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Abstract

An automated method was developed for mapping forest cover change using satellite remote sensing data sets. This multi-temporal
classification method consists of a training data automation (TDA) procedure and uses the advanced support vector machines (SVM) algorithm.
The TDA procedure automatically generates training data using input satellite images and existing land cover products. The derived high quality
training data allow the SVM to produce reliable forest cover change products. This approach was tested in 19 study areas selected from major
forest biomes across the globe. In each area a forest cover change map was produced using a pair of Landsat images acquired around 1990 and
2000. High resolution IKONOS images and independently developed reference data sets were available for evaluating the derived change
products in 7 of those areas. The overall accuracy values were over 90% for 5 areas, and were 89.4% and 89.6% for the remaining two areas. The
user's and producer's accuracies of the forest loss class were over 80% for all 7 study areas, demonstrating that this method is especially effective
for mapping major disturbances with low commission errors. IKONOS images were also available in the remaining 12 study areas but they were
either located in non-forest areas or in forest areas that did not experience forest cover change between 1990 and 2000. For those areas the
IKONOS images were used to assist visual interpretation of the Landsat images in assessing the derived change products. This visual assessment
revealed that for most of those areas the derived change products likely were as reliable as those in the 7 areas where accuracy assessment was
conducted. The results also suggest that images acquired during leaf-off seasons should not be used in forest cover change analysis in areas where
deciduous forests exist. Being highly automatic and with demonstrated capability to produce reliable change products, the TDA-SVM method
should be especially useful for quantifying forest cover change over large areas.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Forest is a critical component of the Earth's surface, covering
about 30% of the world's land area (e.g. FAO, 2001). Forest
cover changes, especially those of anthropogenic origin, have
broad impacts on critical environmental processes including
Earth's energy balance, water cycle, and biogeochemical
processes. Quantifying such changes is required for addressing
many pressing issues including the global carbon budget,
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ecosystem dynamics, sustainability, and the vulnerability of
natural and human systems (Band, 1993; Houghton, 1998; Lal,
1995; Pandey, 2002; Schimel, 1995). As such, a number of
national and international programs call for routine monitoring
of global forest changes, including the Global Observation for
Forest and Land Cover Dynamics (GOFC-GOLD) (Skole et al.,
1998; Townshend et al., 2004), Global Climate Observing
System (GCOS, 2004), and the U.S. Global Change Research
Program (USGCRP, 1999).

Reliable quantification of forest change requires satellite
images with Landsat class or finer spatial resolutions.While large
patches of changes occurring in the tropical region might be
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detectable using coarse or moderate resolution satellite data (e.g.
Hansen & DeFries, 2004; Morton et al., 2006), many anthropo-
genic changes in other areas often occur over relatively small
areas and may not be detectable at moderate to coarse spatial
resolutions (Justice & Townshend, 1988). Mapping global forest
changes at fine spatial resolutions poses at least three major
challenges — difficulty to acquire and assemble the required
satellite images, need for high capacity computer infrastructure to
handle and distribute the extremely large data volumes, and lack
of effective change analysis algorithm that can produce reliable
results at affordable cost. Significant progress has been made to
meet the first two challenges, as demonstrated by the successful
development and rapid distribution of three global Landsat data
sets (Tucker et al., 2004), as well as the capability to
atmospherically correct those data sets at continental scales
(Masek et al., 2006). However, lack of effective and automated
methods for mapping forest changes across large areas remains a
major challenge that hinders continental to global scale forest
change studies.

Manymethods have been developed or used for detecting land
cover and vegetation changes during the last 30+ years.
Comprehensive reviews of those methods have been provided
in a number of articles (e.g. Coppin et al., 2004; Lu et al., 2004).
Most existing land cover change detection techniques belong to
the broad category of image thresholding, where changes are
detected by first analyzing multi-temporal images and then
thresholding the resultant images. Techniques of this category
include uni-variate comparison methods such as differencing,
ratioing, and regression and multi-variate comparison techniques
such as change vector analysis, as well as data transformation
based change detection methods (Singh, 1989). The latter group
uses mathematical transformation techniques such as principal
component analysis (PCA) to analyze multi-temporal images and
then threshold the resultant images to identify land cover changes
(e.g. Byrne et al., 1980; Fung & Ellsworth, 1987). A critical step
common to these techniques is to determine appropriate threshold
values for characterizing land cover changes based on expert
knowledge of local land cover conditions. Because images
acquired in different dates and different locations can differ in
atmospheric conditions, illumination geometry, and vegetation
phenology, threshold values derived for a particular set of images
in one area typically will not work well for another set of images
in a different area (Song et al., 2001). As a result, most
thresholding based change detection techniques were used in
local areas where knowledge of land cover conditions were
available or could be obtained. Such methods have little potential
for forest cover change analysis over very large regions simply
because the required knowledge of ground land cover conditions
will be very difficult to obtain over such large regions.

Another group of change detection techniques belong to the
multi-temporal classification category. Instead of using explicit
threshold values, these techniques treat change detection as a
classification problem by stacking multi-temporal images and
then classifying the image stack using clustering or machine
learning algorithms, with the classes being both the land cover
types and the change types. The clustering approach typically
required intensive human inputs in order to yield reliable results,
and therefore could become extremely labor intensive when
applied over very large regions (e.g. Skole & Tucker, 1993;
Steininger et al., 2001; Townshend et al., 1995). The machine
learning approach employs machine learning algorithms such as
decision trees and neural networks to classify multi-temporal
images. In stead of relying on an analyst to provide threshold
values for separating changes from stable cover types, these
algorithms can learn from training data and automatically find the
spectral features and threshold values needed for characterizing
changes. Therefore, if the required training data are available,
automatic forest cover change analysis might be achievable using
this multi-temporal machine learning approach.

Conventional approaches for deriving training data include
field work, aerial photography, and visual interpretation of high
resolution satellite images. While such approaches might be
affordable within local areas, they can be extremely expensive
and time consuming when applied over large regions. Because
satellite images often differ from one another in atmospheric
conditions and vegetation phenology, use of training data derived
for one image to analyze another image can result in substantially
degraded results (Song et al., 2001). Therefore, it is highly
desirable that training data be derived for each concerned image in
order to achieve reliable results. However, with thousands to tens
of thousands of Landsat images to analyze at continental to global
scales, it will be extremely difficult, if not impossible, to derive the
required training data for each image using the conventional
approaches.

In this study, we develop a new procedure for automatically
delineating the training samples required for forest cover change
analysis. This procedure, called training data automation
(TDA), first automatically identifies forest pixels based on the
well-known observation that forest is one of the darkest
vegetated surfaces (Colwell, 1974; Goward et al., 1994;
Huemmrich & Goward, 1997). The identified forest pixels are
used as reference for delineating non-forest training samples.
With known forest and non-forest training samples, machine
learning algorithms can map forest changes with little or no
human inputs. We have evaluated the feasibility to automate
forest cover change analysis over different forest biomes using
this TDA procedure together with an advanced machine
learning algorithm — the support vector machines (SVM). In
this paper, we first briefly describe the SVM algorithm and the
overall process for mapping forest cover change using this
algorithm. We then provide a detailed description of the TDA
procedure, followed by a comprehensive assessment of the
TDA-SVM method for forest cover change analysis in areas
selected to represent different forest biomes of the globe.

2. Forest cover change mapping using SVM

2.1. Method overview

A multi-temporal classification approach for change detec-
tion using a machine learning algorithm consists of three major
steps — create training data, train the machine learning
algorithm using the derived training data, and classify the
multi-temporal image stack using the trained algorithm. Fig. 1



Fig. 1. A flowchart of the TDA-SVM method for forest cover change analysis.
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shows the overall process with the training data being generated
using the training data automation (TDA) procedure described in
Section 3 and the machine learning algorithm being the support
vector machines (SVM) algorithm.

2.2. The SVM algorithm

SVM is a group of advanced machine learning algorithms
that have seen increased use in land cover studies (e.g. Pal &
Mather, 2005; Zhu & Blumberg, 2002). One of the theoretical
advantages of the SVM over other machine learning algorithms
such as decision trees and neural networks is that it is designed
to search for an optimal solution to a classification problem
whereas decision trees and neural networks are designed to find
a solution, which may or may not be optimal. This theoretical
advantage has been demonstrated in a number studies where
SVM generally produced more accurate results than decision
trees and neural networks (e.g. Chan et al., 2001; Huang et al.,
2002a; Scholkopf et al., 1997; Vapnik et al., 1997), and can be
illustrated in the following brief description of the SVM. More
detailed descriptions of the SVM have been provided in a
number of publications (e.g. Burges, 1998; Vapnik, 1998).

For two separable classes with k samples represented by
(x1, y1),…, (xk, yk), where x∈Rn is an n-dimensional space, and y
is class label with values of +1 or −1, SVM searches for an
optimal hyperplane defined by w= (w1,..., wn) and b such that

yi½wd xi þ b�z1 i ¼ 1; N ; k

This hyperplane can be located by minimizing the norm of
w, or the following function under the above inequality
constraint:

FðwÞ ¼ 1
2
ðwdwÞ

SVM generalizes the above method to non-linear decision
boundaries using kernel functions, and introduces a cost
parameter C to quantify the penalty of misclassification errors
in order to handle non-separable classification problems.
Commonly used SVM kernels include polynomial, radial
basis function (RBF), and sigmoid kernels (Vapnik, 1998).

Several SVM programs have been developed and made
publicly available. In this study, we used the LIBSVM program
developed by Chang and Lin (2001).
2.3. Selection of SVM parameters

The SVM program has several parameters that need to be
predefined. The first is to select a kernel function. The RBF
kernel was used in this study because it has fewer parameter
values to predefine and yet has been found at least as robust as
other kernel types (Huang et al., 2002a; Joachims, 1998). The
second is to predefine values for required parameters. As shown
in the following equation of this kernel, the only parameter that
needs to be predefined for this kernel is γ:

Kðxi; xjÞ ¼ e�gðxi�xjÞ2

The other parameter that needs to be predefined for the SVM
is the cost parameter C. We followed the guidance of Hsu et al.
(2001) to select appropriate values for γ and C for the change
detection problem of each Landsat scene. Specifically, for each
Landsat scene, we systematically changed the values for γ and
C from low to high. For each combination of γ and C, the
prediction accuracy of the trained SVM model was estimated
through cross-validation. The combination giving the highest
prediction accuracy was used to produce the forest cover change
product for that Landsat scene.

3. Training data automation

3.1. Training data needs for forest cover change analysis using
SVM

As described in the Global Observations of Forest Cover/
Land-Cover Dynamics (GOFC-GOLD) Fine Resolution design
documents (Skole et al., 1998; Townshend et al., 2004), forest
cover change analysis (FCCA) is concerned with major changes
between forest and non-forest — conversion of forest to non-
forest, and the reverse. Minor changes such as selective logging
and partial defoliation caused by insect, disease, or storm damages
are not considered in this study, though the developed method
might be capable of detecting some of those changes. Out of the
many existing definitions for forest (e.g. Belward & Loveland,
1996; Di Gregorio & Jansen, 2000), the classification system
developed by the International Geosphere Biosphere Programme
(IGBP) was used to define forest in this study. Specifically, forest
refers to areas having at least 30% or more tree cover, which
includes the following 6 IGBP classes: evergreen needleleaf



Fig. 2. A scheme for deriving training data for the four forest cover change
classes (The numbers 1, 2, 3, and 4 represent persisting forest, persisting non-
forest, forest loss, and forest gain respectively) using forest and non-forest
training samples delineated for two individual image acquisitions.
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forests, evergreen broadleaf forests, deciduous needleleaf forests,
deciduous broadleaf forests, mixed forests, and woody savannas
(Belward & Loveland, 1996).

For a given observing period, we use four classes to
characterize major forest cover and change processes: persisting
forest, persisting non-forest, forest loss, and forest gain. Persisting
forest and persisting non-forest refer to areas that remained forest
and non-forest respectively, at both the beginning (date 1) and end
(date 2) of the observing period, while forest loss refers to areas
that were forest at date 1 but became non-forest by date 2. Forest
gain is the reverse of forest loss. Forest loss can be caused by
harvesting, clear cut, fire, or other disturbances, while forest gain
can result from aforestation, reforestation, regrowth or recovery
from previous disturbances. It should be noted that in regions
where forest growth is relatively fast, a forest stand that was
cleared shortly after date 1 might be able to recover quickly and
became a young forest stand by date 2. In this study, such a stand
will be classified as persisting forest because the method
developed here is not intended for separating mature forests
from young forests.

Machine learning algorithms generally require quality
training data that are spectrally and spatially representative of
the concerned classes in order to generalize well to unseen
samples. A common approach for deriving training data for land
cover change analysis is to use spatially collocated training
samples. This approach requires simultaneous examination of
both the date 1 and date 2 images. While manually selecting
training data is often very time consuming, a further complexity
Fig. 3. The overall concept for delineating forest training pixels using th
of this approach is that for most areas the pixels that experienced
forest cover change during any given period may account for a
small portion of the total area. As a result, locating and
identifying training samples for the change classes can be even
more time consuming. An alternative approach that can
overcome this problem is to use non-collocated samples to
define training data. Suppose forest and non-forest training
samples have been defined for each individual image
acquisition, a training sample for the forest loss class can be
defined using a forest training sample from the date 1 image and
a non-forest training from the date 2 image, which may or may
not be spatially collocated. Training samples for the other three
classes can be defined similarly (Fig. 2). This way, the problem
of defining training samples for the four forest cover change
classes becomes a problem of defining forest and non-forest
training samples for each individual image acquisition.

3.2. Automatic delineation of forest training samples

3.2.1. Method overview
It has long been understood that, due to substantial shadows

cast within tree canopy, forest is generally darker than most other
vegetated surfaces in the visible and shortwave infrared bands
(Colwell, 1974; Goward et al., 1994; Huemmrich & Goward,
1997) and is among the most easily distinguishable features in
remote sensing imagery (Dodge & Bryant, 1976). When
interpreted using image histogram, this observation states that
forest pixels are located towards the lower end of the image
histograms for these bands. When there are enough forest pixels,
they can form a peak in those histograms. In the absence of non-
forest dark surfaces such as water or dark soil, this is the left most
peak in the histogram, which will be called forest peak in this
paper. The forest peak can be identified automatically by
searching the first peak in the histogram. Automatic delineation
of forest pixels is achieved by identifying the forest peak and then
thresholding the satellite image using threshold values defined by
the forest peak (Fig. 3). The actual spectral value at which the
forest peak is located may be quite variable from one image to
another due to inter-image variations caused by differences in
e forest peak in a histogram constructed for a local image window.
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atmospheric condition, illumination geometry, and vegetation
phenology. In general, this procedure should not be sensitive to
such variations as long as the forest peak exists and can be
identified.

In order for this concept to generalize over large areas, it is
necessary to standardize the radiometry of input images and to
mask out non-vegetated dark objects such as water, topographic
shadow, and dark soils. As an automatic procedure, it is also
necessary to include steps for identifying and removing
erroneously delineated training samples. The entire forest training
sample delineation procedure consists of the following major
steps — radiometric standardization, masking of non-vegetated
dark object, local histogram determination, forest peak identifi-
cation, and consistency checking mechanisms (Fig. 4).

3.2.2. Radiometric standardization
Landsat images are typically provided by data vendors as

arrays of digital number (DN), which is essentially a rescaled
measure of top-of-atmospheric (TOA) radiance. TOA radiance is
not just a function of the reflective property of ground objects, it is
also affected by non-surface factors including solar illumination
geometry and atmospheric conditions, which often vary from one
image acquisition to another, and even within an image.
Radiometric standardization refers to the process of reducing or
minimizing the impact of those non-surface factors, which is
necessary for better generalization of the training sample
delineation procedure over time and space. Much of the impact
of solar geometry can be normalized by converting DN to TOA
reflectance using the following equations (Markham & Barker,
1986; Irish, 2000):

L ¼ GdDNþ B ð1Þ

q ¼ kdLdd2

ESUNd sinðhÞ ð2Þ

where L is TOA radiance, ρ is TOA reflectance, G and B are the
gain and bias values for converting DN to TOA radiance, θ is sun
elevation angle, ESUN is Solar irradiance, and d is a normalized
Sun–Earth distance. This DN-to-TOA reflectance conversion is a
Fig. 4. Major steps of the procedure for automatically delineating forest training
samples.
physically based process that can be applied to every Landsat
image with known solar geometry and gain and bias values. It has
been demonstrated that this conversion process could remove
substantial portions of the temporal variability among Landsat
images arising from non-surface factors (Huang et al., 2002b).

The TOA reflectance images can be further standardized by
reducing atmospheric effects through atmospheric correction.
Although many atmospheric correction algorithms have been
developed, with some being implemented for processing large
quantities of Landsat images (e.g. Masek et al., 2006), the
algorithm for automatic training sample delineation described
here is based on TOA reflectance. With minor adjustments to
some of the threshold values, this algorithm can be adapted for
use with surface reflectance images by replacing TOA
reflectance with surface reflectance. We expect this algorithm
to be better generalized over time and space when used with
atmospherically corrected surface reflectance images.

3.2.3. Masking of non-vegetated dark object
Some non-forest dark surfaces suchwater, dark soil, lava, burn

scars, and dark impervious surfaces can be as dark as or even
darker than forest pixels. They will also be located towards the
lower end of a histogramwhere forest pixels are located. To avoid
these objects from being delineated as forest pixels, it is necessary
to identify them and mask them out. Fortunately, most of these
dark objects are not vegetated and can be readily identified using
the normalized difference vegetation index (NDVI) calculated
using the red (Rred) and near infrared (RNIR) TOA reflectance:

NDVI ¼ RNIR � Rred

RNIR þ Rred
ð3Þ

While other vegetation indices can also be used for this
purpose, the nature of NDVI being a ratio value and being
normalized between −1 and 1 allows better generalization of the
selected threshold value. Based on analysis of Landsat images
over many locations, we used the NDVI threshold value of 0.2
to mask non-vegetated objects in this study. It should be noted
that for FCCA at local or regional scales, this threshold value
can be adjusted. For example, if most of the forests in a given
region are very dense and green, slightly higher NDVI threshold
values (e.g., ∼0.4) can be used to exclude dark non-forest
objects more aggressively while not causing significant
amounts of true forest pixels to be excluded.
3.2.4. Local histogram determination
Histogram is central to the concept of automatic identifica-

tion of forest training samples. How the histogram is created can
determine whether the histogram will have a forest peak and
how distinctive the peak will be, and therefore affect the
effectiveness of the entire training sample delineation proce-
dure. While the multiple bands of Landsat images allow
construction of multi-dimensional histograms, to simplify the
method for identifying the forest peak we only consider one-
dimensional histograms.

Two major factors need to be considered in constructing a
histogram for use in this TDA procedure. The first is to
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determine appropriate image window size. The histogram
should be created using local image windows, not an entire
Landsat image. Here use of histograms based on local image
windows is crucial for the TDA procedure. Local histograms
offer two advantages. First, forest can be identified more
reliably using histograms based on local windows than using a
histogram based on an entire Landsat image. Because local
windows usually have only a few land cover types, it is
relatively easy to separate forest from non-forest. However, for
an area as large as an entire Landsat image, spectral separability
between forest and non-forest may degrade significantly due to
greatly increased within-class spectral variability over such a
large area, which can be further exacerbated by spatial
variations in atmospheric conditions. As a result, the first
peak in a global histogram constructed using a whole Landsat
image may include some non-forest pixels, and therefore may
no longer be a “true” forest peak. Second, dividing a Landsat
image into a large number of local windows makes it possible to
use a simple histogram thresholding method to find training
samples for most forest types within that image. Use a Landsat
image containing both broadleaf and needleleaf forests as an
Fig. 5. Histograms ((a)–(f) for TM bands 1–5 and 7) created using the six TM spectra
bands 2, 3, and 7 and less so in band 1. Bands 4 and 5 do not appear to have a forest p
dashed lines in (b) and (c)) defined by the bands 2 and 3 forest peaks are shown in (h
and is shown with bands 5, 4, and 3 in red, green, and blue colors. The x- and y-ax
example. For local windows having needleleaf forests or both
forest types, the needleleaf forests are more likely to be defined
as forest training samples because they are generally darker than
broadleaf forests. However, for local windows having broadleaf
forests but no needleleaf forests, the broadleaf forests become
the darkest vegetated surfaces and therefore some of them will
be identified as training samples. When the training samples
identified using different local windows are pooled together,
both forest types in that Landsat image are represented. It
should be noted that as long as local windows are used, this
method is not particularly sensitive to the exact size of the local
window. We have experimented with window sizes ranging
from 200×200 to 500×500 TM pixels, or 6×6 to 15×15 km2,
and were able to delineate quality forest training samples in all
cases. The variations in window size did not have a significant
impact on the computing time for delineating training samples
across a Landsat image.

The other factor to be considered in creating the histogram is
selecting an appropriate band. While forest generally appears
dark in Landsat images, it is not the darkest in all bands. Fig. 5
shows the histograms created using the six spectral bands of a
l bands of the local image window shown in (g). The forest peak is distinctive in
eak. Forest training samples (white pixels) delineated using threshold values (the
) and (g) respectively. The size of the local image window (g) is 4.2 km×4.4 km
es of the histograms are TOA reflectance and frequency, respectively.
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small TM image. The forest peak is particularly distinctive in
bands 2 (green), 3 (red), and 7 (short wave infrared). The first
peak in band 1 (blue) may also be a forest peak but is not very
distinctive. Band 4 does not have a forest peak because forest is
not the darkest in this band. While forest may be dark in band 5,
Fig. 5(e) shows that the first peak is not very distinguishable
from the remaining of the histogram. Because many studies
have demonstrated that the red band is especially useful for
characterizing forests (e.g. Hansen et al., 2000; Zhan et al.,
2000), we selected this band to create the local histograms in
this study.

3.2.5. Locating the forest peak
Automatic identification of the forest peak in a histogram is a

straightforward process. A peak is identified if a bin has a higher
frequency value than the bins to its left and right and the first
occurrence of a peak is the forest peak. To avoid trivial local peaks
being identified as the forest peak, a median filter is used to
remove such trivial peaks. A pair of threshold values is then
defined using the identified forest peak, with the peak being the
upper boundary and the point where the histogram starts being the
lower boundary. All pixels in the current local window having
values within the pair of threshold values are delineated as forest
training pixels. Here the upper boundary is intentionally set to a
very conservative value to ensure that only the darkest forest
pixels are delineated as training samples. Later in Section 3.4 we
provide a mechanism for including some brighter forest pixels as
training samples.

3.2.6. Consistency checking
Consistency checking steps are designed to handle situations

where the training sample delineation procedure may identify
false training samples. For example, certain vegetated surfaces
such as wetlands and some crop fields could be as dark as or
darker than forests during certain growing stages and may be
erroneously delineated as forest training pixels using the first
peak in a local histogram. Also for image windows having very
little or no forest, the first peak in the histogram is not a forest
peak. By erroneously identifying the first peak as a forest peak,
the above described procedure may delineate non-forest pixels
as forest training pixels within such image windows.

In order to identify and remove forest training pixels that
may be problematic, a consistency checking between delineated
forest training pixels and an existing land cover product is
performed for each local image window. Specifically, if the
training sample delineation procedure defined more forest
training pixels within an image window than the amount of
forest cover as calculated using an existing land cover product,
those forest training pixels may be problematic and should be
discarded. If an existing land cover product shows that there is
very little or no forest within a local window, no forest training
pixels within that window will be delineated.

It should be noted that many existing land cover products are
not appropriate for direct use in forest cover change analysis
because classification errors may compound in a post-
classification comparison analysis (Stow et al., 1980), or the
spatial resolution of those products are too coarse for change
analysis, or the products are only available for a single date.
However, most of them are useful for this consistency checking
purpose. The selected existing land cover product does not have
to have the same spatial resolution as the Landsat data, because
it is just used to determine the approximate percentage of forest
within a local window. No individual pixel in the existing land
cover product is used to determine whether an individual
Landsat pixel is a forest pixel or not. Furthermore, this checking
process should not be particularly sensitive to the pixel level
uncertainties in the selected land cover product. Much of those
pixel level uncertainties likely will cancel themselves when the
pixels are used to calculate the overall percentage of forest cover
within a local window (Huang, 1999). Even if the existing land
cover product substantially underestimates the forest percentage
within a local image window, the likely consequence of this
consistency checking procedure is that no or less forest training
pixels will be delineated within that local window. This is very
unlikely to have a significant impact on the overall forest cover
change analysis as long as quality forest training pixels can be
successfully delineated within other local image windows in the
same Landsat image.

In this study, we used the consistently developed and globally
availableMODIS vegetation continuous field (VCF) of tree cover
product (Hansen et al., 2002). Specifically, each MODIS pixel
was classified as a forest or non-forest pixel using a threshold
value of 30%, which is the lower limit of forest as defined in this
study. The proportion of MODIS forest pixels within each local
window was then used to represent the forest percentage within
that local window. It should be noted that for regional or local
studies where better land cover products are available, those
products could be used in the place of the VCF tree cover product.

3.3. Non-forest training sample delineation

Delineation of non-forest training pixels is based on the
delineated forest training pixels. First, the forest training pixels
are used as a reference to evaluate the likelihood of each pixel
within the same image being a forest pixel. We use an inte-
grated forest index (IFI) as an inverse measure of this
likelihood. For a pixel p within an image, its IFI value (IFIp)
is defined by its normalized distance to the center of delineated
forest training pixels within that image in the spectral space:

IFIp ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
NB

XNB
i¼1

bpi � b̄i
SDi

 !2
vuut ð4Þ

Where b̄i and SDi are the mean and standard deviation of forest
training pixels within that image for band i, bpi is the band i
spectral value for pixel p, and NB is the number of spectral bands.

Obviously, the smaller a pixel's IFI value, the closer that
pixel to the spectral center of forest training pixels, and
therefore the more likely that pixel be a forest pixel. Notice that
for NB=1, Eq. (4) becomes the standardization transformation
described in statistical textbooks (e.g. Davis, 1986), and the
physical unit of IFI is the number of standard deviation of forest
pixels. Assuming a normal distribution for forest pixels within a
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Landsat image, IFI can be directly converted to the probability
of a pixel being a forest pixel using the Standardized Normal
Distribution Table (SNDT) published in statistical textbooks
(e.g. Davis, 1986). Considering the fact that the forest training
samples delineated using the procedure described in Section 3.2
likely will not represent the true distribution of all forest pixels
within an image and that IFI is integrated over multiple spectral
bands, the relationship between IFI and a pixel's probability
being a forest pixel likely will not be exactly the same as that
described in the SNDT. Nevertheless, such an approximate
Fig. 6. Overview (top) of the spatial distribution of forest (green) and non-forest (gray)
site (path 13/row 31) and an assessment at full resolution (bottom left) using the input L
colors) and an IKONOS image (bottom right, IKONOS red, green, and blue bands s
probability interpretation of a pixel's IFI value makes it possible
to separate forest from non-forest using probability based
threshold values that might be applicable to different Landsat
images. For example, assuming the forest pixels within an
image have a normal distribution and the IFI value calculated
using multiple bands is statistically equivalent to that calculated
using a single band, statistically over 99% of forest pixels will
have IFI values of less than 3. Conversely, pixels with IFI values
of more than 3 will likely be non-forest pixels. As mentioned
earlier, because these assumptions are not exactly true, we used
training samples delineated using the TDA procedure for the Connecticut, U.S.A.
andsat image (bottommiddle, TM bands 5, 4, and 3 shown in red, green and blue
hown in red, green, and blue colors).
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a higher IFI threshold value of 6 in order to avoid forest pixels
being erroneously delineated as non-forest training pixels and
yet allow as many non-forest pixels be delineated confidently as
possible. All pixels having IFI value of 6 or higher were
delineated as confident non-forest pixels.

Certain dark green crop fields may be spectrally similar to
forests and can have very low IFI values. They likely will not be
represented by the non-forest training samples delineated using
a high IFI threshold value. A machine learning algorithm may
not be able to classify such dark green non-forest surfaces as
non-forest if they are not represented by non-forest training
samples. A procedure similar to the consistency checking
concept described in Section 3.2.6 can be used to alleviate this
problem. Specifically, for a local window having very little or
no forest according to the VCF tree cover product but most
pixels within that window have low IFI values, we will
progressively lower the IFI threshold value such that a
significant portion (e.g. 50%) of the pixels within that window
have IFI values greater than that threshold value and therefore
be delineated as non-forest pixels. Considering the potential
uncertainties in the VCF tree cover product and possible
temporal discrepancies between the concerned Landsat image
and the VCF tree cover product, here the VCF tree cover
product should be used with a big uncertainty buffer. For
example, if the VCF tree cover product shows that there are
70% non-forest pixels within a local window in a largely
agricultural area, it is probably safe to say that this local window
should have at least 20%–40% non-forest pixels. Therefore, the
IFI value can be lowered such that 20%–40% of the pixels
within that window are delineated as non-forest pixels. The
30%–50% uncertainty buffer is used to minimize the risk of
forest pixels being erroneously delineated as non-forest training
pixels and still allow some dark green non-forest pixels be
delineated as non-forest training pixels, and therefore improve
the representativeness of delineated non-forest training samples
of all non-forest surface types.

3.4. Getting less pure pixels

In order for the SVM to find optimal solutions, it needs to see
training samples along class boundary (Foody & Mathur, 2004).
However, the procedures described in Sections 3.2 and 3.3 likely
will only find pure forest and pure non-forest training pixels. In
order to alleviate this problem, a neighborhood algorithm is
introduced. Specifically, a pixel neighboring a pure forest training
pixel likely will also be a forest pixel even though it has slightly
higher IFI value than the pure forest pixel. Conversely, a pixel
neighboring a pure non-forest training pixel likely will also be a
non-forest pixel even though it has slightly lower IFI value. The
IFI threshold value of 6 for defining non-forest can be lowered to
2.5 if a pixel neighbors a previously delineated non-forest training
pixel. While the IFI value was not used to identify forest training
pixels in Section 3.2, here an IFI threshold value of 4 is used to
identify less pure forest pixels as training pixels. Specifically, a
pixel with IFI value of 4 or less will be delineated as a forest
training pixel as long as it neighbors a previously identified forest
training pixel. Here the threshold values of 2.5 and 4 were defined
based partly on the probability interpretation of the IFI value as
described in Section 3.3 and partly based on analysis of Landsat
images over many different locations. By allowing pixels having
IFI values between 2.5 and 4 be identified as forest or non-forest
training pixel depending on whether they neighbor previously
delineated forest or non-forest training pixels, in many areas the
actual boundaries between forest and non-forest can be well
represented by the delineated training samples (see examples
shown in Fig. 6, Section 5).

4. Data and study areas

4.1. Study area selection

Nineteen study areas were selected from across the globe to
evaluate the effectiveness of the TDA-SVM method. Each area
had the size of a Landsat scene, which was defined by the World
Reference System (WRS2) path/row frame. These areas were
selected by considering two factors: inclusion of the world's
major forest biomes and availability of high resolution images
or independently developed reference data sets for validation
purpose. Specifically, the global ecosystem map produced by
Olson et al. (2001) through the World Wildlife Foundation
(WWF) was used to delineate the major forest biomes of the
globe. The MODIS Vegetation Continuous Field (VCF) of tree
cover (Hansen et al., 2002) was then used to calculate the
percentage of forest within each Landsat scene. Landsat scenes
having less than 30% forest cover were excluded from further
selection. As will be discussed in the following sections, the
high resolution IKONOS images acquired through a NASA
Science Data Purchase (SDP) program were used as a major
reference data source for evaluating the delineated training
samples and for validating the derived change results. The SDP
IKONOS images were acquired between 2000 and 2002. The
high spatial resolutions of 1-m in the panchromatic band and 4-
m in the four spectral bands allow reliable separation between
forest and non-forest through visual inspection of these images.
Only areas having at least one SDP IKONOS image were
selected. In addition, an independently developed, highly
reliable forest cover change map of Paraguay was available to
this study as a reference data set (Kim et al., submitted for
publication). Two Landsat scenes representing tropical and
subtropical moist broadleaf forests and tropical and subtropical
dry broadleaf forests within Paraguay were selected. Table 1
lists the 19 areas used in this study.

4.2. Landsat images

For each study area, the GeoCover Landsat Thematic
Mapper (TM) images acquired around 1990 and Enhanced
Thematic Mapper Plus (ETM+) images acquired around 2000
were used to map forest cover change. Developed through
NASA's Science Data Purchase (SDP) program, the GeoCover
data sets have Landsat images for most land areas of the globe
for three nominal dates — 1970s, 1990s and 2000. Radiomet-
rically these images were corrected using standard Landsat
radiometric calibration methods (Irish, 2000). Geometrically
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they were orthorectified and had geolocation accuracies of less
than 50 m (Tucker et al., 2004). No further effort was made to
improve the image to image corregistration accuracy.

5. Evaluation of delineated training samples

The training samples delineated using the TDA procedure
were evaluated at two levels. At the first level, they were visually
inspected against the input Landsat images and available high
resolution IKONOS images. At the second level, because the
TDA procedure is intended for forest cover change analysis, an
ultimate assessment of the effectiveness of this procedure is to use
the delineated training samples to derive change products and
evaluate the derived change products. This section describes the
observations from the first level assessment. The second level
assessment is detailed in Section 6.

The visual evaluation reveals that for most of the selected
study areas where the spectral or spatial boundaries between
forest and non-forest surface types are distinctive, the TDA
procedure produced large quantities of spatially representative
training samples. The following were observed for these areas:

- The total number of delineated training pixels within each
Landsat image was in the order of 106 or more for both forest
and non-forest. Furthermore, the delineated training samples
were generally well distributed across each Landsat image
(Fig. 6), though certain local windows may not have any
training samples delineated due to the consistency checking
process described in Section 3.2.6.

- The derived training samples had very low labeling errors.
Most of the training samples we inspected were truly forest
pixels based on visual inspection of the input Landsat image
and where available, the IKONOS images. The zoom-in view
in Fig. 6 shows that the training pixels delineated by the TDA
procedure were not just pure pixels, but also included many
Table 1
Study areas selected for evaluating the TDA-SVM forest cover change mapping me

WRS2
path/row

Location WWF biome

231/67 Eastern Rondonia, Brazil Tropical and su
226/69 Central Mato Grosso, Brazil Tropical and su
224/78 Eastern Paraguay Tropical and su
20/48 Western Guatemala Tropical and su
228/75 Western Paraguay Tropical and su
131/47 Northwestern Thailand Tropical and su
22/37 Central Mississippi, U.S.A. Temperate broa
15/34 Eastern Virginia, U.S.A. Temperate broa
13/31 Connecticut, U.S.A. Temperate broa
23/28 Northwestern Michigan, U.S.A. Temperate broa
19/27 Southeastern Ontario, Canada Temperate broa
116/31 Northeastern China Temperate broa
34/32 North Central Colorado, U.S.A. Temperate coni
46/27 Central western Washington, U.S.A. Temperate coni
47/27 Western Washington, U.S.A. Temperate coni
192/27 Western Austria Temperate coni
23/26 South central Ontario, Canada Boreal forests/T
34/23 Western Manitoba, Canada Boreal forests/T
187/17 Southeastern Finland Boreal forests/T
pixels located along class boundaries. It demonstrates that the
neighborhoodmethod described in Section 3.4was effective in
finding less pure pixels without getting the wrong pixels as
training samples.

The TDA procedure had trouble finding training samples for
deciduous forests when the input Landsat images were acquired
during leaf-off seasons. For example, the two northwestern
Thailand images (WRS2 path 131/row 47) were acquired
during the dry, cool, northeastern monsoon season (February 3,
1989 and March 5, 2000). Visually, the deciduous forests in the
two images were neither green nor very dark. As a result, the
TDA procedure did not find training samples for deciduous
forests. Similar problems were found with a north central
Colorado, U.S.A. image (WRS2 path 34/row 32) acquired on
September 24, 2001, because some deciduous species at high
altitudes had already shed their leaves in late September.

6. Evaluation of change products

The change products derived using the TDA-SVM method
were evaluated at three levels — accuracy assessment using
wall-to-wall reference data sets, accuracy assessment using high
resolution satellite images, and visual assessment using Landsat
images.

6.1. Assessment using wall-to-wall reference data sets

A wall-to-wall accuracy assessment of the change products
derived using the TDA-SVM method was performed for the two
Paraguay study areas (WRS2 path 224/row 78 and path 228/row
75). Through a previous study (Kim et al., submitted for
publication), a 1990–2000 national forest cover change product,
referred to as Paraguay NFCC product hereafter, was developed
for the entire country of Paraguay using Landsat images and an
thod

Acquisition date (yyyy-mm-dd)

Date 1 Date 2

btropical moist broadleaf forests 1991-07-07 2001-08-11
btropical moist broadleaf forests 1988-07-11 2001-08-08
btropical moist broadleaf forests 1989-04-19 2000-07-06
btropical moist broadleaf forests 1988-11-05 2000-03-27
btropical dry broadleaf forests 1985-05-14 2001-03-31
btropical dry broadleaf forests 1989-02-03 2000-03-05
dleaf & mixed forests 1988-06-20 2000-09-17
dleaf & mixed forests 1990-05-08 1999-09-30
dleaf & mixed forests 1989-09-28 2002-09-08
dleaf & mixed forests 1987-06-09 2000-05-19
dleaf & mixed forests 1988-05-14 2000-08-27
dleaf & mixed forests 1993-05-28 1999-09-02
fer forests 1989-07-05 2001-09-24
fer forests 1990-09-22 2000-09-25
fer forests 1988-07-21 2000-07-30
fer forests 1992-08-09 2000-06-20
aiga 1990-09-05 2000-10-10
aiga 1990-05-29 2001-06-04
aiga 1992-06-03 2000-05-16



Table 3
IKONOS images and reference samples (TM/ETM+ pixels) used to evaluate the
FCCA products produced by the TDA-SVM method

Study area No. of
IKONOS
images used a

Area (km2)
covered by
IKONOS images a

Number
of reference
samples

Eastern Virginia, U.S.A,
WRS2 path 15/row 34

1 115 265

Southeastern Finland,
WRS2 path 187/row 17

3 220 379

Central Mississippi, U.S.A.,
WRS2 path 22/row 37

65 7468 296

Central western Washington,
U.S.A., WRS2 path
46/row 27

6 146 228

Connecticut, U.S.A.,
WRS2 path 13/row 31

12 2467 209

a Note: Many SDP IKONOS images had customized area coverage.
Therefore, the area covered by available IKONOS images is not necessarily
proportionate to the number of IKONOS images used.

Table 4
Overall, user's and producer's accuracies (%) of derived FCCA products
evaluated using available IKONOS images and the input Landsat images

Accuracy
measure

Persisting
forest

Persisting
non-forest

Forest
loss

Forest
gain

Eastern Virginia, U.S.A, WRS2 path 15/row 34; overall accuracy=92.7
User's accuracy 96.7 94.9 88.2 74.5
Producer's accuracy 96.7 86.2 88.3 88.4
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iterative clustering-supervised labeling (ICSL) method. While the
ICSLmethod required intensive human inputs, the derived change
product was found highly accurate, with overall accuracies ranged
between 92% and 98%when the product was validated using high
resolution IKONOS and QuickBird images as well as aerial
photographs (Kim et al., submitted for publication). Here we used
this product as a reference data set for evaluating the change results
derived using the TDA-SVM method in the two Paraguay test
sites. Three of the four classes concerned in this study —
persisting forest, persisting non-forest, and forest loss, were
mapped in the Paraguay NFCC product. The forest gain class was
not mapped because very few pixels experienced this change
during the 1990–2000 period in Paraguay.

For each of the two Paraguay study areas, standard class
specific user's and producer's accuracies as well as the overall
accuracy (Congalton, 1991) were calculated using all pixels for
the area where the study area intersected with the Paraguay
NFCC product. Here we chose these accuracy measures over
other measures like the kappa coefficient to report because 1)
they can be directly interpretable as probabilities of correct
classification or of encountering certain types of misclassifica-
tion errors (Stehman, 1997), and 2) kappa may underestimate
classification accuracy by overestimating the chance agreement
(Foody, 1992). The overall accuracy measures the proportion of
the assessed area that is classified correctly. The user's accuracy
measures the proportion of pixels classified as belonging to a
class that truly belong to that class, while the producer's
accuracy measures the proportion of pixels truly belong to a
class that are classified as belonging to that class. User's and
producer's accuracies are related to commission and omission
errors as follows (Janssen & Wel, 1994):

Commission error ð%Þ ¼ 100%� UserVs accuracy ð%Þ

Omission error ð%Þ ¼ 100%� ProducerVs accuracy ð%Þ
Table 2 lists the accuracy estimates for the two study area.

The accuracy values for the western Paraguay site were
calculated using all 50 million pixels of that site since the
whole Landsat scene was within the Paraguay NFCC product.
The values for the eastern Paraguay site were calculated using
about 30 million pixels because only about 60% of that Landsat
scene intersected with the Paraguay NFCC product. For both
sites the overall accuracy and most user's and producer's
Table 2
Overall, user's and producer's accuracies (%) of derived forest cover change
products evaluated using an independently derived Paraguay forest cover
change product

Accuracy measure Persisting forest Persisting non-forest Forest loss

Eastern Paraguay, WRS2 path 224/row 78; overall accuracy=94.2
User's accuracy 76.5 95.9 83.9
Producer's accuracy 93.0 91.3 80.4

Western Paraguay, WRS2 path 228/row 75; overall accuracy=89.6
User's accuracy 89.8 96.4 85.1
Producer's 93.1 79.7 91.8
accuracy values were near 90% or higher. Only the user's
accuracy for the persisting forest class in the eastern Paraguay
site and the producer's accuracy for the persisting non-forest
class in the western Paraguay site were below 80%.

6.2. Assessment using high resolution satellite images

While one or more SDP IKONOS images as described in
Section 4.1 were available for each of the remaining 17 study
areas, only in five of those areas the available IKONOS images
were found useful for accuracy assessment. For each of the five
areas a design-based accuracy assessment was conducted
according to Stehman (2000) to produce accuracy estimates
for the areas covered by the IKONOS images. Specifically, for
each study area, the areas covered by available IKONOS images
Southeastern Finland, WRS2 path 187/row 17; overall accuracy=94.8
User's accuracy 96.7 96.1 80.6 95.9
Producer's accuracy 97.9 93.3 96.3 82.2

Central Mississippi, U.S.A., WRS2 path 22/row 37; overall accuracy=89.4
User's accuracy 95.8 92.2 85.7 72.6
Producer's accuracy 88.0 95.3 80.7 88.9

Central westernWashington,U.S.A.,WRS2 path 46/row 27; overall accuracy=94.4
User's accuracy 93.4 93.0 98.2 100.0
Producer's accuracy 99.5 99.6 100.0 70.6

Connecticut, U.S.A., WRS2 path 13/row 31; overall accuracy=96.5
User's accuracy 98.5 95.2 88.2 80.5
Producer's accuracy 99.7 92.2 100.0 77.6
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were divided into four strata using the derived forest cover
change product, with one stratum for each of the four concerned
forest cover and change classes — persisting forest, persisting
non-forest, forest loss, and forest gain. From each stratum, 60–
100 pixels were randomly selected as reference samples. The
Fig. 7. Examples of forest cover change products (right column) derived using the T
column) for central Mato Grosso, Brazil (path 226/row 69, top row), suburban Seattle
23, third row), and southeastern Finland (path 187/row 17, last row). Bands 4, 3, and 2
Their acquisition dates are listed in Table 1. In the change products, persisting forest,
gain were shown in green, gray, blue, red, and cyan, respectively. The area of each e
were drawn to assist visual validation of the change product against the two input G
inclusion probability of each sample and accuracy estimates for
each study area were calculated according to Stehman et al.
(2003). The reference change type at each sample location was
determined by visually inspecting the IKONOS images and the
GeoCover 1990 and 2000 Landsat images. Samples located
DA-SVM method applied to GeoCovers 1990 (left column) and 2000 (middle
, U.S.A. (path 46/row 27, second row), western Manitoba, Canada (path 34/row
of the GeoCover images were shown in red, green, and blue colors respectively.
persisting non-forest, water (part of persisting non-forest), forest loss, and forest
xample is 11.4 km by 11.4 km. The black circles and ellipses in the second row
eoCover images.
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along the edge of land cover polygons were discarded to reduce
the impact of residual misregistration errors between the two
GeoCover acquisitions. Samples contaminated by cloud or
cloud shadow in either the IKONOS images or the Landsat
images were also discarded to minimize uncertainty levels of
the derived reference data. Table 3 lists the number of IKONOS
images, the area covered by them, and the number of reference
samples used for each of the 5 study areas.

Table 4 lists the accuracy estimates for the 5 study areas. The
overall accuracy values were near or well above 90% for all 5
study areas. Furthermore, 60% of the user's and producer's
accuracy values were above 90%, 30% of them between 80%
and 90%, and 10% of them between 70% and 80%. Notice all
the below −80% accuracy values were for the forest gain class,
suggesting that it might be slightly more difficult to map forest
gain than to map forest loss. This may be partly because while
forest loss as defined in this study is associated with abrupt
change events that often cause major spectral changes, forest
gain is the result of natural or managed regrowth processes that
are typically associated with gradual spectral changes. The fact
that the accuracy values for the forest loss class were over 80%
for all 5 study areas demonstrates that the TDA-SVM method
likely will be especially effective for mapping this class.

It should be noted that while the accuracy values listed in
Table 4were valid onlywithin the areas covered by available SDP
IKONOS images, those valueswere not necessarily optimistically
biased as comparedwith those that would be derived for the entire
area of each test site. Because those IKONOS images were
selected through different NASA funded projects without
considering the Landsat images used in this study and the change
products produced using the TDA-SVM method, the areas
covered by those IKONOS images were not necessarily easier to
map as compared with the rest within each test site. The fact that
the accuracy values for these 5 sites were comparable with those
derived through wall-to-wall assessments for the two Paraguay
study areas (Table 2) is an evidence of this observation.

6.3. Visual assessment

For 12 of the 19 study areas, the available SDP IKONOS
images could not provide adequate information for validating all
Fig. 8. With the date 1 image (left) acquired during leaf-on season (July 5, 1989) and
2001), many persisting deciduous forests and shrubs (in bright red color in the left im
row 32) were mapped as forest loss (right). Changes in coniferous forests were mappe
color keys for the change product (right) are the same as those in Fig. 7.
four concerned forest cover and change classes because those
images either covered non-forest areas only or covered forest
areas that did not experience forest cover change between the two
GeoCover acquisitions. No accuracy values were calculated for
those study areas. Instead, the change products were visually
assessed against the input Landsat images. The SDP IKONOS
images were used to assist this assessment.

In order to calibrate between the observations based on visual
assessment and the accuracy assessment results reported in
Sections 6.1 and 6.2, we visually evaluated the change product for
each of the 7 study areas reported in those two sections. This
evaluation confirmed the previous observation that the accuracy
values reported in Tables 2 and 4 were not necessarily opti-
mistically biased as compared with those that would be derived
for the entire area of each test site. Fig. 7 shows examples of the
visual assessment for four study areas — central Mato Grosso,
Brazil (path 226/row 69), suburban Seattle, U.S.A. (path 46/row
27), western Manitoba, Canada (path 34/row 23), and southeast-
ern Finland (path 187/row 17). The graphics for the suburban
Seattle, U.S.A. (path 46/row 27) and southeastern Finland sites
are shown as examples for calibrating visual observations with
accuracy assessment results, with the accuracy values for the two
sites being reported in Table 4. Based on this visual assessment, it
was found that the derived change products in the following areas
likely would be as reliable as those in the 7 study areas reported in
Tables 2 and 4 — eastern Rondonia, Brazil (path 231/row 67),
central Mato Grosso, Brazil (path 226/row 69), western
Guatemala (path 20/row 48), western Washington, U.S.A. (path
47/row 27), northeastern China (path 116/row 31), western
Manitoba, Canada (path 34/row 23), southeastern Ontario,
Canada (path 19/row 27), and northwestern Michigan, U.S.A.
(path 23/row 28).

The developed change mapping method was found less
successful in several areas, including northwestern Thailand (path
131/row 47), north central Colorado, U.S.A. (path 34/row 32),
and south central Ontario, Canada (path 23/row 26). As discussed
earlier, the problemwith the northwestern Thailand (path 131/row
47) likely was due to the undesirable acquisition dates of the two
GeoCover images.With acquisition dates of February 3, 1989 and
March 5, 2000 (Table 1), both GeoCover images for this location
were acquired during the dry, cool, northeastern monsoon season
the date 2 image (middle) acquired during near leaf-off season (September 24,
age and light pink color in the middle image) in north central Colorado (path 34/
d accurately (highlighted in white ellipses). The size of the image window and the
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(Wikramanayake et al., 2002). Spectrally it was difficult to
differentiate between deforested areas from leaf-off deciduous
forests using the two images. The north central Colorado (path 34/
row 32) area had a similar problem. While the earlier GeoCover
image was acquired during the peak green season in the summer,
the later image was acquired on September 24, 2001. Some of the
deciduous forests in the mountains had lost their leaves by this
date, making it difficult to differentiate between deforested areas
from the leaf-off forests. The TDA-SVM approach did not have
problem in detecting changes that occurred in coniferous forests
(Fig. 8). While less significant, similar problems were also found
in south central Ontario, Canada (path 23/row 26). To avoid this
type of problems in forest cover change analysis using the TDA-
SVMmethod, the satellite images used should be acquired during
leaf-on seasons.

7. Discussions and conclusions

SVM is a group of advanced machine learning algorithms
designed to find optimal solutions to classification problems.
Many studies have demonstrated its capability of producing more
accurate results than other machine learning algorithms such as
decision trees and neural networks (Huang et al., 2002a; Pal &
Mather, 2005). It can also be used tomap forest cover changes in a
multi-temporal classification approach, and when adequately
trained, can produce change products with accuracies close to
those produced with intensive human interventions (Song et al.,
2005). We have automated this approach for forest cover change
analysis by developing a training data automation (TDA)
procedure. This procedure first automatically delineates forest
training samples based on the well-known observation that forest
is one of the darkest vegetated surfaces. It then uses those forest
training samples as a reference to delineate non-forest training
samples. The forest and non-forest training samples derived for
each individual dates are then used to create the training data for
each of the classes concerned in forest cover change analysis.
Since training the SVM and using the trained model to map
changes are straight forward processes that require little or no
human intervention, being able to automatically generate training
data makes it possible to automate the entire multi-temporal SVM
classification approach to forest cover change analysis.

The TDA-SVM method was assessed over 19 study areas
selected to cover major forest biomes across the globe. High
resolution IKONOS images or independently derived reliable
reference data sets were available in 7 areas for deriving accuracy
estimates of the produced change products. Not only the overall
accuracies were well above or near 90%, the class specific user's
and producer’s accuracies were also quite high, with over half of
those values being over 90%, 30%more being over 80%, and the
remaining being over 70%. The change products in the remaining
study areas were assessed by visually inspecting them against the
input Landsat images and available IKONOS images. In order to
calibrate between visual assessment observations and accuracy
assessment results, the change products for the 7 study areas
where accuracy values were available were also visually
evaluated. It was found that the change products for most of the
19 study areas likelywill be as reliable as those in the 7 study areas
whose accuracy values were known. The TDA-SVMmethodwas
found less successful in areas where deciduous forests were
present and one or both images used in change analysis was
acquired during leaf-off seasons. Leaf-off deciduous forests were
generally brighter than surfaces such as needleleaf forests or some
irrigated crop fields that may have green vegetation cover during
the leaf-off season. As a result, the TDA procedure failed to find
the right training pixels for leaf-off deciduous forests. To avoid
this problem, only leaf-on images should be used in forest cover
change analysis for areas where deciduous forests exist.

Being highly automated, the TDA-SVM method is especially
useful for forest cover change analysis over very large regions.
This method requires little or no human inputs for purposes
such as training data delineation, algorithm fine tuning, or post-
classification improvement. The reliability of the derived change
products demonstrates that the training data needs of the SVM
have been satisfied using the TDAprocedure.As discussed earlier,
the only reason human inputs might be needed to fine tune the
SVM algorithm is to select appropriate kernel parameters for each
study area. This part, however, has been automated using a cross-
validation procedure. The high quality training data generated by
the TDA procedure allowed the SVM to produce highly accurate
change products.While post-classification proceduresmay further
improve the derived forest cover change products, such
procedures likely will not be absolutely necessary for the TDA-
SVMmethod in many areas. The change products reported in this
paper were the direct output of the TDA-SVM method. No post-
classification procedures were applied to the derived products.

The TDA procedure developed in this study can also be used
in other remote sensing algorithms that require identification of
forest sites. Example algorithms include a disturbance index
(DI) algorithm developed by Healey et al. (2005) for mapping
forest change, which requires known forest sites for calculating
the DI, and several atmospheric correction algorithms (e.g.
Liang et al., 1997; Vermote et al., 2002) and aerosol retrieval
algorithms (e.g. Kaufman & Tanre, 1996), which require some
forest pixels be identified as dark objects.
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