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ABSTRACT

Natural resource management in northern boreal forests requires tree species
identification for improved decision making. Satellite remote sensing provides a more
costeffective and timeefficient way to obtain this information in these large, remote,
inaccessible areas. However, satellite signals are highly mixed due to increased tree
shadows and visible understory vegetation in higheutitlower density open forests.

Thus methods usd in southern forests are largely unsuitableerefore spectral mixture

analysis (SMA) was tested as it separates these signal components (trees, understory,
shadow) at sulpixel scales, allowing improved forest information. In this study, SMA

was usedo identify the dominant species near Fort Providence NWT using Labhdsat
Thematic Mapper imagery. An accuracy of 79 % was achieved for four species validated
against 48 ground plots using multijglate imagery acquired at different stages of the
growing  as on. These positive results i1indicat

information of highly mixed open stands.
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CHAPTER 1

Introduction

The worl dbés boreal forest s, whi ch occu

represent a major biogeadatic zone thategulates regional and global climates, cycles
nutrients, and provide renewable resourckabitat, and recreational opportunities
(Brandt, 200%. Despite thamportanceof this natural resourcéorealforests are under
pressure from a varietgf stressors, such as lande conversions and climate change
induced alterations to hydrological conditions as well as wildfire and insect disturbance
patterns(Williamson et al., 2009Natural Resources Canada, 2P1Gurrent and future
impacts of these stressorsquire accurate information on the spatial distribution,
structure, and processes of forefis sustanable forest managemerfor example,
governmenbased forest inventories produdetailed maps ofspecies composition,
defined as theelative proportion of tree species irstand to the nearest 10 percehgt

are importantfor forest resource reportinandthe establishment dbrest management

plans(Gillis & Leckie, 1993 Leckie & Gillis, 1995.

1.1. Acquisition of Species Compositionriformation
Information aboutspecies compositionan bedifficult to collect on the ground
due to site accesshallenges,budget limitations and the large areas of forested land
Therefore forest inventories are typically urmtlegken through theise of aerial photo
interpretationin combination with ground samplesd have recently migrated to soft
copy digital stereo interpretatigachniquegPower & Gillis, 200$. Despitethese recent
advancements, dal photcinterpretationremains a technology whose limits are being

challenged and is cost prohibitive over large, remote forests. A primary example of the



lack of spatial and temporal coverage of species composition information is in the
Northwest Terribries (NWT) CanadaForests cover 33 million hectares in this territory
(Government of Northwest Territories, 20),1af which detailed forest inventories exist

for less tharl0 %of its forestqHall et al., 2012 Yet in the last decadseverakerritorial
government policy initiativesuch as theNWT BiomassEnergy Strategy and Boreal
Caribou Action Plamave identified a need for more detailed information regarding forest
resourcegGovernment of Northwest Territories, 201@0103. To alleviate information
gaps, forest management agencies increasingly rely on spatial data of land cover derived
through remote sensingue to its large area covera@eranklin, 2001 Turner et al.,
2003. While forest cover informatiomxist for the NWT, these inventories characterize
forested landio coniferous, deciduous, and mixethsses(Wulder et al., 2008 and

thereforea more specific characterization of tree species is desired.

1.2. Remote ®nsing ofBoreal Tree $ecies

Previousremote sensing appaohes have beedocumentedin the scientific
literature to derive estimations of the spatial disition of boreal tree species. This
generally involves the discrete labeling of pixels that are based on the dominant or
leading species within a stafféranklin, 1994 Beaubien et al., 199®eddle et al., 2007
which is less detailed than the information acquired through aerial -pitetpretation.
There is uncertainty in the degree to which the documented approaches can be integrated
into current forest inventoriebecause the approach to deterniimespeges composition
of a stand(and therefore the leading species) differs among jurisdictions and in the
literature. Resource management agencies may measuspahbes compositioper

percentage crown closure, basal area, stem density, or gross (@ulhse& Leckie,



1993. The relative abundance estimations for each tree species present in a stand may
not be the same among these metrassd could influence whickspeciess considered
dominant. Differences in the definition used tdireate theleading speciesould
thereforeinfluenceimage classificatiomesults yetin the emote sensing literature it is
generallynot determined whether amage is sensitive to hothe leading species
characterized on the grouritlis therefore of particular interest to impeunderstanding

of thesensitivity of satellite imageny field-based descriptions of leading species.

It is important to note thahe capabilities of thelocumentedapproachesare
unknownfor northern boeal forestdue to thesmall number ofstudiesin these regions
(e.g., Gerylo et al.,, 2002 Franklin et al., 2008 Forest stands in northern boreal
envionments such as the NWT vary widely in terms of their composition, structure
and spatial distribution, with a predominance of those with complex stand structures and
open crown closurgdcosystem Classification Group, 200The spectral responsein
these types ofdfrests on 30n Landsat Thematic MappéFM) images ismixed,and as a
result onventional pixelevel approaches for species mapping are not considered
suitableas theground vegetatiors a significant contributor to pixdével reflectanceAn
image clasification approach based @pectral mixture analysis (SMAhay bemore
suitable, as thistechnique decomposes mixed pixdlsto physically meaningful
components (i.e.pure materials or scalled endmembers) of sunlit canopy, sunlit
background, and shado/Adams et al., 1993RRoberts et al., 1998vhich can be related

to tree species.

A key to successfly apdying SMA is the appropriate specification of

endmembergTompkins et al., 1997 which involvesspecifyingthe number and type of

3



endrmembers and their corresponding spectral signatiiedmember spectrare often
measured in the fieldnowever, this is not always possible because of technical and
budgetary limitations(McCoy, 2005. As an alternative, endmember spectra can
sometimes be derived directly from an image. Although considerable research has
focused on image endmember extraction algoritfiBmardman, 1994Winter, 1999

Plaza et al., 20)2the proper specification of image endmembpectra is not always
possble. For example, for the background component there may be no suitable open
areas that match or exceed #wea of one single pixelt is therefore of interest to
determine whetheendmember spectral impurityould influencethe discrimination
between tree specieand whether forest inventory information can be used to select
meaningful image endmember spectfs the degree to which tree species can be
discriminated may be influenced by its stage of vegetative phenolagysth of multi
temporal imagery during the growing season was @smed of interest fots potential

to improve classification accuracies.

1.3. Thesis Research Objectives

The goal of this thesis is to obtain enproved understanding of the capabilities
of SMA for mappingtheleading tree species in northdyoreal forests using Landsat TM
by addressindgour currentunknowns 1) the sensitivity to fiekbased descriptions of
leading species, 2) the influence of the type of background endmember used foB)SMA,
the use of impure image endmember spectra selestadforest inventory information,
and 4) theadvantageof multi-temporal imageryThe objective of this thesis wde
address these unknowns, and \aakievedby answering five research questidos a

representativetudy area ithe Taga Plain€Ecozoneas follows



1. Is the determination of leading species from Landsat TM imagery influenced by
its description from fielebased inventory metrics?

2. Does the use of background endmembers defined by sipgleiesor mixed
speciespectra influence the discrimination of leading species?

3. Are there differences in classification performance between htlageed spectra
and fieldbased spectra?

4. Is the performance of imagkerived spectra dependent on the typfest
inventory information (e.g., by basal area or crown closure) used to select
representative sunlit canopy and background components?

5. Would the use of multitemporal Landsat TM imagery to represent different
stages of vegetative phenology improve tletermination of leading species?

1.4. Thesis Organisation
To address the five research questions, two studies were undertaken. The first study
addressed the first and second research questions, and required three different sources of
validation dataand hidn-quality field spectra ofthe sunlit canopy andinderstory
vegetation. Classification accuracy was estimated for a-dpecies classification
scheme, and analyzed to identify patternshwfhest agreement withthe validation
datases. The second study ompared the performance of the field spectra to image
endmember spectraf the sunlit canopy and background components, which were
selected using two different sets of selection criteria and detéolexdt inventory
information Both singledate and mulitemporal imageryasevaluatedo determine the

performance of these spectra

This thesis is written in aanuscript format with each Chapter representing a
standalone, yet integrated part of the conducted research. Chapter 2 provides a literature
oveniew of the potential and limitations of remote sensing to derive the spatial
distribution of boreal tree speciesand highlightscurrent challenges to derive this

information for operational forest management. Chaptpre3ents the location of the



study aea, andcharacterizests abiotic and bioticcomponents. Chapter 4 addresses the
first and second research questgrevaluating the sensitivity of Landsat TiMageryto
multiple sources of validation data artd classification performance usingrioussets of
understory spectra. Chapter 5 addressesatter three research questions by evaluating
the performance of image endmember spectra and-taaiporal imagery. Chaptés
synthesizes the resultaddresses the implications of this work for the reEmgensing
discipline and operational forest management in the NWAnd provides

recommendations for future resear€apter 7 concludes the findmof this research.



CHAPTER 2
Literature Review

The overall goal of this literature reviewt provide an overview of the potential
and limitations of remote sensing to derive the spatial distribution of tree species within a
northern boreal forest context. The work described in this review represents a
compilation and summary about the methodsl aata sources used to derive this
information. This review is subdivided into multiple sections, whereby Section 2.1
introduces the boreal forests and emphasizes the importance of forest monitoring. Section
2.2 provides an overview of current forest integy approaches and highlights current
challenges. A review of the determinants of compositional and structural heterogeneity in
boreal forests is provided in Section 2.3 to emphasize ecological considerations for
mapping purposes. Section 2.4 assesse®tee sensing methods to derive the spatial
distribution of boreal tree species, while Section 2.5 synthesizes this literature and
highlights current challenges to the derivation of this information, Wit intentto

identify future areas of research. 8ee 2.6 summarizes the findings.

2.1. The Boreal Forest and Importance of Forest Monitoring
The worl dbés boreal forests occupy vast
mainly found in CanadaRussia, Alaska, and Scandinavia. These forestger
approximaely 1,890 billion taand represent one of the largest foregionsin the world
(Brandt et al., 2013 This circumpolar forest represents a major biogeoclimatic zone,
which regulates regionand global climates, cycles nutrients, acts at a reservoir for
biological and genetic diversity, and provides renewable resources, habitat, and

recreational opportunitig@randt, 2009. By storing between 887 t/haof carbon in its



aboveground and root biomag&eith et al., 2009 as well as 11843 t/ha in its soil due
to the large peat stodMalhi et al., 1999 Amundson, 200} the boreal forest represents
the worl dos second | ekr (888 $t) after ethe rtrepscal randa |
subtropical forest§Trumper, 2009 Over North America, the boreal forest zone forms a
broad uninterrupted cresceniin Newfoundland to Alaska, covering approximately
6,270,000km?, and representing the most extensive feceser type on the continent
(Brandt et al., 2013

Given the importance of the NarAmerican boreal forest and its size relative to
the entire circumpolar boreal zone (i.85 % to 32 %; Brandt, 2009), an increased
understanding of the distribution, composition, and structure of these forests is critical for
sustainable forest managemheThis information is especially important with regards to
the direct impacts of climate change on the boreal fo@snpetitive relationships will
change as a result diig¢ gradual northward migration of speci@stken et al., 2008
Walker et al., 201 the increasing adaptational lags created by the shift in optimal
climate (McKenney et al., 2031Gray & Hamann, 2012 and the reduced productivity
(Zhou et al., 2001 and increased mortality and foredteback (Hogg et al, 2008
Michaelian et al., 20%,Peng et al., 20)Xelated to moisture stress

Furthermore, the indirect impacts of climate change, such agdhddming and
intensification of wildfire activity(Girardin & Mudelsee, 20Q0&rawchuk & Cumming,
2010 ad insect outbreakéBerg et al., 2006Safranyik et al., 2010 could introduce
changes to the boreal landpe that could exceed the direct influence of climate change
(Williamson et al., 2009 For example, with increasing fire frequency it is likely that

more frequent shifts from coniferous to decidudosiinated forests will occur
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(Johnstone & Chapin lll, 200&hen et al., 2009 Changes in the spatial distribution or
depth of permafrost have akelr drainage conditions that have led to subsequent changes
to fire regimes and vegetation distributiqidlinzman et al., 20Q5Jorgenson &
Osterkamp, 2005 Unprecedented insect outbreaksich as the recent attack of the
mountain pine beetle in the boreal forests of nartistern AlbertgCullingham et al.,
2011 de la Giroday et al., 20)2exemplify how climate change contributes to
population range expansion towards previously unaffected forested engirtsi@arroll
et al., 2003 Westfall & Ebata, 2011 Given the impacts of climate change, the
acquisition of spatially referenced forestventory information is therefore highly
relevant to understand the rate of change, predict the outcome of these impacts on
ecosystem function and diversity, and identify proper adaptation and mitigation strategies
(Kurz & Apps, 2006 Lempriére et al., 201 Frice et al., 2013
2.2.Forest Inventories

2.2.1. Terms and Definitions

In Canada, forest managementpiovincially regulated, whereby government
agencies utilize inventory classification systems to extract and store spatially referenced
information about forest characteristics, such as tree species, height, and (deckity
& Gillis, 1995). Because of the compositial and structural complexity of forested areas,
relatively homogenous units are established to reduce landscape comgbebtaybetter
understand attribute variations and determine the effects of management treatments
(Bailey et al., 1978 Forest maagers delineate homogenous forested areas for specific
purposes of management and science, whereby they are primarily concerned with the

forest stand as a spatial enti8pies, 199¥ A standis a contiguous group of trees



sufficiently uniform in species composition, age distribution, amdcturethat can be
identified asa distinguishable unit that fits the purposes of an intende(Sunsih, 1986.
Species composan is defined as the relevant proportion of tree species in a(&éhsl
& Leckie, 1993, and is the main variable of interest in this literature reviapping
the species composition of tree species at a particular location is most relevant to
operational forst managemerft.eckie, 1998 andis required to model stand volume and
biomass(Boudewyn et al., 20Q7 net primary productivitfTang et al., 2010 nutrient
cycling (Prescott, 2002 carbon budget$§Kurz et al., 2018 stand dynamic¢Cogbill,
1985, or successional pathwag#er disturbancéAmos-Binks et al., 201D

2.2.2. Current Inventory Approaches

Forest inventories are carried out through an aphatcinterpretation process
whose end goal is a forest inventory m@all, 2003. Aerial photographs record the
radiance of features on the ground at the time of @ whereby this raw
photographic data is subsequently processed through human interpréiaio@ie &
Gillis, 1995. The fundametals of aerial photacquisition and characteristics of both
analog and digital sensors are well established in the liter@gelLillesand & Kiefer,
1994 Wolf & DeWitt, 200Q Jensen, 20Q7 and thus the method of deriving species
composition is of primary concern for this review. Forest species information can be
extracted from photographs based on tonal, textural, pattern, size, shape, and shadow
differences, along with spatial assomat (Lillesand and Kiefer, 1987). Polygons,
representing areas of similar characteristics, are manually drawn using a stereo pair,
whereby species composition is determined by dot grids to measure the relative

abundance of a defined maximum number of npwevalent species to the nearest 10
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percent (Leckie and Gillis, 1995). During the interpretation process, field checks may be
performed for verification and calibration purposiéeld programs consisting of ground
plot surveys are typically conductegs well to determine theagreementof the
interpretatiorwith field dataandwhetherrevisionsare needefleckie and Gillis, 1995).
Because provincial forest inventories are not standardioedss Canadéahe
variable used to measure and describe speomposition varies between provinces and
applications. For example, the relative proportion of a species can be given by percentage
crown closure, stem density, or basal area (Ta)pldt is important to note that forest
inventory protocols are evolvingith the need of an increasing number of variables at
greater precision and accura@cRoberts & Tomppo, 2007 This means that thigeld-
based description of species composiaod the number of species reported change ov
time (e.g, British Columbiain Tablel).

Tablel: Definitions of species composition from forest inventory systems.

Metric Number  Guidelines Province Source
of species

% Crown closte 6 Minimum 10%, Sum = 100% AB Alberta Environmental Protection
(1991

% Crown closure 5 Minimum 10%, Sum =100% AB Alberta Sustainable Resource
Development (2005

% Crown closure 3 Minimum 25% NL Gillis and Leckie (1993

% Crown closure 4 Sum = 100% NT Government of Northwest Territories
(20063

% Crown closure 10 Minimum 10% ON Gillis and Leckie (1993)

% Crown closure 3 15+ 2" minimum 75% PEI Gillis and Leckie (1993)

% Crown closure n/a Minimum 50% for species grou; QB Gillis and Leckie (1993)

% Crown closure 6 Sum = 100% SK Saskatchewan Environment (2004

% Density stems 5 Minimum 6%,young stands BC Gillis and Leckie (1993)

% Density stems 6 Juvenile stands BC Sandvoss et al. (2005

% GMV 3 Minimum 20% NB Gillis and Leckie (1993)

% GMV 4 Minimum 10% NS Gillis and Leckie (1993)

% Gross volume 5 Minimum 6%,o0ld stands BC Gillis and Leckie (1993)

% Gross volume Cover type specific SK Gillis and Leckie (1993)

% Gross volume n/a Not reported SK Lindenas (198p

% Basalarea 6 Older stands BC Sandvoss et al. (2005)

% Basal area  n/a Not reported MB Gillis and Leckie (1993)

% Basal area 4 Sum = 100% NT Government of Northwest Territories
(20063

* Crown closure is the percent of ground areaered by a vertical projectiori toliage crowns on the
ground(Alberta Environmental Protection, 1991).
* GMV: gross merchantable volume
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Aerial photeinterpretation is regarded as the most accurate method to inventory
forests(Hall, 2003 Falkowski et al., 2000 Nevertheless, differences in accuracy exist
between stands and among inventory programs bechesedcuracy of a species
composition classification is dependent on the complexity of the stand, the camera (and
film) used to acquire the imagery, the skill of the phioterpreter(Fent et al., 1995
Leckie & Gillis, 1995, as well as the data used for validation (Lillesand and Kiefer,
1987). In general, aerial phehaterpretation was expected to be accuratihiwi70 %
and 85 % of the correct order or within + 25 % of the true proportion of tree species
(Leckie and Gillis, 1995). Because of the subjective nature of this inventory approach,
forest inventories may contain significant misclassifications in reaproportion by
volume in the majority of standss for example shown in northwestern Ontario
(Thompson et al., 2007While the aerial photmterpretation approach is continually
evolving and remains the most appropriate approacinwentory boreal forests, it
remains a technology whose limits are being challenged, and it is cost prohibitive over
large, remote forests.

2.2.3. Forest Inventories in the Northwest Territoriesi A Case Example

A primary example of the lack of spatial and temwg) coverage of species
composition information is in the Northwest Territor(BBVT). Forests cover 33 million
hectares in this territorfGovernment of Northwest Territori€ad)113, of which detailed
forest inventories exist fdess than 10 % ofits forests(Hall et al., 2012 Where these
data are available, they may be dai@dvernment of Northwest Territories, 20)1bhe
GNWT Department of Environment and Natural Resources requires this information to

manage the forest resources sustainaf@ynith, 2002, and multiple territorial
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government paty initiatives (e.g. Northwest Territories Biomass Energy Strategy,
Boreal Caribou Action Plan) havdentified a need fodetailed information regarding
forest resources and wildlife habitéGovernment of Northwest Territories, 2010b
20103. In the NWT, nationalscale forest langdover information is \ailable from the
Earth Observation for Sustainable DevelopmenFafests EOSD project (Wulder et
al., 2008, along with separate remote senshagrived forest inventory products that
include forest structure, stand volume, and algreeind biomasgHall et al., 2012
While these remote senshbgsed inventories characteri@est coverin coniferous,
deciduous, and mixeclassesa more specific characterization of tegeciess desired

For the evaluation of remote sensing techniques that are capable of extracting
information about species composition, it is important to recognize how the spectral
reflectance of forest stands is influenced by ecological factors. Therefore, S&8tion
provides a brief overview of the drivers of compositional and structural heterogeneity in
boreal forests to develop an understanding of the various spatial and teasperds that

must be considered from the perspective of using remote sensing for miampestyg

2.3.Ecological Considerations for Mapping Boreal Forests
Although the boreal forest zone may appear uniform in its overall cotgpos
due to its relativelydw-tree diversity, the physical, biological, and ecological factors
controlling species distribution and stand structure have resulted in a broad range of
different forest communitie@Veber & Van Cleve, 2005The high spatial heterogeneity
can be eglained by the wide distribution of tree species along environmental gradients
according to individual genetic and physiologic adaptations and tolerances to soil,

moisture, and light conditiongBeckingham & Archibald, 1996Kimmins, 2003.
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Besides micreclimatic and physiographic factors, the presence or absence of tree species
may be partially explained by the disturbance history of the landscape. Disturbances are
eventsthat cause a significant change in the existing pattern in a s{iSteman, 198y

In the boreal zone, natural disturbances such as wil(Birassard & Chen, 200&nd

insect outbreakgyMacLean & MacKinnon, 1997 are key factors in maintaining
landscape ¢terogeneity. The species composition and forest structure may be altered
little (e.g, low intensity insect damage) or considerably (esnd replacing crown fire)
depending on the timing, frequency, and severity of a disturbance @admistone &
Chapin 1ll, 2006 Johnstone et al., 201.1Because of spatial and tempodsfferences in
disturbance regnes, boreal forests are highly diverse in terms of successional stage,
stand structure, and forest health. Furthermore, differences in pheifelggyeaf flush;
Brissette & Barnes, 1934&nd morphologyBondLamberty et al., 2002are similarly
influenced by abiotic and genetic factovghich add to the spatial complexity. With
regards to He aforementioned factgrsvhich influence the species composition and

structure of stands, the boreal zone is relatively complex.

From the perspective of using remote sensing for mapping, the variation in forest
composition, structure, as well as trédepology and morphology, may cause challenges
for accurate species identification due to larger isfrecies spectral differencés.g.,

Mora et al., 2010 Consequently tiis inappropriate to assume that a single value of an
attribute (e.g.spectral response of a species), is representative over large @&gddse
et al.,, 200). Becauseage, morphologystem density, crown lasure, ad species
composition influenceéhe spectral reflectand&uyot et al., 1989Spanner et al., 1990

failure to account for these factors may lower the accuracy of the mapping pndaunct
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theseaspects of landscape heterogeneityrarteaccounted for. A proper stratification of

field data ensures that most growing environments and forest types aratelgcu
represented. As well, classification procedures that include additional spatial information
(e.g, image texture, mukiemporal imagery, Digital Elevation ModeDEM) or that

have expanded theadsificationschemehave been showto be effectiven accounting

for environmental factors affecting the spectral response of a stand (@alfeich
approaches allow appropriate inferences about the landscape to be made, and increases
the confidence of labeling a species class to a spectral signatuideanitshe training

and validation sites.

Table2: Approaches tamprove pectral discrimination betwedree species

Factor Method Source

Image texture: spatial emccurrence matrix Franklin et al. (2001
I nclusion of fAyolGBPIGOFCHg e Gamon etal. (2004

Age

Wolter et al. (1995)

Phenology Multi-temporal imag classification Dymond et al. (2002)
Topography Inclusion of DEM variables (e.gslope, aspect) E[)eltgtlglc?asﬁggljl)lesand (1992)
Density / Crown Image texture: spatial emccurrence matrix E;ZQE::E gi 2:' gggg;
closure Inclusion of densitydbels (e.g.|GBP/GOFC) '

Gamon et al. (2004)

Soil moisture Inclusion of both dry and wet species labels Bronge (1999)

IGBF: International Geosphefiosphere Programme, GOFGlobal Observation of Forest Cover

2.4.Remote Sensing of Boreal Forests at the Species Level
To evaluate the capabilities of remote sensing techniques to extract information
about species composition in northern boreal forests, the following section provides an
overview of methods that habeen used to classify boreal forests at the species level. To
increase clarity in the evaluation, this section is subdivided according to the two main
data types in which the distribution of vegetation can be depicted, mainly: 1) discrete
classification shemes, and 2) continuous estimates of vegetation ¢Dedtries et al.,

1995. Discrete classification schemes characterize each image grid cell as a discrete
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vegetation type, whereas continuous estimates of vegetationarevigypically expressed

in percentages. Discrete land cover representations may be of relatively lower data
volume and feature concise vegetation descripti®wasnbin, 1999, while continuous
estimates of vegetation distribution may be better capable of capturing landscape
heterogeneity (DeFries et al., 1995). Discrete image classifications based on the dominant
or leading specie@.e., the spcies most abundant in a stand; Cumming & Vernier, 2002
may omit other species that are deemed of interest, and its accuracy statistics are not
directly comparable with continuous estimates of tree species distrib(Rionsde et al.,

2007). Thereforethe distinction between the twoformationtypes is important from a
literature reviewstandpoint. The methodsadto map the distribution of tree species in
discrete classes (Secti@at.1) and as continuous estimates (Sec?dr?) are described

separately to highlight differences in optical remote sensing approaches.

2.4.1. Discrete Image Classification at the Specidsevel
2.4.1.1 Medium Spatial Resolution Imagery

With respect to discrete image classifications of medium spatial resolution
imagery (e.g. 30m Landsat TM), numerous approaches have been used to obtain
spatially referenced information regarding the distributiof boreal tree species.
Commonly used supervised classification methods are the maximum likelihood classifier
(e.g., Goodenough et al., 20Gd discriminant analysi®.g.,Franklin & Peddle, 1990
Franklin, 1994. In addition to its independent application, the maximum likelihood
classifier can also be used in combination with topographic map data to mask regions in a
stratified approach to increase the spectral separability between o|[Bssege, 1999

The unsupervised-means clustering algorithm can lgplied in combination with
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NDVI thresholds to hypercltisr Landsat TM imagery, whereby subsequent clusters were
automatically labelled with the dominant tree species and structural class using randomly
sampled photanventory pixels(Luther et al., R06). Furthermore, classification methods
that filter the imagery and enhance image contf@stubien et al., 19990r extract
physical structure information throlmgnodeling radiative transfers in canopisddle et
al.,, 2004 Peddle et al.,, 20Q07have also been applied.o overcome the Ilimited
discriminating power of the Landsat TM sensor between tree species (Luther et al.,
2006), multitemporal analysis or the inclusion of image texture, soil information, or
Digital Elevation Model (DEM) derivatives, have been showmtoease the statistical
separability of classg&ranklin, 1994 Wolter et al., 1995Dymond et al., 2002 These
studies highlight that numerous processing workflows have been developed to map the
distribution of boreal tree species using medspatial resolution imagery.
Before outliningclassificationaccuracies that have been achieved in the literature,
it is important to note thatlassification accuracy is dependent on the classification
method, number and type of assigned lander classes, the spatial heterogeneity of the
forest, and the source dataassess the accuragfytheimage classificatioriLillesand &
Kiefer, 1994. Thus, differences in accuracy can be contatub a multitude of factors.
When comparing inventory approaches, differences in accuracy should therefore be seen
as the degree of similarity in classification performance between the evataaiete
sensingapproach and the approach thatrepresenSthe ue 0 st and char act
Because the spectral response is affected by complex interactions between species
composition, density, height, background vegetation, shadow, growing condition, and

viewing and illumination geometryHall et al., 1997 Peddle et al.,, 2004 image
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classification of a single variable may not be accurate if other biophysical chataderi

of the stand are not accounted for. The majority of aforementioned studies have included
additional biophysical information in the classification scheme, such as density, height,
age, and moisture oditions (Table B The literature has reported aide range of
classification accuracies with no discernible patterns of accuracy in relation to the
number of species related classes, total number of classes, or additional biophysical label
separationgTable 3) In general, discriminant analysis (Frankli994), the Enhanced
Classification methodBeaubien et al., 1999and radiative transfer models (Peddle et

al., 2004) have attained thneghestsimilarities to refeence data. bwever, because of
differences in the classification method and detail, as well as quantity and quality of

reference data between studies it is difficult to identify supapproaches

Table3: Overview of classificaon accuracies of medium spatial resolution imagery.

Data Source Number of classes Biophysical  Inventory Overall Source
species (overall}  Labels? variable  Accuracy

ALl 5 (10) D n/a 75%  Goodenough et al. (2003)

Landsat MSS 20 - % basal area  80%  Wolter et al. (1995)

Landsat MSS 5 (10) M n/a 74%  Wilson et al. (199%

Landsat TM 9 (11) D, H n/a 81%  Franklin (1994)

Landsat TM + DEM 9 (11) D, H n/a 91%  Franklin (1994)

Landsat TM 5(5) D, H % density stem  38%  Luther et al. (2006)

Landsat TM 10 (27) A'M n/a 71%  Bronge (1999)

Landsat TM 8 (13) D, A n/a 91% Beaubien et al. (1999) in
Peddle et al. (2004)

Landsat TM 8 (13) D, A n/a 85% Peddle et al. (2004)

Landsat TM 16 (16) D n/a 60, 61% Peddle et al. (2007)

Landsat TM 16 (16) D n/a 71% Peddle et al. (2007)

Landsat TM 5(19) - % crown closurc  69%  Dymond et al. (2002)

Landsat TM 5(19) - % crown closurc  68%  Dymond et al. (2002)

Landsat ETM+ 5 (10) D n/a 61% Goodenough et al. (2003)

SPOT HRV 3(7) - n/a 51% Franklin and Peddle (1999)

SPOT HRYV + texture 3(7) - n/a 87% Franklin and Peddle (1999)

* Only classes in reference to tree species are counted. Total number of classes reported in brackets (i.e.
additional norforest classes and cover type classes). Note: One species may be represented by multiple
classes.

2 Biophysical variables: Density (D), Height (H), Age (A), Moisture conditions (M)
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2.4.1.2 High-Spatial Resolution Imagery

High-spatial resolution satellitbased (e.g.1-m panchromatic, 4n multispectral)
or airbornebased sensors offer a sphtiefinement of thedrest objects to be mapped.
Numerous methods have been developed to exploit this type of imagery to map forests at
the species level. Because the spatial resolution is typically smaller than the object of
interest (i.e.the individualtree), the imagery contains different spectral responses of tree
parts due to the varying illuminatipshading and understgr gaps. The application of
high-spatial resolution imagery may not universally increase classification accuracies
because any spal refinement may reduce the statistical separability between classes
(e.g, greater withinclass variation) and skew the distribution of the spectral responses
(Marceau et al., 1994Quackenbush et al., 2000in such caseshe assumption of
normality that is required for parametric gexel classification algorithms will be
invalidated (Lillesand anHiefer, 1987). The unsuitability of the ppixel classifications
was highlighted byGerylo et al. (1998and Franklin et al. (200}l who used plotevel
forest inventory codes as distinct classes and attributed the low performance to the
constraints of using spectral signatures on a pixel basis to classify entire forest stands that
often vary slightly in structure or composition. These studies highlight tHadugih
high-spatial resolution imagery offers a spatial refinement in mapping forest stands, per
pixel classifications may not be suitable to discriminate between stands of mixed species
composition and structure due to high betwekass variance and newrmality of

spectral responses.

To address nenormality of datasets and reduce iatkass variance, numerous

studies have aimed to subdivide the image into relatively homogenous regions through
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image segmentation. In such instances, image objectadnstendividual pixels become

the carriers of image information and representatives of forest stands or individual trees
(Chubey et al., 2006 For examplethese authorsised a regioibased algorithm to
segment IKONOS panchromatic and multispectral imagery into homogenous forest stand
components, and characterized individual pine, spruce, and-dspenated stands by
applying a decision tree using aggregativetatistics of image and DEM values.
Alternatively, individual trees can be delineated through local image maxima filters that
represent crown apexé€d/ulder et al., 2000 which are subsequently assigned a species
labelby using a maximum likelihood classifier of the sunlit side of the crowns (Gerylo et
al., 1998). Instead of counting and classifying individual trees by finding the brightest
pixel, Gougeon (1995bandGougeon and Lecki(2006§ delineated entire individual tree
crowns by using a vallefpollowing algorithm that exploits the bands of shadow
surrounding individual crowns. Once obtained, crowns can either be classified using
spectral signatureand a maximum likelihood caifier (Gougeon, 1995aor by using

crown shape metrics derived from panchromatic imagery aetigiontree (Mora et al.,
2010). Besides classification algorithms on agel basis, the aforementioned studies
indicate ttat a variety of ppcedures exist to exploit higgpatial resolution imaggy for

tree species mapping.

A wide range of classification accuras have been reported for higphatal
resolution imagery (Table)4and with regards to pgixel classificatios, studies that
used forest inventory plots to train the maximum likelihood classifier have achieved low
similarities with reference daf&erylo et al., 1998Franklin et al., 2000 In contrast, the

use of broader species classes in the classification scheme have obtained better results
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(e.g, Franklin, 1994). The table highlights that image classificationsigiter spatial
resolutions do not automatically achieve greater similarities with reference data.
Nevertheless, higher spatial resolution imagery allows for the generation of image texture
at the stand and crown leyethich has been shown in multiple digs to improve
classification accuracies. To separate stands of different composition and density, a
multi-scale texture approach has been shown to achievaighestsimilarities with
reference datgCoburn & Roberts, 2004 With respect to both stand and crown
segmentation, it is apparent that favourable accuracies have been achieved in the
classification of indiWdual trees or stands (Table. 4Typical reported classification
accuracies range betwebf % and 75% for the ¢assification of individual trees, and at

the stand levelaccuracies between 70 % and ®3have been reported. Errors in the
estimation of the relative abundance of tree species in a stand are generally less than 20
% in stems/hd in comparison to refenee data(Gerylo et al., 1998Gougeon et al.,

1999 Leckie et al., 2008 and as such fall within the expected range of errors of aerial
photainterpretation (Leckie and Gillis, 1995). Although favourable accuracies have been
reported through image segmentation, the majority of studies fall short of the usaely

85-% overall accuracy suggested as a mapping stafdackrson et al., 19%@®r the 0.8

kappa threshold value of strong agreement with reference(ldatdis & Koch, 197Y.

This suggests that spectral confusion leetwclasses remains a considerable limitation to

the ability for species discrimination.
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Table4: Classification types and reported accuracies of high spatial resolution imagery.

Spatial Number of . Inventory Overall
Type Data Source resolution clases: species variable Accurac Source
(overall) ! Y

MS Video 0.3m 15 (15) % stem density 26%  Gerylo et al. (1998)

MS Video 0.3m 17 (17) % crown closure  15%  Franklin et al. (2000)

MS Video 8.0m 17 (17) % crown closure  40%  Franklin et al. (2000)

MS Video + texture 0.3 m 17 (17) % crown closure  31%  Franklin et al. (2000)

MS Video + texture 8.0 m 17 (17) % crown closure  44%  Franklin et al. (2000)

Sony XG7500 40m 3 (6) n/a 61% Coburn and Roberts (200:
Per-pixel ?ec))(?gré(c}?SOO * 40m 3 (6) n/a 75%  Coburn and Roberts (200:

casi 25m 9 (11) n/a 81% Franklin (1994)

casi+ DEM 25m 9(11) n/a 90%  Franklin (1994)

casi 1.0m 17 (17) % crown closure  42%  Franklin et al. (2000)

casi+ texture 1.0m 17 (17) % crown closte 42%  Franklin et al. (2000)

casi 1.0m 30 (30) % crown closure  54%  Franklin et al. (2001)

casi+ texture 1.0m 30 (30) % crown closure  75%  Franklin et al. (2001)

IKONOS 4.0m 3(8) % crown closure  93%  Chubey et al. (2006)

MEIS 0.4m 5 Individual trees  74%  Gougeon (1995a
Segmen IKO_NO_S 40m 7 Individual trees  59%  Gougeon and Leckie (200
tation QuickBird (pan) 0.6m 4 (4) % basal area 73% Mora et al. (2010)

QuickBird 0.6m 4 (4) % basal area 67% Mora et al. (201p

QuickBird +

0.6m 4 (4) % basal area 70% Mora et al. (2012)

Landsat TM + DEM
*Only classes in reference to tree species are counted. Total number of classes reported in brackets (i.e.
additional norforest classes). Note: One species may be represented by multiple classes.

2.4.1.3 Hyperspectral Imagery

Besides multispectral imagery, hypegspral data can be used to derive the spatial
distribution of tree species, and have been classified with a wide range of approaches.
Spectral bands have typically been selected based on the sensitilegf fpgmens,
water absorption, or foliar chenmgt(Martin et al., 1998 These spectral bands have
been processed witupervised classifiers such as the minimum Euclidean distance, and
maximumlikelihood, and spectral angle mappg@artin et al., 1998 Sandmeier &
Deering, 1999 or through the useof spectral mixture analysisand a maximum
likelihood classifienUstin & Xiao, 200). With respect to the aforementioned studies, it
is evident that some hyperspettapproaches have been conducted in boreal forests with
regards to tree species mapping. However, the number of studies are limited relative to

multispectral imagery due tché smaller number of hyperspectral satellite sensors
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available (Shippert, 200% and its high costs associated with airborne data collection
(Youngentob et al., 2011

In comparison to the clagication accuracies reported in the literature that used
multispectral airborne imagery, studies involving airborne hyperspectral sensors @chieve
a similar range of elssification result$or a similar number of tree speci€Bable 5.
This is most likéy due to the spatial and spectral complexity of surface reflectance values
of forest canopies and the inherent spectral and spatial limitations of the géhsets
al., 2008. With respect to spaceborne sensors, Goodenough et al. (2003) indicated that
the classification of hyperspectral d¢Eg0-1 Hyperion)can obtain greater similarities to
reference data than Landsat ETM+ ®&lcompared to81 %). Thus, although higher
classification accuracies are generally expected due to greater dimensionality of
hyperspectral data, the current literature indicates that this may only be the case with
spaceborne sensors.

Table5: Clasdfication types and reported accuracies of hyperspectral imagery.

Classification ~ Number of classes  Inventory Overall

Sensor Method * species (overall} variable Accuracy Source

AVIRIS MLC 7 (11) % crown closurc ~ 75%  Martin et al. (1998)

AVIRIS SMAA MLC 5 (10) n/a 74%  Ustin and Xiao (2001)

ASAS MLC 4 (6) % volume 43% Sandmeier and Deering (1999)
ASAS MLC + CA 4 (6) % volume 49% Sandmeier and Deering (1999)
ASAS MED 4 (6) % volume 31% Sandmeier and Deering (1999)
ASAS MED + CA 4 (6) % volume 44% Sandneier and Deering (1999)
ASAS SAM 4 (6) % volume 54% Sandmeier and Deering (1999)
ASAS SAM + CA 4 (6) % volume 64% Sandmeier and Deering (1999)
Hyperion MLC 5 (10) n/a 81%  Goodenough et al. (2003)

' Classification method acronyms: MLC: Maximum likeldtbclassifier, CA: Canopy anisotropy

information, MED: Minimum Euclidian Distance, SAM: Spectral Angle Map@MA: Spectral Mixture
Analysis.

2 Only classes in reference to tree species are counted. Total number of classes reported in brackets (i.e.
addtional nonforest classes). Note: One species may be represented by multiple classes.
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2.4.2. Continuous Estimation of Species Coverage
2.4.2.1 Regression Models

Regression modelsse individual image bands and other rabtsed information
(e.g, digital elevaton models) as independent variables testimate the spatial
distribution of tree speciaa percentage of crown closure or basal area. Although these
models may be ideally suited to address the heterogeneity of f¢Dedtsies et al.,
1995, only one study located within the boreal forest was found. Through the integration
of different combinations of Landsat, Radar$atPALSAR, and SPOb sensor data,
Wolter and Townsend (201 8erived 147 variables to estimate the relative basal area of
12 tree species using partial least squares regression. For remote sensing, partial least
squares regression combines featufgwiacipal component analys{Byrne et al., 198D
and multiple linear regression to predict the response, @gndance per basal area)
using a greaternumber of collinear independent variables than there are field
observationgWolter et al., 2008 Because each data type discriminates the structural
and compositional properties of the forest stand differently, contpthm discriminative
power of independent variables increases the separability of classes. As a result, Wolter
and Townsend (2011) achieved relatively low root mean square errors (RMSE) in relative
basal area, ranging between a low 2.5 % and high 10.3 factopine Pinus banksiang
and white cedarTthuja occidentalis respectively. Because the study has reported errors
within the expected error of inventories through aerial pitrpretation (Leckie and
Gillis, 1995), it appears that regression medehy be a viable alternative in deriving the
relative abundance of tree species of a forested environment. However, due to the lack of

studies in the boreal forest the capabilities of regression models remain to be investigated.
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2.4.2.2 .Spectral Mixture Analysis

Similar to partial least squares regression, spectral mixture analysis (SMA) can be
used to determine the relative abundance of features in an image, whereby the spectral
signal of a pixel can be represenfeatutks as a
within the instantaneous fielof-view (IFOV) of the sensofAdams et al., 1993 SMA
guantifies the proportion of each pixel thaiccupied by a single set of the pure features
occurring in an image (i.e.endmembers), whereby the output is a fraction image for each
endmenber along with the error of fitFor each pixel,His model can be derived as

follows:

22 B QY -, (1)
where the spectral mixturigis the encoded reflectandée bandi for each pixel, and
modeled as theum of the reflectancm bandi for N image endmembels whereby
each endmember is weighted by fractipn Ttene reptesents the remainder between
the measured and modelled reflectance, andpsessed as a band residuktie fractions
of endmembers that are allowed durisgectral mixture analysi€an be set to
unconstrained (from® t o B) or f ulbetweercandl). The icomddtidn (i . e
that the fractions of endmembers must be summed to 1 for each pixeffullye.
constrained), or noti.., unconstrained) can also be set, whereby weaklyt@ned
unmixing (i.,e, s um o f 1)fhave lweeniskowrsto iBprove unmixing results when
not all endmembers are knoW8hang et al., 2008 Model fit can be assessed either by
using this residual term, or via the root mean square dRMSE; Roberts et al., 1998
over the total: number of bands (3)

YOYO B - 0. (2)
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Because SMA is emodel that converts reflectance values to physical variables, its
output can be directly incorporated into models to estimate biophysicahgara
(Peddle et al., 1999A major obstacle to accurately use SMA is its assumption that the
mixed pixel is a combination of all of the imaggde endmembers without accounting
for the spatial herogeneity of the imaged surface (Roberts et al., 1998). For example,
the number of features within a pixel and the spectral characteristics of endmembers vary
across an imageAs SMA is limited to a single set of endmembers, studies involving
vegetation gnerally extract the abundance of sunlit canopy, sunlit background, and shade
(e.g.,Hall et al., 1996Peddle etl., 1999. Using these fractional abundanc¥stin and
Xiao (200) employed a maximum likelihood classifier to classify six boreal forest cover

types by species with 74 % accuracy.

If only a single endmember of interest is known (eogepatrticular tree species),
approaches such as Mixture Tuned Matchégerihg (MTMF; Boardman, 1998have
been developed to determine thactional abundance of a single cover type when all
other endmembers are not known. The MTMF approach appeabe ta suitable
alternative to partial least squares regressiomap the spatial distribution of deciduous
tree species, aPlourde et al. (20Q7achieved sugar mapléA¢er saccharui and
American beechHagus grandifolia abundance estimategth RMSEs of 9- 15 % and
16 - 18 % using AVIRIS and Hyperion data, respectiv@¥A could thus be used to
detect gradual shifts in land cover and provide a robust eginmatt the distribution of
land-cover features. However, the highlighted study anlydeled two species across a
landscape, irrespective of other tree species and landscape features, and without

accounting for phenological and stand structure differences. Additional research
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concerning the estimation of the relative abundance of tre@espasing SMA is thus
warranted, but due to the inherent limitations of this approach a method capable of
dealing witha larger variety of tree speciaad greater landscape heterogeneity will be

more relevanto forest management

2.4.2.3.Multiple Endmember Spectral Mixture Analysis

To address the challenges concerning endmember variability in SMA, a Multiple
Endmember SMA (MESMA; Roberts et al., 1998) has been developed that is not
constrained by a single set of endmembers and allows the number and types of
endmembers to vary on a ppixel basis to account for spatial heterogeneity. Because
MESMA is not constricted by the number of spectral baitdeas been successfully
applied to obtain species abundance maps of a variety of different species in vegetated
areas such Californi@Dennison & Roberts, 2003tand Australia (Youngentob et al.,
2011). Inthe boreal zone, however, this approach has only been used to improve the
estimation of leaf area index of peatlar{@®nnentag et al., 20Dand insofar has not
been quantitatively assessed in its capability to extract informakiont dree species
AlthoughRoberts et al. (1999ntroduced MESMA in a preliminary study antticated
some level ofdiscrimination betweenboreal specigesno quantitative evaluation was

conducted.

Even though MESMA is capable of addressing endmember variability, tree
species with a high degree of spectral similarity remain a challenge for accurate class
discrimination due to the effects of illumination, canopy structure, and the spatial
resolution of the sensqRoberts et al., 2004as well as tree phenologipennison &

Roberts, 2003a The majority of studies involving MESMA have employed
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hyperspectral imagery to improve the discriminating ability between species (e.g.
Roberts et al., 1998; Dennison and Roberts, 2003a,b). The small number of hyperspectral
saellite sensors and its high costs associated with airborne data collection, however, has

resulted in limited operational applications of this approach in northern Canada.

2.5. Synthesis of Literature
Through this review it became apparent that numerousteesemsing approaches
have been used to derive discrete and continues estimations of the spatial distribution of
boreal tree species under a wide range of forest conditions. Nevertheless, uncertainty
exists in the application of these approaches in a eorthoreal forest context, and three

main drivers of uncertaintgreidentified in this review.

Firstly, the remote sensing approaches have generally been tested in thensouthe
boreal forest and forests British Columbia (Figure 1). Northern boreakésts, such as
in the Taiga Plains and Taiga Shield Ecozones, are considered heterogeneous in both
speciescomposition and structur@&cosystem Classification Group, 200Wheremixed
pixels occuras a result of opeforest canopies(Franklin et al., 2003Chasmer et al.,
2017). With respect tanapping the spatial distribution of tree specithe absence of
remote sensing wtlies in northern boreal environments introduces uncertainty in the
identification of appropriate approaches from the aforementioned st@besentional
pixel-level approaches for species mapping using digital satellite imagehkelyenot
suitable fo the open stands ofiorthern boreal forestbecause understory ground
vegetationis a significant contributor to pixdével reflectance.Future research in
northern boreal forests is thus warranted to obtain new insights in the capabilities of

remote sesing approaches to map the spatial distribution of tree species.
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Figurel: Location of aforementioned remote sensing studsfmpefile from Brandt (2009) and
Ecological Stratification Working Group (1995).

Second, a wide rge of accuracies have been reported in the literature as a result
of the numerous data sources and processing procedures that have been used in a variety
of compositional and struaral forest settingéFigure 2) Although high accuraciagp to
93 % have leen achieved for each image type, on average, remote sensing approaches
have had only moderate success in approximating the information derived through
ground inventories or aerial pheiaterpretation. This level cduccess can be attributed
to two counteacting challenges with regards to image classification: 1) the similarity of
reflectance spectra between even widely differing tree species, and 2) the large intra
species variation in reflectance spectra due to the influences of stand structure,
morpholay, health, as well as viemg and illumination angles. These challenges are not
easily overcome, and given thvde range of classification accuracies reported, data

processing procedurese at least of similar importancethe data source itself.
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Figure2: Median, minimum, and maximum reported accuracies per imageryNgpe:. Worst
and best reported accuracies for each image type deleted to remove outliers. (Source: calculated
statistics from Tables 3, 4, and 5).

Anothe uncertainty is the degree to which information derived through remote
sensing approaches can be integrated into current forest invenimiage classifications
at the species level generally involve the discrete labeling of pixels that constitute the
greatest proportion whin a stand (i.e.the dominanbor leading species). Current forest
inventories derive the relative abundancetrek species in a stand to the nearest 10
percent, whichs of much greater level of detail than what has been achieitbdmage
classificationsThe approactusedto determine species composition (and thudehading
species) differs among jurisdictions and in the literatiresource management agencies
may measure the composition of tree species per percentage doswrecbasal area,
stem density, or gross volum@illis and Leckie, 1995), whichnay not provide the same
relative abundance estimationBherefore,the definition used to estimate the relative
proportion of tree species and identify the leading spesias important consideration
Distinct patterns of classification accuracy can be highlighted when the results of the

studies are stratified Hield-based description of leading spediEgure3).
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Half of the referenced studies in this review have not provided information
regarding the definition of species composition used in the trainingaithtionof the
classifiedimagery, ad no study was found that discusstthe imagery may be sensitive
to differences in fielebased descriptionsf species compositionBoth Pontius et al.
(2005 and Plourde et al. (2007) briefly noted thamote sensing validation data based
on basal aremeasurementay be imperfect tdetermine the relative abundance of tree
speciesn temperate and herboreal forestsbecause the radiance recorded from the top
of the canopy may not be influenced by amopy individuals for which basal
measurements are included. However, this olasiervis likely not valid in all North
Americanforest typesasthe background reflectance of open canopies characteristic of
northern boreal forests may contribute considerably to the spectral response. For
example, differences in Landsat TM spectrahaigres can be observed within mixed
jack pine/black spruce stands (Figdeeand 4l andcomparedo mixed jack pine/white
spruce stands (Figude and 4d)as a result of differences in tree species composition and

background vegetation types, even thostgnd structural characteristics are relatively
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similar (e.g, standheight: 8m i 12 m, crown closure: 3@6 - 38 %, stem density: 525

750 stems/ha). The complexity with respect to differences in background vegetation
communities challengecurrent remte sensing approaches for northern boreal forest
applications, and the slight variatiomsgpecies composition (e,&jsSwi. versus PjSws)

are relevant to operational forest management but have not yet been detected through
remote sensing in a robust aadcurate approach. Evidently, differences in paradigms
exist in terms of data capture and the representation of informaétween remote

sensing approaches afwtest inventorie$or an operationalorestmanagement level
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Figure4: Plate highlighting the diversity of stand types and understory compositAanislixed
and black spruce stand (overstory;3®y, understory: BBh;). B: Mixed jack pine and black spruce stand
(overstory: PjSh;, understory S§j;). C andD: Mixed jack pine and white spruce stand (overstory:

PjoSwi, understory: SwsPjsBw,). Species composition labels based on Alberta Vegetation Inventory
Standards. Note the complexity of the background vegetation.

33



2.6. Summary

Regarding the direct and inditeampacts of climate change on the North
American boreal forests,naincreased understanding of the factors that influence its
composition and structure is critical for the protection of social, environmental, and
economic forest valuesAlthough aerial pbto-interpretation is regarded as the most
accurate method to inventory forestss cost prohibitive over large, remote forests, such
as in the Northwest Territories. Because remote sensing may be used to supplement
current forest inventory dattéhe overall goal of this review was to provide an overview
of the potential and limitations of remote sensing to derive the spatial distribution of tree
species within a northern boreal forest context. This review focused on techmijigts
depict the distribtion of tree species through discrete classificat@proachesand
continuous estimates of vegetation cover.

A wide range of sensors and data processing methods have been used to discretely
estimate the distribution of tree species, with varying degressccess. With regards to
Landsat TM/ETM+ imagery, thdighes similarities with reference data have been
obtained throughdiscriminant analysis, the Enhane€thssification method, and
radiative trasfer models. Although higbpatial resolution sensoafiow individual trees
to be mapped, only through image segmentation at the stand or crown level can this
spatial refinement be effectively exploited. Similar classification accuracies have been
reported for both multispectral and hyperspectral airbamegery, whilehyperspectia
spaceborne sensors of the latter type do appeaeriorm better than multispectral
sensors In general, remote sensing techniques have had only moderate success in

approximating the information derived through current foregemtory methods. This is
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due to the spectral similarities between tree species and the largspetiasvariation
in spectral response.

To derive continuous estimates of the relative proportion of tree species a limited
number of processing methotleve been described, namely: Brt@l least squares
regressiorand 2) spectramixture analysisBoth methods have derived estimations with
relatively low RMS errors (i.e.< 20 %), which fall within the expected error of
inventories through aerial phetoterpretation. However, due to the lack of studies
elsewhere in the boreal forest the capabilities of these methods remain to be investigated.
Particularly the abilities of MESMA to account for background reflectance and shade
may be exploited taliscriminate betweertree species. tb potential has noyet been
evaluated in boreal foresfhe assessment of MESMAGs capat
forest conditions may thus bring considerable knowledgesgai

Uncertaintyexists in the capabilities of rete sensing techniques to derive the
distribution of tree species in a northern boreal forest context. Due to the absence of
remotesensing studies conducted in this settimg results presented in this review may
not be representative of what can be eghd in a northern boreal forest setting. The
lower availability of hyperspectral and muttburce data in northern Canada and the
possiblesensitivity of imageryto the varioudield descriptionsof species composition
further increases the uncertaintytive role these approaches may play in the derivation
of information at an operational forest management level. The robustness of the
highlighted approaches to greater understory reflectance and stand structutenvaria

remairsto be investigated.
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CHAPTER 3

Study Area

The purpose of this Chapter is to describe the characteristics of the study area
including its locationand both abiotic (e.g.climate, geomorphology, so)land biotic
components of the landscape (efgrest vegetationnonforest coer types) To place to
study area in context with the circumpolar boreal zone, a brief description of the boreal

zone at an international, national, and Ecozone scale is provided.

3.1.The Boreal Zone

The boreal zone is a circumpolar vegetation zonetddcat high northern
latitudes in countries including Canada, RusHiaited States of AmericaA(askg, and
Scandinavia, and covegpproximatelyl,890 billion ha(Brandt et al., 2013 The laml
cover in this zonean be characterized primarily by forests and other wooded land, as
well as lakes, riversand wetlands. The trees within the boreal zone belong to-cold
tolerant coniferous and deciduous species, and include the g&bies(firs), Larix
(larche$, Picea(spruce}, Pinus(pine9, Populus(poplarg, andBetula(bircheg (Weber
& Van Cleve, 200h Over North America, the boreal forest forms a broad uninterrupted
crescent from Newfoundland to Alaskahich coversapproximately627 milion haand

represerdthe most extensive foresbver type on the contine(@randt et al., 2013

The Canadian boreal forest constitutes approximately 88 % of the North
American boreal forgs, and 28 % of the entire circumpolar boreal z@randt et al.,
2013. The boreal forest in Canada covers an estimated 552 milioof lvhich forests
and other woode land are the predomnant landcover types (270 million ha and 39

million ha, respectivelyjBrandt et al., 2013 Its distribution ranges frorNewfoundland
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to the Arcic coast,extendsinto British Columbia, and idades the Atlantic Provinces,
Quebec, Ontario, Manitoba, Saskatchewan, Alberta, British Columbia, as well as the
Yukon, Nunavut, and dithwest Territories (Figure)5Eight ecological zones can be
identified in the boreal region based @mdform and climae, major soil orders, and
broad vegetation types, and include the Cordillera (Boreal, Taiga, Montane), Shield
(Boreal and Taiga), and the Plains (Boreal, Taiga, Hud@eoglogical Stratification
Working Group, 199p The Cordilleran Ecozones are typical of vegetative mountainous
regions, the Shield Ecozones cover the contindatatambriarShield, and the Plains
Ecozones are characterized by gently rolling lowlaegions. The distinction between

the Boreal and Taig&cazones is related to the length of the growing season, climate,
and soil productivity, whereby the lattEcozones have a shorgnowing season, colder

winter temperatures, lower soil productivignd contain more open canopy forest with

thinner treegEcological Stratification Working Group, 1905
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Figure5: Distribution of the @nadian boreal zone (Brandt, 2009) with Ecozones.
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The Taiga Plains Ecozone, which consists of the MackeRaver and its
tributaries,is bordered by Great Slave Lake and Great Bear Lake to the west, Cordilleran
Mountains to the east, the Boreal Plai®#one to the south, and the Mackenzie Delta
to the north(Ecological Stratification Working Group, 1999 his Ecozone covers over
480,000 krf, drains in the Arét Ocean, contains over 100,000 water bodies as well as

extensive peatlands and permafi@tosystem Classification Group, 2007

3.2.Location of the Study Area

Most of the timber productive forests occur within the southern portion of the
Taiga Plains Eozone, which isaferred to as the Taiga Plains MBdreal Ecoregion
(Ecosystem Classification Group, 200Ih this Ecoregion an 8m by 19km region of
interest was selected based the presence of representative tree species and forest
stands, accessibility of the terrain, availapildf suitable, cloudree satellite imagery,
and the availability of ground reference dafae study area is located 20 km south of
Fort Providence, NWT ni the Deh Cho Region (Figure),6within the Universal
Transvese Mercator (UTM) ZonellN, and is bouted by 458,353 mE and 6,773,736
mN on the southwédo 476,148 mE and 6,792®%N on the northeast. The study area
can be found on the eastern halftbé National Topographic System (NTS) 1:50,000
map sheet 85F/04, archn be characterized as the Grektv& Lowland MidBoreal

Ecoregion according to the Ecosystem Classification Group (2007).
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3.3.Climate

The Taiga Plains MiBoreal Ecoregion is characterized by thédest climatic
conditions in the Northwest Territories with short, cool summers, and long, cold winters.
Average émperatures generally range freg8 °C in January to 16.5C in July, with a
mean annual temperature ranging betwe@ °C to -5.5 °C (Emsystem Classification
Group, 2007). The mean annual precipitation ranges betweem8i@nd 410 mm,
whereby the wettest period occurs between June and AMJiiktregards to longerm
climatic trends in the Mackenzie District, an increase of Z4in amual mean
temperature has been documented between 1948 andR®didonment Canada, 20)1
whereby in a similar period the maximum temperature of the hottest month and minimum
temperaturef the coldest month increased by @7and 5.5°C, respectivelfLempriére
et al., 2008 A trend of increasing annual precipitation (+ 23 mm) has also been

documentedLempriére et al., 2008
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3.4. Geomorphology and ®ils

The study area is located in a region primagbmposed of Upper Devonian
bedrock, including shale and calcareous sandstone and r&@ltday, 1968, and
whereby the surficial geologg predominantly influenced by glacial activity. The entire
study area was once covered by the Laurentide ice sheet during the last glaciation period,
which formed Glacial Lake McConnell upon deglaciation. Both the ice sheejlacidl
lake left fine to coarseextured glaciolacustrine and glacial till materiarsupland areas
(Day, 1968).Wavegenerated beach ridge features can also be observed in the southern
portion of the study area (Figure,Avhich typically consist of @ursetextured alluvial
and wavewashed till deposit¢Ecosystem Classification Group, 2Q00The soils of the
upland regions consists of the Brunisolic (elgeach deposits) and Luvisolic (well
drained wooded areas) Orders, while poorly drained lowland areas consistsoofs
Gleysolic (e.g.adjacent to wetlands), Organic (egeat), and Crysolic (e gpermafrost)
soil orders (Day, 1968; Ecosystem Classification Group, 200f¢ distribution of
permafrost in the region is patchy and largely confined to organiairterand no
observable trend in permafrost temperature and meticrgasehas been detected since
1984 (Smith, 201). In general, e study area can be characterized by gently rolling
glaciolacustrine plains overlaioy peatlandsKigure8; Ecosystem Classification Group,

2007).
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Figure8: Gently rolling plains with peatland@overnment of Northwest Territories, 2@)6

41



3.5.Vegetation and Wetlands
The tee speciegonsidered in this study are distributed across the landscape in

response of micrtopographical effect@Ecosystem Classification Group, 2Q0Early to
mid-successional mixediood forests consisting ofte sprucgPiceaglaucg, balsam
poplar (Populus balsaméra) and trembling aspe(Populus tremuloidgsare dominant
along the alluviaflats adjacent to riverand contain diverse herbashrub understories
(Figure @). In these locations, late successional standshameacterized by white spruce
and herbfeathermoss understories (Figurd)9 Stands consisting of jack pin®@igus
banksiana and trembling aspen are generally found in dry, ceasered soils typical
of beach ridges, and have sparse shrub, forb, ramdieer lichen (Cladina miti9
understories (Figure #p. Poorly drained standare populated by black sprud®icea
mariang, tamarackLarix laricina) and white birchBetula papyrifery The understory
of these sites typically consists afabrador tea liedum groenlandicujp mosses
(Sphagnumspp, Drepanocladusspp), leaherleaf (Chamaedaphne calyculgtaand
sedgeqCarexspp.) (Figure 1®). Wildfire initiated by lightning strikes is the primary
forest disturbance agent in the region whereby it altezsstitcessional pathways of
stands(Government of Northwest Territories, 20)1blowever, ndorest fire has been
recorded in the study area since monitoring began in 1965, and the majority of forest
stands are estimated to be at least 90 yddr&GNWT Forest inventory, 1994€anadian
Forest Service2005 ground inventory plots). Besides forestise region is covered by
thermokarst lakes and extensive fen complexes that are either treed, shrub, or sedge

dominated Ecosystem Classification Group, 2007
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CHAPTER 4
Classification Using Reference Ehdmembers

4.1. Introduction

Boreal forests in North Americeepreseha major biogeoclimatic zonavhich
regulats regional and global climates, cyslautrients, actasa reservoirfor biological
and genetic diversity and provelaenewable resources, habitat, and recreational
opportunities(Brandt, 2009. Given the importance of the North American boreal forest
and its size relative to the emticircumpolar boreal zone (.5 % to 32 %; Brandt,
2009), an increased understanding of the distribution, composition, and structure of these
forests is critical for sustainable forest management. This information is especially
important with regard$o long-term changes in temperature and precipitation patterns
(Williamson et al., 2009 Environment Canada, 2011Price et al.,, 2013 and the
expansion and intensificatiasf natural disturbances iime boreakzone(e.g.,Krawchuk
& Cumming, 2010 Safranyik et al., 201(Peng et al., 20)1Because of these impacts,
the acquisition of spatially refenced forest information is highly relevant to understand
the rate of change, predict the outcome of these impacts on ecosystem function and
diversity, and identify proper adaptation and mitigation strate(fesz et al., 2013

Lempriere et al., 2033

Natural resource management agencies utilize spatially referenced inventory
systems that result in the dedation of forest stands by polygons of similar species
composition, height, and crown closuileeckie & Gillis, 1995 Tomppo et al., 2010
Species composition, defined as the relevant proportion of tree species in éGstiead

& Leckie, 1993, is typically derivedthrough an aerial pbto-interpretation process
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whose end goal is a forest inventory niedall, 2003. Mapping the species composition
ata particular locationsi most relevant to operational forest managertissakie, 1998,

and is required to model stand volume and bionfBsadewyn et al., 20Q7 net primary
productivity (Tang et al., 2020 nutrient cycling(Prescott, 2002 carbon budgetéKurz

et al., 2013 andstand dynamicgCogbill, 1985 AmosBinks et al., 201D While the
aerial photeinterpretation approach hbsen changing with softcopgethods now being
applied to digital photography, it remains a technology whose limits are being
challenged, and it is cost prohibitive over large, remote forests such as those in northern
boreal regiongFalkowski et al., 2009 The distance from major urban areas and general
lack of infrastructure in northernobeal regions hasesulted invery limited forest
inventories. Thereforat is partially in these regions that forest inventories must improve

for regional and global carbon sink model{f®gan et al., 2011Chen et al., 2012

To alleviate information gaps, forest management agencies increasingly rely on
spatial data of land cover derivBdm remote sensindata(Franklin, 2001 Turner et al.,
2003, as it allows frequent measurements of forests over a large geogaapai@
recent review of the literaturel@bles 34, and % found that mmerous remote sensing
approaches have been documentediassify forest land cover at the tree species lievel
the North American boreal regiorand notedthat a wide range of accuracies has been
reported as a result of the numerous data sources anesgirgg procedures that have
been used in a variety of compositional and structural forest settings. With regards to
Landsat TM/ETM+ imagery, theighes$ agreements between trspecies classifications
and reference data have been obtained through disamhianalysis, the Enhanced

Classification method, and radiative transfer modElanklin, 1994 Beaubien efal.,
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1999 Peddle et al., 20Q04Although highspatial resolution sensors allandividual trees

to bedetected only through image segmentation at the stand or crown level can this
spatial refinemenbe effectively exploiteqGougeon, 1995aChubey et al., 2006Mora

et al., 2019 The range of accuracies reported for multispectral airborne imégery61

- 91 %,; Franklin, 1994 Gougeon, 1995aCoburn & Roberts, 2004s similar tothose
reported from analysis dfyperspectral airborne imagefs.g., 64- 75 %; Martin et al.,

1998 Sandmeier & Deering, 199%stin & Xiao, 200} for the same number of tree
species classes (Chapter 2). However, direct comparisons between spaceborne
multispectral sensors (e.g., Landsat ETM+) and hyperspectral sensors (e-§j.,, EO
Hyperion) indicate that hyperspectral sensors outperform multispectral sensors
(Goodenough et al., 200%taenz & Held, 2012 In general,optical remote sensing
techniques have had only moderate successappng the distribution of tree species
due to the spectral similarities between tree species and the largsp@tias variation

in spectral response as ault of complex forest canopies

The literature reviewhighlighted that remote sensimgpabilitesto derivetree
species information aforthern boreal forestaire unknown due to the absence of studies
in these regiongChapter 2, Figure 1)The performanceof the documented remote
sensingapproaches remains to be investigated in forests charactdryzlower density,
open stands where understory ground vegetation is a significant component-td\ikel
reflectance and where stand structural variation is high. A classification approach based
on spectral mixture analys(SMA; Adams et al., 1993Roberts et al., 1998whereby
mixed pixels are decomposed to physically meaningful components of sunlit canopy

background, and shaddiive., endmembersjnay be suited to obtain species information
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about northern boreal forestsThe selection of appropriate endmembdrswever,is
important for successful spectral mixture analy$ismpkins et al., 1997 With respect
to the background component afrthern boreal forests it ietto be déermined whether
this can berepresented by endmembeespa of the mosiominant understorgpeciesn

a standor if the endmember spectra must consider hie¢erogeneity of the understory
(Figures 9 and 10. Because thé&actional coveof understory specias often not known
requires field observatiommd is difficult to estimate consistently. Thereforewias of
interes whether endmember spectra require this informationapproximate the

background heterogeneity

Another uncertaintyis the degree to whicinformation derived throughemote
sensing pproaches can be integrated into current forest inventories, as image
classifications of boreal forests at the species level generally involve the discrete labeling
of pixels that constitute the greatest proportion withistand (i.e., theeading specigs
This indicator is different than what professional foresters refer to apecies
composition, which indicates thielative proportion ofmost or alltree species in a stand
to the nearest 10 perceft@illis & Leckie, 1993. The definition and approaalsedto
determine species composition (and thus the leading species) differ among jurisdictions
and in the literaturewherebyit can be measureger percentage crown closure, basal
area, stem density, or gross volume {S#&nd Leckie, 1995). flesedefinitions may not
provide the sameelative abundance estatesand identifythe sametree species &
dominant in a standit is thereforeimportant to determinevhether remotely sensed
imagery is sensitive to hothe leading species characterized on the grourlthough

Congalton and Biging (1992found a strong agreement between visual callghe
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leading species based on stand volume lzaghl aredield measurementsho further
research has been conductedarding this mattefo address unknowns regarding the
sensitivity of remotely sensed imagery to fibldsed description of leadingespes and
the influence of the type of background endmember used for SMAsttldgaddressed

the followingtwo research questions

1. Is the determination of leading species from Landsat TM imagery influenced by
its description from fielebased inventory ntecs?

2. Does the use of background endmembers defined by sipgleiesor mixed
speciespectra influence the discrimination of leading species?

4.2. Methods

4.2.1. Study Area

A study area within the Northwest Territories, Canada was selected based on the
presenceof representativenorthern borealtree species, accessibility of the terrain,
availability of suitable, cloudree satellite imagery, and the availability of ground
reference dat®ts The study area is located within the Taiga Plains Ecozone, an Ecozone
which covers the western Northwest Territories, the northeast corner of British Columbia,
and northern AlbertgEcological Stratification Working Group, 1995Most of the
timber productive forests oar within the southern portion from which an-&& x 19
km study area was located 20 km south of Fort Providence, ({lglire6). This region
belongs to the Great Slave Lowland MBdreal Ecoregion according to the Egstem

Classification Group (2007).

The tree species considered in this study are distribaltmaly environmental
gradients of soil conditions, drainagemicro-topographical effecisand disturbance

histories (Fowells & Means, 199Ecosystem Classification Group, 200Early to mid
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successional medwood forests, consisting of white spru@@icea glaucg balsam
poplar (Populus balsamifenaand trembling aspe(Populus tremuloidgs are dominant
along the alluviaflats adjacent to rivers, and contain diverse herb and shrub understories
(Figure 9a Ecosystem Classification Group, 2007). In these locations, late successional
stands are characterized by white spruce andfieatber moss understori@Sigure 9b)
Dense to open stands consisting of jack piiays banksianpand trembling aspen are
found in dry, coarseextured soils associated with beach ridges, and typically have sparse
shrub, forb, andeindeerichen (Cladina miti9 understoriegFigure 10a)Colder, porly
drained sitesare populated by black sprug®icea mariang tamarack(Larix laricina)

and white birch(Betula papyrifery, whereby the understorietypically consistof
Labrador tegLedum groenlandicujrand mosseéSphagnunspp, Drepanocladuspp)

(Figure 10b).

4.2.2. Data Collection
4.2.2.1.1magery

For this study, magery was neededhich can be used cosfffectively at an
operational forestnanagerant level. Therefore, a Landsat TM (Table 6) scene
acquired on July 8, 2004 was downloaded from the United States Geological Survey data
archive using the GLOVIS interface (Path/Row: 48/1This scene was the most
appropriate with respect to the timing of the forest inventata July 2005) and the
phenologicaktageof the spectl field data July 1622, 2013. Landsats TM radiance
data wereatmospherically corrected teurface refledance using Fast Liref-sight

Atmospheric Analysis of SpeetrHypercubes (FLAASHn ENVI 4.8 with a Sub-Arctic
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Summer @mosphericmodel and rural aerosol modeBand 1 and 2 were excluded

reduce the influence @tmospheric hazghavez, 1988

Table6: Landsat TM sensor characteristics.

Sensor Specifications TM Bands
Launch March 1, 1984 Band number Wavelengths (um)
Number of bands 7 1 Blue* 0.45-0.52
Spectral range 0.451 12.5 pm 2 Greert 0.52-0.60
Revisit time 16 days 3 Red 0.63-0.69
Image size 185 km x 172 km 4 NearlR 0.76-0.90
Orbit Sunsynchronous (705 km) 5 NearlR 1.55-1.75
Orbit period 98.9 min 6 Thermat 10.4-12.5
Status Decommissioned (2013) 7 Mid-IR 2.08-2.35

Source:United States Geological Service (2023Bandswerenot included in the analysis.

4.2.2.2 Forest Inventory Data

Forest inventory data eve collected inJuly 2005 whereby20-m x 20m plots
were distributed in stands of jack pine, white sprutagkbspruce, trembling aspen, and
various mixeewoods (Hall & Skakun, 200Y. Forest plots were located laast 100 m
away from roads, cut lines, water bodies, and-fooested areasand were generally
within 500 m of the nearest road for ease of accessibility. Plot centres were established
using a pigtail with flagging tape, after which the locations wended using a
Trimble differentialy corrected GPS system (UTM Zone 11, NAD83). Measuring tape
and a compass were used to mark the cardingl \i,eV, S, E) and intercardinal (i,e.
NW, SW, SE, NE) points of the plot with flagging tape and to deterpioteboundaries.
The species, diameter at breast height, and height were recordeerfptree that was at
least 1.3 m in height ansl cmin diameter breast heighBecause northern boreal forest
stands typically contain a very large number of smadisiréghe same measurements were
recorded for a selection of small trees (idtameter breast height less than 5 cm, and a
height of 1.3 m or grear) albeit within a smaller 2 x 10m quadrant. The stand

attribute estimations of small trees were subsaty multiplied by 4 to represent the
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entire contribution of the sratrees within the plot. Crowsglosure estimates were
obtained at the intercardinal corners of the plot @) and within the plot at midorner
locations (n=5) using a sphericaleshstometer.Fractional cover of understory species

was visually estimated for the six most dominant specieniicrements for each plot.

Using these data, the species compositioeach plotwas determined using two
field-descriptions: 1) per fractioof total basal area of all trees >1.3 m in height, 5 cm in
diameteri.e, RAll tree, 2) per fraction of total basal area of the dominand@minant
trees i.e, iDom/Coedon®. Lorey heightwas selected athe threshold to identify the
dominant and caominant treesand isdefined as the basal area weighted average tree
height at plot scale@Naesset, 1997An ocularstand callof the overstoryfiOcular AVI
Callo) was also made to record the speciesmposition height, and crownlasure of the
stand followingthe Alberta Vegetation Inventory InterpretatiGAVIl) Standard¢Alberta
Sustainable Resource Development, 300%1 is an inventory method by which forest
inventory dada is collected on the ground drom aerial imagery.Lastly, species
composition information for eacstand was also extracted fronplaoto interpretation of
a 1:20,000 black/white aml photo (1994) which wasconducted by a thirgarty
contractor anan file at theGNWT Forest Management DivisiqgiGNWT Photo).

A total of four different fieldbased descriptions of species composition were
acquired which were used to identify the leading speciscause stands are inherently
open from a spaceborne sensor perspective, of interest was to whictbaSeldl
description the I mager pltrees fibasaldtdesigtions i t i v «
represents the leading species when basal measuremeaitdreés above a minimum

thresholdwereincluded in the determination of species dominance. Spaceborne sensors
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may not receive photons from shadedividuals in the lower canopgnd therefore the
fiDom/Cedomd i ndi cat or i ncl ud eldto hmitthé determinatonh e i g h
of species dominance to only those individuals tete present in the upper canopy. As
basal measur ement s Q@cula AMl ¢calhe des s U mittheg N i e
leading species through a faster visual estwnatif the overstoryT h eGNWT Photo

indicator expressette leading species derived through an aehat@interpretation, and
enabledhe comparison with the conventional method of leagea forest inventories.

4.2.2.3.Spectral Field Data

Spectral endmembealat were collectedvithin the forest inventory plotdom
July 16 t022, 2013 which coincided with the same phenological stage of tresats
TM imagery An Analytical Spectral Devices (ASD) Field Spec Pro spectroradiometer
was used to record the sp&l properties of vegetatisamples between 3502,500 nm
within three hours of local solar noofunlitbackground endember spectra were
measured isitu at groundevel, with sunlitcanopy endmember spectra obtained from
samples extracted from thee¢ canopy that were arranged in-8® diameter optically
thick stacks to ensure sufficient target coverage given the séakbof-view (FOV)
(McCoy, 20®). Optically thick stacks allow for consistent sampling of vegetation, albeit
that the natural structure and geometry of branches is not preserved and that reflectance is
overestimated(Peddle, 1998 Peddle & Smith, 2005 Instrument calibration was
performed usinga levelled Spectralon panel (Labsphere Inc.), after which multiple
measurements were taken in reflectance modareous FOVby raising or levering the
pointed foreoptic lens (25°) between 15 cm and 40 cm. At these heights, thedr@ed

between 7 cm and 19 cin diameter Whenever possible, measurements were taken
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when direct solar flux was the dominant incident radiatemd instrument cabration

was performed for each vegetation target (< 5 minutes)void differences in
illumination conditiongGoetz, 201 The dense understories typical of northern boreal
forests did not permit the pistol grip to be unted on a tripod. blvever,it remained
handheld ina nearnadir orientation for each saneplFigure 1). The operatorwas
positioned behind the Spectralon panel and target directly in line with the solar irradiance
to maintain a consistent viewing geometry relative to the solar azimuth throughout the
sampling periodMcCoy, 2009. Besides measurementsiodividual understory species
integrated spectra were collected whereby multiple underspmgiesvere included in

the FOVto approximate th heterogeneity of the background component when individual

cover fractionsverenot known(Figure 12.

» b ko

Flguiréil; White reference measuré‘ment (Ift) and target measurekrnrent.(rlghf)

S

| FiurelZ Optically thick stack f jack pine branhes (left) and the area of an integrated
measurement of orange moss and Labrador tea (ri§pctalon panel included faeference.
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4.2.3. Data Processing
4.2.3.1 Field Spectral Data

Postprocessing of spectral data was necessaryevaluate the quality of
individual spectra and to prepare the data for spectral mixture analysis. Using metadata
about the illumination conditions during spectral measurements;ahgistencyof all
collected spectra (n = 559) were assessed. Spectead@emed to be of sufficient quality
when acquired duringl) clear sky conditions, 2) evhen clouds presentdinot obstruct
direct sunlight 3) orwhenno atmospheric noise could be seen in the spectra collected
whenthe sun was obstructed total of B3 spectra were collected under bwonditions
belonging to7 tree species identified during theldwork campaign as well as 16
individual understory species and t#ixed understoryspecieggroups(Table 7. A total
of 129 tree species spectra, 134iwtbal background spectra, and 120 integrated
background spedr were further pogtrocesse@nd represent many replications for each
speciesTo account for the small percentage of incident irradiation not reflected by the
Spectralon pandPeddle et al., 20Q,Lla second panel with known reflectance properties
was used to obtain calibration coefficients usiag integrating sphere with an
illumination source angle of 8° to produce a hemispherical geom@tngse calibration
coefficients were multiplied by the measured reflectance of each acquired sheops.

in the spectra between the bordering regionshef three ASD sensors was resolved

1. C. Coburn, personal communicatigkygust 8, 2013
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through a multiplicative correctio(Dorigo et al., 2008 after which the spectra were
resampled to Lands&t TM spectralband using the corresponding spectral pesse

functionsin ENVI 4.8.

Table7: Number of endmember spectra for the sunlit canopy and background components.

Sunlit canopy* Sunlit background
(n=129 Single Species Integrated Species
(n = 134) (n=120)
White sprue Green moss Reindeer lichen + Moss
Black spruce Leather lichen Reindeer lichen + Rose + Common bearberry
Jack pine Reindeer lichen Graminoid species + Litter
Aspen Sphagnum moss Reindeer lichen + Graminoid species
Larch Labrador tea Brown moss + Leather lichen
White birch Yellow moss Reindeer lichen + Red bearberry + Northern toadflax
Poplar Crowberry Yellow moss + Common bearberry + Graminoid species
Brown moss Rose + Yellow moss + Juniper
Willow Reindeer lichen + Rest Common bearberry + Toadflax
Juniper Reindeer lichen + Juniper + Common bearberry
Black moss Reindeer lichen + Yellow moss + Common bearberry
Red bearberry Sphagnum moss + Labrador tea
Green alder
Snowberry
Yellow-marsh
saxifrage
Buffaloberry

4.2.3.2.Spectral Mixture Analysis
Spectral mixture analysis (SMA) quantifies the proportion of each pixel that is
occupied by a single set of the pure features occuarinthe groundi.e., endmembers),
whereby the output is a fractiamage for each endmember along with the error of fit

(Adams et al., 1993For each pixel,iis model can be derived as follows:
2B QY - (1)

wher e t he s peisthe endodednrefiedtance e baRtbr each pixel, and
modeled as the sum of the reflectance in bafa N image edmemberk, whereby

each endmember is weighted by fractipnTheJ term represents the remainder between
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the measured and modelled reflectance, and is expressed as a band Tésduattions

of endmembers that are allowed durBigIA can be set tonconstrained (fromb t o D)
or fully constrained (i.e.between 0O and 1). The condition that the fractions of
endmembers must be summed to 1 for each pixel (udy constrained), or not
(unconstrained) can also be set, whereby weakly constraimexdking (i.e, sum of

f r act 1) bavesbeed shown to improve unmixing results whenall endmembers

are known(Shang et al., 2008Model finesscanbe assessed either by using the residual
termor via the root mean square er(&MSE; Roberts et al., 1998ver the total number

of bandq 3 )

YOYO B - jO 2)

For this study, Multiple Endmember Spectral Mixture Analy§idESMA;
Roberts et al., 1998vas chosen amaalternative taconventioml SMA, asMESMA is
not constrained by a single set of endmembers and allows the number and types of
endmembers to vary on a pgaixel basis to account for spatial heterogendsgcause
MESMA is not constrictedby the number of spectral bands has been successfully
applied to obtain species abundance maps of a variety of different species in vegetated
areas such as Californi@ennison & Roberts, 2003bAustralia (Youngentob et al.,
2011), and HawaiSomers & Asner, 20)2MESMA was facilitated by the opesource
software plugin VIPER Tools available for ENYRoberts et al., 20071t estimates sub
pixel fractions of endmembers and provides a raster image of the endmember models of
best fit that represents a ppixel landcover classification image. MESMA shares
characteristics of both fully constrained and unconstrained unmixing, whereby the sum of

the fractions must equal 1.00, but where the individual endmember fractions are allowed
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to beless than 0.00 and greater than 1(iG€, partially constrained unmixingf fraction
criteria of -10 % and 110% was empirically determined to optimize vegetation class
accuraciedy permitting MESMA to consider models that fit the measured reflectaince
a pixel despite slightly physically unrealistic endmember fractibennison & Roberts,
2003a Thorp et &, 2013. A maximum RMSE criterion of 2.5 %as used to ensure that
a candidate model was setied for the majority of pixeland to guarantee reasonable

confidence in the accuracy of the candidate model selected (Roberts et al., 1998).

The Landsat M imagery was unmixed using threadmember models, whereby
all possible combinations of sunlit canopy spectra ofdne most dominant tree species
(n = 93) and individual species background spectra (n = 134) were iteratively computed,
and whereby the Is& model based on RMSE was selected as a combination of sunlit
canopy, background, and shadow components. Because understories characteristic of
northern boreal forests are typically dominated by more than one species, the imagery
was also unmixed using einations of sunlit canopy spectfa = 93) integrated
background spectr@ = 120), and shadow. To model the average background reflectance
of theforeststandsthe weighted average of individuahderstoryspectra wascalculated
for each plotbased on2013 ocular field estimations ofground cover. Changes in
understory diversity and relative abundance of species between 2005 and 2013 were
expected, but due to the slow growth and absence of wildfire and other large forest
disturbances in the study ar@¢art & Chen, 200§ relative differences are assadto be
minor and within the expected error envelope of visual estimatibmsse weighted
avaage sunlitbackground spectravere used in combination with all possitdanlit

canopy spectraand shadow in thehird unmixing model The rationale for the
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development of three different understory spectral libraniasto determine whether the
endmember spectra should consider the heterogeneity of the understorgingke
spectra versus spectra of mixed species), and if cover proportions of understieyg spe
must be known to approximate this diversity (integrated library versus weighted average
library). After unmixing, te classification imaggroduced by MESMA wreregrouped

to the four dominant spexs in the groundeference dataset (i,envhite sprwce, black

spruce jack pine and aspen)

4.2.4. Accuracy Assessment

To assess the accuracy of the -petel image classification producedy b
MESMA, the shapefile of theaventory plots were converted to a point shapefile using
the centroid function in ESRI Archp. To test whether differences exist in classification
accuracy among fieldased descriptions déading speciesthe four groundreference
indicators ofleading species werentered in the attribute table of the shapeflleis
shapefilewas used in theontingency matrixto determine the overall accuracy, the
producer and useaccuracy, and the Kappa estimatgng thegroundreference plots.
The overall accuracy of each classified image is the suttmeoforrectly classified plots
divided by the totahumber of plotsassessedCongalton & Green, 2009 Individual
class accuracies are represented by the producer accuracy (errors of omission) and user
accuracy(errors of commission). The Kappdatistic is an estimate derivadrough
Kappa analysig¢Cohen, 196§) which is a measure of the proportional improvement by
the image classifier over a purely random assignment of pixels to cl&sagalton &
Green, 2009 The Kappa stimateis recognized as a powerful accuracy measure

because it takes natiagonal elements of theontingency matrixinto account and
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addresses thprobability of chance agreemerit can be used along with its variance to
compare the accuracy of two s#fied images and determines if tlkentingency
matrices are significantly different at a particular confidence level (CL) using the
standard normal deviat@.g., 95% CL; Z-critical value = 1.96; Congalton & Green,
2009. Accuracy estimatesvere comparedt a global level (i.e.all groundreference
plots combined) andbr plots grouped by crown closutesing ground observatig of

crown closure and range definitions from the Alberta Vegetation Inve(ifabte §.

Table8: Crown closure classes of the Alberta Vegetation Inventory

Crown Closure (%) Standcallclass Aut hor sdé | n
6-30 A Very open forest
31-50 B Open forest
51-70 C Medium dense forest
71-100 D Dense forest

Source:Alberta Sustainable Resource Development (2005

4.3.Results

4.3.1. Field Inventory Data

A total of 48field-inventory plots were establishedhereby their distribution
highlight site access challenges typical ofthern boreal forests (Figure )1®lots were
located in both compositionally pure (> 80 % abundance of one species) and mixed
standsto take into acountthe heterogeneityfahe forestsin the study area (Table 9).
The plots further reflect a wide range of stand structural characteristics common in the
region. The majority were established in very open (n = 14) to open stands (n = 27) with
crown closire estimates rangingetween 16 % and 61 % (mean =%@j). The average
standheight of the inventoried stands was 12 m, with a range between 6 m and 21 m.
Stem density estimates also indicated that the field inventory plots were selected over a

wide variey of stands, ranging between 875 stems/ha and 3,600 stems/ha.
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Table9: Species composition and stand structure estimatéigliinventoryplots

Species composition Stand structure *
Stand Crown Stem
Plot  All trees Dom/Codom Ocularcall GNWT Photo Height closure Density

01  SwoAl SWOAL Sw7Aw2Sb1l Sw7Sb3 15 60 2875
02  SwoAl Swi10 SwoAW1 Sboswi 19 59 1075
03  Swlo Swi10 swi10 Sboswi 16 56 2525
18  Pj5Sb5 Pj8Sb2 Pj10 SboLal 7 23 1975
19  Sbé6Pj4 Pj8Sb2 Pj10 Sb9Lal 6 21 2675
25  Pj5Sw5  Pj6Sw4 Pj8Sb2 Sb9Lal 9 40 2750
26  Sb5Pj5 Pj7Sb3 Pj10 Sb9Lal 8 39 3550
27  Sb9lLal  Sb8La2 SboLtl Sb8Swil1 7 17 2800
48  Sw9Pol  Swlo SWBAW2 Sw8P02 18 61 2075
49  SwoAl Sw9A1l SwoAW1 Sw8P02 19 57 1700
50  Swilo Swi10 SwoAW1 Sw8P02 18 53 2000
51  Sblo Sb10 Sb10 Sb8La2 8 16 1025
52  Sh5Sw5  Sw5Sb5 Sb10 Sb10 10 23 1825
53  Swilo Swi10 Sb10 Sb10 9 24 2025
54  Sh7Sw3  Sw8Sb2 Sb10 SboLal 9 22 1375
55  Sh9Pjl SboPj1 Sb10 Sb9Lal 9 27 1700
56  Sbl0 Sb9Las Sb10 Sb8Swilal 10 18 1675
59  SweSb4  Sw8Sb2 Sb10 SboLal 11 32 1575
60  Pj7Sw3  PjosSwi Pj9Sb1 Pj7Sb2L1 12 27 1850
62  PjoSbl Pj10 Pj9Sb1 Sb8Pj2 14 31 1950
63  Pj8Sb2 Pj8Sb2 Pj6Sb4 Pj9Sb1l 15 27 1050
64  Pj10 Pj10 Pj10 SbsPj2 15 34 1700
65  Sb7Pj3 Pj6Sb4 Pj7Sb3 Sb7La2Pj1 8 30 2525
66  SbsPj2 Sb6Pj4 Pj6Sh4 Pj9Sb1 8 30 3600
67  Pj8Sb2 Pj10 Pj9Sb1 SbsPj2 13 34 1625
68  Sb5Pj5 Pj7Sb3 Pj6Sh4 Sb7La2Pj1 8 31 2575
69  Sbh6Pj4 Pj5Sb5 Pj6Sh4 Sb7La2Pj1 8 25 2675
70  Sb8Pj2 Sb6Pj4 Pj6Sh4 Sb7La2Pj1 7 28 2825
71 Sb7Pj3 Sb7Pj3 Pj8Sb2 Sb7La2Pj1 10 32 1650
72 Sb6Pj4 Pj7Sb3 Pj8Sb2 Pj9Sbl 11 38 2100
73  Sb9Lal  Sb9Lal Sb10Lt1 Sb8swil1 8 24 2450
74 Pj8Sb2 Pj9Sbl Pj9Sb1 Pj5Sh3Swi1L1 13 42 2200
75  Sb8Pj1Swl Sb5Pj3Sw2  ShoPj3 Sb7L1Sw1Pjl 9 38 2700
76  Pj10 Pj10 Pj9Sb1 Pj5Sh3Swi1L1 16 37 1075
77 Pj8Sb2 Pj9Sb1 Pj9Sb1 Pj5Sh3Swi1L1 13 38 2000
80  PjBSw4  Pj5Sw5 Pj8Sw2 Pj5Sh3Swi1L1 14 34 975
81  PjgSw2  Pjssw2 Pj7Sb3 Pj5Sh3Sw1L1 16 31 1450
82  Pj10 Pj10 Pj10 Pj5Sh3Sw1L1 15 31 1525
83  PjgsSw2  Pjoswl PjoSw1 Pj9Sw1 12 35 1825
84  Pj10 Pj10 PjoSw1 PjoSw1 14 34 1375
85  Pj9Swl  Pj10 Pj10 Pj10 13 33 1850
86  PjgsSh2 Pj8SI2 Pj9Sb1 Sb6Pj3Sw1 10 34 2600
87  Pj7Sb3 Pj8Sb2 Pj8Sb2 Sb6Pj3Sw1 10 32 2100
88  SwSPj1Al Sw8Pj2 Sw8Pj2 SbsPj2 17 33 875
89  A5Sw5 A6SW3Pj1  SweAW4 SbsPj2 18 53 1825
90  Swilo Swi10 Swi10 SwoSb1 21 44 1275
91  Sw5SPj5  Pj7Sw3 Sw6Pj4 SbsPj2 12 45 2325
92  PjeSw4  Pj7Sw3 Sw6Pj4 SwoSh1 15 32 900

! Refer to Chapter 4.2.2.2. for species composition descriptions.
2 standheight(Lorey heightin metres, Crown closure in percentages, and stem density in stems per
hectare.
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The species composition estimates for each of the-lfigé®d descriptionsaxe
used to derive the leading spectd stands The results indicate that the degtions do
not provide the sameelative abundance estimationgr identify the same tree species as
dominant in a stand (Table 9). Considerable differences exist in the total number of plots
belonging to each species (Figure)ldnd although th®om/Cedom and Ocular AVI
call indicatorsappear similar, a total of 10 plots were not labelled the same. These
observed differences in leading species estimatibeseforewarrant the objectives of
this study, and indicate thét was important to determinavhether remotely sensed

imagerywassensitive to howhe leading specids characterized on the ground
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m White spruce = Black spruce mJack pine mAspen

Figurel4: Number of plots belonging to each species for the four-bakkd descriptions.

4.3.2. Classification Accuracies for Entire Ground-Reference ataset
The classification accuracieachieved in this studyvere relatively low, with
overall accuracies ranging between 20 % anéo5@nd Kappaanging from 0.00 to 0.31

(Table 10) andindicatethe considerablehallengego whichthe leading species can be
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identified n northern boreal forestasing field reflectance spectr@espite the low
accuracies clear patternsof classification results can be highlighted regarding the
research objective®smong the different fiekbased desiptions of leading species, the
Landsat TM imageryasmost sensitive to the indicator of leading species peldract
total basal area of thBominant/@-dominanttrees This observatiorwas consistent
regardless of whichinderstory librarywas used, which highlightdtdat consistent results
can be obtained and that the use of this fillded description warrants adoption in

subsequent studies.

As the leading species identified by theular AVI call of the overstorywasthe
same as th®ominant/Co-doninant indicator in 38 of the 48 irentory pots, thisfield-
based descriptioperformedsecond best among the fidbdsed descriptions of leading
species. The difference between these two indicatms only significant (80-%
confidence levie Z-score = 1.332, Lritical = 1.282 for the single understory spectral
library. This significant differencevasprimarily due the improved agreement with black
spruce leading stands,tl@ugh those stands were highly mixed with jack pifde
differenes in accuracybetween theAll Trees and Dom'Co-dom indicators range
between ®6 and 19 in overall acuracy and 0.09 and 0.26 in Kapfpa all understory
spectral libraries, yetvas only significant for the weighted understoryesfral library
(90-% corfidence level,Z-score = 1.716Z-critical = 1.64. These differencesvere a
result ofa better discrimination of stands where jack pine was dominant in the overstory
and black spruce was dominant in the understory. As the classification images
consistent} labelled such stands gk pine dominant, it indicatetthat Landsat TMs

most sensitive to treegresent in the overstorythe results also highligad that the
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image classification show a low agreement with @ WT Photandicator of leading

specieg16 % - 34 % overall accuracy

Table10: Classification accuracies per figidisel descriptiorand understory spectral library

Understory AV Call All trees” Dom/Codom* GNWT Photo
library OA (%) Kappa OA (%) Kappa OA (%) Kappa OA (%) Kappa
Single 27 -0.03 35 0.09 42 0.18 27 -0.04
Integrated 33 0.04 23 -0.12 33 0.04 16 -0.32
Weighted 40 0.15 33 0.05 52 0.31 34 0.10

! Refer to Chapter 4.2.2.2. for leading species descriptions.
OA: Overall accuracy

The development of three different understory spectral librargeto determine
whether the endmember spectra should consider the heterogeneity of the understory and
if cover proportions of understory species must be knmnapproximate this diversity.
Interpretation oftte results suggesd thatthe weighted understory library performed the
bestin terms of overall accuracy and Kappegardless if whiclield-based dscriptionof
leading speciewvas usedTable9). For theocular AVI call reference datas, a gradual
but consistent improvement in classification accuraag observeavhen the understory
spectra used for unmixingepresenta greater diversity of vegetation components.
Although this general pattern was not present for the otherldaddd dscriptions of
leading species, the best results achieved with the weighted spectra héghirgiit
approximated the complex understory vegetation better than the other two libraries, and
that cover fractions must be known to generate representativeraspBuot library
containing spectra of individual vegetation componentapped the aspen stand
correctly, but the lack of aspen dominated stands in the study area precludes any

investigations as to why this is the case.
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4.3.3. Classification Accuraciesof Plots Grouped by Crown Closure

To determine whether the fieldased descriptiorof leading specieswas
dependent on crown closui@/erall accuracy estimates were stratified by crown closure
ranges using ground observations of crown closure and range deéirfiitbamthe Alberd
Vegetation InventoryThe results highligled that Landsat TM imagerywas most
sensitive to the indicator of leading species per ifsacof total basal area of the
DominantCo-dominanttreesregardless ofrown closure range, and thats observation
is consistent among understory librari@&ble 11) The image classification haithe
secondhighestcorrespondenct® theleading species identified by tloeular AVI call of
the overstoryyet only forvery open (A) and open (B) stand¢o differences in overall
accuracyexistedbetween théll Treesand Dom/Cedomdescriptions ofeading species
for medium dense stantiecauseheyidentified the same species as dominaithough
some differences exedl on a casdy-case basisno appaent pattern of accuracy as
influenced by crown closure can be highlighted regardless of approach used to

characterize understory spectra (Table 11).

Tablell: Overall classification accuracy grouped by crown closure class.

Understory Crown Overall accuracy for field-based descriptions (%)
H 1,2
library closure AV Call All trees Dom/Codom  GNWTPhoto
, A 21 29 36 29
Single
background B 26 33 41 22
C 43 57 57 29
- ted A 50 36 57 29
ntegrate
background B 30 19 26 11
C 14 14 14 0
Weidhted A 43 43 71 29
eighte
background B 33 22 41 22
C 57 57 57 71

L Crown closure classes: A% to30 %, B: 31% to 50%, C: 51% to 70%.
2Sample size: A (n=14), B (n=27),C(n=7).
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4.3.4. FitnessM etrics

Besides estimations of classificatiancuracy, the performance of the understory
libraries can also be measured through fitnessicse¢hat are indicative of how well the
modeled reflectance derived througlESMA matches the measured reflectance of the
pixels. TheRMSEs for the single andnitegrated spectral librawereless thar.00025%0f
the original pixel reflectancevhen all inventory plotsvere grouped together as well as
for individual crown closure classé€Bigure B). The RMSE for the weighted spectral
library were substantially arger 0.001) but remains small relative to the overall pixel
reflectance. In generahe RMSEof open stands (Byastwice as large as theMSE of
very open (A) and medium dense stands [@gse reported RMSEgeremuch smaller
than the established #shold and accepted norm of good resfiles, 0.025; Roberts et
al., 2007, and indicate the appropriate use of spectral endmembers in this Istigly.
evident that the higher RMSE for the weighted spectral library is primarily due to the
larger band residuais TM band 5( 1 . 6 €ente mvavelenglhand band 1 2. 24 e m

centre wavelength) located in thleortwaveinfrared spectrunfFigure 16.
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Figurel6: Mean and standard deviation of band residuals for each spectral library.
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4.3.5. Distribution of Tree Species

Because each individual pixelas classified according to the endmember model
with lowest RMSE,noticeablepixelation is presentin the species btribution maps
(Figure 173. This pixdation was expected given the complexity of stand structure and
species composition typical of northern boreal forests, and is not necessarily a mapping
error.When thesingle understory spectral libramas used foMESMA (Figure 17a)no
noticeable spatial patterns of tree species can be obséigeade 17bdepicts the image
classification produced when the integrated speofr the understory was usednd
shows the overepregntation of black spruce (usaccurag = 17 %) and the under
representation of whitspruce (reduction in producerccuracy from 50% to 25 %
betweenFigures 17a and 1Jbin comparisonthe image classification generated using
the weighted understory spectriaigure 173 shows more disict patterns forwhite

spruce, black spruce, and jack pine
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Figurel?: Tree species distribution maps using ﬁbdsed spectrtal Iibrariesof the
understory for(A) single spectra, (B) integrated spectra, and (C) weiggedtra. A
multispectral QuickBirdmageis provided for spatial reference (D).

+

To highlight the challenges regarding the discrimination between tree species,
contingency matrixfor the image classificatiomesults wasgeneratedbased on the
weightedunderstory spectra and tBminant/@-dominantindicator of leading species

as this combination was most successful of those evaluated {Tablend 11; See
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Appendix 1 for other matricgs Spectral confusion occurredo varying degees
depending pon tree species. The producaccuracy highlights the number of field plots
that were classified to theknown value. The low producerccuracy of jack pine is a
result of confusion with black spruce and white spruce (Table 12). The confusion with
black sprucenvas expectedjiven that upland black spruce and jack pine often occur on
the same weltirained sites with reindeer lichen understoifegure 1§. Among the

field plots sampled for examplearying amounts ofack pineand black sprucevas
observedn 11 of the 26 jack pinelominantstandgTable 9. Jack pine dominated stands
were also confused with white spruedfecting7 of the 26 jack pine stands (Tablg 9
Black spruce dominated stands were also confused with white dprackesser degree

The corflusion among these three species was expectectbdaqbive, weldrained sites
often supportall three speciesThe useraccuracies, which indicate the reliability of the
derived treespecies map, show thdtet greatest confidenaxists in the distributon of

jack pine(i.e., 11 of the 14 jack pine labelled stands were actualtk pine dominant).
Lower useraccuracies exist for white and black spruce because of the predominant
spectral confusion with jack pinéor example, even though 75 % of white usjar
dominatedstands were correctly classified, only 47 % of the pixels labelled as white
spruce were actually white spruce dominant.

Tablel2: Contingency matrixf theweighted understory image classification.

Ground reference (# of stands) User
Map prediction Aspen Jack pine Black spruce White spruce Total accuracy
Aspen 0 2 0 1 3 0%
Jack pine 1 11 1 1 14 79 %
Black spruce 0 6 5 1 12 42 %
White spruce 0 7 3 9 19 47 %
Total 1 26 9 12 48
Producelaccuracy 0% 42 % 56 % 75 %
Overall accuracy = (25/48) 32
Kappa= 0.31
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Figurel8 Well-drained uplandnixed jack pine and black spruce sahd (PIt 6é).

4.4.Discussion
Three advancements were reported in this stlidis study representexhe of the
first documented cases of trgpecies classification using medium spatial resolution
imagery in a northern boreal forest conteSecond,it was determiné thatremotely
sensed imagenyassensitive to how the leading specresscharacterizedn the ground
Third, the degree to which the background endmember shaplatoximate the

complexity of northern boreal forest understories was assessed.

4.4.1. Field-based Descriptions of Leading Species
In this study,Landsat TM imageryvas most sensitive téhe indicator of leading
species per fractioof total basal area of tHgominant/Cedominanttrees wherebythis

observationwas consistent among understory libraries and ecrasosure ranges. he
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radiant energyeceived by the Landsat TM sensaas theeforemainly influenced i the

upper forest canopy levahd the highly reflective background vegetatarthe expense

of subcanopy individualsA total of 8 plots were labadtl differently between thall

Trees and Dominant/Cedominant indicatos of leading species, whereby a greater
correspondence between the image classification and the latter indicator was achieved for
plots of both very open (n = 3) and open (n = 5) stahldsse results compared well with
trends reported by other published studi@ken et al., 2012 and expand upon general
comments made biyontius et al. (2005and Plourde et al. (2007) whibscarded basal

area related indicators of species compos#®isubcanopy individuals wre included in
thoseaccuracy assessmenthe findings of tis study also indicate that the Landsat TM
image classification is consistent with, and meets the compliance for, forest inventories
for operationafforest management which focus on the dominard@minant trees in a

stand(Government of Northwest Territories, 2006a

Image classifications hatthe second highestgreement with thecular AVI call
indicatorof leading speciesNhen the results of the basal field measurememtoanlar
AVI call were expressed in a contingency matrix, an overall accuracy of 79 % and Kappa
of 0.69 was obtained (i.e., 38 out of 48 plots were labelled the same). The strong
agreement betweehe ocular call of the overstory and the baseah indicadr of leading
species and their similarity in respective accuracy estimations suggests that Landsat TM
is sensitive to both indicators of leading specidse majority of plots that were labelled
differently were highly mixed in terms of species compositisvhich clarified the
discrepancies between the two grouaterence indicators (e.g., a R, ocular AVI call

for a PySws plot by basal area of tHeominant/Cedominantspecies). These results are

73



similar to preliminary work conducted I§§ongalton and Biging (1992who reported an

85 % correspondence between field measurenagit®cular calls.

This study further emphasizezhution in theassumption that the results of the
GNWT aerial photanterpretationwere sufficient for use as reference data. The lowest
agreement between the Landsat TM image classifications was obtaittedthig
indicator of leading species. When the leading species definedgr AVI callsand
Dom/Cedomare compared to the pheititerpreted map, overall accuraciesre 60 %
and 56 %, respectively. Similar accuracies (64 %) were obtained when a cuBSet
pure plots (> 8®b relative abundance for one species) were compafbése
comparisons assume that the ground inventory plots were representative of the forest
inventory polygons (e.g., species composition, structure), and that no-typercor
scding differencesoccurred.The low user accuracies of black spruce (32 @4 %)
suggests that the disagreensamérepredominantly a factor of the ovegpresentation of
black spruce in the phofaterpreted map as a result of its misidentification (dlgck
spruce label in a stand with a &w;, overstory and Swyy understory) and over
estimation of its contribution to the overstory. The accuracy to which boreal tree species
have beensuccessfully mapped using aerial photterpretation generally range
between 60 % and 80 ¢Fent et al., 1995 eckie & Gillis, 1995 Luther et al., 2006
whereby significant differences in relative proportions of tree species (by volume) can
occur (e.g., in Ontario; Thompson et al., 200Although suffcient correspondence
between aerial photimterpreted maps and image classifications of tree species have been
achieved in boreal forests in southern Canada, Peddle et al., 2004he results of this

study suggest thatétforest inventory derived througlerial photeinterpretation was not
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sufficient to assess the accuracy of image classifications in this studyTaesdow
correspondence to field observations can to a certain degree be attributed to the time
differencebetween the photo interpretation (1994) and the field measurements (2005)
wherein stands have encountered $tmad and compositional changes through
succession. However, from a tree species paiview, a 10year difference would be

minimal in areas o$low growth.

4.4.2. Understory Complexity

Considerable increasan classification accuracy and more distinct patterns of
leading speciewere obtained when the weighted spectra were used for the background
endmember. It is evident that good knowledge of thdetstory leads to a better
characterization of the spectral response of this endmember and thereby improved
classification results.The weighted spectral library outperformed the integrated spectral
library, which suggests that field estimations of groooder are necessary for improved
species discrimination. Although field estimations of ground cover are time consuming
and neither practical nor representative for lesgale forest mapping, it may be possible
to link overstory compositions with understocompositions whereby a range of
representative understory spectra can be generated using sets of slightly different relative
abundances. Such weighted spectra could more easily accomrimgteater variation
in understorycompositionsand relative abndancedound at increased mapping extents
However, the performance of these spectra would be an area worthy of further

investigation.
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4.4.3. Challenges

The achieved classification accuracvesrelower than average in the context of
other studies conducteid the southern boreal forests using Landsat TM or similar
sensors (e.g.Franklin, 1994; Dymond eal.,, 2002; Peddle et al., 2004pue to the
frequency of cloud cover at high latitud@®ees et al., 2002it was difficult to obtain
cloud or hazefree imagery for the phenologicatagein which thespectral fielddata
wereacquired(e.g., one appropriate scene withid@year window) The imagery used
in this study containedonisiderable hazever much of thestudy area that could not be
reduced through atmospheric correctiddthough the vegetation samples used tloe
collection ofendmembesspectra were controlledhey may have not matcled thetree
species in the image because of differences in atmosphenditions (Song &
Woodcock, 2008 Furthermore, reflectance spectra were acquirabednch scale while
image classification was conducted at the stand sc¢ais. dfference in scale causes
spectral confusion among tree species, as it has been shown tlsspdrability of
coniferoustree species at the branch sdalgreater than at the stand sq@eberts et al.,
2009). Because of scaling differences aatinosphericinfluences the application of

image enchemberss worthy to investigateurther.

Standstructurealsoinfluenced theclassification performance MESMA. In this
study area, stand height is inversely related to stem d€Rsity0.55, P < 0.001), similar
to other forests in the Northwest Territories aisewhere in the boreahereby older
stands are taller and at lower densities than younger, shorter, and more dense stands
(Gerylo et al., 2002Brassard & Chen, 2006The distribution ofstandheight between

correctly and incorrectly classified was significantly differfemtvery open standd able
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13), whereby ballenges with successful species discriminatiogre encountered in
stands taller than 8 ifFigure 19. Taller stands often exhibit greater multiple scattering
of photons betweerné canopy and forest backgroumdchich causes nelinear mixing of
scene componentsvhich affecs spectral mixture modelgBorel & Gerstl, 1994
Gemmell, 2000Chen et al., 20)2MESMA cannot accommodatmultiple scattering as

it assumeshat photons interact with a single component within the ER&berts et al.,
1998. Multiple scattering may have led to fractional abundance eoronsggher RMSEs

in these very open standshich when exceeded beyond usdefined thresholds could
have caused MESMA to model a particular pixel with an nrem sunlit canopy
endmember.Therefore, when stands become more structurally complex, multiple
scattering complicates theadiant energyreceived by the Landsat TM sensor and
influences MESMAOGs ability to | abeNMonpl ot s
linear spectral mixture modelsnay lead to some incremental improvements in
classification accuracy as such approaches typically improve endmember fraction

estimationgSomers et al., 2009Quintanocet al., 2012

Tablel3: Strength (pvalues) of Independent Samples Mafthitney U-test for equal
distributions between correctly and incorrectly classified stands.

Field-based description of leading species

Crown closure Variable AV call ! All trees! Dom/Co-dom®  B/W Photo*
Stem density 0.23 0.23 0.11 0.30

A (6%-30%) Standheight 0.01 0.08 0.03 0.14
Crown closure 0.11 0.57 0.24 0.64
Stem density 0.22 0.49 0.22 0.93

B (31%-50%) Standheight 0.15 0.79 0.10 0.44
Crown closure 0.36 0.38 0.64 0.98
Stem density 0.63 0.63 0.63 0.86

C (51%-70%) Standheight 0.86 0.86 0.86 0.57
Crown closure 0.63 0.63 0.63 0.38

! Refer to Chapter 4.2.2.2. for leading species descriptions.
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Figurel19: Distribution of standheight for correctly classified and incorrectly classified very open
stands.* Indicatesa significant difference at a 9% confidence level.
4.5. Conclusiors and Future Research

Satellitebased remote sensing is increasingly used to deri@amation products
of forestsover large areaHowever,documented approachese either untested or not
suitable forthe open forest stands aforthern boreal forestdue to theopen and
complexcharacter of forest stands at higher latigjde interest waswhetherLandsat
TM wassensitive tchow the leadinggecies of a standan bedescribed on the ground
andwhetherthe endmember spectra representing the background compohnBSEMA
shouldapproximatehe heterogeneity of theackground vegetatn. Interpretation of the
results suggestithat Landsat TM imageryasmost sensitive to the indicator of leading
species per fraction of total basal areah®# dominant/calominant tregsand that this
observationwvas consistent among crowtlosure range Inclusion of allthetrees in the

determination of lading species was not necessary. This finding indicated that the image
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classificationwas consistent withforest inventories flooperationaforest management,

as they typicallyfocus on the dominantdéedominant trees in a standls well, the highest
similarities with grounereference data were obtained when the full heterogeneity of the
understory waspproximatedhrough the calculation of a weigitt average of individual
spectra withgroundcover abuindances knownknowledge ofunderstorycompositons

and relative abundancesdléo a better characterization of the spectral responseeof th
backgroundendmember and therebmproved classification results ™ %, 41 %, and

57 % for very open, open, antedium dense forest standsspectivelyoverall accuracy

=52 %, Kappa = 0.32).

Theidentified atmospheric and scaling isswuessociated with the use of reference
endmembers warrant an investigation in the applicatiomafespectralendnembers.
Theuse of image spectral endmember avoids these challenges, and could leverage multi
temporal imagery to exploit phenological differences among tree species early and late in
the growing season as a means of improving the image classification resultsdra@porte

this study.
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CHAPTER 5
Classifications Using Image Bdmembers

5.1. Introduction
Forests are keyecosystems that host high levels of biodiversity, influence

biogeochemical cycles, and provide ecosystem servigammins, 2003. Forest
management decisions often require information about species composition as an
important component of governmendsed forest inventorigdeckie & Gillis, 1995,
where pecies composition is defined as the relevant proportion of tree species in a stand
(Gillis & Leckie, 1993. In the boreal forest zonehis information is especially relevant
given the susqgsibility of particular tree species to largeale insect disturbances
(Cullingham et al., 20%1de la Giroday et al., 2002 moisture stresgMichaelian et al.,
2011, Griesbauer & Green, 20}, 2andclimate-induced alterations to the wildfire regime
which have the potential to introduce changes to the boreal landscape that could exceed
the direct infuence of climate change @pecies composition and struct¥illiamson
et al., 2009 Price et al., 2013 Information about species composition can be difficult to
collect on the ground due to site acceBallenges and budget limitationEhe use of
aerial photeinterpretation techniques for forest inventory purposes is common for large
area forest inventorigdichalak et al., 20QZHall, 2003, and despite recent transitions
to softcopy methodbeing applied to digital photographyremains a technology whose
limits are being challenged and is cost prohibitiver large, remote fores(alkowski
et al., 2009 This lack of completeand upto-date forest inventories is especially
apparent in northern boreal foreg&overnment of Northwest Territories, 201 Han et
al., 201), which subsequently drives the need to alleviate information gaps using remote

sensing.
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Northern boreal forests can be characterized by lower density, open forest stands
(i.e.,, crown closuregenerally less than 6%) where understory ground vegetation is a
significant component of pixdével reflectance and where stand structural variation is
high (Franklin et al., 2003Ecosystem Classification Group, 200%Given the small
crowns typical oftree species in theorthern boreakone the canopy, understory, and
shadow compaeents mix together spectrally and create mixed pixels at both aigh
medium spatial resolution (e.g.2-m, 30m). Therefore, onventional pixelevel
approachedor image classification at the tree species lefeel., Franklin, 1994
Dymond et al., 2002Dalponte et al., 2008 are not considered suitabl®r the open
stands Instead, aclassification approach based on spectral mixture ana($3VA;
Adams et al., 199), whereby mixed pixels are decomposed to physically meaningful
components of sunlit canopy, background, and shadowgnhémembers)nay be suited

to deriveinformationabout tree species imorthern boreal fores{Roberts et al., 1999

A key to successful spectral mixture analysisthe appropriate selection of
endmembergTompkins et al., 1997 which involvesidentifying the number and type of
endmembers and their corresponding spectral signatures. An endmember is an idealized
pure signatte of a class, and should represent a fundamental spectral component to the
image analysis proce¢ddams et al., 1993 Endmembers may be rileed through field
measurements with a spectroradiometer (i.e., reference endmembers), directly from the
image data (i.e., image endmembers), or through canopy reflectance ifRetidte et
al., 1999. While endmember spectraea often measured in the fielthis is not always
possible because of technical and budgetary limitati@ecause of differences in

atmospheric conditions between the reference endmembethe image and the scale at
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which the endmember specteae applied (Chapter 4; Drake et al., 199%he e of
reference endmembers may betsuitabldo discriminat among coniferous tree species
at the stand scal@oberts et al., 2004 As an alternative, endmember spectra can

sometimes be derived directly from an imagbichavoidsthese challenges.

Although numerous endmember extractidgoathms (EEA) exist to find pure
image endmemberssuch as NFINDR (Winter, 1999, pixel purity index(Boardman,
1994, orthogonal subspace projecti@idarsanyi & Chein, 199 principal component
analysis(Bateson & Cuiss, 1999, vertex component analysjslascimento & Bioucas
Dias, 200%, and iterative error analysfdleville et al., 1999 the proper specification of
image endmembespectra is not always possibles anexample, for the background
component there may be no suitable open areasnthtth or exceed the pixel area
(spatial resolution)The inherent wide variability in the diversity and composition of
understory vegetatio(Figures 9 and 10 would challengethe selection of homogenous
spectra for both the sunlit canopy and backgroumtihreembes. Therefore, an important
guestion was whether endmember spectral impurity would influence image

classifications at the tree species level?

Within a forest context, pixels at almost any spatial resolution are inherently
mixed at the branch, onm, and stand scale due to the thdeeensional architecture of
foliage and nofphotosynthetic tissue, which subsequently creates variatiaasligtion
regime (Asner, 1998 With respect to image endmembet®causethey can be
Afexpressed as mixtures of spectra of meani
S c i e (Smithsettalb, 1990, p.)/theymay not be spally pure. Other EEA methods

do not assume the presence of pure endmembers in the imagery, and generate virtual
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endmembers which are not necessarily present in the imagery(itsetpkins et al.,
1997 Plaza et al., 20)2 While oconsiderable research has been undertaken to
automatically extracpure mage endmembers using &g little is known about the
application of meaningful image endmembers identified using forest inventory
information, and how the performance of these endmember spectra compare with field
based spectral measurements for imagesifieations at the leading species le\ee.,

the tree species most dominant in a stafdythermore, & the degree to which tree
species can be discriminated may be influenced by the stage of vegetative phenology at
the time of image data collectig®chriever & Congalton, 1998/ickelson et al., 1998
Wolter & Townsend, 2011 of interestwas whether multitemporal imageryacquired
during the growing season imprewiscrimination of leading speci@s northern boreal
forests The objectiveof this studywasto investigate these unknowns, and wasiecdd

by answeringhe following research questians

A Are there differences in classification performance betv@¢A-basedmage
classifications usingnagederived spectrandfield-based spectra?

A Is the performance of imagkerived spectra dependentthe type of forest
inventory information (e.g., by basal area or crown closure) used to select
representative sunidanopyand background components?

A Wouldtheuse of multitemporal Landsat TM imagery to represent different

stages of vegetative phenologygrove the determination of leading species?
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5.2. Methods

5.2.1. Study Area

A study area within the Northwest Territories, Canada was selected based on the
presence of representative tree species, accessibility of the terrain, availability of suitable,
cloudfree satellite imagery, and the availability of grotneference data. The study area
is located within the Taiga Plains Ecozone, an Ecozone that covers the western Northwest
Territories, the northeast corner of British Columbia, and northern Alilggdalogical
Stratification Working Group, 1995Most of the timber productive forests occur within
the southern portiof the Ecozondrom which an 18km x 19km study aea was
located 20 km south of Fort Providence, NWT (Fig6yeThis regionbelongs to the

Great Slave Lowland MidBoreal EcoregiofEcosystem Classification Group, 2007

The tee speciesonsidered in this studgre distributed across the landscape in
response of micrtopographical effectéEcosystem Classification Group, 2Q00Early to
mid-successional mixedood forests, consisting of white sprugdcea glaucg, balsam
poplar (Populus balsamifenaand trembling aspe(Populus tremuloidgs are dominant
along the alluviafflats and contain diversaunderstoriegFigure 9a) In these locations,
late successional stands are white spdm®inant withherbfeather moss understories
(Figure 9b) Stands consisting of jack pind®ifus banksianaand trembling aspen are
found in dry, coarséextured soils associated with beach ridges, and typically have sparse
shrub, forb, andeindeerlichen (Cladina miti9 understoriegFigure 10a) Cold, poorly
drained sitesare populated by black sprug®icea mariang tamarack(Larix laricina)
and whit birch (Betula papyrifery with Labrador tea l(edum groenlandicuand

mosses$phagnunspp, Drepanocladuspp) understories (Figure 10b).
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5.2.2. Data Collection
5.2.2.1Imagery

To represent different stages of vegetative phenology within the study area region,
atotal of five Landsat5 TM scens weredownloaded from the United States Geological
Survey data archive usinga GLOVIS interfacgTable 14). The scens werethe most
appropriate with respect to tlyearof the forest inventorgata(+ 1 year).All Lands&5
TM radiance data weratmospherically corrected gurfacereflectance usig Fast Line
of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) in ENVI 4.8
(Atmospheric mode Mid-Latitude Winter /Subarctic Summer, Aerosol model: Rural).

To crede the multitemporal dataset)lacenes were subsegntly layerstacked.

Tablel4: Processed Lands&atTM scenes.

Scene ID Date Year Path/Row  Sun Elevation (°)
LT50480172006131PAC01 May 11 2006 48 /17 45.6
LT50480172006163PAC02 June 12 2006 48 /17 50.6
LT50480172004190PACO1 July 8 2004 48 /17 49.1
LT50470172005233PAC01 August 21 2005 47117 39.1
LT50470172005249PAC01 September € 2005 47117 33.7

Source:United States Geological Service (2013

5.2.2.2 Forest Inventory Data

Forest inventory da was collected in July 2005 within the study area, whereby a
plots (20 m x 20 m in size) were distributed in stands of jack pine, white spruce, black
spruce, trembling aspen, and various mixembds(Hall & Skakun, 200Y. Forest plots
were located at least 100 m away from roads, cut lines, water bodies, afatested
areasandwere generally within 50én of the nearest road for ease of accessibility. Plot
centres were established using a pigtail with flagging tape, after which the locations were
recorded using a Trimble differentyalcorrected GPS system (UTM Zone 11, NAD83).

Measuring tape and a compasere used to mark the cardinal (id, W, S, E) and
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intercardinal (i.e. NW, SW, SE, NE) points of the plot with flagging tape and to
determine plot boundariegvery tree that was at least 1.3 m in height and 5ircm
diameter breast heightas measuit whereby the species, diameter at bréagght, and
height were notedBecause northern boreal forest stands typically contain a very large
number of small trees, the same measurements were recorded for a selection of small
trees (i.e. diameter breasheight less than 5 cm, and a height of 1.3 m or greater)
although within a smaller 2t x 10m quadrant. The stand attribute estimations of small
trees were subsequently multiplied by 4 to represent the entire contribution of the small
trees within the plo Crown closure estimates were obtained at the intercardinal corners
of the plot (n=4) and within the plot at midorner locations (& 5) using a spherical
densitometer. An ocular Alberta Vegetation Inventory (AVI) stand call attribute was also
made torecord the species, height, and crown closure of the stand following the Alberta
Vegetation Inventory Interpretation Standard®lberta Sustainable Resource
Development, 2005 Fractional cover of understory spesiwas visually estimated for

the six most dominant species w¥bincrements for each plot.

5.2.3. Data Processing
5.2.3.1.Spectral Libraries
Spectral librarieswhich containedmagespectralendmembersvererequired to
meet the objectives of this studgnage endramber selection criteria were formulated t
test whether the application of image endmemlveas feasible and evaluate ifther
performancewas dependent on thenethod used talevelop spectral librariessing
relevant foresinventory information Represetative sunlit canopy spectra were selected

either by basal area of crown closure, while representative background spectra were
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selected either outside or inside of forest cdV@ble 15and B). Spectra for plots of
relatively high species purity (e,dSwgA;1) and mixed abundance (e.®jsShy) were
collected to meet the mapping needs of operational forest management, whereby plots

lower than 86 relative abundance for one species were desigaatatxed

Tablel5: Criteria for the establishment of sunlit canopy spectral libraries.

Spectral library  Criteria

Pure Plots selected where the relative abundance of a particular tree species

exceeded 95 % of totabbal area of the dominant trees above staighhe
By basal area

fBasalarea Mixed: Plots of mixed abundance by total basal area of the dominanatrees

stand heightwhere the leading species contributed between 50 % a¥d 70

Pure Plots selected that were relatively pure by species &)3@nd that had the

highest crown closure estimates within each species group.
By crown closure

fHighestC® Mixed: Plots of mixed abundance were selected that had the highest crown cli

estimates within each mixespecies group.

Tablel6: Criteria for theestablishment of background spectral libraries.

Spectral library  Criteria

Using afishnetvector file at the exact resolution and extent of the Landsat TM
imagery, homogenous areas of low vegetation outside of forestednaeas
selected using the panchromatic QuickBird image as visual reference

By spectral purity
fiPurestB®

Pure Plots selected that were relatively pure by species @)3@nd which had

the lowest crown closure estimates within each species group.
By crown closure

ALowestC® Mixed: Plots selected of mixed abundance were selected that had the lowest ¢

closure estimates within each mixggecies group.

The overall goal of the selection of image endmember spectra was to include the
overall heterogeneity of the forest stands, betause many inventory plotset the
selection criteriaan effort was made to reduce tmaimber of endmember specti@
increase computational efficiencies and increase the number of independent plots used
for validation. To select pure plots that metetbasal area criterion, the spectra of the
closest pixel that overlaid each of the 14 candidate plots were obtained and analyzed to
derivea subset of candidate spectra usstrgtegies highlighted iRoberts et al. (2007

A total of 7 coniferousplots were identified that were spectrally most similar to other
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plots of the same species and most dissimiliéih wlots of other specie&ountbased
endmember selection; Roberts et al., 200td the lowest average raokansquare
error in modeling all other spectvathin their species claggndmember average RMSE;
Dennison & Roberts, 2003band hadhe lowest average spectral angle in modeling all
other spectra within their species claéssnimum average spectral angle; Dennison et al.,
2009). These7 pure plotswerethereforespectrallymost similar for all other pure plots
belonging to thie species class avderemostdissimilar with othespecieslasses

No semiautomated methadwere used to selectepresentative mixed stands
which weremanuallyselected on the basis of the AVI dathereby the heterogeneity of
the mixed plots for each species group was incorporat forest inventory data did not
contain any pure aspen stands that met the criteria of thieamopy, and & such, two
20-m by 20m plots were manually drawn in ESRI ArcMap where dominant patches of
aspen appeared using a panchromatic QuickBird scene as a vis@heedthe optimal
plots for species discriminatiowere known, imagendmember spectra were airqd
through the ACreate Spectral -$ourterseftware fr om
plugin VIPER Tools available for ENVI (Visualization and Image Processing for
Environmental Research; Roberts et al., 2007). In cases where forest invehygonp
overlaid multiple pixels, all individual spectra were extracted without averaging to
preserve the spectralariability. To test whether muliemporal imagery improves
species discriminatignthe same optimized plotsere used to extract mulimporal

spectal signatures.
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5.2.3.2.Spectral Mixture Analysis
SMA quantifies the proportion of each pixel thatoscupied by a set gbure
feaures occurring in an imagevhereby the output is a fraction image for each
endmember along with the error of (Adams et al., 1993 For each pixel,His model

can be derived as follows:
2@ B QY - |, (1)

wher e t he s peisthe emdodednrefbedtance e baRfbr each pixel, and
modeled as the sum of the reflectance in bafar N image endmembels whereby

each endmember is weighted by fractipnTheJ term represents the remainder between

the measured and modelled reflectance, and is expressed as a band rdsidehl.
fitnesscan be assessed either by using this residual term, or via the root mean square

error(RMSE; Roberts et al., 1998ver the total number of banfisz )

Yo'yYo B - jo . )

For this study, Multiple Endmember Spectral Mixture Analy§i8ESMA;

Roberts et al., 1998vas chosen aan alternative t@wonventioml SMA, asMESMA is

not constrained by a single set of endmembers and allows the number and types of
endmembers to vary on a pgeixel basis to account for spatial heterogendigcause
MESMA is not constrictedoy the number of spectral bands it has been successfully
applied to obtain species abundance maps in vegetatedirai@akfornia (Dennison &
Roberts, 2003f Australia (Youngentob et al., 2011), and Haw@omers & Asner,

2012. MESMA was facilitated by the opesource software plugin VIPER Toolshere

it returns stimatesof subpixel fractions of enchembers anda raser image of the
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endmember modebf best fit that represents a gaxrel landcover classification
MESMA shares characteristics of both fully constrained and unconstrained unmixing,
whereby the sum of the fractions must equal 1.00, but where the indieidisdember
fractions are allowed to be less than 0.00 and greater than Mitnum and maximum
fractionsof -10 % and110 % were empirically determined to optimize vegetation class
accuraciedy permitting MESMA to consider models that fit the measueglctance of

a pixel despite physically unrealistic endmember fract{@ennison & Roberts, 2003a
Thorp etal., 2013. A maximum RMSE criterion oR.5 % was used to ensure that a
candidate model was seted for the majority of pixelend to guarantee reasonable

confidence in the accuracy of the candidate model selected (Roberts et al., 1998).

Both the dily and multitemporal dataset wergnmixed using threendmember
models, whereby all possible combinations of sunlit canopy spectra and background
spectra were iteratively computed, and whereby the best model based on RMSE was
selected as a combination sfinlit canopy, backgroun@gnd shadow componenta
variety of spectral library comibations were tested in a threedmember modedetup
(Table I7). The classification imaggroduced by MESMA wreregroupedo four pure
species classdés comparethe classification image derived through imagendmember

spectreandendmembespectra acquired with the specadiometer.

Tablel7: Endmember model setup.

Source of Spectral library

spectra Sunlit canopy Background Shade
Field* Dominant tree spectra Weighted average spectre Yes
Image Basalarea PurestBg Yes
Image Basalarea LowestCC Yes
Image HighestCC PurestBg Yes
Image HighestCC LowestCC Yes

! This model represents the best combination of sunlit canopy and background endiypebasing
spectral data acquired by a spectroradiometeidentified in Chaptet.
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5.2.4. Accuracy Assessment and ¥perimental Design

Because the Landsat TM imagery acquired in July shdvigdtestsensitivity to
the dominant species per fri@an of total baal area othe donmnant and cedominant
trees(Chapter 4, this fieldbased descriptioof leading speciesvas used for accuracy
assessment purposes. In ENVI £8ntingency matricegere obtainedo determine the
overall accuracy, the pdoicerand useraccuracy, and the Kappa estimateng the 48
groundreference plots. The overall accuracy of each classified image is the sum of the
correctly classified points divided by the total number of points ass¢Ssegalton &
Green, 2009 Individual class accuraciegearepresented by the producaccuracy
(errors of omission) and usaccuracy(errors of commission). The Kappaeasurdas an
estimate derived through Kappa analyf@ohen, 196)) which is a measure of the
proportional improvement by the image classifier over a purely random assignment of
pixels to clases(Congalton & Green, 2009 The Kappa estimates recognized as a
powerful accuracy measyrbecawse it takes nowliagonal elements of theontingency
matrix into account and addresses firebability of chance agreemerit can be used
along with its variance to compare the accuracy of two classified images and determines
if the contingency matricesre significantly different at a particular confidence level
(CL) using the standard normal deviate.g., 95% CL; Z-critical vdue = 1.96;
Congalton & Green, 2009To determine whether differences existed betweesge
endmember selection criteyithe accuracy estimates were compared at a global level
(i.e., all 48 groundreference plots combined) arfior plots grouped by cromw closure
using ground observations of crown closure and range definitions from the Alberta

Vegetation InventoryTable B).
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Tablel8: Crown closure classes of the Alberta Vegetation Inventory.

Crown Closure (%) Standcallclass Author sé |1 nt e
6-30 A Very open forest
31-50 B Open forest
51-70 C Medium dense forest
71-100 D Dense forest

Source:Alberta Sustainable Resource Development (2005

5.3.Results

5.3.1. Field Inventory Data

A total of 48 fieldinventory plots were established in both compositionally pure
(> 80 % abundance of one species) and mixed stands to take into account the
heterogeneity of the forests in the study area (Table 9). The plotsadfestide range
of stand structural characteristics common in the region. The majority were established in
very open (n = 14) to open stands (n = 27) with crown closure estimates ranging between
16 % and 61 % (mean = 35 %). The average stand height was 12 ra,raittpe between
6 m and 21 m. Stem density estimates also indicated that the field inventory plots were
selected over a wide variety of stands, ranging between 875 stems/ha and 3,600 stems/ha.

Candidate endmember spectra were chosen using forest inwaritomationby
either basahrea or crowstlosure criteria, and captured the range of compositional and
stand structure characteristics for both pure and mixed s(@abte 19). Thedndscape
heterogeneityas to a certain degree less represented difitfhestCCspectral library
because plots were selected by highest crown closure estimates within each species group
(pure and mixed), regardless of composition. For exampld3dbalareaspectral library
represented mixed jack pine stands by both a Rjsaetra and 8jSb spectrawhile the

HighestCCspectral library contained two PjSw plots for this species class.
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Tablel9: Selected plots for image endmember spectra.

By basalare Bas al'ar e a By crown closurdi Hi g@@d t
Species  Plot Species Crown Stand Stem Plot Species Crown Stand Stem
ID Composition closure height density ID Composition closure height density
60 PjoSwy 27 12 1850 74 PjsShy 42 13 2200
64 Pjio 34 15 1700 77 PjsShy 38 13 2000
Jack pine 84 Pjio 34 14 1375 25 PjsSwy 40 9 2750
26 Pj.Sh; 39 8 3550 91 Pj:Sws 45 12 2325
91 Pj;Swy 45 12 2325
03 Swyg 56 16 2525 01 SWeA 60 15 2875
White 90 Swig 44 21 1275 48 Swyg 61 18 2075

spruce 52 SwsShy 23 10 1825 59 SwgSh, 32 11 1575
54 SwgShy 22 9 1375 88 SweShy 33 17 875

51 Shig 16 8 1025 55 ShPj; 27 9 1700
Black 55 ShyPj; 27 9 1700 73 ShylLa; 24 8 2450
spruce 70 ShiPj, 28 7 2825 71 Sb/Pj; 32 10 1650
75  SbPj;Sw, 38 9 2700 75 SbPj;Sw, 38 9 2700

89 AeSWsPj; 53 18 1825 89  AgSwsPj; 53 18 1825
Aspen Image n/a n/a n/a n/a n/a n/a n/a n/a n/a
Image n/a n/a n/a n/a n/a n/a n/a n/a n/a

1Species composition by relative fraction of total basal area of the dominant trees above stand height, Stand
height in metres, Crown closure in pentages, and stem density in stems per hectare.

5.3.2. Classification Accuracies for July Imagery

Classification accuracies were relatively low, with overall accuracies ranging
betweend4 % and 52%, and Kappaanging from 0.240 0.29(Table 20. The results
achievedusingsingledateimage endmembergeresimilar to the results obtained using
reference endmembers acquiredh a spectroradiometefi.e., 52 % accuracy)This
suggests thaandmember spectral impuritipes noinfluence the discrimination between
tree speciesand that the image spectral endmembers identified using forest inventory
information were viable alternatives to reference endmembers collected in the field
Together the low accuracies achieveghlight the considerable challenges to whilca
leading species can be identified in northern boreal forests using either fieldareféec

or imagederivedendmembespectra.

When all 48 forest inventory plotgereincluded in the accuracy assessment, it

was evident thathere wereno considerde differences exisd in overall accuracy and

93



Kappa between the combinations of sunlit canopy and background spectral libraries
(Table 20. When individual class accuraciesere compared, the differences in
classification performance between different etypof sunlit canopy librariesvere
generally less than 1%. One notable differenogasthe 57% improvement in the user
accuracy of black spruce when tBasalareasunlit spectral libraryvasused instead of

the HighestCCspectral library(43 % versus 1006). In general, however, the results
indicatal that the criteria used to select candidate sunlit canopy spectral signvatuees

of minor influence to the overall classification accuracy. Except for the%60
improvement in useaccuracy of black spruce wh thePurestBgbackground spectral
library wasused instead of theowesCC library (40 % versus 100 %j}he influence of

candidate background spectral signatures to accuracy was minor.

Table20: Overall classification accuraciesd class accuracies (%) of July imagery per spectral
library combination.

Image endmember spectra

Basalarea + Basalarea + HighestCC + HighestCC + Field
Specied PurestBy > LowestCC* PurestBg” Lowest CC spectra
PA>  UA® PA  UA PA  UA PA  UA PA  UA
Jack pine 35 75 54 70 19 83 35 69 42 79
Black spruce 56 100 44 40 67 43 56 26 56 42
White spruce 67 31 50 50 75 35 67 57 75 47
Aspen 100 20 100 17 100 50 100 50 0 0
OA°® 48 52 44 48 52
Kappa 0.26 0.29 0.24 0.26 0.31

' Size ofvegetatiorclassesJack pine (n = 26), black spruce (n = 9), white spruce (n = 12), aspen (n = 1).
2 Refer to Tables 15 and 16 for spectral library descriptions.
3 OA: overall accuracy, PA: producer accuracy, UA: usmuracy.

Recognizing the influence of small sample sizedy aninor variatiors in overall
accuracyexistedamong the different combinations of spectral libraries for each crown

closure classalbeit that thesmall samplesizes precludany meaningful patterrt® be
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observed(Table 2). The HighestCCsunlit campy spectral library outperformeithe
Basalaredibrary for medium dense stands (+ 14 % improvement for both combinations),
while the latter library outperformetle former library for very open stands%wand14

% improvement). The field spectra perfathsimilarly for open and medium dense
stands, yet outperforad image endmemberpectra when very open stands were
unmixed. No patterns classification accuracwere observedamongspectral libraries
representing the understoriased ontiese resultsthe criteria used to selecandidate
spectra for the sunlit canopy and background endmembers of little influence to

classification accuracy

Table21: Overall accuracy (%) guped pe crown closure (July imagery).

Crown Image endmember spectra

closure  pasalarea+  Basalarea+  HighestCC+  HighestCC + ol

Class™ PurestBg® LowestCC® PurestBg® LowescC? Field spectra
A 57 50 43 43 71
B 41 56 37 48 41
C 57 43 71 57 57

! Crown closure classes: A: 6 %30 %, B: 31% to 50%, C: 51% to 70%. None of the ground inventory
plots had an estimated crown closure larger tha¥ {De, the D class).

2Sample size: A (n=14),B (n=27),C (n=7).

3 Refer to Tables 15 and 16rfspectral library descriptions.

5.3.3. Classification Accuracies for Multi-temporal Imagery

Multi-temporal imagerymprovedthe discriminatiorof vegetation classeamong
all spectral library combinatioressmulti-temporal imagery increasagectral differenes
among tree species (Figure 2(jowever, the improvementsn Kappa were only
significant at the 95% confidence level when thBasalareasunlit canopy spectral
library wasused (Table 2). Greater differences in classification accuracy exisinong
the spectral library combinations using the midimporal imagerywhereby on average

the Basalareasunlit canopy spectral library performdxtter than thédlighestCCsunlit
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canopy spectral library, and whereby tRarestBgspectral library outperformethe
LowestCC spectral library. Consequently, the best resweye achieved using the
Basalareasunlit canopy spectral library in combination with tRerestBgbackground
spectral library (overall accuracy: P8, Kappa 0.67). The considerable differendes
classification accuracgmong spectral library combinatioegggestdthat the criteria by
which candidate image endmembewereselecteddefinitely influencel the classification

accuracyof multi-temporal imagery.

[ Tuly
M Multi-temporal

40—

Overall accuracy (%)
[£]

2
T

Basalarea + PurestBG  Basalarea + LowestCC HighestCC + PurestBG HighestCC + LowestCC
Spectral library Combination

Figure20: Classification accuracies for July and mtigéimporal imagery.

Table22: Pairwise comparison of Kappa estimates of July and +tanttporal imagery.

. . Kappa
Spectral libraries Z-score
July imagery  Multi-temporal imagery
Basalarea + LovestCC 0.29 0.50 1.47
Basalarea + PurestBg 0.26 0.67 2.61°
HighestCC + PurestBg 0.24 0.47 1.41
HighestCC + LowestCC 0.26 0.32 0.39

" Significant at95-% confidence leve{Z-score > 1.96)

Similar patterns in terms of overall accuracy per crown céostlasswere
observed between the July and mtetnporal imagery(Tables 21 and 23 The
HighestCCsunlit canopy spectral librautperformedhe Basalarealibrary for medium
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dense stands (+ 14 % improvement RurestBgcombination, while the latteribrary
outperformedhe formerlibrary for very open stands (25 and31 % improvementand
open stands (7 % and 11 % improveme@tyen these larger differences amampgctral
libraries, it appearshat the criteria used to select image raethbersinfluenced tree
species classification®lthough he field spectra perfored the bestwhen very open
standswere unmixed, they achievkworse results than image spectral endmembers for
open and medium dense standikis again highlightedhat spectral impuritydid not

affectthe discrimination between tree species

Table23: Overall accuracy (%) grouped per crown closure (rtattiporal imagery).

Crown Image endmember spectra

closure  pasalarea+  Basalarea+  HighestCC+  HighestCC + .

Class™  purestBg® LowegCC*® PurestBg® LowesCC*® Field spectra
A 64 64 43 33 71
B 85 70 74 63 41
C 86 57 100 57 57

! Crown closure classes: A: 6 %30 %, B: 31% to 50%, C: 51% to 70%. None of the ground inventory
plots had an estimated crowlosure larger than 7 (i.e, the D class).

2Sample size: A (n=14),B (n=27),C (n=7).

3 Refer to Tables 15 and 16 for spectral library descriptions.

5.3.4. FitnessMetrics

The RMSEoutputof SMA is an indication of how well the modeled reflectance
mathes the measured reflectance of the pixete RMSEs achieved usirdyly image
endmembersvere similar among spectral library combinations, amdre comparable to
the RMSE obtained when field spectral measuremerts used for spectral unmixing
(e.g, both 0001 on average Figure 2). No discernible differences among spattr
library combinationsvereobserved for the average RMSE when all ple¢se grouped
together Considerable increases in RMSkere observedwhen the multtemporal

imagerywas unmixed, which average betweerD02 and 00025 of the measured pixel
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reflectance (Figure 21) Among the different combinations of spectral libraries,
combinations with thé?urestBgbackground spectral library dahe largest RMSE on
average.Based on these rnalss, spectral impurity did not influence the fitness of
unmixing, andthe criteria used to select candidatelmembespectraonly affected the

fithess of unmixing for the multiemporal imagery
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Figure2l: RMSE for July(4 band)and multitemporal imagery36 bands)

An analysis of band residuals of the muétmporal imagery indicated that
seasonal patterns SMA fitness occured within this datase(Figure 22) The band
residuals in Julywere much smaller than the residuals the other months as the
locations for optimal candidate image endmembers {he.forest inventory pks) were
entirely based on the Jullataset tanaintainthe same locations famage endmembers
It was also evident thatesiduals were predominarly positive earlier in the growing

season and negat later in the growing seasoA distinct patternof residualswas
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identified for the June 12dataset (positive VIS, negative NIBnd SWIR2 and

Septembeb dataset (negative VIS, positive N#d SWIR2, as well as in the SWIR1
band (positive in May and June, negative in August and Septenibés)suggests that
residualswere wavelength dependent amekre a result of phenological changes in the

sunlit canopy and understory.
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Figure22: Average band residuals of the four spectral library combinations for each image date
5.3.5. Distribution of Tree Species
Patterns of species distributiowere not similar among datasets and spectral
library combinations, with noticeable differenceetween the best July image
classification Figure 23a and the best multemporaimage classificationKigure 23b.
The July dataset was classified with an overall accuracy &6 8ad Kappaf 0.29 when
the Basalareasunlit canopy and.owestCCbackgroud spectral libraries were used
(Table 24 See Appendix 2 for other July matrizes distinct patternof aspenwas

observed, yeits low useraccuracyof 17 % suggestedhat this vegetation clasgsover
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represented. This can be further highlighted thnoagcomparison of its distribution in

the multitemporal classification. This dataset was classified with an overall accuracy of
79 % and a Kappaof 0.67 when theBasalareasunlit canopy andPurestBgspectral
libraries were usedTable 25 See Appendix3 for other multitemporal matrices.
Relative to the July imagery, the distribution of aspess much smallerand more

closelyagreed withlthevalidationdata (useaccuracy improveérom 17 %to 50%).

Moreover, substantial improvements in producer st accuracyereobserved
for jack pine (5%% to 77% and 70% to 87%, respectively), white spruce (50 to 83%
and 50% to 91%, respectively), and black spruce (%#to 78% and 40% to 58%,
respectively) in compadto the July imageryTables 24 ard 25. Whenthe distributions
of leading species between the mtdtnporal classification and the classification based
on field spectral measuremeni&dure 233 were comparedthe significantincreasesn
the producerccuracy of jack pined@ % to 77%) and black spruce (5% to 78%) as
well as the useaccuracy of white spruce (42 to 91%) wereworth noting(Tables 12
and 25. On the basis of these results, nitdtmporal image classifications are of definite

benefit in the discrimination among lead species in northern boreal forests.

For the multitemporal image classificatiorgonfusion between tree species
occurredmainly between jack pine and black sprydable 29. This confusionwas
expected given that upland black spruce and jack pite afccur on the same well
drained sites with reindeer lichen understories (Figure 18). Among the field plots
sampled for example, varying amounts of jack pine and black spruce was observed in 11

of the 26 jack pine dominant stands (Tabled® which 5stands were misclassified
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Figure23: Tree species distribution maps generated usirageand referencendmembergA)
July image endmembers, (B) mukmporal image endmembers, and (C) July reference
endmembers. A multispectr@uickBird image is provided for spatial reference (D).

Rt i X 9
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Table24: Contingency matrixf the best July image classification.

Map prediction Ground reference(# of stands)" Total User
Aspen Jack pine White spruce Blackspruce accuracy
Aspen 1 1 3 1 6 17 %
Jack pine 0 14 3 3 20 70 %
White spruce 0 5 6 1 12 50 %
Black spruce 0 6 0 4 10 40 %
Total 1 26 12 9 48
Producelaccuracy 100 % 54 % 50 % 44 %
Overall accuracy = (25/48) 32

Kappa = 0.29

" The leading spees was identified per fraction of total basal arethefdominant/calominant trees

Table25: Contingency matriof the best multtemporal image classification.

Map prediction Ground reference(# of stands)" Total User
Aspen Jack pine White spruce Blackspruce accuracy
Aspen 1 0 1 0 2 50 %
Jack pine 0 20 1 2 23 87 %
White spruce 0 1 10 0 11 91 %
Black spruce 0 5 0 7 12 58 %
Total 1 26 12 9 48
Producelaccuracy 100 % 77 % 83 % 78 %
Overall accuracy = (38/48) %%

Kappa = 0.67

* The leading species was identified per fraction of total basal atha dbminant/calominant trees

5.4.Discussion

Three advancements were reported in this study. This study represented one of the

first documented cases of trepedes classification using medium spatial resolution

imagery in a northern boreal forest context. Second, impure, yet meaningful image

endmember spectra selected through forest inventory informatoaocompared with

pure reference endmember spectra forpirapthe leading species using spectral mixture

analysis. Third, the benefits of mutemporal imagery were assessed.
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5.4.1. Impure Image Endmember Spectra for Classification Rrposes

Becauseof the structural and compositional heterogeneity of northernabore
forests,EEAswhich automatically selegurestimage endmembers of the sunlit canopy
and background component are of limited use species discriminatiogiven that the
assumptions of object and spectral purity cannot be met. Nevertheless, this study
highlights that positive classification results can be obtained whgourity in
representative sunlit canopy and background spectra is acapiethen meaningful
endmember selection criteria are used based priori knowledge. There is a need to
improve descriptions of the physical meaning of endmembers derived by methictis
do not assumeixel purity (Plaza et al., 2092 which forest inventory information can
provide. Because of the simmiges in classification accuracyand unmixing fitness
betweenimage endmembers amdferenceendmembersthis study indicatedhat non
pure but meaningful endmember spectraan be appropriateeven when fieldbased
measurements of reflectance are mofilable Although phenology, kilirectional
reflectance, and solar zenith angles limit the portability soiglescene image
endrmembers between different imegy(Dennison & Roberts, 200Bathey are more
easily obtained and unlike refereneedmembers, are selected at the same scale and

atmospheric conditions as tmagery(Drake et al., 1999

5.4.2. Multi-temporal Imagery

Challenges regarding the similarity of reflectance spectra of differing tree species
and the large intrapecies variation in reflectance spectra often limit the capabilities of
mediumspatial resolution sensors for discriminating agdeading tree speci€3reitz

& Howarth, 1999 Cochrane, 2000 As a result, remote sensing approaches conducted
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within the North American boreal zone hawe average achievezhly moderate success

in approximating the information derived through ground mteges or aerial photo
interpretation(Tables 3, 4, and 5)magery acquired at key phenological periods can
reduce spectral similarity among tree species, and when combined, could exploit
phenological differences among tree species. In this study, -teoiporal imagery
significantly improved the discrimination of leading species in northern boreal zones and
reached a similar classification accuracy as achieve8ragklin (1994, Wolter et al.
(1995, andPeddle et al. (2004n other boreal forest settingsven though Landsat TM

has a limited spectral and spatial resolution relative to hyperspectral imagery, spectral
mixture analysis and muitemporal imagery could partially compensate for these
limitations. For resource mapping purposes, the rbeitiporal image classification
corresponded better to groureference data than the black/white aerial photo
interpretation for leading species (GNWT Forest Management Division) with significant
improvements at the 9% confidence level when all 48 plots were dadesed (79 %
versus 56 %; &core = 2.01) as well as for a compositionally pure subset of plots at the
90-% confidence level (85 % versus 64 %ss@re = 1.65). Much more detailed
information about forest stands are collected through an aerial photaetaégn (e.g.,

the relative abundance trieespecies to the nearest 10 percéeight, moisture regime)

and, therefore, muliemporal image classifications such as described in this study could
supplement but not replace inventory approaches for apesaforest management. For
example, the information produced in this study could function as a stratification tool to
aid forest inventories, highlight areas of interest, and provide opportunities to refine

predictive models of specific stand parame(sensu Gerylo et al., 2002
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5.4.3. Importance of Background Endmember Spectra

The best spectral library of the background compoocentained spectra acquired
just outside of forest cover. Even though they may not be representative of the understory
species typical of northern boreal forests (e.g., reindeer lichen), they are of value in the
spectral mixture analysis approadro differentiate between different vegetation types
using MESMA studiestypically analyzethe performance ofwo-endmember maals
whereby ondorestvegetation class endmember is combined with a shade endmember
(Dennison & Roberts, 2003&chaaf et al., 201Youngentob et al., 20)1For example,
Roberts et al. (199%chievedencouraging yeéinecdotakesults for mapping dominant
vegetation types in the Canadian boreal forest usingceetsmember maa. Two-
endmember modeglareprimarily used because of difficulties with theachcterization of
the understory, whereby is assumed that the combined sunlit canopy amderstory
components are spectraltyssimilar amondeading species class Some exploration
between tweendmember models and threedmember models ag undertalen in this
study, and highlighted that for the multi-temporal datan this study, tweendmenber
models underperform inoveral classification accuracy, Kappand RMSE (not shown)
in comparison to the most accurdteeeendmemberclassification(Figure 24. These
resultsemphasize the necessitylmckgroundspectra to criminate among tree species,
and that threendmember model®uld improve classification results in areas where the

understory component increassnfusion among tree specigsg., Cho et al., 20)0
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Figure24: Classification accuracies of twand threeendmember models.

5.4.4. Challenges

In the examination of unmixing fitness, it was eviddvatband residuals in July
were much smaller than the residuals in the other monthss was likely becausehe
locations for optimal candidate image endmembers were entirely basecde ahulyh
datasetin order to make meaningful comparisons with the mtahiporal dataset.
Positive and negare band residuals occurreghrly and late in the growing season,
respectively, andhighlightedthat the best model fit had a reflectance higher/lower than
the measured reflectance. These differerzaes beattributed © temporal changes in
reflectance of the sunlit canopy and background components, of which the latter is
spectrally brighter than the former and dominates theanadi signals received by

mediumspatial resolution sensoi8ubier et al., 1997 Gerylo et al., 2002 Within
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mature coniferous stands, the amount of photosynthetic active radiation and simple ratio
(SR=red / neaiinfrared) of the background component steadily decreases throughout the
growing season as a result of canopy development and foliar display early in the growing
season and decreasing solar angle later in the growing s@Rsss et al., 1996 As
reported byMiller et al. (1997, seasonal phenology can be characterized by decreasing
reflectance in the visible spectrum and increasing reflectamcthe nearinfrared
wavelengths, which closely resembles the patterns of band resmfutile June and
Sepember imagery (lGure 18. As well, the positive residuals in the SWIR1 band early

in the growing seasowere most likely a result of understory development where the
foliage, due b its water contentabsorls radiance in the shoewave infraredportion of

the electromagnetic spectrurfCarter, 1991 Gemmell et al., 2001 When these
phenological changes are taken into account during thenigption process of the
candidate image endmembers, smaller band residuals would be expected for the multi
temporal imagery, which could consequently leashtoementaimprovemens in RMSE

and ultimately classification accuracy.

Within MESMA all spectal bands are weighted equally during model inversion,
and as a result, the estimated cover fractions are mainly influenced by the high
reflectance values which dominate the refnared spectrumThe visible spectrum,
which have showedo be of great imprtancefor discriminatingamong coniferous
speciegPeddle & Franklin, 1991lvan Aardt & Wynne, 2007Dalponte et al., 20)3is
thereforeof little influence in the image classification approacA band weighting
scheme magmphasize differences in reflectance at wavelengths that are characterized

with low reflected energgSomers et al., 2009bAn alternative to this solution would be
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the creation of an integrated tirseries spectral imagthat captures the seasonal
phenology per @ectral region in the most responsive montihich subsequently

maximizes the spectral separability between tree spgiesers & Asner, 2012

5.5. Conclusion

Northern boreal forests are characterized by open stands whereby understory
ground vegetation and shadows are significantrdautors to pixereflectanceln these
forest settings, an accurate characterization of the sunlit canogybackground
component is required for accurate modelling of the pixel reflectance through SMA, yet
this is difficult to achieveif field-based pectral measurements are not available.
Alternatively, he detection of imagderived endmembers is challenging because the
canopy layer prohibits pure reflectance measurements from the understory vegetation to

be madeand \ce versa.

This study highlghted that satisfactoryclassification results of leading species
canbe obtainedhrough the use of negpure, but meaningful image endmember spectra.
It was demonstrated that variability owing to surface heterogeneity can be tolerated, and
may in fact bedesirable in terms of providing SMA inputs that are more representative
over larger areag\lthough no clear differences in overall accur&eyo0 %) and Kappa
(= 0.30)were observed between reference and integeved endmembers for singlate
imagery, the improvements for multemporal imagery were significartt the 95%
confidence leve(overall accuracy = 7%, Kappa= 0.67). The criteria by which image
endmembers of the sunlit canopy and background components were saféatistl
considerablyhe classification accuracgnd unmixing fitness famulti-temporal imagery.

The sunlit canopy endmember was best describexligh a basadrea purity criterion
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whereby the compositional diversity of forest stands mastaccounted for, whereas
spectra obtaied outside of the forest canopy best approximated the background
endmember. These imagdased endmember spectral protocols become viable
alternatives when fieltbased measurements of reflectance are not avaikadeit was
shown that these outperforméeld-based spectral endmembers when rtatlporal
imagery was usedn conclusion, imagelerived spectral endmembers are suitable for
leading treespecies classifications in these northern boreal forestg Landsat TM
imagery, and imagery acquired d¢lighout the growing season increased classification
accuracies significantly to the extent that the information product is relevant to

operational forest management.
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CHAPTER 6
Discussion

This thesisdescribed a study of mapping the leadingcsg®e in an area
representative of northern boreal forests, and investigated four aspects relevant to obtain
this information through remote sensing: 1) the sensitivity of Landsatinidgeryto
field-based descriptions tiie leading species, 2) performanliferences between field
based training spectra and spectra derived from the image 8séile method used to
obtain these representative field spectra (e.g., dominant understory species or an mixed
understory spectra) and image spectra (e.g., by-basa based species composition or
by crown closure)and 4) the benefits of using mu#éimporal imagery collected at
various stageshroughoutthe growing periodThe basis for thesmvestigations was a
literature reviewwhich provided an overview dhe potential and limitations of remote

sensing to deriveree speciesnformationwithin a northern boreal forest context.

6.1.Key Findings

This study indicated thatandsat TM imagery is most sensitive to the indicator of
leading species per fraction oftab basal area of the dominant/dominanttrees and
that this observation is consistent among crown closure rahgessensitivity of image
classifications to fielbased descriptions of leading species is typically not assessed
remote sensing studielue to general lackf multiple validation datasets. However, it is
important to understand this sensitivity for operational forest management as it
encourages relevance of the generated information préatugtofessional foresters and
promotes the imtgration of this information in existing forest inventory databases. For

example, he findings of this study indicadlehat the Landsat TM image classification
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labels the leading species of a forest staodsistent withforest inventories for
operationafforest managemenin the Northwest Territories thafocus on the
dominant/cedominant trees in a star(@overnment of Northwest Territories, 2006a
Landsat TM also showedstrong agreemenwith the ocular calls of the overstory, which
therefore can be used to identify the leading species when field measures of basal area
and heightare not available due to time and budget limitations. However, it was shown
thatsome differenceexist between the two validation datasetshighly mixed stands

and that Landsat TNE more sensitive to the leading species identified by quantitative
measurements of basal area than by qualitative measuramémse cased his finding

was expedd as ocular calls generally have an acceptable range of species composition
of 85 % of the composition correctly identifif@overnment of Northwest Territories,
20063. This indicates that a hybrid validation dataset, consisting of spedmsniation
derived through basareagroundmeasurement®r highly mixed standand ocular calls

for relatively pure stands, coulde formulated to increase the number of validation

sampésand improvehe confidence in théerivedinformation product.

For field-based spectra of the background component, this study indtbatekle
highestsimilarities with grouneteference data were obtained when the heterogeneity of
the understory wa approximated through the calculation of a weighted average of
individual spectra at the stand levikhowledge of understory compositions and relative
abundances lead to a better characterization of the spectral response of the background
endmembe with higher classification accuracies as a result. Bectdngseomposition of
the understory in different forest types should be simii#tnin ecologically similar units,

general associations between the overstory of a stand and understory compositions can be
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made (e.g., Beckingham & Archibald, 1996Ecosystem Classification Group, 2007
Therefae large, a regionally representativepsctral librarycould be developethrough
expert knowledgehat containweighted spectraf slightly different compositions and
relative abundanceSuchlibrariescould more easily accommodatee complexity of the
understory fairegional scales, and aless complicated to develop than the acquisition of

new field spectra

As a resultof time, budgetsite accessand datachallenges, theisefulness of
reflectancedata collected with a spectroradiometetimited for mappinglarge, remote
forests in the Northwest Territories. Therefore, investigations with regards to the
performance of image spectra selected using forest inventory information were
conducted. Although these spectra are not pure due to theneatdf the forest canopy,
results indicate that impurity in representative sunlit canopy and background image
endmemberss tolerated foteadingspecies discriminatiol.hese endmember spectra are
appropriate when fiebased measurementd oeflectance arenot available, and
outperformthe latterwhen multitemporal imagery was useldowever, forest inventory
plots are required to identify optimal spectra for image classificaB@mtause the
availability of such forest inventory data typically greater tn grounereflectance data,
the need for forest inventory information is not necessarily a limiting factor, especially
when only one or two pixels are required to characterize the image endmember spectra
for each species clasBne criteria to select repentative image endmember spectra only
influenced the classification performance of mtétnporal imagery The best results
were achieved whethe representative suntianopy spectra of pure stands weetected

using abasal area purity measure (>-@bhabundance), andepresentativespectra of
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mixed stands wereelected in a way that included highly mixed stands irrespective of
crown closureAs the bestunderstory spectral library contauhspectra collected just
outside forest stands using higksoluton QuickBird imagery as a visual aidl suggests

that image endmembers of the background component should not be affected by the
sunlit canopy.When highspatial resolution imagery is not available Google Earth
(Google Inc.)couldpotentiallybe usedBecausghreeendmember modelsunlit canopy

+ background + shademprovel classification resultover twoendmember models

(vegetation componér shade), the importance lodickground spectra wasnphasized

6.2. Future Research

This work presents incremeiadvancesowardsthe overaligoal of a partnership
between Natural Resources Candad@&anadian Forest Service (NRCERS) and the
Government of the Northwest Territories (GNWT) to meet informatieedsregarding
forest structure, stand volume, and adgound biomasgHall et al., 2012 The
objectiveof the partnershijs to develop a muksensor remote sensing inventory system
within the framework of EOSD (Earth Observation for Sustainable Development of
Forest) land cover maps, and integrate thevddrinformation with the GNWTorest
inventory into a combined Multisirce Vegetationlnventory (MV 1) in vector polygon
format.EOSDcharacterizeforest cover in coniferous, deciduous, and mixed claseds, a

amore specific characterization of tree spsagedesiredor polygon labelling.

This study needs to be repeated across a broad range of northern boreal forests
(e.g., Fort Simpson, Fort Liard, Hay River) to increase confidence in the results and
observations made in this study. Within the studsaaof this research, the rasbersed

leading species classification needs toirdegrated into the existing MV Within the
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existing MVI polygons, the leading species pixels should be enumerated to generate a
species composition label for each polygohe3e labels should be evaluated against

independent field information to assessisistency among forest inventory methods.

To extend the work undertaken in this research, Landsat TM imasmfidations
are required amuchlargergeographic extestto meet the objective of the NRG&FS
and GNWT partnershife.g., the southern most productiveefstis span more than 90,000
km”2; Hall et al., 201 Due to the frequency of cloud cover at high latitufeses et
al.,, 2003, it was difficult to obtain cloudree imagery that captured the phenological
stages of the forests anldat wereappropriate with respect to the timing of the forest
inventory data (2005 + 1 yearTherefore an assessment to find those phegicial
stagesand image bandihat maximize the spectral separability between tree species is a
worthy investigatione.g., Somers & Asner, 20L2Such data reduction facilitates easier
dataretrieval (i.e., less imagergeeded to achieve similatassifcation results), pre
processing (e.g., atmospheric correction, image normalization) and faster spedtred
analysis Whenthese optimal phenological stages are known, image mosaics are required
that span the study area of the NR@HS and GNWT partrship. These can be
generated through a Landsat TM normalization to MOM8derate Resolution Imaging
Spectroradiometgrimagery (Hall et al., 2012 Once availablethe MESMA approach
highlighted in thisstudy can be usedo derive the leading specieserarger areas
Becausespectral weighingf image bands caamphasize differences in reflectance at
visible and shortwavenfrared wavelengthgSomers et al., 2009bit is worthwhike to
investigate whether spectral differences between coniferous tree species can be increased

to improve themage classifiation results reported in this study
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CHAPTER 7
Conclusions

There is aneed for accurate information on the spatial distributtmmposition,
structure, and processesf forests. However, nformation regarding the spatial
distribution of tree specias prohibitively expensiveand a challenge to obtaaver large,
remote forests, such as the northern boreal forests in the Northevegtries. Although
an inventory approach based on remote sensing may be used to supplement current forest
inventory data, the capabilities efichapproaches to map the leading species of forest
stands are unknown due to the absence of studies inréggsas.A challenge is that the
approach by which the leading species is determined differs among jurisdictions and in
the scientific literature, and it is not known whether imagery is sensitive to how species
composition is characterized the field Because the spectral response from these types
of forests are noticeably mixecdh 30-m Landsat TM images, an image classification
based on Spectral Mixture Analysisay be a viable approacho identify the leading
species using representative spectra of ipghilg meaningful components (je.
endmembers). Ae objectives of this thesis wete improvethe understanding of the
extent Landsat TM could be related to fibldsed descriptions of leading species, and
determine whether differences in classificati@nfprmanceexistbetween: 1) fielebased
and imagederived endmember spectra,eZ)dmember selection methods based on forest

inventory informationand 3) singladate and multtemporal imagery.

Interpretation oflie resultssuggestdthat Landsat TM imgery is most sensitive
to the indicator of leading species per fraction of total basal ardaeadominant/co

dominant treesand that this observation is consistent among crown closure ramges.
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finding is relevant as it indicates compliancefa@acestinventories for operationdbrest
management in the Northwest Territorieich also focus on theominant/cedominant
trees With regards to the use of field spectra for classification purpokedyighest
similarities with grounereference data werebtained when the heterogeneity of the
understory waspproximatedhrough the calculation of a weighted average of indiaid
spectraandwherdy individual cover fractions were knowiherefore,good knowledge
of the understory leads to a better charaagion of the spectral response of the

backgrouncendmember and thereby improved classification results.

This study also highlighted thaatisfactoryclassification results can be obtained
when impurity in representative sunlit canopy and backgroimdge endmembers is
accepted and when meaningful endmember selection criteria are selected biasest on
inventory informationTheseimageendmember spectra are appropriate when-bekkd
measurements of reflectance are not available, and can outpéni® latter using muki
temporal imagery. Although previous studlesve classifiedleading speciesising twe
endmember modelghis study emphasizes the need doseparatdackground spectra
componento improve the discrimination of tree speciasopen canopy forestdn this
study, he image classification obtainedith the MESMA approactare encouraging
(overall accuracy = 7%) and highlights its applicability for other areas in northern
boreal forests.To use the generated information product foperational forest
managementhe rastetbasedimage classification requires integtion into the existing
Multisource Vegetation Inventory (a NRCaCFS and GNWT partnership) and

subsequent validiain at the vector polygon level before expanding the nmgpgrea.
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APPENDIX 1:Contingency matrice€hapter 4
Ocular AVICall indicatorusedas grouneteference data

Single pectral library

Ground reference (# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 8 2 3 13
Black spruce 0 9 2 3 14
White spruce 0 8 5 3 16
Total 0 25 9 9 43
Overall acuracy = (13/43) 306
Kappa= -0.03
Integrated spectral library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 11 1 4 16
Black spruce 0 8 4 6 18
White spruce 0 7 2 1 10
Total 0 26 7 11 44
Overall accuracy =16/44) 36%
Kappa = 0.04
Weighted spectral library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 10 1 3 14
Black spruce 0 7 4 1 12
White spruce 0 9 5 5 19
Total 0 26 10 9 45
Overall accuracy = (19/45P4%
Kappa = 0.15

Note: the number of total plots used in the determination of classification acewasdgpendent

on the number of species included in the reference dataset. If a spagest included in the

reference dataset (e.g. aspen)waslabelled in the classification image, ENVI £#®ntingency

matrix function onlyassessethe plots thabelong to thespeciesnstead of assessing theis-
labelledplotsas fAUncl assi fi edo. Chiapier 4wareadjusted accoriaglyp o st e c
andwerebased on a 48 plot sample size. This appendix reflects the original accuracies.
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All treesindicatorusedas grounerefererce data

Single spectral library

Ground reference (# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 2 1 1 5
Jack pine 0 6 5 2 13
Black spruce 0 6 5 3 14
White spruce 0 5 6 5 16
Total 1 19 17 11 48
Overall accuracy = (17/48) 2
Kappa= 0.09
Integrated spectral library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 3 1 4
Jack pine 1 6 7 2 16
Black spruce 0 7 4 7 18
White spruce 0 6 3 1 10
Total 1 19 17 11 48
Overall accuracy = (11/48) 23
Kappa =-0.12
Weighted spectral library

Ground reference(# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 2 0 1 3
Jack pine 1 4 7 2 14
Black spruce 0 6 5 1 12
White spruce 0 7 5 7 19
Total 1 19 17 11 48
Overall accuracy =16/48) 33 %
Kappa = 05
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Dominant/Codominantindicatorusedas grouneeferencedata

Single spectral li@ry

Ground reference (# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 2 2 0 5
Jack pine 0 10 1 2 13
Black spruce 0 6 6 4 16
White spruce 0 8 3 3 14
Total 1 26 12 9 48
Overall accuracy = (@48)42 %
Kappa= 0.18
Integrated spectral library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 1 1 2 4
Jack pine 1 10 1 4 16
Black spruce 0 7 3 0 10
White spruce 0 8 7 3 18
Total 1 26 12 9 48
Overall accuracy = (16/48) 33 %
Kappa = 0.04
Weighted spectral library

Ground reference(# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 2 0 1 3
Jack pine 1 11 1 1 14
Black spruce 0 6 5 1 12
White spruce 0 7 3 9 19
Total 1 26 9 12 48
Overall accuracy = (25/48) 52 %
Kappa = 0.31
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GNWT Photandicatorusedas grouneteference data

Single spectral library

Ground reference (# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 3 7 2 12
Black spruce 0 4 7 2 13
White spruce 0 3 10 2 15
Total 0 10 24 6 40
Overall accuracy =12/40) 30%
Kappa=-0.04
Integrated spectral library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 2 11 1 14
Black spruce 0 7 5 5 17
White spruce 0 2 7 0 9
Total 0 11 23 6 40
Overall accuracy = (7/40) 17%
Kappa =-0.32
Weighted spectral library

Ground reference(# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 0 0 0 0 0
Jack pine 0 2 10 1 13
Black spruce 0 2 9 0 11
White spruce 0 6 7 4 17
Total 0 10 26 5 41

Overall accuracy = (15/41) 3%
Kappa = 0.10
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APPENDIX 2:Contingency matrice€hapter §July imagery)

Basalarea sunlit canopy library + PurestBg background library

Ground reference(# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 1 2 1 5
Jack pine 0 9 2 1 12
Black spruce 0 16 8 2 26
White spruce 0 0 0 5 5
Total 0 26 12 9 48
Overall accuracy = (23/48) 48 %
Kappa = 0.26
Basalarea sunlit canopy library + LowestCC background library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 1 3 1 6
Jack pine 0 14 3 3 20
Black spruce 0 5 6 1 12
White spruce 0 6 0 4 10
Total 1 26 12 9 48
Overall accuracy = (25/48) 52 %
Kappa = 0.29
HighestCC sunlit canopy library + PurestBg background library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White sprue Total
Unclassified 0 0 0 0 0
Aspen 1 0 1 0 2
Jack pine 0 5 1 0 6
Black spruce 0 14 9 3 26
White spruce 0 7 1 6 14
Total 1 26 12 9 48
Overall accuracy = (21/48) 44 %
Kappa = 0.24
HighestCC sunlit canopy library + LowestCC background library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 0 1 0 2
Jack pine 0 9 2 2 13
Black spruce 0 4 8 2 14
White spruce 0 13 1 5 19
Total 1 26 12 9 48
Overall accuracy = (238) 48 %
Kappa = 0.26
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APPENDIX 3:Contingency matrice€hapter §Multi-temporal imagery)

Basalarea sunlit canopy library + PurestBg background library

Ground reference (# of stands)

Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 0 1 0 2
Jack pine 0 20 1 2 23
Black spruce 0 1 10 0 11
White spruce 0 5 0 7 12
Total 1 26 12 9 48
Overall accuracy = (38/48) 79 %
Kappa = 0.67
Basalarea sunlit canopy library + LowestCC background library

Ground reference(# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 0 3 0 4
Jack pine 0 16 1 2 19
Black spruce 0 5 8 0 13
White spruce 0 5 0 7 12
Total 1 26 12 9 48
Overall accuracy = (32/48) 6%
Kappa = 0.50
HighestCC sunlit canopy library + PurestBg background library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 0 0 0 1
Jack pine 0 17 4 2 23
Black spruce 0 2 7 0 9
White spruce 0 7 1 7 15
Total 1 26 12 9 48
Overall accuracy = (32/48) 67 %
Kappa = 0.48
HighestCC sunlit canopy library + LowestCC background library

Ground reference (# of stands)
Map prediction  Aspen Jack pine Black spruce  White spruce Total
Unclassified 0 0 0 0 0
Aspen 1 0 3 2 6
Jack pine 0 12 1 2 15
Black spruce 0 5 7 0 12
White spruce 0 9 1 5 15
Total 1 26 12 9 48
Overall accuracy = (25/48) 52 %
Kappa = 0.32
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