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Abstract

Spectral features within satellite images change so frequently and unpredictably that spec-
tral definitions of land cover are often only accurate for a single image. Consequently,
land-cover maps are expensive, because the superior pattern recognition skills of human
analysts are required to manually tune spectral definitions of land cover to individual im-
ages. To reduce mapping costs, this study developed the Template-Guided Classification
(TGC) algorithm, which classifies land cover automatically by reusing class information
embedded in freely available large-area land-cover maps. TGC was applied to map rem-
nant forest within six 10-m resolution SPOT images of the Vermilion River watershed in
Alberta, Canada. Although the accuracy of the resulting forest maps was low (58 % forest
user’s accuracy and 67 % forest producer’s accuracy), there were 25 % and 8 % fewer er-
rors of omission and commission than the original maps, respectively. This improvement

would be very useful if it could be obtained automatically over large-areas.
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Land Cover Circa 2000. A land-cover map of Canada.

Landsat Tree Cover Continuous Fields. A global 30-m map of tree cover.
A system that produces 3-d point clouds of land cover using lasers.
MODIS Land Cover Type. A 500-m global land-cover map.

Medium Resolution Imaging Spectrometer. An instrument on the Envisat
satellite (now defunct).

Moderate-resolution Imaging Spectroradiometer. An instrument on the
Terra and Aqua satellites.

Multispectral data.

Multispectral and Panchromatic data.

Landsat Multispectral Scanner. An instrument on Landsats 1-5.
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NLCD

NTS
Pan
ROI
RMSE
SPOT
SRTM

SVM
TGC
™

VCF

National Land Cover Database. A 30-m land-cover map (and other infor-
mation) for the conterminous United States.

National Topographic System.

Panchromatic data.

Region Of Interest.

Root Mean Square Error.

Satellite Pour I’Observation de la Terre.

Shuttle Radar Topography Mission. Digital elevation map at 3 arc-second
resolution.

Support Vector Machine. An algorithm for classification.
Template-Guided Classification. The algorithm tested in this thesis.
Thematic Mapper. An instrument on Landsats 4 and 5.

Vegetation Continuous Fields. 250-m global tree-cover products from
MODIS data.
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Chapter 1

Introduction

Remote sensing is the only way to obtain comprehensive and current information about
the Earth’s land cover. However, although remote sensing data is comparatively cheap (or
even free), the labour cost of land-cover classification is an important consideration when
producing land-cover maps (DeFries and Chan, 2000). Ideally, land-cover classification
would be completely automated with no human intervention. With reduced labour costs,
land-cover information can be updated more frequently and be better customized to appli-
cations. However, Landgrebe (1999) advised that fully automatic systems are likely to be
more limited and less robust (and possibly less economical) than human-assisted digital
techniques. Semi-automatic classifiers (classifiers assisted by human interpretation skills)
may be the best option (Landgrebe, 1999) because automatic systems cannot satisfy the
subtleties of user needs (Landgrebe, 2002). To reduce human involvement, a classifier
should be generally applicable, requiring minimal labour when applied to new data.

Accuracy without generality is useless (and vice-versa). It is easy to make a perfectly
accurate classifier that is only applicable to a single image and which saves no labour.
For example, it is possible to classify solely on the basis of a pixel’s location in an image
by transforming pixel coordinates into the correct class using a hard-coded look-up table.
Theoretically, this classifier could be made 100 % accurate for a single image, but it has
no ability to generalize to other images in a different location or with a different pixel grid.
There is no labour savings, because there is no generalization.

This thesis focuses mainly on minimizing labour costs while maintaining acceptable

accuracy through development of a classification algorithm that is robust to noise.



1.1 A Fundamental Problem of Land-cover Classification

A fundamental problem of land-cover classification is that classifiers are disposable; they
only work for very limited (or unique) datasets. A classifier may classify a particular image
accurately, but when applied to another image that was acquired under slightly different
conditions (e.g., in a different year, atmospheric conditions, or location), the classifier often
produces unacceptably inaccurate results. Conditions change so frequently that a classifier
is normally only used for a single image (Schott, 2007, p. 405).

This problem occurs because the measured features of land-cover classes are highly
variable. Feature variability causes different land-cover classes to have very similar fea-
tures. When different classes have virtually the same features, classification is an ill-posed
problem. The classes overlap in feature space and cannot be distinguished from each other,
and therefore, classification accuracy is reduced.

As variability increases, class overlap increases. To produce acceptable accuracies,
classifiers are overfitted to very narrow conditions that minimize variability. They are made
for such a narrow set of conditions that they fail when applied generally and therefore, they

are disposable (Figure 1.1).

Feature variability Overlapping class Low classification Diqusable
‘ features ‘ accuracy | classifiers

Figure 1.1: Feature variability causes the features of different classes to overlap, resulting
in low classification accuracy and disposable classifiers.

For example, Figure 1.2a shows a scene of forest patches and fields in the Vermilion
River watershed, Alberta, where trees appear as dark patches. However, Figure 1.2b shows
a scene that is further north, near Chipewyan Lake, where many trees are very reflective
(perhaps because they have already senesced). A classifier that assumes that all trees have

low reflectance might perform well on the image of Figure 1.2a, but would fail to classify



the highly reflective trees in Figure 1.2b. As the example illustrates, feature variability can

Figure 1.2: Land-cover classes usually do not have unique or invariant spectral signatures.
Feature variability makes it difficult to define land-cover classes in terms of image features.
(a) dark tree patches and some bright fields in the Vermilion River watershed, Alberta, and
(b) dark trees and bright trees near Chipewyan Lake, Alberta.

cause a classifier that is accurate in one context to be inaccurate in another. For this reason,
spectral signatures used to classify Landsat images are typically only applied to a single
image or a group of radiometrically normalized images (Olthof et al., 2005).

Remote sensing research has intensely pursued technologies to generalize and reduce
the labour of land-cover classification. Cheap, accurate, automatic land-cover classification
is the highest goal (Landgrebe, 2002; Loveland et al., 2002). However, for operational
applications, there is often an unpleasant conundrum: one may classify land cover manually
and pay the price in time and money or classify land cover automatically and pay the price

with lower classification accuracy.

1.2 Local Class Information in Land-cover Maps

One of the problems with automating land-cover classification is that class features vary

spatially. This means that classifiers need to be tuned to local conditions to produce ac-



curate results. For example, because trees in northern Alberta have different features than
trees in central Alberta, classifiers need to have rules that are different for each region.
However, determining how class features vary spatially is expensive, because it requires
human intervention to establish local definitions of each class.

A possible solution to the high cost of defining classes is found in existing land-cover
maps. They contain spatially varying information that is validated and overseen by ex-
perts. To make a map for a particular area, the local definitions of classes must be known.
These definitions are implicitly embedded in land-cover maps by the spatial distribution of
classes. If this local class information could be reused for new classifications, there could
be important cost reductions.

For example, the Earth Observation for the Sustainable Development of Forests (EOSD)
land-cover map is a map of the forested regions of Canada containing 23 classes derived
from 30-m Landsat ETM+ images (Wulder et al., 2008). Each image was automatically
partitioned into hundreds of clusters of spectrally similar pixels and manually labelled
through image interpretation that was assisted by maps, local knowledge, and other re-
sources (Wulder et al., 2002). This manually interpreted information was embedded in
each class label assigned to the map. If this information could be used to define classes ac-
curately, it might be possible to produce an up-to-date land-cover map of the entire forested

regions of Canada for little cost.

1.3 Automating Land-cover Classification using Existing Land-cover Maps

The main idea of this thesis was inspired by a single image. Figure 1.3 shows how moder-
ately accurate forest pixels can be used to determine the correct class labels for each part
of a forest/non-forest map. In this figure, green EOSD forest pixels are overlaid on top of
a forest/non-forest ground-reference map. But which part of the ground-reference map is

forest? White pixels or black pixels? The strong spatial correspondence of the green EOSD
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Figure 1.3: EOSD forest pixels (green) overlaying a forest/non-forest ground-reference
map. Even if the legend did not specify which colour corresponded to which class, the
appropriate label for each part of the ground-reference map could be determined by its
spatial correspondence to the EOSD labels (white = forest, black = non-forest).

forest pixels to the white ground-reference pixels clearly indicates that the white pixels are

forest pixels (and black pixels are non-forest pixels).

The hypothesis of this thesis is that land-cover classification could be automated by:

1. Partitioning an image into separate clusters (as with the EOSD), and

2. Labelling each part with the class of an existing land-cover map (e.g., EOSD) that it

best corresponds to spatially.

An implementation of this idea, named Template-Guided Classification (TGC), is presented

in this thesis with the goal of reducing the cost of land-cover classification. Numerous
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land-cover maps have been produced at continental and global scales that could be used
as templates for updating land-cover maps. Theoretically, automatic updates for global
land-cover maps could be achieved with negligible labour costs. TGC might also be useful
for increasing the spatial resolution of land-cover classifications. For example, the 25-m
resolution EOSD might be used to label 10-m data.'

This thesis tests TGC by applying this approach to remnant tree classification of the

Vermilion River watershed, Alberta, Canada.

1.4 Remnant Trees in the Vermilion River Watershed: A Case Study for Land-cover

Classification

Remnant vegetation is native vegetation that remains after a region has been predominantly
cleared (Millsom and Earl, 2001). Remnant trees, an important subcategory of remnant
vegetation, are found with varying degrees of fragmentations, from small, scattered patches
surrounded by agriculture (Figure 1.4) to large, undisturbed forests (e.g., in national parks
or in other protected areas) (Gibbons and Boak, 2002; Mclntyre and Hobbs, 1999). In
particular, small (less than 1 ha), scattered remnant tree patches are exceptionally important

for the environment.

1.4.1 The Importance of Small Remnant Tree Patches

Scattered tree patches are “keystone structures” (Manning et al., 2006); their ecological
contributions are disproportionate to their small area (Fischer et al., 2010a). Within the
relative homogeneity of agricultural landscapes, remnants function as islands of biodiver-
sity, providing food, increased connectivity, and shelter for wildlife (Harvey and Haber,
1998). Remnant trees also influence the abiotic environment by producing cooler microcli-

mates (Vetaas, 1992), increasing infiltration (Eldridge and Freudenberger, 2005), reducing

Note that labels of the high-resolution ground-reference data in Figure 1.3 are clearly indicated by the
lower resolution EOSD data.



Figure 1.4: Examples of small remnant tree patches within the Vermilion River watershed
in central Alberta. These scattered patches are disproportionally valuable to the ecology of
the agricultural landscape.

flood risk (Carroll et al., 2004), stabilizing soil, and reducing wind speeds (Millsom and
Earl, 2001). Economically, they are sources of timber, native seed, tourism and recreation
opportunities (Driver and Higgins, 2001). Small patches of remnant trees are especially
valuable because they are anomalous; they provide additional functions to the surrounding

ecosystem because they are different from the dominant land cover (Manning et al., 2006).

1.4.2 Remnant Tree Vulnerability

There is an urgency to the study of scattered remnant trees, because they are vulnerable
and are (in many cases) no longer self-sustaining. Numerous studies describe the chronic
decline and dieback of scattered trees at sites on every continent (Fischer et al., 2009;
Gibbons et al., 2008; Maron and Fitzsimons, 2007; Manning et al., 2006; de Barros Ferraz
et al., 2005; Jurskis, 2005; Ozolins et al., 2001). In many agricultural settings, remnant
trees are growing old and dying without replacement. The rate of regeneration is low to
non-existent, because of damage to seedlings from grazing (Fischer, et al., 2009), changes
to soil (Granger et al., 1994), and increased competition from other plants which are more
suited to the agricultural regime (Close et al., 2008). The model proposed by Landsberg

and Wylie (1988) describes pathways of tree death and stress in rural Australia, which are
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Figure 1.5: A model of rural dieback of remnant trees in Australia (Landsberg and Wylie,
1988). Pathways represented by black lines are supported by research results; grey lines

are more speculative. Dashed lines indicate feedback pathways.

at least partially applicable to agricultural landscapes worldwide (Figure 1.5). Gibbons

et al. (2008) predicted that without changes in agricultural management practices, mature

trees will be lost from case study sites in Spain, United States, Costa Rica and Australia in

90-180 years. In Australia, the problem is so severe that two-thirds of trees on an average

farm will be gone by 2100 (Fischer et al., 2010b). This will result in a regime shift, wherein

the absence of trees causes cascading changes to the ecosystem so that it functions using

very different processes and feedbacks (Fischer et al., 2010a).



1.4.3 Monitoring Remnant Trees in Alberta

Despite the importance and vulnerability of remnant trees, there is no comprehensive sys-
tem for monitoring the extent and distribution of remnant trees in Alberta. The lack of
monitoring prevents the decline of remnant trees from being quantified. There needs to be
an accurate and cost-effective monitoring system to provide a foundation for policy deci-

sions to protect remnant trees.

1.5 Objective

The objective of this research is to develop and evaluate an automatic land-cover classifier
that extracts class information from existing large-area land-cover maps. To evaluate the
classifier, remnant tree/non-remnant tree classifications were produced for the Vermilion
River watershed in Alberta, Canada. The main criterion for evaluation is the operational

utility of the classifier. In this context, the following questions were asked:

Was the classifier accurate?

Did it save labour?

What were the problems?

How can they be overcome?

1.6 Thesis Organization

This thesis is divided into seven chapters. Chapter 2 is a literature review of different
classification strategies, with particular attention to stratification, automation, map reuse,
and iterative partitioning algorithms. Chapter 3 introduces TGC, the algorithm developed
by this research that automatically classifies remnant trees using existing land-cover maps.

Chapter 4 presents the study area, data, and experiments used to evaluate TGC. Chapter 5



presents the experimental results, while Chapter 6 evaluates the operational utility of TGC
by answering the four research questions. Chapter 7 presents conclusions and describes

future work.

10



Chapter 2

Background

2.1 Large-area Land-cover Maps

Large-area land-cover maps are very interesting examples of the trade off between accuracy
and automation. With large-area land-cover classification, there is a very strong financial
incentive to minimize human intervention despite the need for locally adapted class defini-
tions to handle high feature variability.! This tension of antagonistic goals has resulted in
an interesting variety of classification systems (Table 2.1).

From the perspective of reuse, the main benefit of large-area maps is that they are a
source of free, spatially extensive land-cover information. The main problem is that large-
area maps are relatively inaccurate, because they trade accuracy for low cost per unit area.
The intensive human oversight required for higher accuracies is too expensive.

The overall accuracies reported in Table 2.1 are all greater than 50 %. However, these
numbers should be viewed with caution because accuracy assessment is so expensive that
incorrect or vague assessments are common (Foody, 2002). Accuracies are sometimes
estimated by inadequate samples or by comparison to other maps that also have errors
(e.g., Olthof et al. (2009)), because it is too expensive to collect representative validation
data.

Accuracies vary spatially according to the type and heterogeneity of land cover (Herold
et al., 2008; Smith et al., 2002). Consequently, regional accuracies can be very differ-
ent from reported values. For example, large, homogeneous areas of snow cover (e.g.,

Greenland) and desert regions (e.g., North Africa) are likely to have higher classification

I'The high variability of large areas is a consequence of the first law of geography: "Everything is related
to everything else, but near things are more related than distant things" (Tobler, 1970). For example, the
entire globe has more species of trees and more variability than a single hectare of the northern boreal forest.

11



accuracies than the Vermilion River watershed, which is in a transition zone between the
boreal forest and grasslands. As summarized by Gong et al. (2013), overall accuracies of
global land-cover maps (as calculated by third-parties) ranged from 11 % to 50 %. Homer
et al. (2007) specifically warned against using the National Land Cover Database (NLCD)
2001 for local applications (e.g., county level use) due to the variability of accuracies on

smaller scales.
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2.1.1 Stratification

Stratification is one of the primary techniques for handling the variability of large ar-
eas (Hansen and Loveland, 2012). It breaks a large problem with highly variable features
into several smaller problems with less variability. Its goal is to separate pixels that would
otherwise be confused with each other into separate classification problems. For exam-
ple, Olthof et al. (2009) used bioclimatic subzones, soil type, elevation data, and treeline
data to divide Northern Canada into eight strata with similar land-cover types. Water and
topographic shadows were found to have similar spectral features. Class confusion was
reduced by labelling ambiguous features as water in a stratum of elevations below 300 m,
and as topographic shadow for features above 300-m (because water is not usually found in
mountains). Stratification can be thought of as adding a dimension to each object’s feature
vector to help distinguish between different land-cover types.

Instead of stratifying by elevation, Wulder et al. (2008) manually selected values of the
Normalized Difference Vegetation Index (NDVI; Rouse et al., 1974) corresponding to wa-
ter, non-vegetated, low-reflectance vegetation, and high-reflectance vegetation. By break-
ing images into strata with similar NDVI, the discrimination between land-cover classes
was improved (Wulder et al., 2008). Stratifying by ecozones within images reduced class
confusion between Douglas-fir (Pseudotsuga menziesii), Jeffrey pine (Pinus jeffreyi), and
Ponderosa pine (Pinus ponderosa) (Jiang et al., 2004).

All large-area classification systems stratify implicitly or explicitly. Many systems clas-
sify each image independently, although this practice may decrease in the future with the
increasing availability of standardized atmospherically corrected images, such as those
available through the Web-Enabled Landsat Dataset (WELD) for the continental United
States (Hansen et al., 2014). Other systems stratify by larger areas such as ecozones, which
may reduce the problems of seam-line and model inconsistencies between strata (Hansen

and Loveland, 2012). When classifying multi-image strata, it is important to atmospheri-
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cally correct images and reduce differences in class signatures between images as much as
possible. These image adjustments are problematic when differences are unpredictable (Land-
grebe, 2002).

Stratification does not always improve classification accuracy. For example, suppose a
set of observations is stratified by random assignment to different strata. Each stratum is
then essentially the same classification problem as the original — there is no advantage to
the stratification. The key to stratification is finding a feature that reduces the amount of
overlap between difficult land-cover types.

Sometimes stratification causes error because there are exceptions to rules imposed
by stratification. For example, Olthof et al. (2009) recognized that hard boundaries of
bioclimatic strata are problematic because bioclimate is a continuum. Therefore, for objects

near boundaries, strata were ignored (Olthof et al., 2009).

2.1.2 Cluster and Label

One of the early techniques for creating large-area land-cover maps was to cluster data
from satellite images and to label the clusters by visually interpreting the images. The
NLCD 1992, GLC 2000, EOSD 2000, LCC 2000,? and many other large-area maps were
produced using this ‘cluster and label’ approach (Table 2.1).

Clustering is a process that partitions a set of objects into clusters (subsets of objects
with similar features). Cluster and label’s basic premise is that pixels in a cluster rep-
resent the same land cover and that effort is saved by manually labelling a few hundred
clusters instead of labelling millions of pixels. Clustering itself requires no manual effort,
because it can be automated by hard-coding suitable parameters. For example, the EOSD
clustering workflow specified automated application of the k-means algorithm (MacQueen,

1967) with 241 output clusters, 12 iterations and a 1-% movement threshold for each stra-

2NLCD = National Land Cover Database, GLC = Global Land Cover, EOSD = Earth Observation for the
Sustainable Development of Forests, LCC 2000 = Land Cover Circa 2000.
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tum (Wulder et al., 2008).

From the perspective of land-cover classification, the goal of clustering is to partition
different land-cover classes into separate clusters (Lark, 1995). Unfortunately, after clus-
tering, clusters frequently contain objects from different land-cover classes (Lark, 1995).
These mixed clusters greatly reduce clustering’s usefulness for land-cover classification,
because mixed clusters cannot be labelled without error. For example, a cluster that is
50 % forest pixels and 50 % non-forest pixels can only be labelled with 50 % accuracy. To
improve cluster purities for the NLCD 1992, analysts manually inspected mixed clusters
and developed local threshold-based rules that split mixed clusters in a process that was
described by Vogelmann et al. (2001) as “time consuming” and “difficult.”?

Cihlar (2000) reported that the mismatch between spectral and thematic classes can be
reduced by hyperclustering, a process that creates many spectral clusters for each thematic
class. The idea that smaller clusters are purer clusters is demonstrated by the large-area
maps in Table 2.1, where the number of clusters per stratum range from 100 (NLCD 1992)
to 241 (EOSD 2000). Kelly and White (1993) clustered Landsat TM data with up to 4096
clusters and found that as the number of clusters increased, the differences between pixel
values and their cluster means decreased. This suggests that as the number of clusters
increases, the percentage of pixels in mixed clusters will decrease, if it is assumed that
classes do not have identical features. At its theoretical limit, hyperclustering can produce
a cluster for each unique feature vector. Although this extreme hyperclustering would
produce the highest possible cluster purities, manual labelling of such large numbers of

clusters is not practical.

3Cluster purity is the percentage of pixels within a cluster that belong to the dominant land-cover class.
Cluster purity is also called “Separability Index” (Lark, 1995).
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2.1.3 Decision Tree Classification

Decision trees are an automated way to stratify data. The automation is guided by training
data, which provide representative examples of the various classes. The key operation is
the use of training data to estimate node purity, where a node is a subspace of feature space
(akin to a stratum or cluster) and purity is a measure of the label homogeneity of training
data within a node.* For example, a node that contains 100 forest pixels and 100 non-forest
pixels would be assigned a lower purity score than a node with 199 forest pixels and one
non-forest pixel.

The basic idea of decision tree classification is to repeatedly split mixed nodes into
smaller child nodes until they are pure. To split a node, all possible partitions of the training
data for each feature dimension are examined and their purity values quantified. The best
partition is chosen (where the best partition has the purest nodes) to split the node into
child nodes. This process continues recursively for each node until the purity gained from
splitting is outweighed by the estimated loss of generality. The final result is a set of
smaller, purer nodes (called leaves) that are a partition of the original root node.

Because decision trees evaluate splits by purity, they are able to select the “best” data
by selecting the purest split. Theoretically, a decision tree can be supplied with various
data of unknown quality and it will select the best data for each split. However, in practice,
decision trees should not be given poor quality data, because random variation sometimes
produces purer clusters than truly informative data (Witten and Frank, 2011).

Decision trees are an enormous improvement over ‘cluster and label” techniques. Homer
et al. (2004) estimated that the decision tree technique used for the NLCD 2001 required
about 50 % of the labour of the ‘cluster and label’ technique used for the NLCD 1992.

Consequently, many of the most recent large-area land-cover maps are based on decision

“Node purity is essentially the same idea as cluster purity. It is a measure of how mixed the classes
are within a node. It can be measured in many ways (e.g., Gini impurity (Breiman et al., 1984), informa-
tion (Quinlan, 1986)).
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trees (e.g., MLCT, NLCD 2001, NLCD 2006, NLCD 2011, GFC, LTCCF).>

Decision trees have several properties that are very attractive for large-area land-cover
classification (Homer et al., 2004). They are non-parametric classifiers; they do not require
a specific data distribution (Hansen et al., 1996). This is very useful, because class features
over large areas tend to have multi-modal distributions (Mclver and Friedl, 2002). They
are also generally insensitive to noise, which is a useful property for handling the vari-
ety of data qualities found in large-areas (Friedl and Brodley, 1997). Their speed makes
them useful for processing large quantities of data (Homer et al., 2004; Friedl and Brodley,
1997) and permits advanced iterative and ensemble classification techniques, such as ran-
dom forest, boosting, and bagging (Witten and Frank, 2011). In addition, many types of
ancillary data can be integrated into decision trees, because they can handle both categor-
ical and ratio data (Friedl and Brodley, 1997). Decision trees also provide insight into the
classification problem because each criterion that partitions feature space is often simple
and easily understood (Friedl and Brodley, 1997).

One of the main challenges of using decision trees is the collection of representative
training samples (Friedl et al., 2010; Homer et al., 2004). When decision trees are used
over large areas, it is a challenge to obtain adequate, well-balanced training data (Homer
et al., 2004). For example, Friedl et al. (2010) collected 40,131 training samples from
1,860 sites for the 500-m MLCT but concluded that it was unrealistic to expect that these
points captured all the variability of global features. Besides describing feature variability,
training data samples should have class proportions that mirror those of the target data.
Mclver and Friedl (2002) showed how over-representation of a class in a decision tree’s
training data causes over-representation of the class in the output classification, a result

confirmed by Song (2010).

SMLCT = MODIS Land Cover Type, NLCD = National Land Cover Database, GFC = Global Forest
Cover, LTCCF = Landsat Tree Cover Continuous Fields.
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2.1.4 Support Vector Machines

The Support Vector Machine (SVM) algorithm is a classification algorithm that uses train-
ing data to calculate hyperplane class boundaries while maximizing the margins between
different classes (Cortes and Vapnik, 1995), and which minimize the distances from the
boundaries of misclassified training data. It has several advantages for large-area clas-
sification. Like the decision tree, the SVM is non-parametric so it can be used on the
multi-modal distributions found over large areas. The SVM is also robust to training data
errors (Bruzzone and Persello, 2009; Song, 2010) and is frequently more accurate than
other classifiers in remote sensing applications (Mountrakis et al., 2011). For example, the
Finer Resolution and Monitoring of Global Land Cover (FROM-GLC) project produced
the first global land-cover map with 30-m spatial resolution (Gong et al., 2013). It com-
pared the results of maximum likelihood, decision tree, random forest and SVM classifiers
and found that the SVM’s overall classification accuracy was the highest (64.9 %).°

Kernels are frequently used to allow non-linear decision boundaries (Mountrakis et al.,
2011). The SVM has a variety of parameters that can be difficult to optimize (Mountrakis
et al., 2011). However, Gong et al. (2013) simply used the same parameters for each
classification world-wide’ so that adaptation to local conditions was governed solely by
local training data.

Townshend et al. (2012) also compared classification algorithms and chose the SVM
to produce a global map of forest cover change. Although the authors had previously used
decision trees to produce global maps, they chose the SVM because of its demonstrated
value in other studies and because of its resistance to training data error (Townshend et al.,

2012; Song, 2010). Remarkably, Townshend et al. (2012) planned to train the SVM by

60ther overall accuracies: random forest (59.8 %), decision tree (57.9 %) and maximum likelihood
(53.9 %).
7Radial basis function (RBF) kernel, cost of 100, and gamma of 0.1.
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automatically selecting training samples (Huang et al., 2008).3

Selection of training data is the most costly aspect of SVM land-cover classification (Gong
et al., 2013). The FROM-GLC project manually collected 91,433 training samples and
38,664 test samples using 27 image interpreters (Gong et al., 2013). This astounding num-
ber of samples was still considered to be less than ideal.

When compared to other classification algorithms, the SVM is more accurate in cases
where there are relatively low number of training data. Song (2010) found that the SVM
did not lose much accuracy when the training-data-to-test-data ratio was less than ﬁ. Al-
though the SVM ignores training data that are not near the decision boundary (i.e., data that
are not support vectors) and which are not misclassified, over-representation in training data
causes over-representation in the classification output (Song, 2010). Consequently, training
data must be carefully selected to obtain adequate quality, distribution and number (Gong

et al., 2013; Song, 2010).

2.1.5 Multi-temporal Data

Most of the maps in Table 2.1 used multi-temporal data to improve classification results.
One of the most simple examples is the NLCD 1992, where analysts chose either leaf-on
(summer) or leaf-off (spring) imagery for classification (Vogelmann et al., 2001).

One of the increasingly important uses of multi-temporal data is for production of multi-
temporal composite images (Hansen and Loveland, 2012). A composite image consists of
the best (i.e, least noisy) pixels acquired within a specific time period (e.g., 7-day, 10-day,
16-day, month, season). For example, the MODerate-resolution Imaging Spectroradiome-
ter (MODIS) MOD13A1 product (Huete et al., 1999) contains an NDVI layer where each

pixel is the highest quality pixel (at its location) of all images acquired in a sixteen-day pe-

8Forest pixels were automatically identified by the characteristic “forest peak” in histograms of local win-
dows within Landsat red-band images. Forests are typically darker than surrounding land cover and when
there are sufficient forest pixels (and no water), they form a characteristic peak in the ‘dark’ region of the
histogram (Huang et al., 2008).
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riod (as determined by a model using maximum NDVI, cloud masking, and sensor angle).

The goal of multi-temporal image compositing is high-quality, cloud-free, standard-
ized data. However, to maintain consistency between pixels acquired at different times
and conditions, each image requires atmospheric correction. Despite theoretical models
for atmospheric scattering and absorption, correcting atmospheric effects is difficult, be-
cause the state of the atmosphere is rarely known with high accuracy. The best operational
atmospheric correction techniques have 2 to 5 % error that may be unsuitable for some clas-
sification applications (Landgrebe, 1999) and result in serious classification errors (Schott,
2007, p. 405).

Although composite image pixels are selected to be less noisy than the pixels of indi-
vidual images, they still depend on complicated interactions of factors that are difficult to
quantify. Instead of having a single, easily-identified spectral signature, classes contain a
range of feature vectors that are distributed within a region of feature space (Price, 1994;
Cochrane, 2000). For example, Figure 2.1 demonstrates how the red reflectance of two
500-m forest pixels (located within 2.5 km of each other in the Vermilion River water-
shed) varies between seasons (snow has higher reflectance than green vegetation), varies
within seasons (varying amounts of snow and green vegetation), and has frequent spikes
(clouds). The difference in reflectance between the two pixels also varies (bottom of Fig-
ure 2.1), demonstrating that the factors affecting reflectance vary spatially within the 2.5
km separating the pixels. Differences in snow, cloud, water vapour, and vegetation are
some possible factors that vary on this scale. This example demonstrates the difficulty in
defining a spectral signature for a class. Another important source of spectral variability is
georegistration error. Unsystematic changes in imaging geometry may cause spatial errors
in image pixels, resulting in nonplanimetric images (Jensen, 1996, p. 124).

Some recent large-area classification systems derive additional metrics from composite

products (e.g., GFC, MLCT). For example, the MLCT is a global land-cover map that is
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Figure 2.1: Time sequences of 16-day composite red reflectance for two forest pixels

within the Vermilion River watershed; (top) snow causes high reflectance in the winter,
green vegetation causes low reflectance in the summer, (bottom) the difference in re-

flectance between the two pixels is variable and sometimes large.
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produced annually from MODIS data. It calculates the 32-day means (for twelve 32-day

periods), the 365-day mean, the 365-day minimum, and the 365-day maximum for:

1. 16-day composites of MODIS bands 1-7 (the ‘best’ data for each pixel in a 16-day

interval),

2. Enhanced Vegetation Index (EVI; Huete et al., 2002), and

3. MODIS Land Surface Temperature (LST; Wan et al., 2002)

for a total of 135 different features (Friedl et al., 2010).

Multi-temporal metrics improve classification accuracies by distinguishing land cover
by its phenology and temporal variability (Friedl et al., 2010). For example, the original
overall accuracy of the FROM-GLC was 64.9 %, but this was improved to 67.1 % using
multi-temporal and ancillary data (Yu et al., 2013).

Simple phenological metrics can be very good for distinguishing between land-cover
classes. For example, De Fries et al. (1998) suggested that maximum annual NDVI and
mean annual NDVI were sufficient for classifying almost the entire globe into a scheme of
13 land-cover classes.

One of the primary difficulties with using multi-temporal imagery has been the cost
of data. However, Hansen and Loveland (2012) predicted that automated pre-processing
and open data policies will increase the use of large volumes of data. Currently, low res-
olution products from the MODIS Terra and Aqua instruments are the dominant data for
multi-temporal analysis, because of their standardized products and daily revisit times. Al-
though medium resolution instruments (e.g., 30-m Landsat OLI) are more limited by their
revisit times, new land-cover characterization techniques that use all available datasets
to reduce noise (Zhu et al., 2012) and the increasingly available cloud-free reflectance
composites (Hansen et al., 2014) are very promising directions of research for improv-

ing classification accuracies and automation. New satellites are being launched, such as
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the SENTINEL-2 constellation®, that will provide opportunities for using denser time se-
ries at medium spatial resolution. Unfortunately, Very High Resolution (VHR) products

(e.g., 1-m spatial resolution) are still very costly and VHR time series analysis is rare.

2.2 Reusing Existing Land-cover Maps for Classification

When a land-cover map is reused, the output land-cover map should be an improvement
over the existing one. Land-cover map reuse has resulted in classifications with improved
area coverage (Knorn et al., 2009; Olthof et al., 2009; Lang et al., 2008), thematic consis-
tency (Olthof et al., 2009), ground sample distance (Sexton et al., 2013), and classification
accuracy (Jin et al., 2013; Demir et al., 2013; Friedl et al., 2010; Xian et al., 2009). Ta-

ble 2.2 is a summary of projects that have reused land-cover maps.

Free access to Copernicus Sentinel Data.  Accessed: 2014-03-19.  http://www.esa.int/
Our_Activities/Observing_the_Earth/Copernicus/Free_access_to_Copernicus_Sentinel
_satellite_data
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One of the main problems with reusing land-cover maps is low label accuracy. Large-
area maps in particular tend to have lower accuracies than smaller maps (Section 2.1).
Consequently, one of the most important preconditions for map reuse is the ability to handle

label errors.

2.2.1 Data-Assisted Labeling Approach

Data-assisted Labeling Approach (DALA) is a technique that reuses land-cover maps and
has excellent potential for error correction (Lang et al., 2008). The DALA algorithm is
essentially hyperclustering with automated labelling using a majority rule. DALA auto-
matically partitions a Landsat scene into clusters of similar pixels. Labels sampled from a
coincident land-cover map are then used to automatically label each cluster. Each cluster is
assigned the class from the map that dominates the cluster (i.e., the class whose intersection
with the cluster has the greatest area).

The type of clustering applied to the target data strongly affects DALA’s classification
accuracy (Lang et al., 2008). Depending on the number of clusters and convergence thresh-
old parameters used to cluster, overall accuracies for DALA ranged from 67 % to 86 %.'°
Accuracies increased as the number of clusters increased (presumably the effects of mixed
clusters decreased).

In theory, DALA has great potential for error correction. For a cluster to be labelled
correctly, the number of correct land-cover class labels within the cluster must be greater
than for any other class. This requirement can correct very high percentages of label error.
For example, class labels from the existing map that overlie a pure cluster only need to be
>50 % accurate for the cluster to be labelled properly. For three classes, label accuracies
can be as low as 33 %; for four classes, 25 %. These accuracies are achievable by large-area

maps (Table 2.1).

1086 % was achieved with ISODATA configured to produce 512 clusters using a 99-% convergence thresh-
old.
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DALA has some interesting algorithmic properties, because it does not use training
data in the typical way. It uses labels (and their locations) to label structures within target
data. As long as sufficient structural information about class boundaries can be extracted
from the target data, any type of target data (e.g., from radar, LiDAR, or optical sensors)
can be classified. Consequently, DALA does not require target data to be atmospherically
corrected or calibrated in any way. This could be useful for automation.

The DALA algorithm is an example of semi-supervised classification, because it uses
both labelled and unlabelled data (Zhu, 2008). Unlike supervised classifiers (which only
use training data) or unsupervised classifiers (which only use target data), DALA extracts

information from both training labels and target images.

2.2.2 Map Reuse using Cluster and Label

Olthof et al. (2009) produced a large-area map of Canada’s north using a cluster and label
technique in which existing land-cover products were used to both stratify and label clus-
ters. Multiple Landsat images were radiometrically normalized and mosaicked together.
The mosaics were clustered and labelled using existing small-area land-cover maps. Al-
though, in principle, the map could have been generated automatically using a technique
similar to DALA, Olthof et al. (2009) used image interpreters to split mixed clusters and to

label clusters.

2.2.3 Chain Classification

Labels from an existing map were paired with coinciding data of an overlapping target im-
age and used to train an SVM that classified the target image (Knorn et al., 2009). This
process was repeated in chain-fashion so that eight overlapping Landsat scenes were clas-
sified into forest/non-forest with 96 % overall accuracy. Georeferencing errors between the

source labels and target images were reduced by using only the interiors of label patches as
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training data.

Chain classification is conceptually similar to DALA, because it transfers labels be-
tween images (without transferring features) and partitions the feature space using target
features. Consequently, target images do not have to be calibrated and do not have to be
from the same imaging modality. For example, labels from a radar image could be used to

classify a Landsat image.

2.2.4 MODIS Land Cover Types

The MODIS Collection 5 MLCT is a global 500-m land-cover map that reuses class labels
from the MODIS Collection 4 MLCT (Friedl et al., 2010). It is produced by the following

algorithm:

e calculate class-conditional probabilities using a boosted ensemble decision tree with

40,131 training samples,

e adjust class-conditional probabilities using prior probabilities estimated from the

MODIS Collection 4 land-cover map (and other data), and

e label each pixel with the most likely class.

Each pixel’s prior probability for each class is estimated from the MODIS Collection 4
land cover by calculating the percentage of the class label within a 151-pixel x 151-pixel
window. The large window (151 km x 151 km) means that the prior probabilities of each
pixel are affected by regional land cover.

Each prior probability is weighted by a confidence parameter that determines the influ-
ence of the prior probabilities relative to the class-conditional probabilities. This parameter
was optimized through trial and error to weight class-conditional probabilities to have four
times the effect of prior probabilities. Class-conditional probabilities are calculated for

each class and pixel by a boosted ensemble decision tree (Mclver and Friedl, 2002). They
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are combined with the previously calculated prior probabilities using Bayes’ rule (Gelman
et al., 2013). Finally, each pixel is labelled with the most likely class.

Within the MLCT classifier, the influence of prior probabilities is relatively weak so
that map labels are mostly determined by decision tree results. The probabilities derived
from reused MODIS Collection 4 MLCT labels are less accurate than the probabilities
determined by the decision tree.

The MLCT is very interesting, because it explicitly weights the influence of spectral
data features relative to land-cover map labels. Confidence for the output land-cover label
at each pixel is also reported, which could be very useful for other products that might reuse

the MLCT.

2.2.5 National Land Cover Databases

The NLCD 2006 used the NLCD 2001 as a base map (Fry et al., 2011). In essence, the
NLCD 2006 was developed by reclassifying areas that had changed since 2001. Areas
of change were identified by comparing co-registered, radiometrically-normalized Landsat
images from 2001 and 2006 (Jin et al., 2013; Xian et al., 2009). Change vectors between
the images and other derived metrics (such as NDVI) were calculated for each pixel and
combined using a series of complex rules to produce a measure of how much the spec-
tra of each pixel had changed. Changed areas were classified using a decision tree with
training data supplied by a sample of unchanged labels from the NLCD 2001 and their
corresponding spectra from the 2006 image (Xian et al., 2009; Fry et al., 2011).
Development of the NLCD 2011 was conceptually similar, but used two pairs of Land-
sat images and a specialized method for calculating changes in forests (Jin et al., 2013). In
addition, untrustworthy labels in the NLCD 2006 were identified by calculating the Nor-

malized Spectral Distance (NSD), which determines whether a pixel is a spectral outlier
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compared to the mean of its class. The NSD of a pixel is:

. 2
NSD=Y {x’ “’C} : @.1)

- O;
xi€X i

where i is the Landsat band number, ¢ is the land-cover class of the pixel, X = {x1,x2,...,X}
is the feature vector of the pixel, x; is the pixel value for band i, y;. is the mean of band i
for class ¢, and o, is the standard deviation for band i and class ¢ (Jin et al., 2013). The
Integrated Forest Index (IFI; Huang et al., 2008) and Z-Score Distance (ZSD; Parshakov
et al., 2014) are similar metrics.

In essence, the NLCD 2011 calculated a confidence value for each label of the NLCD
2006 using a statistical metric derived from the NLCD 2006 labels and two Landsat images
from 2006. The NLCD 2011 also used each pixel’s label from the NLCD 2006 to predict
whether the pixel was “dynamic” (likely to change land cover) or “stable” (less likely to
change) and adjusted the sensitivity of the change detection algorithm accordingly (Jin
et al., 2013). All of this information was combined to produce a map of the potential for
spectral change.

The NLCD 2011 reused the NLCD 2006 in a very clever and appealing way. Presum-
ably, the influence of the spectral data relative to that of the NLCD 2006 labels has been
optimized by factors similar to the confidence parameter of the MLCT. However, at its
foundation, the NLCD relies on comparison of spectral features that vary from one date to

another in ways that may be unpredictable and difficult to correct.

2.2.6 Regression with an Existing Product

Sexton et al. (2013) used a regression tree to produce a global 30-m map of percent-tree
cover using the 250-m MODIS VCEF tree-cover layer (DiMiceli et al., 2011). The median of
the MODIS VCEF tree-cover from 2000 to 2005 was calculated for each pixel and regressed

to Landsat-derived surface reflectance and temperature data. Data from the MODIS Crop-
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land Probability Layer (Pittman et al., 2010) and Training-Data Automation and Support
Vector Machines (TDA-SVM) algorithm (Huang et al., 2008) were used to improve ac-
curacy in areas of low tree cover. The new 30-m product showed good agreement with
high-accuracy LiDAR-derived tree-cover data (Coefficient of determination (R?) = 0.81,

Root Mean Square Error (RMSE) = 17 %).

2.3 Cluster Busting

Cluster busting is an iterative technique for purifying clusters. Like the decision tree algo-
rithm, cluster busting evaluates the purity of each cluster and iteratively partitions clusters

that are not sufficiently pure. The main differences are as follows:

e Cluster busting applies multi-variate clustering to the target image; the standard de-
cision tree algorithms partition training data band by band (to produce a model that

is used to partition the target image), and
o Cluster busting merges all mixed clusters into a single cluster before splitting.

A selection of cluster busting projects are summarized in Table 2.3.

Cluster busting has been performed manually (Jiang et al., 2004; Jensen et al., 1987),
semi-automatically (Wayman et al., 2001), and automatically (Phillips et al., 2012; Musy
et al., 2006; Song et al., 2005; Scrivani et al., 2001). Manual cluster busting is essentially
a cluster and label technique with advanced clustering to produce pure clusters. The semi-
automatic and automatic cluster busting techniques require training data (and therefore
human oversight) to guide classification.

Cluster busting has produced excellent results. Jiang et al. (2004) performed manual
cluster busting over the entire Pacific Northwest of the United States and obtained 91%

overall accuracy when classifying mature and old conifer forest.
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Table 2.3:

Cluster busting projects.

Region Area Data Source  Reference Classes Overall Initial
(km?) Accuracy  Clusters
(%)
South 0.34 5.6-m aircraft  Jensen et al. Water, forests, Unknown 50
Carolina MSS (1987) and swamps
Virginia 18,888 30-m TM Wayman Forest, 80-89 500
et al. (2001) Non-forest
Virginia 23,000 30-m ETM+ Scrivani et al.  Forest, 89 500
(2001) Non-forest
Pacific 253,666 30-m ETM+ Jiang et al. Mature conifer, 91 60-80
northwest (2004) OId conifer,
Other
Paraguay =~ Unknown  30-m ETM+ Song et al. Forest transition 60 256
(2005) classes
Minnesota, 124,987 30-m ETM+ Musy et al. Forest, 82-95 100
Virginia (2006) Non-forest
Virginia 3 image 30-m ETM+ Phillips et al.  Forest, 90 70
mosaic (2007) Non-forest
Virginia Partial 30-m ETM+ Phillips et al.  Forest, 80-89 10-25
image (2012) Non-forest

Wayman et al. (2001) developed a semi-automated cluster busting technique named
Iterative Guided Spectral Class Rejection (IGSCR) that was later automated (Musy et al.,
2006) and implemented in parallel using 64 processors to improve execution times (Phillips
et al., 2007). Wayman et al. (2001) initially hyperclustered a Landsat TM image into 500
clusters using ISODATA (Ball and Hall, 1965). Cluster purity was evaluated using training
data (like with decision trees). Mixed clusters were then merged and reclustered until they
were sufficiently pure or contained less than 10 training samples.

Wayman et al. (2001) reported that after cluster busting, some clusters were still impure
(and could not be labelled accurately). Accordingly, the entire scene was reclassified using
a maximum likelihood classifier that was trained with the labels and mean features of pure
clusters. Presumably, by using a hybrid technique in which only pure clusters were used to

train a supervised classifier, the pixels in the mixed clusters were classified more accurately
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than they would have been by their dominant class labels.!!

Song et al. (2005) automated cluster busting and labelling, but only achieved an overall
accuracy of approximately 60 % when classifying forest changes. They speculated that
more training data were needed to achieve higher accuracy. In contrast, the SVM approach
achieved a much higher overall accuracy of 92 %.

Cluster busting classification accuracies are sensitive to a variety of factors. Wayman
et al. (2001) stressed the importance of cloud-free scenes and high quality training data.
Musy et al. (2006) found that IGSCR’s overall classification accuracy decreased linearly
with the amount of fragmentation in an image. Automated cluster busting requires suffi-
cient training data. Phillips et al. (2012) used 29,000 training data points to classify a single
Landsat scene.

Not surprisingly, IGSCR’s clustering parameters also affected classification accuracy.
In a grid search, Phillips et al. (2007) varied parameters for the homogeneity (i.e., clus-
ter purity) threshold and the initial number of clusters. Overall classification accuracies
ranged from 84.4 % (60 clusters, 90 % homogeneity) to 88.9 % (70 clusters, 70 % ho-
mogeneity). They concluded IGSCR parameters should be adjusted when training data or
images change.

The IGSCR classifier and its variants have been applied over large areas with overall
accuracies that ranged from 80 to 95 %. Although IGSCR is an automated form of clus-
ter busting, it still has a high labour cost, because of the need for extensive, high-quality
training data. Presumably, IGSCR has never been applied to data having spatial resolutions

higher than 30 m.

I1See Phillips et al. (2012) for more IGSCR labelling techniques.
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2.4 Clustering and Mixed Clusters

Cluster purity is very important, because it determines the maximum accuracy with which
a cluster can be labelled. In practice, mixed clusters are the primary source of error in
unsupervised classification. However, the problem of maximizing cluster purity is difficult,
because clusters and land-cover are defined in different domains. For example, the k-means
algorithm produces clusters that minimize within-cluster variance (MacQueen, 1967).12

That is, for a set of feature vectors X = {x,x2,...,x,}, k-means produces a partition X =

{K1,K>,...,Ky}, where the mean of K; is fi;, such that:

X = argmin Z Z 1% — ]| (2.2)
X KeX XeK;

Suppose a forest is defined as an area containing woody vegetation that is at least 3-m high
and that an image was partitioned into 100 % pure forest clusters and 100 % pure non-forest
using Equation 2.2. The same clustering can be considered impure simply by changing the
conceptual definition of forest to exclude what were previously defined as forest pixels.
For example, using the same clustering, some forest clusters would be impure if the forest
height requirement was changed from 3-m to 5-m, assuming there are instances of 3-m
woody vegetation in the image.

When land-cover classes occupy distinct, widely-separated regions of feature space,
cluster purity can be high. For example, Li et al. (2014) tested 15 different classification
algorithms and found that Iterative Self-Organizing Data Analysis Technique (ISODATA)
clustering (Ball and Hall, 1965) was almost as accurate as the best supervised algorithm
for classifying urban land cover. However, when different land-cover classes exist as a
continuum of spectral features, the boundaries of clusters cannot be expected to accurately

delineate an arbitrary boundary between conceptual classes. In contrast, supervised clas-

12k-means is the most popular clustering algorithm in remote sensing (Tso and Mather, 2009, p. 54).
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sification has the advantage that arbitrary boundaries in feature space can be specified by
example using training data.

Cluster purity is further complicated by the variety of clustering algorithms and defi-
nitions of clusters. No single clustering algorithm is able to recognize all types of struc-
ture (Jain et al., 1999). Therefore, there is a need to experiment to determine the application-
specific accuracy and generality of clustering algorithms. Duda and Canty (2002) clustered
and manually labelled Landsat TM data with five different clustering algorithms using
farmland, forest, water and built-up classes. They found that overall classification accu-
racies ranged from 73.1 % (extended k-means) to 92.8 % (fuzzy k-means), but emphasized
that these accuracies may have been influenced by essentially subjective choices of the

number of clusters and land-cover classes.

2.5 Spatial Resolution and Mixed Pixels

The spatial resolution of a target image data can have a very strong effect on classification
accuracy. As spatial resolution increases, feature variability tends to increase (Aplin, 2006;
Townshend, 1980). For example, trees can be imaged at such high-spatial resolution that
bark, branches, and leaves can be clearly distinguished. However, trees can also be imaged
at low resolution so that they appear as featureless green blobs. Despite the additional
information, it is often more difficult to classify spatially high-resolution data because of
the high variability within classes and the resulting feature overlap (Hsieh et al., 2001;
Townshend, 1980).

However, in some cases, high-resolution data can decrease feature overlap by reducing
the area of mixed pixels (Hsieh et al., 2001). Mixed pixels are pixels that are a blending of
spectrally distinct objects. For example, a pixel that straddles the boundary between forest
and road is likely to have a feature vector that differs from both.

The effect of mixed pixels on classification accuracy is surprisingly strong. In simu-
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lations, Lechner et al. (2009) classified small, isolated patches of land cover. The patches
were classified at all possible orientations and positions with respect to the pixel grid. Us-
ing a perfect classifier (that always labelled a pixel with its dominant class), the average
classification accuracy of 3.3-pixel x 3.3-pixel patches was 75 %. This means that 25 %
of patch area was misclassified because of mixed pixels dominated by the matrix. Conse-
quently, for large numbers of tree patches of this size and shape, 75 % is the best accuracy
that can be expected! Therefore, for accurate classification, the pixel size needs to be many
times smaller than the patch size (Lechner et al., 2009).

In landscapes with many small or convoluted patches of different classes (where mixed
pixels are common), land-cover classification is especially problematic (Smith et al., 2002).
In a comparison of four global land-cover maps, Herold et al. (2008) found the most dis-
agreement in transition zones between ecosystems and attributed this to mixing of land

COVETr.

2.6 Classification Accuracy Assessment

Congalton and Green (2008, p. 70) attested that single pixel sampling units are very poor
for assessing accuracy because of registration errors, mixed pixels, and because minimum
mapping units are typically larger than a single pixel. They suggested that clusters of
pixels (e.g., a 3 x 3 pixel sampling unit) or polygons be used to minimize errors from
misregistration. In the case of the Vermilion River watershed, larger sampling units are not
suitable for resolving small remnant tree patches. Within large tree patches, a single pixel

sampling unit is just as effective as larger units.

2.7 Considerations for Template-Guided Classification

Clearly, there has been a lot of expertise invested in producing land-cover maps of the

world. Experts have spent thousands of hours interpreting images. Hundreds of thousands
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of training data points have been collected worldwide, and a wealth of operational decision
rules have been developed. Template-guided classification may provide a way to extract
this expert information.

The most serious problem with reusing existing land-cover maps seems to be the high
rates of classification error. Gong et al. (2013) summarized overall accuracies of land-
cover maps which ranged from 11 % up to 50 %. Without additional information, these
accuracies may be too low to be useful for map reuse. However, an advantage of using
large-area maps is that there is a lot of data. Random error might be greatly reduced by
averaging large numbers of samples.

The key to map reuse is the ability to correct high rates of classification errors. The
SVM has been reported as having the best land-cover classification results with high per-
centages of mislabelled training data (Song, 2010; Bruzzone and Persello, 2009). For ex-
ample, the SVM was found to classify forest change with over 90 % accuracy when there
is up to 30 % training data error (Song, 2010). Knorn et al. (2009) demonstrated that the
SVM was sufficiently robust to reuse forest maps to accurately classify new images (Knorn
et al., 2009).

However, the theoretical error correction potential of pure clusters is even more attrac-
tive (Lang et al., 2008). If a cluster is pure, classification is 100 % accurate for up to 50 %
label error. However, this accuracy depends on cluster purity that may be difficult to obtain.
Nonetheless, good classification results have been obtained with 128 clusters (Lang et al.,
2008).

Despite the good results of DALA, hyperclustering in large-area maps has been prob-
lematic because of mixed clusters (Vogelmann et al., 2001). With mixed clusters, the error
correction potential of a cluster and label algorithm cannot be realized. Either cluster bust-
ing or decision tree methods can be used to purify clusters. Although cluster busting has

been reported as being sensitive to training data quality (Wayman et al., 2001), robustness
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to training data error would seem to be its strength.

Whether cluster busting or decision trees produce purer clusters is unknown. However,
the hierarchical tree structure has been analysed extensively in the decision tree literature,
and decision trees have many established techniques for improving classification accuracy.
Therefore, it seems that producing pure clusters using a decision tree has more immediate
potential.

Wayman et al. (2001) used pure clusters as training data for a maximum likelihood
classifier, while Huang et al. (2008) used high probability forest pixels and high probabil-
ity non-forest pixels as training data for an SVM. TGC could profit from using a similar
approach to labelling impure clusters.

Land-cover classes that overlap in feature space are also a concern. If possible, over-
lapping classes should be reduced through automatic stratification with ancillary data (e.g.,
soil maps, digital elevation maps). Water masks have commonly been used to reduce con-
fusion between water and other classes. In addition, data transforms such as vegetation
indices, texture filters, and context filters may be helpful to increase separability.

Friedl et al. (2010) suggested that high-quality global land-cover classification will
never be fully automated. Landgrebe (1999) argued that fully automated classification sys-
tems are likely to be more limited, and perhaps less cost-effective than systems using the
“human assisted machine approach”. Both of these conjectures are likely true. However, it
can be argued that the proposed TGC algorithm is human assisted, because it uses human
expertise embedded in land-cover maps. Whether sufficient information can be extracted

is the subject of this thesis.
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Chapter 3

Template-guided Classification

3.1 Overview

TGC is a new algorithm that uses an existing land-cover map as a template to automatically
classify new images. It is conceptually similar to Sexton et al. (2013), because it uses an
existing land-cover product as a template to guide a decision tree, but it is also closely
related to semi-supervised ‘cluster-busting’ techniques (Wayman et al., 2001; Phillips et al.,
2012). TGC finds relationships between target image features and large numbers of labels.
The fundamental assumption is that while individual labels within a template land-cover
map are often wrong, the central tendency of labels is correct.

The beauty of TGC is in its reuse of the expertise embedded in large-area land-cover
maps. Maps like the EOSD and NLCD require expert knowledge and skill to produce.
TGC uses class labels, which have already been adapted by experts to local conditions,
to produce locally-adapted definitions for each class. Because there are many large-area
land-cover maps that are freely available, TGC could (in principle) update, downscale, and
improve the accuracy of land-cover data around the world automatically.

TGC is based on the two following observations:

1. Successful large-area maps have been made by hyperclustering images and labelling

the clusters manually (e.g., Wulder et al. (2008)); and

2. The correct class labels for high spatial resolution clusters can be identified visually

by overlaying the clusters with moderately-accurate low-resolution labels.

TGC automates classification by clustering a Region of Interest (ROI) and labelling each

cluster with the class to which it best spatially corresponds (Figure 3.1). Template map
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labels are an approximation of the true spatial distribution of class labels and are used to

infer true class boundaries and labels.

Template Target N Target
Image Image 1 Image g
v v
g Resample all images to a common grid
. g v . v
.4 Create single cluster Assign clustering method(s)
.S of ROI to each target image
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Figure 3.1: Overview of the TGC algorithm. To increase cluster purity, the ROI cluster
is repeatedly split by the best clustering produced by the cluster makers. Once the clusters
are sufficiently pure, the classified image is generated by labelling each cluster with its
best corresponding class. A cluster purity image is produced to estimate the reliability of
the TGC classification at each pixel. Correspondence images indicate the strength of the
spatial correspondence of each pixel to each class.
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3.1.1 Input

The minimum input for TGC is two overlapping images: a target image and a template
image (Table 3.1). However, in its most general application, TGC uses multiple target
images from various sensors with different resolutions. Target images are used to produce
clusters for the ROI being classified; multiple target images may result in purer clusters,
because more variety provides more features by which classes may be distinguished.

The template image is used to guide the clustering process to produce clusters that
are sufficiently pure and large. They may have lower spatial resolution than the target
images. All input images must be georeferenced (or registered to each other) so that spatial

relationships between images can be calculated.

Table 3.1: TGC input and output.

Input  Target images — One or more data images of any type or resolution
— Used to produce clusters that distinguish between classes

Template image — Covers ROI to be classified
— Possibly of lower spatial resolution than the target images
— Must be ‘moderately’ accurate

Output  Classified image  — Classified ROI using the template image’s classification scheme
— May be of higher resolution than the original template image

Spatial — Spatial correspondence of each cluster to each template class
correspondence — Discriminants for labelling

images (optional)

Cluster purity — Cluster purity of each cluster with respect to template image
image (optional) labels

— Indicates the confidence of correct labelling

3.1.2 Output

TGC outputs a classified image with the same classification scheme as the template image.
Optionally, TGC can output class correspondence images that map the spatial correspon-

dence (Section 3.2.1) of each cluster to each template class, or a cluster purity image that
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indicates the confidence for each label in the classified image. The output spatial resolu-

tions are equal to the highest resolution of the input images.

3.2 Spatial Correspondence

The foundation of the TGC algorithm is the spatial relationship between template classes
and target clusters. Spatial correspondence is the basis for selecting relevant input data,
deciding the location of decision boundaries, and labelling pixels. Spatial correspondence
is calculated between target clusters (i.e., sets of similar features) and template classes
(Figure 3.2). The spatial correspondence a;; between target cluster K; and template class
Cj is as follows:

aij:|KiﬂCj’, (3.1)

where the spatial correspondences between all m clusters in clustering X = {Kj,...,K;}
and n classes in the template image 71 = {C},...,C,} are described by the overlapping

area matrix A as follows (Baraldi et al., 2005; Beauchemin and Thomson, 1997):

alg a2 - Ain
ar dz2 -+ A4z

A= . 3.2)
Aml Am2 - Admn

3.2.1 Cluster Purity

Cluster purity is a measure of the strongest relationship of a cluster to any single class and

is equal to the percentage of the cluster that intersects its dominant class. More formally,
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Figure 3.2: Examples of spatial correspondence between a target cluster K; and a template
class Cj; (a) perfect correspondence: a;; = |K;|, (b) partial correspondence: a;; < |K;|, and
(¢) no correspondence: a;; = 0.

the purity y; of cluster K; with respect to classes Cy,...,C, is:

max dij
Jje{l,...n}
i—= —vn .-

(3.3)

n ..
j:lal]

Within TGC, cluster purity is used to measure how well a target cluster fits the template
image. The assumption is that cluster purity with respect to the template image classes is a

good approximation of cluster purity with respect to the actual ground-reference classes.

3.3 Algorithm
3.3.1 Initialisation

To make processing faster and less complicated, the template image 7/ and target images
Ii,...,1, are resampled to the spatial grid of the input image having the highest spatial
resolution. After the images have been regridded, there is no further need for projection
and registration information, because corresponding locations within images have the same
position in their respective data arrays. The intersection of all valid data defines the ROI
for classification.

Clustering algorithms and parameters are defined by initialising cluster makers. A clus-
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ter maker is a function object that inputs an ROI and outputs a clustering of the ROI. By
default, TGC is configured to create a cluster maker for each target image, which outputs
two clusters produced by the k-means algorithm with 12 iterations. However, any number
of cluster makers could be produced automatically by combining target images, predefined
clustering algorithms, and clustering parameters.

After initialisation, the ROI (defined as a single cluster K), the set of cluster mak-
ers (A ={\y,...,Ag}), and the regridded template image (T') are passed to the template-

guided clustering algorithm (Figure 3.1).

3.3.2 Template-guided Clustering

The goal of template-guided clustering is to produce large, pure clusters for the ROI. Clus-
tering is vital to the success of TGC, because mixed clusters limit labelling accuracy and
small clusters limit error correction (Figure 3.3). However, in practice it can be very diffi-
cult to produce large, pure clusters.

Template-guided clustering bridges the gap between features and classes by using a
template image that describes the approximate locations of thematic classes. From the
approximate class locations, cluster purity can be estimated by assuming that cluster purity
with respect to the template is similar to cluster purity with respect to the true class labels,
because the template labels are moderately accurate. Using this cluster purity estimate,
TGC automatically selects the clustering with the best (i.e., purest) cluster from candidates
produced by the cluster makers. This is important, because it allows TGC to try any number
of data and algorithm combinations and to only use the best clustering results.

TGC evaluates the quality of clustering using a simple metric. The quality Q of clus-

tering X = {Kj,...,K;} is equal to the maximum purity of the clustering as follows:
QO = GetPurityOfPurestCluster(X,TI) = {max }\lfia 3.4)
ie{l,...m
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Figure 3.3: Cluster size and purity strongly affect classification accuracy; (a) large, pure
clusters are ideal; clustering in which all clusters are pure and the number of clusters is
equal to the number of classes will produce a 100 % accurate classification if the pro-
ducer’s accuracy of the template for each class is more than 50 %, (b) mixed clusters cause
labelling errors because they contain more than one class, (c) small clusters are undesirable
because as cluster size decreases, the ability of the clusters to reduce template label error
also decreases. In theory, a clustering where each cluster consists of a single target pixel
would produce output identical to the template image (errors included).

where each purity ; is calculated using the overlapping area matrix for X and TI (see
Equations 3.2 and 3.3, and Algorithm 1).

The procedure for selecting data for determining decision boundaries is like that com-
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Input : X={Kj,...,K,} // Clustering with m clusters
Input :Tl// Template image of class labels
Output: Q // Purity of the purest cluster of X
1 Function GetPurityOfPurestCluster:
2 // Calculate OAM for clustering
3 A =CalculateOverlappingAreaMatrix (X,Tl); // Equation 3.2
4 Q=0;
5 // Calculate purity of each cluster in clustering
6 fori=0;i <mdo
7 // Get spatial correspondences of current cluster
8 clusterCorrespondences = A [i,*];
9 // Calculate cluster purity (Equation 3.3)
10 Y = max (clusterCorrespondences) /sum (clusterCorrespondences) ;
1 if y > Q then
12 ‘ Q=vy,;
13 end
14 end
15 return Q
16 end

Algorithm 1: Returns the purity of the highest purity cluster of X.

monly used by decision trees but with a different objective function as follows:
X, = argmax Q(X,T1), (3.5
b'¢

where X € {X1,...,Xy||X| > knin}. The best clustering Xj, is selected from candidate clus-
terings X1, ..., X, by choosing the clustering with the purest cluster that has more than k,,;,,
pixels (Algorithm 2).

Cluster purity estimates also provide a means for purifying mixed clusters. Much like a
decision tree, TGC evaluates the quality of its clusters and iteratively splits mixed clusters
to purify them. This assumes that the clustering method is better than random selection at
separating pixels of different classes from each other. A cluster K is split if its purity is less
than i, (Where i, 1s a constant; typically Yy, =~ 0.95).

TGC’s basic algorithm (Algorithm 3) is identical to the following algorithm for con-
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Input :K// Cluster to split
Input :Tl// Template image of class labels
Imput : A={Aj,...,Ay} // Set of d cluster makers
Input : ki, // Minimum number of target pixels allowed in a
cluster
Output: X, // Clustering having the purest cluster
Function GetBestClustering:
Yinax = 0;
X, =NULL;
// Cluster ROI using each cluster maker and find the best
foreach A in A do
// Split cluster using cluster maker’s image and method
X = A.clusterRoi(K);
Y = GetPurityOfPurestCluster (X,Tl); // Algorithm 1
minSize = GetMinimumClusterSize (X);
if Y > V0 and minSize > ki, then
WVinax = VY,
Xb =X;
end
end
return X
16 end

o 0 NN N T R W N

—
W N =D

-
wn A

Algorithm 2: Splits a cluster using the best clustering out of several candidate
clusterings. This function runs each cluster maker (target image and cluster
method pair) and selects the clustering with the purest cluster with respect to the
template image.

structing a decision tree:
1. Find the best clustering of the data,
2. Evaluate whether the clusters are acceptable, and
3. Split the clusters until they are acceptable or cannot be split further.

3.3.3 Template-guided Labelling

Template-guided labelling automatically labels clusters according to their spatial corre-

spondence with the template classes. Each cluster is labelled with the class with which it

47



Input :Tl// Template image of class labels

Imput : A={A,..., Ay} // Set of d cluster makers

Input : ROl // Region of interest

Input : ki, // Minimum number of target pixels allowed in a
cluster

Input : vy, // Minimum cluster purity

Output: X // Clustering of ROI

Function templateGuidedClustering:
// Initialise cluster queue with roi
X =ROI;
queue = {ROI };
repeat
// Get cluster to split from queue
K = queue.pop();
// Split cluster with each and return the best clustering
X}, = GetBestClustering (K, T, A, kyin) 3 // Algorithm 2
// Write split cluster to output image clustering
X =ReplaceClusterWithClusters (X, Xp);
// Add impure clusters to queue
foreach K ;;; in X;, do

// Split cluster? (Equation 3.3)

if GetPurity (Kspri, T1) > Wiin and |Kspiit| > kiin then

| queue = queue.push(Kp;r);

end
end
until queue.size() == 0,
return X
21 end

o 0 N A AR W N -
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Algorithm 3: Template-guided clustering is designed to output a pure clustering
of an ROL. It splits the input ROI by choosing the best clustering with respect
to the template image (see Algorithm 2) and puts impure clusters in a queue for
further splitting.

has the highest spatial correspondence. For cluster K;, the label y; is:

yi = argmaxA,j, 3.6)
J
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where j € {1,...,n}, and A;; is the overlapping area matrix defined by Equation 3.2. Both
the label and the purity of each cluster are written to output images (Algorithm 4). The
labelled image is TGC'’s classification of the input ROI. The purity image indicates the

purity of each cluster and can be used to estimate the reliability of TGC at each pixel.

Imput : X // Clustering of ROI

Input :Tl// Template image of class labels
Output: Cl // Classification of ROI

Output: Pl // Cluster purity image for ROI
Output: Sl // Spatial correspondence images

1 Function TemplateGuidedLabelling:
2 // Copy ROI for output images
3 Cl = GetROI (X);
4 Pl = GetROI (X);
5 forj=0;j <ndo
6 | SI[*,j]=GetROI (X);
7 end
8 // Calculate OAM for clustering
9 A =CalculateOverlappingAreaMatrix (X,Tl); // Equation 3.2
10 // Write label and purity for each cluster to output images
11 fori =0;i <mdo
12 K=XI[i];
13 clusterCorrespondences = A [i,*];
14 y = argmax (clusterCorrespondences) ; // Equation 3.6
15 Cl=WriteLabelToImage (y,K Cl);
16 p = max (clusterCorrespondences) /sum (clusterCorrespondences) ;
// Equation 3.3
17 Pl =wWritevalueToImage (p,KPl);
18 // Write cluster to each class’s spatial correspondence
image
19 forj=0;j <ndo
20 ‘ SI[i,j] =WriteValueToImage (A[i,j,K,Sl)
21 end
22 end
23 return Cl,P1,SI
24 end

Algorithm 4: Template-guided labelling. A clustering and template label image
are input; a labelled image, a purity image, and a spatial correspondence image
for each class are output.
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3.4 Correcting Bias in Template Images

Label error in template images is sometimes biased towards a particular class or classes.
For example, a map may have a tendency to incorrectly label forest pixels as non-forest
pixels. This error can be mitigated by weighting factors that multiply the actual number
of pixels of each class. The goal is for the resulting products to better reflect the actual
number of pixels on the ground for each class. Therefore, class C; with k; pixels on the

ground should have the weighting factor w; such that:

k .
wi= 1. (3.7)
Cil
For weighting vector w = (wy,w», -+ ,wy,), the weighted overlapping area matrix A,, is:
wiair  wadiz ot Wpdlp
) widz) wadzp . Wil
Ay, =A-diag(wy,wa,- -+ ,wy,) = . (3.8)
Widmi W2d4m2 - Wnplmn

In practice, a template’s w is estimated because k; is unknown.

3.4.1 The Forest Correspondence Threshold

In the special case of a forest and non-forest classification scheme, template bias can be
corrected by introducing the forest correspondence threshold, a value that specifies the
minimum spatial correspondence to forest required for a pixel to be classified as forest.
The forest correspondence threshold, represented by ¢, is applied to a forest spatial cor-
respondence image to produce a classified image. Every pixel with forest correspondence
above ¢ is labelled forest, and every other pixel is labelled non-forest. For example, when

¢ = 0, every pixel is labelled forest; when ¢ = 1, every pixel is labelled non-forest.
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The forest correspondence threshold is a simple parameter for correcting bias that was

shown in this thesis to have a very strong effect on classification accuracy.
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Chapter 4

Experimental Set-up

The TGC algorithm was tested on a real problem: the mapping of remnant trees in the
Vermilion River watershed. This chapter describes the strategy for mapping remnant trees,

classification experiments with TGC, and methods for assessing the results.

4.1 A Strategy for Simplifying the Mapping

In many cases, remnant trees can be identified by their age and species. However, deter-
mining tree age and species from multispectral data is a difficult problem. For example,
van der Sluijs et al. (2014) obtained overall accuracies of 50 % or lower when using sin-
gle date Landsat TM imagery to classify leading tree species in the northern boreal forest.
Another complication is that age and species do not unambiguously identify remnant trees
(Figure 4.1).

This research simplifies the remnant tree classification problem by mapping forest and
non-forest classes without distinguishing remnant and non-remnant classes. With this
strategy, all remnant trees are mapped as part of the forest class. Remnant studies may
use the resulting forest/non-forest maps as masks for simplifying the production of true

remnant/non-remnant maps.
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Figure 4.1: Venn diagram showing relationships between all trees, native trees, remnant
trees and old trees. Remnants are not necessarily old because natural descendants of rem-
nants are remnants. Artificially planted trees (e.g., windbreaks, plantations) are not consid-
ered remnants even if their species is native.

4.2 Study Area

The Vermilion River watershed is a relatively small (7,860 km?) sub-watershed of the North
Saskatchewan River basin, located approximately 150 km east of Edmonton, Alberta (Fig-
ures 4.2 and 4.3). It is an interesting study area for mapping remnant trees, because it
has been heavily altered by human activities (NSWA, 2005). Many of its aspen groves and
grasslands have been replaced by cultivated land and only 0.2 % of the watershed is covered
by trees (NSWA, 2005). Thousands of small patches of trees (<1 ha) remain throughout
the watershed, scattered within agricultural fields (often surrounding ponds, dugouts or
swamps), and along roads or field boundaries. Identifying these small patches is a chal-
lenging problem. Larger tree patches are found within riparian, lakeshore, and other areas
unsuited to agriculture. The watershed is a transition zone: to the north is boreal forest; to
the south, grasslands.

Another challenge is caused by the thousands of small swamps and other waterbodies
that are scattered throughout the landscape. These wetlands and shallow lakes, which com-

prise 5.6 % of the watershed’s area (NSWA, 2005), have highly variable spectral signatures
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Figure 4.2: The Vermilion River watershed is dominated by agriculture and contains large
numbers of small tree patches, wetlands, and shallow lakes. The landscape is fairly flat.

and are sometimes confused with trees (Ozesmi and Bauer, 2002). Larger swamps are also
prevalent in the watershed, forming wide borders around shallow lakes and within river
widenings.

The landscape is predominantly flat and is recharged by large volumes of snow melt.
Large numbers of sloughs and wetlands provide internal drainage, such that the effective
drainage of the Vermilion River is only about 30 % of the watershed’s total area (NSWA,
2009). The Vermilion River itself can discharge up to 10 m3/s in the spring and less than
0.02 m?/s in mid-August,! resulting in distinctive vegetation communities within flood-

prone areas. Peak discharge is thought to have increased, because of wetland drainage

'Vermilion River at Range Road 105 river data: 2013-04-01 to 2013-10-01. Accessed: 2014-01-09,
http://www.environment.alberta.ca/apps/basins/DisplayData.aspx?Type=Figure&BasinID=
4sDataType=1&StationID=RVERMI105.
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Figure 4.3: Scenes from the Vermilion River watershed (credits: Alberta Terrestrial Imag-
ing Centre).
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(NSWA, 2009).

The watershed is networked with roads (mainly gravel) that form a comprehensive grid
of square mile sections based on the Alberta Township Survey (ATS) system.” Accord-
ingly, there are many intersections that are suitable ground control points for georeferenc-
ing images. Oil and gas pipelines, cutlines, power lines, and the Trans-Canada Highway
are other significant linear disturbances. There are two main towns, Vegreville and Ver-

milion, with populations of approximately 5,000 people.> Urban areas cover 0.5 % of the

watershed (NSWA, 2005).

4.3 Template Images

Two large-area land-cover maps were used as templates for guiding classifications (Ta-
ble 4.1 and Figure 4.4).

Table 4.1: Land-cover maps used as templates to guide classification experiments.

Product GSD  Acquisition Minimum Processing
Name (m) Date Mapping
Unit
EOSD 25 1999-2001 30 x 30 m? — Mosaic EOSD NTS tiles 83A, 83H, and
73E
— Merge all tree classes
GFC 30 2000-2012  Continuous — Apply 20-% tree-cover threshold to year
field 2000 tree cover (from 50°N 120°W to

60°N 110°W)

EOSD = Earth Observation for the Sustainable Development of Forests land-cover map, GFC = Global Forest Cover map.

4.3.1 EOSD Template

The EOSD LC 2000 is a 25-m land-cover map of the forested regions of Canada for the

year 2000 (Wulder et al., 2008). Within Alberta, it was derived from the 30-m Alberta

%Legal land descriptions. Accessed: 2014-01-17, http://esrd.alberta.ca/forms-maps-services/
air-photos/legal-land-descriptions.aspx.

32013 Municipal Affairs Population List. Accessed: 2014-01-08, http://www.municipalaffairs
.alberta.ca/documents/msb/2013_Municipal Affairs_Population_List.pdf.
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Figure 4.4: Template image area coverage; (a) 25-m EOSD template, and (b) 30-m GFC
template.

Ground Cover Characterization (AGCC) map (Wulder et al., 2008). The AGCC itself was
produced using an iterative clustering technique with manual labelling (Sanchez-Azofeifa
et al., 2004). 30-m Landsat data were initially partitioned into 45 clusters and impure
clusters were manually busted. Sanchez-Azofeifa et al. (2004) reported that labelling was
the most difficult and time-consuming task in the classification process. Any pixel having
tree cover greater than 6 % was considered treed.

The EOSD repackaged the AGCC as 1:250,000 scale map sheets defined by the Na-
tional Topographic System (NTS) that were resampled to 25-m.* Map sheets 73E, 83A
and 83H were downloaded® and mosaicked within the ENVI (Environment for Visualizing
Images; Exelis Vis, Boulder, CO) image analysis system. All tree classes were merged into
a single forest class and all other classes merged into a non-forest class. Map sheet 73D
(an area south of the watershed) is not published, because it is not forested. Inspection of
the images showed that the EOSD-AGCC systematically omitted forest pixels within the

experimental ROIs.

“The National Topographic System of Canada. Accessed: 2014-01-17, http://www.nrcan.gc.ca/
earth-sciences/geography/topographic-information/maps/9763.

3System of Agents for Forest Observation Research with Automation Hierarchies (SAFORAH). Accessed
2014-11-22, http://wwwd.saforah.org/eosdlcp/ab.tar.
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4.3.2 GFC Template

The Global Forest Cover (GFC) map is a 30-m map of forest canopy cover for the year
2000 (Hansen et al., 2013).% It is part of a larger set of products that describe forest-cover
change from the year 2000 to 2012. The canopy-cover product reports the canopy cover for
all vegetation taller than 5-m, expressed as a percentage from O - 100 for each 30-m pixel.
The product is an amazing achievement that used 654,178 Landsat 7 ETM+ images to
characterize forest canopy cover and forest changes worldwide. Data selection, cloud-free
pixel compositing, and normalization were automated. Relationships of multi-temporal
metrics to training data were modelled with a bagged classification tree (Hansen et al.,
2013; Potapov et al., 2012). Although the GFC change products were extremely accurate
(> 99 % overall), no forest cover accuracies were reported (Hansen et al., 2013).

To produce a forest/non-forest map, pixels having forest cover values above 20 % were
labelled as forest, and all others were labelled as non-forest. Even using this relatively
low canopy-cover threshold to define forests, the resulting map had high rates of forest

omission.

4.3.3 Water Masking

New templates were produced by masking water in the EOSD and GFC template im-
ages. The mask was derived from waterbody shapefiles from the National Hydro Network
(NHN) as shown in Figure 4.5. They were merged to provide complete coverage of the
target images and rasterized to 10-m pixels by ArcMap’s Feature To Raster tool. Masked
EOSD (EOSDy,) and masked GFC (GFC,) templates were produced using ENVI’s Apply

Mask function.

%Global Forest Change 2000-2012 Data Download. Accessed:  2014-09-23. http://
earthenginepartners.appspot.com/science-2013-global-forest/download.html

"National Hydro Network. Accessed 2014-09-24, http://geobase.ca/geobase/en/data/nhn/index
.html
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Figure 4.5: A water mask derived from National Hydro Network waterbody shapefiles.

4.4 Target Images
4.4.1 SPOT 5 Images and Experimental ROIs

TGC used six 10-m SPOT 5 HRG MS images® and six 2.5-m SPOT 5 HRG Pan images as
target data for the Vermilion River watershed (Table 4.2). The images were obtained at level
1A (radiometric correction only) and then automatically georefersenced, and orthorectified
by Geomatica. Each multispectral image was atmospherically corrected using aerosol and
visibility parameters derived from a database of MODIS products (Zhang et al., 2009). The

spectral bands and spatial resolutions of the HRG instrument are shown in Table 4.3.°

8SPOT = Satellite Pour I’Observation de la Terre; HRG = High Resolution Geometrical; MS = Multispec-
tral; Pan = Panchromatic.

9SPOT Resolution and Spectral Bands. Accessed on 2014-03-25, http://www.astrium-geo.com/en/
194-resolution-and-spectral-bands.
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Table 4.2: SPOT 5 HRG target images used in experiments.

Target Image ID Ir}nyz;)gee GSD (m) ImageDates GRSID
55382410808071837232] MS 10 2008-08-07 538-241
55382420808071837322] MS 10 2008-08-07 538-242
55412411106301817222] MS 10 2011-06-30 541-241
554124210072218145811] MS 10 2010-07-22 541-242
55422410806231803242J1 MS 10 2011-07-19  542-241J1
55422411107191851532J6 MS 10 2011-06-30  542-241J6
55382410606031852311B Pan 2.5 2006-06-03 538-241
55382420808181825401B Pan 2.5 2008-08-18 538-242
55412411106301817192B3 Pan 2.5 2011-06-30 541-241
55412421107301840211B Pan 2.5 2011-07-30 541-242
5542241080611841591B Pan 2.5 2008-06-11 542-241
55422411107191851512B9 Pan 2.5 2011-07-19  542-241B9

SPOT = Satellite Pour I’Observation de la Terre, HRG = High Resolution Geometrical,
MS = Multispectral, Pan = Panchromatic.

Table 4.3: SPOT 5 HRG bands and spatial resolutions as used by TGC.

Band Name Band Range (nm) GSD (m)
Panchromatic 480 - 710 2.5 (superresolution)
B1: Green 500 - 590 10

B2: Red 610 - 680 10

B3: Near Infrared 780 - 890 10

B4: Mid Infrared 1,580 - 1,750 20

Each SPOT MS image defined an experimental ROI (Figure 4.6a). Additional ROIs
were defined by the intersection of pairs of SPOT MS and SPOT Pan images having the
same Grid Reference System (GRS) coordinates (Figure 4.6b). For convenience, these
two types of ROIs are referred to as MS (defined by the extent of a multispectral image),
and MS+P (defined by the intersection of corresponding multispectral and panchromatic
images).

Each multispectral image was atmospherically corrected using aerosol and visibility
parameters derived from a database of MODIS products (Zhang et al., 2009). The mid-

infrared band was supersampled from 20-m to 10-m spatial resolution. Panchromatic im-
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Figure 4.6: ROIs for (a) multispectral experiments, where each ROI was defined by the
extent of a SPOT MS image, and (b) multispectral and panchromatic experiments, where
each ROI was defined by the intersection of a pair of SPOT MS and Pan images.
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ages were resampled to 10-m using aggregation-based resampling in ENVI.

4.4.2 1-m Orthophotos

Two 1-m colour orthophotos were classified by TGC (Table 4.4). Each orthophoto cor-
responded to a township defined under the ATS system'® where each township is 6 x 6
square miles (9.656 x 9.656 km?) and overlaps adjacent townships by approximately 700-
m on each side. Both orthophotos were acquired in the summer of 1999 by the Prairie Farm

Rehabilitation Administration (PFRA) and used by TGC without any additional processing.

Table 4.4: 1-m orthophoto target images.

Image Township ID Image Type GSD (m) Image Date
T52-R10-W4 Colour orthophoto 1 Summer 1999
T52-R12-W4 Colour orthophoto 1 Summer 1999

4.5 Template-guided Classification Implementation

TGC was implemented as a script in IDL using ENVI libraries on a 64-bit Windows 7
computer with an Intel Core 15-2500 CPU and 16 GB of RAM. Parameters for template
images, target images, purity threshold, forest correspondence threshold, and minimum
cluster size varied according to the experiment. For example, Figure 4.7 shows an example
of applying TGC to SPOT HRG MS data using the EOSD template. All clusters were split

using the k-means algorithm.

0Alberta township survey —system. Accessed: 2014-01-09, http://esrd.alberta.ca/
recreation-public-use/recreation-on-agricultural-public-land/alberta-township-survey
-system.aspx.

62


http://esrd.alberta.ca/recreation-public-use/recreation-on-agricultural-public-land/alberta-township-survey-system.aspx
http://esrd.alberta.ca/recreation-public-use/recreation-on-agricultural-public-land/alberta-township-survey-system.aspx
http://esrd.alberta.ca/recreation-public-use/recreation-on-agricultural-public-land/alberta-township-survey-system.aspx

Target Input: SPOT 5 HRG MS Label Input: Forest/non-forest labels
(10-m resolution, year 2011 data) from EOSD
= (25-m resolution, year 2000 data)

g

Clustering
Purity threshold = 0.95
Minimum cluster size = 25,000
Parts per split =2 Calculate spatial correspondence between
Clusters produced from SPOT each cluster and each class in the EOSD Weighting | Output: 10-m resolution

$,=0.20 labels from 2011

)

data

Figure 4.7: An example of TGC applied to a SPOT 5 MS image using the EOSD template.

4.6 Experiments
4.6.1 TGC Watershed Classifications

Experimental classifications were run using the template image, target image, and param-
eter configurations shown in Table 4.5. Forty-eight forest correspondence images were
produced by combining two templates (EOSD, GFC), two masking states (unmasked,
masked), and two datasets (MS, MS+P) for six different ROIs.

To evaluate the ability of TGC to achieve good results without locally adapted parame-
ters, forest/non-forest classifications were produced by thresholding forest correspondence
images with the same ¢, value for each image. For each template image, a constant ¢ ¢

value was used to classify all images in the watershed as follows:
1. For EOSD-derived images (masked and unmasked), ¢ = 0.2, and
2. For GFC-derived images, ¢y = 0.06.

The constants were selected to produce classifications of 538-241 (i.e., the ROI with GRS
ID 538-241) with relatively equal errors of commission and omission (with the respective

template). In other words, TGC parameters were optimized for a single ROI and applied to

all ROIs.
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In addition, each forest correspondence image was classified by thresholding with 34
different ¢ s values ranging from O to 0.5. These classifications were used to evaluate how
0 affected classification accuracies. The accuracies of each classification were calculated
using ground-reference data (Section 4.7).

For convenience, TGC experiments were referred to by their ROI and template names.

For example, the experiment using multispectral data and the EOSD template was named

“MS EOSD.”

Table 4.5: Experimental parameters for 10-m TGC experiments.
mage | Treetimages o GO0y ke g
EOSD 10-m MS 95 25,000 2
EOSD 10-m MS+P 95 25,000 2
EOSDy, 10-m MS 95 25,000 2
EOSDy, 10-m MS+P 95 25,000 2
GFC 10-m MS 99 25,000 2
GFC 10-m MS+P 99 25,000 2
GFCyy 10-m MS 99 25,000 2
GFCp, 10-m MS+P 99 25,000 2

MS = multispectral dataset, MS+P = multispectral and panchromatic dataset,
kmin = minimum number of pixels in a cluster.

4.6.2 Orthophoto Classifications

Two orthophotos were used to test high-resolution, small-area classification (Table 4.6).
Both classifications used a 2.5-m SPOT MS HRG Pan image as a second target image for

clustering.

4.6.3 SVM Baseline Classifications

The SVM algorithm was used to produce baseline classifications of the SPOT 5 MS data.
Training data for each ROI were selected manually from SPOT 5 MS images in small, scat-

tered clusters. Land cover was visually interpreted from the SPOT images with assistance
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Table 4.6: Experimental parameters for 1-m TGC experiments.

Template Purity A Parts per

Image  argetImages Threshold (%) Komin Split
T52-R10-W4,

EOSD 55412411106301817192B3 % 250,000 2

EOSD T52-R12-Wd, 95 250,000 2

55412411106301817192B3

EOSD = Earth Observation for the Sustainable Development of Forests land-cover map,
kmin = minimum number of pixels in a cluster.

from the 1-m orthophotos. Training data were optimized by iteratively assessing classifica-
tion accuracy and adding training data for pixels that were mislabelled in the assessment.
Optimization stopped when accuracy gains were not qualitatively apparent. All SVM clas-
sifications were performed in ENVI using the same parameters: a radial basis function

kernel with y = 0.25 and a penalty parameter of 100 (i.e., C = 100).

4.7 Classification Accuracy Assessment

Classification accuracy assessment was crucial for evaluating and analysing TGC. Accura-

cies from the following sources were assessed:
e Experimental TGC classifications,
e EOSD and GFC templates, and
e SVM baseline classifications.

Accuracies were assessed by comparing results with ground-reference data acquired by

simple random sampling of individual pixels (Congalton and Green, 2008, p.79).

4.7.1 Ground-reference Samples

Ground-reference data were acquired by visually interpreting the classes of 500 to 700 ran-

dom pixels within each MS ROI. Samples were generated within ENVI by applying the
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Random Sample Using Ground Truth tool (Figure 4.8). For the 10-m experiments, pixels
were sampled from the pixel grids output by TGC’s MS classifications (i.e., each sample
polygon had the same location and dimensions as a pixel in the TGC MS classifications).
For the 1-m experiments, pixels were sampled from the 1-m orthophoto pixel grids. Sam-
pled pixels were converted into pixel boundary polygons and saved to shapefiles using
ENVTI’s Classic ROI to Shapefile tool.

A sample of 500 pixels were initially extracted from each ROI. However, if the number
of sampled forest pixels within an ROI was less than 40, an additional 200 ground-reference

pixels were added to the sample.

0510 20 30 :
[_INon-forest Ml Forest|_|Random pixel| |Pixel outline

Figure 4.8: Ground-reference data acquired by randomly sampling 500 to 700 pixels within
each ROI. Each pixel’s class was interpreted using 1-m orthophotos and Google Earth
images; (a) a random sample within an experimental ROI, (b) context of a sample pixel
within a 1-m orthophoto, and (c) the pixel outline clearly shows that the sample contains
trees.

4.7.2 Interpretation

The sample polygons were superimposed on 1-m orthophotos and the contents were ex-
amined at high resolution in ArcMap. A class label was written to the attribute table to
identify the class of each pixel.

Although orthophotos were the primary source of labelling information, all forest pixels

and ambiguous pixels were also examined in Google Earth. For viewing in Google Earth,

66



each shapefile was converted to Keyhole Markup Language (KML) using the Open Source
Geospatial Foundation Tools for Windows (OSGeo4 W) tool ogr2ogr. An index was added
to each shapefile before conversion to KML so that samples in ArcMap were easily matched
with those in Google Earth.

A pixel was interpreted as forest if it contained > 30 % tree cover (trees were defined as
vegetation with height > 5 m), otherwise, a pixel was interpreted as non-forest. Under this
definition, even individual trees were classified as forest, if there was sufficient tree cover.

Differentiation between shrubs and trees was aided by shadows. In images with low
solar elevation angles, trees had long shadows and shrubs had short shadows.

In cases where the pixel was interpreted as forest in the orthophoto and as non-forest
in Google Earth, the pixel was interpreted as non-forest. In this way, the ground-reference
data were made as current as the dates of the Google Earth images (which ranged from 2008
to 2014). To make pixel interpretation reasonably fast, pixels unambiguously interpreted

as non-forest in orthophotos were not examined in Google Earth.

4.7.3 Accuracy Assessment Images

Table 4.7 lists the sets of images used for accuracy assessment. Orthorectified 1-m colour

Table 4.7: Accuracy assessment images.

Image Set GSD (m) Date Coverage Area
Orthophotos 1999 1 1999-2001 41,000 km?
Orthophotos 2011 0.5 August 2011 3,200 km?
Google Earth Various Various Entire watershed
LiDAR Site 2 2010-7-28 7.5 x 5.25 km?

aerial photos were obtained that provided very high-resolution coverage of the experimental
ROIs. Most of the orthophotos were acquired in the summer of 1999. Many were acquired
with low solar elevation angles to more easily identify tree heights by their long shadows.
Six townships within the watershed did not have 1-m orthophotos (53-12-W4, 53-13-W4,
54-12-W4, 54-13-W4, 55-12-W4, 55-13-W4).
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A smaller set of orthophotos from August 2011 were also obtained for accuracy as-
sessment. This set of 0.5-m orthophotos covers 34 townships within the boundaries of the
watershed and the target images, including all townships missing from the set of 1-m or-
thophotos. These orthophotos were ideal for identifying trees, because of their sharpness

and low solar elevation angles.

4.7.4 Mixed Cluster Analysis

The cluster purities of TGC classification of MS EOSD 541-241 (¢ = 0.2) were measured
within a 7.5 x 5.25 km? site within the Vermilion River watershed. This site straddled the
Vermilion River at 53°29°10"N, 111°21°41"W and was approximately 25 % forest (which
was much higher than for any other experimental ROI). Within this site, a high-accuracy
forest/non-forest land-cover map was produced from LiDAR data at 2-m spatial resolu-
tion.Within each 2-m cell, the last return was subtracted from the first return to produce a
Canopy Height Model (CHM). The CHM was thresholded so that values above 5-m were
labelled as forest, and otherwise as non-forest. The resulting forest/non-forest map was
considered to be ground-reference data because of its high accuracy. The map was then
resampled to 10-m spatial resolution using the Resample tool in ENVI and used to evaluate
the cluster purities of the template-guided clustering of MS 541-241. The cluster purities
were determined by calculating the cluster purity image relative to the ground-reference

data.

4.7.5 Assessment Software

After production of the ground-reference data, the classification accuracies of the various
experiments were calculated. A Python script was written that compared pixel labels in
ground-reference shapefiles with classifications obtained by thresholding forest correspon-

dence images with various ¢ values. Because the ground-reference samples were gener-
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ated for MS ROIs, some samples were outside the boundaries of MS+P ROIs and were
ignored by the script when evaluating MS+P classifications. All of the accuracy metrics

described in Section 4.7.6 were calculated and saved to files.

4.7.6 Accuracy Metrics

Classification accuracies were measured using statistics calculated from error matrices.
The error matrix (Table 4.8), overall accuracy (Equation 4.1), producer’s accuracy (Equa-
tion 4.2), and user’s accuracy (Equation 4.3) were described by Congalton and Green (2008,
p. 60). Within the error matrix, f;; represents the number of pixels classified as class i that
are actually reference class j. The number of pixels that were classified as class i is fit
and the number of pixels that are actually reference class j is f ;. N is the total number of

pixels in the error matrix.

Table 4.8: Error matrix with f;; representing the number of samples classified as land-cover
class i that are actually reference land-cover class j, where N is the total number of samples.

Reference Row Total
1 27 ... n
Classified I fit fiz - fun fir
2 1 fiz o fin for
N fuo fa2o o S I+
Column Total foo fr2o o faa N

The overall accuracy (OA) is the proportion of area classified correctly:
= Sk
OA=) —. 4.1
L

The producer’s accuracy of class j (PA;) is the proportion of ground-reference pixels of
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class j that are correctly classified:

fij

4.2)

User’s accuracy of class i (UA;) is the proportion of pixels classified as i that are correct:

_ Ji

UA; = 2. (4.3)
Y S
The percentage of land cover classified as k (%2LANDy) is:
%LANDy = 100 (f"—+) . (4.4)
Sk

The %L AND metric is useful because it measures the percentage of a particular class within
a classification (e.g., the percentage of remnant trees in the Vermilion River watershed). A

related metric is the Relative Error of Area for class k (REAy) (Shao et al., 2003):

1 1

REAx =100 —— — — 4.5
k (UAk PAk), ( )

that describes the classification error of k relative to the number of correctly classified
pixels of class k (i.e., fix). If there are too many pixels of class k in a classification, REA
is positive; if too few, REAy is negative.

For convenience, forest metrics were referred to by an “f” subscript and non-forest
by an “nf.” For example, PA¢ is forest producer’s accuracy and UAy¢ is non-forest user’s

accuracy.

4.7.7 Comparing Accuracies of Forest Correspondence Images

The classification derived from a forest correspondence image varies with different values

of ¢y. Within TGC, the ¢ parameter determines the bias towards classifying a pixels as
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forest. In practice, it sets the trade-off between PAr and UA;. Comparing accuracies of
forest correspondence images is complicated by the many trade-offs between PA¢ and UA¢
that are possible.

The minimum absolute REAs (MAREA¢) classification was chosen as the basis for
comparing and evaluating forest correspondence images. This classification is defined as
the classification of a forest correspondence image that minimizes the absolute value of
REA;. It is considered the “best” classification of a forest correspondence image, because
it balances errors of commission and omission as much as possible so that %LANDy is
most accurate. The MAREA; threshold is the ¢ ¢ that produces the MAREA; classification
as follows:

MAREA¢ threshold = argmin |[REA|. (4.6)
o
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Chapter 5

Results

5.1 10-m TGC Watershed Classifications with Constant ¢

Table 5.1 summarizes the 10-m TGC classification accuracies of the eight parameter com-
binations of EOSD-based and GFC-based classifications. The PAs and UA¢ values for each
template, dataset, and mask combination are graphed in Figure 5.1. All accuracies are tab-
ulated in Appendices A.1 and A.2. These classifications used constant ¢, parameters to
classify the Vermilion River watershed and were the primary test of TGC’s automation and

ability to adapt to local conditions without human intervention.

Table 5.1: Constant ¢ TGC classification accuracies for the Vermilion River watershed
with 10-m spatial resolution. All accuracies from EOSD-based and GFC-based classifi-
cations were averaged for each ROI. Overall accuracies of the TGC classifications were
high, often exceeding 90 %. However, forest classification accuracies were much lower
and highly variable.

Classifications __ Metric (%) 538-241 538-242 541-241 541-242 542-241]1 542-241J6| Al ROIs
PA, 66 44 68 33 73 4 54
EOSD and EOSDw,  TA; 58 66 87 85 64 68 71
with ¢ =0.2 OA 93 94 94 92 87 91 92
REA, 23 83 34 -190 19 -89 .59
PA, 68 43 86 41 85 46 61
GFC and GFCyy UA, 61 68 53 71 55 64 62
with ¢ =0.06 0A 93 94 87 91 83 91 90
REA, 18 91 72 -115 66 61 .19

PA = average forest Producer’s Accuracy, UA s = average forest User’s Accuracy, OA = average Overall Accuracy, REA; = average forest Relative Error of Area,
EOSD = EOSD template, EOSD,,, = water-masked EOSD template, GFC = GFC template, GFC,,, = water-masked GFC template,
0, = forest correspondence threshold.
Although the overall accuracies for most classifications were greater than 90 %, the

TGC forest accuracies were much lower. There were only two classifications for which

both PAf and UAf were over 70 % (MS EOSD 541-241 and MS EOSD,, 541-241).

72



5.1.1 Patterns in Classification Accuracy

Classifications frequently had unbalanced forest accuracies, with high errors of commission
and low errors of omission (or vice versa). For example, MS GFC,, 541-241 had a PA¢ of
88 % and a UA¢ of only 53 %; MS+P EOSD 541-242 had a PA¢ of only 31 % and a UAy of
100 %.

In addition to being unbalanced, the forest accuracies were strongly affected by whether
the classified ROI was in the north or south (Figure 5.1). All northern ROIs (538-241, 541-
241, and 542-241J1) had higher PA¢ values than the southern ROIs (538-242, 541-242, and
542-241J6). In other words, forest pixels in the northern ROIs were more likely (up to 55 %

more likely) to be classified correctly and false negatives for forest were far more likely in

the south.
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Figure 5.1: The 10-m TGC forest classification accuracies were variable and patterned.
The PA¢ values (left), were higher in northern ROIs than in corresponding southern ROIs.
The UAy values (right), generally had the opposite pattern, with lower UA¢ in the north and
higher UA¢ in the south.

For user’s accuracies, the pattern was less clear (Figure 5.1). However, the general pat-
tern was for a northern ROI to have a lower UA¢ than its corresponding southern ROI. For

example, MS EOSD 538-241 had a user’s accuracy of 53 % whereas its southern neighbour
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(MS EOSD 538-242) had a user’s accuracy of 68 %. In general, false positives for forest
were more likely in the north.

The relatively low percentages of false negatives and high percentages of false positives
in northern ROIs meant that classification in northern ROIs was more biased towards forest
than the classification in the southern ROIs. This effect can be seen in the seam lines of the
land-cover maps in Figure 5.2. Transitions from northern to southern ROIs were frequently
marked by a sharp transition from higher forest pixel densities to lower forest pixel densi-
ties. In general, northern classifications overestimated the number of forest pixels whereas
southern classifications underestimated them (Figure 5.3). Clearly, the TGC classifications

were strongly affected by location and not well adapted to local differences.
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Figure 5.2: Examples of visible seam lines between 10-m TGC classifications showing the
differences in biases towards the forest class. The northern images tend to be overforested
and the southern images underforested. A classification’s apparent relative density of forest
pixels along seam lines can be predicted using the REA¢ values in Figure 5.3; (a) MS EOSD
with ¢ = 0.2 and (b) MS+P GFC,,, with ¢ = 0.06.
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Figure 5.3: Relative error of area (REA) for forest of 10-m TGC classifications (with
constant ¢¢). In general, the number of forest pixels were overestimated in the northern
ROIs (REAf > 0) and underestimated in southern ROIs (REAf < 0).

5.1.2 Forest Correspondence Distributions

Figures 5.4 and 5.5 show examples of the distributions of forest correspondence for the
ground-reference data. Within some ROIs (i.e., the southern ROIs), a large percentage of

forest pixels had forest correspondence values that overlapped those of non-forest pixels.
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Figure 5.4: MS EOSD forest correspondence histograms of ground-reference samples. Al-
though forest pixels had higher mean forest correspondence, there was substantial overlap
of the forest and non-forest distributions.
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Figure 5.5: MS GFC forest correspondence histograms of ground-reference samples. Al-
though forest pixels had higher mean forest correspondence, there was substantial overlap
of the forest and non-forest distributions.
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5.1.3 GFC Water Mask Problems

After the TGC results were calculated and analysed, it was discovered that a different water
mask was applied to the GFC than was applied to the EOSD. The water mask applied
to the GFC had very little detail, showing only a few major waterbodies and rivers (see
Figure 5.2b). The origin of the water mask is unknown. As a consequence, results using

masked and unmasked GFC templates were sometimes very similar.

5.2 10-m TGC Watershed Classifications with Variable ¢

Figure 5.6 shows examples of TGC classification accuracies for different ¢ . All classifi-
cations are found in Appendix A.3.

The relationship of ¢, to classification accuracy varied with ROI and template. For
example, in Figure 5.6, the value of ¢ s at the point of intersection of the PA¢ and UA¢ curves
(i.e., the MAREA¢ threshold) varied greatly between ROIs and templates. According to
Figure 5.6, the MAREA ¢ threshold of MS EOSD 538-241 was approximately 0.24, whereas
the MAREA¢ threshold using EOSD MS 541-242 was approximately 0.07. When the GFC
was used as a template instead of the EOSD, the MAREA¢ thresholds changed from 0.24 to
0.09 (538-541) and from 0.07 to 0.03 (541-242). Figure 5.7 shows the PA; of the MAREA¢
classification of each parameter set’s forest correspondence image and the corresponding
MAREA; thresholds.

The producer’s accuracies of the MAREA¢ classifications had the same north/south
pattern of variation as the fixed parameter classifications (compare Figures 5.1 and 5.7).
The pattern of MAREA¢ thresholds was also similar: northern ROIs had higher thresholds

than corresponding southern ROIs.
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Figure 5.6: TGC classification accuracies changed with ¢ s. As ¢ increased, PA¢ decreased

and UA¢ tended to increase. However, the effect of ¢ on accuracies varied with ROI and
template.

5.2.1 TGC’s Best Classifications

The results in Table 5.2 are the MAREA¢ classifications with the highest PA¢ of each ROI.

Ranging from 58 % to 80 %, they are the best TGC classifications of all combinations of

dataset, template, and ¢ s values.

5.3 1-m TGC Orthophoto Classifications

Table 5.3 shows TGC accuracies of the orthophotos for ¢ = 0.2. Figure 5.8 shows how the

TGC classification of T52-10-W4 is a great improvement over the original EOSD template.

80



00+

<
X
< sl
)
9
g ha
= K
g =
< &
d
< 504
P
<9
=
S
=]
St
v
-
g
o 251
(=]
=

ol

538 241

538 242

SRR

541 241

Gk

541242

ROI (GRS ID)

X4

542 24171 542 24136

30

MAREA, Threshold (%)
S
XA

o)

538 241

538 242

o}

541 241

%

Template
X EOSD
+EOSD,
0 GFC
< GFC,,

Dataset

@ Ms
@ MS+P

54 1;242 5427‘24 11 5427‘241 J6
ROI (GRS ID)

Figure 5.7: TGC’s MAREA¢ classification accuracies and thresholds had a spatial pattern;
(left) the PA¢ values were higher in the northern ROIs than in the southern ROIs; (right) the
MAREA¢ thresholds were also higher in the northern ROIs than in the southern ROIs.

Table 5.2: The best TGC classifications for each ROI (produced by tuning ¢ to each ROI).

Property 538-241 538-242 541-241 541-242 542-241J1 542-241J6 | All ROIs
PA¢ (%) 71 60 80 60 72 58 67
UAt (%) 69 60 74 59 73 58 66
OA (%) 95 94 92 90 89 91 92
REA¢ (%) 5 0 10 4 -3 0 3
Template GFC, EOSD, GFC, GFC/GFCy GFCy, EOSDy, -
Dataset MS+P MS MS+P MS+P MS MS+P -

07 (%) 6.5 18 17 3 17.5 15 13

PA¢ = forest Producer’s Accuracy, UA¢ = forest User’s Accuracy, OA = Overall Accuracy, REA; = forest Relative Error of Area,
EOSD,, = water-masked EOSD template, GFC = GFC template, GFC,, = water-masked GFC template,

MS = 10-m multispectral SPOT data, MS+P = 10-m multispectral and panchromatic SPOT data, ¢, = forest correspondence threshold.

Table 5.3: Constant ¢ TGC classification accuracies for 1-m orthophotos. The forest
classification accuracies were higher than the 10-m accuracies.

Classification Metric (%) T52-R10-W4 T52-R12-W4
RGB+P EOSD, PA¢ 86 73
0r=0.2 UA¢ 80 90
OA 91 90
REA¢ 3 -26

PA¢ = forest Producer’s Accuracy, UA¢ = forest User’s Accuracy, OA = Overall Accuracy,
REA; = forest Relative Error of Area, RGB+P = colour and panchromatic datasets,
EOSD = EOSD template, ¢ = forest correspondence threshold.
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Figure 5.8: Given inputs (a), a 1-m colour orthophoto, a panchromatic band, and (b),
the 25-m EOSD template of the same area; TGC calculated (c) the forest correspondence
image, and output (d) an accurate 1-m forest/non-forest classification. Note that for this
case the TGC classification was more accurate than the original template map and had a
much higher spatial resolution.
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5.4 SVM C(lassifications

The results of the SVM classifications are shown in Table 5.4.

Table 5.4: The SVM classification accuracies for each MS ROI. Although the SVM results
were more accurate than the TGC results, production of the SVM classifiers was much
more labour intensive. Each SVM classification required up to 2 hours of iterating between
selection of training data and qualitative accuracy assessment.

Metric (%) 538-241 538-242 541-241 541-242 542-241J1 542-241J6 | All ROIs
PA; 49 67 93 80 91 33 69
UA¢ 79 47 95 87 89 67 77
0A 94 91 97 93 94 91 93

REA; 77 64 2 -10 2 -154 30

PA¢ = forest Producer’s Accuracy, UA¢ = forest User’s Accuracy, OA = Overall Accuracy,
REA¢ = forest Relative Error of Area.

5.4.1 Comparison with TGC

Table 5.5 shows the classification accuracy differences between constant ¢ TGC and the
SVM classifications. The SVM PA¢ was 14 % higher and the UA¢ was 8 % higher on

average than the corresponding TGC accuracies.

Table 5.5: Accuracy differences between the constant ¢ TGC and SVM classifications.
The SVM classifications averaged 14 % higher PA¢ and 8 % higher UAy.

Classification Subtrahend Metric 538-241 538-242 541-241 541-242 542-241J1 542-241J6| All ROIs

MS EOSD, SVM APA¢ 18 -18 -19 -49 -20 5 -14

0r=0.2 AUA;  -26 20 -10 -6 =27 1 -8
AOA -3 3 -4 -1 -8 0 -2

APA; = difference in forest Producer’s Accuracy, AUA¢ = difference in forest User’s Accuracy, AOA = difference in Overall Accuracy,
MS = multispectral 10-m SPOT dataset, EOSD = EOSD template, SVM = Support Vector Machine Classification.

5.5 Template Map Accuracies

The 10-m classification accuracies of the EOSD and GFC template maps are summarized
in Table 5.6. Complete results are shown in Figure 5.9 and tabulated in Appendix B.
Template classification accuracies were low. For the EOSD-based templates, the av-

erage PAr and UA¢ were below 45 %. The GFC-based templates had very low average
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Table 5.6: The average 10-m classification accuracies of EOSD and GFC-based templates.

Template ~ Metric (%) 538-241 538-242 541-241 541-242 542-241)1 542-241J6] _ All ROIs
Maps
PA; s 32 38 33 47 35 38
EOSD and UA, 27 36 ST 56 49 41 44
EOSDy, A
templates OA 8 9 8 90 80 88 87
REA, 122 43 95 119 5 45 31
PA 2 8 53 14 58 I5 28
gig and UA, 75 48 84 T8 89 69 74
N A
templates OA 93 92 92 9 90 90 91
REA, 315 -1387 73 50 -6l 539 494

PA = average forest Producer’s Accuracy, UA; = average forest User’s Accuracy, OA = average Overall Accuracy, REA = average forest Relative Error of Area,
EOSD = EOSD template, EOSD,,, = water-masked EOSD template, GFC = GFC template, GFC,,, = water-masked GFC template.
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Figure 5.9: 10-m forest classification accuracies of the EOSD and GFC template maps for
each MS ROLI.

PAf (28 %) and relatively high average UA¢ (74 %). All ROIs (except for 541-241 and
542-241J1 in some GFC-based templates) had PA¢ or UA¢ below 50 %.

The accuracies showed a clear pattern of spatial dependence where northern ROIs had
higher accuracies than corresponding southern ROIs. For example, 541-241 in GFC-based
templates had an average PA¢ of 53 %, whereas its southern neighbour (541-242) had an
average PAr of only 14 %.

There were also differences between templates. Compared to the EOSD, the GFC had
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fewer false positives (instances of non-forest classified as forest) and more false negatives
(forest classified as non-forest). In four out of six GFC-based ROIs!, extremely low average
PA¢ (8 to 22 %) and relatively high UA¢ (48 - 89 %) resulted in the number of forest pixels
being severely underestimated. In contrast, the EOSD tended to have more false positives
and more true positives. For example, wetlands and dark fields were frequently labelled as
forest using the EOSD.

The EOSD template classification accuracies within the orthophoto ROIs are shown in
Table 5.7.

Table 5.7: 1-m EOSD template accuracies within orthophoto ROIs. The UA¢ values were
higher than within the 10-m SPOT ROIs (Table 5.6).

Template Metric (%) T52-R10-W4 T52-R12-W4

EOSD PA¢ 33 25
UA; 69 86
OA 80 79

REA¢ -161 -279

PA; = forest Producer’s Accuracy, UA; = forest User’s Accuracy, OA = Overall Accuracy,
REA¢ = forest Relative Error of Area, EOSD = EOSD template.

5.5.1 Comparison with TGC

Table 5.8 shows the average classification accuracy differences between the constant ¢ ¢

TGC and template classifications.

5.5.2 %LAND¢

The %LANDy values of the EOSD and GFC templates for the MS ROIs are shown in
Table 5.9 and Figure 5.10. The %LANDs values of the EOSD were surprisingly close to
the percentages of forest estimated from the ground-reference samples. In contrast, the
GFC underestimated forest area by up to 400 %. The EOSD’s %1LLANDs values within the

orthophotos are shown in Figure 5.10.

1538-241, 538-242, 541-241, and 542-241J6.
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Table 5.8: Average accuracy differences between the TGC classification and the template

classification for each ROI.

Classifications 0 (%) 538-241 538-242 541-241 541-242 542-241J1 542-241J6| All ROIs

and Template
APA; 25 12 29 1 25 7 16
AOA 7 4 7 2 7 4 5
AREA; 98 40 -61 71 24 44 28
APA; 45 35 33 27 28 3] 33

GEC-based AUA; -14 20 31 6 234 -6 -12
AOA 1 2 5 2 7 1 -1
AREA;  -333  -1296  -145  -475 -127 478 -476

APA; = difference in forest Producer’s Accuracy, AUA; = difference in forest User’s Accuracy, AOA = difference in Overall Accuracy,
AREA; = difference in forest Relative Error of Area, EOSD-based = EOSD and EOSD,, templates, GFC-based = GFC and GFC,, templates.

Table 5.9: %L.ANDx for the EOSD, GFC, and ground reference within each MS ROI.

%LAND; Source 538-241 538-242 541-241 541-242 542-241J1 542-241J6 Average
EOSD 15 8 14 6 17 9 12
GFC 3 2 13 2 13 3 3
10-m reference 9 8 17 10 18 11 10

EOSD = EOSD template, GFC = GFC template, %LANDy = percentage of forest area within classification.

207

157

107

Forest Area (%)

&

EOSD <> GFC Y/ Ground reference
4
W
& 0
\V4
\V4
XY
O
& &

538 241 538 242 541 241 541 242 542 241J1 542 241)%6

ROI (GRS ID)

Figure 5.10: %LANDy of the EOSD template, GFC template, and ground reference within

each MS ROI.
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Table 5.10: %LANDgs for the EOSD template within each orthophoto ROI.

%LAND¢ Source T52-R10-W4 T52-R12-W4
EOSD 12 9
1-m reference 25 27

%LAND; = percentage of forest area within classification,
EOSD = EOSD template.

5.6 TGC Class Confusion

By visually examining results, it was found that the primary source of class confusion
occurred between spectrally similar land-cover. Shallow water, wetlands, and edges of
wetlands were frequently confused with forest. Dark cropland was also confused, and was
the dominant source of source of error in areas with few wetlands.

Regrettably, water masking did not eliminate the problem of confusion with wetlands,
because the wetlands were inadequately masked. For example, the mask removed only a
small fraction of the hundreds of wetlands within the area shown in Figure 5.11. Moreover,
the masked areas were frequently inaccurate in shape, poorly rasterized, and poorly regis-
tered to the target image. Consequently, substantial areas of wetlands were confused with
forest (Figure 5.11¢).

TGC was frequently confused by pixels on the edges of wetlands and in areas near
wetlands. Sometimes, spurious rings of forest pixels surrounded wetlands. In Figure 5.11b,
fields containing wetlands sometimes appear as textured variations of dull and bright red

that are spectrally similar to forest. Clearly, the wetlands had confusing spectral features.

5.7 TGC Mixed Clusters

Spectrally similar pixels of different classes were frequently found in mixed clusters. For
example, some wetlands in Figure 5.12a were falsely labelled as forest by TGC in Fig-
ure 5.12b. Figure 5.12c¢ indicates that the clusters of these wetland areas also contain forest

pixels. Despite the eighteen clusters used to describe the two small wetland areas within
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Figure 5.11: The water mask did not eliminate confusion with wetlands. Note the hun-
dreds of unmasked wetlands displayed as (a) small green or soil-coloured patches, (b) black
patches or patches that are spectrally similar to forest, (c) bright patches of (spuriously)
high forest correspondence (MS EOSDy, 541-242).

this detail, it was not sufficient to separate wetland from forest.
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Figure 5.12: Wetland pixels were frequently found within the same clusters as forest pixels;
(a) 1-m orthophoto detail showing wetlands and forest, (b) TGC classification showing
wetland areas labelled as forest and (c¢) mixed clusters that correspond to both wetland and
forest.
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5.7.1 Cluster Purity of the Ground-reference Site

Within the LiDAR ground-reference site, the average cluster purity of each pixel for the MS
EOSD 541-241 clustering was 88 % (Figure 5.13). This average cluster purity represents
the maximum possible OA for a classification using the clustering. Remarkably, the OA
of the MS EOSD 541-241 (¢r = 0.2) classification within the site was 86 % (Table 5.11).
Therefore, the overwhelming majority of error was caused by mixed clusters, not by label
error in the template. Low cluster purities were found in areas where forest and non-
forest were spectrally similar, namely, in dark photosynthetically-active fields, coniferous
tree patches, wetlands, and especially in the Vermilion River’s flood plain (Figure 5.13d).
However, these cluster purities may not be typical, because the site was 38 % forested

(which was much greater than the 8 to 18 % found in the SPOT ROlIs).

Table 5.11: The error matrix of the TGC MS EOSD 541-241 (¢ = 0.2) classification
within the LiDAR ground-reference site. The 86 % OA was very close to the limit imposed
by the 88 % cluster purity of the site (PA¢ = forest producer’s accuracy, UAr = forest user’s
accuracy, %LANDy = percentage of forest area, OA = overall accuracy).

Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 67.73
TGC Non-forest 243447 50150 293597 96.83 32.27 UA¢ 92.95
Forest 7980 105246 113226 3.17 67.73 %LAND;  27.83
Total 251427 155396 406823 100.00 100.00 OA 85.71

5.8 Template Label Error

The template images were also confused by spectrally similar land cover. For example, wet-
lands and croplands (Figure 5.14a) were mislabelled by the EOSD template (Figure 5.14b).
However, for this particular example, TGC produced a surprisingly good classification de-
spite the template’s low classification accuracy (compare Figures 5.14b and 5.14d). Within
the forest correspondence image, the wetland areas appear grey or white, indicating their

high forest correspondence.
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(a) 541-241 SPOT HRG MS false colour infrared
(R =885 nm, G = 645 nm, B = 545 nm).
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Figure 5.13: Cluster purities of the MS EOSD 541-241 template-guided clustering calcu-
lated for a small area using a LIDAR-derived forest map as a ground reference. The 88-%
average cluster purity is the maximum possible OA for this clustering.

5.9 Validation Errors

All of the quantitative analysis of classification accuracies relied on accurate ground-reference
data. However, this data had several issues that were difficult to quantify. For example,
photo interpretation was sometimes ambiguous, particularly for cases where the pixel was
near the edge of a tree patch (Figure 5.15) or within patches with low-tree cover. Some-
times it was very difficult to distinguish between shaded ground and tree. In practice, the
context of the pixel heavily influenced its interpretation. For example, an indecipherable

mix of shadow and vegetation within a forest patch was always interpreted as a forest
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Figure 5.14: (a) Examples of wetland and cropland with spectra similar to forest (i.e.,
dark), (b) the EOSD confused forest with wetland and cropland, (c) high forest corre-
spondence in wetland and cropland, and (d) despite the confusion of the EOSD, the TGC
classification was relatively accurate.

pixel. Although the high-resolution images from Google Earth were helpful in some cases,
very often there was no suitable high-resolution image available, or registration error in
the Google image prevented the ambiguity from being resolved. Most non-forest pixels
(excepting wetlands) were interpreted without difficulty.

Registration errors also caused validation problems. For example, Figure 5.15 shows
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how a 10-m pixel that was photo-interpreted as forest in a 1-m orthophoto actually con-
tained non-forest spectra in the 10-m SPOT HRG MS image. Registration errors between
the orthophotos and the SPOT images were potentially very serious because of the number
of small or narrow forest patches. Even a small misregistration (like that in Figure 5.15)
could have caused large changes in classification accuracy.

Misregistration between the SPOT images and orthophotos varied from 0 to 30-m,
sometimes within the same SPOT image. Although no registration residuals were cal-
culated for the SPOT images, their automated georegistration was likely to be far less
accurate than the GPS-located pixels within the orthophotos. Manual comparison of the
SPOT images with orthophotos revealed that 541-241J6 had especially poor registration,

with variable errors up to 30-m.

P T P 1) e 4 =8

|:I Ground Reference Forest Pixel

Figure 5.15: Validation accuracy was reduced by registration and photo-interpretation er-
rors; (a) context of a 10-m ground-reference pixel, (b) within the 1-m validation orthophoto,
the pixel appeared to contain mostly trees; less than half of the pixel overlapped the road,
and (c) within the corresponding 10-m SPOT HRG MS image, the pixel was entirely road.

92



Chapter 6

Discussion

This chapter investigates TGC’s usefulness by analysing the accuracy and automation of
the Vermilion River watershed classification experiments. TGC’s problematic aspects are

analysed and mitigation strategies are suggested.

6.1 Evaluation of TGC Classification Accuracies
6.1.1 10-m Watershed Classifications with Constant ¢

The most important classification experiments were the constant ¢ s watershed classifica-
tions. These classifications were automated; the ROIs were classified without tuning pa-
rameters to individual ROIs.

In terms of accuracy, the constant ¢ watershed classifications were a success. The OA
values averaged 92 %. However, this accuracy is not very impressive because 90 % OA
could have been obtained by classifying all pixels as non-forest. Instead, the most important
result was that TGC forest classification accuracies were generally higher than the accu-
racies of the original template classifications (Figure 6.1). With EOSD-based templates,
TGC increased PA; by 16 %, UA¢ by 27 %, and OA by 5 %. With GFC-based templates,
TGC improved the PAy values by an average of 33 %. However, UA¢ values declined by an
average of 12 %. Overall, the experiments demonstrated that TGC improved template map
classification accuracies.

In general, TGC increased low forest accuracies (e.g., PAs values for GFC-based tem-
plates) and decreased high forest accuracies (e.g., UAy values for GFC-based templates).
This suggests that TGC may not be very useful when template accuracy is already high.

TGC classification accuracies were not as high as the SVM classification accuracies
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(Figure 6.1). The SVM PA; was approximately 14 % higher and the UA; was approximately
8 % higher on average than the corresponding accuracies of the constant ¢ MS EOSD

TGC classifications (Table 5.5). However, the SVM classifications were far more labour

ntensive.
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Figure 6.1: In general, TGC classifications had higher accuracies and better balance be-
tween forest accuracies than the template map input. With EOSD input, TGC produced
large increases in PA¢ and UAy¢. Although the GFC,, UAf values were higher than TGC
results, TGC maps were an improvement because they had much higher PA¢ and more bal-
anced forest accuracies. The SVM averaged 14 % higher than TGC for PA¢ and 8 % higher
for UA¢. PA¢ (left), UA¢ (right).

6.1.2 1-m Orthophoto Classifications

TGC’s 1-m orthophoto classifications were a great improvement over the original EOSD
classifications, having 48 % to 55 % improvement in PA¢, and 4 % to 11 % improvement
in UA¢. TGC’s success with the 1-m classifications is very promising for future work

(although only two experiments were performed).
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6.1.3 MAREA¢ Threshold Variability

One of the main findings from examining the variable threshold classifications was that
the MAREA ¢ threshold varied greatly between ROIs and between templates. This finding
explains why the 10-m constant ¢y classifications were biased to have too many forest
pixels in the northern ROIs and too few in the southern ROISs; the chosen ¢ value was too
low for northern ROIs and too high for southern ROIs. The variability of the MAREA¢

threshold is extremely problematic because it means a choice between:
e Variable and unbalanced TGC accuracies (when a single ¢ is used), or

e Labour intensive classification (when ¢, is manually optimized for each ROI and

template).

6.1.4 Effects of Datasets, Templates, and Water Masks

The effects of varying data and template parameters on the accuracy of the MAREA¢ clas-
sifications were difficult to discern. There were PAy¢ differences of up to 15 % between
parameter sets, but no set was clearly superior to the others for all ROIs. For some cases,
a single parameter change caused the best classification of an ROI to become the worst
classification. For example, the GFC,, template and MS+P dataset produced the highest
accuracies for 538-241 and 541-242. However, switching the dataset parameter to MS
resulted in the lowest accuracies.

The water-masked templates produced the highest accuracies in all six ROIs. However,
water-masked templates also produced the lowest accuracies in four of six ROIs. Water
masking was expected to improve the classification accuracies because it reduces confu-
sion between forest and wetlands. However, the improvement was small and inconsistent.
There seemed to be little to distinguish between unmasked GFC and unmasked EOSD.

Similarly, there was no clear advantage to using MS+P instead of MS data. Presumably,
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the dominant errors in TGC were caused by mixed clusters that were not improved by

adding a panchromatic band to the target data.

6.1.5 Explaining Patterns in Classification Accuracy

TGC forest classification accuracies were strongly affected by whether an ROI was in the
north or south of the watershed. For example, the MAREA¢ forest classification accuracies
were higher in northern ROIs than in southern ROIs. This accuracy pattern was also found
in the template classifications (Figure 5.9) and to a lesser extent in the SVM classifications
(Table 5.4). These three different classification methods had similar patterns, showing that
there were persistent differences between the ROIs in the north and south that strongly
affected classification accuracies.

One of the most obvious differences between north and south was the difference in
forest patch sizes. Within the north, there were large forest patches (particularly along
the Vermilion and North Saskatchewan Rivers), while in the south the patches were much
smaller remnants within agricultural settings. The smaller patches had higher proportions
of mixed pixels because of the higher edge-to-area ratios. The higher proportion of mixed
pixels in the south made classification more difficult by blending spectra from forest and
non-forest classes. This resulted in the lower PAf and UAf values seen in the southern
experimental results. The effect of patch size on classification accuracy has been described
by a variety of studies (Lechner et al., 2009; Smith et al., 2002). For TGC, the relative sizes
of the tree patches and image pixels are important.

In addition to patch size, the smaller forest area in the south also caused statistical
effects that reduced classification accuracies. With less forest area in the south, each false
positive reduced UA¢ more in the south than in the north. Even if rates of non-forest
classification error had been the same in the north and south, the smaller numbers of forest

pixels in the south would have resulted in lower classification accuracies. This helps explain
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why the pattern of %LANDy (Figure 5.10) was similar to the patterns of the MAREA¢
and template classification accuracies for each ROI (Figures 5.7 and 5.9). Rare classes
are known to have problematic classification accuracies (e.g., Witten and Frank (2011, p.
163)).

In contrast to the southern ROI classifications, the 1-m orthophoto classifications had

the following advantages that produced higher forest classification accuracies:
e large forest patches, resulting in a smaller proportion of mixed pixels,

e large percentages of forest area, resulting in reduced effects of false positives and

false negatives on forest accuracies, and

e high spatial resolution, resulting in a smaller proportion of mixed pixels.

Although these results are very promising, more classifications need be made to determine
TGC’s usefulness with very high resolution data.

By inspection of the orthophotos, the southern ROIs were found to have larger numbers
of small wetlands. These wetlands had highly variable features that were sometimes similar
to those of forest patches, which led to higher rates of class confusion in southern ROIs. In
contrast, the northern ROIs contained sections of the Vermilion and North Saskatchewan
Rivers that provided external drainage.

Overall, the patterns in classifications accuracy suggested that TGC performs better in
ROIs with higher percentages of forest area, fewer wetlands, and with lower percentages

of mixed pixels (i.e., larger patches or higher spatial resolution).

6.2 TGC Accuracy and Automation

The experiments showed that TGC classifications are more accurate than the original tem-
plate maps and less accurate than the SVM classifications. TGC cannot compete with

the SVM'’s accuracy. However, if TGC can reliably improve accuracies on a larger scale

97



(e.g., provincial or national scale) with minimal or no human intervention, it would be
very useful. Although TGC’s accuracy and automation on large scales is unknown, the
experimental results provide insight into general TGC behaviour. The following sections
analyse the problems encountered at the watershed scale to predict the usefulness of TGC’s

accuracy and automation for general application.

6.3 The Problem of Forest Correspondence Error

The most serious problem encountered in the experiments was forest correspondence error.
It occurred when forest pixels had lower forest correspondence than non-forest pixels and
meant that no matter what ¢ value was selected, some pixels were misclassified. These
errors were evident in the overlapping distributions of forest correspondence in Figures 5.4
and 5.5. These errors were also evident in the decreases in UA; that sometimes occurred as
¢ increased (Figure 5.6) and by the fact that the MAREA; classification accuracies were
less than 100 % (Figure 5.7). Forest correspondence errors have two causes: template label

error, and mixed clusters.

6.3.1 Template Label Error

Template label error occurs where a template label is not correct. It is a problem because
it can arbitrarily increase or decrease the magnitude of forest correspondence and cause
forest correspondence error.

In the experiments, wetlands were frequently labelled as forest by the EOSD (e.g.,
Figure 5.14b), resulting in decreased separability of the forest and non-forest distributions.
The EOSD’s low UAf (44 % average) meant that non-forest pixels often had relatively high
forest correspondence (Figure 5.4). In contrast, the high UA¢ (74 % average) and the low
PAf (28 % average) of the GFC caused both forest and non-forest pixels to have low forest

correspondences (Figure 5.5).
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6.3.1.1 The Relationship between Template Label Error and Classification Accuracy

This section quantifies how template label error affects TGC classification accuracy using
a simple model derived from experimental results. The template label error was calculated
for each ROI using ground-reference data and measured using the PAy and 1-PA ¢ statistics.
By definition, a template’s PAf and 1-PA;¢ values are equal to the mean forest correspon-
dences of the forest and non-forest pixels. The difference of the means, d, can be used as

an approximation of the separability of forest and non-forest pixels:

d =PA;— (1 —PApy), (6.1)

where PA¢ is the non-forest producer’s accuracy.

The experimental results showed that as d increases, accuracies of the MAREA¢ clas-
sifications also increases (Figure 6.2). However, the rate of increase was very different
between templates. Compared with the GFC, the EOSD accuracies increased more rapidly
with small changes in d, whereas the GFC had a much larger range of d values than the
EOSD despite having a similar range of accuracies. These differences in behaviour be-
tween the EOSD and GFC are problematic for automation, because they make it difficult to
predict how increases in template accuracies will affect classification accuracies. However,

in general, higher template accuracies produce higher TGC classification accuracies.

6.3.1.2 The Effects of Systematic and Random Template Label Error

Systematic and random variation in template accuracies affected the forest correspondence
of all clusters, even when clusters were relatively pure. For example, Figure 6.3 indicates
how template label errors, caused by edges and scale effects, reduce forest correspondence
in pure clusters.

TGC will always mislabel a cluster if it is entirely mislabelled by the template. This
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Figure 6.2: PAf as a function of d for each ROI of the MS EOSD and MS GFC MAREA¢
classifications. The greater the distance between the template’s PAf and 1-PA,y¢, the higher
the PA¢ of the MAREA  classification. In general, higher template accuracies will produce
higher TGC classification accuracies.

problem may occur for spectrally distinct remnant patches that are smaller than the min-
imum mapping unit of the template (e.g., Figure 6.3e). However, the hope is that small
remnant patches will belong to the same clusters as larger, correctly labelled patches (e.g.,
Figure 6.3f).

The very low PA¢ values of the GFC were troubling, because the large errors of omission
may include entire spectral classes of forest. For example, patches with low percentages of
tree cover may not be well represented by the GFC. Errors of omission that are randomly
scattered between different clusters can potentially be corrected, although the forest corre-
spondences will be lower. However, systematic template label errors that are concentrated

in problematic clusters will result in classification error.
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D Forest D Template pixel grid : Target cluster (pure forest)

Figure 6.3: Pure forest clusters have lower forest correspondence when they contain small
patches or edge pixels; (a) ground reference showing forest, (b) perfect template classifica-
tion (the label for each template pixel is the dominant class), (c) cluster with perfect forest
correspondence to the template, (d) cluster with many edge pixels with moderate corre-
spondence, (e) cluster of small patches with zero forest correspondence, and (f) cluster
with some interior pixels and some exterior patches with moderate forest correspondence.

6.3.2 Mixed Cluster Error

The accuracy of TGC was seriously limited by mixed clusters. If the cluster purities in
the LiDAR ground-reference site are typical (Table 5.11), then mixed clusters are the most
significant problem affecting TGC accuracies. Within the LiDAR site, at least 86 % of error
in OA was caused by mixed clusters. Visual inspection of the TGC clusterings revealed that
clusters were frequently impure and that spectrally similar pixels of different classes were
difficult to separate into different clusters.

Besides limiting classification accuracies, mixed clusters are more likely to be misla-

101



belled. For example, a mixed cluster that is 70 % forest and 30 % non-forest should be
labelled as forest. However, the low forest correspondence expected from the non-forest
pixels within the cluster may cause the entire cluster to be mislabelled. With mixed clusters,

there is reduced capacity to correct template error.

6.3.3 Template and Cluster Interaction

With mixed clusters having such a large effect on TGC accuracies, the need for purer
clusters is obvious. All experiments showed problems with mixed clusters. Fortunately,
purer clusters can be produced by changing the stopping parameters of template-guided
clustering to allow smaller clusters. However, the problem with using smaller clusters is
that they are more likely to be overfitted to the template than larger clusters. As cluster sizes
decrease, the importance of structure within the target data decreases and the importance

of template label accuracy increases. This raises the following questions:
e How valuable is the structural information in the target?
e How valuable is the label information in the template?
e What is the optimal weighting of template and target information?

The answers to these questions vary according to the classification problem. For exam-
ple, when the template is 100 % accurate, TGC should ensure that pixels are 100 % pure
(e.g., by splitting each cluster until it contains a single pixel). When the template is just
slightly more than 50 % accurate, a perfect classification is only possible by splitting the
ROI into two (100 % pure) clusters.

The value of information from the template is determined by its accuracy. Within the
experiments, template accuracies varied greatly between ROIs; PA¢ values for different
ROIs varied by a factor of 5 within the GFC. This presents a problem for automatic classi-

fication, because variable information quality makes it difficult to select clustering param-
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eters that produce pure clusters without overfitting. It seems that TGC has replaced the
problem of feature variability with the problem of template variability.

Template variability might be overcome by template maps with data quality layers. For
example, the 500-m MLCT land-cover map publishes a “class confidence” layer (Friedl
et al., 2010) that might be used to provide per-pixel weighting to class-correspondence
calculations. Per-pixel confidence estimates can be easily produced (e.g., Brown et al.
(2009)), so all new land-cover maps should publish them to permit error analysis of derived
products.

Because template variability is a limitation that cannot be avoided without better tem-
plate maps, it may be necessary to focus on obtaining target data with better structural
information. If data can be more readily clustered into relatively large and pure clusters,
template variability would then be less important because error correction would be more
robust. Many of the techniques used for improving data separability by supervised classi-
fication could be employed to increase cluster purity and size. Image time series contain
vast amounts of information and could likely be used to generate large, pure clusters more
easily. Similarly, use of different imaging modalities, such as hyperspectral or RADAR
imaging, may also improve cluster purity without the need to overfit to the template. Tex-
ture and context data may also be helpful.

More advanced clustering algorithms should also be investigated. Minor changes such
as using more intelligent seed values (e.g., Arthur and Vassilvitskii (2007)) or more com-
prehensive changes such as context-sensitive or fuzzy segmentation (Phillips et al., 2012;
Lizarazo and Elsner, 2011) could be helpful. Repeating the experiments with standard

decision tree algorithms and template map training data would produce interesting results.
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6.4 The Problem of Parameter Selection

Automatic parameter selection is complicated by the variability of template accuracy and
target structure. In this thesis, the TGC parameters for purity thresholds, minimum cluster
sizes, and forest correspondence thresholds were manually selected. However, it is likely
that these parameter values, which were tuned to a single ROI, would not perform as well if
used with other templates or datasets. The results have shown that the effects of parameters
vary according to the template classification accuracies and forest areas within each ROI.
The key question is whether TGC parameters that produce improved classifications can be
selected automatically (or with minimal effort).

The following sections suggest methods for automating TGC parameter selection. How-
ever, although these methods are based on empirical results and models of general TGC

behaviour, their general applicability is untested.

6.4.1 Automating Clustering Parameter Selection

There are two clustering parameters that determine how closely clusters are fitted to a
template: (i) cluster purity threshold, and, (ii) minimum cluster size.

The experiments showed that the effect of the cluster purity threshold depends on
the %LLANDs value of the template. For example, a 95 % cluster purity threshold applied
to GFC 538-241 produced only two clusters, whereas the same cluster purity threshold ap-
plied to MS EOSD 538-241 produced 754. This was because the entire 538-241 ROI was
already 97 % pure according to the GFC, but only 85 % pure according to the EOSD. This
illustrates the basic problem of using a template to guide classification: when the template’s
accuracy is unknown, metrics derived from the template are only relative measures.

Ideally, clustering parameters would be calculated from template accuracy and target
structure information. However, without this information, the parameters for general clas-

sification can be calculated using heuristics derived from the experimental results. For
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example, the cluster purity threshold might be set automatically by the following equation:

%LAND

Cluster Purity Threshold =1 — 3

(6.2)

The cluster purity thresholds calculated from Equation 6.2 using the experimental ROIs
are similar to the fixed values used in the experiments (Figure 6.4). The somewhat higher

thresholds calculated for the southern ROIs may be beneficial for extracting the smaller

forest areas.
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Figure 6.4: The automatic cluster purity thresholds calculated from Equation 6.2 for the
experimental ROIs are similar to the fixed values used in the experiments.

The minimum cluster size parameter could be automatically set to 25,000, the same
value used in the experiments. For images with very small or very large numbers of pixels,
it may be adequate to set the minimum cluster size to 0.05 % of the total number of pixels
in the image (i.e., the percentage used by the experiments).

As presented, the automatic TGC clustering parameters are very rudimentary, but they

illustrate some basic principles. For example, the cluster purity threshold calculations show
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that the number of clusters should be related to the amount of forest data within a template
image. The minimum cluster size is an acknowledgement of the limit of information that

can be extracted from a template.

6.4.2 Automating ¢ s Selection

Without classification accuracy or class confidence information for the template, there is
no clear solution for selecting ¢ . However, if the PA¢ for the ROI is known, the MAREA¢
threshold can be estimated.

The basic idea is that the MAREA¢ threshold is located where there are an equal number
of mislabelled pixels above and below the threshold. The experimental results showed that
as the number of pixels of the forest class decreased relative to the number of non-forest
pixels, the MAREA¢ threshold increased. This is because the balancing point between
distributions shifted. For example, an ROI that is 90-% forest would likely have a lower
MAREA ¢ threshold than an ROI that is 90-% non-forest. In general, the MAREA¢ threshold
would vary greatly depending on the proportion of forest to non-forest pixels and the shapes
of the forest correspondence distributions.

Equation 6.3 describes how the MAREA¢ thresholds of the experiments were related to
the PA¢ values.

PA
Estimated MAREA¢ threshold = Tf —k, (6.3)

where k = 0.14 for EOSD classifications, and k = 0.22 for GFC classifications. Figure 6.5
shows the results of applying Equation 6.3 to experimental ROIs. The Willmott’s index of
agreement (Willmott, 1981) was 0.87 although it would likely be lower if thresholds were

predicted for other regions.
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Figure 6.5: MAREA; thresholds estimated using Equation 6.3 compared with actual
MAREA; values.

6.5 Processing Times

Another problem was that the processing time required to run the k-means clustering
greatly limited experimentation with different parameters. For example, the MS EOSD
clusterings had an average processing time of 4.8 h. This meant that optimizing parame-
ters using a grid search was not practical. Decreased processing times are possible using

parallel computing and software optimization (Phillips et al., 2007).

6.6 TGC Usefulness for Automatic Remnant Mapping

The current TGC algorithm is not useful for automatic remnant mapping because of its low
classification accuracy. Although TGC results were better than the original templates, they
were produced using manually selected parameters. In general, when run automatically
with the suggested automatic parameters, TGC is unlikely to produce accurate classifica-

tions, even with ideal ¢ selection. The main problem is clustering. Mixed clusters greatly
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limit the accuracy of TGC classifications. In addition, template label errors reduce the
accuracy even more.

Although the current implementation of TGC is not automatic, the hope for success-
ful TGC classifications is found in purer and larger clusters. Multi-temporal, radar, and
hyperspectral data can improve separation. Per-pixel information about template-label ac-
curacies can help guide the clustering process to appropriately fit the data. Presumably,
better separation of wetlands, dark fields, and forest would have greatly improved experi-
mental accuracies. These expected improvements are tempered by the theoretical limits of
clustering, where clusters and class definitions cannot always correspond, and where mixed

pixels make pure clusters a theoretical impossibility.
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Chapter 7

Conclusions

This thesis focused on reducing the cost of land-cover map production by automating clas-
sification. The hypothesis was that land-cover maps contain sufficient information about
the spatial distribution of classes to automate land-cover classification by partitioning an
image into clusters and labelling each cluster with the class of the land-cover map that it
best corresponds to spatially. Although individual experiments produced excellent results,
the hypothesis was not met because the experiments showed that general automation would
likely result in unacceptably low classification accuracies.

The hypothesis was tested by developing the Template-Guided Classification (TGC)
algorithm and applying it to map the forest patches within the Vermilion River watershed
in Alberta. Given a satellite image and an overlapping land-cover map as input, TGC
partitioned the image into clusters of similar pixels and labelled each cluster with the class
from the land-cover map that it best corresponded to spatially. Each cluster was repeatedly
split until it was sufficiently pure or could not be split into clusters having more than a
specified number of pixels. TGC used clusters to correct errors in the land-cover map; if
map labels overlapping a pure cluster were more than 50 % correct, the cluster was labelled
with 100 % accuracy. Since template map labels were biased towards the non-forest class,
they were weighted to permit correction of even more than 50 % error.

TGC was applied to six SPOT 5 multispectral images at 10-m resolution and two or-
thoimages at 1-m resolution. Overlapping portions of the 25-m resolution Earth Obser-
vation for the Sustainable Development of Forests (EOSD) and the 30-m Global Forest
Cover (GFC) maps were used to guide the classifications. TGC parameters were manually

optimized for a single image and applied automatically to all images.
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TGC forest accuracies were low, averaging 58 % forest producer’s accuracy (PAr) and
67 % forest user’s accuracy (UAg). Although these results were disappointing from the
perspective of forest management, they had 25 % fewer errors of omission and 8 % fewer
errors of commission than the original land-cover maps. The average PA¢ was only 14 %
lower than the average PA¢ of the SVM classifications, and the average UA¢ only 8 % lower.
If such improvements could be repeated automatically for large areas, TGC would be very
useful. However, analysis indicated that the optimal TGC parameters are highly dependent
on spatial variations of land-cover map accuracy and on the relative areas of classes within
the target images. Therefore, lower accuracies are expected when TGC is applied over
large areas.

In contrast, the 1-m orthophotos were classified very accurately, with PA; averaging
80 % and UAf 85 %. The orthophotos had relatively high percentages of forest area (ap-
proximately 25 %) that resulted in statistical advantages when calculating forest accuracies.

The analysis of the experimental results found two main sources of error:

1. Mixed clusters caused by low spectral separability of classes and poor choices of

clustering parameters, and

2. Template label error caused by error in the initial classification, land-cover changes,

spatial resolution effects, and georegistration error.

Mixed clusters were a crucial problem, because the average cluster purity of an ROI is
the hard upper limit of its overall classification accuracy. Visual assessment of the cluster-
ing results indicated that mixed clusters were a large source of error. This was confirmed
within a 5.25 x 7.5 km? site of ground-reference data, where more than 80 % of classifica-
tion errors were caused by mixed clusters.

The template map classification accuracies were low. At 10-m resolution, the EOSD’s

average PA¢ and UAr were below 45 %; the GFC’s average PAr was 28 % and its average
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UAr was 74 %. Despite the low template accuracies, the LIDAR ground-reference site
indicated they were responsible for less than 20 % of TGC’s overall classification error.

TGC’s optimal clustering depends on template accuracy. As template accuracy in-
creases, the need for error correction decreases. Therefore, with better templates, clustering
can be more aggressive, configured to produce smaller (and presumably purer) clusters. In
turn, the effect of template error on TGC accuracy depends on clustering. In general, as
cluster purity and cluster size increase, the ability to correct template error increases.

From the perspective of automation, the main problem with using a template map to
guide classification is the large and unpredictable variation in template accuracies. Tem-
plate variability makes it difficult to cluster optimally and to determine an appropriate
threshold for forest correspondence. Within the different ROIs, the GFC’s PA¢ values varied
by a factor of five; the EOSD’s UA¢ values varied by a factor of two. Consequently, opti-
mal clustering parameters and the predictive power of template pixels varied unpredictably.
TGC used the template as the measure of all things, but the measure itself varied.

To mitigate this variation for general classification, automatic parameters for TGC were
suggested that were based upon the experimental results. These parameters have not been
tested so their behaviour in general situations is unknown. However, the parameters’ equa-
tions suggested that it may be useful to investigate the general relationships between the
cluster purity threshold and %L.ANDy, and between the MAREAF; threshold and PAy.

The science question of whether TGC is useful can be answered from two perspectives.
When the only consideration is the classification accuracy of remnant trees within the Ver-
milion River watershed, TGC is not useful because SVM accuracies are typically higher
than the TGC accuracies. However, TGC may be useful for automatically improving the
accuracies of large-area land-cover maps. Although TGC automatically improved template
classification accuracies within the study site, the greater variabilities of land cover and

land-cover maps within large areas could cause problems with the automatic selection of
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appropriate parameters. Analysis suggested that some of the problems could be mitigated
by template accuracy information and that classification accuracies would be improved by
using target data with more separable classes. Whether sufficient accuracies can be reliably

achieved is an open question.

7.1 Future Work

The goal is to apply TGC to produce spatially high-resolution land-cover maps of Alberta.
TGC will be applied to its own output to produce maps with progressively higher spa-
tial resolutions. Multi-temporal and multi-instrument target data will be obtained from
archives of 250-m MODIS, 30-m Landsat, 10/20-m Sentinel-2, 20-m Sentinel-1, and 1-m
orthophoto images.

TGC will be extended to:

e use multi-temporal and radar data to better distinguish between classes,
e classify more land-cover types, and

e automate TGC parameter selection using class confidence products.

In addition, the use of multiple template maps for generating class confidence values will

also be investigated.
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Appendix A

10-m TGC Watershed Classifications

A.1  Accuracies with Constant ¢

Table A.1: Classification accuracies for TGC with constant ¢ for varying templates and
datasets. Overall accuracies of TGC classifications were high, often exceeding 90 %. How-
ever, forest classification accuracies were lower and highly variable.

Parameters Metric (%) 538-241 538-242 541-241 541-242 542-241J1 542-241J6 Average
MS EOSD PAf 67 49 74 30 72 38 55
with ¢y =0.2 UA¢ 53 68 85 81 62 68 69
OA 92 94 93 92 87 91 92
REA¢ 41 -56 -17 -208 22 -114 -55
MS+P EOSD PA¢ 66 36 67 31 73 43 53
with ¢y =0.2 UA¢ 66 59 90 100 65 83 77
OA 94 93 95 92 87 93 93
REA¢ 0 -106 -39 -225 17 -113 -78
MS EOSDy, PA¢ 68 56 71 31 75 38 57
with ¢y =0.2 UAf 51 68 85 76 66 49 66
OA 92 94 92 92 88 89 91
REAf 49 -32 -23 -192 20 -60 -40
MS+P EOSDy, PA¢ 62 35 60 39 70 48 52
with ¢ = 0.2 UAs 60 68 89 83 63 73 73
OA 94 94 94 92 86 93 92
REAf 3 -140 -56 -133 16 -69 -63
MS GFC PAf 69 49 88 35 87 44 62
with ¢y = 0.06 UAs 56 75 53 76 54 60 62
OA 93 95 84 92 83 91 89
REA¢ 33 -70 76 -158 70 -63 -19
MS+P GFC PA¢ 66 36 83 49 86 51 62
with ¢ = 0.06 UAy 67 61 52 69 56 72 63
OA 94 94 89 91 83 93 91
REA¢ -3 -112 71 -59 64 -56 -16
MS GFCy, PA¢ 64 47 88 31 83 42 59
with ¢ = 0.06 UA¢ 52 68 53 71 54 53 59
OA 92 94 84 91 83 90 89
REA¢ 36 -65 75 -182 65 -52 -21
MS+P GFC,, PA¢ 71 38 83 49 85 46 62
with ¢ = 0.06 UAs 69 69 54 69 55 70 64
OA 95 94 90 91 83 92 91
REAf 5 -117 66 -59 63 -75 -19

PA¢ = forest Producer’s Accuracy, UAr = forest User’s Accuracy, OA = Overall Accuracy,
REA; = forest Relative Error of Area, ¢ = forest correspondence threshold,
MS = 10-m multispectral data, MS+P = 10-m multispectral and panchromatic data,
EOSD =EOSD template, EOSDy, = water-masked EOSD template,
GFC = GFC template, GFCy,, = water-masked GFC template,
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A.2 Error Matrices with Constant ¢,

Table A.2: MS EOSD (¢ = 0.2) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 67.2
[ Non-forest 601 20 621 94.2 32.8 UAg 52.6
| Forest 37 41 78 5.8 67.2 %LAND¢ 11.2
Total 638 61 699 100.00 100.00 OA 91.8
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 49.1
[ Non-forest 632 28 660 98.0 50.9 UA¢ 67.5
| Forest 13 27 40 2.0 49.1 %LAND¢ 5.7
Total 645 55 700 100.00 100.00 OA 94.1
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 74.1
[ Non-forest 395 22 417 97.3 25.9 UA¢ 85.1
| Forest 11 63 74 2.7 74.1 %LAND¢ 15.1
Total 406 85 491 100.00 100.00 OA 933
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 30.2
[ Non-forest 387 30 417 99.2 69.8 UA¢ 81.2
| Forest 3 13 16 0.8 30.2 %LAND¢ 3.7
Total 390 43 433 100.00 100.00 OA 924
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 71.6
[ Non-forest 323 23 346 90.0 28.4 UA¢ 61.7
| Forest 36 58 94 10.0 71.6 %LAND¢ 214
Total 359 81 440 100.00 100.00 OA 86.6
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 38.2
[ Non-forest 435 34 469 97.8 61.8 UA¢ 67.7
[ Forest 10 21 31 2.2 38.2 9% LANDy¢ 6.2
Total 445 55 500 100.00 100.00 OA 91.2

Table A.3: MS+P EOSD (¢

= 0.2) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 66.1
[ Non-forest 597 19 616 96.9 33.9 UA¢ 66.1
| Forest 19 37 56 3.1 60.1 %LAND¢ 83
Total 616 56 672 100.00 100.00 OA 94.3
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 36.2
[ Non-forest 571 30 607 98.0 63.8 UA¢ 58.6
| Forest 12 17 29 2.0 36.2 %LAND¢ 4.6
Total 589 47 636 100.00 100.00 OA 934
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 66.7
[ Non-forest 312 14 326 99.0 333 UA¢ 90.3
| Forest 3 28 31 1.0 66.7 %LAND¢ 8.7
Total 315 42 357 100.00 100.00 OA 95.2
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 30.8
[ Non-forest 302 27 329 100.0 69.2 UA¢ 100.0
| Forest 0 12 12 0.0 30.8 %LAND¢ 35
Total 302 39 341 100.00 100.00 OA 92.1
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 732
[ Non-forest 262 19 281 90.3 26.8 UA¢ 65.0
| Forest 28 52 80 9.7 73.2 %LAND; 222
Total 290 71 361 100.00 100.00 OA 87.0
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 429
[ Non-forest 304 20 324 99.0 57.1 UA¢ 83.3
| Forest 3 15 18 1.0 42.9 %LAND¢ 53
Total 307 35 342 100.00 100.00 OA 933
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Table A.4: MS EOSDy;, (¢ = 0.2) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 68.4
[ Non-forest 566 18 584 93.9 31.6 UA¢ 513
| Forest 37 39 76 6.1 68.4 %LAND¢ 11.5
Total 603 57 660 100.00 100.00 OA 91.7
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 56.0
[ Non-forest 558 22 580 97.7 44.0 UAg 68.3
| Forest 13 28 41 2.3 56.0 %LAND¢ 6.6
Total 571 50 621 100.00 100.00 OA 94.4
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 70.6
[ Non-forest 369 25 394 97.1 29.4 UA¢ 84.5
| Forest 11 60 71 2.9 70.6 %LAND¢ 153
Total 380 85 465 100.00 100.00 OA 923
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 31.0
[ Non-forest 371 29 400 98.9 69.0 UA¢ 76.5
| Forest 4 13 17 1.1 31.0 %LAND¢ 4.1
Total 375 42 417 100.00 100.00 OA 92.1
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 753
[ Non-forest 312 20 332 90.7 24.7 UA¢ 65.6
| Forest 32 61 93 9.3 75.3 %LAND¢ 219
Total 344 81 425 100.00 100.00 OA 87.8
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 37.7
[ Non-forest 396 33 429 95.0 62.3 UA¢ 48.8
| Forest 21 20 41 5.0 37.7 %LAND¢ 8.7
Total 417 53 470 100.00 100.00 OA 88.5

Table A.5: MS+P EOSDy;, (¢ = 0.2) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 61.5
[ Non-forest 561 20 581 96.4 38.5 UA¢ 60.4
| Forest 21 32 53 3.6 61.5 %LAND¢ 8.4
Total 582 52 634 100.00 100.00 OA 935
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 349
[ Non-forest 512 28 540 98.7 65.1 UA¢ 68.2
| Forest 7 15 22 1.3 34.9 %LAND¢ 3.9
Total 519 43 562 100.00 100.00 OA 93.8
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 59.5
[ Non-forest 293 17 310 99.0 40.5 UA¢ 89.3
| Forest 3 25 28 1.0 59.5 %LAND¢ 83
Total 296 42 338 100.00 100.00 OA 94.1
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 39.5
[ Non-forest 284 23 307 99.0 60.5 UA¢ 833
| Forest 3 15 18 1.0 39.5 %LAND¢ 55
Total 287 38 325 100.00 100.00 OA 92.0
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 70.4
[ Non-forest 252 21 273 89.7 29.6 UA¢ 63.3
| Forest 29 50 79 10.3 70.4 J%LAND¢ 224
Total 281 71 352 100.00 100.00 OA 85.8
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 48.5
[ Non-forest 277 17 294 97.9 51.5 UA¢ 72.7
| Forest 6 16 22 2.1 48.5 %LAND¢ 7.0
Total 283 33 316 100.00 100.00 OA 92.7
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Table A.6: MS GFC (¢ = 0.06) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 68.9
[ Non-forest 605 19 624 94.8 311 UA¢ 56.0
| Forest 33 42 75 52 68.9 %LAND¢ 10.7
Total 638 61 699 100.00 100.00 OA 92.6
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 49.1
[ Non-forest 636 28 664 98.6 50.9 UAg 75.0
| Forest 9 27 36 1.4 49.1 %LAND¢ 5.1
Total 645 55 700 100.00 100.00 OA 94.7
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 88.2
[ Non-forest 339 10 349 83.5 11.8 UA¢ 52.8
| Forest 67 75 142 16.5 88.2 %LAND¢ 28.9
Total 406 85 491 100.00 100.00 OA 84.3
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 345
[ Non-forest 439 36 475 98.7 65.5 UA¢ 76.0
| Forest 6 19 25 1.3 345 %LAND¢ 5.0
Total 445 55 500 100.00 100.00 OA 91.6
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 86.6
[ Non-forest 330 13 343 82.1 13.4 UA¢ 53.8
| Forest 72 84 156 17.9 86.6 %LAND¢ 31.3
Total 402 97 499 100.00 100.00 OA 83.0
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 43.6
[ Non-forest 429 31 460 96.4 56.4 UA¢ 60.0
| Forest 16 24 40 3.6 43.6 %LAND¢ 8.0
Total 445 55 500 100.00 100.00 OA 90.6

Table A.7: MS+P GFC (¢ = 0.06) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 66.1
[ Non-forest 598 19 617 97.1 33.9 UA¢ 67.3
| Forest 18 37 55 2.9 66.1 %LAND¢ 8.2
Total 616 56 672 100.00 100.00 OA 94.5
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 36.2
[ Non-forest 578 30 608 98.1 63.8 UA¢ 60.7
| Forest 11 17 28 1.9 36.2 %LAND¢ 4.4
Total 589 47 636 100.00 100.00 OA 93.6
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 833
[ Non-forest 283 7 290 89.8 16.7 UA¢ 522
| Forest 32 35 67 10.2 83.3 %LAND¢ 18.8
Total 315 42 357 100.00 100.00 OA 89.1
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 48.9
[ Non-forest 318 23 341 97.0 SI.T UA¢ 68.8
| Forest 10 22 32 3.0 48.9 %LAND¢ 8.6
Total 328 45 373 100.00 100.00 OA 91.2
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 86.5
[ Non-forest 244 10 254 82.7 13.5 UA; 55.7
| Forest 51 64 115 17.3 86.5 J%LAND¢ 31.2
Total 295 74 369 100.00 100.00 OA 83.5
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 514
[ Non-forest 300 17 317 97.7 48.6 UA¢ 72.0
| Forest 7 18 25 2.3 51.4 %LAND¢ 7.3
Total 307 35 342 100.00 100.00 OA 93.0
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Table A.8: MS GFC,, (05 = 0.06) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 63.9
[ Non-forest 586 22 608 94.2 36.1 UA¢ 52.0
| Forest 36 39 75 58 63.9 %LAND¢ 11.0
Total 622 61 683 100.00 100.00 OA 91.5
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 473
[ Non-forest 607 29 636 98.1 52.7 UAg 68.4
| Forest 12 26 38 1.9 47.3 %LAND¢ 5.6
Total 619 55 674 100.00 100.00 OA 93.9
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 88.2
[ Non-forest 339 10 349 83.7 11.8 UA¢ 532
| Forest 66 75 141 16.3 88.2 %LAND¢ 28.8
Total 405 85 490 100.00 100.00 OA 84.5
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 30.9
[ Non-forest 438 38 476 98.4 69.1 UA¢ 70.8
| Forest 7 17 24 1.6 30.9 %LAND¢ 4.8
Total 445 55 500 100.00 100.00 OA 91.0
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 83.3
[ Non-forest 331 16 347 83.0 16.7 UA¢ 54.1
| Forest 68 80 148 17.0 83.3 %LAND¢ 29.9
Total 399 96 495 100.00 100.00 OA 83.0
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 41.8
[ Non-forest 425 32 457 95.5 58.2 UA¢ 535
| Forest 20 23 43 4.5 41.8 %LAND¢ 8.6
Total 445 55 500 100.00 100.00 OA 89.6

Table A.9: MS+P GFC,, (¢ = 0.06) classifications.

538-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 71.4
[ Non-forest 587 16 603 97.0 28.6 UA¢ 69.0
| Forest 18 40 58 3.0 71.4 %LAND¢ 8.8
Total 605 56 661 100.00 100.00 OA 94.9
538-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 38.3
[ Non-forest 555 29 584 98.6 61.7 UA¢ 69.2
| Forest 8 18 26 1.4 383 %LAND¢ 43
Total 563 47 610 100.00 100.00 OA 93.9
541-241 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 833
[ Non-forest 284 7 291 90.4 16.7 UA¢ 53.8
| Forest 30 35 65 9.6 83.3 %LAND¢ 18.3
Total 314 42 356 100.00 100.00 OA 89.6
541-242 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 48.9
[ Non-forest 318 23 341 97.0 SI.T UA¢ 68.8
| Forest 10 22 32 3.0 48.9 %LAND¢ 8.6
Total 328 45 373 100.00 100.00 OA 91.2
542-241J1 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 85.1
[ Non-forest 241 11 252 82.5 14.9 UA; 553
[ Forest 51 63 114 17.5 85.1 J%LAND;¢ 31.1
Total 292 74 366 100.00 100.00 OA 83.1
542-241J6 Ground Reference (Pixels) Ground Reference (%) Metrics (%)
Non-forest Forest Total Non-forest Forest PA¢ 45.7
[ Non-forest 300 19 319 97.7 543 UA¢ 69.6
| Forest 7 16 23 2.3 457 %LAND¢ 6.7
Total 307 35 342 100.00 100.00 OA 924

128



A

Accuracy

Accuracy

Accuracy

.3 Accuracies with Variable ¢,

MS EOSD 538-241 MS EOSD 538-242

1.00 7 1.00 7
0.75 7 0.75 7
0.50 7 0.50 7
0.25 7 0.25 7
0.00 = 0.00 7

1 1 1 1 1 1 1 1 1 1 1 1

0.0 0.1 0.2 0.3 0.4 0.5
@
MS EOSD 541-242

1.00 7 1.00 7
0.75 7 0.75 7
0.50 7 0.50 7
0.25 7 0.25 7
0.00 = 0.00 =

I I I I I I

0.0 0.1 0.2 0.3 0.4 0.5
P
MS EOSD 542-241J1

1.00 7 1.00 7
0.75 7 0.75 7
0.50 7 0.50 7
0.25 7 0.25 7
0.00 7 0.00 =

I I I I I I I I I I I I

0.0 0.1 0.2 0.3 0.4 0.5 0.0 0.1 0.2 0.3 0.4 0.5
?; P

*—* Overall Accuracy *—° Forest Producer's Accuracy —* Forest User's Accuracy

Figure A.1: Accuracies for MS EOSD versus 0.
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Figure A.2: Accuracies for MS+P EOSD versus 0.
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Figure A.3: Accuracies for MS EOSDy;, versus ¢ .
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Figure A.4: Accuracies for MS+P EOSDy;, versus ¢ .
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Figure A.5: Accuracies for MS GFC versus ¢ .
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Figure A.6: Accuracies for MS+P GFC versus ¢ .
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Figure A.7: Accuracies for MS GFCy, versus 0y .
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Figure A.8: Accuracies for MS+P GFC,, versus ¢ .
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Appendix B

10-m Template Classification Accuracies

Table B.1: Template map classification accuracies for each experimental ROI.

Template Metric (%) 538-241 538-242 541-241 541-242 542-241J1 542-241J6 Average
MS EOSD PA¢ 43 36 46 33 48 33 40
UA¢ 27 36 63 52 48 40 44
OA 85 90 86 90 81 87 87
REA¢ 131 5 -59 -114 3 -5 -15
MS+P EOSD PA¢ 39 28 33 31 46 40 36
UA; 28 38 57 52 49 44 45
OA 87 91 89 89 80 89 87
REA¢ 100 -100 -123 -131 -9 -21 -47
MS EOSDy, PA¢ 42 36 46 33 48 30 39
UA¢ 26 33 63 52 49 38 44
OA 85 89 85 90 80 87 86
REAf 146 22 -59 -107 -3 -69 -12
MS+P EOSD, PA¢ 38 28 31 34 46 36 36
UA¢ 27 39 52 62 49 41 45
OA 86 91 88 90 80 88 87
REA¢ 110 -100 -131 -131 -12 -33 -49
MS GFC PA¢ 21 11 61 15 60 13 30
UA¢ 68 55 90 80 89 64 74
OA 92 92 92 90 91 90 91
REA¢ -323 -733 -52 -563 -55 -629 -392
MS+P GFC PA¢ 23 4 45 13 55 17 26
UA¢ 81 40 79 75 89 75 73
OA 93 92 92 &9 90 91 91
REA¢ -308  -2100 -95 -617 -68 -450 -606
MS GFCp, PA¢ 21 13 61 15 60 13 30
UA¢ 68 58 90 80 89 64 75
OA 92 92 92 90 91 90 91
REA¢ -323 -614 -52 -563 -53 -629 -372
MS+P GFC, PA¢ 23 4 45 13 55 17 26
UA¢ 81 40 79 75 89 75 73
OA 93 92 92 &9 90 91 91
REA¢ -308  -2100 -95 -617 -68 -450 -606

PA¢ = forest Producer’s Accuracy, UAr = forest User’s Accuracy, OA = Overall Accuracy, REA¢ = forest Relative Error of Area,
EOSDy, = water-masked EOSD template, GFC = GFC template, GFC,,, = water-masked GFC template,
MS = 10-m multispectral SPOT ROI, MS+P = 10-m multispectral and panchromatic SPOT ROI.
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