issue; Parmenter
et al., 2003). For natural resource monitoring, this is attractive in
allowing use of existing or familiar land cover maps while focusing
on the change component of the spectral signal. However, it cannot
be extended indefinitely: cover classes in the original map are
constantly degraded by change, reducing their spectral fidelity over
time and requiring eventual creation of a new land cover map.
Another approach that does not include the differencing stage
involves application of a model to the combined (stacked) spectral
space from all of the component images (different years or dates) to
infer information about change. Such an approach diminishes the
need for robust normalization among images, but results can be
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3.4.1. Evaluation
Scientists have developed standard techniques for assessing map

accuracy (Congalton & Green, 1999; Gopal & Woodcock, 1994). Error is
typically quantified statistically by comparing the map to independent
reference data at a sample oflocations in a landscape. When the map
is categorical, the errors are reported as proportions accurately
described within each class, often summarized across all classes in a
table known as a contingency matrix and sometimes summarized on
a per class basis (Wang et al., 2009-this issue; Fig. 4). When the map
is a continuous variable, the errors are reported as real numbers such
as mean error, root mean square error, or other summary statistic.
The actual agreement between the reference data and the map is a
function of both the spatial accuracy of the two data sources, and the
agreement in the labels assigned, but in practice the contribution of
spatial error to the final agreement is difficult to disentangle. In all
cases, large sample sizes improve estimation, but sometimes
statistical approaches can be used to leverage small sample sizes
(such as bootstrap or jackknifing procedures), allowing evaluation of
accuracy when expensive field samples are sparse (Cohen et al.,
2003).

To conduct a proper accuracy assessment, the independent data
must be considered "truth," in that they were collected without error
(Congalton & Green, 1999). In practice, reference data have errors in
both location and in label, just as the map data do, and measurements
not designed for remote sensing typically do not capture the average
conditions of an entire pixel (Wulder et al., 2007a,b). Acknowledging
that some error exists in reference data, values are often deemed true
when they are known at substantially higher accuracy than the
mapped values. When reference data are known to an accuracy level
only moderately better than the map itself, the analysis is more
appropriately considered an evaluation of agreement rather than a
true accuracy assessment.

Fig. 4. Sample locations are often selected based on a randomized cluster method.
Cluster samples are selected across the landscape using some random process. A
number of points are then sampled in some distance-constrained manner near the
cluster center, either in random process (shown), or some systematic process (not
shown). Clustering reduces travel time among samples, thereby increasing the sample
size on a fixed budget. Cluster sampling is often an optimum tradeoff between the need
to seek independent samples, and increase the statistical power through higher sample
numbers.

Fig, 3. An amalgam approach to change detection, where differencing is used to identify
only pixels that have changed, and single date mapping rules are applied only to those
changed pixels.

Fig. 2, Two means of conducting remote sensing based change detection. a) From two
separate spectral images, a mapping or classification function is applied, resulting in
two separate maps. These maps are then compared through differencing or analogous
process to derive change. b) The spectral values of the two images are differenced
directly, and a mapping or classification algorithm is applied to that different space.

difficult to interpret and are generally applicable solely to the
combined data space under study (Coppin et al., 2004; Fung & Siu,
2000). A second family of approaches using more than two dates of
imagery seeks to identify temporal patterns or trajectories in the
sequence of imagery (Carcia-Haro et al., 2001; Hostert et al., 2003;
Huang et al., 2009-this issue; Kennedy et al., 2007b; Lawrence &
Ripple, 1999; Lu et al, 2003; Potter et al., 2005). These approaches
are attractive because they capture overall temporal trends, but
generally require robust radiometric normalization and may involve
complex statistical analysis to infer change. As image processing and
data storage capabilities improve, however, these approaches hold
great promise in removing year-to-year variation from classifications
of single date images, in detecting longer term processes than those
typically captured, and in detecting more subtle processes than can
be achieved through two-date change detection alone.

3.4. Evaluation and reporting

Monitoring may stimulate costly management responses. Erro-
neous information may lead to inappropriate action, for example,
remediation when it is unnecessary, or lack of action when interven-
tion is needed (Ronnback et al., 2003). Therefore, information quality
must be evaluated. In addition, the procedures used to create this
information must be reported such that external parties can assess
their results.
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Data acquisition reporting should follow reporting requirements
for non-imagery spatial and non-spatial data (Michener et al., 1997,
FGDC:http://www.fgdc.gov/standards/standards.html). Sources and
disposition of data, including agreements on access and distribution,
should be included in documentation. It may be important to include a
discussion of the criteria used to choose imagery so that parallel
criteria can be applied in the future. Part of this process is to document
whether the spatial, spectral, or temporal characteristics of the
imagery imposed constraints for the particular monitoring goals of
the study. When ancillary spatial data are included as part of the
project. they should be described from the perspective of how their
spatial and temporal properties could affect the final products.
Documentation of reference data should be sufficient to allow future
users to either recreate the data or re-visit a site.

Reporting on image pre-processing steps is critical because of the
many image analysis steps involved in a typical remote sensing study.
Documentation must be comprehensive enough to permit duplication
of all steps, including the use of the same algorithms or models and
parameters as well as discussions of why the methods were chosen.
Errors associated with each model should be reported, noting that
errors were caused by algorithm assumptions, by inaccurate reference
data, and/ or by spatial and temporal variation in imagery and datasets.

Analytical techniques for mapping and change detection also
require detailed reporting. For projects that involve land cover class
maps, particularly those specific to a given site, documentation of
steps used to build the classification must be provided to allow
crosswalking between current and future land cover schemes. Legend
design and cross walk procedures should follow an established
approach (e.g., Strahler et al., 2006). Error assessments conducted in
the evaluation phase should include all raw data as well as the
summary data used to evaluate overall performance. For all such data,
the spatial and temporal grain of the analysis should be documented,
especially if the analysis is conducted on the multi-pixel basis (for
example, as average conditions across larger polygons). Also, it is
important to evaluate whether the errors are equally distributed
across the spatial extent of the study area, or whether different areas
have different error properties (Fassnacht et al., 2006).

A part of reporting is archiving enough data to allow future
investigators to re-evaluate or re-process the data. All raw imagery
must be archived, using formats that are as transparent and generic as
possible, as well as all models and reference data. Archiving of all
intermediate products is not necessary, provided all information and
algorithms needed to recreate those data are archived. If interpreta-
tion of imagery (including photos) was conducted, then libraries of
voucher specimens (type photos) should be included.

4. Summary

The four phases of a remote sensing project described here are
generally carried out in sequential order, but planning for such a study
must consider all phases simultaneously. Each phase depends on prior
phases. and decisions made early on can constrain options or
inference later. Thus the entire arc of the study needs to be considered
when managers are evaluating whether and how to include remote
sensing in the monitoring of natural areas (Lunetta, 1998). This is the
subject of the next section.

5. Phases in the design of remote-sensing based monitoring projects

This paper focuses on the remote sensing aspects of monitoring
projects. Before initiating a project, the project manager must first
ensure two conditions exist. First, there must be an explicit process,
with sufficient time, for collaborative development between natural
resource and remote sensing specialists. Second, there must be a
sufficiently clear and precise articulation of the monitoring (change
detection) objectives. Fancy et al. (2008) emphasize the importance of

Fig. 5. A heuristic tool to illustrate the connections among image type, analytical
techniques, analysis form, and the various monitoring goals outlined in Table 1. To use
the figure, begin at the edge with one of the monitoring goals. The area defined by that
goal or the dashed/ dotted lines indicates the domain of that goal in most common
change detection studies, By following that domain in towards the center of the circle
along the perpendicular, the other components most commonly associated with that
goal are encountered. The shaded pie shape illustrates this for just one goal.

The balance between quality of reference data and number of
samples must be considered carefully. Because larger sample sizes
improve the precision of the estimate, it may be advisable to sacrifice
some precision of measurement at any single reference plot in the
interest of acquiring many more plots. This is particularly true in
change detection studies, because areas that have changed typically
occupy only a small portion of the landscape, and because there may
be many different categories of possible change. Stratified, cluster, and
double-sampling methods may be particularly attractive approaches
to distributing samples (Fig. 5, also see Czaplewski & Patterson, 2003;
Kalkhan et al., 1998). These sampling strategies can increase the
number of sample plots that can be collected for a given time or
budget constraint, which is particularly important for monitoring
projects where repeat visits across many years are planned.
Stratification and focus on those areas that have changed has been
advocated to increase precision in the change estimate (Biging et al.,
1998), as this often gives a more precise estimate, but requires useful
strata be available. Changed areas are often 25% of the landscape or
less, and without stratification, these small regions may be under-
sampled. While stratification and clustering may substantially
improve accuracy estimates and/or save time and money (Lohr,
1999), many of these sampling strategies cannot be implemented
without some knowledge of the spatial autocorrelation in the sampled
variable, as most statistical accuracy estimates depend on an
assumption of sample independence, and the estimates must be
adjusted if samples are autocorrelated (Congalton, 1998).

3.4.2. Reporting
Long-term monitoring will eventually rely on different sensors,

training datasets, and analytical techniques. Accurate reporting of all
phases of a project is thus critical to ensuring the long-term value of
the data and the ability to evaluate prior results and infer change.
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clear monitoring objectives. The monitoring objectives may be slightly
revised during the collaborative development process, but inadequate
specification of objectives commonly leads to failure.

Ultimately, the appropriate strategy for extracting information on
change will depend on the type of change being sought, the
availability of appropriate imagery to detect that change, as well as
the availability of reference observations to interpret and label the
changes that are detected. Although in theory any combination of
imagery, analytical technique, and reference data could be used in a
natural resource monitoring study, in practice some combinations
work more effectively and are found together more often in the
literature. Fig. 5 shows how this reality can simplify the decisions that
must be made during planning to monitor resource attributes listed in
Table 1 and replicated in the outside ring of Fig. 5. By traversing the
concentric rings inward from any monitoring goal, the typical data
types, reference data sources (e.g. "Airphoto data for reference"), and
analytical techniques used to meet that type of goal are encountered.
As an example, the pie-shaped shaded area in Fig. 5 shows that
monitoring slow change in cover type typically requires airphoto data
to develop reference information, could be analyzed at either the
patch or the pixel level, could use either proportional or discrete
descriptors of cover type, and likely would need moderate to high
resolution imagery to carry out. Note that this figure is intended to be
suggestive rather than exhaustive; Turner et al. (2003), Kerr and
Ostrovsky (2003) note ecological applications of similar sensors not
identified in Fig. 5.

5.1. Phase 1: Identify imagery appropriate to detect changes in resource
attributes

5.1.1.Step 1. Identify management or conservation attribute or indicator
In the initial phase of planning, the natural resource manager must

identify the focal resource (sensu Fancy et al., 2008), key processes
that act on the resource, and the resource attributes that are the focus
of the monitoring. These are analogous to the Values/Threats/
Indicators paradigm of resource management (Hockings et al.,
2006), but applied more broadly. The focal resource may range from
a specific organism to an entire landscape or region, and may be biotic
or abiotic. The processes that act on the focal resource may be external
(e.g. hurricanes, fire, climate change, land cover conversion) or
internal (e.g. succession of vegetation communities, eutrophication
of water bodies). Such processes correspond to column 2 in Table 1.

Key questions to address: What is the focal resource? What is (are)
the process( es) of interest that act on that resource? What are the
manifestations of that process on the resource attributes of primary
interest? Is it critical that changes in the focal resource be detected
everywhere they occur, or is a summary of an average effect useful?
What are the management/conservation decisions influenced by
detecting changes in the resource attributes? How quickly must
changes be detected to implement appropriate management
responses?

5.1.2. Step 2. Identify potential imagery of appropriate grain and extent
In consultation with remote sensing specialists, use spatial,

temporal, and spectral properties ofthe resource attributes to identify
potential image sources. In all aspects of this phase, consider both the
cover type (i.e. focal resource) of interest and the process that acts on
it Phinn et al. (2003) provided one framework for determining
appropriate imagery.

Key spatial questions: What is the spatial grain needed to resolve
the focal resource? What is the spatial grain of key process that acts on
that resource? Is it necessary to capture the fate of individual
organisms to capture changes in resource attributes, or can the
behavior of many neighboring organisms at a larger grain size capture
the necessary information? Over how large an area must change be
tracked? Can a sample of images be used?

Key temporal questions: How fast do detectable changes in the focal
resource occur? Do changes occur quickly in one place and then not
recur for a long time (e.g, fire, flood, etc.) or are changes a 'trend' that
occurs slowly in the same place over time (e.g. successional changes,
slow melting of glaciers, etc.)? Does the focal resource return to its
prior state (in spectral terms) rapidly following the change, or do the
spectral effects of the change persist? To capture resource changes
with snapshots, what frequency of observations is required (con-
sidering the pace of the process and the management activities that
need to respond to it)? Are there certain windows of time when
observations should or should not be obtained? Over what period
must measurements occur to detect or track relevant changes in
resource attributes?

Key spectral questions: Does the focal resource have a spectral
quality that distinguishes it from its background? If not, is it related to
some other resource or surface characteristic that is distinguishable?
When the process acts on that resource, what changes in spectral
quality are expected? Do those changes differ from ambient changes
in spectral qualities of other areas unaffected by the process? Is there a
sensor whose spectral measurements (grain and extent of spectral
measurements) facilitate measurement of those spectral differences?
If not, are there other related focal resources or associated resource
attributes that have spectral properties that better match those of a
given sensor?

5.1.3. Step 3: Evaluate availability of potential imagery
Note cost and availability of both historic and future imagery,

relative to spatial and temporal extent If the imagery must be
purchased, consider the costs needed to match its properties to the
properties of existing data to which it will be compared. Resolve
potential tradeoffs in spatial and temporal properties and availability,
and explore whether modifications to monitoring objectives or a re-
framing of questions could add alternative imagery types to the list.

5.2. Phase 2: Estimate costs of pre-processing and analysis

With the assistance of remote sensing specialists, evaluate the pre-
processing steps and analytical techniques that are required to detect
meaningful changes in the resource attributes from conditions of no-
change and of uninteresting change.

Key questions: What level of geometric processing is needed to
align images to capture the spatial grain of the process or resource
attribute of interest? Do the spectral changes associated with the
resource attributes require normalization between images, and if so,
what level of root-mean-square error is acceptable? Given the
availability of imagery, are uninteresting changes (in the background,
in the ambient vegetation, etc.) likely to be confused with spectral
changes in resource attributes of interest? Do the changes of interest
result in changes in cover type, or are they more closely associated
with changes in the condition of the cover type? Should change
information be detected and labeled with categorical variables, or is it
necessary to capture change as a continuous variable? Do maps
resulting from the change detection require additional processing (e.g.
patch or pattern analysis, etc.) to provide useful information? How
much labor/processing time and cost is likely associated with all of
these steps? How much of the process can be automated? What level
of expertise would be needed to carry it out?

At the end of this phase, each candidate set of imagery should have
an associated set of potential processing and analytical steps
associated with it, and a set of estimated costs for each step.

5.3. Phase 3: Evaluate the availability and cost of appropriate
reference data

Consider the full range of possible independent sources of
information, including: field measurements, finer-grained image
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data, ancillary geospatial information (vector or raster data), and
expert knowledge.

Key questions: Do the reference data agree in spatial and temporal
scope with the image source? If not, what potential error may be
introduced when these data are used to train or evaluate change
detection results? Do these data record quantities that can be related to
the metrics resulting from the change detection techniques defined in
Phase 2? Can the precision and accuracy of the reference measure-
ments be quantified? What is the cost of acquiring these data?

At the end of this phase, the full suite of image, analysis, and
reference data should be available to address the monitoring
objective. This process may need to be repeated for other monitoring
objectives that are to be addressed in a coordinated, parallel effort.

5.4. Phase 4: Characterize perfonnance of different options in terms of
cost, confidence in resulting maps, and the ultimate utility of those maps

Each combination of image, pre-processing steps, analytical
techniques, and reference data will likely produce a map or analytical
result with different information content and different expected
sources and magnitudes of error. The information content and errors
may also vary for different focal resources. The goal in this final phase
of planning is to evaluate the costs and benefits of the different
options and select the approach that provides the best all-around
benefit. Most monitoring programs will want to simultaneously track
as many resources and attributes as possible, and decisions on
imagery sources and processing methods will necessarily require
compromise that balances cost, imagery availability, and ability to
detect changes in resource attributes of most interest. Practically
speaking, a solution that meets 80% of monitoring goals at a small cost
will be selected over a very expensive solution that attempts to meet
all goals.

This final decision is a type of cost-benefit analysis, but it is
important to recognize that resultant change detection maps will have
essentially two levels of benefit. The first level relates to how much the
map itself can be trusted in the information it provides, which can be
quantified in a standard error analysis based on the reference data.
This provides an important sense of how "good" the map is, and is
often the criterion on which remote sensing specialists focus.
However, the ultimate utility to a natural resource manager also
depends on whether the information in the map is actually relevant
and useful for management. A map that is 90% accurate for a given
attribute is still useless if that attribute has no management relevance,
and conversely, a map that is 60% accurate for a different attribute may
be extremely useful for a manager, because the starting point on that
attribute may be essentially zero (Czaplewski & Patterson, 2003).

It is also important to recognize that remote sensing data may not
be appropriate for many monitoring goals. This is particularly true
when monitoring seeks to detect processes that result in little or no
spectral change, for changes that require frequent, high-spatial
resolution monitoring, or for subtle changes that occur within a
background matrix of extreme variability. It may be more cost-
effective to design a field-based sampling design, perhaps stratified in
accordance with information from remotely sensed data.

6. Conclusions

Natural resource managers will increase the likelihood of meeting
their monitoring goals with remote sensing by actively participating in
the design and planning of a project. Remote sensing science can aid
natural resource managers in understanding landscape dynamics over
time, and the ultimate utility of derived maps can be strongly
enhanced by matching the manager's expectations and needs with the
available tools and techniques. In this paper, we developed a general
framework that we have successfully used to collaboratively develop
operational natural resource monitoring based on remotely sensed

data. An understanding ofthe concepts and process articulated in this
paper will help natural resource managers, and remote sensing
scientists, productively engage in developing monitoring protocols.

We rely heavily on the concept of extracting change information
from spectral space, but we emphasize that spectral space represents
the more generic multivariate spaces derived from new sensor
technologies and from other spatial data that describe landscapes.
Other technologies will have different specific benefits, but ultimately
the information source being tapped for information is variability in a
data space. Increasingly, these data spaces involve a larger suite of
environmental variables used to describe landscapes (Goetz et al.,
2009-this issue; Ohmann & Gregory, 2002). Because many of these
ancillary data (elevation, average climate, etc.) are historically static,
image data are often the most dynamic variables in the multivariate
space used to track changes over time. Nevertheless, remote sensing
change analyses are increasingly being incorporated into a data
assimilation framework, i.e. the merger of available weather/climate,
ocean, stream/lake, and ecosystems data with imagery and models to
facilitate coordinated and operational analyses of environmental
change (see http://www.jcsda.noaa.gov/).

Although the change detection framework described in this paper is
likely relevant to the remote sensing portion of many monitoring
projects, the resultant maps of change may be just the first step in a
larger modeling or pattern analysis effort (Crabtree et al., 2009-this
issue; Townsend et al., 2009-this issue; Goetz et al., 2009-this issue). A
detailed consideration of pattern analysis or ecosystem modeling is
beyond the scope of this paper, but the requirements for those (or
similar) efforts may need to be part of the evaluation of overall utility of
different remote sensing projects. Measurement information content
(discrete vs. continuous variables) and the spatial and temporal grain
will likely need to align with subsequent analyses.

In summary, remote sensing data are an increasingly important
component of natural resource monitoring programs (Coppin et al.,
2004; Gross et al., 2006; Wiens et al., 2009-this issue). The utility of
remotely sensed data for monitoring is maximized by understanding the
constraints and capabilities of the imagery and change detection
techniques, relative to the monitoring objectives. This understanding
is best achieved through a collaborative process that leverages the
expertise of both natural resource specialists and remote sensing
specialists throughout the entire planning and implementation process.
A careful consideration of the spatial, temporal, and spectral properties
of focal resources and their alignment with imagery data will help
determine the suitability of using remotely sensed imagery to effectively
achieve monitoring objectives.

References

Allard, A. (2003). Detection of vegetation degradation on Swedish mountainous heaths
at an early stage by image interpretation. Ambia, 32, 510-519.

Asner, G. P., & Heidebrecht, K.B. (2002). Spectral unmixing of vegetation, soil and dry
carbon cover in arid regions: Comparing multispectral and hyperspeetral observa-
tions.lnternationaljournal of Remote Sensing, 23, 3939-3958.

Asner, G. P., & Vitousek, P. M. (2005). Remote analysis of biological invasion and
biogeochemical change. Proceedings of the National Academy of Sdences of the
United States of America, 102,4383-4386.

Asner, G. p.. Elmore, A.J., Hughes, R E, Warner, A. S.. & Vitousek, P.M. (2005). Ecosystem
structure along biodimatic gradients in Hawaii from imaging spectroscopy. Remote
Sensing of Environment, 96, 497 -508.

Biging, G. S.. Colby, D. R.. & Congalton, R G. (1998). Sampling systems for change
detection accuracy assessment. In R S. Lunetta, & C D. Elvidge (Eds.), Remote sensing
change detection: Environmental monitoring methods and applications (pp. 89-102).
Chelsea, MI: Ann Arbor Press.

Boutet, J. C, & Weishampel, J. E (2003). Spatial pattern analysis of pre- and post-
hurricane forest canopy structure in North Carolina, USA. Landscape Ecology, 18,
553-559.

Carnpbell. J. B. (1996). Introduction to remote sensing. New York, NY:The Guilford Press.
Chen, J., Gong, P., He, C.. Pu, R, & Shi, P. (2003). Land-use/land-cover change detection

using improved change-vector analysis. Photogrammetric Engineering &' Remote
Sensing, 69, 369-379.

Cihlar. J. (2000). Land cover mapping oflarge areas from satellites: Status and research
priorities. International journal of Remote Sensing, 21, 1093-1114.

Cochran, W. G. (1977). Sampling techniques. New York: John Wiley & Sons.



1394 R.E. Kennedy et al. / Remote Sensing of Environment 113 (2009) 1382-1396

Cohen. W. B.. & Fiorella, M. (1998). Comparison of methods for detecting conifer forest
change with Thematic Mapper imagery. In R. S. Lunetta, & C D. Elvidge (Eds.),
Remote sensing change detectian: Environmental monitoring methods and applica-
tions (pp. 89-102). Chelsea. MI: Ann Arbor Press.

Cohen. W. B.. Fiorella. M.. Gray,j., Helmer, E. H.•&Anderson. K. (1998). An efficient and
accurate method for mapping forest c1earcuts in the Pacific Northwest using
Landsat imagery. Photogrammetric Engineering &' Remote Sensing. 64, 293 -300.

Cohen. W. B.. Maiersperger, T. K.. Gower, S. T., & Turner, D. P. (2003). An improved
strategy for regression of biophysical variables and Landsat ETM+ data. Remote
Sensing of Environment. 84, 561-571.

Cohen, W. B.. & Goward. S. N. (2004). Landsat's role in ecological applications of remote
sensing. Bioscience, 54, 535- 545.

Cohen. W. B., Maiersperger, T. K.. Spies, T. Pc, & Oetter, D. R. (2001). Modeling forest
cover attributes as continuous variables in a regional context with Thematic
Mapper data.lnternatianaljournal of Remote Sensing, 22, 2279-2310.

Cohen, W. B.,Maiersperger, T.K..Turner, D. P.,Ritts, W. D., Pflugrnacher, D., Kennedy. R.E..
et al. (2006). MODIS land cover and LA!collection 4 product quality across nine sites
in the western hemisphere. IEEETransactions on Geoscience and Remote Sensing. 44,
1843-1857.

Congalton, R. G.. & Biging, G. S. (1992). A pilot study evaluating ground reference data
colletion efforts for use in forest inventory. Photogrammetric Engineering &' Remote
Sensing, 58, 1669-1671.

Congalton, R. G. (1998). Using spatial autocorrelation analysis to explore the errors in
maps generated from remotely sensed data. Photogrammetric Engineering and
Remote Sensing, 54, 593-600.

Congalton, R. G., & Green, K. (1999). Assessing the accuracy of remotely sensed data:
Plinciples and practices. Baca Raton: Lewis Publishers.

Coops, N.. Wulder, M. A.. & White, j. C (2007). Identifying and describing forest
disturbance and spatial pattern: Data selection issues and methodological
implications. In M. Pc Wulder. & S. E. Franklin (Eds.), Understanding forest
disturbance and spatial pattern: Remote sensing and GIS approaches Boca Raton, FL:
CRCPress, Taylor and Francis Group.

Coppin, P., jonckheere, I.. Nackaerts, K.. Muys, B., & Larnbin, E. (2004). Digital change
detection methods in ecosystem monitoring: A review. Internationai journal of
Remote Sensing, 25, 1565-1596.

Crabtree, R.1..,Potter. C S..Mullen, R. S.. Sheldon.], W.. Huang, S..&Harmsen,j. A. (2009).
A modeling and spatiotemporal analysis framework for monitoring environmental
change using NPP as an ecosystem indicator. Remote Sensing of Environment, 113,
1486-1496 (this issue).

Czaplewski, R. 1..,& Patterson, P. I.. (2003). Classification accuracy for stratification with
remotely sensed data. Forest Science, 49. 402-408.

Defries, R. S.. Hansen, M. C.. & Townshend, j. R. G. (2000). Global continuous fields of
vegetation characteristics: a linear mixture model applied to multi-year 8 kID
AVHRR data. International journal of Remote Sensing, 21, 1389-1414.

Dierking. W.. &Skriver, H. (2002). Change detection for thematic mapping by means of
airborne multitemporal polarimetric SAR imagery. IEEETransactions on Geoscience
and Remote Sensing. 40. 618-636.

Dougherty, M.. Dymond. R. 1..,Goetz, S., [antz, CA .• & Goulet, N. (2004). Evaluation of
impervious surface estimates in a rapidly urbanizing watershed. Photogrammetric
Engineering and Remote Sensing. 70, 1275-1284.

Ellis, E. C, Wang, H..Xiao, H. S., Pengo K., L1u,X. P.. Li, S. C.. Ouyang, H.. Cheng. X., &Yang.
I.. Z. (2006). Measuring long-term ecological changes in densely populated
landscapes using current and historical high resolution imagery. Remote Sensing
of Environment. 100.457-473.

Fancy. S. G.. Gross. j. E., & Carter, S. I.. (2008). Monitoring the condition of natural
resources in U. S. National Parks. Environmental Monitoring and Assessment, 151.
161-174. doi:IO.1007/sI0661-008-0257-y

Fassnacht, K. S.• Cohen, W. B., & Spies, T. A. (2006). Key issues in making and using
satellite-based maps in ecology: A primer. Forest Ecology and Management. 222.
167-181.

Fensham, R. j .. Bray, S. G.. & Fairfax. R.]. (2007). Evaluation of aerial photography for
predicting trends in structural attributes of Australian woodland including
comparison with ground-based monitoring data. journal of Environmental Manage-
ment. 83, 392-401.

Fensham, R.j .. & Fairfax, R.j. (2007). Effect of photoscale, interpreter bias and land type
on woody crown-cover estimates from aerial photography. Australian journal of
Botany, 55, 457-463.

Foody, G. M. (1996). Approaches for the production and evaluation of fuzzy land cover
classifications from remotely-sensed data. International journal of Remote Sensing.
17,1317-1340.

Foody, G. M., &Boyd, D. S. ( 1999). Detection of partial land cover change associated with
the migration of inner-class transitional zones. International journai of Remote
Sensing, 20, 2723 - 2740.

Fraser, R. H., Olthof, I..&Pouliot, D. (2009). Monitoring land cover change and ecological
integrity in Canada's national parks. Remote Sensing of Environment, 113,1397 -1409
(this issue).

Friedl, M. A., Woodcock, C.. Gobal, S., Muchoney, D.. Strahler, A. j .. & Barker-Schaaf, C
(2000). A note on procedures used for accuracy assessment in land cover maps
derived from AVHRRdata. International journal of Remote Sensing, 21. 1073-1077.

Fung, T.• & Siu, W. (2000). Environmental quality and its changes, an analysis using
NDVI. International journal of Remote Sensing, 21, 1011-1024.

Gamba, P.• Dell'Acqua, E, & Lisini, G. (2006). Change detection of multi temporal SAR
data in urban areas combining feature-based and pixel-based techniques. IEEE
Transactions on Geoscience and Remote Sensing. 44, 2820-2827.

Gens, R., & VanGenderen, j, I.. (1996). SAR interferometry-Issues. techniques,
applications. International journal of Remote Sensing, 17,1803-1835.

Carcia-Haro, E I..Gilabert, M. A.. & Melia, j. (2001). Monitoring fire-affected areas using
Thematic Mapper data. International journal of Remote Sensing. 22,533-549.

Goetz, S.j ..jantz, P.,&jantz, C Pc (2009). Connectivity of core habitat in the northeastern
United States: Parks and protected areas in a landscape context. Remote Sensing of
Environment, 113,1421-1429 (this issue).

Goetz. S.]., Wright, R.K.. Smith. Pcj •.Zinecker, E.. & Schaub, E. (2003).IKONOS imagery
for resource management: Tree cover, impervious surfaces, and riparian buffer
analyses in the mid-Atlantic region. Remote Sensing of Environment, 88, 195-208.

Gong. P., & Xu, B. (2003). Remote sensing of forests over time. In M. A. Wulder, & S. E.
Franklin (Eds.), Remote sensing of forest environments: Concepts and case srudies
(pp. 301-334). Boston: Kluwer Academic Publishers.

Gopal, S.. &Woodcock, C E. (1994). Theory and methods for accuracy assessment of thematic
maps using fuzzy sets. PhotogrammetJic Engineering &' Remote Sensing, 60,181-188.

Gross, j. E.• Nemani, R. R., Turner. w., & Melton, E (2006). Remote sensing for the
national parks. Park Science, 24, 30-36.

Haertel, V.,Shimabukuro. Y.E..&Almeida-Filho, R. (2004). Fraction images in multitemporal
change detection. International journal of Remote Sensing, 25,5473-5489.

Hall, D. K., Riggs, G. A.. Salornonson, V. V ..DiGirolamo, N. E., & Bayr, K.j. (2002). MODIS
snow-cover products. Remote Sensing of Environment, 83, 181-194.

Harris, A. T., Asner, G. P., & Miller, M. E. (2003). Changes in vegetation structure after
long-term grazing in pinyon-juniper ecosystems: Integrating imaging spectroscopy
and field studies. Ecosystems, 6,368-383.

Henderson, E M.. & Xia, Z. G. (1997). SAR applications in human settlement detection,
population estimation and urban land use pattern analysis: A status report. IEEE
Transactions on Geoscience and Remote Sensing. 35, 79-85.

Hess. I.. 1..,Melack, j. M., Novo, E.. Barbosa. C C E. & Gastil, M. (2003). Dual-season
mapping of wetland inundation and vegetation for the central Amazon basin. Re-
mote Sensing of Environment, 87, 404-428.

Hockings, M.• Stolton, S., I.everington, E, Dudley, N.. & Courrau, j. (2006). Evaluating
effectiveness: Aframeworkfor assessing management effectiveness of protected areas,
2nd edition Gland, Switzerland: lUCN.

Hostert, p.. Roder, A..& HiII,j. (2003). Coupling spectral unmixing and trend analysis for
monitoring of long-term vegetation dynamics in Mediterranean rangelands. Re-
mote Sensing of Environment. 87, 183 -197.

Huang. C, Goward, S. N.• Zhu, Z.. & Masek, j. G. (2009). Dynamics of national forests
assessed using the Landsat record: Case studies in eastern U.S.. Remote Sensing of
Environment, 113,1430-1442 (this issue).

Huang. C.. Kim, S.. Altstatt, Pc,Townshend,j. R. G., Davis. P.•Song, K.. et al, (2007). Rapid
loss of Paraguay's Atlantic forest and the status of protected areas-A Landsat
assessment. Remote Sensing of Environment. 106, 460-466.

Hudak, Pc T., &Wessman, C A. (1998). Textural analysis of historical aerial photography
to characterize woody plant encroachment in South African savanna. Remote
Sensing of Environment, 66. 317-330.

jantz, P.•Goetz, S., &[antz, C (2005). Urbanization and the loss of resource lands in the
Chesapeake Bay watershed. Environmental Management, 36, 808-825.

johansen. K.. Phinn, S.. Dixon, I.. Douglas, M.. & Lowry. j. (2007). Comparison of image
and rapid field assessments of riparian zone condition in Australian tropical
savannas. Forest Ecology and Management. 240, 42~60.

Kaab, A.. Huggel, C.. Fischer, L.. Guex, S., Paul. F.. Roer.L, et al, (2005). Remote sensing of
glacier- and permafrost-related hazards in high mountains: An overview. Natural
Hazards and Earth System Sciences, 5. 527 -554.

Kalkhan, M. A., Reich. R. M.. & Stohlgren, T.]. (1998). Assessing the accuracy of Landsat
Thematic Mapper classification using double sampling. International journal of
Remote Sensing, 19. 2049-2060.

Kennedy, R. E., Cohen. W. B.. Kirschbaum, Pc A.. & Haunreiter, E. (2007a). Protocol for
Landsat-based monitoring of landscape dynamics at North Coast and Cascades
Network Parks. U.s. geological survey techniques and methods: USGS Biological
Resources Division http://pubs.usgs.gov/tm/2007 /tm2g1/

Kennedy, R. E., Cohen. W. B., & Schroeder. T. A. (2007b). Trajectory-based change
detection for automated characterization of forest disturbance dynamics. Remote
Sensing of Environment. 110.370-386.

Kerr, j. T.. & Ostrovsky, M. (2003). From space to species: Ecological applications for
remote sensing. Trends in Ecology and Evolution, 18,299-305.

Kramer, H. j. (1996). Obselvation of the earth and its environment: Survey of missions and
sensors. Berlin: Springer.

Larnbin, E. E, & Ehrlick, D. (1997). Land-cover changes in sub-Saharan Africa (1982-
1991): Application of a change index based on remotely sensed surface
temperature and vegetation indices at a continental scale. Remote Sensing of
Environment, 61. 181-200.

Lambin, E. E. & Strahler. PcH. (1994). Change-vector analysis in multitemporal space: A
tool to detect and categorize land-cover change processes using high temporal-
resolution satellite data. Remote Sensing of Environment, 48, 231- 244.

Lang. M. W.. & Kasischke, E. S. (2008). Using C-band synthetic aperture radar data to
monitor forested wetland hydrology in Maryland's coastal plain, USA. IEEE
Transactions on Geoscience and Remote Sensing, 46. 535-546.

Lawrence, R..& Ripple, W.j. (1999). Calculating change curves for multitemporal satellite
imagery: Mount St. Helens 1980-1995. Remote Sensing of Environment, 67, 309- 319.

Leckie, D. G.. jay, C, Gougeon, F.Pc, Sturrock. R. N., & Paradine, D. (2004). Detection and
assessment of trees with Phellinus weirii (laminated root rot) using high resolution
multi-spectral imagery. Intemationaijournal of Remote Sensing. 25, 793-818.

Lefsky, M. A.. & Cohen, W. B. (2003). Selection of remotely sensed data. In M. A. Wulder,
& S. E. Franklin (Eds.), Remote sensing of forest environments (pp. 13-46). Boston:
Kluwer Academic Publishers.

Li,Y.,Liao, Q, F.. u,X., Liao, S. D., Chi. G. B..& Pengo S.L (2003). Towards an operational
system for regional-scale rice yield estimation using a time-series of Radarsat
ScanSAR images. Internationai journal of Remote Sensing, 24, 4207 -4220.

http://pubs.usgs.gov/tm/2007


R.E. Kennedy et al. / Remote Sensing af Environment 113 (2009) 1382-1396 1395

Lillesand, T.M" & Kiefer, R W. (2000). Remote sensing and image interpretion. New York:
john Wiley & Sons, Inc.

Lohr, S.L. (1999). Sampling: Design and analysis.New York: Duxbury Press 450 pp.
Lu, D., Mausel, P., Brondizio, E., & Moran, E. (2004). Change detection techniques. In-

ternationaljournal of Remote Sensing, 2S, 2365-2407.
Lu, H., Raupach, M. R., McVicar, T. R, & Barrett, D.]. (2003). Decomposition of vegetation

cover into woody and herhaceous components using AVHRR NDVI time series.
Remote Sensing of Environment, 86, 1-18.

Lunetta, R S. (1998). Applications, project formulation, and analytical approach. In R S.
Lunetta, & C.D. Elvidge (Eds.), Remote sensing change detection (pp, 1-19). Chelsea,
Michigan: Ann Arbor Press,

Lunetta, R S., & Elvidge, C. D. (Eds.), (1998), Remote sensing change detection:
Environmental monit01ing methods and applications Chelsea, MI: Ann Arbor Press.

Malila, W. A (1980). Change vector analysis: An approach for detecting forest changes
with Landsat. In P. G. Burroff, & D. B. Morrison (Eds.), West LafayettePurdue U. Lab.
App. Remote Sens. (pp. 326-335).

Mas,]. E (1999). Monitoring land-cover changes: A comparison of change detection
techniques. Internationaljournal of Remote Sensing, 20,139-152.

Masek, ]. G., Vermote, E. E, Saleous, N. E., Wolfe, R, Hall, E G., Huemmrich, K. E, et al.
(2006). A Landsat surface reflectance dataset for North America, 1990-2000. IEEE
Geoscience and Remote Sensing Letters, 3, 68-72.

Massonnet, D., & Feigl, K. 1. (1998). Radar interferometry and its application to changes
in the earth's surface. Reviews of Geophysics, 36, 441-500.

Michener, W. K., Brunt, ]. W., Helly, j. ]., Kirchner, T. B., & Stafford, S. G. (1997).
Nongeospatial metadata for the ecological sciences. Ecological Applications, 7,
330-342.

Mouat, D. A., Mahin, G. G., & Lancaster,]. (1993). Remote sensing techniques in the
analysis of change detection. Geocarto International, 2, 39-49.

Muchoney, D. M., & Haack, B. N. (1994). Change detection for monitoring forest
defoliation. Photogrammemc Engineering & Remote Sensing, 60, 1243-1251.

Myneni, R B., Tucker, C. J., Asrar, G., & Keeling, C. D, (1998). Interannual variations in
satellite-sensed vegetation index data from 1981 to 1991. journal of Geophysical
Research - Atmospheres, 103, 6145-6160.

Nagler, P.L., Glenn, E. P., & Hinojosa-Huerta, O. (2009). Synthesis of ground and remote
sensing methods for monitoring ecosystem functions in the Colorado River delta,
Mexico. Remote Sensing of Environment, 113,1473-1485 (this issue).

Nemani, R R, Hashimoto, H.,Votava, P.,Melton, E,White, M.,& Wang, W. (2009). Monitoring
and forecasting ecosystem dynamics using the Terrestrial Ohservation and Prediction
System (TOPS).Remote Sensing of Environment, 113,1497 -1509 (this issue).

Ohmann, J. 1., & Gregory, M. [, (2002). Predictive mapping of forest composition and
structure with direct gradient analysis and nearest-neighbor imputation in coastal
Oregon, U.S.A. Canadian journal of Forest Research, 32, 724- 741.

Olthof, I., King, D.]., & Lautenschlager, R.A. (2004). Mapping deciduous forest ice storm
damage using Landsat and environmental data. Remote Sensing of Environment, 89,
484-496.

Pacifici, E, Del Frate, F., Solimini, C, & Emery, W.]. (2007). An innovative neural-net
method to detect temporal changes in high-resolution optical satellite imagery.
Transactions on Geoscience and Remote Sensing, 45,2940-2952.

Paine, D. P. (1981). Aelial photography and image interpretation for resource management.
New York: john Wiley & Sons.

Parmenter, A W., Hansen, A., Kennedy, R E" Cohen, W. B., Langner, U., Lawrence, R, et al,
(2003). Greater Yellowstone land cover change. EcologicalApplications, 13,687-703.

Peddle, D. R, johnson, R 1., Cihlar, j., Leblanc, S. G., Chen, j. M., & Hall, E G. (2007).
Physically based inversion modeling for unsupervised cluster labeling, independent
forest classification, and LAI estimation using MFM-5-Scale. Canadian jaurnal af
Remote Sensing, 33, 214-225.

Peddle, D. R., Teillet, P. M., & Wulder, M. A. (2003). Radiometric image processing.
In M. A. Wulder, & S. E. Franklin (Eds.), Remote sensing of forest environments
Boston: Kluwer Academic Publishers.

Philipson, P., & Lindell, T. (2003). Can coral reefs he monitored from space? Ambio, 32,
586-593.

Ph inn, S. R, Stow, D. A, Franklin.]., Mertes, 1. A. K., & Michaelsen,]. (2003). Remotely
sensed data for ecosystem analyses: Combining hierarchy theory and scene models.
Environmental Management, 31, 429-441.

Potter, C., Tan, P. N., Kumar, V., Kucharik, C, Klooster, S., Genovese, V., et al. (2005).
Recent history of large-scale ecosystem disturbances in North America derived
from the AVHRR satellite record. Ecosystems, 8, 808-824.

Quegan, S., Le Toan, T., Yu, j. j., Ribbes, E, & Floury, N. (2000). Multitemporal ERS SAR
analysis applied to forest mapping. IEEE Transactions on Geoscience and Remote
Sensing, 38, 741-753.

Reed, B., Budde, M., Spencer, P., & Miller, A (2009). Integration of MODIS-derived
metrics to assess interannual variability in snowpack, lake ice, and NDVIin southwest
Alaska. Remote Sensing of Environment, 113,1443-1452 (this issue).

Richards, ]. A (1993). Remote sensing digital image analysis: An introduction. Berlin:
Springer-Verlag.

Ridd, M. K., & Liu, j. j. (1998). A comparison offour algorithms for change detection in
an urban environment. Remote Sensing of Environment, 63, 95-100.

Rignot, E. j. M., & Vanzyl, j. j. (1993). Change detection techniques for Ers-l Sar data.
IEEETransactions on Geoscience and Remote Sensing, 31, 896-906.

Roberts, D. A., Batista, G. T., Pereira, j. 1. G.,Waller, E. K.,& Nelson, B.W. (1998). Change
identification using multi temporal spectral mixture analysis: Applications in
eastern Amazonia. In R S. Lunetta & C D. Elvidge (Eds.), Remote sensing change
detection: Environmentai monitoring methods and applications (pp. 137-161).
Chelsea, MI: Ann Arbor Press.

Ronnback, B. I., Nordberg, M. 1., Olsson, A, & Ostman, A (2003). Evaluation of
environmental monitoring strategies. Ambia, 32, 495-501.

Rosso, P. H., Ustin, S. 1., & Hastings, A (2006). Use of lidar to study changes associated
with Spartina invasion in San Francisco Bay marshes. Remote Sensing of
Environment, 100, 295 - 306.

Sabins, E (1987). Remote sensing: Principles and interpretation. New York: W.H. Freeman
and Company.

Sabins, E (1997). Remote sensing: Principles and interpretation. New York: W.H. Freeman
and Company.

Sanchez-Azofelfa, Kachmar, M" Kalacska, M., & Hamilton, S. (2003). Experiences in field
data collection. In M.A. Wulder & S.E. Franklin (Eds.), Remote sening of forest
environments. Boston: Kluwer Academic Publishers.

Schaepman-Strub, G., Schaepman, M. E., Painter, T. H., Dangel, S" & Martonchik, j. V.
(2006, 07-15). Reflectance quantities in optical remote sensing-Definitions and
case studies. Remote Sensing of Environment, 103(1),27-42.

Schott, j. R (1997). Remote sensing: The image chain approach. New York: Oxford
University Press.

Schowengerdt, R A (1997). Remote sensing: Models and methods for image processing.
San Diego: Academic Press.

Schuck, A, Paivinen, R, Harne, T., Van Brusselen, j., Kennedy, P., & Folving, S. (2003).
Compilation of a European forest map from Portugal to the Ural Mountains based
on earth observation data and forest statistics. Forest Polil}' and Economics, 5,
187-202.

Seto, K.C" & Liu,W. G. (2003). Comparing ARTMAPneural network with the maximum-
likelihood classifier for detecting urban change. Photogrammemc Engineering and
Remote Sensing, 69, 981-990.

Skakun, R. S., Wulder, M. A, & Franklin, S. E. (2003). Sensitivity of the thematic mapper
enhanced wetness difference index to detect mountain pine beetle red-attack
damage. Remote Sensing of Environment, 86, 433-443.

Smith, 1. C (1997). Satellite remote sensing of river inundation area, stage, and
discharge: A review. Hydrological Processes, 11, 1427-1439.

Smith, j j, Wickham, j D., Stehman, S. V" & Yang, L (2002). Impact of patch size and
land-cover heterogeneity on thematic image classification accuracy, Photogmm-
metric Engineering & Remote Sensing, 68, 65-70.

Stehman, S. V. (1999). Basic probability sampling designs for thematic map accuracy
assessment. Internationaljournal of Remote Sensing, 20, 2423-2441.

Stehman, S. V. (2000). Practical implications of design-based sampling inference for
thematic map accuracy assessment. Remote Sensing of Environment, 72,35-45.

Stehman, S. V. (2001). Statistical rigor and practical utility in thematic map accuracy
assessment. Photogrammemc Engineering and Remote Sensing, 67, 727 -734.

Stow, D. A., Hope, A, McGuire, D., Verbyla, D., Gamon, j., Huemmrich, E, et al, (2004).
Remote sensing of vegetation and land-cover change in Arctic tundra ecosystems.
Remote Sensing of Environment, 89, 281-308.

Strahler, A H., Boschetti, 1., Foody, G. M., Friedl, M. A, Hansen, M. C., Herold, M., et al.
(2006). Global land cover validation: Recommendations for evaluation and accural}'
assessment of global land cover maps. GOFC-GOLDReport No. 25. Luxembourg:
European Communities.

Thompson, S. K. (2002). Sampling. New York: john Wiley & Sons, Inc.
Townsend, P. A (2001). Mapping seasonal flooding in forested wetlands using multi-

temporal radarsat SAR Photogrammetric Engineering and Remote Sensing,67, 857 -864.
Townsend, P. A, Eshleman, K. N" & Welcker, C. (2004). Remote sensing of gypsy moth

defoliation to assess variations in stream nitrogen concentrations. Ecological
Applications, 14, 504-516.

Townsend, P.A, Lookingbill, T.R, Kingdon, C C, & Gardner, R H. (2009). Spatial pattern
analysis for monitoring protected areas. Remote Sensing of Environment, 113,
1410-1420 (this issue).

Tucker, C j. (1979). Red and photographic infrared linear combinations for monitoring
vegetation. Remote Sensing of Environment, 8, 127 -150.

Turner, W" Spector, S., Gardiner, N., Fladeland, M" Sterling, E., & Steininger, M. (2003).
Remote sensing for biodiversity science and conservation. Trends in Ecology &
Evolution, 18,306-314.

Verbyla, D. (1995). Satellite remote sensing of natural resources, Boca Raton, FL: CRC
Press, Inc.

Vikhamar, D., & Solberg, R (2003). Snow-cover mapping in forests by constrained linear
spectral unmixing of MODIS data. Remote Sensing of Environment, 88, 309-323.

ViDa, A, Bearer, S., Chen, X., He, G., Linderman, M., An, L, Zhang, H., Ouyang, Z" & Liu,j.
(2007). Temporal changes in giant panda habitat connectivity across boundaries of
Wolong nature reserve, China. Ecological Applications, 17,1019-1030.

Wang, E (1990). Fuzzy supervised classification of remote sensing images. IEEE
Transactions on Geoscience and Remote Sensing, 28, 194-201.

Wang, H., & Ellis, E. C (2005a). Spatial accuracy of orthorectified IKONOS imagery and
historical aerial photographs across five sites in China. International journal of
Remote Sensing, 26, 1893-1911.

Wang, H.Q" & Ellis, E. C (2005b). Image misregistration error in change measurements.
Photogrammemc Engineering & Remote Sensing, 71, 1037 -1044.

Wang, Y. Q" Mitchell, B. R., Nugranad-Marzilli,]., Bonynge, G., Zhou, Y., & Shriver, G.
(2009). Remote sensing ofland-cover change and landscape context of the national
parks: A case study of the Northeast Temperate Network. Remote Sensing of
Environment, 113,1453-1461 (this issue).

Wang, Y. Q" Traber, M" Milstead, B" & Stevers, S. (2007). Terrestrial and submerged
aquatic vegetation mapping in Fire Island National Seashore using high spatial
resolution remote sensing data. Marine Geodesy, 30, 77 -95.

Wdowinski, S., Kim, S.W" Amelung, F., Dixon, T. H., Miralles-Wilhelm, F.,& Sonenshein,
R (2008). Space-based detection of wetlands' surface water level changes from L-
band SAR interferometry. Remote Sensing of Environment, 112, 681-696.

Weisberg, P. j" Lingua, E., & PilIai, R B. (2007). Spatial patterns of pinyon-juniper
woodland expansion in central Nevada. Rangeland Ecology & Management, 60,
115-124.



1396 R.E. Kennedy et al. / Remote Sensing of Environment 113 (2009) 1382-1396

Wessels, K.j., Defries, R. S., Dempewalf,].. Anderson, L. 0., Hansen, A. ]., Powell, S. L., &
Moran, E. F. (2004). Mapping regional land cover with MODIS data for biological
conservation: Examples from the Greater Yellowstone Ecosystem, USA and Para
State, Brazil. Remote Sensing of Environment, 92,67-83.

White, J. D., Ryan, K. C, Key, C C, & Running, S. W. (1996). Remote sensing of forest fire
severity and vegetation recovery. Internationaljournal of Wildland Fire, 6, 125-136.

White, S. A., & Wang, Y. (2003). Utilizing DEMs derived from LIDARdata to analyze
morphologic change in the North Carolina coastline. Remote Sensing of Environment,
85,39-47.

White, M. A., Hoffman, F. M., Hargrove, W. w., & Nemani, R. R. (2005). A global
framework for monitoring phenological responses to climate change. Geophysical
Research Letters, 32, 104705. doi:10.1029/02004G1021961

Wiens, J. A., Sutter, R.D., Anderson, M., & Blanchard,]. (2009). Selecting and conserving
lands for biodiversity: the role of remote sensing. Remote Sensing of Environment,
113,1370-1381 (this issue).

Woodcock, C E., & Strahler, A. H. (1987). The factor of scale in remote sensing. Remote
Sensing of Environment, 21, 311-332.

Woodward, A., Acker, S. A, & Hoffman, R. (2002). Use of remote sensing for long-term
ecological monitoring in the North Coast and Cascades Network: Summary of a
workshop. http://fresc.usgs.gov /olympic/research/rswkspsummary.pdf. US Dept.
of the Intelior US Geological Survey.

Woolard, J. w., & Colby.]. D. (2002). Spatial characterization, resolution, and volumetric
change of coastal dunes using airborne LIDAR: Cape Hatteras, North Carolina.
Geomorphology, 48,269-287.

Wulder, M. A, & Franklin, S. E. (Eds.). (2007). Understanding forest disturbance and
spatial pattern: remote sensing and GISapproaches Boca Raton, FL:Taylor and Francis
Group, LLC

Wulder, M. A., Han, T.,White, J. C, Sweda, T.,& Tsuzuki, H. (2007a).lntegrating profiling
LIDARwith Landsat data for regional boreal forest canopy attribute estimation and
change characterization. Remote Sensing of Environment, 110, 123-137.

Wulder, M. A., Skakun, R. S., Dymond, C C, Kurz, W. A., & White, j. C (2005).
Characterization of the diminishing accuracy in detecting forest insect damage over
time. Canadianjournol of Remote Sensing, 31, 421-431.

Wulder, M. A, White. J. C, Magnussen, S., & McDonald, S. (2007b). Validation ofa large
area land cover product using purpose-acquired airborne video. Remote Sensing of
Environment, 106,480-491.

Yu, X., Hyyppa, J., Kaartinen, H., Maltamo, M., & Hyyppa, H. (2008). Obtaining plotwise
mean height and volume growth in boreal forests using multi-temporal laser
surveys and various change detection techniques. International journal of Remote
Sensing, 29, 1367 -1386.

Yu, X. w., Hyyppa, J., Kukko, A., Maltamo, M., & Kaartinen, H. (2006). Change detection
techniques for canopy height growth measurements using airborne laser scanner
data. Photogrammetric Engineering ond Remote Sensing, 72, 1339- 1348.

Yuan, D., Elvidge, C D., & Lunetta, R. S. (1998). Survey of multiespectral methods for
land cover change analysis. In R. S. Lunetta, & C D. Elvidge (Eds.), Remote sensing
change detection (pp. 21-40). Chelsea, Michigan: Ann Arbor Press.

Zhan, x, Sohlberg, R. A., Townshend, J. R. G., DiMiceli, C, Carroll, M. L., Eastman,]. C,
Hansen, M. C, & DeFries, R. S. (2002). Detection ofland cover changes using MODIS
250 m data. Remote Sensing of Environment, 83, 336- 350.

Zhang, C S., & Fraser, C S. (2007). Automated registration of high-resolution satellite
images. Photogrammetric Record, 22, 75-87.

http://fresc.usgs.gov



