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ABSTRACT

Wildfire is one of the main natural disturbances that consume a substantial amount of forest
cover, influencing and reshaping the landscape mosaic of boreal forests. Wildfires do not burn
the entire landscape; they rather create a complex mosaic of post-fire landscape structure with
different degrees of burn severity. The resulting spatial mosaic includes fully burned, partially
burned, and unburned areas. Even though the most visible components of a fire disturbed
landscape are the completely burned areas, a considerable number of residual patches of various
size, shape, and composition are retained following a fire. The residual patches refer to remnants
of the pre-fire forest ecosystem that left completely unaltered within the fire footprint. Improved
understanding of the patterns and characteristics of wildfire residuals provides insights for
investigating the effects of fire disturbances, emulating forest disturbances in harvesting
operations, and improving forest management planning. Knowledge about the post-fire residuals
relies on how well we measure the patterns and characteristics of post-fire residuals, determine
the factors that explain their occurrence and patterns, and what consistent measurement
framework we use to understand the patterns and predict their likely occurrence. In this study,
the patterns and characteristics of post-fire residuals was initially examined based on eleven
boreal wildfire events within northwestern Ontario; each ignited by lightning and never
suppressed. The wildfire events were occurred in ecoregion 2W during the fire seasons of 2002
and 2003. In order to design a consistent and repeatable method for measuring the patterns of
residuals, an integrate approach has been designed. This involves assessing the spatial patterns
where the composition, configuration, and fragmentation of residual patches were assessed
based on selected spatial metrics; examining the importance of predictor variables that explain
residuals and their marginal effects on residual patch occurrence using Random Forest (RF)
ensemble method; and developing a spatially explicit predictive model using the RF method
where the combined effects of the variables were examined. Finally, the three approaches are
applied and evaluated using a recent and independent data from the extensive RED084 wildfire
event that occurred in 2011 within the adjacent ecoregion (3S). The effects of analytical scale
(i.e., spatial resolution) on characterizing the spatial patterns, determining the relative variable
importance, and predicted probabilities of residual patches are assessed. The results show that
the composition and configuration of wildfire residuals vary as a function of measurement, spatial
resolutions, and fire event sizes, suggesting the variation in fire intensity and severity across the
fire events. The patterns of wildfire residuals are also sensitive to changing scale, but the

responses of the spatial metrics to changing spatial resolutions are grouped into three categories:
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monotonic change and predictable response in which three shape related metrics (LS|, MSI, and
FRAC) show a predictable responsible; monotonic change with no simple scaling rule; and non-
monotonic change with erratic response. The results also reveal that the factors that are
incorporated in this study interactively affect the occurrence and distribution of residual patches,
but natural firebreak features (e.g., wetlands and surface water) were among the most important
predictors to explain wildfire residuals. Furthermore, the model implemented to predict residual
patches has a reasonable or high predictive performance (‘marginal’ to ‘strong’ model
performance) when it was applied in wildfire events that occurred in the same ecoregion.
However, the predictive power of the model is low for the independent fire event (RED084). The
overall findings of this dissertation reveal that the 1) predictive model based on RF is robust
enough to determine the relative importance of the predictors and their marginal effect; 2) the
model was flexible enough to identify areas where wildfire residuals are likely to occur; and 3)
there is a repeatable, robust measurement framework for characterizing residual patches and

understanding their variability across different wildfire events.
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certain fire events (NA indicates none of the metrics in the event has this
response curve). The y-axis shows the LPM values normalized by max value of

LY Te] g T 0 1] (o=

Figure 2.10. Land cover composition of residual patches: the variability in the proportion of
fire footprint occupied by existing residual patches; the variability in %LAND
across the five spatial resolutions by land cover types. Each box in the plot is
based on the residual patch area computed across the five spatial resolutions by
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Figure 2.11. Residual patch fragmentation: the variability in the number of residual patches
occupied by different cover types; each box in the plot is based on the metric

values obtained at five spatial resolutions. ...

Figure 2.12. Residual patch composition: the variability in LPI across the five spatial
resolutions by land cover types; each box in the plot is based on the metric

values obtained at five spatial resolutions. ............cccueeeiiiiiiiiiiii e,

Figure 2.13. Variability in the proportionate extent of residual patches in external 100 m
wide buffer rings with increasing distance from natural firebreak features (i.e.,
water); each box in the plot is based on the residual patch area computed
across 11 fire events (at R4 and Rj;). The y-axis shows logarithm of residual
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Figure 2.14. Variability in the proportionate extent of residual patches in internal 100 m
wide buffer rings with increasing distance from footprint perimeters; each box in
the plot is based on the residual patch area computed across 11 fire events (at

R4 and Rj3;). The y-axis shows logarithm of residual patch area..............................

Figure 3.1. Hypothetical example of spatial language: existing residual (presence data) and
null-residual patches (absence data) within a fire footprint. The number, size,
shape, and orientation of null-residual patches mimic the existing residual
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Figure 3.2. Conceptual simulation design producing map of null-residual patches (absence-
data). The algorithm was designed to randomly generate absence-data in
areas defined as suitable for placing null-residual patches. The initial step in the
algorithm was to determine areas that are considered suitable for placing the
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Figure 3.3. Estimating mean zonal values of predictor variables for each residual patch: a)
the existing residual patch could be considered as a ‘zone’ for estimating the
mean zonal values of each predictor, but the patch may be too large to be
considered as a single patch as it has a range of values that would mislead the
estimation, and b) a series of internal 100 m wide buffer rings were created from
the edge of the fire perimeter and each portion of a residual in a single buffer
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Figure 3.4. RF implementation for assessing the importance and marginal effects of the
predictor variables. The two RF implementations (cforest and randomForest)
were considered to identify the relative importance of the predictors and
examine the partial dependency of the response variable on the predictors
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Figure 3.7. Box plots for the relative importance of the predictor variables considered in this
study, for the large sized fire events; each box in the plots is based on the

..90

.. 94

... 98

importance values computed across different spatial resolutions. ..............ccc.uveee.. 100

Figure 3.8. Box plots for the relative importance of the predictor variables considered in this
study, for the medium sized fire events; each box in the plots is based on the

importance values computed across different spatial resolutions. ..............cccceeeee. 101

Figure 3.9. Box plots for the relative importance of the predictor variables considered in this
study, for the small sized fire events; each box in the plots is based on the

importance values computed across different spatial resolutions. ............................

Figure 3.10. Partial dependence plots for selected predictor variables for random forest
predictions of the presence of residual patches for FO1 at R4, Rg, R4, R3», and
Rs4. Partial dependency is the dependence of the probability of presence on one
predictor variable after averaging out the effects of the other predictor variable in
the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock
and non-vegetated areas, and Rl — ruggedness index) while the y-axis is a half

of the probability of occurrence (EQUAation 7)............eeeevieiiiiiiiiieeee e

Figure 3.11. Partial dependence plots for selected predictor variables for random forest
predictions of the presence of residual patches for FO6 at R,, Rg, R4, Ra2, and
Rs4. Partial dependency is the dependence of the probability of presence on one
predictor variable after averaging out the effects of the other predictor variable in
the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock
and non-vegetated areas, and RI — ruggedness index) while the y-axis is a half

of the probability of occurrence (EQUation 7).........cceeviiiiiiieiiiiiiee e

Figure 3.12. Partial dependence plots for selected predictor variables for random forest
predictions of the presence of residual patches for FO8 at R,, Rg, R1s, Ra2, and
Rs4. Partial dependency is the dependence of the probability of presence on one
predictor variable after averaging out the effects of the other predictor variable in
the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock
and non-vegetated areas, and Rl — ruggedness index) while the y-axis is a half

of the probability of occurrence (EQUation 7).........ccueeviiiiiiiiii e

Xiv

.102



Figure 3.13. Partial dependence plots for selected predictor variables for random forest

predictions of the presence of residual patches for F10 at R,, Rg, R4, Ra2, and

Rs4. Partial dependency is the dependence of the probability of presence on one

predictor variable after averaging out the effects of the other predictor variable in

the model. The x-axis of each plot indicates the explanatory variables (WL —

distance to wetland, WA — distance to surface water, BV — distance to bedrock

and non-vegetated areas, and Rl — ruggedness index) while the y-axis is a half

of the probability of occurrence (EQUation 7).........cceeveviiiiiiiiiiiie e 109
Figure 3.14. A box plot that shows the variability of the RI values computed for each fire

event; each box in the plot is based on the Rl values computed at different

Spatial FESOIULIONS. ......eeiiiiii e e e e e e e e e e e e e e e e aanes 112
Figure 4.1. Graphical depiction of RF model implementation,1) the model generates

multiple classification trees for each bootstrap sample of the training data, and

2) it combines the results from multiple models for final prediction using a

(4aF= 1] 1Yo 1 ] o TSP 121
Figure 4.2. Overview of the data partitioning (hold-out or k-fold partitioning) approach

implemented in this study for the allocation of cases to training and testing data

sets. The data records from a single fire event (e.g., FO1) is used for testing

while data records from the remaining 10 fire events (e.g., F02 to F11) were

used for model construction and calibration. ..........ccccccccveiiiiiii i, 125
Figure 4.3. The derivation of the confusion matrix used as a base for measuring the

performance of presence-absence models. The table cross-tabulates observed

and predicted patterns: a) true positive; b) false positives; c) false negatives;

aNd d) tre€ NEGALIVES. ... a e e 126
Figure 4.4. Hypothetical example of ROC graph in which the sensitivity (true positive

proportion) is plotted against the false positive proportion for a range of

threshold probabilities. A perfect model follows left of the axis and top of the

plot while the 45° line represents the sensitivity and false positive values

expected to be achieved by chance alone for each decision threshold. .................... 129
Figure 4.5. The discrimination ability of the model to distinguish between residual and null-

residual patches: variability of predicted probability values associated with

residual (R) and null-residual (N) patches, for the large sized fire events. ................ 133
Figure 4.6. The discrimination ability of the model to distinguish between residual and null-

residual patches: variability of predicted probability values associated with

residual (R) and null-residual (N) patches, for the large sized fire events. ................ 134
Figure 4.7. The discrimination ability of the model to distinguish between residual and null-

residual patches: variability of predicted probability values associated with

residual (R) and null-residual (N) patches, for the large sized fire events. ................ 134
Figure 4.8. Graphical representation of the predictive performance of RF model for the 11

fire events; each ROC curve in the plot depicts model's performance at specific

Spatial reSOIULION. ...t e e e e e e e e e 136
Figure 4.9. The predictive performance of the model as a function of scale: the dashed line

in each plot shows the AUC values computed at different spatial resolutions

while the solid line is the best fit model. ..........cccoeiiiiiiii e, 139
Figure 4.10. Predicted probability maps of residual patch occurrence for large sized fire

events (FO1 and FO6) at Rj,; lighting shading — greater chance of residual patch

occurrence, cross-hatched areas — distribution of wetlands, and light blue —

AISTANCE Of WALEK ... . e e e e e e e e e e e e nnnes 141
Figure 4.11. Predicted probability maps of residual patch occurrence for large sized fire

events (FO8 and F10) at Rj; lighting shading — greater chance of residual patch

occurrence, cross-hatched areas — distribution of wetlands, and light blue —

AIStaNCe Of WA ... e 142

XV



Figure 4.12. Predicted probability maps of residual patch occurrence for medium sized fire

events (FO4 and FO5) at Ry, lighting shading — greater chance of residual patch

occurrence, cross-hatched areas — distribution of wetlands, and light blue —

AISTANCE Of WALEK ... . e e e e e e e e e ennes 143
Figure 4.13. Predicted probability maps of residual patch occurrence for medium sized fire

events (FO7 and F11) at R, lighting shading — greater chance of residual patch

occurrence, cross-hatched areas — distribution of wetlands, and light blue —

AISTANCE Of WALE......eeiii e st e e s snraeeeeans 144
Figure 4.14. Predicted probability maps of residual patch occurrence for small sized fire

events (FO2, FO3, and F09) at R, lighting shading — greater chance of residual

patch occurrence, cross-hatched areas — distribution of wetlands, and light blue

— dIStANCE Of WaALET......eiiiiie e 145
Figure 5.1. Location of the RED084 fire event in relation to Ontario’s ecoregion boundaries

and the Area of Undertaking (AOU) within which forest management zones

Figure 5.2. Outlines of the six Ikonos image scenes used to generate the extent of the

REDO084 fire footprint. The blue outlines show the scene for images acquired in

2011 while the red outlines are the extent of the cloud free lkonos images from

2O PR STPP 159
Figure 5.3. The extent of the RED084: the fire footprint, the path of the reconnaissance

survey of RED084, and the distribution of the sample locations used for

ACCUIACY ASSESSMENT. 1.iiiiiiiiiiie e e e ettt e e e e e e e e et er e e e e e e s e s b e aeeeeaeeesssnsrsaneeeaaeeeaannrne 162
Figure 5.4. Residual patch occurrence in a variety of physiographic settings: a) abundance

of natural firebreak features — surface water, b) residual patches of different

cover types, and c) residual patches exist in closer proximity to natural firebreak

features (e.g., WeHaNdS). .......ooueiiiii 163
Figure 5.5. Stepwise criteria used to delineate fire footprint and extract post-fire residual

patches within a fire-disturbed landscape (Modified from Remmel and Perera

20101 I USRS 167
Figure 5.6. Land cover classification of Ikonos image at 4 m spatial resolution containing 14
[ANA COVET CIASSES. ...ttt 171

Figure 5.7. The extent of the RED084 fire footprint obtained from the classification Ikonos

image and the corresponding OMNR fire region as well the distribution of post-

fire residual patches extracted from at 32 m spatial resolutions. .............ccccveeeeeeennn. 174
Figure 5.8. A box plot that shows the variability of residual patch size across all the 12 fire

events studied in this dissertation at 4 m spatial resolution, each box in the plot

is based on the residual patch area computed within fire footprint. ...............c....cec.. 175
Figure 5.9. Scalograms showing effects of changing grain size on landscape: shape related

metrics that exhibit monotonic decreasing function and predictable response

with increasing grain sizes. The dot-lines show the observed LPM values for

REDO084 at different spatial resolutions while the box plots are based on the

LPM values obtained from the 11 fire events studied in Chapter 2 (2.3.2; Figure

Figure 5.10. Scalograms showing effects of changing grain size on landscape: LPM values
exhibiting a monotonic change but do not show a robust scaling rule (i.e., in
relation to the metrics studied for the 11 fire events). The dot-lines show the
observed LPM values for RED084 at different spatial resolutions while the box
plots are based on the LPM values obtained from the 11 fire events. ...................... 178

XVi



Figure 5.11. Land cover composition of residual patches: 1) the variability in the proportion

of landscape (%LAND) occupied by residual patches; the variability in %LAND

across the five spatial resolutions by land cover types; 2) the variability in the

number of residual patches (NP) occupied by different cover types; each box in

the plot is based on the metric values obtained at five spatial resolutions; and 3)

the variability in largest patch index (LPI) across the five spatial resolutions by

land cover types; each box in the plot is based on the metric values obtained at

five spatial reSOIULIONS. ........cooiiiiieieee e 180
Figure 5.12. The proportionate extent of residual patches in external 100 m wide buffer

rings with increasing distance from natural firebreak features (i.e., water). The

y-axis shows logarithm of residual patch area. ...............ccoooiii i, 181
Figure 5.13. The proportionate extent of residual patches in internal 100 m wide buffer

rings with increasing distance from the fire footprint perimeter. The y-axis shows

logarithm of residual patch area. ............coooiiiiiiiiiii e 182
Figure 5.14. The distribution residual patches extracted from classified Ikonos image and

the algorithmically simulated null-residual patches for the RED084 fire perimeter

at 32 m spatial reSOIUtION. ... e 183
Figure 5.15. Variable importance plots for predictor variables from RF classifications used

for predicting presence of residual patches in the RED084. The variable

importance score is based on the mean decrease in accuracy. Higher values of

mean decrease in accuracy indicate variables that are more important to the

ClaSSIfICALION. ...eiiiiiie e 185
Figure 5.16. Box plots for the relative importance of the predictor variables considered for

predicting residual patch occurrence within the RED084; each box in the plots is

based on the importance values computed across different spatial resolutions. ....... 186
Figure 5.17. Partial dependence plots for selected predictor variables for random forest

predictions of the presence of residual patches for RED084 at R,, Rg, R+s, Raz,

and Rg,. Partial dependency is the dependence of the probability of presence on

one predictor variable after averaging out the effects of the other predictor

variable in the model. The x-axis of each plot indicates the explanatory

variables (WL — distance to wetland, WA — distance to surface water, BV —

distance to bedrock and non-vegetated areas, and RI — ruggedness index) while

the y-axis is a half of the probability of occurrence (Equation 7)...........ccccceeeviveeeenns 189
Figure 5.18. Graphical depiction of the model’s predictive performance.............cccoccceeveeeeiiinnns 192
Figure 5.19. Predicted probability map of residual patch occurrence in the RED084 at R,. ....... 195
Figure 5.20. Predicted probability map of residual patch occurrence in the REDO04 t at Rs,. ...... 196

XVii



Acronyms and abbreviations

AB:
AML:
AS:
AOU:
AUC:
BC:
BV:
BU:
CA:
CART:
CB:
CBI:
CS:
DC:
DE:
DEM:
EL:
END:
ESA:
FAO:
FRAC:
GAM:
GIS:
GLM:
GOC:
IFFN:
LC:
LPI:
LPM:
LS:
LSI:
MA:

MAUP:

MB:
MNN:
MNR:
MPS:
MSI:
NDPE:
NP:
NRC:
NT:
OB:
ON:

OMNR:

OP:
PA:
PB:

Alberta

Arc Macro Language

Alder Shrub

Area of Undertaking

Area Under Curve

British Columbia

Bedrock and non-Vegetated

Burn Area

Class Area

Classification and Regression trees
Complete Burn

Canadian Boreal Initiative

Cloud and Shadow

Dense Conifer

Deciduous

Digital Elevation Models

Elevation

Emulation of Natural Disturbance regimes
Ecological Society of America
Food and Agricultural Organization
Fractal Dimension

Generalized Additive Model
Geographic Information Systems
Generalized Additive Model
Government of Canada
International Forest Fire News
Land Cover

Largest Patch Index

Landscape Pattern Metrics

Low Shrub

Landscape Shape Index

Marsh

Modifiable Areal Unit Problem
Manitoba

Mean Nearest Neighbour

Ministry of Natural Resources
Mean Patch Size

Mean Shape Index

Forest Management Guide for Natural Disturbance Pattern Emulation
Number of Patches

Natural Resource Canada
Northwest Territories

Old Burn

Ontario

Ontario Ministry of Natural Resources
Open Wetland

Producer’s Accuracy

Partial Burn

XViii



PCC:
PD:
PDP:
PSCV:
PSSD:
QcC:
RI:
RF:
ROC:
SC:
SL:
TW:
UNEP:

%LAND:

UA:
WA:
WL:

Percent Correctly Classified

Patch Density

Partial Dependency Plot

Patch Size Coefficient of Variation
Patch Size Standard Deviation
Quebec

Ruggedness Index

Random Forest

Receiver Operating Characteristics
Sparse Conifer

Slope

Treed Wetland

United Nations Environment Program
Percent of Landscape

User’s Accuracy

Water

Wetland variable

XiX



1. Introduction: background and context

1.1. Context

A forest may be defined as a biological community dominated by trees and other woody
vegetation, but the way a forest is defined depends a lot on who is defining it. Forests has been
defined differently by foresters, forest managers, and ecologists based on various physiographic
criteria (e.g., area, crown cover, tree height, and tree density and proportion) (Malmberg and
Miljoanalys 2001; Lund 2011). Based on canopy cover, for example, Pretorious (2013) defined
forests as areas consisting of trees with 76-100% crown cover while Fisher et al. (2013) described
forests as areas covered with dense tree growth (70-100%), > 20 m height. Forests are also
described as land with trees reaching a minimum height of 5 m and crown cover of more than
10%, with an area of more than 0.5 ha, excluding land predominantly used for agriculture (FAO
2011). A recent study of the various definitions of forests found that more than 800 different
definitions for forests and wooded areas were in use in the world, with some countries adopting
several such definitions at the same time (Lund 2011). In Canada, for example, a minimum area
of1 ha, 25% of canopy cover, and minimum tree height of 5 m are used to describe forests (GOC
2007). All of the definitions invariably describe an extensive plant community with a high
proportion of tree cover. These extensive plant communities cover a large portion of the Earth’s
surface (4 billion ha, accounting for 9.4% of the planet and 31% of the total land area) (UNEP
2009; FAO 2011). The area of forest cover is unevenly distributed in the world, with the five most
forest rich countries (Russia, Brazil, Canada, the United States of America, and China)
accounting for more than half of the total forest area (53%) (FAO 2011). The geographical
distribution of the world’s forest covers is shown in Figure 1.1, with Europe (including the Russian
Federation) accounting for 25% of the world’s total forest area, followed by South America (21%),
and North and Central America (17%).
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Figure 1.1. Geographical distribution of forest cover by region (Source: FAO 2011).

A typical forest is composed of different vegetation layers such as the overstory (upper
tree layer of the canopy) and the understory (shrub, herb, and moss layer). Forested areas are
also classified differently depending on the biome in which they exist (e.g., whether they are
evergreen or deciduous) or based on species composition (i.e., whether the forests are composed
predominantly of broadleaved trees, needle leaved coniferous trees or mixed). Some of the forest
types include tropical and subtropical forests, temperate broadleaf and mixed forests, temperate
coniferous forests, Mediterranean forests, Mangroves, boreal forests (Taiga). However, the focus
of this study is placed on boreal forests, which are predominantly evergreen and coniferous, and
mainly occupy the subarctic zone. Deciduous species such as aspen (Populus tremuloides) and
birch (Betula papyrifera) are also common in the boreal forests, but becoming less frequent
further north.

The boreal forest is largest intact forest ecosystem covering over 11% of the Earth’s
terrestrial surface (Bonan and Shugart 1989; Engelmark 1999), with temperature being the most
important environmental factor determining its geographic location (Kuusela 1992). As shown in
Figure 1.2, the boreal forests, which account for 29% of the world’s total forest area, forms a
“green-belt”’ of various width stretching through Russia, Canada, Alaska, and the Nordic countries
(Finland, Norway, and Sweden) roughly between latitudes 45° and 70° N (Kuusela 1992; Olsson
2009). The region, specifically the boreal forests in Canada and Russia, is home to more than
half of the world’s remaining intact forest ecosystems (Olsson 2009). The region also plays an

important role in maintaining biological diversity, controlling soil erosion, and promoting soil



formation (Wells et al. 2010). This extensive forest area has an important influence on global,
continental and regional climate over a short and long timescales (Weber and Stocks 1998;
Olsson 2009). The boreal forests, comprising trees, wetlands, and peatlands, store a
considerable amount of global carbon (i.e., over one trillion tons of carbon) and their biomass is
so huge and vital that when they are in their maximum growth phase during the northern spring
and summer, the worldwide levels of carbon dioxide fall and the levels of oxygen rise (Dale et al.
2001; Runesson 2011).
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Figure 1.2. The boreal forest in the northern hemisphere occurs in broad band across northern
America, Russia, and Nordic countries (Source: NRC 2014).

The North American boreal forest constitutes the largest biome in most Canadian
provinces (and territories), and in the state of Alaska, USA. In Canada, the boreal forest forms a
transcontinental band (stretching over 5,000 km) from Newfoundland in the east to the Yukon
Territory in the west, comprising approximately 290 million ha (i.e., 30% of the circumpolar boreal
zone) (Figure 1.3) (Rowe and Scotter 1973). The boreal region covers about 60% of the
country’s land area, and three-quarters of Canada’s forest and other woodlands (CBI 2005). The



region also forms one of the world’s largest intact forest ecosystem; even larger than the
remaining Brazilian Amazon (CBI 2005). The boreal forest exhibits similarities from the Atlantic to
the Pacific coast, mainly in the composition of tree species (Parisien et al. 2011). A small number
of needle leaved coniferous tree species such as black spruce (Picea mariana [Mill.] B.S.P), white
spruce (Picea glauca (Moench) Voss), jack pine (Pinus banksiana Lamb), tamarack/larch (Larix
laricina [Du Roi] K. Koch.), balsam fir (Abies balsamea [L.] Mill.), a limited number of broadleaved
trees such as trembling aspen (Populus tremuloides Michx.) and birch (Betula papyrifera
Marshall) and shrub species including willow (Salix spp.) and alder (Alnus spp.) dominate the
region. The region is also characterized the abundance of freshwater (around 1.5 million lakes), a
high concentration of wetlands or peatlands, and some of the world’s richest deposits of natural

resources (Wells et al. 2010).
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Figure 1.3. The Canadian boreal forest cover map: the boreal forest forms a broad band
stretching from Newfoundland in the east to the Yukon Territory in the west.



In Ontario, the boreal forest region occupies around 50 million ha, which is two-thirds of the
forest cover in Ontario or 46% of the province’s land area. The boreal forest in Ontario, which
comprises 15% of Canada’s boreal forest, is more than 1.5 times larger than the size of France.
This vast forested space has the potential to contribute to climate change through its influence on
the global carbon cycle (global warming) (Weber and Stocks 1998). The boreal forest in Ontario
alone stores 49 billion tC in its soils, peat, and forests; an amount equivalent to 249 years of
Canada’s annual carbon emission (CBI 2005). The area has also a wide range of socioeconomic
importance (e.g., recreation, landscape and community protection, timber production, and
employment). The region however has been shaped and changed by various forms of
disturbance, mainly wildfire. Generally, the northern boreal forest has a shorter fire season than
the south, but the greater summer daylight period and the dominance of conifers species, which
are more flammable than deciduous species, make the region vulnerable to various wildfire
incidences during fire seasons (Parisien et al. 2011). The boreal forest also has a broad-scale
longitudinal moisture gradient, where by areas of central Ontario experience more frequent and
more intense droughts than in eastern Canada, which results in greater fire weather severity
(Parisien et al. 2011). Studies have also indicated that northwestern Ontario has experienced
more fire than the rest of the province; thus my study focuses on fire incidents that have been

recorded in northwestern Ontario in different wildfire seasons.

1.2. Boreal forest fire disturbances

1.2.1. Boreal forest fire behaviour

Boreal forests are inherently dynamic; this dynamism is attributed to different agents of
disturbance including wildfire, extreme weather (wind and ice-storms), insect infestation, and
harvesting (Bergeron et al. 1998). For example, extreme weather events affect forest conditions
by blowing down large swaths of trees or causing snow and ice damage while forest insects (e.g.,
spruce budworm or forest tent caterpillar) defoliate vast areas of forest (OMNR 2009). Although
all forms of natural disturbances play a role to shape the boreal landscape, wildfire is the primary
agent of disturbance that affects the boreal landscape and its biodiversity over the long term
(Johnson 1995; van Wagtendonk 2004; McKenzie et al. 2011).

The ignition and occurrence of wildfire can generally be triggered by different natural
factors (e.g., lighting and sparks from rock falls) (Ainsworth and Doss 1995), but in the boreal
region lighting is the primary source of natural ignition. Many wildfires are also attributed to

human sources such as land conversion burning or agricultural activities, recreation (i.e., careless

5



campfires), and industrial activities (forest industry). However, the seasonality, frequency, size,
and behaviour of human-induced fires are different from naturally caused fires (Johnson 1995).
Compared with human-induced fires, naturally ignited wildfires are more extensive, frequent, and
seasonal in the boreal region (Olsson 2009). Nonetheless, for many forms of disturbance, there
is a gradient from relatively minor (e.g., damage on individual trees) to relatively major events
(damage to thousands hectares forest cover) (White 1979). Lighting in boreal forests, for
example, can cause a fire that can damage from scales ranging from a wildlife tree to landscapes
(OMNR 2010).

For fire to play a role in landscape change, a source of ignition, sufficient fuel to burn, and
favourable weather conditions for burning must be present (van Wantendonk 2004). These
conditions are all met frequently in the boreal forest, and fires occur annually throughout the
region. Boreal forest fires specifically occur when 1) a colder and stable arctic airstream is
replaced by a warmer and unstable air streams, and 2) the mean air temperature is above 0°C
(Johnson 1995; Flannigan and Wotton 2001). These conditions trigger temperature increases
and fire ignition; the fire spreads and grows in size and intensity when the conditions are
favourable (Viegas 1993).

Boreal forest fires can be classified based on their physical fire behaviour into three general
categories: ground fires, surface fires, and crown fires (Nelson 2001). A ground fire burns or
smoulders materials on the ground surface including duff, tree or shrub roots (Butler 2007; Max et
al. 2010). Surface fires burn the upper litter layer and small branches that lie on or near the
ground. Surface fires produce flaming fronts that consume needles, moss, lichen, herbaceous
vegetation, shrubs, small trees, and saplings (Max et al. 2010). The fire sometimes propagates
as a crown fire when it grows vertically and reaches the trees’ crowns (Viegas 1993; Flannigan
and Wotton 2001; Johnson 1995). Crown fires can be either intermittent (trees torching
individually) or active (with solid wall of flame development in the crowns) but active crowns are
the most common type of fire in the boreal forest (Flannigan and Wotton 2001). Boreal forest
fires are specifically characterized by high fire intensity (crown fires with intensities from 8,000 to
> 100,000 KW/m; i.e., when flames extend into and ignite the tree crowns), high flame length (> 5
m) (Johnson 1995), and frequent cyclic fire behaviour or return interval (< 100 years) (Cui et al.
2009).

Fuel consumption and spread rates can also vary both within and between boreal fires, but
generally crown fires consume 20-30 tonnes/ha of fuel with roughly two-thirds of this total
associated with consumption of forest floor (litter, moss, and humus layer) and dead woody
surface fuels while crown fuels (needles and fine twigs) account for the remaining one-third of the

total fuel consumed (IFFN 2004). The spread rates in the boreal forests can also vary from ~5



m/min in intermittent crown fires to > 100 m/min in fully developed crown fires (IFFN 2004). Such
wildfires have been responsible for the burning of millions of ha of forests annually throughout the
region. Forest fire statistics from northern circumpolar countries, for example, indicate that an

estimate of 5-15 million ha burns annually in the boreal region (IFFN 2004).

1.2.2. Wildfires in the boreal forests of Ontario

The boreal forest in Canada is a mosaic of species and stands, varying in composition from
coniferous to deciduous. The diversity of the forest mosaic is largely attributed to the recurring
wildfires over a long period of time. The wildfires have been recorded in every part of the
Canadian boreal forest, but the number of occurrences and area burned vary temporally and
spatially (Parisien et al. 2011). The variation can be attributed to the localized weather patterns
(e.g., those produced by large water bodies) or to the variation in the source of ignition, fire
intensity, and vegetation patterns (OMNR 2009; Parisien et al. 2011). The annual fire occurrence
in Canada has increased from approximately 6,000 in the 1930-1960s to around 9,000 fires
during the 1980s and 1990s (IFFN 2004). The increase in fire occurrence can be explained by a
growing population, increased forest use, or due to development in fire detection capability (IFFN
2004). Besides, the NRC report indicated that an average of 8,300 forest fires have occurred
over the last 25 years; with the total area burned averaging 2.3 million ha in Canada (NRC 2014).
However, only 3% of the wildfires burn an area larger than 200 ha; these fires account for 97% of
the total area burned across the country (NRC 2014).

Moreover, the number of wildfires and area burned vary spatially across the country, with
British Columbia (BC) experiencing the highest number of wildfires record in the last decade
followed by Alberta (AB) and then Ontario (ON) (Figure 1.4). The number of fires recorded in
Quebec was not as high as the fires recorded in BC, AB, and ON, but Quebec (QC) experienced
the largest area burned followed by Manitoba (MB) and Northwest Territories (NT) (Figure 1.5).
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Figure 1.4. Total number of fire incidents in 2013 and 10 year average, by province; PC* = Parks
Canada (Source: NRC 2014)
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Figure 1.5. Total area burned in 2013 and 10 year average, by province (Source: NRC 2014).



The boreal region is characterized by short growing seasons, low temperatures, long
summer daylight hours, low biological productivity (Engelmark 1999), and relatively low and
variable annual rainfall (Bonan and Shugart 1989) between 600 to 900 mm (Runesson 2011).
Owing to these favourable conditions for burning, wildfires have occurred throughout the boreal
forest landscape of Ontario, but the number of fires and area burned varies spatially within the
boreal forests in Ontario, where highest wildfire activity has concentrated in northwestern Ontario
(Figure 1.6).
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Figure 1.6. The occurrence and extent of wildfires in Ontario during the last 50 years:
northwestern Ontario had the highest concentration of large wildfires.

The occurrence of wildfires in Ontario has also been inconsistent during the past 50 years.
The 2008 fire season is recognized as the lowest year of fire record in the past 50 years followed
by the 2009 fire season (OMNR 2011). The total number of fires during the fire seasons of 2008
and 2009 was 341 and 384, burning 1,316 and 20,656 ha respectively. The fire season in 2011

recorded 1,334 of fires in Ontario affecting more than 635,374 ha of land; the most area burned in
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the past 50 years. As shown in Figure 1.7, the number of fires and the area burned in Ontario
during the last decade varies from year to year, but wildfires in Ontario burn approximately 1% of

the boreal forest each year (Remmel and Perera 2009).
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Figure 1.7. The total number fire incidents and total area burned in Ontario between 2000 and
2013 (Source: NRC 2014).

1.2.3. Factors affecting wildfire behaviour

The spatial and temporal dynamics of boreal forest fire is attributed to various factors
such as weather and climate, topography, natural firebreak features, and forest fuel that
interactively affect fire behaviour (Viegas 1993; Butler 2007; Cui et al. 2009). The primary
weather variables that affect fire behaviour are temperature, wind, and relative humidity (Viegas
1993; Butler 2007). Of these factors, by far the most important is wind, defined by its velocity and
direction (Rowe and Scotter 1973) and influenced by topography (van Wagtendonk 2004). Wind
brings an additional supply of air to the fire, and causes spot fires by blowing sparks and embers
ahead of the main fire into new sources of fuel. Generally, the stronger the wind, the faster the
rate of fire spread. Wind blows through the forest, dries the foliage and makes it increasingly
flammable; the fire is further intensified by the abundance of light, small, and fast-burning forest

fuels or duff (e.g., dry grass, dead leaves and tree needles). Heavy fuels (e.g., logs, stumps, and
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branch wood) take longer to ignite and slow fire spreads slower relative to lighter fuels. Forest
fuels have a varying degree of effect on fire behaviour as they have different properties
depending on plant species type (whether they are alive or dead), fuel types (light or heavy fuels),
and the amount of fuel available and its spatial distribution (Viegas 1993; ESA 2002; van
Wagtendonk 2004). The moisture content of fuel particles is also of great importance for fire
spread, as high values of moisture content slow the rate of burning even prevent fire spread
(Nelson 2001). Owing to the greater abundance of fine fuels in the form of needles and twigs,
canopy architecture, low foliar moisture and thin bark, the boreal forests are characterized by high
fire intensity.

Fire behaviour is also affected by topography (e.g., slope, aspect and elevation). Terrain
may control wind flow in a relatively large area as wind follows the direction of least resistance
features (e.g., flat or nearly flat surface). A fire ignited at the bottom of a slope spreads rapidly,
and gains momentum, as it burns uphill because warm air rises and preheats uphill fuels (Viegas
1993; ESA 2002). A fire ignited on the top of a slope, on the other hand, spreads slowly as it
burns downhill. Furthermore, topographic features such as streams and lakes can create natural

firebreaks, and hence influence fire spread and intensity, and distribution of burns.

1.2.4. Effects of wildfire on vegetation and wildlife

Fire is a disturbance that influences plant communities over time and serves as an
important function in maintaining biological diversity in forest ecosystems. Wildfire facilitates the
removal of old trees and clears dead (or decaying organic matter) within the forest; this enables
new plants to flourish (Major 2005; Clark and Bobbe 2007; Marzano et al. 2012). An added effect
of plant removal is an increase in sunlight, which can also allow seed germination. Additionally,
wildfires play an important role in driving forest ecosystem dynamics by removing diseased trees
along with the insects that are associated with those trees (Runesson 2011). The process
eventually affects the physical and biological processes of forest ecosystems such as forest
succession and biological diversity (Ahlgren and Ahigren 1960).

In the boreal forest, naturally occurring fire often causes loss of vegetation or biomass
and animal species richness (Dale et al. 2001; Hooper et al. 2004; Gorte 2006). However, there
are some ecosystems that rely on naturally occurring fires to regulate growth because their
organic matter following fire is converted to available nutrients that support new growth (Ahigren
and Ahlgren 1960; Rowe and Scotter 1973). For example, aspen (Populus tremuloides Michx.)
and jack pine (Pinus banksiana Lamb) require fire to regenerate in the boreal landscape
(Runesson 2011). A fire creates a favourable condition for jack pine to germinate in the burned

area because the species have cones that require heat of fire to release their seeds and re-

11



establish themselves following the fire. Owning to its semi-serotinous cones, black spruce (Picea
mariana [Mill.] B.S.P) may also become established following a fire, but this species grows slower
than other species (e.g., jack pine); it may become established in the years following a fire.
Aspen (Populus tremuloides Michx.) and birch (Betula papyrifera Marshall) are also able to re-
establish quickly by sprouting from stumps and roots of burned trees or my producing abundant
seeds that can be blown by wind over long distances. However, species such as balsam fir
(Abies balsamea [L.] Mill.), white spruce (Picea glauca (Moench) Voss), and white cedar (Thuja
occidentalis) are disadvantages during extensive wildfires. These species re-establish in the
burned areas only when their seeds are blown into the burned area either by wind or brought by
animals. Consequently, the species take longer to establish themselves in the burned areas; in
some cases it takes more than 150 years for these species to reappear in the burned landscape
(OMNR 2009). The differences in species adaptation to fire and stages of forest succession
increase the biological diversity in ecosystems.

Wildfires affect wildlife population either directly by the heat and smoke of fires or
subsequently weakened from habitat loss. The habitat loss caused by fire affects wildlife much
more profoundly than the fire itself because food sources are scarce during fire seasons, and
leads to losses within wildlife populations (Huff and Smith 2000). Although most wildlife
population are directly affected by a fire, the degree of impact depends on various factors,
including fire uniformity, severity, size, duration, and burn season as well as wildlife mobility. For
example, animals with limited mobility (e.g., insects, older and weaker individuals) are more
vulnerable than some large mammals (e.g., deer and moose) (Druhjell 2004). The rate of wildlife
mortality also depends on the burn season. For example, if a fire occurs when animals (e.g.,
birds) are nesting or having young animals with limited mobility; the mortality rate is higher.
Another factor that can lead to a loss (or reduction) of wildlife populations is the loss of habitat
and the associated food sources following a fire. However, the change in species composition
may provide alternate or even superior food sources for some animals (ESA 2002). For example,
high severity fires that result in wildlife mortality can benefit other fauna, such as bears, coyotes,
eagles, and common ravens (Druhjell 2004). These animals may find an increased availability of
food sources as the reduced forest cover makes prey (and dead animals) more visible.
Additionally, fire removes the lichen from the ground and it can severely affect some animals
(e.g., caribou) but favours moose that feed on the advance growth (new saplings) that emerge
after a fire (Runesson 2011).

Besides, wildfire can affect the physical and chemical properties of soil and hydrological
processes, including the loss or reduction of structure, soil organic matter, and reduced

permeability (Rowe and Scotter 1973). The changes in soil properties can result in increased
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hydrophobicity (water repellency) which results in decreased infiltration and increased ruff-off

which eventually results in increased soil erosion (Bonan and Shugart 1989; Whelan 1995).

1.2.5. Forest management in the boreal forests

The physical dimension of the boreal forest resources may lead to extensive forestry activities
and exaggerates the estimates of the feasible potential timber production, but not all forest
resources in the boreal region are subject to industrial forestry harvesting (Kuusela 2011). Forest
resources in remote areas or in extremely harsh climate are beyond the economic limit of
harvesting operations. In Canada, 12% of the boreal forest area is not exploitable (protected by
legislation), while less than 1% of Canada’s forests are harvested annually. For example, in 2009
0.6 million ha, which is slightly larger than the size of Prince Edward Island (i.e., 0.56 million ha)
were harvested across the country. In Ontario, forestry activities occur on 49% of the province’s
boreal forests and this takes place on what is referred to as the Area of Undertaking (AOU)
(Figure 1.8), which refers to areas where forest management activities are permitted. For
decades, the boreal forests of Ontario have been regenerated after clear-cutting because by law

all forest harvested on Canada’s public land must be successfully regenerated (NRC 2014).
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Figure 1.8. Area of the Undertaking (AOU) — the southern portion of Ontario’s boreal forest where
commercial forestry is currently permitted.

In order to implement sustainable forest management practices, the managed forest
should resemble the forests formed by disturbances (Perera and Buse 2004; North and Keeton
2008). The more managed forests resemble the forests formed by fire disturbances, the greater
the probability that the forest diversity is maintained (Smith and Hendry 1998). This requires that
both the resources and biological diversity of the forests as well as the economic benefits (i.e.,
forest industry) of the forest be maintained (Delong and Tanner 1996; North and Keeton 2008). In
order to sustain the resources and biological diversity, there has been an increasing interest in
forest management approaches based on the Emulation of Natural Disturbance regimes (END)
(Bergeron et al. 2007; Kramkowski 2012). END represents to
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“The management strategies and practices, at appropriate spatial and

temporal scales, with the goal of producing forest ecosystems as structurally
and functionally similar as possible to the ecosystems that would result from
natural disturbances, and that incorporate the spatial, temporal, and random

variability intrinsic to natural systems” (Perera and Buse 2004).

END is based on the premises that forests, particularly the boreal forests, are shaped by
disturbances, specifically wildfire (Kramkowski 2012). It is suggested to maintain forest
compositions and structures similar to those existing under natural disturbance regimes; this
allows forest managers to reduce the negative impacts of harvesting on biodiversity (Klenk et al.
2008; North and Keeton 2008). In Canada, END as a harvesting and forest management
approach is integrated in policies and practices for sustainable ecosystem management (Klenk et
al. 2008). Specifically in Ontario, criteria for emulating natural disturbance patterns during
harvesting were provided in the Forest Management Guide for Conserving Biodiversity at the
Stand and Site Scales; the stand and site guide uses a combination of coarse and fine filter
approaches to biodiversity conservation (OMNR 2010). Coarse filters create a diversity of
ecosystem conditions, based on emulating natural patterns and processes, to provide habitat for
the majority of native species of plants and animals while fine filters are applied when the
requirements of particular species may not be adequately addressed by coarse filters alone
(OMNR 2010). The objective of the forest management guide is “to direct forest management
activities to maintain or enhance natural landscape structure, composition and patterns that
provide for the long term health of forest ecosystems in an efficient and effective manner” (OMNR
2014).

Specifically, the coarse filter approach, which is based on emulating natural patterns, is
aimed at providing directions for forest practitioners in the implementation of forest management
practices that closely resembles the natural landscape created by fire in relation to the location,
size of disturbance, residual structure, and species composition (OMNR 2001). The management
guide in Ontario provides directions and guidelines related to landscape harvest patterns (i.e.,
percent of planned clearcuts, and spatial and temporal separation for planned clearcuts) and
structural legacies (i.e., type and amount of structural elements that have to be retained during
harvesting). Similarly, Alberta provides criteria for forestry companies for a sustainable forest
management approach (i.e., for multiple environmental, economic, and social values of boreal
forests) (Kramkowski 2012). However, Alberta does not have guidelines that specify and direct
END to the same extent that Ontario does (Kramkowski 2012). In Quebec, the regulation

respecting standards of forest management for forests in the domains of the state requires the
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presence of forest residuals within harvested areas, wooded edges, buffer strips between roads
or water courses and harvested areas (Dragotescu and Kneeshaw 2012).

The management guidelines in Ontario require the retention of wildlife trees, standing
individual trees or stems or small clumps of trees or stems (< 0.1 ha) within areas of operations
for improving forest management strategies (OMNR 2010). The retention requires a thorough
examination and understanding of the composition, spatial arrangements, and distribution of
residual patches. For example, the structural elements that should be retained and the
geographic locations that are most suitable for this retention need to be determined. In this
instance, END works to imitate natural disturbances either at a stand level (e.g., retaining the
number of snags or individual trees per unit area) or at the landscape level (e.g., size, shape, and

distribution of unburned areas) (Delong and Tanner 1996; Kramkowski 2012).

1.3. Post-fire landscape structure

1.3.1. Landscape structure

Landscape ecology deals with the study of landscapes; specifically the composition and
configuration of a landscape (McGarigal et al. 2002). The term landscape has been defined
differently depending on the phenomenon under consideration, but the definitions invariably
include an area of land containing a mosaic of patches (McGarigal et al. 2001). Forman and
Godron (1986), for example, defined it as a spatially heterogeneous land area composed of
clusters of interacting ecosystems that is repeated in similar form throughout. Turner et al. (2005)
defined a landscape as an area that is spatially heterogeneous in at least one factor of interest. A
landscape has also been considered as an area of land containing an interesting pattern that
affects and is affected by an ecological process of interest (e.g., wildfire). A landscape is
composed of three generalized elements — spatial components that make up a landscape:
patches, corridors, and matrix; the extent and configuration of each of these elements define the
patterns of the landscape (Forman and Godron 1986). The combination of pattern of patch-
corridor-matrix has also been used to describe landscape structure and infer the underlying
agents of pattern formation (Duning and Ziuzhen 1999).

Similarly, fire disturbances in a forested landscape can be explained using the patch-
corridor-matrix model of a landscape where the forested landscape and undisturbed vegetation
patches within a disturbance can respectively be described as the forest matrix and patch
respectively. Forest fire disturbances often generate patterns of biological and ecosystem

diversity at different geographical scales (Bergeron et al. 2007). Within a perimeter of a single fire
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event, for example, there is a large variation in the patterns and types of legacies left after the fire
incidence (Bergeron et al. 2007). Since the patterns of post-fire landscape structure are useful to
understanding of fire disturbances, forested landscapes, and support sustainable forest
management practices, studies have been undertaken to examine their patterns, characteristics,
and variabilities (Delong and Tanner 1996; Cuesta et al. 2009; Perera et al. 2009; Dragotescu
and Kneeshaw 2012).

1.3.2. Spatial language

Since one of the necessities of pattern research is simplifying spatial concepts into
meaningful spatial units (O’Neill 1988), the terms and concepts that pertain to post-fire landscape
structure are defined. Terms such as wildfire, fire event, fire perimeter, and unburned remnants
are intuitively spatial concepts, but their usage as universal language is less obvious (Andison
2012). A brief description of some of the spatial concepts that are used frequently throughout this
dissertation along with a hypothetical (pictorial) representation is shown below; the descriptions
are in relation the boreal forest landscapes. The spatial language as described in Figure 1.9 is a

conceptual representation of a wildfire and its impact on forested landscapes.
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Figure 1.9. Spatial language: summary of the spatial terms and features used in this study.
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A fire event is a discrete forest disturbance event in time and space that disrupts the
physical and biological structure of an ecosystem and the availability of resources. In this study, a
fire event is used to describe a fire-disturbed area(s) that occurs during a specific period and is
usually caused by a single ignition. A single fire event may include one or more disturbance
patches that originated by spot fires (i.e., wind driven embers) and occurred beyond the existing
fire boundaries.

Fire footprint — this refers to the spatial boundary that encompasses boreal wildfire
processes; the area within the most probable locations of the outer fire boundary. It is defined
based on: 1) a binary conceptualization of a classified map where 1 = all burned pixels and 0 =
unburned pixels, and 2) a focal window analysis where a 3x3 focal window was passed over the
binary layers 0 and 1; a focal sum was computed as a measure of a pixel's membership in the
fire, resulting in focal sum values ranging from 0 (when al pixels are unburned) to 9 (when all
pixels are burned). Any pixel with a focal sum value = 1 indicates probability of membership of a
fire and is coded as 1 to present a footprint. The footprint was then shrunk inward by 1 pixel to

avoid outward bias by the 3x3 focal function

Figure 1.10. A complex mosaic of post-fire landscape structure: a mixture of burned (dark),
partially burned (grey), and unburned (green) areas.

Post-fire residual patch — the wildfires do not burn the entire landscape; they rather create
a complex mosaic of post-fire landscape structure, with different degree of burn severity (a
mosaic of burned, partially burned, and unburned areas (Figure 1.10). The post-fire residuals are
broadly defined as remnants of the pre-fire forest ecosystems that have retained their structure

and were not entirely reduced to ash or charcoal during the fire. The composition of living and
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dead vegetation patches and their spatial arrangements differ depending on the fire behaviour
and other pre-fire forest characteristics. Besides, following large wildfires, the most visible
component of the fire footprint are the burned areas where all living structures are dead. Also, the
resulting spatial mosaic encompasses: 1) partially burned areas where the fire passed through
but did not kill the entire vegetation and 2) unburned areas that escape burning and retained
within the fire footprint (Figure 1.11). The focus of this study was on unburned areas (hereafter
described as post-fire residual patch) that entirely escape fire and left completely unaltered within

the fire perimeter.

(b)

Figure 1.11. A mosaic of burned and unburned areas. (a) Completely burned areas within the fire
footprint with high abundance of dead trees that are reduced to charcoal. (b) Presence of
unburned areas (green) within a wildfire, including residual patches that escape fire. In this case,
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the large island around the wetland escapes burning while the surrounding areas burned during
the fire.

A post-fire residual patch is conceptually defined as a mix of live (and dead) vegetation
that form a spatial continuum, ranging from undisturbed patches of live trees to a single tree stem
(Nikora et al. 1999; Swystun et al. 2001; Perera et al. 2009a). Residual patches can be classified
into different categories based on specific study goals or the scale of observations. Based on the
spatial scale of their occurrence, for example, residual patch can be classified as 1) live tree
patches (patch-level residuals), 2) standing live trees, and 3) snags (standing dead trees) (Perera
et al. 2007; Routledge 2007).
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Figure 1.12. Stepwise criteria used to determine insular and peninsular residual patches for fire
footprints. Both insular and peninsular patches are extracted from classified Ikonos images
based on their size and location in relation to the fire footprint (Source: Perera et al. 2009a).

The conceptual definition of residual patch has been evolved to ensure consistent
interpretation and usage of the term. In the Forest Management Guide for Natural Disturbance
Pattern and Emulation (NDEP), for example, a residual patch has been used to describe both
insular and peninsular patch types (Figure 1.9) (OMNR 2001). The concepts of insular and
peninsular patches have also been described respectively as residual islands and residual matrix
respectively (Andison 2004; Dragotescu and Kneeshaw 2012). As shown in Figure 1.9 (above),

insular patch refers to undisturbed vegetation patches that are entirely contained within a fire
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event, at least 1 pixel dimension inward from the fire perimeter (at the grain of representation)
while a peninsular patch is the undisturbed forested patch contained within a fire event but
physically connected to the surrounding forested matrix. Specifically, an insular patch has been
used to refer to as undisturbed treed or vegetated land cover class greater than or equal to 0.25
ha while a peninsular patch is defined an area that extends into the disturbance and has a base of
less than 400 m (for fires < 260 ha) or 1,000 m (for fires > 260 ha, and generally is longer than its
base width (OMNR 2001). The method used to define and extract insular and peninsular patches
based on their size and location in relation to the disturbance area perimeter is presented in
(Figure 1.12).

The use of the term residual has been changed from the one described in NDEP (OMNR
2001) to reflect the patterns considerations, the variation in residual patch size, and suitability of
site-specific habitats (OMNR 2010). The live and dead trees that remain standing after a
disturbance in fire-origin forests haven generally referred to as residual trees or snags, or residual
structure. In the recent management guide (OMNR 2010), for example, wildlife trees are used in
place of ‘residuals’ or ‘residual trees’, which sometimes led to confusion, as mappable stands of
trees are usually referred to as ‘stand level residuals’ (OMNR 2010). Wildlife trees are standing
individuals trees or stems, or small clumps of trees or stems, within areas of operations; a clump
of wildlife tree is < 0.1 ha in size (OMNR 2010). In this study, residual patches are used to
describe any (live) undisturbed forest patch that are entirely contained within a fire event but
physically not connected to the perimeter of the fire footprint. This is regardless of age and type

of forest species that form the patches.

1.4. Scaling for understanding spatial pattern

1.4.1. The meaning of scale

Owing to the scale multiplicity in pattern and processes, scale holds the key to
understanding the pattern-process relationships. Both scale and scaling are inevitably related to
landscape ecology (Wu 1999; Wu and Qi 2000) and have been prominent in characterizing
spatial patterns over multiple scales. The notion of scale refers to size in space and time; size is
a matter of measurement (Allen and Hoekstra 1992). Scale is also often understood as
expressing dimensions of time and space (Linke et al. 2007); consequently it has been used to
describe both spatial and temporal scales. Spatial scale is usually considered as the product of
grain and extent (Wiens 1989), which in remote sensing, relate to the spatial resolution (length of

a pixel's edge in one dimension) and area coverage, respectively (Gustafson 1998; Allen and
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Hoekstra 1992). The effect of scale on diverse spatial phenomena (e.g., patterns of post-fire

landscape structure) can be studied using these two components of a scale (Wu and Qi 2000).

1.4.2. Scaling and scale effects

Apart from the concept of scale, attention has been given to the concepts of scaling and
scale effects. Scaling focuses on what happens to the patterns and characteristics of an object
when its scale (size or dimensionality) is changed; therefore, it is defined as is the process of
information transformation or extrapolation over multiple scales (Marceau and Hay 1999; Wu
1999; Wu and Li 2006). However, scaling is a challenge in both theory and practice (He and
Mladenoff 1999; Wu et al. 2000) because of the non-linearity relationship between processes and
variables, and landscape heterogeneity that determines the process (Wiens 1989; De’ath and
Fabricius 2000). The first step in designing a scale-dependent experiment is to identify the
factors operational at a given scale of observation (i.e., the spatial scale of the focal question)
(Marceau and Hay 1999), which depends on the processes, organism, or responses of interest
(Wiens 1989). In order to understand the scaling theory, three levels of analysis can be
formulated: 1) the focal level in question (L), 2) the level below that (L.1), and 3) the level above
that (L.4) (Allen and Hoekstra 1992). Defining the focal level of a hierarchy is the most important
factor in the theory because focal level determines the resolution of the observations (O’'Neill et al.
1991). The scaling theory suggests that when one studies a phenomenon at a particular
hierarchical level (Ly), the mechanistic understanding comes from L.; whereas the significance or
context of that phenomenon can be revealed at L.; (O’Neill et al. 1991; Allen and Hoekstra 1992;
Wu 1999). The three levels can be described as micro (L), focal (L) and macro (L.,) scales
respectively.

The process of information transformation or assessing the scale-dependency experiment
can be accomplished by changing grain, extent, or both (Wu 1999). While working with scaling,
one must distinguish between two forms of scaling: up-scaling and down-scaling. Up-scaling
refers to a process that transfers information from local scale to derive processes at macro scale
(Wu et al. 2000). Up-scaling can be achieved using is a resampling techniques, which are
designed to transform an image data set acquired at finer spatial resolution to a coarser spatial
resolution representation of the same image. Conversely, down-scaling is a method of
transforming information from macro scale to local scale; decomposing information at one scale
into its constituents at smaller scales (Marceau and Hay 1999). In general, up-scaling and down-
scaling can also be described as aggregation and disaggregation methods respectively (Figure
1.13).
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Figure 1.13. Scaling techniques: aggregation and disaggregation methods for implementing multi-

scale analysis.

Remote sensing provides the desired data for up-scaling and down-scaling and the
possibility of undertaking studies to understand the behaviour of variables when changing scale
and derive appropriate rules for scaling (Marceau and Hay 1999). This study was provided with
multiple spatial resolution data: 4, 8, 16, 32, and 64 m spatial resolutions, hereafter referred to by
R4, Rs, R1s, R32, and Rgs (Remmel and Perera 2009); hence a multi-scale analysis approach for
characterizing spatial patterns across a gradient of scales would be performed.

While examining the issue of scale and scale effect in various aspects of spatial analysis,
it is important to mention the concept of Modifiable Areal Unit Problem (MAUP). MAUP is a
problem that occurs in spatial analysis of aggregated data in which the same basic data
generates different results when aggregated in different ways (Wong 2009). For example, if the
sizes of the pixels are changed or shift in location of the grid relative to the real scene on ground,
it can then lead to a numerous datasets which will provide different results. An object (e.g., a
residual patch) might have also different shape and size when derived from different images at
different spatial resolutions; this problem is referred to as the MAUP (Openshaw 1984). There
are two issues of concern related to the MAUP: scale and zonation; the MAUP involves both the
effects of altered pixel size and the way of its alternation in a spatial context (Openshaw 1984).
For example, in order to understand the spatial patterns of residual patches at landscape level,
aggregation of fine resolution data (R,4) to coarser resolution data (Rg4) is performed. This leads
to a problem in spatial analysis where areal units are aggregated to different sizes; this is known
as the aggregation effect of MAUP. The process in which the number of pixels kept constant or
unchanged, but their arrangement changes is a zonal process which gives rise to various

zonation or zoning effect; this involves a change in zones or grouping scheme (Wong 2009).
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1.4.3. Scaling for characterizing spatial patterns

Understanding the effect of scale on detecting the patterns of spatial objects is an
important step in landscape ecology or in assessing the relationship between patterns and
processes, but there is no single all-encompassing scale at which all measurements can be made
(Wiens 1989). It has been argued that geographic phenomena tend to have characteristic spatial
and temporal scales or spatiotemporal domains (Allen and Hoesktsra 1992). Moreover, the
amount of information available, variables that can be measured and the scale at which the
process operate would not be the same across multiple scales. Thus, scaling theory becomes an
important approach for characterizing the patterns over multiple scales; as variables and
processes important at one scale may not be useful at another scale. If one changes the scale of
reference, the phenomena of interest change, and information is often lost as observational scale
changes (Riitters et al. 1995). For example, at the scale of a sub-event scale, it might be
reasonable to ignore coarser-scale variability in temperature. Conversely, if the extent of our
observational scale increases, the variability in temperature may also become important and
should be accounted.

Moreover, spatial patterns and processes often occur over multiple scales (He and
Mladenoff 1999) and there are hierarchical linkages among the scales; so information
transformation among the scales is an essential component of landscape ecology (Wu and Li
2006). A central theme of landscape ecology is that particular phenomena should be addressed
at their characteristic scales (Turner 1989), and hence a scaling rule should be established to
understand the patterns across gradient of scales. However, a successful scaling strategy must
address the complex aspects of ecological systems: scale-dependence process and spatial
nonlinearities (Wu 1999). Observations made on a single scale can capture only those patterns
and process pertinent to that scale of observation, but the complexity arises when an analysis
involves multiple scales (Wu 1999). Scaling is also important when a prediction is desired to
capture patterns at a certain scale (e.g., coarse scale or spatial resolution), based on information

obtained at another scale (e.g., finer scale) (Wiens 1989; Wu and Li 2006).

1.5. Characterizing post-fire vegetation residual patches
1.5.1. Motivation

Wildfire is one of the natural factors affecting forest age structure, species composition,
and forming heterogeneous landscape patterns following the disturbances (Chu and Guo 2013).
Owing to the variation in fire intensity, disturbance size, vegetation cover, topography, fuel

properties, and local weather, the patterns and characteristics of post-fire forests vary spatially
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(Huang et al. 2006). Within a burned landscape, there may be some areas that escape fire, some
areas that experience low-intensity fire, and some that experience high-intensity fire. Using the
geoinformatics tools, researchers have been working to address the effects of wildfire, including
pre-fire land cover mapping, assessing active fire characteristics, and charactering post-fire forest
ecosystem responses. While a number of rigorous approaches have been developed to reflect
the first two effects (Chu and Guo 2014); there is a lack of reliable and broadly replicable
measurement approach for characterizing the spatial patterns and characteristics of post-fire
forest conditions. Emphasis has been placed on understanding fire patterns and behaviour (e.g.,
fire spread, fire intensity, and fire severity); rather than the patterns of post-fire landscape
structure.

Measuring forest structure following fire disturbances and characterizing their variability
across different landscapes (and spatial resolutions) lays a foundation for assessing natural
process (e.g., wildfire) because the heterogeneity in landscape elements (e.g., patches) influence
the natural processes (Turner 1989; Turner et al. 1997; Blaschke et al. 2002). The processes, in
turn, determine the formation of the spatial mosaic of landscapes (Kerby and Fuhlendorg 2007).
Additionally, characterizing and measuring the spatial patterns of residual patches and their
variabilities in composition and configuration: 1) provides baseline data for wildlife studies as they
serve as habitat for different wildlife population over multiple scales; 2) helps to examine fire
behaviour (fire intensity, severity, and spread) because a change in landscape patterns affects
the subsequent patterns and behaviour of a wildfire (van Wagtendonk 2004); and 3) is useful for
implementing disturbance-based forest management practices (Cuesta et al. 2009; Evans and
Cushman 2009; Perera et al. 2007). For developing a framework for real world applications (i.e.,
forestry operations) that emulate natural disturbances, adequate understanding of forest
disturbances and the characteristics of the subsequent landscape patterns are desired (Johnson
et al. 1998).

Furthermore, knowledge about post-fire forest conditions across different spatial
resolutions requires accurate, timely, and spatially explicit information on the patterns and
characteristics of the residual patches. This relies on 1) how well we measure and understand
the spatial patterns and characteristics of post-fire landscape structure (Andison 2013), and 2)
how robust and consistent are the measurement frameworks for characterizing the patterns. The
patterns and characteristics of residual patches could vary spatially across different landscapes or
fire events as a function of topography, abundance of natural firebreak features, variations in fuel
availability, and local weather. The measurement and quantification of the patterns of residual
patches can also vary across different spatial resolutions as the composition and configuration of

landscape structure are often sensitive to scale changes. However, there is a lack of a
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consistent, repeatable, and robust measurement framework for characterizing residual patches
and assessing the scale effects on spatial pattering. There is a need for consistent
methodologies and assessment tools that helps us mapping and identifying post-fire forest
conditions, measuring the patterns and variabilities of residual patches across different
landscapes and spatial resolutions, and identifying areas where residual patches are likely to
occur. In response, this study uses different geospatial tools for the design and implementation of
a repeatable, robust measurement framework for characterizing residual patches. The study also
develops a systematic (modelling) approach to measure the learning rules that dictate areas
where residual patches are likely to occur within fire disturbed landscapes and test the validity of
the model on a large and independent fire event.

1.5.2. Scale for examining residual vegetation patches

Boreal forest fires involve factors and processes operating at different scales (King and
Perera 2006) and thus the resulting patterns and variabilities can be studied on a wide range of
scales (Pickett et al. 1999). The choice of an appropriate scale, or spatial resolution and extent,
depends on the phenomenon under investigation (information desired about the surface
properties), analysis method used to extract information, and research goals (Woodcock and
Strahler 1987).

The effects of fire disturbances can also be studied at different geographic scales.
Accordingly, a framework for depicting the effects of fire at different scales of space and time has
been suggested (Moritz et al. 2011). This considers three geographic scales at which forest fire
disturbance can be analysed: fire regime, wildfire, and flame (Moritz et al. 2011). A framework
based on a different level of analysis — fire regime, fire event, sub-event, tree, and leaf level — can
also be considered for assessing the effects of fire disturbances. For theoretical and practical
reasons, analyses are often undertaken using large landscape units (e.g., fire regimes) (Cifaldi et
al. 2004). Yet, at the fire event level, spatial patterns are common phenomenon and scale
multiplicity is inherent in spatial heterogeneity (Wu et al. 2000). Therefore, the patterns of post-
fire residual patches were examined at the fire event level, which is similar to the wildfire scale of
Moritz's framework, but over multiple scales (i.e., different grain sizes or spatial resolutions),
including R4, Rs, R1s, R32, and Rgy4. In this study, the term scale (multi-scale) is used to describe

the 5 spatial resolutions considered.
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1.5.3. Research objectives

A landscape ecological perspective provides information about how a change in fire
behaviour influences the patterns of landscape structure (Haire and McGarigal 2009, 2010). An
improved understanding of the characteristics of post-fire residual structure formed under natural
conditions is also useful to develop rules for effective implementation of natural disturbance
emulation strategies. This requires 1) a thorough examination of the characteristics of residual
vegetation patches formed by wildfires; 2) understanding the factors that explain their occurrence,
characteristics, and distribution; and 3) accurate and spatially explicit information that determine
the occurrence and characteristics of residual patches. However, there is a lack of reliable or
repeatable methods to measure and examine the characteristics of residual patches and predict
the likely occurrence of residual patches within a fire disturbed landscape, given various
environmental gradients. Therefore, this dissertation develops a replicable approach to study
wildfire residual patterns in relation to the following research goals: 1) characterize the spatial
patterns of post-fire residual patches, 2) assess the factors affecting residual patch occurrence, 3)
develop a spatially explicit predictive model that generates probability maps for the existence of
residual patches within a burned landscape, and 4) implement and validate the approaches with
an independent dataset.

Moreover, the amount of information available and the variables that can be measured
would not also be the same across multiple scales (He and Mladenoff 1999). For example,
observations made at one scale may lose important information when operated on another scale;
information often changes as observational scale changes (Turner 1989; Riitters et al. 1995; Kok
and Veldkamp 2001; Perveen and James 2010). Additionally, when the scale of analysis is
changed, different processes, responsible for the observation of patterns become increasingly
evident (Benson and MacKenizie 1995). Therefore, it is also my goal to characterize the patterns

and variabilities of residual vegetation patches across a spectrum of 5 spatial resolutions.

1.5.4. Research questions

Post-fire vegetation residual occurrence and pattern is the result of complex interactions
of several factors (Bonan and Shugart 1989) that include climate (Foster et al. 1998; Turner et al.
1997; Swystun et al. 2001; Perera et al. 2007), time of burning, spatial extent and heterogeneity
of the fire (Turner et al. 1997), variability in fire weather, elevation, and fuel conditions (Epting and
Verbyla 2005), edaphic factors such as soil moisture and texture (Schroeder and Perera 2002),
fire event geometry and behaviour (Perera et al. 2007), pre-fire characteristics, spatial variability,
proximity to water surface (Turner et al. 1997; Perera et al. 2007; Cuesta et al. 2009) and

topography (Haire and McGarigal 2009). Most of these inferences are based on post hoc
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observations rather than on testing a priori hypotheses; but observations made following the fire
would be constrained in space and time and may not provide a comprehensive picture of the
post-fire forest characteristics. This body of knowledge prompts one to quantify the spatial
patterns, assess the geo-environmental factors that are associated with their occurrence, and test
hypotheses on the combined effects of the geo-environmental factors on residual patch
occurrence and distribution. To investigate these, different research questions (and sub-

questions) are formulated:

1) What are the patterns and variabilities of post-fire residual patches?

Sub-questions:

o What are the spatial patterns and characteristics of residual vegetation patches?

e Which measure(s) of spatial patterns are sensitive to scale change?

e Is it possible to identify a scaling rule that determines the patterns across a gradient of
scales?

e Are certain land cover types less likely to burn than others?

¢ What is the spatial association of residual patch occurrence in relation to natural firebreak
features?

2) What are the predictor variables that explain the occurrence of residual patches within a
disturbed landscape?

Sub-questions:

o What are the most important predictor variables that govern the occurrence of residual
patches within burned landscapes?

o What are the marginal effects of the most important predictor variables that explain the

residual patches?

3) What is the combined effect of the geo-environmental factors that shape residual patch

occurrence?

Sub-questions:
e Can a predictive model be developed to predict residual patches within a fire event?
e What is the predictive performance of the model for determining residual patch

occurrence?

e Can the predictive model be inverted to build maps of likely residual stand locations?
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1.5.5. The study area

The study is based on various fire events that occurred within the boreal forest ecozone
of Ontario. Ecozones are areas of the Earth’s surface representing large and generalized
ecological units characterized by abiotic and biotic factors (Wiken 1996). The following
description of an ecozone follows William et al. (2009). An ecozone is a large area of land and
water characterized by a distinctive bedrock domain that differs in origin and chemistry from the
bedrock domain immediately adjacent to it. The characteristic bedrock domain has a major
influence on the ecosystem processes and biota occurring, and hence on the patterns of
disturbances in the region. Ecozones are ecosystem classification systems that are defined
based on key abiotic processes functioning at national and continental scales. The Canadian
system of ecosystem classification divides the country into twenty major units, 15 Terrestrial
Ecozones and 5 Marine Ecozones (Wiken 1996). Of 15 Terrestrial Ecozones in Canada, the
Hudson Bay Lowlands, the Boreal Shield, and the Mixed Plains Ecozones occur in Ontario
(Figure 1.14). The Boreal Shield Ecozone refers to an area where the Canadian Shield and the
boreal forest overlap, and is the largest ecozone in Canada, stretching 3,800 km from
Newfoundland to Alberta; covering more than 1.8 million square kilometres (20% of Canada’s
land area) (Wiken 1996). The Boreal Shield Ecozone within Ontario is also known as the Ontario
Shield Ecozone, the largest ecozone in Ontario. The fire events considered in this study are
contained within the Boreal Shield Econzone, specifically within the Ontario Shield Ecozone
(Figure 1.14). The boreal forest region in Ontario in general and in the Ontario Shield ecozone in
particular is further divided into ecoregions (e.g. OE, 1E, 2W, 2E, 3E, and 3S) based on
geoclimatic patterns (Hills 1961) (Figure 1.14). An ecoregion is a unique area of land and water
nested within an ecozone that is defined based on different climatic variables, including
temperature, precipitation, and humidity (William et al. 2009; McKenney et al. 2010).
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Figure 1.14. Locations of the 12 fire events studied in dissertation in relation to Ontario’s

ecozones and ecoregions.

The Ontario Shield is generally characterized by relatively cold and moist (and long)
winters and short, warm summers (Thompson 2000). Owing to its large geographic extent,
however, there is a wide range of temperature, precipitation, and humidity patterns in the
ecozone; with annual precipitation ranges from 500 mm in the west to 850 mm in the east and
daily temperature that ranges from -15Cin January to 17°Cin July (William et al. 2009). The
conditions in the southern part of the ecozone are more moderate. Similarly, the topography
varied depending on both local bedrock and surficial deposits. The region is heavily forested, with
open water (lakes and rivers), wetlands (peatlands), and shrubs. The northern part of the
ecozone is dominated by coniferous species such as black spruce (Picea mariana [Mill.] B.S.P),
white spruce (Picea glauca (Moench) Voss), balsam fir (Abies balsamea [L.] Mill.), jack pine,
(Pinus banksiana Lamb) tamarack (Larix laricina [Du Roi] K. Koch.), and intolerant hardwoods
including white birch (Betula papyrifera Marshall) and trembling aspen (Populus tremuloides

Michx.). The southern portion of the ecozone is predominantly occupied by conifer species (e.g.,
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pine) and mixed and deciduous forests of tolerant hardwoods, including oak (Quercus L), sugar
maple (Acer saccharum [Marshal]) and American beech (Fagus grandifolia [Ehrh]). The ecozones
are further subdivided into ecoregions, which are characterized according to broad but spatially
explicit environmental features such as climate, geology, terrain, vegetation, soils, and water, as
well as regional human activity (Wiken 1996).

This study focuses on the northwestern part of the ecozone (and the province) where the
conifer-dominated boreal forests are naturally and frequently affected by fire disturbances.
Wildfire is the dominant force of natural change in the region, but the frequency, intensity, and
size of burns vary depending on climate, forest type, and local landscape features (Thompson
2000). The high risk of fire severity and a longer fire season in the region change the natural
disturbance regime in many forest types (Flannigan and Wotton 2001). Therefore, emulating
natural disturbances has been suggested as an important management paradigm for achieving
sustainable ecosystem management. On specific way to emulate natural disturbances is to have
better understanding of the patterns of fire disturbances and post-fire landscape structure. This
study examines the patterns of residual patches and importance of various factors at the fire
event level as part of an effort to provide a consistent and repeatable method for understanding
the characteristics residual patch occurrence, probabilities and variability of residual patches,

mechanism and causal factors of residual structure.
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2. Characterizing spatial patterns of post-fire residual patches in
boreal wildfires

Abstract

Wildfires typically contain a considerable number of unburned residual patches of various size,
shape, and composition. These residual vegetation patches can occupy substantial areas of fire footprints;
thus understanding the patterns of residual patches provides insights for emulating forest disturbances in
harvesting operations. In this study, eleven boreal wildfire events within Ontario; each one ignited by lighting
and never suppressed are studied. The spatial patterns of post-fire residual patches are assessed based on
selected spatial metrics (related to composition, configuration, and fragmentation). Characterizing the
occurrence of post-fire residuals, their spatial patterns, and variability at multiple spatial resolutions is also
imperative to examine the effects of analytical scales because spatial patterns are scale dependent. One
way of understanding these relationships is to examine how the patterns of residual patches change with
scale. The effects of analytical scale (i.e., spatial resolution) on characterizing the spatial patterns are
assessed; the patterns were examined at five spatial resolutions R4, Rs, R1s, R32, and Res. The results show
that the responses of the landscape metrics can be grouped into three categories: monotonic and
predictable response, monotonic change with no simple scaling relationship, and non-monotonic change with
erratic responses. The study also finds that certain land cover types that are less abundant on the
landscapes (e.g., treed wetland and sparse conifer) dominate the residual patches in some fire events (e.g.,
FO1 and F04).

Keywords: residual patches, spatial patterns, analytical scale, scale effect, spatial metrics, landscape metric
scalograms, land cover, fire footprint

2.1. Introduction

Landscapes are complex and heterogeneous land areas containing patterns formed by
different forms of disturbances (Forman and Godron 1986; Linke et al. 2007). Specifically, a
forested landscape often changes in response to different elements, including fire disturbance,
insect infestation, global changes in climate, and human activity (Perera and Euler 2000). The
most apparent process and change in a forested landscape is disturbances from wildfire. This
has been responsible for the formation of heterogeneous elements within a landscape. Spatial
heterogeneity in a landscape has a close relation with stability and biodiversity where high
heterogeneous landscape encourages interactions (Duning and Xiezhen 1999).

Wildfire is a major natural disturbance and an important factor that shapes the landscape
structure in the boreal forests. Fires in boreal forests are often intense and frequent (Johnson
1995; Cui et al. 2009) and consume substantial forest cover (Perera et al. 2009b), but do not burn
the entire landscape (Whelan 1995; Johnson et al. 1998; Leduc et al. 2007). Owing to the
variations in weather and site conditions (e.g., vegetation, topography, and natural firebreaks)
(Rochadi et al. 1999; Perera et al. 2007), forest fire shapes the patterns of forest structure (Agee
1998; Linke et al. 2007; Hely et al. 2010) and creates a complex and heterogeneous landscape

mosaic comprising patches of different size, age, shape, and tree species compositions (Turner
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1989; Diaz-Delgado et al. 2004; van Wagtendonk 2004; Mermoz et al. 2005; Madoui et al. 2010;
Vinatier et al. 2010). The spatial patterns of post-fire landscape structure (e.g., forest land cover)
are useful to understand various ecological processes such as species dynamics and fire
disturbances. The patterns also have direct implications for various aspects of forested
landscapes: economic values (i.e., selection of sites for harvesting), social concerns (i.e.,
conservation of wilderness) (Thompson 2000) and ecological values (i.e., habitat for various
organisms). Understanding the patterns of post-fire residual structure helps forest managers to
determine the structural elements that should be retained to emulate fire disturbances and
preserve the biological diversity of the ecosystems.

One particular way of understanding fire disturbances and their effects is assessing the
patterns of landscape structure following a fire. Wildfires affect the physical landscape structure,
age class distributions, ecotones, and positions of forest boundaries (Weber and Flannigan 1997).
This study focused only on forest landscape structure, referring to the pattern of a landscape that
is determined by its type of use and its structure (i.e., size, shape, arrangement, and distribution
of landscape elements (patches, corridors, and matrix) (Walz 2011). In this study, the term
landscape structure refers to the patterns of post-fire residual patches, specifically the

composition, arrangement, and the resulting spatial relationships among individual patches.

2.1.1. Post-fire residual patches

Wildfire is one of the main natural disturbances consuming substantial forest cover,
influencing and reshaping the landscape mosaic of boreal forests (Madoui et al. 2010). One of
the characteristic features of wildfires is the existence of unburned areas within a fire-disturbed
landscape, which are referred to as post-fire residuals. The presence of a residual patch is due to
different geo-environmental factors that interactively affect fire behaviour and the resulting
patterns of post-fire landscapes. The term residual patch is broadly defined as remnants of the
pre-fire forest ecosystems that have retained their structure and were not entirely reduced to ash
or charcoal during the fire. In this study, the term residual patch is used to describe remnants of
the pre-fire forest ecosystems (i.e., live undisturbed vegetation patches) that are not physical
connected to the footprint perimeter; this is regardless of size, age, and species composition of
the patches. For detailed description on the types and meanings of different patches and fire

footprint, please refer to (§1.3).
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2.1.2. Landscape pattern metrics (LPM) for spatial pattern analysis

Understanding the patterns of residual patches plays an important role in inferring
ecological processes such as fire disturbances and species dynamics (Griffith 2004; Mermoz et
al. 2005; Vinatier et al. 2010); this has been central to the study of landscape ecology (Diaz-
Delgado et al. 2004). In dealing with landscape ecology, the basic characteristics of a landscape
(i.e., structure, function, and change) should be understood (Forman and Godron 1986; Turner
1989). Landscape structure has been used extensively in the landscape ecological literature,
primarily to describe both landscape composition and configuration (Gustafson 1998; Linke et al.
2007). A landscape’s composition is described by the number of categories and amount of
different spatial elements within a landscape but without being spatially explicit (McGarigal et al.
2002; Remmel and Csillag 2003; Linke et al. 2007). Landscape configuration refers to the
physical distribution of patches within the landscape (McGarigal and Marks 1995; Remmel and
Csillag 2003; Griffith 2004; Cifaldi et al. 2004; Lin et al. 2010). In order to understand the
interaction between spatial patterns and process, the spatial heterogeneity of a landscape must
be identified and quantified in meaningful ways (Turner 1989; Wu et al. 2000; Blaschke et al.
2002).

One of the characteristic features of a wildfire is the tendency to generate important
biological diversity, which is used to describe the degree of heterogeneity in ecosystem structure
and composition (Burton et al. 2008). One particular way of addressing the spatial heterogeneity
in a landscape is by computing series of landscape pattern metrics (LPM) (Turner 1989; Corry
and Lafortezza 2007); hence, an emphasis has been placed on developing methods to quantify
landscape structure. LPM refer to indices obtained from categorical maps, and are focused on
the characterization of the geometric and spatial properties of landscape patterns (McGarigal et
al. 2002). The metrics have been widely used to characterize spatial heterogeneity, infer
ecological processes (e.g., forest disturbances and species dynamics) (Riitters et al. 1995;
Forman and Godron 1986; Griffith 2004; Lin et al. 2010).

Boreal forest fires involve factors and processes operating at different scales (King and
Perera 2006) and thus the resulting patterns and variabilities can be studied on a wide range of
scales (Pickett et al. 1999). However, there is considerable uncertainty regarding the appropriate
scale at which measurements and analyses are undertaken (Griffith 2004; Cifaldi et al. 2007;
Linke et al. 2007). LPM used to measure landscape structure relies on digital spatial data; yet the
characteristics of the data are constantly changing depending on how scale is defined (Turner
1989; Corry and Lafortezza 2007) and grain sizes are aggregated (He et al. 2002). Additionally,
spatial patterns manifest as processes operate over multiple spatial scales (Turner 1989;

Ostapowicz et al. 2008; Wu et al. 2000); hence interpretation based on data from one scale may
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not apply to another (Perveen and James 2010). Because of this multiplicity, scale holds the key
to understanding pattern-process interactions; this has led to the hierarchical perspective in
landscape ecology. The choice of an appropriate scale depends on the analysis method used to
extract information about the phenomena and specific research objectives investigated
(Woodcock and Strahler 1987). The relationship between patterns and scale has also been an
integral component landscape ecology (Wu and Li 2006), and as a result the definition of scale

has to be well established.

2.1.3. Scale and its importance for pattern analyses

Various researchers have approached the issue of scale and scaling from related but
different perspectives. In landscape ecology, for example, the scaling of patterns and processes
is often addressed by considering multiple scales at which spatial pattern analyses are
undertaken (e.g., Benson and MacKenzie 1995; Moody and Woodcock 1995; Wu et al. 2002; Zhu
et al. 2006). Scale in landscape ecology involves both grain and extent, which are related to the
spatial resolution of a given study area and area of coverage respectively. To understand the
scale effect, the spatial patterns over multiple scales should be studied and hierarchical linkages
among them should be established using scaling approaches. There are two approaches to
multi-scale analyses: 1) the direct method that uses inherently multiple scale approaches, and 2)
the indirect multi-scale method that uses single-scale methods repeatedly at different scales (Wu
et al. 2000). The direct methods contain multiple-scale components in their mathematical
formulation or procedures, and thus are either hierarchical or multiple-scaled (Wu et al. 2000).
Some of the direct methods used in landscape ecology include wavelet analysis, lacunarity
analysis, and spectral analysis. The indirect approach on the other hand can use methods that
are designed for single-scale analysis, such as the wide variety of landscape metrics (e.g., shape
and area related metrics) as well as statistical measures (mean, variance, correlation, and
regression coefficient). The most common approach to study the scale effect issue of scale, and
implemented in this study, is the indirect approach, (Wiens 1989). The indirect methods was
applied because it allows one to compute the various aspects of spatial patterns (composition,

configuration, and fragmentation), and compare the LPM over multiple scales.

2.1.4. Research framework

Several studies have described the spatial patterns of natural fires (Diaz-Delgado et al.
2004; van Wagtendonk 2004; Mermoz et al. 2005; Collins et al. 2007; Meddens et al. 2008; Hely

et al. 2010; Dragotescu and Kneeshaw 2012). Despite their importance for understanding fire
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disturbances and species dynamics, there are relatively few studies undertaken to characterize
the spatial patterns of residual patches and their spatial distribution within a disturbed landscape
(Schmiegelow et al. 2006; Madoui et al. 2010). Moreover, previous studies examined the effect of
scale change on measures of spatial structure (e.g., Turner 1989; Wiens 1989; Benson and
MacKenzie 1995; Gustafson 1998; Nikora et al. 1999; Kok and Veldkamp 2001; Wu et al. 2002;
Zhu et al. 2006; Haire and McGarigal 2009). The studies revealed that the LPM are sensitive to
the changes in grain size, but the response of LPM to changing grain size varies depending on
the dataset and aggregation techniques applied. In spite of this, our understanding of the
interactions between scale and landscape pattern is limited; hence landscape pattern
quantification remains an important issue for investigation and more analyses are needed to
characterize patterns over multiple scales (Leduc et al. 2007). Moreover, little is known about the
effects of scale on parameters that characterize the spatial structure for fine spatial resolution
data (i.e., less than 30 m); yet this spatial resolution remains useful for detecting spatial structure
(Corry and Lafortezza 2007).

The objectives of this chapter are to: 1) characterize the spatial patterns of post-fire
residual vegetation patches, 2) examine the sensitivity of the metrics to changing grain size, 3)
identify some general rules for comparing LPM obtained at different scales (i.e., establishing
scaling rules), 4) assess the impact of land cover types on residual patch occurrence (i.e., are
particular land cover types more likely to generate residual patches?), and 5) evaluate the spatial
association of natural firebreaks (surface water) and fire perimeter with the occurrence of residual
patches. To achieve these objectives, eleven spatial metrics (derived at landscape and class
level) were analysed, across five spatial resolutions Ry, Rg, R, Ra2, and Rea.

In this chapter, | hypothesized that 1) the metrics that characterize the patterns of post-
fire landscape structure would not be consistent across the fire events as the fire size and fire
intensity would vary across the fire events; 2) the pattern and characteristics of residual patches,
with respect to size, shape, and composition is sensitive to scale change; 3) the occurrence of
residual patches is explained with respect to certain non-burnable areas, and 4) a tendency exists
for residual patches to be concentrated near surface water. By addressing these, the study
serves as a proxy for understanding the range of variability for fire in forest ecosystems (Collins et
al. 2007). This study also provides useful information concerning the status and dynamics of
boreal forests, and elements for long-term benchmark monitoring and conservation related to
disturbances.
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2.2. Methods

2.2.1. Study area

Wildfires in boreal forests are sometimes stand-destructive and large that may burn tens
of thousands of hectares, but small fires that burn areas of less 100 ha are the most frequent
(Thompson 2000). In this study, the patterns and characteristics of post-fire residual patches
were examined based on 11 fire events occurred in northwestern Ontario, having footprint areas
ranging from approximately 58 to 4225 ha (Table 2.1). The focus is placed on 11 fire events of
different sizes but it is has to be noted that it is the largest fires that are primarily responsible for
the change in landscape structure. Yet, frequent wildfires are very common in boreal forest; such
recurring fire behaviour is also responsible for the occurrence of different landscape structure,
specifically residual patches.

Table 2.1. The study fire footprints, corresponding fire areas and burn year, and the proportion of
residual patches. The fire footprint codes (fire ID) are those used in Remmel and Perera (2009).

Fire Footprint Burn Fire Footprint Total unburned % of unburned area:
ID* year Extent (ha) area (ha) fire perimeter
FO1 2002 4525.3 1466.7 324
F02 2002 80.6 20.7 25.7
FO3 2002 80.5 17.0 211
FO4 2002 1574.9 341.9 21.7
F05 2002 2286.1 720.8 315
FO06 2002 3741.8 1634.0 43.7
FO7 2002 940.5 287.0 30.5
FO08 2003 3072.2 1212.5 39.5
F09 2002 57.7 11.2 19.4
F10 2003 3276.9 945.7 28.9
F11 2003 719.3 105.3 14.6

The 11 fire events are located within one of the largest ecoregions in Ontario (i.e., Big
Trout Lake ecoregion — 2W), which sits within Ontario Boreal Shield Ecozone (Figure 2.1). The
three ecozones within Ontario are described in (§1.5.5). The boreal forest region in Ontario in
general and the Ontario Shield ecozone in particularly are divided into ecoregions (e.g., 2W, 3E,
3S, 3W, 4E, 48, 4W, 5E, and 5S) based on geoclimatic patterns (Hills 1961). An ecoregion is a
unique area of land and water nested within an ecozone that is defined based on different climatic
variables, including temperature, precipitation, and humidity (William et al. 2009; McKenney et al.
2010). The climate within an ecoregion influences the vegetation types, soil formation, and other
ecosystem processes (e.g., forest disturbances), and associated species. This in return affects

wildfire disturbances and the subsequent post-fire landscape structure. The fire events
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considered in this study are within the 2W ecoregion that is within the Ontario Ministry of Natural
Resources (OMNR) extensive fire management zone, where fires are monitored and recorded,
but not actively suppressed or harvested (Perera et al. 2009a). The spatial extent of each of the

eleven fire events is shown in (Figure 2.2).
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Figure 2.1. Location of the 11 fire events in relation to Ontario’s ecoregion and the Area of
Undertaking (AOU). The AOU is the area where forest harvesting operations are permitted.

This ecoregion (2W) is located in a cold and dry part of the province. The climate is
characterized by long, cold, and dry winters, and short, warm and moist summers (Runesson
2011); with a mean annual temperature ranging from -4.1 to -0.1 °C, a mean growing season
lengthy of 147 to 170 days, mean annual precipitation of 550 to 786 mm, and mean summer
rainfall between 222 and 297 mm (Williams et al. 2009). The relief is characterized by flat plains,
undulating upland areas and dissected uplands with ridges and escarpments (Baldwin et al.
2000). The landscape is also characterized by extensive peatlands in low-lying areas (William et
al. 2009). The region is primarily dominated by coniferous species (approximately 41% of the
region is covered by this cover type) while more than 30% of the ecoregion is covered by various
types of wetlands and surface water. The region is specifically characterized by mix of coniferous
and deciduous species, typified by jack pine (Pinus banksiana Lamb), white spruce (Picea glauca
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(Moench) Voss), black spruce (Picea mariana [Mill.] B.S.P), paper birch (Betula papyrifera sp.),
balsam fir (Abies balsamea [L.] Mill.), and trembling aspen (Populus tremuloides Michx.). This
ecoregion is susceptible to fire, but they are generally smaller than those in the southerly

ecosystems in northwestern Ontario.
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Figure 2.2. The spatial extent of the fire footprints derived from the classified Ikonos images for
the eleven fire events used in the study.
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2.2.2. Landscape data

The landscape data used in this study are based on post-fire vegetation residual maps
delineated and extracted from classified lkonos imagery captured between 1 June and 7 August
2005, with 14 land cover categories (Table 2.2) (Spectranalysis 2005). A standard classification
process, without any specific emphasis on the fires and residuals, was implemented to classify
the lkonos imagery (Spectranalysis 2005). The base data for this study, maps of post-fire
vegetation maps, were provided at multiple spatial resolutions: R4, Rs, R1s, R32, and Rgg4, Which
were obtained from a previous work by (Remmel and Perera 2009). In order to generate the
multi-resolution data, they used a majority rule-based spatial aggregation method, such that the
block size represented the desired spatial resolution (R4, Rg, R1s, R32, and Res) within which the
thematic majority class was assessed (Remmel and Perera 2009). The details about the
approaches used to generate maps of residual patches for the eleven fire events, over the five
spatial resolutions are documented in Remmel and Perera (2009).

Generally, there are two approaches to generate categorical spatial patterns with multiple
spatial resolutions for a given landscape (Saura 2004). The most common and simpler method is
spatial aggregation, which can be implemented using nearest neighbour techniques, majority rule-
based, or random-rule based aggregation. Using nearest neighbour techniques often maintains
the global proportion of each category in the original map but can lead to disaggregation. Spatial
aggregation based on the majority rule have been used in landscape ecological studies based on
the premises that 1) dominant classes increase in abundance while minor classes decrease in
abundance or even disappear through aggregation processes; and 2) spatial patterns change
with aggregations (He et al. 2002).

The second approach is directly classifying simultaneously gathered satellite images
covering the same area but with different sensor spatial resolutions (Saura 2004). One of the
problems with the latter approach is that satellite images from different sensors covering the same
area and in specific time are not easily available. The approach, based on different sensors, has
been less commonly used in landscape ecological studies (Benson and MacKenzie 1995).
Therefore, the majority rule-based aggregation method has been used throughout this study to
mimic the multiple spatial resolution data: Ry, Rs, R+s, R32, and Res (Remmel and Perera 2009).
This is using an independent aggregation, scheme where the aggregation at each successive
grain size always starts with the base data, as opposed ‘iterative’ aggregation scheme in which
the aggregation at the next grain size is based on the already aggregated data of the initial grain
size (Wu et al. 2002).

The aggregations were sequential, from 4 to 64 m spatial resolutions, with double

increment. The five spatial resolutions were considered because 1) the aggregated spatial
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resolutions at R4, Rg, Rys, Ra2, and Res ensured no re-sampling of partial pixels; no pixel was
divided by the aggregation procedures, 2) the selected spatial resolutions potentially reflect the
minimum patch size of the landscape guide (OMNR 2010); the minimum mapping unit or the
smallest possible feature that can be mapped at Rj, is 0.1024 ha, which is equivalent to the
minimum patch size (0.10 ha) of the forest management guide. The spatial resolutions perfectly
straddle this threshold, with R4, Rg, and R4g being finer and R64 being greater than this threshold;
3) the selected spatial resolutions are similar to how some remote sensing device would view the
landscape at different spatial resolutions. For example, 4 m spatial resolution is similar to
datasets derived from Ikonos; 8 m is the closest to the 1:20,000 cartographic scale typical for
aerial photography-based mapping associated with northern Ontario’s forest management
practices (Perera et al. 2009a); and 32 m is the closest to the datasets obtained using Landsat

image.

Table 2.2. Categories of land cover obtained from IKONOS image classification. These
categories follow the classes of the 2000 Ontario Provincial Land Cover Database (OMNR 2005).

Land cover LCID Description

category

Complete burn CB Vegetated areas burned over their full extent, showing little or no
evidence of vegetation

Partial burn PB Vegetated areas burned over part of their extent, showing
evidence of sparse or scattered vegetation

Old burn* OB Old burns where charring is still evident but regeneration appears

Dense conifer DC Dense, predominately coniferous forest that may include some
minor component of deciduous species

Sparse conifer SC Sparse, predominately coniferous forest which may include some
component of deciduous species

Deciduous DE Dense, predominately deciduous forest which may include some
minor component of coniferous species

Alder shrub AS Alder shrubs with some large trees occurring almost exclusively

woodland along watercourses

Low shrub LS Low shrub areas that may include grasses but do not support

trees, found in proximity to lakes, on the deltas of watercourses,
and on old burns

Treed wetlands TW Bogs and fens with tree cover

Open wetlands OoP Bogs and fens without tree cover

Water WA Surface water; includes some extensive string bogs

Marsh MA Inundated areas with emergent vegetation adjacent to surface
water

Bedrock and non- BV Areas with little or no vegetation, primarily bedrock outcrop

vegetated

Cloud and shadow  CS Image areas containing no usable data because of cloud and

shadow effects

*Old burn is obtained based on a pre-fire land cover map.

43



2.2.3. Landscape pattern analysis

Landscape pattern metrics should be carefully selected based on their minimal
correlations among the indices used, their simplicity, and their sensitivity to landscape variations
(Wu 2004). In this study, eleven measures (shown in Table 2.3) are selected based on previous
work involving landscape metrics (Krummel et al. 1987; O'Neill et al. 1988; Turner 1989; Riitters
et al. 1995; Cain et al. 1997; Meddens et al. 2008; Cuesta et al. 2009). The metrics are believed
to explain the effects of scale on pattern analysis and the impact of land cover on residual patch

occurrence.
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Table 2.3. List of landscape pattern metrics used in the study: symbols, measurement units, and description. The level of analysis includes
(L — landscape level and C — class level). Naming and scaling conventions are those of McGarigal and Marks (1995).

Metric Symbol and Description Scope
name Range
Class area CA- How much of the landscape is comprised of C/L CA close to 0 when patches become rare; CA = total
CA<0O residual vegetation patches (ha) area as the landscape is dominated by a single patch.
% of %LAND — Computes the percentage of landscape C %LAND is close to 0 when the patch type is
landscape 0 < %LAND=<100 occupied by residual patches (%) increasingly rare
Largest LPI - The ratio of the area of the largest residual C/L LPI approaches 0 when the largest patch becomes
patch index 0 <LPI<100 patches to the total area of the landscape (%) increasingly smaller; LPI = 100 when the largest patch
comprises 100% of the landscape
Number of NP — The total number of residual patches in the C/L NP = 1 when the landscape contains 1 patch
patches NP 20 landscape (fire event). CL and LL
Patch PD - The number of residual patches per unitarea C/L Higher PD higher spatial heterogeneity
density PD>0 (per ha). CL and LL
Mean patch  MPS The average area of all patches in the L Smaller MPS indicates heterogeneous landscape
size MPS >0 landscape (ha)
Patch size PSSD The standard deviation of patch size in the L PSSD = 0 when all patches in the class are the same
standard PSSD 20 entire landscape (ha). It is a measure of size or when there is one patch
deviation absolute variation; it is a function of the mean
patch size and the difference in size among
patches
Patch size PSCV Measures of relative variability about the L PSCV approaches 0 when the variability in patch size
coefficient PSCV =20 mean (i.e., variability as a percentage of the is small
of variation mean) (%). It is misleading in the absence of
NP and PD
Landscape  LSI Measures the complexity of patch shape L LSI = 1 when the landscape consists of a single patch
shape index LSI=1 compared to a standard shape. In raster of the corresponding type is circular (vector) or square
version, patch shape is evaluated based on a (raster)
square as s standard shape
Mean MSI A patch level shape index average over all L MSI = 1 when all patches of the corresponding patch
shape index MSI=z1 patches in the landscape type are circular or square; MSI increases as the patch
shapes become more irregular
Mean FRAC The summation of fractal dimension for all L FRAC approaches 1 for shapes with very simple
fractal 1<sFRAC=2 patches divided by the total number of perimeters (circles or squares)
dimension patches in the landscape
Mean MNN The average of the shortest distances L MNN close to 0 indicates patches of the corresponding
nearest MNN > 0 between patches of the same type within the patch type are close to each other; MNN is none if
neighbour landscape there is only one patch
distance
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The metrics were also selected to represent and measure different components of
landscape structure: 1) indices that explain the overall landscape composition (CA, LPI, and
%LAND), 2) spatial metrics that describe residual patch configuration (LSI, MSI, FRAC, and
MNN), and 3) indices that explain the fragmentation (NP, PD, MPS, PSSD, and PSCV). The
parameters that characterize the spatial characteristics of landscape structure were studied and
quantified at the landscape and class levels of landscape structure. At the landscape level,
aggregate characteristics of residual patches are studied, irrespective of land cover classes while
information about patches of a given land cover type (i.e., vegetation residual patches) are
obtained at the class level. The parameters concerning these levels of spatial heterogeneity
provide different kinds of information on spatial patterns, including the level of fragmentation
within the landscape, the type and composition, and the spatial arrangements of residual patches
within the landscape. The landscape parameters are computed using FRAGSTATS 3.3

(McGarigal et al. 2002) using the binary raster post-fire residual patch maps.

2.2.4. Spatial patterns of residual patches and scale effect

Scale multiplicity is inherent in spatial heterogeneity (Wu et al. 2000); the effects of scale
are thus inevitable for investigating landscape structures. Multi-scale approaches have also been
suggested to quantify the effects of scale on landscape characteristics. In this study, the indirect
approach to multi-scale analysis, which is related to the spatial aggregation problem, is used to
characterize the patterns of residual patches. The approach uses a single-scale method by
repeatedly measuring parameters at multiple scales. Understanding the pattern and structure
along a hierarchical scaling ladder can be implemented by changing grain size, extent, or both
across successive domains of scale (Wu 1999). The scale multiplicity is performed by changing
the grain sizes into the desired spatial resolutions while the extent and thematic resolutions were
kept constant, and repeatedly computing the metrics using the spatially aggregated data (R4, Rs,
R16, R32, and Rg4). The spatial structure of the residual patches, at the landscape and class
levels, is quantified using the parameters listed in Table 2.3. Information obtained at the

landscape level was used to assess the sensitivity of the indices to scale changes.

2.2.5. Spatial distribution of residual patches: effects of land cover

The occurrence of residual patches is attributed to various factors (e.g., weather
variables, ignition sources, fuel, vegetation, and topography) that interactively affect fire behaviour
and the subsequent post-fire landscape structure (Collins et al. 2007; Hely et al. 2010). The

impact of climatic conditions are usually manifested at a broader geographic scale (e.g., regional
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or landscape level) overlong period of time while other variables (e.g., fuel, topography, natural
firebreaks, or vegetation types) can be realized at finer scales (e.g., fire event). The topography
of Ontario includes flat plains, undulating uplands and dissecting uplands with ridges and
escarpments. These kinds of topographic features can have a considerable impact on the post-
fire landscape structure. Based on the 1 km DEM of Ontario, elevation of the 1 km grid ranges
from a minimum elevation of sea level, around Hudson Bay, to a maximum elevation of about 610
m, west of Thundery Bay (Mackey et al. 1994). However, the topography within each of the fire
events does not vary substantially (Figure 2.3); this is based on DEM data that vary in resolution

from 0.75 arc seconds to 3 arc seconds, and vertical resolution within 5 m.
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Figure 2.3. A box plot that shows the variability of DEM values across the 11 fire events in
ecoregion 2W; each box in the plot is based on the DEM values obtained at five different spatial
resolutions.

Furthermore, vegetation cover types, depending on the fuel load, play an important role in
determining the patterns of fire spread, and the subsequent post-fire landscape structure
(Mermoz et al. 2005). This is attributed to the fuel load or moisture content of fuel particles of the
cover types (Nelson 2001). For example, vegetation cover with high moisture content can slow
the rate of burning; even prevent fire spread and eventually affect the patterns of post-fire
landscape structure. Owing to the variation in fuel type (i.e., whether they are alive or dead) and
amount of fuel available and its spatial distribution, the impact of vegetation cover on the patterns
of residual patches can vary (Viegas 1993; ESA 2002; van Wagtendonk 2004). Therefore,
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knowledge of the types of vegetation cover and their spatial distributions is necessary for
understanding the wildfire processes and managing natural resources. The tendency for certain
cover types to escape burn (and create residual patches within a burned landscape) was thus

examined based on information extracted at the class level of landscape analysis.

2.2.6. Spatial association with fire breaks and fire perimeter

In order to determine the proximity or spatial association of residual patches to surface
water, the proportion of residual patches within increasing distance bands from the water were
computed. Initially, a series of external 100 m wide buffers rings that extended outward from the
water body polygons were generated. The buffer rings were created to the extent where all the
residual patches would be covered. The number of buffer rings generated varied with the
distribution of residual patches within the fire perimeter. The residual patch area was then
computed for each buffer ring, and the spatial association with proximity to surface water would
be assessed. The spatial association of residual patches with increasing distance inward from
the fire perimeter was also investigated. A series of 100 m inward buffer rings were created from
the edge of the fire perimeter; this was repeated until the area of the bands was 0 m% The
number of inward buffers was also different for each fire event studied, with 2 buffer rings for the
smaller events (F02, F03, and F09) and 17 buffer rings for one of the largest events (F06).
Similarly, the area of the residual patches within each buffer was computed to assess the spatial
relationship of residual patch occurrence relative to distance from the fire perimeter. The process
of creating inward and outward buffer rings and computing residual patch areas within each ring

was conducted for each fire event at the five spatial resolutions.

2.3. Results

The results are presented in four sections: patterns and characteristics of residual
patches, effects of changing grain size, impact of land cover types on residual occurrence, and
the spatial association of residual patches with natural firebreaks (surface water) and fire

perimeter. In each section, the results of pattern analyses are given for each fire event observed.

2.3.1. Patterns of unburned residual patches

Within the eleven fire events studied in this dissertation, at 4 m spatial resolution, there
were 1629 residual patches, with a mean patch area of 1.61 ha. The minimum and maximum

patch areas were 0.25 ha (157 pixels) and 151.97 ha (94982 pixels), respectively. The total
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number of residual patches with the events was large (Table 2.4), but most of the vegetation
patches (i.e., more than 75%) were less 1 ha. Those small residual patches (< 1 ha) were
responsible for 21% of the total unburned area (Table 2.4). This indicates a degree of

fragmentation of residual patches within a disturbed landscape.

Table 2.4. Unburned vegetation residual patches: the total number (and area) of residual patches,
and proportion of residual patches < 1 ha across the 11 fire events.

Total residual patches Residual patches <1 ha

Event Total Total  Min. Max. Mean Total % of Patch % of
no. area area area area no. total no. area patch

area

FO1 469 64153 0.25 5243 1.37 353 75.27 170.48 26.57
F02 9 3.56 0.25 3.56 0.40 9 100.00 3.56 100.00
FO3 6 3.96 0.29 1.03 0.66 5 83.33 2.93 74.07
F04 102 103.70 0.25 10.83 0.45 81 79.41 36.24 34.95
F05 170 34490 0.25 97.13 2.03 119 70.00 56.85 16.48
F06 327 78797 025 151.97 2.41 233 71.25 102.61 13.02
FO7 59 90.90 0.25 43.39 5.57 45 76.27 20.48 22.53
F08 136 361.03 0.25 107.00 2.23 124 91.18 54.76 15.17
F09 3 1.86 0.32 1.21 0.62 2 66.67 0.65 35.06
F10 308 379.13 0.25 16.92 1.23 223 7240 107.79 28.43
F11 40 26.28 0.27 3.03 0.66 34 85.00 14.56 55.42
Total 1629 2744.83 1.61 1228 75.38 570.92 20.80

The characteristics of residual patterns at a given spatial resolution was explored to
assess spatial heterogeneity and determine the range of variation in the amount, size, shape and
spatial arrangement of residual patches within the fire perimeter; this has been accomplished by

computing landscape metrics at 4 m spatial resolution (Table 2.5).

Table 2.5. Patterns of selected landscape metrics computed for the 11 fire events at 4 m spatial
resolution, at the landscape level of analysis where aggregate characteristics of residual patches
are examined.

Event CA NP PD LPI LSI MPS MSI FRAC
FO1 641.53 385 60.01 8.30 130.04 1.67 5.91 1.37
F02 3.56 8 224.62 35.76 11.29 0.45 3.88 1.33
FO3 3.96 6 151.45 25.93 8.53 0.66 3.52 1.29
FO4 103.7 99 95.47 10.44 46.98 1.05 4.38 1.32
FO05 344.9 159 46.10 29.78 54.39 217 4.30 1.30
FO6 787.97 282 35.79 22.30 112.36 2.79 5.49 1.34
FO7 90.9 57 62.70  47.73 31.50 1.59 4.08 1.30
FO8 361.03 151 41.82 30.04 52.83 2.39 4.31 1.31
F09 1.86 3 161.50 64.94 10.59 0.62 5.72 1.39
F10 379.13 261 68.84 5.16 101.71 1.45 5.73 1.37
F11 26.28 38 144.61 11.53 22.62 0.69 3.55 1.28
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2.3.2. Spatial pattern analyses: effect of changing grain size

The results of the selected spatial metrics are summarized in the form of landscape
metric scalograms (Wu 2004), in which pattern indices are plotted against grain sizes; this is
intended to evaluate the scale effect on characterizing spatial patterns. For each fire event, a
subset of the pattern metrics was computed and a scalogram was generated for each metric.
Since the computed values of the spatial metrics have different measurement units (and hence
are not directly comparable to each other), all the values of the metrics were normalized by
dividing each metric by its maximum value. In general, changing grain size for fine resolution
data had substantial effects on the LPM values. While there was some consistency among some
of the metrics’ values, the magnitude and pattern of the response curves varied for most of the
metrics across the fire event landscapes. The effects of grain size on spatial patterning can thus
be grouped into three general categories: 1) monotonic and predictable response, 2) monotonic

change with no simple scaling relationship, and 3) non-monotonic change with erratic responses.

2.3.2.1. Monotonic decreasing and predictable response

This includes the LPM that decreases with increasing grain size in a remarkably
consistent power law relationship, with a coefficient of determination (RZ) > 96%. Three of the
LPM examined exhibit such a predictable response across all the events considered (Figure 2.4).
The three metrics are all related to shape, including LS|, MSI, and FRAC. These metrics changed
predictably with increasing grain size, exhibiting scaling relationships that were consistent across
the landscapes. This showed that shapes of the residual patches become less complex and
irregular as data become increasingly spatially aggregated (or resampled). Figure 2.5 shows the
variability of the LPM exhibiting monotonic decreasing and predictable response, across the
eleven events with a power law best-fit model. The three shape-related metrics show a similar
trend across all the events despite the differences in the spatial extent of the fire events, and the

spatial composition, and configuration of the subsequent post-fire landscape structure.

2.3.2.2. Monotonic change with no simple scaling relationship

This encompasses spatial metrics that increase or decrease with increasing grain sizes,
but do not exhibit a predictable response across all the events. One may expect that some
measures of landscape structure such as CA, MPS, LPI, and MNN would increase monotonically
with increasing grain size simply because of the progressive aggregation of smaller patches into

large ones. For the same reason, other measures of landscape such as NP and PD would tend
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to decrease monotonically with increasing grain size. These have been evident for some of the
metrics computed for some of the fire events; yet the increase or decrease in the parameters is
not readily predictable across all the events. Figure 2.6 shows the LPM that decrease or increase
with increasing grain size but did not show consistent responses among different fire event
landscapes. For example, in FO1, some LPM (e.g., NP and PD) exhibit monotonic change but the
same LPM (NP and PD) show erratic behaviour for FO6. Despite the monotonic change of the
LPM, there is an unexpected deviation from a predictable pattern. However, a statistically
significant regression coefficient between LPM and grain sizes was attained for some of the fire
events, yet different mathematical models are generated for each LPM across different events
(Table 2.6). Hence, it is not easy to fit a robust scaling law to predict patterns across all the fire
events. This is reflected in Figure 2.7 and Figure 2.8 where the variability of the LPI values
exhibiting a monotonic change with no simple scaling rule is presented. As a diagnostic, the
results show that the metrics characterizing the pattern of residual patches vary across the

events.
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Figure 2.4. Scalograms showing effects of changing grain size on landscape: landscape metrics
that exhibit monotonic decreasing function and predictable response with increasing grain sizes.
The y-axis shows the LPM values normalized by max. value of each metrics.

52



1.0

09 - \ Yy = 2.0793)((_0'539)
’ \ T R? = 0.9990
0.8 \

0.7
06 — N
05 —
04 —
0.3
0.2
0.1
0.0

LPM values —— LSI

F___
/
/
F-- - -
]
1
.

l
o

— — Fitted power law L

1.0

09 — \ Y = 1.7836x(7048)
’ \ R? = 0.9684

0.8 \

07
06 H‘
05 \H -

04 - 0 TS~ "

03 ! =k N
02 o -5

LPM values —— MSI

0.1 + = = Fitted power law

0.0

1.0 ~
0.9
08
0.7
0.6
05
04
0.3
02
0.1
0.0

! Y = 1.1176x(-00%
o & R? =0.9769

- - -
-
- -

| | | | | |
*Q-‘
[
I
I
I
[
I
I
I
[
I
[
|
[
|
fo

LPM values —— FRAC

— — Fitted power law

T T T T T
4 8 16 32 64
Spatial resolution (m)

Figure 2.5. Scalograms showing effects of changing grain size: the variability of LPM values
exhibiting a monotonic and predictable relationship across all the fire events. The box plots are
based on the LPM values obtained from the 11 fire events.
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Table 2.6. R® values showing the best fit models of the measured landscape metrics in relation to the 5 grain sizes used in the study. The
best fit generates different regression types: Power law (black), Linear (red); Exponential (green), Logarithmic (blue), and shaded (LPM
with erratic response curves).

R for LPI with practicable R* for LPI with monotonic changes (decreasing or increasing) but no simple scaling
response curves across all fire relationship across different fire events

events
Event LSl MSI FRAC CA LPI NP PD MPS PSSD PSCV MNN
FO1 0.9868 0.9587 0.9726 0.9886 0.9778 0.9831 0.8139 0.9886
F02 0.9965 0.9706 0.9695
FO3 0.9289  0.9586 0.9603
F04 0.9444  0.9532 0.9687 0.9656 0.9840 0.9952 0.9917 0.9800 0.9659
FO05 0.9940 0.9659 0.9787 0.9573 0.9902 0.8659 0.9987
FO06 0.9916  0.9781 0.9845 0.9899
FO7 0.9887  0.9917 0.9923 0.9205 0.9675 0.9550 0.9899
FO08 0.9911  0.9804 0.9872 0.9497 0.9513 0.9679
F09 0.9683  0.9323 0.9016
F10 0.9694  0.9495 0.9650 0.9923 0.9844 0.9793 0.9268 0.9735
F11 0.9989  0.9577 0.9847 0.9741 0.9424 0.9535
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Figure 2.6. Scalograms showing effects of changing grain size on landscape: landscape metrics
showing monotonic change (decreasing or increasing) with no simple scaling relationship across
the 11 fire events (NA indicates none of the metrics in the event has this response curve). The y-
axis shows the LPM values normalized by max. value of each metrics.
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Figure 2.8. Scalograms showing effects of changing grain size: the variability of LPM values

exhibiting a monotonic change across certain fire events but with no robust scaling rule across the
11 fire events. The box plots are based on the LPM values obtained from the fire events listed in
the top-left corner of each scalogram.

2.3.2.3. Non-monotonic and erratic response

Figure 2.9 shows the LPM that exhibit non-monotonic change and erratic responses
among different events, particularly for the small sized events (F02, FO3, and F09). For these
three events, all the LPM (except the three shape related metrics: LSI, MSI, and FRAC) exhibited
erratic responses to increasing grain size. On the other hand LPM such as CA, LPI and NP
tended to be erratic across most of the landscapes but LPM that show erratic behaviour were not

similar among different landscapes, as shown in Figure 2.9. The non-monotonic changes with
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increasing grain sizes demonstrate the unpredictable patterns of the LPI across the landscapes.
This indicates that it is not easy to develop a simple scaling law to predict patterns for these

specific metrics at different scales.
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2.3.3. Residual patch distribution: impact of land cover type

The post-burn land cover composition within the unburned patches was examined for the
11 boreal wildfires using selected class-level metrics (e.g., CA and %LAND). This was to address
whether particular land cover types were more likely to generate residual patches than other
types. These two metrics explain the size of residual patches occupied by specific cover types.
The results show that the proportion of residual patches occupied by different cover types tend to
vary across the events (Figure 2.10), depending on the dominance of different land cover types in
the landscape and resistance of certain cover types to fire. However, sparse conifer was over-
represented within residual patches across all fire events except for FO1, FO3 and F10. In these
three events, treed wetland (in FO1), dense conifer (F03), and low shrub (F10) classes were more
likely to escape burning. Specifically in FO1, more than 50% of the residual patches were
occupied by treed wetland while deciduous trees occupy more than 40% of the residual patches
in FO3. However, majority of the residual patches were covered with sparse confer; there was a
situation in which approximately 50% of the residual patches comprised of sparse conifer (e.g.,
FO04, FO5, and F11).

The fragmentation level of residual patches in relation to land cover types was also
examined using selected metrics (NP and LI), which can explain the landscape heterogeneity.
Figure 2.11 shows the variability in NP across 5 spatial resolutions by land cover types; the result
shows that the number of residual patches occupied by different cover types is substantial and
highly variable across the five spatial resolutions. Similarly, the variability in the largest patch
index (LPI) across the five spatial resolutions by land cover is estimated and shown in (Figure
2.12). Despite the variability in LPI values, it is investigated that the LPI is likely to be associated
with the land cover types that dominate the residual patches (higher %LAND values). In FO1, for
example, the largest patch is occupied by treed wetland, which was predominant land cover in

residual patches (i.e., more than 50%).
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Figure 2.10. Land cover composition of residual patches: the variability in the proportion of fire
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computed across the five spatial resolutions by land cover types.
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by land cover types; each box in the plot is based on the metric values obtained at five spatial

resolutions.
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2.3.4. Spatial association with surface water and fire footprints

The adjacency analysis of residual patches with surface water and edge of fire perimeter
was investigated at the five spatial resolutions. Figure 2.13 and Figure 2.14 show the variability of
residual patch area, and the distance from surface water and edge of fire perimeter among the
fire footprints observed at R4 and Rj, spatial resolutions. The results of the spatial associations at
R4 and R3; m spatial resolutions are presented because these resolutions are similar (or closest)
to how a respective remote sensing device would view the landscape with lkonos and Landsat
images respectively. Despite the importance of surface water for the occurrence of residual
patches, the variability of residual patch area (shown in Figure 2.13) suggested that it is difficult to
generalize any kind of trends with increasing distance from natural firebreaks, across all the five
spatial resolutions. However, the fitted models tended to indicate that the residual patch area
decreases with increasing distance from surface water and fire perimeter, with a second-order

polynomial model form.
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Figure 2.14. Variability in the proportionate extent of residual patches in internal 100 m wide
buffer rings with increasing distance from footprint perimeters; each box in the plot is based on
the residual patch area computed across 11 fire events (at R4 and Rs,). The y-axis shows logarithm
of residual patch area.

2.4. Discussion

2.4.1. Spatial pattern analysis of residual patches

One of the most important questions asked by forest managers is how much residual
patch must be preserved during harvesting operations. This requires knowledge about the
proportion of unburned areas within a fire-disturbed landscape (Andison 2004). The proportion of
the unburned areas in this study represent between 15% and 44% of the total fire area for fire
events F11 and F06, respectively, with an average 28% of the total fire area; this includes not

only residual patches but all unburned areas (e.g., surface water, and bedrock and non-vegetated
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areas). The residual patches account between 3% for FO9 and 21% for FO6, with an average
10% of the total area across all the fire events; this suggests the severity of the fire varies across
the fire events. This is similar with the report made by Madoui et al. (2010), who found that the
average proportion of residual patches in the Western Quebec was only 10% of the total area.
The study was based on 33 fire events, obtained from classified Landsat imagery and having fire
areas ranging from 3114 to 51882 ha; located in two different physiographic zones. The results of
my study also suggested that the composition of residual patches in northwestern Ontario is
comparable with the study undertaken in northern BC (Delong and Tanner 1996) and foothills of
Alberta (Andison 2004). The studies indicated that residual patches accounted for an average of
3-9% in sub-boreal BC and 10-11% in the Alberta’s foothills respectively.

The proportion of land area (CA) escaped from fire varies considerably across the fire
events, where there was a situation in which more 21% of land area evades the fire. The
proportion of the fire footprint occupied by residual patches was relatively substantial for the large
sized fire events (e.g., FO1, F06, and F08) while it was comparatively small for the small sized fire
events (FO2, FO3, and F09), with a significant correlation coefficient (r = 0.938, p < 0.001)
between the proportional area of residual patches and disturbance size. This is likely to happen
because large fires often encounter natural firebreaks such as wetlands, surface water, and
barren lands (Eberhart and Woodard 1987); hence result in a substantial area and number of
residual patches. In small fire events, depending on fire intensity and natural firebreaks, there is a
tendency for a fire to burn everything. Such a positive correlation was also obtained in a study
undertaken by Delong and Tanner (1996) in the sub-boreal of BC. The study on the foothills of
Alberta however suggested the independence of proportional residual area from the disturbance
size.

The study on the patterns of residual patches in BC and in the Albert’s foothills, and the
results of my study indicated that the composition of residual patches varied across the fire events
from different studies. The variation can be explained in relation to fire intensity and severity, but
the differences in the patterns can also be attributed to differences in the spatial resolution of the
source data used to study the patterns and residual patch definition. The latter is related to the
way in which the ‘residual patches’ are defined with respect to survival levels of species; the
incorporation of partially disturbed islands in the definition. It also refers to the differences in the
minimum resolution (i.e., the minimum island polygon used to define a residual patch). This study
was based on 0.25 ha as the minimum island area to define a residual patch while other studies
based their definition using 0.20 ha (Delong and Tanner 1996) and 0.02 ha (Andison 2004) as a

threshold value. This suggests that understanding the natural patterns of residual patches should

67



require a clear definition of residual patch existence and resolution at which the minimum residual
island is delineated; yet this is a goal-specific assessment.

The other question that might be asked by forest managers is related to the heterogeneity
level within a disturbed landscape as this reflect the abundance of natural firebreak features and
variation in fuel distribution. The fire events were characterized by a large number (>75%) of
small residuals (< 1 ha); indicating a high degree of fragmentation of residual patches. The
existence of large numbers of small residual patches also reflects the abundance of high
concentration of natural firebreaks within the landscapes or diversity within the fire event.
Moreover, the heterogeneity of a fire-disturbed landscape can be explained by various metrics.
LPM such as NP, PD, LPI, and MPS, for example, can serve as general indices of spatial
heterogeneity (fragmentation) of a landscape, but they are not spatially explicit measures
(McGarigal et al. 2002). Specifically, NP and PD of a particular habitat type may affect a variety
of natural processes; for example it may alter the stability of species interactions or opportunities
for coexisting of different species in a landscape and affect the propagation of disturbances (e.g.,
fire) across a landscape (McGarigal and Marks 1995). In this study, the NP was relatively high for
the large sized fire events (e.g., FO1 and F06) and it was lower for small sized fire events (F09);
indicating a significant correlation between NP and fire footprint area (r = 0.973, p < 0.001) and
higher degree of fragmentation for large sized events. This could be attributed to the diversity of
land cover types (fuel distribution) and abundance of natural firebreaks within the fire events. LPI
is also another indicator of spatial heterogeneity, where the least heterogeneous landscape has
higher LPI values. The LPI values shown in Table 2.4 indicate that two of the large sized fire
events (FO1 and F10) were the most heterogeneous landscapes with LPI values of 8.30 and 5.16
respectively; yet LPI values is not significantly correlated with disturbance size (r =-0.555, p =
0.0762). During fire recurrence, the highly fragmented residual patches may be more resistant to
the propagation of fire disturbances; hence more likely to persist in a landscape than patches that
are contiguous (McGarigal and Marks 1995).

PD is believed to facilitate comparison among landscapes of various sizes; where a
landscape with a greater PD would have more spatial heterogeneity. PD was negatively
correlated with the extent of fire disturbance (r = -0.80, p = 0.0080); suggesting that small sized
fire events tend to exhibit greater heterogeneity. Although it is scale dependent, a smaller mean
patch size indicates a spatially heterogeneous landscape. It is discovered that the MPS was
positively correlated with the area of the fire event (r = 0.78, p = 0.0041), indicating that small
sized events might be more fragmented than larger ones. The relationship between different
metrics (LPI, PD, and MPS) and fire disturbance size provided different explanation on the

fragmentation levels and fire disturbance size. These prompt one to suggest that the spatial
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heterogeneity of the fire events might not easily be explained with a combination of LPM
parameters.

Furthermore, residual patches maintain different natural shapes or variations that
eventually affect the calculation of shape level metrics (Kachmar and Sanchez-Azofeifa 2003).
Residual shapes can be ‘circular’, isolated, and identifiable homogenous areas surrounded by
burned areas or homogenous areas that follow the perimeter of a linear natural (e.g., river stream)
or anthropogenic features (e.g., roads or transmission lines). With respect to shape metrics, a
relatively circular form of residual patches (MSI = 1.5 — 1.6) was observed in a study undertaken
by (Drogatescu and Kneeshaw 2012). In a study by Andison (2004), an MSI of 1.3 and 2.9 was
also obtained depending on the size of the fire. In this study, an MSI value of greater than 3.55
was computed across all the fire events; indicating that the patch shapes are non-circular.
Similarly, FRAC values greater than 1.28 was observed for all fire events, confirming the
departure of the residual patches from a Euclidean geometry. The non-linear shape of the
residual patches provides more suitable interior habitat conditions (Bergeron et al. 2007). The
shape of the residual patches were irregular and complex, and might have been caused by
irregular shapes of the water courses, wetlands, and other natural variations within the fire

perimeter.

2.4.2. Sensitivity to scale change

The effects of grain size on characterizing the patterns of landscape structure have been
reported in different studies (Turner 1989; Wiens 1989; Benson and MacKenzie 1995; Wu et al.
2002; Zhu et al. 2006; Haire and McGarigal 2009), but the effectiveness of the methods remains
questionable (Wu et al. 2000). In this chapter, a single-scale method was used to assess the
impacts of grain sizes on characterizing post-fire landscape structure. Changing grain size can
have considerable (quantitative and qualitative) effects on how LPM changes over multiple scales
(Turner1989; Zhu et al. 2006; Corry and Lafortezza 2007). The results of the multiscale analyses
supported the hypothesis that the LPM used in this study would be sensitive to changing grain
sizes, across the events. Although the sensitivity to scale change varied greatly among the
indices and spatially across the sites, the effects of grain size on measures of LPM were grouped
into three categories: monotonic change and predictable patterns, monotonic change (decreasing
or increasing) with no simple scaling relationship, and non-monotonic change with erratic
responses.

Previous studies indicated that landscape shape index decreases following a power law

relation as grain size increases (Wu et al. 2000; Corry and Lafortezza 2007). This was evident in
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this study where both LS| and MSI exhibited consistent and predictable patterns, with a power law
relation throughout the fire events. Hence, simple mathematical regression equations can be
formulated to predict patterns at coarser spatial resolutions. With respect to the fractal dimension
metrics, Wu et al. (2002) found that the behaviour of landscape fractal dimension in response to
changing grain size did not have a predictable trend; this was based on remote sensing data of a
boreal forest landscape (near Thompson, MB, Canada). In a similar study by Wu et al. (2000),
the fractal dimension of a landscape remains constant over a range of grain sizes and begins to
fluctuate after grain sizes exceeds 50 m. However, my study showed that the fractal dimension
tended to behave the same way as the other shape related metrics (i.e., a decreasing power
relation) (Figure 2.4). These indicate that new and predictable landscape features would emerge
over coarser grain sizes. The consistent patterns of the shape related metrics is likely because
there are limited values for shape related parameters (Griffith 2004).

Other measures of landscape structure such as CA, MPS, LI, MNN, NP, and PD are
expected to increase or decrease monotonically with increasing grain size simply because of the
progressive aggregation of smaller patches. In a study conducted by Wu et al. (2000), the two
measures of spatial heterogeneity: NP and PD showed a remarkably consistent power-law
relationship, suggesting that these indices can be predicted over a wide range of grain sizes.
Corry and Lafortezza (2007) also found that CA had a predictable pattern while NP and MPS
showed a stepped-function (i.e., staircase-like response). In this study, the magnitude and
pattern of the response curves of these measures of LPM vary among the events, with CA, MPS,
MNN, NP, and PD exhibiting monotonic decreasing behaviour with no simple scaling law for five
of the fire events. The response curves of these parameters for the rest of the events were
erratic. Similarly, PSSD increases almost linearly with increasing grain size while PSCV
decreases in a power-law fashion (Wu et al. 2000). The PSSD and PSCV in this study showed a
non-linear increase and decline with increasing grain size, respectively, for some of the fire events
while they showed an erratic response for the certain events. The differences in the magnitude of
LPM response curve across the events do not allow one to develop scaling laws or predict
patterns at coarser spatial resolutions. The difference in magnitude of response curves also
suggests that large number of samples (i.e., a wide range of grain sizes) would generate better
scaling laws for transferring information more effectively.

In order to understand the role of scale in spatial heterogeneity, it is useful to identify
simple relationships between metrics measured at different scales and examine the scaling laws
exist for different patterns (Wu et al. 2000). However, the exact relationship among metrics
measured at multiple scales varies across landscapes and may not allow information

extrapolation (Turner 1989). The result of this study supported this view that the response curves
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from most of the LPM, except LSI, MSI and FRAC, did not allow one to derive robust scaling laws
to predict patterns at coarser spatial resolutions across different events. This suggests that multi-
scale analysis of residual patches at limited grain sizes (R4, Rs, R16, R32, and Rg4) would remain a
challenge in landscape ecology. Furthermore, the discrepancies of the estimated parameters can
also be attributed to the way in which grain sizes are aggregated. Studies have shown that
different aggregation methods may have considerable effect on landscape patterns (Wichham et
al. 1995; He et al. 2002). For example, for landscapes with greater local heterogeneity, the
results of aggregation might be less adequate (Benson and MacKenzie 1995). On the other
hand, important properties of landscapes are not preserved under some aggregation schemes
(Benson and MacKenzie 1995). He et al. (2002) also indicated that majority and random-rule
based methods of spatial aggregation led to different results in cover type proportions and altered
spatial patterns. Therefore, it would be an interesting task to assess the impact of spatial
aggregation methods that affect the characteristics of landscape metrics (Wu et al. 2002). While
the single-scale method was useful to characterize and understand the patterns of post-fire
landscape structure, having large number of resampled data (i.e., grain sizes) would provide a

better approach to study multi-scale structural problems in landscape pattern over multiple scales.

2.4.3. Residual patch occurrence and land cover composition

Although there is directional effects related to wind and fire growth (Burton et al. 2008), it
is assumed that the area within the fire perimeter had an equal chance of burning. Yet, there are
certain areas that escape burning and the occurrence of those unburned areas is attributed to
various factors, including abundance of natural firebreaks, less fuel availability, or the type of land
cover or species type within the fire perimeter. The most obvious question is that why there is a
tendency for certain land cover types burn preferentially than others. The abundance of residual
patches is often associated with the dominant cover types in the landscape. However, there are
some land cover types that dominate residual patch occurrence despite their low abundance in
the landscape (Madoui et al. 2010). For instance, in a study by Kafka et al. (2001), deciduous
forest cover was more likely to dominate the existing residual patches regardless of its low
dominance in the landscape. Burton et al. (2008) likewise concluded that compared with the
coniferous forests, deciduous forest is less likely to burn in the boreal mixed wood region and
dominate the post-fire residual patches.

The findings of my study support this view to a certain degree that some land cover types
are more likely to evade burning than other land cover types, despite their low abundance. In
FO01, for example, more than 71% the landscape is dominated by sparse conifer and dense

conifer, but treed wetland and low shrubs are predominant in residual patches (Table 2.7).

71



Because of the wetness of the land, treed wetlands usually serve as a natural firebreak; hence it
was expected that residual patches would be dominated by treed wetland. In different fire events,
(e.g., FO7 and F09) sparse conifer dominated the residual patches despite its low abundance
(e.g., dense conifer is the dominant cover type). This indicated that sparse conifer has a low tree
density and may not be prone to high-intensity fires because of a lack of fuel (Madoui et al. 2009).
On the other hand, there was a situation in which land cover types with high abundance was

positively associated with residual patch occurrence. This provides an overview of the land cover

composition of the existing residual patches; the relative importance of land cover type as a

variable to explain residual patches is presented in Chapter three.

Table 2.7. A table summarizes the proportion of the dominant land cover types in the fire

footprints and the land cover types that dominate the existing residual patches in each fire event.

Fire The most The second most Land cover type Land cover

event dominant land dominant land cover that dominate type
cover type (% type (% of the residual associated
of the landscape) patches * with the LPI
landscape) **

FO1 Sparse conifer Dense conifer (30%) Treed wetland Treed wetland
(41%)

FO02 Sparse conifer Treed wetland (31%) Sparse conifer Sparse conifer
(66%)

FO3 Treed wetland Sparse conifer (42%) Dense conifer Dense conifer
(57%)

F04 Sparse conifer Dense conifer (21%) Sparse conifer Sparse conifer
(41%)

FO05 Water (38%) Dense conifer (20%) Sparse conifer Sparse conifer

and Old burn (17%)

FO6 Dense conifer Sparse conifer (8%) Dense conifer Dense conifer
(86%)

FO7 Dense conifer Sparse conifer (12 %)  Sparse conifer Sparse conifer
(76%)

FO08 Sparse conifer Dense conifer (34.5%) Sparse conifer Sparse conifer
(41%)

F09 Dense conifer Sparse conifer (30%) Sparse conifer Sparse conifer
(67%)

F10 Old burn (66%) Sparse conifer (13%) Low shrub Low shrub

F11 Sparse conifer Dense conifer (37%) Sparse conifer Sparse conifer

(44%)

* Summary of Figure 2.10 and ** summary of Figure 2.12.

The spatial heterogeneity of residual patch occurrence in relation to land cover types
using two measures of spatial heterogeneity: NP and LI was also investigated. The number of
residual patches occupied by the six different cover types (alder shrub, deciduous, dense conifer,

low shrub, sparse conifer and treed wetland) was substantial and highly variable across the five
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spatial resolutions considered. The large number of residual patches throughout the land cover
types: 1) signifies that the residual patches are spatially distributed in the landscape due to high
concentration of natural firebreaks in the landscape, and 2) indicates that the land cover types
that constitute the residual patches are highly fragmented across space; meaning that a single
residual patch is likely to be occupied by more than one cover type. Moreover, the variability in
LPI shown in Figure 2.12 indicates that the proportion of the landscape area occupied by the
largest residual patch is associated with the dominant cover type in the landscape (Figure 2.10,
Figure 2.12, and Table 2.7). Based on this, it is sensible to argue that the dominant land cover
types are associated with low level of spatial heterogeneity. Finally, the variability in NP and LPI
across five spatial resolutions (Figure 2.11 and Figure 2.12) revealed that grain sizes had a

substantial effect on computing the LPM over multiple scales.

2.4.4. Spatial association with natural firebreak features and fire perimeter

| discovered that certain land cover types are more likely to evade fire and hence form
residual patches, but the concentration and spatial distribution of the residual patches are also
associated with other factors (e.g., weather conditions, topography and fire breaks). It was
reported that the spatial distribution of residual patches within the fire perimeter would be random
under the influence of weather conditions (Madoui et al. 2010). The influence of weather
conditions during a fire event could be substantial but the conditions are less likely to vary within a
fire event scale. It was anticipated that there is a tendency for residual patches to be associated
with proximity to natural firebreaks, mainly to surface water. The study showed that the residual
patches are associated with the proximity to surface water to a lesser degree, specifically with
increasing proximity to water. Despite the variation in residual patch area (Figure 2.13), the
abundance of residual patches showed a trend with increasing distance from surface water,
across all the five spatial resolutions. As a diagnostic, the relative abundance and distribution of
residual patches within the fire perimeter, in relation to distance to surface water would mostly be
uneven. Similarly, the spatial distribution (and variability) of residual patch area, across the five
spatial resolutions showed some trend with closer proximity to fire perimeter edge; for example,
large residuals tend to concentrate with closer proximity to the fire edge. The overall variability of
residual patch area and their spatial association with distance from water or fire edge suggested
that 1) the distribution (and impact) of surface water across the events was uneven and 2) the
spatial distribution of residual patches within fires would be attributed to other geo-environmental
factors. Therefore, the next section (Chapter 3) investigates the parameters that govern the

occurrence of residual patches for the same landscape (11 fire events) considered in the study.
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2.5. Summary and conclusions

Wildfire in boreal forests is usually intense and consumes a substantial amount of forest
cover, but does not burn the entire landscape; it retains certain undisturbed vegetation patches
within a fire-disturbed landscapes. Exploring the patterns, characteristics, and distribution of the
heterogeneous landscape mosaic created by wildfire has been fundamental in landscape
ecology. Also, improved understanding of the characteristics of post-fire residual structure in
natural environment allows forest managers to implement effective forest management practices.
This requires a comprehensive assessment of the characteristics of post-fire residual patches. To
this end, my study sought to implement a reliable and consistent method for measuring and
assessing the spatial patterns and characteristics of residual vegetation patches. In order to
examine the characteristics of the residual patches, a number of related but distinctive research
objectives were formulated.

The main objective of this chapter was to characterize the spatial patterns of post-fire
residual patches using different metrics and examine the sensitivity of the metrics to changing
grain sizes. The study involved different metrics that explain the composition, configuration, and
the fragmentation of residual patches within the fire footprint. Burton et al. (2008) stated that the
severity characteristics of wildfires, particularly large fires, vary across boreal North America due
to the variation in climatic, vegetation, and fuel availability (Burton et al. 2008). This view was
reflected in my study where the proportion of residual patches (CA and %LAND), which may
indicate the severity level of a fire, varied across the fire events owing to the variation in fire
behaviour (size, intensity, and severity). The uneven burn severity within the fire events can also
be explained by the local effects of the sites (topography, natural firebreak features, and other
non-vegetated features) and stand attributes of severity. This further intensities the diversity in
the distribution and configuration of post-fire landscape structure.

The metrics related to the composition of residual patches such as CA and %LAND are
also useful to determine the proportion of post-harvest residual patches that should retained
during harvesting. The results of my study showed that the proportion of the residual patches
varied from 3% for FO9 (the smallest fire event with 58 ha) to 21% for FO6 (the largest fire events
with 3741 ha); with average 10% across the 11 fire events where the average fire footprint area
was 1850 ha. The metrics that describe the spatial configuration and fragmentation of the
residual patches such as NP, PD, LPI, and MPS can also be used to determine the spatial
arrangements of the post-harvest residuals. Although the spatial heterogeneity might not easily

be explained with a single LPM, this study found that there was high degree of fragmentation due
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to the abundance of natural firebreak features; the degree of fragmentation was also associated
with the extent of the fire perimeters.

| also assessed the sensitivity of the metrics to changing grain sizes and developed a
scaling rule to determine patterns across multiple scales. The results of the multi-scale analyses
prompted me to infer that the effects of scale on spatial patterning can be summarized into three
categories: monotonic change and predictable pattern, monotonic change with no simple scaling
relationship, and non-monotonic change with erratic responses. The pattern analysis revealed
that shape metrics LS|, MSI and FRAC exhibited a predictable response, following a power law
relation. This was consistent with studies undertaken by others, indicating that a robust scaling
rule can be derived to determine patterns across multiple scales. Nevertheless, most of the LPM
used in this study showed either a monotonic change with no simple scaling law or a non-
monotonic change with erratic response across different sites. For some of the LPM with
monotonic changes, however, it would be possible to draw a correlation (negative or positive)
between the metrics and grain sizes. This hinders one to develop a robust scaling rule to transfer
information (predict patterns) across different events at coarser spatial resolutions, and hence a
site-specific or scale-specific pattern analysis is desired. Based on the findings on the five
different spatial resolutions, | was prompted to conclude that multi-scale analyses of post-fire
residuals at limited grain sizes (R4, Rs, R+s, R32, and Rg4) would remain a challenge in landscape
ecology. Although a single aggregation method (i.e., independent aggregation method as
opposed to ‘iterative’ method and majority rule as opposed to random rule-based method) was
used, | tended to infer that spatial aggregation methods can also have an impact on
characterizing patterns over multiple scales. Therefore, the multi-scale analysis undertaken,
based on a single-scale method, at the given grain dictates further theoretical and empirical
studies.

Another objective of this chapter was to determine whether particular types of land cover
are likely to escape burning and whether post-fire residual patches are associated with fire edge
and surface water. Addressing this issue would allow forest managers to answer the question
‘where to retain post-harvest residual patches’. The incidence of post-fire residuals is usually
associated with the dominant land cover type, and this has been manifested in most of the fire
events. However, the occurrence of residual patches in a disturbed landscape was not only
related to the dominant land cover, but also to land cover types that are less prone to high fire
severity such as treed and open wetlands. In some of the fire events, for example, certain land
cover types (e.g., treed wetland and sparse conifer) were more represented in residual patches
despite their low abundance in the landscape. This could be associated with low tree density,

high moisture content of species, and wetness of the land surrounding the fire.
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3. Estimating the variables that govern the existence of residual
vegetation patches within a fire disturbed boreal landscape

Abstract

Wildfires are frequent boreal forest disturbances in Ontario and emulating them with forest
harvesting has emerged as a common forest management goal. Wildfires typically contain a considerable
number of unburned residual patches of various size, shape, and composition; understanding the
characteristic features of these residuals provides insights for effectively emulating forest disturbances by
harvesting operations. The occurrence of residual patches within eleven boreal wildfire events; each ignited
by lighting and never suppressed, is studied. The importance of different geo-environmental factors that are
believed to influence the existence of residual patches within a disturbed landscape is studied using Random
Forest. The factors include distance from natural firebreaks (wetland, bedrock and non-vegetated areas,
and water), land cover type, and topographic variables (elevation, slope and ruggedness index). The effects
of analytical scale (i.e., spatial resolution) on determining the importance of each of the predictor variables
were also assessed; the importance of the variables was examined at five spatial resolutions (R4, Rs, R1s,
Rs2, and Resa m). The results show that natural firebreak features, specifically wetlands, are among the most
important variables that explain the occurrence of the residual patches. Topographic variables are usually
contributing factors, particularly in rugged terrain, but in this study, topographic variables of ruggedness
index, slope and elevation are found to be less informative in explaining the presence of residual patches.
Besides, there is some variability in the relative ranking of the importance values for predictors across the
studied fire events. | also found that the importance of the predictor variables exhibit a slight variation along
the gradient of scales (spatial resolutions) for a single event, indicating the effect of scale on variable
importance.

Keywords: Boreal forest, fire disturbance, residuals, random forest, predictor variables, variable
importance, spatial resolution, marginal effect

3.1. Introduction

Forest management practices in the boreal forest often alter the species composition and
forest structure and reduce the biodiversity of a landscape (Long 2009). The managed forest
should emulate the patterns occurred following natural disturbance so that the forest biodiversity
within the landscape would be maintained (Dragotescu and Kneeshaw 2012), as managed forest
lands have a controlling influence on natural processes (e.g., wildfire) (North and Keeton 2008).
One of the approaches for maintaining biodiversity, while managing forests, is to retain certain
structural elements (e.g., live trees) of forest habitat within harvest units. The patterns of such
residuals are expected to mimic the incidence of unburned islands following a fire disturbance.
This is the natural disturbance emulation approach that has been suggested as a model for
sustainable forest management strategy in various boreal ecosystems (North and Keeton 2008).
The natural emulation approach proposes using knowledge of natural patterns of post-
disturbance remnants as guides for mimicking human related disturbance activities, such as
harvesting (Andison 2004). Such a natural pattern approach is considered as an effective tool in

the conservation of biodiversity and promotes ecosystem resilience (Long 2009), which is the
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capacity of ecosystems to absorb disturbances without undergoing fundamental change (Drever
et al. 2006). It was also argued that traditional management practices tend to produce
homogenous forest cover than those naturally disturbed; hence increase the likelihood of
unexpected catastrophic change within an ecosystem (Drever et al. 2006). Therefore, natural-
disturbance-based management allows forest managers to maintain the biodiversity, and the
structural and compositional heterogeneity of forest ecosystems.

The natural approach to forest management practice requires understanding of the
various aspects of wildfire disturbance regimes (e.g., disturbance frequency, disturbance intensity
and attributes, types of post-fire remnants) (North and Keeton 2008). One way by which such a
natural approach to forest management is implemented in the boreal forest is by understanding
the patterns of the legacies following a wildfire and implement management practices that mimic
the natural patterns. In the boreal forest, a considerable number of unburned patches of various
sizes, shape, and composition occur within a burned landscape. This requires exploring the
patterns and characteristic features of the residual patches and improving our understanding of
the mechanisms and causal factors of residual structure. This provides insights for implementing
natural-disturbance-based management practices. To this end, this study was determined to
implement a reliable and broadly applicable data mining approach to examine the geo-
environmental factors that are responsible for the occurrence and distribution of residual patches

within a given burned landscape.

3.1.1. Spatial language: residual and null-residual patches

The study considered a binary response variable: the presence and absence of residual
vegetation patches, hereafter described as residual and null-residual patches respectively. The
residual patches are defined based on the work of Remmel and Perera (2009) in which the NDPE
guide (OMNR 2001) was used to define and extract the residual patches (§1.3). The residual
patches, as noted in Remmel and Perera (2009), are composed of treed and vegetated land
cover types, contiguous pixels (patches) of greater or equal to 0.25 ha, and are contained within
the fire footprint. The null-residual patches, which are supposed to be within the burned areas,
are used to describe the absence of residual patches within the fire footprint; they can also be
described as ‘pseudo’ or ‘burned’ residual patch within a fire footprint. The null-residual patches
were simulated by random placement of patches within the burned landscape in which their

shape, size, and orientation mimic the actual residual patches (Figure 3.1).
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- Residual patches
- Null-residual patches

Burned area

D FirePerimeter

Figure 3.1. Hypothetical example of spatial language: existing residual (presence data) and null-
residual patches (absence data) within a fire footprint. The number, size, shape, and orientation of
null-residual patches mimic the existing residual patches.

3.1.2. Random Forest

Wildfire processes and the resulting landscape patterns involve complex interactions of
various factors; the relationship among these factors may be strongly non-linear (De’ath and
Fabricius 2000). The patterns of post-fire landscape structure are also unplanned, complex, and
heterogeneous making accurate predictions difficult (Turner et al. 1997; Guisan and Zimmerman
2007). The need to handle such complex interactions among the variables led to the
development of various statistical or machine learning approaches (such as regression tree
analysis (RTA), support vector machines (SVM), and classification and regression trees (CART),
in conjunction with GIS and remote sensing (Austin 2002).

Classification and regression trees (CART) is a machine learning method used for

constructing prediction models by recursively partitioning sample data into smaller (and
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increasingly homogeneous) groups, using decisions based on conditions applied to independent
variables. Classification trees are designed for grouping observations where the dependent
variables are categories, while regression trees are used when the outcomes are continuous
variables. CART-based analyses can be used for interactive exploration, modelling complex
datasets, and prediction of patterns and processes (De’ath and Fabricius 2000; Schroff et al.
2008). A CART approach has the: 1) ability to handle nonlinear relationships, 2) flexibility to deal
with a broad range of response types, 3) ability to handle missing values in the response and
explanatory variables and, 4) ease of construction and interpretation (De’ath and Fabricius 2000;
Breiman 2001; Strobl et al. 2008).

Recently, there has been a growing interest in ensemble-learning methods, which use
multiple models to obtain better predictive performance. Unlike the standard CART, where a
single classification tree is produced for classification, ensemble-learning methods generate many
classified outcomes and aggregate their results (Liaw and Wiener 2002; Rodriguez et al. 2006).
The methods have grown in prominence due their ability to handle large numbers of predictor
variables (Cutler et al. 2009) and overcome the problem of over-fitting associated with CART
(Breiman 2001; Evans and Cushman 2009). The most widely known ensemble methods are
bagging, boosting, and random forest (RF). RF is a CART based on the bootstrap method that
provides well-supported predictions with a large number of predictor variables (Cutler et al. 2007;
Strobl et al. 2008), for both classification and regression problems. The algorithm has become
popular and appears to be powerful in different applications, including gene expression data
analysis (Archer and Kimes 2008), abundance of soft coral reefs (De’ath and Fabricius 2004),
agricultural management practices (Watts and Lawrence 2008), and ecohydrological (Evans and
Cushman 2009). It has also been applied in remote sensing mapping and vegetation prediction
(Iverson et al. 2004; Pal 2005; Gislason et al. 2006; Schroff et al. 2008; Chehata et al. 2009) and
prediction of species or vegetation type occurrence (Peters et al. 2007).

The principle of RF is to combine many binary decision trees built using several bootstrap
samples coming from the learning sample and choose randomly a subset of explanatory variables
at each node (Breiman 2001; Genuer et al. 2010). RF, similar to CART, explains the variation of
a single response (dependent) variable by one or more explanatory (independent) variables. The
response variable could be categorical (classification trees) or numerical (regression tree) while
the explanatory variables can be categorical and/or numeric. RF is also similar to bagging in that
bootstrap samples are drawn to construct multiple trees (Rodriguez et al. 2006; Prasad et al.
2006). In training, the algorithm creates multiple bootstrapped samples of the original training
data, and then builds a number of unpruned classifications for each bootstrapped sample set

(Chehata et al. 2009). In a typical bootstrap sample, two-thirds of the data are used for
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constructing any particular tree. A classification tree is fit to each bootstrapped sample, but at
each node only a small number of randomly selected variables (e.g., square root of the number of
variables) are available for the binary decision tree (partitioning) (Breiman 2001). Observations in
the original dataset that do not occur in a bootstrap sample (i.e., one-third of the data that are not
used in the construction of a tree) are called out-of-bag (OOB) observations. The OOB sample is
used to estimate the prediction or classification error and evaluate variable importance (Genuer et
al. 2010).

The ensemble learning method drew the attention of many researchers because it: 1) is a
nonparametric and nonlinear classifier that does not require any assumption on data distribution
(Breiman 2001; Strobl et al. 2008), 2) adds an additional layer of randomness into the training of
the trees (Breiman 2001; Liaw and Wiener 2002); 3) runs on large datasets and can handle
thousands of variables; they do not over-fit (Breiman 2001; Strobl et al. 2008; Watts and
Lawrence 2008; Chahata et al. 2009); 4) has high predictive performance (Strobl et al. 2008) and
is computationally efficient in both training and classification (Schroff et al. 2008); and 5) is faster
than bagging and boosting, and provides additional pieces of information (e.g., importance of
predictors, internal accuracy measure and proximity analysis) (Breiman 2001; Cutler et al. 2007).
Yet, it is important to note that RF is more of a ‘black box’ approach because one cannot examine

the individual trees separately (Prasad et al. 2006).

3.1.3. Research framework

Madoui et al. (2010) noted that the presence and distribution of residual patches can be
attributed to one of the following hypotheses: 1) given wind patterns, certain areas of the forest
matrix may be preferentially spared from burning, 2) owing to the variation in their fuel properties,
some land cover types are less susceptible to fire, and 3) the presence of natural firebreaks (e.g.,
wetlands and water) trigger some areas of the forest matrix to be spared from burning. Moreover,
a number of studies (e.g., Vera 2001; Ryan 2002; Perera et al. 2007; Cuesta et al. 2009) have
undertaken to assess the factors that govern the occurrence of post-fire residual patches. The
studies indicated that the existences of residual patches is attributed to complex interactions
among various factors such as wind variation, topography, vegetation type, fire size, natural
firebreak features, and pre-fire vegetation characteristics. Most of these inferences are based on
post hoc observations rather than on testing a priori hypotheses; but observations made following
the fire would be constrained in space and time, and may not provide a comprehensive view of
the post-fire forest characteristics. Yet, some of the approaches used to evaluate the factors

(e.g., standard regression analysis or classification trees) have been challenged to provide a
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reasonable analysis of the variables that govern the residual occurrence because of the linearity
assumption of the techniques. Therefore, my study used an advanced machine-learning
algorithm (RF) to examine the importance of different predictor variables that could explain the
occurrence of residual patches. This includes distance from natural firebreaks (wetlands, bedrock
and non-vegetated areas, and water), land cover type, and topographic variables (elevation, slope
and a ruggedness index: RI). The idea of Rl was introduced to express the amount of elevation
difference between adjacent cells on a digital elevation grid (Riley et al. 1999).

The objectives of this chapter were to: 1) assess the variables that explain the existence of
residual patches, 2) evaluate the variability of the measures of variable importance across five
different spatial resolutions (R4, Rs, R1s, R32 and Rgy), and 3) investigate the marginal effect of the
predictor variables on the occurrence of residual patches.

Furthermore, some research hypotheses were formulated to address the importance of the
predictor variables to explain the residual patches. Some of the factors that explain residual
patches (e.g., topographic variables and natural firebreaks — wetlands and surface water) are
more important at a local scale (e.g., fire event level) while others (e.g., climate) are determinant
at larger geographical extent (e.g., landscape or ecosystem level) (Swystun et al. 2001; Cuesta et
al. 2009). Hence, | hypothesized that variables associated with natural firebreaks would be
among the most important predictors to explain residual patches. Topographic variables are also
considered among the most important variables that affect the patterns of post-fire residuals
(Meddens et al. 2008; Madoui et al. 2010); residual patches are more prevalent in rugged terrain
than in plain or flat lands. Thus, in this study | also hypothesized that topographic variable (e.g.,
slope and ruggedness index) would be informative for the occurrence of residual patches. Boreal
wildfires involve factors operating at different scales (King and Perera 2006), and the
configurations of patch characteristics are sensitive to a change in spatial resolution (Wiens 1989;
Cain et al. 1997; Zhu et al. 2006). Thus, it is expected that that the measures of variable

importance would be sensitive to scale change.

3.2. Methods

3.2.1. Study area

In this study, the relative importance of different predictor variables that explain the
occurrence of residual patches was explored at the fire event level. This is part of an effort to
develop and provide a reliable and repeatable method for understanding residual patches and

investigating the agents that govern the patterns of post-fire landscape structure and fire
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behaviour. The study was based on 11 fire events that are located within one of Ontario’s largest
ecoregions: the Ontario Shield Ecozone (for details see §1.5.5). Fires in boreal forests are
sometimes large and extensive that burn tens of thousands of hectares; however, small fires (<
100 ha) are the most frequent, yet it is the largest fires that primarily shape the landscape
structure of the boreal forests (Thompson 2000). The 11 fire events studied in ecoregion 2W
varied in size ranging from 58 to 4525 ha (the extent of each of the fire print is presented in Figure
2.2 of §1.5.5), and for the sake of ease of analysis the 11 fire events were categorized into three

broad groups based on their size (Table 3.1).

Table 3.1. The three categories of fire events, categorized based on their size.

Fire event-class size Fire footprint extent (ha) Fire footprint ID

Large sized events Fire footprint extent =2 3000 FO01, FO6, F08, and
Medium sized events Extent > 100 and < 3000 F04, FO5, FO7, and
Small sized events Fire footprint extent <100 F02, FO3, and FO9

3.2.2. Landscape data: presence and absence data

3.2.2.1. Presence data — residual vegetation patches

The use of RF for classification and prediction requires a response variable and
explanatory variables. The response variable in my study was the presence and absence of a
residual patch, which are described as residual and null-residual patches respectively. The
presence (residual patches) data were extracted from classified lkonos images (Spectranalysis
2005). The delineation and categorization of residual patches from classified Ikonos images
follow the OMNR’s definitions of residual patches (Remmel and Perera 2009). OMNR’s definitions
of residual patches are based on size and location of a patch in relation to the perimeter of a
disturbed landscape (OMNR 2001). The residual patches (presence-data) considered in this
study were clusters of unburned pixels, which are: 1) composed primarily of treed land cover
classes (e.g., dense conifer, sparse conifer, deciduous, and alder and shrub woodland) and other
vegetated land cover classes (low shrub, treed wetland, open wetland, and marsh), 2) 20.25 ha of
the cover class, and 3) > 1 pixel inset from the fire perimeter (Remmel and Perera 2009). For
detailed description on the types and meanings of different patches, refer to §1.3. Since the study
was based on multi-scale analyses, the residual patches were obtained over the five spatial
resolutions: R,, Rg, R1s, R32, and Res; hence the relative importance of the predictors would be

assessed across a gradient of scales (spatial resolutions) (§2.2.2).
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3.2.2.2. Absence data — null-residual patches

The response variable often incorporates the presence and absence-data but majority of
the data that are available today consist of presence-only data (Zaniewski et al. 2002). Yet
presence-only data are the most difficult element to integrate into statistical modelling. This study
was based on presence-absence data where residual patches extracted from classified Ikonos
images were considered as presence-data. However, information pertained to absence-data is
often unavailable or difficult to obtain; hence a computer simulation approach has been suggested
to algorithmically generate ‘pseudo’ absence (Zaniewski et al. 2002). Therefore, the initial step in
the analysis was to algorithmically extract the presence-data (null-residual patches) within the
burned areas. An algorithm was designed (Figure 3.2) to randomly generate null-residual
patches within burned areas in which the size, shape, and orientation of the null-residual patches

mimic the residual patches.
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Figure 3.2. Conceptual simulation design producing map of null-residual patches (absence-data).
The algorithm was designed to randomly generate absence-data in areas defined as suitable for
placing null-residual patches. The initial step in the algorithm was to determine areas that are
considered suitable for placing the null-residual patches.
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The algorithm involves two main parts: 1) identifying suitable areas for extracting null-
residual patches and 2) randomly placing the residual patches within valid and identified burned
areas. The suitability layer for null-residual patch placement within the burned landscape was
based on clearly defined rules, such that a null-residual patch: 1) should be contained within the
perimeter of a fire footprint, 2) should not occupy or overlap an existing residual patch, and 3)
must comprise burnable land cover types. The second step in the algorithm was to randomly
place the residual patches (as null-residual templates) within the burned areas, one at a time,
such that map of null-residual patches would be constructed. The random placement includes: 1)
sorting all the residual patches by their size in descending order, with the largest patch to be
simulated first; 2) assigning a rank for each residual, giving rank 1 for the largest residual, rank 2
for the second largest, and continues until the smallest residual was assigned with its respective
rank; 3) isolating the largest residual patch (ranked first) and defining and storing the bounding
box of the residual (i.e., lower-left and upper-right corner of the residual); 4) for each residual
patch, simulating a random coordinate which becomes the lower left corner of the bounding box
of the residual patch; 5) testing whether the actual patch shape fits within suitability matrix as
identified by the bounding box; and 6) if the simulated coordinates met the suitability requirement,
the algorithm places the residual patch; if it fails to meet the criteria, the algorithm simulates a
new random coordinate. The process continues until the maximum number of permitted iterations
(500) is reached. The area occupied by a previously placed null-residual patch is no longer
available or suitable for generating the subsequent largest residual. Hence, the algorithm
updates the suitable areas by removing the newly placed residual from the suitable areas. The
overall process continues until the smallest residual patch is placed in the burned landscape. The

algorithm was applied to each of the eleven fire events, across the five spatial resolutions.

3.2.3. Predictor variables

The existence of residual patches within a fire-disturbed landscape, across five different
spatial resolutions, was studied in relation to different explanatory variables that are believed to
explain the residual patches: topographic parameters, natural firebreaks, and land cover types.

Table 3.2 lists the possible determinants of residual patch occurrence.
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Table 3.2. List of explanatory variables (and their descriptions) used in analysing the patterns of
post-fire residual occurrences.

Explanatory Description

variables

Wetland (WL) Euclidean distance to nearest wetland from a residual
patch

Water body (WA) Euclidean distance to nearest water from a residual patch

Terrain ruggedness  Elevation difference between adjacent cells

index (RI)

Slope (SL) Rate of maximum change in elevation values from each cell

Elevation (EL) Average elevation value of a residual patch

Land cover (LC) Land cover type where a residual patch occurs

Bedrock and non- Euclidean distance to non-vegetation from a residual patch

vegetated (BV)

Topographic variables: A fire ignited at the bottom of a slope spreads rapidly uphill
because flames dry matter ahead of the advancing front, while a fire ignited on the top of a slope
tends to spread slowly downhill in the absence of the pre-warming and drying process (Viegas
1993; ESA 2002). Rugged and undulating terrain is less severely affected by fire than flat areas
(Chafter et al. 2004), indicating the impact of topographic features on fire spread and the patterns
of post-fire landscape structure (Epting and Verbyla 2005). In this study, three topographic
variables: terrain ruggedness index (RI), slope and elevation, which are derived from DEM were
considered. The RI value for each cell was computed using an algorithm (AML) developed by
(Evans 2004). The idea of Rl was introduced by Riley et al. (1999) to express the amount of
elevation difference between adjacent cells on a digital elevation grid. The model considers
elevation values from a center cell and the eight first-order neighbours (Equation 1). The other
two variables: slope and elevation were also obtained from the same DEM. The spatial
resolutions of the DEM used in the study vary in resolution from 0.75 arc seconds (~20 m) to 3 arc

seconds (~90 m).

1/2

2
RI =Y [5(x;; = x00) ] (1)
Xoo is the elevation of the center cell; x;; is the elevation of each neighbor cell to cell (0,0)

Natural firebreaks: natural firebreak features are gaps in forest cover that may escape fire
and act as a barrier to slow or stop the wildfire spread. A firebreak may occur naturally where
there is a lack of vegetation or forest fuel (e.g., water, wetland, or river) or is impeded by
anthropogenic features (e.g., road, transmission line or highway). The abundance and
distribution of natural firebreaks within a fire event can contribute in the incidence and spatial
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distribution of residual patches. The fire events considered in this study are characterized by
substantial natural firebreak features, specifically wetland and surface water, which would have
served as a barrier for fire spread and played a role in the occurrence of residual patches. The
existence of residual patches in relation to different types of natural firebreaks including water,
wetland, bedrock and non-vegetated area were assessed; all these predictors were extracted
from the existing pre-fire Ontario Land Cover Data Base (OMNR 2005). The Ontario Land Cover
Data Base provides a classification of 27 land cover types across the province of Ontario. The
land cover classification was generated using a digital image analysis (supervised image
classification) of Landsat-7 satellite images recorded between 1999 and 2002, most from 2000
onward (Spectranalysis 2004). The classification was conducted using the original spatial
resolution of the source data (30 m spatial resolution); however the classified maps were
resampled into the desired spatial resolutions (R4, Rs, R1s, R32, and Rgy).

Land cover: land cover types also play an important role in determining the patterns of fire
spread and post-fire landscape structure (Mermoz et al. 2005). This is attributed to the fuel load
and moisture content of fuel particles of the forest ecosystem, as high values of moisture content
slow the rate of burning; even prevent fire spread (Nelson 2001). Forest fuels have different
properties depending on species, whether they are alive or dead, and the amount of fuel available
along with its spatial distribution (Viegas 1993; ESA 2002; van Wagtendonk 2004). Similar to the
variables related to natural firebreak features, the land cover variable was extracted from the pre-
fire Ontario Land Cover Data Base.

Weather variables: the occurrence, intensity, seasonality and spread of fire in boreal
forests and patterns of post-fire landscape structure also depend on weather and climate (Dale et
al. 2001; Johnson 1995). The primary weather variables are temperature, precipitation, wind and
relative humidity. Of these factors, by far the most important factor is wind, defined by its velocity
and direction (Rowe and Scotter 1973). Wind blows through the forest, dries the foliage and
makes it more flammable; the fire is further intensified by the abundance of forest fuel as well as
topography (i.e., ascending slopes). Despite their contribution to the ignition and spread of
wildfire, weather variables such as wind, temperature, and precipitation were not incorporated into
this study. The spatial resolution of the weather related data was too coarse for the scale of
observations considered in the study. Also, the fire events are located within a single ecoregion
where the patterns of weather variables, including temperature, precipitation, and humidity are
similar.

Most of the predictor variables were obtained in raster data format. The values of the
raster data (i.e., values of each predictor variable) within the residual (and null-residual) patches

were computed using zonal statistics, considering each residual (and null-residual) patch as a
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‘zone’. However, the extent of some of the residual patches was too large (Figure 3.3a) to get a
reasonable estimate of the mean values of the predictors (e.g., mean distance to nearest wetland
from a patch). For example, the residual patch shown in Figure 3.3a has a range of values
(distance to water) and computing a single mean zonal value (mean distance to water from a
patch) for the patch would give a misleading estimation. Therefore, a series of concentric 100 m
inward buffer rings were created from the edge of the fire perimeter to calculate the mean (zonal)
values of the predictors for a residual more effectively (e.g., Figure 3.3b). A geometric
intersection of the residual (and null-residual) patches and the buffer rings was then applied.
Thus, each portion of a residual in a single buffer ring (i.e., each intersected feature) was
considered as a ‘zone’; the mean (zonal) raster values of each of the predictors were then
computed for each portion of a residual (and null-residual) patch. The overall process of
buffering, geometric intersection, and variable estimation was performed for all the residual and
null-residual patches throughout all the fire events across the five spatial resolutions. Once all the
required variables were computed for the residual and null-patches, the relationship among pairs
of predictor variables was explored using correlation matrices. This was performed to assess
whether there was a significant correlation among pairs of variables and examine their

redundancy.

-
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- Residual patch
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Figure 3.3. Estimating mean zonal values of predictor variables for each residual patch: a) the
existing residual patch could be considered as a ‘zone’ for estimating the mean zonal values of
each predictor, but the patch may be too large to be considered as a single patch as it has a
range of values that would mislead the estimation, and b) a series of internal 100 m wide buffer
rings were created from the edge of the fire perimeter and each portion of a residual in a single
buffer ring as a ‘zone’.
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3.2.4. Random forest (RF) implementation

The existence of residual patches was examined using the RF algorithm (Breiman 2001)
as implemented in R (Liaw and Wiener 2002). RF combines two sources of randomness that
improve the prediction accuracy: bagging and random feature selection to construct each
classification tree (Robert-Granie et al. 2009). The RF implementation in this study used
classification trees because the response variable under investigation, presence (residual) or
absence (null-residual) of patches is a binary (categorical) variable.

Two user-defined parameters, which affect the stability of the results, are required to
execute RF (Strobl et al. 2009a). These parameters are usually optimized to minimize the
generalization error (Iverson et al. 2004; Gislason et al. 2006; Peter et al. 2007). The first
parameter is the number of trees to grow (ny.e); this is akin to the number of simulations or
randomizations. There is no specific rule to define the number of trees to grow, but the general
rule is that a small number of nye can result in poor classification performance while larger values
of ngee Should provide a more stable classification (Liaw and Wiener 2002; Prasad et al. 2006). If
auxiliary information such as variable importance is desired, a large number of trees are required.
The second parameter is the number of randomly selected variables used to split the nodes (myy).
Compared with the standard classification tree, an additional random factor is included in the RF;
at each node a random subset of my, variables has to be set and the best splitting variable among
those myy is used to split the node. The myy affects both the correlations between the trees and
strength of the individual trees (Peters et al. 2007). This parameter requires some subjective
judgment, but Breiman (2001) defined this parameter as my,= Vn (where n is the number of
predictor variables), with a minimum of my, = 2. RF with different ny.. values (i.e., 100, 200, 300,
500, 600, 700, 800, 900, and 1000) at my, = 2 and my, = 3 was executed (for a single fire event)
to initially assess the sensitivity of the model to nye. and my,. Overall, low OOB error values were
observed for all nyee constructed, with OOB error ranging from 9.56% to 9.89%o0 for my, = 3 (Table
3.3). This suggests that the error estimates showed stabilization of the overall error across the
Nyee Values considered; adding more trees to the model did not change the OOB error
substantially. Based on this, the RF was ultimately implemented in R with nyee=100 and my, = 3.
Figure 3.4 shows a schematic view of the overall logic undertaken to execute RF as implemented
in R.
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Table 3.3. OOB estimate of error rate across different nye. values (and my, of 2 and 3) for FO1.
The OOB error is estimated internally using one-third of the cases left out of the bootstrap sample
and not used in the construction of the tree.

OOB error values

ntree (%)
Myy = 2 Mgy = 3
100 9.88 9.68
200 9.89 9.49
300 9.65 9.41
400 9.71 9.55
500 9.56 9.55
600 9.61 9.48
700 9.81 9.50
800 9.63 9.34
900 9.68 9.52
1000 9.68 9.45
Classified Ikonos .| Random Classified Digital elevation
images P Simulation Landsatimages models
X Pre-fire
| wetland | v
Residual patches| | Null-residual
(Presence-only) patches ‘ Landcover type ‘ ‘Rugdness index ‘

A 4

> Response Explanatory
variables Variables
Random
¥ Forest v

- random

cforest Forest
Variable Marginal effect

importance variables

Figure 3.4. RF implementation for assessing the importance and marginal effects of the predictor
variables. The two RF implementations (cforest and randomForest) were considered to identify
the relative importance of the predictors and examine the partial dependency of the response
variable on the predictors respectively.
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3.2.4.1. Spatial variable importance

Random Forest performs several types of statistical analyses such as estimating local
error, measuring missing values, and assessing the importance of predictor variables in high
dimensional settings (Breiman 2001; Cutler et al. 2007; Strobl et al. 2008). RF estimates the
importance of a variable at how much a prediction error increases when OOB data for that
variable is permuted while all others are left unchanged (Liaw and Wiener 2002). A measure of
variable importance based on permutation importance, the Mean Decrease in Accuracy (MDA)
was computed. In a MDA, the OOB data are used to obtain estimates of variable importance by
evaluating their contribution to the prediction accuracy. The measure of importance value in MDA
considers the proportion of cases in the correct classes with permuted OOB data and the
proportion of cases in the correct classes where OOB data are not permuted. The MDA thus
averages the difference between these two accuracies over all trees in the forest and normalizes
it by the standard error (Equation 3) (Robert-Granie et al. 2009; Cutler et al. 2007). The
importance score of a variable is computed as follow:

ntree
ntree=1 PTedNiree— Pred.Niree(xi)

VIntree(xi) = )

ntree

VI o VIntree(xi)
Xl st

Where:

VI,; (or MDA) is the importance score of a variable

Pred. Ny is predicted class before permutation
Pred. N¢ree(xi) is predicted class after permutation

There are two random forest implementations in R: randomForest (Breiman 2001) and
cforest (Hothorn et al. 2008). In the context of this study, the former is termed as the original
permutation importance while random forest based on cforest is described as conditional variable
importance. The variable importance, computed in randomForest and cforest, is based on a
random permutation of the predictor variables, as described above. However, variable
importance measures using randomForest are subject to biases in favour of variables with many
categories, and continuous variables that affect variable selection in a single tree (Strobl et al.
2009b). The original permutation importance also overestimates the importance of correlated

predictor variables (Strobl et al. 2009b). This means that correlated predictor variables tend to
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appear more important than uncorrelated variables (Strobl et al. 2009b). For example, if there are
three variables (X1, X5, and X3) in a dataset, and if two of the variables (X, and X3) are correlated
to each other; high importance values are assigned to the correlated variables X, and Xs; even if
one of the variables (e.g., X,) does not have any impact on the response variable Y. It is also
described that variables with different scales of measurement are likely to be over/under
estimated when the original permutation importance is applied.

An alternative permutation importance (i.e., conditional variable importance) has been
suggested to overcome the above problems and to guarantee unbiased variable selection and
variable importance for predictor variables. This approach considers the conditional effect of a
variable on the response function. For example, if a variable’s conditional effect is negligible
(e.g., Xy); variable importance for that variable would be minimal; even if the variable has a
significant correlation with the most influential variable in the dataset. Some of the variables
considered in this study might correlate to each other (e.g., Rl or slope) and the predictor
variables are of different types (i.e., different categories and different scales of measurement).
Therefore, conditional variable importance measure was performed to determine the set of
variables that are deemed important to explain the residual patches for each fire event, across the

specified five spatial resolutions.

3.2.4.2. Partial dependence plots (PDP)

After identifying the most relevant predictor variables, the next step was to get an idea of
the dependence of the response variable on each of the predictors, using a partial dependence
plot (PDP). PDP gives a graphical depiction of the marginal effect of a variable on the predictions
of “blackbox” classification and regression (Cutler et al. 2007). It summarizes the effects of
predictors on the probability of occurrence after accounting for the average effect of all other
variables (Friedman 2009). It is designed to show the dependence of the response variable on X;
as averaged over the distribution of values of the other predictor variables (X5, Xa,...... Xn). Yet,
PDP may not show a comprehensive description of a variable’s effect on the prediction, but it can
show how the response variable changes as you change the predictor (Hastie et al. 2009). PDP
visualizes not only the additive effects of each predictor on the response but also the interacting
effects of predictors (Jun 2013). However, visualizing the effects of predictors is limited to low-
dimensional views (Hastie et al. 2009); one can only display the effects of one or two variables.

PDP is used to graphically characterize the relationship between selected predictor
variables and predicted probabilities of residual patch occurrence. According to Cutler et al.

(2007), if classification problems, say K classes, there is a separate response function for each
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class. Letting Pc(X) be the probability of membership in the K" class given the predictors (details
can be found in Cutler et al. 2007); X = (Xy, Xz, Xs,.....X}), the K" response function is given by
(Equation 4):

f @) = log pi(x) — 3. log(p; (x) (4)

Where k is the class (e.qg., residual or null-residual) of K total classes, and p; is the proportion of

votes for class j.

For the case when K = 2 (presence = a, and absence = b), if p denotes the probability of

“success’” (i.e., presence of residual patches), then p,(x) = 1 — p,(x). So, the above expression

reduces to:
fa(®) = logpa(x) — = % logp; (X) (5)
fa(x) = logpa(x) — 3 [logpa(x) + logp, ()] (6)
flx) = O.SIoglf‘;—:a) = 0.5l0git(py) 7)
3.3. Results

3.3.1. Residual and null-residual patches

The process of random extraction of null-residual patches was applied to each of the fire
events at Ry, Rg, Ry, R32, and Rgy. The random extraction of null-residual patches at 4 m spatial
resolution for an individual fire event (FO1) is shown in Figure 3.5. The null-residual patches were
expected to mimic the residual patches in number, size, shape, and orientation. However, the
algorithm sometimes failed to generate a suitable area for placing the residual patches; this is
particularly true for large residual patches. The spatial extent of some of the residual patches was
large; larger patches are harder to randomly fit within the desired burned areas because they are
likely to overlap areas of existing residual patches or other unburnable land cover types, which
are not suitable for placing residual patches. As a result, the random simulation was not able to
completely mimic all the residual patches, and hence the total number of null-residual patches
extracted for most the fire events was not equivalent to the total number of residual patches
(Table 3.4). The table also shows that the number of residual patches within the fire events,

across the five spatial resolutions was different. Table 3.5 also presents the extent of the residual
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and null-residual patches, and the proportion of fire footprint print occupied the patches at4 m

spatial resolution.

- Residual patches
- Null-residual patches

I:l Fire footprint

Figure 3.5. This map shows the distribution of the residual patches extracted from classified
Ikonos image and the algorithmically simulated null-residual patches for a single fire event (FO1),
at 4 m spatial resolution.

Table 3.4. The total number of existing residual patches obtained from Ikonos images (R) and the
total number simulated null-residual (NR) patches at five spatial resolutions; this is regardless of
size, shape, and orientation of the residual patches.

Spatial resolutions

Fire ID 4m 8m 16 m 32m 64 m

R NR R NR R NR R NR R NR
FO1 469 276 442 357 440 416 400 389 364 361
FO02 9 2 10 7 11 11 8 8 6 6
FO3 6 3 10 7 12 12 1 11 6 6
FO4 102 64 102 91 110 107 103 100 119 119
F05 170 137 187 166 185 178 170 165 150 145
FO6 327 218 360 290 379 328 326 295 299 282
FO7 59 52 82 78 72 70 71 70 72 72
FO8 162 104 192 156 198 173 200 191 193 188
F09 3 2 2 2 3 3 3 3 4 4
F10 308 154 285 240 312 295 308 291 309 300
F11 40 33 38 35 52 51 50 49 56 55
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Table 3.5. The total number of residual and null-residual patches obtained at 4 m spatial
resolution, and the extent and the proportion of the fire footprint occupied by the exiting residual
patches and simulated null-residual patches where R and NR represent residual and null-residual
patches.

Fire Number of Patch % of footprint
ID patches area occupied by patches

R NR R NR R NR
FO1 469 276 641.53 128.47 14.18 2.84
F02 9 2 3.56 0.55 442 0.68
FO3 6 3 3.96 1.31 4.92 1.63
FO4 102 64 103.70 27.76 6.58 1.76
FO05 170 137 34490 90.75 15.09 3.97
FO6 327 218 787.97 108.43 21.06 2.90
FO7 59 52 90.90 30.70 9.67 3.26
FO8 162 104 361.03 43.84 11.75 1.43
F09 3 2 1.86 0.65 3.22 1.13
F10 308 154 379.13 79.49 11.57 2.43
F11 40 33 26.28  14.31 3.65 1.99

3.3.2. Pair-wise correlation analysis of predictors

Prior to applying RF for explaining the importance of the predictor variables for the
existence of residual patches, a pair-wise correlation analysis was conducted to assess the
relationship among pairs of explanatory variables. Ideally, some of the variables (e.g.,
topographic variables of R, slope, and elevation) would be highly correlated among each other
and may show high redundancy among them. Hence, it was important to examine the correlation
among the variables to avoid redundancy in the dataset. To accomplish this, all pair-wise
correlation coefficients were computed among the seven explanatory variables, across five spatial
resolutions. A correlation coefficient measures the strength and direction of a linear relationship
between two variables; it ranges from -1 to +1 and the diagonal elements are always 1. The
correlation coefficients of all pairs among seven variables were computed for all fire events, but
the following tables show the correlation matrices for selected (large) fire events (FO1, F06, F08,
and F10) at 16 m spatial resolution. The results showed that almost all the variables, with few
exceptions (Table 3.6), are not significantly correlated to each other, suggesting that a
multivariate approach to data reduction would not be productive. Thus, the occurrence of residual

patches was explored in relation to the seven explanatory variables.

95



Table 3.6. Correlation coefficients among the explanatory variables of selected fire events; a
means to determine whether multivariate approach to data (variable) reduction is required (Bold
cells indicate relatively significant correlation among the variables).

FO1 WL WA BV EL SL RI LC
WL 1.00

WA 0.07 1.00

BV 023 032 1.00

EL -0.14 027 021 1.00

SL -0.09 010 0.05 024 1.00

RI 0.09 0.00 0.02 0.07 047 1.00

LC 0.02 018 0.04 0.05 0.04 0.02 1.00
FO06 WL WA BV EL SL RI LC
WL 1.00

WA 0.83 1.00
BV 020 0.16 1.00

EL 032 037 -017 1.00
SL -0.17 -012 -0.12 024 1.00
RI -0.21 -021 -0.16 025 0.68 1.00

LC 0.03 0.07 0.09 -0.01 0.03 0.0 1.00

FO8 WL WA BV EL SL RI LC
WL 1.00

WA -0.18  1.00

BV -0.04 -0.10 1.00

EL -0.12 0.11 -0.07 1.00
SL -0.01 011 -0.02 0.11 1.00
RI -0.06 0.12 -0.02 006 058 1.00

LC -0.14 0.15 -0.05 0.06 0.05 0.01 1.00

F10 WL WA BV EL SL RI LC
WL 1.00

WA 0.19 1.00

BV 0.30 0.10 1.00

EL -0.24 021 -0.02 1.00
SL -0.13 -0.08 -0.08 -0.16 1.00
RI -0.13 -0.11 -0.10 -0.16 0.86 1.00

LC 020 0.17 013 -0.10 -0.07 -0.07 1.00

3.3.3. Sensitivity of the model to Nyee

The choice of nyee and myy, can be important for computing the importance values of the

predictors (Genuer et al. 2010). The sensitivity of the variable’s importance values to nye. based
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on a single fire event (FO1), across R4, Rg, R1s, R32, and Rgs was explored; hence subsequent
variable importance analysis would be performed based on the optimal ny.. obtained. The
sensitivity of RF to nyee and my, was examined based on the OOB error values as shown in Table
3.3 (above). Also, the importance values of the predictors were obtained using different nye.
values at my, 3 (Figure 3.6); boxplots are based on the 10 ny. values considered. The behaviour
of variable importance was expected to be affected considerably when larger values of nyee were
considered; as larger value of nye. provides more stable classification and hence variable
importance (Liaw and Wiener 2002; Prasad et al. 2006). However, this study discovered that the
effect of taking a larger nyee value was less visible and the variability of variable importance

across the nyee values considered was not considerable for most of the predictors (Figure 3.6).
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Figure 3.6. Box plots for predictor’s importance values (i.e., sensitivity or variability of predictor’s
importance values to nyee); each box in the plots is based on the importance scores obtained
across different nyee). The importance scores are obtained using the permutation accuracy
measure shown in Equation 3).

98



3.3.4. Spatial variable importance of predictors: scale effect

The quantification of a variable’s importance is essential for ranking the relative
importance of the variables and selecting the predictors that best explain the response variable.
The variables were first ranked by sorting their importance values in a descending order and plot
the variable importance obtained across the five spatial resolutions against the predictor variables
for each fire event. Figure 3.7-

Figure 3.9 show the variable importance scores obtained for each event; boxplots are
based on the importance score computed across R4, Rg, R1s, R32, and Rgy. For a predictor
variable to be considered important and informative to explain the response variable, a rule of
thumb was introduced by Strobl et al. (2009b). The rule states that a variable can be considered
informative and important if its conditional importance value is above the absolute value of the
lowest negative scoring variable. The rationale for this rule of thumb is that the importance of
irrelevant variables varies randomly around zero (Strobl et al. 2009a). Based on the rule of
thumb, the importance scores for most of the predictors except wetland varied around zero,
indicating that the predictors were less informative to explain the occurrence of residual patches.

The concentration and distribution of wetlands within the fire perimeter contributed
considerably for the existence of residual patches throughout most of the fire events. The results
showed that distance to wetlands is the most important predictor variable to explain residual
occurrence for most of the fire events (e.g., Figure 3.7-

Figure 3.9), thus supporting the hypothesis on variable importance in relation to wetlands.
This was not however the case for some of the fire events (e.g., FO6, FO7, and F09) where the
importance values of all the predictors was close to zero. Similarly, the importance scores of the
categorical variable, land cover, were close to 0, suggesting the relative low importance of land
cover variable for residual patch occurrence. With the exception of wetland variable which stands
out as the most important predictor, the importance values (for all predictors) are close to zero.
This may suggest that the existence of residual patches is associated with a complex interaction
of geo-environmental factors. Therefore, it was important to evaluate the marginal effect of each

of the variables to explain the probability of residual patch occurrence.
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Figure 3.7. Box plots for the relative importance of the predictor variables considered in this study,
for the large sized fire events; each box in the plots is based on the importance values computed
across different spatial resolutions.
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Figure 3.8. Box plots for the relative importance of the predictor variables considered in this study,
for the medium sized fire events; each box in the plots is based on the importance values
computed across different spatial resolutions.
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Figure 3.9. Box plots for the relative importance of the predictor variables considered in this study,
for the small sized fire events; each box in the plots is based on the importance values computed
across different spatial resolutions.

The effect of grain size on variable importance was examined by executing RF and
computing the importance values at five spatial resolutions. The figures shown above presented
the variability of predictors’ importance across five spatial resolutions; boxplots are based on the
five spatial resolutions (R4, Rs, R1s, R32, and Rg4). The variability indicates that the effect of

changing grain size on the importance values. Compared with other predictors, the importance of
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the most important predictor variable (i.e., distance to wetlands) was highly variable. The change
in grain size affects not only the variability of the importance values, but also the relative ranking

of the predictors.
3.3.5. ANOVA analysis on importance values

A statistical analysis of the measures of variable importance was undertaken using One-
Way Analysis of Variance (ANOVA) test. This was applied to determine if the variable importance
scores were significantly different based on the predictors. The null hypothesis for the ANOVA
test was that the variable importance scores (i.e., mean importance values across five spatial
resolutions) for all the predictors are equal while the alternative hypothesis stated that at least one
of the means is different from the others. The test was computed for a 95% confidence level (a =
0.05). If there is a significant statistical difference among the means, the null hypothesis is
rejected; and hence one of the means is different from the others. However, the test does not tell
which groups (variables) are statistically different from one another; it can only tell if there is a
difference. In this specific scenario, a post-hoc test is required to provide pair-wise tests of mean
differences amongst the groups (variables).

Based on Strobl’s rule, all the predictors appeared to explain residual patches, but there
has been a slight change in the importance scores among the variables. The result of ANOVA
confirmed this view that a significant statistical difference was present amongst the means
(relative importance of the variables is different), allowing us to reject the null hypothesis (p <
0.01). Therefore, a Tukey post-hoc test was computed to provide pair-wise comparisons of the
means (Table 3.7). The table provides the statistical test and p-values of the pairs of variables
(only between the most important predictor — wetland and the remaining predictors) at 95%
confidence interval (p < 0.05) for the eleven fire events. The pair-wise test based on the other
predictors did not produce a statistically significant difference; indicating that the differences
among the other predictors (BV, EL, LC, RI, SL, and WA) was not significant. The wetland
variable was the most informative predictor for FO1, FO4, F05, F08, and F10; but its importance
scores was close to zero for FO6 (Figure 3.7) and FO7 (Figure 3.8). Similarly, the post-hoc test
output indicates that the differences between wetland and the other variables (except for Rl and
SL for FO06) were not significant for FO6 and FO7.
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Table 3.7. A post-hoc test based on Tukey test (Bold cells indicate statistical significant
difference); WL- wetland, WA- water, BV-bare/non-vegetated, EL- elevation, SL- slope, RI-
ruggedness index, and LC- land cover

p-value
Pairwise FO1 Fo6 F08 F10
variables
WL- BV 0.0000 0.6018 0.0004 0.0053
WL- EL 0.0000 0.8577 0.0009 0.0293
WL-LC 0.0000 0.9019 0.0061 0.0113
WL- RI 0.0000 0.0043 0.0001 0.0014
WL- SL 0.0000 0.0079 0.0001 0.0021
WL- WA 0.0000 0.4418 0.0008 0.0051
p-value
Pairwise Fo4 FO5 FO7 F11
variables
WL- BV 0.0000 0.0066 0.9984 0.0001
WL- EL 0.0001 0.0119 0.5899 0.0007
WL-LC 0.0000 0.0029 0.9964 0.0001
WL- RI 0.0000 0.0033 0.1189 0.0000
WL- SL 0.0000 0.0032 0.0182 0.0000
WL- WA 0.0000 0.0235 0.2396 0.0001
p-value
Pairwise F02 FO3 F09
variables
WL- BV 0.2441 0.0065 0.0062
WL- EL 0.1480 0.0065 0.0062
WL-LC 0.0948 0.0032 0.0057
WL- RI 0.0960 0.0065 0.0062
WL- SL 0.0931 0.0065 0.0062
WL- WA 0.1834 0.0085 0.0667
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3.3.6. Marginal effect of predictors on probability of occurrence

According to RF’s variable importance measures, | discovered that distance to wetland
was the most important predictor for all the fire events except for F06, FO7, and F09 while the
importance values of most of the predictors were close to 0. Additionally, it has been stated that
RF is not a tool for traditional statistical inference, and the variable importance measures in RF
has been used to subjectively identify relatively important predictor variables for interpretation
(Cutler et al. 2007). Therefore, it was useful to investigate the relative effect of each the variables
for predicting the response variable. The marginal effect of the predictor variables on class
prediction (i.e., residual patches probability of occurrence) was studied using a PDP. The plots
that summarize the contribution of selected predictors to class probability (on the largest fire
events: FO1, F06, FO8, and F10) are shown in Figure 3.10- Figure 3.13. For a binary classification
(i.e., the presence or absence of residual patches), the y-axis on partial dependence plots is
presented in logit scale (Equation 7). The figures show not only the marginal effect of each
predictor variable, but also the effect of changing grain size on partial dependence of a response

variable on the explanatory variables.
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Figure 3.10. Partial dependence plots for selected predictor variables for random forest predictions of the presence of residual patches for
FO1 at R4, Rg, R4, R32, and Rg4. Partial dependency is the dependence of the probability of presence on one predictor variable after
averaging out the effects of the other predictor variable in the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock and non-vegetated areas, and Rl — ruggedness index)
while the y-axis is a half of the probability of occurrence (Equation 7).
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Figure 3.11. Partial dependence plots for selected predictor variables for random forest predictions of the presence of residual patches for
FO06 at R4, Rg, R4, R32, and Rg4. Partial dependency is the dependence of the probability of presence on one predictor variable after
averaging out the effects of the other predictor variable in the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock and non-vegetated areas, and Rl — ruggedness index)
while the y-axis is a half of the probability of occurrence (Equation 7).
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Figure 3.12. Partial dependence plots for selected predictor variables for random forest predictions of the presence of residual patches for
FO08 at R4, Rg, R4, R32, and Rg4. Partial dependency is the dependence of the probability of presence on one predictor variable after
averaging out the effects of the other predictor variable in the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock and non-vegetated areas, and Rl — ruggedness index)
while the y-axis is a half of the probability of occurrence (Equation 7).
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Figure 3.13. Partial dependence plots for selected predictor variables for random forest predictions of the presence of residual patches for
F10 at R4, Rg, R4, R32, and Rg4. Partial dependency is the dependence of the probability of presence on one predictor variable after
averaging out the effects of the other predictor variable in the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock and non-vegetated areas, and Rl — ruggedness index)
while the y-axis is a half of the probability of occurrence (Equation 7).
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3.4. Discussion

3.4.1. Residual and null-residual patches

Owing to the presence of large residual patches and unburnable areas within the fire
footprint, the random simulation was not able to completely mimic the existing residual patches.
The total number of residual patches simulated across the five spatial resolutions was different;
this is attributed to the availability of suitable space within the fire perimeter. The aggregation
method (independent as opposed to ‘iterative’ and maijority rule as opposed to random rule-based
method) used to resample the classified image might have also contributed in the class imbalance
between the number of residual and null-residual patches. Studies have shown that different
aggregation methods may have considerable effect on patterns of landscape structure (Wichham
et al. 1995, He et al. 2002; Wu et al. 2002). For example, for landscapes with greater local
heterogeneity, the results of aggregation method might be less adequate (Benson and MacKenzie
1995). On the other hand, important properties of landscapes are not preserved under some

aggregation methods (Wu et al. 2002).

3.4.2. Spatial variable importance of predictors

For improving forest management, harvest planning and emulating natural disturbances,
sustainable forest management practices in Ontario must consider disturbances as necessary
agents of change, not as elements to be excluded entirely. The NDPE guide also provides
standards and guidelines to emulate fire disturbances and determine the type and proportion of
residual patches to be retained during harvesting. This study was part of an effort to develop a
consistent and repeatable method to improve our understanding of the patterns and
characteristics of post-fire landscape structure. The study addressed the relative importance of
the predictor variables, and their marginal effect for residual patch occurrence in a given
landscape.

The tendency for a fire to spread and for a residual patch to occur is influenced by several
factors (e.g., terrain, natural firebreaks, vegetation types, pre-fire characteristics and weather
conditions). However, in data mining applications, the input explanatory variables are seldom
equally relevant to explain the response variable (Hastie et al. 2009); there is a tendency for
certain predictors to become more informative than others. Similarly, | discovered that certain
predictor variables (e.g., wetlands) were more informative to separate residual patches from the

null-residual patches while topographic and land cover variables were less important.
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The impact of terrain related variables on fire behaviour and the occurrence of residual
patches have been documented in various studies (e.g., Viegas 1993; ESA 2002; van
Wagtendonk 2004; Linn et al. 2007; Meddens et al. 2008; Cuesta et al. 2009; Madoui et al. 2010).
The terrain related variables play an important role in the occurrence and patterns of residual
patches. Despite this, the results of this study revealed that the topographic factors (slope,
elevation, and RI) were among the least important predictors to explain residual patches across
most of the fire events. This does not actually reflect the hypothesis that topographic variables
would be informative for residual patch occurrence. Based on the DEM used in the study and the
associated parameters (e.g., Rl), the sites are characterized by relatively flat relief. The RI
category was initiated by Riley et al. (1999) to quantify and categorize topographic heterogeneity
into seven classes (Table 3.8).

Table 3.8. Classification scheme for a Terrain Ruggedness Index (RI) that quantifies topographic
heterogeneity (Riley et al. 1999). Based on the Rl values computed, a terrain is broadly
categorised to one of the classification schemes.

RI Category Rl values in m
Level 0-80
Nearly level 81-116
Slightly rugged 117 - 161
Intermediately 162 — 239
Moderately rugged 240 — 497
Highly rugged 498 — 958
Extremely rugged 958 — 4367

In this study, the RI values derived from the DEM ranges from 0 m to 38 m (Figure 3.14),
indicating that the sites are within the first category of the Riley’s classification where the
topography is considered to be a level. However, we should be aware of the potential biases
originated in DEM where RI values are computed and interpreted (Riley et al. 1999). The spatial
resolution of the DEM available for the study area was coarse compared with the elevation data
available for the southern Ontario where a 10 m spatial resolution DEM is available. The spatial
resolution of the DEM varies from a minimum 0.75 arc seconds (~ 20 m) along a profile in the
south-north direction and to a maximum 3 arc seconds (~ 90 m) in the east-west direction. Since
the relief in the region is characterized by flat plains, undulating uplands areas, and dissected
uplands with ridges and escarpments (Baldwin et al. 2000), having a much higher spatial

resolution DEM can have an impact on the analysis.
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Figure 3.14. A box plot that shows the variability of the Rl values computed for each fire event;
each box in the plot is based on the RI values computed at different spatial resolutions.

Furthermore, several studies have indicated that the importance of natural firebreaks
(e.g., surface water and wetlands) for the occurrence and distribution of residual patches (Turner
et al. 1997; Perera et al. 2007; Cuesta et al. 2009). Specifically, the occurrence of residual
patches in relation to proximity to surface water was investigated in (Madoui et al. 2010;
Dragotescu and Kneeshaw 2012). In a study conducted by Dragotescu and Kneeshaw (2012)
residual patches tended to be concentrated in closer proximity to surface water and there have
been a uniform distribution of residual patches near surface water, specifically near lakes.
Similarly, in this study, it was expected that predictor variables related to natural firebreaks (e.g.,
surface water, wetland, bedrock and non-vegetated areas) would have high importance values.
Despite their importance to residual patch abundance and distribution, the study demonstrated
that distance from surface water was less informative to explain the post-fire residual patches
compared to other natural firebreak features (e.g., wetlands). Similarly, the importance values for
the other natural firebreak feature (i.e., distance to non-vegetated lands) were close to zero for
most of the fire events; this is despite the anticipation that the variable would be relevant to
explain the residual patches. The small importance values associated with distance to water and
non-vegetated areas is likely because the proportion of water and non-vegetated lands within the

fire events was not substantial.
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Considering the relative ranking of the importance scores, | discovered that distance to
wetland was the most important predictor variable across the fire events with few exceptions
(FO6, FO7, and F09). In a similar study by Madoui et al. (2010) the existence of residual patches
did not associate with wetlands. The low importance values associated with the wetland could be
associated with the abundance and distributions of wetland in the area. This was evident in FO6
and FO7 where the proportion and distribution of wetlands within the fire events was not
considerable (less than 1%); besides the existing wetlands are concentrated on the periphery
(and outside) of the fire perimeter or surface water.

Studies have indicated that the occurrence of residual patches is often associated with
the dominant land cover types in the landscape (Kafka et al. 2001; Burton et al. 2008). However,
there are some cover types such as deciduous forest and sparse conifer that dominate the
existence of residual patches despite their low abundance in the landscape (Kafka et al. 2001;
Madoui et al. 2010). The results from the previous chapter showed that the abundance of
residual patches in the eleven fire events is attributed not only to land cover types with high
abundance in the landscape (e.g., sparse and dense conifer) but also to land cover types that are
less prone to high severity fire (e.g., treed wetland) (§0). This depends on the fuel condition and
moisture content of cover types. Besides, the abundance of diverse land cover types in the
landscape was expected to maximize the importance scores of the land cover variable. However,
the importance scores for the land cover variable were close to zero across all the fire events,
suggesting that land cover variable was less informative to explain the overall residual patch
occurrence in the sites.

The effects of changing grain sizes on characterizing the patterns of post-fire landscape
structure have been addressed in the previous chapter. The study concluded that the sensitivity
to scale change varied greatly among the metrics used to characterize the patterns of residual
patches and spatially across the fire events. Similarly, the effect of grain size was assessed in
relation to the importance scores of the predictor variables used to explain the residual patches.
The study indicated that the importance values varied across the five spatial resolutions and there
has been a change in relative ranking of the predictors. Despite the variability in importance
values and a change in relative ranking of some of the variables, natural firebreak features
(distance to wetlands) remain the most important predictor variable across all fire events except
for FO6, FO7, and F09. The slight change in predictors’ importance ranking reinforces the idea
that the parameters that explain the residual patches should be examined at each spatial
resolution. Thus, it is not easy to develop a simple scaling rule to predict variable importance
values across the gradient of scales. The scale effect on predictors’ importance values (and

rankings) can eventually affect variable selection. Finally, it is important to note that the variable
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importance measure considered in this study is interpreted as a relative ranking of significant
predictors. The absolute values of the importance values should not be interpreted or compared
over different studies (Strobl et al. 2009a); the assessment of a predictor’s importance should be

site specific.

3.4.3. Marginal effect of predictors on probability of occurrence

The marginal effects of the four predictors revealed different interesting patterns. First,
the relationships between individual predictor variable and probability of residual presence are
nonlinear; the plots showed a monotonic or erratic relationship. Second, there appears to be a
distance decay effect, which describes the effect of distance on spatial distribution and
interactions. The distance decay effect reflects how diversity is spatially distributed and states
that the interaction between two locations declines as the geographic distance that separates
them increases (Morlon et al. 2008). Geographic distance is the most important parameter that
affects the diversity of a community in a landscape. The results reflected the distance-decay
function because the interaction between natural firebreak features (wetlands and water) and
residual patches declined as the distance between them increases. Third, the marginal effects of
the most important variable (i.e., WL) exhibit a decreasing monotonic trend for some of the fire
events (FO1, FO8, and F10); this is in spite of the differences in the logit scale. For the fire events
considered in the study, the probability of residual occurrence increases monotonically with
increasing distance from wetlands but levelled off at a specific distance, depending on the grain
size (e.g., in Figure 11, it levels off at 40 m for R4). This supports the idea that high density or
concentration of residual patches is associated with closer proximity to wetlands. It also supports
the view that areas with a higher moisture regime, such as wetlands have the potential to retain
post-fire residual patches (Cuesta et al. 2009; Dragotescu and Kneeshaw 2012). In a study
undertaken by Madoui et al. (2009) there was a failure to find a relationship between residual
patch occurrence and wetland existence, suggesting the environment was part of the fuel.

Water courses in the form of lakes and rivers are often considered to be barriers for fire
spread. Perera et al. (2009b) examined residual vegetation in proximity to water courses in which
the occurrence of residual patches did not associate with the proximity to surface water and
wetlands. In this study, lakes of different size and rivers exist within the studied fire events,
although the abundance and distribution varies across the fire events. The response of residual
occurrence in relation to other natural firebreak parameter (i.e., WA) indicated that the existence
of residual patches occur more in closer proximity to surface water and decreases with increasing

distance from water. In a similar study, Dragotescu and Kneeshaw (2012) found a relatively
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uniform distribution of residual patches in closer proximity to surface water. Yet, some erratic
patterns are evident from the plots that show the marginal effect of WA. This is in agreement with
Madoui et al. (2009) findings where most of the fires studied in the boreal forest of Western
Quebec show no evidence of spatial association with surface water, although in some of the fires
the presence of residual patches were associated with the proximity of water. There are many
possible reasons why the results did not exclusively reflect the claim that residual patterns are
likely to occur in closer proximity to surface water; example differences in characteristics of fires
studied and the abundance and distribution of surface water in the area. Another plausible
reason could be pertained to the shape of the water courses. For example, Dragotescu and
Kneeshaw (2012) discovered a tendency for residual patches to be concentrated near
meandering rivers than linear ones.

Fourth, the abundance and spatial distribution residual are often associated with rugged
terrain and residual patches are less likely to occur in flat terrain. Dragotescu and Kneeshaw
(2012) observed that there are almost no residual patches on relatively flat areas. The findings of
this study are not in agreement with this, as residual patches tended to exist in relatively flat
areas. One of the plausible explanations is related to the coarse spatial resolution of the DEM
used to generate the topographic variables. Based on the ruggedness index computed, the sites
are located in a relatively flat topography, but this may not give a comprehensive description on
the impact of terrain. Fifth, the effect of scale on the predicted probability of residual occurrence
is apparent across the plots. While there was a slight trend for some of the predictors (e.g., WL),
the magnitude of the probability plots varied for all the predictors with changing grain size. The
non-predictable and erratic partial plots, across different grain sizes, reflect that it is not easy to
develop a simple scaling law to predict patterns at different scales. In summary, the partial
responses for residual occurrence for the most influential variables (i.e., WL) demonstrated that
residual patches occurred closer to wetlands (e.g., within 100 m from the wetland area for FO1 at
Res4). The variation in the magnitude and general trends of the plots also indicates that the
occurrence of residual patches is attributed to various geo-environmental factors that interactively
affect their existence. It is important to note that partial plots can show general trends, but may
not provide a comprehensive description (Friedman 2009). It was necessary to investigate the
combined effects of the predictor variables for residual patch occurrence; hence the next chapter
(Chapter 4) examines the combined effect of the predictor variables to explain the occurrence and

distribution of residual patches using a predictive modelling approach.
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3.5. Summary and conclusions

The heterogeneous characteristics of post-fire landscape structure have been examined in
relation to various factors including the abundance of natural firebreak features, topographic
features, and other pre-fire forest characteristics (such as land cover types). An ensemble
learning method (RF) was used to explore the relative importance and marginal effects of the
various geo-environmental variables that explain the existence of residual patches within 11
boreal fire events. This part of an effort to develop a consist approach for examining the variables
that best explain the existence of residual patches, and accordingly informing forest managers the
potential of the techniques developed in this study for subsequent forest management practices.

One of the objectives of this chapter was to assess the factors that explain the existence
of residual patches and the sensitivity of the importance scores to scale change. Based on the
findings of this study, the following conclusions are drawn. First, in data mining applications,
predictor variables are seldom equally important; certain predictors are more discriminant than
others. | discovered that certain predictor variables (specifically distance to wetlands) were the
most important predictor to separate residual patches from the null-residual patches. This was
true across most of the fire events except for F06, FO7, and FO9 where the relative importance of
all the variables varied close to zero. The high importance values of the dominant predictor
(distance to wetlands) are associated with their relative abundance and distribution within the
burned landscapes. Second, topographic variables are a contributing factor in shaping the
patterns of post-fire landscape structure, specifically in the formation of residual patches. Based
on the RI scheme computed in this study, the study sites were generally classified as nearly level;
hence topographic variables used in the study were found to be less informative to explain the
presence of residual patches. However, the local topographic variability within the burned
landscape may not have been reflected in the study due to the coarse spatial resolution of the
DEM used in the study. Third, owing to the distinctive spatial patterns of landscapes at different
scales, a single scale description of landscape patterns may provide partial or misleading
information. The effects of analytical scale (i.e., spatial resolution) on determining the importance
of each of the predictor’ variables were assessed; the importance of the variables was examined
at (R4, Rs, Ri6, R32, and Rg4). Changing the grain size affects the importance values and relative
ranking of the predictors; it can be inferred that the configuration of patch characteristics were
sensitive to changing grain size. The sensitivity to scale change provides an opportunity to
understand the multiple-scale characteristics of a given landscape. The study noted that
assessing the importance of a predictor should be site specific (i.e., fire event level in this
context).
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Random Forest is not a tool for traditional statistical inference, and the variable
importance measure in RF has been used to identify predictor variable for interpretations. The
study was also investigated the marginal effect of the predictor variables on the occurrence of
residual patches and it was inferred that: 1) the relationships between individual predictor variable
and probability of residual presence were non-linear; 2) the marginal effect of the most important
predictor (WL) exhibited a decreasing trend; the occurrence of residual patches within a disturbed
landscaped tended to occur more in closer proximity to natural firebreak features, specifically to
wetlands. Although the probability of occurrence varied with the spatial resolutions considered,
residual patch occurrence were prevalent within 100 m from the wetlands; and 3) the effect of
scale on the predicted probability of residual occurrence was visible. The erratic patterns of the
plots and the variation in the magnitude of the plots with changing grain size make deriving a
simple scaling rule difficult.

The importance scores computed using permutation accuracy provides a relative
importance of an individual variable; they may not provide a comprehensive description of the
overall effect of the predictors. Similarly, the PDP only shows how the response variable changes
as you change the predictor variable; it may not provide a comprehensive description of a
variable’s effect on the prediction. Despite this, the results of this study indicate that RF is a
repeatable and broadly application approach for determining the relative importance of various
factors and assessing their marginal effect on predicting the response variables. Although it is
beyond the scope of this study, the approach integrated in this chapter can also paved a way for
forest managers and policymakers to consider the method implemented in this chapter for
implementing a disturbance-based forest management practices as the approach allows
policymakers and forest managers to answer the question ‘where to retain a residual patch?’

while implementing forest harvesting operations.
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4. Spatially explicit model predicting residual vegetation patch
existences within boreal wildfires

Abstract

Wildfires are frequent boreal forest disturbances in Ontario and emulating them with
forest harvesting has emerged as a common forest management goal. Since wildfires typically
contain a considerable number of unburned residual patches of various size, shape, and
composition, the study presents means for learning their characteristics to improve the
subsequent emulation of wildfires with forest harvest planning. A method for developing
probability maps for the existence of residual vegetation within wildfire dominated landscapes is
presented. The study uses the Random Forests ensemble learning approach to predict the
occurrence and distribution of residual vegetation patches based on selected predictor variables:
proximity to wetlands, surface water, old burns, or non-vegetated areas, in conjunction with site
characteristics comprising slope, elevation, a ruggedness index, and land cover type. Satellite
derived data for 11 fire events is partitioned into training and validation data using a hold-out
validation approach; with data records from a single fire event is used for validation while data
records from the remaining 10 fire events are used to construct and calibrate the model. The
predictive power of the model is examined using a fixed-probability threshold and threshold-
independent measures of model performance. The predictive performance of the model ranges
from “strong” model at R, to “marginal” model at Rg, R16, R32, and Rgy, with high (and reasonable)
discrimination ability for one of the largest fire events (FO1); yet low prediction accuracy (“weak”
model) is exhibited for another large fire event (FO6). The lowest predictive performance is
observed for the smallest fire events (FO2, F03, and F09).

Keywords: fire disturbance, residual and null-residual patches, predictor variables, random
forest, predictive models, predictive performance, and spatial prediction

4.1. Introduction

4.1.1. Spatial language: residual and null-residual patches

The abundance of residual patches within wildfires and understanding their patterns is a
central theme for emulating fire disturbances with harvesting practices. The use of occurrence
models for such forest resource management practice reflects the accessibility of presence-
absence data and digital (spatial) information pertained to various environmental variables such
as land cover types, natural firebreak features, and topographic variables (Nielsen et al. 2005).
The presence-absence data in this study are referring to the presence and absence of residual
patches, described as residual and null-residual patches respectively. The presence-data

(residual patches) were extracted from existing classified lkonos images while the absence-data
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(null-residual patches) were derived using a simulation procedure. The approaches used to

extract the residual and null-residual patches are presented in §3.2.2.

4.1.2. Predictive distribution Modelling

Knowledge about the geo-environmental factors that define the patterns of post-fire
landscape structure has been a central issue in understanding forested landscape and fire
disturbances (Guisan and Zimmermann 2000; Manel et al. 2001). Accordingly, the previous
chapter assessed the relative importance and marginal effects of different predictor variables that
explain residual vegetation patches. This enabled me to investigate the relative importance of an
individual variable but it may not provide a comprehensive description of the overall effects of the
predictors. Therefore, there was a need to discover the combined effects of the variables using
predictive modelling approaches. The term predictive (distribution) model has been used to
describe probabilistic models that explain the relationship between the occurrence and distribution
of species (spatial elements) and a set of environmental variables (Jepsen 2004; Magness et al.
2009). It often employs statistical and machine-learning techniques to unravel the complex
interactions between a species distribution and environmental variables (Munoz and Felicisimo
2004) and produce spatially explicit predictive maps (Beauvais et al. 2006). In this instance, a
wide range of spatially explicit predictive models are currently in use to predict and assess the
distribution of various spatial elements.

For example, a model has been developed to predict habitat suitability (Fielding and Bell
1997); fish species distribution (Olden et al. 2002), plant biodiversity, forest composition, and
structural diversity (Frescino et al. 2001), plant functional type (Pearce and Ferrier 2000;
Zaniewski et al. 2002; Anderson et al. 2003). All models used for spatial predictions integrate
three components: the assumed theory, the type of data used and the ways in which the data are
collected, and the statistical methods (and theory) applied (Austin 2007). The theory is based on
the premises that species distributions can be predicted from mapped environmental variables
(Beauvais et al. 2006) while the statistical relationship between a response and a number of
explanatory variables is also generally specified by regression models (Guisan and Zimmerman
2000; Jepsen 2004). However, some of the models are parametric in which they assume a
Gaussian relationship or linear relationships (Frescino et al. 2001; Munoz and Felicisimo 2004).
In parametric models such as generalized linear models (GLM) the relationship between
response and predictors are assumed to be linear (Munoz and Felicisimo 2004) while real world
effects often exhibit complex spatial dependency and non-linear relationships (Evans and

Cushman 2009). An alternate approach (i.e., non-parametric methods) that captures the complex
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and non-linear relationship was thus required (Hastie et al. 2001; Austin 2002). Some of the non-
parametric models that gained popularity in spatial predictions include generalized additive model
(GAM) (Frescino et al. 2001), CART (lverson and Persad 1998), and RF (Prasad et al. 2006).
Several studies have also been undertaken to assess and compare the predictive capabilities of
different statistical and rule-based methods (Pearce and Ferrier 2000; Wilfried et al. 2003; Munoz
and Felicisimo 2004). These studies indicate that the results of the modelling depend on 1) the
adequacy, quality, and spatial resolution of environmental data, 2) mathematical procedures
(formulations), 3) the scale at which analyses are undertaken (Wilfried et al. 2003), 4) the number

of input variables, and 5) expert knowledge (Peters et al. 2007).

4.1.3. Random Forests

Random Forests (RF) are among the most widely known predictive models that have
been used in distribution modelling. The predictive modelling based on RF (also known as
machine learning) aims to generate the most accurate estimates of some quantity or event. Such
models are not generally meant to be descriptive and are usually not well-suited for inference;
they are rather probabilistic or stochastic methods. A predictive model based on RF constructs a
classification and regression tree by successfully splitting data based on single predictors. Each
binary node, split, forms a branch in the decision tree and trees are grown without pruning. The
model utilizes bagging, a technique that builds a large number of trees and averages the output.
The prediction with RF algorithm begins with the selection of many bootstrap samples from the
data, and for each bootstrap sample it generates a classification tree (Figure 4.1). A spatial
prediction is produced for each classification tree and it eventually builds an ensemble of CART
tree classification predictors using a majority vote for final prediction (Magness et al. 2008). A

detailed description of RF is provided in §3.1.2.
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Figure 4.1. Graphical depiction of RF model implementation,1) the model generates multiple
classification trees for each bootstrap sample of the training data, and 2) it combines the results
from multiple models for final prediction using a majority voting.

4.1.4. Research framework

Several studies have documented the presence of residual patches within a fire disturbed
landscape, and few studies have also speculated on agents behind their existences. A wide
range of studies (e.g., Vera 2001; Ryan 2002; Perera et al. 2007; Cuesta et al. 2009) have also
been undertaken to assess the parameters that govern the occurrence of post-fire residual
patches using different statistical techniques. The studies indicated that the complex interactions
of various environmental factors acting at different scale could determine the existence of residual
patches. Eberhart and Woodard (1987), for example, indicated that the probability of residual
patch occurrence increases with the abundance of natural firebreak and topographic features.
Epting and Verbyla (2005) suggested that the variability in fire weather, elevation, and fuel

conditions can affect the patterns of post-fire forest characteristics. Variations in wind direction
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(Rowe and Scotter 1973; Madoui et al. 2009) and presence of certain land cover types (Mermoz
et al. 2005; Madoui et al. 2009) can also affect the occurrence of unburned areas. Similarly,
Dragotescu and Kneeshaw (2012) found that residual patches are associated with proximity to
surface waters and other physiographic features. However, most of these studies did not
consider the combined effects of the variables which would interactively affect the occurrence and
distribution of post-fire residual patches.

The combined effects of the various environmental variables can be evaluated using
predictive modelling approaches (Jepsen 2004); hence potential areas where residual patches
are likely to occur can be identified. However, little has been directed at assessing the combined
effects of the geo-environmental factors and the predictive ability of statistical modelling
techniques for residual patch occurrence. In this chapter, a non-parametric tree-based learning
technique (RF) was used to develop a spatially explicit model, and predict the likely occurrence of
residual patches by integrating topographic, natural firebreak features, and land cover variables.
Moreover, the configuration of post-fire patch characteristics, and the magnitude and variability of
the environmental factors are sensitive to a change in spatial resolution (Wiens 1989). Yet, there
is a considerable uncertainty regarding the appropriate scale at which analyses are undertaken.
In a predictive model, the scale at which prediction models are performed depends on the model
structure, the purpose of the model outputs, and the spatial resolution of the environmental data
(Wilfried et al. 2003). Because of this scale multiplicity, scale holds the key to understanding the
predictive performance of models.

In this chapter, a non-parametric predictive model (RF) was applied to address the
following objectives: 1) develop a spatially explicit model for predicting residual patch occurrence
within fire events, 2) assess how well the model predicts the likelihood of residual patch
occurrence across different fire events within the same ecoregion, as determined by measures of
model performance, 3) produce spatially explicit probability maps that show the potential areas
where residual patches are likely to occur, and 4) determine the discriminative ability (predictive
accuracy) of the model as function of scale (i.e., sensitivity of the model to changing grain size).
The study was based on the assumption that 1) the patterns of residual patches are explained by
the environmental data, and 2) the response variable (i.e., presence-absence of residual patches)
is related to the predictors in a non-linear fashion, and non-parametric models are suitable under
such hypotheses. The novelty of this study is the use of RF predictive model for understanding
and predicting the occurrence of post-fire residual patches in boreal wildfires, as far as the study

is concerned.
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4.2. Methods

4.2.1. Study area

A method that generates probability maps for the existence of residual patches within
wildfire dominated landscape is developed based on the data records from the 11 fire events
occurred in northwestern Ontario as described in §2.2.1. The 11 fire events vary in size, intensity,
and severity but they all occurred within the same ecoregion (2W). The extent and geographic
location of each of the fire events along with a brief description of climatic conditions and

vegetation species is also presented in §2.2.1.

4.2.2. Landscape data: residual and null-residual patches

The study considered a binary response variable: the presence and absence of residual
patches, described as residual and null-residual patches respectively. The residual patches are
defined based on the work of Remmel and Perera (2009) in which the NDPE guide was used to
define and extract the residual patches. Data pertaining to the absence-data were obtained using
a simulation technique in which the null-residual patches were simulated and extracted using an
algorithm developed in house. The absence-data are randomly simulated (and placed) within the
burned landscape in which the shape, size, and orientation of the null-residual patches mimic the
residual patches. The details about the residual and null-residual patches used for developing the

predictive model are presented in §3.2.2.

4.2.3. Environmental variables for modelling

The occurrence of residual patches is often attributed to various environmental factors
(e.g., weather, ignition source, vegetation, topography, and other pre-fire characteristics) that
interactively affect fire behaviour and post-fire forest characteristics. However, the quality,
adequacy, and spatial resolution of these environmental variables are imperative for successfully
implementing statistical models for prediction (Wilfried et al. 2003). Therefore, the selection of
predictors should be undertaken with caution to improve the interpretability of the models; this
involves using existing knowledge of physiography and environmental process (Austin 2007). For
developing a model that is valid for prediction and extrapolation, the variables should also be
consistent spatially and temporally (Jepsen 2004). In this study, the environmental variables used

for prediction were selected based on published literature on the response of residual patches to
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environmental gradients and the availability of appropriate digital coverage of the fire events. The
prediction was eventually developed in relation to different predictors, which are obtained from
different sources: 1) topographic variables (slope, Rl and elevation) from digital elevation models;
2) vegetation cover type from existing pre-fire land cover maps, and 3) distribution of natural
firebreaks (surface water, wetland, and non-vegetated areas) from existing maps. A detailed

description of the environmental variables is provided in §3.2.3.

4.2.4. Predictive model selection

Various studies have demonstrated the use of statistical (and machine-learning) methods
to explain the relationship between species occurrence and environmental variables using
regression methods (Guisan and Zimerman (2000), including logistic regression, discriminant
functions, CART, and ensemble trees. The application of some of the approaches (e.g.,
discriminant functions, logistic regression, and GLM) is limited because of the multivariate
normality or linear relationship assumption (Edwards et al. 2007; Evans and Cushman 2009).
Other statistical models, such as CART and GAM, are more flexible and better suited to handle
nonlinear relationships between species and environmental gradients (Hastie et al. 2001; Munoz
and Felicisimo 2004). Specifically, tree-based classification approaches (e.g., CART) have
gained popularity in landscape ecology (De’ath and Fabricius 2000), but they are associated with
the problem of over-fitting and parameter selection. This has led to the development of ensemble
methods that overcome the problem of over-fitting and obtain better predictive performance than
the standard classification trees. The ensemble method has risen in prominence and is
increasingly used for various environmental mapping and modelling applications (Gislason et al.
2006; Cutler et al. 2007; Mellor et al. 2013). In this chapter, a predictive model based on the
random forest ensemble-learning approach was applied to develop a spatially explicit predictive
model and produce probability maps of residual patch occurrence. The ensemble method was
used in this study because it: is a nonparametric and nonlinear classifier that does not require any
assumption on data distribution, it has high predictive performance and is computationally
efficient. Additionally, unlike most of the predictive models such as logistic multiple regression,
GLM, and GAM, RF model allows the integration of categorical variables in the prediction
process. These unique features make an ensemble method a powerful tool for relating response

and predictor variables, and hence predicting the occurrence and distribution of spatial elements.

124



4.2.5. Model calibration

The relationship between response variable (residual and null-residual patches) and the
environmental variables are modelled using RF as implemented in R (R development core 2013;
Liaw and Wiener 2002). The RF model is an ensemble classifier, a statistical procedure based on
multiple decision trees used to predict a response variable according to explanatory variables
(Breiman 2001). RF makes no assumption on the type of relationship between response and
explanatory variables, so it can handle very complex relationships involving interaction and
nonlinearity across a response variable. The RF algorithm was used to build a predictive model
for which there are some user-defined parameters (e.g., number of trees and number of variables
used to split the nodes) that require some adjustment. The details on RF model calibration and
implementation is provided in §3.2.4. The model was calibrated by combining data records from
the 11 fire events and applying a data splitting using a hold-out approach (Figure 4.2) where data
records from a single fire event (e.g., F11) is held-out for testing while data records from the
remaining fire events are used for training the model. The procedures undertaken to partition the
data into training and test, and calibrate the predictive model using RF algorithm is also given in
Figure 4.2.

FO1 F02 FO3 FO04 FO5 FO6 FO7 FO8 FO9 F10 .

Test Set

v ooX . F02 FO3 FO4 FO5 FO6 FO7 FO8 FO9 F10 F11

x1 nxp

Figure 4.2. Overview of the data partitioning (hold-out or k-fold partitioning) approach
implemented in this study for the allocation of cases to training and testing data sets. The data
records from a single fire event (e.g., FO1) is used for testing while data records from the
remaining 10 fire events (e.g., FO02 to F11) were used for model construction and calibration.
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4.2.6. Model validation

The inherent uncertainty of predictive models needs to be evaluated and quantified
(Beauvais et al. 2006). This has been an integral component of any model development and is
useful for determining the suitability of a model for specific applications, and compare different
modelling techniques (Pearce and Ferrier 2000). The predictive ability of a model (i.e., how
accurate a model should be) depends on the conditions to which the model is applied, the types
of questions asked, and the alternatives available (Jepsen 2004). However, a model with high
predictive performance can generally be used for predicting changes under alternate future
scenarios, and informing resource management decisions (Beauvais et al. 2006).

In a presence/absence model, there are two possible prediction errors: false positives
(Type | error) and false negatives (Type Il error) (Fielding and Bell 1997; Anderson et al. 2003).
These errors can result from insufficient sample size, measurement error, and insufficient spatial
resolution in the mapped environmental predictors (Pearce et al. 2001). In this study, the
prediction error was evaluated based on the discrimination ability of the model to correctly
distinguish between positive and negative records (i.e., residual and null-residual patches
respectively). This has traditionally been expressed using a confusion matrix as shown in Figure
4.3 (Fielding and Bell 1997). The quadrant of the matrix is populated by cross-tabulating the
observed and predicted category of each point in the evaluation set. Elements a and d in the
quadrant are considered as correct classifications where a indicates the number of positive sites
(residual patches) correctly predicted and d denotes the number of negative sites (null-residual
patches) correctly predicted. The elements of ¢ and b are usually interpreted as omission and

commission errors respectively

Actual

Present Absent

Residual (Present) a b

Predicted

Null-residual (Absent) c d

Figure 4.3. The derivation of the confusion matrix used as a base for measuring the performance
of presence-absence models. The table cross-tabulates observed and predicted patterns: a) true
positive; b) false positives; c) false negatives; and d) tree negatives.

126



One specific way of evaluating the predictive performance of a model is to split the data
into training and testing, which are respectively used to develop and validate the model.
However, there is no standard rule for splitting the data into training (calibration) and testing
(validation) set (Beauvais et al. 2006). Fielding and Bell (1997) summarizes the different
approaches that have been used to allocate cases for training and testing; including re-
substitution, bootstrapping, randomization, prospective sampling, and k-fold partitioning (hold-out
or external methods). However, a classic approach to evaluate the accuracy of a predictive
model is to compare the model with independent data (i.e., data not used to develop the
prediction model). Refaeilzadeh et al. (2008) also indicated that one of the natural approaches of
model validation is the use of a hold-out validation approach with independent data, and this has
been used in this study to assess the prediction accuracy of RF model. Given the 11 fire events,
the data records from an individual fire event (e.g., FO1) was held-out for testing while the records

from the remaining fire events (i.e., FO2 to F11) were used for training purposes .

4.2.6.1. Performance with a fixed-probability threshold

The use of predicted maps for various applications may not be captured in a single map
accuracy value; several measures of accuracy should be incorporated (Moisen and Frescino
2002). Some of the measures of model performance are reviewed in (Fielding and Bell 1997; Liu
et al. 2009). Each of the measures tends to emphasize on a particular aspect of model
performance, and hence serves a specific purpose (Beauvais et al. 2006). Some of these global
measures of model performance (e.g., Table 4.1) can be computed from a 2 by 2 contingency
table of predictions and observations shown in Figure 4.3. The simplest and most widely used
measure of prediction accuracy is the percent correctly classified (PCC) but model assessment
using the overall accuracy, with no indication on the present or absent success might be
misleading. Therefore, the overall measure of accuracy can be broken into present success
(Sensitivity — Sn) and absent success (Specificity — Sp) (Table 4.1). . The former, also known as
true positive fraction, refers to the proportion of presence (i.e., residual patches) correctly
predicted; the later (true negative fraction) is the proportion of absence (null-residual patches)
correctly classified. The three indices, which are also referred to as fixed-probability threshold
measures, capture a bit of the information on model performance and when presented together
they provide most users a good sense of model quality. In this study, the validity of the RF model
was initially assessed using the three measures of model performance: PCC, Sn, and Sp (Table
4.1). All classification analyses were carried out in the R statistical package (R development core
Team 2013).
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Table 4.1. Potential measures of presence-absence model’s performance. The measures of
model’'s performance are derived from the confusion matrix shown in Figure 4.3. The formulae
are based on correctly predicted positive occurrences (a), falsely predicted positive occurrences
(b), falsely predicted negative occurrence (c), and correctly predicted negative cases (d).

Measure: Calculation
Percent correctly classified (PCC)  pcc = —(@*D)
(a+b+c+ad)
Present success rate (Sn) Sp =@
(a+c)
Absence success rate (Sp) Sp = ®)
(b+d)

4.2.6.2. Threshold-independent measures of model performance

The fixed-probability threshold is based a single cut-off value, a value that is used to translate
predicted probabilities into a binary (0 and 1) class where the default threshold is 0.5 (Jepsen
2004; Beauvais et al. 2006). Yet, the choice of an appropriate threshold value is difficult, often
arbitrary, and affects the measures of model performance. It does not necessarily provide a more
accurate accuracy measure (Manel et al. 1999). Therefore, a more universal approach,
threshold-independent indices (i.e., methods based on broad spectrum of threshold values), are
needed (Pearce et al. 2001). Liu et al. (2009) summarizes some of the threshold-independent
accuracy measures of model performance, and one of the most widely used measures is receiver
operating characteristics (ROC) curves (Fielding and Bell 1997; Jepsen 2004; Beauvais et al.
2006; Peters et al. 2007). This was originally developed by signal processing and medical
researchers (Zweig and Campbell 1993; Peters et al. 2007), and has recently been integrated into
distribution modelling for assessing model’s performance (Jepsen 2004).

The ROC curve provides a graphical depiction of model’s discrimination ability over a
range of threshold values (Pearce and Ferrier 2000). It is obtained by plotting all true positive
fractions (sensitivity values; on y-axis) and false positive fractions (1- specificity; on x-axis) over
all available thresholds (Zweig and Campbell 1993; Fielding and Bell 1997). A model with perfect
discrimination ability has an ROC plot that passes through the upper left corner, representing
perfect sensitivity (true-positive fraction = 1) and perfect specificity (false-positive fraction = 0)
(Figure 4.4). The theoretical plot for a test with no discrimination (i.e., a completely random guess
or chance of performance) is a 45° diagonal from the lower left corner to the upper right corner
(Zweig and Campbell 1993; Pearce and Ferrier 2000; Fielding and Bell 1997).
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Figure 4.4. Hypothetical example of ROC graph in which the sensitivity (true positive proportion)
is plotted against the false positive proportion for a range of threshold probabilities. A perfect
model follows left of the axis and top of the plot while the 45° line represents the sensitivity and
false positive values expected to be achieved by chance alone for each decision threshold.

The ROC plot for assessing model performance has received a considerable attention
because 1) it is simple, graphical, and easy to understand visually, and 2) of its discrimination
ability of the presence-absence over a wide range threshold values (Zweig and Campbell 1993).
Therefore, the ROC curve was generated to assess the predictive performance of the model,
independently of a specific threshold set to classify the data records into residual and null-residual
patches. In order to construct ROC curves, the predicted probabilities of residual occurrence
across the events (and spatial resolutions) were used to generate several confusion matrices, one
for each possible cut-point. A cut-point represents a threshold probability above which the

residual patch is modelled to be present (Peters et al. 2007). Pearce and Ferrier (2000) noted
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that large numbers of sensitivity and false positive pairs (i.e., based on a threshold interval of
0.01) would result in a better fit. Thus, the threshold interval at 0.01 across the predicted
probability range was used to produce ROC plots over 100 threshold values evenly spaced
across the range of available predicted values (from 0.0 to 1.0).

However, comparing ROC curves directly from the plot has never been easy and is
subjective (Eunsik and Wenbao 2011); a single index that describes the discrimination ability of a
model is required (Zweig and Campbell 1993; Pearce and Ferrier 2000). The area under the
resulting ROC curve, which is referred to as AUC, is then considered as an indicator
(discrimination index) of model’s performance. The AUC provides a single measure of model’s
ability to distinguish between residual and null-residual patches, independent of a specific
threshold value (Munoz and Felicisimo 2004; Peters et al. 2007; Refaeilzadeh et al. 2008). The
AUC is expressed as a proportion of the total area of the unit square defined by the false positive
and true positive axes (Pearce and Ferrier 2000), with high AUC values (i.e., large areas under
the curve) indicates a high predictive performance of a model. ROC plots for each of the fire
events using R were produced; for each of the ROC curve the AUC value was also computed. As
a general rule, the AUC value ranges from 0.5 for a model with no discrimination ability to 1.0 for
models with perfect discrimination ability (Table 4.2). In order to test whether each of the ROC
index computed was significantly greater than 0.5, a statistical test based on Wilcox test was also

computed.

Table 4.2. Classification of AUC values for assessing model performance (source: Swets 1988).
The presence-absence models can be categorized as strong, marginal, or poor model based on
the AUC values.

AUC values  Description Remarks
0.5 Random guess Discrimination ability of a model is
equivalent to the one obtained by a
random model (i.e., random
assignments of predicted values to
sites)
05-0.7 Low accuracy (Poor Sensitivity rate is not much more than
discrimination ability) —  the false positive rate
weak model
0.7-0.9 Reasonable Useful application
discrimination ability —
marginal model
>09 High accuracy (Good The sensitivity rate is high relative to

discrimination ability)
Strong model

the false positive rate
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4.2.7. Spatial prediction

The advancement in computing power and GIS technology has enhanced the possibility
of generating predicted probability maps; rather than having as abstract formulae or qualitative
description of model output (Beauvais et al. 2006). The ability to generate such spatially explicit
predicted maps has also been one of the goals of predictive modelling. However, the predicted
maps do not show the actual distribution of residual patches; they are rather cartographic
representations based on probabilities of residual occurrence (Guisan and Zimmermann 2000).
Owing to the variation in modelling techniques, there is no standard procedure for expressing
predictive models in a (digital) map form (Beauvais et al. 2006). Yet, some potential approaches
(e.g., RSAGA in R) have been implemented to convert predicted probability values into digital
(ASCII grid) or any GIS readable format maps.

The prediction using RF produces deterministic (binary) response classes or predicted
probabilities (i.e., matrix of class probabilities). However, most environmental attributes are
inherently continuous and classifying spatial elements into discrete (deterministic) classes of
presence and absence yields a simplistic view of the landscape (Evans and Cushman 2009).
This limits our ability to examine the continuous nature of residual patch occurrence in a disturbed
landscape. In this study, the occurrence of residual patches is represented as a separate
probability surface rather than a mosaic of discrete patches that are implicitly assumed to be
categorically discrete. The predictive probability maps that show the potential areas where
residual patches are likely to occur, at each grid of the fire footprint, were also produced as ASCII

format in R, and imported into ArcMap for display and analysis.

4.3. Results

4.3.1. Prediction performance with fixed-probability threshold

The three measures of accuracy that are based on a fixed probability threshold and
integrated in this study are PCC, Sn, and Sp (Table 4.3); the latter two indices (Sn and Sp) are
incorporated because the overall accuracy (PCC) alone does not provide information about the
commission and omission errors included in the predictions (Frescino et al. 2001). As shown in
Table 4.3, the overall accuracy at predicting residual and null-residual patches always exceeded
50% for all fire events (at R4, Rg, R1s, R32, and Rg4) except for three fire events (F02, FO3, and
FO06; at R3; and Rg4). The PCC values also varied among the fire events (and with spatial

resolutions). At Ry, the overall accuracy was relatively high, with PCC value greater than 80% for
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all of the fire events except for FO6, FO7, and F11. The highest model accuracy was observed for
one of the largest fire events (i.e., FO1; 96.52%); yet the lowest PCC was obtained for another
large fire event (i.e., F06; 68.41%). The accuracy for the other two largest events (i.e., FO8 and
F10) was also high, with PCC value of 86.13 and 89.63% respectively. As is evident from the
table below, such a trend tends to continue, but with a slight variation with increasing grain sizes.
The overall accuracy generally tends to decrease with increasing grain size, indicating the
sensitivity of model to changing grain sizes; model’s predictive performance was high at finer

spatial resolutions.

Table 4.3. The discrimination performance of the presence-absence models to distinguish
between residual and null-residual patches based on fixed-probability threshold measures:
Percent correctly classified (PCC), Sensitivity (Sn) and specificity (Sn) are presented.

Fire events (Statistically independent dataset for assessing predictive performance)

FO1 F02 FO3 FO4 FO5 FO6 FO7 F08 F09 F10 F11

R4 PCC 96.52 9047 88.88 9296 8356 6841 76.99 86.13 80.95 89.63 69.14
Sn 99.69 100.00 85.71 97.16 77.48 81.14 88.20 91.75 9230 98.72 80.00
Sp 91.46 0.00 100.0 80.64 93.70 20.23 43.26 62.01 62.50 68.94 53.84

R8 PCC 7554 8537 86.49 8261 7343 68.78 69.73 80.16 69.23 70.49 67.67
Sn 96.90 93.10 85.00 79.08 63.18 79.85 86.02 89.65 100.00 92.41 98.38
Sp 36.06 66.67 88.23 87.78 86.52 19.37 30.25 4585 50.00 38.79 17.54

R16 PCC 61.92 68.62 67.34 7045 53.64 5735 6337 7026 75.00 5857 50.60
Sn 9483 53,57 68.18 7235 39.95 66.04 7867 90.89 80.00 86.39 87.78
Sp 1549 86.95 66.67 67.86 7041 29.54 29.16 10.51 7142 13.28 8.00

R32 PCC 68.02 4857 3142 6191 5197 4115 5942 6358 53.84 61.81 57.46
Sn 86.79 50.00 5.00 68.16 66.67 30.91 80.92 89.56 62.50 78.23 94.65
Sp 37.56 47.05 58.82 53.14 3293 69.25 23.87 1571 40.00 26.81 3.00

R64 PCC 66.96 37.50 30.77 60.34 4090 4881 53.16 59.96 70.00 5848 52.36
Sn 81.76 2222 1428 3857 17.51 43.67 6855 7557 40.00 65.13 60.33
Sp 4940 57.14 50.00 82.57 73.52 60.22 33.77 34.09 100.00 46.58 40.17

High values of overall accuracy can be deceptive (Edwards et al. 2007); hence the other
alternate measures of accuracy (Sn and Sp) should be included for a better model assessment.
The sensitivity value was relatively higher for all fire events, ranging from 77% (for FO5) to 100%
(for FO2) at Ry, but the trend was not similar throughout fire events and across the five spatial

resolutions.
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4.3.2. Threshold-independent measures of model performance

Before calculating the ROC curves, the discriminatory power of the model was assessed

visually by comparing the distribution (or variability) of predicted probabilities across the five

spatial resolutions (Figure 4.5- Figure 4.7). The graphs indicate that the median values for sites

at which residual patches were present are relatively higher than those for null-residual patches

particularly at R,; confirming the model’s ability to discriminate residuals from null-residual

patches. This is not however the case for some of the observations (e.g., FO6) where the model

had difficulty in distinguishing positive records (residual patches) from negative records (null-

residual patches). The graphs also show that the variability in predicted values was relatively low

at Ry, indicating that the model had good discrimination ability at finer spatial resolutions than

coarser spatial resolutions. The refinement of the values predicted by the model also varies

across the events (and the spatial resolutions) with prediction values ranging from 0 to 1.0.
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Figure 4.5. The discrimination ability of the model to distinguish between residual and null-
residual patches: variability of predicted probability values associated with residual (R) and null-

residual (N) patches, for the large sized fire events.
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Figure 4.6. The discrimination ability of the model to distinguish between residual and null-

residual patches: variability of predicted probability values associated with residual (R) and null-

residual (N) patches, for the large sized fire events.

R64

R32

Rie

Rs
T

R16

0L 80 90 ¥0 20 00 0L 80 90 ¥0 0 00

s|ienpisal Jo qoud pajoipaid

sjenpisal jo qoud psjoipaid

Figure 4.7. The discrimination ability of the model to distinguish between residual and null-

residual patches: variability of predicted probability values associated with residual (R) and null-

residual (N) patches, for the large sized fire events.
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To further examine the discrimination capability of the model, the relationship between
the proportions of observed presences correctly predicted (sensitivity) and the proportion of
observed absences incorrectly predicted (1 — specificity) was graphically summarized using ROC
curves (Figure 4.8). A model that perfectly predicts the residual patches generates an ROC curve
that follows the left axis and top of the plot, whilst a model with predictions that are no better than
random produces an ROC curve that follows a 45° diagonal from the lower left corner to the upper
right corner. The shape of the ROC shown in Figure 4.8 describes the trade-off between true
positive and false positive rates as the threshold probability is changed (Pearce and Ferrier 2000).
A plot lying above and to the left of another plot indicates greater observed accuracy (Zweig and
Campbell 1993); such trend was evident in the ROC curves shown in Figure 4.9 with changing
grain sizes. The curve for some of the fire events (FO1, FO4, FO5, F08, and F10) at R, was closer
to the perfect discrimination. However, it is subjective and not easy to assess and compare the
predictive accuracy directly from the ROC curves (Refaeilzadeh et al. 2008). The validity of the
model has to be assessed based on the estimated areas under the respective ROC curves
(AUC).

The AUC provides a summary measure of a model’s predictive accuracy; the ROC curve
with the larger area is, on average, more accurate (Pearce and Ferrier 2000). The AUC values
shown in Table 4.4 provide a measure of model’s ability to discriminate between locations where
residual patch of interest is present or absent. The model had the highest discrimination accuracy
with an index value of 0.995 for FO1 at R4, suggesting the model could discriminate between
residual and null-residual patches 99.5% of the time. At R4, RF model had also AUC values
greater than 0.7 for all the cases except for FO2 and F06; the model’s discrimination ability at this
scale was evaluated as marginal model (having reasonable ability) to strong model (with excellent
discrimination ability) based on the rule of thumb set by Swets (1988). The lowest accuracy was
observed for FO2 and F06, with AUC values of 0.629 and 0.563 respectively. Yet, the predictive

model at R4 had significantly higher discrimination ability (p < 0.05) for all fire events.
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model’s performance at specific spatial resolution.

136

1-Specificity (false positives)



Table 4.4. Quantitative measures of model’s predictive performance based on AUC values where AUC values between 0.9 and 1.0 show
strong model, values between 0.7 and 0.9 marginal model, and values between 0.5 and 0.7 are poor models. The p-value tests the
significance of the area under a ROC curve (bold cells indicate statistically not significant AUC values; statistically not different from
random prediction).

Spatial resolutions

R4 Rs Ris Ra2 Rea
Fire ID AUC p-value AUC p-value AUC  p-value AUC  p-value AUC  p-value
Large fire FO1 0.995 0.0000 0.886 0.0000 0.816  0.0000 0.749  0.0000 0.793  0.0000
events FO06 0.563 0.0000 0.506 0.3230 0.544  0.9999 0.503 0.4195 0.500 0.4986
FO08 0.933 0.0000 0.844 0.0000 0.685  0.0000 0.605 0.0000 0.613  0.0000
F10 0.981 0.0000 0.874 0.0000 0.659  0.0000 0.616  0.0000 0.611  0.0000
Medium FO04 0.970 0.0000 0.902 0.0000 0.771  0.0000 0.688  0.0000 0.643  0.0000
fire events  F05 0.910 0.0000 0.854 0.0000 0.584  0.0000 0.512 0.2185 0.546  0.9879
FO7 0.770 0.0000 0.642 0.0000 0.611  0.0000 0.555 0.0130 0.567 0.0159
F11 0.837 0.0000 0.799 0.0000 0.588  0.0009 0.590 0.0006 0.503 0.4654
Small fire F02 0.629 0.0000 0.537 0.0000 0.507 0.6446 0.507 0.4161 0.648 0.9788
events FO3 0.647 0.0000 0.688 0.0000 0.601  0.0000 0.622  0.9981 0.611  0.8404
F09 0.710 0.0000 0.786 0.0000 0.699 0.0000 0.551  0.2349 0.677 0.9115
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Similarly, the model has a reasonable discrimination ability at Rg for all events (0.786 <
AUC < 0.886) except for F02, FO3, F06, and FO7 while high AUC value was retained for F04
(AUC = 0.902). The RF model at R4 had also low or poor discrimination ability for most of the
events (0.507 < AUC < 0.699), but exhibited a reasonable discrimination ability for FO1 and F04,
with AUC index values of 0.816 and 0.771 respectively. At the coarser spatial resolutions (i.e.,
R32 and Rgy), the model displayed discrimination rates less than 0.7 for all except FO1, and the

model did not perform significantly better than random for most of the fire events.

4.3.3. Scale effect

The accuracy measures (i.e., AUC) derived from the optimized probability thresholds
markedly increased the accuracy derived at the conventional probability threshold of p = 0.5 (i.e.,
fixed-probability threshold). The predictive performance of the model was assessed at different
grain sizes to determine whether residual patches could be modelled more successfully at
specific grain sizes (e.g., at finer spatial resolutions). A comparison of the RF model across scale
gradient revealed that some distinctive patterns in model performance were observed as a
function of scale (grain size). At the finest scale (R,), for example, the model provided better
discrimination, but the predictive accuracy decreases with increasing grain size in a consistent
power-law relationship for all large and medium sized fire events (except for F06), with a
coefficient of determination > 80% (Figure 4.9). Such a monotonic decreasing trend with a power

law relationship was not observed for the smallest fire events — F02, FO3, and FO9 (Figure 4.9).
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4.3.4. Spatial prediction of residual patches

While the statistical validity and accuracy of the model is important, graphical
representation of the model output (i.e., spatially explicit predicted maps) are desired for
examining the spatial distribution of spatial elements (Fielding and Bell 1997). The predicted
probability maps of residual patch occurrence were obtained for all fire events at the given spatial
resolutions. In this section, the results from Rj;, are only graphically summarized in the predicted
probability maps shown in Figure 4.10- Figure 4.14; the maps are given at 32 m spatial resolution
because it is the closest to how a remote sensing device based on Landsat imagery would view
the landscape. The output from the models is a probability value scaled from 0 to 1 for each grid

cell, with predictions closer to 1 indicating greater chance of residual patch occurrence.
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Figure 4.10. Predicted probability maps of residual patch occurrence for large sized fire events (FO1 and F06) at Rs; lighting shading —
greater chance of residual patch occurrence, cross-hatched areas — distribution of wetlands, and light blue — distance of water.

141




[T water

1534 Wetland

[ Residuals

[_1Fire perimeter

Prediction probability
1.0

. 0 045 09
0.0 [ ==

1.8

2.7

3.6
km

[ = km

[ water

}529 Wetland

[T Residuals

[ Fire perimeter

Prediction probability
1.0

M.

Figure 4.11. Predicted probability maps of residual patch occurrence for large sized fire events (FO8 and F10) at Rz, lighting shading —

greater chance of residual patch occurrence, cross-hatched areas — distribution of wetlands, and light blue — distance of water.

142




FO5

[ Water
. 22 Wetland

[$%3 Wetland [ JResiduals d
[]Residuals [ Fire perimeter
[ Fire perimeter Prediction probability 5 1
Prediction probability 1.0

1.0 0 05 1 2 3 4
. 0 05 1 2 3 4 0.0 [ = — )]

0.0 —-— km

Figure 4.12. Predicted probability maps of residual patch occurrence for medium sized fire events (FO4 and F05) at Rj; lighting shading —
greater chance of residual patch occurrence, cross-hatched areas — distribution of wetlands, and light blue — distance of water.

143



Fo7 || F11

[T water ¥ [ water
22 Wetland - 2% Wetland
[]Residuals " | ] Residuals
[ Fire perimeter E —_d Fire perimeter
Prediction probability o Prediction probability

1.0 4 1.0

oy 0 02505 15 2

.0_0 0_025 05 1 } ZKPn—* b - km .o.o

Figure 4.13. Predicted probability maps of residual patch occurrence for medium sized fire events (FO7 and F11) at Rj; lighting shading —
greater chance of residual patch occurrence, cross-hatched areas — distribution of wetlands, and light blue — distance of water.

144



F02 Fo2

[ water
223 Wetland
[ water [ Residuals

[224 Wetland Fire perimeter
] Residuals Prediction probability
1.0
ot [_] Fie perimeter 000501 02 03 04
Ewetiand Prediction probability [P e i e
[JResiduals 10
[ Fire perimeter '
Prediction probability o o1 02 04 06 08
1.0 - — w— kT 0.0
000501 02 03 04 .
e — — kM 0.0

Figure 4.14. Predicted probability maps of residual patch occurrence for small sized fire events (F02, FO3, and F09) at R, lighting shading
— greater chance of residual patch occurrence, cross-hatched areas — distribution of wetlands, and light blue — distance of water.

145



4.4. Discussion

4.4.1. Model performance with fixed-probability threshold

The RF model provides OOB error statistics, which are indicative of model fit, but not
necessarily predictive performance of a model. | chose to perform an external cross-validation
(hold-out validation) approach to provide a statistically independent measure of model
performance; as effective and correct model assessment has real significance to distribution
modelling (Manel et al. 2001). The results of the fixed-probability threshold, specifically the
overall accuracy, indicated that the model did a reasonable job to discriminate between residual
and null-residual patches. The results from the other two alternative measures of accuracy also
indicated that 1) the model has successfully discriminated residual patches from null-residual
patches, particularly at finer spatial resolutions; 2) the accuracy was marginally higher for the
residual patches than null-residuals, suggesting a tendency for the model to misclassify null-
residual patches as residual patches. This has led to a slight overestimation of residual patches
in the prediction. There was also a situation in which the accuracy tended to be higher for null-
residual patches, indicating a slight underestimation of residual patches for certain fire events
(e.g., FO3 and FO5 at Ry; FO3, FO4, and FO5 at Rg; FO2 and F05 at Rq¢); 3) the predictive
accuracy of the model showed different patterns as a function of scale; the ability of the model to
correctly classify residual and null-residual patches decreases with increasing grain sizes. Given
the focus of this study (i.e., predicting residual patch occurrence), the model has successfully
predicted residual patches with high accuracy (sensitivity) values. Overall the results for most of
the fire events were appealing, but being a fixed-probability threshold the results from the three
indices need to be evaluated further. Although the overall prediction success (based on a fixed-
probability threshold) is widespread in determining classification accuracy, Manel et al. (2001)
noted that this measure is inherently misleading and fails to consider the prevalence effects (i.e.,
the frequency of occurrence of a target element). The validity of the model performance was thus
assessed using an alternative approach (ROC curve) that takes into account the prevalence

effects and threshold-independent approach.

4.4.2. Model performance with independent measure of performance

The predictive accuracy based on RF model was generally well supported and significant
at p < 0.05, for the finest spatial resolutions (R4, Rg, and R4s). As a general rule of thumb, AUC

values greater than 0.9, and values between 0.7 and 0.9 indicate a strong and marginal model
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respectively. The values reported here indicated that the model has successfully predicted the
occurrence of residual patches particularly at R, but the accuracy decreased with increasing grain
sizes. The high prediction accuracy at R, suggests that at this particular scale (and for this data),
residual patch occurrence is influenced by a combination of topographic variables, natural
firebreak features, and land cover variables. The trend was not true for some of the fire events
(FO2, FO3, F06, and F09); a question that arises is why the model did not perform well for these
specific fire events. Given the prediction approach (hold-out validation); one can claim that the
fire events (F02, FO3, F06, and F09) are different from the rest in relation to the variables
considered. One important finding is that three of the observations (F02, FO3, and FQ9) are the
smallest fire events, and one plausible reason for the low prediction accuracy could be attributed
to the sample size. The extent of the fire events is less than 100 ha; yet the number of patches or
records in the evaluation dataset was small (less than 10 records for an event). Edwards et al.
(2007) argued that predictive models usually attain more accurate predictions with increased
sample size. Similarly, Pearce et al. (2001) found that the performance of a model for rarer
species, with less than nine records in the evaluation dataset, was poorer than those with large
number of records. Schwarts et al. (2006) also argued that few observation of species
distribution resulted in low statistical power of a prediction. Despite the low prediction accuracy,
the accuracy (for F02, F03, and F09) was statistically significant at R, and Re.

The ability to discriminate among the large fire events (except for FO6) ranges from
marginal to strong model outcome, suggesting that the distribution of residual patches appears to
be explained by the predictors incorporated in the model. However, particular attention may need
to be devoted to improving the predictions for certain fire events (e.g., F06), as the model had
generally low predictive performance. One potential reason could be the differences within a
landscape as a function of the environmental attributes and burn severity. Describing a low
predictive performance of a model, Burton et al. (2008) argued that there are inter-regional or
inter-landscape differences among disturbed landscapes. Another reason for such poor
prediction accuracy (for FO6) may also rely on the distribution of unburnable cover types within
the fire perimeter. In the previous chapter, the variable importance assessment indicated that
wetland is the most important predictor that explains the occurrence of residual patches for most
of fire events except for FO6. The proportion of this predictor (wetland) for FO6 was not
substantial (only < 0.1% of the fire footprint at R,); this can have a profound effect on the
prediction accuracy at this specific event. Therefore, for a model to predict spatial elements with
an excellent discrimination ability (strong model), the parameters (e.g., wetland) that determine

the residual patches should occupy a considerable portion of the fire footprint.
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4.4.3. Sensitivity of model performance to scale change

The results of the significance test revealed that 1) the AUC index at R4 was found to be
significantly better than that expected from a random model (p < 0.05); this is regardless of the
poor performance observed for some of the fire events; 2) the discrimination ability of the model
at Rg was statistically significant for all events except for FO6 (p = 0.3230); 3) the model’s
predictive performance was poor and statistically not significant for FO6 across the gradient of
scales considered except at Ry; 4) conversely, the model performed significantly better than
random for FO1, F04, FO7, FO8, and F10 across all the grain sizes; this is in spite of the low AUC
values obtained for some events at certain grain sizes (e.g., FO4 and FO8 at R3, and Rgy); and 5)
the performance of the model to predict residual patches decreases with grain size, and hence
the statistical significance was sensitive to changing grain sizes. Despite the variations in the
significance test of the model for predicting residual patches across gradient of scales, the study
suggested that a scaling rule can be developed to predict residual patches across gradient of
scales for certain fire events except F02, FO3, F06, and FO9 where low predictive accuracy was
attained for these events over multiple scales. Yet, a robust scaling rule that can be used to
predict residual patches across all the fire events may not be able to be established given the

variables considered in the study.

4.4.4. Spatial predictions

Predictive models for predicting presence-absence are used increasingly in landscape
ecology, particularly for conservation planning (Manel et al. 2001), but the analysis of residual
patches in the study sites is often based on information obtained from classified maps. The maps
represent residual patches as categorical type in a discrete mosaic of patches (Evans and
Cushman 2009). These maps are different from those presented in this study because they are
based on assigning locations into discrete patches in which a given patch is believed to share the
same type, rather than a continuous probability of occurrence. Such classified patch-scale maps
of vegetation have long been the foundation of natural resource management and the science of
landscape ecology (Evans and Cushman 2009). However, it is more appropriate to represent
residual patch occurrence as continuous surface (i.e., probability of occurrence and occupancy),
rather than as a mosaic of discrete patches. The approach adopted in this study is spatially
explicit, and has power to predict probability of occurrence of residual patches continuously
across the fire events. It was also reported that the evaluation of predictive performance has
already made an important contribution to the application of distribution models in regional

conservation planning (Pearce et al. 2001).
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Broadly speaking, the prediction accuracy based on the RF model was able to
discriminate residual from null-residual patches, with significant AUC values. An important
question is how well the model predicts residual patches beyond the extent of residual and null-
residual patches (i.e., prediction not constrained to a fire footprint). The model was applied to
generate ‘potential’ residual patch distribution maps within the fire footprint; such maps are
cartographic representations of the probability of occurrence of residual patches. Despite the
variation in the prediction accuracy, visual interpretation of the predicted maps showed that the
model was able to identify potential areas where residual patches are likely to occur. This
suggests that the variables incorporated in the study were good indicators of residual patch
occurrence. Yet, residual patches tended to occur substantially in areas dominated by wetlands
This supports the findings reported in the previous chapter where distance to wetlands was found
to be more informative to explain residual patch occurrence. This is not surprising in the sites
where the abundance and distribution of wetlands was prevalent, and is one of the driving
mechanisms for residual patch distribution. In a similar study, the importance of the topographic
variables was less informative. Topographic variables such as slope, Rl and elevation were
computed from coarse spatial resolution data, which could be too coarse to be useful at the event
level; the data may be useful when measured at the fire regime scale. In summary, visual
inspection of the probabilities underlying each prediction indicated that 1) high prediction
probability was associated with the existence (abundance) of wetlands; 2) residual patches
cannot be retained within surface water, and this has successfully been reflected in the predicted
maps where surface water were associated with low (zero) probability values; and 3) high
probability values were observed in areas where residual patches do not exist; residual patches

tended to occur in areas beyond the extent of the observed residual patches.

4.45. Future directions

The distribution of residual patches seemed to be associated to all environmental
variables, but the study revealed that the marginal effect of wetlands was prevalent. The validity
of the model is likely to be affected when it is applied to an environment where the abundance
(and distribution) of certain parameters (e.g., wetlands) is limited. Therefore, questions remain on
the response of the residual patches to other environmental gradient and whether variables not
represented in the study but may have an impact on model’s predictive power. The development
and addition of other predictors that may explain post-fire forest characteristics would improve the
model. Frescino et al. (2001) indicated that integrating human attributed variables (e.g.,

harvesting operations and wildfire suppression) can affect the prediction of post-fire forest
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attributes. In a study by Wilfried et al. (2003), it was also noted that the predictive accuracy of the
model was attributed to the human impacts on species distribution, including forestry activities
and fire suppression. However, the study sites are not actively suppressed or harvested; hence
adding human related predictors do not affect the effectiveness of the model. Therefore, the focus
should be on other environmental variables such as forest age composition, fuel type
composition, and weather variables that would show variability at local geographical scale.
Moreover, the results of the study showed that a predictive model based on RF algorithm
is flexible enough to identify the potential areas where the residual patches would potentially
occur. This confirms the findings of other studies (e.g., Mellor et al. 2013) that the ensemble
classifier can be used to learn complex non-linear relationship. However, the performance of the
RF model is based on the assumption that training data is representative of residual and null-
residual patches across the study area, and is statistically independent of the test data. An
important next step in assessing the model’s performance is to undertake an independent
assessment of the implemented model from sites located in a different ecoregion. The eleven fire
events studied in this section are located within the same ecoregion, and hence the model is
implemented in a different ecoregion for independent assessment of RF model. This would
improve our understanding of the characteristics of the fire events, and model’s robustness to
predict spatial elements in different ecoregions. Therefore, the next chapter focuses on the
application of the RF model developed in this study in different ecoregion (i.e., an ‘independent’

site).

4.5. Summary and conclusions

Satellite-derived information pertaining to the presence of residual patches can be
obtained using different remote sensing techniques. These data (i.e., presence-only) are often
used as a base for spatial prediction, but the use of a predictive model using presence-only data
has failed to provide a better predictive performance. The presence-absence data are required to
successfully apply a model because these reflect the natural distribution of spatial elements.
However, information related to absence data is not readily available; this prompted the need to
apply a computer simulation approach to algorithmically generate ‘pseudo’ absence (i.e., null-
residual patches). Yet, models designed based on presence-absence are profoundly affected by
class imbalance, which eventually over- or under-estimate the majority and minority classes
respectively. RF model has the option to balance the error rates in unbalanced data by either
adding class weighing parameters or sampling techniques (down- or over- i.e., RF) based on

presence-absence data (for better predictive performance). In this study, a simulation algorithm
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was rather developed to extract ‘pseudo’ absence (i.e., null-residual patches) within the burned
landscape. Also, to avoid the effect of class imbalance, the absence-data (i.e., null-residuals)
were extracted in a way they mimic the presence (residual) data in size, shape, and number.
Using the presence-absence data (residual and null-residual patches) and environmental
variables, a presence-absence model was implemented to identify the potential areas where
residual patches are likely to occur.

One of the goals of this analysis was to develop a spatially explicit model for predicting
residual patch occurrence and examine its predictive performance for producing pixel-scale maps
of probability of occurrence. Given that goal, the RF was an effective classifier in predicting the
probability of patch presence in response to the environmental variables considered. This is in
spite of the low prediction accuracy observed in some instances (either due to small sample size
or low abundance of some of the variables that explain the residuals). This reflects the view that
a model with good discrimination ability is the one that correctly discriminate between presence
and absence in the evaluation dataset, irrespectively of the reliability of the predicted probabilities
(Pearce and Ferrier 2000). This study generated spatially explicit probability maps to identify
areas where residual patches are likely to occur. Based on the findings, it can be inferred that 1)
given the predictor variables, the predictive performance of RF model was reasonable enough to
determine the occurrence of residual patches within a burned landscape, 2) the identified
variables did a reasonable job to explain residual patches and model was flexible enough to
identify potential areas where residual patches are likely to occur, 3) high prediction probability of
residual patches is likely to occur within or in closer proximity to wetlands, 4) for a presence-
absence model to predict residual patches sufficient sample is required as insufficient sample
affects the performance of a predictive model, 5) the predictive power of the model decreases
with increasing grain size; yet a robust scaling that determines the patterns across the gradient of
scale for all fire events may not be established, and 6) for a model to predict spatial elements with
an excellent discrimination ability (strong model), the parameters that determine the residual
patches should occupy a considerable portion of the fire footprint.

Therefore, having all the desired parameters for prediction, the RF model was a robust
modeling approach for predicting residual patch distribution from presence/absence data, which
is in agreement with previous studies undertaken based on RF models (e.g., Edwards et al. 2007;
Evans and Cushman 2009; Dahinden 2011; Mellor et al. 2013). For all the merits of RF in
prediction, its interpretability is limited; it is a black-box and does not provide set of rules that are
often obtained from CART (Evans and Cushman 2009). However, RF excels at identifying
predictor variables and visually characterizing the relationship between predictor variables and

predicted classes (Hastie et al. 2001). The ability and validity of a predictive model, given certain
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variables, to identify potential areas where residual patches are likely to occur is useful to 1)
improve our understanding of the characteristics of post-fire residual structure in natural
conditions, 2) inform management about the forest management activities that should be
undertaken, including the type and nature of the post-harvest residual patch retention, and 3)

provides policy makers guidance for emulating fire disturbance patterns with forest harvesting
operations.
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5. An evaluation of the predictive performance of the Random
Forest model for residual patch existence in the Red Lake
Fire, Ontario

Abstract

The study presents a method for developing spatially explicit probability maps for the
existence of residual patches within a burned landscape. Using the Random Forest ensemble
method, | develop a set of rules that explain residual patch occurrence based on selected
predictor variables. | then implement the rules (akin to inverting the learning algorithm) to build
maps of likely residual stand locations. Initially, satellite derived data from eleven fire events
(from the same ecoregion) are partitioned into training and validation using a hold-out approach.
The performance of the model is then assessed using independent data from the extensive
REDO084 fire event that was not involved in training the predictive tool as validation data while
data records from 11 fire events are used for developing the model. The model is assessed
using a fixed-probability threshold and threshold-independent measure at five spatial resolutions
(R4, Rs, Ryg, R32, and Rg4 m). The model has a reasonable or high predictive performance
(‘marginal’ or strong’ model outcome) for most of the fire events within the same ecoregion.
However, the predictive power of the model is low for the independent fire event (RED084).
Additionally, the patterns of the residual patches and the importance of various factors that
explain their existence are assessed. Similar to the previous study, the responses of the
landscape metrics are grouped into three categories: monotonic and predictable response,
monotonic change with no simple scaling relationship, and non-monotonic change with erratic
responses. The results also indicate that the predictors tend to interactively affect the residual
occurrence, but natural firebreak features, specifically wetland and water, are among the most
important predictors.

Keywords: RED084, fire disturbance, residual and null-residual patches, predictor variables,
random forest, predictive models, predictive performance, and spatial prediction

5.1. Context

5.1.1. Study area

In 2011 Ontario encountered an extreme fire season, with 1334 fires disturbing over
6,354 km?2. This exceeds the total burned area between 2000 and 2010 (6,312 km2), with most
of the fires occurring in northwestern Ontario (OMNR 2011; Paysal et al. 2011). One of the
largest fire incidents (i.e., the focus of this chapter) is the RED084 fire event, northeast of Ear
falls. Based on the classification of terrestrial ecoregions (Hills 1961), the REDO084 falls within the
Cat Lake ecoregion — 3S (Figure 5.1), which contains 6.7% of the province land area (William et

al. 2009). The region is mainly dominated by coniferous forests in which 29.9% of the region is
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occupied by this cover type; followed by sparse forest (23.5%), water (14.8%), mixed forest
(10.2%), and treed wetland (4.3%) (William et al. 2009). The area is also contained with
Ontario’s forest management zones in the AOU, areas where legal harvesting operations area

permitted (Figure 5.1).
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Figure 5.1. Location of the REDO084 fire event in relation to Ontario’s ecoregion boundaries and
the Area of Undertaking (AOU) within which forest management zones exist.

The area around the REDO084 is covered mainly by mature coniferous forests, typified by
black spruce and jack pine. Small pockets of balsam fir, trembling aspen, mixedwood forests and
treed bog are also scattered throughout the area. The area was mostly covered by 80 to 120
year old trees interspersed with small areas of older or younger stands (Baysal et al. 2011).
Additionally, the region is sparsely populated by humans, and it is within the AOU where forest
management practices are permitted. There is also an increasing interest in the expansion of

forest management activities with roads and harvesting operations are spreading.
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5.1.2. Red Lake fire event

The ecoregion, in which the RED084 is contained, often experiences intense and
frequent fire disturbances as the landscape is characterized by shallow substrates and a
periodically dry climate (William et al. 2009). Lighting ignites most of the fires in the region,
including the RED084; the probability of human-ignited fires is relatively rare (Baysal et al. 2009).
The REDO084 fire was reported on 10 July 2011, northeast of Ear Falls, and efforts have been
made to suppress it. Despite the effort s, the fire continued to burn for a month until it was
naturally extinguished on 2 August. The fire occurred in an area that had experienced a small fire
event in 1999 in which an area of 56 km? was burned northwest of the RED084.

The weather in the region (northwestern Ontario) is generally characterized by long, cold,
and dry winter, and short, warm and moist summers, with annual temperature that varies from
3°C to -4°C and mean annual precipitation ranging from 600 to 900 mm (Runesson 2011). The
summer rainfall is between 244 and 299 mm (William et al. 2009). However, the weather record
from the closest station in the 30 days before the ignition indicated that the temperature ranges
from 18°C to 27.5°C, with 27.5°C temperature record at the time of the ignition. Moreover, little
rain was recorded in the month prior to the fire, and a rainfall intensity of 3 mm was measured at
the estimated time of the ignition. Such weather conditions influence the spread and intensity of
fire considerably. The weather conditions and wind prior to the ignition of the fire create large
areas of wind throw (i.e., abundance of dead trees), which contributed to local fire intensity. All
these triggered a large fire event with a total burn area of 54,828 ha as mapped by the Ministry of
Natural Resources (MNR), including all land and water area inside the mapped fire perimeter.
For further information on the nature and patterns of the RED084 fire event refer to (Baysal et al.
2011).

Although the burned area is within the AOU, most of the RED084 area had not been
actively harvested. The fire is also within MNR intensive fire management zone, and many efforts
were made to suppress it. However, the fire continued to burn persistently until it was naturally
extinguished. The REDO084 is selected as independent fire event to evaluate the approaches and
techniques implemented in Chapters 2, 3, and 4, specifically to test the predictive performance of
a model constructed using data records from the 11 fire events. The REDO084 fire event is used
as validation data because 1) like the 11 fire events, the RED084 is ignited naturally by lighting,
2) despite the attempts to suppress it, it continued to spread until it was naturally extinguished;
such naturally ignited and suppressed fires are likely to provide considerable insights to natural
fire processes and patterns, and 3) it is contained within a different ecoregion — 3S (different from
the 11 fire events which makes the RED084 a potential (independent) site for validating a model’s

predictive performance.
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5.1.3. Research framework

The existence of post-fire residual patches can be mapped using remotely sensed
imagery coupled with field observations. This provides only a snapshot of residual patch
occurrence, but timely and spatially explicit information on residual patch occurrence is required
for effective forest resource management (Beauvais et al. 2006). Studies have indicated that the
abundance and distribution of residual patches is explained by complex interactions of various
geo-environmental factors (Cuesta et al. 2009; Cui et al. 2009). However, the combined effects
of the environmental variables should be examined using statistical models to better understand
residual patch occurrence. The use of models to understand the combined effects of the
environmental variables provides spatially and temporally explicit assessments pertaining to
residual patches. Spatially explicit information related to post-fire forest characteristics is also
essential for developing land management policies in forested landscapes and assessing the
significance of residual patches. Specifically in Ontario, understanding the characteristics,
composition, and spatial arrangements of residual patches and the reason(s) why certain residual
patches exist within a fire disturbed landscape has become a primary requirement for emulating
forest disturbances, emerging as a general forest management goal within burned landscapes
(Perera et al. 2009a). This requires a thorough examination of the pattern and characteristics of
residual patches, type and proportion of post-harvest residual patches that have to be retained
and the geographical locations where post-harvest residuals are likely to occur. Therefore, this
chapter focuses on implementing the predictive model developed in the previous chapter and
assesses its validity for explaining the patterns and characteristics of residual vegetation patches
in a given landscape. This provides a ground for researchers to consider the repeatable
approach implemented in this study to define a set of rules that can be considered for retaining
residual patches within harvest units. The approach can also help forest managers to design
residual patches within harvesting layout planning to emulate fire disturbances.

Spatially explicit information related to residual patch occurrence can be obtained using
different approaches (e.g., predictive modelling techniques) and this is becoming an increasingly
important tool in natural resource management (Guisan and Zimmerman 2000; Beauvais et al.
2006). The approaches often employ statistical techniques to model the presence and absence
of residual patches at observed sites in relation to environmental variables; thereby allowing the
predicted probability of occurrence of spatial objects at unobserved locations or extrapolated
across large areas (Pearce and Ferrier 2000; Zaniewski et al. 2002; Anderson et al. 2003;
Brenning 2005). However, for such models to be useful for resource management their predictive
performance has to be evaluated as accurate predictions are always necessary. The level of

error associated with predictive models can be identified and quantified using independent data;
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data not used in the calibration of the model. This is a vital step in the process of model
development, and assists in determining suitability of a model for specific applications, comparing
modelling techniques, and identifying aspects of a model that need improvements (Peace and
Ferrier 2000, Pearce et al. 2001).

In the previous chapter, a predictive model based on RF was constructed using data
records from 11 fire events contained within the same ecoregion. The model was constructed
and evaluated using a hold-out approach; given the 11 fire events, the data records from an
individual fire event is hold-out for testing while the data records from the remaining 10 fire events
are used for calibrating the model. In this chapter, the predictive accuracy is evaluated using
independent data from the REDO084 fire event. The predictive model is implemented to address
the following objectives: evaluate the predictive performance of the model using independent
data; how well the model predicts the likelihood of residual patch occurrence in the RED084 fire
event, and generate spatially explicit probability maps and provide information about the
distribution of forest stands that escaped burning. | aimed to determine which of the predictor
variables have the greatest influence on the occurrence of residual patches. Moreover, |
hypothesized that 1) a scaling rule can be established to characterize the patterns of residual
patches and compare measures of landscape metrics across multiple scales; 2) the occurrence
of residual patches in the RED084 is associated with closer proximity to natural firebreak
features, and 3) the existence of residual patches are also related to certain land cover types that

are dominant in the landscape or less prone to burning.

5.2. Methods

5.2.1. Remote sensing data

Understanding the patterns and behaviour of wildfire forest disturbance and residual
patches is recognized as being instrumental for ensuring effective forest management practices
(Linke et al. 2007). This requires knowledge of post-fire forest characteristics (e.g., land cover or
disturbance mapping) and the corresponding spatial arrangements (Clark and Bobbe 2007).
Remote sensing has become an efficient technique for mapping such disturbance patterns and
deriving spatially and environmentally relevant variables for predictive modelling. This has
become crucial for resource managers as forest managers are increasingly relying on remotely
sensed data for mapping and characterizing post-fire forest characteristics (Clark and Bobbe
2007; Coops et al. 2007). Moreover, ecological processes (i.e., in the form of wildfire

disturbances) create certain patterns and heterogeneities in a landscape. This has often been
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assessed with landscape metrics, which are designed to characterize the geometric and spatial
properties of mapped patterns (McGarigal et al. 2002). Remote sensing techniques have also
been used for preparing classified or thematic land cover maps and examining spatial patterns.

A study has undertaken to map a footprint describing an individual fire event and develop
an approach for extracting post-fire residual vegetation patches within the fire footprint (Remmel
and Perera 2009). The study used high-spatial resolution satellite imagery that considers the
actuality of gradual boundaries by assessing the fire-membership strength of each pixel prior to
developing a footprint. Similarly, the perimeter of the RED084 fire event and the associated post-
fire residual patches was investigated using lkonos imagery. The spatial resolution of Ikonos
provides high-resolution imagery (4 and 1 m in the multispectral and panchromatic bands
respectively) and swath width = 11.3 km. The lkonos images also have four multispectral bands
corresponding to blue (455- 520 ym), green (510-600 um), red (630 — 700 um), and near infrared
(760- 850 uym) channels. This level of detail would help mapping the heterogeneous (wildfire-
disturbed) landscapes and characterizing the patterns of post-fire residual patches.

In order to map the extent of the fire footprint and the unburned areas within the fire
perimeter, six Ikonos image scenes (Figure 5.2) were used; four image scenes were captured
between 22 and 30 October 2011 while the other two image scenes were acquired on 12 July
2012. The images from 2012 are cloud free, and were incorporated to avoid excessive cloud
cover of the 2011 images (scenes 3 and 4) (Table 5.1). The Ikonos images were supplied in
GeoTIFF format, with each spectral band forming a unique file with the geospatial reference
information. All images were registered to the Universal Transverse Mercator (Zone 15)

projection using the 1983 North American Datum.
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Figure 5.2. Outlines of the six lkonos image scenes used to generate the extent of the RED084
fire footprint. The blue outlines show the scene for images acquired in 2011 while the red
outlines are the extent of the cloud free Ikonos images from 2012.
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Table 5.1. Atmospheric parameters used to apply Ground reflectance atmospheric correction module.

Image Acquisition Satellite Sun(solar) Cloud Atmospheric information Visibility
scene date Elevation Azimuth Elevation  Solar Solar cover Definition  Condition (km)
zenith azimuth (%)
1 30/10/2011 62.22 154.46 24.41 6559 168.19 1 Rural Fall (Spring) 241
2 30/10/2011 67.61 144.10 2439 65.61 168.30 4 Rural Fall (Spring) 241
3 22/10/2011 78.84 176.40 27.32 62.68 170.09 1 Rural Fall (Spring) 241
4 22/10/2011 86.82 134.65 27.28 62.72 170.20 5 Rural Fall (Spring) 241
5 12/07/2012 67.65 293.80 59.65 30.35 161.32 0 Rural Mid-lat. (Summer) 241
6 12/07/2012 64.47 320.24 59.77 30.23 160.84 0 Rural Mid-lat. (Summer) 24.1
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5.2.2. Image processing and classification

Prior to classifying the images into different land cover categories, the two image scenes
from 2012 were geometrically corrected using an existing Ontario Base Map data as a reference.
The correction was applied to perfectly overlay the 2012 images with the image scenes from
2011, with resulting root mean square error (RMSE) less than 0.5 pixels (1.6 m). Similarly, all the
image scenes, from 2011 and 2012, were corrected for atmospheric haze and scattering using
the ATCOR ground reflectance atmospheric correction module in PCI-Geomatics, and using the
parameters described in Table 5.1. As the fire event was too large to be covered by a single
image scene, all the images (six image scenes) were mosaicked to cover the extensive area of
interest (RED084). The boundaries of each of the image scene were first edited to provide the
cutline boundaries for mosaicking; the image scenes were then clipped based on the newly
edited boundary. This is to optimize the efficiency of covering the entire fire event with image
mosaicking and remove the excessive cloud cover from some of the image scenes.

An aerial reconnaissance survey of RED084 fire was conducted using an aircraft at a
general altitude of 600 m on 26 September 2012, a predetermined flight path, and fire perimeter
map (Figure 5.3). A total flight time of 2 hours was conducted to undertake a reconnaissance
survey of parts of the RED084; almost one year after the fire was declared under control. The
survey was conducted to get an idea of the nature and patterns of the fire (and post-fire forest
characteristics) and collect validation data for classification error assessment. The survey was
also supported by HD video footage acquired by a GoPro camera mounted under the wing of the
aircraft. The visual observations and video recording were linked by GPS. Using GPS triggering,
land cover types at 275 additional locations were identified (Figure 5.3) while flying overhead; the

275 sample locations were used for accuracy assessment.
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Figure 5.3. The extent of the RED084: the fire footprint, the path of the reconnaissance survey of
REDO084, and the distribution of the sample locations used for accuracy assessment.

In order to examine the nature of the post-fire forest characteristics and help image
classification and assessment with validation data, fieldwork (ground survey) was also conducted
in conjunction with the aerial survey from 23-27 September 2012. The burn severity, spatial
heterogeneity within burned areas, abundance of unburned areas and natural firebreak features
(such as wetlands, surface water, and non-vegetated areas) were recorded. Some photographic
evidence of the residual patch occurrence in different physiographic settings is provided in Figure
5.4.
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Figure 5.4. Residual patch occurrence in a variety of physiographic settings: a) abundance of
natural firebreak features — surface water, b) residual patches of different cover types, and c)
residual patches exist in closer proximity to natural firebreak features (e.g., wetlands).
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A total of fourteen land cover classes are considered for image classification based on a

similar study undertaken by (Remmel and Perera 2009), which is in parallel to the land cover
classification schemes of the 2000 Ontario Provincial Land Cover Database (OMNR 2005). A

brief description of each of the land cover categories is presented in Table 5.2. The process of

extracting surface information from remote sensing data is often performed using image

classification approach, which refers to the process of assigning pixels of continuous raster image

to predefined land cover classes.

Table 5.2. Categories of land cover obtained from lkonos image classification. These categories
follow the classes of the 2000 Ontario Provincial Land Cover Database (OMNR 2005).

Land cover LCID Description

category

Complete burn CB Vegetated areas burned over their full extent, showing little or no
evidence of vegetation

Partial burn PB Vegetated areas burned over part of their extent, showing
evidence of sparse or scattered vegetation

Old burn* OB Old burns where charring is still evident but regeneration appears

Dense conifer DC Dense, predominately coniferous forest that may include some
minor component of deciduous species

Sparse conifer SC Sparse, predominately coniferous forest which may include some
component of deciduous species

Deciduous DE Dense, predominately deciduous forest which may include some
minor component of coniferous species

Alder shrub AS Alder shrubs with some large trees occurring almost exclusively

woodland along watercourses

Low shrub LS Low shrub areas that may include grasses but do not support
trees, found in proximity to lakes, on the deltas of watercourses,
and on old burns

Treed wetlands TW Bogs and fens with tree cover

Open wetlands OP Bogs and fens without tree cover

Water WA Surface water; includes some extensive string bogs

Marsh MA Inundated areas with emergent vegetation adjacent to surface
water

Bedrock and non- BV Areas with little or no vegetation, primarily bedrock outcrop

vegetated

Cloud and shadow  CS Image areas containing no usable data because of cloud and

shadow effects

*Old burn is obtained based on a pre-fire land cover map.

Initially, unsupervised classification with ISODATA (lterative Self-Organizing Data

Analysis) algorithm was used to group pixels with similar spectral response into unique clusters.

This was applied to help identifying certain feature classes for implementing a supervised

classification approach. The mosaicked Ikonos image was then classified using a supervised

image classification, by which representative image samples (termed “training sites”) of each land

cover category were identified and integrated into spectral signature for each cover type. The
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training sites were identified and collected independently of the lkonos images using the video
footage and visual (field) observations. Spectral signatures were compiled from training sites,
indicating representative feature vectors for each land cover class across the fire event. The
spectral signature provides the typical spectral responses and their variability for each cover
class, so that a maximum likelihood classification (MLC) algorithm could effectively assign each
image pixel with the most probable land cover label. The MLC is widely accepted algorithm for
image classification; it basically assigns land cover classes to pixels with similar spectral values.
The mosaicked image was eventually classified into the 14 land cover categories given in Table
5.2. Once the classified map was generated, a 3x3 maijority filter was applied for generalization
and smoothing.

Accuracy assessment is a process used to estimate the accuracy of image classification
by comparing the classified map with a reference map. This has been an integral part of image
analysis as it allows one to determine the quality of the information derived from remotely sensed
data. The best way to represent classification accuracy is in the form of an error matrix; using
error matrix to represent accuracy is recommended and adopted as the standard reporting
convention (Congalton 1991; Foody 2002). In this study, the assessment was undertaken using
field observations where 275 sample validation points were collected from the reconnaissance
survey and using a standard error matrix. The error matrix can be a starting point for a series of
descriptive and analytical statistical techniques (Congalton 1991). The set of accuracy
parameters used for assessment are 1) overall accuracy (PCC) — ratio of the total number of
correctly classified pixels by the total number of pixels in the matrix, 2) producer’s accuracy (PA) -
represents the proportion of a reference pixel being correctly classified, and 3) user’s accuracy
(UA) — the proportion in which a pixel classified on the map actually represents that class on the
ground (Congaton 1991).

5.2.3. Fire footprint and residual patch extraction

To mimic the multi-scale analyses implemented in the previous chapters, the classified
imagery was subjected to spatial resampling, such that the block size represented the desired
spatial resolutions: Ry, Rs, R+, R32, and Rg4. The classified map was resampled into the desired
spatial resolutions Ry, Rs, Ry, R32, and Rg4 following the spatial aggregation used in the preview
work (Remmel and Perera 2009) and discussed in (§2.2.2). Similarly, this study adopted an
approach developed by (Remmel and Perera 2009) to map the extent of the fire footprint and

extract the residual patches within the fire perimeter across five spatial resolutions.
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OMNR'’s definition of residual patches comprises both insular and peninsular patches,
and are defined based on their size and location in relation to the perimeter of the disturbed area
(OMNR 2001; details on residual patch definition along with a graphic depiction is provided in
§1.3.2). Since the focus of this study is on insular patches, hereafter described simply as residual
patches; | only described the methods of extracting insular patches. The process of delineating
and categorizing residual patches is based on an OMNR definition and a step-wise filtering
criteria (Figure 5.5). The classified Ikonos image was first regrouped into burned and unburned
pixels, and all unburned pixels within the fire perimeter were extracted and it was determined
whether they contain burnable cover. This allowed us to generate “vegetated residuals”. The
“vegetated residuals” were then determined if they occur in clusters rather than individual pixels.
Those conjoined pixels occurred in clusters were considered as patches, and this provides an
estimate of the total number of residual patches that exist within the fire perimeter. As per
OMNR'’s definition, 0.25 ha is the minimum size criteria for determining a residual patch.
Therefore, clustered “vegetated” pixels that met the 0.25 ha threshold and occurred 1 pixel from
the fire perimeter were defined as residual patches. This generates the desired residual

vegetation patches that are used for further analyses.

166



ONo age
v
h 4
Binary set: burned and Unburned area within fire perimeter
unburned area
Burnable cover? »  Unburnable cover
A 4
3x3 Focal window
analysis
» Individual pixels
Patches > 0.25 ha? » Small residual patches
Occurs _1 pixel »| Peninsular patches
from perimeter?,
Yes
A 4 \ 4
Fire footprint perimeter Insular patches

Figure 5.5. Stepwise criteria used to delineate fire footprint and extract post-fire residual patches
within a fire-disturbed landscape (Modified from Remmel and Perera 2009).

In order to delineate the fire footprint, the 14 land cover classes were reclassified into a
binary set of 0 and 1 where completely or partial burned = 1 while remaining feature classes = 0
for each pixel at R4, Rs, R, R32, and Rg4. The later includes dense and sparse conifer,

deciduous, alder shrub, low shrub, treed and open wetlands, water, marsh, and bedrock and non-
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vegetated areas. A 3x3 focal window was passed over the binary layers of the fire event; at each
location, the focal sum was computed as a measure of each pixel’s membership strength in the
corresponding fire, resulting in values between 0 and 9. Low focal sums indicate few burned
pixels within the focal neighbourhood while high focal sums indicate burned pixels surrounded by
many other burned pixels. A pixel with a focal-sum value = 1 indicates some probability of fire
membership; these locations are coded as 1, and converted to vector representation that
represents the fire footprint. A 1-ha filter was applied to eliminate external noise polygons prior to
re-rasterizing and producing the desired fire footprint. For further details on the fire footprint

extraction process, refer to Remmel and Perera (2009).

5.2.4. Spatial data analysis and modelling

The overall approach addressed in this chapter is based on the techniques and
procedures implemented in Chapters 2, 3, and 4 where the spatial patterns and the occurrence
probability of residual patches from 11 fire events that lie within a single ecoregion (2W) were
investigated. This chapter is intended to apply and evaluate all the approaches on an

independent fire RED084 from a different ecoregion (3S).

5.2.4.1. Spatial pattern analysis

The patterns of residual vegetation patches extracted from the classified Ikonos image
was examined across the gradient of scales (R4, Rs, R1s, R32, and Rgy), using 11 landscape
metrics. The metrics were applied to explain the effects of scale on pattern analysis and the
impact of land cover on residual patch characterization. The ways in which the metrics were
computed and examined for residual patch pattern analysis, and the method of assessing land
cover impacts on residual patch occurrence are discussed in §2.2.4 and §2.2.5. Moreover, the
spatial association of the residual patches of RED084 with natural firebreak features, specifically
surface water and the proximity of residual patches to the fire perimeter is investigated. The
techniques used to generate concentric buffers and compute the proportion of residual patches

within each ring are also described in §2.2.6.
5.2.4.2. Spatial variable importance assessment

The importance and marginal effects of different geo-environmental factors that explain
the existence of residual patches in the RED084 fire event is assessed using a RF algorithm.

The process is based on the presence-absence model, in which residual patches extracted from

168



the classified lkonos images are considered as ‘presence-data’ or residual patches. Since
information pertained to the ‘absence-data’ are lacking, the algorithm developed in (Chapter 3;
Figure 3.2) is implemented to algorithmically extract ‘absence-data’ or null-residual patches. The
spatial variable importance assessment involves defining explanatory variables, implementing
RF, computing the importance values of the predictors, and their marginal effects. A description

of each of the techniques and the way in which they are implemented is discussed in §2.2.

5.2.4.3. Implementing spatially explicit predictive model

A model based on presence-absence data was developed where existing residual
patches were considered as presence-data while null-residual patches extracted from a
simulation algorithm were used as absence-data. The RF based predictive model was initially
constructed and calibrated using a hold-out approach; based on 11 fire events in which data
records from an individual fire event was held-out for testing while records from the remaining 10
fire events were used for constructing the model. The way in which the model was calibrated and
validated is illustrated in §4.2.5 and §4.2.6. In this Chapter, the model is calibrated and
constructed using data records from the 11 fire events while independent data (RED084 fire; an
event that was not involved in the learning of the tool) was used for evaluating the model’s
predictive performance. The predictive power of the model was evaluated using a fixed
probability threshold and threshold independent measures (ROC) (Zweig and Campbell 1993).
The method of model calibration and validation is illustrated and presented in §4.2.5 and §4.2.6.
Finally, the predicted probability map that show the potential areas where residual patches are
likely to occur, is produced as ASCII format in R, and imported into ArcMap for visualization and
analysis.

5.3. Results

5.3.1. Image classification and accuracy assessment

Post-fire land cover mapping of the RED084 fire event containing 14 land cover classes
is presented in Figure 5.6. Land cover classification includes three burn class features (complete,
partial, and old burn), three types of forest class (dense conifer, sparse conifer, and deciduous),
five types of non-forest (alder shrub, low shrub, marsh, open and treed wetlands), and two non-

vegetated class features (bedrock/non-vegetated and water). Although dense and sparse conifer
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and burned areas dominate the fire footprint, surface water occupies a considerable area of the
fire footprint (15% of the fire footprint). Prior to delineating and extracting the fire footprint and
residual patches, the classification errors were quantified and evaluated using an error matrix as
illustrated in Table 5.3. The matrix provides some statistical and analytical approaches (i.e., in
the form of overall, user's and procedure’s accuracy) to examine the accuracy of the
classification. The classification process resulted in an overall accuracy of 85% while the overall
results of the producer’s and user’s accuracy range from 25% to 100% (Table 5.3).

The low accuracy is associated with the feature classes that are not abundant in the area
(i.e., low shrub and deciduous), and hence did not have enough validation data for a thorough
accuracy assessment. A more careful look at the error matrix also revealed that there is
confusion in discriminating treed wetlands from sparse conifer land cover types. The similarity in
tree cover in the treed wetland makes some degree of confusion between treed wetlands and
sparse conifer forest inevitable (OMNR 2005). Similarly, there was a problem of discriminating
deciduous forest from dense coniferous forest. Dense deciduous forest is not extensive in the
northern latitudes, although poplar and birch are quite common in the region. Yet, small pockets
of deciduous were evident within densely covered coniferous species to form pockets of mixed
forests (OMNR 2005).
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Figure 5.6. Land cover classification of Ikonos image at 4 m spatial resolution containing 14 land cover classes.
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Table 5.3. Classification accuracy comparing the classified Ikonos image and the ground sample land cover locations, with overall
accuracy, omission error (PA - producer’s accuracy), and commission error (UA - user’s accuracy).

Classified Data

Reference Data

BV BU* DE DC LS MA ow SC TW WA GT* UA
BV 4 2 6 67
BU* 2 127 1 2 4 3 139 91
DE 1 1 2 2 1 1 8 25
DC 49 5 54 91
LS 1 1 100
MA 1 1
ow 1 1 100
SC 1 4 23 1 29 79
TW 1 2 4 3 10 30
WA 4 4 100
GT* 7 132 2 57 4 4 36 7 4 253
PA 57 96 100 86 25 25 64 43 100 85

*GT - grant total
*BU - burn area which includes both complete (CB) and partial burn (PB)
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5.3.2. Fire footprint and residual patches

The fire footprint (defined as the area within the most probable locations of the outer fire
boundary) within the classified images, derived at 32 m spatial resolution is shown in Figure 5.7.
The footprint is composed of multiple polygons of burned areas, and appeared to be consistent
with the fire footprint perimeter mapped by OMNR’s as shown in Figure 5.7. This is despite the
small discrepancies existed between the derived fire footprints and OMNR’s fire maps; this is due

to the methodology details of the mapping techniques integrated in the study.
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Figure 5.7. The extent of the RED084 fire footprint obtained from the classification lkonos image and the corresponding OMNR fire region
as well the distribution of post-fire residual patches extracted from at 32 m spatial resolutions.
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Based on the criteria for defining the residual patches, all the residual patches were
covered within the burnable cover types. Within the RED084 fire event, at 4 m spatial resolution,
there were 1683 residual patches derived from the classified image, which is almost equivalent to
the total number of residual patches from the 11 fire events (1629 residual patches) studied in the
previous chapters. The patch sizes range from a minimum of 0.25 ha to a maximum of 224.04
ha, with a mean patch size of 2.97 ha. Most residual patches were small, with 62% of the
patches being smaller than 1 ha while only 21% were larger than 2 ha and only 5% were larger
than 10 ha (Figure 5.8).
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Figure 5.8. A box plot that shows the variability of residual patch size across all the 12 fire events
studied in this dissertation at 4 m spatial resolution, each box in the plot is based on the residual
patch area computed within fire footprint.

5.3.3. Spatial characteristics of residual patches

5.3.3.1. Spatial pattern analysis: effects of changing grain size
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Similar to the study undertaken in Chapter 2, the results of the landscape metric analysis
of the REDO084 are graphically summarized in the form of landscape metric scalograms, in which
pattern indices are plotted against grain sizes. The scalograms are used to assess the scale
effect on pattern analysis, and the magnitude and pattern of the response curves in the RED084
were grouped into three general categories: monotonic and predictable response, monotonic
change with no simple scaling relationship, and non-monotonic change with erratic responses.
The first category (monotonic change and predictable response) includes LPM that decreases
with increasing grain sizes in a remarkable consistent power law relationship. Akin to the
patterns previously discussed in Chapter 2, three shape related metrics (i.e., LSI, MSI, and
FRAC) exhibited a predictable response with a coefficient of determination (Rz) =2 97% (Figure
5.9); boxplots are based the LMP values derived from the 11 fire events. The LPM values in the
second category increase or decrease with increasing grain sizes, but do not necessarily show a
predictable response (i.e., no simple scaling relationship). Landscape metrics such as CA and
LPI were expected to increase or decrease monotonically with increasing grain size because of
the progressive resampling of smaller patches into larger ones. Accordingly, the two metrics (CA
and LPI) tended to show a monotonic and predictable response with increasing grain size (Figure
5.10) with R? > 85%. Besides, most of the metrics exhibited an erratic response to scale change,

which makes developing a scaling rule difficult.
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Figure 5.9. Scalograms showing effects of changing grain size on landscape: shape related
metrics that exhibit monotonic decreasing function and predictable response with increasing grain
sizes. The dot-lines show the observed LPM values for RED084 at different spatial resolutions
while the box plots are based on the LPM values obtained from the 11 fire events studied in
Chapter 2 (2.3.2; Figure 2.5).
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5.3.3.2. Spatial distribution of residual patches: effects of land cover types

The land cover composition of residual patches, based on selected class-level metrics
such as CA and %LAND, were estimated to examine whether particular land cover types were
more likely to generate residual patches than other types. Figure 5.11 shows the variability in the
proportion of the residual patches occupied by different cover types; box plots indicate the
variability across the grain sizes. The results showed that the composition of residual patch area
was occupied by different burnable cover types (i.e., dense conifer, sparse conifer, open wetland,
treed wetland, deciduous, alder shrub, and low shrub). However, dense conifer, which is the
dominant cover type in the fire area, appeared to be prevalent with an over-representation with
residual patches, in which more than 48% of the residual patches were occupied by this cover
type. Similarly, sparse conifer and treed wetlands were also likely to survive from burning, with
around 27% and 8% of the residual patches occupied by these cover types respectively. The
remaining cover types (open wetland, deciduous, alder shrub, and low shrub) all together made
less than 20% of the residual patches of the RED084.

The fragmentation level of residual patches in relation to land cover types was assessed
using two measures of landscape (NP and LPI), which explain landscape heterogeneity. Figure
5.11 shows the variability in NP across 5 spatial resolutions by land cover types. The results
indicated that a considerable number of residual patches were occupied by different cover types,
and their number is highly variable across the gradient of scales; suggesting the impact of grain
size on estimating the LPM values. Additionally, the variability in LPI in relation to the cover types
was estimated, and the study indicated that LPI is likely to be associated with the type of land
cover types that dominate the residual patches (i.e., higher %LAND values). The trend was
similar with the 11 fire events where the largest patch was primarily occupied by the dominant
land cover type. Although most of the residual patches were covered by dense and sparse
conifer and the largest residual patch is occupied by dense and sparse conifer, the residual

patches were distributed through the existing land cover types.
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Figure 5.11. Land cover composition of residual patches: 1) the variability in the proportion of
landscape (%LAND) occupied by residual patches; the variability in %LAND across the five
spatial resolutions by land cover types; 2) the variability in the number of residual patches (NP)
occupied by different cover types; each box in the plot is based on the metric values obtained at
five spatial resolutions; and 3) the variability in largest patch index (LPI) across the five spatial
resolutions by land cover types; each box in the plot is based on the metric values obtained at
five spatial resolutions.

5.3.3.3. Spatial association with water and fire footprints

The proximity analysis of residual patch area in relation to distance from surface water

and fire perimeter is graphically presented in Figure 5.12 and Figure 5.13. The figures show the

relationship between observed mean residual patch area and distance from surface water and
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fire perimeter. Overall, the residual patch area within each 100-m wide buffer tended to decrease
with increasing distance from the water; this is despite some irregularities at certain distance from
water (e.g., 400 m). The residual patch extent was higher near the surface water, as expected,
and decreased with increasing distance with a linear regression model, with R>=84%. The same
decreasing trend was exhibited for the adjacency analysis with fire footprint. The best-fit model
showed that the residual patch area decreased with increasing distance from the edge of the fire

perimeter, with a polynomial second order regression and R*=83% (Figure 5.13).
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Figure 5.12. The proportionate extent of residual patches in external 100 m wide buffer rings with
increasing distance from natural firebreak features (i.e., water). The y-axis shows logarithm of
residual patch area.
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Figure 5.13. The proportionate extent of residual patches in internal 100 m wide buffer rings with
increasing distance from the fire footprint perimeter. The y-axis shows logarithm of residual patch
area.

5.3.4. Spatial variable importance assessment

The result of the random extraction of null-residual patches for the RED084 fire event
along with their corresponding residual patches at 32 m spatial resolution is shown in Figure 5.14.
Similar to the 11 fire events, the null-residual patches were supposed to mimic the residual
patches in size shape, and orientation but the random simulation was not able to completely
mimic all the residual patches. This is attributed to the same reasons described in Chapter four;
the presence of substantial (existing) residual patches and unburnable class features (e.g.,
surface water), which are both not suitable for randomly placing the null-residual patches within
the fire footprint. Yet, RF was implemented to determine the most informative variables that
explain the existence of residual patches, and assess the marginal effect of the most important

predictors.
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The importance of the predictor variables was computed and ranked in a descending
order to determine the predictor(s) that best explain the residual patches. The importance scores
of the variables, across Ry, Rs, Ri6, R32, and Rg4, are graphically depicted in Figure 5.15. The
rule of thumb introduced by Strobl et al. (2009b) was applied to identify the most important
predictors that explain the occurrence of residual patches in the RED084 fire event. As stated in
Chapter 3, the rule states that a variable is considered informative and important if its conditional
importance value is above the absolute value of the lowest negative scoring variable.
Additionally, it is stated that the absolute values of the importance scores should not be
interpreted or compared over different studies (Strobl et al. 2009a); the assessment of the
importance values should be site specific. Nonetheless, the results of our variable importance
assessment in the REDO084 fire event exhibited a similar trend with the 11 fire events investigated
in Chapter 3 where natural firebreak features (specifically wetland) were among the most
important predictors.
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The variability of predictors’ importance scores across five spatial resolutions is illustrated
in Figure 5.16; boxplots are based on the five spatial resolutions. The slight change in the
relative ranking and the variability in predictors’ importance values reflect the effect of changing
grain size on the importance values; the relative importance measure of the predictor is scale
dependent. Despite this, natural firebreak feature (i.e., wetland) remained the most important
predictor to explain residual patches followed by water and non-vegetated feature classes. The

variable importance measure is interpreted as a relative ranking of the variables.
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Figure 5.16. Box plots for the relative importance of the predictor variables considered for
predicting residual patch occurrence within the RED084; each box in the plots is based on the
importance values computed across different spatial resolutions.

5.3.4.1. ANOVA analysis on variable importance

An ANOVA test was also applied to determine if the variable importance scores were
significantly different based on the predictors; the test was computed at a = 0.05. If there is a
significant statistical difference among the means, the null hypothesis is rejected; and hence one
of the means is different from the others. However, the test does not tell which groups (variables)

are statistically different from one another; it can only tell whether at least one group differs from
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the others. In this specific scenario, a post-hoc test is required to provide pair-wise tests of mean
differences amongst the groups (variables).

The result of ANOVA confirms the view that a significant statistical difference was present
amongst the means, allowing us to reject the null hypothesis (p = 0.05). Therefore, a Tukey post
hoc test was computed to provide pair-wise comparisons of means.

Table 5.4 provides test and p-values of the pairs of variables that exhibit a statistical
significant difference at 95% confidence level (p < 0.05). Despite the contribution each of the
variables might have on residual patch occurrence, their importance values are statistically
different. This prompted one to look at the marginal effect of each of the variables for residual

patch occurrence.

Table 5.4. A post-hoc test based on Tukey test; the table shows the pair-wise variable test that
are statistically different. WL- wetland, WA- water, BV-bare/non-vegetated, EL- elevation, SL-
slope, RI- ruggedness index, and LC- land cover

Pairwise p-value
variables

RI-BV 0.0000
SL-BV 0.0003
RI-EL 0.0000
SL-EL 0.0003
WL-LC 0.0000
WA-RI 0.0002
WL-RI 0.0000
WA-SL 0.0010
WL-SL 0.0000
WL-WA 0.0335

5.3.4.2. Marginal effect of predictors on probability of occurrence

The marginal effect of selected predictor variables on class prediction (i.e., residual
patches probability of occurrence) is graphically depicted in Figure 5.17. The y-axis of the partial
dependence plots is a logit-scale (Chapter 3; Equation 7). The probability of residual patch
occurrence in relation to the selected predictors (distance to wetland, water, and non-vegetated
areas, and ruggedness index) in the RED084 fire event revealed four different patterns. First, the
relationships between distances from natural firebreak features and residual patch occurrence
are nonlinear. Yet, high probability of residual patch occurrence is associated with closer

proximity to wetlands and surface water; the probability of occurrence tended to decrease

187



monotonically with increasing distance from wetland and water. This supports the hypothesis that
high concentration of residual patches occurs closer to natural firebreaks (wetland and surface
water). However, some erratic pattern is evident from the plots that show the relationship with
distance from surface water (i.e., plots of partial dependency on surface water at Ry, R3p, and
Rs4; Figure 5.17). Second, the partial dependency plots pertained to bedrock and non-vegetated
class indicated that high probability of residual occurrence is likely at closer proximity to non-
vegetated areas and seemed to decrease after certain distance (e.g., from 3000 m at Ry), butitis
difficult to generalize any kind of trends with increasing distance from the non-vegetated areas.
Third, the effect of one the least informative predictor (ruggedness index) show a monotonic
decrease with increasing ruggedness index values; indicating that high residual occurrence is
associated with plain or nearly level surface, but the area is generally categorized as plain or
nearly plain based on the RI classification scheme (§3.4.2; Table 3.8). Finally, the partial
dependence of residual patches on natural firebreak features (i.e., wetlands and surface water) in
the REDOQ84 exhibit a similar trend with the 11 fire events studied in Chapter 3. Therefore, it can
be inferred that the occurrence of residual patches within the disturbed landscapes are largely
prevalent in closer proximity (less than 200 m) to natural firebreak features, and decreases with

increasing distance from the natural firebreak features.
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Figure 5.17.
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Partial dependence plots for selected predictor variables for random forest predictions of the presence of residual patches for

REDO084 at R4, Rg, R4, R32, and Rg4. Partial dependency is the dependence of the probability of presence on one predictor variable after
averaging out the effects of the other predictor variable in the model. The x-axis of each plot indicates the explanatory variables (WL —
distance to wetland, WA — distance to surface water, BV — distance to bedrock and non-vegetated areas, and Rl — ruggedness index)
while the y-axis is a half of the probability of occurrence (Equation 7).
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5.3.5. Spatial prediction model of residual patch occurrence

5.3.5.1. Evaluating model’s predictive performance

Prior to implementing the independent measure of the model’s performance, the model
was assessed using a fixed-probability threshold where three measures of accuracy: overall
accuracy (PCC), sensitivity (S,), and specificity (Sp) were incorporated (Table 5.5). The overall
accuracy of discriminating residual patches from null residual patches was generally low across
the gradient of scales, with PCC values less than 65%. This is contrary to the previous
implementation of the model (Chapter 4) where the overall accuracy always exceeds 65% for all
fire events across multiple scales. Unlike the previous study, the accuracy measure does not
also show any trend with increasing grain size, suggesting that it is difficult to establish any
scaling effect with increasing grain sizes. The results from the alternate measures of accuracy
also showed that 1) the model had difficulties in discriminating residual patches from null-residual
patches; yet a reasonable accuracy (S,) was attained at R4, and 2) the values were scale
dependent, but the pattern of the scale effect is unpredictable. In the previous chapter, the model
had done a reasonable job for discriminating residual from null-residual patches with high overall
and sensitivity accuracies values as high as 96% and 99% respectively for one of the largest fire
events (i.e., FO1; R4), indicating the model’s sensitivity not only to grain sizes but also to

geographic settings (i.e., ecoregions).

Table 5.5. Accuracy measures for classification of residual patches based on a fixed-probability
threshold.

R4 Rs Ris ) Re4

RED084 PCC 36.71 63.08 52.12 58.33 62.05
Sh 70.94 46.39 56.50 56.85 52.50

Sp 31.85 65.95 51.37 58.60 63.88

A threshold-independent measure of model performance ROC was also used to assess
the predictive power of the model. The ROC curve has the sensitivity plotted vertically and the
reversed scale of the specificity plotted horizontally. The predictive performance of the model
implemented for residual patch occurrence in the RED084 is graphically summarized in Figure
5.18, in which five ROC curves representing the predictive power of the model at R,, Rg, R1s, Rs2,
and Rg,4 are presented. The closer the curve follows the upper-left border of the ROC space, the

higher the overall accuracy of the test while the closer the curve comes to the 45° diagonal of the
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ROC space, the lower the accuracy of the test. Generally, ROC curves lie between these two
extremes, and provide a comprehensive and visually attractive ways to summarize the accuracy
of predictions. The results of this study reflected such kind of trend where all the ROC curves lie
between the extremes of perfect and random predictions. However, it is not easy to compare the
prediction accuracy of the model directly from the ROC curves. While the ROC curves contain
most of the information about the accuracy of a continuous variable, a quantitative summary
measure of the ROC curve was also desirable. Therefore, the area under the ROC curve - AUC,
which is a quantitative summary measure of a predictive model, was computed and presented
along with the ROC curves in Figure 5.18 to provide a better quantitative estimate of the model’s

predictive performance in reference to the independent dataset.
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Figure 5.18. Graphical depiction of the model’s predictive performance.
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The AUC is a better way of assessing a model’s performance because it reflects the test
performance at all possible cut-off levels. The AUC values are often between 0.5 and 1.0; the
larger area, the better performance. Based on Swet’s classification of AUC values (Chapter four;
Table 4.2), the model has low discrimination ability with an index value that lies within the range
of 0.5 and 0.7 across all the grain sizes (Table 5.6) (Swet 1988). Yet, the AUC values found to
be significantly better than that expected from a random model (p < 0.05). The result suggested
that the robustness of the method for residual patch occurrence across different ecoregion is
uncertain. Moreover, a comparison of the predictive power of the model across gradient of scales
indicated that the change in grain size does not affect the model substantially where low

performance was attained across all the grain sizes.

Table 5.6. Prediction accuracy and statistical significance of RF model across five spatial
resolutions.

Spatial AUC p-value
resolution

R4 0.571 0.0000
Rs 0.583 0.0000
Ris 0.572 0.0000
Raz 0.615 0.0000
Re4 0.617 0.0000

5.3.5.2. Spatial prediction of residual patches

The accuracy and statistical validity of the model was assessed, and the graphical
representation of the model output was also derived to present spatially explicit predicted
probability maps of residual patch occurrence. In this section, the results of spatial prediction at
R4 and Rj3; are presented in Figure 5.19 and Figure 5.20 respectively. The result from binomial
response models is a probability value scaled from 0 to 1 for each grid cell, with predictions closer
to 1 indicating greater chance of residual patch occurrence.

Based on the AUC values, the predictive performance of the model was poor; yet visual
interpretation of the predicted maps showed that the model was able to identify some potential
areas where residual patches are likely to occur. In the variable importance assessment, wetland
was considered to be the most informative predictor for explaining residual patch occurrence.
This is reflected in the predicted probability maps where the light shading (i.e. high probability of
residual occurrence), green areas (existing residual patches), and cross-hatched areas (wetland)
of the map tended to coincide in some parts of the area. This indicates the capability of the

model to identify potential unburnable areas. In summary, visual inspection of the probabilities
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underlying the prediction indicated that 1) some potential areas were identified despite the poor
performance of the model, and 2) residual patches cannot be retained within surface water, this
has been reflected in the predicted maps where surface water are associated with low (zero)
probability values. Also, given the predictors considered in the study, the low prediction accuracy
of the model suggests that the model was not robust enough to predict residual patch occurrence

across different ecoregions.

194



92°30'W 92°20'W 92°10'W
!

51°20'N]

51°10'N

15 3

12
km -

‘ 0

LR e
]
‘ - Water
‘ R&E%] wetland
D Fire perimeter
‘ Residuals

‘ Prediction probability
- 1.0

.

Figure 5.19. Predicted probability map of residual patch occurrence in the RED084 at R,.
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5.4. Discussion

5.4.1. Spatial characteristics of residual patches

With respect to the spatial patterns of residual patches, the results showed that a
substantial (around 10%) area of the fire footprint has escaped burning. This is similar to the
average residual patch area computed from the 11 fire events. Yet, most of the residual patches
were small, with 62% of the patches smaller than 1 ha. Being one of the largest fire events in
northwestern Ontario, the RED084 consumed a considerable area; but a substantial area
escaped burning, indicating the presence of considerable natural firebreak features. Many of the
residual patches were also dispersed throughout the footprint with residual patches that tended to
show a linear and elongated shape structure (MSI of 3.27) at 4 m spatial resolution. This can also
be supported with the fractal dimension (FRAC = 1.23) computed for the same landscape. The
findings are relatively consistent with the 11 fire events where MSI values ranges from 3.55 to
5.91 and FRAC was between 1.27 and 1.37. As a diagnostic, the finding is different from a study
undertaken by Dragotescu and Kneeshaw (2008) where circular shaped residual stands (MSI =
1.5 — 1.6) were generated. Andison (2004) also found MSI values ranging from 1.3 to 2.9
depending on fire size. Such discrepancies in landscape metrics could be attributed not only to
the landscape, but also to the spatial resolution of the dataset, the way in which the minimum
patch area is defined, and the resampling (aggregation) method applied.

In landscape studies, the presentation of surface properties and ecological processes
(e.g., fire disturbances) is inherently linked to the scale of analyses (Moody and Woodcock 1995).
The scale multiplicity in spatial heterogeneity indicates the need to incorporate scaling effects in
landscape research. The patterns of residual patches were analysed at multiple scales and the
patterns of residual patches within the RED084 were sensitive to changes in spatial resolution.
This confirms the findings of earlier studies on landscape metrics, with the maximum structural
detail of landscape objects is obtained when using the highest possible spatial resolution of the
input data. Using the Wu et al. (2000) classification of metrics, the patterns of landscape metrics
related to shape (LSI, MSI, and FRAC) can be categorized into a group where metrics exhibit a
(consistent) monotonic change and predictable patterns. The same trend was observed in the
previous study (Chapter 2) where the three shape related metrics exhibited a predictable pattern;
hence a robust scaling relation in the form of a power law over a range of scales can be
established for these metrics across different fire events observed in different ecoregions.

However, such a predictable pattern was not reflected for most of the landscape metrics

considered in this study. Looking at the best fit model and observed LPM values (Figure 5.9), one
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would argue that a scaling rule can be developed across multiple scales, but this is true only for
the specific fire event (RED084). The metrics did not show consistent responses with the other
fire events; rather the same metrics (CA and LPI) showed an erratic behaviour for the largest fire
events studied in Chapter 2 (i.e., FO1, F06, FO8, and F10). This hinders one to develop a robust
scaling rule that predicts patterns across multiple grain sizes for fire events from different
geographic settings. Moreover, other landscape metrics (PD, NP, MPS, PSSD, PSCV, and MNN)
that are expected to decrease or increase monotonically with increasing grain sizes exhibited an
erratic response. The non-monotonic or erratic response curves demonstrate the unpredictable
patterns of the LPM; hence it is not easy to develop any scaling law to predict pattern at different
scales.

Large fires often leave some unburned islands due to the abundance of natural fire break
features and diversity in fuel characteristics or land cover type within the extent of the fire
perimeter. However, one needs to understand the degree to which, and the reasons why, certain
land cover types tend to avoid burning. Large fires (e.g., RED084) are undoubtedly the results of
extreme fire behaviour and would consume a considerable area of almost all cover types (Burton
et al. 2008). The results of this study indicated that residual patches are mainly dominated by
dense conifer, which is the dominant cover type in the area. Sparse conifer and treed wetland
also constitute a considerable area of residual patches. This is contrary to the previous study
where both sparse conifer and treed wetlands comprised majority of the residual patches for most
of the fire events studied in Chapter 2. In a similar study by (Burton et al. 2008), deciduous
forests were less likely to burn in boreal mixedwood region; hence dominant the post-fire residual
patches. Kafka et al. (2001) also found that unburned areas were positively associated with
deciduous or mixedwood and negatively associated with conifer species.

Furthermore, the distribution of residual patches could also be explained in relation to
their proximity to surface water and edge of the fire perimeter. Perera et al. (2009) indicated that
proximity to water has no influence on residual patches; yet a study by Madoui et al. (2010) found
a significant association with the proximity to surface water. Despite the distribution of residual
patches throughout the fire footprint, there was a decreasing trend in the distribution of residual
patches with increasing distance from surface water (Figure 5.12). A similar decreasing trend
was also apparent with proximity to the edge of the fire perimeter. This is plausible because there
is a tendency for forest features to escape burning as the intensity and fire spread rate start to
decrease, and eventually leave unburned areas as it reaches the fire edge. For example, Smith
and Hendry (1998) discovered that almost all residual islands were located adjacent to a fire
perimeter. Owing to wind direction, however, there is a potential for residual patches to be

concentrated on certain edges of the fire footprint.
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5.4.2. Spatial variable importance assessment

The occurrence of residual patches can be explained in relation to several factors, but the
study considered seven explanatory variables that can be grouped into three categories:
topography, natural firebreak features, and land cover type. Topographic variables of slope and
ruggedness index play an important role for determining residual patch occurrence (van
Wagtendonk 2004; Cuesta et al. 2009; Madoui et al. 2010); this is particularly true in rugged
topography. In spite of this, my results revealed that topographic variables of slope and
ruggedness index were among the least informative predictors in the RED084 fire event. In a
similar study, on the 11 fire events, these variables were among the least important predicators.
One potential reason is pertained to the ruggedness of the area; based on the Rl computed at the
given spatial resolution (Riley et al. 1999), the RED084 is located in a relatively flat plains or
nearly level (i.e., land with relatively low relief). However, it has to be noted that the spatial
resolution of the source data was coarse, and might hinder one to estimate the local variability in
topography effectively.

The second category is related to natural firebreak features, including wetland, surface
water, and non-vegetated areas. Various studies have addressed the impact of natural firebreak
features for determining residual patch existences (Turner et al. 1997; Perera et al. 2007; Cuesta
et al. 2009). Some studies have specifically addressed that the occurrence and distribution of
residual patches is attributed to the abundance of surface water (Madoui et al. 2010; Dragotescu
and Kneeshaw 2012). Despite the change in the relative ranking of the predictors, the study
suggested that the three natural firebreak features (surface water, wetlands, and non-vegetated
areas) were among the most important variables that explain the residual patches. Compared
with the 11 fire events, the relative ranking of surface water and non-vegetated variable is more
prevalent in the RED084 fire event. This is attributed to the relative abundance and distribution of
surface water and non-vegetated feature classes in the area. Yet, the relative ranking of the
importance scores indicated that natural firebreak features (i.e., wetland) is the most important
predictor variable across all the grain sizes considered. This was in line with the finding on the 11
fire events where wetland was found to be the most important predictor.

The abundance and distribution of residual patches is also related to land cover types,
and residual patches are often associated with the dominant cover types in the landscape.
However, certain cover types (e.g., deciduous forest) tend to dominate the existing residual
patches in burned landscape despite their low abundance (Kafka et al. 2001; Burton et al. 2008).
In a study undertaken by (Madoui et al. 2010) for example, sparse conifer was dominant cover

type among the residual patches. Compared with dense conifer, sparse conifer has a low tree
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density and may not be prone to high-intensity fires because of a lack of fuel. A study on the 11
fire events indicated that the abundance of residual patches is attributed to land cover types with
high abundance in the landscape and cover types that are less prone to high fire severity (e.g.,
treed wetlands). In this specific scenario, majority of the residual patches were dominated by
dense and sparse conifer. Also, the boreal region is characterized by low plant species diversity
(Engelmark 1999), and land cover variable was less informative to explain the residuals
compared to other predictors.

The theory behind random forests provides a very natural way to rate the relative
importance of variables. However, RF implementation of variable importance assessment is not
designed for traditional statistical inference, and the importance scores have been used to
subjectively identify important predictors for interpretation (Cutler et al. 2007). Therefore, digging
deeper than just which variable is important would allow one to examine the effect of different
values of a given variable on the class prediction. Based on Strobl’s rule of thumb (Strobl et al.
2009b), most of the variables deemed to interactively affect the occurrence of residual patches
and the relative ranking of the predictors changed slightly with increasing grain sizes. The results
of this study showed different patterns, as mentioned above, but the occurrence of residual

patches was largely prevalent in closer proximity to natural firebreak features.

5.4.3. Model predictive performance and spatial prediction

A computer-based predictive model was implemented to generate probability maps for
residual patch existence within a burned landscape. Such kind of model has been used to predict
and extrapolate species distribution in various geographical settings or across large regions
(Pearce et al. 2001). This provides the required spatial information for conservation planning and
resource management (Ferrier et al. 2002; Mellor et al. 2013). At geographical extent beyond the
area of experimentation, predictive models provide a means to design and test hypotheses
pertained to the factors affecting the characterization and distribution of spatial elements (Manel
et al. 2001). Given the importance of statistical models, continuous and progressive evaluation of
the models is necessary; effective and correct model assessment has real significance to
landscape ecological studies (Fielding and Bell 1997; Pearce and Ferrier 2000; Pearce et al.
2001; Manel et al. 2001; Austin 2007). This provides information on the uncertainties associated
with the predictions, and hence the desired precaution can be made when implementing the
model for specific applications (Ferrier et al. 2002). Ideally such models should be tested with
independent data. However, a review on published literatures indicated that many users of
predictive models make no evaluation at all (Manel et al. 2001). This limits the applicability and
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suitability of the model for the desired applications. Knowledge of the predictive performance of
methods and their domain of application becomes an important issue in developing a project
aimed at mapping species distribution (Brotons et al. 2004).

Magness et al. (2009) argued that for effective monitoring programs the confidence in
reliability of a model should be placed on the predictive ability of the map; not on the relationship
of each of the predictor to the response variable. Therefore, in this study, the predictive accuracy
of the model was assessed by comparing the actual observation with predicted probabilities of
occurrence generated by the model. The model was evaluated in relation to independent data
(REDO084 fire event) other than those used to develop the model. This involves computing the
proportion of locations at which presence (residual patches) or absence (null-residual patches) is
correctly predicted, although the study emphasized on the prediction success of residual patches.
The predictions of residual occurrence derived from RF model can be used in two ways. First,
predictions can be used as a relative suitability of a location for residual occurrence, where higher
values indicate locations that are more likely to be occupied by residual patches. Second,
predicted probabilities can be converted into a binary set (presence and absence) using a cut-off
value to the predicted probability range. Some of the applications include maps of relative
suitability of locations for residual occurrence or the ranking of priority areas for retaining residual
patches during harvesting for emulating forest disturbances. The discrimination index based on
AUC values of the ROC curves provides a summary measure of these capabilities.

Given the environmental variables considered, the results showed that RF model
predicted the occurrence and distribution of residual patches with low accuracy (weak model
outcome with AUC < 0.7) than the previous implementation of the model. The most obvious
question is why the model did not perform well when it was applied in a different setting. Burton et
al. (2008) noted that depending on fuel availability and source of ignition, every fire represents a
unique fire combination of fire skips that affect forest species and habitat features in the canopy,
understory, and in the forest floor. The variation would result in a mosaic of fire size distribution
and post-fire landscape structure. Similarly, it was argued that there are interregional or inter-
landscape differences within the boreal forest as a function of climate and topographic effects
(Burton et al. 2008). Thus, the differences within the landscape caused by different
environmental components and abundance of natural firebreak features could contribute to the

low prediction accuracy.
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5.5. Summary and conclusions

In this chapter, the utility of RF for building distribution maps for a fire-disturbed
landscape using a set of predictor variables used in the previous chapter was explored. The
purpose was to evaluate the predictive power of the model implemented in the previous chapter
using independent dataset from the extensive RED084 fire event. Based on the findings, the
following conclusions are drawn. First, given the seven predictor variables incorporated in the
study, the predictive model was not robust enough to predict the occurrence and distribution of
residual patches in the independent fire event (i.e., RED084). The RF algorithm produced weak
predictive model with prediction accuracy (AUC < 0.7). This reflects the idea that modelling
approaches developed and applied even in relatively data-rich regions may not necessarily work
effectively in a different site (Ferrier et al. 2002). Second, despite the low predictive performance
of the model, the model was better at predicting residual patch occurrence than random guessing
(p< 0.001). The model was able to identify potential areas where residual patches are likely to
occur. Specifically, high prediction probability was associated with the existence and abundance
of natural firebreaks, particularly wetlands. This reflects the potentiality of the predictor variables
and the model itself to predict residual patches to a certain extent.

The other goal of this chapter was to explain the patterns of residual patches, impact of
land cover composition, and proximal analysis of residual patches using various spatial metrics.
Moreover, knowledge about the factors influencing the distribution of spatial elements (e.g.,
residual patches) is among the most important aspects in landscape ecology (Manel et al. 2001).
Therefore, RF was implemented to estimate the variables that govern the existence of residual
patches within the RED084 burned landscape and investigate the marginal effects of each of the
predictors on probability of residual patch occurrence. Based on these, the following conclusions
are also drawn. First, the landscape pattern indices used to quantify residual patterns were scale
dependent. The sensitivity among the metrics varied greatly, and the sensitivity of the metrics
can be explained in relation to three major categories: 1) metrics with monotonic change and
predictable patterns, 2) metrics that exhibit monotonic change, but unpredictable pattern, and 3)
metrics that show erratic behaviour. Comparing RED084 with the 11 fire events studied in
Chapter 2, the sensitivity also varied spatially across the study areas. The variation in the
sensitivity among the indices and over space may indicate that the responses of indices should
not be evaluated the same way for all indices across different sites. Second, the residual patches
were mainly occupied by the dominant cover types (i.e., dense conifer) in the landscape, but
cover types that are less abundance in the landscape (e.g., treed wetland and sparse conifer)

occupies a considerable amount of residual patches. Therefore, the occurrence of residual
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patches is associated with dominant land cover types or features types that are less prone to
burning (e.g., treed wetland). Third, similar to the previous study on the 11 fire events; natural
firebreak features such as surface water and wetlands were determinant for retaining residual
patches. Additionally, residuals patches are often retained in closer proximity to natural firebreak
features (water and wetlands), specifically wetlands. Finally, the overall findings confirm that
ensemble classifiers can be used to learn complex and non-linear relationship between spatial
elements and the environmental variables, which is in line with previous studies undertaken
based on RF models (Edwards et al. 2007; Evans and Cushman 2009; Mellor 2013).
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6. Conclusions and future directions

6.1. General summary and conclusions

The Canadian boreal forest is characterized by a short growing season, low mean
temperatures, long summer daylight hours, low biological productivity, and variable annual
rainfall. This set of factors create an environment susceptible to different types of disturbance, of
which wildfire is the most common type of natural disturbances that occurs in boreal ecosystems
and produces a spectrum of effects on wildlife species (e.g., loss or decrease in wildlife
population), soil, vegetation, and wetland components of a landscape. The ignition and
occurrence of wildfires in the boreal forests is generally triggered either by human activities (e.g.,
recreation and forestry activities) or natural factors, but fire naturally caused by lighting is the most
common and frequent type of disturbances in the region. Owing to the various forms of
environmental factors (such as weather conditions, vegetation, topography, natural firebreak
features, and fuel characteristics), wildfire acts as a major shaping force for the spatial
heterogeneity in forest ecosystems, including the occurrence of residual patches following a fire.

The patterns and distributions of residual patches vary spatially and temporally as a
function of various geo-environmental factors, including topography, local weather variables, fuel
distribution, land cover, and abundance of natural firebreak features. The composition and spatial
variability of residual patches should then be mapped and measured to provide insight into the
cover patterns following a fire, understand forested landscape, provide baseline data for wildlife
studies, examine fire behaviour, and implement disturbance-based forest management practices.
To this end, an integrated and rigorous measurement framework has been designed and
implemented for: 1) characterizing the spatial composition, structure, and variability of residual
patches, 2) assessing the factors responsible for the composition and variability of residuals, and
3) developing a spatially explicit predictive model to generate probability maps and assessing its
predictive performance in a given landscape. This study showed that there is a consistent and
robust measurement framework that enable us to study the patterns, characteristics and
distribution of residual patches in a given fire-disturbed landscapes.

In this study, the process of measuring and quantifying the spatial composition and
configuration of residual patches was assessed using geospatial tools, including GIS, remote
sensing, and spatial statistics, coupled with different landscape metrics. This study found that
there was a variation in terms of residual patch composition, configuration, and fragmentation

across the 12 fire events studied throughout this dissertation, reflecting the uneven burn severity
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or fire intensity across the fire events. The variation was explained in relation to disturbance size
where the proportion of the fire footprint occupied by residual patches was relatively substantial
for the large sized fire events while it was comparatively small for the small sized fire events. The
landscape metrics (such as NP, PD, and LPI) used to quantify the spatial variability and
heterogeneity of residual patches also revealed that the residual patches were irregular and
complex, and are highly fragmented with more than 75% of the residual patches less than 1 ha.
The spatial variability in composition and fragmentation across the fire events pertains to the
abundance of natural firebreak features and variation in fuel distribution. The occurrence of
residual patches and their variabilities can also be associated not only with the dominant land
cover types, but also to cover types that are less abundant in a landscape and less susceptible to
burning (e.g., treed wetlands and sparse conifer). Besides, the study showed that the relative
abundance and distribution of residual patches within the fire perimeter in relation to surface
water and edge of fire perimeter would mostly be uneven.

Knowledge about the factors that influence the patterns and variabilities of residual
patches in a landscape is among the most important aspects of ecological theories. In response,
this study implemented a replicable data mining technique (i.e., RF) to unravel the complex
relationship between residual patches and environmental variables, using measurements that
could be made locally, not relying on interpolated weather or fuel moisture content data. The
algorithm was implemented to measure the relative importance of obtainable environmental
predictor variables, and their marginal effect for explaining the mechanism and casual factors of
residual patch structure. In data mining applications, it is rare to see that input environmental
variables are equally relevant for explaining the patterns of spatial objects; there is a tendency for
certain predictors to become more informative than others. This was reflected in this study where
the variable importance measure in RF was used to subjectively identify important variables for
interpretation. Despite the variation in the composition and configuration of residual patches
across the 12 fire events, | discovered that certain predictor variables, specifically variables
pertained to natural firebreak features such as wetlands, were among the most important
predictors while topographic and land cover related variables were among the least informative
predictors throughout the study. The relative importance measures of the predictors provided a
ground for assessing the marginal effects of the most important variables. Accordingly, the
results of the partial dependency plots revealed that the relationship between the predictor
variables and residual patch occurrence was non-linear and the occurrence of residual patches
was prevalent within 100 m from the wetlands.

In order to further examine the impact of the predictors on residual patch occurrence, the

overall effects of the available environmental variables, rather than individual variables, were
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assessed using a predictive modelling approach. While a wide range of methods have been
developed to build predictive models based on presence/absence, but models based on
ensemble methods such as RF have been extensively tested and shown to be robust in a number
of independent situations (Brotons et al. 2004), as RF is a package of fully nonparametric
statistical methods designed for data analysis. In response, | presented a predictive model based
on RF to develop learning rules that determine areas where residual patches are likely to occur,
generate timely and spatially explicit probability maps, and test the predictive performance of the
model on larger and independent fire event.

Given all the desired parameters for prediction, the RF model was determined to be a
robust modelling approach for predicting residual patch distribution from presence/absence data.
| also discovered that the RF model was an effective tool to distinguish between presence and
absence data, and identify areas where residual patches are likely to occur within a burned
landscape with different prediction accuracy. The RF algorithm, coupled with the geoinformatics
tools, also enabled me to generate inexpensive and spatially explicit maps of post-fire forest
characteristics over a gradient of scales. Parallel to the previous findings, where natural firebreak
features were found to be more informative, | found that high prediction probability of residual
patches was associated within or in closer proximity to wetlands. In addition to this, prediction
based on RF makes no assumption about the predictor or response variables, and can handle
situations in which the number of predictor variables exceeds the number of observations. Given
the unique characteristic features and experiences from this research, | concluded that RF model
a robust (ensemble) and replicable approach for learning complex and non-linear relationship,
predicting residual patch distribution from presence-absence data which is in agreement with
previous studies undertaken based on RF models (e.g., Edwards et al. 2007; Evans and
Cushman 2009; Dahinden 2011).

The patterns and characteristics of residual patches vary as a function of measurement,
spatial resolutions, and fire event sizes. Thus, | examined the effects of changing grain size not
only on the spatial composition and configuration residual patches, but also on the relative
importance of the predictors and the predictive performance of the RF model. The study reflected
that scale multiplicity is inherent in spatial heterogeneity and a multi-scale analysis is imperative
for detecting and understanding the multi-scale structure of spatial heterogeneity. This study
showed that all the landscape metrics used to characterize and quantify the spatial composition
and variability of residual patches were sensitive to spatial resolutions, but the overall response
curves from the 12 fire events can be summarized into three general categories: metrics that
decreased monotonically and showed a predictable pattern with increasing grain sizes, metrics

that increased or decreased monotonically but with no simple scaling rule, and those that
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generate erratic response. The predictable response curves generated in this study were
pertained to shape related metrics (MSI, LS|, and FRAC) while the remaining metrics fall within
the last two categories. Based on this, | concluded that a robust scaling rule can be developed for
determining certain metrics (shape related metrics) while most of the metrics cannot easily be
dictated using a scaling rule. Therefore, characterizing the patterns and variability of residual
patches should be undertaken at specific grain sizes.

Similarly, the effects of changing grain sizes on the relative importance of the predictors
and spatial prediction were assessed. | explored that the relative importance values of the
predictors varied across the five spatial resolutions, and there has also been a change in the
relative ranking of the predictors, which affects the variable selection, and on the marginal effects
of predictor variables across the five spatial resolutions; suggesting the need to implement RF
model at specific grain size. | also demonstrated that the predictive performance of the model
was sensitive to changing grain sizes; with finer grain sizes (e.g., R4 and Rg) attained high
prediction accuracy than the coarser grain sizes (Rs; and Rg4). Additionally, this study found that
the predictive performance of the model was sensitive not only to grain sizes, but also to sample
sizes; for a model to predict residual patches with the desired prediction accuracy, sufficient
sample is required as an insufficient size sample (i.e., residual patch data records) affects the
performance.

The overall methods developed and implemented in this dissertation revealed that there
is a repeatable, robust measurement framework for characterizing residual patches and
understanding their variability across different landscapes and spatial resolutions. | incorporated
various approaches to characterize residual patches and predict their likely occurrence. The
methods designed and implemented were replicable and broadly applicable; they are not limited
to the fire events and spatial resolutions considered in this dissertation. The replicable
methodologies integrated in this dissertation can consistently and broadly be applied to other fire
events or landscapes (i.e., fire events in different ecoregions or ecozones) where 1) post-fire
forest characteristics can be mapped using the geospatial tools in a similar way; 2) the extent of
fire footprint and residual patches can be mapped and extracted using the procedures developed
by (Remmel and Perera 2009) and implemented in this study; 3) spatially and environmentally
relevant variables can be derived from remote sensing and DEM data for developing a predictive
modelling for prediction; 4) the absence-data can algorithmically be extracted using the
techniques developed and implemented; 5) learning rules can be established to dictate where
residual patches are likely to occur; and 6) the predictive performance of any model developed
can be evaluated in an identical way implemented in this study.
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For any fire-disturbed landscape, the methods integrated in this dissertation can be
applied to measure and understand the characteristics of residual patches, and improve our
understanding of the mechanism and causal factors of residual structure and probabilities of
residual patch occurrence. This would subsequently help to review and evaluate the existing
management guidelines for natural disturbance pattern emulation (OMNR 2001), and for boreal
landscapes and conservation biodiversity (OMNR 2014). The management guidelines have been
revised and modified after evaluating and reviewing their effectives, efficiency, and effects
(OMNR 2014). The guidelines are reviewed based on the applicability of new scientific approach
and advancements in analytical and operational technology (OMNR 2014). Although it is beyond
the scope of this study, the methods implemented in this dissertation may be beneficial to

reviewing and evaluating the existing management guidelines.
6.2. Future directions

This dissertation formulated a comprehensive framework for examining the patterns,
characteristics, and geographic distributions of post-fire residual vegetation patches within a fire-
disturbed landscape. The study showed that there is a reliable and rigorous method in the study
of post-fire residual patches and has laid a foundation for exploring 1) disturbance as necessary
agents of change, not as element to be excluded entirely, 2) the potential RF for understanding
the mechanism and causal factors of residual structure, and 3) the use of RF based predictive
model for investigating the potential areas where residual patches are likely to occur. The robust
method implemented in this study is broadly applicable and opens up avenue for future work in
implementing the approaches using different scenarios to further improve our understanding of
residual patch characteristics.

The results of this study provided insights on the parameters that explain residual
patches, marginal effects of the predictors, and spatially explicit predictive maps that show the
potential distribution of residual patches within a fire-disturbed landscape. The methods designed
and implemented were based on the obtainable environmental variables that are related to
topography, land cover, and natural firebreak features. It would be interesting to conduct future
research work to incorporate additional and accessible predictors to study the patterns of residual
patches; this includes predictors such as forest age composition (the composition of pre-burn
forest age class), fuel type composition (composition of pre-burn fuel type), and fine resolution
weather data. It may also be interesting to test whether a finer spatial resolution DEM, with finer
levels of detail has an effect on the relative importance of the predictors and the predictive
qualities of the RF model. Therefore, these are areas of research and development where the

rigorous measurement framework implemented in this study can be replicated to further
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understand the patterns of wildfire residuals. Besides, the multi-scale approach implemented in
this study has yielded a useful outcome for characterizing the patterns of residual patches and
develop spatially explicit predictive model to dictate residual patch occurrence over a gradient of
scales. Another potential area of future research, pertained to the multi-scale analysis, would be
to consider different spatial aggregation methods (i.e., independent as opposed to ‘iterative’
spatial aggregation and majority rule as opposed to random rule-based spatial aggregation) in the

process of measuring and characterizing residual patches over multiple grain sizes.
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