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Abstract 

 

Relatively undisturbed portions of Alberta’s Boreal Plain ecozone have capacity to act as 

ecosystem mediated refugia to climatic change, where internal ecological processes can reinforce 

ecosystem resilience to regional climate change effects.  Human development in Alberta’s Oil Sands 

Region may disrupt the refugia potential of boreal ecosystems and create areas of decreased hydrological 

connectivity, increased vascular vegetation change, and—in the interest of this study—increased risk of 

wildland fire.  Here, I identify how increasingly connected vegetation structures in the OSR may translate 

into higher susceptibility of peatland areas to wildfire. The objectives of this research were to: (a) 

determine the utility of airborne lidar data to estimate allometrically derived Available Canopy Fuel 

(ACF); (b) quantify the and compare how ACF varies between disturbed and undisturbed peatlands in the 

Oil Sands Region of Alberta; and (c) discuss implications of canopy fuel modelling for use in wildfire 

urban interface. 

In this study, 240 micro plots collected in 2018 and 2019 from peatland and peatland 

transitional areas near Ft. MacMurray and Utikuma Lake, AB were used to train and evaluate regression 

models which predicted ACF from common lidar based statistical metrics. Modelled ACF in peatlands 

was compared between 2007-2012 and 2018 lidar datasets to quantify changes in ACF over a ~10 year 

period. Results demonstrated that lidar based models of tree ACF outperform shrub ACF models (R2 

values of 0.81 and 0.62 respectively), with a combined tree and shrub model providing the most robust 

measure of peatland ACF in the study area (R2 value of 0.79). Fens may be susceptible to rapid climate 

driven changes in ACF as there was minimal difference between ACF change in disturbed (avg = 0.22 kg 

ACF m-2, std =± 1.04 kg ACF m-2) and undisturbed (avg = 0.26 kg ACF m-2, std =± 1.05 kg ACF m-2) 

groups, but both gained large amounts of ACF in the recent ~10 year period (39% and 43% of 2018 

levels, respectively). In bogs, human disturbance may disrupt the refugia potential of undisturbed bogs as 

undisturbed bogs gain an average of 0.05 kg ACF m-2 (std =± 0.60; 8% of 2018 levels) while disturbed 
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bogs gain 0.15 kg ACF m-2 (std =± 0.65 kg ACF m-2; 32% of 2018 levels). Modelled ACF across the 

landscape holds potential to potential to drive data-based fire management decisions in WUIs, particularly 

as these models can help resolve that certain human activity may in fact increase wildfire fuel loads with 

proximity to human features. 
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Chapter 1: Introduction 

 

1.1 Research Context 

 

Wildfires are known to be increasing in frequency, severity and extent across north America 

(Kasischte & Turestsky, 2006; Steel et al., 2015; Reilly et al., 2015). These changes are often attributed to 

climatic warming and drying effects, along with the shift in the timing of hydrological regimes (Little et 

al., 2009; Westerling, 2016). This is concerning to wildfire managers as climatic warming and drying 

effects are expected to continue increasing in the future, along with associated changes in fire behavior 

across North America (Flannigan et al., 2015; Wang et al., 2017; Wotton et al., 2017). While warmer, 

drier, and more unstable weather is known to have direct effects on wildfire behavior as it creates more 

extreme fire weather, climatic change also has indirect effects on the flammability and availability of 

combustible vegetation for burning (Flannigan et al., 2015). Available wildfire fuels are one of the key 

components that determine wildfire hazard, including modelled fire behavior (Marino et al., 2012; 

Marshall et al., 2020), severity (Gibson et al., 2020), and ecosystem impact such as carbon loss (Walker et 

al., 2020).  

Wildfire fuels may be disproportionally abundant in areas near human communities due to fire 

exclusion (Parisien et al., 2020). For example, of 160 communities in Canada’s boreal forest, Parisien et 

al. (2020) found that 74.4% are surrounded by less than 10% of forest that has burned in the last 30 years, 

an indication that forests in the wildfire urban interface (WUI) may have a higher vulnerability to wildfire 

due to the buildup of wildfire fuel in times of fire suppression. Growth of WUIs across North America 

creates more areas where people live near flammable vegetation and are at higher risk of damage from 

wildfires (Radeloff et al., 2018). As an extreme example of wildfire disasters in the WUI, in 2016, the 

Horse River Fire burned 589 552ha, destroyed 2579 structures, and caused the evacuation of 88 000 
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residents of Ft. McMurray, AB and surrounding communities, making it the most costly natural disaster 

in Canadian history (McGee, 2019).  

Given the potential for extreme fires in WUIs such as the Horse River Fire, and the concern that 

these events may become more common considering leading climate change and wildfire research, 

wildfire managers are focused on minimizing these hazards (Ager et al., 2015). A main way to do this is 

by improving characterization of biophysical wildfire risk across large spatial scales—something that is 

often overlooked in WUIs (Ager et al., 2015). Information about fire weather is quite accessible, with 

national, provincial, and regional weather monitoring infrastructure and national data products available 

at moderate spatial scales (e.g. ECC, 2020). In contrast, data about wildfire fuels are often outdated, not at 

available fine enough spatial scale, fail to provide key information needed by wildfire managers (Marino 

et al., 2012; Marshall et al., 2020), or—in the interest of this thesis—are not available for certain 

landcovers such as forested bogs (Johnston et al., 2015). Further, Walker et al., (2020) find that across 

417 field sites in Canada’s boreal region, fire weather indices as top-down controls are poor predictors of 

biomass loss, particularly in areas with high surface and belowground fuel loads (adjusted R2= 0.05). 

Rather, fuel loads as a bottom-up control provide stronger statistical relationships to loss of biomass in 

wildfires (across the entire boreal region R2 = 0.33, with R2 up to 0.51 within specific regions), 

reinforcing the need for improved characterization of wildfire fuels, particularly in the boreal region of 

Canada (Walker et al., 2020). 

With capability to gather detailed spectral, spatial, and temporal data over wide spatial scales at 

relatively low cost, remote sensing holds promise to detect and quantify wildfire fuels (Saatchi et al., 

2007; Erdody & Moskal, 2010; Bright et al., 2017;; Hudak et al., 2020). Airborne LIght Detection And 

Ranging (lidar)’s ability to provide accurate, high resolution, 3D mapping of forest characteristics makes 

it an ideal technology for enhanced forest inventories and forestry mapping applications across small and 

large scales (Dubayah and Drake, 2000; Lim et al., 2003; White et al., 2017). In the past 10-15 years, 
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airborne lidar sensors have started to be used more commonly as hardware development have led to 

technical advances in system accuracy, performance, and specialization towards niche applications 

(Hopkinson et al., 2016). As airborne lidar is widely used by cities and municipalities, and there is interest 

to quantify wildfire fuels around communities, airborne lidar based remote sensing techniques are a 

promising option for detecting and quantifying wildfire fuels—particularly in WUIs where lidar data may 

already exist.  

While peatlands, areas with deep organic soils and complex ecohydrological feedback, are not 

traditionally considered to be main sources of wildfire fuels, research is beginning to show that peatlands 

can contribute significantly to fuel loading of these regions, particularly in exceptionally dry years and 

during extreme fires (Johnstone et al., 2015; Whitman et al., 2018; Thompson et al., 2019). As peatlands 

are biomass rich areas with high moisture conditions, they can act as ecosystem refugia: providing areas 

of resistance to climate change and fragmenting the fire landscape (Stralberg et al, 2020). However, when 

ecohydrological feedbacks of peatlands are overwhelmed by drier climate, peatlands can occasionally 

connect the fire landscape, resulting in widespread burning of peatlands (Whitman et al., 2018). 

Thompson et al. (2019) estimate that when boundaries of fire spread and ignition in peatlands are 

removed through prolonged drying, burn rates through mosaic boreal landscapes can increase by 50% and 

fire size can increase by about 500%. This dynamic wildfire potential of boreal peatlands to fragment the 

boreal fire landscape when wet and connect the fire landscape when dry has been recognized for some 

time (Flannigan et al., 2009; Girardin & Wotton, 2009), but these hydrological relationships are only 

beginning to be implemented in fire danger and fire risk frameworks (Thompson 2019). Further, 

widespread and rapid human development in Alberta’s Oil Sands Region (Komers & Stanojevic, 2013) 

may disrupt the refugia potential of boreal ecosystems and create areas of decreased hydrological 

connectivity (Saraswati et al., 2020), increased vascular vegetation change (Abib et al., 2019; Chasmer et 

al., 2020), and—in the interest of this study—increased risk of wildland fire (Thompson et al., 2019). In 

Canada’s boreal forest, using airborne lidar may be able to fill gaps in our understanding of how canopy 
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fuels, the most dangerous fuel type to communities (Scott & Reinhardt, 2001), are arranged in in a 

complex mosaic landscapes of peatlands, forests, and anthropogenically disturbed areas. 

1.2 Research Objectives 

Addressing variability of fuels in boreal peatlands and how this variability may be impacted by 

anthropogenic disturbance is important to understanding how fuels effect the health and safety of 

communities, especially as the areas near communities often have the highest frequency of disturbance, 

higher rates of ignition, and contain more human features at risk to wildfire. The goals of this thesis are to 

review key literature to understand the cumulative impact of anthropogenic disturbance on peatlands 

(Chapter 2) and analyse airborne lidar data to quantify variability in available canopy fuel (ACF) loads 

through time and with type and magnitude of human disturbance (Chapter 3-5).  In the literature review 

(Chapter 2), key boreal wildfire and peatland literature is synthesised to (i) describe the cumulative effects 

of anthropogenic disturbance on boreal peatland vegetation structure and (ii) identify a set of structural 

vegetation characteristics of peatlands that make them more susceptible to wildfire, thereby reducing their 

ability to act as important, regulating climate change and fire refugia. In the analytical chapters (3-5) of 

this thesis the research objectives are to: (i) Examine the utility for using airborne lidar data to estimate 

allometrically derived Available Canopy Fuel (ACF) for shrub and tree species found predominantly 

within boreal peatlands; (ii) Quantify and compare how ACF varies in Oil Sands Region peatlands that 

have been impacted by anthropogenic disturbances of different types and magnitudes versus those 

peatlands that have remained undisturbed during the recent period of resource exploration and 

development since the start of records during the 1930's; and finally, (iii) Discuss the implications of 

enhanced resources exploration and development on landscape flammability for communities in the 

wildland-urban-interface. 
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Chapter 2: Effects of anthropogenic disturbance on boreal peatland vegetation structure: a review 

 

2.1 Introduction 

In boreal peatlands, primary production has exceeded losses from decomposition and combustion 

throughout the Holocene, resulting in accumulation of organic matter (Vitt et al., 2000). In Canada, boreal 

peatlands make up only 12% of the land area but this accumulation of organic matter stores over half of 

the country’s soil C (Tarnocai, 2006). Globally, boreal and subarctic peatlands store one-third of the 

world’s soil C—an amount comparable to the C in the atmosphere, and greater than that in all terrestrial 

vegetation (Gorham, 1991; IPCC, 2013; Nelson et al., 2021). As C stored in vegetation is the main fuel 

source for wildfires, boreal peatlands also represent a large wildfire fuel source in sub-humid regions such 

as Canada’s Boreal Plains ecozone (Wilkinson et al., 2018). Not surprisingly, boreal peatlands have 

become an ecosystem of focus due to being a potentially significant tipping point mechanism of the 

climate system (Kettridge et al., 2015, Lenton et al., 2019), and, increasingly, on biomass rich peatlands 

as fuel for wildfire (Thompson et al., 2019). 

 While disturbance is a historical and necessary part of boreal ecosystems, recent increase of 

North American fire activity suggests that climatic warming and drying along with a shift in the timing of 

hydrological regimes (Littell et al., 2009; Westerling, 2016) increases the availability of combustible fuel 

(Flannigan et al., 2015). It is expected that these hydro-climatic changes may increase the frequency, 

severity, and extent of wildfires (Kasischke & Turetsky 2006; Hanes et al., 2018). As fires are expected to 

continue to worsen under future climate change (Boulanger et al., 2014) boreal ecosystems—and 

particularly peatlands—are susceptible to climate driven vegetation change, which is often initiated by 

disturbances such as wildfire or anthropogenic disturbance (e.g. Kettridge et al., 2015).  



 

 

 

6 

 

Despite concern for the future resilience and stability of boreal peatland ecosystems, currently, 

boreal peatlands remain highly functional and important ecosystems. For one, wetlands are often praised 

for providing more ecosystem services and for having more value to humans than any other terrestrial 

ecosystem (Costanza et al., 2014). Boreal peatlands also have capacity to act as ecosystem refugia—areas 

expected to be more resistant to climatic change than others (Stralberg et al., 2020). Boreal wetlands may 

be considered terrain mediated hydrological refugia (Stralberg et al., 2020), where terrain variables such 

as temporally consistent groundwater flow provide resistance against climatic change (McLaughlin et al. 

2017; Cartwright et al. 2020). When undisturbed, contiguous wetland complexes in the boreal can act as 

ecosystem mediated refugia. In this situation, ecohydrological feedbacks (Waddington et. al. 2015) and 

species interactions (Bulleri et al., 2018) can buffer the system from regional moisture deficits (Stralberg 

et al., 2020).  

Given predicted long-term climatic warming and drying, ecosystem mediated refugia with strong 

feedback processes may persist longer than terrain mediated refugia, as the scale of climatic warming will 

eventually overpower the terrain driven effects (Strahlberg et al., 2020). As terrain mediated refugia 

disappear, peatlands as ecosystem mediated refugia may become increasingly important for preventing 

surrounding boreal ecosystems from decoupling from regional climatic conditions (Strahlberg et al., 

2020), or maintaining the conditions of proximal ecosystems (including upland forests) in dry periods 

(Chasmer et al., 2018).  

Anthropogenic disturbance is known to alter the feedback mechanisms of peatland environments 

such that disturbed peatlands have significantly different—and often more flammable—vegetation 

structures than undisturbed peatlands (Ketteridge et al., 2015; Wilkinson et al., 2018; Chasmer et al., 

2020). In the boreal plains ecozone of Canada, resource extraction activities in Alberta’s Oil Sands 

Region (OSR) have resulted in a global hotspot of forest cover loss (Hansen et al., 2010). The density of 

linear and other disturbance features is so high that if recent rates of disturbance continue in the future, 
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there will be no location in the Oil Sands Lease Area (~81 000km2 ) further than 250m from an industrial 

area within 20-30 years (Komers & Stanojevic, 2013). This area of extensive resource extraction activities 

present in the OSR may not be characteristic of the state of other (non-oil sands related) boreal 

disturbance (Brandt et al., 2013), but it may act a proxy for potential future states of enhanced 

anthropogenic disturbance such as the close integration of humans and vegetation we observe in the 

rapidly growing WUI (Manzello et al., 2018).  

In this review, I synthesize key boreal wildfire and peatland literature to (1) describe the 

cumulative effects of anthropogenic disturbance on boreal peatland vegetation structure and (2) identify a 

set of structural vegetation characteristics of peatlands that make them more susceptible to wildfire and 

thus less able to act as ecosystem regulating boreal refugia. In section two I present a brief background on 

peatlands and their ecohydrological feedbacks before addressing the objectives in sections three and four 

respectively. Finally, I conclude by suggesting that the integration of identifying characteristics of 

anthropogenically disturbed peatlands into remote sensing-based models and workflows provides an 

opportunity to quantify boreal peatland vulnerable to fire across large spatial scales. 

2.2 Background on Peatlands 

Peatlands are areas that accumulate 40cm or more of organic matter and are defined broadly as 

bogs and fens. Bogs are characterized by their surface water balance being influenced only from 

precipitation; this creates an acidic, nutrient poor, ombrotrophic environment where vegetation is 

dominated by Sphagnum mosses (and true mosses and feather mosses in lower abundance), stunted black 

spruce trees, and a lower vascular plant diversity from that found in nearby upland environments (Vitt et 

al., 2000). Fens are characterized by a surface water balance influenced by both precipitation and 

groundwater flow, making them minerotrophic, and variable in terms of acidity (Vitt et al., 2000). Due to 

greater variability in fen biogeochemistry, vegetation can range from herbaceous (moss and sedge 
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dominated) to shrub-dominated (Betula and Salix species; birch and willow) to treed (black spruce and 

tamarack) within different fens (Zoltai, 1998; Vitt, 2000). 

Both bogs and fens have complex, overlapping, and interacting ecological and hydrological 

(ecohydrological) feedbacks, linked to broader ecological and biogeochemical processes. These are 

important for understanding peatland response to climate change and seasonal disturbance (namely 

wildfire; Waddington et al., 2015).  In a brief summary of Waddington et al.’s (2015) conceptual model, 

ecohydrological feedbacks in northern peatlands depend on water table depth (WTD) as hydrology is 

thought to be the most important process for maintaining wetland function (Ketcheson et al., 2016). WTD 

has positive feedbacks on afforestation/shrubification and specific yield (the volume of water loss per unit 

area necessary to lower the water table be a certain depth; Waddington et al., 2015). This means that as 

WTD increases, shrubification and specific yield also increase and expediate further WTD increases. 

WTD has negative feedbacks on peat deformation (linked to surface level compaction), peat 

decomposition (linked to oxygen exposure causing increased decomposition), moss surface resistance, 

albedo (linked to decreased evaporation from the moss surface), and transmissivity (linked to reduced 

lateral drainage; Waddington et al., 2015). Importantly, it is difficult to generalize about these feedbacks 

as they differ in magnitude depending on peatland class; for example, the positive WTD-afforestation 

feedback can be strong in peatlands such as fens during a period of soil water deficit (causing substantial 

WTD increase), but can be negligible or negative in bogs or poor fens (Waddington et al., 2015).  While 

this review is not an exhaustive assessment of the ways anthropogenic disturbance alters peatland 

ecohydrology, examining anthropogenic disturbance through a lens of feedback alteration does allow a 

theoretical understanding of northern peatland process, which has potential to improve peatland land 

surface models (Waddinton et al., 2015).  
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2.3 Anthropogenic Disturbance as a Cumulative Impact 

Anthropogenic disturbance in the OSR includes in-situ oil sands mining operations, forestry, 

agriculture, mining, infrastructure operations, and petroleum exploration (Devito et al., 2012; Abib et al., 

2019). While large spatially continuous operations such as mining, forestry and agriculture alter natural 

ecosystem processes, dense networks of linear disturbances such as roads and seismic lines have impacts 

on adjacent ecosystems that are still being determined (Dabros et al., 2018). Unlike large mines which 

remove all vegetation and the top layer of soil within their boundaries, linear disturbances such as seismic 

lines remove vegetation by mulching, thus compacting but also slightly raising the ground surface. This 

can impede proximal surface hydrology and alter energy balance (Dabros et al., 2017; Abib et al., 2019; 

Lovitt et al., 2019; Chasmer et al., 2020). Further, the density of linear disturbance in the OSR is very 

high: Lee & Boutin (2006) estimated that the average density of seismic lines in northeastern AB was 

1.5km/km2. Since then, Komers & Stanojevic (2013), find that 2875km of linear disturbance per year is 

undetected in most forest loss models due to inadequate spatial resolution of some satellite imagery, and 

this could increase density by 0.49km/km2 to 0.75km/km2.  

2.3.1 Edge Effects of Linear Disturbance 

Edge effects of linear disturbances are often overlooked in determining the disturbance of seismic 

lines but can have substantial indirect effects on nearby physical and chemical conditions, plant growth, 

animal behaviour, and the interaction between these factors (Dabros et al., 2018). Stern et al (2018) 

quantified that incoming radiation is about double in seismic lines than in undisturbed forests and three 

times as large in larger disturbance areas such as well pads. Reductions in canopy shading and 

interception of precipitation could account for higher soil temperature and moisture observed within the 

seismic line compared to the proximal environment. For example, at 25m from the seismic line, there is a 

1⁰C and 25% volumetric water content reduction in soil temperature and moisture respectively when 

compared to conditions within the seismic line (Dabros et al., 2017). As these environmental gradients 

persist into the surrounding ecosystems Abib et al., (2019) found that vegetation height and fractional 
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cover of peatland and upland forests are influenced by seismic lines up to a distance of 100m from the 

disturbance. In closer proximity to the seismic line (15-35m) they found taller vegetation and greater 

foliage cover may be associated with increased competition for optimal light and moisture conditions 

(Abib et al., 2019). This is supported by findings of Dabros et al., (2017) who also identified a zone of 

increased light competition and increased woody plant cover from ~10-30m away from seismic lines.  

 In addition to the growth and densification of vegetation around seismic lines, the removal of 

vegetation in seismic lines can increase local wind speeds by as much as a factor of four (Stern et al., 

2018). Wind is known to be an important factor in wildfire fuel drying and curing rates as well as an 

important driver of wildfire rate of spread (Marino et al., 2012). Marshall et al. (2020) investigated the 

effects of different fuel removal techniques in a black spruce forest. They found that removal of 

vegetation in dense ‘strips’ analogous to (but more dense than) low impact seismic lines increased the rate 

of spread by 12-20% depending on the wind speed (Marshall et al., 2020). This may indicate that seismic 

lines (especially when they are in a dense network) can shift abiotic conditions such that vegetation fuel 

loads increase in response to competition for available light and moisture, and wildfires may be able to 

spread more rapidly through these fuels due to increased wind speeds. 

2.3.2 Wetland Fragmentation and Shrubification; 

Another effect of human disturbance in the OSR is the hydrological disconnection of wetlands, or 

wetland fragmentation, which can promote shrubification. Linear features such as seismic lines or 

resource access roads are expected to disrupt surface or subsurface water flows into peatlands, especially 

when they are positioned perpendicular to the flow direction (Saraswati et al., 2020). Flow obstruction by 

linear features can cause shallower DTW on the upstream side compared to DTW on the downstream 

side. This can cause pooling of upstream surface water (which increases evaporation) and impeded 

downstream groundwater recharge inflows (a result of higher DTW)—both of which have drying effects 

on the surface (Plach et al., 2017; Saraswati et al., 2020). Across a landscape scale, an increased density 
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of seismic lines increases the fragmentation of wetlands, which reduces physical connectivity of the 

surface, and potentially disconnects groundwater and surface water sources (Chasmer et al., 2020; 

Thompson et al., 2019). 

 The hydrological conditions of fragmented wetlands (lower or more variable DTW) promote a 

suitable environment for shrubification (Miller et al., 2015). Chasmer et al., (2020) find that areas of 

dense seismic lines near Ft. McKay correspond with a rapid increase in wetland vegetation growth (up to 

30% of the total wetland area) in a ~10 year period. Bogs and fens appear most susceptible to 

shrubification as, in high density linear disturbance areas, vegetation growth is on average 17-30% of bog 

area, 10-21% of fen area, 4-12% of swamp area and 2-11% of marsh area (Chasmer et al., 2020). Of 

changes in bogs and fens, 23% of the peatland area has seen a vegetation growth of at least 1m in the last 

10 years (Chasmer et al., 2020).  Within peatlands, the transition zone between upland and peatland 

environments (peatland margins) are often found to be the zones of greatest shrubification or afforestation 

(Lukenbach et al., 2017; Depante et al., 2019; Chasmer et al., 2020). As shrubs and deciduous vegetation 

encroach on fragmented wetlands, increased evapotranspiration of vegetation can have a positive 

feedback effect on DTW, further expediating DTW increases (Waddington et al., 2015). This can result in 

peatland ecosystems transitioning to upland environments. Such systems have the potential to be long-

term carbon sources rather than sinks and have heightened vulnerability to future wildfires (Ketteridge et 

al., 2015; Miller et al., 2015; Wilkinson et al., 2018)  

2.3.3 Compaction, Drying and Moss Communities 

While wetland fragmentation is an increasingly common process acting across large spatial 

scales, resulting changes in canopy structures become important to wildfire intensity and severity. Much 

of the fuel in peatlands are stored in surface fuels (Johnstone et al., 2015). Direct effects of surface 

compaction (Lovitt et al., 2019) and indirect effects of severe fires in disturbed peatlands (Benscoter et 

al., 2005) can increase the abundance of flammable peatland moss species, which increases the likelihood 
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of deep burning wildfires (Thompson et al., 2015). Briefly, hummocks are raised microforms typically 

dominated by Sphagnum moss species, which are drought adapted, have a capacity to store water in dry 

periods, and are less likely to burn severely than other mosses (Thompson et al., 2015). Hollows are 

depressed microforms dominated by non-Sphagnum species such as feathermosses, which are not drought 

adapted and can burn severely in periods of drought (Thompson et al., 2015). Direct effects of 

compaction by machinery can reduce surface elevation and DTW (Lovitt et al., 2018) as well as alter soil 

energy balance when mulch is left on the surface (van Rensen et al., 2015).  Along with increasing 

emissions of methane gas in wet areas, linear disturbances flatten microforms and reduce ground 

elevation, which taken together, can reduce DTW and encourage the growth of non-drought adapted 

hollow moss species (Lovitt et al., 2018). Thus, direct effects of surface level compaction in peatlands—

which is widely caused by anthropogenic disturbance in the OSR—can promote the growth of more 

flammable moss species (namely feathermosses) and even promote a transition from fire resistant 

Sphagnum species to more flammable vascular vegetation (Breeuwer et al., 2009). 

 Indirect effects of wildfire can have a similar influence on the distribution of hummock and 

hollow moss species. In vulnerable areas where water tables are lower, bulk density of the acrotelm is 

higher, or species compositions have started to shift to more flammable communities, high severity fires 

may burn deeply into the peat layers (Chasmer et al., 2017; Alonzo et al., 2017; Wilkinson et al., 2018) 

and potentially destroy hummocks and hummock forming moss species (Benscoter et al., 2005). 

Following a fire, if a peatland is not well connected to groundwater, areas of deep burning are likely to 

have a lowered and more fluctuating water table in the future (Lukenbach et al., 2017), which continues to 

alter conditions for vegetation. This is to say that anthropogenically disturbed peatlands that have recently 

been severely burned may have more flammable vegetation communities following the fire than similarly 

burned, undisturbed peatlands (Ketteridge et al., 2015; Nelson et al., 2021).  

 



 

 

 

13 

 

2.4 Peatland Vulnerability to Wildfire 

As peatlands are biomass rich, their fuel availability is tied to moisture characteristics and is thus 

spatially and temporally complex (Thompson et al., 2019). Peatlands have the ability to disrupt landscape 

scale fires when they are wet (acting as ecosystem refugia), but—as they are a biomass rich fuel source—

they can also connect the fire landscape when they are dry (Thompson et al., 2019).  Quantifying the 

spatial distribution of changes in key vegetation structures provides opportunities to determine which 

peatland areas of the OSR are most likely to contribute to large, landscape connecting fires in the future. 

The main anthropogenic effects on boreal wetlands in the OSR discussed in this review can be 

summarized in three main categories: (1) linear disturbance features can create increased competition for 

light and other resources which results in the densification and increased height of surrounding 

vegetation, while also changing drying regimes; (2) anthropogenic features can disrupt the hydrologic 

connectivity of wetlands, which can promote shrubification, especially at wetland margins; (3) direct 

effects of compaction and indirect effects of severe fires or lowered water tables can shift species 

compositions of moss communities which can create areas susceptible to deep burning surface fires. The 

result of these three processes are structural changes in peatland vegetation structure: (a) taller, more 

dense vegetation with proximity to seismic lines; (b) more abundant, taller shrubs along peatland margins; 

and (c) the shift of moss species communities from hummock Sphagnum species to hollow feathermoss 

species. I suggest that to identify these features in the OSR is to identify the anthropogenically disturbed 

peatlands that are more susceptible to burning in future wildfires.   

Chasmer et al. (2020) have already identified some structural changes in the OSR using 

bitemporal lidar data in radial transects centered on Ft. McKay, AB. They demonstrate that that there is an 

abundance of anthropogenically disturbed wetlands in the OSR, which have substantial changes (up to 

30% of the wetland area) in vegetation height, and increased levels of wetland fragmentation (as 

determined by high margin to middle ratios; Chasmer et al., 2020). However, canopy height alone is 
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known to be a poor indicator of fire severity (Alonzo et al., 2017) or rate of fire spread (Marino et al., 

2012). This is because the translation of vegetation height (a physical measurement; typically meters) to 

wildfire fuel load (typically mass per area; e.g. kg m -2) can be a complex process. This involves 

quantifying the proportion of the canopy that is available for burning as fine fuels, species of vegetation, 

and distribution of fuel mass within the volume of the canopy (Johnston et al., 2015).  Thus, quantifying 

wildfire fuel loads in changing peatland environments is a necessary step for improving understanding of 

wildfire behavior across complicated mosaic landscapes, such as the OSR. I predict that if proximity to 

anthropogenic disturbance causes peatlands in the OSR to have increased wildfire risk/vulnerability, then 

wildfire fuel loads will be greater in peatlands that meet the criteria for being anthropogenically 

disturbed—taller and more dense vegetation near linear features, more abundant and taller shrubs in 

peatland margins, more flammable species distributions, and hydrological disconnection—than in 

undisturbed peatlands. In other words, if disturbance increases proximal shrub/tree growth, this will 

increase fine fuel loading and propagation of fire into organic soils (where fires may not otherwise spread 

if there are no trees). This will increase the fire risk/vulnerability and also enhance disconnection of 

peatlands 

2.5 Summary 

In summary, this review synthesized a set of key structural features of disturbed peatlands that are 

likely more vulnerable to future wildfires: namely taller and more dense vegetation near seismic lines, 

shrubification in peatland margins, and a shift to more flammable moss species in hydrologically 

disconnected peatlands. While more work may be required to translate basic vegetation structure 

information (such as canopy height) into measures of wildfire fuel load or structure, understanding the 

processes that cause changes in vegetation structure may allow researchers to better predict future states 

of the environment with a changing climate.  Mapping and modelling these peatland features in the OSR 
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may allow a better understanding of future wildfire behavior, and its effects on the wildfire risk to nearby 

human development as well as the global C and climate systems.  

 

Chapter 3: Data and Methods 

 

3.1 Study area: 

The study was located in the Oil Sands Region (OSR) of north central Alberta within the Boreal 

Plains ecozone (Figure 1a). Two areas were used for model development using field and coincident lidar 

datasets, illustrated in Figure 3.1b and 3.1c, namely the Utikuma Regional Study Area (Utikuma) and an 

area of burned/unburned peatlands and forest ~30 km south of Fort McMurray (Ft. McMurray). Models 

were applied across 3 ~110 km long transects, which intersect at Fort McKay (Figure 3.1d).  

The Boreal Plains ecozone of western and central Canada is characterized by deep, heterogenous 

glacial deposits, which make up the surficial geology and underly areas of deep peat (>0.4m) within 

peatlands (Ireson et al., 2015). The mosaic of forests, wetlands, and open water has approximately 45% of 

the area covered with peatlands, with upland forests and lakes making up the other proportions of the 

ecozone (Ficken et al., 2019). Here, the mean annual air temperature is ~1°C, with mean daily 

temperatures ranging from −17°C in January to 17°C in July; average annual cumulative precipitation is 

approximately 420 mm (ECCC, 2019). Vegetation species within the study area include black spruce 

(Picea mariana), Tamarck (Larix laricina), white spruce (Picea glauca), and lodgepole pine (Pinus 

contorta). Shrub species include willow species (Salix spp.), alder species (Betula spp.), and Labrador tea 

(Ledum groenlandicum), with varying herbaceous vegetation and Sphagnum species (e.g. Sphagnum 

fuscum, Sphagnum cymbilifolium) and feather mosses (Ptilium spp.).  
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Figure 3.1. a) Map of the location of study sites in the Boreal Plains Ecozone in central Alberta; b) extent 

of 2019 airborne multispectral lidar collection and field sampling transects within burned and unburned 

areas. The historical wildfire perimeter in panel b) is dated to 1956 (Alberta Agriculture and Forestry, 

2021); c) extent of 2018 airborne multispectral lidar data collection and locations of field sampling 

transects within (recently) unburned areas. The historical wildfire perimeter in panel c) is dated to 2016 

(Alberta Agriculture and Forestry, 2021); d) extent of bi-temporal radial airborne lidar transect data 

collected between 2008-2018. The wildfire perimeters in panel d) are dated to 1948, 1950, 1981, and 

2011 (Alberta Agriculture and Forestry, 2021). 
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3.2 Field data collection 

Field data were collected from a total of 19 (recently) unburned vegetation transects at Utikuma (11) 

and Ft McMurray sites (8) (Figure 3.1b, c). Only unburned transects or those that have remained 

unburned since 1956 were considered in this study to ensure vegetation structures with significant fuel 

loads for fire based on Thompson et al. (2017).  They estimate that peatlands and upland forests may only 

take ~20 years to reach the high biomass/fuel amounts required for high intensity fires (Thompson et al., 

2017). Transects were located primarily within peatlands and peatland transitional areas (such that one 

part of the transect was in the transition zone and traversed perpendicularly into the peatland). Within the 

19 transects, 240 1x1m ‘micro’ plots were installed. Within each micro plot, vegetation height, % cover, 

and dominant/subdominant species were measured and was used to determine canopy fuels (ACF) using 

allometric equations (section 3.4). Transects were located at start and end locations using a survey‐grade 

Global Navigation Satellite System (GNSS) with post-processing to obtain centimeter positional 

accuracy. Each plot was located at 2 m using a tape measure to a distance of between 15 and 25 m 

between GNSS base and rover stations.  

 Plots were then manually classified based on species information and distribution. Here, plots were 

excluded when both trees and shrubs were coincident within the same plot. This avoids plots with 

complex and overlapping/multi-tiered structures, which can complicate or add additional uncertainty 

when comparing field and airborne lidar based vegetation height data. This yielded a set of primarily 

shrub (hereafter ‘shrub plots’; n=84) and primarily tree plots (hereafter ‘tree plots’; n=78). Tree plots 

were predominantly coniferous with 94.7% of tree plots containing black spruce. Shrub plots were further 

classified into open and closed canopy shrub plots based on manual inspection of airborne lidar point 

clouds. Open canopy shrub plots (n=34) included no tree canopies overlaying shrubs and closed canopy 

plots (n=44) included tree canopies overlying shrubs. 
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3.3 Remote sensing data collection and processing: 

 

Three main airborne lidar data collections were used to model ACF in order to quantify and 

understand the impact of human disturbance on the distribution of ACF in boreal peatlands. Data 

collections included a multispectral airborne lidar data collection near Ft. McMurray (mid July, 2018), 

and a multispectral airborne lidar collection in Utikuma (late July, 2019). These two lidar surveys  were 

used to train and validate the allometrically derived ACF regression model and were collected with the 

same lidar system on the 18th of July, 2018 and the 29th of July, 2019, respectively. Bi-temporal airborne 

lidar data collections were used to quantify and map change in peatland ACF loads over a period ranging 

from 8 to 11 years. Collection dates of historical data circa 2008 varied between 2005-2010 but were 

consistently surveyed between June and early September to avoid phenological changes. These historical 

data circa 2008 were collected with a single channel 1064 nm discrete return scanning airborne lidar and 

licensed to the Government of Alberta as part of the provincial lidar mapping program. The second 

bitemporal survey was conducted by the ARTeMiS Lab (University of Lethbridge) in early August 2018 

using a Teledyne Optech Inc. (Canada) Titan multi-spectral lidar. This system has three laser channels 

(C1, C2, and C3) at wavelengths of 1550 nm (shortwave infrared; SWIR), 1064 nm (near infrared; NIR) 

and 532 nm (green), respectively (Hopkinson et al., 2016). 

All three lidar datasets were processed identically to maximize comparability of the data, 

collected with different sensors. Point clouds were processed for quality control in Terrascan (Terrasolid 

Inc. Finland) by removing spurious points including belowground points (from multi-path interaction), 

high points, and isolated points. A ground classification was completed using only single and last returns 

of C2 (1550nm) and C3 (1064nm) wavelengths for the multichannel datasets to increase point density and 

reduce the potential for vertical noise due to a larger footprint area and non-nadir forward angle of C3 

(532 nm, Hopkinson et al., 2016), making it less optimal for ground classification. All returns from all 

channels were used to maximise the point density within vegetation (shrub and tree) canopies. Single 
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channel lidar data (circa 2008) were processed using the same parameters as for the multi-spectral lidar 

data, but included only laser pulse emissions at 1064nm. Aboveground returns were height normalized in 

LasTools (RapidLasso, GmbH) using lasheight. Height normalized pointclouds from the Utikuma (2019) 

and Ft. McMurray (2018) datasets were extracted from circular polygons at variable radii (0.5, 0.75, 1.0 

and 2.0m) to correspond with the location of field plots for model development and to examine the 

impacts of low point density on small radii plots. A suite of 25 lidar statistical metrics were computed 

directly from these extracted point clouds in R (R Core Team, 2021) and used for model development 

(Table 1). Based on results of model development, selected lidar statistical metrics were gridded at a cell 

size of 2m in LasTools (lascanopy) for use in model implementation.  

Table 3.1. List of lidar based metrics used to predict field measured Available Canopy Fuel (ACF) and 

their descriptions. 

Name  Description 

Mean mean height above ground of all laser pulse returns 

Max maximum height above ground of all laser pulse returns 

Min minimum height above ground of all laser pulse returns 

std standard deviation of height above ground of all laser pulse returns 

p01 first percentile of height above ground of all laser pulse returns 

p05 fifth percentile of height above ground of all laser pulse returns 

p10 tenth percentile of height above ground of all laser pulse returns 

p25 twenty fifth percentile of height above ground of all laser pulse returns 

p50 fiftieth percentile of height above ground of all laser pulse returns 

p75 seventy fifth percentile of height above ground of all laser pulse returns 

p90 ninetieth percentile of height above ground of all laser pulse returns 

p95 ninety fifth percentile of height above ground of all laser pulse returns 

p99 ninety ninth percentile of height above ground of all laser pulse returns 

n number of all laser pulse returns within the plot 

cov_0.5 the number of first returns above the 0.5m divided by the number of all first returns. 

Represented as a percentage 

cov_1 the number of first returns above the 1m divided by the number of all first returns. 

Represented as a percentage 

cov_1.3 the number of first returns above the 1.3m divided by the number of all first returns. 

Represented as a percentage 

cov_1.5 the number of first returns above the 1.5m divided by the number of all first returns. 

Represented as a percentage 

dns0 the number of all points above ground divided by the number of all returns 

dns0.15 the number of all points above 0.15m divided by the number of all returns 

dns0.3 the number of all points above 0.3m divided by the number of all returns 
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dns0.5 the number of all points above 0.5m divided by the number of all returns 

abv average square height 

kur kurtosis 

ske skewness 

 

 

In addition to the airborne lidar data, a Predictive Landcover layer from the Alberta Biodiversity 

Monitoring Institute (ABMI) was used to determine peatland areas. This landcover layer is a part of the 

Advanced Landcover Prediction and Habitat series used to identify wetland classes at 10m spatial 

resolution. The classification was developed using a convolutional neural network approach (ABMI, 

2019), and has an overall accuracy of 87% for peatlands (DeLancey et al., 2019).  In addition, the 

satellite-based Human Footprint Inventory circa 2019 (HFI; ABMI Human Footprint Inventory, 2019) 

was used to quantify the spatial distribution of different types of anthropogenic disturbances in the study 

area.  

 

3.5 Calculating plot level Available Canopy Fuel (ACF) from allometric equations 

Canopy fuels are considered the most dangerous fuel type to humans as they are important for 

determining the likelihood of a crown fire (Scott & Rienhardt, 2001). There are numerous ways to assess 

canopy fuel load, and different fire behaviour models require different fuel load metrics as inputs to 

predict canopy fires (Scott & Reinhardt, 2001; Marino et al., 2012; Marshal et al., 2020).  Available 

Canopy Fuel (ACF) is the mass of combustible fuel in the canopy and includes dead and live foliage as 

well as non-foliage elements like small branches and lichens (Scott & Rienhardt, 2001, Johnston et al., 

2015). Because destructively sampling and weighing these components is impractical and expensive, the 

biomass of these components is usually estimated using allometric equations. For example, allometric 

equations from Lambert et al., (2005) and Ung et al., (2008) can be used to determine the biomass of 

foliage, bark, branch, and stem wood components for most common tree species in Canada. These 

equations have also been used to estimate foliage biomass in boreal upland, peatland, and transitional 
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zones for wildfire fuel assessments (Thompson et al., 2017). While there are other important canopy fuel 

metrics such as canopy base height (CBH), canopy bulk density (CBD), and foliar moisture content (Hall 

et al., 2005, Bright et al., 2017; Erdody & Moskal, 2010), this thesis focuses only on ACF, as there are 

insufficient field data to model CBH, CBD and foliar moisture content.  

ACF was estimated from structural vegetation data measured within 1x1m vegetation plots along 

transects through peatlands and peatland transitional areas. ACF from tree plots was calculated based on 

tree biomass from allometric equations developed for multispecies short stature trees and shrubs found 

within boreal peatlands in Flade et al. (2020). In Flade et al., (2021), they determined that 46% of total 

tree biomass is contained in branch and foliage compartments. With the assumption that peatlands often 

burn in the most severe fires during extremely dry or prolonged dry years, it was assumed that branch and 

foliage compartments of predominantly black spruce (94.7% of all tree plots) would be available to burn. 

Tree biomass was thus calculated at 46% of whole tree biomass as described in Flade et al., (2021). 

Deciduous trees were not considered to contribute significantly to canopy fuel loads (e.g. Thompson et 

al., 2017) so were not included in tree ACF. As plots were 1m2 the sum of all ACF measurements within 

the plot was translated directly into kg m-2 for scaling to the region using lidar data. 

Shrub ACF was also estimated based on allometrically derived biomass from Flade et al., (2020). 

It was assumed that entire shrubs would be available to burn in a severe fire. Typically, shrubs are not 

considered to contribute significantly to fuel loads in boreal regions; however, shrubs contribute 

significantly to fuel loads in more arid regions such as the western United States (e.g. Martin, 1981) or the 

Mediterranean (e.g. Morvan & Dupuy, 2004), which may mimic shrub fuel condition in boreal regions in 

extremely dry years. In the boreal, Thompson et al. (2019) state that non-treed peatlands with low water 

tables can contribute to fire spread and estimate that open fens and bogs act as standard grassland type 

fuels (‘O-type’ in the Canadian Fire Behavior Prediction System). As such 100% of allometrically 

derived biomass was included in shrub ACF per plot. % cover data within shrub plots was multiplied by 
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allometrically derived shrub biomass to reduce overestimates of shrub ACF. For example, if a plot was 

only 50% covered by a shrubby species, the biomass of the shrub was multiplied by 0.5 to account for the 

case where shrub biomass does not completely fill the plot. Like trees, ACF is expressed as the sum of the 

mass of flammable biomass (kg) per area of the plot (m2) as kg m -2.  

 

3.5 Model development and implementation: 

To model the distribution of ACF through disturbed and undisturbed boreal peatlands I developed 

linear regression models based on the relationships between ACF of 84 shrub and 78 tree plots, and 

corresponding lidar statistical metrics (Table 3.1). Lidar statistical metrics were extracted in circular radii 

buffers from the center of plots at 0.5m, 0.75m, 1m, and 2m radii in order to capture variability in lidar 

statistical metrics that correspond with the plot level ACF information. I used a variable plot lidar 

extraction size to compare with 1m x 1m field plots for two reasons: 1) to maximize the point density for 

comparison with increasing radii; and 2) to reduce slight positional uncertainties in plot location, which 

occur with distance between GNSS position at beginning and end of transects. Here, I make the 

assumption that vegetation structural characteristics in the 1 m radius surrounding each plot are similar to 

that which is in the plot. Relationships between ACF and lidar point cloud/structural metrics were tested 

for all plots (treed and open) as well as subsets of all plots (treed vs. open and groupings in Table 3.2) in 

order to determine the optimal structural (open vs treed) and area-based (radius) comparisons so as to 

identify uncertainties (e.g. associated with multi-tiered vegetation structures and/or variations in point 

density) (Table 3.2).  
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Table 3.2. Field plot subsets and descriptions used in different iterations of regression modelling.  

Subset name Subset description 

Trees all Tree only plots from Utikuma and Ft McMurray sites. These excluded plots containing 

aspen trees. Plots that were included contained conifers (mainly black spruce and 

tamarack)  

Trees trim Tree only plots from UTK and FMC. Plots excluded those containing aspen but 

included conifers other than black spruce. Also, plots were excluded where there was a 

difference >1m between the dominant species height and the average maximum height 

within plots 

Trees FMC Tree only plots from just Ft. McMurray, where transects were entirely unburned unlike 

at Utikuma where most plots had burned in 1956. 

 

All shrubs Shrub only plots from UTK and FMC, where shrubs were defined as having a height 

up to 3.0 m (Alberta Wetland Classification System, 2015, I think…) 

Open Canopy 

Shrubs > height of 

0.5m 

Shrub plots (measured shrubs > 0.5 m in height) manually classified based on visual 

assessment of the point cloud, such that there were no returns at heights greater than 

shrubs to a radius of 2m, thereby reducing vertical overlap between shrubs and lower 

tree branches/ladder fuels 

 

 

For all subsets (Table 3.2) the relationships between log10 transformed ACF (for normality) and 

all 25 lidar statistical metrics were examined using linear regression at 1m and 2m radii extraction radii to 

determine where uncertainties exist between field and lidar data derivatives. Because of the local 

variability of heights within shrub plots, extraction radii of 0.5m, 0.75m, 1m, and 2m were compared 

between field data and lidar structure derivatives (Table 3.1). Pearson’s R2 values were reported to 

estimate variability between measured and lidar-based observations within the model, while p-values 

(≤0.05) were reported to test the significance of the relationships between the datasets and the efficacy of 

the models for ACF. Of the resulting 300 regressions that were performed across the various iterations in 

Tables 3.1 and 3.2, the highest correlates with field measured ACF were evaluated for collinearity and, if 

suitable, chosen for use as predictor variables in a multiple regression model. A set of training plots (made 

up of one approximately third of the total plots) was used to evaluate model performance with the Root 

Mean Square Error (RMSE) of modelled ACF reported in models based on the difference between 

modelled and field-estimated (allometrically derived) ACF. 
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For model implementation—the application of allometrically derived ACF models across the 

bitemporal lidar transects (2008-2018; Figure 3.1d)—the lidar statistical metrics found to provide the best 

fit (highest R2) with plot level ACF were chosen. White et al. (2017) recommend matching the spatial 

scale of model implementation to the scale of field data collection in wall-to-wall modelling. However, 

due to an often insufficient number of returns within 1m grid cells (so as to create the point cloud 

frequency distributions in Table 3.1), data were gridded at 2m spatial resolution across all tiles of the 

study area for wall-to-wall modelling (LasTools; lascanopy). Regardless, modelling ACF distribution at 

2m is an improvement over recent fire fuel modelling studies which model fuels at lower spatial 

resolutions such as 30m (Bright et al., 2017), 20m (Erdody & Moskal, 2010), and 6.3m (Cameron, 2021).  

Lidar based statistical rasters used for wall-to-wall modelling were generated from overlapping tiles to 

reduce computing requirements; these were mosaicked together in ArcGISPro using a blend algorithm to 

minimize edge effects at tile edges. 

 

3.7 Analysis used to determine the distribution of Available Canopy Fuel 

 

To assess the impacts of human disturbance on ACF within boreal peatlands, classified peatlands 

were split into undisturbed bogs (n=101), undisturbed fens (n =334), disturbed bogs (n=134), and 

disturbed fens (n= 337) based on the intersection of peatland polygons and anthropogenic features 

classified in the HFI within the three 110 km transects crossing Fort McKay, Alberta (Figure 3.1d). The 

mean ACF and the mean of the difference in ACF (ACFd) was determined based on the circa 2008 and 

2018 lidar data collection (ACF18) within each peatland was calculated in ArcGISPro. To determine 

trends in which thematic disturbance types may drive the accumulation or loss of ACF in boreal bogs and 

fens, disturbed peatlands were subset into five disturbance classes (Table 3.3). Due to the prominence of 

resource development in the OSR (Komer & Stantovich, 2013), a particular focus was given to Oil Sands 

Development-specific disturbances, including,Low Impact Seismic (LIS), trails and roads connecting LIS 
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features (trails), and wellpads. Combined disturbance classes (Wellpad and Linear Disturbance; All 

Disturbance) were also included to act as a proxy for disturbance intensity. It was assumed that peatlands 

with all three disturbances have a greater range of impacts to ecohydrology (All disturbance) than those 

peatlands with one or two of the three disturbances (e.g. Trail disturbance; LIS disturbance; Wellpad 

disturbance (single disturbance) or Wellpad and Linear Disturbance (double disturbance, Table 3.3). 

 

Table 3.3 Disturbance classes and their descriptions. Based on the spatial data provided in the satellite-

based Human Footprint Inventory (HFI; ABMI Human Footprint Inventory, 2019). 

Disturbance Class Description 

Undisturbed Peatlands that do not intersect with any HFI 

features 

Trail disturbance Peatlands that intersect with trails only 

LIS disturbance Peatlands that intersect with Low-Impact Seismic  

(LIS) Activity 

Wellpad disturbance Peatlands that intersect with wellpads, active or 

abandoned 

Wellpad and Linear Disturbance Peatlands that intersect with both a wellpad and 

either a trail or a LIS feature (together linear 

disturbances)  

All Disturbances Peatlands that contain all three disturbances: 

Trails, LIS, and wellpads. 

 

To determine hotspots for ACF loads in WUIs, ACF gridded at 2m resolution was resampled to 

1km grid cell resolution for visualization. To obtain a wall-to-wall model of peatland ACF across the 

mosaic landscape, grid cells comprised of non-peatland areas were given a value of zero (but often do 

have ACF, especially in forests, however, this study focuses only on peatlands), while peatland areas 

retained ACF (ACF18 or ACFd) values. These values were aggregated with the ‘sum’ function in ArcGIS 

Pro to summarize total ACF loads within 1km x 1km cells, dependent on peatland area within each cell. 

Likewise, the sum of the change in ACF (ACFd) from circa 2008 to 2018 was aggregated to 1km 

resolution to determine the total canopy fuel accumulation or loss over the ~10 year period.  
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3.8 Statistical comparisons 

For comparisons between central tendency of distributions of ACF in disturbed and undisturbed 

peatland groups, Shapiro-Wilk normality tests were used to determine normality of distributions. Based 

on results of the Shapiro-Wilk test, a two-sample t-test (for normal distributions) or a Mann-Whitney U-

Test (for non-normal distributions) were conducted to test the null hypothesis that the disturbed and 

undisturbed peatland groups were the same. Statistical analyses were completed in Microsoft Excel and R 

(R Core Team, 2021).  

 

Chapter 4: Results 

 

4.1 Lidar-based ACF Model Development Results 

 

To characterize changes of ACF loads in trees and shrubs in boreal peatlands, linear regression 

equations were developed based on the relationships between ACF loads determined from allometric 

equations applied to field plot data and 25 lidar statistical metrics (Table 3.1 and Table 4.1). Results from 

regression analysis between lidar structural metrics and field measured ACF demonstrated that the subsets 

‘Trees FMC’ and ‘Open Canopy Shrubs >0.5m’ had the highest correlations (Table 3.2). Tree plots 

exclusively from Ft. McMurray field data provided stronger relationships (best R2 = 0.85, n = 30) than 

other subsets of tree plots: all tree plots (best R2 = 0.55, n = 70), or tree plots where plots with a difference 

greater than 1m between the mean height of the plot and the max height of the dominant species within 

the plot were excluded  (best R2  = 0.49; Table 4.1).  Relationships between shrub lidar structural metrics 

and allometrically-derived ACF were also improved by using as open canopy shrub plots with maximum 

measured shrub heights greater than 0.5m had a stronger relationship with lidar-derived structure (best R2 

= 0.79, n = 16) than all shrub plots combined (best R2 = 0.47, n = 74 ; Table 4.3). Relationships in shrub 
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plots also improved when lidar statistical metrics were generated from point clouds with smaller point 

cloud extraction radii (Table 4.1). 

 

Table 4.1. Strongest and second strongest (linear) R2 correlations between allometrically derived ACF 

and lidar structural metrics per field plot subset group and point cloud radii extraction buffers for trees 

and shrubs. Values in brackets are Pearson’s R2 values. Only relationships significant at alpha <= 0.05 are 

reported.  

 

 

For tree plots, the highest correlations between lidar statistical metrics and ACF were chosen 

among all combinations of the 25 lidar statistical metrics at different point cloud extraction radii. p95 

extracted at a 1m radii had the strongest relationship with tree ACF (R2 = 0.85, n = 20, p < 0.01; Table 

4.1) to avoid collinearity between p95 and other height based lidar structural metrics (e.g. max, mean, 

other percentiles) a cover metric, cov1.5, was chosen as the best second predictor variable. Among all 

cover and density metrics, cov1.5 had the strongest relationship with ACF (R2= 0.56, n = 20, p < 0.01; 

Table 4.1) and had lower collinearity (R2 = 0.64, n = 20, p <0.01) with p95 than other height-based 

metrics (not shown).  Combining lidar based measures of height (p95) and cover (cov1.5) within a 

Field Plot 

Subset 
Best 1m 

radii 

lidar 

metric 

Best 2m 

radii 

lidar 

metric 

Second 1m 

radii lidar 

metric 

Second 2m 

radii lidar 

metric  

trees_all abv (0.49) p99 (0.55) n (0.44) cov1.5 (0.37) 

trees_trim abv (0.49) p99 (0.55) n (0.44) n (0.42) 

trees_FMC p95 (0.85) p95 (0.82) cov1.5(0.56) cov0.15 

(0.34) 

allshrubs n (0.47) abv (0.32) none 

significant 

cov0.15 

(0.27) 

Field Plot 

Subset 

Best 0.5m 

radii  

lidar 

metric 

Second 

0.5m 

radii 

lidar 

metric 

Best 0.75m 

radii lidar 

metric 

Second 

0.75m radii  

lidar metric 

Best 

1m 

radii 

lidar 

metric 

Second 

1m 

radii  

lidar 

metric 

best 2m 

radii  

lidar 

metric 

second 2m 

radii lidar 

metric 

Open 

Canopy 

Shrubs > 

0.5m 

n(0.79) dns0.5 

(0.61) 

n (0.75) dns0.5 (0.53) n 

(0.65) 

dns0.5 

(0.49) 

n (0.48) dns0.15 

(0.45) 
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multiple regression is useful for estimating biomass compartments, and therefore ACF because the 

combination of height and cover is a 3D volumetric quantification of biomass (Flade et al., 2020). 

 

The results of the multiple regression with p95 and cov1.5 acting as predictor variables for tree ACF 

(ACFt ) are that:  

Tree ACF = 0.37 * p95 - 0.02 * cov1.5      [1] 

Equation 1. has an R2 value of 0.81 (n =20) with an adjusted R2 value of 0.74, p value <0.01, a standard 

error of 0.43 kg/m2 and a RMSE of 0.41kg/m2 compared with validation plots (n = 10) that were not used 

to develop the model (Figure 4.1).  

 

 

Figure 4.1.   Multiple regression model of ACF from exclusively tree plots. Modelled ACF is 

based on equation 1, where Tree ACF = 0.37p95 – 0.02cov1.5. Measured ACF is derived from 

allometrically calculated ACF, which is based on plot level vegetation measurements.  

 

For open canopy shrub plots, number of returns (n) was the best correlate with ACF among 

extraction buffers of all sizes, with R2 values of 0.79, 0.75, 0.65 and 0.48 for 0.5m, 0.75m, 1m and 2m 

R² = 0.8131
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extraction radii respectively. Despite these promising relationships, lidar data density varies between data 

collection due to differences such as flight line overlap, sensor type, and sensor configuration (Hopkinson 

et al., 2013), so the number of returns would not be comparable between different lidar datasets—such as 

is needed in this study. Instead, density of lidar returns as the proportion of returns above a height 

threshold to all returns (dns; Table 3.1) was used as a normalized measure of point cloud density. Among 

four height thresholds (0m, 0.15m, 0.3m, and 0.5m) dns0.5 was found to have the strongest relationship 

with ACF and was the second highest correlate overall with ACF of the 25 lidar statistical metrics, 

besides n. Height-based metrics, kurtosis, skewness, or measures of standard deviation were not often 

significantly related to ACF and had weak relationships (not shown). Both n and dns0.5 have stronger 

relationships with ACF when they were computed from point clouds extracted at smaller radii (Figure 

4.2). For example, Pearson’s R2 of dns0.5 and n at a 2m radius are 0.45 and 0.48 respectively, while R2 

values rise to 0.61 and 0.79 for dns0.5 and n respectively at a 0.5m radius (Figure 4.2). Despite this 

improvement in R2 values, due to low number of laser pulse returns per plot in smaller radius extraction 

buffers, dns0.5 extracted at 2m was chosen as the best predictor of ACF with the assumption that a larger 

n of laser pulse returns per plot would give a more stable relationship with ACF than that in the 0.5m 

radius extraction, as outliers could have a large impact on the correspondence of data density and ACF.  
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Figure 4.2.  Relationship between coefficients of determination (R2) of best statistical lidar 

metrics in open canopy shrub plots and the circular buffer extraction distance (radius) displayed 

on the left axis. On the right axis, relationships between data density and the circular buffer 

extraction distance (radius) are displayed. Values are means with standard deviation as error bars. 

 

With other significant predictors of shrub ACF (dns and cov) being highly colinear with dns0.5, dns0.5 

alone was chosen to predict shrub ACF. Variability in ACF with dns0.5 is larger in plots with medium 

(dns between 25% and 50%) and large (dns above 75%) dns0.5 (Figure 4.3. a.) The relationship between 

ACF and dns0.5 is represented by equation 2 where: 

 Shrub ACFs = 0.0026 dns0.5        [2] 

Equation [2] has an R2 = 0.62 (n =16) with an adjusted R2 value of 0.55, p-value < 0.01, a standard error 

of 0.12 kg/m2 ACF, and a RMSE of 0.1 kg/m2 ACF compared with 9 validation plots not used to develop 

the model (Figure 4.3a).  
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Figure 4.3. a) Relationship between ACF and dns0.5 for open canopy shrub plots. dns05 is 

calculated directly from a point cloud extracted with a 2m circular radius from the plot center. To 

demonstrate the relationship between ACF and dns0.5 and indicate ranges of variability, in b) 

boxplots of ACF from open canopy shrub plots are binned in low (dns0.5 <0.25), medium (dns0.5 

between 0.25-0.50), medium/large (dns0.5 between 0.50-0.75) , and large (dns0.5 > 0.75) groups 

based on the 1st, 2nd, 3rd, and 4th quartiles of dns0.5 respectively. Interquartile range is found at the 

upper and lower boundaries of each box (calculated with exclusive median), whiskers represent 

the maximum and minimum values outside of the 75th  and 25th percentile, and mean and median 

are shown by the x and line within the box, respectively. dns0.15 is calculated directly from a 

point cloud extracted with a 2m circular radius from the plot center. 
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Finally, a combined tree and shrub model was generated based the relationship between 

combined tree and open canopy shrub plots and lidar based p95 when extracted for a 1m radius buffer 

from the plot center, representative of the 2 m cell resolution used for scaling to the OSM study transects 

(Figure 4.4). This model provided a generalized equation for estimating peatland ACF when it is not 

possible to separate ACF field plots into tree and shrub components, though boreal peatland species such 

as black spruce contain ladder fuels that often extend to the ground. In this case, combined ACF was 

represented by the equation:  

 Combined ACF = 0.42 * p95v2 – 0.064 * p95    [3] 

Equation 3 has an R2 = 0.79 (n = 36) with an adjusted R2 =  0.56, a p-value of < 0.01.  RMSE determined 

from validation plots (n = 19) = 0.23 kg m2 ACF. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4.  Relationship between ACF and p95 for combined tree and shrub plots. P95 is 

calculated directly from a point cloud extracted with a 1m circular radius from the plot center.  

 

y = 0.042x2 - 0.0646x

R² = 0.7945

-0.50

0.00

0.50

1.00

1.50

2.00

2.50

3.00

0 2 4 6 8 10

A
C

F
 (

k
g
 m

-2
)

p95 height (m)

Open Canopy Shrub Plots

Tree Plots



 

 

 

33 

 

4.2 Comparison of 2018 Available Canopy Fuel among disturbed and undisturbed peatlands 

In terms of the impact of all human development on peatlands across the lidar transects, I found 

that ACF in 2018 was greater in undisturbed than disturbed peatlands, with greater amounts of fuels 

found in fens than bogs (Table 4.2). Based on the mean ACF per fen in disturbed and undisturbed classes, 

I found that mean ACF was 0.56 kg m-2 (std= ± 0.5 3kg m-2) and 0.60 kg m-2 (std±0.53 kg m -2), 

respectively, indicating little difference between disturbed and undisturbed fens (t test: p value = 0.33). 

Likewise, in disturbed and undisturbed bogs, ACF18 was also slightly greater in undisturbed bogs (mean 

= 0.59 kg m-2, std = ± 0.86 kg m-2) than in disturbed bogs (mean = 0.47 kg m-2, std = ±0.74 kg m-2) but 

was not significantly different (t-test: p value = 0.27) between these peatland classes and disturbances.  

Table 4.2 ACF fuel loads in 2008(ACF08), 2018 (ACF18) and ACF change between 2008 and 

2018 (ACFd) in peatlands that were intersected by anthropogenic disturbance (disturbed) and 

peatlands that were not disturbed (undisturbed). Values are presented as means (std) in units of kg 

m-2. % change values are the proportion of ACF18 that has accumulated (positive values) or been 

lost (negative values) between 2008 and 2018. 

 

Undisturbed 

Bogs 

Disturbed 

Bogs 

Undisturbed 

Fens 

Disturbed 

Fens 

ACF08 0.54 (n/a) 0.32 (n/a) 0.34 (n/a) 0.34 (n/a) 

ACF18  0.59 (0.86) 0.47 (0.74) 0.60 (0.53) 0.56 (0.53) 

ACFd 0.050 (0.60) 0.15(0.65) 0.26 (1.05) 0.22(1.04) 

% change 8% 32% 43% 39% 

 

At the landscape scale, these results may indicate that ACF in bogs could be more sensitive to 

human disturbance than fens as we see greater differences between disturbed and undisturbed ACF in 

bogs than fens (Table 4.2), but there was not clear statistical evidence of these trends, likely due to wide 

variability in environmental and disturbance characteristics of peatlands across a large area. As such, 

disturbed peatlands were split into five disturbance categories (Table 3.3) to investigate the influence 

disturbance type and disturbance intensity on ACF accumulation and loss in the recent 10-year period. 

This section reports on the 2018 distribution of ACF18 across undisturbed and disturbed peatlands 
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(ACF18) and the following section (section 3.3) reports on the distribution of the difference of ACF 

between 2008 and 2018 datasets (ACFd).  

In both bogs and fens, ACF18 of the undisturbed group of peatlands was significantly greater 

than or equal to the ACF of all disturbance classes (Figure 4.5a, 4.5b). In bogs, average ACF of the all-

disturbance category was = 0.13 kg m-2, std = ± 0.08 kg m-2, significantly lower than the undisturbed 

group, which had an average (std) of 0.52 (0.29) kg m-2 (Mann-Whitney U Test: p-value < 0.01; Figure 

4.5a). The distributions of mean ACF found within typically lower intensity disturbances—LIS, Trail, 

Wellpad, and Wellpads and Linear—were not significantly different from the undisturbed group (Mann-

Whitney U Test: p-value = 0.13, 0.14, 0.09 and 0.9, respectively; Figure 4.5a). Notably the p-value of the 

wellpad group (considered a high intensity disturbance) indicates that there is only a 9% chance that the 

distribution is the same as the undisturbed group.  

Similar patterns were observed in fens, as the only significant differences in distributions of mean 

ACF from the undisturbed group were found in the highest intensity HFI classes (all disturbance and 

wellpad disturbance; Figure 4.5b). Wellpad disturbance had an average ACF of 0.42 kg m -2 (std = ± 0.58 

kg m-2) and all disturbance ACF was 0.20 kg m -2 (std =±0.53 kg m-2), both significantly lower than the 

undisturbed group, which had an average ACF of 0.58 kg m-2 and std = ±0.53 kg m-2 (Mann Whitney U 

Test: p-value= 0.02, p-value <0.01 for wellpads and all disturbance, respectively; Figure 4.5b). All other 

lower intensity disturbance classes had insignificant differences from the undisturbed class (p value = 

0.21, 0.51, 0.12 or LIS, Trails and Wellpads and Linear, respectively; Figure 4.5b).  
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Figure 4.5.  Boxplots of average ACF18 per peatland for different disturbance classes in bogs (a) and fens 

(b). Interquartile range is found at the upper and lower boundaries of each box (calculated with exclusive 

median), whiskers represent the maximum and minimum values outside of the third and first quartile, and 

mean and median are shown by the x and line within the box, respectively. 

a) 

b) 

bogs 

fens 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/quartile
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4.3 Comparison of Available Canopy Fuel change between 2008 and 2018 among disturbed and 

undisturbed peatlands 

 

For comparisons with the difference in ACF between the 2008 and 2018 data collection, 

disturbed fens had an average ACF change of 0.22 kg m-2 (std = ±1.04 kg m-2), or a 39% increase from 

2008 levels, and undisturbed fens had an average ACF change of 0.26 kg m-2 (std = ±1.05 kg m-2) or a 

43% increase from 2008 levels (Table 4.2). Disturbed bogs had larger changes in ACF than undisturbed 

bogs, where disturbed bogs gained an average (std) ACF of 0.15 (0.65) kg m-2 a 32% increase from 2018 

levels, and undisturbed bogs gained 0.05(0.60) kg m-2, an increase of 8%, over the ~10 year period. 

Notably, all four groups, disturbed and undisturbed bogs and fens, gained ACF during the study period 

(Table 4.2), and fens may be accumulating ACF more rapidly than bogs in the recent ~10year period 

between 2008 and 2018 (Table 4.2).  

Among oil sands specific disturbance classes (Table 3.3) in bogs, ACFd was either the same (LIS, 

Wellpads and Linear) or significantly greater (Trails) than the undisturbed class, with Mann-Whitney U 

Test p-values of 0.15, 0.71 and 0.02, respectively (Figure 4.6a). Interestingly, significant increases in 

ACF were observed in trail disturbed bogs (average ACF = 0.22 kg m-2, std ±0.08 kg m-2) compared to 

undisturbed bogs (average ACF = 0.08 kg m-2, std ±0.62 kg m-2). Unlike differences in ACF18 loads 

(section 4.2), Trail disturbance was considered to be a low intensity disturbance, with only 6.9% of 

proportional area of bogs impacted by trails. In fens, change of ACF from 2008 to 2018 were similar to 

what was observed in ACF18 comparisons (Figure 4.6) and comparisons across all peatlands and all 

disturbance (Table 4.2). Not all disturbance classes were significantly different from the undisturbed fens 

(Mann-Whitney U Test p value > 0.05), except for in areas with high intensity wellpad class, where the 

canopy fuel accumulation (average ACF = 0.13 kg m-2, std ±0.33 kg m-2) was less than that in undisturbed 

fens (average ACF = 0.17 kg m-2, std ±0.39 kg m-2, Mann-Whitney U test p value = 0.01; Figure 4.6b).  
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Figure 4.6.  Boxplots of ACFd change between 2008 and 2018 for different disturbance 

classes in bogs (a) and fens (b), where positive indicates an increase in ACF over the 10-year 

period and negative indicates a loss in ACF.  Interquartile range is found at the upper and lower 

boundaries of each box (calculated with exclusive median), whiskers represent the maximum and 

minimum values outside of the third and first quartile, and mean and median are shown by the x 

and line within the box, respectively.  

 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/quartile
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4.4 Mapping the distribution of ACF loads in the wildland-urban interface (WUI) 

 

Mapping ACF and the changes in ACF during a ~10 year period provides opportunities to 

determine the implications of ACF distributions for communities in the WUI. Here, I found a broad range 

of ACF accumulation across the 10-year period, resulting in as much as 299,000 kg of ACF per km2 in 

areas containing high proportions of peatlands. This is equivalent to ~0.30 kg per m2, excluding changes 

in biomass within forests and transition zones. In other areas, there was very little ACF accumulation 

because there were few to no peatlands (though other land cover classes will undoubtedly result in change 

in ACF in those areas, unless ecosystems have been entirely removed). On average, peatland fuel loads 

within 1 km x 1 km cells were 21,660 kg ACF km-2 (std = ±42,015 kg ACF km-2).  Particular areas of 

large ACF increases over the 10-year period were found south and east of Ft. McKay, with significant 

isolated pockets of ACF increases also to the north and west (Figure 4.7a). In general, increased peatland 

fuel loads occurred in areas of higher proportion of peatlands (Figure 4.7a). 

Spatial patterns of ACF change follow the 2018 distribution of ACF, with rapid ACF 

accumulation to the south and west of Ft. McKay (Figure 4.7a, b). In 1km2 grid cells, maximum ACF loss 

was -25,008 kg ACF km -2 and maximum ACF accumulation was 123,780 kg ACF km -2. Most grid cells 

show gains in ACF during the 10-year period, while the average change in ACF was an accumulation of 5 

630 kg ACF km-2 (std =+12,200 kg ACF km-2). Based on estimates of 2018 peatland ACF levels, 

peatlands have gained 26% of the total ACF available in 2008 per km2 over the period between 2008 and 

2018.  
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Figure 4.7. Maps of : a) total ACF (kg) per 1km2 grid cell along radial lidar transects surrounding Ft. 

McKay; and, b) total ACF (kg) change per 1km2 grid cell along radial lidar transects surrounding Ft. 

McKay. ABMI classified wetlands in the surrounding area are marked in dark grey, showing the 

prevalence of peatland landcover in the area.  

a) 

b) 
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Chapter 5: Discussion 

 

Results of this study indicate that airborne lidar data are a viable resource for predicting canopy 

fuel load of boreal peatlands. In the OSR near Ft. McMurray, modelling ACF across a complex landscape 

of human disturbance and dynamic ecohydrology informs on how human disturbance can have a 

complicated effect on the fuel loads of peatlands. I find rapid increases in ACF loads in both disturbed 

and undisturbed peatlands during the ~10 study period, with differences between disturbed and 

undisturbed bogs indicating that disturbance may have a greater effect on canopy fuel accumulation in 

bogs than in fens. Similar studies have shown shifts in vegetation structure in disturbed boreal peatlands, 

but to my knowledge none have quantified the effect of anthropogenic disturbance on peatland fuel loads 

across a large number of peatlands (n=906) such as here. In this chapter, the fuel loads observed here are 

compared to similar observations for boreal bog and fuel canopy fuel loads. Next, the climate change 

implications of changing peatlands and impacts from human disturbance are discussed in detail. Finally, 

the risks of climate change and disturbed peatlands to communities are discussed, with management 

implications.  

5.1 Comparison of peatland ACF to previous studies 

Similar studies have quantified wildfire fuel loads in peatlands in part to address the lack of 

peatland specific fuel information provided by the Fire Behaviour Prediction (FBP) system used in 

Canada and internationally to assess wildfire fuel loads of common landcover types (e.g. Johnstone et al., 

2015; Thompson et al., 2019). A main challenge in determining the amount of biomass available to burn 

in peatlands is assessing moisture content of often biomass rich areas. That is, peatlands can have large 

quantities of biomass but only a portion of that will be available to burn based on the water table depth 

and drying/curing of associated fuels (Thompson et al., 2017). Peatland fuel loads discussed here assume 

that climatic conditions are favourable for severe burning and canopy fires within ephemerally wet 
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peatland areas, a phenomenon that may be more common in this period of climatic warming and drying 

(Thompson et al., 2019). 

Without considering ground fuels in deep organic layer deposits, or surface fuels in cured grasses 

and sedges, canopy fuel loads of peatlands are generally smaller than canopy fuel loads of nearby upland 

forested areas (Thompson et al., 2017; Cameron, 2020). Cameron (2020) used field and airborne lidar 

data to model forest structural characteristics of managed and unmanaged black spruce stands and found 

that canopy fuel loads (CFL) can reach 5.5kg CFL m-2 with a mean(std) of 2.3 kg CFL m-2 (1.55 kg CFL 

m -2). These estimates are significantly larger than fuel estimates for black spruce dominated bogs and 

fens presented here as average(std) ACF for bogs was 0.59kg ACF m-2 (0.86 kg ACF m-2) and 

average(std) ACF for fens was 0.60 kg ACF m-2  (0.53 kg ACF m-2; Table 4.2). That uplands contain 

more canopy fuels than wetlands is consistent with findings by Thompson et al. (2017) who find that total 

fuel load (including both surface and canopy fuels) averaged 0.85 ±0.20 kg m-2 in wetlands, and 1.45 ± 

0.24 kg m-2  across uplands. Though not as large as upland areas, smaller canopy fuel loads detected in 

peatlands are still significant to sustain high intensity fires at rapid spread rates (Johnstone et al., 2015; 

Thompson et al., 2017). For reference, 0.8 kg m-2 is the canopy fuel loading from the standard boreal 

spruce C-2 fuel type, only a ~20% increase from the mean canopy fuel load detected across 906 peatlands 

in this study.  

Within undisturbed bogs, an average ACF of 0.59kg ACF m -2 (std =± 0.86 kg m-2) (Table 4.2; 

Figure 4.5) is comparable to but larger than similar findings in the region. Johnstone et al. (2015) use a 

time-for-space chronosequence approach to find that canopy fuel loads in forested bogs range from 0.007 

kg CFL m-2 in recently burned bogs (within three years) to 0.94 kg CFL m-2 in sites with over 100 years 

since the last fire. On average, sites within 25-80 years since last fire (a time since fire range comparable 

to the majority of the study area used here; Figure 3.1) contained an average of 0.29 kg CFL m-2 in the 

Johnstone et al. (2015) study. If all study sites in the Johnstone et al. (2015) study are averaged, CFL 
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loads may be as large as an average of 0.40 kg CFL m-2  among 8 field sites (average 45 years since fire). 

These results are smaller than the undisturbed bog ACF estimate presented here (average = 0.59kg ACF 

m-2, std+- 0.86 kg ACF m-2; Table 4.2, Figure 4.5), perhaps partly due to the fact that Johnstone et al. 

(2015) do not account for shrub biomass as potential wildfire fire and use smaller proportions of black 

spruce biomass as canopy fuel than this study. It may also be that rapid fuel accumulation in the Ft 

McKay area over the last 10 years (fuel loads in bogs have increased 8% to 32% of 2018 levels in the 

previous ~10years; Table 4.2) is resulting in relatively large canopy fuel loads in the area.  

 In undisturbed fens, Schiks et al. (2016) find that total fuel load of boreal fens varies across fen 

types as treed fens averaged (0.98 ±0.098 kg CFL m-2 ), while open or shrub sites contain 0.48 ±0.045 kg 

CFL m-2 and 0.69 ±0.07 kg CFL m-2, respectively. These estimates are consistent with findings in this 

study that fens ACF is 0.60 kg ACF m-2  (0.53 kg ACF m-2; Table 4.2). Results from Schiks et al. (2016) 

and Johnstone et al. (2015) might support the finding that forested bogs have a narrower range of 

variability in ACF loads, perhaps due to consistent black spruce cover (we find 94.7% of field plots 

contain black spruce), while wider variability in vegetation structure of treed, open or shrubby fens may 

cause larger variability in the canopy fuel loads of fens compared to bogs (Figure 4.5). Importantly, 

surface fuel loads are not often found to be significantly different between study sites (Schiks et al., 

2016), with differences in fen tree and shrub canopies driving the variability in boreal fen canopy fuel 

loads. This study demonstrates the utility of using airborne lidar data to quantify ACF based on tree 

canopy characteristics (Figure 4.1,4.2,4.3,4.4). In other words, the features most important to determining 

canopy fuel loads of boreal peatlands are those most detectable with airborne lidar data and the methods 

presented in this study.  

5.2 Climate Change implications and changing peatlands 

Afforestation and shrubification are known to cause drying of peatlands through increased rates of 

evapotranspiration, which lowers the water table (Waddington et al., 2015). Water table depth has important 
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links to most ecohydrological feedbacks in peatlands, with strong links to peatland conditions such as peat 

thickness, moss community composition, moisture retention, and evapotranspiration (Waddington et al., 

2015). When drying is significant enough to promote deep burning into the ground fuels of peatlands, we 

could reach ecological tipping points where we observe dramatic shifts in plant communities (Kettridge et 

al., 2015; Lenton et al., 2019).  

Previous studies have identified increase shrubification and afforestation of northern peatland and 

tundra areas in response to climatic warming (Berg et al., 2009; Ropars & Boudreau, 2012; Waddington et 

al., 2015). Increased shrubification and/or afforestation of previously unforested peatlands has potential to 

cause a positive drying feedback due to increased transpiration and lowered water tables (Waddington et 

al., 2015). On large scales, this feedback may disrupt the refugia potential of boreal peatlands to act as 

buffers to climate change as we could expect to see widespread drying, a shift to later successional stages 

of peatlands, and potentially a more flammable landscape (Stralberg et al., 2020). Here, results show 

consistent and rapid increases of ACF in undisturbed peatlands (Table 4.2, Figure 4.6, Figure 4.7) which 

may provide support for this shrubification/afforestation feedback across the study area. For example, mean 

ACF change between 2008 and 2018 was 0.05 kg ACF m-2 and 0.26 kg ACF m-2 among undisturbed bogs 

and fens, respectively (Table 4.2). These changes represent an 8% (bogs) and 43% (fens) increase in ACF 

accumulation over a ~10 year period, indicating that climate mediated afforestation may be driving a rapid 

increase in peatland canopy fuels.  

Peatlands are crucial areas to global C storage; they store about one third of the world’s soil C—an 

amount comparable to the C in the atmosphere, and greater than that in all terrestrial vegetation (Gorham, 

1991; Nelson et al., 2021). While this study has assessed only the availability of canopy fuels, not the 

susceptibility of C rich peatland soils to combustion and C release, the flaming and smouldering processes 

are linked, as fuels can transition from flaming to smouldering and visa versa (Thompson et al., 2015). This 

means that energy output from the combustion of canopy and surface fuels can ignite ground fuel layers 
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depending on the energy of the fuel front, spread rate, and moisture of the ground fuels (Thompson et al., 

2015). Notably, moisture and oxygen conditions in ground fuels must be suitable for sustaining smouldering 

to occur, which has been strongly linked to depth to water table (Benscoter et al. 2011; Kettridge et al., 

2015). Thus, in combination with water table depth information, knowledge about canopy fuel availability 

should enhance our assessments of peatland availability to burning and might inform fire managers in 

assessing prolonged smouldering. Perhaps more importantly, fuel availability in peatlands may be one of 

the most important controls on biomass loss and C emissions in boreal peatlands (Walker et al., 2020), with 

potential implications for these areas to act as a climate tipping point (Lenton et al., 2019).  

 

5.3 Effects of anthropogenic disturbance of ACF loads of peatlands 

 

While we can see the effects of climate driven ACF accumulation across the study site in undisturbed 

bogs and fens (Figure 4.5, Figure 4.6, Figure 4.7), direct effects of human disturbance on ACF 

distribution are more nuanced.  Recent studies on linear disturbance in peatlands and boreal upland forests 

demonstrate that increases in vegetation height and cover are expected up to 30m and can exist as far as 

100m (Dabros et al., 2017; Abib et al., 2019) from linear disturbance due to changes in environmental 

gradients (e.g. increased solar radiation (Stern et al., 2018)) with proximity to linear disturbance. Linear 

features can also disrupt hydrological function of peatlands (Saraswati et al., 2020), which we expect to 

lead to lowered water tables and increases in shrubification (Chasmer et al., 2020). For example, Chasmer 

et al. (2020) used the same dataset to this study and found that wetland shape complexity and proportion 

of HFI was significantly related (p<0.01) to increases in shrub growth, particularly in bogs. Taken 

cumulatively, we can expect to see increased shrubification in disturbed peatland and thus greater fuel 

loads in these areas. In terms of recent 2018 ACF levels, I do not find broad trends of increased fuel loads 

in disturbed peatlands as the literature may suggest (Table 4.2, Figure 4.5). Instead, we find reduced fuel 

loads in disturbed peatland areas compared to undisturbed peatland areas (Figure 4.5), with less ACF in 
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more intensely disturbed peatlands (Figure 4.5a, Figure 4.5b). For example, the highest intensity of 

disturbance class—All disturbance—has the lowest ACF18 among all disturbance classes in both bogs 

and fens (Figure 4.5a, Figure 4.5b). Given recent studies into the effectiveness of fuel reduction 

treatments (e.g. FireSmart) to reduce the rate of spread and intensity of modelled fires (Marshall et al., 

2020), I suggest that reduced ACF18 loads in disturbed peatlands found here could be attributed to the 

removal of vegetation. Though notably, in the Marshall et al. (2020) study they showed that removing 

vegetation in strips analogous to seismic lines or dense trail systems reduced surface roughness/friction 

which increases wind speeds and fire rate of spread by as much as 20%. This reinforces the fact that fuel 

loads are only one part of the equation in translating vegetation structure on the ground into fire behavior; 

other common factors not examined here include fuel moisture, weather, and topography (Scott & 

Reinhart, 2001).  

However, when I examine the changes in ACF over a ~10 year period I find evidence that disturbance 

may cause increases in ACF accumulation over time, particularly in bogs. I suggest that disturbed 

peatlands with reduced fuel loads due to removed vegetation in 2018 may have not had time to 

accumulate ACF. In support of this, ACF accumulation of bogs between disturbed with linear disturbance 

in the form of the ‘Trail disturbance’ category is approximately 81% greater than the undisturbed class of 

bogs between ~2008 and 2018 (Figure 4.6a), which may support the results of previous studies that linear 

disturbance can alter environmental gradients and disrupt hydrology, resulting in vegetation growth 

(Dabros et al., 2017; Abib et al., 2019; Chasmer et al., 2020; Saraswati et al., 2020). Interestingly, other 

linear disturbance such as seismic lines or the combination of linear disturbance and other features such as 

wellpads do not appear to cause significant differences in bog ACF change over the ten years (Figure 

4.6a), nor are there significant increases in ACF in any disturbance class in fens (Figure 4.6b). It may be 

that trails are a more disruptive linear disturbance in bogs due to higher traffic and compaction causing 

lowered water tables (Loviit et al., 2019) or interactions are complex and depend on the size, orientation 
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or age of the disturbance feature, which were all identified as important factors in vegetation change by 

Abib et al. (2019) but were not examined in this study.  

Additional support for the effect of human disturbance on peatlands is found in large % change of bog 

ACF over the ~10 year period (Table 4.2). ACF of undisturbed bogs is found to be fairly stable over the 

~10 year period as they gain 8% of 2018 ACF levels, but disturbed bogs seem to be accumulating fuel 

rapidly as they gain 32% of 2018 ACF levels between ~2008 and 2018 (Table 4.2). While disturbed and 

undisturbed fens both have large % changes in ACF loads (39% and 43%, respectively) there are not large 

differences in ACF change between disturbed and undisturbed fens like we find in bogs (Table 4.2). This 

may indicate that bogs could be more stable ecosystems (ecosystem-mediated refugia) when undisturbed, 

but they are vulnerable to large vegetation (and subsequently ACF) changes when disturbed. The 

propensity for fens to accumulate fuel in both undisturbed and disturbed classes (39% and 43% 

respectively) may indicate that fens could be particularly vulnerable to climate-driven changes in 

vegetation structure and canopy fuel loads.  

 

5.4 Modelling ACF loads near communities: Recommendations for the WUI 

 

As urban areas expand rapidly into surrounding forested areas across North America, wildfire fuels 

may be becoming disproportionately abundant in areas near human communities (the WUI) due to fire 

exclusion (Radeloff et al., 2018; Pariesien et al., 202;). I find that human disturbance of bogs may be 

causing large increases in the amount of canopy fuel accumulation as disturbed bogs gain 32% of 2018 

fuel loads and undisturbed bogs gain only 8% (Table 4.2). More specifically, I find that that the 

development of trails near communities could be disturbing peatlands (notably bogs) and consequently 

enhancing ACF accumulation within the recent ~10 year period (Figure 4.6a). These results may suggest 

that biophysical risk of wildfire in the WUI is not solely about fire exclusion (e.g. Parisien et al., 2020). 

Rather, the way we alter potentially sensitive landscapes around our communities (such as peatlands) may 
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physically increase the amount of fuel available to burn (Table 4.2, Figure 4.5, Figure 4.6, Figure 4.7)—

and potentially increase the hazard of wildfires to communities in the WUI.  

 

At the WUI, interactions between biophysical features (such as those quantified in this study) and 

social systems are complex, but both influence the probability of wildfire caused loss in the WUI (Ager et 

al., 2015). Along with calls for an improved integration of social and biophysical factors in community 

wildfire protection planning, and a greater attention to socioeconomic drivers of wildfire caused loss, 

Ager et al. (2015) emphasize a need for improved biophysical characterization of wildfire risk in the 

WUI. In terms of inadequate biophysical risk characterization, one weakness of current management 

frameworks is that fires often burn through mosaics of landcovers (such as the peatlands and boreal 

forests described in this study) but also through mosaics of land ownership and management districts 

before they enter the WUI and pose a hazard to communities. This implies a need to develop region 

specific area-based (“wall-to-wall” e.g. White et al., 2017) modelling approaches that can be applied 

across wider regions and management districts, while maintaining the high resolution needed for wildfire 

behavior modelling. Methods such as the ones detailed in this study are able to identify current ‘hotspots’ 

of wildfire fuels (Figure 4.7a) as well as changes in canopy fuels through time (Figure 4.7b)—something 

we might expect become more common (and useful) given the rapid, climate-driven fuel accumulation 

observed in this study (Table 4.2, Figure 4.5, Figure 4.6, Figure 4.7). Data products such as these hold 

potential to drive data-based fire management decisions in WUIs, particularly if models such as these can 

help resolve that certain human activity may in fact increase wildfire fuel loads with proximity to human 

features (Table 4.2, Figure 4.6, Figure 4.7).  
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Chapter 6: Conclusion 

 

In this study, I examined the utility of using airborne lidar data to model ACF in disturbed and 

undisturbed peatlands in the Oil Sands Region of Canada. Secondly, I determined how ACF varies 

between peatlands effected by human disturbance and undisturbed peatlands. Finally, I discussed 

implications of enhanced human development on ACF loads of peatlands in the WUI. I found that large 

increases in ACF loads of boreal peatlands over a period of about 10 years observed here (Table 4.2, 

Figure 4.6, Figure 4.7) increase the likelihood that peatlands can support sustained canopy fires (Johnston 

et al., 2015). In dry years, the susceptibility of peatlands to burn can connect the hydrologically dependent 

fire landscape, increasing the propensity for large, severe fires (Thompson et al., 2019). Not only can this 

risk the health and safety of human settlements in the WUI, but increased fire activity could initiate rapid 

climate-driven vegetation changes in boreal peatlands, a potential step towards an ecological tipping point 

(Kettridge et al., 2015; Wilkinson et al., 2018, Lento et al., 2019; Stralberg et al., 2020). Results may 

indicate that bogs could be more stable ecosystems (acting as ecosystem-mediated refugia) when 

undisturbed, but, when disturbed, they are vulnerable to large vegetation (and subsequently ACF) 

changes. The tendency for both disturbed and undisturbed fens to rapidly accumulate fuel may indicate 

that fens could be especially vulnerable to climate-driven changes in vegetation structure and canopy fuel 

loads. 

I recommend that future work go further into why we find the changes observed in this study. 

Fusion of other types of spatial and remote sensing data and/or field data with airborne lidar data provide 

the opportunity to relate local environmental drivers to changes in canopy fuel loads. Species specific 

information such as segmentation of coniferous and deciduous landcovers may improve local estimates of 

ACF. Improved field data would allow the modelling of other important variables in predicting fire 

behaviour such as Canopy Base Height, Canopy Bulk Density, and Foliar Moisture Content, which would 

provide useful data products for fire managers in WUIs. In addition to these improvements in modelling, I 
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advocate for the integration biophysical and social dimensions of risk in wildfire modelling, particularly 

in WUIs.  
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