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Abstract

Habitat loss anthumancaused mortality are the most seriousdtsdacing
grizzly bear {rsus arctod..) populations in Alberta, with conflicts between people and
bears in agricultural areas being especially import&ot. this reason, information is
needed about grizzly bears in agricultural areHse objectives bthis research were to
find the best possible classification approach for determining multiple classes of
agricultural and herbaceous land cofearthe purpose of grizzly bear habitat mapping
and to determine what, if any, spatialand compositional cowapts of the landscape
affected the bears in these agricultural areégsectral and environmental data fioe
different nd-cover types of interest weeequiredin late July, 2007from Landsat
ThematicMappersatellite imagery and field data colleot in two study areas in Alberta
Three different classification methodere analyzedthe best methodeingthe
Supervised Sequential Masking (SSM) technique, which gave an overall accuracy of 88%
and a Kappa Index of Agreement (KIA) of 83%he SSMclassification was then
expanded to cover 6 more Landsat scenes, and nechiiith bear GPS location data.
Analysis of this data revealed thwdars in agricultural areas were found in grasses /
forage crops 77% of the time, with small grains and batd faiow fields making up
the rest of the visited lancover.

Locational data for 8 bears wesgamined in an area southwest of Calgary,
Aberta. The 4494 kfrstudy area was divided into 107 slamdscapes of 42 Km Five
meter spatial resolution B&Rpanchromatic imagery was used to classify the area and
derive compositional and configurational metrics for eachlantiscape. It was found
that the amount of agricultural land did not explain grizzly bear use; however, secondary
effects of agriculturen landscape configuration did. High patch density and variation in
distances between neighboring similar patch types were seen as the most significant
metrics in the abundance models; higher variation in patch shape, greater contiguity
between patchegnd lower average distances between neighboring similar patches were
the most consistently significant predictors in the bear presence / absence models.
Grizzly bears appeared to prefer areas that were structurally correlated to natural areas,
and avoideareas that were structurally correlated to agricultural areas. Grizzly bear
presence could be predicted in a particular aulscape with 87% accuracy using a
l ogi stic regression model . Bet ween 30%
habitat seletion was explained.
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1. Introduction and Overview

This chapter will provide amtroduction and overview of the concepts that are used
in the following chapters. The objectives of the thesis will be established, and placed

within the larger context of existing literature.

1.1 Grizzly Bear Background

1.1.1 Importance

There hasacently been a growing trend in North America, as well as other places
in the world, to recognize the value of intact, healthy ecosystems that contain native
plants and animals. Grizzly beak$rgéus arctod..) could be considered a well
recognized postarhild for this developing ecological consciousness (Real, 2003).

In addition to this cultural valueyigzly bearsare also an important ecological asset.

Grizzly bearsare an umbrella species, meaning that ecosystems and landscapes that are
viable for grizzly populations are also viable for a large number of other specie(Peak
al., 2003), and they are therefore an important indicator of ecosystem heailthly

bears can also influence ecosystem health and variability dirdothyugh pocesses such

as seed dispersahd transportation of nutrients from marine to inland ecosystems
(Hilderbrandet al.,1999). In addition, complex ecological relationships can be affected
by a lack of grizzly predation on ungulates. Bergjeal.(2001) showd how an

increased ungulate population caused by lack of predation after a local grizzly extinction

caused damage to riparian areas from overgrazing, which in turn affected migratory bird



diversity. Grizzly bears can also be a cause of local vegetatiersdy. By overturning
earth in search of roots and small mammals, they provide disturbance patches that
become good sites for pioneering plant spefesket al, 2003). Grizzly beargplayan
important role in the environments which they inhabitfortunatelythey are under
threat, due mainly to conflict with human&rizzly bears require wilderness and
seclusion from humans, as well aghhquality, contiguous habitéiicLellan and
Shackleton, 1988).

Grizzly bearsccupied the entire westehalf of North Americat the time of
European settlementvith their territory even irlading much of the Great Plains
(Kansas, 2002). nithe last 200 yearsowevergrizzly range has shrunk by as much as
two-thirds Their range south of the Arctic I€le is limited to mountainous areas,
isolated pockets, and national patkgyure 1.1, adapted from Kansas, 2002hey are
now classified as éhreatenedspecieglikely to become endangered in the near future in
a significant portion of its rang) the contiguous United States (grizzly bears in
Yellowstone National Park in the U.S.A. have been delisted, however), and it has been
recomme nde d Emdgngeded Bpeaies @odservation Committee that the species
beelevated r o m 0 may hHbeleved to be sitkigk, bet needing a detailed
assessment for confirmatiotw) Ghreatenedstatus in Alberta as well (McLellan and

Shackleton, 1988; Stenhouseal, 2003).

1.1.2 Habitat and fragmentation

The term o6habitadéf i maasimaand Idc#hiensfithe wi | | b e
specific resources needed by an organism for suran@eproductom , whi ch is th
definition put forward byMcDermidet al.(2005. O6Fragmentationdé in th



- Current Range
- Historic Range

Figure 1.1: Current and historic (last 200 years) range of the grizzly bear in Nortt
America. Adapted from Kansas, 2002.

the more general principle of land transformation in which a large hablisdken into

smaller pieceby a spatial procesE¢rman, 1995 Fragmentation will therefore lead to

an overall loss of habitat and increased isolation of the remaining haibtas. Habitat

loss can also occur without fragmentation, if the use of the land chafrgaggmentation

isoften measuredwith | andscape metricsdé6, whwith for the
follow the cefinitionas outlinel by McGarigal (2002).Landscape metriagfers to

indices developed for categorical maps, and
geometric and spatigroperties of categorical map patterns represented at a single

scale @IcGarigal, 2002).andscape metrics act as the quantitative link betwpatial



patternfthe landscapand ecological or environmental processes, such as animal
movement and halait selection.@ 6 N estial, 1988; Narumalaret al, 2009.

There are two primary effects of ragmentation on the landscape: an alteration of
the remnant habitat microclimate, and isolation of previously connected areas of the
landscape. Fragmentation therefore causes both biogeographical and physical effects on
the landscape (Saundatsal, 1991). It often has dramatic consequences for species
richness and complex ecosystem interactions, and can lead to a decrease in biodiversity
(Saunderet al, 1991; Hoffmeisteet al, 2005).

Biogeographical effectsf fragmentationsuch as changes in microclimate, result
fromchanges in the physical fluxes, or movements of enaaygss the landscape.
Alterations in solar radiation, wind, and water can all be caused by fragmentation of the
landscape, and have imgiant effects on remnant populations. For example, changes in
the radiation balance can affect large animals by altering resource availability due to
changes in vegetation type, growth rates, and phenology. Altered solar radiation fluxes
can also destdlize predatofprey and other complex interactions though direct changes
in temperature. Similar effects can be caused by wind, as fragmented landscapes are
more susceptible to this process; wind can damage vegetation, and is responsible for the
transferof materials such as dust, seeds, and nutri€atsrderst al, 1991)).

Fragmentation may also interrupt natural processes that have important biological
conseguences, such as fire. These processes are often essential to creating habitat and
promoting eosystem healthLéach and Givnish, 1996 However,natural processes

only operate at a limited scale in fragmented landscapes, often being confined to

individual patches.



Fragmentation also causggect physical effects on the landscape. Both
redudion of total habitat area and the spatial structure of the remaining habitat are
important factors for the survivability of the remaining native populations. Habitat (and
therefore species) isolation is one of the most important factors to examindatiéogu
that are isolated from neighboring populations are subject to inbreeding and genetic drift
(Peaket al 2003 Hoffmeisteret al, 2005. Inbreeding and genetic drift turn increases
t he p o paudceptbilitytoldng term climate variabyjtpathogerinduced changes
in ecosystem carrying capacity, and, eventually, extinction (Mattson and Reid, 1991,
Hoffmeisteret al, 2005). Species can no longer survive these habitat changes by normal
means (i.e., migration and dispersal) because adkadatravel corridors or contiguous
habitat in fragmented landscap®&aftson and Reid, 1991; Saundetsal, 1991,
Rosenbergt al, 1997. Suppressed migration and dispersion is especially problematic
for grizzly bearswith their large natural rangend relatively low population numbers
(Kansas, 2002) Habitat fragmentation may also lead to evolutionary changes in a
species, due to changes in their encounters with mutualists, competitors, enemies, and
prey (Hoffmeisteret al, 2005). The size, shapend position in the landscape of the
remaining habitat are all important modifying variables for tlobseet physicaéffects
on the landscap@ahrig and Merriam, 1994

Probably the most significant impact fragmentation has on grizzly bears is an
increased exposure to humans, due to greater amounts of edge habitat and an associated
increase in access by people to formerly remote areas of grizzly hasttedn and

Reid, 1991 Gibeauet al, 2002;Kansas, 2002; Nielseat al, 2009.



1.1.3 Impcts on grizzly bears

Humancaused mortality, along with habitat loss, are the most serious threats
facing grizzly bear populations (Gibeaual, 2002; Kansas, 2002Habitat losss most
often caused by uncontrolled human access and industrial genet activity in bear
habitat. Activities such as oil and gas exploration and extraction, forestry, agriculture,
and recreation all contribute to grizzly bear habitat fragmentation and loss (Gagshelis
al., 2005). Another important factor is the netwofroads and trails that all of the
aforementioned activities depend on, as well as the seismic exploration lines that are cut
for oil and gas exploration (Ma&# al, 1996; Linkeet al, 2005). Thesénear features
allow access to otherwise remoteas by people, which leads to conflict and a declining
bear population (Kansas, 20030ads and trails not only fragment the landscape, but
reducethe total area of habitat and limgrizzly bear movement. Roads, for exdengan
act as barriers or emdncrease mortalityor grizzly bears (Gibeaet al, 2002). Not all
fragmentation is bad, howevenatural habitat variability can be favorable, as it provides
more potential resources for different activities such as feeding and beddingdtmlke
2005).

Oil and gas exploration and extraction is a very large part of fragmentation of
forested areas in the Rocky Mountains, especially in the Alberta foothills region. One of
the major components of oil and gas exploration is the creation of seigtimes, which
dissect the landscape and contributehesfragmenaition of existing patchesf forest
The network of cutlines can be quite dense, and the lines themsah&3rd wide
(Linke et al, 2005). Linkeet al. (2005) investigated the role that seismic cutlines and

landscape structure play in determining grizzly bear use of an area in the foothills of the



Alberta Rocky Mountains. They found no direct relationship between landesa@nd
proportion of cutlineswhichis the same result obtained by McLellan and Shackleton
(1989) in southern British Columbia. However, Lirdteal(2005)did find an indirect
relationship: grizzly bear use was linked to physical landscape metrics that included mean
patch size, mportion of closed forest, and variation in mean nearest neighbor distances
between patches of the same type. These landscape metrics are all affected by the dense
network of seismic cutlines through forested areas.

Grizzly bears are known to prefer asdaaat include both forested and non
forested habitat (Appst al, 2004), but with increasing human presence, natural causes
of forest variability, such as fire, are suppressed or elimindi#ichination of natural
disturbanceesults in forest habitatiti relatively few openings, which can result in
bears instead using anthropogenic openings caused by forestry activity (Mtedden
2004). Data from bears in the central Alberta Rocky Mountain foothills region shows
that grizzly bear use could be greted by landscape metrics, distattoeedge, and edge
to-perimeter ratio. Grizzly bears were found closer to etediiedges, selected cleauts
that had an irregular shape, and generally used these areas at night @l ials004).
While generdy suitable habitat, bear use@éar cutdeads to increased conflict with
humans, which often results in high bear mortality (N ietsteal., 2006).

While less conspicuous than other forms of fragmentation, linear fesucbsas
roads can have vergrge impacts on grizzly bear populations (McLellan and Shackleton,
1988; Maceet al, 1996 Wielguset al, 2002; Chruszcet al 2003; Waller and
Servheen, 2005 The impactsare largtue t o t he bearsdé great mobi

spatial requirementof survival (Chruszcet al 2003). Roads may increase landscape



connectivity for people, but they decrease it for bears and other wildlife; decreased
connectivity can have many detrimental effects. Some of the direct effects of roads on
grizzly bears iolude increased access for hunters and poachers, increased probability of
vehiclebear collisions, and increased frequency of bear flight respoihgestress of

which can negatively impact the health of the ligéaLellan and Shackleton, 1988).
Indirecteffects of roads on grizzly bears can occur because oftewngdisplacement of
bears from areas adjacent to roads; roads in the Rocky Mountains are usually located
along valley bottoms, and pass through riparian areas and other highly productive areas
of bear habitat.Loss of these aread productive habitatan lead to increased pressure

on similar habttats in regions that are not fragmented by roads, as wedllass of

overall habitat (McLellan and Shackleton, 1988; Singletbal, 2004).

Agriculture and its associated activities are also causes of habitat fragmentation
and increased conflict between bears and humans. Kansas (2002) identified reducing
humangrizzly conflict on agricultural lands as a priority for mitigating the long term
dedine of the species. Ina study of grizzlppman conflict on agricultural lands in
Montana, Wilsoret al. (2005; 2006) found that there were many different attractants for
bears on private lands that are a part of the natural bear habitat. One ofthe mos
important factors was the use ofriparian areas by bears as both habitat and transportation
corridors (Wilsoret al, 2005). The bears use these areas to reach anthropogenic
attractants, such as cattle, sheep, beehives, and boneyards. The moratatthattevere
in an area, and the closer that area was to wetlands or riparian areas, the more likely the
bears were to use that area as habitat. Vidhenerssuch as fences were introduced, the

rate of bear usef these areadropped considerably. Fexample, beehives that were



protected by fencing were much | ess Ilikely t

hives (Wilsoret al, 2006). In many cases in Montana, the original bear habitat has not

been fragmented, but its use has been chandadhwrings the bears into conflictiti

people, and can be seen as an effedbise of habitat Effective habitat loss is defined as

an unwillingness of the bear to use suitable

di sturbance or mortality risko (Kansas, 2002
The province of Alberta, Canada, also has a large agricultural footprint.

Agriculture and related activities exist right up to the edge of the foothills of the Rocky

Mountains. The recommendatibony Al ber tads Endangered Specie

Committee thagrizzly bearde elevated tdihreatenedstatus (Stenhouss al, 2003)

meais that appropriate management and conservation planmithe required.

Effective and current habitat maps will be necesdarryhis planningNielsenet al,

2006). A problem currently facing grizzly bear habitat mappimd\lbertais the lack of

a dassification scheme that differentiates between agricultural and herbaceousfareas.

accurate classification of such aseavill be necessary in order tarther understand the

relationships between the grizzly bears and these agricultural areas. Hohe eeirrent

area of interest for grizzly bear population viability analysiglbertais most of the

western half of the provind® ielsenet al, 2006), rendering traditional field based

analysis methods problematic fandcover classificatiopurpses. Therefore, another

technique is neededue to their spatial and temporal flexibility, remote sensing

methods of land cover classificatiare well situated to handle tipsoblem ofland cover

classification over darge spatial range (McDermet al., 2005).



12 Land Cover Classification

One ofthe most common uses for remotely sensed satellite data is land cover
classification, the process of creating a thematic map by attributing a particular class
identity to image objects or discrete pixels within the image (Cédtlat, 1998; Foody,
2002). Each separate class can be defined by its indivsgeatral re sponseithin the
available spectral bands registered by the satellite sensor beingTimedpectral
response of a band is a measurement of the amount of reflected solar radiation
particular wavelength, with the wavelength being determined by the l62ladses can
also be defined based on textural or spatial meassuel as homogeneity or distance to
other featuresLand cover classification can bgecutedn a variety ofways, and for a
variety of purposesLand cover classification calsobe accomplished at a variety of
different scales: from the continental and global level (e.qg., Fetedll, 1999; Agrawaét
al., 2003; Cihlaet al, 2003; Joslhet al, 2006) to dcal and regional studies (e.g., Brook
and Kenkel, 2002; Rees¢ al, 2002; Van Niel and McVicar, 2004). Satellite sensors are
commonly grouped by spatial resolution, and coarse, medium, and fine resolution sensors
have all been used for landverclasdfication studies (see Tablel).

However, McDermicetal ( 2 0 0 5 ) whife dahdeover rhagd mayicontain
useful predictive power, they are often not capable of revealing the underlying
mechanisms and dynamic nat uTodelpancreaseadhap | e x
accuracy and usefulness of land cover magsnall selection aflassification methods
weretestedin this thesis An exhaustive look at all of the availalehassification
methods and satellite remote sensing sysiemeyond th scope of this thesis.

However, some attention will be given to medium resolution sensors, especially Landsat
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5 Thematic Mapper (TM), Lands@tEnhanced Thematic Mapper Plus (ETMaid the

Indian Remote SensingRS) 1-C/D sensors, as images from thesdellites were used in

thethesis

Table 1.1: Common satellite sensors used fordameker classification

Satellite Sensor
(resolution)

Common Land
Covers Studied

References

Advanced Very High
Resolution Radiometer

Variousi
continental to

Friedlet al, 1999;
Mclver and Friedl, 2002

Coarse (AVHRR) (1.1 km) global scale cover
Resolution Systeme Pour Vegetation, Agrawalet al, 2003;
[Observation de la Terrg Agriculture Kerr and Cihlar, 2003
(SPOT) Vegetation sens(
(1.15 km)
Landsat Thematic Mappgq Forest Franklinet al, 2002;
(TM) and Enhanced | fragmentation, Brown de Colstouret
Thematic Mapper semiarid al., 2003;
(ETM+) (30m) vegetation, CamacheDe Coceet
National Park land | al., 2004;
cover, habitat Bocket al, 2005
SPOT (20m) Crop yield, Cohen and Shoshany,
Medium Agricultural land 2002;
Resolution . __| cover Raclotet al, 2005
Indian Remote Sensing| Wheat crop, crop | Murthyet al, 2003;
(IRS)}1A/BIC/D (5m, cover, wetland De Wit and Clevers,
23.5m, 36.25m, 72.5m, 0 2004;

188m, depending on Shanmuganet al, 2006
sensor and spectral ban

used)

European Space Agenc] Crop mapping Michelsonet al, 2000;
ESA-1 Synthetic Aperturg Ban, 2003;

Radar (SAR) (26 m) Blaeset al, 2005

Fine IKONOS (4m) Forest inventory Wanget al, 2004;
Resolution parameters, Chubeyet al, 2006

Mangrove swamps
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1.2.1 Mediumresolutioncropland and grasslandassification

The Landsat 5 and Landsat 7 satell#es commonly usetbr mediumresolution
land cover classification studi€¢fable 1.1). The Landsat5 TM sensaod the Landsat 7
ETM+ sensor are very similar. Details regarding the capabilities of these sensors are
given in Table 1.2, along with details about the IRS satellilemges fromhesethree
satellites weraised in this thesis. The 5m resolution PAN sensor theonly

component usettom the IRS satellites.

Table 1.2: Landsat and IRS satellite characteristics. Adapted from Jensen (2000).

Landsat5TM Landsat 7 ETM+ IRS-1Cand 1D
Spectral Spatial Spectral Spatial Spectral Spatial
Wavelength Resolution Wavelength Resolution Wavelength  Resolution
Band ( € m) (m)atNadir|[ Band (€ m) (m)atNadir|[ Band (€ m) (m)at Nadir
1 0.45-0.52 30x30 1 0.450.52 30x30 1 - -
2 0.52-0.60 30x30 2 0.52-0.60 30x30 2 0.52-0.59 23x23
3 0.630.69 30x30 3 0.63-0.69 30x30 3 0.62-0.68 23x23
4 0.76-0.90 30x30 4 0.76-0.90 30x30 4 0.77-0.86 23x23
5 1.551.75 30x30 5 1.551.75 30x30 5 1.551.70 70x70
6 10.412.5 120x120 6 10.412.5 60x60 Pan 0.50-0.75 5x5
7 2.082.35 30x30 7 2.082.35 30x30 WIFS 1 0.62-0.68 188x188
- Pan 0.520.90 15x15 WIFS 2 0.77-0.86 188x188
Swath 185 km 185 km 142 km for bands 2,3,4; 148 km for
Width band 5; Pan = 70km; WIiFS = 774 km
Revisit 16 days 16 days 24 days for bands-3; 5 days (off
Period nadir) for Pan; 5 days for WiFS

Many studies of land cover classification have focused on agricultural
applications, such as crop yield prediction (e.g., Lobell and Asner, 2003; Feteai¢z
2004), nitrogen content (e.g., Boegjral, 2002), stress (e.g., Estepal, 2004), as well
as simple crop classification (e.g., Aplin and Atkinson, 2001; Turker and Arikan, 2005).
Grasslands have also been studied (e.qg., Btiag 2002; Baldet al, 2006), for similar
reasons. There has bemmparativelylittle researclon delineating natural herbaceous
cover from crop or managed meadow covéy.few studies have briefly mentioned how

to delineate between cropland and natural herbaceous or grassland areas (e.gt, Reese
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al., 2002; Bocket al, 2005); othersiavesimply included classes such as meadow (e.g.,
EFMagd and Tanton, 2003) and grassland (e.g., De Wit and Clevers, 2004) in their
classifications of agricultural areas.

Remote sensing of cropland has used a variety of methods and techniques,
including multitemporal analysis, objedbased analysis, and classification methods such

as supervised and unsupervisggproaches

1.3 Methods of classification
1.3.1 Multi-temporal analysis

One ofthe problems in using remote sensing data for land cover classification is
the separability of vegetation types, especially agricultural croplands (hereafter: crops).
For a singledate image, different vegetation types often show very similarrsppect
responses, possibly resulting from very similar leaf area index values and internal
structure. Crops at the same phenological stage are especially hard to discriminate
(Guerschmaet al, 2003). One solution to this problem has been to use-tadiforal
image analysis; that is, combining multiple images of the same area from different dates
or phenological stages (e.g., Murtétyal, 2003; Van Nieland McVicar, 2004; Y uah
al., 2005). There are many different techniques for the combination afybsrof
multi-temporal scenes. Two techniques, known as tterative-atié (Van Niel and
McVicar, 2004) and sequential masking (Turker and Arikan, 2005), give better results
than others; however, no matter the technique, there is a consensus timeprases
vegetation separability and can reduce problems caused by clouds, for example. More
importantly, multitemporal techniques can increase classification accuracy (e.g., Murthy

et al, 2003; Van Niel and McVicar, 2004; Reeseal, 2002; Joshet d., 2006). It has
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been shown that a minimum of two, and preferably three, images taken over a single
growing season are necessary to distinguish many different crop and grassland types
(e.g., Reeset al, 2002; Guerschmaet al, 2003; Van Niel and McVar, 2004;
Wunderleet al, 2005)

Despite these benefits, many studieeluding this onedo not use mulki
temporal methods (e.g., Latifovat al, 1999; Vescoviand Gomarasca, 1999; Lobell and
Asner, 2003; Baldet al, 2006). There are often limitahs on available imagery, or
financial resources are not available to obtain more scenes. In additioatemytaral
analysis may naie best foall areas or land cover types. For example, Langfley
(2001) found that uriemporal classification outperformed muiimporal classification
in their study of a serarid grassland. They also concluded that single date imagery
involves less time and money, both in data acquisition and processing. dnesaarch,
the authors acknowledge tpetentialusefulness of mukie mporal imagery, buthoose
not toimplement it (e.g., Brook and Kenkel, 2002). While there is general consensus
about thepotentialusefulness of mukiemporal analysis, its use shdbe analyed on a
caseby-case basis. It may not be suitable to adopt this methodsitiuations. For
example operational constraints on image acquisition or a lack of availability ofcloud
free imagery often make it impossible to use migithpordanalysis even in situations
that would benefit from.it In other cases, such asthis thesisg¢lassification results may
be sufficiently accurate with single date imagery, in which case it would not make sense

to complicate the study with multemporl analysis.
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1.3.2 Objectbased classification

While most traditional remote sensing land cover classification is-pasdd,
many newer studies are turning to objbased classification methods as a way to
improve accuracy (e.g., Aplin and Atkinsd&2001; Smith and Fuller, 2001; Lloyd al,
2004; Walter, 2004; Bockt al, 2005). Objeebased classification divides the satellite
image into objects or segments that represent a homogenous unit on the ground. The
entire object is classified based the overall statistical properties of the pixels that make
up the object, instead of classifying each pixel separately as inlqaget classifications
(e.g.,Mclver and Friedl, 200R Pixetbased methods have two main weaknesses: first,
the end produts do not relate well to the actual landscape structure, often having a
speckled appearance due to misclassification of individual pixels within a homogenous
area such as an agricultural field (Smith and Fuller, 2001; De Wit and Clevers, 2004).
Second,tar e is a problem with émixedd or obéedgeb
boundaries between discrete land covArsexample would béhe boundary between
two different agricultural fields. In a pixdlasedagriculturalclassification, the spectira
properties of boundary pixels will not resemble the properties of either of the two crops
of which it consists, but a mixture of the two, which causes them to be falsely classified
as alternate land cover types (Smith and Fuller, 2001; De Wit and C B06r).
Objectbased methodare not immune to these problems, as mixed pixels can lead to
problems with creating the initial objects, and can affect the values of the object
properties (such as mean reflectance values). For some applications housvag an
agricultural classification as done in Chapter 2 of this thesis, ebgsed classification

has minimal drawbacks when compared to pbaded classification. The relatively
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large, homogenous fields of an agricultural setting are one reagdheba problems are
minimized. Objecbased classification also has the added benediisier integration
into vectorbased GIS systems (Racéital, 2005).

The major difficulty with the objeebased approach is the delineation of
meaningful objects For large scale projects, it is not feasible to hand digitize, for
example, tens of thousands of field boundar@seoption is to use commercially
available software that can automatically segment an image into discrete objects based on
some spectrabpatial, or statistical measure. For large areas, this could be an efficient
method. However, there are potential problems associated with this automated
segmenting. For example, all of the natural boundaries may not be found, and those
boundaries thaare found may not correspond to either the objects of interest or real
world objects. Methods of segmentation can also be highly subjective, requiring a
laborious set of training data and prior knowledge ofthe area. Also, elements such as
roads and stams may be included in other objects, and therefore cause overestimation of
area (De Wit and Clevers, 2004). As the capabilities of the available software improve,
however, more researchers are turning toward this techreque/fanget al, 2004,

Bock et al, 2005; Chubewgt al, 2006). Automated segmentation wased in this thesis.

Objectbased methods are usually used in combination with other classification
techniques. These technigues can be separated into two main types, supervised and
unsyoervised, though often the two are joined in what is known as a hybrid approach
(e.g., Reeset al, 2002; Yuaret al, 2005). Many of the newer techniques, such as the
use of Artificial Neural Networks (ANNS) (e.g., Murtley al, 2003), Support Vector

Machines (SVMs) (e.g., Keuchet al, 2003) and decision trees (e.g., Brown de
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Colstouret al, 2003; Chubewgt al, 2006), are supervised technigug®ugh they can be

hybrid techniques as well, depending on their specific implaation.

1.3.3 Supervised Classification Methods

Supervised classification is most often used wd@mniori knowledge of the area
to be mapped is extensive, as supervised classification schemes require knowledge of all
cover types to be mapped. Supsed methods also use intensive training methods to
definespectrakignatures and information classes from the explanatory variables, which
will then be applied to the whole scene (Cihlar, 2000; McDeghal, 2005).
Supervised classification methaoiherefore rely heavily on both the quality and
representation of the training data (Chuleéwl, 2006), though ways have been
suggested to automate, or at least simplify, this training data collection, especially in
regards to mapping of large areas tiegtresent varying ecosystems (Franklin and
Wul der, 2002) . For example, one met hod,
the training algorithm based on their accuracy in previous iterations of classification. It
puts higher weights on classeatkvere improperly classified in the previous iteration,
thereby forcing the classification algorithm to focus on those observations thabiere m
difficult to classify. The boostingnethod was also found to increase classification
accuracy (e.g., Friectt al, 1999; Brown de Colstowat al, 2003).

There are two basic types of supervised classification. Parametric methods
depend on the data having a certain probability distribution. An example of this type is
the popular maximum likelihood classifigviLC) (e.g., Hunter and Power, 2002;

Keuchelet al, 2003; Yunhaaet al, 2006) MLC is a weltknown mathematical decision
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rule used for classificationlt usesband means and standard deviaifsom training
data toreproducdand cover classes as cardls ina multi-dimensionaleature space,
surrounded by probability contours (Bolstad and Lillesand, 1981feature space is a
combination of features represented in a fAuiltiensional space, where each feature is
an orthogonal axis within the spacklLC assumes that the sample values for each class
are normally distributedThe unclassified pixelsom the imagerethen plotted in this
same feature spacihe pixels are then assigned to the class for which they have highest
membership probabilit{the class whose centroid they are closest(&)anmugaet al,
2006. Non-parametric methogdgonverselymake no assumptions about the statistical
distribution of the datayhich cansometimedean advantageProblems still arise with
thesenonparametricmethods, however. For example, difficulties often arise with ANNs
that are related to the dependence of the results on the training conditions, and to properly
i nterpreting t hS®erpinoettalwl®I6kAlss, a bseful prapertyfo  (
parametric classifiers, the theoretical estimation of classification error from the assumed
distributions, is not possible with nggrarametric classifiersSchowengerd2009.
Despite these drawbacks, howevanparametric methodsre becoming populde.g.,
Murthy et al, 2003; Yangpet al, 2003; Chubet al, 2006). Norparametric methods
include decision trees, ANNs, and SVMs.

Decision treesire a commonly used ngrarametric classifier (e.§rown de
Colstouret al, 2003; Frankliret al, 2002; Friedét al, 1999 that have a number of
advantageg-ranklin and Wulder, 2002; Brown de Colstaairal, 2003; Chubegt al,

2006)
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e Theyare capable of handling highmension data setsThat isthey can use
ancillary data about the area td & classification, infuding nonremotely
sensed data.
e Theycan handle both categorical and continuous data.
e They arenonparametricso no assumptiahave to be made about the
distribution of the data.
e They aretransparent (for example, comparecan ANN, in which you see the
i nputs and outputs, but dondét know what
e Theycan be simple to implement
e They havebeen shown to outperform both MLC and other-parametric
classifiers (e.g., Yanet al, 2003; Xuet al, 2005;Chubeyet al, 2006).
Decision trees also have a disadvantage however; they rely heavily on the quality of the
training data, and accuracy can be dependent on the training data sample size €€ hubey

al., 2006).

1.3.4 Unsupervised classificatiomethods

Unsupervised methods generate natural groupings or clusters that are already
present in the mapping variables (usually radiometric variables, i.e. different spectral
bands), and require no prior knowledge of the study area (McDetraid 2005).
Unsupervised classification allows for the exploitation of all the information content of
satellite data, regardless of the geographic extent or surface characteristics, though the
analyst still must have enough knowledge to label the resulting cl(¢Gtibtar et al,

2003). Another advantage is repeatability and consistency of the classification. With
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unsupervised methods the same result can be obtained for the same data set by different
analysts. However, there are also some disadvantages. Fqrlexansupervised
classification can miss very small, but possibly important, classes in the data set that
would not be missed by supervised classification if the analyst were aware of them
(Cihlaret al, 1998). Certain unsupervised methods have also foesd to give results

that aredependenbn the parameters guiding the classification process (Gahialr,

1998; Latifovicet al, 1999).

There are two basic unsupervised classification strategies, iterative and sequential
(Cihlaret al, 2000). In an iterative method, a starting number of desired clusters is
selected, and the centroid locations of the clusters are then moved around until a proper
fit is obtained (Cihlaet al, 2000). Iterative methods commonly used include the K
mears (e.g., Wuldeet al, 2004a, 2004b; Tateisat al 2004; Joshet al, 2006),

ISODATA (e.g., Thompsoat al, 1998; Shanmugaset al 2006), and ISOCLASS (e.g.,
Agrawalet al, 2003) algorithms. Sequential algorithms, on the other hand, gradually
reducethe large number of spectral combinations by merging the clusters using various
proximity measures (Cihlat al, 2000). The main sequential method is Classification

by Progressive Generalization (CPG) (Cildaal, 1998). CPG has been found to be

more accurate than other unsupervised methods in classifying land cover over large areas
of Canada, with many classes. CPG has additional advantages such as greater robustness,
reduced dependence on control panpatmeter s,
the final clustering stages, which gives greater control over the final classes €€ dillar

1998; Latifovicet al, 1999). A combination of kneans and CPG was found to be even
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more useful in a Canadian boreal landscape setting (@ihédr 2003; Kerr and Cihlar,

2003).

1.4. Research Objectives

The objectives of this thesis were twofold. The first objective fsitbthe most
appropriate classification methdor the classification of hedreous and agricultural
areasn Alberta. The most appropriate method will be foumgselecting and testing a
small number of classification schemes from among the many available to find the
method that gives the most useful resulifie seconabjective is tadetermine if
landscapeompodtion and spatial configuratiowas significantly different between
agricultural areas which the bears have been present, and similar areas where they have
not been presenand to determine which landscape metrics or compositional elements
have the gratestrelationship withgrizzly bear presence, absence, éowhtiondensity.

Due to their spatial and temporal flexibility, remote sensing methods of land
cover classification are well situated to handle the problem of large spatial range
(McDermidet d., 2005). Approaches to largscale, medium resolution (Landsat, for
example) land cover mapping are still not well developed (McDeetmid, 2005). Land
cover classification of a large geographic extent (for example, covering multiple Landsat
scenes)particularly in a Canadian agricultural context, basn studied, batignificant
room remains for improvemenfl he specific goals of the remote sensing classification
(Chapter 2pre:

() to find the best possible classification appro&ioim a limited selection of methods

for determining multipleelasses of agricultal and herbaceous land cover, and
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(ii) to create land cover maps of agricultural and herbaceous areas which will be
integrated into existing grizzly bear habitat edpr western Alberta.

Landscape metricsave been shown to be an important element in grizzly habitat
selection (Linkeet al, 2005). Therefore, the specific goals of the second objective
(Chapter 3preto:

i) identify landscape composition and spationfiguration in the agriculturareasof
western Alberta
ii) determine iflandscap&omposition angpatialconfigurationarerelatedto grizzly
presence®r absencen an area
iii) determine which landscapemetricshave thestrongastrelationshipswith certain
grizzly population and biological measures that are available from cobi@adGPS
datasetsand
iv) determine the extent of the difference between landscape metric values when
calculated at different spatial and thematic scales.

Accomplishing these objectives will allow fthie creation of anore accurate and
detailedland cover map covering areas of grizzly bear habAamore accuratenap
could contribute to more accurate resource selection m{@®yceet al, 2002; Nielsen
et al, 2002)and would give a better understanding of bear activity in agricultural areas.
The increasedhematic resolutiofincreased number of classes$)this map would also
contribute to more robust calculation of landscape metrics in agriculressd.a
Landscape metrics have been shown by others (e.g. etrdde 2005) to be an important
consideration when trying to understand grizzly bear presence in a landscape. Applying

these metrics to an agricultural area could play a role in further stadding the
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relationship between the spatial configuration and composition of the landscape and

grizzly presence in that landscape.

1.5 Organization of Thesis

Thethesis has been divided into four pawsth the above literature review being
the first. Two research manuscripts have resulted fromdttudy The first manuscript
(Chapter 2deals withtesting a small selection of mediumsolution land cover
classification techniques, and selecting and applying the most appropriate one for large
area gricultural mapping in AlbertaThe second manuscript (Chaptgrdgals with
analyzing theelationships between landscape metaind grizzly beampresence or
absence in agricultural areast is linked with the firstmanuscripin that itfurther
explores the relationship between bears and agricultural areas feowisaape ecology
point of view. Unfortunately, the results from Chapter 2 were not available at the time
that the research in Chapter 3 was being conducted. However, eolonjgdigson
between the older land cover map and the newly classified (higgwatic resolution
agricultural areas from Chapter 2 was examined in the context of calculating landscape
metrics. The overall contribution can be considetedencompass botlemote sensing
scienceandlandscape ecologyFinally, a fourth chapter integrates the findings of these
manuscripts, focusem the application of this work to wildlife habitat analysisd

discusses limitations of the research and future directiorsidy.s
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2. A Medium-ResolutionRemote SensingClassification of
Agricultura | Areas in Grizzly Bear Habitat

2.1 Abstract
Habitat loss andhumancaused mortality are the most seritlugats facing

grizzly bear {Ursus arctod..) populations in Alberta, with conflicts between people and
bears in agricultural areas being especially important. To help manage and mitigate these
effects, current habitat maps are need€be objectives ofthis research wert® find the

best possible classification approdadm a limited selection of methods for determining
multiple classes of agricultal and herbaceous land cover, amdreate land cover maps

of agricultural and herbaces areas which Wibe integrated into existing grizzly bear
habitat maps for western Albert&pectral and environmental data fiwe different and

cover types of interest weaequiredin late July, 2007from Landsat TMsatellite

imagery and field data collectian two study areas in Albertalhree differenbbject
basedlassification methods, one unsupervised and two supervised methods, were
analyzed with tesedata to determine the most accurate and useful method. The best
method was the Supervised Sequentiatkieg (SSM) technique, which gave an overall
accuracy of 88% and a Kappa Index of Agreement (KIA) of 83%. Three ofthe 5 classes
had an average KIA of greater than 95%, with the other two classes being above 72%.
The SSMclassification was then expandtdcover 6 more Landsat scenes, and when
combined with bear GPS location data, it was discovered that bears in aigaicank as

were found in Grass /dfage crops 77% ohé time, with Small @ins and Bare Soil /

Fallow fields making up the rest of thesited landcover. The bears were found in these

areas primarily in the summer months.
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The results of this research will allow for the creation of a more accurate and
detailed land cover map covering areas of grizzly bear hal#itatore detailednap
could contribute to more accurate resource selection models and would give a better
understanding of bear activity in agricultural areas. Thesased thematic resolutiorm
the map compared to current maps could also contribute to more robudagaicof

landscape metrics in agricultural areas.

2.2 Introduction and Background

Grizzly bears require wilderness and seclusion from humans, as wejhas h
guality, contiguougconnectedhabitat(McLellan and Shackleton, 1988Y.he term
Ohabitthit®d maanuscr i pthesumhbnd lodation of thefspeaificd as it
resources needed by an organism for sunavalreproductiom , whi ch i s t he de
put forward byMcDermidet al. (2005. Grizzly bears previously occupied the entire
westernhalf of North America, with their territory even including much of the Great
Plains, but in the last 200 years their rangestagnk by as much as twthirds. Their
range south of the Arctic Circle is limited to mountainous areas, isolated pockets, and
national parks. They are now classified atheeatenedspecieglikely to become
endangered in the near future in a significant portion of its rangbg contiguous
United States (grizzly bears in Yellowstone National Park in the U.S.A. have been
dei sted, however), and it Emangeked pacies e c o mme nd e
Conservation Committee that the species be eleyated m 6 may be at risk©o
(believed to be at risk, but needing a detailed assessment for confirntatidmgate ned

statis in Alberta as well (McLellan and Shackleton, 1988; Stenhetuag 2003).

34



Agriculture and its associated activitissa major cause amcreased conflict
between bears and humaasd a decline in bear populationsansas (2002) identified
reducing humadgrizzly conflict on agricultural lands as a priority for mitigating the long
term decline of the species. Ina study of grizzlyman conflict on agricultural lands in
Montana, Wilsoret al.(2005; 2006) found t there were many different attractants for
bears on private lands that are a part of the natural bear habitat. One ofthe most
important factors was the use ofriparian areas by bears as both habitat and transportation
corridors (Wilsoret al, 2005). The bears use these areas to reach anthropogenic
attractants, such as cattle, sheep, beehives, and boneyards. The more attractants that were
in an area, and the closer that area was to wetlands or riparian areas, the more likely the
bears were to use thartea as habitat. Whdxarrierssuch as fences were introduced, the
rate of bear use dropped considerably. For example, beehives that were protected by
fencing were much |less |ikely to be fAattacke
(Wilsonet al, 2006). In many cases in Montana, the original bear habitat has not been
fragmentedbdr physically modified. Howeveits use has been changed, which brings the
bears into conflict with people, and can be seeamasffective habitat loss. Effective
habitatloss is defined as an unwillingness of the bear to use suitable habitat because of
Ahigh levels of sensory disturbance or mort a
The province of Alberta, Canada, also has a large agricultural footprint.
Agriculture and relatedcaivities exist right up to the edge of the foothills of the Rocky
Mountains. The recommendatibony Al ber tads Endangered Specie
Committee thagrizzly bearde elevated r o m 0 may b dod&hreéatemed sk 6 st at u

status (Stenhousat al, 2003) means thaappropriate management and conservation
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planningwill be required. Hective and current habitat maps will be necessary (Nielsen
et al, 2006). However, one problem currently facing grizzly bear habitat mapiping
Albertais the lack of classification scheme that differentiates betwehiéf@re nt
agricultural and herbaceous are&y. finding an appropriate classification scheme for
this purpose, the current land cover maps being used by the Foothills Model Forest
Grizzly Bear Researchr&@gram (FMFGBRP) for grizzly habitat analysis will be update
with greater thematic resolutipwhich could lead to increased resource modeling
accuracy The current area of interest for grizzly bear population viability anailysis
Albertais most of thewestern portion of the provinca,huge area that renddraditional
field based methods problematic fand covemapping purposesnother technique is
needed.Due to their spatial and temporal flexibility, remote sensing methods of land
cover clasdicationare bettesituated to handle thgroblem ofland cover classification
over alarge spatial ranghan fieldbased methods aloiicDermidet al, 2005). Many
studies ofmediumresolutionland cover classification have focused on agricultural

alications(see Table 2.1).

Table 2.1: Mediurresolution agricultural and herbaceous applications
Application Study
Crop yield prediction Lobell and Asner, 2003; Ferenetkzal, 2004
Crop nitrogen content Boeghet al, 2002
Crop stress Estepet al, 2004
Crop classification Aplin and Atkinson, 2001; Turker and Arikan, 20(
Grassland discrimination / Priceet al, 2002; Reeset al, 2002; ElMagd and
agricultural classification Tanton, 2003De Wit and Clevers, 20048ock et
al., 2005;Baldi et al, 2006

Approaches to largscale, medim-resolution (Landsat, for example) land cover
mapping such as that done in this studye still not well developedowever

(McDermidet al, 2005). There are many issues still to be overcdraad cover
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classification of a large geographic extent (for example, covering multiple Landsat
scenes), particularly in a Canadiagricultural context, has been studied significant
room remains for improvemenThe purpose of this researnsho demonstratehe use of
remote sensing for land cover classification in western Alberta, specifically focusing on
the classification of herbaceous and agricultural areas in grizzly beaathabie

specific goals of this manuscript are:

() to find the best possibldassification approacfiom a limited selection of
methods for determining multiptdasses of agricultural and herbaceous land
cover.

(ii) to create land cover maps of agricultural and herbaceous areas which will be
integrated into existing grizzly bear habitat maps for western Alberta.

Accomplishing these objectives will allow for the creation of a more accurate and

detailed land cover map covering areas of grizzly bear hal#itatore accuratenap

could contributed more accurate resource selection mo(tgds/ceet al, 2002; Nielsen

et al, 2002) and would give a better understanding of bear activity in agricultural areas.
The increased thematic resolutiofthis map would also contribute to more robust

calculation of landscape metrics in agricultural areas.

2.3 Study Area and Methods

2.3.1 Study area and Imagery
The researciwasconducted as part of the Foothills Model Forest Grizzly Bear
Research Progra(i@MFGBRP)in westcentral Alberta, CanadaThe study area for this

project coves sections within thgreater228 000 krastudy area that contain
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herbaceous and agriculturakéas, and that are within the natural ranfjghe grizzly bear

(Figure 2.). Two areasvereexaminedn detail:one in the northern part of the province,

|l ocated west of Grand Rmdaneinithe so(thodatade O Nor t h s
aroundtheNat on / Chain Lakes arThedwostidlydrems 6 Sout h s
were selected from agricultural areas ta within the current rangd grizzly bears in

the provinceandthathave bear GPS collar location dpt@sent within themLarge

portions of both of thesstudyareas were alslbcated within Landsat scene overlaps,

which made cloudfree image acquisition more likely.

The landscape of the North and South study areas are fairly similar, with both
study areas consisting primarily of griesxl and agricultural crops, with small patches of
forest and shrubs scattered throughout. The crops are predominately cereals (wheat
varieties, barleyandoats), tame hay, and canola, with a scattering of others, such as
legumecrops(Agri-Food Statistis Update, 2007)Both study areas have a high road
density, mostly gravel grid roads, but also a few highways. The South study area
surrounds the Porcupine Hills, a region of moderate topographic relief that is not directly
used for agriculture. It agtas an extension of the foothills, but is surrounded on all sides
by pasture and agricultural crops. The South area has greater topographic relief than the
North because of its proximity to the Rocky Mountain foothills. The western portion of
the Soutlstudy area, the area that borders the foothills, is used primarily as natural
pasture for cattle. Inthe North studsea, the Wapiti Rer is a major feature, bisecting
the area westb-east. The area along the river is dominated primarily by Aspes tree
(populus tremuloidgswith some conifers mixed in, and has not been cleared for

agriculture.
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Figure 2.1: Map of Alberta showing collared grizzly GPS locations and the No
and South study area#\ description of the GPS location events is given in sect
2.3.2

There was excessive soil moisture in the study locations in the spring of 2007; this

delayed seeding, or prevented it altogether, especially in the North study area, resulting in

more &llow and bare fields than normalhe north area was hit harder in general by
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poor weather, and the crop quality was lower than that of the south area (Bergstrom, K.,
2007). High temperatures in July and a lack of precipitation caused slower growth for
pasture and tame hay, and poor conditions forinigated field cropsBergstrom, K.,
2007). Average precipitation in May and June for the south study area was much higher
than the 30 year mean, while for July and August it was lower. July tempenaéuges
also well above normals. For the north study area, precipitation was above normal for
MayT1 August, but this precipitation was not evenly distributed across the region, leaving
some areas very dry. Average July temperatures were above, and Augusiatures
werebelow, monthly 38year normalgEnvironment Canad2009.

The imagery used was from the Landsat 5 TM sen$be spatial and spectral
resolution of Landsat TM imagery well suitedfor land cover classification at the level
of detail required for this researclnd has been used for other medi@solution
classification studiege.g, CamacheDe Coceet al, 2004; Ferencet al, 2004; Franklin
and Wulder, 2002)with good resultsLandsatis alsomore efficient at covering large
regions (as are present in this research) than sensors with greater spatial resolution, such
as SPOT or IKONOXue to amount of area that each image co&@ x 185km
Landsat scene siaes. 60x60 km for the SPOHRYV sensoy for example) Landsat is
also the sensor being used foostof the Foothills Model Forest Grizzly Bear Research
Programbs |l and classification eadinfgwark s, SO0
Portions of both the North and8th study areawerelocated wihin Landsat scene
overlaps. Overlapping scene patfectively doulbesthe possible temporal resolution

and increases the chances of getting clved images
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One scene was collected for each of the North and South Study hreaslition
to these2 scenes, additionalLandsat TM scenes and one Landsat ETM+ scene were
used (Table 2.2 Figure 2.4) These additional scenes covered the remainder of the

agricultural areas in western Alberta that are currently being mapped by the FMFGBRP.

Table 2.2 Landsat scene acquisitions

Sensor Path / Row Acquisition Date (dd/mm/yy)
™ 47 | 21.62shifted) North study area 26/07/07
™ 42 | 25- South study area 23/07/07
™ 45/21 03/09/03
™ 44 | 22 13/08/04
™ 44/ 23 17/09/05
™ 43 /24 25/08/05
™ 41/ 26 27/08/05

ETM+ 46 /21 22/08/99

2.3.2 Existing datasets

A large database of grizzly bear GRHobal Positioning Systent)cation data
was provided by the FMFGBRRAnN order to collect the data for this database, the FMF
captured, immobilized, and radanllared a sample of the grizzly bear population located
throughout the bear 6s Al berta range. Col Il ar
grizzly bears. The resiig telemetry data from these collars was then transmitted to the
FMF through a satellite uplink, procesgshatstarted in 1999 and is egoing. A detailed
methodology and results of this pragh can be found in Hobson (2005, 2D06
GPS locations ingrely agricultural location.e., areas classified in this study)
consist 0f1270 locations, or 0.84% of the total of 151575 bear locations. These 1270

locationsrepresenti8 different bearsl0 male and &malg. The true number of bears
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in these ar@s may be underestimated due to possible capture bias. Bear capture attempts
are not made in agricultural areas, but in more isolated areas (HEBE5),

A 10-class, objeebased land cover classification of the FMF study area (Franklin
et al, 2001; Mdermidet al, 2006) was used as a starting point for the classification of
the agricultural areasThe classes in this base map (hereafter: FMF land cover map)
include: Upland Trees, Wetland Trees, Upland Herbs, Wetland Herbs, Shrubs, Water,
Barren LandSnow/Ice, Cloud, and Shadowlsing the Barren, Upland Herbs, and
Wetland Herbslasses fronthe FMF land covemap along with a manually delineated
agricultural masKalso now included otheFMF landcoer map as an O6Agricu
mask, a herbaceous/agultural mask was createthd used toefine the area to be
classified Figure 2.2. The mask was later limited to areas that could be visually
confirmed (either from satellite images or from field visits) to be currently under
agricultural use.The resllts of the classification described in this chapter will then be

applied to the FMF land cover mapihcrease its thematic resolution

2.3.3Field methods

A stratified random sample scheme was usembliect field level data in late
July, 2007 which corresponds to theeek in which the images that cover the North and
South study areas were také@he stratification of the classes was done with an
exploratorylO-classunsupervised-kmeans clustering classificatip.nA random
sampling design vg&achosen for a number of reasofRstst, as its name implies, it &
randam sampling scheme, which redudde probability of operator bias in selecting

plots. Also, by using the stratified methddcould be assured that a numbesamples
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Figure 2.2: Red areas defindhemask used teelect the areas to classify.

from each claswereobtained, from which individual conclusions about each dasil

then be dawn. Most importantly,this sampling design allowed statistical analyeelse
applied to the results. The stratified random sampling scheme is commonly used in land
cover classification research (e.g., Ban, 2003; Brown de Colgtoaln 2003). Atarget

of 35 sample plotper classvas used during data collection, whisHollowing results

by Van Nielet al (2005), who found that, while it is usually recommended to hawve
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30p (wherep = number of spectral bands being used for the classification) samples for
each class, 95% of that information can be found in omlyr3ip for each d&ass. Using
Landsat TM bands-Y (excluding the thermal band, @p1 4p gives18- 24 samples for
each class. Additional samples were added (30% of the total) for validation purposes,
giving 24 - 35 sampleweally needed per clasdn addition, samples of opportunity were
taken wherever possible to offset random plots that could not be accessed on the ground.
An effort was made to make selection of these samples of opportunity as random as
possible while preserving the stratifiedature of the dataseflhe total number of
opportunistic samples was small, and for the purposes of this study will be considered
part of the random datasdRata collected consisted of ground cover typtheffield as
it related to theselected classe The groundnformation was gathered visually, with
locationsconfirmed by GPS.

A total of 5classes were usedpnsisting oBare Soil/Fallow, Canola,
Grass/Forage, Legumesnd Small Grains (which includbarley, wheat, andad
varieties). The same sizes for eacblass are not equadut are representative of the
overallamount of area covered by those classes in the stgiyns(Agri-Food Statistics
Update, 200Y. The Legume class did not meet the target of 35 samples, but the 15
samples colleted wereenough to derive a meaningful spectral response for the cAdiss
other classes met the minimum targattotal of 506 samples wemmllected with 30%

of the samples from each class being saved for validéfigare 2.3.
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Figure 2.3 Distribution of ground sample points in the North and South study areas

The classes were chosen because ¢beespondd withthe land cover types that
represent the most laadeain the agriculturategionof Alberta Agri-Food Statistics
Update, 200Y. Five classes were chosen based on an initial exploration of the data,
which revealed that certain crop types, such as wheat and barley, were spectrally almost
identical. To enable greater classification accuracy, crops such as barley, wheat and oats
werecombined intaa single class, Small Grains, approactthathas been taken by
others €.g.,MartinezCasanovast al, 2005, for similar reasons.

The average spectral reflectance values of each classes were examined for

Landsat bands-% and 7, and congped for the two study area$he spectrahnalysis
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was used as part of an initial exploration of the data, and to help determine the most
distinct classes, which is helpful for one of the classification methods. The differences in
the reflectance valudsetween the two studies was also helpful for determining

differences in crop status between the two areas.

2.3.4lmage preprocessing

The Landsascenegboth TM and ETM+)wereorthorectified using8 order
polynomial geometric correction in PCI Orthagtme. Ground control points (GCPS)
were collected from existing gaeferenced scenes of the same areas; a minimum of 30
GCPs were used for each imadeootMean Square (RMS) error for all images was
lower than 0.2 pixelgém). Radiometric and atmosphercorrectian was performed
using the ATCOR2 algorithm in PCI Geomatica 1ATCOR-2 (Richter, 2008uses a
sensofspecific atmospheric database of lagk tables containing the results ofpre
calculated radiative transfer calculation (using the MODTRA&fative transfer code;
seeBerket al, 1999) to remove the effects of the atmosphere from the spectral values of
the data, as well as correcting the influences of solar illumination and sensor viewing
geometry. Output from this algorithns surfacereflectancefor each Landsat band3
and 7 Surface reflectance is a true measure of reflected radiation at the ground surface.
It takes into account factors such as the interaction of the solar radiation with the
atmosphere, terrain elevation, sunrtitmation angleand sensor viewing geometry
(Richter, 2008; Sonegt al, 2001) Surfacereflectance was usedrfacoupleof reasons.
First, it is required fothe use of a nefinear vegetation index (NDMJ)which was used
as one of the inputhannels dr the classificatiomethodgSonget al.,2001). Secondly,

as the application of theskata is over a large area, it is beneficial to have a classification
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system for one place / time, and be able to apply that same classification to other places /
times (Songet al, 2001); his can be accomplished by having actual surface reflectance
rather than togf-atmosphere reflectance, which can vary depending on prlatenae.

Using surface reflectan@dso allows the classification to be extended to olthedsat

scenes for which ground data are not available.

In addition to the 6 Landsat bandd)e tasseledap transformation of Crist and
Ciccone (1984) was used to generate the standard orthagonpbnents brightness,
greenness, and wetnesBhe speatll features of the tasseled cap transform can be
directly related to important physical parameters of the ground surface (Crist and
Ciccone, 1984). Tasseled cap values for the Landsat 5 TM scenes were generated using
the Tassedlgorithm with L5 (Lands&5) modifier, in PCI Geomatica 10; the Landsat 7
ETM+ Tassel values were generated with satgerithm but used the L7 (Landsat 7)
modifier. TheNormalzed Difference Moigire Index, or NDMI (equation 2),lwas also
calculated for each scend@he NDMI (Wilson and Sader, 2002)kes advantage of the
strong absorption of Landsat band 5 (a skate infrared band) by soil water, and the
strong reflectance of Landsat band 4 (a 1iefitared band) by healthy green vegetation
(Jensen, 2000)A total of 10 kands, or channels, were therefore used (Landsaf’l

brightness, greenness, wetness, NDMI).

band4—bandb
NDMI = s spands (eq. 2.1)
band4 = TM or ETM+ band 4
band = TM or ETM+ band 5
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2.3.5Classification

While most traditional remote sensing leawver classification is pixedased,
many newer studies are turning to objbased classification methods as a way to
improve accuracye(.g., Aplin and Atkinson, 2001; Smith and Fuller, 2001; Lleyal,

2004; Walter, 2004; Bockt al, 2005. Objectbased classification divides the satellite
image into objects or segments that represent a homogenous unit on the ground. The
entire object is classified based on the overall statistical properties of the pixels that make
up the object, instead of clasgifig each pixel separately as in ptesed classifications
(e.g.,Mclver and Friedl, 2002 Three differenbbjectbasedlassifications were
performedand analyzed; one unsupervised classification, and two supervised
classifications.

Theclassification was initially onlgarried out over thevo North and $uth
2007study areasThe North and 8uth study areas were classifiegparately to reduce
differences relating to weatheonditions, moisture levels, apdhenology.

The unsupervisedlassification methodised thé?Cl Geomatical0
implementation of théuzzy k-means classifiefBezdek, 1978 Fuzzy kmeanss an
iterative process thatses fuzzy membership grades to assign each pixel membership to
each ofthe classes in the spectfaature space, based on the Euclidean distance between
the spectral value of the pixel and the mean spectral value of eactVilagser, 1997.

The pixel is assigned to the class to whicheas the highest membershipuzzy k means
was chosen as it @ne of the most accurate unsupervised methods that is available in
commercial software packageSiklaret al, 2000). Unsupervised methods in general

have also given good classification results for agricultural areas (e.g., Cohen and
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Shoshany, 2002 he fuzzy kmeans classifier was uséal firstcreate 880 clasixel
basedclassificaion. Sample classes and expert knowledge were used to merge those
classes down to the 5 to be used for the classificafite. fuzzy k meanslassification
was thercombined witlthe image objectdor the scenegslerived from Definiens
software,and the modal class of the unsuperviskgsification was theradculatedand
assigned for eaadbjectusing the VIMAGE algorithm in PCI Geomatica.10sing the
modal clasgo assign pixel classifications to an object has been used by others, such as
Turker and Arikan (2005), with good results.

Two supervised classifit@n methods were alsnalyzedboth completed using
Definiens Professional softward@.he firstof thesewas a nearest neighb(N) fuzzy
membership classification using an automated feafuaee optimizatiobased on
selected class samples (70% of field samples, with 30% saved for valid&teamest
neighbor classification has been used by Betclil. (2005) for habitat mapping, with
good results, as well as by Waeigal. (2004), who used it for mapping Mangrove
forests, and also got good resulihe NN classification methodirst defines a feature
space in which each image object becomes a pAirieature space is a combination of
features represented in a muimensional space, where each feature is an orthogonal
axis within the spaceThe distance in the feature space to the nearest sample of each
class is calculated for every object in the gmaand class is assigriealsed on the
smallest distanceDefiniens AG, 200h The distance values are shown in a distance
matrix, which is simply a way of representing the largest distance between the closest
samples of classes in the feature space (izafs AG, 2006).Distances in the distance

matrix were analyzed as relative values; that is, a distance of 2 (for example) from an
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object to the nearest sample would mean that the object was twice as close in the feature
space than if it was at a distarafed from the nearest sample. The distances themselves
are uniless. The featuve space in which this occurs wasculated from the mean and
standard deviation values of each object in each of the Ithelsaised The optimum
feature space dimensieould therefore be between 1 and 20, with any combination of
channels and their mean or standard deviation. Texture measures were not included in
the feature space calculati@s it was found when testing them that they did not
significantly change thes&ture space distances between the classes; i.e., adding texture
measures did not increase the accuracy of the resulting classification.
Thesecondsupervised classificatiomas amanually delineated sequentaasking

process that masked out the most lyigleparable cropas they were classifiedl his
secondclassification technique will be called the Supervised Sequential Masking (SSM)
classification. The SSM classification was chosen because it is similar in theory to a
decision tree classifier, witlnany of the same benefitSranklin and Wulder, 2002;
Brown de Colstouret al, 2003; Chubewgt al, 2006):

e Itis capable ousingancillary data about the area to aid in classification,

including nonremotely sensed data.

e It can handle both categoriGid continuous data.

e lItis transparent, inthat it is possible to see every calculation being done.

e Itis simple to implement

The SSMclassification is done using sequentiadlye cuted processes based on
meanvalues for the different channgl8M bands, Tasseled Cap results, NDMI) in the

image The means and standard deviations of the objects in each band were examined to
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determine the best way to separate the classegar to the process used in the NN
classification, only done manuallyrhe dasses that were the easiest to distinguiste

then identified, based on analysis of the feature (mean, standard deviation) values and the
spectral response curves of the classes in each Landsgskatidn 2.3). The classes

that were most easily stinguishable were Canola aBdre Soil Fallow, so these
classesvere classified firstfollowed by Legumes, Gras§orage, and Small Grains, in

that order Once a class is classified, it is masked out and cannot be changed later in the
classificatiorprocess. In this way, each class is sequentially masked out of the
classification, until nothing is left unclassifi€dence the Supervised Sequential Masking
nomenclature) A similar sequential masking process, though with a different classifier,
was ugd to good effect by Turker and Arikan (2005) in their agricultural classification.
The process works backwards, in a way, by classifying all unclassified objects as the
class being examined. A rule set is then developed that determines adtat is

charateristic of that clasdjased on the spectral properties of the channels being
examined, and the sample training data; objects that are found to not be characteristic of
t he c¢ | as snclassifiedagam.dEventhally, all that is ledtassifiedis the objects

that belong tdaheclassbeing examined The SSM classification accuracy may be

influenced by the analystos channel and feat

2.3.6Validation
Validation, or the assessment of accura@scarried out using quantitative
g atistical tests. There I s much discussion

accuracy assessment for a thematic map (e.g., Foody, 2002; Mc rahjd2005).
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There is agreement that there is not one single, universally accepted nedasanaacy;
rather, it is better to useceambinatiorof tests, each sensitive to differgnbperties of
the data

Validation of the results was done using both the starelaod matrixand the
Kappa Index of Agreement (KIA) for both overall and class specific results. The error
matrix is asite-specific measure of the correspondence between the image classification
result and the measured ground conditions, and is a standard fifktrsaepuracy
assessment (Foody, 2002 )pr odrurcem 6tsh e aenrdr mrv ema
accuraciesvereo bt ai ned. Userb6s accuracy is a measu
that a pixel or object classified on the map actually representsldisaton the ground.
Producerds accuracy indicates the probabilit
classified. Overall accuracy is determined by dividing the total number of correctly
classified pixels by the total number of pixels in the error matd verall accuracy is
therefore a measure of accuracyatifc | asses, whereas wuser 6s and |
measure the accuracy of individual classes.

KIA is adiscrete multivariatéechniqueused to statistically evaluate the accuracy
of the clasification maps and error matrices. One of the attractive featureg\of K
analysis is that it takes into account the effect of chagreement in the error matrix; i
also takes into account unequal class sikd# can be a measure of both overall
accuacy and of individual class accuracy.

Each of these statistic$A)drewsedurnétenly pr oduce
for accuracy assessment, but also for comparisons of accuracy between different analysts

and different classification methods (Laeget al, 2001; Foody, 2002).
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The field datavereus ed as t he fAground trutho for
assessment, with 30% of the total field data collefiteoh each classaved for validation

purposes and not used as training data duringlélssification process.

2.3.7Application
The most accurate and useful classification metfnodh among those testedas
applied tothe additionasix Landsat scened-igure 2.4 shows the coverage area of these
addtionalscenesplus the two scenes covering the north and south study areas
complete classification of the eigb&indsat scerewas then added to the FNd#nd cover
map, with the new classification being overlain on top of the existing classification as one

large image mosaic.

N

A
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Figure 2.4: Blue areas show outlines of the 8 Landsat scenes usec
classify the agricultural area. The red area is the agricultural mask
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The Grizzly bearlocation datavere also analyzed to determine if there were any
relationships betwedrear locations in agrultural areas and crop / lasdver type. The
analysiswas done by selecting every newlassified image object that contained a bear
location point. The class of each selected image object was then noted, as well as the
month inwhich the bear location data waexorded for that particular image object.

Bear locations were also analyzed separately for each class in which they were present, to

look for any seasonal visit patterns.

2.4 Resultsand Discussion

2.4.1 Spectral proerties

There are some minor differences betweersfeetral responses of the crops
between the north ambuth study area&igures 2.5and2.6). The classes are separated
more in the North study area, especially in TM band#ferent spectral resptses are
to beexpected, as thevo areas are nearly 700 km apart, hage different weather
patterns and moiste levels.Planting datessropphenologies, and crop conditionsried
significantly throughouboth thenorthern and southeareas, even fahe same crop
type among adjacent fiedd The Small Grains class cannot be separated into its
constituent crop types (whewrieties, barley, oats) without a severe drop in
classification accuracy due to these varying spectral properties; there islsspaatral
overlap between these different cereal crops that they become nearly indistinguishable.
The peaks for the Legumes and Small Grains classes are much lower in the North image

as well. There are similarities in the pba of the curves of the &/ Forage and Bare
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Average Spectral Response, North Study Area
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Soil/Fallow classes. The three other classes have higher TM band 4 and lower TM band

5 values.

2.4.2Classification results

The aerage overall accuradyr the unsupervised classificatiovas 59.46, with
the accuracy of theorth scend65.7%)being highetthan that of the south scene
(53.1%). The average Kappa Index of Agreement (KIA) was also low, at 46.40%, with
the north scene again idg better than the south (56.4% versus 39.4Certain classes
had a higher accuracy than ot hers, and

anduseds accuracy within the same class.

Class Accuracy Results - Unsupervised
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Figure 2.7 Class acuracy results for the unsupervised classificatiOnerall accuracy was
59.4%.
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Appendk E for tabled data)
Thesupervisectlassifications gavligher accuracyesultsthan the unsupervised
classification The supervised NN classifition had an overall average accuraty o
85.7%®6, with an average KIA of80%. The accuracy of the north scene was again higher
than that of the south, with averall accuracy of@®7% and a KIA of 82.4 conpared
to the south scenoyénd77BAKIA8 Bigure 2.8giveathdse acc ur a

details. The feature space with dimension 8 (8 obfeature$ was found to have the

Accuracy

Class Accuracy Results - Supervised NN
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Figure 2.8 Class accuracy results for the supervised NN classificatmerall accuracy
was 86.7%.
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highest average separation distance (0.567) for the South study area. Ths fesadr
can be seen in Table 28nd thedistance matrix showing the separability of each class
using this featw space can be seen in Table ZT4e feature space and distance matrix

for the North study area can be seefables 2.5 and 2.6

Table 2.3 South NN feature spacd.he best sepatin
distance is the largest distance between the closest
samples of classes within this feature space.

Standard deviation: Mean:
Wetness Wetness
Greenness ™ 2
™ 2 ™ 3
™ 3
™ 4

Dimension: 8
Best separationistance: 0.57

Table 2.4 South NNdistance matrix
Bare Soil / Grass/
Class / Class Fallow Canola Forage Legumes Small Grains
Bare Soil / Fallow 0 8.9 0.7 7.2 2.6
Canola 8.9 0 6.0 0.6 2.9
Grass/ Forage 0.7 6.0 0 5.0 0.6
Legumes 7.2 0.6 5.0 0 21
Small Grains 2.6 2.9 0.6 2.1 0
Table 2.5 North NN feature space
Standard deviation: Mean:
NDMI NDMI
Brightness Greenness
Greenness ™1
Wetness ™ 2
™ 1 ™ 3
™ 2 ™ 4
™ 3 ™ 5
™ 4 ™7
T™ 5
™ 7
Dimension: 18
Best separation distance: 0.58
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Table 2.6 North NNdistance matrix
Bare Soil / Grass/
Class / Class Fallow Canola Forage Legumes Small Grains
Bare Soil / Fallow 0 7.9 15 101 4.3
Canola 7.9 0 3.7 0.9 21
Grass/ Forage 15 3.7 0 4.9 0.6
Legumes 10.1 09 49 0 16
Small Grains 4.3 21 0.6 1.6 0

The supervised sequential mask({&pM)technique gavene highest
classification accuracies of the methods testéth the highestaverage overall accuracy

(88.0%) and KIA (83.%) values.Figure 2.9gives these results in more detail. The

accuracy of the south scene was higher than that of the NN method, but the north scene

Class Accuracy Results - Supervised Sequential Masking
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Figure 2.9 Class accuracy results for the SSM classificati@verall accuracy was 88%.
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had slightly lower accuracy results than the NN mei{Ragure 2.10. Individual
classaccuracies were also very good, with classes suBageSoil / Fallow,Canolaand
Peas having average KIA per class vaklilesve 95%The lowestccuracy was the
southernBar& o i | / F a | slaccwacy dt 4480Fhe pracess tiees used for the
North and South imagdsas well as the additional Landsat scemes) be seen in
AppendixC.

The unsupervised classification gave lower thareetgd results, with the North
study area classification accuracy being higher than that of the South study area. These

relatively low accuracy figures could be the result of the varying crop conditions. Two

Supervised Versus Unsupervised Average
Classification Results
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70%
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10% -

0%
Average Average KIA South Overall South KIA North Overall North KIA
Overall Accuracy Accuracy
Accuracy
B Unsupervised @ Supervised-NN  m Supervised - Sequential

Figure 2.10 Overall accuracy and KIA for all three classification methods
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adjacent fields could contain a homogenous coYaentical crops, but be in two
different stages of growth. Differences in crop phenology such as these can resul in the
classifier identifying the crops as different, when they are in fact the same. Early stage
cereal crops are closer spectrallygtasses than to late stage cereal crops, so there is
much class confusion with this method. Training samples were used to help amalgamate
the unsupervised classes into the final 5 classes examined, but often a homogenous field
would be made up of multiplclasses with this classifier.

Another factor in the lower accuracyasthe confusion between Grd$rage
and Bare Soil / Fallbw. Confusion between these clasasdue tosome grass pasture
fields being heavily overgrazed, which results in veny lmomass, andpectral
properties that mimidallow fields. The same confusion effect can also be seen in the
supervised Nearest Neighbor classification, as well as the spectral response curves for the
classes.

The distance matrices for the NN classifica are good indicators of crop
separability levels for all of the classificatiorSanola and Legumes have a relatively
low class separation distanaghen compared to classes such as Canola and Bare Soil /
Fallow. Grass/Forage and Small Grains dlage a low class separation, in addition to
the Grass / Forage and Bare Soil / Fallow relationship mentioned above. The Grass/
Forage class is itself very diverse, containing many different types of natural grasses,
planted feed crops, and herbaceouader The Grass / Forage class is therefonery
broad class that contains elements of many of the other classes, hence the spectral
similarity with other classes. Canola and Legumes generally have a high class separation

distance from other classes ¢ept with each other, as mentioned above). For the Canola
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class, this is most likely due to the bright yellow flowers that are present on the canola
plant. These flowers appear to have a very high spectral reflectance, and canola fields
can often be ideified on unmodified Landsat images shown in true color, showing up as
a bright yellowygreen color. Legumes also have a distinct green color, and can be
spoted on truecolor imagery. Ahigher separability for some classes is reflected in the
class accracy results, with Canola, Legumes, and Bare Soil / Fallow having, on average,
the highest classification accuracies. Classes that are more confused witlsottiiess,
Small Grains and Grag$-orage, generally have lower classification accuracies.
Thedifference in the accuracy between the North and South study areas using
both of the supervised classifications likely has a number of explanations. First ofall, the
differences in the average spectral values of the crops, though slight, is enough to sho
that there are different growing conditions between the two areas. The north area was hit
harder by poor weather, and the crop quality wa®fawan that of the south.
Differences in crop quality medhat there is again more confusion between thps;ras
poor quality crops move farther away spectrally from their class. There may also have
been differences in the quality of the training sites chosen for each area. That is, some
training sites may be more representative of a crop type than otépes)ding on the
factors such as the condition of the field, planting date, or soil moisture content. The
SSM classification in particular is unique in that classification accuracy can be increased
or decreased dependi ng lyidentifylihe beatolamnnglssahdd s ab i |
features to use for class discrimination. The specific values of those features that are
chosen to represent each class can also affect the accuracy. Thus the classification

accuracy will vary depending on differencehamogeneity of the crops, weather and
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moisture patterns, crop phenology, crop condition, and the abilities of the analyst to
determine those differences.

The SSM classification is the best classification of those tested to reach the
stated goals of thiesearch, for a number of reasons. The SSM classifier had the highest
average overall accuracy and the highest overall KIA value. It was also the most
adaptable classification scheme; it can be extended to cover areas wtieamound
training datas not available. In a project such as the FMFGBRP, which covers a large
amount of land and needs multiple Landsat scenes to cover it all, this is a very important
factor. Training sites from other scenes can be used to train the classifier, whichmcan the
be adapted to better suit the current area being looked at. The process trees upon which
the SSM classification is based are easy to change or refine based on new information,
which is something that cannot be easily done with the other classificagibhoads
examined. The SSM classifieis also able to adapt to different climatic, biophysical, and
phenological conditions across the entire mosaic of scenes. The basic theory behind this
classification can also be applied to other l@oger types, sucés wetlands. Inshort,
the SSM classification allows for increased flexibility for current and future mapping
needs, while at the same time reducing operational costs by eliminating the need for a

massive field campaign across a large area.

2.4.3 Completed Mosaic

Due to the higher average accuracies, as well as other benefits, such as easy
adaptation to new areas without training sites, the SSM method was chosen as the best
method of classification, and was applied to the other six Landsat scelids 15

ETM+) that make up the agricultural area in tloothills ModelForestGrizzly Bear
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ResearchProgram (FMFGBRP}tudy area. The complete mosaidth the SSM
agricultural classificationan be seen iRigure 2.11 The agricultural classification \sa
added to the existing FMF land cover map, increassnematic resolution There are
some class similarities between the SSM and FMF classified parts of the map. For
example, the SSM Bare Soil / Fallow class is spectrally similar to the Barremtihss
FMF map though the SSM class represents a different use of the land cover. Another
example is the SSM Grass / Forage class, which is similar spectrally to the Upland Herbs
class of the FMAnap though again the use of the land cover is diffeloettveen these

two classes, with the SSM class existing within an agricultural framewidik. new

SM land cover magould contribute to more accurate resource selection mis@ysd

et al, 2002; Nielsert al, 2002)and would give a better understarglimf bear activity

in agricultural areas. The increasbe matc resolutiorof this map ould also contribute

to more robust calculation of landscape metrics in agricultural éeasC hapter 3)

2.4.4 Grizzly Location Data:

A total of 502agricultual image objectfom the SSM classificatiocontained
grizzly bear location data. Of those, 23 (4.6%) were classified as BareFaddw, 386
(76.9%) as GragsForage, and 93 (18.5%) as Small Gralg@re2.12). The location
of these points was ior near the foothills region of the provinaghichmeans that most
of the Grasg Forage polygons would be represented on the ground by natural prairie
grasses and shrubby areas, rather than planted hay or feed crops as are more common in

the eastern aes of the study region.
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Figure2.11: Completed mosaic with SSM classification, showing new agricultt
classes (top 5 iregend) with those of the FM&nd cover map

Many of the bear locations skirt the edge of the agricultural area without actually

entering it. The bears appeampi@ferthe forested regiomentering agricultural land

only at the margins, or travelling through the river corridors that dissectritiscizpe.
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Grizzly GPS Location Distributions Among Different Land Cover Types

M Bare Soil / Fallow
M Grass / Forage

w Small Grains

Figure 2.12: Distribution of bear location points within newly classifi§&M)
agricultural classes

These pointsvere collected from the GPS collarsi®f different bearslO male
and 8 female.The majority of the pointé66.9%) represent data from the months of July,
August, and SeptembeFigure 2.13 breaks down the monthly locations of the bears
within the agricultural area. €lsameseasonapattern also holds true when the classes
Small Grains and Grag$orage a looked at separately, with the majority of the points
located in these classes being from the-taid summer months of July, August, and
September. The Bare Soil / Fallow class, which makes up only 4.6% of the total, is more
uneven in monthly distribign (class specific breakdowns of monthly bear location can

be found inAppendixD).
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Agricultural Area Bear Presence by Month

April W May M®June WJuly M August September M October M November

Figure 2.13: Bear presence in agricultural areas, shown by mokfttmths represented by
green slices showdtie highesbearpresence.

While the percentage d¢dtal bear location points appearing in agricultural areas
is low, theactualnumber of GPS collar location points that do appear (1270 points
representing 18 different bears) is still significant, especially when the type eddeved
visited and the tim of the visits is considered.

The majority of the locations occurred in the Grass / Forage class, which, in the
marginal areas wheredlibears are present, usually consists of natural grasses, pastures,
and planted feed cropsich as oats and alfalfa. &bhearslso visit areas classified as
Small Grains. The bears visit these locations most frequently in the summer months of
July, August, and Septembeavhichis the time of year when the crops and grasses are

mature. The Bare Soil / Fallow class, whichakes up only 4.6% of the to@dricukural
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areas visited by the bears moreuneven in monthly distribution, with the majority of

visits taking place in June, July, and Septembee Appendid). Thisuneven

distributioncould have resultethecaus¢hesebaref i el ds dondét contain a
may also be related to the relatively low visit rate to this class, which means the data

available may not be a good representation of their presence karttiisover type

2.5 Conclusion

The objective®f this research were test a small selection of classification
methods, and of those methods, find the one most appropriateté&ymining multiple
classes of agricultural and herbaceous land ctovehe purpose adfnd cover mapping
in areas of gazly bear habitat The most appropriate method was determined to be the
Supervised Sequential Masking classification, which gave an overall accuracy of 88%
and a Kappa Index of Agreement (KIA) of 83%. It had the highest classification
accuracies, was theost operationally useful, and itflexible andeasily expandable to
other classification problemsThe SSM demonstrated some of its utility wikie
examination of the grizzly bear locations within the agricultural areas in Alberta. The
results fromthe analysis of this data show that food availability may play a part in the
bear s6 use odreah Albertaasg thé Sivdahd cover asnhmay be useful
for resource selection and food availability models that could help with grizzly bear

manag@ment in the agricultural @as of the province.
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3. Relationships Between Landscape Spatial Properties and
Grizzly Bear Presence inAgricultural Areas in Alberta

3.1Abstract
Management plans to redyseoblem bear conflicts in agricultural areas are seen

as one of the strategies with the greatest potential to mitigate hinchaoed harmful

effects on grizzly beatSrsusarctog populationsn Alberta. Agricultural practices

change the physical strucéuand composition of the landscape. The purpose of this
research was to determine which, if any, landscape configuraéiodadompositional

metrics are related tgrizzly bear presence or abundance in an agricuttareinated
landscape. Locational dafiar 8 bears was examined in an area southwest of Calgary,
Alberta. The 4494 kfrstudy area was divided into 107 slimdscapes of 42 K Five

meter spatial resolution IRS panchromatic imagery was useldgeify the area and
derivecompositional and atfigurational metrics for each suandscape. It was found

that the amount of agricultural land did not explain grizzly bear use; however, secondary
effects of agriculture on landscape configuration did. Hagllscapgatch density and
variation in disances between neighboring similar patch types were seen as the most
significant metrics in the abundance models; higher variation in patch shape, greater
contiguity between patches, and lower average distances between neighboring similar
patches were theast consistently significant predictors in the bear presence / absence
models. Grizzly bears appeared to prefer areas that were structurally correlated to natural
areas, and avoided areas that were structurally correlated to agricultural areas. Grizzly
bear presence could be predicted in a particulatianticape with 87% accuracy using a

l ogistic regression model . Bet ween 30%

74

and



habitat selection was explained using these modealsdscape metric values are
depedent to some degree upon the spatial and thematic resolution of the imagery used to

generate them.

3.2 Introduction and Background

Humancaused mdality, along with habitat loss, atbe most serious threst
facing grizzly beafUrsus arctod..) populations in AlbertgGibeauet al, 2002;Kansas,
2002) Mortality and habitat loss most often caused by uncontrolled human access and
industrial development activity in bear habitdthe t er m 6 habitatd in thi
be def ihensardanddosatio bf the specific resources needed by an organism for
survivaland reproductiom , whi ch i s t he McBdrmideiat i on put fc
(2005 . OFragmentationd in this thesis refers
transformation in whib a large habitat is broken into smaller pieces by a spatial process
(Forman, 1995 Fragmentation will therefore lead to an overall loss of habitat and
increased isolation of the remaining habitat pieces.

Activities such as oil and gas exploration and extraction, forestry, agriculture, and
recreation all contribute to grizzly bear habitat fragmentation and loss (Gaethalljs
2005). Another important factor is the network of roads and trails thaft thi o
aforementioned activities depend on, as well as the seismic exploration lines that are cut
for oil and gas exploration (Maet al, 1996; Linkeet al, 2005). Thesénear features
allow access to otherwise remote areas by people, which leadsftiot@nd a declining
bear population (Kansas, 200Bragmentatiomot only fragments the landscape, but

reduces the total area@¥ailablehabitat and may limit grizzly bear movement.
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Management plans to reduce problem bear conflicts in agricuttigas were mentioned

by Kansas (2002) as one of the strategies with the greatest potential to mitigate human

induced harmful effects on grizzly bear populations in Alberta. It has also been
recommended by Al bertads Endaeethatthespeci8speci es
beelevated r o m 6 may b dodhreatemedstmtkisqStentioast al, 2003).

Any change in status would require appropriate management and conservation planning,
including management plans for agricultural areas that pagetaf traditional grizzly

habitat.

The purpose of this researishio investigate the possible relationships between
metrics that represef@ndscape structueend grizzlybear Jrsusarctog presencen
agricultural areas. The characteristics of certain landscape elements and landscape
compasition and configuration axamined to identify thenelationships withgrizzly
bearlocation information Using satellite imagery, existing bear location GPta,dend a
statistical landscape analysis program (FRAGSTATS) this resesadekigned to
determinethe configurational and compositional differences between areas that the bears
use and areas that they avoid in the agricultural landsdafrmation abait these
relationships between landscape and bear presende be critical in determining land

management practices in agricultural areas that bautezntgrizzly bearhabitat

3.2.1Landscape&Modification and Fragmentation

This manuscripwill foll ow t he definition of O6landscap
Mc Garigal (2002), where it refers to indices

focused on the characterization of the geometric and spatial properties of categorical map
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patterns representedasingle scale dandscape metrics act as the quantitative link
betweerspatialpatternsof the landscapand ecological or environmental processes, such
as animal movement and habitat selectiond(N eetial, 1988;Narumalanget al, 2004).

Landsc@e metrics have been grouped into four main categories, which describe
differentparameterabout the landscape being examined: i) patch area, ii) edge and patch
shape, iii) diversity, and iv) landscape configuration, which includes measures of
connectiviy, proximity, and dispersigmmong otheréHerzog and Lausch, 2001; Ivies
al., 2002). Patch shape, for example, can often be an indicator of human manipulation of
t he | ands cetaah ¥988NarGmaknet al, 2009, which results in more
regular, geometric shapes and straight edges. Landscape configuration metrics can be
used to measure the amount of fragmentation of the landscape, which is important in
many habitat and ecology studies.

Landscapenetricshave been shown to contributethe explanation of species
presence and abundar@®écGarigal and McComb, 1995; Linlet al, 2005), habitat loss
and fragmentation (Linket al, 2005), and the effects of ecotones and corridors on
species movement (Bowegs al, 1996). They have also been used extensively for
describing habitat function and landscape pattern (Herzog and Lausch, §idgially
in the field in landscape ecologit has been well documented that grizzly bears are
affected by landscape structure, esplcwhen caused by anthropogenic landscape
modification and fragmentatioqMaceet al, 1996; Kansas, 2002; Garshadisal, 2005;
Linke et al, 2005). Anthropogenic effects on grizzlies halveen shown in oil and gas
exploration and extractioflMcLellan and Shackleton, 1989; Linke al, 2009 forestry

(Appset al, 2004; Nielsert al, 2004 Nielsenet al.,2006; Namst al, 2006, road
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developmen{McLellan and Shackleton, 1988; Maekal, 1996; Wielgust al, 2002;
Chruszczt al, 2003; Walkr and Servheen, 20p%nd agriculturédWilsonet al, 2005;

2006.

3.2.2 Agriculture

Agriculture and its associatdaind covemere the focus of this researchn a
study of grizzlyhuman conflict on agricultural lands in Montana, Wilsgral. (2005;
2006) found that there were many different attractants for bears on private lands that are a
part of the natural bear habitat. One of the most important factors was the use of riparian
areas by bears as both habitat and transportation corriddse (Mt al, 2005). The
bears use these areas to reach anthropogenic attractants, such as cattle, sheep, beehives,
and boneyards. The more attractants that were in an area, and the closer that area was to
wetlands or riparian areas, the more likelylbars were to use that area as habitat.
When fences were introduced, the rate of bear use dropped considerably. For example,
beehives that were protected by fencing were
bears than unprotected hives (Wilstral, 2006). In many cases in Montana, the
original bear habitat has not been fragmdnkauit its availability for bear use has been
reduced due to human presenddiis human presence in the landschpegs the bears

into conflictwith people, and can beeseasringing aboutin effectivehabitatioss

3.2.30bjectives

Landscape metrics have been shown to be an important element in grizzly habitat

selection (Linkeet al, 2005). Therefore, the specific goals of this research were to:
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) identify landsca@e composition and spatial configuration in the agricultural areas of
western Alberta

ii) determine if landscape composition and spatial configuration are related to grizzly
presence or absence in an area

i) determine whicHandscapemetricshave the strongest relationships with grizzly
location datahat are available from collardxar GPSlatasetsand

Iv) determine the extent of the difference between landscape metric values when

calculated at different spatial and thematic scales.

3.3 Study Area andMethods

3.3.1Study Area

The study area for this project was the foothills region tethehwesbf
Calgary, Alberta. The area was chosen basedrizzly GPS location data that suggested
thatbears were present agricultural areas this part of the provinceThe landscape of
this area is dominated by grassland and agricultural crops, with patches of forest,
changing to largely forested areas further west in the foothills. Roads are a dominant
feature in much of this landscapeith higher densities in the agricultural areas, and
lower densities in the foothills.

The total study area covers 4494%mhich was made up of 107 square-sub
landscapes of 42 Kneach (see Figur.1), 71 of which contained bear occurrence
points. The scale of the sulandscapes in this research is basethemecommendations
of Linke et al.(2005) andNamset al.(2006), who found that grizzly bears move

through and select habitat ataadiscape scale of aroundi350 knf. Namset al.(2006)
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found a strong selection preference at a scale eB#6kn?, with a peak preference at 36

kn?, while Linke et al.(2005)found a possible range from 849 knf, andused a

Legend ~
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Figure 3.1: Study area map showing the distribution of the 104aswdscapes in
southern Alberta.
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measure of 49 kfn The use of sulunits of 42 krfiis halfway between the twased

valuesof 36 knf and 49 krf, and well within the given rangedt is important that this

scale be defined and representative of the organism beingdtatherwise, the

landscape patterns detected will have little meaning, and the conclusions reached may not
be accurate (McGarigal and Marks, 199&ach subandscape was analyzed separately

in the RAGSTATSprogram(McGarigalet al, 2002) and had & own landscape

metrics generated.

3.3.2 Data Acquisition andPreprocessing

The imagery used for this research was from the Indian Remote Sensing (IRS)
satellites (IRSLC and IRS1D) panchromatic sensord.he IRS imagery waacquired as
6 bit image data, resampled to 8limtthe company Space Imaging (maximum number of
distinct grey levels = 64)Each image has been orthorectified to Alberta provincial
1:20,000 vector data files. The imagery dageometric accuracy of-+15 meters aross
eachscene. The imagesre a compilationf scenefrom as many as 7 dates, acquired

between April and Octobeand somapan more than one ygdrable 3.1) The intentof

Table 3.1: IRS imagery coverage and dates. Images were
compiled from as nrgy as 7 dates, acquired between April af
October, and may span more than one year. Dates given g
those that make up the majority of the image.
NTS map sheet area Imagery Dates
821_04 Sept., 2001/2002
82J 01 July, 2001
82J_08 July, 2001
82J (therest) Sept., 2005
82G Sept., 2005
82H Sept., 2005
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this compilatiorwas to produce images that were virtually cloud,fez@ that mirrored
Alberta provincial 1:50 000 NTS map sheeRadiometric correction and tonal balance
were employed to maintain uniformity across each scene and adjoining sdtmes
each image compilatiorRadiometric correction was done by the originating company,
Space ImagingFurther radiometric and atnmuiseric correction was not conducted, as it
was not necessary for the classificatiue to the images being classified separatetyd
accurate biophysical measurememb$ beingneededSonget al, 2001).

Also used in this study was an existing Lannd®d based land cover mgthe
sameFMF land cover map used in Chapten2the same area of the Albefftathills.
The FMFland cover map was created as part of the Foothills Model Forest Grizzly Bear
Research Program, and consists of multiple scenes of Landsat TM data combined
together into a mosaic and classified using an ollgaséd classification method
(Franklinet al, 2001;McDermidet al, 2006). The FMF land cover map has an overall
accuracy of greater th&®% (Franklinet al, 200). The classes used in the FMF land
cover map are Upland Trees, Wetland Trees, Upland Herbs, Wetland Herbs, Shrubs,
Water, Barren Laoh Snow/Ice, Cloud, and Shadow.

GIS data wee also used in this studytovided by the Foothills Model Forest.
The data included a grizzly bear point location database, as well as vector data of roads
and streams within the studyea. In order to collet the bear GPS location data, the
FMF captured, immobilized, and radillared a sample of the grizzly bear population
|l ocated throughout the beardés Alberta range.
female grizzly bears. The resulting teetny datafrom these collars werthen

transmitted to the FMF tbugh a satellite uplinkyith locations being recorded every
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four hours or less (varies depending on year of bear captérdg¢tailed methodology

and results of this program can be found in Hobs06%22006)A total of 8 beargb

male, 3 femalepave 1454 poinbcations (not evenly distributed among the bears or the
study area) in the area of study. Specific bear behavior, such as foraging or mating, was
not accounted for. The road and streantmedata were used to calculate the density of
these features (km / Knwithin each subdandscape Stream density was included based

on work by Nielsert al.(2002) and Wilsomt al. (2005, 2006) who demonstrated a
relationship between grizzly habitselection and distance to riparian areas. Road

density was also included, as road density has been shown to play a large role in grizzly
bear use or avoidance of an arBkl(ellan and Shackleton, 1988; Maekal, 1996;

Wielguset al, 2002; Chruszcet al, 2003; Waller and Servheen, 2005)

3.3.3 Image dassification

The panchromatic IRS images were classified using the Definiens Professional
objectbased image analysis software package. Each image was classified separately,
usingthe same SSMlassifer as described in Chapter 2. The SSM method was chosen
for its relatively high accuracy and so that each image that was classified could simply
use a modified version of tli@SMclassifier that was used on the previous imaige
SSM classifierd easily adapted to suit each sceAdimited number of classes were
used in this study, due to its focus on agricultural settings and limitations of
interpretabilityfor the panchromatic imagery. Panchromatic imagery contains only one
image channel, drand, so the spectral responses of the land cover types are limited.
Four classes were useariculture (which includes open shrubland, grassland, and

pastureland in addition to agricultural crogsyest, waterandother(which includes
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features suchs roads, cities, bare rock, snow, etc.). An okyased approach for the
classification was chosen, for a number of reasons. Using an-bbjed approach,

images are separated into discrete, homogenous patches, which allows for easy and
accurate irgrpretation of the landover information by the FRAGSTATS software.
These homogenous | andscape objects also redu
seen in pixebased classificaton methodRe d uct i on of t hisisfisalt an
important for the derivation of landscape metrics, especially those dealing with
connectivity, as a single incorrectly classified pixel in the center of an otherwise
homogenous area could lead to inaccurate results @ivas, 2002). Using an object

based t@assification also made assessment of the classification using the ekigliing
Landsat TMbased land cover map of the area enstraightforward. The classification
assessment was done because it was not feasitile time of this researdd collect

ground data to verify the accuracy of the IRS classificationot&lof 150random points
were createdysing a random point generator in the ArcMap 9 software program. The
random points were located in all of the landscapewsuts. The classes of théVF

land cover map were combined to match the classes of the IRS imagery; the two forest
classes (Upland Trees and Wetland Trees) were combinedfmtesiclassithe Herbs,
Shrubs, and Barren classes were combined intgacaulture classWater remaied
water,and the rest othe classes were combined into thkerclass. The IRS objects
matched up visually very well with the existing TM based map objedtis water

features, general landscape pattern, and placement of classes match{RgyuweB.2,

points A, B, and C) The IRS map often hatdore detail because ofelnigher spatial

resolution of the IRS imagery (5m) compared to the Landsat imagery.(30ha)
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Figure 3.2: Shows correlation between a classified IRS image (darker colored square
center) and the FMF land cover map (lighter colors), al@mbining the Landsat classes t
match those used in the IRS image classificati®oints A, B, and C are located at areas th

showcase how the two images are in thematic agreement.

random pointsverechecked for accuracy against thelass FMF land cover maplhe

IRS map was in agreement with the FMF r8dgoof the time

3.3.4 Selection of Landscape Metrics

A variety of configurational and compositional landscape metrice wkosen for
this analysis based on their simplicity and accuracy in measuring different elements of
the landscapeMetrics were computed at the landscape level in the FRAGSTATS

program; landscape level analysis measures the aggregate propertiemtfehe e
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