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ABSTRACT

Boreal peatlands are globally significant carbon (C) sinks that have accumulated C over
millennia but are increasingly threatened by climate-driven changes in fire regimes and
moisture levels. Soil C losses from peat combustion remain uncertain due to challenges in
quantifying below-ground combustion, limiting representation in global C budgets and
models. This thesis 1) quantifies spatial variability in C loss during boreal peatland fires,
and 2) identifies ecological conditions driving variability and peatland resistance or
vulnerability to combustion. Research integrates field data, bi-temporal airborne lidar, and

statistical modelling from the 2016 Horse River Wildfire in Alberta’s Boreal Plains.

A synthesis of existing knowledge produced conceptual models of pre- and post-
fire feedbacks impacting peatland combustion and recovery. These frameworks define two
conceptual peatlands: resilient — hydrologically connected with low soil bulk density and
moderated water tables, resulting in low severity combustion and moisture-retaining
negative feedbacks; and vulnerable — fragmented or drained, with high bulk density,
fluctuating water tables, and shrub encroachment, resulting in deep burns and drying

positive feedbacks.

Lidar ground classification accuracy assessments across unburned and burned,
regenerating peatlands revealed negligible mean offsets: 0.00 m in burned to 0.01 m in
unburned peatlands, with RMSEs of 0.09 m to 0.19 m, respectively. These findings support

the utility of lidar for detecting elevation changes from peat combustion.

Using these validated data, depth of burn (DOB) was estimated across peatland

types and ecotones, averaging 0.08 + 0.06 m, with deepest combustion in bog ecotones

v



(0.09 £ 0.07 m). Statistical models revealed that top drivers of DOB variability depended
on peatland type. In bogs, DOB was associated with topography and morphology, while in
fens and swamps, where groundwater connectivity reduces the influence of topography on

water tables, differences were associated with vegetation, hydrology, and disturbance.

C losses across peatlands estimated using field-based soil C data and lidar-derived
DOB showed that soil C losses (-2.11 + 5.09 kg m™) were substantially greater than
vegetation losses (-0.38 £ 0.32 kg m™?), with bog ecotones identified as hotspots for C
combustion loss (-16.5 kg m™?). Comparison with Landsat differenced Normalized Burn
Ratio (ANBR) revealed that while vegetation losses related moderately to dNBR, soil losses
did not, demonstrating the limitations of optical indices for below-ground combustion.
Comparisons with estimates from the Canadian Model for Peatlands highlighted the need

to explicitly include ecotones in C models — particularly under a changing climate.
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CHAPTER 1: INTRODUCTION

1.1 Context

Boreal peatlands are a critical component of the global carbon-climate system, acting as
long-term sinks for atmospheric carbon (C; Gorham, 1991; Yu, 2012) and storing a
disproportionately large amount of the world’s soil C relative to their area (Smith et al.,
2007; Tarnocai, 2006). Globally, peatlands cover only ~2-3% of Earth’s surface, yet store
~25-33% of the soil C (Gorham, 1991; Turetsky et al., 2015; Vitt & Short, 2020);
comparable to that of the pre-industrial atmosphere (Turetsky et al., 2015). Over millennia,
these ecosystems have accumulated vast C stocks as a result of high moisture levels
limiting decomposition; however, this long-term C sink is becoming more vulnerable to C
losses with climatic change (Yu, 2012; Yu et al., 2010). Increases in temperature and
precipitation changes cause peatland drying, as well as increase the frequency, severity,
and extent of wildland fires (Flannigan et al., 2009a; Hanes et al., 2019; Kohlenberg et al.,

2018).

Within Canada, peatlands make up only ~12% of the land area, but store ~56% of
the country’s soil C (Tarnocai, 2006). Formed in cool, wet climates that are now becoming
warmer and drier (Miller et al., 2015; Walker et al., 2015), Canada’s western boreal
peatlands exist in a delicate balance between evapotranspiration and precipitation (Brown
et al., 2010). With annual potential evapotranspiration (PET) typically exceeding
precipitation in many areas, these systems are especially vulnerable to climatic shifts
(Elmes et al., 2018; Miller et al., 2015; Walker et al., 2015). Projected warming and drying

in the region are likely to further increase the vulnerability of these peatlands to enhanced



C losses, reducing the stability of these long-term C sinks, which would have global

implications for the C-climate feedback system.

1.1.1 Boreal Forest and Peatland Ecosystems

The boreal forest makes up approximately a third of the world’s forested area (Brandt et
al., 2013; Kelloméki, 2024). It is one of the largest terrestrial biomes, existing at high
latitudes across North America and Eurasia (Gauthier et al., 2015). As such, it is an essential
piece of the global C-climate cycle, regulating through C sequestration, energy exchanges,
and moisture balances (Wieder et al., 2006; Steffen et al., 2015). The boreal forest holds at
least 32% of the terrestrial C pool, most of which is stored below-ground (versus as
vegetation; Bradshaw & Warkentin, 2015; Moen et al., 2014), and approximately one
quarter of the world’s boreal zone is covered by peatlands (Wieder et al., 2006). Boreal and
subarctic peatlands are estimated to comprise ~87% of the peatlands, worldwide (Wieder

et al., 2006).

Twenty-eight percent of the world’s boreal forest is within Canada, where it extends
from the northwest, in the Yukon, to the eastern coast of Newfoundland and Labrador
(Pickell et al., 2016), and includes seven ecozones: Boreal Shield, Boreal Plains, Boreal
Cordillera, Taiga Cordillera, Taiga Plains, Taiga Shield, and Hudson Plains (Ecological
Stratification Working Group, 1996). Canada’s boreal zone is a 552-million-hectare
heterogeneous mosaic dominated by coniferous uplands, interspersed with wetlands, water
bodies such as lakes and rivers, alpine zones, heathlands, and grasslands (Brandt et al.,
2013). Dominant vegetation includes relatively cold-tolerant coniferous species such as
Picea glauca, Picea mariana, Larix laricina, Abies balsamea, Pinus banksiana, Pinus

contorta, Abies lasiocarpa, and Picea engelmannii, and deciduous species such as Populus



tremuloides, Populus balsamifera, and Betula papyrifera (Brandt, 2009). Geology of the
boreal zone is dominated by sedimentary rock in the west, with intrusive and metamorphic
rock in the east (Webster et al., 2015). The soils have developed since glaciation, with
Luvisolic and Brunisolic soils developing in the western boreal, while the eastern zone is
dominated by coarse, acidic Podzolic soils (Maynard et al., 2014). The climate is cool, with
short summers, long winters, moderate precipitation, and large annual temperature
fluctuations. Temperature and precipitation change on a north-south and an east-west
gradient, where temperatures decrease to the north, and precipitation decreases to the west
(Webster et al., 2015). Evapotranspiration is also greater in the western boreal than the
eastern, resulting in increased drought potential in the west (Webster et al., 2015). On
average, temperatures have been increasing over the last century —particularly in the
northwestern boreal, where mean annual temperatures have increased by over 1.5°C since
1970 (Brandt et al., 2013). It is expected that temperatures in this region will continue to
increase, and that despite projected increases in precipitation, the boreal region will become
drier (Tarnocai, 2006). Natural drivers of ecosystem change are climate, wildland fire,
insects, and disease; anthropogenic disturbances in this zone are predominantly related to

forestry and energy resource extraction and development (Brandt et al., 2013).

Peatlands are a critical component of the Canadian boreal zone, storing over half
the country’s soil C. Developing in cool, water-saturated landscapes, peatlands are a sub-
category of wetlands that have accumulated at least 40 cm of organic material (National
Wetlands Working Group, 1997). Northern latitude peatlands have developed since the start
of the Holocene, (~ 8000 to 9000 years BP; Halsey et al., 1998) on glacial landforms where

high moisture supports peat-forming vegetation such as mosses and sedges. These



peatlands develop deep organic layers due to greater inputs from primary production than
outputs from decomposition, disturbance, or leaching (Wieder et al., 2006; Vitt et al.,
1995). Net primary productivity (NPP) is not necessarily high in peatlands, in fact, forested
peatlands have similar NPP rates as forested uplands, but because of waterlogged, often
anoxic conditions, decomposition is slowed, resulting in the accumulation of peat
(Gorham, 1991; Gower et al., 2001). High water tables, subsequent dynamic of greater
productivity than decomposition, and several negative feedback mechanisms, have allowed
boreal peatlands to form vast, long term C sinks that have had a net cooling effect on the

global climate throughout the Holocene (Frolking & Roulet, 2007).

Boreal peatlands consist of predominantly bogs and fens (e.g., Wieder & Vitt,
2006); however, swamps can also exist as peatlands (e.g., Locky et al., 2005; Zoltai et al.,
1998), and are included as a peatland class, henceforth. Bogs are defined as ombrogenous
peatlands — they are hydrologically isolated, receiving water only from precipitation, and
therefore tend to be ombrotrophic — nutrient-poor. They are typically acidic, and are
characterized by Sphagnum mosses, ericaceous shrubs, and if treed, Picea mariana
(Warner & Asada, 2006; Wieder, 2006). Fens and swamps, on the other hand, are
geogenous — they are hydrologically connected, receiving water from precipitation as well
as the surrounding landscape, and tend to be more minerotrophic, or nutrient-rich, due to
the transport of minerals via ground and surface water (Vitt, 2006; Zoltai & Vitt, 1995).
Fens tend to be dominated more by herbaceous species, sedges, feather and brown mosses,
and if treed, Larix laricina or Picea mariana (Warner & Asada, 2006; Wieder, 2006).
Swamps are treed (Thuja occidentalis, Picea mariana, or small deciduous trees such as

Acer, Alnus, or Salix), with an understory of herbaceous vegetation and bryophytes (Vitt,



2006). While peatlands exist across boreal ecozones, their prevalence, hydrology, and

resiliency to climate change and disturbance varies.

The Boreal Plains ecozone, which extends from north-eastern British Columbia,
through much of central and northern Alberta, through central Saskatchewan, and into
south-western Manitoba, is heavily dominated by peatlands. Wetlands cover ~25-50% of
the landscape, of which most are peatlands (Ferone & Devito, 2004; Ficken et al., 2019;
National Wetlands Working Group, 1997). The surficial geology of the Boreal Plains
consists of glacial and lacustrine deposits, which is underlain by sedimentary bedrock
(Ireson et al., 2015), supporting high levels of interaction between surface and groundwater
systems (Ferone & Devito, 2004). Uplands are characterized by luvisolic soils, with wet,
lowland mineral soil predominantly gleysolic (Group SCW, 1998). Mean  temperatures
range from -10 to -22°C in the winter to 15 to 20°C in the summer (Ireson et al., 2015),
and while peatlands are prevalent on the landscape, they exist at their climatic limit — on
an annual basis, average PET exceeds precipitation, such that the landscape often exists in
a water deficit (Devito et al., 2012; Petrone et al., 2007). As such, peatlands of the Boreal
Plains are expected to be particularly vulnerable to climatic shifts due to increasing levels
of water loss to the atmosphere associated with increased warming (Brown et al., 2010;
Tarnocai, 2006). While it is predicted that precipitation will also increase with global
climate change (Giorgi et al., 2019), Flannigan et al. (2016) calculated that for every one
degree Celsius of warming, precipitation would need to increase by 15% to offset the
temperature-induced drying. These peatland ecosystems may therefore be nearing a tipping
point, where they could shift from C sinks to C sources — especially when considering

wildland fire disturbances (e.g., Wilkinson et al., 2023; Zhao & Zhuang, 2023).



Understanding the geological, hydrological, and climatic conditions that shape peatland
development and existence in the Boreal Plains provides important context for
understanding their role in C sequestration and their vulnerability to climate change and
disturbance, particularly fire, which can rapidly release long-stored C to the atmosphere

via combustion.

1.1.2 Carbon Cycling and Peat Accumulation in Boreal Peatlands

Boreal peatlands function as globally significant C sinks due to the lack of balance between
organic matter inputs via primary productivity, and organic matter outputs via
decomposition, respiration and leaching that exist over millennia (Gorham, 1991; Wieder
et al., 2006; Vitt et al., 1995). These ecosystems have been developing since the last major
glacial recession and the early Holocene. In the boreal, peatlands can develop through four
distinct processes (Vitt, 2006). They can build through paludification, where peat develops
in previously dry, vegetated areas due to an increase in water table or shift in climate; they
can form over unvegetated, wet mineral soils following glacial retreat; shallow bodies of
water can fill in with vegetation through terrestrialization; or, peat can form in clay-lined
basins that were previously lakes (Vitt, 2006). The cool, waterlogged nature of peatland

soils limits decomposition, and facilitates the development of deep peat deposits.

Peatlands are composed of two primary layers — the acrotelm and the catotelm. The
upper layer of peat, the acrotelm, may be periodically saturated due to fluctuations in water
table depth, but is generally oxic and supports aerobic decomposition (Blodau, 2002;
Clymo, 1984; Ingram, 1978). The lower layer of peat that exists between the acrotelm and
the mineral soil, the catotelm, is permanently saturated and anoxic. Conditions in the

catotelm promote anaerobic decomposition, which is very slow, supporting peat



accumulation (Clymo, 1984; Ingram, 1987). As organic matter enters the peat column, it
decomposes in the acrotelm, releasing carbon to the atmosphere primarily as CO». The
remaining organic matter (10-20%; Clymo, 1984) enters the catotelm, where it accumulates
more rapidly than it can decompose, but where carbon emissions are predominantly CHa
(Blodau, 2002; Gorham, 1991). Estimated C accumulation rates in boreal peatlands varies
widely, but common findings estimate ranges from ~7 to 35 g C m? yr! (e.g., Holmquist

et al., 2014; Ovenden, 1990; Robinson, 2006; Vitt et al., 2000).

As global temperatures increase, decomposition in the acrotelm is expected to
increase, resulting in lower organic matter transfer to the catotelm, and therefore reduced
C accumulation in peatlands (Allison & Treseder, 2011; Clymo et al., 1998). Further,
projected drying, particularly in the western Canadian boreal, may lower water tables,
reducing the catotelm depth and increasing aerobic decomposition (Moore & Basiliko,
2006). This may also result in a shift from predominantly Sphagnum species to vascular
vegetation, further increasing decomposition (Fenner et al., 2007). Conversely, higher
temperatures and reduced water tables may increase primary productivity, at least initially,
offsetting some of the increased C emissions (Loisel & Yu, 2013). However, reduced levels
of saturation would also increase the susceptibility of these C-rich ecosystems to
combustion and associated C losses during wildland fire, potentially altering the long-term

C balance.

1.1.3 Wildland Fire and Carbon Loss in Boreal Peatlands

Wildland fire is the dominant stand-replacing disturbance in the Boreal Plains (Stocks et
al., 2002; Turetsky et al., 2004; Wieder et al., 2009). It is critical for forest health —

regulating insects and disease, and shaping species and age composition, productivity, and



biodiversity (Weber & Flannigan, 1997). It also plays an important role in long-term C
dynamics (Balshi et al., 2007). Due to their saturated nature, boreal peatlands are resistant
to combustion, and much of the C stored is protected from combustion losses in
permanently saturated zones (Magnan et al., 2020). However, this can be overcome through
increases in fire severity, or decreases in peatland moisture content (Turetsky et al., 2002;
Kettridge et al., 2015). During boreal peatland and forest fires, studies have estimated that
~70-90% of C losses during combustion are from the soil as opposed to above-ground
vegetation (e.g. Rogers et al., 2014; Hokanson et al., 2016; Walker et al., 2018). The deep,
C-rich organic soils of boreal peatlands are a source of potentially significant C loss during
wildland fire due to their propensity for long-lasting smouldering burns (Van der Werf et

al., 2010).

Peat provides ideal conditions for smouldering fires, which produce more C
emissions than flaming fires (similar levels of CO», but significantly more CO and CHz;
French et al., 2002). Smouldering is a flameless type of combustion that occurs in low-
oxygen environments (Rein et al., 2008), and dominates peatland fires (Frandsen et al.,
1987; Turetsky et al., 2004; Zoltai et al., 1998). Smouldering is a low-temperature process
(Rein et al., 2008), and smouldering fires can ignite in colder, wetter conditions than can
flaming fires. Deep smouldering fires travel within peat layers, persisting through
precipitation events (Rein et al., 2008), for months or even years — long after flaming
combustion has ceased (Frandsen, 1997; Johnston et al., 2015), and can even re-establish
flaming combustion long after it had originally ceased (Ohlemiller, 1990). The capacity of
peat to undergo smouldering combustion is controlled by the hydrophysical properties of

peat — specifically, volumetric water content and peat bulk density (Benscoter et al., 2011).



If the energy from combustion exceeds that needed to burn off moisture and increase peat
temperatures to combustion temperatures (>300°C), smouldering can propagate vertically
and laterally through the peat profile (Benscoter et al., 2011). If there is less soil moisture,
the energy requirements for propagation are reduced, increasing rate of spread and
increasing fuel consumption (Benscoter et al., 2011; Huang & Rein, 2014). However,
peatlands can still undergo smouldering combustion under high moisture levels — moisture
limits on smouldering combustion are typically ~100-125%, but may be upwards of 200%

(Frandsen, 1987, 1997; Rein et al., 2008; Garlough & Keyes, 2011).

Currently, fire frequency in the boreal ranges from ~50-200 years, but it is expected
that this will become more frequent with climate change (Flannigan et al., 2005).
Concurrently, increased evapotranspiration, lowered water tables, and reduced soil
moisture due to climate change is also likely to enhance risk of combustion (Flannigan et
al., 2009b), undermining the resiliency of deep peat C stocks. With a change in fire regime
and fuel, it is expected that peatlands will burn more deeply and more frequently, increasing
C losses during combustion, potentially shifting broad regions of boreal peatlands from C
sinks to C sources (Turetsky et al., 2004, 2011; Van der Werf et al., 2010). This increased
loss of stored C then has a positive feedback effect, where the release of stored C to the
atmosphere enhances climate change, which in turn disproportionately effects northern
peatland through increased temperatures and drought, thereby further increasing their
susceptibility to soil C loss from wildland fires (Nelson et al., 2021; Chapter 2). The
potential implications of increased peatland soil C loss on the global C-climate cycle are
notable due to the vast extent and volume of biomass of northern peatlands (Turetsky et

al., 2011; Yu, 2012).



The depth of peat combustion, or depth of burn (DOB), and therefore C loss, is highly
variable. Boreal peatland DOB can range from barely singed (0.01 m; e.g., Benscoter &
Wieder, 2003), to full peat column combustion (>1 m; e.g., Lukenbach et al., 2015).
Estimates of average C losses during peat combustion vary from ~0.6 to 2.5 kg C m™
(Turetsky et al., 2011; Wilkinson et al., 2023), but can be upwards of ~16 to 19 kg C m?
under drained or perched/isolated conditions and high intensity fire (e.g., Turetsky et al.,
2011; Hokanson et al., 2016), resulting in the loss of thousands of years of C sequestration
(Lukenbach et al., 2015). This highly variable DOB in peatlands, which is predominantly
controlled by soil moisture and bulk density (Benscoter et al., 2011; Frandsen, 1997;
Kohlenberg et al., 2018), is influenced by variability in the levels and stability of water
tables (Sherwood et al., 2013; Lukenbach et al., 2015), hydrological connectivity and flow
versus peatland fragmentation (Hokanson et al., 2016; Nelson et al., 2021; Chapter 2),
vegetation composition and structure (Kettridge et al., 2013; Waddington et al., 2015;
Wilkinson et al., 2018), microtopography and peatland-scale topographic position
(Benscoter & Vitt, 2008; Hokanson et al., 2016), anthropogenic drainage (Turetsky et al.,
2011; Wilkinson et al., 2018), and fire weather, including temperature, precipitation, and

wind (Davies et al., 2016).

Apart from being a primary determinant of C loss during peat combustion, DOB also
impacts post-fire ecosystem recovery (Nelson et al., 2021; Chapter 2). Low severity burns
that combust only the upper centimeters of peat maintain or enhance peatland
microtopography, retain seed banks, and allow peatlands to recover pre-fire vegetation and
C conditions within the fire return interval (Benscoter & Vitt, 2008; Kettridge et al., 2015;

Wieder et al., 2009). However, high severity burns that burn deeply into the peat can alter
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hydrological flow, water table positions (Nelson et al., 2021; Chapter 2), peat structure
(Granath et al., 2016; Waddington et al., 2015), and result in a shift in vegetation
composition (Lukenbach et al., 2016; Lukenbach et al., 2017). These changes can further
increase vulnerability to subsequent burns, increase C loss via decomposition, and
contribute to a positive feedback cycle between peatlands, wildland fire, and C loss (Nelson
et al., 2021; Chapter 2). Research suggests that climate change-induced drying and shifts
in fire regimes will result in deeper burns and significantly greater C loss (Hokanson et al.,
2016; Nelson et al., 2021; Chapter 2), shifting from C sink to a C source, resulting in a
positive C-climate feedback cycle, and changing the role of boreal peatlands within the
global C-climate system (Tarnocai, 2006; Thompson et al., 2017; Turetsky et al., 2011;

Wieder et al., 2009).

1.1.4 Quantifying and Modelling Carbon Loss from Wildland Fire in Boreal Peatlands

Although peatlands cover a small fraction of land area, boreal peatland fires can release
large quantities of C into the atmosphere. Of particular significance are below-ground C
losses, which account for over 80% of total C losses during boreal forest and peatland fires
(e.g., Rogers et al., 2014; Hokanson et al., 2016; Walker et al., 2018). However, despite
their importance, there is significant uncertainty in DOB and associated C losses from

boreal peatland fires (e.g., Alonzo et al., 2017; Frolking et al., 2009).

Quantifying below-ground C losses from boreal peatlands is challenging due to
both methodological limitations (e.g., Sirin et al., 2021) and high spatial heterogeneity of
peatlands. Peatland combustion is highly variable (e.g., Wilkinson et al., 2019), which
makes it difficult to estimate C losses at the landscape scale, resulting in uncertain and

often incomplete estimates of soil C loss included in models and reports (e.g., Loisel et al.,
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2021). Field measurements of DOB are accurate, but sparse — limited by time and access,
such that high spatial resolution data collection across multiple peatlands is not feasible
(e.g., Hokanson et al., 2016; Thompson & Waddington, 2014). Laboratory experiments,
while precise, lack generalizability to natural settings and real-world conditions due to their
highly selective and controlled nature (Kohlenberg et al., 2018). Optical remote sensing
data can provide important insights into peatland conditions and can be used as an indicator
of biomass loss or ecosystem health through changes in pre- and post-fire spectral response
(e.g., Chasmer et al., 2017) through indices such as the differenced Normalized Burn Ratio
(ANBR) but cannot directly quantify biomass loss. In particular, optical sensors are limited
in their ability to approximate below-ground combustion due to canopy occlusion (French
et al., 2008) and the poor response of spectral indices in wet environments such as peatlands
due to dampening of spectral responses (e.g., Lobell & Asner, 2002). Not only do
methodological limitations reduce certainty of site-scale quantification of soil C loss, but
because data on DOB, peat depth, soil moisture, bulk density, and other environmental
controls are often sparse, it becomes challenging to accurately parameterize models (e.g.,
Mozafari et al., 2023; Tang et al., 2024). These challenges contribute to the large

uncertainties in measured and modelled estimates of peat C losses during wildfire.

These challenges in quantifying DOB and C loss, and associated uncertainties, are
reflected in a disconnect between the established understanding of peatlands as a
potentially vast C sources and their lack of representation in large-area C budgets and
models. Despite a broad consensus that boreal peatlands play a critical role in the global
C-climate cycle (e.g., Loisel et al., 2021; Wilkinson et al., 2023), peatland C losses are

poorly accounted for in global C and Earth System Models (ESMs; e.g., Lin et al., 2021;
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Loisel et al., 2021), as well as GHG inventory reports (e.g., Bona et al., 2024). This has
critical implications for global C budgets and climate change planning. For example,
peatland processes and C within deep organic horizons were absent from many ESMs that
were used in the development of the Intergovernmental Panel on Climate Change Sixth
Assessment Report (IPCC AR6; Schuur et al., 2022). Loisel et al. (2021) highlight the need
to incorporate peatland C stocks and fluxes in ESMs to quantify their contribution to the

global C cycle.

Recent advances in modelling have started to address this disconnect. Peatland C
fluxes have started to be included in global terrestrial models (Loisel et al., 2021), and
operational C models such as Canada’s Generic Carbon Budget Model (GCBM) have
begun accounting for wildland fires in peatlands and associated soil C losses (e.g., Bona et
al., 2020). The Canadian Model for Peatlands (CaMP), a peatland-specific module of the
GCBM, is a semi-empirical model that estimates GHG emissions and removals from
Canadian peatlands (Bona et al., 2024). However, there is need for improved, spatially
explicit quantification of peatland C losses to improve model parameterizations, C
inventories, global C-climate projections, and better understand vulnerabilities of peatlands

to deep combustion.

Some of the uncertainties in DOB and associated soil C losses from peat
combustion during wildland fire may be overcome by using high resolution lidar data.
Airborne lidar data can be used to quantify vegetation structure (e.g., Coops et al., 2021;
Hopkinson et al., 2005) and measure ground surface elevations (e.g., Chasmer et al., 2017)
over broad spatial extents. Pre- and post-fire lidar data can be compared to estimate above-

and below-ground changes in biomass, capturing spatial variability (Alonzo et al., 2017;
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Chasmer et al., 2017; Reddy et al., 2015). This information can be used to better understand
C loss, spatial variability, and conditions associated with DOB, improving estimates and

understandings of how boreal peatlands contribute to atmospheric C.

1.2 Knowledge Gaps

The literature reviewed in section 1.1 highlights the fact that while DOB and associated C
losses from boreal peatlands during wildland fire is becoming increasingly well-studied
(e.g., Kohlenberg et al., 2018; Wilkinson et al., 2020; Lin et al., 2021; Morison et al., 2021),
a lack of spatially continuous, landscape-scale data across a range of peatland types
remains. This limits the full quantification and understanding of the role of boreal peatlands
in the global C-climate system. Methodological constraints, changing fire regimes, and
drying peatlands have resulted in uncertainties in the magnitude of C losses and the driving
forces of combustion (Reddy et al., 2015; Turetsky et al., 2015). While the use of spatially
coincident, pre- and post-fire lidar data may be used to overcome some of the
methodological limitations, there are uncertainties associated with the utility of lidar for
ground surface measurements, particularly during the classification stage (Aguilar & Mills,

2008).

Addressing these gaps to provide more accurate estimates and improved
understanding of variability in soil C losses is essential for the improved parameterization
of C models, more accurate C accounting and budgeting, and informing improved
management and mitigation strategies in peatland areas to reduce the vulnerability of

peatland C stocks to combustion.
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1.3 Research Aims and Objectives

Based on the key themes and knowledge gaps identified in sections 1.1 and 1.2, this thesis
has two primary aims. The first is to advance understanding of spatial variability in C
combustion loss during wildland fires in boreal peatlands, and the second is to identify
where peat combustion is greatest, and determine what ecological conditions drive this
variability. These aims are addressed through the following objectives, which are addressed

in thesis Chapters 2 through 5:

Synthesis and Conceptualization of Peatland-Fire Feedbacks (Chapter 2)

1. Synthesize existing research on peatland-fire feedbacks and mechanisms.

o

Identify feedbacks and ecological processes that function to increase or decrease

burn severity.

3. Identify feedbacks and ecological mechanisms that occur post-fire that function to
increase or decrease peatland resiliency to enhanced C loss and/or subsequent
fires.

4. Develop conceptual models of pre- and post-fire peatland-fire feedbacks and
processes related to wildland fire, hydro-climate, and ecosystem change.

5. Implement key findings from objectives 2 and 3 to conceptualize peatlands that

are highly resilient to wildland fire and C losses, versus those that are most

vulnerable.

Lidar Ground Elevation Accuracy and Parameterization Schemes for Post-Fire

Peatland Ecosystems (Chapter 3)
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6. Assess how post-fire vegetation regeneration impacts lidar surface elevation
accuracy.

7. Examine how post-fire vegetation regeneration impacts classification
parameterization of lidar data.

8. Identify optimal lidar ground classification parameters for unburned peatlands and
burned peatlands in various stages of regeneration.

9. Compare ground classification parameters and lidar elevation accuracies between
lidar emission wavelengths.

10. Validate post-fire lidar ground elevation accuracies.

Variability in, and Drivers of, Peat Combustion (Chapter 4)

11. Quantify the depth of peat burn across a range of peatland types and ecotones.

12. Identify antecedent conditions/drivers that explain variation in depth of peat burn.

13. Compare drivers of DOB between peatland types.

14. Identify the relative importance of top-down versus bottom-up controls on peat
combustion.

15. Determine how well the drivers identified in obj. 12 explain spatial variability in
DOB, versus what variability remains.

16. Propose management strategies to mitigate DOB and subsequent C losses.

Variability in Carbon Losses from Peat Combustion (Chapter 5).

17. Compare estimated C loss from above- versus below-ground C pools.

18. Examine how C losses differ between peatland types and ecotones.

16



19. Evaluate relationships between dNBR and lidar-derived C loss estimates across
peatland types and ecotones.
20. Compare lidar-derived soil C loss estimates with modelled C losses from the

Canadian Model for Peatlands (CaMP).

1.4 Study Area

The study area for this thesis is located within the Boreal Plains ecozone of western Canada,
a flat to undulating region underlain by glacial deposits (Figure 1.1; Devito et al., 2012;
Hokanson et al., 2016). The region is heavily treed (ESTR Secretariat, 2014) with a
subhumid climate (Elmes et al., 2021), in which PET typically exceeds annual precipitation
(Devito et al., 2012). Despite this moisture deficit, the landscape supports a high density
of peatlands (Ferone & Devito, 2004; Ficken et al., 2019; National Wetlands Working
Group, 1997), which exist near their ecohydrological limits and are therefore highly

sensitive to warming, drying, and disturbance (Wilkinson et al., 2019; Devito et al., 2012).
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Fort McMufry

Figure 1.1. Study area overview. a) Extent of the Boreal Plains ecozone within Canada
(study area is denoted in red). (b) The Horse River Wildfire and study area extent; and (c)
Study area and peatland distribution (peatland types derived from Bourgeau-Chavez et al.
(2017)).

Specifically, the research was conducted within an approximately 20,000 ha area in
the Athabasca Oil Sands Region (AOSR; Elmes et al., 2021), in a peatland-dense zone in
northeastern Alberta, just south of Fort McMurray (Figure 1.1). The area is heavily utilized
for forestry and oil and gas exploration, and contains many access roads, seismic lines, cut

lines, and well sites (e.g., Abib et al., 2019; Dabros et al., 2022).

The study area includes both burned and unburned peatlands and uplands, as it
spans part of the southwestern burn perimeter of the 2016 Horse River Wildfire (Figure
1.1). The Horse River Wildfire ignited on May 1, 2016, burning over 589,000 ha (Natural
Resources Canada, 2017). Hazardous fire weather conditions, including high temperatures,

high winds, and low relative humidity (Alberta Agriculture and Forestry & MNP, 2017),
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and dry spring conditions following the second warmest winter in 20 years (Elmes et al.,
2018), led to rapid spread, and the costliest natural disaster in Canadian history (Kovacs et
al., 2019). While the fire was declared under control approximately two months later
(Alberta Agriculture and Forestry & MNP, 2017), smouldering combustion persisted
through the winter, burning for approximately 15 months, extinguished August 2, 2017

(Kovacs et al., 2019).

The study area is within an area expected to be disproportionately impacted by
climate change (e.g., Gauthier et al., 2014). It contains a range of peatland types with
varying burn severities and levels of vegetative regeneration, providing an ideal
opportunity to study both the high variability of DOB and C loss, as well as anthropogenic
and environmental drivers that may influence this variability. The availability of existing
pre-fire lidar coverage allowed for a unique opportunity to use high-resolution, pre- and

post-fire lidar data to estimate peatland DOB and C losses.

1.5 Thesis Organization

The remainder of this thesis is organized into five chapters (2-6): four manuscript-style,
research chapters, and a conclusion. Each chapter can be read as a stand-alone article, but
each builds upon the preceding chapters in a logical progression, moving from a conceptual
synthesis of fire ecology and C cycling, to methodological and accuracy assessment of lidar
measurements in post-fire peatlands, to quantifying and modelling peat combustion,

associated C losses, and their environmental drivers.

Chapter two synthesizes existing research to develop conceptual models of

feedback mechanisms and ecological processes that impact peatland resiliency or
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vulnerability to wildland fire. It explores the connections and mechanisms related to peat
combustion, post-fire recovery, and the C-climate cycle, and highlights key peatland

characteristics that promote ecosystem resiliency and C sequestration.

Chapter three evaluates lidar ground elevation accuracy in post-fire peatland
environments across a range of vegetation recovery stages. It identifies optimal ground
classification parameters and emission wavelength(s) for different levels of vegetation
regeneration and provides the methodological foundation for lidar-based DOB analyses in

subsequent chapters.

Chapter four quantifies the spatial variability in DOB across peatland types and
ecotones using pre- and post-fire lidar data. Environmental drivers of peat combustion are
explored using Generalized Additive Models (GAMs) and Random Forest models across

peatland types.

Chapter five builds on the DOB analysis of Chapter four by integrating field-based
soil C data and lidar-derived above-ground biomass to estimate above- and below-ground
C losses across peatland types and ecotones. These estimates are compared with modelled
outputs from the CaMP, and the relationships between optical burn severity indices (e.g.,

dNBR) and C losses are explored.

Finally, chapter six synthesizes the results of Chapters two through five to provide
an integrated assessment of how boreal peatlands are impacted by wildland fire and what

the implications are for the role of boreal peatlands in the global C-climate system.

In its whole, this thesis provides an advanced understanding of peatland-fire

interactions, improves understanding of spatial variability in C loss during peat
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combustion, and provides new insights into resiliency versus vulnerability of boreal

peatlands to wildland fire in a changing climate.
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CHAPTER 2: PEATLAND-FIRE INTERACTIONS: A REVIEW OF WILDLAND
FIRE FEEDBACKS AND INTERACTIONS IN CANADIAN BOREAL

PEATLANDS

2.1 Abstract

Boreal peatlands store a disproportionately large quantity of soil carbon (C) and play a
critical role within the global C-climate system; however, with climatic warming, these C
stores are at risk. Increased wildfire frequency and severity are expected to increase C loss
from boreal peatlands, contributing to a shift from C sink to source. Here, I provide a
comprehensive review of pre- and post-fire hydrological and ecological interactions that
affect the likelihood of peatland burning, address the connections between peatland fires
and the C-climate cycle, and provide a conceptual model of peatland processes as they
relate to wildland fire, hydro-climate, and ecosystem change. Despite negative
ecohydrological feedback mechanisms that may compensate for increased C loss initially,
the cumulative effects of climatic warming, anthropogenic peatland fragmentation, and
subsequent peatland drying will increase C loss to the atmosphere, driving a positive C
feedback cycle. However, the extent to which negative and positive feedbacks will
compensate for one another and the timelines for each remains unclear. I suggest that a
multi-disciplinary approach of combining process knowledge with remotely sensed data
and ecohydrological and wildland fire models is essential for better understanding the role

of boreal peatlands and wildland fire in the global climate system.

2.2 Introduction

Boreal and subarctic peatlands contain an estimated one-third of global soil carbon (C)
stores, despite occupying only ~2—3% of the world's land cover (Gorham, 1991). Their C
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stores are comparable to the amount of C in the atmosphere and exceed those in terrestrial
vegetation (IPCC, 2013). Within Canada, boreal peatlands store over half the country's soil
C, despite occupying only 12% of the land area (Tarnocai, 2006); however, recent
modelling by Nichols and Peteet (2019) suggests that C stores may, in fact, be nearly twice
that. North American boreal peatlands can be found in regions near climatic moisture
deficits, where potential evapotranspiration exceeds precipitation (Petrone et al., 2006).
These ecosystems may be especially vulnerable to climatic shifts due to water loss to the
atmosphere associated with warming (Brown et al., 2010). Peatlands are considered a
potentially critical tipping point of the global climate system (Lenton et al., 2008),
and hydrological changes to peatlands could result in greater C losses due to microbial
decomposition and wildland fire, offsetting peatlands as a long-term store of C (Wieder et
al., 2009; Yu, 2012). It has been widely acknowledged that wildland fire regimes in the
boreal are changing over time, increasing in extent, severity, and duration (e.g., Flannigan
et al., 2009; Kohlenberg et al., 2018; Hanes et al., 2019), the results of which are likely to
enhance C loss, impact air and water quality, and alter site hydrology and ecology. Though
wildland fires are a natural part of ecosystem succession and regeneration, changes in fire
regime could shift peatlands from a C sink to an expanding source through time (Turetsky
et al., 2004, Turetsky et al., 2011; Wieder et al., 2009). Understanding processes associated
with peatland wildland fire is essential for determining C combustion emissions and boreal

peatlands' influence in the global C-climate cycle.

To understand peatland C losses during combustion and implications to climate,
hydrology, and human health, I use burn severity as an indicator of the change in vegetation

and soil as a result of wildland fire (Whitman et al., 2019). The following review examines
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the relationship between wildland fire/burn severity (defined here as above- and below-
ground fuel consumption; Keeley, 2009), boreal species, and the peat properties of
the acrotelm (the top portion of peat, which is partially living and is periodically saturated
due to a fluctuating water table) and the catotelm (the lower portion of peat, which is fully
saturated and anaerobic; Ingram, 1978; Clymo, 1984). It synthesizes known peatland-fire-
climate feedbacks that could increase burn severity and the propensity for peatland fires in
the future, addressing current understanding and gaps in knowledge. To improve
understanding of complex and interrelated feedbacks, 1 examine peatland feedbacks
through the framework of those that occur a) prior to wildland fire to either increase or
decrease burn severity; and b) in the years immediately following fire, which may either
increase peatland resiliency or sensitivity, thereby altering future fire regimes. Finally, I
discuss the implications of peatland-fire feedbacks to the climate system. I also present
conceptual feedback diagrams of peatland processes related to wildland fire, hydro-
climate, and ecosystem change, which may be incorporated into models of boreal peatland-
fire-climate drivers and environmental characteristics that either maintain resilience or

predispose peatlands to greater impacts from fire.

2.3 Pre-fire feedbacks affecting variability in burn severity

Burn severity varies both spatially and temporally as a result of any number of factors.
Complex interactions related to burn severity include the weather at the time of fire:
high wind speeds, prolonged warm conditions, and drying can spread fire rapidly through
dry litter and understory vegetation to tree canopies (Bradshaw et al., 1984). Burn severity
is also related to spatial variations in vegetation species and forest structural characteristics

(e.g., Alonzo et al., 2017; Whitman et al., 2018), as well as surficial geology (Aldous et al.,
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2015) and variations in local topography, which influence local moisture levels and
the flammability of the soil organic layer. This is due, in part, to variations in energy receipt
and water accumulation within soils (e.g., Lukenbach et al., 2017). Peat, a fuel source for
wildland fire (Benscoter and Wieder, 2003), provides suitable conditions for smouldering
fires, which produce similar carbon dioxide (CO2) emissions but significantly more carbon
monoxide (CO) and methane (CHs) than flaming fires (French et al., 2002). Smouldering
fires can also ignite in colder, wetter conditions, and persist for weeks to years, despite
precipitation (Rein, 2013). Here, I describe peatland interactions and feedbacks that aftect
burn severity: a) soil properties; and, b) vegetation structures and species. These are critical
for understanding how climate-mediated and other (e.g. anthropogenic) disturbances could

alter peatland function and resiliency vs. sensitivity to fire in the future.

2.3.1 Soil properties: the relationship between hydrology, bulk density, and burn severity

Soil moisture is a primary control on the likelihood of peat ignition (Frandsen, 1997), as
well as the depth and extent of burn (Rein et al., 2008; Figure 2.1). While
vegetation, microtopography, and geology influence organic soil moisture locally
(e.g., Benscoter and Wieder, 2003; Petrone et al., 2008; Wilkinson et al., 2018b), they do
not appear to improve predictive models of depth of peat burn (Kohlenberg et al., 2018).
Instead, the spatial variability of combustion and C losses results from variations in local
hydrology and living/decomposed peat structural characteristics (e.g., Miyanishi and

Johnson, 2002; Benscoter et al., 2011; Sherwood et al., 2013).
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Figure 2.1. A conceptual diagram of positive and negative feedback mechanisms as they
relate to peatland soil properties (hydrology and bulk density) and peat wildland fire.
Major water fluxes are also included (wide, patterned arrows). Note that the diagram is not
to scale and is not meant to represent horizontal spatial variations within a peatland.

Lowered water tables and increases in water table fluctuations increase depth of
burn by reducing soil moisture, increasing bulk density (‘red’ positive feedback
arrow, Figure 2.1), and improving conditions for tree and shrub growth (Sherwood et al.,
2013; Lukenbach et al., 2015; ‘blue’ positive feedback arrow, Figure 2.1). An increase in
depth to water table may increase soil tension, thereby reducing the soil's capacity to
replace evaporated moisture (e.g., Lukenbach et al., 2015). Spatial variations in depth of
burn are influenced by hydrological connectivity and groundwater movement or,
alternatively, peatland fragmentation, which increases the edge to area ratio of peatlands,
exposing them to greater proximal water use from surrounding forests (‘green’ positive and

negative feedback arrows, Figure 2.1). For example, Hokanson et al. (2016) found that the
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greatest depth of burn (50 cm, average) occurred along bog margins where the water table
fluctuated substantially due to ephemeral groundwater connectivity to upland forests.
Further, Lukenbach et al. (2015) found that depth of burn ranged from an average of 8 cm
in peatland middles (n =580) to an average of 42 cm in peatland margins (n = 340),
illustrating the potential for greater depth of burn into peatlands with increased peatland

fragmentation.

Variation in water table and soil moisture is enhanced by localised warming/drying
of peatland soils. For example, Kohlenberg et al. (2018) found that within
0.012 m ™ samples, depth of burn more than tripled from field moisture levels to air-dried
to oven-dried samples, while fuel consumption increased by ~61% in air-dried samples
versus those left at field moisture. Oven-dried peat, which may be used as a proxy for hot,
dry conditions, resulted in an average increase in total fuel consumption of 14.2%,
emphasizing the importance of bulk density and hydrological conditions during peat fires.
However, it is interesting to note that when controlling for other factors, the actual rate of
downward spread in smouldering peat fires may increase at greater levels of soil moisture
(Huang and Rein, 2017). Rein et al. (2008) found that for peat to ignite, soil gravimetric
water content must be below 125+ 10%, while Benscoter et al. (2011) found that the
average surface gravimetric water content of samples in which ignition occurred was
61 + 44%. Smouldering of over seven hours occurred in peat with up to 100% moisture
content, regardless of bulk density, indicating that moisture content was the main control
on the propagation of smouldering within soils containing variable amounts of organic
matter. These studies' results are to be expected: reduction in soil moisture results in deeper

peat burns, longer duration of peat burn, and peat that is more readily ignitable.
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Depth of burn and subsequent soil C emissions are directly related to dry bulk
density, defined as the weight of soil (dried) per given volume. Bulk density influences the
maximum soil moisture at which combustion can occur (Benscoter et al., 2011; Kohlenberg
et al., 2018), impacting both peatland hydrological conditions (Lukenbach et al., 2015) and
depth of burn (Kohlenberg et al., 2018; Figure 2.1). Higher bulk densities can result in
greater water table fluctuations (Lukenbach et al., 2015; ‘red’ positive feedback
arrow, Figure 2.1), which are linked to greater depth of peat burn (Hokanson et al., 2016;
‘orange’ positive feedback arrow, Figure 2.1). Further, increased bulk density also provides
an environment for combustion at higher moisture levels (Kohlenberg et al., 2018), as the
increase in energy supplied by denser, and therefore added content of peat, results in greater
burn severity (Benscoter et al., 2011). For example, Benscoter et al. (2011) found that
combustion occurred at lower maximum gravimetric water content in peat with a bulk
density of <40 kg m> than that with a bulk density of >40 kg m > (187% and 295%,
respectively). While increased bulk densities may result in greater water table variability,
temporal variations in hydrology may also lead to spatial variations in bulk density (‘red’
positive feedback arrow, Figure 2.2), and bulk density may also increase through
compaction and increased aerobic decomposition (Waddington et al., 2015; Granath et al.,
2016; Figure 2.1), which could alter fire propagation in peatlands. Conversely, Prat-Guitart
et al. (2016) found that an increase in bulk density could slow lateral propagation of
smouldering burn in peat blocks at 100% moisture or greater. While there was more energy
produced in combustion as bulk density increases, the energy was less than that required
to overcome high soil moisture levels. With the exception of these atypical findings, most

studies demonstrate the potential for accelerated changes in bulk density, resulting from,
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and causing further, water table fluctuations and moisture reduction (Lukenbach et al.,
2015; Lukenbach et al., 2017), subsequently altering fire propagation patterns associated

with anthropogenic and climate-mediated disturbance.
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Figure 2.2. A conceptual diagram of positive and negative feedback mechanisms as they
relate to vegetation distribution, structure, and peat wildland fire. Major water fluxes are
also included (wide, patterned arrows). Note that the diagram is not to scale and is not
meant to represent horizontal spatial variations within a peatland.

Natural peatlands that are artificially modified or drained may be analogous to
future peatland conditions under climate change scenarios (Kettridge et al., 2015).
Peatlands are commonly drained for forestry, road/infrastructure
development, horticulture, and oil extraction, resulting in changes in peatland hydrological
connectivity (Lieffers and Macdonald, 1990; Cleary et al., 2005; Rooney et al.,
2012; Nieminen et al., 2018). Drained and/or disturbed peatlands are prone to greater
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smouldering periods and increased depth of burn (Granath et al., 2016). For
example, Wilkinson et al. (2018a) found that depth of burn was significantly greater in
heavily drained areas (36.9 cm=+29.6cm) compared with moderately drained
(6.4 cm £+ 5.0 cm) and undrained (2.5 cm £ 3.5 cm) peatlands. Similar results were also
found in Turetsky et al. (2011), who observed an almost three-fold increase in depth of
burn from undisturbed to drained peatlands. Thus, deep peat fires found in drained peatland
analogues illustrate the potential for significant impacts to the C-climate system and drying
of peatlands in the future. Granath et al. (2016) estimated C losses of 21 kg m 2 from 30 cm
deep burns (water table at 40 cm) to over 35-40 kg m 2 when water table is lowered to
80 cm. This is equivalent to 600-1000 years of C sequestration. Turetsky et al.
(2011) found that wildland fire released 2.0 = 0.5 kg C m? from undrained peatlands and
16.8+0.2kg C m? from drained peatlands. Similar to drained peatlands, deep burns
resulting in large C emissions may be observed in undisturbed peatlands that are drying
naturally (Granath et al., 2016). Lowered water tables expose deeper, compressed peat to
smouldering, and consequently, higher C emissions per unit burned. Despite these results,
many studies have not accounted for the variability of depth of burn and relation to C loss
during combustion between peatland middles and margins, potentially underestimating C
loss from boreal peatlands within the global C-climate cycle. This illustrates the importance
of peatland hydrological connectivity and the implications of peatland fragmentation

(‘green’ positive and negative feedback arrows, Figure 2.1).

2.3.2 Variability in vegetation distribution and structure: influences on burn severity

Ecological and vegetative processes controlling depth to water table in peatlands are non-

linear, complex, and interacting (Waddington et al., 2015). Here, I examine vegetation-
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related feedback mechanisms that directly and indirectly influence peatland fire
severity within mature ecosystems. Vegetation feedback mechanisms associated with
biomass losses from wildland fire include afforestation and shrubification, as well as

changes to moss productivity and community over time (Figure 2.2).

Increased depth to water table associated with climate warming or other
disturbances (Holmgren et al., 2015) can encourage the encroachment of shrubs
(“shrubification”) into peatlands (Weltzin et al., 2003), potentially resulting
in afforestation (Waddington et al., 2015; ‘green’ positive feedback arrow, Figure 2.2). This
may result in a positive soil drying feedback, where drying occurs due to transpiration
(‘green’ negative feedback arrows, Figure 2.2), which further lowers the water table and
enhances shrub/tree growth (Lieffers and Macdonald, 1990; Murphy et al., 2009;
Waddington et al., 2015; ‘green’ positive feedback arrow, Figure 2.2). Alternatively,
increased shading from trees may reduce evapotranspiration from the moss surface, partly
mitigating increased interception and evapotranspiration fluxes associated with
shrubification (Kettridge et al., 2013; ‘blue’ positive feedback arrow, Figure 2.2) and
reducing burn severity. Changes to the structure of vegetation can increase wildland fire
fuels and can alter the hydrological connectivity of the landscape (Thompson et al., 2019;
‘grey’ positive feedback arrows, Figure 2.2), thereby increasing fire risk and post-fire burn
severity (e.g., Wilkinson et al., 2018a). Kettridge et al. (2015) suggest that ecological
tipping points may exist when drying is significant enough that wildland fire results in deep
burning (Wilkinson et al., 2018a; ‘orange’ positive feedback arrow, Figure 2.2). These
processes have been observed in temperate peatlands in the U.K. (Davies et al., 2013). For

example, Wilkinson et al. (2018a) examined the effects of peatland drainage on

42



afforestation and subsequent burn severity (‘grey’ positive feedback arrows, Figure 2.2). It
was found that drainage significantly increased tree growth, contributing to the positive
feedback mechanism between afforestation and water table reduction (‘green’ positive
feedback arrow, Figure 2.2). Increased productivity also resulted in greater tree canopy
cover (approximately 20% for undrained, 30% for moderately drained, and 70% for heavily
drained peatlands). Wilkinson et al. (2018a) observed that tree cover further reduced the
amount of precipitation that reached the peat surface (‘blue’ positive feedback
arrow, Figure 2.2) and noted a threshold shift to a greater depth of burn during wildland
fire. Variations in vegetation structures and foliage cover could have significant and
complex implications for peatland maintenance vs. drying. Increased evapotranspiration
due to shrubification and afforestation is enhanced by interception of precipitation,
evaporation from leaves and branches, and reduced overall throughfall (Baisley,
2012; Thompson et al., 2014; Waddington et al., 2015). Not only does a reduction in
precipitation reaching the peat surface affect burn severity via a decrease in soil moisture,
but it may also result in increased burn severity by lessening the ability of precipitation to
extinguish, or at least minimize the further spread of, smouldering in peat. The ability of
rainfall to extinguish smouldering peat depends on intensity rather than only duration, and
it must reach a threshold to have an impact (Lin et al., 2020). Low-intensity rain
(<4 mm hr!) is unlikely to have any extinguishing impact (Lin et al., 2020); it is important

to consider how greater canopy cover can reduce the intensity of rainfall.

While a general increase in shrubs or trees may result in further positive
evapotranspiration-drying feedbacks, afforestation of an already shrubby peatland may

counteract this if tree shading reduces shrub growth and maintenance (Waddington et al.,
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2015), as, under some instances, evapotranspiration may be greater in shrubby peatlands
than in treed peatlands (Strilesky and Humphreys, 2012). For example, treed peatlands
dominated by black spruce (Picea mariana) will have lower evapotranspiration and gross
ecosystem photosynthesis than open/shrubby peatlands, as P mariana has lower
transpiration and photosynthetic rates. P mariana has low stomatal conductance, which
also decreases as vapour pressure deficit increases (Dang et al., 1997), so a transition from
shrubs to trees may result in reduced evapotranspiration, reduced water loss, and improved

peatland resilience to wildland fire.

Sphagnum mosses, particularly Sphagnum fuscum, which dominate peatland
hummocks, retain moisture in dead hyaline cells and reduce soil temperature, thereby
acting as a natural fire retardant in peatlands. When the depth to water table increases,
hummock Sphagnum species increase hyaline cell area (Bu et al., 2013; Figure 2.2),
increasing water storage capacity, maintaining surface moisture, and improving water
storage capacity such that the potential for combustion is reduced (‘red’ positive and
negative feedback arrows, Figure 2.2). Micro-topographic hollows are dominated by a
diverse range of more flammable mosses, such as Sphagnum angustifolium, Sphagnum
magellanicum, and feather moss (Kellner and Halldin, 2002; Benscoter et al., 2005). A
decline in water table position or soil moisture, or increased shrubification and afforestation
may result in a transition from Sphagnum-dominated moss communities to forest/upland
species such as feathermoss (e.g., Bisbee et al., 2001; Breeuwer et al., 2009; Wilkinson et
al., 2018a; ‘red’ positive and negative feedback arrows, Figure 2.2). Feathermoss species
have lower moisture requirements than Sphagnum and thrive under shadier conditions

(Bisbee et al., 2001). However, because feathermoss has a lower moisture content for the
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same height above the water table, they tend to burn more severely (Wilkinson et al.,
2018a; Figure 2.2). This could enhance future wildland fire burn severity within peatlands

and surrounding transitional boundaries.

Figure 2.3 illustrates the combined feedbacks of the dominant pre-fire factors
influencing the loss of biomass from C-rich peatland soils illustrated in Figure 2.1
and Figure 2.2 without highlighted feedbacks (used for the understanding of connections
described above). Enhanced fragmentation of wetlands associated with drying, and also
disturbance from natural resources extraction, will likely contribute to increased fire
severity within peatlands in the future. This may occur as a result of reduced hydrological
connectivity and a reduction of the ability of peatlands to maintain moisture conditions
required for future fire resilience. Drying could enhance shrubification and positive
feedbacks associated with water losses from evapotranspiration, resulting in a net increase

of C fluxes to the atmosphere associated with combustion and microbial respiration.
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Figure 2.3. The combination of soil, hydrological, and vegetation influences (Figure
2.1, Figure 2.2) on pre-fire positive and negative feedback mechanisms and relationships
affecting peatland burn severity. Major water fluxes are also included (wide, patterned
arrows). Note that the diagram is not to scale and is not meant to represent horizontal spatial
variations within a peatland.

2.4 Post-fire feedbacks and their influence on peatland ecosystem change

Wildland fire and burn severity in peatlands may critically impact feedback mechanisms,
which, in the years immediately following fire, can enhance or diminish peatland resiliency
to climate-mediated changes or future wildland fire regimes. Here 1 describe what is
currently understood with regards to the immediate post-fire environment with regards to
a) energy balance; b) soil properties, including bulk density and hydrological feedbacks;

and c) vegetation regeneration.
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2.4.1 Energy Balance

Boreal peatlands that have not recently burned have lower sensible heat fluxes,
higher latent heat fluxes, and higher albedo (even through the growing season) than
do boreal forests (Helbig et al., 2020). Boreal peatlands play an important role in local
climates by cooling summer air temperatures by up to 1.7-2.5 °C (Helbig et al., 2020). As
such, understanding how wildland fire impacts the energy balance of these peatlands in the
years immediately following the fire is important in understanding energy partitioning into
latent and sensible heat exchanges and interactions between evaporative losses, hydrology,

and vegetative regeneration (Figure 2.4).
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Figure 2.4. A conceptual diagram of positive and negative feedback mechanisms as they
relate to energy balance in an immediately post-fire peatland. Major water fluxes are also
included (wide, patterned arrows). Note that the diagram is not to scale and is not meant to
represent horizontal spatial variations within a peatland.

47



In the period immediately following a moderate to severe fire, the ground surface
receives increased incident shortwave radiation and reduced shading due to a loss of trees.
This can result in a shift in the proportion of latent and sensible energy fluxes, which may
result in significantly greater surface evaporation in burned peatlands than in unburned
(~50%; Thompson et al., 2014; ‘orange’ positive feedback arrow, Figure 2.4). However,
these positive feedbacks may be alleviated by negative feedback mechanisms such as
reduced transpiration due to a loss of trees and changes in albedo associated with increased
winter snow cover. While Thompson et al. (2014) found that evaporation increased from
burned peatlands, once the reduction in transpiration due to a loss of trees was accounted
for, the difference in evapotranspiration between burned and unburned peatlands was
negligible. An increase in winter albedo and an increase in outgoing longwave
radiation also mitigates increased shortwave radiation received by burned peatlands in the
first few years post-fire (‘red’ negative feedback arrows Thompson et al., 2015). Further,
rapid regrowth of shrubs within burned peatlands mitigated the impact of a loss of canopy
on radiation at the moss surface (‘blue’ negative feedback arrow, Figure 2.4). Shrub growth
likely reduces evaporation from the scorched ground surface as well as open water within
small hummocks and ground cover vegetation, resulting in greater moisture retention

(Kellner, 2001; ‘green’ positive feedback arrow, Figure 2.4).

Surface  temperatures are also affected by moss species type
and microtopography (Kettridge et al., 2012). S. fuscum hummocks maintain pre-fire
temperatures (‘grey’ negative feedback arrow, Figure 2.4), and while the surface
temperatures of hollows may be significantly greater than that of hummocks (‘grey’

positive feedback arrow, Figure 2.4), these differences are restricted to surface layers. Low
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soil moisture and retention of sensible heat at the burned peat surface results in warming
of the laminar surface temperature, while also insulating the sub-surface peat to a depth of
~1-2 cm. Kettridge et al. (2012) found that at approximately 1 m below the peat surface,
burned and unburned peatland temperatures were similar. However, following wildland
fire in sporadic permafrost environments, Gibson et al. (2018) found warmer soil thermal
regimes and expansion of heat into the active layer (seasonally thawed soil). They
hypothesize that the combined effects of deeper active layers, thermokarst bog expansion,
and warmer soils will significantly increase rates of decomposition and C emissions, while
thermokarst bog expansion could also result in net cooling, Sphagnum community
enhancement, and possible net C sequestration. Further, during the period following fire,
singed feather mosses may become hydrophobic, thereby reducing latent heat exchange

(Kettridge et al., 2017; ‘red’ negative feedback, Figure 2.4).

2.4.2 Soil properties: hydrological and bulk density feedbacks

Combustion of peatlands may result in a positive or negative feedback response relative to
the hydrological conditions of the peatland in the short-term post-fire, depending on
environmental factors including pre-fire hydrology (e.g., Kettridge et al., 2015; Lukenbach
et al., 2017), vegetation (e.g., Flannigan et al., 2009; Waddington et al., 2015) and burn
severity (e.g., Lukenbach et al., 2016). Regarding hydrology, if peatlands are undrained
(Kettridge et al., 2015) or are well-connected to groundwater sources (Lukenbach et al.,
2017), post-fire water tables may remain at similar pre-fire levels and stability, enhancing
recovery and moss regeneration. Alternatively, if peatlands are not well-connected to
groundwater sources, or have been drained, increased depth of burn results in a lowered

and more fluctuating water table in the years following the fire (Sherwood et al.,
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2013; Thompson et al., 2014; Lukenbach et al., 2017; ‘red’ positive and negative feedback
arrows, Figure 2.5). For example, peatlands that are poorly hydrologically connected may
experience deeper, more severe burning, resulting in elevation loss (‘red’ positive and
negative feedback arrows, Figure 2.5), exposure of high bulk density peat, and,
subsequently, more dynamic hydrology (‘grey’ positive feedback arrows, Figure 2.5). Pre-
fire surface peat with low bulk density has a high specific yield, which is important for
moderating water table fluctuations (Thompson and Waddington, 2013a). Wildland fire
results in the exposure of deeper peat with higher bulk density to the surface, especially in
hollows. This denser peat has higher water retention and lower specific yield, which results
in a less stable, “flashier” water table that fluctuates more readily with small weather
changes (Thompson and Waddington, 2013a; ‘grey’ positive feedback arrows, Figure 2.5).
Particularly when peatlands are poorly connected to groundwater and the surrounding
peatland complex, this can result in increased flooding during wet conditions and greater
water table draw-down during dry periods, in the years following wildland fire (Thompson

etal., 2014).
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Figure 2.5. A conceptual diagram of positive and negative feedback mechanisms as they
relate to post-fire burn severity and soil properties (hydrology and bulk density). Major
water fluxes are also included (wide, patterned arrows). Note that the diagram is not to
scale and is not meant to represent horizontal spatial variations within a peatland.

The importance of hydrological connectivity in post-wildland fire hydrological
impacts is especially apparent when considering peatland margins. When comparing the
post-fire hydrological conditions of poorly connected versus well-connected peatland
margins, Lukenbach et al. (2017) found that poorly-connected peatlands had a less stable
water table, whereas the well-connected peatlands' water table was moderated. Peatland
margins that are well-connected within the peatland complex have lower depth of burn
(like that of peatland middles). The deep burning in the margins of poorly connected
peatlands not only result in a greater elevation loss, but enhance peat exposure to high bulk

density and low specific yield.
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Peatlands may have different hydrological responses following wildland fire,
depending on their vegetation and/or microtopography and the severity of burn
(e.g., Thompson and Waddington, 2013Db). In peatlands dominated
by Sphagnum, evapotranspiration may increase after a wildland fire, resulting in drier
peatlands (Thompson et al., 2014) and an increased risk of recurring fire. Particularly in S.
fuscum-dominated hummocks, there is a greater increase in pore-water pressure than in
hollows, suggesting that despite the limited depth of burn, and the apparently low burn
severity of hummocks relative to hollows, the hydrological impacts may be more severe.
This is demonstrated by increased soil moisture losses post-fire (‘orange’ negative
feedback arrow, Figure 2.5), increased moisture tension, limited Sphagnum growth, and

reduced post-fire regeneration (Thompson and Waddington, 2013b).

However, changes to evapotranspiration may also result in negative hydrological
feedbacks (Thompson and Waddington, 2013b). For example, lower severity burning
resulting in residual feathermoss may become hydrophobic, increasing soil moisture
retention (Wilkinson et al., 2020; ‘orange’ positive feedback arrow, Figure 2.5). As burn
severity increases, hydrophobicity rises to a point where vegetation is thoroughly
combusted, exposing the underlying peat (Wilkinson et al., 2020). This may reduce the risk
of subsequent fires, the potential for vegetation regime shift, and/or the possibility of excess
C release due to drying peat (Kettridge et al., 2014). Further, while other studies as
described previously found that low severity burn of Sphagnum increases
evapotranspiration, others have found that it may also increase the water repellency

of Sphagnum (Kettridge et al., 2014), resulting in a negative feedback such that
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evapotranspiration is reduced, water storage is increased, and propensity for future burn is

reduced (‘purple’ positive feedback arrow and ‘grey’ negative feedback arrow, Figure 2.5).

Further — mitigating  potential increases in  evapotranspiration from
burned Sphagnum communities, post-combustion feathermoss evapotranspiration is much
lower than that of Sphagnum and may be less than the evaporation from a non-vegetated
environment (Kettridge et al., 2017). If treed peatlands are burned, the loss of trees and
post-fire forb and shrub succession may result in a lower net loss of moisture in the post-
fire peatland environment (Thompson et al., 2015; ‘green’ negative feedback
arrows, Figure 2.5). A loss of canopy will also increase the amount of precipitation reaching
the soil and will reduce the evaporation that occurs on the canopy before it reaches the peat
surface (via interception). Fewer trees and shrubs will also reduce evapotranspiration
(Baisley, 2012; Waddington et al., 2015; Wilkinson et al., 2018a; ‘purple’ negative
feedback arrow, Figure 2.5). Because evapotranspiration is the dominant flux of water from
boreal peatlands (Petrone et al., 2006), reduced transpiration is essential in maintaining
peat moisture, and therefore reducing the susceptibility of peatlands from future wildland

fire (Kettridge et al., 2017).

Regarding post-fire bulk density, Thompson and Waddington (2013a) found that
surface bulk density was significantly greater in burned than in unburned peatlands
(85 kg m~ and 56 kg m, respectively). Increased post-fire bulk density can result in
enhanced water table variability, which in turn, can further increase bulk density and the
probability of greater depth of burn in future fires (Waddington et al., 2015; Granath et al.,
2016); ‘grey’ positive feedback arrows, Figure 2.5). Changes in post-fire bulk-density can

also have significant implications for post-fire moisture by reducing saturated hydraulic
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conductivity (Whittington and Price, 2006) and specific yield, which controls the rate of
water table decline per unit of water loss (Price, 1997). Greater bulk density with depth,
especially in post-fire peatlands, allows for increased water retention by peat found above
the water table (Thompson and Waddington, 2013a). Finally, the positioning and bulk
density within hollows vs. hummocks also varies following wildland fire. For
example, Thompson and Waddington (2013a) found that post-fire bulk density was greater
in hollows (where burn severity and loss of C-rich soils are often greater) than in

hummocks (95 kg m~ and 45 kg m >, respectively).

2.4.3 Shrubification and change to ground cover vegetation

The alteration of microtopography by wildland fire is an important determinant of post-fire
vegetation regeneration and peatland resilience. Microtopography is a primary control of
moss and lichen composition associated with variations in hydrology and energy balance
(Vitt, 1990), which may result in a positive fire/species feedback response associated with
different moisture levels and decomposition rates. Variations in ground cover species can
also result in differences in peat bulk density, further enhancing variations in
microtopography (Benscoter et al., 2015; ‘red’ positive and negative feedback
arrows, Figure 2.6). Benscoter et al. (2015) found that the post-fire local microtopography
elevation range between hummocks and hollows was nearly double that of pre-fire in a
boreal peatland. Therefore, if wildland fire did not occasionally enhance local
microtopograhical variations, peatlands would become more vertically homogeneous
(Benscoter and Vitt, 2008; Rowe et al., 2017), resulting in successional changes and
potentially lower diversity of vegetation species (Benscoter and Vitt, 2008). Following fire,

hollows remain hollows; however, hummocks may be equally likely to become hollows as
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they are to remain hummocks (Benscoter et al., 2005). Whether a microtopographic feature
is changed or maintained is dependent on the local spatial variability of the depth of burn
(burn severity). If burn severity is relatively low, hummocks may regenerate faster than
hollows due to remaining Sphagnum fragments (Clymo and Duckett, 1986). However, if
burn severity is high, hummocks can become hollows, and Sphagnum regeneration would
be limited (Benscoter et al., 2005). This highlights the importance of fire severity and
spatial variations in depth of burn for determining peatland succession and the overall form

of boreal peatlands in the future (Figure 2.6).
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Figure 2.6. A conceptual diagram of positive and negative feedback mechanisms as they
relate to post-fire burn severity and vegetative regeneration. Major water fluxes are also
included (wide, patterned arrows). Note that the diagram is not to scale and is not meant to
represent horizontal spatial variations within a peatland.

Regarding the influence of microtopography on post-fire vegetation

communities, S. fuscum typically regenerates on hummocks, while hollows are often
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characterised by a greater variety of post-fire species (Benscoter et al., 2005) due to greater
variability of moisture conditions. Sphagnum regeneration on hummocks is supported if
burn severity is low or if peatlands are hydrologically well-connected (‘blue’ positive
feedback arrow, Figure 2.6); however, if burn severity increases, and/or peatlands are
disconnected from groundwater and the surrounding peatland complex, the functionality
of this negative feedback mechanism will be reduced. Sphagnum hummocks may not
regenerate, resulting in the migration of feathermoss into hummocks (Lukenbach et al.,
2016; Lukenbach et al., 2017) or the replacement of Sphagnum communities with upland
species and, subsequently, enhanced peatland drying (e.g., Johnston et al., 2015; Miller et

al., 2015; ‘red’ negative feedback arrow, Figure 2.6).

Post-fire water table variability within peatland margins may also promote a
regeneration trajectory similar to that of uplands, as indicated by the growth of vegetation
species such as aspen (Populus tremuloides; Lukenbach et al., 2017; Depante et al., 2019;
‘green’ negative feedback arrows, Figure 2.6). As these are not peat-forming species, they
may affect the C sink capacity of the peatland and could increase transpiration. This may
result in a positive feedback response in which increased drying results in further growth
of upland vegetation and possible transition to an upland as opposed to a wetland
ecosystem (‘green’ negative feedback arrows, Figure 2.6). The process feedbacks of post-
fire peatland establishment associated with energy exchanges (Figure 2.4), burn severity,
hydrological and topographical influences (Figure 2.5), and vegetation community

establishment (Figure 2.6) are summarised in Figure 2.7.
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Figure 2.7. A conceptual feedback diagram with water fluxes summarizing post-fire
positive and negative feedback mechanisms and relationships affected by peatland burn
severity, hydrology, and vegetation described in Figure 2.4, Figure 2.5, Figure 2.6. Major
water fluxes are also included (wide, patterned arrows). Note that the diagram is not to
scale and is not meant to represent horizontal spatial variations within a peatland.

2.5 Peatland fire linkages to the climate system

Due to the vast C stores of northern peatlands, changes in hydrology and burn regimes will
significantly influence peatland C cycling and implications to the global C cycle (Camill
et al., 2009; Turetsky et al., 2011). Climatic warming and changes to the period of snow-
cover in northern regions are causing major ecological shifts within boreal peatlands
(e.g., Chasmer and Hopkinson, 2017 within the discontinuous permafrost zone), affecting
both the directionality and strength of peatland-atmosphere C fluxes (Helbig et al., 2017).
Further, C emissions from peatland fires are predicted to increase associated with projected
climatic shifts (e.g., Kohlenberg et al., 2018; Wilkinson et al., 2018a; ‘red’ positive

feedback arrow, Figure 2.8). Smouldering peat releases more C during peatland wildland
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fire than does the burning of the forested overstory (Benscoter et al., 2011), while near
equivalent amounts of C are released in the years following wildfire due to net balances of
decreased gross primary production (Harden et al., 2000) and enhanced ecosystem
decomposition/respiration (e.g., Auclair and Carter, 1993; Kasischke et al., 1995; O'Neill
et al., 1997; Harden et al.,, 2000), exacerbating positive C-climate feedback cycle
(Kasischke et al., 1995; Stocks et al., 1996; van der Werf et al., 2010; Figure 2.7). Such
changes could shift peatlands from a gradual sink for atmospheric C to a source (Loisel

and Yu, 2013).
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Figure 2.8. A conceptual diagram of positive and negative feedback mechanisms as they
relate to the global C-climate cycle and peat wildland fire. Major water fluxes are also
included (wide, patterned arrows). Note that the diagram is not to scale and is not meant to
represent horizontal spatial variations within a peatland.

It is worth noting that while this chapter focuses on C emissions during peat
combustion, which is mostly CO; (Hu et al., 2018), CO and CHj4 are also emitted in greater
proportions than in flaming fires. In reviewing the literature, Hu et al. (2018) found that
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average emissions factors in boreal and temperate peatland fires were 1133.8 g kg ' CO,,
179.4 gkg ' CO, and 8.1 g kg ! CH4. The ratios of these C gasses will fluctuate depending
on the soil's bulk density and moisture content (Kohlenberg et al., 2018). Dry peat results
in an increase in flaming and greater CO, emissions, whereas wet peat emits more CO (Hu
et al., 2019), which may be of concern when considering the negative impacts of CO on
human health (Hinwood and Rodriguez, 2005). As the strength of combustion and
oxidization declines with moisture content, the ratio of CO:CO; increases. While these are
important metrics, especially when considering air quality, the loss of specific C gasses is

not addressed in this chapter.

The extent to which North American boreal peatland fires affect global C and
climate systems by re-introducing C sequestered over several millennia to the atmosphere,
and the response of peatland C emissions to climatic warming, remains unclear. Because
of the complexity of the combustion of organic peatland soils, spatial variations of depth
of burn, and the large proportion of C emitted relative to other ecosystem components
(Benscoter and Wieder, 2003), accurate quantification of C emissions can be challenging
(van der Werf et al., 2010). This may result in the large variability in depth of burn,
particularly between margins and middles, left unaccounted for (e.g., Thompson and
Waddington, 2014; Kohlenberg et al., 2018). For example, Harden et al. (2000) found that
the boreal ecosystem C losses from wildfire were three to ten times greater than those used
in general circulation models. Wu et al. (2015) found that peatlands, in general, are not
well represented within Earth systems models, and while they were incorporated into the
Canadian Land Surface Scheme v3.6 and Canadian Terrestrial Ecosystem Model v2.0,

wildland fire and its impacts of C loss were not represented. Other studies have modelled
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C loss while assuming a maximum depth of peat burn of 15 cm (e.g. van der Werf et al.,
2010), which underestimates depth of burn measurements identified using field sampling
and airborne lidar data within boreal peatlands (e.g., Granath et al., 2016; Hokanson et al.,
2016; Chasmer et al., 2017). If depth of burn is underestimated within C emissions models,
then C losses from peatland fires are also significantly underestimated. The proportion of
the landscape that is subject to such deep burning, however, remains unclear. Improved
accuracy of C emissions estimations requires quantification of the proportion of deep to
shallow burns associated with burn severity and a better understanding of the distribution

of deep burns for statistical analyses and C budget modelling.

Peatland-climate feedback mechanisms are complex, and there are many
uncertainties regarding the prediction of peatland fires in the future (e.g., Camill et al.,
2009). It is possible that, while a warming climate may increase wildland fire frequency,
severity, and/or extent (Flannigan et al., 2005), resulting in greater C emissions (Turetsky
et al., 2011; ‘orange’ positive feedback arrows, Figure 2.8), the opposite could also occur.
For example, increased shrubification of peatlands following fire will result in a pulse of
increased net primary production (NPP), resulting in a negative C-climate feedback,
potentially mitigating C emissions from peat combustion (Camill et al., 2009; Fan et al.,
2013; Loisel and Yu, 2013; ‘green’ negative feedback arrows, Figure 2.8). Further, an
increase in surface air temperature and length of growing season prolongs the period of C
sequestration, resulting in net uptake (Fan et al., 2013; Loisel and Yu, 2013), while an
increase in air temperature may also increase heterotrophic respiration. In some cases, a
warming climate may also result in a transition from fen to bog within some boreal

peatlands and an increase in Sphagnum production (Loisel and Yu, 2013; ‘blue’ negative
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feedback arrow, Figure 2.8), both of which also promote increased C uptake. Finally,
increased sequestration from historically wetter peatlands, such as fens, may offset C
emissions of already-drier peatlands (Loisel and Yu, 2013). However, a shift from wetter
to dryer peatlands may increase fire severity and the likelihood of ignition, further reducing
fire return intervals. The long-term implications of increasing fire frequency are uncertain.
If vegetation regeneration was not considered, the shortening of fire intervals by half could
result in a net source of C from peatlands (Wieder et al., 2009); however, with more
frequent fires, while deciduous trees may flourish, the quantity of conifers, surface organic
material, and herbaceous plant species will likely decrease (Whitman et al., 2019).
Shortened fire return intervals may not allow for regeneration of current stands, reducing
fuel load (Johnstone et al., 2016), and possibly decreasing burn severity and C emissions

from future wildland fires, despite their increased frequency.

The relationship between peatland vegetation communities in the post-fire
ecosystem and impacts on C emissions may be mitigated by the regeneration of peatland
mosses and vascular vegetation (Camill et al., 2009). Still, this enhanced regeneration
could have other implications for peatland function and ecosystem services. For example,
an increase in NPP or shifting vegetation communities could increase fire fuel sources,
increasing the probability of ignition and spread. Further, Fan et al. (2013) suggest that
peatland C sinks may transition to sources in the latter part of the 21st century as projected
warming may increase respiration beyond what is sequestered through primary production,

amplifying positive C-climate-fire feedback cycles (e.g., Kettridge et al., 2017).
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2.6 Discussion of peatland feedbacks as related to resiliency and vulnerability to

wildland fire

The processes and feedback mechanisms related to peatland fires and climatic change are
complex and uncertain; however, the recent proliferation of research on these important
topics helps to clarify our understanding of peatland-fire interactions. Here, I provide a
summary of key characteristics and feedback mechanisms that affect the resiliency of
peatlands to wildland fire (Figure 2.9a), as well as a comprehensive conceptual of all

interactions discussed throughout the review (Figure 2.9b).
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Figure 2.9. Conceptual models of a) feedbacks within resilient vs. sensitive peatlands; and
b) cumulative positive and negative feedback mechanisms related to peatland-fire
interactions and effects on the global C-climate cycle.

The most resilient peatlands are hydrologically well-connected to both the larger
peatland complex and groundwater system, resulting in a moderated water table. They have
not been anthropogenically altered (compacted, drained, or harvested), and therefore
maintain stable soil moisture and low bulk density. They are not fragmented and have low
margin:middle area ratios (e.g. Lukenbach et al., 2015). These peatlands have a thick
surface layer of mosses, keeping surface bulk density low and moisture retention high, and
a high proportion of hummock-dominating species, such as Sphagnum fuscum, which
holds moisture even during drought, lowers surface temperatures, and limits encroachment
of upland species (e.g. Kettridge et al., 2012; Bu et al., 2013). Highly resilient peatlands
may have black spruce as a dominant tree species, as low stomatal conductance will help
maintain peat moisture (Dang et al., 1997). Following fire, Sphagnum mosses prevalent in
resilient peatlands will help mitigate the lowering of the water table and reduction of soil

moisture.

The most vulnerable peatlands have been fragmented or disturbed and are more
hydrologically isolated. Thus, their water tables are highly temporally variable, resulting
in increased bulk density and conditions that support shrubification, particularly in the
margins (e.g. Lukenbach et al., 2015; Hokanson et al., 2016). Aspens may dominate the
margins, encroaching into the peatlands and promoting a transition to an upland ecosystem
(e.g. Lukenbach et al., 2017; Depante et al., 2019). Fragmentation results in a high
margin:middle area ratio, which increases the rate of shrubification, fuels for fire, and burn

severity. These peatlands may have burned severely in the past, resulting in a loss of
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hummocks and hummock-forming moss species. A transition from S. fuscum and other
hummock-forming species to feathermoss and other hollow species due to either previous
wildland fire or drying and afforestation may increase the risk of subsequent high severity
fires (e.g. Bisbee et al., 2001; Breeuwer et al., 2009; Wilkinson et al., 2018a). Previous
fires may have been severe, increasing bulk density, resulting in unstable water tables and
increased risk of severe burns (e.g. Thompson and Waddington, 2013a; Waddington et al.,

2015; Granath et al., 2016; Figure 2.9a).

2.7 Recommendations

Modelling and mapping peatlands based on the key attributes described in the previous
section may allow for a better understanding of future wildland fire scenarios within the
boreal and improved estimations of boreal peatlands' contribution to the global C-climate
cycle. I also suggest that research focuses on improving estimates of wildland fire C
emissions of the boreal region. By more accurately quantifying C emissions, the
contribution of wildland fire to the global C-climate cycle can be better understood. |
propose that better integration of process understanding and scaling of changes in peatlands
through a combination of remotely sensed data and hydro-ecological and wildland fire
models is necessary. In utilizing these multi-disciplinary approaches, I can better
understand the coupling of boreal peatland-fire interactions and boreal peatlands'

contribution to global climate change and climate forcing mechanisms.

2.8 Conclusion

In this review, I have synthesized knowledge of peatland-wildland fire feedback
mechanisms and how they interact with the C-climate feedback cycle (Figure 2.9b). While
this is by no means an exhaustive list, this review provides an overview of the dominant
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processes and feedbacks and explanations as to their relative connections. It is clear that
positive and negative feedbacks are numerous and complex and may act against one
another, entirely or partially mitigating the effect of another, or may compound the effects,
resulting in enhanced fire risk and C-climate forcing. The extent of the effects of these
feedbacks also varies across peatlands, regions, and through time. However, we can
conclude that over larger areas, climatic warming will result in greater fire frequency,
extent, and severity in the boreal region, which will increase peatland C losses due to fire,
as well as alter peatland condition and the ecosystem services that northern communities
rely on. Initially, increased C emissions from wildland fire may be offset by increased NPP;
however, this is temporary and may eventually result in further increases of C loss through
enhanced decomposition and ecosystem respiration. Climatic warming and anthropogenic
disturbance may also reduce peatland resiliency to wildland fire through reduced
hydrological connectivity. While there are undoubtedly negative feedback mechanisms
initiated following peatland fires, the dominant feedbacks are predominantly positive
(Figure 2.1, Figure 2.2, Figure 2.3, Figure 2.4, Figure 2.5, Figure 2.6, Figure 2.7, Figure
2.8). It is clear that increases in wildland fire activity in boreal peatlands will result in
greater C losses to the atmosphere, enhancing climate warming and resulting in a positive

feedback mechanism.
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CHAPTER 3: QUANTIFYING LIDAR ELEVATION ACCURACY:
PARAMETERIZATION AND WAVELENGTH SELECTION FOR OPTIMAL

GROUND CLASSIFICATIONS BASED ON TIME SINCE FIRE/DISTURBANCE

3.1 Abstract

Pre- and post-fire airborne lidar data provide an opportunity to determine peat
combustion/loss across broad spatial extents. However, lidar measurements of ground
surface elevation are prone to uncertainties. Errors may be introduced in several ways,
particularly associated with the timing of data collection and the classification of ground
points. Ground elevation data must be accurate and precise when estimating relatively
small elevation changes due to combustion and subsequent carbon losses. This study
identifies the impact of post-fire vegetation regeneration on ground -classification
parameterizations for optimal accuracy using TerraScan and LAStools with airborne lidar
data collected in three wavelengths: 532 nm, 1064 nm, and 1550 nm in low relief boreal
peatland environments. While the focus of the study is on elevation accuracy and losses
from fire, the research is also highly pertinent to hydrological modelling, forestry,
geomorphological change, etc. The study area includes burned and unburned boreal
peatlands south of Fort McMurray, Alberta. Lidar and field validation data were collected
in July 2018, following the 2016 Horse River Wildfire. An iterative ground classification
analysis was conducted whereby validation points were compared with lidar ground-
classified data in five environments: road, unburned, burned with shorter vegetative
regeneration (SR), burned with taller vegetative regeneration (TR), and cumulative burned
(both SR and TR areas) in each of the three laser emission wavelengths individually, as

well as combinations of 1550 nm and 1064 nm and 1550 nm, 1064 nm, and 532 nm. I find
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an optimal average elevational offset of ~0.00 m in SR areas with a range (RMSE) of ~0.09
m using 532 nm data. Average accuracy remains the same in cumulative burned and TR
areas, but RMSE increased to ~0.13 m and ~0.16 m, respectively, using 1550 nm and 1064
nm combined data. Finally, data averages ~0.01 m above the field-measured ground surface
in unburned boreal peatland and transition areas (RMSE of ~0.19 m) using all wavelengths
combined. I conclude that the ‘best’ offset for depth of burn within boreal peatlands is
expected to be ~0.01 m, with single point measurement uncertainties upwards of ~0.25 m
(RMSE) in areas of tall, dense vegetation regeneration. The importance of classification
parameterization identified in this study also highlights the need for more intelligent

adaptative classification routines, which can be used in other environments.

3.2 Introduction

Boreal peatlands contain considerable carbon (C) stores and have acted as a long-term sink
for atmospheric C since the Holocene (Frolking & Roulet, 2007; Yu, 2012). However, with
climate change, many of these peatland regions are drying and becoming more vulnerable
to wildland fire (Flannigan et al., 2013; Miller et al., 2015; Walker et al., 2015), which are
increasing in both frequency and severity (Kohlenberg et al., 2018; Miller et al., 2015).
There is interest in quantifying the contribution of peat combustion to atmospheric C
(Chasmer et al., 2017; Thompson et al., 2014; Van der Werf et al., 2010). Improving
estimations of C loss during wildland fire is especially critical in boreal environments,

where soil combustion can account for up to ~90% of C loss (Van der Werf et al., 2010).

In recent years, several studies (Kohlenberg et al., 2018; Lin et al., 2021; Mickler
et al., 2017; Morison et al., 2021) have described the loss of C from wildland fire in

peatlands; however, there are methodological limitations for estimating C loss across a
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broad range of peatland and boreal ecosystems. Fieldwork is labor-intensive and time-
consuming and cannot survey the full range of environmental variations that influence the
loss of C from fire in peatland landscapes (Aguilar & Mills, 2008; Hokanson et al., 2016;
Thompson et al., 2014). Optical remote sensing is often utilized to estimate burn severity
and is particularly useful in its ability to cover broad spatial extents (e.g., Aguilar & Mills,
2008; Whitman et al., 2020); however, optical remote sensing of the understory and ground
surface is occluded by the pre-fire vegetation canopy and any remaining post-forest
canopy—a limitation in assessing burn severity as well as pre-fire conditions (Aguilar &
Mills, 2008; Hudak et al., 2007; Thompson et al., 2014). Therefore, these sensing
techniques cannot easily measure ground surface elevation and cannot measure depth of

burn, an essential component of biomass loss (Chasmer et al., 2017).

Airborne and Unpiloted Aerial Vehicle (UAV) lidar provide an opportunity to
resolve both the lack of spatial coverage of field data and reduced ability to determine
ground elevation from high spatial resolution optical remote sensing due to occlusion.
Lidar is useful for measuring ground surface elevations and vegetation structural
characteristics across a range of land cover types, including boreal peatlands (e.g., Ekhtari
et al., 2018; Hopkinson et al., 2005; Moudry et al., 2020). This capability allows for not
only the quantification of pre-fire fuels and post-fire ecosystem regeneration in the study
of wildland fire (e.g., Andersen et al., 2005; Chasmer et al., 2017; McCarley et al., 2020),
but also in forestry (e.g., Chen et al., 2017; Moudry et al., 2020), urban planning and road
design (e.g., Aguilar & Mills, 2008), hydrological modelling (e.g., O’Neil et al., 2019),
mapping and modelling of land cover distribution (i.e., wetlands) (e.g., Millard &

Richardson, 2013; O’Neil et al., 2018), monitoring of permafrost thaw (e.g., Chasmer &
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Hopkinson, 2017), soil erosion (e.g., Neugirg et al., 2015) and flooding (e.g., Escobar
Villanueva et al., 2019). A benefit of the use of lidar is the ability to measure both canopy
structure, understory, and ground surface elevation (Aguilar & Mills, 2008). Multi-
temporal, pre- and post-fire lidar data also enable quantification of biomass losses from
fire and post-fire vegetation regeneration (e.g., Campbell et al., 2021). As laser pulse
returns can measure ground surface elevation, the technology is particularly useful for
determining surface elevation changes, such as depth of burn during wildland fire,
quantification of erosion, and impacts of permafrost slaw if pre- and post-disturbance lidar
data are available. However, despite its utility, questions arise on the accuracy of lidar data
for determining elevation (and therefore depth of burn, C losses, etc.) associated with
different ground classification routines and also, the efficacy of lidar-based observations as
time since fire increases. Aguilar & Mills (2008) suggest that most error is introduced
during the classification stage; however, custom, environment-specific ground
classification parameterization can improve DEM accuracy (Moudry et al., 2020; Schmid
et al., 2011). Due to the need for accurate ground surface data when quantifying relatively
small changes in elevation from combustion, erosion, slumping, permafrost thaw, and
anthropogenic disturbance, the quantification of ground classification routines specific to
land cover and vegetation growth that result in the least error is required. There is also an
urgent need for more accurate measurements of soil combustion and overall C losses from
boreal peatlands and their potential influence on the global climate system (Lin et al., 2021;

Nelson et al., 2021; Chapter 2).

Based on the necessity for accurate ground elevation data for estimating depth of

peatland burn in pre- and post-fire lidar data, this study aims to: (a) identify how post-fire
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vegetation regeneration impacts optimal ground classification configurations using
industry-standard software: TerraScan (Terrasolid, Helsinki, Finland) and LAStools
(RapidLasso, Gilching, Germany, GmbH); and (b) compare multispectral lidar emission
wavelength(s) (532 nm (green); 1064 nm (near infrared); 1550 nm (shortwave infrared);
1064 and 1550 nm combined; and, 532, 1064, and 1550 nm combined) in burned and
unburned boreal peatlands and transition zones in western Canada. The overall goal is to
provide recommendations for ground classification of lidar data across a range of
vegetation regeneration required for quantifying subtle changes in elevation, including
depth of burn from fire (in bi-temporal, pre- and post-fire lidar data). While this research
focuses on wildland fire, recommendations will also be useful for hydrological modelling,

forestry applications, and land surface engineering/mining/cut-fill operations.

3.3 Materials and Methods

3.3.1 Study Area

The study area is located about 30 km south of Fort McMurray, Alberta (centre: 12N
482464E 6260554N) in the Boreal Plains ecozone of Canada (Figure 3.1; Downing &
Pettapiece, 2006). The region is characterized by flat to slightly undulating terrain with
some hummocky zones. It is dominated by bog and fen peatlands (dominant wetland
classes in Alberta; Alberta ESRD, 2015), aspen (Populus tremuloides) uplands, and black
spruce (Picea mariana) lowlands/transition zones (Downing & Pettapiece, 2006).
Extensive forestry and oil exploration and extraction occur within the region, as do
subsistence and commercial hunting and fishing and minor agricultural practices (Downing

& Pettapiece, 20006).
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Figure 3.1. Map illustrating the extent of the Horse River Wildfire within the Boreal Plains
Ecozone (inset), which extends across Canada from northern British Columbia (BC) and
into Alberta (AB), Saskatchewan (SK), and Manitoba (MB) and the study area, including
lidar survey polygon and field validation transects/plots.

The study covers a 20,441-ha area south of Fort McMurray, extending beyond the
area burned by the Horse River Wildfire in 2016 (Figure 3.1). The Horse River Wildfire,
covering approximately 600,000 ha, ignited 7 km outside Fort McMurray on 1 May 2016,
under hazardous conditions—uncharacteristically hot (~35 °C), dry, and windy (~43 km
hr ') weather. The fire was declared under control on 4 July 2016; however, smoldering
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peat burn continued for approximately 15 months before being extinguished (Institute for

Catastrophic Loss Reduction, 2019; MNP LLP, 2017). The burned region includes a variety

of burn severities and levels of vegetative regeneration since the fire, from little to no

regeneration to significant vegetation growth (Figure 3.2). This allows for the opportunity

to compare laser pulse interactions and ground elevation accuracies across a range of

conditions akin to timing of lidar data collection following fire.

Stage of
Regeneration

Field photo of
example site

Vertical cross section of
corresponding lidar data

Proxy for X years
since fire

Burned,
Shorter
regeneration

Total Burned,
mix of shorter

and taller
regeneration

Burned,
Taller
regeneration

Unburned

20m

20m

20m

X =0 years

X =2 years

X=3-5 years

Figure 3.2. Four vegetation categories used to represent time since fire with field photos
and lidar point clouds.
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In sites with shorter regeneration (SR), post-fire vegetation heights averaged 0.20—
0.35 m (Figure 3.2). Dominant vegetation was primarily Sphagnum spp. And feathermoss
(Pleurozium spp.), with subdominant vegetation consisting of mosses, herbs, and low-lying
herb species such as Labrador tea (Rhododendron groenlandicum), reindeer lichen
(Cladonia rangiferina), bog cranberry (Vaccinium oxycoccos), cloudberry (Rubus
chamaemorus), and horsetail (Equisetum fluviatile). In sites with taller post-fire vegetative
regeneration (TR), above-surface vegetation heights averaged 0.40—1.00 m (Figure 3.2).
While dominant vegetation included some similar species as the SR sites such as
feathermoss and Sphagnum spp., sites were also dominated by more woody vegetation and
tall shrubs, such as willow (Salix spp.), bog, shrub, and paper birch (Betula
pumila, glandulosa, and papyrifera), black spruce (Picea mariana), fireweed
(Chamaenerion angustifolium), horsetail (Equisetum spp.), rose (Rosa acicularis),

trembling aspen (Populus tremuloides), and raspberry (Rubus idaeus).

3.3.2 Data Acquisition

Airborne lidar data were collected in July 2018, two years following the Horse River
Wildfire, using a Titan multispectral lidar (Teledyne Optech, Inc., Vaughan, ON, Canada).
The Titan collects data using three laser emission wavelengths (channels): 1550 nm
(shortwave infrared (SWIR); channel 1), which is 3.5° forward of nadir; 1064 nm (near-
infrared (NIR); channel 2), which is emitted at nadir; and 532 nm (green; channel 3) which
is 7° forward of nadir (Figure 3.3a; Ekhtari et al., 2018). The survey was flown at ~1000
m above ground, with scan angles of +25 degrees, a pulse repetition frequency of 100 kHz
per channel (300 kHz total), and a 50% flightline overlap. This survey configuration

resulted in average point densities of 4.8 pts m, 4.2 pts m>, and 2.1 pts m™ for channels
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1, 2, and 3, respectively. As laser scan lines are not spatially coincident, the 50% overlap
reduces gaps, especially prevalent along scan line edges, such that validation points do not

exist within one or two channels, introducing bias (Figure 3.3b).
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Figure 3.3. a) Illustration of lidar laser beam angles, beam divergence, and impact on
footprint diameter (0) in peatlands with variable microtopography (hollows and
hummocks); b) Samples of validation transects and lidar data demonstrating spatial
distribution of validation points throughout the three channels. Note: microtopography in
a) has been exaggerated for demonstration purposes.

Field data were collected coincident with the 2018 lidar data collection for the
calibration and validation of lidar data. To select sample sites, the study area was first

stratified into scales of influence: (a) burned versus non-burned areas within and proximal
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to the Horse River wildfire; (b) within burned areas, different classes of burn severity
(minimum, medium, and severe) determined visually from optical remote sensing imagery
as well as through on-the-ground assessments at the time of field data collection; and, (c)
peatland type (treed and open bogs; rich and poor fens) determined from optical remote
sensing imagery and on-the-ground assessments. Data were collected along ~30 m
transects in 18 burned and 6 unburned peatland sites. Transects intersected upland-peatland
transition zones and peatlands. Global Navigation Satellite System (GNSS) ground
elevation validation points were collected in burned and unburned landscapes. To validate
post-fire ground surface elevations (Chasmer et al., 2017), GNSS stations were placed at
the beginning and end of each transect and were left to run for the duration of sampling
(>1 h for centimeter accuracy). Precise Point Positioning (PPP) was used to process these
end points. A level was used at one- (burned sites) or two- (unburned sites) meter intervals
to determine ground elevation relative to the GNSS base stations. A total of 708 ground
elevations were measured: 130 in unburned and 578 in burned peatlands with variable rates
of vegetation regeneration. Post Processed Kinematic (PPK) GNSS elevation locations
were also collected along two road surfaces (n = 2655) to ensure the elevational accuracy
of airborne lidar data in areas of flat terrain without any overstory canopy influences on

ground surface elevation (Csanyi & Toth, 2007; Hopkinson et al., 2005).

3.3.3 Data Processing

Lidar returns from road surfaces were compared with PPK GNSS survey points and
vertically batch-shifted to ensure the average offset between lidar data and calibration
points was zero (Csanyi & Toth, 2007) using Bentley Microstation TerraSolid Terrascan

software version 021.011 (Terrasolid, Helsinki, Finland; Axelsson, 2000). Isolated or
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outlier points were removed, and an iterative ground classification analysis was then
conducted through which ground vs. non-ground returns were classified. The five ground
cover types (road, unburned, short vegetation regeneration (SR), and tall vegetation
regeneration (TR), and cumulative burned (all regeneration stages)) were analyzed
separately to identify optimal ground return classifications for each type, optimized for
relatively flat to slightly undulating boreal peatland and transitional environments with

micro-topographic hummocks and hollows.

3.3.3.1 TerraScan

Within TerraScan, six ground classification parameters can be readily modified: (a) ‘max
building size’, which sets the grid size for seed ground point selection; (b) ‘terrain angle’,
which is the maximum slope between a seed point and a candidate point; (c) ‘iteration
angle’, which is the maximum angle that a point can be added to the ground classification;
(d) ‘iteration distance’, which is the maximum distance that a point can be added to the
ground classification; (e) ‘reduce iteration angle’, a binary choice which reduces the
number of unnecessary points added to the surface in areas of high point density by
reducing the number of points that are added to the surface if edge length is longer than all
triangle edges; and (f) ‘stop triangulation’, another binary choice which reduces the number
of unnecessary points added to the surface by not processing points within a triangle if edge
length is longer than all triangle edges (Table 3.1; GeoCue Group, 2020; Terrasolid Ltd.,
2021). Adjusting each ground classification parameter results in morphological differences

in the resultant ground-classified data.
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Table 3.1. TerraScan ground classification parameter modifications used in ground
classification iteration analysis

Max Reduce Stop
Ground Building Terrain Iteration Iteration  Iteration  Triangulation
Classification Size Angle Angle Distance Angle When When Edge
Edge Length <  Length <

1 60 50 6 1.4 5 -

2 60 55 6 1.4 5 -

3 60 60 6 1.4 5 -

4 60 65 6 1.4 5 -

5 60 70 6 1.4 5 -

6 60 75 6 1.4 5 -

7 60 80 6 1.4 5 -

8 60 88 6 1.4 5 -

9 60 88 2 1.4 5 -
10 60 88 2 0.5 5 -
11 60 88 2 1 5 -
12 60 88 2 1.5 5 -
13 60 88 2 2 5 -
14 60 88 5 1.4 5 -
15 60 88 5 0.5 5 -
16 60 88 5 1 5 -
17 60 88 5 1.5 5 -
18 60 88 5 2 5 -
19 60 88 10 1.4 5 -
20 60 88 10 0.5 5 -
21 60 88 10 1 5 -
22 60 88 10 1.5 5 -
23 60 88 10 2 5 -
24 60 88 15 1.4 5 -
25 60 88 15 0.5 5 -
26 60 88 15 1 5 -
27 60 88 15 1.5 5 -
28 60 88 15 2 5 -
29 60 88 15 1.5 - -
30 60 88 15 1.5 1 -
31 60 88 15 1.5 2 -
32 60 88 15 1.5 10 -
33 60 88 15 1.5 5 0.5
34 60 88 15 1.5 5 2
35 60 88 15 1.5 5 5
36 60 88 15 1.5 5 0.25
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Thirty-six different ground classification parameterizations were developed by
making adjustments to TerraScan’s classification parameters (Table 3.1). Classifications 1—
28 were produced by iterating through adjustments to the four primary parameters: ‘Max
Building Size’, ‘Terrain Angle’, ‘Iteration Angle’, and ‘Iteration Distance’. Classifications
29-36 were developed by refining an optimal classification (27) using ‘Reduce Iteration
Angle When Edge Length<’ and ‘Stop Triangulation When Edge Length <’ (Table 3.1).
Each of the classification parameterizations was used to produce ground surfaces in the
channels and channel combinations tested, resulting in 180 distinct ground surfaces. Each
surface output was compared to ground elevation field validation data (elevation collected
along the road, unburned peatlands, TR peatlands, SR peatlands, and total burned
peatlands) using TerraScan’s control report function (see Section 3.3.4) for a total of 740

ground classification tests.

3.3.3.2 LAStools

LASground, from LAStools (RapidLasso GmbH, Gilching, Germany), offers five defined
ground classifications that, like TerraScan, use an adaptive TIN algorithm to classify
ground points. Two were tested (excluding urban settings): ‘nature’ and ‘wilderness’. These
settings differ in their step size (cell size within which lowest point becomes initial ground
point) and ‘bulge’ (height allowance for TIN to “bulge” above planar surface). These can
be refined using the options ‘default’, ‘fine’, ‘extra’, ‘ultra’, and ‘hyper’, resulting in ten
different readily accessible ground classification parameterizations (lettered A—J; Table
3.2). Using refining options intensifies the search for seed ground points—this is often
most useful for ground surfaces with steep hills (Rapidlasso GmbH, 2021). Each of the ten

different classification parameterizations was used to produce ground surfaces in the
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channels and channel combinations tested, resulting in 50 distinct ground surfaces. These
were brought into TerraScan for the quantification of control point statistics. Like the
TerraScan analysis, each ground surface was compared with field elevation measurements
from road, unburned peatlands, TR peatlands, SR peatlands, and burned peatlands

cumulatively, for a total of 250 ground classification tests.

Table 3.2. LAStools ground classification parameter modifications used in ground
classification iteration analysis.

Ground Refinement Bulge Step Size Subgrid for Initial
Classification (m) (m) Ground Points

A Nature Default 0.5 5 = step size
B Nature Fine 0.5 5 Default granularity*4
C Nature Extra Fine 0.5 5 Fine granularity*4
D Nature Ultra-Fine 0.5 5 Extra Fine granularity*4
E Nature Hyper Fine 0.5 5 Ultra-Fine granularity*4
F Wilderness Default 0.3 3 =step size
G Wilderness Fine 0.3 3 Default granularity*4
H Wilderness Extra Fine 0.3 3 Fine granularity*4
I Wilderness Ultra-Fine 0.3 3 Extra Fine granularity*4
J Wilderness Hyper Fine 0.3 3 Ultra-Fine granularity*4

3.3.4 Vertical Accuracy Assessment

Ground classification outputs performed using TerraScan (n = 36) and LAStools software
(n= 10) in each of the three available laser emission wavelengths and wavelength
combinations were compared with field-measured elevations from road (n= 2655),
unburned peatlands (n = 130), burned peatlands (n = 578), TR peatlands (n =267), and SR
peatlands (n = 269). Validation data were segregated into TR vs. SR vegetative
regeneration based on average measured vegetation height and dominant species per plot
(1 m x 1 m with three elevation measures through the center of each plot, perpendicular to
the transect; Figure 3.2). The separation of peatlands based on vegetation provides an

opportunity to quantify elevation accuracy from lidar across a range of environmental
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characteristics, including unburned with a full understory, burned with no or shorter
regeneration (SR; a proxy for lidar data collected immediately post-fire), and burned with
tall regeneration (TR; a proxy for data collection several years post-fire). Validation data
were distributed throughout the study area, and the number of validation elevations
measured in the field exceeded the minimum (z = 20) and the recommended (n = 30)
suggested for each vegetation cover type by the American Society for Photogrammetry and
Remote Sensing (Aguilar & Mills, 2008; ASPRS, 2004; Pourali et al., 2014). All ground-
classified data were examined in TerraScan, where validation point elevations were
compared with lidar point elevations, a standard methodology for lidar vertical accuracy
assessments (Maune et al., 2007; Pourali et al., 2014). Through TerraScan’s control report
function, lidar points were used to interpolate a surface using a Triangulated Irregular
Network (TIN). As it is unlikely that a lidar point exists at the same x, y location as a
validation point, validation points were compared to their X, y location on the TIN surface
(GeoCue Group, 2017; Goulden et al., 2016). Control point statistics, including the
difference in elevation between control points and lidar ground returns (dz; average,
maximum, and minimum), standard deviation, and root mean square error (RMSE), were

quantified via TerraScan’s control report function (GeoCue Group, 2017).

To identify the optimal ground classification for each vegetation cover type,
classified outputs were assessed based on RMSE (commonly used to determine accuracy;
Carlisle, 2005; Goulden & Hopkinson, 2010; Pourali et al., 2014) and by absolute
average dz (||), while also being mindful of point density. Optimal ground classification
statistics ( and standard deviation (SD)) were then used to determine total error (= SD)

when using multitemporal lidar data to assess ground surface elevation changes (pre- and
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post-fire). The uncertainties associated with multi-temporal surface elevation
measurements are independent of one another, so the propagated error (SD) was calculated
through quadrature, (Equation (3.1)), where Q is the average over- or under-estimation of
surface elevation change, €a is cumulative SD, (b) and (c) are the average deviations of
lidar classified ground surface from the measured ground surface at times b and c,
and €b and €c are the SDs of ground surface measurements at two points in time (i.e., pre-

and post-fire). Note that the average deviation () is used, and not absolute average deviation

(D

3.4 Results

The results demonstrate wavelength dependencies and optimal ground classification

parameterizations for each vegetation cover type tested within TerraScan and LAStools.

3.4.1 Differences between Ground-Surveyed Road Elevations and Lidar-Measured Road

Ground Classifications

The optimal ground return classification aims to observe the lowest differences in ground
surface elevations between field validation and nearby laser returns in each wavelength.
Based on the flat, non-vegetated road surface GNSS measurements, I found that neither
classification parameter choice (Table 3.1 and Table 3.2), nor wavelength, significantly
impacted the quality of the ground classification along road surfaces (Figure 3.4 and Figure
3.5; Table S3.1). Using both TerraScan and LAStools, the || from the measured elevations

ranged from 0.00 to 0.02 m, and RMSE from 0.04 m to 0.05 m.
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Figure 3.4. Ground classification results (|| and RMSE) along a flat road surface for

baseline comparisons using parameterization methods in Table 3.1. Classifications were
conducted in TerraScan.
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Figure 3.5. Ground classification results (|| and RMSE) along a flat road surface for

baseline comparisons using parameterization methods in Table 3.2. Classifications were
conducted in LAStools.

This provides a baseline for comparisons to ground classifications in varying
vegetation regeneration stages and demonstrates that any changes observed in ground

classification accuracies result from different parameterizations responding differently to

variable vegetation regeneration.

3.4.2 Differences between Field-Measured FElevation and Lidar Return Ground

Classification in Shorter Vegetative Regeneration Peatlands

In SR peatlands and transitional areas (representing characteristics that are similar to
peatlands that have been surveyed soon after a fire), I found that the ground classifications

that produced the most accurate results in TerraScan were classifications 14 through 18 (a
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slight reduction in iteration angle from six to five as compared to default) with laser pulse
emission at 532 nm (Figure 3.6 and Table 3.1). These all produced a lidar-derived ground-
classified elevation with an || = 0.00 m (RMSE = 0.09 m). However, the point density was
below 1 point m2; (0.86 points m 2; Table S3.1). If a higher point density were required,
using all three laser pulse emissions (IR, NIR and Visible) and increasing iteration angle
from 6 to 15, as well as reducing iteration angle when edge length < 1.0, 2.0, or turned off
(classifications 29—-31) produce nearly-as-accurate ground surfaces with ||=0.01 m (RMSE
=0.09 m) and 4.06, 3.94, and 3.32 points m 2, respectively (Figure 3.6; Table 3.1 and Table
S3.1). In more typically used lidar systems that collect data at 1064 nm (NIR), the optimal
classifications were 24-28 (iteration angle increased from 6 to 15°; Table 3.1), which
resulted in ||s slightly elevated above the true ground surface (|| = 0.03 m; RMSE = 0.10
m; 1.03 points m%; Figure 3.6 and Table S3.1).The poorest ground classifications for SR

areas were those within which iteration angle was narrowed to 2°.
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Figure 3.6. Ground classification results (|| and RMSE) in burned peatlands with low
vegetation regeneration two years post-fire (as a proxy for immediately post-fire).
Classifications were conducted in TerraScan.

Using LAStools, ground classifications F—J using lidar data collected at all three
wavelengths were optimal (Figure 3.7 and Table 3.2). These classifications produced lidar-
measured ground elevations that did not, on average, deviate from the true ground surface
(Il = 0.00 m; RMSE = 0.09 m; 3.70-3.72 points m 2; Figure 3.7 and Table S3.1). In this
case, where all channels were used, refinement did not impact the ground-classified
surface’s accuracy or point density (m2). In a lidar system that collects data in the 1064
nm wavelength, optimal classifications were G—J, which produced lidar-measured ground
classifications with ||=0.01 m (RMSE =0.09 m; 1.3—1.31 points m %; Figure 3.7 and Table
3.2). However, in this landscape, when using LAStools, the most significant difference in
classification accuracy was due to the channel with which the data were collected; changes
within a channel were negligible (i.e., within the 1064 nm data: || remained at 0.01 m
regardless of classification, RMSE only varied by 0.01 m (0.09—0.10 m), and point density
varied from 1.24-1.31 points m 2 (Figure 3.7 and Table S3.1). While the optimal
classifications from TerraScan and LAStools were comparable, the poorest classifications
from each were notably different. The classifications produced in LAStools had an ||
ranging from 0.00-0.03 m and an RMSE ranging from 0.09-0.10 m, whereas TerraScan
classifications had an || ranging from 0.00—0.09 m and an RMSE ranging from 0.09-0.15

m (Figure 3.5 and Figure 3.6).
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Figure 3.7. Ground classification results (|| and RMSE) in burned peatlands with low

vegetation regeneration two years post-fire (as a proxy for immediately post-fire).
Classifications were conducted in LAStools.

In summary, for a well-calibrated and locally controlled (e.g., over a nearby
highway surface) airborne lidar survey we can expect a spatially averaged difference in
elevation of <0.01 m with a range of ~0.09 m in areas of burned ground surface with no to
low vegetation regeneration using optimal classifications in both TerraScan and LAStools.

However, appropriate parameterization in TerraScan is dependent on the channel(s)

available and required point density (Table 3.1 and Table S3.1).
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3.4.3 Differences between Field-Measured Elevation and Lidar Ground Classification
across All Burned Peatlands (Cumulative Shorter Vegetative Regeneration and Taller

Vegetative Regeneration Sites)

As vegetation growth increases in the two years following wildland fire, and vegetation
regeneration varies from low (as in SR sites) to high (as in TR sites), optimal ground
classification parameters change. In TerraScan, the greatest similarity (and lowest error)
when comparing lidar ground-classified returns with the surveyed ground elevation in all
burned sites combined (a proxy for ~2 years post-fire) was found when the iteration angle
was increased from 6 to 15, but iteration distance was reduced to 0.5 or 1.0 from 1.4 default
(parametrization methods 25 or 26) using both 1550 nm and 1064 nm data (Figure
3.8; Table 3.1 and Table S3.1). These classifications produced lidar-measured ground
elevations with an || = 0.00 m (RMSE = 0.13 m; 1.88 points m 2). For a typical 1064 nm
laser emission wavelength system, classifications 20 through 23 produced optimal results
(iteration angle increased from six to ten), also producing ground elevations with an || =
0.00 m but with a slightly higher RMSE and lower point density (RMSE = 0.14 m; 1.03
points m 2; Figure 3.8 and Table 3.1). As with SR areas, the ground classifications with the
lowest accuracy in cumulative burned areas were those whose iteration angle was narrowed

to 2.
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Figure 3.8. Ground classification results (|| and RMSE) in burned peatlands unsegregated
based on vegetation regeneration two years post-fire (true representation of two years post-
fire). Classifications were conducted in TerraScan.

When compared with optimal ground classification for laser returns in SR
landscapes, the optimal ground classification used for total burned areas provides results
with comparable ||, but slightly higher uncertainty (SR RMSE = 0.09 m), as would be

expected with an increase in vegetation height and height variability.

As in SR areas, classification of returns to ground and elevation accuracy in areas
representative of vegetation two years post-fire (cumulative burn areas) depended more on
laser pulse emission wavelength than on classification parameters applied in LAStools;
however, channel optimization differed. The ground classifications that produced the most
accurate results for burned surfaces compared with measured elevations were A through C,
E, G, and J (Table 3.2), using 1550 nm data (|| = 0.00; RMSE = 0.14; point density = 1.27—

1.34 points m 2; Figure 3.9; Table 3.2); however, within a given wavelength, all
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parameterizations produced similar results (for example, using 1550 nm data, || = 0.00—
0.01 m; RMSE = 0.14-0.15 m; points m 2 = 1.27—1.34). By using combined 1550 nm and
1064 nm data, similar results are produced (|| = 0.01-0.02 m; RMSE = 0.14) but point
density increases to 2.4-2.61 points m 2. Similarly to SR landscapes, optimal
classifications from TerraScan and LAStools were negligibly different; however, the
poorest classification from LAStools was more accurate than that of TerraScan (|| = 0.06

m; RMSE =0.15 m and || = 0.09 m; RMSE = 0.16 m, respectively; Figure 3.7 and Figure

3.8).
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Figure 3.9. Ground classification results (|| and RMSE) in burned peatlands unsegregated

based on vegetation regeneration two years post-fire (true representation of two years post-
fire). Classifications were conducted in LASTools.
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In the case of more typical 1064 nm lidar systems, classifications B through J
produced ground elevations with an || of 0.02 m, an RMSE of 0.14 m, and 1.24—1.31 points
m 2 compared with field-measured; however, even the “poorest” classification (greatest
difference from measured) produced from 1064 nm data showed nearly identical results (||
=0.02; RMSE = 0.15; Figure 3.9 and Table 3.2), emphasizing the importance of channel
selection during data collection over classification parameterization choice when using

LAStools.

In summary, two years post-fire, we can expect an average elevational accuracy of
~0.00 m with a range of ~0.13 m using combined 1550 nm and 1064 nm data with
TerraScan. Using LAStools, spatially averaged elevational accuracy is comparable at ~0.00

m but with a slightly higher range of ~0.14 m when measured at 1550 nm.

3.4.4 Differences between Field-Measured FElevation and Lidar Return Ground

Classification in Taller Vegetative Regeneration Peatlands

In areas with the greatest vegetation growth since fire (proxies for >2 years post-burn), the
most accurate ground classification in TerraScan was classification 20, using combined
1550 nm and 1640 nm data (Figure 3.10; Table 3.1 and Table S3.1). For this classification,
the iteration angle was increased from six to ten, and the iteration distance was reduced
from 1.4 mto 0.5 m when compared with default parameters. This resulted in a lidar ground
classification output with a ground classification accuracy of || = 0.00 m (RMSE = 0.16 m;
1.54 points m2). In the case of more typical airborne lidar emitting laser pulses at 1064
nm, this classification still resulted in the most optimal ground surface (with a point density
of >1 point m?); however, the lidar-measured ground surface sat ~0.03 m above measured
(I1=0.03 m; RMSE = 0.17 m; 1.03 points m 2). More accurate classification schemes were
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identified, with fewer (in this case, 0.75) points m 2 (classifications 14 through 18; ||=0.00
m; RMSE = 0.17 m; Figure 3.10; Table 3.1). Generally, the least accurate results were
similar to those for cumulative burned areas—those within which the iteration angle was
reduced to two; however, in TR areas, emission wavelength made the most difference to

accuracy, with the lowest accuracy classifications produced by 532 nm data.
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Figure 3.10. Ground classification results (|| and RMSE) in burned peatlands with tall
vegetation regeneration two years post-fire (as a proxy for 3+ years post-fire).
Classifications were conducted in TerraScan.

Using LAStools, the optimal ground classifications were A through E (‘Nature’
classifications with any level of refinement) using combined 1550 nm and 1064 nm data
(Figure 3.11; Table 3.2 and Table S3.1). The lidar-measured ground classified returns had
an || = 0.03 m from field-measured (RMSE = 0.18 m; 2.40-2.42 points m 2). Comparable
results were achieved using only 1550 nm data, but point density was reduced to 1.27—1.34

points m 2. As with earlier vegetation regeneration stages, classification accuracy depended
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more on the wavelength than on classification parameters with LAStools. For systems
using only 1064 nm emission wavelengths, the lidar-measured ground surface sits slightly
above the measured ground (|| = 0.04-0.05 m; RMSE = 0.18 m; 1.24-1.31 points m2).

Similar to TerraScan results, the poorest classifications were those produced with 532 nm

data.
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Figure 3.11. Ground classification results (|| and RMSE) in burned peatlands with tall
vegetation regeneration two years post-fire (as a proxy for 3+ years post-fire).

Classifications were conducted in LAStools.

In summary, unlike areas with lower vegetation regeneration, in TR areas, the
optimal classifications from TerraScan and LAStools differed, with TerraScan
classifications generally performing better (Figure 3.10 and Figure 3.11). Using TerraScan

we can still expect an average elevation accuracy of ~0.00 m; however, the accuracy at a
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given point is expected to have a range of ~0.16 m using combined 1550 nm and 1640 nm
data with TerraScan. Using the same lidar data but with LAStools, the average elevational

accuracy is slightly lower at ~0.03 m, with a slightly increased RMSE of ~0.18 m.

3.4.5 Differences between Field-Measured FElevation and Lidar Return Ground

Classification in Unburned Peatlands

Finally, in unburned areas (or areas that have fully regenerated post-fire), the optimal
ground classifications were 9 through 13 using all wavelengths combined (Figure
3.12; Table 3.1 and Table S3.1). By reducing the iteration angle to two, these classifications
resulted in an || = 0.01 m and an RMSE = 0.19 m; however, point density was relatively
low for this particular survey (0.64 points m 2). When a threshold of 1.0 points m 2 is set,
the optimal ground classifications shifted to 14 through 18, with their iteration angles set
to 5° (Table S3.1). These classifications have a point density of 1.16 points m 2, but an || =
0.05 m (Figure 3.12; Table 3.1). In the case of a lidar emitting at 1064 nm, the optimal
classifications are the same as those when all wavelengths are combined (9 through 13);
however, classification accuracies notably decline with a threshold of 1.0 points m 2.
Classifications 19 through 23 provide the best outputs, in this case, with an || = 0.09 m
(RMSE = 0.22 m; 1.03 points m2). The least accurate classifications are those produced

using lidar data collected at 532 nm, where the iteration angle is 15 (widest angle tested).
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Figure 3.12. Ground classification results (]| and RMSE) in unburned peatlands.
Classifications were conducted in TerraScan.

Unlike in burned landscapes, where classification was not the dominant control on
accuracy compared with emission wavelength in LAStools, there was a distinction between
classifications in unburned areas. In these zones, classification B using data collected at
1064 nm was optimal (Figure 3.13 and Table 3.2), resulting in the lowest difference
between field-measured and ground classified returns. This classification resulted in an ||
=0.09 m (RMSE =0.21 m; 1.24 points m ). As with other vegetation regeneration stages,
data collected at 532 nm resulted in the least accurate ground classifications, regardless of

parameterization, followed by use of all channels combined.
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Figure 3.13. Ground classification results (|| and RMSE) in unburned peatlands.
Classifications were conducted in LAStools.

In summary, as with TR areas, the optimal classifications from TerraScan and
LAStools differed in unburned boreal peatlands. We can expect a spatially averaged
elevation accuracy of ~0.01 m (or ~0.05 m with a threshold of point density > 1 point m2)
with an accuracy at a given point within an RMSE of ~0.19 m when using all channels
combined, processed in TerraScan (Figure 3.12). Using LAStools, accuracy was poorer,

with an average elevation accuracy of ~0.09 m with an RMSE of ~0.21 m at 1064 nm

(Figure 3.13).
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3.4.6 Expected Ground Surface Elevation Accuracies of Lidar Data in the Years following

Wildland Fire

By isolating taller versus shorter vegetative regeneration regions and using these as proxies
for time since fire, we can estimate the elevation accuracy of lidar data collection in the
years following wildland fire. Within the first year since fire (which I assume is the ‘SR’
category), lidar-measured ground elevation accuracies would be expected to be
approximately 0.00 = 0.09 m ( + standard deviation (SD); Figure 3.14a and Table S3.1).
For this classification, as well as the others used, below, SD was equal to RMSE.
Approximately two years post-fire (at the time of this lidar data collection, assumed to
include burned area surveyed—SR and TR), we would expect to see ground elevation
accuracy of approximately 0.00 £ 0.13 m (Figure 3.14a and Table S3.1). As vegetation
growth continues beyond the third year post-fire (‘TR’ category), the elevation accuracy of
the lidar-measured ground classified points would be reduced to approximately 0.00 + 0.16
m (Figure 3.14a and Table S3.1). In unburned areas, elevation accuracy would be

approximately 0.01 + 0.19 m (Figure 3.14a and Table S3.1).
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Figure 3.14. a) Expected ground elevation accuracies of lidar data in the years following
wildland fire in boreal peatlands; b) Expected depth of burn (DOB) accuracies of lidar data
in the years following wildland fire in boreal peatlands, assuming pre-fire lidar data were
collected in “unburned conditions”, where Q = average over- or under-estimation of
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surface elevation change, and Ea is cumulative error (SD). Note: for all measurements
used, SD was equal to RMSE.

As the highest uncertainty (SD) was associated with unburned (pre-fire) areas, the
RMSEs associated with surface elevation changes were minimally different depending on
the stage of post-fire vegetation regeneration (Figure 3.14b). By using optimal ground
classification schemes, the post-fire s were consistently 0.00 m, and pre-fire was ~0.01 m
(Figure 3.4, Figure 3.5, Figure 3.6, Figure 3.7, Figure 3.8, Figure 3.9, Figure 3.10, Figure
3.11, Figure 3.12 and Figure 3.13; Table S3.1). As such, the standard offset for elevation
change was ~0.01 m, on average, regardless of vegetation regeneration. I found that if lidar
data were collected immediately post-fire (i.e., SR areas), SD of the elevation change
(depth of burn) was 0.21 m (Figure 3.14b). If data were collected ~ two years post-fire (i.e.,
cumulative burned areas), SD was 0.23 m (Figure 3.14b). Furthermore, if lidar data were

collected three or more years post-fire (i.e., TR areas), SD was 0.25 m (Figure 3.14b).

3.4.7 Wavelength Dependency of Ground Classification Accuracy as Varies by Vegetation

Regeneration

By optimizing parameterizations, highly accurate ground classifications in low relief
environments are possible for any wavelength or combination used. However, regardless
of processing software, local vegetation characteristics still influence which wavelength
produces optimal ground classification results. When applying the TerraScan ground
classification parameterizations to road surfaces, optimal ground classification
parameterizations derived from 1064 nm data had the lowest error compared with ground
control measurements. However, wavelength-associated differences in ground surface

elevation were negligible: ||s ranged from 0.00 to 0.02 m (on average for all combination
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of wavelengths) and RMSEs from 0.04 to 0.05 m (Figure 3.3.15a and Table S3.1). In
unburned and TR areas, the combination of 1550 nm and 1064 nm wavelengths resulted in
the most accurate ground classifications, with the least variability based on
parameterization optimizations (Figure 3.15e,c). The least wavelength-dependent
vegetation regeneration stage was that of cumulative burned areas with variable
regeneration heights (a proxy for ~2 years post-fire; Figure 3.15d). While 1064 nm data
resulted in the most accurate ground classifications with the least variability based on the
parameterization scheme, the use of any wavelength individually resulted in similar levels
of accuracy. However, the accuracy of ground classifications became more variable when
wavelengths were combined (either 1550 nm and 1064 nm; or, 1550 nm, 1064 nm, and 532
nm). In SR zones, lidar-based ground elevations measured at 532 nm were the most

accurate, with the lowest variability based on parameterizations (Figure 3.15b).
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Figure 3.15. Ground classification results by wavelength along/in: (a) roads, (b) burned
peatlands with short regeneration, (c¢) burned peatlands with tall regeneration, (d) all burned
peatlands, and (e) unburned peatlands two years post-fire. Results were identified using
TerraScan as determined by lidar channel. Each point represents an iterative parameter set.
Note: axis range varies by plot.

013

In LAStools, wavelength selection impacted ground classification accuracy more
than in TerraScan (Figure 3.15 and Figure 3.16). Interestingly, processing software affects
wavelength dependency for a given regeneration stage, particularly in SR areas (Figure
3.15b and Figure 3.16b). Along road surfaces, the use of data collected at 1064 nm, or both
1550 nm and 1064 nm, resulted in slightly lower RMSEs; however, || differences were
negligible, and RMSEs varied by only ~0.01 m (Figure 3.16a). In unburned areas, 1064
nm data resulted in ground classifications with the lowest ||s and RMSEs (Figure 3.16¢).
Data collected using the 1550 nm wavelength provided the most accurate classifications in
both cumulative burned and TR areas (Figure 3.16d,c). In SR areas, all wavelengths

combined provided the most accurate ground classifications (Figure 3.16b).

112


https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f015
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f015
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f015
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016
https://www.mdpi.com/2072-4292/14/20/5080#fig_body_display_remotesensing-14-05080-f016

0.005 1 a. Road 0 * b.SR . ¢ TR s

.
0.004 4 ® @ .

m)

0.003 1 (@

Absolute d= (m)
.
o

Absolute d:

0.002

0.001 e o 0.00 e

0.0425 0.0450 0.0475 0.0500 0.0525 0.088 0,092 0.096 0.100 0.180 0.183 0.190

RMSE (m) RMSE (m) RMSE (i)

0.06 y
d. Burned g8 ° *17 1. Unbumed i’ Wavelength(s) (nm)

1550

1064

532

1550 & 1064

1550, 1064 & 532

Absolute dz (m)
.
-
®
Absolute dz (m)

s
*

0.140 0.185 0150 02 023 024 025 026

RMSE (m) RMSE (m)

Figure 3.16. Ground classification results by wavelength along/in: (a) roads, (b) burned
peatlands with short regeneration, (c¢) burned peatlands with tall regeneration, (d) all burned
peatlands, and (e) unburned peatlands two years post-fire. Results were identified using
LAStools as determined by lidar channel. Each point represents an iterative parameter set.
Note: axis range varies by plot.

3.5 Discussion

Despite the utility of lidar data for measuring ground surface elevation, time-series lidar
data pre- and immediately post-fire is relatively rare but is increasing in availability with
the application of lidar for understanding the impacts of wildland fire on ecosystems. This
study provides an opportunity to assess the potential for error during the classification of
lidar returns as “ground” and the accuracy of ground elevations for use in DEMs. It also
identifies the ground classification errors associated with scorched patches/new vegetation

regeneration (SR) and early post-fire regeneration stages, indicating time since disturbance.
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Previous studies have found that errors in ground classification most often occur as
a result of steep terrain (Goulden & Hopkinson, 2014; Moudry et al., 2020; Pourali et al.,
2014) or dense vegetation (Hopkinson et al., 2004; Moudry et al., 2020; Schmid et al.,
2011). Here, the study area is relatively flat, and so the potential for error that results from
sloped terrain is greatly reduced (e.g., Moudry et al., 2020). However, where vegetation
has regenerated post-fire, stems and foliage can be relatively dense. Further, burned
peatland surfaces can have significant microtopographical variability (hummocks and
hollows) that may be difficult for the lidar ground classification to differentiate from short,
dense vegetation (e.g., Brubaker et al., 2013). Our results show that within a given
vegetation height range, the accuracies of lidar ground classifications (provided the
parameters are set logically) do not deviate greatly from the most to least accurate ground
classification of laser returns compared with ground control (Table S3.1). For example,
within SR zones, using the least accurate classification scheme/wavelength combination
results in classified returns that were, on average, 0.11 m below measured ground elevation,
with a RMSE of 0.15 m. For many applications, such as canopy height measurements in
forested environments, this may be sufficient (e.g., Tinkham et al., 2012); however, it is
important to achieve the best accuracy possible when determining ground surface
elevations for applications including combustion from wildland fire (e.g., using pre- and
post-fire datasets) and hydrological modelling (e.g., Moudry et al., 2020). This is due to
the need for accurate quantification of slight differences in the elevation surface from pre-

post fire or spatial changes in local surface topography.

We found that as vegetation regenerates post-fire, both optimal parameterizations

and the wavelength used for lidar data collection differ at varying growth stages. In SR
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areas, or immediately post-fire, laser pulse emissions at 532 nm or using all wavelengths
combined (532 nm, 1064 nm, and 1550 nm) provide the most accurate ground
classifications compared with measured (Figure 3.4, Figure 3.5, Figure 3.15 and Figure
3.16; Table S3.1). In these areas where vegetation regeneration was minimal, laser pulses
emitted at 532 nm better characterized the ground surface due to the dominance of moss
cover in measurement plots with little overlying vegetation in these peatland environments.
It should be noted that channel dependencies are likely a result of both wavelength as well
as pulse geometry (beam angle and footprint). Pulses emitted at 532 nm have lower energy
receipt, a wider footprint, and a tendency to reflect from green vegetation above the ground
surface (Figure 3.3a; Hopkinson et al., 2016; Okhrimenko et al., 2019). As such, ground
classified returns at 532 nm were the least accurate in unburned and TR areas (Figure

3.15 and Figure 3.16).

As vegetation heights increased, the data from 1064 nm, 1550 nm, or both
wavelengths combined, produced the most accurate elevations, noting that the addition of
the 532 nm wavelength reduced accuracy even when combined with the other two (Figure
3.15 and Figure 3.16). In cumulative burned areas, the use of 1550 nm provided the most
optimal ground classifications, while in TR areas, either using 1550 nm data or combined
1064 nm and 1550 nm data had the least error and variability based on parameterizations
(Figure 3.15 and Figure 3.16). In cumulative burn areas where ground classification was
conducted over regions of highly variable vegetation heights and densities, classifications
that used 1064 nm data resulted in vegetation misclassified as ground (Hopkinson et al.,
2005; Reddy et al., 2015). Typical lidar systems with 1064 nm laser wavelength emission

have greater reflectance from short vegetation and mosses (Gerrand et al., 2021).
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Therefore, in areas with low, dense vegetation, there may be energy transmission losses as
the laser pulse intercepts and reflects from vegetation instead of the ground surface
(Chasmer et al., 2017; Hopkinson et al., 2004; Hopkinson et al., 2005; Reddy et al., 2015).
This was also observed in (Moudry et al., 2020) who found that low, dense vegetation was
more commonly misclassified as ground, such that the classification was less accurate than
in areas with tall overstory vegetation and reduced understory, e.g., in some forests. This
phenomenon can be seen in the classifications of unburned peatlands, where 1064 nm data
were optimal for ground classifications as this resulted in the lowest error (Figure
3.15 and Figure 3.16). Here, it is likely that lidar was penetrating through canopies to low-

lying understory vegetation (ground dominated by mosses) and the ground surface.

As with channel selection, the parameterization settings that optimized ground
classifications depended on the dominant and sub-dominant vegetation heights found
within plots. In TerraScan, I found that changes to three parameters impacted ground
classifications: iteration angle, iteration distance, and the ability to reduce iteration angle
when edge length exceeds a set distance (Table 3.1 and Table S3.1). In burned landscapes
with little vegetation regeneration (SR), adjustments made to the iteration angle improved
the accuracy of the lidar-measured ground elevations compared with field-measured (Table
3.1 and Table S3.1). Using 532 nm wavelength data (most accurate but low point density),
the iteration angle was slightly reduced from six to five degrees in the optimal
classification. Using all wavelengths combined, or only the 1064 nm wavelength data, the
iteration angle was increased to 15 and 10 degrees, respectively (Table S3.1). The
classifications using 532 nm data were more optimal using a smaller iteration angle (best

for flat landscapes), likely due to the large pulse footprint. However, by increasing the
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iteration angle when using all wavelengths or 1064 nm data, the classification was better
able to retain the steep transitions between hummocks and hollows, which would be most
significant in areas with low regeneration, resulting in higher accuracy ground
classification. A larger iteration angle allows the ground classification routine to adhere to
surface elevation variability (Terrasolid Ltd., 2021) by including returns that follow the
microtopographic morphology of the hummocks and hollows. Despite the general
topography of peatlands and transitions into forests being relatively flat, we are able to
optimize the classification to account for highly localized topographic variability by setting
the iteration angle to a greater angle within a confined area (Mickler et al., 2017; Terrasolid

Ltd., 2021).

As vegetation heights increased (cumulative burned and TR areas), maintaining a
high iteration angle but reducing iteration distance improved results. Iteration distance,
which is the maximum height at which a point will be added to the ground classification
(Terrasolid Ltd., 2021), may be optimized at a longer distance in landscapes with little
vegetation (e.g., for lidar surveys in the months following a fire). This will better account
for the discrepancies in dz from returns from hummocks vs. hollows. However, in areas
with greater vegetation regeneration and fewer scorched gaps between vegetation patches,
a larger iteration distance of 1.4 m (vs. 0.5 m) may result in some returns from short
vegetation being included in the ground classification. This increases the lidar ground
classified elevation surface above the measured ground surface elevation, thereby
increasing the inaccuracy of the DEM (Table 3.1 and Table S3.1). Optimal
parameterizations change notably in unburned areas or in areas with complete vegetation

regeneration, post-fire. Interestingly, the optimal classifications in these regions had a
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reduced iteration angle of two degrees, which was the iteration angle that resulted in the
poorest classifications in all post-burn analyses, even in TR areas. As peat combustion can
enhance elevation differences between hummocks and hollows in peatlands (Benscoter et
al., 2015), unburned peatlands often have less undulating moss ground surfaces. Further,
reducing the iteration angle in unburned areas reduces the likelihood of including low
herbaceous or shrubby vegetation in the ground classification. However, by reducing the
iteration angle, the tendency to add more points into the ground class is also reduced,
thereby reducing the point density. I found that by increasing the iteration angle to 5°, point
density was increased to >1 point m 2; however, this increased the as the routine included

low-lying vegetation as ground.

When using LAStools, I found that classification parameters were less important
than the channel (laser pulse emission/reception wavelength as well as pulse geometry)
with which data were collected. In SR and TR areas, ground elevation classifications were
slightly improved when step size was set to 5 (‘Nature’ setting) instead of 3 (‘Wilderness’
setting) but were not impacted by the level of refinement. The ground classification was
slightly better in unburned landscapes when step size was five and refinement was set to
‘Fine’, where the initial ground point search grid is four times more refined than the step

size (Table 3.2 and Table S3.1).

The results of this study demonstrate that not only do optimal classification
parameters differ based on vegetation structures and environmental conditions within these
low-relief ecosystems, but also that the same ground classification parameters can be
optimal for specific environmental conditions (e.g., burned, low, moderate vegetation

regeneration), but far less accurate for a different set of environmental conditions. For
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example, in TerraScan, classifications 8 through 13 provided the most accurate
classifications in unburned landscapes but were the least accurate in cumulative burned and
SR areas. There may be more variable ground topography in a burned landscape, which is
not optimally parameterized using the same classification. With reduced iteration angle,
areas with highly variable microtopography result in underestimation of ground surface
elevation because returns from hummocks are excluded from the classification because the
angular differences between returns in hollows vs. hummocks is too great. Steep angular
classification of returns from the tops of the Sphagnum hummocks resulted in points being
added to short vegetation instead of the ground class. This emphasizes the need to classify
returns not only by land cover type but also by vegetation characteristics within those land
covers for the most optimal/accurate classification parameterization. For example,
classification to wetland class, burned and unburned, and within the burned class, high

versus low regeneration (which can be determined based on the lidar data derivatives).

3.6 Conclusions

This study demonstrates the importance of optimizing classification parameters from
default settings and optimizing parameters for different land cover types and vegetation
structural characteristics. While it is important to iterate/optimize methods with any new
data set, the results here provide parameters that can be used in burned and unburned boreal
peatland environments and as a starting point for parameterization in similar environments.
I provide optimal parameterization for boreal peatlands along a post-fire regeneration
trajectory, with “SR” representing peatlands soon after burn, unsegmented burned land
cover representing two years post-fire, “TR” representing several years post-fire, and

unburned vegetation covers representing land cover later in the regeneration trajectory.
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However, I suggest that there is a need for the development of accessible adaptative
classification procedures, which can be used to (a) filter the landscape by attributes and (b)

identify optimal parameterizations.

From this study, I conclude an expected ‘best’ average accuracy for depth of burn
(pre-fire elevation minus post-fire elevation) within peatlands will have a spatially
averaged error (dz) of ~0.01 m, indicating that soil organic matter loss (determined most
simply as a change in elevation) would be over-estimated by an average of 0.01 m. Using
the adventitious roots method, the average uncertainty is 0.004 m to 0.04 m (e.g., Boby et
al., 2010; Gerrand et al., 2021; Kasischke et al., 2005) at the tree base. However, airborne
lidar methods provide an opportunity to quantify spatially continuous elevational
variability between trees and across a broad range of peatlands and environmental
characteristics. In addition, I demonstrate that lidar surveys completed in the years
following combustion do not become significantly less accurate for quantifying depth of
burn overall (offset at ~0.01 m and RMSEs ranging from ~0.21 m to ~0.25 m in SR to TR
areas; Figure 14). I suggest that lidar data collected up to three years post-fire can be
utilized for depth of burn analyses without significant differences in cumulative errors

associated with laser pulse interactions in the understory.
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CHAPTER 4: PATTERNS AND PREDICTORS OF PEAT COMBUSTION AS
INDICATORS OF CARBON LOSS AND FIRE RESILIENCE IN BOREAL

PEATLANDS

4.1 Abstract

Canadian boreal peatlands are globally important carbon (C) sinks. However, warming,
drying, and changing fire regimes due to climate change threaten the resiliency of these
ecosystems, and there is potential for these vast C stores to shift to C sources, releasing C
stored over millennia to the atmosphere. During wildland fires in peatlands, the majority
of the C loss is from the soil (~80-90%). As such, quantifying depth of peat combustion
(depth of burn; DOB) as well as environmental factors that influence this combustion, and
thus improving estimates of soil C loss, is essential. However, peatland DOB is still highly
uncertain, due to the complex, heterogeneous nature of peatland ecosystems, and a lack of

high-resolution spatial DOB data.

In this chapter, pre- and post-fire lidar data are used to quantify spatial variability

in DOB across bog, fen, and swamp peatlands and their ecotones that burned during the
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2016 Horse River wildfire. DOB averaged 8.1 = 6.2 cm across the study area, with the
greatest burn depths occurring in bog ecotones (9.3 + 7.3 cm). Fen ecotones exhibited the
largest variability in DOB, with small areas of deep combustion. Generalized Additive
Models (GAMs) and Random Forest (RF) models were used to identify remotely
measurable predictors associated with peat combustion. Model convergence identified the
most influential predictors within each peatland type. In bogs, topographic and
morphological variables showed the strongest associations with combustion depth; in fens,
vegetation and anthropogenic disturbance were most influential; and swamps, peat

combustion was predominantly associated with hydrological variables.
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4.2 Introduction

Wildland fire is the dominant stand-renewing disturbance and determinant of carbon
balance across Canada’s boreal (e.g., Stocks et al., 2002; Turetsky et al., 2002; Bond-
Lamberty et al., 2007). Boreal peatlands are a critical component of the C sink, storing a
disproportionate amount of C in their soils (Gorham, 1991; Turetsky et al., 2015; Vitt &
Short, 2020). Peatlands, typically defined as a type of wetland with >40 cm of peat
(National Wetlands Working Group, 1997), are optimally structured for C storage. The
waterlogged, anaerobic conditions limit decomposition of organic material, allowing it to

accumulate as peat (Gorham, 1991; Gower et al., 2001).

Due to climate change and associated warming temperatures, wildland fires in
Canada’s boreal region have been, and are expected to continue to, increase in size,
frequency, and severity (e.g., Flannigan et al., 2009; de Groot et al., 2013; Hanes et al.,
2019). Concurrently, peatland ecosystems are experiencing fragmentation (e.g., Vitt &
Wieder, 2006), drying and water table declines (Waddington et al., 2012), and increasingly
intensive anthropogenic disturbances (Chasmer et al., 2021). Some regions in Canada, such
as the Boreal Plains, also exist in a water deficit most years, where potential
evapotranspiration exceeds precipitation (Devito et al., 2012), resulting in increased
vulnerability of peatlands in this region to projected warming and drying (e.g., Brown et
al., 2010). With an increase in fire activity and enhanced susceptibility to drying, there is
strong potential for an increase in peat combustion, and subsequently, an increase in soil C
loss (e.g., Turetsky et al., 2015). Deep combustion results in the loss of C that has been
stored for centuries, potentially resulting in a shift from C sink to source (e.g., Turetsky et

al., 2004; Turetsky et al., 2011; Wieder et al., 2009).
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The vast majority of C loss from peatlands during wildland fire is from the soil, as
opposed to aboveground biomass (e.g., van der Werf et al., 2010) so quantifying the volume
of soil combusted, as well as identifying influencing factors, is essential for understanding
the fire and climate change resiliency of boreal peatlands, particularly as fire behaviour is
influenced by interacting top-down and bottom-up controls that have direct implications
for land management and combustion mitigation. However, depth of peat combustion
(depth of burn; DOB) is highly variable — ranging from sub-cm singeing to peat profile
consumption of over a metre (e.g., Benscoter & Wieder, 2003; Lukenbach et al., 2015) —
and driven by numerous, complex and interrelated factors, such as the spatial and temporal
distribution of fuel and moisture, and how these vary with geology and topography (e.g.,
Benscoter & Vitt, 2008; Lukenbach et al., 2015; Nelson et al., 2021; Wilkinson et al., 2018;

Chapter 2).

While the variability in depth of peat combustion during wildland fire is an
increasing area of study (e.g., Kohlenberg et al., 2018; Wilkinson et al., 2020; Lin et al.,
2021; Morison et al., 2021), there is still a lack of high-resolution, spatially continuous data
on peatland DOB. Many studies have used field measurements, such as adventitious roots
or residual peat depth, to approximate DOB (e.g., Hokanson et al., 2016). While these
measurements may be quite accurate at the measurement location, they cannot capture the
variability in DOB that occurs between measured trees (surfaces are interpolated), and they
are too labour intensive to be spatially continuous, and therefore cannot be representative
of a continuum of peatland conditions and burn severities (e.g., Aguilar & Mills, 2008;
Thompson & Waddington, 2014; Hokanson et al., 2016). Pre- and post-fire lidar data can

be used to generate high-resolution, spatially continuous estimates of DOB across large
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extents and across different peatland types (e.g., Chasmer et al., 2017; Nelson et al., 2022;
Chapter 3). Measuring DOB across peatland types (bogs, fens, and swamps) and their
ecotones is essential for assessing spatial variability in peat combustion. Because peatland
types differ in hydrology, vegetation, and topographic morphology, their burn depth
distributions are also likely to differ. Insights into variability of DOB can subsequently be

utilized to identify environmental drivers of smouldering potential.

Understanding the drivers of DOB is extremely complex (Chapter 2). It is widely
recognized that moisture content, water table depth and fluctuations, and bulk density are
key determinants of DOB (e.g., Benscoter et al., 2011; Chapter 2), but the influence of each
is impacted by complex interacting positive and negative feedbacks associated with other
factors. These can be grouped as top-down variables that influence the ecosystem, such as
fire weather and atmospheric conditions, or bottom-up variables, that are characteristics of
the ecosystem itself, such as peat bulk density, hydrologic connectivity, vegetation
structure, and microtopography (e.g., Nelson et al., 2021; Chapter 2). Bulk density, water
table depth, and soil moisture content are also typically field-measured variables and are
not available across large spatial scales or timeframes, making them impractical for
assessing combustion potential across a landscape. In contrast, remotely measured
variables such as lidar-derived vegetation structural metrics, optical vegetation and
moisture indices, and DEM-derived topographic and hydrological layers can be used as
spatially continuous proxies for underlying ecohydrological conditions. Consequently,
identifying readily measurable, spatially continuous variables such as topographic indices,

canopy structure, and vegetation health, which may be indicative of underlying
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environmental processes, can be explored as direct or indirect influencing factors on the

hydrophysical properties of peat.

This study utilizes pre- and post-fire airborne lidar data from the 2016 Horse River
Wildfire in the Boreal Plains ecozone to quantify spatial variability in depth of peat
combustion across bogs, fens, swamps, and their ecozones. It uses statistical modelling
techniques (Generalized Additive Models (GAMs) and Random Forest (RF) models) to
improve understanding of relationships between environmental conditions and DOB.

Specifically, this study addresses the following questions:

1) What is the average depth of peat combustion in bogs, fens, swamps, and their
ecotones, and how does this vary within, and between, peatland types?

2) Which remotely measurable (non-field based) variables are most strongly associated
with variation in depth of peat burn, after accounting for covariation among predictors,
and are these variables similarly important across bogs, fens, and swamps?

3) What is the relative importance of top-down (e.g., fire weather indices) versus bottom-
up (e.g., hydrology, topography, vegetation) variables associated with peat combustion
within the study area?

4) How much of the spatial variability in depth of burn is explained by the predictive

variables identified in (2)?
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4.3 Methods

4.3.1 Study Area

This study was conducted within a 5 x 25 km area ~30 km south of Fort McMurray, AB
(Figure 4.1), in the Boreal Plains ecozone. Average annual temperature in the area is ~1°C
(Elmes & Price, 2019). The climate is subhumid, with potential evapotranspiration (PET)
frequently exceeding precipitation, leading to moisture deficits most years (Marshall et al.,
1999; Devito et al., 2005). The western region of the Boreal Plains are underlain by thick
glacial deposits (Ireson et al., 2015) and soils are predominantly gray luvisols, gleysols or
organic in the uplands, and organic in the lowlands with peat depths >40 cm in peatlands
(Bourgeau-Chavez et al., 2020; Jean et al., 2020). Uplands are dominated by jack pine
(Pinus banksiana), black spruce (Picea mariana), white spruce (Picea glauca) and
trembling aspen (Populus tremuloides), interspersed with eastern larch (Larix laricina; e.g.,
Lee & Boutin, 2004) with black spruce and tamarack dominating the lowlands (Wilkinson
et al., 2019; Bourgeau-Chavez et al., 2020). Fire disturbance is common in the region,
historically recurring on average every ~40 to 100 years depending on stand species
dominance (Larsen, 1997). The region contains extensive roads, seismic lines, cutlines, and
industrial infrastructure such as oil and gas well sites and extensive open pit mines north

of the city (Abib et al., 2019; Dabros et al., 2022).
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Figure 4.1. Study area location (a) within the Horse River Wildfire extent (b) in the Boreal
Plains ecozone (c). The main panel shows the study area with classified peatland extents
derived from Bourgeau-Chavez et al. (2017), the proportion of which (peatland/ecotone

type of total peatland area) are summarized in the bar chart.

Approximately 38% of Alberta’s boreal is made up of wetlands, with some areas
upwards of 85-95%; 56% of these are peatlands (Ducks Unlimited, 2017). Within the study
area, approximately 43% of the peatlands are bogs, 33% are fens, and 24% are swamps.
Bogs are considered ombrogenous and ombrotrophic, hydrologically isolated from

surrounding ground water, receiving water exclusively from precipitation (Vitt, 2006).
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They tend to be poor in nutrients and highly acidic (Vitt, 2006). Fens and swamps, on the
other hand, are geogenous and minerotrophic, and are connected to the surrounding ground
and surface water, typically increasing their nutrients and pH (Locky et al., 2005; Vitt,
2006). While swamps may exist as mineral wetlands or peatlands, they were included as a
peatland class, as they are known to support peat accumulation. DOB analyses were applied
only to areas with detectable organic layer combustion, such that mineral swamps did not

contribute to findings.

On May 1, 2016, the Horse River Wildfire ignited ~7 km southwest of Fort
McMurray and burned for over a year as smouldering combustion (Kovacs et al., 2019),
burning over 589,000 hectares (Natural Resources Canada, 2017). Prior to ignition, high
air temperatures (>25°C), low relative humidity (<20%), and high wind speeds provided
ideal conditions for fire ignition and spread (Elmes et al., 2018; Alberta Agriculture and
Forestry & MNP, 2017). Initial spread was rapid, with temperatures and wind speeds rising,
relative humidity decreasing, and dry vegetation that had yet to flush (Kochtubajda et al.,
2017). The study area itself burned from May 4 to May 16 (Alberta Agriculture and

Forestry & MNP, 2017).

4.3.2 Data Acquisition

4.3.2.1 Field Data

Field data were collected coincident to post-fire airborne lidar data collection (described in
section 2.2.2), in July 2018 for calibration and validation purposes. To select sample sites,
the study area was first stratified into scales of influence: a) burned versus non-burned

areas within and proximal to the Horse River wildfire; b) within burned areas, different
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classes of burn severity (minimum, medium, and severe) determined from optical remote
sensing imagery and on-the-ground assessments; and, c) peatland type (treed and open
bogs; rich and poor fens) determined from pre-fire, optical remote sensing imagery and on-
the-ground assessments. Sample sites included 18 burned and six unburned peatlands.
Transects ~30 m in length were placed such that they ran from transition zone into the
peatland middles, with Global Navigation Satellite System (GNSS) stations at the
beginning and end of each transect left to run for >1 hr. Plots were placed along the transect
at one-and two-meter intervals in burned and unburned sites, respectively. To validate
ground surface elevations along the transect, level measurements were taken at each plot
location and later referenced to the GNSS station elevations. This resulted in 708 ground
surface elevation measurements to be used for the validation of lidar data. Two road
surfaces were also used for the calibration and validation of lidar data, along which Post
Processed Kinematic (PPK) GNSS elevation measurements were collected (n=2655) to
ensure the elevational accuracy of airborne lidar data in areas of flat terrain without any
overstory canopy influences on ground surface elevation (Hopkinson et al., 2005; Csanyi

& Toth, 2007).

4.3.2.2 Lidar Data

Pre-fire lidar data was acquired from Airborne Imaging Inc. (Canada). It was collected
using a Leica ALS70 (Leica Geosystems, Switzerland) in May of 2014 at a flying height
of 1550 m. Flightline overlap was 50%, scan angles were £25 degrees, and pulse repetition
frequency was 300 kHz, producing data with a point density of 7.2 points m™. Post-fire
lidar data were collected by the University of Lethbridge ARTeMiS Lab with a Titan

multispectral lidar (Teledyne Optech Inc., Canada). Flights were conducted in July of 2018
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at a flying height of 1000 m. Flightline overlap was 50%, scan angles were £25 degrees,
and pulse repetition frequency was 300 kHz. The Titan collects multispectral data at three
emission wavelengths: 532 nm, 1064 nm, and 1550 nm. The resulting point density was

11.1 points m™. Total overlapping coverage was ~123 km?.

4.3.2.3 Other Geospatial Data

Peatlands were mapped using the classification from Bourgeau-Chavez et al.
(2017), which segregates land cover into wetland classes: bog, open fen, treed fen, swamp,
and marsh; upland classes: deciduous forest and coniferous forest; and other classes: water,
barren/logged, and recently-burned, with 93% overall accuracy. Using this classification
as a base, bogs, fens, and swamp edges were manually adjusted to smooth boundaries and
eliminate obvious classification errors (i.e. over a road or a single pixel of classified fen
within a large bog region), etc. Ecotones were delineated around each peatland boundary
using the changes in tree height and surface elevation as distance from peatland increased

(Jones et al. 2024).

Anthropogenic landscape features including cutlines (Alberta Geospatial Services,
2021) and roads (Natural Resources Canada, 2016) were added to the map, and missing
cutlines, roads, industrial infrastructure, industrial water features, and large seismic lines
were manually delineated. Spatially explicit fire weather data (described in detail in section
2.3.3), including day of flaming front, Fire Weather Index (FWI), Fine Fuel Moisture Code
(FFMC), Duff Moisture Code (DMC), Drought Code (DC), Initial Spread Index (ISI), and
Buildup index (BUI), were provided by Natural Resources Canada, using weather
estimated from ERAS5-Land. Pre-fire Landsat 8 OLI scenes from April, 2016 were

downloaded in red, green, near-infrared (NIR), and shortwave infrared (SWIR; Landsat-8

137



data courtesy of the U.S. Geological Survey) for the calculation of vegetation and wetness
indices. A 25 m, hydrologically corrected DEM (Government of Alberta, 2018) was used
to calculate topographic wetness index and flow accumulation. This was selected instead
of the higher resolution lidar elevation data to avoid edge effects within the study area that

could drastically alter hydrological flows if broader watershed context is lacking.

4.3.3 Data Processing & Analysis

4.3.3.1 Lidar Data Processing

Using Bentley Microstation TerraSolid Terrascan software version 021.011 (Terrasolid,
Helsinki, Finland; Axelsson, 2000), pre- and post-fire lidar datasets were co-registered to
the road surface as measured with the PPK GNSS survey, such that there was no mean
offset between either lidar data set with the calibration points (Csanyi & Toth, 2007),
minimizing potential bias. Isolated points were removed, and points were classified into
ground or non-ground (vegetation) using the optimal wavelengths (2018 data only) and
classification parameters that Chapter 3 (Nelson et al., 2022) identified as producing the

most accurate ground classifications.

Pre- and post-fire digital terrain models (DTMs) at 1 m resolution were created
from ground points using las2dem from LAStools (RapidLasso GmbH, Germany). Pre-fire
canopy closure and vegetation structure metrics (section 2.3.3) were created using
lascanopy from LAStools, at resolutions of 1 m (closure) and 20 m (height metrics).
Vegetation structure metrics were processed at a lower resolution to ensure enough laser

returns within a pixel to calculate height metrics such as skew, kurtosis, and percentiles.
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4.3.3.2 GIS Analyses

All spatial analyses were conducted in ArcGIS Pro (Esri, California, U.S.). Depth of peat
burn was determined by differencing the pre- and post-fire DTMs to generate an elevation
change raster at 1 m resolution. To reduce inherent, fine-scale noise in the lidar data, this
raster was aggregated by the mean to 5 m pixels (25 m?). This approach will result in a
conservative estimate of depth of burn, as pixels with positive elevation differences
(whether due to noise or post-fire peat expansion) pull the aggregated mean elevation
difference upwards towards zero. This will reduce the influence of any potential very small
(<25 m?), deep areas of combustion; however, it produces a more reliable estimate of
elevation difference by reducing the likelihood that lidar elevation noise is amplified and
misinterpreted as depth of burn. Following data aggregation, any pixel with an elevation
change greater than zero (reflecting elevation increase/surface growth) was set to “no data,”
such that areas that did not burn were not included in the depth of burn analysis. A second
layer was created in which any pixel within the fire perimeter with an elevation change
greater than zero was set to zero, to be used in driver analysis. These are important to
include for the examination of drivers of depth of burn, as it allowed for the analysis of

factors that impacted why a pixel did not burn.

Vegetation canopy closure metrics were also aggregated to a 5 m pixel resolution.
Landsat-8 data were used to calculate the Normalized Difference Vegetation Index (NDVI;
eq. 4.1), the Normalized Difference Moisture Index (NDMI; eq. 4.2), and the Modified
Normalized Difference Water Index (MNDWI; eq. 4.3). The 2014 DTM was used to

determine three topographic metrics: slope, aspect, and Topographic Position Index (TPI).
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TWI and flow accumulation were calculated using the 25 m resolution DEM from the

Government of Alberta (2018).

(4.1)

(4.2)

(4.3)

Random points were distributed using a clustered, stratified random sampling
design within each peatland class: bogs (n=2906), fens (n=3552), and swamps (n=3216).
Five points were dispersed within each peatland to ensure point density to test for the
influence of individual peatland on depth of burn. To improve spatial distribution,
additional 1000 points per peatland class were randomly dispersed across all peatlands
within that class. Distances were calculated from each point to: edge of the peatland,
nearest road, nearest seismic line, nearest cutline, nearest source of industrial water, nearest
industrial landmark, nearest hydrological linear feature, and Gregoire Lake (the nearest
natural water body) to determine the influence of linear anthropogenic features and natural
water bodies on peat combustion. Depth of burn, vegetation canopy and height metrics,
vegetation and water indices, fire weather metrics, and topographic metrics were also

extracted at each point.

4.3.3.3 Variable Selection and Extraction

Eighty-four potential predictive variables for depth of peat burn were examined (Table 4.1).
Canopy cover and vegetation structural characteristics were assessed, as these may

influence peat combustion in several different ways, including impacting hydrology (e.g.,
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Nelson et al., 2021; Waddington et al., 2015; Chapter 2), ground cover vegetation (i.e.
Sphagnum vs. feathermoss; e.g., Nelson et al., 2021; Wilkinson et al., 2018; Chapter 2),
and how fire moves through a landscape (e.g., Hakkenberg et al., 2024). Topographic
attributes at various scales were considered in the model, including aspect; slope; TWI, an
index representing slope and upstream area (e.g., Sorensen et al., 2006); TPI, a
representation of relative elevation; and flow accumulation, a value weighted based on
upslope area (Esri, n.d.). These metrics can also influence vegetation composition and
structure (Moeslund et al., 2013), hydrology (e.g., Chen & Kumar, 2001), and local energy
balance (e.g., Arnold et al., 2006). Landsat NDVI indicates vegetation density, understory
in open canopies, and vegetation health (e.g., Mehmood et al., 2024); NDWTI is indicative
of vegetation moisture content (Gao, 1996), and MNDWI can be used to identify wet areas
(e.g., Aliet al., 2019), all of which are factors in fire behaviour. Distance to anthropogenic
features, including roads, cutlines, seismic lines, and industrial sites, as well as distance to
water bodies, were included, as these can alter hydrologic flows (e.g., Petrone et al., 2008;
Lovitt et al., 2018), energy balance (e.g., Groot et al., 1997), and vegetation (e.g., Ficken
et al., 2019; Chasmer et al., 2021). Distance from peatland edge, peatland area, and
peatland edge length were included, as peatland edges, as well as smaller, more segmented
peatlands may burn more deeply than peatland middles and large peatland complexes (e.g.,
Hokanson et al., 2016). Several fire weather indices were included, representing conditions
on the day that each pixel burned. Day of burn was explored as a random effect, to
determine whether there were differences in depth of burn by day that were not captured
by fire weather indices. The Drought Code (DC), Duff Moisture Code (DMC), and Fine

Fuel Moisture Code (FFMC) are all soil moisture content ratings — the FFMC represents

141



the moisture content of litter and fine surface fuels, the DMC the moisture content of upper,
looser soil immediately below the surface litter (~7 cm depth), and the DC that of the more
compact, deeper soil (~18 cm depth; Van Wagner, 1987; de Groot et al., 2009). Although
developed for upland soils, these indices are likely to function well for peatlands
(Waddington et al., 2012). The Initial Spread Index (ISI) estimates fire spread based on
wind speed and fuel moisture, and the Buildup Index (BUI) estimates the fuel available for
combustion (Van Wagner, 1987). The Fire Weather Index (FWI) is based on these
components and rates the likely intensity of the fire (Van Wagner, 1987; Lawson &
Armitage, 2008). Latitude and longitude were included to absorb residual spatial
autocorrelation of other covariates (see 4.3.3.4 and 4.3.3.5), but were not considered as

ecological predictors in final models.
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Table 4.1. Variables included in initial depth of burn models. All continuous variables were

treated as floating-point numbers in modelling workflows.

Category

Variables

Scales/height

thresholds (m)

Canopy cover (lidar; 5
m)

Vegetation structure
distribution (lidar; 20
m)

Topography (lidar
DEM; 5 m)
Hydrology (AB DEM;
25 m)

Landscape positioning

Peatland morphology

Fire weather indices

Vegetation & moisture
indices

Canopy cover

Mean height, max height, P25-P95,

skewness, kurtosis, SD

Slope, aspect, TPI

Flow accumulation, TWI

Distance to nearest: peatland edge,
road, seismic line, cut line,
industrial site, industrial water
source, linear hydrological feature,

Gregoire Lake

Area, perimeter length, length:area

ratio

FWI, FFMC, DMC, DC, BUI, ISI,

Day of Burn
NDVI, NDMI, MNDWI

Min. height cutoffs:
1.37 (DBH), 5, 10

Min. height cutoffs:
0.2,0.5,1.37,5

Scales: 5-500 m
(varies by metric)

Scales: 25-250 m

Scale: 90 m

Scale: 30 m

4.3.3.4 GAM Analysis

To examine potential environmental conditions associated with peatland depth of burn,

Generalized Additive Models (GAMs; mgcv package in R v4.4.2; Wood, 2024; R Core

Team, 2025) were fit separately for bogs, fens, and swamps. GAMs are widely used in

ecological modelling to understand the nonlinear relationships between predictive and

response variables using smooth functions, without the criteria of linearity (e.g., Wood,

2017; Pedersen et al., 2019). Models were developed using a Tweedie distribution with a

log link, which functions well for modelling positive, continuous data with a large

proportion of zeros (Dunn & Smyth, 2005), such as biomass data (e.g., Lecomte et al.,
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2013; Dons et al., 2016). This allowed for the use of a single likelihood model that
identifies covariate effects that influence both occurrence and magnitude of DOB, as
opposed to a two-part model. Smoothing parameters were selected using restricted
maximum likelthood (REML) to avoid undersmoothing (Pedersen et al., 2019; Wood,
2022). Predictive variables were modelled using predominantly thin plate regression
splines (tp) but using cyclic cubic splines (cc) for aspect, Gaussian process smooths (gp)
that assume increased correlation with closer proximity for spatial coordinates, and tensor
product smooths (te) for interaction terms (Wood, 2017). Continuous predictive variables
were log-transformed or rescaled when highly skewed or were orders of magnitude larger

than other predictors.

Variable selection was performed using an initial shrinkage approach that adds an
extra penalty to each term, effectively selecting smooths with negligible influence out of
the model (Marra & Wood, 2011). This was applied to all 84 potential drivers (Table S4.1),
followed by iterative backwards selection. Following the shrinkage approach, variables
with negligible effective degrees of freedom (< 0.001) were removed from the model, after
which variables were removed iteratively based on low effective degrees of freedom, high
p-values, and flat (null) smooth functions when visualized using the mgcv draw() function
(Marra & Wood, 2011; Wood, 2022). When multiple variables showed similar candidacy
for removal, all options were evaluated, and backwards selection was outlined by deviance
explained and Akaike information criterion (AIC). In cases where removal produced only
minimal reductions in model performance, that variable was occasionally removed to
simplify model structure and highlight the most influential predictive variables. Concurvity

was assessed using the concurvity() function, and highly concurved variables (>0.7) were
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selected out of the model to improve stability (Wood, 2017). Once core variables were
identified, plausible interactions were tested and were added to the model if significant and
if they improved the deviance explained and reduced AIC. Latitude and longitude were
retained throughout variable selection to account for residual spatial autocorrelation
(Wood, 2017) and reduce the likelihood of spatial proxy variables being retained.
Suitability of basis dimensions was assessed using gam.check(), and final drivers included
in the model were determined based on R?, deviance explained, and AIC. Full model

evaluation details are provided in section 4.3.3.6.

4.3.3.5 Random Forest & SHAP Value Analysis

To increase the robustness in identifying environmental conditions associated with peat
depth of burn, Random Forest (RF) regression models were fitted in addition to the GAMs
using Python scikit-learn v1.3.0 (Pedregosa et al., 2011). RF regression can model
nonlinear relationships and interactions between variables to relate numerous predictive
variables to a response variable (e.g., Breiman, 2001). To assess the relative importance of
predictors, variable importance was quantified using SHAP (SHapley Additive
exPlanations) values (SHAP Python package v0.48.0; e.g., Lundberg & Lee, 2017). SHAP
estimates the individual variable contribution of each explanatory variable to a model
output based on cooperative game theory. Using the absolute average Shapley values per
variable provides a ranking of variable contribution (Molnar, 2022). These were computed
using TreeSHAP, a path-dependent SHAP implementation for tree-based machine learning
models (Lundberg et al., 2019; Molnar, 2022). A flow diagram illustrating variable

selection for final bog, fen, and swamp RF models is shown in Figure 4.2.
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Figure 4.2. Flow diagram illustrating variable selection for final RF model as described in
section 2.3.5. Processes are indicated in blue ovals and outputs are indicated with orange
rectangles. This process was repeated for each peatland type: bogs, fens, and swamps.

Initial RF parameters were optimized using RandomizedSearchCV on 80:20 split

training data with 5-fold cross-validation (Table S4.3). Thirty combinations were

evaluated, and optimal parameters were selected — first based on the lowest RMSE, and

second, based on the highest R2. While RF is generally robust to correlation between

predictors (e.g., Albertini et al., 2024), highly correlated variables may split their

importance or become unstable in rankings (e.g., Nicodemus, 2011). To minimize this, an

initial decorrelation was performed at r = 0.9, with the metric with a higher SHAP value of

each pair retained.
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RF models were fit using the decorrelated predictors, and absolute mean SHAP
values were computed for each variable. An iterative backward selection followed, in
which the variable with the lowest mean SHAP value was removed, RF was re-trained, and
the process was repeated. To improve stability, RF models were trained 50 times at each
step of feature elimination (five grouped 80:20 splits across ten base seeds) to determine
average SHAP value, RMSE, and R?. This process was repeated until all variables were
removed, allowing changes in RMSE and R? to be tracked sequentially with each variable
removal. These analyses were conducted twice, once including the latitude and longitude
of sample points and once excluding them, to identify spatial proxy variables. A survival
table approach was used to identify the threshold at which the removal of variables began
to reduce model performance across the ten base seeds. Variables that were included below
the “elbow” at least 60% of the time were retained. Datasets including and excluding

latitude/longitude were assessed independently.

A second round of backwards selection was conducted using the reduced-variable
model following the same procedure as round one, but with a stricter decorrelation
threshold (r = 0.8). Survival tables were again used to retain top variables, ranked based on
SHAP values, and to compare variable rankings between the models that included
latitude/longitude and those that excluded them. Variables that were highly ranked only in
the model without latitude/longitude but were absent from both the model including
latitude/longitude, as well as the final GAM, were identified as spatial proxies and

removed.

Once the predictor set was reduced and identified spatial proxies were removed,

spatial cross-validation was implemented in place of random cross-validation to reduce
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spatial correlation and prevent overly optimistic model performance metrics (e.g., Schratz
et al., 2019; Ploton et al., 2020; Risk & James, 2022). RF parameters were re-tuned using
the reduced predictor set following the second round of feature elimination (Table S4.3).
Parameters were optimized using RandomizedSearchCV with spatial cross-validation
(GroupKFold; k=5; e.g., Schratz et al., 2019). In total, 120 combinations across three
independent base seeds were evaluated and ranked by mean cross-validated RMSE (see
Table S4.4 for final parameterizations). A final variable elimination run was performed
(again, 50 times across ten base seeds), on only non-spatial models with a decorrelation
threshold of r=0.8 and using spatial CV to compute performance metrics. Variables that
rarely made it through decorrelation, or whose elimination negligibly or minimally
worsened RMSE and R?, were removed. The remaining variables were identified as the
predictors most strongly associated with depth of burn and were included in the final

model.

4.3.3.6 Statistical Analyses and Model Evaluations

To identify patterns in DOB with and between peatlands, significant differences between
peatland types were determined via a Kruskal-Wallis test, which compares medians
between groups, and post-hoc Dunn’s tests to identify possible pairwise differences.
Because of the skewed data structure, to better understand significant differences in means
between peatland types, bootstrapped confidence intervals of means were used to
determine significant differences at the 95% confidence level. To test for significant
variability within a peatland or ecotone type, Fligner-Killeen tests, which compare

variances between sample groups, were performed.
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To evaluate the reliability of lidar-derived DOB measurements, total elevation
change (positive and negative) was calculated within the fire perimeter and in unburned
peatlands outside the fire perimeter. Average changes in elevation in known unburned
peatlands were used as a basis for approximating expected elevation changes in unburned
pixels within the fire perimeter. The proportions of burned and unburned pixels within the
fire perimeter were determined based on DOB > 0 cm and were used as weights to calculate
the expected weighted average of change in elevation within the fire perimeter. Comparing
the expected change in elevation based on weighted averages of burned pixels and
unburned pixels from outside the fire with observed mean elevation changes across all
pixels (burned and unburned) within the fire perimeter provided a confidence assessment

of lidar-derived DOB estimates.

GAM variable importance was calculated based on hierarchical partitioning of
deviance with the gam.hp() package in R (Lai et al., 2024). RF variable importance was
based on absolute average SHAP values run on the entire model over ten seeds. Variables
were summarized based on ecological categories, and variables and variable ranks were
compared a) between peatland types within each model framework, and b) between models
to identify the most robust drivers. By using GAMs as the primary framework for variable
selection and interpretation, and RF as a complementary method for filling gaps and
providing an independent validation of the GAM findings, predictive variables most

strongly associated with DOB were more confidently identified.

While the aim of this study was not to develop a predictive model, model
performance was evaluated to understand the strength of the identified drivers. GAM

performance was determined for two models per peatland type — one that included a spatial
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smooth (section 2.3.4) and one without. Performance was based on deviance explained and
adjusted R?, which are computed by the summary() function of mgcv (Wood, 2017). RF
model performance was evaluated using an 80:20 blocked train/test split with 50 m blocks.
While this block size does not eliminate spatial autocorrelation, it reduces immediate
neighbourhood effects while retaining fine-scale ecological gradients and variability within
the limited study area. Given the small area, clustered samples, zero inflation, and non-
linear link relationships, large blocks were not feasible and likely over-pessimistic (Roberts
et al., 2017). R%, Root Mean Square Error (RMSE), and variable importance rank were
derived, and the process was repeated 100 times (10 times per base seed) to ensure stability
in performance metrics and rank. To ensure variable importance rank was not due to local
proximity, a compatible variable rank analysis was performed using 200 m blocks with one

seed and compared.

Within each model, predictive variables were compared between peatland types.
For a fairer comparison, variables that were tested at multiple scales were divided into local
(<50 m), stand (<300 m), and landscape scales (300-500 m) — for example, TPI at 10 m,
20 m and 30 m were considered a shared, local predictor if one of the three was present.
Predictive variables were also categorized as related to anthropogenic disturbance,
climate/fuel moisture, fuel structure (lidar), hydrology, peatland morphology, topography,
or vegetation (spectral). These categories were used to assess dominant, broad patterns in
the variables associated with DOB across peatland types. Both individual predictors and

predictor categories were compared between models.
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4.4 Results

4.4.1 Depth of Burn Across Peatland and Ecotone Types

Average DOB across all peatland types was 8.1 = 6.2 cm (n = 6813), with bog ecotones
showing the greatest mean DOB (9.3 = 7.3 cm) and fens the lowest (7.0 = 5.2 cm; Figure
4.3; Figure 4.4; Table 4.2). A Kruskal-Wallis test revealed significant differences between
groups (H = 109.24, p < 0.001). Post-hoc Dunn’s tests showed that bog cores and bog
ecotones differed significantly from fen and swamp cores and ecotones (p <0.05; Table

4.2).
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Figure 4.3. Lidar-derived depth of peat burn across the study area with peatlands delineated
by type.
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Figure 4.4. Raincloud plots showing depth of burn distributions across peatland types and
their ecotones (n=184 to 3581). Half violins show kernel density estimates; boxplots
represent the interquartile range and median with whiskers to the 5™ and 95" percentiles,
and circles denoting the mean; points illustrate sample density distribution.

Table 4.2. Mean, median, and standard deviation of depth of peat burn (cm) across peatland
and ecotone types. Connecting lines indicate significantly different (p < 0.05) depths of
burn based on Dunn’s tests (median) or bootstrapping (mean).

Peatland Type Mean Median Standard Deviation
Bog 8.6 7.8 6.2
Bog Ecotone [9.3 7.0 7.3
Fen 7.0 6.0 5.2
Fen Ecotone 8.4 5.5 8.6
Swamp 7.5 5.9 6.3
Swamp Ecotone 7.8 6.4 6.7

Because observed means diverged from the medians (Figure 4.4), bootstrapped
confidence intervals of the means were used to identify significant differences in mean

DOB. Outcomes were mostly aligned, with two differences: they identified significant
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differences in mean DOB between fens and fen ecotones, and no significant difference
between bogs and fen ecotones (95% confidence interval; Table 4.2). These differences
highlight the influence of deep burning in a small proportion of fen ecotone samples,
increasing the mean, despite a lower median (Table 4.2). This high variability in fen
ecotones was confirmed by significant variance when compared to fen cores (Fligner-
Killeen, med - = 10.7, p < 0.01); bog and swamp core-ecotone pairs did not differ
significantly in variance (p > 0.05). While observed DOB values were greater in ecotones
than corresponding cores, they were non-significant in bogs and swamps (p > 0.05).

Proportions of peatland burned (based on lidar-derived DOB) were used as weights
to determine the expected difference in elevation (dz) of peatlands within the fire perimeter.
Lidar-derived mean elevation changes within the burn perimeter aligned well with what
would be expected based on weighted averages using offsets from unburned peatlands
outside the burn perimeter as controlled “no combustion” pixels (Table 4.3). Average
elevation changes within the burned perimeter deviated from expected based on weighted
averages by 0.2 cm in bogs, 0.1 cm in fens, and 1.2 cm in swamps. When simply subtracted
without accounting for proportions of burned vs unburned area, elevation changes within
the burned perimeter were lower than may be expected by 2.3 cm in bogs, 1.2 cm in fens,
and 2.0 cm in swamps (Table 4.3).

Table 4.3. Comparison of observed versus expected elevation changes (cm) based on mean
elevation changes inside and outside the fire perimeter.

Obs. | Weight | Obs. net | Weight Obs. net | Expected | Weighted
DOB | (burned | dz (unburned | dz within | net  dz | difference
(neg. | pixels) | outside pixels) fire based on | (Straight
dz fire perimeter | weighted | subtraction)
only) perimeter averages
Bog -8.6 10.62 9.3 0.38 -1.6 -1.8 +0.2 (+2.3)
Fen -7.0 10.45 11.1 0.55 2.9 3.0 +0.1 (+1.2)
Swamp | -7.5 ]0.34 17.0 0.66 7.5 8.7 +1.2 (+2.0)
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4.4.2 GAMs: Top Predictive Variables Associated with Depth of Peat Burn and Model

Performance

4.4.2.1 Bogs

The covariates selected via backwards selection for the bog GAM included slope at 10 and
100 m resolutions, TPI (100 m), aspect (100 m), distance to peatland edge, distance to
industrial water, vegetation structure (p50, p25 and standard deviation), peatland area (m?),
peatland perimeter length (m), and DMC. Two significant interactions were identified:
distance to peatland edge and peatland area, and TPI and distance to linear hydrological
features. Complete model structure and parameters are included in Supplementary Data.
Diagnostic checks from gam.check() showed no systematic biases. A QQ plot showed
residuals closely followed expected quantiles, with only slight deviations at the tails, and a
residuals vs. linear predictor plot showed even scatter, indicating that the data structure is
captured well by the smooth terms in the model (Figure S4.3).

Most variables included in the model were highly significant (p < 0.001), with the
exception of distance to peatland edge (m), which was significant at p < 0.01; distance to
industrial water (m) and peatland area (m?), which were moderately significant (p < 0.05);
and peatland perimeter length (m), which was non-significant (p > 0.05), but still improved
model performance based on R?, deviance explained, and AIC. When a spatial smooth was
included in the model, essential for preventing spatial autocorrelation from influencing
variable importance, the bog model resulted in 39% deviance explained and an adjusted R?
of 0.36. When the spatial smooth is excluded from the model, deviance explained drops to

24.3% with an adjusted R? of 0.23.
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Three covariates accounted for over 50% of the model’s explanatory power (Figure
4.5; Table S4.4): slope (100 m resolution), distance to peatland edge (m), and peatland area
(m?). Together with aspect (100 m) and median height of above-ground lidar returns(p50),
these top five variables explain ~75% of the variation in depth of burn captured by this
model. Topography and peatland morphology covariates were the most influential

predictors of DOB in bogs (Figure 4.5).

Slope (100 m) 1

Dist. to peatland edge 1
Peatland area 4

Aspect (100 m) 4

Perimeter length 4 . Hydrology

. Fuel structure (lidar)
Duff Moisture Code

/ . Climate / Fuel moisture
Dist. to industrial water Peatland morphology

. 7 . Anthropogenic disturbance
Veg. height p25 (>0.2 m)

Veg. height SD (>0.5 m)

Dist. to linear hydro

Slope (10 m)

TPI (100 m)

0 5 10 15 20
% Contribution

Figure 4.5. Percent contribution of covariates to the final bog GAM. Colours correspond
to the category of predictive variable. Bars represent individual variables and are ranked in
order of predictor performance. The pie chart summarizes the proportional contribution of
each category to the bog GAM.

Figure 4.6 illustrates the partial effects of the top nine covariates from the bog
model, as well as a key interaction term between distance to peatland edge (m) and peatland

area (m?). A negative, linear relationship was identified between slope and DOB, with
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steeper slopes associated with reduced burn depths (Figure 4.6A). DOB increased with
distance from the peatland edge (Figure 4.6B); however, there was a notable interaction
between distance from peatland edge and peatland area that provided a nuanced
explanation (Figure 4.6J). The deepest burns occurred along the edges of large bogs, while
moderate burn depths were identified towards the interior of mid-sized bogs. The lowest
burn depths corresponded to peatland centres as well as the edges of small- to mid-sized
bogs. Peatland area on its own was negatively associated with DOB (Figure 4.6C),
indicating that in general, larger bogs burned less deeply. Greater DOB was associated with
south to southeast-facing aspects (Figure 4.6D), and peatlands with low-stature vegetation
were found to burn more deeply, with DOB decreasing as the median of the lidar return

height (p50 >0.5 m) increased (Figure 4.6E).
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Figure 4.6. Partial effects plots of the top nine covariates, in order of importance, plus a
key interaction term (distance to peatland edge and peatland area) from the bog GAM. The
y-axis of each smooth plot represents the partial effect on the link scale and shaded zones
represent 95% confidence intervals. Plots of all covariates, interactions, and a spatial
smooth, are shown in Figures S4.1 and S4.2.

Covariates ranked 6-9 (Figure 4.5; Figure 4.6) contributed less to the model’s

explanatory power but still showed interesting trends. DOB increased with peatland

perimeter length (Figure 4.6F) and with Duff Moisture Code (DMC), particularly once

DMC exceeded ~60 (Figure 4.6G). As bogs became further removed from industrial water

sources, DOB decreased (Figure 4.6H). Lower canopy (p25 >0.2 m) showed divergent
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trends to mid-canopy (p50 >0.5) heights, where increases in p25 were associated with an
increase in DOB (Figure 4.6J). The four remaining, weaker covariates and the second

interaction term are plotted in Supplemental Figures S4.1 and S4.2.

4.4.2.2 Fens

The final fen GAM covariates included NDVI and NDMI; distance to nearest seismic lines,
roads, and cutlines; height of median lidar returns (p50); aspect (100 m); peatland
length:area ratio; FFMC; flow accumulation (250 m); and TPI (30 m). Two notable
interactions were identified for fens — one between TPI and flow accumulation and another
between NDVI and NDMI. See Supplementary Material for complete model structure.
Diagnostic checks (Figure S4.6) revealed that the model was correctly specified, but
behaviour in the upper tail of the QQ plot showed extreme positive residuals, indicating
that the model was unable to capture some of the extremely deep burns. A residuals vs.
linear predictor plot showed fairly even scatter clustered around zero, with some fanning

demonstrating heteroscedasticity, but without a strong, systematic bias.

Unlike in the bog GAM, no linear associations were identified. Most covariates
were highly significant (p < 0.001), except for aspect (100 m), which was significant at p
< 0.01, NDMI, which was moderately significant at p < 0.05, and FFMC and length:area
ratio, which were non-significant (p > 0.05), but still important to model performance. The
fen GAM had better explanatory power than the bog GAM, with a deviance explained of

45.1% (non-spatial: 29.1%) and an adjusted R? of 0.44 (non-spatial: 0.31).

NDVI, the top ranked covariate, accounted for nearly 50% of the fen model’s

explanatory power (Figure 4.7; Table S4.5). Together with the second ranked covariate,
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distance to nearest seismic line, nearly 70% of the variation in DOB captured by the model
is accounted for. These, plus median height of above-ground lidar returns (p50 >0.05 m),
aspect (100 m), length:area ratio, and NDMI, account for over 90% of the model’s power
in explaining DOB. It is clear from Figure 4.7 that variability in depth of peat burn in fens
is most strongly associated with vegetation properties and anthropogenic disturbances —

patterns that differ from those observed in bogs.

NDVI

Dist. to seismic lines

Veg. height p50 (>0.5 m)
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Figure 4.7. Percent contribution of covariates to the final fen GAM. Colours correspond to
the category of predictive variable. Bars represent individual variables and are ranked in
order of predictor performance. The pie chart summarizes the proportional contribution of
each category to the fen GAM.

The top nine covariates of the fen GAM are illustrated in Figure 4.8. NDVI, the top
predictive variable in the GAM, shows a curved relationship with DOB, where DOB is

lower in areas with low NDVI (~0.1-0.2). Areas with very low NDVI (NDVI <0.1) show
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the strongest positive association with greater DOB, with moderate NDVI values (~0.2-
0.25) also showing a positive association (Figure 4.8 A). While there was some irregularity
in the smooth, distance from seismic lines was negatively associated with DOB. Points
within ~2500 m of a seismic line show enhanced burn depths, with stronger associations
closer to lines. Beyond this threshold, the greater distances correspond with reduced DOB
(Figure 4.8B). Where the median height of lidar returns was low (p50 < ~3 m), there was
a minimal, slightly positive relationship with DOB. Burn depth is lower where median
canopy height increases (pS0 > ~3 m) but increases again at high p50 values (>~15 m;
Figure 4.8C). Contrary to patterns identified in bogs, south to southwest aspects are
associated with lower DOB, while north-facing slopes experienced greater DOB (Figure
4.8D). As length:area ratio increases, DOB declines, suggesting that longer, more narrow
peatlands experienced reduced burn depths (Figure 4.8E). NDMI has a negligible impact
on DOB, with its effect hovering near zero, until it reaches a threshold of ~0.25, after which
an increase in NDMI is associated with a reduction in burn depth (Figure 4.8F). Distance
to the nearest road had a negative association with DOB, with a clear threshold: within
~2000 m of a road, DOB is slightly higher with closer proximity; beyond this, however, an
increased distance from roads is related to an extremely strong reduction in DOB (Figure
4.8G). Distance to nearest cutlines, however, had the opposite effect, where increased
proximity to cutlines is associated with a reduced DOB (Figure 4.8H). Lastly, FFMC shows
a positive, nearly linear relationship with DOB: values below ~90 have a negative
relationship (reduced DOB), whereas FFMC values above ~90 are associated with an
increasingly enhanced DOB (Figure 4.81). The two remaining, weaker covariates and the

two interaction terms are plotted in Supplemental Figures S4.4 and S4.5.
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Figure 4.8. Partial effects plots of the top 9 covariates, in order of importance from the fen
GAM. The y-axis of each smooth plot represents the partial effect on the link scale and
shaded zones represent 95% confidence intervals. Plots of all covariates, interactions, and
a spatial smooth, are shown in Figures S4.4 and S4.5.

4.4.2.3 Swamps

The top covariates, and those included in the final swamp GAM, were MNDWI; the 25%
percentile of above-ground lidar returns (p25 >0.5 m); distances to nearest roads, seismic
lines, cutlines, and linear hydrological features; TPI at 10, 20, and 500 m resolutions; slope
(10 m resolution); and peatland area and length:area ratio. There were two interaction terms
identified: between TPI (20 m) and distance to the nearest linear hydrological feature, and
between slope (10 m) and distance to the nearest road. Complete model structure and
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parameters are provided in Supplementary Material. Diagnostic checks using gam.check()
(Figure S4.9) showed that the residual distribution was approximately normal, with minor
deviance in the upper tail. The residuals vs. linear predictor plot showed the expected fan-
shaped pattern, indicating heteroscedasticity, as would be expected for heavily skewed
DOB data. Based on the QQ plot and effective degrees of freedom checks, the pattern is
not indicative of poor model fit.

Approximately half the covariates included in the final swamp GAM were highly
significant (p < 0.001): 25" percentile lidar return height (p25), distance to nearest seismic
line, TPI (10 m), peatland area, and both interaction terms. Distance to nearest road and
MNDWI were significant at p < 0.01, and length:area ratio was moderately significant at
p < 0.05). Slope (10 m), distance to cutline, and distance to linear hydrological features
were non-significant (p > 0.05), but still improved the model based on R?, deviance
explained, and AIC. Interestingly, peatland area only remained a useful model variable
when peatland shape (length:area ratio) was included — suggesting that peatland size only
mattered once the effect of shape was accounted for. While deviance explained by the
swamp GAM fell between those of the bog and fen GAMs at 43.2% (non-spatial: 27.1%)
the adjusted R? was the weakest of the three models at 0.34 (non-spatial: 0.19).

The strongest variables identified in the swamp GAM — MNDWI and 25"
percentile of above-ground lidar returns — accounted for over 50% of the model’s
explanatory power (Figure 4.9; Table S4.6). When the third through fifth highest ranked
covariates are accounted for — distance to nearest road, TPI (10 m), and distance to nearest
seismic line — the top five variables drive over 80% of the model’s power. Variable

categories that contribute most to modelled variation were again different for swamps than
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for bogs or fens (Figure 4.9). Hydrology and fuel structure were the highest ranked

predictor categories, followed by topography and anthropogenic disturbance.
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Figure 4.9. Percent contribution of covariates to the final swamp GAM. Colours correspond
to the category of predictive variable. Bars represent individual variables and are ranked in
order of predictor performance. The pie chart summarizes the proportional contribution of
each category to the swamp GAM.

Figure 4.10 illustrates the smooths, or relationships, between depth of burn and the
top six predictive variables identified through the swamp GAM. A negative, linear
relationship was identified between MNDWI and burn depth (Figure 4.10A), where values
below ~0.08 were associated with enhanced DOB. The 25™ percentile height of above-
ground lidar returns (p25 >0.5 m) had a generally negative relationship with DOB, where
greater p25 was associated with a lower DOB (there was a shift to a positive influence at

p25 values over ~9 m, but there is extremely sparse data with a highly uncertain confidence
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interval; Figure 4.10B). As proximity to linear hydrological features increased, DOB was

reduced (Figure 4.10C); the same effect was seen with proximity to seismic lines (Figure

4.10F) — the opposite effect as was seen in fens (Figure 4.8B). An increase in TPI was

related to an increase in DOB, with TPI over ~0 (convex features) associated with an

enhanced DOB, and TPI below 0 (concave features) associated with a dampening pattern

(Figure 4.10D).
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Figure 4.10. Partial effects plots of the top 6 covariates, in order of importance, from the
swamp GAM. The y-axis of each smooth plot represents the partial effect on the link scale
and shaded zones represent 95% confidence intervals. Plots of all covariates, interactions,

and a spatial smooth, are shown in Figures S4.7 and S4.8.
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4.4.2.4 Common Versus Wetland-Specific Environmental Conditions

Multiple predictive variables were common between peatland types — particularly
between fens and swamps; however, there were no top variables identified that were
common to all three (Figure 4.11). Area was a common predictor in both bogs and swamps,
but was more important in bogs (Figures 4.5, 4.7). Median height of above-ground lidar
returns (p50) and aspect (stand scale) were both similarly ranked predictive variables in
bogs and fens. However, the influence of aspect was nearly inverse between the two

peatland types (Figures 4.6, 4.8).
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Figure 4.11. Shared vs. unique predictive variables of depth of burn across bogs, fens, and
swamps identified via GAM analysis. The UpSet plot (a) illustrates the number of
predictors shared between, or unique to, each peatland. The Venn diagram (b) lists these
predictive variables. Asterisks denote shared variables but with notably different
influences.

166



Fens and swamps shared five common predictive variables — distance from cutline,
distance from seismic line, distance from the nearest road, TPI (local scale), and length:area
ratio (Figure 4.11). TPI was much more important in swamps, however, than in fens
(Figures 4.7, 4.9), and distance from the nearest seismic line had opposite relationship with
DOB - associated with an increase in DOB with proximity to fens (Figure 4.8) and reduced

DOB with proximity to swamps (Figure 4.10).

4.4.3 Random Forest: Top Predictive Variables Associated with Depth of Peat Burn and

Model Performance

4.4.3.1 Bogs

The top predictive variables associated with depth of peat burn in bogs, identified
via RF and SHAP backwards selection, were DC, TPI at 50 and 15 m resolutions, distances
to nearest seismic line and to nearest industrial water source (m), 25" percentile height of
lidar returns (p25 >1.37 m), distance to peatland edge (m), length:area ratio, flow
accumulation at 250 m resolution, and peatland area (Figure 4.12). Explanatory power was
more evenly distributed between variables in the RF model than the GAM (Figure 4.5),
with the top 4 variables (Drought Code, TPI at 50 m resolution, distance to nearest seismic
line, and p25) providing just over 50% of the model’s power. While Drought Code, a
climate/fuel moisture variable, contributed the most of any single variable to the model,
the predictor categories of topography and peatland morphology were the categories with
the greatest contribution (Figure 4.12). These match those identified as top predictive

categories in the GAM (Figure 4.5).
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Figure 4.12. Percent contribution of covariates to the final bog RF model. Colours
correspond to the category of predictive variable. Bars represent individual variables and
are ranked in order of predictor performance. The pie chart summarizes the proportional
contribution of each category to the bog RF model.

Model R? was 0.30 £ 0.03 with an RMSE of 4.76 + 0.35. Variable ranks remained
consistent when checked with a larger spatial block. Variables with the highest and lowest
percent contribution remained stable throughout model runs, though variables four through
six — veg. height p25, TPI (15 m), and distance to peatland edge (m) varied between these

ranks to the extent that one should not be considered of higher importance than the others.

4.4.3.2 Fens

The top predictive variables associated with depth of peat burn in fens, identified via RF
and SHAP backwards selection, were TPI at 50 and 10 m resolutions, NDVI, distance to

nearest seismic line and to nearest industrial zone (m), 25" percentile height of lidar returns
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(p25 >1.37 m) and skew (>0.5 m), slope at 100 m resolution, FWI and DMC, and flow
accumulation at 250 m resolution. The top three covariates contributed nearly 50% of the
fen RF model’s explanatory power (Figure 4.13). As a category, topography dominated the
predictive variables associated with DOB (not identified as a top predictive category in the
fen GAM; Figure 4.6), followed by vegetation and anthropogenic disturbance (the top

categories from the fen GAM).
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Figure 4.13. Percent contribution of covariates to the final fen RF model. Colours
correspond to the category of predictive variable. Bars represent individual variables and
are ranked in order of predictor performance. The pie chart summarizes the proportional
contribution of each category to the fen RF model.

The fen RF model performance metrics were weaker than those of bogs, with an R?
0f 0.24 + 0.04 and an RMSE of 4.85 £ 0.55. Variable ranks, however, remained consistent

in model runs using larger spatial blocks. The top five variables, TPI (50 m), NDVI, TPI
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(10 m), distance to nearest seismic line (m), and distance to nearest industrial feature (m),
were stable in their rankings, as was the weakest contributor, DMC. Covariates ranked here
as six through ten, however, were variable in their ranks. Slope (100 m) and p25 fluctuated
between 6" and 7" and flow accumulation, FWI, and the skewness of the vertical

distribution of lidar returns fluctuated between 8™ and 10%.

4.4.3.3 Swamps

The top predictive variables associated with depth of peat burn in swamps, identified via
RF and SHAP backwards selection, were MNDWI, distance to nearest seismic line,
distance to nearest road, distance to nearest linear hydrological feature (m), 25" percentile
height of lidar returns (p25 >0.5 m), TPI at 30 m resolution, DC, aspect at 100 m resolution,
perimeter length (m), and flow accumulation at 250 m resolution. Among the categories,
anthropogenic disturbance and hydrology had the strongest relationship with DOB in
swamps, closely followed by topography and fuel structure (Figure 4.14). GAMs also
identified these categories as the most influential predictors, though in different proportions

(Figure 4.9).
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Figure 4.14. Percent contribution of covariates to the final swamp RF model. Colours
correspond to the category of predictive variable. Bars represent individual variables and
are ranked in order of predictor performance. The pie chart summarizes the proportional
contribution of each category to the swamp RF model.

The strength of the swamp RF model performance metrics fell between those of
bog and fen models, with an R? of 0.27 = 0.05 and an RMSE of 4.45 = 0.38. Variable ranks
remained consistent in model runs using larger spatial blocks. Driver ranks were less stable
in the swamp model than those of bogs and fens. The top two variables, distance to seismic
lines and MNDWI, fluctuated between 1% and 2" throughout the model runs. P25 and TPI
shifted between 3" and 4" rank, and aspect, perimeter length, and flow accumulation
fluctuated between one another (7" through 9. Distance to linear hydrological features

was consistently ranked last (Figure 4.14).
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4.4.3.4 Common Versus Wetland-Specific Environmental Conditions

RF models identified four variables as being common across all three peatland
types — TPI (local scale), distance from seismic lines, p25, and flow accumulation (stand
scale; Figure 4.15). Distance from seismic lines was of greater importance in swamp
models than bog or fen (Figures 4.12-4.14). TPI (stand scale) was shared as a highly ranked
variable in both bogs and fens (Figures 4.12, 4.13) and Drought Code was a common
variable for both bogs and swamps, though was identified as a top predictive variable in

bogs, and mid-rank in swamps (Figures 4.12, 4.14, 4.15).

Bog
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Dist. from ind. water
LA
Area

TPT (local)
Dist. from seismic
Veg height p23
Flow Acc. (stand) MNDWI

a) b}

NDVI
Dist. from ind.
Veg. height skew
Slope (stand)
FWI

Dist. from road
Dist. from linear hydro.
Aspect (stand)
Perimeler lenglh

DMC

Number of shared drivers

9 8 3
Drivers per peatland type

o

Figure 4.15. Shared vs. unique predictive variables associated with depth of burn among
bogs, fens, and swamps identified via RF & SHAP. The UpSet plot (a) illustrates the
number of variables shared between, or unique to, each peatland. The Venn diagram (b)
lists these predictive variables. Asterisks denote shared predictors but with notably
different influences.
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4.5 Discussion

4.5.1 Variability in Depth of Burn Across Peatland and Ecotone Types

Depth of peat combustion averaged ~8 cm across the burned area, with bogs and bog
ecotones exhibiting the greatest DOB, fens the lowest DOB, and fen ecotones experiencing
the greatest variability in DOB (Figure 4.4). Due to their ombrogenous nature, bogs may
experience greater water table fluctuations and increased drawdown of soil moisture (e.g.,
Waddington et al., 2015). This can subsequently increase soil bulk density, optimizing the
conditions for deeper combustion (Lukenbach et al., 2015; Lukenbach et al., 2017). Zoltai
et al. (1998) found that bogs were more likely to have low soil moisture contents that
supported ignition as compared to fens. Bog ecotones, which often transition between
upland forests and bog peatlands, are especially susceptible to these conditions. High bulk
densities can promote greater fluctuations in water tables (Lukenbach et al., 2015), and the
greater proportion of shrubby or upland-typical vegetation typical in ecotones can enhance
evapotranspiration (e.g., Markle et al., 2020), further reducing soil moisture. The low
snowpack and high early-spring temperatures preceding the Horse River Wildfire (Elmes
et al., 2018) likely exacerbated the drier conditions in bogs and promoted deeper
combustion. Fens and swamps experienced significantly lower soil combustion (Table 4.2),
consistent with their hydrogeological settings. As geogenous peatlands, fens and swamps
hydrological connectivity likely allows them to maintain higher water tables (Ferone et al.,

2004).

The high variability in DOB within fen ecotones likely reflects ecotonal
characteristics such as variable vegetation and peat properties, where vegetation and soil

characteristics of both peatland and upland overlap (e.g., Hartshorn et al., 2003).
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Correspondingly, hydrological connectivity was likely variable, with some zones recharged
by fens and others drained into adjacent uplands — a pattern likely enhanced by the low
snowpack and warm spring temperatures preceding the fire (Elmes et al., 2018).
Additionally, fens may have linear hydraulic flow paths, which could increase their
sensitivity to anthropogenic disturbances that alter the patterns of surface water flow (e.g.
Elmes et al., 2022). Results from the driver analysis were consistent with this — distance to
nearest seismic line was identified as an important driver of DOB (Figure 4.7). The deep
burns in bog and bog ecotones, as well as the localized deep burns in fen ecotones, highlight
areas with high potential to contribute disproportionately to C losses during peatland fires.
This is particularly notable in ecotones, where bulk density, and therefore C density, is

often highest (Lukenbach et al., 2015).

Validation of lidar-derived DOB measurements enhanced confidence in the
reliability of these estimates. Mean elevation changes within the fire perimeter matched
closely to those estimated based on weighted averages incorporating elevation offsets
measured in unburned peatlands outside the fire perimeter. Small offsets (<1.2 cm) were
well within the lidar’s vertical accuracy and had minimal impact on average DOB
estimates. When burned area was unaccounted for and elevation changes within the fire
perimeter were simply subtracted from those outside the fire perimeter, these offsets
increased but remained small (< 2.3 cm). Both methods indicate that DOB estimates

provided in this chapter are likely slightly conservative.

4.5.2 Robust Predictors of Peat Burn: Convergence of GAMs and RF

Although individual predictors varied somewhat between GAMs and RF models,

both approaches converged on the finding that depth of peat combustion in bogs was most
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strongly associated with topographic and morphological factors (Figures 4.5, 4.12).
Bottom-up predictive variables accounted for substantially greater model variability of
DOB than top-down, accounting for 80 to 95% of model explanatory power (RF and GAM,
respectively). This aligns with the ombrogenous nature of bogs, as smaller differences in
elevation, slope, and shape would likely have direct control on movement of surface water

and soil moisture and the depth to water table.

Both GAMs and RF identified distance to peatland edge, peatland area, distance to
the nearest industrial water feature, either perimeter length (GAM) or length:area ratio
(RF), and vertical forest structure (p25 in both; p50 and sd in GAM only), as top predictive
variables. These showed that DOB was greater in smaller bogs (Figure 4.6C). These also
indicated that DOB increased with distance from peatland edge — counterintuitive to what
is understood about deep burning in edges, or ecotones, and opposing what the DOB results
demonstrated. However, this pattern only existed once area, perimeter length, slope, etc.,
were accounted for. These smooths (Figure 4.6A-I), along with the interaction between
peatland area and distance to the edge (Figure 4.6J), suggest that large bogs burned most
deeply at their edges, while smaller bogs, which are more prone to drying, burned more

deeply towards the middle.

Drought Code was the top variable identified via. RF, while it was not included in
the GAM. Instead, Duff Moisture Code was highlighted as a predictor, though it
contributed substantially less to the GAM than DC did to the RF model. While DC
represents longer-term, deep peat drought and DMC shorter-term responses in the upper
peat (e.g., Miller, 2020; Wotton, 2005), they are likely both representative of similar effects

of fire weather and drought. Topographic variables, though important in both, were not
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consistent between models, with slope and aspect showing the strongest associations in the
GAM, while TPI emerged as most influential in the RF model. These discrepancies likely
reflect differences in how the models handle assumptions in correlation vs. concurvity, as
opposed to true disagreement about the importance of predictors. As GAMs penalize
complexity in smooths (Wood, 2017), it is also possible that variables such as DMC, slope,

and aspect had less complex relationships with DOB than RF’s corresponding DC and TPI.

In fens, vegetation and anthropogenic disturbances were the top predictive
categories that both the GAM and the RF model agreed upon, though topography ranked
highest in the RF model (Figures 4.7, 4.13). Again, bottom-up variables accounted for the
majority of the modelled variation in depth of burn, explaining ~89 to 98% of the model’s
explanatory power. This highlights the essential role of vegetation in shaping fire severity
in fens and reiterates the impact of linear anthropogenic disturbances on the linear flow of

fens.

Both models identified NDVI, distance to seismic lines, flow accumulation, local-
scale TPI, and vertical vegetation structure (p25 in RF and p50 in GAM) as variables
associated with DOB in fens. This convergence strengthens the likelihood that these
predictors are robust environmental conditions associated with DOB. NDVI was associated
with deeper burns at both very low and moderate responses, with low NDVI associated
with the lowest DOB (Figure 4.8A), indicating that non-photosynthetic surfaces (i.e. bare
shrub stems, exposed peat, etc.) and areas with denser fuels (cured preceding the fire)
enhanced smouldering conditions. Flow accumulation had a logical relationship, with
greater accumulation associated reduced DOB (Figure S4.41). Both convex and concave

shapes at local scales were associated with reduced DOB (Figure S4.4C).
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Notable divergences between the GAM and RF models were the inclusion of aspect
and length:area ratio in GAM, but not in RF, and the selection of different fire weather
indices — RF included FWI and DMC, while GAM highlights FFMC. The implications are
not that these variables are not ecologically relavent, but instead support the use of two
distinct approaches — GAMs likely included aspect in bogs and fens, as they were treated
as circular variables using cyclic cubic splines. Fire weather indices are highly related, and
differences in models are likely reflective of modelling approaches rather than

contradictory evidence.

Hydrology was the primary, model-agreed-upon, predictor of variability in DOB in
swamps (Figures 4.9, 4.14), followed by fuel structure (GAMs), and anthropogenic
disturbance (RF). As in bogs and fens, bottom-up predictive categories accounted for the
vast majority of modelled variation in swamps, accounting for 92 to 100% of explanatory
power RF and GAMs, respectively. The predominance of hydrology in the models is
consistent with the hydrogeological setting of swamps. Geogenous peatlands, swamps
often exist in transitional zones, adjacent to uplands, or along riparian zones (Locky et al.,
2005). They typically have shallower peat, increasing sensitivity to fluctuations in moisture
(e.g., Zoltai & Vitt, 1995). Swamps may be seasonally inundated by standing water
(National Wetlands Working Group, 1997), so indices such as MNDWTI are able to capture
the dampening effect of increased moisture on DOB (e.g., Frandsen, 1987; Benscoter et

al., 2011).

Other converging variables included 25™ percentile height of lidar returns (p25),
distance to the nearest road, distance to the nearest seismic line, distance to the nearest

linear hydrological feature, TPI (local scale), and perimeter length (RF) and length:area
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ratio (GAM). While proximity to the nearest seismic line was associated with increased
DOB in fens, underscoring a drainage effect of anthropogenic disturbance, swamps showed
the opposite pattern, with lower DOB in closer proximity to seismic lines (Figure 4.10F).
One possibility is that these linear disturbances interrupt natural flows (e.g., Braverman &
Quinton, 2016), flooding swamps that are either nearby or that cutlines intersect. An
increased distance from roads was strongly associated with lower DOB in swamps (Figure
4.10E), and proximity to hydrological features was associated with lower DOB, a pattern
that might be expected based the importance of water table and soil moisture on peat
combustion(Figure 4.10C). Key divergences between models were the inclusion of

distance to the nearest cutline in the GAM and inclusion of DC in the RF model.

The final GAMs explained 39 to 45% of the deviance in DOB (non-spatial: 24 to
29%) with adjusted R? values of 0.34 to 0.44 (non-spatial: 0.19 to 0.31), while RF models
had R? of 0.24 to 0.30. While these values are in line with results of comparable studies,
though these are very few (e.g., R? of 0.206 in black spruce forests, de Groot et al., 2008),
and indicate that the variables identified are meaningful in their contribution to DOB
variability, there is significant, unexplained variability, emphasizing the highly variable
and unpredictable nature of peatland combustion. The remaining variability is likely a
result of numerous environmental factors and fire behaviour influences that are unable to
be captured with proxy, remotely sensed variables such as hydrological processes and bulk
densities, as well as lidar measurement noise. Importantly, the objective was not to develop
a predictive model, but to identify robust, readily measured environmental conditions
associated with peat combustion. To enhance interpretability, the methodology focused on

using clear, directly interpretable predictors — avoiding methods such as principal
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component analysis (PCA), variable reduction beyond optimized RMSE, and strategies to

minimize the effects of spatial autocorrelation.

4.5.3 Management Implications

The findings of this study have important land use management implications for risk
reduction of deep peat combustion. The differences in depth of peat burn between peatland
types and ecotones emphasize the importance of differentiating peatland types and
ecotones in C accounting and modelling. Particularly, the high variability in fen ecotone
DOB suggests potential risks of disproportionately deep combustion under enhanced
fragmentation — as a result of either climate change-induced drought and shifts in
vegetation (Weltzin et al., 2003) or increases in linear anthropogenic disturbances such as

seismic lines and roads (Turetsky & St. Louis, 2006).

Delineation of peatland types should be a critical first step in assessing areas most
at risk of deep combustion and in developing actionable management strategies. For
example, the increased vulnerability of small and irregular bogs, as well as the edges of
large bogs, should be prioritized areas for monitoring, potential restoration, and fire
management. In fen-heavy regions, on the other hand, reducing or restoring anthropogenic
linear disturbances may mitigate risk. In swamps, maintaining hydrological connectivity is
likely essential to risk reduction. Integrating peatland-specific risk assessments into fire
management protocols and land use planning would likely enhance the resiliency of these

peatland ecosystems to deep combustion and subsequently large C losses.
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4.5.4 Limitations and Future Direction

While the results of this study have important implications, there are also limitations and
uncertainties that must be considered. Inherently variable lidar data was aggregated to
smooth noise and mitigate risks of over-estimating DOB, resulting in a loss of potentially
fine-scale deep burn patterns. The limited spatial extent of the study area and the scope of
a single fire study provides insights into context-specific patterns associated with peat
combustion, but these may partially reflect local environmental conditions, and
transferability to unique peatland areas is uncertain. Because of the limited area, the spatial
distribution of samples, and the zero-inflated nature of the data, spatial CV blocks were
limited. This was further mitigated by the inclusion of spatial covariates to eliminate proxy

variables but is still a factor limiting spatial extrapolation.

While fire weather indices were included as initial covariates, these were
represented by day-of combustion indices tied to each pixel, as opposed to a consideration
of fire progression or residence time. As a result, variation in fire behaviour and duration
of combustion may not be fully captured. While latitude and longitude were included to
absorb residual spatial structure, this does not explicitly represent fire trajectory, which is
likely an important mechanism. Further work that incorporates fire progression, including
trajectory and residence time, could improve understanding of the interaction between fire

behaviour and peatland DOB.

There was substantial unexplained variability in DOB, which is expected in highly
variable ecological data, but highlights opportunities for further investigation into
unmeasured processes and expanded datasets. Future research should expand a comparable

analysis across larger spatial and temporal gradients, which would allow for the exploration
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of predictive variables at broader scales, such as time of year, topography and hydrological
variables at landscape scales, ecoregions, and vegetation type. This would also improve

confidence in the transferability of conclusions.

181



4.6 Conclusion

There were notable patterns in depth of peat combustion between peatland types, with bog
and bog ecotones experiencing significantly greater burn depths than any other peatland or
ecotone type. While fens experienced the lowest average DOB, fen ecotones experienced
significantly greater DOB, and notably large variability in DOB. Distributions indicated
that small, deep burning pockets can disproportionately increase average DOB,
subsequently enhancing average C loss. This emphasizes the importance of accounting for

both peatland type and core-ecotone separation in DOB and C loss analyses.

Model convergence between the GAM and RF models increases confidence in
identifying of the predictors most strongly associated with DOB — particularly those that
are consistently highly ranked. Agreements in predictor categories between models further
supports confidence in these associations. Broadly, topography, hydrology, and linear
anthropogenic disturbances emerged as predictor categories with the strongest associations
with DOB; however, the relative importance of these categories differed among peatland
types, underscoring the importance of assessing and mitigating combustion risk differently
depending on peatland type. DOB in bogs was most strongly associated with topographic
and morphological variables, which emphasized the sensitivity of small bogs, and bog
edges, to deep combustion. In fens and swamps, however, where groundwater connectivity
reduces the impact of small variations in topography on water table position, other
predictive variables such as vegetation, hydrology, and anthropogenic disturbance had the
strongest associations with variability in DOB. These patterns are crucial for understanding
vulnerabilities of peatlands to enhanced C losses, and for generating mitigation and risk-

management plans.
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CHAPTER 5: DISPROPORTIONATE SOIL CARBON LOSS AND ECOTONE
SENSITIVITY IN BOREAL PEATLAND WILDLAND FIRES: INSIGHTS FROM

LIDAR AND FIELD DATA

5.1 Abstract

Peatlands play a critical role in the global carbon (C)-climate cycle, acting as vast, long-
term stores of disproportionately large quantities of C relative to their land area. In recent
decades, climate-driven shifts in fire regimes have occurred across Canada’s boreal regions
driven by higher temperatures, increased evapotranspiration, and longer drought periods.
This has increased concerns about the vulnerability of peatland C to combustion losses.
Understanding the magnitude and vulnerability of C released to the atmosphere during

wildland fires in peatlands is therefore essential, but it is highly uncertain.

This study was conducted in the Athabasca Oil Sands Region of Alberta’s Boreal
Plains. C losses from peatlands during the 2016 Horse River Wildfire were estimated based
on field-collected soil C data and pre- and post-fire airborne lidar data. C Losses were
quantified across peatland types and ecotones and separated into above- and below-ground
combustion. Soil C losses were nearly an order of magnitude greater than vegetation C
losses (2.11 £ 5.09 kg m™ vs. -0.38 + 0.32 kg m™, respectively). Bog ecotones were zones
of significant soil C loss, with average losses of 16.5 kg m™. Lidar-derived burned area and
C losses were compared with the spectral burn severity index, dNBR. A binary
burned/unburned classification showed strong agreement in bogs (88%) but poor in
swamps (48%). Vegetation C loss correlated moderately well with ANBR strength, while
the relationship between soil C loss and dNBR was very weak. Comparisons between lidar-

derived soil C losses with estimates of C loss based on the fire disturbance module of
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national C loss model, the Canadian Model for Peatlands, indicated that C losses from bogs
were greater than expected, particularly when ecotones were included, while fens and

swamp C losses were on the low end of model expectations.

196



5.2 Introduction

Peatlands are a globally important carbon (C) sink, storing nearly one-third of the world’s
soil C, despite covering only 2—3% of the Earth’s surface (Gorham, 1991; Vitt & Short,
2020). In Canada, C-dense boreal peatlands cover approximately 12% of the land area
(Tarnocai, 2006). As a result of the wet, anoxic conditions, decomposition in peatlands is
slower than the accumulation of organic matter, resulting in greater C associated with this
important atmospheric C sink (Turetsky et al., 2015; Wieder et al., 2006). Boreal peatlands
include bogs, fens, and swamps. Bogs are ombrogenous, receiving water exclusively from
precipitation, and support vegetation such as sphagnum (Sphagnum spp.) moss and black
spruce (Picea mariana) trees. Fens, on the other hand, are minerotrophic and receive both
ground water and surface water. They are often dominated by sedges and brown mosses
(Elmes et al., 2018; Ingram, 1983; Vitt et al., 2000; Zoltai & Vitt, 1995). Swamps, like fens,
receive hydrological inputs from both ground and surface water and are, by definition,
treed or forested (Zoltai & Vitt, 1995). Historically, peatlands have been resilient to
wildland fire due to their typically waterlogged conditions (Zoltai et al., 1998); however,
recent warming, drying, shrubification, and changing fire regimes are resulting in increased
fire behaviour in peatlands, threatening the capacity of this C sink (e.g., Kettridge et al.,

2015; Wilkinson et al., 2023).

In recent decades, the boreal fire regime has shifted dramatically (Flannigan et al.,
2013; Kettridge et al., 2015). This trend is attributed to higher temperatures, increased
evapotranspiration, and longer drought periods (e.g., Flannigan et al., 2009, 2016; Wotton
et al., 2010) — especially in the Western Boreal Plain (WBP), where evapotranspiration

often exceeds precipitation (Wang et al., 2014; Elmes et al., 2018). Drought conditions
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result in a drop in the water table, exposing deep layers of peat to oxic conditions and
making them susceptible to smouldering combustion (Waddington et al., 2012; Turetsky et
al., 2011). This slow-burning, flameless combustion can persist for long periods through
cold and wet conditions and can result in significant C loss by burning through peat layers
that have accumulated for up to thousands of years (Rein et al., 2008; Frandsen, 1997). For
example, Lukenbach et al., (2015) and Waddington et al., (2012) show that
reductions/lowering of the water table can increase the depth and severity of peat
combustion, resulting in higher C loss from fire and longer post fire moss and vegetation
recovery times. Lower water tables may also increase the flammability of vegetation,
enhancing C losses during fire (e.g., Turetsky et al., 2015). Further, lower or more
fluctuating water tables can promote encroachment of shrub and deciduous trees into peat
environments (Nelson et al., 2021; Weltzin et al., 2003; Chapter 2), increasing above-
ground fuel that can further increase fire severity. Conversely, this increased productivity
can enhance net ecosystem production, increasing C sequestration (e.g., Loisel & Yu, 2013;

Nelson et al., 2021; Chapter 2).

The vulnerability of boreal peatlands and the increased frequency and intensity of
fire during high to extreme fire weather periods associated with increased fuel availability
from drying poses a risk to local ecosystems, which may experience significant ecological
impacts (high severity) of fire (e.g., Bourgeau-Chavez et al., 2020). Fires in peatlands alter
vegetation composition, favoring the growth of fire-adapted ericaceous shrubs and
deciduous tree species (e.g., Betula spp., Populus spp.), enhancing fuel loads and
flammability, while reducing the dominance of keystone species such as sphagnum moss,

which plays a crucial role in maintaining the surface moisture, hydrology, and C balance
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of these ecosystems (Turetsky et al., 2011; Kettridge et al., 2015). Furthermore, deep-
burning peat fires can cause long-lasting damage to the soil structure, lowering the water-
holding capacity of the peat, enhancing shrubification and making it more vulnerable to
fires (Bourgeau-Chavez et al., 2020; Jones et al., 2022). The susceptibility of peatlands to
combustion and subsequent C losses likely varies between peatland classes (bogs, fens,
and swamps) because of differences in hydrology, dominant vegetation, and
hydrogeological connectivity to the broader landscape (e.g., Wilkinson et al., 2019).
Peatland ecotones, the transition zones between peatland cores and adjacent ecosystems
such as uplands or other peatland types, are likely especially vulnerable (e.g., Dimitrov et
al., 2014; Lukenbach et al., 2015). These areas often experience greater hydrological
fluctuations, and subsequently increased bulk density — conditions that promote
shrubification (increasing above-ground fuel loads) and enhanced peat combustion (e.g.,

Lukenbach et al., 2015; Hokanson et al., 2016; Nelson et al., 2021; Chapter 2).

Warming and drying influence C loss from both above- and below-ground fuels.
Lower water tables and increased fragmentation results in greater soil combustion while
simultaneously enhancing conditions for shrubification, increasing fuel loads (e.g., Nelson
et al., 2021; Weltzin et al., 2000; Chapter 2). This not only adds available fuel, but can
further water table declines and increases in peat bulk density, reinforcing a local,
ecohydrological positive feedback that further increases soil combustion (Nelson et al.,
2021; Chapter 2). As fire return intervals shorten, C released from both above- and below-
ground combustion may also contribute to a broader, positive C-climate feedback loop
where enhanced combustion increases atmospheric C, increasing atmospheric forcing

towards a warmer atmosphere and greater drying potential, further increasing peatland
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vulnerability to fire (Nelson et al., 2021; Chapter 2). Such changes may also result in

peatlands shifting from a C sink to a C source (Turetsky et al., 2015).

Above- and below-ground fuels contribute to peatland C loss during wildland fire,
but their relative contributions are markedly different, and both are highly variable. Below-
ground combustion typically dominates C losses, accounting for ~70-90% of total C losses
from fires occurring in North American boreal forests and peatlands (e.g. Rogers et al.,
2014; Hokanson et al., 2016; Walker et al., 2018). Reported soil C losses vary substantially,
even within studies. For example, Rogers et al. (2014) found soil C losses between 0.12
and 5.14 kg m (mean: 2.06 kg m™) across boreal organic forests, Hokanson et al. (2016)
reported peatland soil C losses ranging from 0.5 to 6.5 kg m™, and Wilkinson et al. (2018)
found soil C losses of 0.63 to 6.74 kg m™ in sites with varying degrees of anthropogenic
drainage. Above-ground C losses are smaller, but also highly variable. Boby et al. (2010)
estimated that Alaskan boreal forest vegetation lost ~0.37 kg C m™ during combustion,
while Zoltai et al. (1998), reports average above-ground C losses of 0.16 kg C m across
northern bogs and fens, but up to 2.4 kg C m™ in forested swamps. These wide ranges
reflect the high ecological variability of these ecosystems, highlighting the need for high

resolution, spatially continuous C loss estimates.

Despite measurement variability and known differences in combustion controls
between peatland types and ecotones, understanding of peatland-C dynamics under a
changing fire regime remains limited. In particular, there is a lack of spatially explicit
quantification of peat combustion and C losses across peatland types and ecotones, leaving
a critical gap in understanding fire-driven C emissions. As a result of methodological

limitations including access to remote peatlands, a changing climate, and drying peatlands,
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there remains uncertainty as to the current contribution of boreal peatland wildfires to
global atmospheric C. Multispectral remote sensing such as Landsat can be used to assess
burn severity via vegetation condition, often assessed through indices such as the
differenced Normalized Burn Ratio (ANBR; Key & Benson, 2006). However, optical
approaches cannot directly quantify soil loss (French et al., 2020) and burn severity indices
such as ANBR may relate poorly to peat combustion due to canopy occlusion and the high
moisture content of peatland soils, which dampen SWIR reflectance (Lobell & Asner,
2002). Conversely, changes in peat surface moisture due to hydrological fluctuations
between image acquisitions can produce false, high burn severity signals even if no
combustion occurred (e.g., Miller & Thode, 2007). Studies examining the relationship
between dNBR and soil combustion have produced mixed results: Hoy et al. (2008) found
poor correlation between dNBR and soil combustion, while Chasmer et al. (2017) reported
moderate agreement, but noted reduced performance in transitional ecotones.
Understanding how dNBR relates to above- and below-ground combustion in peatlands is
therefore important for providing context on the reliability of dNBR and other optical

indices in representing burn severity and associated C losses from peatlands.

Airborne lidar technology measures ground surface elevations over broad spatial
extents, thereby reducing uncertainties in elevation data, and measuring spatial variability
in depth of burn when pre- and post-fire datasets are compared (Alonzo et al., 2017;
Chasmer et al., 2017; Reddy et al., 2015). Lidar data can also be used to scale field plot
measurements by providing detailed measurements of vegetation structure and topography.
High resolution, 3D bitemporal airborne scanning lidar data can be used to overcome

methodological limitations of quantifying depth of peat burn by spatializing pre-fire ground

201



surface and post-fire elevation changes, thus improving understanding of peat combustion
(Chasmer et al., 2017). Information from pre- and post-fire lidar data and field-based
sampling approaches can thus be used to better understand C loss, spatial variability, and
the contribution of boreal peatlands to atmospheric C. As burn severity indices derived
from optical remote sensing data are often used in wildland fire research (e.g., Miller &
Thode, 2007), understanding how well these products reflect above- and below-ground

combustion in peatlands is important.

This study investigates the spatial variability of C losses from boreal peatlands
during the 2016 Horse River Wildfire in northeastern Alberta using field and airborne lidar
data and evaluates how well these estimates compare with broad-scale modelled C loss
outputs (from the Canadian Model for Peatlands, CaMP) that inform national greenhouse

gas (GHG) reporting. Specifically, it addresses the following questions:

a) How much above- and below-ground C is lost across a broad range of peatlands
during wildland fire, and what is the relative contribution of these pools to direct

atmospheric C emissions?

b) How does total C loss and patterns of C loss differ between peatland types (bogs,
fens, and swamps) and their ecotones, and what does this suggest about their

relative vulnerabilities to C losses during wildland fire?

c) How well does remotely sensed burn severity based on the differenced Normalized

Burn Ratio (ANBR) from Landsat, commonly applied in forested ecosystems (e.g.,
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Keeley, 2009), represent above- and below-ground C losses in peatlands, and does

this relationship vary between peatland types and their ecotones?

d) How do field to lidar-derived C loss estimates compare to those of a large-scale
peatland C loss model; what does this indicate about how the Horse River Wildfire
was representative of, or differed from, expected conditions; and what are the

implications for Canada’s forest area greenhouse gas reporting?

5.3 Methods

5.3.1 Study Area

This study was conducted over a 12,254-hectare area located approximately 30 km south
of Fort McMurray, Alberta (centered at 56.526818, -111.293123; Figure 5.1). The region
is part of the Athabasca Oil Sands Region within Canada’s Boreal Plains ecozone
(Ecoregions Working Group, 1989; Elmes et al., 2021; Downing & Pettapiece, 2006).
Although the study area does not encompass open-pit oil extraction zones, it contains
numerous seismic lines, cut lines, oil and gas well sites, and access roads (e.g., Abib et al.,
2019; Dabros et al., 2022). The climate in the region is subhumid, with an average annual
temperature of 1°C (Elmes et al., 2021) and approximately 420 mm of annual precipitation
(ECCC, 2019). Potential evapotranspiration (PET) frequently exceeds precipitation,
leading to moisture deficits (Marshall et al., 1999; Devito et al., 2012). Despite this, the
region is heavily dominated by wetlands (predominantly peatlands), covering up to 50%
of the landscape (Ferone & Devito, 2004; Ficken et al., 2019). Within the study area,

peatlands are comprised of 37% bog, 6% bog ecotone, 22% fen, 10% fen ecotone, 14%
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swamp, and 11% swamp ecotone (Figure 5.1). These peatlands are considered to be near
their climatic limit and are, therefore, highly sensitive to climatic changes and disturbances

(Wilkinson et al., 2019; Devito et al., 2012).

{30 260
- ki } LA

Legend
[ 12014 Lidar Extent

[ 2018 Lidar Extent

Horse River Wildfire
Extent

[ Boreal Plains F-cozone
| Bogs

[ Fens

[0 Swamps

I Bog Ecoloncs

B Fen licotones

I Swamp Ecotones

051 el 0 15 3
S ) KT

- im 1

Figure 5.1. Study area map indicating a) extent of the Boreal Plains Ecozone and relative
area of the Horse River Wildfire, b) Horse River Wildfire perimeter and lidar coverage, and
c) the study area within overlapping lidar zones with peatland type, derived from Bourgeau-
Chavez et al. (2017), shown. Proportional area of each peatland type is represented by the
pie chart.

The Boreal Plains is a relatively flat region underlain by a variety of glacial
materials ranging from lacustrine clay to coarse glaciofluvial substrates (Devito et al.,
2012; Hokanson et al., 2016). Upland soils in the area consist of gray luvisols, gleysols,
and organic soils, while lowland soils are primarily organic with peat depths exceeding 40

cm in peatlands (Jean et al., 2020; Halsey et al., 2003). Vegetation in the upland areas
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includes trembling aspen (Populus tremuloides), balsam poplar (Populus balsamifera),
black spruce (Picea mariana), white spruce (Picea glauca), balsam fir (4bies balsamea),
and jack pine (Pinus banksiana; Downing & Pettapiece, 2006). The peatlands, primarily
treed or forested, are dominated by black spruce, tamarack (Larix laricina), bog birch
(Betula pumila), dwarf birch (Betula glandulosa), willow (Salix spp.), sphagnum moss,
feather mosses (Pleurozium shreberi, Hylocomium splendens), lichen (Bryoria spp.),
sedges (Carex spp.), alders (Alnus rugosa), and Labrador tea (Ledum groenlandicum;

Smith et al., 2007).

The Horse River Wildfire, which burned the study area, ignited on May 1, 2016,
under hot, dry, and windy conditions about 7 km southwest of Fort McMurray (Alberta
Agriculture and Forestry & MNP, 2017). Temperatures on the day of ignition exceeded
25°C, with relative humidity below 20% and there were abnormally high winds. Over the
next four days, fire weather became more severe, with temperatures rising to 30°C, relative
humidity dropping to 15%, and wind speeds reaching 25 km/h (Alberta Agriculture and
Forestry & MNP, 2017). These weather conditions, combined with the second warmest
winter in 20 years (Elmes et al., 2018), dry spring conditions, and unflushed vegetation,
resulted in rapid fire spread (Kochtubajda et al., 2017). The study area (Figure 5.1) burned
from May 4 to May 16, 2016 (Alberta Agriculture and Forestry & MNP, 2017). The fire
ultimately burned over 589,000 hectares (Natural Resources Canada, 2017) and was

declared under control on July 4, 2016 (Alberta Agriculture and Forestry & MNP, 2017).
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5.3.2 Data Acquisition

5.3.2.1 Field Data

In July 2018, field data were collected in conjunction with airborne lidar data (Section
2.2.2) for calibration and validation purposes. Sample sites consisted of 18 burned and 6
unburned “reference” peatlands, which were selected as proxies for pre-fire peatland
conditions. At each site, transects approximately 30 m long were established, running from
the transition zone into the middle of the peatland. Global Navigation Satellite System
(GNSS) stations were set up at the beginning and end of each transect, collecting data for
a minimum of one hour (Figure 5.2). Plots were placed at intervals of one meter in burned
sites and two meters in unburned sites. Ground surface elevations were measured at each
plot location using a level (n=708) and later referenced to the GNSS station elevations to
validate lidar-derived digital terrain models (DTMs). Additionally, Post Processed
Kinematic (PPK) GNSS measurements were collected (n=2655) along two road surfaces.
With limited elevation variability, vegetation interference, or temporal changes, road

surfaces provided a reliable “tie” for eliminating offsets between lidar datasets.

Within plots along unburned transects, peat samples of approximately 8 cm?
(measured precisely in the field for subsequent lab-based bulk density and C analyses) were
collected at 10 cm depth increments to a maximum depth of 40 cm (confined by the height

of the water table). Litter was removed from the sample location and samples were
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extracted using a serrated blade and pruning snips. Samples were placed in paper bags to

dry until they could be processed.
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Figure 5.2. Field photos and schematic of field transects in a) burned sites and b) unburned
sites.

Tree measurements were used to determine above-ground biomass (AGB) from forest
mensuration plots (n=83) based on Lambert et al. (2005) and used for development of lidar-
based AGB models. All plots were established coincidently with lidar data collected
between 2002 and 2023 across multiple campaigns across the northern boreal and southern
taiga plains. Forest mensuration within plots included species, density, diameter at breast
height, and tree height. Understory plots of 1m? or 3.99 m radius were measured within 37
of the 83 plots, including those presented in Flade et al. (2020, 2021) and within forest
mensuration plots measured at the start of each non-burned transect in this study. Within
stand estimates were also included from Gower et al. (1997), also used in Hopkinson et al.
(2016a). Flade et al. (2020, 2021) and Gower et al. (1997) developed allometric equations

used to estimate understory biomass based on biomass volume through destructive
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sampling. Understory biomass was scaled to plot area and added to canopy biomass to

determine total AGB per plot.

5.3.2.2 Lidar Data

Pre-fire lidar data were collected in May 2014 by Airborne Imaging Inc. (Canada) using a
Leica ALS70 system (Leica Geosystems, Switzerland) with an emission wavelength of
1064 nm (near-infrared). Data were collected from a flight height of 1550 meters, using a
pulse repetition frequency of 300 kHz and scan angles of £25 degrees with a 50% flightline
overlap, resulting in a point density of 7.2 points per square meter. Post-fire lidar data,
coincident with fieldwork, were collected in July 2018 by the University of Lethbridge
ARTeMiS Lab using a Titan multispectral lidar (Teledyne Optech Inc., Canada), which
emits/receives laser pulses at two and three wavelengths respectively: 532 nm (green)
(received), 1064 nm (near-infrared), and 1550 nm (shortwave infrared), respectively (see
Hopkinson et al. 2016b). The data were collected at a flight height of 1000 meters, with a
pulse repetition frequency of 300 kHz (100 kHz per wavelength) and a scan angle of +25

degrees, resulting in a combined point density of 11.1 points per square meter.
5.3.3 Data Processing & Analysis

5.3.3.1 Laboratory Analysis

All peat core samples were oven-dried at 105°C to determine the dry weight (Carter &
Gregorich, 2008a). Samples were weighed incrementally and were dried until the weight
was unchanged. Dry weight and soil volume from time of collection were then used to

calculate peat bulk density using equation (5.1) (Carter & Gregorich, 2008a).

Bulk density (g/cm®) = Dry soil weight (g) / Soil volume (cm?) (5.1)
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Once dry, samples were stratified within each site by transition zone and peatland
based on their distance along the transect and were separated to account for differences in
C densities. Samples collected between 4—12 m either side of the division between the
transition zone and peatland were analysed for total organic C (TOC) content (n = 208)
using loss on ignition. C density was then calculated using equation 5.2 (Carter &

Gregorich, 2008b).
C density (g/cm?) = Bulk density (g/cm?) * (TOC (%) / 100%) (5.2)

5.3.3.2 Lidar Data Processing

Pre- and post-fire lidar datasets were co-registered to road surface measurements obtained
through PPK GNSS surveys to eliminate mean offsets between datasets using Bentley
Microstation TerraSolid Terrascan software (Terrasolid, Helsinki, Finland; Axelsson,
2000). Isolated points were removed, and lidar points were classified as ground or non-
ground (vegetation) using optimal classification parameters identified in Nelson et al.
(2022; Chapter 3). Digital terrain models (DTMs) were created at a resolution of 1 m from
ground points for both pre- and post-fire datasets using LAStools' las2dem function
(RapidLasso GmbH, Germany). Canopy closure and vegetation height metrics were

calculated using lascanopy at a resolution of 5 m.

5.3.3.3 GIS Analysis

All GIS analyses were conducted using ArcGIS Pro (Esri, California, U.S.). All analyses
were conducted within the Horse River Wildfire perimeter, obtained from Alberta Forestry
and Parks Historical Wildfire Perimeter Data. Depth of peat burn was calculated by

subtracting the 2014 DTM from the 2018 DTM. To mitigate noise in the lidar data, the
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resulting map was aggregated from 1 m (1 m?) to 5 m (25 m?) resolution using the mean.
By aggregating positive and negative elevation changes, depth of burn will be conservative,
due to the assumption of positive elevation change within a given aggregated pixel is likely
due to noise, an unburned area of peat (for example, hummocks often do not burn during
wildland fire (Benscoter & Wieder, 2003; Benscoter et al., 2015)), or is positive due to peat
expansion (hydrology) and/or peat accumulation between the two lidar data collections.
This also means that small areas of deep burning (“hot spots”) may be underrepresented
due to spatial averaging. However, the potential underestimation of these deeply burned
areas, as a tradeoft for reducing high-resolution noise, mitigates the risk of over-estimating
depth of burn and subsequent C losses due to outliers (Nelson et al., 2022; Chapter 3). As
a result, DOB and subsequent C loss estimates are likely conservative. All vegetation

canopy and height metrics were aligned with the DTM pixels.

Peatland types were mapped using the object-based classification system from
Bourgeau-Chavez et al. (2017), which categorizes land cover into several wetland types
(bog, open fen, treed fen, swamp, and marsh), upland classes (deciduous and coniferous
forests), and other categories (water, barren/logged, and recently burned) with an overall
classification accuracy of 93%. Based on this classification, bogs, fens, and swamps were
then manually delineated to correct classification errors and refine boundaries. Transition
zones were then delineated by identifying changes in tree height and elevation with

increasing distance from the peatland edge using the method of Jones et al. (2024).

Within the fire perimeter, the proportion of each peatland/ecotone type that burned
was calculated based on the proportion of pixels with depth of burn > 0, and DOB was

quantified within these pixels. This approach ensured that burned areas represented
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combustion, as opposed to spectral changes. Remotely sensed indices such as dNBR can
misclassify burned and unburned areas in peatlands due to spectral changes resulting from
vegetation regrowth or moisture variability over the time of the fire (e.g., Goodwin &
Collett, 2014; Miller & Thode, 2007); therefore, ANBR was only used for comparisons

with lidar-derived C losses, and not defining burned area.

Peatland forms were classified into forested, treed, or open categories based on 5
m resolution, lidar-derived canopy cover and tree height. Forested peatlands were defined
as >25% canopy cover and mature trees >5 m in height; treed peatlands had 10-25% canopy
cover and mature trees <5 m in height; and open peatlands had <10% canopy cover and
mature trees <5 m in height. These classifications align with the Kyoto Protocol and
Marrakesh Accords within the United Nations Framework Convention on Climate Change
and are utilized by CaMP (Bona et al., 2020) for national forested peatland GHG reporting
within the National Forest Carbon Monitoring Accounting and Reporting System for
Canada (NFC-MARS). Initial classification was based on average canopy cover and tree
height per peatland. If peatlands did not fall into one category using this threshold
combination, maximum tree height and proportions of forested, treed, and open pixels were

used. If results were still ambiguous, canopy cover took precedence over tree height.

To calculate the differenced Normalized Burn Ratio (AINBR) pre- and post-fire
Landsat data were accessed through the USGS Earth Explorer. Pre-fire, cloud-free Landsat
8 OLI Collection (C) 2 Level (L) 2 data from April 10, 2016, were selected. Post-fire,
Landsat 7 ETM+ C2 L2 data from June 21, 2016, were used, as they were collected shortly
after the fire on a cloud-free day. While utilizing different sensors may result in minor

differences in NBR (Koutsias & Pleniou, 2015), C2 L2 products have been atmospherically
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corrected, and the datasets were checked for alignment to minimize any discrepancies. C

loss rasters were aggregated to 30-m resolution to match Landsat pixel size.

The Near Infrared (NIR) and Shortwave Infrared (SWIR) bands were used in
equation (5.3) to calculate ANBR: bands 5 (NIR) and 7 (SWIR) for Landsat 8 and bands 4

(NIR) and 5 (SWIR) for Landsat 7 (U.S. Geological Survey, n.d; Key & Benson, 2006).

(5.3)

Burn severity was then categorized based on the dNBR thresholds established by
Hall et al. (2008): unburned (ANBR < 0.04), low severity (0.04 <dNBR <0.283), moderate
severity (0.283 < dNBR <0.513), and high severity (INBR > 0.514; does not exist within
study area). To evaluate differences in burned area extent as detected by optical versus
lidar-based methods, burn masks were created from both datasets at 30 m resolution. Pixels
were classified as burned if lidar-derived DOB exceeded 0 cm and if ANBR exceeded 0.04
(following Hall et al., 2008). The proportion of peatland area within the fire perimeter that
was classified as burned using each method was calculated, as well as percentage of overlap

and non-overlap.

5.3.3.4 Carbon Calculations

A soil C loss raster was generated based on depth of burn and C density values derived
from soil samples collected from hollows and flats (samples from hummocks were
excluded, as they are typically left unburned or only lightly burned; Benscoter et al., 2011,
2015). For each peatland type, a power-law equation was fit to raw C density data to model

C density with depth. This equation was then integrated to model cumulative C content
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with depth (Equation 5.4), where C is cumulative carbon content (kg m) at depth z (cm),

and a and b were estimated from the raw C density power-law function.
(5.4)
Equation 5.4 was then applied to each pixel of' t

he depth of burn raster to map soil C losses. Soil C cores were not collected in swamps, so,
due to their similar geogenous and minerotrophic characteristics, fen and fen ecotone

cumulative C depth functions were applied to swamps and swamp ecotone pixels.

Vegetation C loss from the fire was modelled using pre- and post-fire lidar data and
field plot tree and shrub measurements (see Figure 5.3 for workflow). To determine pre-
fire above-ground biomass (AGB) 84 vegetation mensuration plots of 11.28 and 3.99 m
radius were measured for tree height and diameter at breast height (DBH), species and stem
density. These plots were dispersed through the Fort McMurray region, the Utikuma region
of Alberta, and central Saskatchewan. Species-specific equations from Lambert et al.
(2005) were used to determine plot-based tree biomass, as well as the foliage-only canopy
fuel load (CFL). Plots that included understory biomass measurements (n=48) were used
to determine a species-specific shrub multiplier (based on Flade et al., 2021), based on tree
species composition and age. Understory vegetation was assumed to combust fully. To
convert foliage CFL to total above-ground canopy fuel load (AGFL), a fine branch
multiplier of 2.36 was applied (foliage CFL*2.36) derived from measurements of Stocks
et al. (2004). The shrub biomass was then added to determine full pre-fire AGFL (Equation

5.5)
(5.5)
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To model the relationship between plot-specific lidar structural metrics and field-
based biomass, total AGB was linearly regressed against lidar height metrics, of which the
90" percentile height of ground normalized lidar returns was optimal (derived via
lascanopy; LAStools; Isenburg, 2023; AGB = 0.67 * P90; R? = 0.86). This regression
model was then used to produce a pre-fire lidar-based AGB map. Because the AGB map is
dominated by stems (which do not burn much, if at all), the field, plot-based AGB and
AGFL data was used to determine the relationship between AGB and AGFL (y = 0.88x%,;
R? = 0.56). This was then applied to the pre-fire AGB map, producing a map of pre-fire

AGFL — the biomass that would be combusted during a fire.

To determine the AGFL that was lost due to combustion, pre- and post-fire lidar-
derived gap fractions were determined as percentages via lascanopy by taking the inverse
of the ratio of first returns above 0.5 m to the total number of first returns. The change in
gap fraction (canopy openness) between pre- and post-fire lidar data was then inverted (to
canopy cover), multiplied by 0.01 to provide a value between 1 (no loss) to 0 (100% loss)
and then multiplied by the pre-fire AGFL. Because lidar returns reflect from unburned
stems and other materials, 100% combustion does not occur, except in cells with only
shrub/understory biomass, or those where trees have fallen. To ensure that pre- and post-
fire canopy cover did not vary as a result of differences in lidar point density between 2014
and 2018 surveys, canopy cover was compared in relatively unchanging, unburned conifer
stands across a range of tree heights and canopy openness using randomly selected points.
The offset between the two years was under 3%, which could be accounted for due to
differences in precipitation and temperature, and so no correction factor was applied.

Vegetation C content was assumed to be 50% of the biomass (e.g., Ma et al., 2018).
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Figure 5.3. Workflow for above-ground C loss estimation from field- and lidar-data.

Random points were distributed throughout each peatland and ecotone type
(n=15,474) using a proportional stratified random sampling approach followed by
disproportional random sampling of two points per individual peatland. This ensured
spatial representation based on peatland size, while also ensuring inclusion of smaller
peatlands, and retention of data from potentially unique peatlands. C losses and canopy

metrics were then extracted from each point.

5.3.3.5 CaMP Parameterization

The fire disturbance C loss equations that underpin the fire module in the Canadian Model
for Peatlands (CaMP v2.0; Bona et al., 2020) were used as comparative benchmarks for
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the lidar-based estimates of soil C loss. These equations estimate soil C consumption during
wildland fire as a function of peatland type, pre-fire water table depth, and the C density of
the oxic layer. CaMP models water table depth as a linear function of Drought Code with
peatland/canopy-specific intercepts (WT = -0.045*DC + intercept; Bona et al., 2020),
which defines the oxic layer depth. Cumulative C with depth was then estimated using a
power function C(z) = az’, where a and b are peatland/canopy type coefficients published
in Bona et al. (2020). CaMP assumes set proportions of the oxic layers are consumed during
combustion (11.4% in fens and 12.5% in bogs); these were applied to the cumulative C
contents at depths. Because the DC at the time of the Horse River Wildfire was uncertain
due to complex overwinter and snowmelt moisture dynamics, the four DC scenarios
presented in Elmes et al. (2018) were used, adjusted based on day of burn. The lowest (DC
= 287) and the highest (DC = 432) values of these scenarios were then used to bracket the

estimated range of C consumption.

CaMP does not parameterize water tables for swamps, so treed and forested rich
fen values were used as a proxy. Rich versus poor fens were not isolated from one another
in classifying peatland canopy type. Therefore, in parameterizing the model, rich fen values
were used to represent the study area. The CaMP does not make distinctions for peatland
cores versus ecotones, so two analyses were conducted: one using just cores, and one with

core and ecotone samples combined.

5.3.3.6 Statistical Analysis

All statistical analyses were completed using R version 4.4.3 (R Core Team, 2024). The
data distributions were highly skewed, with many low C loss values and a small number

of very high values that pulled the means upward. Non-parametric tests that rely on
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medians were used for rigorous statistical analysis; however, it is recognized that C losses
from areas of deep burning are important in representing C loss distributions across the
landscape. Additionally, including means allows for comparison with other studies, where
C loss is often expressed as an average. Means have therefore also been included in the

results.

To determine differences in soil C densities with depth between peatland types, a
linear mixed-effects model was used after log-transforming depth. Due to the right-skewed
nature of the data, significance of C loss differences between peatland types, between burn
severity categories, and between canopy types, were determined using Kruskal-Wallis tests
followed by post-hoc Dunn’s tests. The relationships between soil and vegetation C losses
with dNBR across peatland types were determined using Spearman’s rank correlation
coefficient and Theil-Sen regressions. When comparing lidar-derived C loss estimates with
CaMP outputs, means and 95% confidence intervals (Cls) were utilized to optimally

represent the full scope of the landscape-scale C loss.

5.4 Results

5.4.1 Carbon Distribution Across the Landscape

5.4.1.1 Field-Based Soil Carbon Content with Peat Depth

Based on the soil cores collected in the field, soil C density increased non-linearly with
depth across all peatland types (Figure 5.4a). In bogs and fens, C density increased more
gradually with depth, while ecotones showed a more rapid increase in carbon density in
the upper layers of peat; however, results from a linear mixed-effects model revealed that

while C density did increase significantly with depth, there were no significant differences
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in C density between peatland types. Figure 5.4b highlights the cumulative effect of
increased C density with depth, where all peatland types saw an accelerating pattern. Bog
and fen ecotones had more rapid increases in cumulative C content compared to interior

peatlands, indicating that ecotones store more carbon per volume unit.
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Figure 5.4a. Slice-level soil C density (kg m? cm™) with depth (cm) from field samples
across peatland types. Density distributions are normalized within each peatland type to
demonstrate relative distribution rather than sample size; 5.4b. Cumulative soil C content
(kg m?) with depth (cm), estimated by integrating power-law functions fit to the raw data
in panel a. Curves are shown over the range of depths sampled for each peatland type.
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5.4.1.2 Lidar-Based Above Ground Carbon Distribution

Pre-fire vegetation (tree, shrub) C content varied between peatland types and their ecotones
(Figure 5.5). Bogs ecotones contained the highest mean C density on average (2.05 kg m”
2), while fens had the lowest (1.48 kg m?). Peatland cores all had lower mean and median
C densities than their ecotones. Ecotones exhibited greater variability in C density than
core peatlands, demonstrated by larger interquartile ranges and whiskers (5 to 95%
percentiles; Figure 5.5), suggesting greater spatial heterogeneity. This pattern was
particularly pronounced in swamp ecotones, where, despite similar means and medians,
the 95™ percentile C density was nearly 30% greater than in bog or fen ecotones. Across
all peatland types, mean values were consistently higher than medians, reflecting a skewed
distribution, driven by a small number of peatlands with considerably more aboveground

vegetation C.
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Figure 5.5. Pre-fire aboveground vegetation C content (kg m™) distribution across the study
area by peatland type. Half-violins show kernel density; boxes represent median line and
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inter-quartile range (IQR) with whiskers represent 5" and 95" percentiles; dots represent
means.

5.4.2 Soil and Vegetation Carbon Losses by Peatland Type

Mean soil C losses consistently exceeded mean vegetation C losses across all peatland
types (Figure 5.6; Figure 5.7), and averaged across peatland types, mean soil C loss was
approximately an order of magnitude greater than that of vegetation, at -2.11 + 5.09 kg m"
2 versus -0.38 + 0.32 kg m™. Spearman’s rank correlation between soil and vegetation C
losses was weak; significant (p <0.001), likely due to the large sample size, but with a low

rho value of 0.07, indicating no meaningful relationship.
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circles represent the mean. Y-axis is on a logio scale.
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Figure 5.7. Map showing spatial distribution of (a) soil and (b) vegetation C loss across
peatlands within the study area, derived from field to lidar informed models. Higher C
losses are represented by darker colours (brown for vegetation and red for soil). Inset areas
are denoted by black rectangles.

Carbon losses differed significantly between peatland types for both soil (Kruskal-
Wallis %> = 406.7, p <0.001; Figure 5.7a) and vegetation (Kruskal-Wallis y*> = 1246.5, p
<0.001; Figure 5.7b). A post-hoc Dunn’s test revealed that each ecotone lost significantly
more soil C than its core counterpart (P<0.001). Bog ecotones were critical hotspots of soil
and vegetation C loss, suggesting these margin zones are especially vulnerable to
combustion (mean: -16.5 kg m?; median: -7.81 kg m2). Of the peatland core types, bogs
experienced the greatest soil C loss (mean: -1.84 kg m?; median: -1.31 kg m). Fens and
swamps, on the other hand, tended to have lower soil C losses and their ecotones saw more

muted effects compared to bog ecotones.
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Vegetation C losses followed a similar pattern, though less extreme (Figure 5.6;
Figure 5.7). In general, C loss was greater in peatland ecotones than in their corresponding
cores; however, this was only significant in fens and swamps. Within core peatland types,
bogs experienced the greatest vegetation C losses (mean: -0.45 kg m; median: -0.40 kg
m2). The violin plots in Figure 5.7 and the discrepancies between mean and median C
losses highlight the disproportionate impact that a small number of deep-burning hotspots

have on C losses — in particular from soil.

Area burned, as defined by lidar-measured DOB, as well as the contribution of total
C loss varied across peatland and ecotone types (Table 5.1). Area burned ranged from 33%
to 62%, with bogs and bog ecotones experiencing the greatest proportion of burned area.
Fens and swamps lost a proportionally small amount of C relative to their area. In contrast,
bog ecotones, despite comprising only ~6% of the burned area, accounted for ~25% of total

C loss, highlighting their vulnerability to significant C losses.

Table 5.1. Proportion of total area within the fire perimeter, percent area burned (based on
lidar-derived depth of burn > 0 cm), and percent contribution to total C loss for each
peatland/ecotone type.

Peatland Type % Area % Area Burned % of Total C Loss
Bogs 37 62 40

Fens 22 45 11

Swamps 14 34 4

Bog Ecotones 6 48 25

Fen Ecotones 10 36 10

Swamp Ecotones 11 33 9
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5.4.3 Do Optical Burn Severity Metrics (AINBR) Reflect Above- and Belowground Carbon

Losses?

5.4.3.1 Soil and Vegetation Carbon Loss Spatial Trends with ANBR Burn Severity

Agreement between lidar-derived versus dNBR-classified burned areas within the fire
perimeter varied between peatland and ecotone classes (Table 5.2). Overall agreement of
burned and unburned pixels was best in bogs (88%) and fens (84%) but declined in
ecotones and was poorest in swamps (48%). Within the area identified as burned by either
DOB, dNBR, or both, false positives by dNBR, where combustion was not detected by
lidar (i.e. no measurable elevation loss in lidar-derived ground surfaces), occurred in 13%
of pixels, ranging from 8 to 29% depending on peatland class (Table 5.2). Pixels were
classified as burned only by lidar-derived DOB (i.e. measurable elevation loss), but missed
by dNBR, in 12% of pixels, ranging from 3 to 37% depending on peatland class (Table 2).

These misalignments were greatest in ecotones and swamps.
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Table 5.2. Agreement between DOB- and dNBR-classified burned and unburned pixels.
The first three columns show the percentage of total pixels where burned/unburned
classifications agreed. Columns 4 and 5 show the percentage of pixels that were classified
as burned by only DOB or only dNBR of the total peatland area (/Total). Columns 6 and 7
show the percentage of pixels classified as burned by only DOB or only dNBR of the total
area that was classified as burned by either DOB, dNBR, or both (/Burned).

Unburned Burned Total dNBR DOB dNBR DOB

Agree Agree  Agree Only Only Only Only
(/Total) (/Total) (/Burned) (/Burned)

Bogs 1.0 87.0 88.0 8.6 33 8.7 34
Fens 4.1 80.3 844 82 7.4 8.5 7.7
Swamps  12.1 354 47.5 15.7 36.8 17.8 41.9
Bog 5.4 69.5 749 9.6 154 10.1 16.3
Ecotones
Fen 12.6 48.4 61.0 29.0 10.1 33.2 11.5
Ecotones
Swamp 13.3 43.9 572  20.0 22.9 23.0 26.4
Ecotones
All 6.2 68.6 74.7 13.4 11.9 14.2 12.7
Peatlands

The presence and strength of the association between burn severity, estimated using
the often-used index dNBR, and C loss differed depending on peatland type and whether
the loss occurred from vegetation or soil carbon pools (Spearman rank correlation; Table
5.3). Vegetation C loss had consistently stronger correlations with dNBR than soil C loss,
across peatland types (p = 0.26 — 0.70), indicating that peatlands that experienced greater
burn severity, as indicated by dNBR, also experienced greater vegetation C loss. While all
relationships between vegetation C loss and dNBR were significant (p < 0.001), this was
likely influenced by the large sample size. The magnitude of the relationship, however,
varied. The associations were weak in bogs and fens, but moderate to strong in swamps
and all peatland ecotone types, with the strongest correlation existing between bog ecotones

and dNBR (p = 0.70; Table 5.3; Figure 5.8). When all peatland types were combined, the
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relationship between vegetation C loss and dNBR was weak-to-moderate, but significant
(p = 0.44), highlighting the importance of peatland type-specific analysis. Soil C loss was
only weakly correlated with dNBR in bogs, fens, and their respective ecotones (p = 0.09 —
0.20, p <0.05). There was no significant association, even weakly, between dNBR and soil
C loss in swamps or swamp ecotones (p = 0.005 — 0.03, p > 0.1) and when all peatland
types were combined, the relationship between soil C loss and ANBR, while significant,

was very weak (p = 0.08).

Table 5.3. Spearman’s rank correlation between vegetation C losses (kg m™) and soil C
losses (kg m™) with dNBR for each peatland type. Values are designated as significant
using asterisks (P<0.001 = ***; P<(.05 = **; P<(.1 = *).

Correlation of INBR with Vegetation and Soil C Losses (kg m™) by Peatland Type

Peatland Type Spearman p  p-value  Spearman p p-value n
(vegetation) (soil)

Bog 0.26%** <0.001 0.09%*** <0.001 5683
Bog Ecotone 0.70%** <0.001 0.13%* <0.05 307
Fen 0.32%%* <0.001 0.03%** <0.001 3383
Fen Ecotone 0.60%** <0.001 0.20%** <0.001 605
Swamp 0.53%** <0.001 0.005 >0.1 1724
Swamp Ecotone (0.53%** <0.001 0.03 >0.1 945
All Peatland Types 0.44%** <0.001 0.08** <0.001 12647
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Figure 5.8. Scatter plots of vegetation C loss (kg m™) versus burn severity (INBR) for each
peatland type. Points represent individual sample estimates. Lines represent Theil-Sen
regressions.

5.4.3.2 Soil and Vegetation Carbon Loss Trends with Burn Severity Categories

Figure 5.9 shows how soil and vegetation C losses vary across dANBR-defined burn severity
classes (Hall et al., 2008): unburned (ANBR < 0.04), low severity (0.04 < dNBR <0.283),
and moderate severity (0.283 <dNBR <0.513). It is important to note that the “unburned”
class reflects low dNBR values and does not necessarily indicate a lack of combustion.
This category includes areas where lidar-based C loss estimates indicate combustion did

occur, but ANBR signal was low.
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Figure 5.9: Split violin plots with embedded boxplots of vegetation (upper; green) and soil
(lower; orange) C losses (kg m™) by burn-severity category. White circles represent the
mean. X-axis is on a logio scale. Sample sizes for unburned, low, and moderate are n =

3363, 5109, and 4684, respectively.

Median soil C loss differences were minimal, but significant between burn severity
classes (Kruskal-Wallis: y* = 68.77, p <0.001; Figure 5.9). A Post-hoc Dunn’s test revealed
that there were significant differences in soil C losses between all burn severity categories,
and that as burn severity category increased, soil C loss also increased significantly (P <
0.01) from -0.81 kg m™ C loss in unburned classes to -0.91 kg m™ in low severity classes

to -1.02 kg m in moderate severity classes. By contrast, mean soil C losses did not follow
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this trend and were -1.68 kg m™2, -1.68 kg m2, and -1.50 kg m™ in unburned, low severity,

and moderate severity classes, respectively.

Vegetation C losses differed significantly between all burn severity classes
(Kruskal-Wallis: ¢~ = 2362.9, p < 0.001; Figure 5.9). A Dunn’s test demonstrated that as
burn severity category increased, so did vegetation C loss (p < 0.001), increasing from a
median value of 0.07 kg m C loss in areas classified as unburned to 0.29 kg m™ in low
severity areas to 0.39 kg m in moderate severity areas. Mean C losses followed the same

pattern, of -0.14 kg m?, -0.35 kg m™, and -0.44 kg m™, respectively.

The response of soil C loss to burn severity was mixed depending on peatland type
(Figure 5.10). Post-hoc Dunn’s tests revealed that bogs had significant median soil C loss
increases between every burn severity class (-0.90 to -1.01 to -1.16 kg m™? from unburned
to low to moderate; p < 0.05). In bog ecotones, there were significantly greater soil C losses
in unburned areas (-5.35 kg m™) than in low or moderate severity areas (-9.16, -5.70 kg m"
2, respectively; p < 0.05); however, no significant difference between low and moderate
severity areas. Fens lost significantly more C in low severity areas than unburned (-0.56 to
-0.68 kg m, unburned to low; p < 0.05) and less than moderate (-0.68 to -0.78 kg m, low
to moderate; p < 0.05), with no significant difference between unburned and moderate.
There were no significant differences in soil C losses between burn severity classes in fen
ecotones (median: -0.67, -1.27, -1.11 kg m™; unburned, low, moderate, respectively). In
swamps, every pair of burn severities differed significantly (p < 0.05), but losses did not
increase with burn severity (median: -0.69 to -0.75 to -0.45 kg m%; unburned to low to

moderate, respectively). Finally, swamp ecotones saw significantly greater C losses in
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moderate than low burn severity (median: -0.84 to -1.39 kg m; p < 0.05), but not between

unburned (-1.30 kg m?) and low or moderate severity.
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Figure 5.10: Violin plots of soil C loss (kg m™) by peatland type across three burn severity
classes (unburned/regrowth, low, and moderate). Violins show data distribution, boxplots
show interquartile range with whiskers to 5™ and 95™ percentiles, and mean is denoted by
black circle embedded in boxplot. Plots have been cut off at 0.001 kg m™ to improve data
visualization. Sample sizes (n) for each peatland-severity combination range from 49 to
3001. X-axis is on a logio scale.

Across peatland types, Kruskal-Wallis tests demonstrated significant differences
between peatland types within unburned, low, and moderate severity classes (y* = 253.03,

682.14, 295.7, respectively; p < 0.001; Figure 5.10). Bog ecotones consistently had the
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greatest soil C losses under all severities, whereas fens experienced the lowest in unburned

and low severity areas, while in moderate severity burns, swamps had the lowest.

Unlike with soil C losses, vegetation C loss increased systematically with burn
severity in every peatland type (Figure 5.11). This was significant in all pairwise post-hoc
Dunn'’s tests of burn severities in all peatland types (p < 0.001 in all peatland types except
swamp ecotones where p < 0.05). Median C losses increased from -0.15 to -0.37 to -0.43
kg m2 in bogs; -0.07 to -0.53 to -0.74 kg m™ in bog ecotones; -0.07 to -0.20 to -0.25 kg m’
2 in fens; -0.07 to -0.34 to -0.66 kg m™ in fen ecotones; -0.06 to -0.21 to -0.40 kg m™ in

swamps; and -0.06 to -0.30 to -0.47 kg m™ in swamp ecotones.
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Figure 5.11: Violin plots of vegetation C loss (kg m™) by peatland type across three burn
severity classes (unburned/regrowth, low, and moderate). Violins show data distribution,
boxplots show interquartile range with whiskers to 5™ and 95% percentiles, and mean is
denoted by black circle embedded in boxplot. Plots have been cut off at 0.001 kg m™ to
improve data visualization. Sample sizes (n) for each peatland-severity combination range
from 48 to 2995. X-axis is on a logio scale.

As with soil C losses, vegetation C loss was significantly different between peatland
types within each severity class (Kruskal-Wallis y* = 649.71, 813.91, 48.41, for unburned,
low severity, and moderate severity, respectively; p < 0.001; Figure 5.11). Again, bog
ecotones experienced the greatest vegetation C losses across low and moderate severity

classes, but bogs experienced greatest vegetation C loss in areas classified as unburned.
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Fens had the lowest vegetation C loss in low or moderate severity burns, and swamps

experienced the lowest C loss in areas classified as unburned.

5.4.4 Linking High-Resolution Lidar-Derived Carbon Loss Estimates to Broad Scale

Model Outputs (CaMP)

Building on the spatially explicit, stratified patterns of C losses across peatland and ecotone
types, lidar-derived soil C loss estimates were compared with CaMP outputs under
bracketed drought scenarios to provide context for how the Horse River Wildfire aligns
with modelled outcomes. CaMP outputs generated under low (DC = 287) and high (DC =
432) Drought Code scenarios aligned well overall with lidar-derived soil C loss estimates
(means + 95% Cls), though the level of agreement varied among predefined strata
(peatland and canopy types as well as ecotone inclusion; Table 5.4). In open bogs, the
inclusion of ecotones had little impact on lidar-derived estimates, and CaMP estimates
under the high DC fell within the CIs of both core-only and combined datasets. In treed
bogs, the high DC scenario also aligned best, but only when ecotones were excluded;
including ecotones in these peatland types substantially increased C loss values beyond
CaMP outputs. Forested bogs (with ecotone) and both swamp types aligned well with the
low DC scenario. Treed fen C losses were overestimated by CaMP under both DC scenarios
regardless of ecotone inclusion, and forested fens aligned with the low DC scenario once
ecotones were accounted for. Open fens, uniquely, had lidar-derived estimates exceeding

both CaMP scenarios, even when ecotones were included.
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Table 5.4: Means and 95% Cls of lidar-derived soil C losses and CaMP outputs using low
(DC = 287) and high (DC = 432) DCs, by peatland canopy type. Values are reported first
for core-only data, with combined core-and-ecotone values shown in parentheses.
Superscripts indicate how CaMP estimates compare to lidar-derived Cls: ¢ = within core-
only CI; e = within core-and-ecotone CI; c,e = within both; c/e = between core-only and
core-and-ecotone Cls; 1 = low (below both); h = high (above both).

Peatland Type Mean Lower CI Upper CI CaMP; CaMP;
Low DC  High DC
Open Bog -1.17(-1.17) ~ -1.01 (-1.01)  -1.34(-1.34) -0.94! -1.25¢¢
Treed Bog -1.99 (-3.87)  -1.77(-3.25) -2.20 (-4.67) -1.75! -2.11¢
Forested Bog -1.47(-1.95) -1.43(-1.84) -1.52(-2.08) -2.05¢ -2.43h
Open Fen -1.17(-1.23)  -1.01(-1.07)  -1.36 (-1.40) -0.32! -0.65!
Treed Fen -0.94 (-0.98) -090(-0.94) -0.98 (-1.01) -1.08" -1.46"
Forested Fen -0.89(-1.29) -0.83(-1.17)  -0.95(-1.41) -1.34¢ -1.74h
Treed Swamp -1.10(-1.38)  -1.02(-1.28)  -1.19 (-1.50) -1.14¢ -1.55h

Forested Swamp  -1.13 (-1.64)  -1.00 (-1.48) -1.30(-1.80)  -1.41¢ .1.85h

In assessing how canopy closure (open, treed, forested) influenced soil C loss in
core-only peatlands, Kruskal-Wallis tests identified significant differences between canopy
types within bogs (y~ = 8.62, p < 0.05; Figure 5.12) and fens (%~ = 24.71, p < 0.001), but
not swamps (x~ = 0.59, p > 0.05). A post-hoc Dunn’s test revealed that in bogs, treed types
lost significantly more C than open (p < 0.01), as did forested (p < 0.05). There was no
significant difference between treed and forested bogs. In fens, forested types lost
significantly more C than treed (p < 0.001), with no significant differences involving open

fens.
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Figure 5.12: Distribution of soil C loss (kg m™) in core-only peatlands by peatland type
and canopy type as defined by CaMP. Half violins show point distribution, boxplots show
interquartile range with whiskers to 5™ and 95™ percentiles, and points show individual
values. Means are denoted by black circles embedded in boxplots. Sample sizes (n) for
each peatland-canopy combination range from 101 to5524. X-axis is on a logio scale.

The combined core-ecotone analysis (Supplementary Figure S5.1) yielded similar
patterns but with stronger differences between bog canopy types, where treed types had
greater C loss than both open (p <0.001) and forested (p <0.001), and forested had greater
C loss than open (p < 0.05). In fens, forested still lost more C than treed types (p < 0.001),
while other comparisons were non-significant. Swamps, again, showed no canopy-type

effect.
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5.5 Discussion

5.5.1 Carbon Distribution Across the Landscape

Understanding how soil C is distributed across the landscape is essential for estimating C
losses from wildland fire combustion. In unburned peatlands (as a proxy for pre-fire
conditions), soil C content increased nonlinearly with depth, following a power-law
relationship. The rate of increase accelerated with depth, reflecting dense carbon stores in
deeper layers of peat. These results align well with C densities from other soil cores
collected throughout Alberta (Bauer et al., 2024). In bogs, bog transition zones, and fens,
C densities were slightly lower-than-average in the top 10-20 cm of peat but increased
slightly more rapidly with depth. In contrast, fen transitions had slightly higher-than-

average C densities in the top 10 cm of peat, but increased more gradually with depth.

Although soil C differences between peatland types were not statistically
significant, there were notable patterns. In both bog and fen ecotones, C density was higher
in the upper layers of peat and increased more rapidly with depth compared to their
peatland core counterparts. This aligns with what would be expected based on results of
bulk density from Lukenbach et al. (2015) and Hokanson et al. (2016) and what is known
about peatland dynamics. Ecotones tend to have greater hydrologic fluctuations and
subsequently increased bulk density, resulting in greater C density (e.g., Lukenbach et al.,

2015; Whittington & Price, 2006).

Understanding the pre-fire distribution of aboveground C is also critical for
understanding C losses during combustion. Average aboveground biomass C content

ranged from 1.48 kg m? in fens to 2.05 kg m™ in bog ecotones. Above ground biomass of
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peatlands is highly variable with a considerable range not only regionally, but between
individual peatlands (Gorham, 1991). These estimates fall in the mid-range of other
published values. For example, Beaulne et al. (2021) found averages of 2.3 — 4.5 kg C m™
in boreal peatlands in Quebec, while a study done in Manitoba by Reader and Stewart
(1972) found values ranging from 0.50 kg m in a treed bog, to 1.25 kg m™ in a shrubby

fen, to 2.33 kg m™ in a forested bog (Zoltai et al., 1998).

The higher quantity of above ground biomass in bogs than in fens is interesting
(Figure 5.5). While fens are typically higher in nutrient status due to their minerotrophic
nature (Vitt, 1994) and have greater herbaceous vegetation biomass (Vitt & Chee, 1990;
Vitt, 2006; Warner & Asada, 2006), greater groundwater flow/connectivity can result in
wet conditions that limit tree growth, while the bogs are more appropriate for black spruce
and other woody vegetation (Johnston et al., 2015). The deciduous vegetation more
prevalent in fens may also have lower biomass than the dense black spruce typically found
in forested or treed bogs (e.g., Depante et al., 2019). Peatland ecotones have greater above-
ground biomass than their peatland core counterparts, as would be expected (Figure 5.5).
Ecotones tend to be drier, and more supportive of tree growth than peatland middles
(Wilkinson et al., 2019; Hartshorn et al., 2003). Typically, swamps would be expected to
have greater above ground biomass than bogs or fens; however, swamp vegetation C was
lower than that of bogs. This could be due to hydrological constraints that are limiting tree
growth due to high water levels and therefore increased wetness. It is also possible that
some peatlands with lower vegetation cover were misclassified as swamps, resulting in this

discrepancy.
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5.5.2 Soil and Vegetation Carbon Losses by Peatland Type

The results show that soil C losses were significantly greater than vegetation losses across
all peatland types, a dynamic that is widely supported by studies (e.g. Amiro et al., 2001,
Walker et al., 2018). On average, ~85% of the total C loss was from soil combustion,
comparable to results from Amiro et al. (2001) (~85%; forest fires across Canada) and
Walker et al. (2018) (~90%; boreal forest fire). This is likely due to the deep organic
material and large below-ground C stores that exist in peatlands (e.g., Magnan et al., 2020;
Yu, 2012), and the propensity of peat for smouldering combustion (e.g., Frandsen, 1987;

Rein et al., 2008).

Median soil C losses ranged from -0.89 kg m™ in fens to -7.81 kg m? in bog
ecotones (means of -1.27 + 1.45 kg m™ and 16.5 + 24.4 kg m™, respectively). Average soil
C loss across all peatland types was -2.11 £ 5.09 kg m™. This large standard deviation
highlights the substantial variability in combustion across the study area. The average soil
C loss aligns well with findings from other studies. For example, Turetsky et al. (2011)
found average soil C losses of 2.0 kg C m 2 in a boreal fen, Wilkinson et al. (2018) found
average soil C loss to be 0.63 — 6.74 kg m™ in boreal peatlands at various stages of drainage,
Benscoter and Wieder (2003) found average soil C losses of 2.1 kg m™ in a boreal bog, and
Hokanson et al. (2016) found highly variable soil C losses of 0.5 kg m?, 0.6 kg m™, and

6.5 kg m depending on the hydrogeological setting.

The largest soil C losses occurred in bog ecotones. Bogs are ombrogenous,
hydrologically isolated from ground water, and therefore typically experience greater water
table fluctuations, resulting in greater bulk density and vulnerability to deep burning

(Nelson et al., 2021; Chapter 2). These fluctuations are exaggerated along the margins,
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where increased bulk density, steeper hydrological gradients, and mixed peatland and
upland vegetation may coexist, enhancing bog ecotone vulnerability to deep burning
(Nelson et al., 2021; Chapter 2). These patterns of increased bulk density, lower and more
fluctuating water tables, and increased upland vegetation closely resemble those of drained
bogs, and estimated soil C losses from bog ecotones in this study were comparable to those

reported for drained bogs in Wilkinson et al. (2018).

While soil C losses from fen and swamp ecotones did not differ significantly from
one another, they did lose significantly more soil C than their respective cores (Figure 5.6).
The two core types also do not differ significantly from one another. Fens and swamps are
similar hydrologically, in that they are minerotrophic (Elmes et al, 2021), and lateral
groundwater flow likely reduces hydrological fluctuations and draw-downs, particularly in
the interior of the peatlands, reducing combustion. Around the margins, however, reduced
soil moisture and increased bulk density result in greater soil combustion than in the cores
(though significantly less than in bog margins). These results emphasize the sensitivity of
peatland ecotones to deep combustion and high soil C loss, demonstrating a need to

approach peatland ecotones, particularly in bogs, as critical areas for mitigating C losses.

Average vegetation C losses ranged from -0.29 + 0.28 kg m in fens to -0.50 = 0.39
kg m2 in bog ecotones (Figure 5.6) and averaged -0.38 + 0.32 kg m™ across all peatlands.
This falls within the range of results from other studies (e.g., ~0.19 kg m™ (Amiro et al.,
2001); ~0.69 kg m (French et al., 2000)). Vegetation C loss was greatest in bog ecotones
and lowest in fens and swamps (Figure 5.6). Bog ecotones are high in pre-fire biomass
(Figure 5.5) and are more geographically and ecologically related to uplands than their core

counterparts (e.g., Hokanson et al., 2016; Ingram et al., 2019). Due to their ombrotrophic
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nature, they often have lower soil moisture, particularly during dry conditions (e.g., Ferone
& Devito, 2004), and are typically dominated by black spruce, a fire-adapted and
flammable tree species (Johnston et al., 2015). Fens, on the other hand, had low pre-fire
biomass and typically have greater hydrologic connectivity and subsequently higher
moisture levels (Thompson et al., 2019). Swamps, like fens, are hydrologically connected
and permanently or seasonally saturated, which can limit combustion (Ducks Unlimited
Canada, 2015; National Wetlands Working Group [NWWG], 1997). While deciduous
species in their leafless phase (more common in fens and swamps) are readily capable of
sustaining fire spread during the “spring window”, the period between snowmelt and leaf-
out (Parisien et al., 2023), they are less flammable after deciduous leaf-out (Parisien et al.,
2011). The generally higher flammability of conifer-dominated ecosystem is furthered

during the “spring dip”, where their foliage has low moisture content (Parisien et al., 2023).

The variability found in soil and vegetation C losses has several key implications.
The dominance of soil C loss highlights the critical nature of peatlands as a long-term C
store and emphasizes the risk of C loss through increased fire activity. Unlike upland
forests, where C loss is predominantly from above ground biomass, peatlands are uniquely
vulnerable to large volume belowground C loss, raising concerns about their potential to
shift from a C sink to a C source (e.g., Turetsky et al., 2011; Wieder et al., 2009). At the
landscape-scale, total C losses were also highly variable between peatland and ecotone
types. Despite only occupying 6% of the burned area, bog ecotones contributed 25% of the
total C loss (Table 5.1). This highly disproportionate C loss highlights the need to account
for ecotones — particularly bogs — in C accounting and land management strategies for C

loss mitigation.
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The increased combustion in ecotones may reinforce positive feedback loops where
more severe combustion results in greater hydrological fluctuations and reduced
connectivity, altering vegetation composition (increased broadleaf recruitment). These
shifts can reduce peat accumulation, altering hydrological and subsequent fire dynamics
and long-term C storage (Jones et al., 2022; Mayner et al., 2024; Nelson et al., 2021;
Chapter 2). This emphasizes the importance of maintaining peatland connectivity,
particularly in areas at risk of land use change — highly fragmented peatlands will have a
higher proportion of ecotone area. This critical role of hydrological connectivity is further
highlighted by the fact that bogs, which are hydrologically isolated, had higher soil and

vegetation C losses than even the ecotones around fens or swamps.

5.5.3 Evaluating the Remotely Sensed Burn Severity Index (dINBR) as an Indicator of

Carbon Loss in Boreal Peatlands

Vegetation C loss was well-correlated with remotely sensed burn severity (ANBR), whereas
soil C loss showed negligible to weak correlations, and instead exhibited high C losses
even under low-severity conditions (Figure 5.9). Binning dNBR into burn severity
categories of unburned/regrowth, low, and moderate severity classes improved the
relationship between soil C loss and burn severity, and nonparametric tests concluded that
there were significant differences in soil C loss between burn severity classes, with greater
soil C loss increasing with burn severity class. However, mean soil C losses did not follow
this pattern, suggesting that burn severity class may be indicative of general soil
combustion trends, but excludes areas of deep soil combustion that can occur in areas

classified as low severity (Figure 5.10). Comparisons of dNBR- and lidar-derived burn
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masks revealed overall moderate to strong agreements overall, but poor agreement in
ecotones and swamps (Table 5.2), likely driven by high moisture content and heterogenous

vegetation.

This has important implications in post-fire modelling and carbon assessments,
where reliance on optical remote sensing products may result in an underestimation of total
C loss. Further, areas classified as “unburned or regrowth” were not necessarily unburned.
The imagery timing (April to June) likely captured vegetation “greenup” (Parisien et al.,
2023), reducing the contrast between pre- and post-fire data and limiting the ability of

dNBR to detect combustion.

The response of individual peatland types to burn severity was highly variable.
Only in bogs did soil C loss increase systematically with burn severity (Figure 5.10),
whereas other peatland types had variations in soil C losses that did not follow the pattern
of increased severity. For example, fen ecotones did not differ significantly across severity
classes, and swamps showed a varied response (Figure 5.10). These findings suggest that
hydrologically isolated peatlands may be more influenced by above-ground burn severity,
while areas such as fen ecotones, with strong lateral ground water flows are more resilient
to these effects. In such areas, substantial soil combustion can occur even in areas where
spectral indices indicate low or no burn, due to subsurface smouldering that is not detected
spectrally. This highlights a limitation of relying on dNBR or other spectral indices for

estimating the impacts of wildland fire, especially in complex peatland ecosystems.

In contrast, vegetation C loss increased systematically with ANBR and burn severity
category across all peatland types. The correlation with ANBR was strongest in peatland

ecotones. These areas tend to exhibit characteristics of upland ecosystems (e.g., Hokanson
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et al., 2016; Ingram et al., 2019), and have greater pre-fire biomass (Figure 5.6), which can
enhance the difference between pre- and post-fire spectral signatures (Key & Benson,
2006). Core peatlands, by contrast, tend to have higher moisture content (Hokanson et al.,
2016), which can reduce the extent of canopy combustion by inhibiting ignition and flame
spread, particularly in crown fires (Thompson et al., 2015). Further, even when vegetation
is combusted, high moisture content can dampen reflectance in the NIR and SWIR

wavelengths (Lobell & Asner, 2002) weakening the contrast captured by dNBR.

The weak relationship between dNBR and burn severity classes with soil C loss, as
opposed to the tight correlation with vegetation C loss, is reflective of both the spectral
characteristics of dNBR and the hydrology, geology, and ecology of peatlands. Because
dNBR measures changes in the ratio of surface and green vegetation reflectance, it readily
captures loss of canopy and presence of surface char. However, this is not necessarily
reflective of soil combustion — high pre-fire moisture content in peatlands could be
erroneously captured as similar to burned areas (Alcaras et al., 2022), further reducing
dNBR. Most importantly, peat fires can smoulder well below the surface (e.g., Frandsen,
1987; Rein et al., 2008), making it difficult for optical sensors like Landsat to detect
combustion during the event. Even post-fire, the lack of vegetation change or charring can
result in low dNBR values despite significant belowground C losses. This highlights the
utility of pre- and post-fire lidar data, which are less affected by surface moisture and

canopy occlusion and can capture data across large spatial extents at a relatively fine scale.

5.5.4 Contextualizing High-Resolution Carbon Losses with Broad-Scale CaMP Estimates

There are few models that estimate total C loss, including soil and vegetation components,

from peatlands during combustion. The CaMP, which estimates greenhouse gas removal
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and emissions from peatlands in Canada, plays a key role in national greenhouse gas
reporting, and includes estimations of C losses during wildland fire (Bona et al., 2020).
However, due to its high-level function and broad-scale application, it is expected that there
will be complexities and variability between individual fires that it does not capture. By
placing lidar-derived estimates of C loss due to wildland fire combustion in the context of
CaMP outputs, it becomes possible to evaluate the extent to which C losses from the Horse
River Wildfire align with what would largely be expected, nationally, and where they
diverge. These divergences provide insight into the specific conditions that may drive
higher C losses, identifying patterns that may signal shifts in fire-peatland dynamics under

a changing climate.

Results from lidar-derived soil C loss estimates aligned well with CaMP outputs,
particularly in bogs, though this was dependent on canopy type and whether ecotones were
included (Figure 5.12; Table 5.4). Open and treed bogs aligned closely with CaMP
estimates under high DC conditions (DC =432). Forested bogs, however, only aligned with
CaMP outputs when ecotones were included, and even then, only under low DC conditions
(DC =287). This indicates that the increase in C loss expected from forested bogs by CaMP

was not observed here.

Fens and swamps saw optimal alignment between lidar-derived and CaMP-
estimated C losses under low DC scenarios, particularly with the inclusion of ecotones.
However, open fens exhibited greater C losses than CaMP outputs, even under a high DC
scenario (DC = 432). One explanation may be due to the occurrence of high winds and
temperatures that occurred in the days preceding the fire (Alberta Agriculture and Forestry

& MNP, 2017). Without the wind- and radiation-blocking effect of trees, open fens may
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have experienced disproportionately high evapotranspiration of surface and near-surface
water (e.g., Kettridge et al., 2013). This could result in drier-than-expected conditions, and
subsequently deeper combustion than would be expected under the typical moisture

conditions used in the CaMP.

The inclusion of ecotones consistently increased lidar-derived C loss estimates, but
the resulting impact on alignment with CaMP outputs varied by peatland and canopy type.
In cases such as forested fens and swamps, adding ecotones improved alignment with
CaMP (under low DC), while in treed bogs, ecotone inclusion increased the mean C loss
and ClIs above CaMP projections, even under high DC scenarios. Ecotones typically have
lower soil moisture and higher bulk density, as well as increased vegetation, all of which
can enhance peat combustion (Nelson et al.,, 2021; Chapter 2). This highlights the
importance of separating core peatlands from ecotones when looking at impacts of
wildland fire, as they may not respond the same way during combustion. With climate
change, peatlands are expected to undergo enhanced drying and encroachment of woody
vegetation (e.g., Weltzin et al., 2003; Waddington et al, 2015; Thompson et al., 2019),
possibly expanding ecotones or transforming core peatlands to resemble them. This shift
would make a greater proportion of the boreal ecosystem vulnerable to deep burning and
elevated C losses. As such, incorporating the core versus ecotone variability in fire response
into carbon-wildfire models is essential in understanding future C emissions and ecosystem

impacts.

5.5.5 Uncertainties and Future Research

While this study provides insight into C losses from boreal peatlands during wildland fire,

there are important limitations that must be noted, and which may be used to guide further
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research. First, while the use of pre- and post-fire airborne lidar is a strength of this study,
as it allowed for the estimation of depth of burn and subsequently, soil C loss, across a large
spatial extent, it also has limitations. Dense surface vegetation or standing water can inhibit
laser pulses from measuring the true ground surface, impacting the reliability of DTMs.
These impacts were mitigated by optimizing ground classifications following Nelson et al.
(2022; Chapter 3), providing confidence in lidar elevation measurements when averaged
(field-validated offsets of 0 cm in areas of low vegetation regeneration and 1 c¢cm in areas
of high regeneration); however, point-specific measurements may be erroneous. Further,
when subtracting pre- and post-fire DTMs, co-registration errors may arise where even

small misalignments in some areas may be represented as peat growth or loss.

Changes on the landscape beyond the fire likely occurred between lidar data
collections. Between the pre-fire survey and post-fire lidar data collection, some peat
accumulation and vegetation regeneration (post-fire) likely would have occurred, likely
leading to an underestimation of depth of burn. Peatlands may have also shrunken or
swelled during this time due to hydrological fluctuations, resulting in either missed
combustion or erroneously including areas as combustion that did not burn. Comparisons
of elevation change in burned versus unburned peatlands were not conducted, as they
would likely introduce additional uncertainties, as opposed to reducing them. Fire through
peatland environments can have significant impact on peatland hydrology and bulk density,
as well as ecohydrological functions such as an increase in hydrophobicity (e.g., Nelson et
al., 2021; Chapter 2). Because of this, burned peatland systems do not necessarily respond
to hydrological conditions such as drought or flooding in the same way as unburned. It

would be erroneous, therefore, to measure peat surface elevation changes in unburned areas
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and extrapolate those to burned areas. Instead, to reduce the noise associated with peat
fluctuations, data were aggregated to 25 m?. However, many of the very small depth of
burn point estimates (i.e. < 1 cm) may not represent true combustion. The high frequency
of these small values would lower both median and mean estimates, likely leading to an

underestimation of C loss.

Finally, aboveground C loss estimates did not include downed woody debris, as it
was not measured in the biomass field plots. However, these fuels typically contribute a
small fraction of total C losses during combustion in the boreal. For example, Johnston et
al. (2015) found that coarse woody debris contributed less than 2% of total C losses. It is

unlikely that their exclusion significantly influenced the estimates presented here.

Lidar acquisitions immediately post-fire would substantially reduce uncertainties
in future research by reducing the influence of vegetation growth and vertical peat
fluctuations. Including additional pools of potential C loss or storage, such as woody debris
and pyrogenic C, would also improve C loss estimates. Finally, expanding this study across
multiple fires along spatial and temporal gradients would enhance generalizability of
findings and provide increased confidence in estimates of C loss during boreal peatland

fires.

This study area represents only a small portion of a single fire. While it includes a
range of peatlands (bogs, fens, swamps and their ecotones) and canopy types, these are not
inherently representative of the broader boreal peatland structure. Ducks Unlimited Canada
(2017) identified fens as the dominant peatland type across Alberta’s boreal region,
whereas bogs dominate the present study area. This area is also highly anthropogenically

altered with access roads and cutlines. The degree of peatland fragmentation, ecotone
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extent and microtopography is expected to vary substantially across the boreal. As such,
while patterns identified in this study provide important insights into peatland vulnerability
to combustion, extrapolation of numerical estimates should be approached cautiously.
Finally, the analysis of lidar-derived C losses and CaMP outputs presented here provides a
high-level comparison into how C losses from the Horse River Wildfire diverged from
modelled expectations. However, differences in fire severity, peatland composition, and
particularly ecotone extent, are likely to impact agreement between fine- and broad-scale
estimates. Future research should examine multiple fires across spatial and temporal
gradients to strengthen confidence in C loss estimates, improve parameterization of C

models such as CaMP, and guide GHG reporting.

5.6 Conclusion

Soil C losses were consistently and substantially greater than vegetation C losses across all
peatland types, highlighting the vast belowground C storage of peatlands and the
susceptibility of these deep organic layers to significant C loss during smouldering
combustion. Ecotones experienced the greatest C losses — both above- and below-ground,
emphasizing the importance of maintaining hydrological connectivity and minimizing
fragmentation of peatlands. Of note, bog ecotones contributed disproportionately to total
C losses, with soil C losses comparable to those observed in drained bogs from the same
fire event, reported by Wilkinson et al. (2018), highlighting their vulnerability and critical
nature in C-fire dynamics. These findings reinforce the need to distinguish between
peatland cores and ecotones when assessing landscape-scale C losses, particularly for C
accounting. Overlooking this distinction would risk underestimating C losses and

landscape vulnerability.
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While remotely sensed burn severity had a strong relationship with above-ground
C losses, it was a poor predictor of soil C loss, particularly in core peatlands. Below-ground
combustion resulted in approximately six times the C loss of above-ground, and so metrics
such as ANBR are unable to infer total C losses, or indicate ecosystem impacts to below-

ground properties.

In comparing field to lidar-derived C loss estimates with CaMP estimates, it was
clear that including ecotones both increased C loss estimates and shifted the degree of
alignment between lidar-derived and CaMP-estimated C losses. This reinforces the
importance of isolating ecotones when analysing combustion impacts, given their unique

geophysical and hydrological properties.

This research highlights the importance of boreal peatland soil as a long-term C
store. Maintaining this requires a focus on maintaining hydrological connectivity and
reducing fragmentation, both of which are essential for reducing ecotonal extent and

mitigating against increased C loss during wildland fire.
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CHAPTER 6: CONCLUSION

This thesis advances understanding of boreal peat combustion and carbon (C) loss during
boreal peatland fires — an area of high uncertainty in global C budgets and Earth systems
models (e.g., Bona et al., 2024; Lin et al., 2021; Loisel et al., 2021; Schuur et al., 2022). It
uses integrated field measurements, bi-temporal airborne lidar data, and statistical
modelling and analyses to quantify depth of burn and above- and below-ground C losses
across peatland types and ecotones of the Boreal Plains. It builds on this by identifying
ecological and biophysical conditions that drive variability in below-ground combustion,
providing insights into conditions that enhance or reduce boreal peatland resiliency to
wildland fire. By providing high-resolution, spatially continuous estimates of peat
combustion across a range of peatlands and linking these with drivers, this thesis reduces
uncertainty of combustion-related C loss estimates and provides a foundation for improved
representation of boreal peatland fires in regional, national and global C budgets and

models.

6.1 Summary and Conclusions

Four main research questions, each with several specific objectives, are addressed in this
thesis through the manuscript-based Chapters 2-5. A synthesis of these research questions,
how they were addressed, and key findings is presented below.

6.1.1 Research Questions and Answers

How do peatland-fire feedbacks and ecological mechanisms impact the resiliency of

boreal peatlands to wildland fire and C loss?
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To address this question, Chapter Two synthesizes existing literature to identify key pre-
and post-fire feedbacks and processes that regulate or enhance burn severity or post-fire
ecosystem change. Pre-fire, soil moisture and peat bulk density are dominant controls on
peat combustion (Benscoter et al., 2011; Kohlenberg et al., 2018; Rein et al., 2008). These
are regulated through negative feedback mechanisms such as hydrological connectivity
which attenuates water table fluctuations, which in turn reduces bulk density, both
contributing to reduced burn severity. Conversely, these can be dysregulated through
positive feedbacks between peatland drying (or drainage), fluctuating water tables, and
increased bulk density, leading to enhanced burn severities, which further dysregulates
systems and increases C loss through combustion and decomposition (Nelson et al., 2021;
Chapter 2). A positive feedback mechanism also exists where drier peatlands with higher
bulk densities are more prone to shrubification (Weltzin et al., 2003), which subsequently
lowers water tables through increased evapotranspiration and interception of precipitation
(though it is moderated somewhat by increased shading; e.g., Nelson et al., 2021;
Thompson et al., 2014; Waddington et al., 2015; Chapter 2). Sphagnum fuscum mosses,
which are naturally fire-resistant and moisture-retaining, exist in a negative feedback with
low burn severity; however, under drying or drained peatland conditions, a shift to more
flammable mosses such as feathermoss can occur (Wilkinson et al., 2018), shifting to a

positive feedback system that enhances burn severity (Nelson et al., 2021; Chapter 2).

Post-fire, peatlands may exist in either regulating or reinforcing feedback cycles
depending on pre-fire conditions. If peatlands are hydrologically connected or undrained,
water tables recover more rapidly to pre-fire levels (Kettridge et al., 2015; Lukenbach et

al., 2017), supporting Sphagnum regeneration (Clymo and Duckett, 1986), and maintaining
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ecosystem resiliency (Nelson et al., 2021; Chapter 2). In contrast, severe burns, or
combustion in peatlands that are hydrologically disconnected or drained, can increase
water table fluctuations and promote drying (Lukenbach et al., 2017; Sherwood et al.,
2013; Thompson et al.,, 2014). Severe burns can alter microtopography, reducing
hummocks and their moisture-retaining species and promoting shrub encroachment

(Benscoter et al., 2005).

While the negative and positive feedbacks that regulate peat combustion are
complex, varied, and can balance one another out on a local scale, the cumulative impacts
of climate change and increased burn severities reinforce predominantly positive feedbacks
that promote drying and long-term C loss, and amplify the impacts of combustion on boreal

peatlands (Nelson et al., 2021; Chapter 2).

How accurately can airborne lidar measure ground surface elevations of burned and
unburned peatlands across a continuum of vegetation growth, and what

wavelength(s) and classification parameters optimize this accuracy?

Chapter 3 compares lidar ground-classified elevations with field-measured ground
elevations across roads, burned peatlands with low, moderate, and tall vegetation
regeneration, and unburned peatlands. It identifies optimal classification parameters and
emission wavelengths (532 nm, 1064 nm, 1550 nm, and their combinations), as well as the
impact of vegetation regeneration, through an iterative test of 230 differently classified
ground surfaces. Optimal classification parameters and optimal wavelength(s) varied

depending on vegetation growth status, highlighting the importance of optimizing
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processing routines for land cover types. Mean offsets of lidar-derived ground surfaces
from field-validated ground measurements were calculated to be 0.00 m in burned areas,
regardless of vegetation regeneration status, and 0.01 m in unburned areas. Point-based
RMSE ranged from 0.09 m in burned peatlands with low vegetation regeneration to 0.19

m in unburned areas (Nelson et al., 2022; Chapter 3).

These results highlight the utility of lidar data for depth of burn analyses, and
suggest that if carefully parameterized, lidar data collected up to three years post-fire can
be utilized without significant differences in cumulative errors compared to using data
collected immediately post-fire (Nelson et al., 2022; Chapter 3). This upholds lidar as a
robust ground-surface measurement tool, even within vegetated landscapes or small
elevation changes, and expands the capacity for further research using airborne lidar in the

years following wildland fire.

How deeply do boreal peatlands and ecotones burn, what is the spatial variability of
this, and what are the antecedent conditions that are associated with variability in

peat combustion?

Using pre- and post-fire lidar data, Chapter 4 quantifies peat combustion across bogs, fens,
swamps, and their ecotones. The analysis found an average DOB (DOB) of 8.1 £ 6.2 cm
across all peatlands and ecotones, with bog ecotones exhibiting the greatest DOB (9.3 +
7.3 cm), and fens the lowest (7.0 £ 5.2 cm). Generalized Additive Models (GAMs) and
Random Forest (RF) models were used to identify the most influential, remotely measured

predictors associated with peat combustion within bogs, fens, and swamps from an initial
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pool of 84 topographic, morphological, vegetation, hydrological, anthropogenic, and fire-
weather covariates. GAMs explained 39-45% of the deviance when spatial covariates were
included and 24-29% when they were excluded, and convergence between GAM and RF
model results increased confidence in drivers identified. Across peatland types, bottom-up
predictors associated with DOB dominated models, indicating that ecohydrological
properties of peatlands are more strongly associated with peat combustion than external
fire-weather variables. Top predictive variables varied by peatland type, with DOB in bogs
associated predominantly with topographic and morphological variables, including
peatland area, perimeter length, and distance to peatland edge. Relationships indicated that
large bogs are likely to burn more deeply towards the edges, while small bogs, which may
be drier, burn more deeply towards the middle. In fens, vegetation and anthropogenic
disturbances were strongly associated with depth of burn (DOB) variability, with the top
variables identified as Normalized Difference Vegetation Index (NDVI), flow
accumulation, distance to seismic lines, Topographic Position Index (TPI), and vegetation
structure (lidar-derived p25 and p50). The top predictor category in swamps was hydrology,
predominantly Modified Normalized Difference Water Index (MNDWI). These variables
can act as indicators for peatland vulnerability to wildland fire and C loss. These findings
emphasize the importance of peatland-specific fire and landscape management and C loss

mitigation strategies for the enhanced resilience of these ecosystems.

How much above- and below-ground C is lost during boreal peatland fires, how does
this vary spatially, and how well is this captured by a) remotely sensed burn severity

indices and b) national-scale operational C models?
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By integrating lidar-derived DOB measurements with field-derived soil C density models,
Chapter 5 investigates the variability of above- and below-ground C loss across bogs, fens,
swamps, and their ecotones. Results show that soil C losses were nearly an order of
magnitude greater than those of vegetation (-2.11 + 5.09 kg m™ versus -0.38 = 0.32 kg m"
2), and that ecotones lost significantly more soil C than their corresponding peatland cores.
Bog ecotones experienced particularly significant soil C losses, averaging -16.5 kg m™.
Together, bogs and bog ecotones accounted for 65% of the total C loss, despite comprising

only 43% of peatland area.

Lidar-derived combustion extent and C loss were compared with those estimated
from dNBR. Agreement in burned versus unburned extent varied by peatland and ecotone
type, with the strongest agreement (88%) in bogs and the weakest (48%) in swamps. The
relationship between dNBR and vegetation C loss was much stronger than with soil C loss,
and results emphasized that deep combustion could occur even in areas classified as low
severity or even unburned by dNBR. Lidar-derived C losses were also compared with
estimates based on the Canadian Model for Peatlands (CaMP) fire disturbance equations
under low and high Drought Code (DC) scenarios, which revealed peatland-, ecotone-, and
canopy-specific differences. In bogs, agreement was best under high DC conditions,
indicating that lidar-derived C losses were on the higher end of what modelled outputs
would suggest, while outputs from fens and swamps aligned better under low DC scenarios,
indicating that lidar-derived C losses in these peatland types were on the low end of what
models would suggest. This indicates that within the study area, bogs may have been

particularly vulnerable to combustion, and suggests that with climate change, bogs may
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experience even greater C losses, while fens and swamps may shift towards more bog-like

behaviour/combustion potential.

6.1.2 Collective Impact

Collectively, the results of this thesis indicate the importance of hydrological connectivity,
topography, vegetation structure, and anthropogenic disturbance patterns on peatland
resiliency or vulnerability to wildland fire (Chapters 2, 4, 5). Bogs and bog ecotones, which
are ombrogenous and therefore more susceptible to water table fluctuations, were the
peatland ecosystems that were most vulnerable to deep combustion and C losses. Fens and
swamps, on the other hand, which are geogenous and, in the case of swamps, at times fully
inundated with water, burned less deeply and had lower proportions of burned area
(Chapters 4, 5). Clear patterns emerged in which environmental drivers of combustion were
distinct across peatland types (Chapter 4), revealing how ecohydrological conditions and

context within the landscape influence patterns of combustion.

This thesis advances understanding of boreal peatland fire dynamics by quantifying
spatially explicit C losses and driving mechanisms. It reduces uncertainties in C loss
estimates at a high spatial resolution across hundreds of peatlands and provides indicators
of peatland vulnerability that can be measured remotely, and thus mapped, providing
important insights for modelling, monitoring, and managing peatland C losses in a

changing climate.

6.2 Recommendations and Outlook

Expanding upon the results generated within the scope of this thesis, several opportunities

emerge for further research in peatland-wildland fire research. Future work could further
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improve methodological approaches to measuring soil combustion, improve the robustness
of C loss estimates, and identify how drivers of peat combustion vary across space, time,
and fire intensity. Pre- and post-fire lidar data can be a powerful tool to overcome
methodological challenges in quantifying peat combustion, but because of the error that
can be introduced during lidar ground classification (Aguilar & Mills, 2008), developing
adaptable, transferable classification routines would improve accuracy while reducing time
and cost barriers of exploratory classifications. Expanding the combustion and C loss
analyses presented here to other fires and peatland complexes will improve generalizability
of findings and strengthen C loss estimates. Scaling models from lidar-derived C losses to
more readily accessible satellite-based datasets would also improve the transferability of
findings. Finally, expanded driver analyses across spatial and temporal scales would
improve robustness of findings and strengthen their transferability into terrestrial C models.
In addition to the scope of research, there is a need to utilise these findings in applied
contexts to identify and mitigate peatlands most vulnerable to deep combustion and

improve how peatland C losses are included in national C frameworks.
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APPENDICES

Supplementary material Chapter 3

Table S3.1. Ground classification results based on different laser pulse emission
wavelengths (Green, NIR, SWIR), software used, and the classification parameters,
described in Tables 1 and 2. Here I also show the difference in elevation (abs. avg. dz),
standard deviation of the returns, and root mean squared error (RMSE).
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Wavelength(s) Software Classification Land Points/m2 Abs.  St. RMSE

Cover Type Avg. Dev.
dz

SWIR TerraScan Burned 0.48 0.06 0.13 0.14

SWIR TerraScan Burned 0.48 0.04 0.16 0.17
High Regen

SWIR TerraScan 9 Burned 0.48 0.08 0.09 0.12
Low Regen

SWIR TerraScan Road 0.48 0.01 0.05 0.05

SWIR TerraScan Unburned  0.48 0.03 0.19 0.19

SWIR TerraScan 14 Burned 0.78 0.04 0.13 0.14

SWIR TerraScan 14 Burned 0.78 0.01 0.17 0.17
High Regen

SWIR TerraScan 14 Burned 0.78 0.06 0.09 0.11
Low Regen

SWIR TerraScan 14 Road 0.78 0.01 0.05 0.05

SWIR TerraScan 14 Unburned  0.78 0.06 0.19 0.20

SWIR TerraScan 19 Burned 1.07 0.01 0.13 0.13

SWIR TerraScan 19 Burned 1.07 0.01 0.17 0.17
High Regen

SWIR TerraScan 19 Burned 1.07 0.04 0.09 0.10
Low Regen

SWIR TerraScan 19 Road 1.07 0.01 0.05 0.05

SWIR TerraScan 19 Unburned 1.07 0.09 0.19 0.21

SWIR TerraScan 24 Burned 1.23 0.00 0.14 0.14

SWIR TerraScan 24 Burned 1.23 0.03 0.17 0.17
High Regen

SWIR TerraScan 24 Burned 1.23 0.03 0.09 0.10
Low Regen

SWIR TerraScan 24 Road 1.23 0.01 0.05 0.05

SWIR TerraScan 24 Unburned 1.23 0.10 0.19 0.21

SWIR TerraScan 1 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 1 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 1 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 1 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 1 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 2 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 2 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 2 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 2 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 2 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 3 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 3 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 3 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 3 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 3 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 4 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 4 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 4 Burned 0.85 0.06 0.09 0.11
Low Regen
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SWIR TerraScan 4 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 4 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 5 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 5 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 5 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 5 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 5 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 6 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 6 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 6 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 6 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 6 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 7 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 7 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 7 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 7 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 7 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 8 Burned 0.85 0.03 0.14 0.14

SWIR TerraScan 8 Burned 0.85 0.01 0.17 0.17
High Regen

SWIR TerraScan 8 Burned 0.85 0.06 0.09 0.11
Low Regen

SWIR TerraScan 8 Road 0.85 0.01 0.05 0.05

SWIR TerraScan 8 Unburned  0.85 0.07 0.19 0.20

SWIR TerraScan 10 Burned 0.48 0.06 0.13 0.14

SWIR TerraScan 10 Burned 0.48 0.04 0.16 0.17
High Regen

SWIR TerraScan 10 Burned 0.48 0.09 0.10 0.13
Low Regen

SWIR TerraScan 10 Road 0.48 0.01 0.05 0.05

SWIR TerraScan 10 Unburned  0.48 0.03 0.19 0.19

SWIR TerraScan 11 Burned 0.48 0.06 0.13 0.14

SWIR TerraScan 11 Burned 0.48 0.04 0.16 0.17
High Regen

SWIR TerraScan 11 Burned 0.48 0.08 0.09 0.12
Low Regen

SWIR TerraScan 11 Road 0.48 0.01 0.05 0.05

SWIR TerraScan 11 Unburned  0.48 0.03 0.19 0.19

SWIR TerraScan 12 Burned 0.48 0.06 0.13 0.14

SWIR TerraScan 12 Burned 0.48 0.04 0.16 0.17
High Regen

SWIR TerraScan 12 Burned 0.48 0.08 0.09 0.12
Low Regen

SWIR TerraScan 12 Road 0.48 0.01 0.05 0.05

SWIR TerraScan 12 Unburned  0.48 0.03 0.19 0.19
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SWIR TerraScan 13 Burned 0.48 0.06 0.13 0.14

SWIR TerraScan 13 Burned 0.48 0.04 0.16 0.17
High Regen

SWIR TerraScan 13 Burned 0.48 0.08 0.09 0.12
Low Regen

SWIR TerraScan 13 Road 0.48 0.01 0.05 0.05

SWIR TerraScan 13 Unburned  0.48 0.03 0.19 0.19

SWIR TerraScan 15 Burned 0.78 0.04 0.13 0.14

SWIR TerraScan 15 Burned 0.78 0.01 0.17 0.17
High Regen

SWIR TerraScan 15 Burned 0.78 0.06 0.09 0.11
Low Regen

SWIR TerraScan 15 Road 0.78 0.01 0.05 0.05

SWIR TerraScan 15 Unburned  0.78 0.06 0.19 0.20

SWIR TerraScan 16 Burned 0.78 0.04 0.13 0.14

SWIR TerraScan 16 Burned 0.78 0.01 0.17 0.17
High Regen

SWIR TerraScan 16 Burned 0.78 0.06 0.09 0.11
Low Regen

SWIR TerraScan 16 Road 0.78 0.01 0.05 0.05

SWIR TerraScan 16 Unburned  0.78 0.06 0.19 0.20

SWIR TerraScan 17 Burned 0.78 0.04 0.13 0.14

SWIR TerraScan 17 Burned 0.78 0.01 0.17 0.17
High Regen

SWIR TerraScan 17 Burned 0.78 0.06 0.09 0.11
Low Regen

SWIR TerraScan 17 Road 0.78 0.01 0.05 0.05

SWIR TerraScan 17 Unburned  0.78 0.06 0.19 0.20

SWIR TerraScan 18 Burned 0.78 0.04 0.13 0.14

SWIR TerraScan 18 Burned 0.78 0.01 0.17 0.17
High Regen

SWIR TerraScan 18 Burned 0.78 0.06 0.09 0.11
Low Regen

SWIR TerraScan 18 Road 0.78 0.01 0.05 0.05

SWIR TerraScan 18 Unburned  0.78 0.06 0.19 0.20

SWIR TerraScan 20 Burned 1.07 0.01 0.13 0.14

SWIR TerraScan 20 Burned 1.07 0.01 0.17 0.17
High Regen

SWIR TerraScan 20 Burned 1.07 0.04 0.09 0.10
Low Regen

SWIR TerraScan 20 Road 1.07 0.01 0.05 0.05

SWIR TerraScan 20 Unburned 1.07 0.09 0.19 0.21

SWIR TerraScan 21 Burned 1.07 0.01 0.13 0.13

SWIR TerraScan 21 Burned 1.07 0.01 0.17 0.17
High Regen

SWIR TerraScan 21 Burned 1.07 0.04 0.09 0.10
Low Regen

SWIR TerraScan 21 Road 1.07 0.01 0.05 0.05

SWIR TerraScan 21 Unburned 1.07 0.09 0.19 0.21

SWIR TerraScan 22 Burned 1.07 0.02 0.13 0.13

SWIR TerraScan 22 Burned 1.07 0.01 0.17 0.17
High Regen
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SWIR TerraScan 22 Burned 1.07 0.04 0.09 0.10
Low Regen

SWIR TerraScan 22 Road 1.07 0.01 0.05 0.05

SWIR TerraScan 22 Unburned 1.07 0.09 0.19 0.21

SWIR TerraScan 23 Burned 1.07 0.02 0.13 0.13

SWIR TerraScan 23 Burned 1.07 0.01 0.17 0.17
High Regen

SWIR TerraScan 23 Burned 1.07 0.04 0.09 0.10
Low Regen

SWIR TerraScan 23 Road 1.07 0.01 0.05 0.05

SWIR TerraScan 23 Unburned 1.07 0.09 0.19 0.21

SWIR TerraScan 25 Burned 1.23 0.00 0.14 0.14

SWIR TerraScan 25 Burned 1.23 0.03 0.17 0.18
High Regen

SWIR TerraScan 25 Burned 1.23 0.03 0.09 0.10
Low Regen

SWIR TerraScan 25 Road 1.23 0.01 0.05 0.05

SWIR TerraScan 25 Unburned 1.23 0.10 0.19 0.22

SWIR TerraScan 26 Burned 1.23 0.00 0.14 0.14

SWIR TerraScan 26 Burned 1.23 0.03 0.17 0.17
High Regen

SWIR TerraScan 26 Burned 1.23 0.03 0.09 0.10
Low Regen

SWIR TerraScan 26 Road 1.23 0.01 0.05 0.05

SWIR TerraScan 26 Unburned 1.23 0.10 0.19 0.21

SWIR TerraScan 27 Burned 1.23 0.00 0.14 0.14

SWIR TerraScan 27 Burned 1.23 0.03 0.17 0.17
High Regen

SWIR TerraScan 27 Burned 1.23 0.03 0.09 0.10
Low Regen

SWIR TerraScan 27 Road 1.23 0.01 0.05 0.05

SWIR TerraScan 27 Unburned 1.23 0.10 0.19 0.21

SWIR TerraScan 28 Burned 1.23 0.00 0.14 0.14

SWIR TerraScan 28 Burned 1.23 0.03 0.17 0.17
High Regen

SWIR TerraScan 28 Burned 1.23 0.03 0.09 0.10
Low Regen

SWIR TerraScan 28 Road 1.23 0.01 0.05 0.05

SWIR TerraScan 28 Unburned 1.23 0.10 0.19 0.21

SWIR & NIR TerraScan Burned 0.59 0.07 0.13 0.15

SWIR & NIR TerraScan 9 Burned 0.59 0.05 0.17 0.17
High Regen

SWIR & NIR TerraScan 9 Burned 0.59 0.09 0.10 0.14
Low Regen

SWIR & NIR TerraScan Road 0.59 0.02 0.05 0.05

SWIR & NIR TerraScan Unburned 0.59 0.01 0.20 0.19

SWIR & NIR TerraScan 14 Burned 1.03 0.04 0.13 0.14

SWIR & NIR TerraScan 14 Burned 1.03 0.02 0.16 0.16
High Regen

SWIR & NIR TerraScan 14 Burned 1.03 0.07 0.10 0.12
Low Regen

SWIR & NIR TerraScan 14 Road 1.03 0.01 0.05 0.05
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SWIR & NIR TerraScan 14 Unburned 1.03 0.05 0.19 0.20

SWIR & NIR TerraScan 19 Burned 1.54 0.02 0.13 0.13

SWIR & NIR TerraScan 19 Burned 1.54 0.00 0.17 0.17
High Regen

SWIR & NIR TerraScan 19 Burned 1.54 0.05 0.09 0.10
Low Regen

SWIR & NIR TerraScan 19 Road 1.54 0.01 0.05 0.05

SWIR & NIR TerraScan 19 Unburned 1.54 0.08 0.19 0.20

SWIR & NIR TerraScan 24 Burned 1.88 0.01 0.13 0.13

SWIR & NIR TerraScan 24 Burned 1.88 0.02 0.17 0.17
High Regen

SWIR & NIR TerraScan 24 Burned 1.88 0.04 0.09 0.10
Low Regen

SWIR & NIR TerraScan 24 Road 1.88 0.00 0.04 0.04

SWIR & NIR TerraScan 24 Unburned  1.88 0.09 0.19 0.21

SWIR & NIR TerraScan 1 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 1 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 1 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 1 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 1 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 2 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 2 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 2 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 2 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 2 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 3 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 3 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 3 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 3 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 3 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 4 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 4 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 4 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 4 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 4 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 5 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 5 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 5 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 5 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 5 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 6 Burned 1.15 0.04 0.13 0.14
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SWIR & NIR TerraScan 6 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 6 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 6 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 6 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 7 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 7 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 7 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 7 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 7 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 8 Burned 1.15 0.04 0.13 0.14

SWIR & NIR TerraScan 8 Burned 1.15 0.01 0.16 0.16
High Regen

SWIR & NIR TerraScan 8 Burned 1.15 0.06 0.10 0.11
Low Regen

SWIR & NIR TerraScan 8 Road 1.15 0.00 0.04 0.04

SWIR & NIR TerraScan 8 Unburned 1.15 0.06 0.19 0.20

SWIR & NIR TerraScan 10 Burned 0.59 0.07 0.13 0.15

SWIR & NIR TerraScan 10 Burned 0.59 0.05 0.17 0.17
High Regen

SWIR & NIR TerraScan 10 Burned 0.59 0.09 0.10 0.14
Low Regen

SWIR & NIR TerraScan 10 Road 0.59 0.02 0.05 0.05

SWIR & NIR TerraScan 10 Unburned 0.59 0.01 0.19 0.19

SWIR & NIR TerraScan 11 Burned 0.59 0.07 0.13 0.15

SWIR & NIR TerraScan 11 Burned 0.59 0.05 0.17 0.17
High Regen

SWIR & NIR TerraScan 11 Burned 0.59 0.09 0.10 0.14
Low Regen

SWIR & NIR TerraScan 11 Road 0.59 0.02 0.05 0.05

SWIR & NIR TerraScan 11 Unburned 0.59 0.01 0.20 0.19

SWIR & NIR TerraScan 12 Burned 0.59 0.07 0.13 0.15

SWIR & NIR TerraScan 12 Burned 0.59 0.05 0.17 0.17
High Regen

SWIR & NIR TerraScan 12 Burned 0.59 0.09 0.10 0.14
Low Regen

SWIR & NIR TerraScan 12 Road 0.59 0.02 0.05 0.05

SWIR & NIR TerraScan 12 Unburned 0.59 0.01 0.20 0.19

SWIR & NIR TerraScan 13 Burned 0.59 0.07 0.13 0.15

SWIR & NIR TerraScan 13 Burned 0.59 0.05 0.17 0.17
High Regen

SWIR & NIR TerraScan 13 Burned 0.59 0.09 0.10 0.14
Low Regen

SWIR & NIR TerraScan 13 Road 0.59 0.02 0.05 0.05

SWIR & NIR TerraScan 13 Unburned 0.59 0.01 0.20 0.19

SWIR & NIR TerraScan 15 Burned 1.04 0.04 0.13 0.14

SWIR & NIR TerraScan 15 Burned 1.04 0.02 0.16 0.16
High Regen
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SWIR & NIR TerraScan 15 Burned 1.04 0.07 0.10 0.12
Low Regen

SWIR & NIR TerraScan 15 Road 1.04 0.01 0.05 0.05

SWIR & NIR TerraScan 15 Unburned 1.04 0.05 0.19 0.20

SWIR & NIR TerraScan 16 Burned 1.03 0.04 0.14 0.13

SWIR & NIR TerraScan 16 Burned 1.03 0.02 0.16 0.16
High Regen

SWIR & NIR TerraScan 16 Burned 1.03 0.07 0.10 0.12
Low Regen

SWIR & NIR TerraScan 16 Road 1.03 0.01 0.05 0.05

SWIR & NIR TerraScan 16 Unburned 1.03 0.05 0.19 0.20

SWIR & NIR TerraScan 17 Burned 1.03 0.04 0.13 0.14

SWIR & NIR TerraScan 17 Burned 1.03 0.02 0.16 0.16
High Regen

SWIR & NIR TerraScan 17 Burned 1.03 0.07 0.10 0.12
Low Regen

SWIR & NIR TerraScan 17 Road 1.03 0.01 0.05 0.05

SWIR & NIR TerraScan 17 Unburned 1.03 0.05 0.19 0.20

SWIR & NIR TerraScan 18 Burned 1.03 0.04 0.13 0.14

SWIR & NIR TerraScan 18 Burned 1.03 0.02 0.16 0.16
High Regen

SWIR & NIR TerraScan 18 Burned 1.03 0.07 0.10 0.12
Low Regen

SWIR & NIR TerraScan 18 Road 1.03 0.01 0.05 0.05

SWIR & NIR TerraScan 18 Unburned 1.03 0.05 0.19 0.20

SWIR & NIR TerraScan 20 Burned 1.54 0.02 0.13 0.13

SWIR & NIR TerraScan 20 Burned 1.54 0.00 0.17 0.16
High Regen

SWIR & NIR TerraScan 20 Burned 1.54 0.05 0.09 0.10
Low Regen

SWIR & NIR TerraScan 20 Road 1.54 0.00 0.04 0.04

SWIR & NIR TerraScan 20 Unburned 1.54 0.08 0.19 0.20

SWIR & NIR TerraScan 21 Burned 1.54 0.02 0.13 0.13

SWIR & NIR TerraScan 21 Burned 1.54 0.00 0.17 0.17
High Regen

SWIR & NIR TerraScan 21 Burned 1.54 0.05 0.09 0.10
Low Regen

SWIR & NIR TerraScan 21 Road 1.54 0.01 0.05 0.05

SWIR & NIR TerraScan 21 Unburned 1.54 0.08 0.19 0.20

SWIR & NIR TerraScan 22 Burned 1.54 0.02 0.13 0.13

SWIR & NIR TerraScan 22 Burned 1.54 0.00 0.17 0.17
High Regen

SWIR & NIR TerraScan 22 Burned 1.54 0.05 0.09 0.10
Low Regen

SWIR & NIR TerraScan 22 Road 1.54 0.01 0.05 0.05

SWIR & NIR TerraScan 22 Unburned 1.54 0.08 0.19 0.20

SWIR & NIR TerraScan 23 Burned 1.54 0.02 0.13 0.13

SWIR & NIR TerraScan 23 Burned 1.54 0.00 0.17 0.17
High Regen

SWIR & NIR TerraScan 23 Burned 1.54 0.05 0.09 0.10
Low Regen

SWIR & NIR TerraScan 23 Road 1.54 0.01 0.05 0.05
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SWIR & NIR TerraScan 23 Unburned 1.54 0.08 0.19 0.20

SWIR & NIR TerraScan 25 Burned 1.88 0.00 0.13 0.13

SWIR & NIR TerraScan 25 Burned 1.88 0.02 0.17 0.17
High Regen

SWIR & NIR TerraScan 25 Burned 1.88 0.04 0.09 0.10
Low Regen

SWIR & NIR TerraScan 25 Road 1.88 0.00 0.04 0.04

SWIR & NIR TerraScan 25 Unburned  1.88 0.09 0.19 0.21

SWIR & NIR TerraScan 26 Burned 1.88 0.00 0.13 0.13

SWIR & NIR TerraScan 26 Burned 1.88 0.02 0.17 0.17
High Regen

SWIR & NIR TerraScan 26 Burned 1.88 0.04 0.09 0.10
Low Regen

SWIR & NIR TerraScan 26 Road 1.88 0.00 0.04 0.04

SWIR & NIR TerraScan 26 Unburned  1.88 0.09 0.19 0.21

SWIR & NIR TerraScan 27 Burned 1.88 0.01 0.13 0.13

SWIR & NIR TerraScan 27 Burned 1.88 0.02 0.17 0.17
High Regen

SWIR & NIR TerraScan 27 Burned 1.88 0.04 0.09 0.10
Low Regen

SWIR & NIR TerraScan 27 Road 1.88 0.00 0.04 0.04

SWIR & NIR TerraScan 27 Unburned  1.88 0.09 0.19 0.21

SWIR & NIR TerraScan 28 Burned 1.88 0.01 0.13 0.13

SWIR & NIR TerraScan 28 Burned 1.88 0.02 0.17 0.17
High Regen

SWIR & NIR TerraScan 28 Burned 1.88 0.04 0.09 0.10
Low Regen

SWIR & NIR TerraScan 28 Road 1.88 0.00 0.04 0.04

SWIR & NIR TerraScan 28 Unburned  1.88 0.09 0.19 0.21

SWIR, NIR & TerraScan 9 Burned 0.64 0.07 0.13 0.15

Visible

SWIR, NIR & TerraScan 9 Burned 0.64 0.05 0.17 0.17

Visible High Regen

SWIR, NIR & TerraScan 9 Burned 0.64 0.09 0.10 0.14

Visible Low Regen

SWIR, NIR & TerraScan 9 Road 0.64 0.01 0.04 0.05

Visible

SWIR, NIR & TerraScan 9 Unburned  0.64 0.01 0.19 0.19

Visible

SWIR, NIR & TerraScan 14 Burned 1.16 0.04 0.13 0.14

Visible

SWIR, NIR & TerraScan 14 Burned 1.16 0.02 0.16 0.17

Visible High Regen

SWIR, NIR & TerraScan 14 Burned 1.16 0.07 0.10 0.12

Visible Low Regen

SWIR, NIR & TerraScan 14 Road 1.16 0.01 0.04 0.05

Visible
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SWIR, NIR & TerraScan 14 Unburned 1.16 0.05 0.19 0.19
Visible

SWIR, NIR & TerraScan 19 Burned 1.80 0.02 0.13 0.13
Visible

SWIR, NIR & TerraScan 19 Burned 1.80 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 19 Burned 1.80 0.04 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 19 Road 1.80 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 19 Unburned 1.80 0.08 0.19 0.20
Visible

SWIR, NIR & TerraScan 24 Burned 2.27 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 24 Burned 2.27 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 24 Burned 2.27 0.03 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 24 Road 2.27 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 24 Unburned 2.27 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 1 Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan 1 Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 1 Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan 1 Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 1 Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan 2 Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan 2 Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 2 Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan 2 Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 2 Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan 3 Burned 1.31 0.03 0.13 0.14
Visible
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SWIR, NIR & TerraScan Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan Unburned  1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan Unburned  1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan Burned 1.31 0.06 0.10 0.11
Visible Low Regen
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SWIR, NIR & TerraScan 7 Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 7 Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan 8 Burned 1.31 0.03 0.13 0.14
Visible

SWIR, NIR & TerraScan 8 Burned 1.31 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 8 Burned 1.31 0.06 0.10 0.11
Visible Low Regen

SWIR, NIR & TerraScan 8 Road 1.31 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 8 Unburned 1.31 0.06 0.19 0.20
Visible

SWIR, NIR & TerraScan 10 Burned 0.64 0.07 0.13 0.15
Visible

SWIR, NIR & TerraScan 10 Burned 0.64 0.05 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 10 Burned 0.64 0.09 0.10 0.14
Visible Low Regen

SWIR, NIR & TerraScan 10 Road 0.64 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 10 Unburned  0.64 0.01 0.19 0.19
Visible

SWIR, NIR & TerraScan 11 Burned 0.64 0.07 0.13 0.15
Visible

SWIR, NIR & TerraScan 11 Burned 0.64 0.05 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 11 Burned 0.64 0.09 0.10 0.14
Visible Low Regen

SWIR, NIR & TerraScan 11 Road 0.64 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 11 Unburned 0.64 0.01 0.20 0.19
Visible

SWIR, NIR & TerraScan 12 Burned 0.64 0.07 0.13 0.15
Visible

SWIR, NIR & TerraScan 12 Burned 0.64 0.05 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 12 Burned 0.64 0.09 0.10 0.14
Visible Low Regen

SWIR, NIR & TerraScan 12 Road 0.64 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 12 Unburned 0.64 0.01 0.19 0.19
Visible
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SWIR, NIR & TerraScan 13 Burned 0.64 0.07 0.13 0.15
Visible

SWIR, NIR & TerraScan 13 Burned 0.64 0.05 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 13 Burned 0.64 0.09 0.10 0.14
Visible Low Regen

SWIR, NIR & TerraScan 13 Road 0.64 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 13 Unburned 0.64 0.01 0.19 0.19
Visible

SWIR, NIR & TerraScan 15 Burned 1.17 0.04 0.13 0.14
Visible

SWIR, NIR & TerraScan 15 Burned 1.17 0.02 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 15 Burned 1.17 0.07 0.10 0.12
Visible Low Regen

SWIR, NIR & TerraScan 15 Road 1.17 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 15 Unburned 1.17 0.05 0.19 0.20
Visible

SWIR, NIR & TerraScan 16 Burned 1.16 0.04 0.13 0.14
Visible

SWIR, NIR & TerraScan 16 Burned 1.16 0.02 0.17 0.16
Visible High Regen

SWIR, NIR & TerraScan 16 Burned 1.16 0.07 0.10 0.12
Visible Low Regen

SWIR, NIR & TerraScan 16 Road 1.16 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 16 Unburned 1.16 0.05 0.19 0.19
Visible

SWIR, NIR & TerraScan 17 Burned 1.16 0.04 0.13 0.14
Visible

SWIR, NIR & TerraScan 17 Burned 1.16 0.02 0.16 0.17
Visible High Regen

SWIR, NIR & TerraScan 17 Burned 1.16 0.07 0.10 0.12
Visible Low Regen

SWIR, NIR & TerraScan 17 Road 1.16 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 17 Unburned 1.16 0.05 0.19 0.19
Visible

SWIR, NIR & TerraScan 18 Burned 1.16 0.04 0.13 0.14
Visible

SWIR, NIR & TerraScan 18 Burned 1.16 0.02 0.17 0.17
Visible High Regen
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SWIR, NIR & TerraScan 18 Burned 1.16 0.07 0.10 0.12
Visible Low Regen

SWIR, NIR & TerraScan 18 Road 1.16 0.01 0.04 0.05
Visible

SWIR, NIR & TerraScan 18 Unburned 1.16 0.05 0.19 0.19
Visible

SWIR, NIR & TerraScan 20 Burned 1.81 0.02 0.13 0.13
Visible

SWIR, NIR & TerraScan 20 Burned 1.81 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 20 Burned 1.81 0.04 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 20 Road 1.81 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 20 Unburned 1.81 0.08 0.19 0.20
Visible

SWIR, NIR & TerraScan 21 Burned 1.80 0.02 0.13 0.13
Visible

SWIR, NIR & TerraScan 21 Burned 1.80 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 21 Burned 1.80 0.04 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 21 Road 1.80 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 21 Unburned 1.80 0.08 0.19 0.20
Visible

SWIR, NIR & TerraScan 22 Burned 1.80 0.02 0.13 0.13
Visible

SWIR, NIR & TerraScan 22 Burned 1.80 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 22 Burned 1.80 0.04 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 22 Road 1.80 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 22 Unburned  1.80 0.08 0.19 0.20
Visible

SWIR, NIR & TerraScan 23 Burned 1.80 0.02 0.13 0.13
Visible

SWIR, NIR & TerraScan 23 Burned 1.80 0.01 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 23 Burned 1.80 0.04 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 23 Road 1.80 0.01 0.05 0.05
Visible
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SWIR, NIR & TerraScan 23 Unburned 1.80 0.08 0.19 0.20
Visible

SWIR, NIR & TerraScan 25 Burned 2.27 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 25 Burned 2.27 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 25 Burned 2.27 0.03 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 25 Road 2.27 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 25 Unburned 2.27 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 26 Burned 2.27 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 26 Burned 2.27 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 26 Burned 2.27 0.03 0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 26 Road 2.27 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 26 Unburned 2.27 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 27 Burned 2.27 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 27 Burned 2.27 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 27 Burned 2.27 0.03  0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 27 Road 2.27 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 27 Unburned 2.27 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 33 Burned 2.26 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 33 Burned 2.26 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 33 Burned 2.26 0.03  0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 33 Road 2.26 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 33 Unburned 2.26 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 34 Burned 1.05 0.03 0.13 0.13
Visible
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SWIR, NIR & TerraScan 34 Burned 1.05 0.00 0.17 0.17
Visible High Regen

SWIR, NIR & TerraScan 34 Burned 1.05 0.06 0.09 0.11
Visible Low Regen

SWIR, NIR & TerraScan 34 Road 1.05 0.02 0.05 0.05
Visible

SWIR, NIR & TerraScan 34 Unburned 1.05 0.07 0.19 0.20
Visible

SWIR, NIR & TerraScan 35 Burned 0.22 0.09 0.13 0.16
Visible

SWIR, NIR & TerraScan 35 Burned 0.22 0.07 0.16 0.18
Visible High Regen

SWIR, NIR & TerraScan 35 Burned 0.22 0.11  0.10 0.15
Visible Low Regen

SWIR, NIR & TerraScan 35 Road 0.22 0.02 0.04 0.05
Visible

SWIR, NIR & TerraScan 35 Unburned  0.22 0.01 0.20 0.20
Visible

SWIR, NIR & TerraScan 36 Burned 2.27 0.00 0.14 0.14
Visible

SWIR, NIR & TerraScan 36 Burned 2.27 0.03 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 36 Burned 2.27 0.03  0.09 0.10
Visible Low Regen

SWIR, NIR & TerraScan 36 Road 2.27 0.01 0.05 0.05
Visible

SWIR, NIR & TerraScan 36 Unburned 2.27 0.09 0.19 0.21
Visible

SWIR, NIR & TerraScan 29 Burned 4.06 0.04 0.14 0.15
Visible

SWIR, NIR & TerraScan 29 Burned 4.06 0.07 0.17 0.19
Visible High Regen

SWIR, NIR & TerraScan 29 Burned 4.06 0.01 0.09 0.09
Visible Low Regen

SWIR, NIR & TerraScan 29 Road 4.06 0.00 0.05 0.05
Visible

SWIR, NIR & TerraScan 29 Unburned 4.06 0.14 0.21 0.25
Visible

SWIR, NIR & TerraScan 30 Burned 3.94 0.04 0.14 0.15
Visible

SWIR, NIR & TerraScan 30 Burned 3.94 0.06 0.17 0.18
Visible High Regen

SWIR, NIR & TerraScan 30 Burned 3.94 0.01 0.09 0.09
Visible Low Regen
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SWIR, NIR & TerraScan 30 Road 3.94 0.00 0.05 0.05

Visible

SWIR, NIR & TerraScan 30 Unburned 3.94 0.13 0.21 0.25

Visible

SWIR, NIR & TerraScan 31 Burned 3.32 0.03 0.14 0.14

Visible

SWIR, NIR & TerraScan 31 Burned 3.32 0.05 0.17 0.18

Visible High Regen

SWIR, NIR & TerraScan 31 Burned 3.32 0.01 0.09 0.09

Visible Low Regen

SWIR, NIR & TerraScan 31 Road 3.32 0.01 0.05 0.05

Visible

SWIR, NIR & TerraScan 31 Unburned 3.32 0.12 0.20 0.23

Visible

SWIR, NIR & TerraScan 32 Burned 1.53 0.03 0.13 0.13

Visible

SWIR, NIR & TerraScan 32 Burned 1.53 0.01 0.16 0.16

Visible High Regen

SWIR, NIR & TerraScan 32 Burned 1.53 0.05 0.09 0.11

Visible Low Regen

SWIR, NIR & TerraScan 32 Road 1.53 0.01 0.04 0.05

Visible

SWIR, NIR & TerraScan 32 Unburned 1.53 0.07 0.19 0.20

Visible

SWIR, NIR & TerraScan 28 Burned 2.27 0.00 0.14 0.14

Visible

SWIR, NIR & TerraScan 28 Burned 2.27 0.03 0.17 0.18

Visible High Regen

SWIR, NIR & TerraScan 28 Burned 2.27 0.03 0.09 0.10

Visible Low Regen

SWIR, NIR & TerraScan 28 Road 2.27 0.01 0.05 0.05

Visible

SWIR, NIR & TerraScan 28 Unburned 2.27 0.09 0.19 0.21

Visible

NIR TerraScan Burned 0.46 0.05 0.14 0.14

NIR TerraScan Burned 0.46 0.03 0.16 0.16
High Regen

NIR TerraScan 9 Burned 0.46 0.07 0.11 0.13
Low Regen

NIR TerraScan Road 0.46 0.00 0.04 0.04

NIR TerraScan Unburned 0.46 0.04 0.20 0.20

NIR TerraScan 14 Burned 0.75 0.02 0.13 0.13

NIR TerraScan 14 Burned 0.75 0.00 0.17 0.17
High Regen

NIR TerraScan 14 Burned 0.75 0.05 0.10 0.11
Low Regen
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NIR TerraScan 14 Road 0.75 0.00 0.04 0.04

NIR TerraScan 14 Unburned  0.75 0.06 0.20 0.21

NIR TerraScan 19 Burned 1.03 0.01 0.14 0.14

NIR TerraScan 19 Burned 1.03 0.03 0.16 0.17
High Regen

NIR TerraScan 19 Burned 1.03 0.03 0.10 0.10
Low Regen

NIR TerraScan 19 Road 1.03 0.00 0.04 0.04

NIR TerraScan 19 Unburned 1.03 0.09 0.20 0.22

NIR TerraScan 24 Burned 1.20 0.01 0.14 0.14

NIR TerraScan 24 Burned 1.20 0.04 0.17 0.18
High Regen

NIR TerraScan 24 Burned 1.20 0.02 0.10 0.10
Low Regen

NIR TerraScan 24 Road 1.20 0.00 0.04 0.04

NIR TerraScan 24 Unburned 1.20 0.11 0.19 0.22

NIR TerraScan 1 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 1 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 1 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 1 Road 0.82 0.00 0.04 0.04

NIR TerraScan 1 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 2 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 2 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 2 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 2 Road 0.82 0.00 0.04 0.04

NIR TerraScan 2 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 3 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 3 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 3 Road 0.82 0.00 0.04 0.04

NIR TerraScan 3 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 4 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 4 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 4 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 4 Road 0.82 0.00 0.04 0.04

NIR TerraScan 4 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 5 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 5 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 5 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 5 Road 0.82 0.00 0.04 0.04

NIR TerraScan 5 Unburned  0.82 0.07 0.20 0.21
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NIR TerraScan 6 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 6 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 6 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 6 Road 0.82 0.00 0.04 0.04

NIR TerraScan 6 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 7 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 7 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 7 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 7 Road 0.82 0.00 0.04 0.04

NIR TerraScan 7 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 8 Burned 0.82 0.02 0.13 0.14

NIR TerraScan 8 Burned 0.82 0.01 0.17 0.17
High Regen

NIR TerraScan 8 Burned 0.82 0.05 0.10 0.11
Low Regen

NIR TerraScan 8 Road 0.82 0.00 0.04 0.04

NIR TerraScan 8 Unburned  0.82 0.07 0.20 0.21

NIR TerraScan 10 Burned 0.46 0.05 0.14 0.15

NIR TerraScan 10 Burned 0.46 0.03 0.16 0.16
High Regen

NIR TerraScan 10 Burned 0.46 0.07 0.11 0.13
Low Regen

NIR TerraScan 10 Road 0.46 0.00 0.04 0.04

NIR TerraScan 10 Unburned 0.46 0.03 0.19 0.19

NIR TerraScan 11 Burned 0.46 0.05 0.14 0.15

NIR TerraScan 11 Burned 0.46 0.03 0.16 0.16
High Regen

NIR TerraScan 11 Burned 0.46 0.07 0.11 0.13
Low Regen

NIR TerraScan 11 Road 0.46 0.00 0.04 0.04

NIR TerraScan 11 Unburned 0.46 0.04 0.20 0.20

NIR TerraScan 12 Burned 0.46 0.05 0.14 0.14

NIR TerraScan 12 Burned 0.46 0.03 0.16 0.16
High Regen

NIR TerraScan 12 Burned 0.46 0.07 0.11 0.13
Low Regen

NIR TerraScan 12 Road 0.46 0.00 0.04 0.04

NIR TerraScan 12 Unburned 0.46 0.04 0.20 0.20

NIR TerraScan 13 Burned 0.46 0.05 0.14 0.14

NIR TerraScan 13 Burned 0.46 0.03 0.16 0.16
High Regen

NIR TerraScan 13 Burned 0.46 0.07 0.11 0.13
Low Regen

NIR TerraScan 13 Road 0.46 0.00 0.04 0.04

NIR TerraScan 13 Unburned 0.46 0.04 0.20 0.20

NIR TerraScan 15 Burned 0.75 0.02 0.13 0.13

NIR TerraScan 15 Burned 0.75 0.00 0.17 0.17
High Regen
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NIR TerraScan 15 Burned 0.75 0.05 0.10 0.11
Low Regen

NIR TerraScan 15 Road 0.75 0.00 0.04 0.04

NIR TerraScan 15 Unburned 0.75 0.06 0.20 0.21

NIR TerraScan 16 Burned 0.75 0.02 0.13 0.13

NIR TerraScan 16 Burned 0.75 0.00 0.17 0.17
High Regen

NIR TerraScan 16 Burned 0.75 0.05 0.10 0.11
Low Regen

NIR TerraScan 16 Road 0.75 0.00 0.04 0.04

NIR TerraScan 16 Unburned 0.75 0.06 0.20 0.21

NIR TerraScan 17 Burned 0.75 0.02 0.13 0.13

NIR TerraScan 17 Burned 0.75 0.00 0.17 0.17
High Regen

NIR TerraScan 17 Burned 0.75 0.05 0.10 0.11
Low Regen

NIR TerraScan 17 Road 0.75 0.00 0.04 0.04

NIR TerraScan 17 Unburned 0.75 0.06 0.20 0.21

NIR TerraScan 18 Burned 0.75 0.02 0.13 0.13

NIR TerraScan 18 Burned 0.75 0.00 0.17 0.17
High Regen

NIR TerraScan 18 Burned 0.75 0.05 0.10 0.11
Low Regen

NIR TerraScan 18 Road 0.75 0.00 0.04 0.04

NIR TerraScan 18 Unburned 0.75 0.06 0.20 0.21

NIR TerraScan 20 Burned 1.03 0.00 0.14 0.14

NIR TerraScan 20 Burned 1.03 0.03 0.16 0.17
High Regen

NIR TerraScan 20 Burned 1.03 0.03 0.10 0.10
Low Regen

NIR TerraScan 20 Road 1.03 0.00 0.04 0.04

NIR TerraScan 20 Unburned 1.03 0.09 0.20 0.22

NIR TerraScan 21 Burned 1.03 0.00 0.14 0.14

NIR TerraScan 21 Burned 1.03 0.03 0.16 0.17
High Regen

NIR TerraScan 21 Burned 1.03 0.03 0.10 0.10
Low Regen

NIR TerraScan 21 Road 1.03 0.00 0.04 0.04

NIR TerraScan 21 Unburned 1.03 0.09 0.20 0.22

NIR TerraScan 22 Burned 1.03 0.00 0.14 0.14

NIR TerraScan 22 Burned 1.03 0.03 0.16 0.17
High Regen

NIR TerraScan 22 Burned 1.03 0.03 0.10 0.10
Low Regen

NIR TerraScan 22 Road 1.03 0.00 0.04 0.04

NIR TerraScan 22 Unburned 1.03 0.09 0.20 0.22

NIR TerraScan 24 Burned 1.03 0.00 0.14 0.14

NIR TerraScan 23 Burned 1.03 0.03 0.16 0.17
High Regen

NIR TerraScan 23 Burned 1.03 0.03 0.10 0.10
Low Regen

NIR TerraScan 23 Road 1.03 0.00 0.04 0.04
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NIR TerraScan 23 Unburned 1.03 0.09 0.20 0.22

NIR TerraScan 25 Burned 1.20 0.01 0.14 0.14

NIR TerraScan 25 Burned 1.20 0.04 0.17 0.18
High Regen

NIR TerraScan 25 Burned 1.20 0.02 0.10 0.10
Low Regen

NIR TerraScan 25 Road 1.20 0.00 0.04 0.04

NIR TerraScan 25 Unburned 1.20 0.11 0.19 0.22

NIR TerraScan 26 Burned 1.20 0.01 0.14 0.14

NIR TerraScan 26 Burned 1.20 0.04 0.17 0.18
High Regen

NIR TerraScan 26 Burned 1.20 0.02 0.10 0.10
Low Regen

NIR TerraScan 26 Road 1.20 0.00 0.04 0.04

NIR TerraScan 26 Unburned 1.20 0.11 0.19 0.22

NIR TerraScan 27 Burned 1.20 0.01 0.14 0.14

NIR TerraScan 27 Burned 1.20 0.04 0.17 0.18
High Regen

NIR TerraScan 27 Burned 1.20 0.02 0.10 0.10
Low Regen

NIR TerraScan 27 Road 1.20 0.00 0.04 0.04

NIR TerraScan 27 Unburned 1.20 0.11 0.19 0.22

NIR TerraScan 28 Burned 1.20 0.01 0.14 0.14

NIR TerraScan 28 Burned 1.20 0.04 0.17 0.18
High Regen

NIR TerraScan 28 Burned 1.20 0.02 0.10 0.10
Low Regen

NIR TerraScan 28 Road 1.20 0.00 0.04 0.04

NIR TerraScan 28 Unburned 1.20 0.11 0.19 0.22

Visible TerraScan 9 Burned 0.53 0.00 0.14 0.14

Visible TerraScan Burned 0.53 0.03 0.17 0.17
High Regen

Visible TerraScan 9 Burned 0.53 0.03 0.10 0.10
Low Regen

Visible TerraScan Road 0.53 0.01 0.05 0.05

Visible TerraScan 9 Unburned  0.53 0.11  0.19 0.22

Visible TerraScan 14 Burned 0.86 0.03 0.13 0.14

Visible TerraScan 14 Burned 0.86 0.06 0.17 0.18
High Regen

Visible TerraScan 14 Burned 0.86 0.00 0.09 0.09
Low Regen

Visible TerraScan 14 Road 0.86 0.01 0.05 0.05

Visible TerraScan 14 Unburned 0.86 0.14 0.19 0.24

Visible TerraScan 19 Burned 1.12 0.05 0.14 0.15

Visible TerraScan 19 Burned 1.12 0.07 0.17 0.18
High Regen

Visible TerraScan 19 Burned 1.12 0.02 0.09 0.09
Low Regen

Visible TerraScan 19 Road 1.12 0.01 0.05 0.05

Visible TerraScan 19 Unburned 1.12 0.16 0.20 0.25

Visible TerraScan 24 Burned 1.23 0.05 0.14 0.15
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Visible TerraScan 24 Burned 1.23 0.08 0.17 0.19
High Regen

Visible TerraScan 24 Burned 1.23 0.02 0.09 0.09
Low Regen

Visible TerraScan 24 Road 1.23 0.01 0.05 0.05

Visible TerraScan 24 Unburned 1.23 0.17 0.20 0.26

Visible TerraScan 1 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 1 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 1 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 1 Road 0.93 0.01  0.05 0.05

Visible TerraScan 1 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 2 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 2 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 2 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 2 Road 0.93 0.01 0.05 0.05

Visible TerraScan 2 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 3 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 3 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 3 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 3 Road 0.93 0.01 0.05 0.05

Visible TerraScan 3 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 4 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 4 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 4 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 4 Road 0.93 0.01 0.05 0.05

Visible TerraScan 4 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 5 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 5 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 5 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 5 Road 0.93 0.01 0.05 0.05

Visible TerraScan 5 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 6 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 6 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 6 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 6 Road 0.93 0.01 0.05 0.05

Visible TerraScan 6 Unburmed  0.93 0.15 0.20 0.24

Visible TerraScan 7 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 7 Burned 0.93 0.06 0.17 0.18
High Regen
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Visible TerraScan 7 Burned 0.93 0.01  0.09 0.09
Low Regen

Visible TerraScan 7 Road 0.93 0.01  0.05 0.05

Visible TerraScan 7 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 8 Burned 0.93 0.03 0.13 0.14

Visible TerraScan 8 Burned 0.93 0.06 0.17 0.18
High Regen

Visible TerraScan 8 Burned 0.93 0.01 0.09 0.09
Low Regen

Visible TerraScan 8 Road 0.93 0.01  0.05 0.05

Visible TerraScan 8 Unburned 0.93 0.15 0.20 0.24

Visible TerraScan 10 Burned 0.53 0.00 0.14 0.14

Visible TerraScan 10 Burned 0.53 0.03 0.17 0.17
High Regen

Visible TerraScan 10 Burned 0.53 0.03 0.10 0.10
Low Regen

Visible TerraScan 10 Road 0.53 0.01 0.05 0.05

Visible TerraScan 10 Unburned  0.53 0.11 0.19 0.22

Visible TerraScan 11 Burned 0.53 0.00 0.14 0.14

Visible TerraScan 11 Burned 0.53 0.03 0.17 0.17
High Regen

Visible TerraScan 11 Burned 0.53 0.03 0.10 0.10
Low Regen

Visible TerraScan 11 Road 0.53 0.01 0.05 0.05

Visible TerraScan 11 Unburned  0.53 0.11 0.19 0.22

Visible TerraScan 12 Burned 0.53 0.00 0.14 0.14

Visible TerraScan 12 Burned 0.53 0.03 0.17 0.17
High Regen

Visible TerraScan 12 Burned 0.53 0.03 0.10 0.10
Low Regen

Visible TerraScan 12 Road 0.53 0.01 0.05 0.05

Visible TerraScan 12 Unburned  0.53 0.11 0.19 0.22

Visible TerraScan 13 Burned 0.53 0.00 0.14 0.14

Visible TerraScan 13 Burned 0.53 0.03 0.17 0.17
High Regen

Visible TerraScan 13 Burned 0.53 0.03 0.10 0.10
Low Regen

Visible TerraScan 13 Road 0.53 0.01 0.05 0.05

Visible TerraScan 13 Unburned  0.53 0.11 0.19 0.22

Visible TerraScan 15 Burned 0.86 0.03 0.13 0.14

Visible TerraScan 15 Burned 0.86 0.06 0.17 0.18
High Regen

Visible TerraScan 15 Burned 0.86 0.00 0.09 0.09
Low Regen

Visible TerraScan 15 Road 0.86 0.01 0.05 0.05

Visible TerraScan 15 Unburned 0.86 0.14 0.20 0.24

Visible TerraScan 16 Burned 0.86 0.03 0.13 0.14

Visible TerraScan 16 Burned 0.86 0.06 0.17 0.18
High Regen

Visible TerraScan 16 Burned 0.86 0.00 0.09 0.09
Low Regen

Visible TerraScan 16 Road 0.86 0.01 0.05 0.05
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Visible TerraScan 16 Unburned 0.86 0.14 0.20 0.24

Visible TerraScan 17 Burned 0.86 0.03 0.13 0.14

Visible TerraScan 17 Burned 0.86 0.06 0.17 0.18
High Regen

Visible TerraScan 17 Burned 0.86 0.00 0.09 0.09
Low Regen

Visible TerraScan 17 Road 0.86 0.01  0.05 0.05

Visible TerraScan 17 Unburned 0.86 0.14 0.19 0.24

Visible TerraScan 18 Burned 0.86 0.03 0.13 0.14

Visible TerraScan 18 Burned 0.86 0.06 0.17 0.18
High Regen

Visible TerraScan 18 Burned 0.86 0.00 0.09 0.09
Low Regen

Visible TerraScan 18 Road 0.86 0.01 0.05 0.05

Visible TerraScan 18 Unburned 0.86 0.14 0.19 0.24

Visible TerraScan 20 Burned 1.12 0.05 0.14 0.15

Visible TerraScan 20 Burned 1.12 0.07 0.17 0.18
High Regen

Visible TerraScan 20 Burned 1.12 0.02 0.09 0.09
Low Regen

Visible TerraScan 20 Road 1.12 0.01 0.05 0.05

Visible TerraScan 20 Unburned 1.12 0.15 0.20 0.25

Visible TerraScan 21 Burned 1.12 0.05 0.14 0.15

Visible TerraScan 21 Burned 1.12 0.07 0.17 0.19
High Regen

Visible TerraScan 21 Burned 1.12 0.02 0.09 0.09
Low Regen

Visible TerraScan 21 Road 1.12 0.01 0.05 0.05

Visible TerraScan 21 Unburned 1.12 0.16 0.20 0.25

Visible TerraScan 22 Burned 1.12 0.05 0.14 0.15

Visible TerraScan 22 Burned 1.12 0.07 0.17 0.19
High Regen

Visible TerraScan 22 Burned 1.12 0.02 0.09 0.09
Low Regen

Visible TerraScan 22 Road 1.12 0.01 0.05 0.05

Visible TerraScan 22 Unburned 1.12 0.16 0.20 0.25

Visible TerraScan 23 Burned 1.12 0.05 0.14 0.15

Visible TerraScan 23 Burned 1.12 0.07 0.17 0.19
High Regen

Visible TerraScan 23 Burned 1.12 0.02 0.09 0.09
Low Regen

Visible TerraScan 23 Road 1.12 0.01 0.05 0.05

Visible TerraScan 23 Unburned 1.12 0.16 0.20 0.25

Visible TerraScan 25 Burned 1.24 0.05 0.14 0.15

Visible TerraScan 25 Burned 1.24 0.08 0.17 0.19
High Regen

Visible TerraScan 25 Burned 1.24 0.02 0.09 0.09
Low Regen

Visible TerraScan 25 Road 1.24 0.01 0.05 0.05

Visible TerraScan 25 Unburned 1.24 0.17 0.21 0.26

Visible TerraScan 26 Burned 1.24 0.05 0.14 0.15
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Visible TerraScan 26 Burned 1.24 0.08 0.17 0.19
High Regen

Visible TerraScan 26 Burned 1.24 0.02 0.09 0.09
Low Regen

Visible TerraScan 26 Road 1.24 0.01 0.05 0.05

Visible TerraScan 26 Unburned 1.24 0.17 0.20 0.26

Visible TerraScan 27 Burned 1.23 0.05 0.14 0.15

Visible TerraScan 27 Burned 1.23 0.08 0.17 0.19
High Regen

Visible TerraScan 27 Burned 1.23 0.02 0.09 0.09
Low Regen

Visible TerraScan 27 Road 1.23 0.01  0.05 0.05

Visible TerraScan 27 Unburned  1.23 0.17 0.20 0.26

Visible TerraScan 28 Burned 1.23 0.05 0.14 0.15

Visible TerraScan 28 Burned 1.23 0.08 0.17 0.19
High Regen

Visible TerraScan 28 Burned 1.23 0.02 0.09 0.09
Low Regen

Visible TerraScan 28 Road 1.23 0.01 0.05 0.05

Visible TerraScan 28 Unburned 1.23 0.17 0.20 0.26

SWIR LASTools A Unburned  1.28 0.11  0.22 0.19

SWIR LASTools A Road 1.28 0.01 0.05 0.05

SWIR LASTools A Burned 1.28 0.03 0.18 0.18
High Regen

SWIR LASTools A Burned 1.28 0.00 0.14 0.14

SWIR LASTools A Burned 1.28 0.03 0.10 0.09
Low Regen

SWIR LASTools C Unburned  1.28 0.10 0.22 0.20

SWIR LASTools C Road 1.28 0.01 0.05 0.05

SWIR LASTools C Burned 1.28 0.03 0.18 0.18
High Regen

SWIR LASTools C Burned 1.28 0.00 0.14 0.14

SWIR LASTools C Burned 1.28 0.03 0.10 0.09
Low Regen

SWIR LASTools B Unburned  1.27 0.10 0.22 0.20

SWIR LASTools B Road 1.27 0.01 0.05 0.05

SWIR LASTools B Burned 1.27 0.03 0.18 0.18
High Regen

SWIR LASTools B Burned 1.27 0.00 0.14 0.14

SWIR LASTools B Burned 1.27 0.03 0.10 0.09
Low Regen

SWIR LASTools E Unburned  1.28 0.11 0.22 0.20

SWIR LASTools E Road 1.28 0.01 0.05 0.05

SWIR LASTools E Burned 1.28 0.03 0.18 0.18
High Regen

SWIR LASTools E Burned 1.28 0.00 0.14 0.14

SWIR LASTools E Burned 1.28 0.03 0.10 0.09
Low Regen

SWIR LASTools D Unburned  1.28 0.10 0.23 0.20

SWIR LASTools D Road 1.28 0.01 0.05 0.05

SWIR LASTools D Burned 1.28 0.03 0.19 0.18
High Regen
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SWIR LASTools D Burned 1.28 0.00 0.15 0.15

SWIR LASTools D Burned 1.28 0.03  0.10 0.09
Low Regen

SWIR LASTools Unburned  1.32 0.10 0.22 0.20

SWIR LASTools Road 1.32 0.01  0.05 0.05

SWIR LASTools Burned 1.32 0.03 0.18 0.18
High Regen

SWIR LASTools Burned 1.32 0.01 0.14 0.14

SWIR LASTools Burned 1.32 0.03  0.09 0.09
Low Regen

SWIR LASTools H Unburned  1.33 0.10 0.22 0.20

SWIR LASTools H Road 1.33 0.01  0.05 0.05

SWIR LASTools H Burned 1.33 0.03 0.18 0.17
High Regen

SWIR LASTools H Burned 1.33 0.01 0.14 0.14

SWIR LASTools H Burned 1.33 0.03  0.09 0.09
Low Regen

SWIR LASTools G Unburned  1.33 0.10 0.22 0.20

SWIR LASTools G Road 1.33 0.01  0.05 0.05

SWIR LASTools G Burned 1.33 0.03 0.18 0.17
High Regen

SWIR LASTools G Burned 1.33 0.00 0.14 0.14

SWIR LASTools G Burned 1.33 0.03  0.09 0.09
Low Regen

SWIR LASTools J Unburned 1.34 0.10 0.22 0.20

SWIR LASTools J Road 1.34 0.01  0.05 0.05

SWIR LASTools J Burned 1.34 0.03 0.18 0.17
High Regen

SWIR LASTools J Burned 1.34 0.00 0.14 0.14

SWIR LASTools J Burned 1.34 0.03  0.09 0.09
Low Regen

SWIR LASTools I Unburned 1.34 0.10 0.22 0.20

SWIR LASTools I Road 1.34 0.01  0.05 0.05

SWIR LASTools Burned 1.34 0.03 0.18 0.17
High Regen

SWIR LASTools I Burned 1.34 0.01 0.14 0.14

SWIR LASTools I Burned 1.34 0.03  0.09 0.09
Low Regen

NIR LASTools A Unburned 1.24 0.11  0.23 0.20

NIR LASTools A Road 1.24 0.00 0.04 0.04

NIR LASTools A Burned 1.24 0.04 0.18 0.18
High Regen

NIR LASTools A Burned 1.24 0.02 0.15 0.15

NIR LASTools A Burned 1.24 0.01  0.10 0.10
Low Regen

NIR LASTools Unburned 1.24 0.10 0.22 0.20

NIR LASTools C Road 1.24 0.00 0.04 0.04

NIR LASTools C Burned 1.24 0.04 0.18 0.17
High Regen

NIR LASTools C Burned 1.24 0.02 0.14 0.14

NIR LASTools C Burned 1.24 0.01  0.10 0.10
Low Regen
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NIR LASTools B Unburned 1.24 0.09 0.21 0.19

NIR LASTools B Road 1.24 0.00 0.04 0.04

NIR LASTools B Burned 1.24 0.04 0.18 0.18
High Regen

NIR LASTools B Burned 1.24 0.02 0.14 0.14

NIR LASTools B Burned 1.24 0.01  0.10 0.10
Low Regen

NIR LASTools E Unburned 1.24 0.10 0.22 0.19

NIR LASTools E Road 1.24 0.00 0.04 0.04

NIR LASTools E Burned 1.24 0.04 0.18 0.17
High Regen

NIR LASTools E Burned 1.24 0.02 0.14 0.14

NIR LASTools E Burned 1.24 0.01  0.10 0.10
Low Regen

NIR LASTools D Unburned 1.24 0.10 0.22 0.20

NIR LASTools D Road 1.24 0.00 0.04 0.04

NIR LASTools D Burned 1.24 0.04 0.18 0.17
High Regen

NIR LASTools D Burned 1.24 0.02 0.14 0.14

NIR LASTools D Burned 1.24 0.01  0.10 0.10
Low Regen

NIR LASTools Unburned  1.28 0.11  0.23 0.20

NIR LASTools Road 1.28 0.00 0.04 0.04

NIR LASTools Burned 1.28 0.04 0.18 0.18
High Regen

NIR LASTools Burned 1.28 0.02 0.14 0.14

NIR LASTools Burned 1.28 0.01  0.10 0.10
Low Regen

NIR LASTools H Unburned  1.30 0.11  0.23 0.21

NIR LASTools H Road 1.30 0.00 0.04 0.04

NIR LASTools H Burned 1.30 0.05 0.18 0.17
High Regen

NIR LASTools H Burned 1.30 0.02 0.14 0.14

NIR LASTools H Burned 1.30 0.01  0.09 0.09
Low Regen

NIR LASTools G Unburned  1.30 0.11  0.23 0.20

NIR LASTools G Road 1.30 0.00 0.04 0.04

NIR LASTools G Burned 1.30 0.05 0.18 0.17
High Regen

NIR LASTools G Burned 1.30 0.02 0.14 0.14

NIR LASTools G Burned 1.30 0.01  0.09 0.09
Low Regen

NIR LASTools J Unburned  1.31 0.11  0.23 0.20

NIR LASTools J Road 1.31 0.00 0.04 0.04

NIR LASTools J Burned 1.31 0.05 0.18 0.17
High Regen

NIR LASTools J Burned 1.31 0.02 0.14 0.14

NIR LASTools J Burned 1.31 0.01  0.09 0.09
Low Regen

NIR LASTools I Unburned  1.30 0.11  0.23 0.20

NIR LASTools I Road 1.30 0.00 0.04 0.04

298



NIR LASTools 1 Burned 1.30 0.05 0.18 0.17
High Regen

NIR LASTools 1 Burned 1.30 0.02 0.14 0.14

NIR LASTools 1 Burned 1.30 0.01 0.09 0.09
Low Regen

Visible LASTools A Unburned 1.30 0.17 0.26 0.20

Visible LASTools A Road 1.30 0.01  0.05 0.05

Visible LASTools A Burned 1.30 0.08 0.19 0.17
High Regen

Visible LASTools A Burned 1.30 0.06 0.15 0.14

Visible LASTools A Burned 1.30 0.03 0.09 0.09
Low Regen

Visible LASTools Unburned 1.30 0.17 0.26 0.20

Visible LASTools C Road 1.30 0.01 0.05 0.05

Visible LASTools C Burned 1.30 0.09 0.19 0.17
High Regen

Visible LASTools C Burned 1.30 0.06 0.15 0.14

Visible LASTools C Burned 1.30 0.03 0.09 0.09
Low Regen

Visible LASTools B Unburned 1.30 0.16 0.26 0.20

Visible LASTools B Road 1.30 0.01 0.05 0.05

Visible LASTools B Burned 1.30 0.09 0.19 0.17
High Regen

Visible LASTools B Burned 1.30 0.06 0.15 0.14

Visible LASTools B Burned 1.30 0.03 0.09 0.09
Low Regen

Visible LASTools E Unburned 1.30 0.16 0.26 0.20

Visible LASTools E Road 1.30 0.01 0.05 0.05

Visible LASTools E Burned 1.30 0.08 0.19 0.17
High Regen

Visible LASTools E Burned 1.30 0.06 0.15 0.14

Visible LASTools E Burned 1.30 0.03 0.09 0.09
Low Regen

Visible LASTools D Unburned 1.30 0.17 0.26 0.20

Visible LASTools D Road 1.30 0.01 0.05 0.05

Visible LASTools D Burned 1.30 0.09 0.19 0.17
High Regen

Visible LASTools D Burned 1.30 0.06 0.15 0.14

Visible LASTools D Burned 1.30 0.03 0.09 0.09
Low Regen

Visible LASTools Unburned 1.32 0.17 0.26 0.20

Visible LASTools Road 1.32 0.00 0.05 0.05

Visible LASTools Burned 1.32 0.09 0.19 0.17
High Regen

Visible LASTools Burned 1.32 0.06 0.15 0.14

Visible LASTools Burned 1.32 0.03 0.09 0.09
Low Regen

Visible LASTools H Unburmed  1.33 0.17 0.26 0.20

Visible LASTools H Road 1.33 0.00 0.05 0.05

Visible LASTools H Burned 1.33 0.09 0.19 0.18
High Regen

Visible LASTools H Burned 1.33 0.06 0.15 0.14
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Visible LASTools H Burned 1.33 0.03 0.09 0.09
Low Regen

Visible LASTools G Unburmed  1.33 0.17 0.26 0.20

Visible LASTools G Road 1.33 0.00 0.05 0.05

Visible LASTools G Burned 1.33 0.09 0.19 0.17
High Regen

Visible LASTools G Burned 1.33 0.06 0.15 0.14

Visible LASTools G Burned 1.33 0.03 0.09 0.09
Low Regen

Visible LASTools J Unburmed  1.33 0.17 0.26 0.20

Visible LASTools J Road 1.33 0.00 0.05 0.05

Visible LASTools J Burned 1.33 0.09 0.19 0.17
High Regen

Visible LASTools J Burned 1.33 0.06 0.15 0.14

Visible LASTools J Burned 1.33 0.03 0.09 0.09
Low Regen

Visible LASTools 1 Unburmed  1.33 0.17 0.26 0.20

Visible LASTools 1 Road 1.33 0.00 0.05 0.05

Visible LASTools 1 Burned 1.33 0.09 0.19 0.17
High Regen

Visible LASTools 1 Burned 1.33 0.06 0.15 0.14

Visible LASTools 1 Burned 1.33 0.03 0.09 0.09
Low Regen

SWIR & NIR LASTools A Unburned  2.41 0.11 0.23 0.20

SWIR & NIR LASTools A Road 241 0.00 0.05 0.05

SWIR & NIR LASTools A Burned 241 0.03 0.18 0.18
High Regen

SWIR & NIR LASTools A Burned 2.41 0.01 0.14 0.14

SWIR & NIR LASTools A Burned 241 0.02 0.10 0.10
Low Regen

SWIR & NIR LASTools A Unburned  2.41 0.10 0.22 0.19

SWIR & NIR LASTools C Road 241 0.00 0.04 0.04

SWIR & NIR LASTools C Burned 2.41 0.03 0.18 0.18
High Regen

SWIR & NIR LASTools C Burned 2.41 0.01 0.14 0.14

SWIR & NIR LASTools C Burned 241 0.02 0.10 0.09
Low Regen

SWIR & NIR LASTools B Unburned  2.40 0.11 0.22 0.19

SWIR & NIR LASTools B Road 2.40 0.00 0.05 0.05

SWIR & NIR LASTools B Burned 2.40 0.03 0.18 0.18
High Regen

SWIR & NIR LASTools B Burned 2.40 0.01 0.14 0.14

SWIR & NIR LASTools B Burned 2.40 0.02 0.10 0.09
Low Regen

SWIR & NIR LASTools E Unburned 2.42 0.11 0.23 0.20

SWIR & NIR LASTools E Road 2.42 0.00 0.05 0.05

SWIR & NIR LASTools E Burned 2.42 0.03 0.18 0.18
High Regen

SWIR & NIR LASTools E Burned 2.42 0.01 0.14 0.14

SWIR & NIR LASTools E Burned 2.42 0.02 0.09 0.09
Low Regen

SWIR & NIR LASTools D Unburned  2.41 0.11 0.22 0.20
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SWIR & NIR LASTools D Road 241 0.00 0.05 0.05

SWIR & NIR LASTools D Burned 241 0.03 0.18 0.18
High Regen

SWIR & NIR LASTools D Burned 241 0.01 0.14 0.14

SWIR & NIR LASTools D Burned 241 0.02 0.09 0.09
Low Regen

SWIR & NIR LASTools Unburned  2.58 0.11  0.23 0.20

SWIR & NIR LASTools Road 2.58 0.00 0.05 0.05

SWIR & NIR LASTools Burned 2.58 0.04 0.18 175.00
High Regen

SWIR & NIR LASTools Burned 2.58 0.02 0.14 0.14

SWIR & NIR LASTools Burned 2.58 0.02 0.09 0.09
Low Regen

SWIR & NIR LASTools H Unburned  2.60 0.11  0.23 0.20

SWIR & NIR LASTools H Road 2.60 0.00 0.05 0.05

SWIR & NIR LASTools H Burned 2.60 0.04 0.18 0.17
High Regen

SWIR & NIR LASTools H Burned 2.60 0.02 0.14 0.14

SWIR & NIR LASTools H Burned 2.60 0.01  0.09 0.09
Low Regen

SWIR & NIR LASTools G Unburned  2.60 0.11  0.23 0.20

SWIR & NIR LASTools G Road 2.60 0.00 0.05 0.05

SWIR & NIR LASTools G Burned 2.60 0.04 0.18 0.17
High Regen

SWIR & NIR LASTools G Burned 2.60 0.02 0.14 0.14

SWIR & NIR LASTools G Burned 2.60 0.01  0.09 0.09
Low Regen

SWIR & NIR LASTools J Unburned  2.61 0.11  0.23 0.20

SWIR & NIR LASTools J Road 2.61 0.00 0.05 0.05

SWIR & NIR LASTools J Burned 2.61 0.04 0.18 0.18
High Regen

SWIR & NIR LASTools J Burned 2.61 0.02 0.14 0.14

SWIR & NIR LASTools J Burned 2.61 0.01  0.09 0.09
Low Regen

SWIR & NIR LASTools I Unburned  2.61 0.11  0.23 0.20

SWIR & NIR LASTools I Road 2.61 0.00 0.05 0.05

SWIR & NIR LASTools I Burned 2.61 0.04 0.18 0.18
High Regen

SWIR & NIR LASTools I Burned 2.61 0.02 0.14 0.14

SWIR & NIR LASTools I Burned 2.61 0.02 0.09 0.09
Low Regen

SWIR, NIR & LASTools A Unburned  3.36 0.11 0.24 0.21

Visible

SWIR, NIR & LASTools A Road 3.36 0.00 0.05 0.05

Visible

SWIR, NIR & LASTools A Burned 3.36 0.04 0.18 0.18

Visible High Regen

SWIR, NIR & LASTools A Burned 3.36 0.01 0.15 0.14

Visible

SWIR, NIR & LASTools A Burned 3.36 0.02 0.10 0.10

Visible Low Regen
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SWIR, NIR & LASTools Unburned 3.34 0.12 0.23 0.20
Visible

SWIR, NIR & LASTools Road 3.34 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.34 0.04 0.18 0.18
Visible High Regen

SWIR, NIR & LASTools Burned 3.34 0.02 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.34 0.01 0.10 0.10
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.34 0.12 0.23 0.20
Visible

SWIR, NIR & LASTools Road 3.34 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.34 0.04 0.18 0.18
Visible High Regen

SWIR, NIR & LASTools Burned 3.34 0.02 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.34 0.01  0.09 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.35 0.12  0.23 0.20
Visible

SWIR, NIR & LASTools Road 3.35 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.35 0.04 0.18 0.17
Visible High Regen

SWIR, NIR & LASTools Burned 3.35 0.02 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.35 0.01 0.10 0.10
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.35 0.12 0.23 0.20
Visible

SWIR, NIR & LASTools Road 3.35 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.35 0.04 0.18 0.18
Visible High Regen

SWIR, NIR & LASTools Burned 3.35 0.02 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.35 0.01 0.10 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.70 0.12 024 0.20
Visible

SWIR, NIR & LASTools Road 3.70 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.70 0.05 0.18 0.18
Visible High Regen
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SWIR, NIR & LASTools Burned 3.70 0.03 0.15 0.14
Visible

SWIR, NIR & LASTools Burned 3.70 0.00 0.09 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.71 0.12 024 0.20
Visible

SWIR, NIR & LASTools Road 3.71 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.71 0.06 0.18 0.17
Visible High Regen

SWIR, NIR & LASTools Burned 3.71 0.03 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.71 0.00 0.09 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.70 0.12 024 0.20
Visible

SWIR, NIR & LASTools Road 3.70 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.70 0.06 0.18 0.17
Visible High Regen

SWIR, NIR & LASTools Burned 3.70 0.03 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.70 0.00 0.09 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburned  3.72 0.12 024 0.21
Visible

SWIR, NIR & LASTools Road 3.72 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.72 0.06 0.18 0.17
Visible High Regen

SWIR, NIR & LASTools Burned 3.72 0.03 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.72 0.00 0.09 0.09
Visible Low Regen

SWIR, NIR & LASTools Unburmed  3.71 0.12 024 0.20
Visible

SWIR, NIR & LASTools Road 3.71 0.00 0.05 0.05
Visible

SWIR, NIR & LASTools Burned 3.71 0.05 0.18 0.17
Visible High Regen

SWIR, NIR & LASTools Burned 3.71 0.03 0.14 0.14
Visible

SWIR, NIR & LASTools Burned 3.71 0.00 0.09 0.09
Visible Low Regen
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Supplementary material Chapter 4

Table S4.1. List of candidate covariates with scales and thresholds included in Random
Forest and Generalized Additive Model frameworks prior to backwards selection.

Category Variable Scales / height thresholds (m)

8?51;1;) }5] m) cover Canopy cover Minimum height: 1.37, 5, 10

Vegetation

(Sitlrsltlrcglﬁlon (lidar; Height: standard deviation Minimum height: 0.2, 0.5, 1.37, 5

20 m)
Height: skewness Minimum height: 0.2, 0.5, 1.37, 5
Height: kurtosis Minimum height: 0.2, 0.5, 1.37, 5
Height: maximum Minimum height: 0.2, 0.5, 1.37, 5
Height: average Minimum height: 0.2, 0.5, 1.37, 5
Height: P95 Minimum height: 0.2, 0.5, 1.37, 5
Height: P75 Minimum height: 0.2, 0.5, 1.37, 5
Height: P50 Minimum height: 0.2, 0.5, 1.37, 5
Height: P25 Minimum height: 0.2, 0.5, 1.37, 5
Slope Scales: 5, 10, 100

Topography (lidar )
DEM; 5 m) Aspect Scales: 5, 10, 100
Scales: 5, 10, 15, 20, 30, 50, 60, 75, 100,

150, 500
Flow accumulation 25,75, 125,250

Topographic Position Index (TPT)

Hydrology (AB

DEM:; 25 m) Topographic Wetness Index (TWI) 75, 125,250
Distance to peatland edge —

;2;(31?251 eg Distance to nearest road —
Distance to nearest seismic line —
Distance to nearest cut line —
Distance to nearest industrial site —

Distance to nearest industrial water
source

Distance to nearest linear hydrological
feature

Distance to Gregoire Lake —
Peatland perimeter length —

Peatland

Peatland areca —
morphology

Peatland length:area ratio —

Fire Weather Index (FWI) Scale: 90

Fire weather

L Duff Moisture Code (DMC) Scale: 90
indices

Drought Code (DC) Scale: 90
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Category Variable Scales / height thresholds (m)

Fine Fuel Moisture Code (FFMC) Scale: 90
Day of Burn Scale: 90
Buildup Index (BUI) Scale: 90
Initial Spread Index (ISI) Scale: 90
Normalized Difference Moisture Index Scale: 30
(NDMI)
Vegetatiqn ’ & Normalized Difference  Vegetation Scale: 30
moisture indices Index (NDVI)
Modified NDWI (MNDWTI) Scale: 30

Table S4.2. Base seeds used for RF model runs during model parameterization, backwards
selection, and model stability checks.

Run # Seed
1 42

2 1000
3 3600
4 2025
5 5555
6 7

7 44

8 77

9 44444
10 51991

Table S4.3. RF parameters used in initial backwards selection runs and in final model runs.

Parameter Bog- | Bog- | Fen- |Fen- | Swamp- | Swamp-
Initial | Final | Initial | Final | Initial Final

Number of | 1500 | 1500 | 1000 | 1500 | 1000 1500

trees

Max. tree | 20 None |25 25 23 20

depth

Min. samples | 2 2 2 2 2 2

to split

Min. samples | 2 1 2 2 2 2

in leaf

Max. features | 15 sqrt 25 sqrt 15 4

for splits

Bootstrap True | True | True | True | True True

Min. impurity | 0 le-07 |0 le-07 |0 le-06

decrease

Max. samples | None | None | None | 0.9 None None
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Table S4.4. Hierarchical partitioning of covariates included in the final bog GAM from

hp.gam
Predictor Rank % Contribution
Slope (100 m resolution) 1 23.02
Distance to peatland edge (m) 2 20.63
Peatland area (m?) 3 11.96
Aspect (100 m resolution) 4 9.72
Vegetation height — p50 (m) 5 8.07
Peatland perimeter length (m) 6 7.47
DMC 7 5.23
Distance to industrial water (m) 8 4.63
Vegetation height — p25 (m) 9 2.99
Vegetation height — standard deviation (m) 10 2.99
Slope (10 m resolution) 11 1.49
Distance to linear hydrological features 12 1.49
(m)
TPI (100 m) 13 0.30
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Figure S4.1. Partial-effects plots of covariate smooths retained in the final bog GAM,
showing the influence of each covariate on depth of burn (link scale). Shaded regions show
95% confidence intervals.
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Figure S4.2. Partial-effects plots of spatial covariates and interaction terms retained in the
final bog GAM.

Resids vs. linear pred.

deviance residuals
residuals

theoretical quantiles linear predictor

Figure S4.3. Diagnostic plots for bog GAM from gam.check(). a) shows the QQ plot of
deviance residuals vs. theoretical quantiles; b) plots residuals vs. linear predictor.
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Table S4.5. Hierarchical partitioning of covariates included in the final fen GAM from

hp.gam
Predictor Rank % Contribution
NDVI 1 46.59
Distance to nearest seismic line (m) 2 22.30
Vegetation height — p5S0 (m) 3 7.65
Aspect (100 m resolution) 4 7.15
Length:area ratio 5 4.16
NDMI 6 3.00
Distance to nearest road (m) 7 2.83
Distance to nearest cutline (m) 8 2.50
FFMC 9 2.33
Flow Accumulation (250 m resolution) 10 0.83
TPI (30 m resolution) 11 0.67
A B
0.24 14
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Figure S4.4. Partial-effects plots of covariate smooths retained in the final fen GAM,
showing the influence of each covariate on depth of burn (link scale). Shaded regions show
95% confidence intervals.
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Figure S4.5. Partial-effects plots of spatial covariates and interaction terms retained in the
final fen GAM.

Resids vs. linear pred.

deviance residuals
residuals

theoretical quantiles linear predictor

Figure S4.6. Diagnostic plots for fen GAM from gam.check(). a) shows the QQ plot of
deviance residuals vs. theoretical quantiles; b) plots residuals vs. linear predictor.
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Table S4.6. Hierarchical partitioning of covariates included in the final swamp GAM from

hp.gam
Predictor Rank % Contribution
MNDWI 1 28.62
Vegetation height — p25 (m) 2 23.08
Distance to linear hydrological feature (m) 3 9.33
TPI (10 m resolution) 4 8.00
Distance to nearest road (m) 5 7.90
Distance to nearest seismic line (m) 6 6.87
Length:area ratio 7 5.23
Peatland area (m?) 8 3.49
TPI (20 m resolution) 9 3.08
Slope (10 m resolution) 10 2.77
TPI (500 m resolution) 11 1.23
Distance to nearest cutline 12 0.41
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Figure S4.7. Partial-effects plots of covariate smooths retained in the final swamp GAM,
showing the influence of each covariate on depth of burn (link scale). Shaded regions show

95% confidence intervals.
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Figure S4.8. Partial-effects plots of spatial covariates and interaction terms retained in the

final bog GAM.
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Resids vs. linear pred.

deviance residuals
residuals

theoretical quantiles linear predictor

Figure S4.9. Diagnostic plots for swamp GAM from gam.check(). a) shows the QQ plot of
deviance residuals vs. theoretical quantiles; b) plots residuals vs. linear predictor.

Supplementary Text:

Bog <- gam(DOB_cm ~ s(merged 0 5 std, bs = "tp") + s(log 05 p50, bs = "tp") +
s(log 02 p25, bs = "tp") + s(TPI100, bs = "tp") + s(Aspect 100m, bs = "cc") +
s(Slope_10m, bs = "tp") + Slope_100m + NEAR DIST + s(NEAR IndWater Scaled, bs
= "tp") + s(DMC, bs = "tp") + Length Geo + Area Geo + te(NEAR DIST, Area Geo,
bs="tp") + te(TPI100, LinearHydro Dist) + s(Lat scale, Long_scale, bs="gp", k = 60,
m=2), family = tw(link = "log"), data = bog_data, knots = list(Aspect 100m = c¢(0,360)),
method = "REML")

Fen <- gam(DOB_cm ~ s(Aspect 100m, bs = "cc", k=10) + s(log_05 p50, bs = "tp") +
s(log NEAR ROADS, bs = "tp") + s(scale NEAR SeismicLine, bs = "tp") +
s(log NEAR CutLine, bs ="tp") + s(FFMC, bs = "tp") + s(TPI30, bs = "tp") + s(NDMI,
bs = "tp") + s(NDVI, bs = "tp") + te(TPI30, LogFlowAc 250m, bs="tp") +
s(log_LengthAreaRatio 2x100, bs = "tp") + s(LogFlowAc 250m, bs = "tp") + te(NDVI,
NDMI, bs="tp") + s(Lat scale, Long_scale, bs="gp", k = 60, m=2), family = tw(link =
"log"), data = fen_data, knots = list(Aspect 100m = ¢(0,360)), method = "REML")

Swamp <- gam(DOB cm ~ s(log_LengthAreaRatio 2x100, bs ="tp") + s(log 05 p25, bs
= "tp") + s(scale. NEAR ROADS, bs = "tp") + s(log NEAR SeismicLine, bs = "tp") +
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s(LogSlope 10m, bs = "tp") + s(log NEAR CutLine, bs = "tp") + s(TPI20, bs = "tp") +
s(TPI 10, bs = "tp") + s(TPI500, bs = "tp") + s(scale_Area Geo, bs = "tp") + te(TPI20,
LinearHydro Dist, bs="tp") + te(LogSlope 10m, scale NEAR ROADS, bs="tp") +
MNDWI + s(log_LinearHydro Dist, bs ="tp") + s(Lat_scaled, Long_scaled, bs="gp", k =
60, m=2), family = tw(link = "log"), data = swamp_data, method = "REML")

Supplementary material Chapter 5

Open
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Peatland Canopy Type

Forested

swamp Treed

Forested
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Supplementary Figure S5.1: Distribution of soil C loss (kg m) in combined core-ecotone
peatlands by peatland type and canopy type as defined by CaMP. Half violins show point
distribution, boxplots show interquartile range with whiskers to 5" and 95" percentiles,
and points show individual values. Means are denoted by black circles embedded in
boxplots. Sample sizes (n) for each peatland-canopy combination range from 101 to5748.
X-axis is on a logio scale.
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