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Abstract

Lightning-caused forest fires are one of the major natural disturbances in Ontario managed boreal
forests. Survival of these forests with fifes centuries Bows that such disturbances are integral to
theborealecosystem andstecological functioning. Characterizing the fire regimes defiyefite

ignition frequency, fire sizes and their spatial distribution patterns etc. thus can help to improve our
undersanding of the boreal forest dynamics gmdvide guidance famanagement practices

attempting to maintain biodiversity and achieve sustainability.

In this thesis the lightnirgaused fire ignitions data for four ecoregions in Ontario managed boreal
foress (3E, 3W, 3S and 4S) for 1962D09 were analyzed using pattern analysis and density
estimation to determine the spatial nature of fire ignitions. These fire ignition spatial patterns were
further usedasweightedignition scenaripto simulate forest f& regimain the study aredrire
regimes were also simulated using spatiafiyveightedgnitions (unweightedgnition scenario).
Non-spatial(total number of fires, total burn area, number of fires by size classes, annual burn
fraction)and spatia(spatal burn probability)ndicatorsof the simulated fire regim&under both
ignition scenarios were compared to test the null hypothesis that modeled forest fire regime is not
affected by the spatial patterns of input fire ignitiohis data analysis werperformedfor individual
ecoregions Spati al pattern of ignitions were analyze
K-function. Ignition densities were estimated using the adaptive kernel density estimetii@dand
thefire regimes were simuled using BFOLDS (Boreal Forests Landscape Dynamics Simulator).

Results shoedthat lightningcaused fire ignitions are clustered in all ecoregions.igiriéon
density also varspatially within ecoregions. Overall fiignition densitywashighestin the
northwestern ecoregion (4S) and lowest in the eastern ecoregiom(B&) correspondto the
combined gradient of effective humidity and temperature in Ontapioeach ecoregion, comparison
of nonspatialsimulated fire regimendicators showd statistically non-significant differences
betweenunweightecandweightedignitions. The spatial burn probabilityowevercaptured clear
spatial differences betweemweightedandweightedignitions. Spatial dfferences in spatial burn
probability betweendith ignition scenarios were mgpeominentin ecoregions of high fire
occurrenceResults of theveightedignition scenario closely followed the spatial patternshef

estimatedire ignition density in the study area. Based orsénesults thighesisrejects the null



hypothesis and emphasizes that ignition patterns must be considered in simulating firénregime

Ontario boreal forests
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Chapter 1

l ntroducti on

This introduction provides the necessary background information abageldeo understand boreal
forest fire regimes anklow lightning-causedgnitions spatialpoint patternscould be used to improve
how they are modele&ectionl.1reviewsthenatural disturbance emulation concept in forest
management with particular emphasisnenagedoreal forestén Ontario, Canaddn Sectionl.2

the role of fires in Ontario boreal forests is discussed. Setidpresenta brief discussion about
fire regime characterization methods and their limitatiGusther discussion explains the scope of
simuation modeling in characterizing forest fire regimes. In Sectidfire ignition and spread in

fire models is discusseth Sectionl.5the need to investigate the fire ignition spatial pattans
their subsequent use in fire rege®mulations igeviewed In Sectionl.6the research aim,
hypothesis and objectives are stated. Firgtycture of the thesis is describediectionl.7

1.1 The Need to Emulate Natural Disturbance in Forest Management

Boreal pbrestyFigurel.1) haveplayed gp i vot al role in Canadads econom
landscape for several centuries (Drushka, 2003; Johnston etOdl), 2ibicethe 1940s these forests

have been increasingly managed for sustained yield and to meet the increasing demand for timber.

This managemerstrategy, whichiocused on harvesting commercially valuable species and effective

wildfire suppression (Gahier et al., 2009has significantly changetiese forests (Kimmins, 2004).

Compared to naturally burnt forestsanaged boreal forests now have less diversity irckgs

distribution (Franklin, 1993; Long, 2003), atittyare more prone to catastropfires due to

accumul ated forest fire fuel as a result of 1 ogc
Avalos et al., 2001; Flannigan et al., 2009). The rawfess exclusive focus quulp and lumber

production also overlooked other ecologipaicesses including biodiversity conservation that are

necessary for ecosystem resilience and sustained forest productivity (Chapin et al., 1997; Schwartz et

al., 2000; Seymour & Hunter, 1999). To address these concerns, the concepts of ecosystem

sustainality based forest management (Leopold et al., 19@®)ed inpopularity duringhe 1980s

(Hunter, 1990; Long, 2009). Among thesteategiess theEmulating Natural Disturbancepproach

(hereafter calle@END), which focuses on natural disturbances dsenent ecological processes



responsible for shaping and sustaining natural forest landscape (Attiwill, 1994; White & Pickett,
1985).
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Figure 1.1 The geographic extend of boreal forests and other forest typ@s Canada (Source:
The Atlas of Canadahttp://atlas.nrcan.gc.caj.

According to Seymour & Huntéd999 preserving natural forest landscapes and their attributes is
the bestvayto maintain biodiversity and ecolicgl processes. END has therefore gained
considerable popularity arisla prominent godior Canadan boreal forestto reproduce the main
attributes of natural landscape (Bergeron et al., 2007; Krawchuk & Cumming, 2009).

According to Perera & Buse (2002t4) ENDis an approach in which forest managers develop
and apply specific management strategies and practices, at appropriate spatial and temporal scales,
with the goal of producing forest ecosystems as structurally and functionally similar as passible t
the ecosystems that would result from natural disturbances, and that incorporate the spatial,

temporal, and random variability intrinsic to natural systems.
2


http://atlas.nrcan.gc.ca/

The17.1% of Canadian boreal foresitat isin Ontarioextend between the northern limits ofeh
Great Lake St. Lawrence forests to the Hudson Bay lowlands. Ghetotal 50 million ha of boreal
forestsin Ontario,49% areactivelymanagedOMNR, 201(). Figurel1.2 shows the distribution of
these managed boreal forestahie provinceln OntarioEND became a legislated management
strategywith enactment ofhe Ontario Crown Forest Sustainability Act 1994 (Statutes of Ontario,
1995, c.25, s.2(3)whichstates

Crown forests should be managed to provide for long terrtthaad vigor by using forest practices
that, within the limits of Silvicultural requirements, emulate natural disturbances and landscape
patterns while minimizing adverse effects on plant life, water, soil, air and social and economic

values, including rereational values and heritage values
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Figure 1.2 Geographic extent ofmanaged and unmanagetboreal forests in Ontarioas
demarcated by Ontario Ministry of Natural Resources
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The rationale of this managemeoncept is that biodiversity will be preserved and sustainability
will be maintained if the human induced disturbances (mainly harvesting) are within the range of
variability of natural disturbances (Andison et al., 2009; Bergeron et al.a2003w & Perera, 2004;
Drever et al., 2006) as historically forest ecosystems have been resilient to these disturbances
(Holling, 1981).In practice END does not aim to emulate all the effects and processes of natural
disturbancs, instead isatisfies the needsrfbarvesting whilattempting tanaintain ecosystem
functions and structure (Kimmins, 2004). It uses knowledge of disturbance regimes ttogpste
managers to adequately represent age class diversity across landscape (Gauthier et al., 2009
Valliancourtet al., 2009 Good understanding tfiedisturbance regimes and associated forest
dynamics is therefore very important for the success of END (Bergeron et al., 2007; Jetté et al., 2009;
Klenk et al., 2008Perera & Buse, 2004

1.2 Fire as Natural Disturbance in Ontario Boreal Forests

Firesarea dominannatural disturbanci Ontarioboreal forestsAccording to OMNR (2010b)an
area of 14823 dburneddue to 939 firesluring 2010and on average 76021 ha fordstsnedwith
average number of 1087 firesrthg thelastten yeas. These fires play an integral role in the
ecological function®y removing the vegetation layer asitape the landscapg affecting post fire
vegetation compositiofPerera et al1998; Suffling 1995; Suffling et al 1988 Verawrbeke et a
2010) Characterization ahefire regimes defined by frequency, size, probability/density, severity
and spatial pattern distribution etc. (Amatulli et al., 2007; Pennington, 2007; Weber & Flannigan
1997) isa commorfocusof research aimkto understand ecological effects of forest fire for
implementng END in Ontario (Suffling & Perera, 2004igurel.3 represents the conceptual model
of Bergeron et al2007) There afire regime in a forest ecosystem is clutaeazed by a wide range
of variability in fire size, fire frequency and fire severifigure1.3a) that maintais biodiversity.

The management regimen the other hand, hasonsiderably narrow range of variability in harvest
size, harvest interval and harvest severity and can also be outside the natural range of variability of
fire regime Figurel.3b). They conclude that in a fire prone ecosystem only a forest management
(managed disturbance) thaffudly within the reference frame of forest fire reginfeégure1.3c) will
sustain ecological processes and biodiverSimilar conceps aresupported by otheiis the
literature(Duncan et al., 2009; Krawchuk & Cumming, 2008nRington, 2007; Perera & Buse,
2004).
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Figure 1.3 Conceptual modelof natural and managed disturbance (a) variability in natural
disturbance (b) forest managementhat incorporates little of the diversity of the natural
disturbance, and €) forest management reproducing natural disturbanc€Source:Bergeron et
al., 2007)

1.3 Fire Regime Characterization

A variety of methodsincluding tree rings analysis, sedimentary charcoal analysis, fire scars,
historical rarratives and photographs, land survey and management rdworddeemised to

reconstruct the spatiemporal reference conditions from naturdllyntforests (Carcaillet et al.,

2007; Gauthier et al., 2009; Long, 2009; Perera et al.,[2@4ffling & Perera, 2004). These

methods however, provide insufficient information for reference conditions (Cui et al., 2009; Li,
2004;Perera & Buseg2004) due to their incapacity to fully capture the range of fire disturbance
variability (Bergeron et al., 20Q0Bwmular et al., 2010 Simulaton modelngi thetechniques to
guantitatively express forest landscape dynamics by abstracting forest fire and forest cover changes
related scientific knowledge (Perera et al., 2008)therefore, considered a feasible aitdve (Cary

et al., 2006; Crow & Perera, 2004; Gardner et al., 1999; Keane et al., 2004; Suffling & Peréra, 2004



Although modeling fire reginsds a complex problem due thecomplex nature of fire
phenomena (Couce & Knorr, 2010ariousmodels can basedto simulate fire regimedechanistic
modelslike Prometheus (Tymstra et al., 2008 mathematical equations to link the physical
environment to the resulting phenomena. These normally deaamiitidividual fire event over the
life of thatfire ard, in some scenariosgasonably predict the local fire spredtiestochastic models
like FIRE-BGC (Keane et al., 199@yeused to simulatenultiple fire events over long time periods
and are more suitable for landscape scale st@dieg Mladenoff, 199).

Korzukhin et al(1996)considered models as tools to facilitate the evolution of knowledge about a
phenomenon, andassified models into two broad groupsapirical models and process
(mechanisticinodels.They stated thaampirical models primarilgescrile the statistical relationship
amongobserved variable®©nthe other handyrocess modelaim to understand relationships and
describe data using key mechanisms or processes
and behaviour. Thefurther argue that in process modeisreinsight intoecological parametersan
be gainedvhereas, irempirical modelstatistical relationships are the main determinants of the
output. They concludkthat process models impart knowledge about the feyssem functioning

and are suited for landscape level studies.

Regardless of the model cldisation, a variety of models apvailable ¢ simulate forest fire
regimes ExamplesincludeBFOLDS (Perera et al., 2084 Biome-BGC (Thorntoret al., 2002),
DRYADES (Malilly et al., 2000) FIRE-BGC (Keane et al., 1996), INTELAND (Gauthier et al.,
199%), LANDIS (Mladenoff et al., 1996)MFFM (D @&ndrea et al., 20095EM-LAND (Li, 2000)
andTardis (Cumming & Armstrong, 2001).

Keane et al(2004)termedspatial moeéls that simulate the dynamic interaction of fire, vegetation
and often climateaslandscape fire successiorodels(LFSMs).LFSMs have four essential
components: vegetation succession, fire ignition, fire spread, and fire effleetisoutput is
commony time-dependent, gepeferenced digital maps or GIS layertiey also compared 44
models on the basis of their approaches, design and scale of appliatary theseBFOLDS
appears to bthe only modebeing usedor climate, vegetation and fire dynamm related research

applications in Ontario
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1.4 Fire in Simulation Modeling

The occurrence of natural forest firdepends oma combination ofanignition source (lightning),

climatic conditions (temperature, moisture and wind), fuel (distribution, conditidrioad) and
topography (KeMuhammad & Yun, 2009; Price & Rind, 1994; Vazquez & Moreno, 1993).

Likewise, the modelsimulate fires as a function fidrest fire weather (temperature, relative

humidity, precipitation and wind), forest fuel (derived fromefst types) and topographysing the

most sophisticated fire spread algorithms available (Millers et al., 200@8}.of theCanadiarforest

fire modelsuse output from th€anadian Forest Fire Behaviour Preidict(FBP) System (Forestry
Canada Fire Danger Group, 1992; Wotton, 20@9h usedorest fire weather, forest fuslpeand
topographyas inputs to calculate filgehaviour variablesAn overview of thestructure of the

Canadian FBPystem is presented Figurel.4. This system is based on physical models calibrated
with empirical observations of fuel moisture, fuel consumption and fire behaviour. For fire weather, it
relies on another system: the CanadiarefioFire Weather Index (FWI) system. FWidure 1.5)

integrates weather information (air temperature, relative humidity, wind speed and precipitation) and
provides numerical ratings of fuel moisture in important fuel layerdiendeatherindices without

regard to differences in forest type (Wotton, 2009).
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Figure 1.4 An overview of the Canadian Forest Fire Behaviour Prediction (FBP) System
(Source: Perera et al., 2008)
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Another important aspect to considethisfire ignition processNaturaly occurringforest firesin
Ontarioare caused by lightningdlowever not every lightning strike ignites a fire because of
variability in moisture, bulk density, depth of the fuel (Kourtz & Todd, 1992), long continuing current
(Latham & Williams, 2001), lightning polarity, multiplicity ofghtning strikes (Fuquay et al., 1979)
and many other factors interacting at multiple spetioporal scales (Keane et al., 2004). Due to
limited lightning related data and knowledge (Perera et al., 2008) and poor understanding of the
relationship/s betwedightning strikes and realized ignitions (Genton et al., 2006; Larjavaara et al.,
2005; Podur et al., 2003) lightning data areguohmonlyused in simulation modelingnstead,
many models follow a stochastic strategy that simulates ignition randorinynoprobability
distributionsof fire starts using vegetation characteristics, climatic indicators, and/or topographical
settings as independent variables (Keane et al., 2004).

1.5 Fire Ignition Patterns

Lightning-causedire ignitionslocations do not follova uniform distributior(Dickson et al., 2006;
Vazquez & Moreno, 2001 heytypicaly occur inclustes (Amatulli et al., 2007; Genton et al.,
2006; Telesca et al., 200%yhich may result into large interconnected burned patches (Vazquez &
Moreno, 2001)Thereforethe spatiablistribution of fire ignitions across the landscape has a
significant role inthesubsequent fire regimand if ignition distribution patterns are not modeled
properly, resultscouldbe erroneous (Doran, 2004). Despite its impagasome modeling efforts

e.g; using LANDIS (Chang et al., 2007; Chang et al., 2008) or BFOMdBAdzMarquez, 2005;
Rempel et al., 20080 not appear tproperlyaddressethespatial patternsf ignition points in their

research.

In many aherstudieseither random distributiand/or density based methate usedo emulate

thespatial pattern of natural fires and to seed fire ignitions in their study &xéasdreas et al

(2009) ignited forest fires randomly to assess the future land cover sseindris study areas

(Region of Liguria, Italy and Alachua County, Florida, USA) by using MFFM (Modified Forest Fire

Model). Doran (2004) assessed forest fire ris®in t a Algoaqgdis Provincial Park usinipe

Prometheus model and applied two differgpproaches to capture natural range of fire ignition

variability. In his first approach (lightning dependent ignition) he used annual maximum natural fire

counts (i.e; 34 for the year 1997) to calcutienumber of ignitions per month based on the

percantage of lightning strikes during that montthich werethen randomly distributed for

simulation. Inhis second approach (random ignition) he randomly distributed 1000 ignition aufints
9



which 775 were in fuels (forest) and were used in subsequeninfiséations. Similarly, Perera et al

(2009) and Perera & Cui (2010) applied two different scenarios i.e; (i) random and (ii) ignition
density based on 42 years fire data, of fire ignition patterns in BFOLDS to account for the uncertainty
in spatial patterm knowledge. Cui et a{2009) also usedwaeightedfire ignition pattern based on the

42 years ignition density data to characterize fire regioreecoregion 3W in Ontario. Beverly et al
(2009) usedgnition point densities of fires in Prometheus to asdbe pattern for modeling fire
susceptibility in Westentral Alberta. These exampl#astratethatmost of the studiegenerate

ignitions spatiallyandom. Some also attempted to capture igngfatial pattersin theirmodeling

effortsby countingnumber of ignitions in a unit area

On the other hand, studies investigating the spatial distribution (of fire occurcemcelonlyuse
more advanceduantitative methods, such as those fpwint pattern analysi®odur et al(2003)
used th&K-functionto identify the clustering nature of lightning fires in Ontario forests. They further
estimated the spatial intensity ignitions usingkernel density estimatiodmatulli et al (2007)
appliedanadaptive kernel density estimation approach to estimatfréignition density in their
study area. They applied an analytical calibration procedwstitmatereliable fire density surfaces.
Their results alsdemonstrated that fires are clustei®dnton et al(2006) in their fieldbased
analysis of wildfie ignitions in the St. Johns River Water Management District, Florida used
distancebased point pattern toolthé K-Function &the L-Function) to describe departsifeom
complete spatial randomness (CSR). Their results show that fire events tend to otigters at all
spatial scales examined (k& or more). LaterHering et al(2009)notedthat, in field situations,
fire intensities vary spatially and the constant intensity assumption can misinterpret trends as clusters.
Their reanalysis of thesame data using an inhomogenelitfsinction resulted in less clustering as
previously observed by Genton et dlering et al(2009) therefore suggested that treimdfire events
should be included in the model for fire ignitidn.a recent study fahe province ofAlberta, Canada
Wangé& Anderson(2010) also used thé-function and thé.-function toidentify spatialclustering of
fires. They alsapplied kernel densitynethodgo estimate firdntensity surfaceslhese
aforementionedtudies confirm thagpatial randomness not a valid option fosimulatingfire
ignitions. The variation in observed ignition spatial distribut{omostly the clusterings due to
varying suitability of physical l andsea@d, cl i mat
therefore, proposia this study to conduct a detailed analysis of lightriagsedgnition ina
northern Ontarictudy area and to further use these results in subsequent BFOLDS simulations to

characterize fire reginse
10



1.6 Research Aim

The purposef thisthesisis to quantifythe spatial patterns of forest fire reginie®©ntario managed
boreal forestswith emphasis ofightning-causedire ignitions using advanced spatial statistical
tools. As BFOLDS is used to characterize fire regiame to ealuate policy guidelines for END in

Ontario, thighesisfocuseson BFOLDS and addressthe following questions

(1) What are the spatial patternslightning-causedire ignitionsin Ontario managed boreal

forest®

(2) How can these patterns be used in BFGLdhd what are their effects (if gron BFOLDS

results/outcomes

The thesigess the null hypothesis thamodeled forest fire regime ot affected by the spiat

patterns of input fire ignitions.
The djectives of tis thesisare

(1) To understand thepatial patterns dightning-causedire ignitionsin Ontario managed boreal

forests at ecologically homogeneous scale.

(2) To estimatereliablelightning-causedire ignition density surfaces that can further be used in
research, planning and managemeriviiets, especially the BFOLDS landscape simulation

model
(3) To model forest fire reginsof the study area using these spatial patterns of fire ignitions.

(4) Toassess the outcomesBFOLDS in simulating forest fire regimes on the basis of fire

ignition paterns.

1.7 Thesis Structure

The rest of the thesis is organized as follow

Chapter dntroduces the study area aniefly describeshe methods used in fire ignition pattern
analysis and fire density estimation. This chapter jpisgides thaletailsof fire regime simulations
and the description of tremployedmodel(BFOLDS).

Chapter ont ai ns t h e Sgdatialrpattersofightningcaused forest fiiegnitionsin
borealOntarig 1960 2009 . Thi s manuscr i lpternational Journal®f Waldlabdmi t t e d

Firefor publication.Though | am the sole author of this thesig,anademic supervisor Professor Dr.
11



Roger Suffling and thesis committee members Dr. Aithera and Dr. Douglas Woolfonds
valuable contributiotin research problendentification studydesign dataanalysisandresults

interpretation They will bethe co-authors of this publication.

Chapter £ontains the secan ma n u Seasitivity df sinfulated fire regime parameters to
spatial patterns of fire ignition assumptioagase study from Ontario managed boreal foests T hi s
is also a complete manuscript that will be submitteBoi@stEcology andManagemenjpurnal for
publication.The intended cauthors of this manuscript will be the same as thétsifmanuscript
due to their valuable contribution in study design, interpretation of results and critical reviews of the

manuscript.

Chapter Bsummarizes the findings of this thesis as detailed in the manuscripts, and suggests future

work.
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Chapter 2
Met hodol ogy

The nmethodology of teresearch is discusseddetail inthe relevant sections of manuscript chapters
(Chapter 3andChapter 4. Here Icover soménformationthatis not included irthesemanuscripts
chaptersin Section2.1a brief overview of the study area is provid8dction2.2 discusseshe

pattern analysis of wdfire ignitionsin the study area. Secti@i3 provides details about the fire
density estimation method used in this research. Sez#grovidessomedetails abouBFOLDS its
mainassumptionsandhowfire ignition scenariosre inorporatednto thefire regime simulations.

In Section2.5list of dataused in this researds providedwith their sources

2.1 Study Area

In Ontariq stand replacindires are the most dominant natural disturbanté&®real forest¢Perera
at al, 1998)whosefrequency changes across a longitudinal gradient (Beverly & Matrtell; 2005
Suffling, 1995. To capture tls variation the selected study areavers the fulextent fromEast to
West of the province et we e n-58AR1 58 N -85 d\ 1 Dv@AAB dedation range from
44 to 613 meters above sea lefléfure2.1). Some studyeas were excluded during fire regisne
simulatiors due to noravailability of some relevant dassdiscussed in Sectioh2

The area is underlain by Archean rocks (gneginite, granodiorite, metasedimentary and
metavolcanif and Proterozoic rocks (southern provincethefCanadian Shield (Baldwin et.al
2000).Thestudy area consists of four ecoregions: 3E, 3W, 3S arfHifl§ 1959) Forests in these
ecoregions arpredominanthyCrown (i.e., governmentdwned and are maged extensively for
timber harvest. Implementation of changing provincial forest harvest policies over time has resulted
in various landscape patterns (Perera et al., 200@) characteristic forest species ungatous
climate and soil condition®r these ecoregiorere shown iMable2.1. Thesequence of the species
are adapted from Hills, 196%he scientific and common names of these species are shdwahla
2.2
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Table 2.1 Characteristic forest species in the study area (Source: Hill$969)

Eco ) Ecoregions
_ Soils
Climate 3E 3w 3S 4S
Drier | JRSB JRPW-PRSE- | jnpyy JRPW-BW-BO
SW-Poplar
T
g | Fresh | spsw-PRPW Egp'aFBW'PW' SB-SW-Poplar | SW-PoplarPW
Wetter | poplarCE-AE | PoplarBF SB-BF icép'aFBSCE'
Drier ] BW-PoplarJR JRPW-PR-SW-
JRBW-Poplar PW-PR JRSB BW-Poplar
p
S BF-SW-Poplar | SW-BF-JRPW-
= Fresh p .BE-
g BW PR PoplarRS-SW | SW-BF-Poplar
Wetter | SBBF SB-LA PoplarSB-SW | SB-BF
Drier | sB-JRLA SB-JRLA SB-JP SB-JP
3
S | Fresh |ggia SB-SW-LA SB-JP SB-JP
D
Wetter | MossesLichens | MossesLichens | SB-LA SB-LA
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Table 2.2 Nomenclature of the forest specieshown (in abbreviation)in Table 2.1

Abbreviation

Common Name

Scientific name

AE American Elm Ulmus americana
LA American Larch Larix laricina

BS Black Ash Fraxinusnigra

BF Balsam Fir Abies balsamea
BO Bur Oak Quercus macrocarpa
SB Black Spruce Picea mariana

PJ Jack Pine Pinus banksiana
PR Red Pine Pinus resinosa
BW White Birch Betula papyrifera
CE White Cedar Thuja occidentalis
PW White Pine Pinus strobus

SW White Spruce Picea glauca

16




2.2 Point Pattern Analysis

A stochastic process that generates random points in @gderestfire ignitions) is termed a
spatil point processThe study of ealizatiors of a spatial point processa spatialpoint pattern
(e.g.,Genton et al., 2006hay help to characterize that phenomeaond providesome insight
(Turner, 2009).Two statistics were usdd study the patterns 6§htning-caused foredire in the
study areathenearest neighborindd NN1 ) a n #-fultiiop (thekyfuinaion).These

methods are discussed in detail in SecBgh2but abrief outline isprovided here.

TheNNI provides insights about spatj@int patterns byyompaing the distance beteen the
nearest point locations (of the phenomenon) and the mean distance between the point locations (Clark
& Evans 1954). In this researchiNI was calculated up neighbours of ordes0 using the
following equation(Leving 2010.

a4 QN .
¢@a Vv

B 0

0 (2.1)

LLO QCOA

whereu is the total number of fires in the study aoéaizeo, & Q& s the distance between a

fire location’Cand its nearest fire locatid@Cis the order (number) of the nearest fire locationAisd

the factorial function.

TheK-function uses distance bins to test the natubeérvedspatial point patterns (Ripley
1977).In paticular, it is used to look for departures from C&Rits simple form thd-function for a

distance birdis defined as

Vo ©Of Of AAMBDOAKBOEAE OOATAROAEAOADD 2.2)
whereOi s t he mat hematical expectati oTheexactdormeof i s t he
the equation for th&-functionused in this researappearsn Section3.4.2 Results of th&-

function were furthetransformed to itinearrepresentatiothe L-function (Equation2.3) for ease of

interpretation (Besad 977, Cressie, 1993 ThelL-function is given by

L O
0o — 0 (2.3)
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Foll owi ng 06 Sul | inaaaptankenk¢lomy caloculate®uBingMonteaCarlo
procedure of 108imulationsunder the assumption of CSRasgenerated to assestetherthere

was a statistically significant detian from CSR

2.3 Fire Density Estimation

Density estimatiomommonly refers to neparametrianodelingof a probabilitydensity’Qw given

a finite number of data pointslere,ccan be scalar or multivariate.

In this researckhe fire densities in the study area were estimated asimgrparametric density
estimation method, kernel density estimatiorthis nonparametricapproachno prior assumptions
are made about the density shdpstead thelata itself determine the estimate (Silverd86).A

simple kernel density estimatdgnated here bf2w , can be calculated using

MQw —. U
Q 0

Py B 2.4

for datac F8 8 & .0, the kernel function, is a symmetric zamean probability density function
with scale parametdr,t he A bandwi dt Higcritical, Aset contiole thecsmoothriess of
theestimated density.0 accounfor the clustering nature of ignitionise adaptive kernel density
estimation approach was usedallbws Qo vary with the concentration of observation points

(Silverman, 1986; Worton,9B9). The estimatedire densiteswere evaluated using a calibration

procedurebased orthe minimization ofa goodnes®f fit criteria (Y (Breiman et al 1977)The

adaptive kernel density estimatiparameterand”Ycalculations used irthis study, arefurther

discussed imletail inSection3.4.3

2.4 Fire Regime Simulations

To test the null hypothesis that spahaterogeneity in thpatterns of fire ignitions do not affect the
modeled forest fire reginsgsimulations wee run usingOntario Ministry of Natural Resources
(OMNR) modelBFOLDS. Further details athis modelappeain Section2.4.1 Simulationsvere run
for each ecoregionndertwo ignition scenariosiunweighted (scenario A)andiiweighted (scenario
B). Undertheunweightedscenaridhe seeding diire ignitions in themodel was spatially random.
Undertheweightedscenario, the estimated fire densities (Seci@hwere used to spatiallyeight

the ignition seeding in the model. Each simulation was run for 200 year80asithulations were run
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for each ecoregion under each ignition scenario. Pritremesimulationshe model was initialized

with arun of 100 years.

Table2.3 shows different spatial and napatial fire regime indicators that were compared for both

ignition scenarios.

Table 2.3 List of fire regime indicators studied underunweightedand weightedignition

scenaros.
Aspect Indicator
Total number of fires
Number of fires in different size classes
Non-spatial
Total burnt area
Annual burnt fraction
Spatial Burn probability
2.4.1 BFOLDS

BFOLDS is a rastebased, spatially explicit hybrid model that quantitathabstracts the boreal
landscape dynamic§ires and forest cover chargy¢o understand their variability and probability of
occurrencdPerera et al., 2008A conceptual overview is shown Figure2.2. BFOLDS has two
modules{i) a process based fire event simulation module and (ii) an empirically based forest

succession simulation module.

BEOLDS Probability
Input Data Model logic Forest fire regime
—_—
Faorest cover, Science knowledge _ foreas?gouer
geo-climate and ; Assumplions change
weather
[ User assumptions ]
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Figure 2.2 A conceptual overview of major components of BFOLDS (Source: Perera et.al
2008).

TheBFOLDS fire event modulases the principles of tHeBP System (Forestry Canada Fire
Danger Group, 1992) and simulatesltiple fire events on a given landscape-a@lresolution and
daily intervals It derivesthemean number of potential fire ignitions fraire daily ignition data of
fire weather input. It also assumes tpatentialignitions follow a Poissodistribution ifthemean
number of potential firggnitionsfor a weather day is less than, 8therwiseit uses anormal
distribution(Pereraet al, 2008).

Fuel moisture is an important factor osuccessful ignition. In BFOLDS the fuel moisture is
indicatad by the Duff Moisture Code (DMC), a Canadian forest fire weather indeyponent that
ratesthemoigure contents in thepper layers of the forest floor that gain moisture directly from the
rainfall and where litter is beginning to decay (Wott2009).In BFOLDSthe seededgnitions
succeednly if the DMC at the ignition location is below a thresheddue(Perera et al., 2008)

Table 2.4 shows the DMC threshold values theecoregions used in this study systematic flow
chart of fire events in fire module of BFOLDS is presentédéigre2.3.

Table 2.4 Duff Moisture Code (DMC) threshold values (with 10% variation) used in the study

Ecoregions DMC Value DMC Range

3E 20 20 + 2(187 22)
3w 20 20 + 2(187 22)
3S 40 40 + 4(3671 44)
48 40 40 + 4(3671 44)
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Theseeding of fire ignitions in BFOLDS can be spatiallweightedor weighted though fires in
nature by and large are spatiatlusiered Difficulty in characterizing reliable fire ignition patterns
has led many fire reginmaodelingstudies to seed ignitions spatially random. Thikres not appear
to be any studyparticularly forBFOLDS, whichdemonstratethe effect of input ignitiogpatternson
the model performance in simulating fire regime. Perera @08 reported that the simulated fire
regime characteristics of BFOLO®nstitute arentirely emergent properthat is thecombined
effect of model logic, input data and variaiger assumptions. In this study all these were kept
constanand the model performance in simulating fire regimes was evaluated under two ignition

scenarios.
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2.5 Data

A number of data were used in this reseatfobdetails of which are ganbelowin Table2.5.

Table 2.5 List of data used in this research and their sources

Type | Data Data Source Remarks
Cover type 1:20,000 forest resources | Derived from FRI using forest
&' | Cover age inventory (FRI) of Ontario | unit classification rules and
o | Fuel Type fuel classification rules
2 modified by Elkie et a| 2007
Soil moisture 1:250000 Ontario Land Site classification rules
&P | Soil nutrient Inventory modified by Elkie etal., 2007
Fine fuel moisture code | Daily weather data Point data interpolated
Duff moisture code (temperature, relative following Flannigan &
% Drought code humidity, wind and rainfall) | Wotton, 1989
o | Initial spread index of weather stations in the
5 Build-up index study area for 1963009
Fire ignitions from OMNR fire weather
archive
Elevation CanadiarDigital Elevation
Slope Datafrom https://geobase.ci
Aspect
Latitude Gridded data at ha resolution
Longitude
@
8
5! | GIS layersof Ontario and| ESRI® Obtained fromUniversity of
3 its ecoregions WaterlooMapLibrary
«Q
S . ___
S | GIS layers of water DMTI Obtained from University of
© | bodies in the study area Waterloo Map Library
GIS layers of Geological| Ontario Geological Survey | Obtained from University of
features Waterloo Map Library
Lightning-caused fire OMNR forest firearchive
%- ignitions data for 19662009
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Chapter 3
Spati al spfatltiegdnda mms endy f oirgemsittiihanbser e al
Ont ar i1ld268® 9

Summary

Lightning-caused fires in Ontario managed boreal forests may exhibit various spatial patterns
depending on the study locations and scale. In this study forest fire ignition data for four ecoregions
(3E, 3W, 3S and 4S) for 1909 were analyzed using poiratfern and density estimation

methods. Ecoregions were employed as study regions, because they are commonly used for forest
landuse plans and policies in Ont a-functionandywesr est nei g
showed that fire ignitions are sfaly clustered in all four ecoregions. Kernel density estimation with

an adaptive bandwidth was used to estimate the corresponding spatially inhomogeneous-lightning
causedgnition densities. Bandwidths were chosen quantitatively through a calibration praess th
minimizes a goodness of fit criterion. Results show that fire ignition density is the highest in the
northwestern ecoregion (4S) and the lowest in the eastern ecoregion (3E). Within each ecoregion fire
ignition density also varies spatially and exhildistinctive areas of varying fire densities. Overall

the estimated fire ignition density follows the temperaturmidity gradient of this province. The
ecoregion with the highest estimated fire ignition density (4S) falls in areas of the lowest humidity
and the highest temperature. The ecoregion with a lower overall fire ignition density (3E) experiences
most humidity and coolest temperature. Fire ignition density estimated in this study can provide
useful information for forest management activitiesipaldrly in characterizing forest fire regimes

in its spatial context.

3.1 Introduction

Fire is one of the most important disturbances that shape vegetation dynamics in forested
landscapes. Canadian boreal forests are characterized by frequent fires (39 dsuffling et al.,
1988). The majority of the fires are humeaused and are concentrated mainly near human activity
centers: residential, recreational, industrial; and also the transportation networks&\&adgrson,

2010; Woolford& Braun, 20G; Wotton et al., 2003). These are easily detectable, receive a quick
fire-suppression to protect life and property, and hence, usually result in a smaller burnt area. On the

other hand, lightningaused forest fires have a wider geographic occurrencee Tha@ result in
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larger burnt areas as detection is often slower, and fire fighting units may give them less priority or
have limited resources to fight fire in remote areas. In Canada overall, though ligtanseyl fires

are less in number than humeaused fires they result in about 85% of the total annual burnt area
(Wang& Anderson, 2010; Webé& Stocks, 1998).

Lightning-caused fire ignition and propagation processes involve complex interactions between
different contributing biotic and abioticdtors (Telesca et al., 2005). Likewise, lightrrased fire
ignition patterns, the fundamental characteristic, are also difficult to describe precisely because of
wide range of spatitemporal variations in their occurrence. Understanding of theseafiterps is
important to many activities such as predicting fire occurrence, planning fire management,
understanding the role of fire in landscape processes, improving plant succession predictive
modeling, and implementing management based on the nasixabdince emulation concept (Perera
et al., 1998; Telesca et al., 2007; Tuia et al., 2007). Due to inherenttgpapioral variations in the
fire ignitions, analysis of ignition data over decades is required to understand fire patterns in a

particular stdy area.

It is generally agreed that lightniftgused fire ignitions cluster spatially (Cochrane et al., 1999).
This clustering is attributed to a complex array of factors that are in nature spatiatgniom too.
The source of ignition is cloud to gnadi lightning strikes with long continuing current that occur
during the thunderstorms (Latha8Williams, 2001). Hence the spatial patterns of thunderstorms are
the basic determinant of natural fire patterns (W&mgnderson, 2010). However, the majgrof

lightning strikes fail to ignite fires in the absence of fuels on the forest floor (Podur et al., 2003).

Vegetation composition as it affects the availability of fuel also plays important role in fire
ignitions. Krawchuk et al. (2006) found more igons in patches of coniferous species when
compared with deciduous species. W&ngnderson (2010) concluded that topography (higher
elevations) and the forest composition (presence of coniferous species) were the main determinants of
ignition patternsn their study area. Podur et al. (2003) also found topography as a likely factor
affecting ignition patterns in Ontario boreal forests. There are also studies that do not find any
relationship of fire ignitions with topography (e.g., McRae, 1992). Soutkest, particularly in
Canada, also used fuel moisture descriptions of the Canadian Forest Fire Weather Index (FWI)
system (Van Wagner, 1987) to understand what may affect the risk of ligletniisgd fire ignitions.
In the FWI system daily weather obsediwas are used to calculate numerical ratings representing the

moisture contents of different fuel types (Wotton, 2009). Naslohnson (1996) correlated lightning
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caused fires in Canadian boreal forests with the Fine Fuel Moisturé (E&#éC) of the FW
system. Flanniga& Wotton (1991) concluded that the Duff Moisture Cod@VC) of the FWI
system is the main predictor of lightniagused fire ignitions. Wotto& Martell (2005) identified the
Sheltered Duff Moisture CodéSDMC) as the most signifant indicator of fire ignitions in Ontario
forests. These are but a few of the many studies that have used diffeqginydizal factors to
explain the underlying causes of lightnicgused fire ignitions patterns. Previous fires may also
influence thegnition patterns by reducing the fuel loads in local areas (Krawchuk et al., 2006).

In recent years, many studies also applied state of the art spatial statistical tools to gain better
insight into the spatial patterns of fire ignitions. Larjavaara €2@0D5) reported a gradient of
decreasing density of fires from South to North in Finland based on fire data froirl 292%nd
1996 2001. Turner (2009) explored the patterns of fires in New Brunswick, Canada from 1987 to
2003 using th&-function and keral density estimation. He focused only on the usability of these
statistical techniques and did not draw any final conclusion about fire patterns &\Vardgerson
(2010) studied spatitemporal patterns of all fire ignitions in Alberta, Canada, excludiappr
national parks and southern prairie areas. They performed their analysis on a yearly basis (1980
2007) using th&-function and kernel density estimation. Their results illustrated the wide variability
in the spatial distribution of fire ignitionsdm year to year, and also showed that in the North,
lightning-caused fires are more likely to occur than humansed fires. In an earlier study, Podur et
al. (2003) used lightningaused fire data for the period 1998 to conclude that fires in Ontaoe
spatially clustered. As in other studies, they also applielflumction to test their null hypothesis of
complete spatial randomness (CSR), and used kernel density estimation method to generated fire
density surfaces. They also performed some @etaihalyses of fire data for an area of high fire
occurrence (and detection) in the North of the province. Their results showed strong evidence of
clustering in the lightningaused ignitions at a distance of approximately 200 km; and two distinct
hotspotsn the province, one in the northwest and the other in the southeast. W&oByedin
(2007) utilized a modseeking algorithm, a technique to reduce bias in kernel density estimation, to

demonstrate that lightning fires in Ontario occur in speginpral clusters.

! Index that represents thenoisture in the small readily consumable fuels on the surface of the forest floor
%Index that represents the moisture contents of the upper layers of forest floor where litter begins to.decay
% Index that represents the amount of moisture in the uppertof organic layer in very sheltered locations
near the boles of ovestorey trees.
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Many of the above mentioned studies usedktfienction as the main statistical method for
exploring fire ignition patterns. Besides tkdunction, there are other reliable methods for pattern
analysis that are not common in fire studiese@uch exploratory method, which is widely used for
pattern analysis in ecological studies, is the nearest neighbour index (NNI). Some studies using this
method are mentioned Bection3.4.2 Use of multiple exploratory metkle can help to get better
insight of the complex nature of point patterns. The identified patterns also depend heavily on the
scale of investigations, a facet of the problem to which many studies do not give proper consideration.

For density estimation, @riori selection of the kernel function K and its associated smoothing
parameter (bandwidth or window siZeqre required to obtain a reliable density suri@ee Section
3.4.3. The kernel function ensures that the kernelsity estimation results in a probability density
function; and the average of the corresponding distribution is equal to that of the sample used. The
bandwidthhis a free parameter that is used to adjust the bias in density estimation. Small values of
result in a more variable (i.e., less smooth) density estimate, whereas, large vhlwékretiuce the
random variation but may ovemooth the resulting fit (Silverman, 1986). Hence, it is critical that
care be taken when determining the bandwidthhé studies mentioned above and many others not
cited here, the kernel function and smoothing parameter are selected subjectively. Such selection, in
the absence of an expert knowledge, may lead to erroneous results. Amatulli et al. (2007) discussed
the issues in detail, and proposed an analytical calibration procedure for kernel density to yield

reliable density surfaces.

This study addresses the above issues. The study area was selected to ensure that results are
meaningful for future applications. aexploratory methods were used to assess the behaviour of
lightning-caused fire ignitions at the ecoregion level and to test the hypothesis that the distribution of
fire ignitions in Ontario managed boreal forests is spatially homogeneous. In addéispattal fire
ignition density was estimated using a quantitative approach, namely adaptive kernel density
estimation. This reduces the risk of under/ddensity estimation by allowing the bandwidth to vary

spatially. Further details are discussed irsggjpient sections.

The broader objectives of the study are (i) to understand the spatial patterns of lightriad fire
ignitions in Ontario managed boreal forests at ecologically homogeneous landscape scale, and (ii) to
generate reliable fire ignitioredisity surfaces that can further be used in research, planning and

management activities.
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3.2 Study Area
The study area in Ontario consists of ecameg 3E, 3W3S and 4SKigure3.1). Stretching from

East to West across the entire province, this area encagsphssmajority of the Ontario (boreal)

shield ecozone where fire detection efficiency is relatively high due to active forest fire management.
The area is also representative of full range of humidity (Hills, 1959) and forest fire frequency
(Beverly& Martell, 2005; Suffling, 1995) in the province.
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Figure 3.1 Location of the study area in relation to Ontarioecoregions

The majority of this area is Crown (i.e., government) owned and its vegetation Ig baial
forest. There is also some Great Lakes St. Lawrence forest in the southwest part (4S) of the area. The
dominant species in the northeast (3E) are black spRicea mariang, trembling aspernRopulus
tremuloide$, jack pine Pinus banksiang white birch Betula papyrifery balsam fir Abies
balsameaand white spruceP(cea glauca (Latremouille et al., 2008). In the central region (3W),

black spruce is the dominant species in the older forests. Other species are jack pine, white birch,
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poplarand balsam fir. Similarly, in the upper northwest (3S) black spruce is the dominant species.
Natural regeneration is mostly of black spruce and jack pine (Racey et al., 2000).The majority of the
forests in the lower northwest (4S) are younger standslopjae, black spruce and poplar with a

high recruitment of black spruce and jack pine (Racey et al., 2000). Details on the composition of the

forested area in each ecoregion are providdabie3.1.

Table 3.1 Land-use distribution in the study area (in thousand hectares) Source: (Forest
Management, 2006; Hills 1959)

Ecoregions Water | Wetland | Field/ | Other | Treed Forest | Total
Agri Bog/Fen

3E 922.4 | 251.2 40.9 84.9 899.9 11478.7 | 13678.0

(Medium Humid)

3W 1515.9 | 70.1 0.0 62.7 301.1 6940.5 | 8890.4

(Driest Humid)

3S 980.9 | 123.5 0.0 164.6 | 484.4 4870.5 | 6624.0

(Sub Humid)

4S 1440.4 | 27.2 14.7 130.0 | 1234 4220.8 | 5956.5

(Sub Humid)

3.3 Data

The fire data for the period 1962009 were obtaineddm the Ontario Ministry of Natural Resources
(OMNR) fire database. This database is an archive of all fires detected and reported to the provincial
aviation and forest fire management center by fire managers through Fire Information Reports (Form
208). Eadb fire report includes fire location, forest type(s), weather, fire cause, detection date, attack
date, suppression date, area burned, etc. The number of fires in each region is d@ialikBip.

Forest cover type data (FR2007) of the study areaerealso obtained from the OMNR.

University of Waterloo Map Library services were used to obtain geographic data of ecoregions
from ESRI (ESRI2001), water bodies (lakes, rivers etc.) from DMTI (DMAD10) and geological
data fran Ontario Geologic Survey (OG$988). Canadian Digital Elevation Data (CDED) was
obtained from GeoBase ® (GeoBa2807).
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Table 3.2 Fire ignition statistics in the study area during 1962009

Ecoregions Number of Fire ignitions reported as in water
Fire ignitions : _
% of total Maximum Ignitions > 1000m
ignitions distance from distance from
nearest land (m) nearest land

3E 2948 4.1 766.6 0

3W 5107 8.5 3462.2 8

3S 2329 10.9 720.3 0

4S 7213 154 1741.6 2

3.4 Methods

3.4.1 Data Preparation

Spatial pattern analysis and density estimatiimm besensitive to the sizend shapef the study area.

Analysis output may change with changes in boundary (Clark & E¢864). It is therefore

important to carefullyalect a representative study area. In this study, all data analyses were based on

individual ecoregions (3E, 3W, 3S and 4S) because these are the representative land units for forest

land-use plans and policies in Ontario (Perera eR8D9). The firdagnition density in the overall

study area will provide a broader picture for the managed boreal forests of the province.

Fireignition locations in the study area for the study period (12@809) were extracted from the

OMNR fire database and exported gsomt shapefile using ArcGIS 9.3 ®. Fignitionsand all

ot her

dat a

wer e

projected

t o

OMNR©OG s

standard

Firesignitionswere then separated in individual shapefiles for each ecoréggpection of data

revealed that sonignitionswere erroneously shown to occur in wafBalfle3.2). A similar data

error was discussed in detail by Podur e(2003) and Turner (2009). The most likely sources of

such errors are data entry eramd the relatively coarse scale used to record fire locations. Turner

(2009) reported that rounding tioe nearest minute can result in tgpl km datum displacement but

this may not have much effect on pattern detection (Freeman & Zuhd). In our casehe majority

of in-water fre ignitionswere well withinthis 1 km range except a few in 3W and 4%f§le3.2). In
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the absence of any other record to precisely costgtttlocational erros, these fireoriginswere

arbitrarily relocated 25 m inland from the nearest shoreline.

Data also showed that some figaitionsoccurred at the same location. Two such examples from
ecoregion 3W are shown Figure3.2(a) alongwith their year of occurrence. In ooase three fires
during 1965, 1966 and 1970 occurred at the same fAlaeenther highlighted sample location shows
where two fires occurred during 1979 and 188¢he same plac&o account for each firignition
separately in data analyses, all sucesfiwere also relocated with a grid of 100 m x 100 m (~ 141 m).
Results fosampleocations are shown iRigure3.2(b). As the purpose of this study was to
investigate the long term overall averagpatial distributiorof fire ignitions, year to yeaiemporal
variation in the number of fires was not considered.

*No data were available about the actual shape of burnt area and the relative location of the ignition point in
the burnt area. It was thus assumed that such fires would have started close to the shoreline.
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3.4.2 Exploratory Data Analysis

Among a wide variety of exploratory data analyses methods, indices (the descriptive adjuncts to
statistical tests) are commonly used for spatially-resmdom phenomersuch as forestiésto test

the degree of departure fra@8R(Ghent & Zucker1990). In this studytwo seconebrder distance
statistics (NNI andhe K-function) were used to study the fiignition patterns withinhie overall

distribution of fire ignitionsn the study eea.

NNI is extensively and effectively used to investigate spatial patterns (Bleache2@08| Getis
1964; Herbers & Foitzik2002; Kenkel1988; Kolbei & Janzer2002; Lee et al1997; Rogerson &
Sun 2001; Young & Merriam1994; Zenner2000). t is a ratio (Equatio.1) that compares the
observedistance between the nearest points and the mean distance betwedahatdioiew CSR
(Clark & Evans 1954)

Q0 0
QYOO

000 (3.1)

using equation8.2 and 33 respectively.

o 0 QN
Q0 0 —5 (3.2

QYs 0 T O

. (3.3)

whered Q& s the distance between a poi@nd its nearest ighbour, denoted poinQand{ is
the number of points in the study atea

Under CSR, the expected value of the index is 1. A value less than 1 shows clustering, and greater
than 1 shows inhibitiofdispersion) Normally, this index is calculated ugithe distance to the very
first neighbour. In this study, to capture spatial pattern at multiple scale, NNI was caloslatgd
Crimesta® software(Levine, 2010¥or the first 50 nearest neighbours using:

o QCQA
Q0 Sk R

. (3.4)
; V)

whereQis the order of nearest neighbour dislthe factorial function.
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TheK-function is also widely used in pattern analysis studies, particularly fo(Fireeman &
Ford, 2002; Genton et al., 2006; Hering et al., 2009; Kenkel, 1988; Podur et al., 2008r &t al.,
1986; Turner, 2009; Wang & Anderson, 2010hlike the NNI it uses distance bins up to the limit of
study area to test the nature (cluster@@gR or inhibition) of spatial point patteriiRipley, 197).
Mathematically, it is defined as

5
6o = 00 (3.5)

whereA is the study areay is the number of points an@®0 is the number of other poin@ound
within a circle of radiu® from a pointQGenerally, radii are increased in small increment$.180
intervals are commonly used to plot tdunction.

A revised equation with a weighting factor to adjust the boundary effects of the study area

(Venables &Ripley, 1997 is givenby:
.. 0 e
0o = © O (3.6)

wherew is the inverse of the proportion of the circumference of a circle of ragilased over
each point that is within the study area. A value of 1 was used for where circle was within the
study area.

Besag (1977proposedheL-function 0 6 asalinear representation of 0 that also stabilizes
the variance and has zero value under @3Mssie, 1993 reeman & Ford, 2002)t is shownin
Equation 3.7.

U O
0o — 0 (3.7)

Spatstapackage irR (Baddeley & Turner, 2005vas used to calculate tefunction and the-
function. For each ecoregion, 18@nuations under the assumption of CSR were run to obtain Monte
Carlo based envelops to test the departure from random expectBtioB& and 3S analysis were
runusing ignition data for 196R009. for 3W and4Sthe analysis walsased on the last 20 yeafs o
data, namely 1990009 inclusive. This was necessary due to computational constraints caused by the

large number of fires in the historical records for these two ecoregions
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3.4.3 Fire Density Surfaces

A variety of interpolation techniques exists that geneedinite point data values to an entire area of
interest. Among these, kernel density estimation is widely used due to well understood statistical
properties. This neparametric technique usually employs a symmetric probability density function
(Katkovnik & Shmulevich, 2002; Silverman, 1986; Worton, 19@93stimate the density as

1%}
O sﬂ 03‘3 S

o 9 (3.8)

where’Q is kernel estimator) is the kernel functioriQs the smoothing parameter (bandwidth
or window size)¢ is the number of observations awés a coordinates vector representing the
location of the function being estimated.

The choice of the kernel function and of the smoothing parameter is important. The performance of
different kernel functions has been discussed in the literature. For examaliylli et al. (2007,
Breiman et al(1977 andLevine (2010 preferred the Gaussian (normal) kernel function. Others
(Podur et al., 2003; Wang & Anderson., 2P&0ggested using a quartic kernel functioevine
(2010)argues that subjectively kernel function can be selected based on the decision of relative
weight of near pointto the far points. Silverman (1986) compared the performance of five kernel
functions and did not find any significant differences in their performance. He however favoured the
normal function as it yields a smooth curve with derivatives of all orderevioy the suggestion of
Amatulli (2011 to achieve an expected normal distribution of the data in the neighbourhood of each

point,anormal kernel function was used in this study.

Selection othe bandwidth’Qis also an important consideration when employing kernel density
esti mati on, and there ar e MerguSheather &Jones, OlnWaid f o r
& Jones, 1995). However, to account for the irregular spatial distribution of fire igniio@slaptive
approachSilverman, 198pwas used tallow "Qto varywith the concentration of observation points.

It is narrow in areas of high concentration and vice v@fgarton, 1989) To calculate an optimal
value for'Q thekth nearest neighbour estimate approach was followed. In this ni@hdzhsed on
the distance between a point andkits nearest point that will minimize timeean square error
between the true and estimated dens(#&tkovnik & Shmulevich, 2002; Levine, 201®ractically,
this is not possible due to unknown true (real) density. To deal with this problem, a number of

approaches have been suggested and disc(/Asedulli et al., 2007; Silverman, 1986 this study,
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the calibration and validation procedure (minimization of goodogfscriteria (*Y) proposed by

Breiman et al(1977)was followed. It is calculated by using following equation:

. , Q
Y (0] -
€

(3.9)

whereQis the number of neighbours aéids the number of data posjtwhereas) s calculated
using Equation 3@ (Amatulli et al., 2007)

0 Q i 8 (3.10)

where’ Qo is the estimated kernel density at sample pairsing@h nearest neighbour abd 5

is the area of circle having radiug equal to the distance betwe@h nearest neighbour and each

sample pointQ

This procedure is computationally demanding. For efficiency it was performea stédges. First,
the density surfaces were generated with 3, 6, 9 and 12 nearest neighbours (referdebak-9
andk-12 respectively), antvas calculated for each of these density surfades helped to identify
the possible value ¢gfwith minimum™Y In the second stage, the density surfaces were generated
using the number of nearest neighbours surroundinigttiet yielded minimuniYin first stage. Thé
values that yielded theimimum "Yin the second stage were finally selected to generate fire density
surfaces for their respective ecoregions. All density surfaces were geneed ah pixel

resolution. The results are discussed in the following section.

3.5 Results and Discussions

As mentioned in Sectio®4.], selection of the study area is very important and results can vary with
changes in boundarigure 3.3(a) showsthe NNI up to 50" neighbouring firdgnitionsin ecoregion

3S 4Sandtheir combined area (3S4S). Lower values on the NNI scale represent more clustering and
vice versa. The graph clearly shows that, at every scale of neighbour (i}, fir&@gnitionsin 4S

are less clustered compared to figritions in 3S Whenboth ecoregions were combined (3S4S) and

fire ignitionswere analyedcollectively for NNI, clustering was stronger at all scaBsundary

effects weralso exploredy adding a 50 km bufféto 3S, 4S and 3S4S (namely 3S_b50, 4S_b50

® Buffers on the western sides of 3S and 4S could not be included due tavalability of fire data in the
adjoining province of Manitoba
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and B4S_b50 respectively) and then calculating NNI. These results are shbignrm3.3(b). In
this case the clustering signals were different. Clustering was highest in 4S_b50, lowest in 3S_b50,
and moderate in 4S3S_b50.
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Figure 3.3 Effect of study area boundary orfire ignition clustering patterns reflected by NNI
for 3S, 4S and combined 3S4S (a) without buffer (b) with a buffer of 50 km

Figure3.4 showsthe NNI for all ecoregions. Results of this analysis clearly demonstrate that fire

ignitionsare clustered in all ecoregions with the highest degree of clustering in 3S and the least in 3E.
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Results also illustrate that the concentration of points graddedireases as the number of

neighbours increase.
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Figure 3.4 Nearest Neighbour Index (NNI) for 50th neighbouring fireignitions in study area

ecoregions

Linear transformationg)(0 ) of theK-function are plotted ifrigure3.5. In every ecoregion) 0
values are much higher than what should be expected from a simulation enkigoge, the
hypothesis of CSR can be rejected in favour of clustereavi@ur. Results not only confirm the
findings of an earlier study that fires in boreal Ontario are clustgredgerdistance (Podur et al.,
2003) but also provide more insight to the spatial patterns at shastances. Higher values 6fo
at all distances also show that fires are more clustered in ecoregions 3% #mah3thers. These
results are different from NNI analysis, which shows fires in 3E are the least clustered. The simple
explanation is that for nerandom distributiordifferent statistics will yield different results due to
differences in methods. In this study, the analysis was based on neighbours for NNI whereas distances

independent of number of neighbours form the basis df thenction.
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Fire ignition density surfaces using the adaptive kernel estimation metbaestimatety
employing different number afeighboursK). Performance of eadhwas assessed BY which
validates the procedure by calculating under/@stimation at each point. Results of the first stage
analysis are presentedTiable3.3, which showsYvaluesfor differentk in each ecoregion. THY
values fork-3 are quite high compared to others mainly due to some very cloggnitiens For
example, in 4S the average distance of thaeéghbouing ignitionwas 226 m but many fire
ignitionswere as close as 141 m. Results show that the minimum vaMemécoregions 3E, 3W

and 4S was frork-9. For ecoregion 3S, the minimum valueaas fromk-6.

Table 3.3 -|| values for fire ignition density surfaces generated by different number of

neighbours (' Stage)

Smoothing Parameter /

] k-3 k-6 k-9 k-12
Ecoregions
3E 27.994 0.101 0.027 0.049
3w 49.157 0.280 0.016 0.028
3S 13.119 0.021 0.035 0.062
4S 39.586 0.037 0.011 0.020

In order to find the leas¥values, further density surfaces were generated using different number of
neighbours surrounding the ones that yielded minirfiimthe first stage. Results presented in
Figure3.6 show that leastWalues for 3E, 3W, 3S and 4S were fri@ (0.02]), k-8 (0.019, k-6
(0.02) andk-7 (0.007) respectively. ThéWalue fork-5in 3S is0.970 and is nahown in the figure.
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Figure 3.6 Comparison of-|| values for fire ignition density surfaceq2™ Stage)

Based on these lea¥values, the most representative figaition density surfaces generated for
different ecoregions aghown inFigure3.7i 3.10. The white areas in these figures are the water
bodies (i.e; rivers, lakes etcQverall, the highest fire density (1.092) is in 4S, followed by 3W
(0.681), 3S (0.401) and 3E (0.328).
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Figure 3.7 Relative fire ignition density in 3E for period (19662009) with adaptive kernel
density estimation method using-8.

In 3E (Figure3.7) fire ignition density is higher iniie South and West compared to rest of the
region. There are also few isolated areas of medium to higigfiteon density in central and
northwestern part of the region. The largest contiguous area with higgiiien density is in the
South.

In 3W areas of high firégnition density are spread over the whole region except the northeastern
part.Figure3.8 also shows three big clusters of high figaition density in 3W. There are also

isolated small patches of medium tgthifire ignition density throughout the region.
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Figure 3.8 Relative fire ignition density in 3W for period (19662009) with adaptive kernel
density estimation method using-8.

In 3S Figure3.9) the largest contiguous area of higher fiition density is along the southern
border. Areas in the eastern half of the region have more patches of higtggritiioa density
compared to the western half. Contrarily, in &8(re3.10) clusters of high firégnition density are
more in western half of the region. In the East there are also small clusters of higitiva
density.

The fireignition density distribution in the whole study area is represkintBigure3.11. It shows
that northwestern part of the province (4S) has the highe#fiiteon density and it decreases
towards East. Firgnition density is also low in far northern areas. There are also few isolated
patcres of medium firegnition density in the southeast (3E). These results partially confirm the
findings of an earlier studyPpdur et al., 2003hat found a zone of high fire density in the northwest
of the province. Teir finding of another high fire density zone in the southeast of the province can
not be confirmed as the location is mainly outside the area of this study. Overall, this study provides

more details at finer spatial scale.
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Figure 3.9 Relative fire ignition density in 3S for period (19662009) with adaptive kernel

density estimation method using-6.
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Figure 3.10 Relative fire ignition density in 4S for periad (19632009) with adaptive kernel

density estimation method using-7.
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Figure 3.11 Estimated fire ignition density in the study areausing adaptive kernel density
estimation for the period 1960 2009

A defailed investigation of underlying causes of these ignition patterns was not possible since the
exploratory techniques used for this study do not incorporate covariates. Moreover, recall the purpose
of this study was to produce ignition density maps thaldcbe used as input for spatially explicit
landscape planning models. However, results were visually compared with some physical factors to
gain some insight. In their study, Podur et al. (2003) found more fires in elevated areas and suggested
topographyas the possible driving factor in the fire patterns. Results of this study support their

opinion as majority of the fire ignitions are in higher elevation areas.

Fire ignition patterns were also compared with distribution of different forest coveriyjies
study area and no visual relationship was observed. It is also likely that certain geological features
may influence the occurrence of lightning strikes and contribute in fire pattern formation. Maps of
various geological features (geological forimas, major iron formations and faults) were therefore
overlaid on fire density maps to find any relationship visually. Fire ignition density did not follow the
patterns of any of thesAccording to Hills (1959) Ontario has three regions of effective humidity:
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medium humid (humid eastern), driest humid (humid western) and sub humid, with a decreasing
gradient from the northeast to the southwest. According to this classification, 4S and 3S are in sub
humid region, 3W is in driest humid region and 3E in medium humid region He also discussed that
the temperature gradient decreases from the south tortie Rollowing this classification, 4S is in

the higher effective temperature region whereas 3S, 3W and 3E are in lower temperature region. This
also provides a likely explanation for the fire ignition patterns found in this study. 4S, where the
ignition density is the highest, experiences the most dry and hot climate. 3S though falls in sub humid
region and shares the same temperature zone with 3W. However, some areas of 3S being in more
north than 3W have less temperature than 3W and resultantly legmifiirens. Southern parts of 3S
though have high fire ignition density but overall 3W experiences more fires than 3S. 3E being in the
most humid region experiences the least fire ignitions which are mostly in the southern areas where
temperatures are reilely high. Thus results of this study confirm Podur et al. (2003) association of
high fire areas with higher elevations but these areas also coincide broadly with regions of Northern
Ontario that are relatively warm and dry. The relative influence afdheal factors of this

geographic fire pattern remains to be elucidated in details.

This study shows that fire ignitions in the study area are clustered. It is likely that the degree of
clustering is affected by other prominent landscape features. Tdsztgre is characterized by
hundredgo thousands of lakes of different sizes that were not considered in this study for fire ignition
pattern analysis. The research question about the scale of lightniegd ignition clustering in

Ontario boreal forestsan be revisited by including the patterns of lakes in the analysis.

Also, the lakes act as fire barrier that, due to the limitation of the statistical method, was not
possible to consider in the density estimation. It is therefore likely that in soaseddteigh

concentration of lakes, the ignition density is egstimatediue to smoothing across the areas

3.6 Conclusions

This study is a part of a project investigating the boreal fire regimes due to natural fires; therefore

only lightningcaused fire igrtions were analyzed. Our study employed spatial statistical tools to
analyze fire ignition patterns in Ontario managed boreal forests, and a calibration process for adaptive
kernel density estimation to reliably estimate fire ignition density by redusgEigumderestimation

error. Results were also compared visually with somebiical factors to identify the potential

causes of the observed fire ignition patterns in the studyHneanain findings of the study are; (i)
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selection of a representatistudy area is important because spatial patterns change with changes in
the boundary, (ii) NNI and thi€-function analyses both showed that lightrgayised firégnitions in

the study area are spatially clustered, (iii) the estimated degree of theirfuster depend on the
method used, (iv) reliable density estimates can be obtained by using a smoothing parameter that
minimizes over/undeestimation error, (v) the firgnition density in the northwest ecoregion (4S) is
the highesand(vi) the fireignition density in the eastern ecoregion (3E) is the lowest. It was also
noticed that Ontario forest fire dedeenot free from locational errors although, such errors appear to
be minorin magnitude and frequency, nor should such small errors havgesiinpact on the

estimated densities

It was observed that at a broader scaleidinitions in the studyarea follow the wetknown
combined humidittemperature gradient. Also the visual comparisons of ignition patterns with forest
types, topography and different geological formations did not show any relatioRshiper research
is suggested to investigathe combined effect of these factors on ignition patterns in the study area
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Chapter 4

Sensitivity of simulated fire regi me

P

of fire 1 gnitiacnasaes ssutmipdtyi ofnrsom Ont ari o

bor eal f orest s

Summary

The characterizatioof forest fire regimes is pivotal to improve our understanding of boreal forest
dynamics and for the success of management practices attempting to emulate fire disturbances. In this
study the BFOLDS model was used to simulate boreal forest fire regimiesif ecoregions (3E,

3W, 3S and 4S) in Ontariander two fire ignition scenarioanweightedandweighted Four non

spatial (total number of fires, total burn area, number of fires by size classes, annual burn fraction)
and one spatial (spatial burmopability - SBP) fire regime indicators were compared to test the
hypothess of statisticallyno differencaunderunweightedandweightedignition scenarios. Overall

the results for nospatial indicatorat 95% confidence interval (C$howed no significant

differences irthe simulated fire regimesnderunweightedandweightedignition scenaris.

However the spatial indicatdr SBPi captured clear spatial differendastweerunweightedand
weightedignitions Results of thaveightedscenario closely followed the spatial patterns of fire
ignition density in the study area. Under tim@weightedscenario, SBP in some areas was under
estimated and in some other areas it was-esémated. Based on the results of SBIB study

rejects the null hypothesis aathphasizethat ignition patterns must lm®nsidered in simulating

forest fire regime.

4.1 Introduction

Fires occur frequently in the boreal forests (Rowe & Scotter, 1973; Telesca et al., 2005) and are
believed to shape boreal vegetation dynamics (Payette, 1992; Suffling et al., 1988; Turner & Dale,
1991) by influencing many aspects including species distribution (Flannigan & Bergeron, 1998;
Suffling, 1995), species composition (Bergeron g28l04: Veraverbeke et 312010), species age
class distribution (Bergeron et,&2001) etc. The surviviaof boreal forests despite tipeesence of

these disturbancefor centuries, provides sufficient evidence that fires are an integral part of that
ecosystem (Millers et al2008; Rowe & Scotted 973) and the natural variability in the system

caused byhem is a vital attribute that can provide guidance for forest management to maintain
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biodiversity and achieve forest sustainability (AttindlD94; Landres et al1999; Leopold et al
1963; Perera & CuR010).

In Ontariqg two thirds (about 50 million ) of the forests are boreal. These extend between the
northern limits of the Great Lakes St. Lawrence forests to the Hudson Bay lewlé&@dmost boreal
forests, these forests are atdmracterizedy fires (Perera et all998). To maintain biodiveityi and
achieve forest sustainability, the provincial forest managegwedelines emphasizaeserving the
fire-driven natural dynamics in these forests (OMIMB01). The fire driven vegetation dynamars
however, poorly understood due to the compleixitire phenomena (Telesca et, 2005). Fire
ignition and its spreadrehighly variable procegscontrolled by a complex interaction between
different environmental factors (Millers et,&008) includingthe sources ofgnition, weather
conditions,vegetation and topography (Mermoz et al., 2005). Characterizattbefirle regimesis
therefore needed for understanding fire phenomena and the subsequent vegetation dynamics (Perera
et al, 2009; Suffling & Perera2004; Telesca et aR007; Vazquez &Moreng 2001). One approach
to characterizeuch aregime is the empirical studies of fire histories. Due to sqtatigporal
variability in fire occurrence there are many possible forest fire regime characterizations (Perera &
Buse 2006) that empirical atlies can not capture (Perera et2009). Results of such studies
therefore can not be generalized for forest management parposelternative approach is to use
models that incorporate knowledge about large scale fire processes to simulatenfies (€ziry et
al., 2006; Li, 2000a; Suffling & Perer®004). Generally, these models simulate fires as a function of
different environmental factors (fuel, weather, topography) using sophisticated fire spread algorithms
(Couce & Knorr2010; Cui et al 2009; Millers et al, 2008; Weaver & Perey2004).To capture long
term fire dynamicssimulations are normally run over hundreds of years2@®0b, Wimberely et al.
2000).

Each fire event in simulation modeling is characterized by its location, occertiere and area
burned (Tuia et al2007). Due to spatial variability of relevant environmental factors (weather,
vegetation, topography) the ignition locations can substantially influence fire occurrences and the
subsequent fire regime (de Vasconcelosl.e2001; Parisien & Moritz2009). This accentuates the
need to properly consider the fire ignition patterns of the study area while seeding ignitions in the
model (Catry et al2008; Krenn & Hergarter2009; Weaver & Perey2004). Though firegnition
locationsare spatiallynonrandom (Genton et aR006), many simulation studiesndomly distribute
fire ignition acr oss. 2000;®ordn2004dMuccMeasuet 206 APerdra e a
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& Cui, 2010). Some of these studies (Dqrad04; Perera & Cyi2010) also ran simulatistbased on
aweightedignition scenario to account for the uncertainty about real ignition spatiainzatkr the
studies that seeded fire ignitions spatiadilgdom in the simulations, it was assumed thaeeithese
were lacking the data for spatial patterns or that they relied on the assumption that including or
ignoring the ignitiorspatialpatterns would not affect the model output. In the context of the latter
assumption, no study was found in the literaturetjqadarly for Ontario boreal forests thahalyzed
the modeled forest fire regimanderunweightedandweightedignition scenarios. Ténobjective of
this studyis to demonstrate the implications of accounting for ignition spatial patterns in simulated
forest fire regima. Theweightedignition scenariefor this studyaregenerated fromanalyzingd7
years lightningcaused firg, asdiscussed in detail i6hapter 3Here wetest the null hypothesis that
statisticallythere is no significant ffierence in simulated forest fire regimas Ontario managed
boreal forestswith and without accounting for forest fire ignition patterns.

4.2 Study Area

The study areaqjgure4.1) includes Ontario managed boreal forests in ecorsg8E, 3W, 3S and
4S. Some areas of 3S in the North and northwest; and of 3E in the northeast (shownFignitein
4.1) were excluded in the analysis due to+amailability of soil and forest cover data.

Throughout the studyr@a, black sprucd?{cea marianaiis the main species in old forests.
Although, black spruce and jack pirféirfus banksiangare the main species in young stands (Racey
et al., 2000), the species compasition varies throughout the study area due toceifaregeo
climatic patterns (Hills, 1959) ansgalso mediated by fire regimes (Suffling, 1995). In 3E besides
black spruce, trembling aspanapulus tremuloidgswhite birch Betula papyriferg, balsam fir
(Abies balsam@aand white spruceP(cea glaucaare also abundant (Latremouille et al., 2008). In
3W, white birch, and poplar are common species; and cesofafer mixedwood is more dominant
than conifethardwood mixedwood. In 3S poplar forms both pure and mixedwood stands. About a
guarter of this eoregion is mixedwood with major proportion of conifardwood. In 4S, other pine
species are red pinPifius resinospand white pineRinus strobug and coniferconifer mixedwood

is dominant (Racey et al., 200@)etails on species composition are glsovided in Sectio2.1

Stand replacing fires are the most dominant natural disturbances that shape the landscape of the

forests in the study area (Latremouille et 2008; Perera at atl998; Racey et gl2000).
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Figure 4.1 Location of the study area in Ontario, Canada. Labels are the name of ecoregi®on
(Hills, 1959)

4.3 Methods

4.3.1 Simulation Model

In this study BFOLDS was used to simulate forest fire regimes. This model ded/blptee Ontario
Forest Research Institute (OFRI) is used by OMNR and academic researchers for studies involving
boreal forest fire reginggCui et al., 2009). BFOLDS is a rasteased spatially explicit model that
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uses a procedsased fire simulation modeiko simulate forest fire eventsaat ha spatial resolution.
BFOLDS follows the principles of Canadian Fire Behaviour Prediction (BB&Em(Forestry

Canada Fire Danger Grouf992) and is capable of simulating multiple fires simultaneously over a
large area. It simulates different fire processes (ignition, spread, and extinguishment) as a function of
fire weather, topography and fuel type. A fire in BFOLDS burns ang gell only when it has

burnable fuel types and when ttheff moisture cde’ (DMC) is above a standard threshold value. The
model also assumes that (i) once burnt a cell consumes all itsdaahot burn again for next ten

years; and (ii) regardless of the above mentioned favourable conditions, all fires extinguish at the end
of fire season (Julian day 304). Description and functioning of the model is discussed in details by
Ouellette (2008) anBerera et a(2008).

4.3.2 Simulation Scenarios

As mentioned in Sectioh.3.1BFOLDS requires a threshold value of DNtCignite fires. In this

study the threshold values were set following Perera €@09. For ecoregioa3E and 3Wa

threshold oR0+2was employedand for 3S and 48& threshold o#i0+4was usedThe model was
initialized for 100 years for each ecoregiusing present day land cover compaosition (forest type and
age). Forest composition at the end of initialization period was then used as base forest composition
in simulations. Two fire ignition scenarios, nametyweightedscenario Aandweighted (sceario

B), were used in this study. Under tlneweightedscenariofire ignitions were seeded randomly

across the study area. Under weightedscenario, fire ignition patterns were used to spatiaéight

the seeding of fire ignitions. These ignitiontpats were estimated using forest fire data in the study
area for the period 1968009. The details of the methodology used to calctitese weightedrids
arediscussed ilChapter 3f this thesis. For eaalf the4 ecoregims, 30 simulations were run under
eachof the2 scenarig resulting in total 240 simulations. To capture robust estimates of fire regime
characteristics each simulation ran for 200 years (Perera 20@®). During a simulation run, each
year was randomilassigned a weather year from 196%9. For consistency, corresponding
simulation years under both scenarios were assigned the same weather year. Once a simulation
started, the land cover changed as a function of age and/or due to fire disturbantsequaes

succession.

® Index that represents the moisture contents of the upper layers of forest floor where litter begins to decay.
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4.4 Results and Discussions

To reduce boundary effectsbaffer of 25 km was clipped from each ecoregion used in the
simulationsand data analysis was performed on the remaining studyCatawere analyzed for
four nonspatial (totahumber of fires, number of fires in different size classes, total burnt area,
annual burn fraction ABF) and one spatial (spatial burn probabilit$$BP) fire regime indicators.

Each indicator was calculated for each simulation under each scenario.

4.4.1 Fire Regimes i Non-spatial Aspect

Resultsfor non-spatial fire regime indicators fanweightedandweightedignition scenarios were
statistcally compared by calculatings% confidence intervals (CIIf. limits of Cl contain the value
0, the Pvalue isat lea$ 0.05. In this caseiffierences in valueareconsideredtatisticallynon

significantat the 5% level

Results for each indicator for 30 simulations under each scenario aresftbwanxplotsand
discussed in detail in thigection.In each boxplot, th boxed area represents the interquartile range
andthe horizontaline in eachbox shows the mediaihe ends of the vertical baegtend above and
below 1.5 times the interquartile rangedpotentialoutliers outside of this range are identified by an
x. Naming scheme on the-akis represents the ecoregion and the scenario. For examplergans

unweightedscenario for ecoregion 3E and-BEmeansveightedscenario for ecoregion 3E.
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Figure 4.2 Boxplots and 95% ClI limits for the number of firesin each ecoregiorover the

simulation period.

Figure4.2 shows the boxplots (for 30 simulations) for the number of fires over the simulation
period and 95% CI limits fathe correspondingiffierence in the means feach ecoregiorResults
show that overall 4S has the maximum number of fires with a mean of 10743 and 11468 fires for
scenarioA andscenarid respectively. 3W (6931, 7492) has the second most number of fires
followed by 3E (5046, 4805Y¥hereas3S received the least number of fires (1712, 198d3ults at
95% CI show that foeachecoregiorthe meamumber of fires under both scenarios are significantly

different.

To see the differences in the distribution of the number of fires iardiff fire sizes, and to
investigate the source of the resyltesentedn Figure4.2, the total number of fires were divided in
five size classes: nameBA (1-10 ha),C10 (11100 ha),C100 (1021000 ha)C1000 (100110000
ha) and C10000 (over 10008a).Figure4.3 shows the boxplots of simulated number of fires in these

size classes for individual ecoregions under the two scenarios. Cl values are preseathézdlifh.
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Figure 4.3 Boxplotsfor number of fires in size classe€C1, C10, C100, C1000 and C100ph

each ecoregiorover simulation period underunweighted(A) and weighted (B) ignition

scenarios
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Table 4.1 95% Confidence intervals for the difference in the mean number of fires for each of

the five fire size classes

3E 3W 3S 4S
Fire Size Lower | Upper | Lower | Upper | Lower | Upper | Lower | Upper
Classes limit limit limit limit limit limit limit limit
C1 200 432 -480 -171 40 104 -924 -354
C10 -71 -2 -124 -118 0.43 18.64 | -92 -10
C100 -64 36 -190 -17 7 37 -127 39
C1000 -46 5 -154 29 0.89 32 -53 69
C100m@ -13 6 -22 25 1.21 16.32 | -2 3

Results show that under both scenarios thelmaur of fires in 3E, 3W and 4S in larger size classes
(C1000andC1000Q are similar. The numbers of fires in smaller size classkaiidC10) are
significantly different in all ecoregions. Since in size clasdires (the smallest fires) are the most
frequent, this has influenced the results of total number of figarg4.2). Results for 3S show that

numbers of fires in all classes under both scenarios are significantly different.

Results shown ifigure4.4 represent the boxplots of simulated burnt areas over the simulation
period and 95% CI limits for each ecoregion. Overall the maximum area was burnt in 3W with mean
burnt area of 9880912 lfscenarioA) and 10007115 ha¢enaridB); followed by 3E (3931369 ha,
4006461 ha), 4S (2660488 ha, 2593918 ha) and 3S (2161422 ha, 1893180 ha). Results at 95% CI
show that in 3E, 3W and 4S total burnt areas hawifferences at 95% Glnder both scenarios
whereas, total burnt areas in @&derunweightedandweightedignition scenariogre significantly
different.As fewer largdfires are responsible for most of the area huh results of number of fires

in larger size classebiQure4.3, Table4.1) corroborate the resslof total burnt area.
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Figure 4.4 Boxplots and 95% CI limits for total area burnt in each ecoregion over the

simulation period.

Comparing the total area burnt is not a useful measure if study areas ferentifizes. In such
situations annual burn fraction (ABF) is a better indicator. ABF is the average annual percentage area
burnt out of the total forested area during the simulation period (Perera2€08)).Equation 4.1
shows the mathematical expsam to calculate ABF

“YE OIO@DD | @d1 'GENIQQA 6 0 @ WQEE Q
YQ4& 6 0 @ RNEEID Wi Y€ OINDBB QOE | ‘Qip()n

560 o (41)

The boxplots of simulated ABF ovthe simulation period and 95% CI limits for each ecoregion
are shown irFigure4.5.The mean ABF (for 30 simulations) is highest3@Y: scenaricA (1.06%),
scenaridB (1.07%); followed by 3S@.81%, 0.71%) and 4S (@L7%, 046%). 3E has the lea®tBF
(0.2%, 0.2%). For 3E, 3W and 4S corresponding values o@D, 0.01),40.09, 0.07) and-(

0.03, 0.05) respectively show no significant difference in ABF under both scenarios. Contrarily, Cl
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for 3S (0.02, 0.18) shows that ABFs are significantffedént under both scenarios. In this respect

results for 3S are justified as btiareas for it are also significantly different under both scenarios.
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Figure 4.5 Boxplots and 95% CI limits for annual burn fraction (ABF) in each ecoregion over

the simulation period.

The results for 3S were further investigated to find plausible cause for different behBigate.
4.6 shows the ignition density of 3S used for simulations undewr#ightedscenario. It shows that
the ignition density is the highest along the southern border of the ecoregion. However, when buffer
was clipped from the area majority of the high ignition density area was left out. The actual data used
in final analysisvas for the area inside the polygon (black outlined ar&&gure4.6). This means
that due to the buffer a reasonable number of fires and the burnt areas umggeglivedscenario
were excluded from the analysithe gatial lurn probability magor theweightedscenario Figure
4.9(b)) also illustratesnore fire occurrecealong the southern border. Comparison of numbers of
fires and areas burntéble4.2) also confirms thatumber of fires and the burnt area were less under

weightedscenario. Due to neavailability of data for the adjoining areas it was not possible to create
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an outside buffer and run an analysis for the entire ecoregions. This suggests, however,tthat resul

couldbe improved if the data for these adjoining areas were available.

IgnitionDensity
-— High : 0.400
[ 0 25 50 100 150
- Low : 0.006 [ —A=—  S—

Kilometers

Figure 4.6 Ignition density in 3S used forweightedscenario in BFOLDS simulations Black line
shows the boundary of the clipped aga.
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Table 4.2 Comparison of average number of fires and burnt area for 30 simulations in 3S

Unweighted Scenario Weighted Scenario

Fire Size Classes Number of fires
C1 (%10 ha) 1058 986
C10 (13100 ha) 133 123
C100 (1011000 ha) 248 226
C1000 (100410000 ha) 219 203
C10000 (>10000 ha) 55 46
Total Burnt Area 000 ha

2161.4 1893.2

4.4.2 Fire Regimes i Spatial Aspect

Forestfires are a spatial phenomenon whose distribution and behaviour can varyadandssape.
The guantification of these spatial characteristics is very important for forest management. To explore
for any spatial patterns in the fire regimes, spatial burn probability)(®B® calculated for each
pixel. Equation4.2 shows the mathematicekpression for SBP for a given pixel.
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SBP mapsKigure4.7i 4.10)" show the spatial variability in burn prahility in the study area and
illustrate the general findings that fire regimes in boreal forests have considerable spatial variation
(Keane et al., 2004)n 3E undeunweightedscenario Figure4.7(a)), areas of medium to hi§SBP
are throughout the ecoregion except the northeastern part whereasyeigtéedscenario Figure
4.7(b)) areas of medium to high SBP are mainly concentrated in the South and the West. In 3W under
unweightedscenario Figure4.8(a)) some areas in thgorth have very high SBRnd medium SBP
areas are spread throughout the region whereas, wedghtedscenario [Figure4.8(b)) most of the
medium to high SBP areas are in tloaith and the West with a few areas of medium SBP in the
North and northeast. SBP of 3S also show clear differences under both scenariosin\eighted

scenario [figure4.9(a)) areas with medium SBP are spread throughout therr@ghereas, under

"White areas in the maps are areas under water bodies (lakes, rivers etc)
'¢KS GSN¥Ya aYSRAdzZYéS GKAIKE dzaSR Ay GKAaa asSoOlAaAzy | NB
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weightedscenario Figure4.9(b)) medium SBP areas are mainly concentrated in the South and
southeast with two prominent patches of high SBP. In the western part, there is another area of high
to medium SBP thattretches from the South to the North. Spatial differences of SBP are also
obvious in 4S. Undainweightedscenario Figure4.10(a)) medium to high SBP areas are manly
stretched from southeast to northwest whereas, uneightedscenariqFigure4.10(b)) areas with

medium to high SBP are throughout the region with higher concentration in central and western parts.
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Figure 4.7 Spatial burn probabilit y maps of 3E under ignition scenarios (ajinweighted (b)
weighted

62










































