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ABSTRACT

Jasper National Park, one of the oldest Canadian national parks, has a long history of fire
suppression. This has increased the homogeneity of mature pine forests within the park over time,
and in recent years has been severely affected by mountain pine beetle (Dendroctonus ponderosae)
outbreak. Tree mortality associated with Mountain Pine Beetle (MPB), dry fuels, and the potential
for fire in the Athabasca and Miette Valleys is of significant concern to the park. Measuring forest
fire fuels in the field is difficult and time-consuming, and field plots do not measure all the spatial
variability of fuel distribution (though field measurements are effective for measuring surface
organic layers (e.g., duff layers), which are difficult to measure using remote sensing or other
techniques). Remote sensing platforms, such as remotely piloted aircraft systems (RPAS), can be
used to quantify 3D structures and fuels, however, RPAS platforms and sensors have not been
fully explored as a tool for identifying fuels in MPB-affected stands. Therefore, the objectives of
this thesis are to: 1) quantify and compare fuel attributes using RPAS-photogrammetric, lidar point
clouds and 2D multispectral imagery; and 2) examine the distribution of fire fuels based on the
proportion of proportion of tree mortality, likely associated with MPB outbreak phases. To answer
these objectives, geographic object-based image analysis (GEOBIA) was employed to identify
vegetation species, MPB phases and map coarse woody debris. Then, 3D fuel attributes were
quantified using RPAS-photogrammetric and -lidar point clouds (a single wavelength collected
using the Zenmuse L1 sensor (as a comparison). The results indicated that GEOBIA effectively
identified tree species and achieved an overall accuracy of approximately 90% compared to field-
based validation. Photogrammetric point clouds were accurate for quantifying tree structures,
including tree height (R?= 0.96, Root Mean Square Error (RMSE)= 1.22 m, Normal Root Mean
Square Error (NRMSE)= 6% and Bias=-0.34 m). Crown base height estimated using a novel

region-based approach was also identified when compared with field-based validation (R?= 0.76,

iv



RMSE= 2.29 m, NRMSE=17%, Bias= 0.73 m). RPAS-lidar point clouds demonstrate higher
accuracy in measuring tree height (R>= 0.99, RMSE= 0.59 m, NRMSE=3% and Bias= -0.23) and
crown base height (R?= 0.91, RMSE= 1.32 m, NRMSE= 8% and Bias= 0.16 m) compared with
measured, illustrating the value of using lidar, especially in dense canopies. RPAS point clouds
demonstrated moderate accuracy for estimating crown fuel load (R? = 0.38, RMSE = 1.92 kg. tree"
! NRMSE=16% and Bias= 0.30 kg. tree’!) Lastly, fuel distribution was assessed by comparing
foliage volume and canopy fuel load and bulk density across 16 plots, and a downward shift was
observed in canopy fuels over the progression of MPB outbreaks from green to gray phases.
Unaffected plots (e.g., plot 15 (V = 2600 m®) had greater foliage volume and canopy fuel load than

affected plots (e.g., plot 11 (V = 515 m®)).
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Chapter 1. Introduction

1.1 Introduction

Canada is known for vast and extensive forests, which cover approximately 40 percent of
the land area (Natural Resources Canada, 2022). Climatic changes in the last decades in western
Canada have led to increasing temperatures and the loss of moisture from both vegetation and soil,
resulting in overall drier environments (Motha and Baier, 2005; Flannigan et al., 2009). This,
combined with longer fire seasons (days above 0° C) further increases the drying potential of
vegetation, resulting in greater flammability of vegetation fuel. These changes are causing
increasingly unpredictable wildland fires in western Canada, where fires are burning more
intensely and over larger areas with greater ecological effects (Price et al., 2013; O’Neill, 2011).
Fuel availability, fire weather, and ignition sources (e.g. human activities and lightning) can
contribute to catastrophic wildland fires (Wang and Anderson, 2010; Johnston et al., 2020; Coogan
et al., 2021). In addition to wildland fires, localized warming also exacerbates other disturbance
factors including insect infestations, which, along with wildfires, are the main natural disturbances
found in North American forests (Jenkins et al., 2014). Given the complexity and frequency of
these changes, remote sensing techniques have become essential for assessing forest conditions
and monitoring disturbances such as wildland fires and insect outbreaks (Hanes et al., 2019; White

etal.,, 2017; Hall et al., 2016).

1.2 Mountain Pine Beetle (MPB) Outbreaks
In mountain regions of western Canada, climate change has resulted in warmer winters in
the last few decades which significantly increased the population of MPB (Embrey, Remais and

Hess, 2012). This expansion is expected to continue into the next century (Brush and Lewis, 2024,



Hicke et al., 2006; Carroll et al., 2003). Milder winters associated with climate change have
increased MPB, which would have increased spread MPB further north and east (Bentz et al.,
2010; Logan et al., 2010). For example, Mitton and Ferrenberg, (2012) found that MPB life cycles
have increased from one to two per year due to a 1.5° C rise in average air temperature, and longer
growing seasons (above 0° C) over the past two decades in Colorado, USA. In British Columbia
and Alberta, forest mortality from MPB became widespread since the late 1990s ( Perrakis et al.,
2014; Axelson et al., 2011; Robertson et al., 2009; Aukema et al., 2006), increasing especially
between 1999 and 2002. The MPB population experienced a second dramatic increase especially
along the border between the two provinces in 2003 (Robertson et al., 2009). In another study,
Giroday et al., (2012) found that infestation in the Peace River region in British Columbia
expanded from 10,000 hectares in 2004 to nearly 35,000 hectares by 2006 primarily through wind-
driven dispersal. In total, more than 18 million hectares of pine trees were infested and died by

2011, equal to half of British Columbia’s merchantable timber (Cooke and Carroll, 2017).

1.3 MPB Outbreak Phases and Ecological Impact

MPB outbreaks can be identified and categorized based on the colour of needles and are
divided into three phases: green (within 1 year since infestation), red (between 1 to 3 years since
infestation), and gray (more than 3 years since infestation) (Klutsch et al., 2009). During green
phase, trees are still alive and appear healthy with green foliage, but they are infested. This phase
occurs immediately after the beetles have attacked and laid eggs under the bark of the trees.
Although the trees look green/healthy, infestation is difficult to detect because larvae actively feed
on the inner phloem layer of trees and are not externally visible (Safranyik and Wilson, 2006).

MPB attack trees by first finding and locating suitable trees (typically mature lodgepole

pines with thicker bark), then start boring through the tree bark to access the inner phloem layer to



lay their eggs. As the larvae hatch, they start feeding and disrupt the vascular system of trees and
obstruct their conductive tissues, impairing transportation of nutrients and water (Safranyik and
Wilson, 2006). As a defense mechanism against beetle attacks, trees produce resin to expel beetles
and microorganisms. To overcome this, MPB responds using pheromones causing a ‘“Mass
Attack”, where many beetles concentrate on a single tree in a short period of time (Safranyik and
Wilson, 2006) often overcoming the tree resulting in tree mortality (Safranyik and Wilson, 2006).
MPB attack mature and older trees especially those with a diameter at breast height (DBH) greater
than 25 cm (Safranyik and Wilson, 2006). Mature trees have thicker bark and phloem, which
provide an ideal environment for reproduction (Safranyik and Wilson, 2006). In contrast, younger
trees with thin bark and smaller stem diameter are less likely to be attacked or killed, as they are
less suitable for brood production (Safranyik and Wilson, 2006; Dhar et al., 2015). After
approximately one year following infestation, trees die from a loss of moisture, resulting in the
change of colour of needles from green to red, known as “red phase” (Page et al., 2013; Safranyik
and Wilson, 2006; Wulder et al., 2006). At about three years following infestation, trees enter
“gray phase” where dead trees have lost most of the needles and some branches, but the main tree
stem can either remain standing for long period of time and will eventually fall (Jenkins et al.,

2014). Therefore, the accumulation of dry fuel increases wildland fire hazard.

1.4 Mountain Pine Beetle Outbreak and Fire Fuel Availability

The normal life cycle of lodgepole pine (a species prone to MPB outbreaks) includes the
stages of seedling, sapling, maturity, and old age. After a wildland fire or a disturbance, seedlings
increase significantly and can reach up to ~1.40 m in 10 years (Mason, 1915). As seedlings develop
into saplings, growth continues, and saplings reach about ~6 to 10 m in height between 30 and 50

years of age (Mason, 1915). Maturity is typically reached about ~18 to 25 m height of trees,



occurring in about 140 years (Mason, 1915). While some trees can live longer, stands older than
250 years are uncommon and considered rare (Mason, 1915). However, in the case of MPB-
affected lodgepole pine, these stages change significantly and a lodgepole pine tree can die about
three years after being infested.

Knowledge of combustible material or “fuel” availability and fuel spatial and temporal
distribution is critical for quantifying and forecasting fire risk, planning prescribed fires and
predicting wildland fire behaviour (Hollis et al., 2025). Forest fuel availability varies with time
since outbreak and the phase of mortality (Simard et al., 2011; Jenkins et al., 2014). There are no
large differences in fuel availability between unaffected or affected trees in green phase and dead
conifers with red needles (red attack phase), however, trees in red phase are prone to intense fire
due to the presence of dead/dry needles and branches in the canopy and fine fuel accumulation on
the forest floor (Jenkins et al., 2014). For example, Jenkins et al., (2014) found that the volume of
fine fuel (needles and small branches) increases significantly at the onset of MPB infestation. Trees
have lost most/all of the flammable canopy foliage in gray phase. Fine and downed woody debris
continue to fall and accumulate on the forest floor, while many tree stems remain standing, others
fall. Red and gray phases are important for fire hazard due to two factors: a) during the red phase
trees have more flammable canopy material and dry biomass is still on trees as dry needles and
small branches (Talucci and Krawchuk, 2019), b) forests remain in the gray phase for a longer
period of time than other phasesae:

Jenkins et al., (2014) also investigated the interactions among bark beetle outbreak, fuel
availability and wildland fire. They found a significant increase in needle litter load during the
early phase of infestation from the red phase which can ignite and promote fire spread. They also

indicated that the amount of time it takes for different tree species to lose needles varies. For



example, Engelmann spruce (Picea engelmannii) lose all needles in the first year of infestation,
while lodgepole pine lose needles from between 1-3 years following infestation. Gray et al., (2021)
explored spatial and temporal forest fuel changes based on MPB outbreaks in Montana, USA.
Similar to other studies (e.g. Simard et al., 2011; Klutsch et al., 2009), they found that conifers
lose almost all foliage resulting in gray phase. This shift/transfer from canopy to floor can take
between 2 and 4 years from initial attack. Foliage/needle decomposition occurs typically within 2
and 5 years (Prescott et al., 2000). Downed woody debris accumulation is more gradual and
includes small and moderate diameter branches to coarse woody debris (larger branches and some
fallen trees).

Space-for-time substitution is typically used as an effective ecological technique for
quantifying forest fire fuel availability with time since infestation based on data from different
locations and with varying conditions at the same time. Although space-for-time substitution can
have limitations associated with complex ecosystems and environmental variability, it can be used
to understand change without requiring repeat measurements required for time-series data
(Enayetullah et al., 2022).

Gibson et al., (2009) and Chen and Walton, (2011) describe that the transition from green
to red foliage in infested trees typically occurs within almost one year. During the first year of
attack, needles of infested trees generally begin fading 8 to 10 months after the initial attack. This
starts with the change from green to yellowish-green, and then to red as the needles dry out and
die. The primary cause of this color change is the disruption of water and nutrient transport within
the tree, combined with colonization by fungi carried by the beetles, which further impair the

vascular system of trees.



1.5 Quantifying Fuels Using Field Data

Field measurements are a necessary method for quantifying vertical and horizontal fuels
for wildland fire and vegetation ecology at that location (Loudermilk et al., 2022). Fuels are
defined as any biomass (living or dead) which can burn or ignite in a fire. Dead fuel consists of
dry and dead biomass such as foliage, branches or understory like grass, downed woody debris
that have lost moisture and can burn.

Tree height and crown or canopy base height are commonly used metrics in fire behavior
modelling. Generally, taller trees can lead longer flame lengths and lower canopy base heights
increase the potential of transferring surface fires to trees and have crown fires. Crown/canopy fuel
load and canopy bulk density, which are important metrics for understanding fire behaviour, can
be estimated from tree metrics such as diameter at breast height, tree height, species and canopy
base height (Andersen, McGaughey and Reutebuch, 2005) .

Despite the need for measured tree attributes, the installation of field plots has various
limitations. It is difficult to install plots and measure vegetation in inaccessible areas, therefore
plot measurements may not fully represent the range of variability of the broader area (Matasci et
al., 2018). It can also be time-consuming and expensive to collect field data at many plot locations,
repeated every few years required to monitor forest change (Fassnacht et al., 2018; Hopkinson et
al., 2004). To address these challenges, remote sensing has a long history of quantifying forest and
tree attributes such as tree height, tree base height, biomass, foliage volume, among others over
broader spatial areas, more frequently, and with less overall expense. Remote sensing remains a
critical method to gather data and produce information that is important for understanding fuels in

rapidly changing environments, and especially in those impacted by MPB over broad areas.



1.6 Quantifying Forest Fire Fuel and Remote Sensing

Passive optical remote sensing technologies record absorbed, transmitted and reflected
electromagnetic radiation from objects on the Earth’s surface, typically onboard on satellites and
airborne (aircraft and remotely piloted aircraft system) systems. Remote sensing can be used to
identify a broad range of vegetation attributes such as vegetation or forest types (conifer,
deciduous, etc.), canopy or vegetation cover, and vegetation condition (healthy or unhealthy) and
many other attributes (Stueve et al., 2009; Falkowski et al., 2005). Most research on fire fuels over
the past few decades has focused on quantifying the overstory canopy visible to these systems
(Gale etal., 2021; Korhonen et al., 2017; Palaiologou et al., 2013; Wulder et al., 2012) as overstory
canopy plays a critical role in fire spread, the varying predictability of fire behavior as well as the
fire severity.

Given that objects (in this case vegetation) have a characteristic spectral response, and
remote sensing systems measure the spectral response of objects visible to sensor optics. From
these measurements, various forest attributes can be derived to better understand the spatial
characteristics of vegetation fuels. Additionally, remote sensing technologies can detect variations
in reflected/absorbed (etc.) electromagnetic radiation that may indicate changes, such as tree
condition associated with MPB, fires, etc.

Remote sensing data collection began with aerial photography from platforms such as
balloons or aircraft (Colwell, 1983). Spaceborne programs such as Landsat have been monitoring
forest characteristics since the early 1970’s, however, in the last 25 years, high spatial resolution
airborne lidar has become an important tool for quantifying fuels (Wehr and Lohr, 1999; Lefsky
et al., 2005; Chasmer et al., 2017; Chamberlain, Sanchez Meador and Thode, 2021). More

recently, in the last 15 years, optical and lidar systems have been developed for RPAS, enabling
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high spatial resolution multi-spectral and 3D structural characterization of vegetation (Berni et al.,
2009).

1.7 Quantifying Vegetation and Fuel Characteristics using Remotely Piloted Aircraft
Systems (RPAS)

1.7.1 RGB and Multispectral Imagery

RPAS colour imagery (RGB) and multispectral imagery offers several advantages over
satellite and airborne imagery including high spatial resolution (often < 5 cm) and greater
flexibility (e.g. instantaneous launch, repeat deployment) for data acquisition including under
cloud cover. This provides the level of detail and accuracy necessary to characterize more detailed
attributes of vegetation, including for example, condition, composition, phenological cycles, and
structure (Chadwick et al., 2022; Natesan et al., 2020; Franklin and Ahmed, 2018). RPAS can
carry various sensors with different spatial resolutions, including RGB, multispectral,
hyperspectral, lidar, and thermal sensors (Eugenio et al., 2020). In this case, RGB, multispectral,
and lidar are used for 2D and 3D mapping of forest fire fuels.

High spatial resolution RGB RPAS imagery offers valuable potential for
mapping/monitoring vegetation/tree species, despite its limited spectral range. For example,
Chadwick et al. (2022) demonstrated that tree species (e.g., lodgepole pine and white spruce) can
be mapped using RGB imagery alone, through that the accuracy can be improved by adding
additional spectral bands such as red edge and near infrared. Furthermore, Feduck et al., (2018)
showed that high spatial resolution RGB RPAS imagery can effectively map forest structures like
small seedlings. In addition to RGB bands, red-edge and near infrared are sensitive to vegetation
health and species and enhancing the discrimination of tree species and conditions (Chadwick et

al., 2022). Vegetation indices like NDVI and Normalized Difference Vegetation Index red-edge
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(NDVIlre) can also provide additional information for better discrimination of tree species and
conditions (Pearse, 2024; Ireland et al., 2021), Especially, NDVIre can help to identify early
stressed vegetation, such as the green attack phase of MPB outbreaks, and is less sensitive to
saturation (Delegido et al., 2013).

RPAS imagery can be acquired at different flying heights above ground and the resulting
images will have varying Ground Sampling Distances (GSD), which determine the area on the
ground covered by each pixel. Spatial resolution refers to the sensors’ ability to distinguish and
resolve small objects or feature in an image. Smaller GSD and higher spatial resolution mean that
more details can be observed in an image or recorded by the sensor, which plays a crucial role in
the identification and classification of forest structures (Nuijten et al., 2024). The high spatial
resolution of RPAS imagery can be used to map many visible forest structures (Araujo et al.,
2020). Forest structural attributes such as canopy boundaries, gaps between trees, textures, and
tones, can may be used to classify individual trees into tree species (e.g. aspen, lodgepole pine,
white spruce, etc.) and forest types (such as coniferous, deciduous and mixed). In the case of
wildland fire applications, high spatial resolution multispectral RPAS imagery and field data (for
calibration and validation) along with machine learning can be effectively used for 2D mapping of
forest fire fuel attributes (Bennett et al., 2022).

In addition to 2D mapping forest fire fuels, RGB imagery can be used to produce 3D model
and photogrammetric point clouds from a series of overlapped imagery using the structure from
motion method (Xu et al., 2023; Tinkham and Swayze, 2021; Creasy et al., 2021; Iglhaut et al.,
2019; Cooper et al., 2017; Wallace et al., 2016). Structure from motion estimates the three-
dimensional coordinates of objects by processing overlapping images collected from different

locations. This method uses sensor locations, platform orientations and flight height to identify
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common features within overlapping areas to reconstruct the spatial geometry of ground surface
and estimate the three dimensional coordinates of objects using photogrammetric triangulation.
These photogrammetric point clouds and also lidar point clouds can be used to quantify tree height,
crown/canopy base height, diameter at breast height (using correlation models) and then can be
used to model tree dry weight of biomass using allometric equations, which is an important input
to canopy bulk density, which is used in fire behaviour models ( Phelps et al., 2022; Lambert et

al., 2005).

1.7.2 Geographic Object-Based Image Analysis (GEOBIA)

GEOBIA workflow is capable of identifying the shape of vegetation groups and/or features
through 2D image segmentation, and within those groups, species (e.g. spruce, alder),
characteristics/condition, etc. using, for example machine learning classification, which may be
applied to 2D, 3D or a combination of both data types (Pearse, 2024; Sotille et al., 2022; Siljeg et
al., 2022; De Luca et al., 2019; Franklin and Ahmed, 2018).

Image segmentation is the first step of GEOBIA, where an image is divided into
meaningful and homogeneous regions/objects based on similarities in spectral and structural
characteristics (in this case, pixel values from multiple rasters). Each segment represents a group
of similar pixels that can be grouped as one object, allowing classification algorithms (the second
step of GEOBIA) to assign a class label to each segment. Image segmentation is a fundamental
step in GEOBIA, as under- or over-segmentation can affect all aspects of the classification,
including training/applying the machine learning model and the results of classification. Among
all segmentation techniques, region-based approaches (such as Mean Shift (GIS), Full Lambda

Schedule (NV5), Multiresolution Segmentation (eCognition (Trimble, German)), and Graph-
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based segmentation (Felzenszwalb)) are widely used in remote sensing (Kavzoglu and Tonbul,
2017). Kavzoglu and Tonbul, (2017) conducted a comparative evaluation of segmentation quality,
demonstrating that region-based methods generally produce more accurate and homogeneous
segments than edge-based approaches like watershed segmentation. In this thesis, segmentation
was performed using NV5 software, which used a hybrid approach by integrating the Edge and
Full Lambda, combining both edge-based and region-based methods.

A variety of classification methods and machine learning models are available to be trained
in GEOBIA, such as K-Nearest Neighbors, Decision Trees, Support Vector Machine (SVM),
Random Forest, etc. Among all of them, Random Forest and SVM are the most widely used
algorithms (Jain et al., 2020; Sheykhmousa et al., 2020). Random Forest is particularly well-suited
to large and complex datasets with mixed spectral signatures. In contrast, SVM performs well in
the cases with limited training data (Chen and Hay, 2011). While many studies have reported
strong performance using Random Forest, SVM was selected in this study because of the relatively
small training dataset for some classes (e.g., white spruce and subalpine fir) as well as software
limitations as the GEOBIA in NV5 does not support Random Forest (Sheykhmousa et al., 2020).

Fernandez-Guisuraga et al., (2022) used RPAS multispectral imagery to classify sapling
and shrub species and to monitor regeneration and competition of pine saplings and shrubs
following fire in 2013 in Spain. Two GEOBIA workflows were compared; 1) using 2D RGB and
a 3D canopy height model (derived from photogrammetric point clouds: and 2) multispectral
imagery (including red-edge and near infrared) with a canopy height model. With the use of red
edge, near infrared and a canopy height model resulted in an overall accuracy of 83.67%, compared
with RGB and a canopy height model (74.33%), then Random Forest Regression was then used to

predict sapling/shrub (Pinus pinaster, Halimium alyssoides, Pterospartum tridentatum and Erica
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australis) competition. Cessna et al., (2021) quantified boreal vegetation health condition post-
spruce beetle outbreak using RPAS multispectral data in Alaska. They used various spectral and
structural variables to classify non-infested, green and dead trees with an overall accuracy of 78%.

GEOBIA can also be employed to map fuels and forest vegetation structures such as coarse
woody debris and snags in relatively open canopies. For example, Lopes Queiroz et al., (2020 and
2019) mapped snags, logs, and other vegetation structures using RPAS multispectral imagery and
lidar across a 270-hectare study area in the western Canadian boreal forest. RGB and near infrared
wavelengths and NDVI were used for segmentation and Random Forest within shapes to classify
logs, snags, water, dirt, and an ‘other’ classes. They found that classification was highly complete
(completeness= 93.4%), and correct (correctness= 94.50%) for both snags and logs compared to
validation data. Correctness refers to how many of the extracted objects or pixels were correctly
classified and indicating the reliability of the classification. Completeness refers to how many of
the objects or pixels in the ground-truth data were successfully classified and detected (Zhan et al.,
2005; Ye, Pontius and Rakshit, 2018). Although, RPAS multispectral imagery variations in
spectral response from vegetation, canopy occlusion, shadow and similarity can reduce
classification accuracy, especially lower in the canopy/understory/ground vegetation.

3D photogrammetric point clouds can be used with imagery to enhance the information
obtained from RPAS imagery. Multiple images with different look directions and locations can be
used to slightly tackle or mitigate canopy occlusion in relative open forest areas by using multiple
overlapped images (Iglhaut et al., 2019). Photogrammetric point clouds are generated from surface
imagery and cannot penetrate through dense canopy, leading to canopy occlusion and less/ not

having points (information) on understory and ground vegetation.
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1.7.4 RPAS 3D Point Clouds in Assessing Vegetation and Post-Fire Dynamics

Vegetation height is one of the fundamental attributes of fire behaviour modelling, as taller
vegetation typically contains more biomass available to burn. This can result in greater flame
lengths and faster rate of spread. Therefore it is crucial for modelling fire behavior, fire potential
as well as fire intensity (Wang et al., 2024; Proulx, 2021; Beutling et al., 2012). Tree heights can
be estimated using photogrammetric point clouds by interpolating the maximum elevation of
above ground features and ground-classified points to create DSM and DEM, respectively (e.g.
Birdal et al., 2017). Birdal et al. (2017) used a local maxima filter for individual tree identification
and tree height, resulting in a SVM correlation coefficient (R?) of 0.94 and a RMSE of 0.28 m
compared with field measurements. Shin et al., (2018) also quantified several fuel and structural
attributes using RPAS-derived predictor variables including height and canopy base height,
percentile metrics and height-to-crown-diameter ratios. Correspondence with field measured was
moderate for canopy height (R? = 0.71 and RMSE = 1.83 m), but, weaker for canopy base height
(R? = 0.34 and RMSE = 2.52 m). They utilized a point-based segmentation algorithm developed
originally by Li et al., (2012) to identify individual trees using RPAR SfM point clouds. This
algorithm relies on a distance threshold method to group close points belonging to an individual
tree. Then, tree density was determined using the number of trees in 10 m cells (100 m2) with 74%
accuracy. Alonzo et al., (2018) used RPAS SfM point clouds and multispectral imagery to quantify
boreal forest structure and tree species. Mean-shift segmentation was utilized to identify individual
tree crowns, and then structural metrics (e.g., height) and spectral attributes were extracted. These
metrics were then used to develop a Random Forest regression and classification models to

estimate tree density, basal area and above ground biomass. They got 85% accuracy for tree species
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classification. Their results showed an R? ranged from 0.79 (basal area) to 0.92 (aboveground
biomass).

Beyond its application in mapping forest fire fuels and vegetation structures, RPAS
imagery and point clouds can also be used to map forest disturbances (e.g., burnt or unburnt,
cutlines, anthropogenic, seismic lines) and monitoring post-fire vegetation regeneration. For
example, Arkin et al., (2019) conducted a study on fire severity mapping using RPAS imagery and
photogrammetric point clouds in British Columbia, one month following the Prouton Lakes Fire.
Various structural and textural variables were used to train/apply Random Forest classifiers (a
machine learning algorithm that builds an ensemble of decision trees learning method (Breiman,
2001)) to generate disturbance-based land cover maps, including burnt/unburnt coarse woody
debris, undisturbed, moderately, and heavily disturbed at trees. Following fire, Castilla et al.,
(2020) estimated individual boreal conifer seedling height using ultra high resolution RPAS
imagery at three ground pixel sizes: 0.35, 0.75 and 3 cm, to create photogrammetric point clouds.
The maximum point elevation of each seedling was subtracted from the ground elevation to
determine seedling height. Best accuracies compared with ground-truth data were achieved for
seedling heights of >30 cm with 0.35 cm pixel size (RMSE = 24 c¢m; bias=—11 cm; R =0.63; n =

48).

1.7.5 RPAS Lidar Point Clouds

Passive remote sensing has been widely utilized for forest and wildland fire applications.
Passive remote sensing also have limitations such as limited visibility of the forest floor due to
canopy occlusion and limiting the ability to assess understory vegetation (Keane, Burgan and van
Wagtendonk, 2001). To address these limitations, lidar reduces occlusion effects by collecting
multiple returns from a single laser pulses resulting measuring both over and understory vegetation
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(Hopkinson et al., 2005; Lefsky et al., 1999). Lidar is a remote sensing technology that emits laser
pulses to the ground and record the time it takes to travel to the ground and return. By recording
this time and using the speed of light, the distance between each ground point and the sensor can
be calculated. Additionally, a GNSS antenna records the geographic coordinates of the sensor,
while the Inertial Measurement Unit (IMU) captures the orientation of the platform (roll, pitch,
and yaw). Using the coordinates and platform orientations, along with the accurate laser pulse
locations, the 3D coordinates of the ground can be generated (Wehr and Lohr, 1999; Hopkinson,
2006). In addition to lidar, other active sensors like Radar and SAR can be used to measure forest
structural and moisture attributes ( Saatchi et al., 2007; BAKER et al., 1994; Le Toan et al., 1992).
However, this thesis focuses on lidar systems.

Lidar sensors can be used on various platforms including fixed and rotary wing aircraft and
RPAS. Typically, aircraft are employed to collect lidar data over larger areas, while RPAS
platforms are flown at lower altitude, collecting dense lidar point clouds over smaller areas (one
or more hectares) (Beland et al., 2015).

Lidar data are used to predict forest attributes using two approaches: area-based and
individual tree-based (White et al., 2013). Area-based approaches involve utilizing lidar point
cloud metrics (e.g., height percentiles, mean height, max height, min height, point density, etc.)
within fixed spatial units such as plots or grid cells and using statistical models to predict forest
attributes at the plot or stand level. In contrast, individual tree-based approaches are designed to
detect individual trees directly from the lidar point cloud, extracting tree-specific metrics such as
tree height, canopy cover, etc. Area-based methods are more commonly applied than tree-based
approaches, especially in the case of airborne lidar data for larger areas (e.g. Cameron, 2020;

Vastaranta et al., 2012). This is because area-based approaches do not need high-density point
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clouds, however, tree-based methods need dense point clouds to ensure sufficient points for
accurately detecting individual trees. Furthermore, area-based approaches are time and
computationally efficient. Additionally, the lack of highly accurate individual tree detection
algorithms is another limitation for large-scale applications (Yu et al., 2010). For example,
Cameron, (2020) quantified boreal fuel characteristics using airborne lidar point clouds and area-
based approaches. This included canopy height, canopy base height, canopy fuel load, canopy bulk
density, and stem density derived using three lidar point cloud densities: high (10.5 pulses per m?),
moderate (4.7 pulses per m?), and low (1 pulse per m?). It was found that high-density lidar data
has better accuracy for all fuel attributes than moderate- and low-density data compared with field
data (R? range 0.51 (canopy base height) and 0.85 (canopy fuel load)). Although this demonstrates
that airborne lidar is an effective system for quantifying fuels and with acceptable accuracy, tree-
based methods can provide detailed information at the tree level, allowing for species-specific
modeling and accurate estimation of attributes such as biomass, height, crown size, and stem
distribution (Yu et al., 2010). Furthermore, relying on some statistical and prediction models and
limited field data may not be effective for different ecosystems and study areas (White et al., 2013).
These prediction models often have limitations, and they are highly dependent on the quality and
diversity of forest plot data. They are often ineffective for diverse forest conditions or ecosystems
and cannot be used to extrapolate beyond the training data. In forestry and forest fire fuel, these
models are highly sensitive to plot design, and inappropriate design can lead to bias and reduce
model reliability and accuracy (White et al., 2013).

Although airborne lidar systems are suitable for large-area fuel assessments, RPAS lidar is
an effective system for measuring vegetation structures and elevation due to high density point

clouds. These can be used to quantify fuel characteristics, independent of field data. For example,
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Puliti et al. (2020) estimated growing stock volume of boreal trees with RPAS lidar data and RGB
imagery. A 2D segmentation approach and high spatial resolution RPAS imagery were employed
to identify tree boundaries. These boundaries were then used to detect points associated with each
tree using RPAS lidar point clouds. From there, two Random Forest regression were trained to
estimate tree species and DBH. To prepare the training data for these models, the Random Sample
Consensus (RANSAC) algorithm (performed in the TreeLS R) and visual interpretation were used
to create samples for tree species and DBH. Then, specific-species volume models (Brantseg,
(1967)) were utilized to predict the volume of each tree.

Arkin et al., (2023) compared RPAS lidar and photogrammetric point clouds with ground-
based lidar for estimating canopy fuel metrics at the plot level. Iterative closest point was employed
to co-register all these point clouds and remove offsets and warps between them. Iterative closest
point is a point cloud registration approach which works based on iteratively matching the closest
points and using least squares to find the best rotation, translation, and linear scaling. Various
predictor variables including: height percentiles, maximum height, canopy relief ratio and others
were used to develop linear regression models to predict fuel attributes including canopy fuel load,
canopy bulk density, canopy base height and other important metrics.

Results showed that RPAS lidar generally produced more accurate and consistent
predictions of canopy fuel characteristics (stand height, canopy fuel load, canopy bulk density,
canopy base height, etc.) compared to photogrammetric point clouds and ground-based lidar,
however none of these technologies were effective for estimating DBH-related metrics such as
stand density index, basal area and quadratic mean diameter.

RPAS technology has been widely utilized in recent years for a variety of applications,

offering new opportunities for environmental, vegetation and fuel assessment in challenging
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environments like mountain forests (Wallace et al., 2012; Goodbody et al., 2017; Eugenio et al.,
2020). Given these capabilities, this platform presents many opportunities to enhance our
understanding of vegetation structures and available fuels for wildland fire. However, several

research knowledge and research gaps remain, which will be explained in the next subsection.

1.8 Research Gaps

Field measurements are the primary and necessary method for quantifying forest fire fuels.
While vegetation measurements are necessary, ground-truth data collection has limitations
especially across highly variable MPB affected trees (Wulder et al., 2006). In MPB outbreak stand
areas, fuel conditions can be highly variable due to mixed stages of tree mortality and making it
difficult to capture representative measurements with sparse plots. Moreover, accessing these areas
may be challenging or have safety issues due to standing unstable dead trees. Additionally, field
measurements are time-consuming, expensive, and inefficient for large and hard to access areas.
Therefore, there is a need to develop/apply alternative methods for quantifying fuel availability in
MPB impacted forest stands using high spatial resolution and cost-effective remote sensing
platforms like RPAS.

Currently, there is limited understanding of how RPAS systems (optical and point clouds)
can be used and compared for quantifying fuel metrics at tree and plot levels, especially in areas
impacted by MPB. This presents a need for evaluation of RPAS data (optical imagery and point
clouds) for quantifying fuel characteristics in complex forest environments to address these needs,
several steps are required: first, there is a need to test methods for georeferencing RPAS datasets
especially in case of photogrammetric data with 3D distortions and nonlinear scaling problems.
Studies have used both direct (post-processed kinematic and real-time kinematic) which require

expensive equipment and indirect (ground control points) georeferencing. This method is labour-
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intensive, expensive and challenging in forests due to revegetation and occlusion of ground control
points in forest environment(Padré et al., 2019; Liu et al., 2022). Therefore, there is need to
compare methods for georeferencing RPAS datasets in complex forests as accurate
alignment/registration is essential to eliminate offsets between datasets collected from different
platforms before data fusion.

Second, there is a need to compare and improve methods for identifying tree species and
characteristics associated with fuel availability in both stands and those affected by MPB
(Sambaraju et al., 2012; Jenkins et al., 2014; Edwards, Krawchuk and Burton, 2015; Bernier et
al., 2016). Understanding the effectiveness and accuracy for quantifying vegetation structures
may be useful for rapid fuel assessment and use in fire behaviour models. Finally, it is important
to understand how MPB infestations change the spatial distribution of available fuels, including
the shift of canopy fuel to the forest floor based on the proportion of tree mortality within a given

area/plot mostly associated with MPB infestation.

1.9 Thesis Objectives

To address these needs, this thesis has two main objectives: First, to develop/apply methods
for quantifying fuels in MPB-affected forests using three RPAS systems. The second is to quantify
the distribution of fuels based on MPB attack phase and tree mortality.

The first objective included: 1) comparison of methods for georeferencing RPAS imagery
to point clouds from airborne lidar data; 2) implementation of a classification to identify tree
species and general forest structures using RPAS imagery; and 3) development and comparison of
SfM vs. lidar 3D methods for quantifying fuels in forests impacted by MPB. In Objective 2, the
results of Objective 1 were used to better understand how tree mortality and the accumulation of

fuels changed over time since initial infestation.
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The outcomes of this study are important for forest managers and decision-makers who
want to use RPAS data to map fuels and for planning and implementation of management activities

of forest areas, especially in the years following pine beetle attack.

1.10 Thesis Organization
This thesis is divided to seven chapters, with most chapters (shortened for text) contributing to a
single journal article:

1. The second chapter describes the study area, data collection, and the materials used in this
study.

2. The third chapter includes the methodology and results of preprocessing three RPAS
datasets including RPAS imagery, photogrammetric and lidar point clouds. This chapter
includes the workflow for aligning and registering RPAS point clouds and multispectral
imagery with airborne lidar point clouds.

3. The fourth chapter describes the methodology and findings related to using RPAS
multispectral imagery, structural information and GEOBIA for identifying tree /species
and mapping coarse woody debris. Additionally, this chapter discusses the distribution of
canopy coarse woody debris coverage (the total surface area covered by coarse woody
debris in each plot (~400 m?)) aassociated with mortality.

4. The fifth chapter presents the workflow for quantifying 3D canopy fuels using RPAS point
clouds from trees identified using methods in Chapter 4. Tree structure and fuel estimates
were compared at the tree level, while canopy fuel load (CFL) and canopy bulk density
(CBD) were calculated and compared at the plot level. This chapter contributes to
Objective 1 and Objective 2 of this thesis. beetle using vertical vegetation profiles and

calculates the total fuel load in each plot.
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. The sixth chapter is the discussion chapter. This discusses the workflow developed
throughout the thesis and provides future suggestions and recommendations by comparing
results with the literature.

. The final chapter, Conclusion, summarizes how each chapter addresses the research
objectives and provides a discussion of future opportunities.

. An appendix includes all the scripts developed for this thesis.
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Chapter 2. Study Area and Materials
2.1 Study Area

Jasper National Park (52°N, 118°W) is approximately 350 kilometers west of Edmonton
Alberta in the Canadian Rocky Mountains and was a perfect location for this thesis research
(Figure 2.1). The park was established in 1907 as Jasper Forest Park, later became a national park
in 1930 (James-Abra, 2011). The park is situated within Treaty 6 and Treaty 8, on the traditional
territories of the Anishinabe, Aseniwuche Winewak, Dene-zaa, Néhiyawak, Secwépemc, Stoney
Nakoda, Mountain Métis, and Métis Peoples (Government Of Canada, 2025). Field plots, RPAS
and airborne lidar and photogrammetric/multi-spectral data were collected along the Athabasca
Valley south of the town of Jasper. Based on a weather station located at 52° 53' 00" N, -118° 04'
00" and elevation 1062.2 m (named Jasper) the average air temperature in Jasper National Park is
~3.3°C and the average annual total annual precipitation is 1958 millimeters
(Canadian_Climate_Normals, 2024).

Jasper is home to a variety of tree species including Pinus contorta (lodgepole pine), Picea
glauca (white spruce), Picea engelmannii (Engelmann spruce), Abies lasiocarpa (subalpine fir),
Pseudotsuga menziesii (Douglas fir), and Populus tremuloides (trembling aspen). MPB mostly
attack mature lodgepole pine but may attack other pine species like: jack pine, ponderosa pine and
limber pine (Safranyik and Wilson, 2006)). The climate of JNP is favourable for the growth of
many tree species and is ideal for pine species ( Rhemtulla et al., 2002; La Roi and Hnatiuk, 1980)
due to a long history of fire suppression. Recent wildland fires in Jasper, especially the Chetamon
fire (2022) and the Jasper Fire Complex 2024, which burned ~30% of the town have highlighted
the real threat that wildland fire poses to the Town of Jasper and its surrounding forest areas and

infrastructure. Additionally, Jasper includes important montane ecosystems, which provide
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various benefits including carbon sequestration, economic/natural resources value, wildlife

habitat, and numerous other benefits (Rollins, 2012; Kulshreshtha et al., 2000).
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Figure 2.1, (a) The location of the study area in Alberta, Canada; (b) Three airborne lidar
polygons south and west of the Town of Jasper. The location of RPAS polygons are also shown,
each of which include two field plots. The map also illustrates the severity of MPB infestations
observed in 2017 (provided by Parks Canada).
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2.2 Field Data

Tree measurements (DBH, crown base height, tree height, tree species, etc.) were collected
in 16 forest mensuration/fuel plots (Figure 2.1) using methods described within the Next-
Generation Canadian Forest Fire Danger Rating System (NG-CFFDRS) during the summers of
2021 and 2022 (Figure 2.2) (Skretting et al., 2025; Boucher et al,. 2022). Field measurements were
used to parameterize allometric models of above ground biomass and crown fuel load (Hollis et
al., 2025; Phelps et al., 2022; Ung et al., 2008; Lambert et al., 2005). Tree metrics were also used
to validate the proposed methodology and results.

Plot locations were identified using Google Earth and geospatial survey layers provided by
Parks Canada (Figure 2.1) across a range of different proportions of tree mortality. GNSS receivers
were utilized to measure the location of the plot center. Tree plots covered an area of ~400 m?
(radius = 11.28 m). These also included a subcanopy plot (radius = 3.99 m (50 m?)), four
regeneration plots (each covering 1 m?), and a surface fuel plot (radius = 5.64 m (100 m?)) (Figure
2.2). Within each 11.28 m radius plot, all trees with DBH>3 cm were measured. Measurements
included: DBH, crown base height, tree height, tree species and condition (living, pine beetle
phase, snag). To do these measurements, a Vertex Hypsometer (Hagloff Inc. Sweden) and a DBH
tape were used to measure height and DBH, respectively. Two transects (40 m) were laid out in
northeast-southwest and northwest-southeast directions using a compass. These were used to
measure coarse woody debris greater than 3 cm diameter including diameter, decomposition status
(rotten or sound), location (elevated or on the ground), bearing, and distance from the transect start

(Figure 2.2).
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Legend

Q Canopy Fuel Plot
Surface Fuel plot
O Subcanopy Fuel Plot
Regeneration Plot
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Figure 2.2, Vegetation fuel plot layout at Jasper National Park, including the location of two
transects, subcanopy fuel plots and regeneration plots. Figure reproduced from Boucher et al,
(2022).

2.3 Remotely Sensed Data
2.3.1 RPAS Data Collections

2.3.1.1 RPAS Survey 2021

Optical (RGB and multi-spectral) data were collected using 6 RPAS survey polygons (each
polygon containing 2 plots) across six ~150 m x 150 m areas (Plots 1-12) using DJI Inc. Mavic

Pro V2 and Phantom 4 Multispectral sensors. RPAS RGB imagery were collected at a flying height
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of approximately 60 metres above ground level with almost 90% front and sidelap. There was
minimal shadow in almost all imagery due to smoke in the atmosphere as a result of ongoing
wildland fires. The Phantom 4 Multispectral collected multispectral data across five bands: green
(560 + 16 nm), blue (450 £ 16 nm), red (650 + 16 nm), red edge (730 + 16 nm), and near-infrared
(NIR) (840 nm + 26 nm)) (DJI, 2020). Ground Sample Distance (GSD) for RGB imagery was
~0.013 metres (~1.3 centimetres) and multispectral imagery was collected with GSD of ~0.032
metres (or ~3.2 centimetres). The flight pattern for collecting RGB (Mavic 2 Pro) was double grid
(90° cross), and Parallel lines (unidirectional) for collecting multispectral imagery (Phantom 4
Multispectral). Image capture modes for collecting RGB imagery using Mavic Pro V2 and
Phantom 4 Multispectral were Fast mode (non-stop) and Waypoint (hover & stare), respectively.
While RGB imagery collected with 15° forward tilt, multispectral imagery was collected at nadir
(0°). RGB imagery collected by Mavic 2 Pro were processed using the structure-from-motion
(SfM) algorithm in Pix4D Mapper software (Pix4D, Switzerland) to generate photogrammetric
point clouds and orthomosaics. DJI Terra (DJI Technology Co., Ltd, China) was also used to
process multi-spectral bands collected by Phantom 4 Pro. Table 2.1 provides more details about

RPAS imagery and photogrammetric point clouds.
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Table 2.1, Summary of 2021 RPAS flights specifications.

Camera GSD Image Capture
Year Platform Sensor Flight Height (m) Flight Pattern Front/sidelap  velocity Notes
Tilt (cm) Mode
Minimal
Mavic 2 Double grid (90° 15° Fast mode (non-  shadowing, due to
RGB 60 ~1.5 90% / 90% 3-4m/s
Pro Cross) forward stop) smoke in the
2021 atmosphere
Minimal shadowing,
Phantom 4 Parallel lines Waypoint (hover
60 0° (nadir) ~3.2 NA 2.5 m/s due to smoke in the
MS (unidirectional) & stare)

atmosphere

2.3.1.2 RPAS Survey 2022

RPAS lidar data and multispectral imagery were collected using the DJI Matrice 300 with Zenmuse L1 sensor and Phantom 4

Multispectral across two additional RPAS polygons (plots 13-16). All specification of multispectral imagery collection were the same

as the summer 2021. Moreover, lidar data collections were conducted at 60 metres above ground level in a single direction parallel line

(no grid) with nadir facing RGB sensor for collecting RGB orthoimages. Furthermore, the lidar system operated at 160 KHz with three

returns per pulse and a laser scan sidelap of 75%. DJI Terra (DJI Technology Co., Ltd, China) was also used to produce both all RPAS

data and imagery collected in the summer 2022 (lidar and RGB orthoimages collected by DJI Matrice 300 and multispectral bands (red,

green, blue, near infrared and red edge) collected by Phantom 4 Pro). While plots 13 and 14 were collected in shadow condition, plots
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15 and 16 were collected in cloudy condition with minimal shadow. Table 2.2 provides more details about RPAS imagery and lidar

point clouds.

Table 2.2, Summary of 2022 RPAS flights specifications.

Camera GSD Image Capture
Year Platform Sensor Flight Height (m)  Flight Pattern Front/Sidelap  velocity Notes
Tilt (cm) Mode
Lidar: 160 kHz,3
Matrice Fast mode (non-  returns/pulse, 75%
Zenmuse L1 60 Parallel lines 0° (nadir) ~1.6 80% / 85% 3.5m/s
300 stop) scan overlap, ~1367
2022
pts/m?
Phantom 4 Parallel lines Waypoint (hover
60 0° (nadir) ~3.2 NA 2.5 m/s
MS (unidirectional) & stare)
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2.3.2 Airborne Lidar Data

Three airborne multispectral lidar polygons were surveyed east, south and west of the
Town of Jasper (Figure 2.1). Airborne multispectral lidar data were collected at three wavelengths
(1550 nm SWIR, 1064 nm NIR and 532 nm green) using a Teledyne Optech Inc. Titan sensor
(North York, Canada) at maximum foliage cover during summer of 2021 and 2022. Data were
used to align and register all RPAS data to a common reference system and eliminate all

offsets/warps.

2.4 RPAS Plots and Tree Mortality Calculation

Figures 2.3-2.5 illustrate tree mortality calculation across 16 forest plots using field
observations along with visual representations from RGB imagery, photogrammetric plots (Plots
1-12) and lidar (Plots 13-16) point clouds. For each plot, the total number of trees (excluding snags
and aspen trees) and dead trees with red needles or without needles were counted. Afterward, the
proportion of tree mortality was calculated by dividing the total number of dead and partially dead
trees (with red or no needles) by the total number of trees in each plot (excluding snags and aspen
trees). This proportional approach addresses limitations identified in recent literature, where
studies frequently used categorical MPB phases (e.g., green, red and gray) rather than proportional
measures (Romualdi, Wilkinson and James, 2023) In this thesis, all analyses related to forest fire

fuels and comparisons were based on these calculated percentages of tree mortality.
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Plot 1

Total Number of Trees (excluding snags) 30
Number of Live Trees: 15

Number of Dead Trees with Red Needles: 7
Number of Dead Trees with No Needles: 8
Proportion of Tree Mortality:100*(7+8)/30=50%

Plot 2
Total Number of Trees (excluding snags): 56
Number of Live Trees: 23

Number of Dead Trees with Red Needles: 9
Number of Dead Trees with No Needles: 24
Proportion of Tree Mortality:100*(9+24)/56=59%

Plot 3

Total Number of Trees (excluding snags): 30
Number of Live Trees: 10

Number of Dead Trees with Red Needles: 6
Number of Dead Trees with No Needles: 14
Proportion of Tree Mortality:100*(6+14)/30=67%

Total Number of Trees (excluding snags): 57

Number of Live Trees: 12

Number of Dead Trees with Red Needles: 11
Number of Dead Trees with No Needles: 34
Proportion of Tree Mortality: 100*(11+34)/57=79%

Total Number of Trees (excluding snags): 44
Number of Live Trees: 31

Number of Dead Trees with Red Needles:S
Number of Dead Trees with No Needles: 12

Proportion of Tree Mortality: 100* (5+12)/44= 39%)

Total Number of Trees (cxcludmg snags) 72

Number of Live Trees: 58

Number of Dead Trees with Red Needles: 8

Number of Dead Trees with No Needles: 11
Proportion of Tree Mortality: 100* (11+8)/72=26%

Figure 2.3, Tree mortality calculation for Plots 1-6 using field data along with visual

representations from RGB imagery and RPAS-SfM point clouds.
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Plot 7
Total Number of Trees (excluding snags): 15
Number of Live Trees: 4

Number of Dead Trees with Red Needles: 4
Number of Dead Trees with No Needles: 7
Proportion of Tree Mortality: 100*(7+4)/15=73%

Plot 8

Total Number of Trees (excluding snags): 11
Number of Live Trees: 4

Number of Dead Trees with Red Needles: 2
Number of Dead Trees with No Needles: 5
Proportion of Tree Mortality: 100*(2+5)/11= 64%

Plot 9 —_—
Total Number of Trees (excluding s‘t'iags): 70
Number of Live Trees: 30

Number of Dead Trees with Red Needles: 5
Number of Dead Trees with No Needles: 35
Proportion of Tree Mortality: (5+35)/70=57%

Plot 10 )
Total Number of Trees (excluding snags): 56

Number of Live Trees: 26

Number of Dead Trees with Red Needles: 8

Number of Dead Trees with No Needles: 22
Proportion of Tree Mortality: 100*(22+8)/56= 54%

Plot 11
Total Number of Trees (excluding snags): 42
Number of Live Trees: 21

Number of Dead Trees with Red Needles: §
Number of Dead Trees with No Needles: 16

10

Proportion of Tree Mortality: 100*(16+5)/42= 50%

Plot 12
Total Number of Trees (excluding snags): 41
Number of Live Trees: 5

Number of Dead Trees with Red Needles: 9
Number of Dead Trees with No Needles: 27

Proportion of Tree Mortality: 100*(9+27)/41= 88%

Figure 2.4, Tree mortality calculation for Plots 7-12 using field data along with visual

representations from RGB imagery and RPAS-SfM point clouds.
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Plot 13
Total Number of Trees (excluding snags): 76
Number of Live Trees: 47

Number of Dead Trees with Red Needles: 4
Number of Dead Trees with No Needles: 25
Proportion of Tree Mortality:100*(25+4)/76= 38%

Plot 14 0

Total Number of Trees (excluding snags): 69

Number of Live Trees: 53

Number of Dead Trees with Red Needles: 3

Number of Dead Trees with No Needles: 13
Proportion of Tree Mortality: 100*(3+13)/69=23%

vl

Plot 15 S
Total Number of Trees (excluding snags): 124
Number of Live Trees: 109

Number of Dead Trees with Red Needles: 1
Number of Dead Trees with No Needles: 14
Proportion of Tree Mortality:100*(14+1)/124= 12%

G

Plot 16 ' 0

Total Number of Trees (excluding snags): 136
Number of Live Trees: 103

Number of Dead Trees with Red Needles: 10
Number of Dead Trees with No Needles: 23

Proportion of Tree Mortality: 100*(23+10)/136= 24%

Figure 2.5, Tree mortality calculation for Plots 13-16 using field data along with visual

representations from RGB imagery and RPAS-lidar point clouds.
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2.5 Data Processing and Analysis

2.5.1 Field data processing to determine tree and plot level canopy fuel load

Tree species, DBH and tree height were used to estimate crown fuel load using allometric
equations for each individual tree ( Phelps et al., 2022; Ung et al., 2008; Lambert et al., 2005). In
this case, foliage biomass was considered as the crown fuel load for healthy/green conifers, branch
biomass for dead conifers with no needles, and both foliage and branch biomass for dead conifers
with red needles affected by MPB (Talucci and Krawchuk, 2019). Mixed plots with deciduous
trees (such as aspen) were excluded from the fuel calculations due to their different burning
characteristics compared to coniferous species. Plots dominated by aspen trees (Plots 17 and 18)
were excluded, while in mixed plots (Plot 5 (5 aspen trees) and Plot 6 (6 aspen trees)) were
included with those aspen trees removed from the analysis. The estimation of foliage and branch
biomass (kg. tree!) was calculated using Equations 1 and 2 from Ung et al., (2008). After
calculating the fuel load for each individual tree, the total canopy fuel load (CFL) at the plot level
was calculated by adding all tree CFLs within each plot. This total was then divided by the plot

area (400 m?) to estimate the CFL in kg m™.
Candpuyed & ol ) =By :DB2 HB3+ ¢ (1)
Candpuyed ébr ank=1B) sDB> HBC+ e, (2)

Where H and D indicate the height and diameter at breast height of each tree, respectively.
Tables 2.1 and 2.2 display values for B1— Be for different conifer species observed and measured

in those 16 plots. Additionally, ' e; and ez ' represent the error terms.
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Table 2.3, Parameters of DBH and height-based allometric equations for foliage biomass
estimation (Ung, Bernier and Guo, 2008).

Subalpine Fir Lodgepole Pine White Spruce Black Spruce
B (foliage) e1 B (foliage) e B (foliage) e1 B (foliage) e1
B 0.0509 0.0769 0.1832 0.2078
B2 2.9909 0.3855 2.6834 0.2015 2.4144 0.1171 2.5517 0.1143
Bs -1.2271 -1.2484 -1.0948 -1.3453

Table 2.4, Parameters of diameter at breast height and height-based allometric equations for
branch biomass estimation (Ung, Bernier and Guo, 2008).

Subalpine Fir Lodgepole Pine White Spruce Black Spruce
B (branches) €2 B (branches) €2 B (branches) €2 B (branches) €2
B4 0.0265 0.0285 0.0322 0.0405
Bs 3.6747 0.4121 3.3764 0.2138 2.8961 0.1252 3.1917 0.1186
Bs -1.5958 -1.4395 -0.9203 -1.3674

2.6 Summary of field and remotely sensed data collections

This chapter discussed field data collection and measuring common forest fire fuel such as
tree height, crown/canopy base height, crown/canopy fuel load and understory fuel including
coarse woody debris using NG-CFFDRS. Additionally, RPAS high resolution RGB, multispectral
imagery, and lidar point clouds were collected using three RPAS platforms in MPB-affected areas.
Photogrammetric  point clouds were created wusing the structure from motion
(SfM) method and derived from the RGB imagery. SfM is a photogrammetric method that
reconstructs 3D model of structures (in this case vegetation) from overlapping images. It involves
some steps such as interior orientation, where camera parameters such as focal length are applied.
Then, exterior orientation is performed, which estimates the cameras’ spatial position and
orientation. SfM performs relative orientation by automatically matching features across multiple

overlapping images to define the geometric relationships between them. Afterwards, bundle
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adjustment is applied, a global least-squares optimization, to refine all interior and exterior
parameters by minimizing reprojection error. Finally, absolute orientation is applied using GNSS
data to georeference the reconstructed 3D model or point (Westoby et al., 2012; Roberti et al.,
2021). Figure 2.6 introduces the workflow of the methodologies used in this thesis and described
in Chapters 3, 4, and 5: pre-processing of RPAS optical, multispectral, and lidar data (red), object-
based analysis and RPAS imagery (light green), and 3D fuel attributes and volumetric
quantification of tree and fuel characteristics (dark green), including data inputs (top) and

derivatives (bottom).
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Figure 2.6, An overview of the workflow including inputs (top, green), alignment/registration of
RPAS data (red shapes outlined with a red dashed line), application of GEOBIA to identify
objects (coarse woody debris and tree species) (light green with dashed line) and application of
3D methods to quantify fuel attributes using photogrammetric and lidar point cloud data (dark
green with dashed line). Data derivatives are at the bottom, gray. (M) in GEOBIA section refers
to bands collected with the Mavic 2 Pro or Matrice 300, while (P) refers to bands collected with
the Phantom 4 Multispectral Pro. ICP: Iterative Closest Point; CSF: Cloth Simulation Filter;
ITD: Individual Tree Detection; DBSCAN: Density-based spatial clustering of applications with
noise; DT: Delaunay Triangulation.
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Chapter 3. Geocorrection of RPAS Point Clouds and Multispectral Imagery

3.1 Introduction

Differences in platforms and acquisition technologies can introduce spatial offsets and
warping between remote sensing datasets, as well as between field data and GNSS data, especially
when using multiple platforms. Furthermore, photogrammetric datasets are prone to
georeferencing errors due to challenges in absolute orientation and limited image overlap near the
edges of survey polygons. Although Real-Time Kinematic (RTK)-equipped platforms can
improve geolocation accuracy, there are still some offsets between datasets captured by different
platforms. Therefore, ground control points (GCPs) remain an important component for achieving
the highest possible georeferencing accuracy (Padré et al., 2019), however, deploying and
recording GCPs in forested areas is time-consuming, labour-intensive, and often impractical. A
robust and efficient workflow is therefore needed to ensure all datasets are spatially aligned to
enable reliable data fusion and cross-comparison.

This chapter discusses the workflow and accuracy assessment of aligning and registering
various RPAS datasets, including RGB, multispectral imagery, photogrammetric, and lidar point
clouds to a consistent spatial reference. The main purpose of this chapter is to apply a workflow
that removes the offsets and warps between various RPAS data and field or airborne lidar data.
This ensures comparability and enables data fusion as the first step in the processing workflow.
Furthermore, it allows us to use field observations and ground-truth data to calibrate the RPAS
imagery and validate all results. To do this, airborne lidar data were used as a reference and all
RPAS data was aligned/registered to airborne lidar. ICP has been widely utilized for point cloud
registration in remote sensing (Sang et al., 2022; Li et al., 2020). However, it is prone to local

minima errors especially in the case of photogrammetric point clouds that require nonlinear
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translation and scaling (Cao et al., 2023; Decker et al., 2020; Maiseli et al., 2017; Yang et al.,
2016; Xieetal., 2010). To improve the performance and accuracy of ICP, Qi et al. (2022) proposed
using cloud-to-cloud distance measurements with a 5 cm threshold for re-registration. Although
this method mitigates the problem with falling in local minima errors, it is time-consuming and
less effective for correcting nonlinear distortions. In this chapter, a workflow was developed to
register RPAS photogrammetric and lidar points to airborne lidar point clouds which are highly

accurate in terms of georeferencing.

3.2 Methods

The first step towards ensuring comparability between datasets (field, RGB, multispectral,
and both photogrammetric and lidar point clouds) is to register datasets to a consistent spatial
reference system. This enables the use of cost-effective and affordable RPAS platforms without
Real-Time Kinematic positioning or installation of ground control points especially in challenging
forest environments. In this case, airborne lidar data collected coincident to field data collections
were used due to high locational accuracy of laser returns. To do this, an average of 15 tie points
(identifiable locations that can be observed in both images between multispectral and RGB data
were manually selected based on the same identifiable features (typically the intersection of two
coarse woody debris stems identified in both datasets) with distribution across the image/point
cloud to ensure consistent geometric alignment throughout the image requiring registration. Tie
points were then merged with RPAS point clouds. Afterwards, RPAS point clouds (with tie points)
were registered to airborne lidar data. Tie points in the registered RPAS point clouds were then
extracted to align the RPAS imagery. To do this, the global polynomial transformation (Equation

3, using the “Warp” toolbox in ArcMap 10.8.1) was applied (using the initial tie points as reference
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and the tie points after registration as targets) to align both the multispectral and RGB data with

the airborne lidar data (Tondewad and Dale, 2020).

X=adai1 *az2yas Xt&m%(+3502}/+
Y=bobi%boy¥bhs Xt oktbso¥+

(3)

Where and are the coordinates of the tie points before point cloud registration and X
and Y are the coordinate of the tie points extracted from registered point clouds. Figure 3.1 shows
the performance of different polynomial transformation orders for the geometric correction of an
orthoimage. The first-order transformation applies consistent translation, rotation, and linear
scaling across the entire image and making it suitable for aligning lidar datasets. In contrast, the
second-order polynomial introduces non-linear adjustments such as scaling, translation, and
rotation, which are needed for aligning photogrammetric datasets. Although the third-order
transformation is rarely used in remote sensing, it can introduce significant image warping and
potentially generate no data areas due to overfitting (Esri, 2025). First and second-order
polynomial transformations require at least three and six tie points, respectively. Additionally,
increasing the polynomial transformation order (third or higher) results in more freedom for
deformation (and require more tie points), generating visible distortions. Therefore, it the second
order is optimal for registering photogrammetric imagery as this avoids such distortions. Figure
3.1 shows the performance of the first-, second- and third polynomial transformations on a small

part of Plot 12.
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Original Ortho-Image

!

3t Order Polynomial
1% Order Polynomial (Affine) e RONCA

Translation (highly variable across the entire of image)
Rotation (highly variable across the entire of image)
Non-linear Scaling (highly variable scaling in different areas)
Makes many distortions and NoData

Translation (consistent across the entire of image)
Rotation (consistent across the entire of image)
Linear Scaling (same across the entire of image)

Translation (non-consistent across the entire of image)
Rotation (non-consistent across the entire of image)
Non-linear Scaling (different scaling in different areas)

Figure 3.1, The comparison of 1%, 2", and 3" order polynomial transformations on an example
of ortho-images (Esri, 2025)

Point cloud registration was also implemented using Point Pair Picking (as initial
registration in CloudCompare) and Iterative Closest Point (ICP) algorithms in CloudCompare
software (Appendix 2) (Besl and McKay, 1992). The ICP algorithm utilizes the least-squares
method to find the optimal registration through translation, rotation, and linear scaling
transformations to minimize the Euclidean distance between corresponding points in two point
clouds (Persad et al., 2017). Here, Point Pair Picking in CloudCompare was utilized as an initial
registration, using at least three points (mostly tree tops) extracted from the digital surface models
of RPAS and airborne lidar point clouds, for ICP. This initial registration aims to increase accuracy
by mitigating challenges related to linear scaling and to avoid convergence to local optima, which
is a common challenge when using ICP (He et al., 2023; Li et al., 2022; Zhang et al., 2015). To
enhance the optimal performance of ICP, the root mean square difference was set to 1x107 (the

minimum value supported by CloudCompare). Additionally, with a 100 percent overlap, the

43



random sampling limit ranged between 1 to 2 million points. Lastly, due to the need to adjust
rotation along all axes, the rotation adjustment was set through the XYZ axes.

Due to 3D distortions in photogrammetric point clouds, a non-linear scaling registration (a
combination of point pair picking (PPP) and ICP (both in CloudCompare software) was
implemented for georeferencing all photogrammetric data. In contrast, lidar point clouds were
registered using simple translation, rotation, and linear scaling registration (ICP). Thus, PPP and
ICP were used for registering photogrammetric point clouds. ICP was used for registering lidar
point clouds. PPP was used to address two issues. First, PPP mitigates the scaling problem of ICP
in the case of photogrammetric point cloud registration. Second, it decreases the distance between
two point clouds to prevent ICP from falling into local minima. It is worth noting that ICP alone

was also examined for photogrammetric point clouds.

3.2.1 Testing and Accuracy Evaluation

The evaluation and accuracy assessment of RPAS point cloud registration was determined
using RMSE and the sample points automatically selected by CloudCompare software during the
ICP step, while the coordinates of the center of plots collected using GNSS were employed to

evaluate the georeferencing accuracy of RPAS multispectral and optical imagery.

3.3 Results

In the absence of GNSS and ground control points during photogrammetric data collection
in the summer of 2021 (plots1-12), significant vertical (over 20 m) and horizontal (0.5-4 m)
offsets/warps were observed between RGB and multispectral data collected by RPAS, field, and

airborne lidar data (Figure 3.2).
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Plot 1 After Alignment

1Meters

® Center of plot 1 collected by GNSS Transect
(b) Horizontal Offset

Photogrammetric
Point Cloud Plot 1 mg
Before Registration

Vertical Offset

Photogrammetric
Point Cloud Plot 1
After Registration

Red points ALS data

15

Figure 3.2, A sample (Plot 1) of vertical and horizontal offsets/warps between RPAS data and
airborne lidar data: a) Horizontal offsets between the center of RPAS imagery (the intersection of
two tape measures indicated by black lines in a) and the coordinates collected with GNSS; b)
Vertical and horizontal offsets between the RPAS point cloud (RGB) and airborne lidar point
cloud (red points).
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Table 3.1 presents the RMSE for 12 plots using photogrammetric point clouds and 4 plots
using lidar point clouds. The average RMSE for point cloud registration for the ICP only and the
combination of PPP and ICP for all 16 plots were 0.72 and 0.30 m respectively. Furthermore, the
average offset between the centers of the plots and GNSS was ~1.30 m before alignment

decreasing to ~0.22 m after alignment.

Table 3.1, RMSE for point cloud registration using point pair picking (PPP) and Iterative Closest
Point (ICP) for 16 plots, as well as the offset values of plot centers before and after alignment
using polynomial transformation for 14 plots. Plots 15 and 16 centre was not geographically
located (NA).

RMSE for RMSE

. ICP Onl for Offset Before Offset After
Technique RPAS Polygon (m) g PPP+ICP Alignment (m) Alighment (m)
(m)
Plots 1&2 0.44 0.23 2.58 0.11
Plots 3&4 1.96 0.44 1.09 0.30
Photogrammetric Plots 5&6 0.43 0.30 0.29 0.12
Plots 7&8 0.39 0.28 1.18 0.36
Plots 9&10 1.52 0.21 1.15 0.14
Plots 11&12 0.32 0.28 1.11 0.33
Lidar Plots 13&14 0.33 0.33 1.62 0.24
Plots 15&16 0.36 0.36 NA NA

3.5 Summary Outcomes

Due to the lack of real-time kinematic (RTK) or differential RTK as well as ground control
points, there were horizontal offsets (ranging from 0.50 to 4 meters) and vertical offsets (ranging
from 1 and 20 meters) between RPAS and airborne lidar data. In this chapter, PPP, ICP and
polynomial transformation have been employed to eliminate these offsets to ensure a consistent
spatial system. It was found that ICP alone was not sufficient for photogrammetric point cloud
registration and requires a nonlinear scaling registration as an initial registration to improve the
registration accuracy. The second-order polynomial transformation was effective for aligning

RPAS imagery.
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Chapter 4. 2D Mapping Forest Structures and Tree Species Using Geographic Object-
Based Image Analysis (GEOBIA) and RPAS Multispectral Imagery

4.1 Introduction

Accurate classification of tree species and their conditions is critical for forest fuel
quantification, particularly for estimating crown fuel load, as well as for assessing forest health in
MPB-affected areas. Although field-based methods remain essential for calibrating and validating
fire fuel models, they are often limited by safety hazards, high costs, and labour-intensive
requirements, particularly in remote and densely forested areas. As a solution, high spatial
resolution RPAS imagery with structural attributes can be used to identify tree species.
Furthermore, forest structures such as Coarse Woody Debris (CWD) are also important for
monitoring fuel dynamics associated with insect outbreaks, wildland fire, or fuel treatments.

Despite the high spatial and temporal advantages of RPAS datasets, traditional pixel-based
classification techniques are often not effective for classifying tree species, their conditions, as
well as forest structures such as CWD. Therefore, there is a growing need to explore advanced
classification frameworks, such as Geographic Object-Based Image Analysis (GEOBIA).

This chapter discusses the workflow for classifying general forest structures such as tree
species and coarse woody debris, using GEOBIA and RPAS multispectral imagery and structural
information (e.g., CHM and DSM). GEOBIA involves image segmentation, and a machine
learning algorithm (in this case support vector machine, SVM) were employed to classify tree
species and map forest structures such as coarse woody debris. Additionally, statistical analysis
(confusion matrix) was employed to assess the accuracy of the results. This chapter also discusses
the challenges (such as shadow and canopy occlusion) of using GEOBIA and RPAS imagery for

these classifications.
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4.2 Methods

4.2.1 Geographic Object-based Image Analysis Procedure

Identification and classification of forest structures (e.g., tree species or coarse woody
debris) were carried out using vegetation indices, multispectral and RGB bands, and structural
metrics including the DSM and CHM) within GEOBIA and an SVM machine learning model.
RGB imagery from the Mavic Pro V2 was used for image segmentation, due to higher spatial
resolution (20 Megapixels). A hybrid method, integrating Edge and Full Lambda Schedule, was
employed in ENVI (Environment for Visualizing Images) software (version 5.6, NV5) (Calin et
al., 2021; Redding et al., 2002). This hybrid segmentation method utilized the Edge Method (using
the Sobel edge detector) to identify homogeneous objects such as tree boundaries and coarse
woody debris. Full Lambda Schedule was used to merge adjacent segments iteratively based on

spectral similarity to produce image segments (Griffith and Hay, 2018).

4.2.2 Object-Based Classification of Tree Species, MPB Phases and Coarse Woody
Debris

GEOBIA is an advanced classification workflow that segments imagery into homogeneous
objects based on spectral, and structural information. Unlike traditional pixel-based methods,
GEOBIA allows the use of spatial and shape-based attributes such as shape, area, length, etc.,
making it particularly effective for high spatial resolution imagery. Pixel-based classification
assigns a class to each individual pixel based solely on its pixel values and spectral characteristics.
While this approach is effective for moderate or coarse resolution imagery (e.g., Landsat imagery),
pixel-based approaches are more prone to noise and misclassification in the case of high-resolution
RPAS imagery. Therefore, segmentation is a critical step for classifying high spatial resolution

RPAS imagery to classify each segment rather than individual pixels. Image segmentation is also
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an approach to divide the study area into homogeneous objects based on similarity in spectral or
structural attributes. Following the segmentation approach, statistical metrics (e.g., mean, max,
min, SD, etc. of all pixel values in each segment) were calculated to train a machine learning model
(e.g., Random Forest, Support vector machine (SVM), k-nearest neighbors (KNN)). While many
papers prove the robustness and effectiveness of Random Forest, the SVM algorithm was selected
due to its effectiveness in handling high dimensional data with limited and small training samples.
It also performs well with complex, high spatial resolution imagery and avoids overfitting or
underfitting (Chen and Hay, 2011).

SVM algorithm was implemented using various spectral and spatial attributes used to
differentiate between tree species (e.g., lodgepole pine, subalpine fir, white spruce), MPB phases
(e.g., green, red and gray) and coarse woody debris within GEOBIA identified shapes. Although
Random Forest has been shown to be effective in similar studies (e.g., De Luca et al., 2019), SVM
was selected due to the limited amount of training data for certain classes (e.g., subalpine fir and
white spruce), as well as software limitations, specifically, NV5 does not support Random Forest.
Tree species and coarse woody debris were classified using spectral attributes including minimum,
maximum, standard deviation, and mean per each raster, as well as shape-based attributes
including area, length, elongation, main direction, and roundness of objects/segments in ENVI
software (under the “Example Based Feature Extraction Workflow” toolbox). MPB attack phases
were classified separately after masking lodgepole pine to avoid having a lot of classes in the initial
classification, which could have reduced accuracy.

Field data and visual identification were used to select two datasets for training and testing
of within GEOBIA shape classification. Tree species included lodgepole pine, subalpine fir, white

spruce, and black spruce. During field data collection, MPB phases were observed for each tree,

50



including healthy conifers and dead conifers with or without needles. Then, the proportion of tree
mortality within each plot was calculated to represent overall mortality patterns. Dead or partially
dead lodgepole pine and coarse woody debris were easily identified visually and confirmed using
field-based tree locations. Field data were used to identify white spruce, black spruce and subalpine
fir observed in plots. Visible coarse woody debris were identified visually in each plot.

As explained in the previous section, high-resolution imagery (20 megapixels) was used to
segment the RPAS imagery in ENVI software under the "Example-Based Feature Extraction
Workflow" toolbox. All 12 derived raster layers (Figure 2.3) were used to train and apply the SVM
classifier in ENVI software. The Radial Basis Function was selected as the kernel type for training
the classifier, since it is highly effective for handling non-linear relationships and complicated
classifications of high spatial resolution imagery (Serbouti et al., 2021; Fowler, 2000). The Radial
Basis Function kernel is commonly used in SVM classification to handle and classify input
features with non-linear relationships. It projects the input attributes/metrics to a higher-
dimensional space to allow the SVM to find a linear relationship between classes that are non-
linear in the original input feature. This helps SVM classify and handle complex data non-linear
patterns and relationship in the input attributes (Mansor et al., 2024).

The Gamma in the kernel function was set as 0.3 with the penalty parameter of 300. These
moderate values selected to avoid underfitting and overfitting. Typically, low gamma values (for
example, 0.01) make the model simple and result in underfitting while high gamma values (for
example, 5) make the model complex and lead to overfitting. Similarly, the penalty parameter was
set at a moderate level to avoid these challenges. These values were identified by trial and error
during the GEOBIA workflow, but they are supported by a literature review (Nitze, I., Schulthess,

U., & Asche, 2012). Additionally, after mapping tree species and CWD in each plot, canopy and
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CWD coverage were calculated using the Calculate Geometry tool in GIS software. To do this, all
tree species and CWD boundaries were filtered separately from the results of GEOBIA, then their
areas were calculated using the Calculate Geometry tool. Afterwards, considering the total area of
each plot (400 m?), the canopy and CWD coverage were calculated.

Given that the majority of lodgepole pine trees in the study area were impacted by MPB,
GEOBIA and SVM workflow was repeated (focusing on just lodgepole pine class) to identify their
conditions (green, red and gray) on a per plot basis. These condition classes were not included in
the initial classification to avoid having many classes, as this can be challenging for identifying
optimal inputs for the segmentation method and achieving a balance between over-segmentation
and under-segmentation. Additionally, more classes may decrease the accuracy of the
classification. The objective of this classification was to classify lodgepole pine conditions to
estimate biomass for trees with different fuel weights based on allometry described in Section 2.4.
To perform the lodgepole pine phase classification, all bands described in the previous sections
and Figure 2.3 were used, and all classes except lodgepole pine trees were masked. Field data
along with visual assessment were then used to prepare two datasets: training and test data. The
training data was used with the exact same workflow described for the initial classification and
apply the SVM classifier to classify all lodgepole pine trees into green, red, and grey phases in

ENVI software.

4.2.3 Testing and Accuracy Evaluation

A confusion matrix (or error matrix), was employed to evaluate the accuracy of the
GEOBIA and SVM, utilizing Overall, User’s and Produce’s Accuracy, and the Kappa coefficient.
To do this, validation data (shapefiles) for accuracy assessment were derived from field data and
visual interpretation of high-resolution RGB imagery. CWD and lodgepole pine trees (mostly dead
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or partially dead) were simply detected by visual interpretation of high spatial resolution RGB
imagery. Furthermore, green lodgepole pine, subalpine fir, and spruce trees were identified using
field measurements and visual interpretation. Overall Accuracy and Kappa coefficient were
computed using the shape file of the validation data for those randomly identified features
(individual trees, coarse woody debris, etc.). The Kappa coefficient was included alongside Overall
Accuracy to indicate the reliability and robustness of the classification. It reflects the likelihood
that the observed classification accuracy occurred by chance or random coincidence. Additionally,
a feature-based validation was also used to assess the accuracy of GEOBIA to better understand
the limitations of RPAS multispectral data for classifying features affected by canopy occlusion.
To do this, GEOBIA results were extracted using the tree centre coordinates. Tree centres, which
were calculated from point clouds after individual tree detection (described in Chapter 5). These
were also compared using a confusion matrix. Table 4.1 provides a sample of a confusion matrix
with equations of Overall Accuracy, User's Accuracy and Producer's Accuracy (Equations 4-6)
(Congalton, 1991). Although Overall Accuracy and the Kappa coefficient were emphasized in the
main results section as general indicators for all classes (tree species and CWD), User’s and
Produce’s Accuracy were also used to evaluate the performance of the classification for individual

classes, such as CWD, and to examine commission and omission errors.
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Table 4.1, A sample of Confusion Matrix.
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4.3 Results

4.3.1 Atmospheric and Shadow Conditions in RPAS Imagery for 2021 and 2022

Plots 1-12 were collected during smoky atmospheric conditions (summer of 2021) from

relatively open canopies with minimal shadows. Therefore, GEOBIA for these plots was
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considerably better than for plots 13-16 collected during less smoky conditions, summer 2022,
thereby reducing understory and ground occlusion. Plots collected in the summer of 2022 have
high shadow conditions (Plots 13 and 14) and very closed canopy with high density of laser pulse
returns, which were challenging for all GEOBIA steps and decreased the accuracy. Figure 4.1 a
and b shows two samples of shadow condition in the summer 2021 and the summer 2022,

respectively.

Figure 4.1, Comparison of shadow conditions in RPAS imagery from summer 2021 and summer
2022; (a) Plot 12 with minimal shadow condition and open canopies collected in the summer
2021; (b) Plot13 with high level of shadow collected in the summer 2022.

4.3.2 Classification of Coarse Woody Debris

Figure 4.2 shows the results of GEOBIA segmentation of features with SVM classification.
Trial and error was used to determine an appropriate balance between over- and under-
segmentation in Edge and Full Lambda Schedule parameters, resulting in 16-22% and 90-98%,

for individual tree canopy extent and coarse woody debris, respectively. GEOBIA was highly
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effective for mapping visible CWD in open canopies (e.g. Plots 11 and 12 (Producer accuracy =
~99%)). However, mapping visible coarse woody debris in closed canopies with high occlusion
using passive RPAS imagery (e.g., Plots 15 and 16 (Producer accuracy = ~71%)) was challenging.
The condition of CWD (e.g. sound vs. rotten) is another factor that could affect the accuracy. For
example, coarse woody debris in plots 7 and 8 had ~80% producer accuracy due to having some

rotten coarse woody debris. Table 4.2 shows the producer and user accuracy for 16 plots.

Table 4.2, Validation of GEOBIA results for mapping coarse woody debris.

Plots Plots Plots Plots Plots Plots Plots Plots
ot 1&2 3&4 5&6 7&8 9&10 11&12 13&14 15&16
Producer Accuracy (%) 98 91 95 81 97 99 91 71
User Accuracy (%) 99 100 95 75 85 98 55 83
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Figure 4.2, The results of GEOBIA workflow for identifying tree species and mapping visible coarse woody debris.
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4.3.3 Species classification

Lodgepole pine had better accuracy (average producer accuracy = ~96%) as most
lodgepole pine trees in plots 1-13 were infested by MPB and were dead or half dead with spectral
responses that were distinguishable from other healthy and green conifers. However, GEOBIA
was less accurate for identifying white spruce (average producer accuracy = ~90%), black spruce
(average producer accuracy = ~78%), and subalpine fir (average producer accuracy = ~77%)
compared to lodgepole pine trees. All in all, the average producer accuracy for mapping lodgepole
pine, coarse woody debris, and other conifers were 96%, 90%, and 83%, respectively. Table 4.2
(a, b, and c) presents the average producer, user, and overall accuracy of tree species classes and
coarse woody debris as well as the Kappa coefficient for eight RPAS polygons containing 16 plots
using the confusion matrix. Tree mortality did not influence the accuracy GEOBIA as most dead
or dying trees were lodgepole pine. For example, the Overall Accuracy for higher mortality plots:
11 (59% mortality) and 12 (84% mortality) is 95.6%, while the Overall Accuracy for lower
mortality plots: 15 (18% mortality) and 16 (33% mortality) is 93.9% which is similar to those with
high tree mortality.

High tree density and shadows (or shadow proportion) can decrease GEOBIA accuracy
(Tables 4.3, 4.4 and 4.5). For instance, RPAS polygons from closed canopies: plots 13 and 14
which also have a high proportion of shadows has an Overall Accuracy of 80.2% and Kappa
coefficient of 0.60. In contrast, an RPAS polygon including open canopies with the least shadow
proportion (plots 11 and 12) have a high Overall Accuracy of 95.6% and a Kappa coefficient =

0.93.
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Table 4.3, A pixel-based validation of GEOBIA results based on tree mortality.

Low Tree Mortality (12%) > High Tree Mortality (88%b)

»

Plots 15 & 16 Plots 13 & 14 Plots 5 & 6 Plots 9 & 10 Plots 1 & 2 Plots 7 & 8 Plots 11 & 12 Plots 3 & 4

Avg. Producer Accuracy (%)

822 79.1 87.7 94.0 96.4 91.7 93.8 823

Avg. User Accuracy (%)

92.4 70.2 89.1 93.4 95.3 89.6 96.1 93.4

Overall Accuracy (%)

93.9 80.2 88.3 96.7 98.2 82.6 95.6 84.7

Kappa Coefficient

0.90 0.60 0.84 0.93 0.96 0.79 0.93 0.75

Table 4.4, A pixel-based validation of GEOBIA results based on tree density.

Low Tree Density (14 Trees) — High Tree Density (128 Trees)
Plots 7 & 8 Plots 3 & 4 Plots 11 & 12 Plots 1 & 2 Plots 5 & 6 Plots 9 & 10 Plots 13 & 14 Plots 15 & 16

Avg. Producer Accuracy (%)

91.4 82.3 93.8 96.4 87.7 94.0 79.1 87.2

Avg. User Accuracy (%)

89.6 93.4 96.1 95.3 89.1 93.4 70.2 93.4

Overall Accuracy (%)

82.6 84.7 95.6 98.2 88.3 96.7 80.2 93.9

Kappa Coefficient

0.79 0.75 0.93 0.96 0.84 0.93 0.60 0.89

Table 4.5, A pixel-based validation of GEOBIA results based on shadow conditions.

Low Shadow Condition > High Shadow Condition

Plots 11 & 12 Plots 9 & 10 Plots 1 & 2 Plots 5 & 6 Plots 7 & 8 Plots 3 & 4 Plots 15 & 16 Plots 13 & 14

Avg. Producer Accuracy (%)

93.8 94.0 96.4 87.7 91.4 82.3 82.2 79.1

Avg. User Accuracy (%)

96.1 93.4 95.3 89.1 89.6 93.4 92.4 70.2

Overall Accuracy (%)

95.6 96.7 98.2 88.3 82.6 84.7 93.9 80.2

Kappa Coefficient

0.93 0.93 0.96 0.84 0.79 0.75 0.89 0.60
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Table 4.6 presents the pixel-based confusion matrix for Plots 1 and 2 (corresponding to
RPAS Polygon 1) as a sample, including all accuracy metrics such as overall accuracy, user’s and
producer’s accuracy, and the Kappa coefficient. The confusion matrices for Plots 3—16 (within

seven RPAS polygons) are presented in the Appendix 3.

Table 4.6, Confusion matrix for Plots 1 and 2 (RPAS Polygon 1).

. . . . User's
Class CWD Lodgepole pine White Spruce Subalpine Fir ~ Total Accuracy
CWD 14251 21 0 0 14272 99.85
Lodgepole pine 194 75246 0 0 75440 99.74
White Spruce 0 20 7739 1430 9189 84.22
Subalpine Fir 40 0 424 17058 17522 97.35
Total 14485 75287 8163 18488 116423
Producer's 98.38 99.95 94 81 92.27
Accuracy
Overall Accuracy 98.17
Kappa
Coefficient 0.96

Table 4.7 displays two feature-based confusion matrices for data collected in the summers
of 2021 (relatively open canopies with less shadow) and 2022 (dense or high shadow) based on
field/RPAS matched trees. The Overall Accuracy for the 2021 data was 84% and for the data
collected in 2022 was 75% with higher accuracy in 2021 compared to 2022 due to open canopies
and less canopy occlusion. The main reasons for lower accuracy for RPAS 2022 than 2021 were
canopy occlusion (because of closed and dense canopy cover in 2022 and more detailed and denser

point clouds from the L1 sensor) and shadow conditions which were in the previous sections.
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Table 4.7, Feature-based validation using two confusion matrices, a) RPAS data collected in the
summer 2021, b) RPAS data collected in the summer 2022.

Classified Species Classified Species
Lodgepole Subalpine White Non- b Lodgepole Subalpine White Black Non-
(a) Pine Fir Spruce Tree ( ) Pine Fir Spruce Spruce Tree
Lodgepole 217 2 8 7 Lodgepole 85 1 1 1 7
5 Pine < Pine
2  Subalpine 5 o8 13 s 5‘ Subalpine 6 7 s 0 1
Z H Fir = Fir
§¢ Whit 1 4 15 3 | £| Whit 2 0 3 0 4
3 Spruce & Spruce
© E] Black
Non-Tree 0 0 0 0 o 13 0 0 32 2
3 Spruce
Non-Tree 0 0 0 0 0
Overall Accuracy = 84%
Overall Accuracy= 75%

4.3.4 MPB phase classification

The average Overall Accuracy for the classifications of lodgepole pine conditions
including green, red, and gray was also approximately ~75%. Plots (1 and 2) and (11 and 12) have
the highest accuracy (86%) and the average tree mortality of 68%, however, plots 13 and 14 have
the lowest accuracy (66%) and the average tree mortality of 43%. Table 4.4 shows the Overall

Accuracy of these classifications of lodgepole pine conditions in the 16 plots with their mortality.

Table 4.8, The feature-based confusion matrix for assessing the accuracy of GEOBIA for MPB
attack phase classification

Classified MPB Phases
Green Red Gray Unclassified

~ Green 48 3 2 1
o = Red 2 26 8 0
==
2= Gray 1 13 40 4
> E Unclassified 0 0 0 0

Overall Accuracy = 77%

61



Table 4.9, Validation of lodgepole pine conditions classifications in 16 plots based on tree
mortality.

Plot 15&16  5&6 13&14  9&10 1&2 7&8 11&12 3&4
Overall Accuracy (%) 68 70 66 76 86 76 86 67
Tree Mortality (%) 25.5 37.5 43 56 64.5 71 71.5 74

4.3.5 Canopy Cover and Coarse Woody Debris Distribution

Table 4.9 shows the canopy and coarse woody debris coverage in square meters and percentage
per plot for 16 plots. It was found that the plots with high tree mortality have less canopy coverage
(for example, plot 12, 33%) than unaffected plots (plot 15, 60.7%). Despite the overestimation in
plots 13-14, almost all plots have the same coarse woody debris coverage (~7% in average). This
IS because coarse woody debris accumulation increases over decades following infestation (old
stage of MPB outbreaks) and dead conifers can remain standing as snags for a long period of time
(Jenkins et al., 2014).

Table 4.10, Canopy and Coarse woody debris coverage in square meters and percentage per plot
for 16 plots.

Plot 15 14 6 16 5 10 13 9 11 1 8 2 3 7 4 12
Tree
Mortality 12 23 38 24 39 54 38 57 50 50 64 59 67 73 79 88
(%)
CWD
Coverage 29 55 16 35 23 33 50 23 28 39 15 33 16 16 19 18
(m?)
CWD
Percent 7.3 13.8 4 8.8 5.8 8.3 12.5 5.8 7 9.8 3.8 8.3 4 4 48 45
(%)
Canopy
Coverage 243 206 137 198 118 120 189 164 112 86 61 146 172 50 96 132
(m?)
Canopy
Coverage  60.7 51.5 342 495 295 30 47.2 41 28 215 152 365 43 125 24 33
(%)
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4.4 Summary

In this chapter, it was found that GEOBIA along with RPAS multispectral imagery and structural
information from lidar and photogrammetric point clouds, can be used for identifying tree species
and their conditions and mapping visible forest structures such as coarse woody debris

respectively. Shadow and canopy occlusion are two main limitations for this workflow.
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Chapter 5. 3D Fuel Attributes and Volumetric Quantification of Tree and Fuel
Characteristics

5.1 Introduction

This chapter discusses 3D fuel modeling using photogrammetric and lidar point clouds.
The overall objective of this chapter was to explore methodologies for measuring/estimating
common canopy fuel using RPAS point clouds and then assess shift of vertical fuel to the forest
floor due to MPB outbreaks and tree mortality. A point-based classification method was developed
to classify stem and foliage points using RPAS point clouds. The purpose of this classification was
to identify canopy base height using the region-based method as well as calculate foliage volume.
Afterwards, tree height and diameter at breast height were measured/estimated. Using all variables
and the results from the previous section (tree species) canopy fuel load and canopy bulk density
were estimated using allometric equations. Finally, the vertical vegetation profile and volume of

foliage are utilized to assess fuel distribution.

5.2 Methods

5.2.1 Above-Ground and Ground Point Separation, Stem and Foliage Classification

The overall approach of this chapter was to quantify above-ground canopy fuels across
different tree mortality by classification and analyzing tree structures using RPAS
photogrammetric and lidar point clouds. This was achieved by separating above-ground biomass
from ground and short vegetation, classifying trees into stem and foliage points, detecting
individual trees, and measuring or estimating key forest fuel metrics including tree height, diameter
at breast height, canopy base height, canopy fuel load and canopy bulk density.

The quantification of canopy/above-ground fuels available to burn in different MPB phases

of mortality first requires the separation of overstory data (in this case, points) and excluding
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ground and short vegetation to work on trees. To do this, after completing georegistration, the
Cloth Simulation Filter (in CloudCompare software) was used to segment above ground biomass
from ground biomass points (Zhang et al., 2016). All advanced parameters for Cloth Simulation
Filter were considered as described in (Zhang et al., 2016), except the classification threshold
(Cloth resolution (size of the grid for the simulated cloth) =2 metres and max iterations (number
of iterations) =500). The classification threshold which represents the distance between each point
and the simulated terrain was considered in the range of 0.50 to 0.70 metres, depending on the
height of short vegetation such as grass, seedling, and shrub at the plot floor.

Following ground points removal, above ground biomass points were classified into foliage
and stem points using SVM learning (in MATLAB, Appendix 1) to calculate tree metrics such as
foliage volume, and canopy base height, which are essential for fuel quantification and then
important for fire behavior modeling. To do individual point-based classification, various
geometric features: 3 Eigenvalue, Verticality, Sphericity, Surface Variation, Normal Change
Rate, Anisotropy and Principal Component Analysis (PCA) 1 (Atik et al., 2021; Cabo et al., 2019;
Becker et al., 2018; Weinmann et al., 2015) were calculated in CloudCompare (using the
“Compute Geometric Features” toolbox) as attributes to classify RPAS point clouds, illustrated

within the overall graphical workflow in Figure 5.1 a and b.
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Figure 5.1, The graphical flowchart of the point cloud processing workflow (for plot 11 as an
example): a) segmentation of above-ground biomass from ground biomass points, b) calculation
of geometric features, c) classification of stem and foliage points along with individual tree
detection, d) estimation (SfM)/measurement (RPAS lidar) of tree height, and e) estimate of
crown base height. (CSF: Cloth Simulation Filter; PCA: Principal Component Analysis; CBH:

Crown Base Height)
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SVM classifiers were trained using approximately 4.6 million points (2.9 million from
RPAS lidar and 1.7 million from photogrammetric point clouds) which were manually selected
from various locations within the RPAS polygons and manually classified into stem and foliage
categories using CloudCompare software (using the “Segment” toolbox). Then, SVM was trained
and saved for RPAS lidar and photogrammetric point clouds to classify RPAS point clouds. Figure

5.2 illustrates the original and classified training data for RPAS lidar and photogrammetric point

cloud classifications.

(c)

Foliage

Stem

Figure 5.2, (a) Training data for Support Vector Machine classification of above-ground
biomass photogrammetric point clouds in RGB colour; (b) Training data for Support Vector
Machine classification of above-ground biomass lidar point clouds in RGB colour; (c)
Classification of the photogrammetric training point cloud into stem and foliage points; (d)
Classification of the lidar training point cloud into stem and foliage points.

5.2.2 Individual Tree Detection

Following the classification of stem and foliage, Treelso was used to identify individual
trees in CloudCompare (Xi and Hopkinson, 2022), illustrated in Figure 5.1c. The Treelso process

involves two stages of 3D and 2D cut-pursuit clustering, followed by a final stage of global
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refinements. In this case, all parameters were configured according to Xi and Hopkinson, (2022)
using the default settings of CloudCompare software. The number of nearest points determined by
the user (k) was set 4 for 3D clustering and 5 for 2D clustering.

Since Treelso is a method for individual tree detection for terrestrial laser scanning point
clouds (with minimum gaps), it may struggle to identify individual trees in closed and complex
canopies or interacting RPAS point clouds within overlapping canopies. In these cases, Treelso
may mis-identify two trees as one especially when applied to RPAS lidar point clouds within dense
forest areas with overlapping tree stems/canopies. To address this issue, a Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) technique in MATLAB (Appendix 1) was also
performed to improve the results of Treelso ( Comesafia-Cebral et al., 2021; Ester et al., 1996)
reducing misidentifications and rectifying them. To do this, the minimum number of points in

each cluster was set to 20 with a distance threshold of 0.50 m.

5.2.3 Methods for determining tree metrics required for quantifying fuels

Tree height was determined on a per-tree basis by subtracting the maximum height of
individual tree points from the average interpolated airborne lidar ground elevation (Hopkinson et
al., 2004). First, the point density of airborne lidar ground points was increased/resampled to 200
points per square meter as there is a need to have at least one point directly under the tree. To do
this, a mesh was fitted to the ground points of airborne lidar using the 'Mesh' tool in
CloudComepare. Then, using the 'Point Sampling on the Mesh' tool in CloudCompare, the point
density of the airborne lidar was increased to 200 points per square meter. Subsequently, airborne
lidar points near each tree were considered within a small area (30 cm x 30 cm) directly under the

maximum height of each individual tree (Figure 5.1d).
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To assess how above ground biomass shifts to the forest floor based on the different tree
mortality conditions, foliage volume was calculated using classified foliage points and compared
across plots with different tree mortality. Vertical vegetation profiles were used to do the
comparison by estimating foliage volume at 0.5 meter intervals. Delaunay triangulation (Lawson,
1977) and Convex Hull (Anderson, 1978) are common methods used to calculate the volume of a
3D point cloud. Here, Delaunay triangulation was applied to the classified foliage points of all
points in each interval to reconstruct the 3D surface envelope of canopy foliage and branches.
Then, the Convex Hull was used to estimate the approximate volume of foliage (Appendix 1).

As one of the important/challenging fire fuel parameters, a novel workflow was developed
to directly estimate canopy base height from individual tree points, illustrated graphically in Figure
5.1e. In this case, three tree structure types were considered: trees with almost all stem points as a
snag (e.g. dead, no/few broken branches), trees with all or most foliage points, and lastly, those
containing both stem and foliage, where the canopy base height is above the ground. For each
structure type, the ratio of stem and foliage points was determined. If the ratio of stem points was
more than 98% (deducting 2% to decrease the impact of misclassification and noise), the tree was
classified as a snag and therefore does not have a canopy nor a canopy base height. Conversely, a
foliage ratio of more than 98% indicates that the tree has a canopy that extends almost to the
ground, and therefore, has a short canopy base height, with the assumption that the minimum
elevation of foliage considered as canopy base height is the same as the ground elevation.

Region-based methods were then used if the stem to foliage ratio was between these two
(snag vs. foliage to ground) (Figure 5.1e). Two Regions of Interest (ROI) with 0.50 m height were
moved via a moving window approach from the base of tree to the top consecutively. The lower

ROI checked the ratio of stem points while the upper ROI checked the ratio of foliage. If both
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ROIs had a ratio of more than 75%, the average height of foliage above ground level in the upper
ROI was considered as the above ground canopy base height elevation. These criteria (0.5 m ROI
height and 75% threshold) were determined through trial and error, and the results were not highly
sensitive to small variations (+/-10%) in these parameters. Afterwards, canopy base height was
calculated from the subtraction of canopy base elevation from average ground elevation (Figure
5.1e). Theoretically, all foliage and stem point ratios in this workflow should be 100%. However,
these are rarely achievable in the real world due to misclassification and noise in the data.
Additionally, in the case of lidar point clouds, there are still stem points within the tree crowns
(due to penetration). Therefore, multiple ranging from 50% to 100% were checked, and a ratio of
75% was found to provide an optimal balance to avoid having overestimation and underestimation
of measuring the canopy base height. All steps of this workflow were implemented in MATLAB

and the script can be found in the appendix 1.

Measuring diameter at breast height directly using stem points are challenging due to the
presence of noise around tree stems and the lack of sufficient points for trees with small diameter
at breast height. Therefore, given the strong correlation between tree height and diameter at breast
height, a simple linear regression was used to estimate diameter at breast height (Kutner et al.,
1983). In this case, 75% of the data were randomly selected for developing a linear regression
model (using Microsoft Excel software), and the remaining 25% were used for accuracy
assessment using the correlation coefficient (R?) and RMSE. Crown/Canopy fuel load was
calculated using allometry (Equations 1 and 2) using RPAS GEOBIA classification of tree species
and condition (with misclassifications removed), RPAS-derived tree height and diameter at breast
height based on foliage only (healthy); foliage and branches (dead conifer with needles); and

branches only (dead conifer without needles). Canopy bulk density was calculated using the
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Equation 7, where canopy fuel load represents the total amount of canopy fuel load in each plot,
stand height represents the average of tree height and canopy base height represents the average

of canopy base height in each plot.

Ca n oFpuye b a(%ﬁ
St ahhai ¢n) = Ca n oBpayHe i ¢ t

k
Ca n oBpuylDlke n s(iﬁg\; (7)

Plot-level vertical vegetation profiles are an effective method for assessing the distribution
of fuels vertically within the plot (Skowronski et al., 2020; Pimont et al., 2016; Simard et al.,
2011). Vertical vegetation profiles were used to better understand the shift of fuels to the forest
floor based on the proportion of tree mortality mostly associated with MPB attack phases
compared with generally healthy, mixed stands. Delaunay triangulation was used to create the
object of foliage points above the canopy base height at 0.50 m increments for each tree, then,
convex hull was used to calculate the volume of foliage. All steps of this were implemented in

MATLAB and the script can be found in Appendix 1.

5.2.4 Testing and Accuracy Evaluation

More than 500 individual trees were matched with field measurements in 16 plots based
on their location in quadrants (NW, NE, SW, and SE), tree height, and canopy base height. Fuel
attributes of individual trees (tree height, crown base height, and crown fuel load) were validated
per tree and varied based on tree condition including healthy conifers, dead lodgepole pine with
red needles, and dead lodgepole pine with no needles, assuming these died as a result of MPB

infestation. The validation and accuracy assessment of tree height, canopy base height, and canopy
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fuel load within utilized performance indicators such as Mean Absolute Error (MAE), RMSE,

Normalized Root Mean Square Error (NRMSE), and correlation coefficient (R?) (Equations 8-12).

n
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Where ' represents measured/estimated fire fuel values, represents field

measurements and n is the number of trees that used for validation, is also the mean for field

data.

5.3 Results

5.3.1 General characteristics of structure extraction within plots

Figure 5.3 shows visual representations of all plots after applying the Cloth Simulation
Filter and Support Vector Machine learning, classifying point clouds into ground biomass, stems,
and foliage. The variations in plot characteristics are shown, including variable tree density (lowest
density = plot 7, number of trees = 14; highest plot density = plot 15 number of trees = 128), tree
mortality (lowest mortality = plot 15, 12%; highest tree mortality = plot 12, 88%), tree height

(shortest trees = plot 15, 1.3 m; tallest trees = plot 15, 33.4 m), and seedling/sapling density (lowest
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seedling/sapling density found in plot 12, number of seedlings/saplings = 0; highest density found
in plot 14, number of seedling/sapling = 46). Lidar point clouds provided high point densities (1.3
- 1.8 million points per plot (400 m?)) and more detail than photogrammetric point clouds (0.40 -

1 million points per plot).

(a) JP1 IP2 IP3 JP4 JP5 IP6

Above Ground Biomass: @ Stem @ Foliage

Ground Biomass in RGB Color

20 m

Figure 5.3, The visual representation of 16 plots including ground biomass (in RGB colour) and
classified above ground biomass into stem and foliage, a) photogrammetric point clouds (Plots 1-
12), b) lidar point clouds (Plots 13-16).

Plots 9 and 10 (Figure 5.3 contain tall, dense trees with greater canopy occlusion. In plots
containing a high number of short vegetation (e.g., seedlings and shrubs) (e.g., plots 5, 6, 14, 15,
and 16), identification of stems and foliage using geometric features was challenging, given that

geometric features are calculated based on neighboring points. However, in plots 10, 11, and 12,
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stems and foliage points were more distinguishable due to higher canopy base height and fewer
small trees and shrubs. Additionally, high tree densities in plots 13 to 16 resulted in
misclassification of some individual trees using Treelso, where two trees that were close together

were identified as one.

5.3.2 Comparison of RPAS-derived fuel metrics with field measurements

Vegetation fuel attributes, including tree height, crown base height and crown fuel load
were derived using photogrammetric and lidar systems, as these are important fuel metrics for
understanding the distribution of fuel and modeling fire behaviour. Figure 5.4 illustrates R?,
RMSE, NRMSE and BIAS calculated for tree height and crown base height using
photogrammetric and lidar technologies compared with 472 field measurements of trees based on
tree condition/mortality. The results indicate high accuracy estimating (using photogrammetric)
and measuring (lidar) both tree height (Figure 5.4 a, b) and canopy base height (Figure 5.4 c, d)
across all tree conditions. Generally, lidar point clouds have better accuracy than photogrammetric
point clouds despite collection from plots with higher density of trees and closed canopies. This is
because lidar can penetrate through the canopy whereas photogrammetric methods based on
structure from motion are impacted by canopy occlusion. Lidar point clouds have the highest
accuracy when used for height of green/healthy conifers (R?= 0.99, RMSE = 0.59 m, and NRMSE
= 2.81%) compared with measured. Lowest accuracy of tree heights was found for dead conifers
with no needles using photogrammetric point clouds (R2= 0.92, RMSE= 1.53 m, and NRMSE=
4.08%). Tree height using both lidar and photogrammetric systems is relatively high (R? ranging
from 0.75-0.91), crown base height is over-estimated using photogrammetric methods. Crown base
height accuracy for dead conifers with no needles (R?>= 0.80, RMSE= 1.86 m, and NRMSE=
13.48%) was higher than for healthy conifers (R?= 0.78, RMSE= 2.40 m, and NRMSE= 18.19%)
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and dead conifers with red needles (R?>= 0.76, RMSE= 2.29 m, and NRMSE= 16.63%) due to
reduced canopy occlusion. In contrast to the photogrammetric system, lidar can penetrate the
canopy and collect information under canopy cover to more accurately measure crown base height
regardless of tree mortality and density. Therefore, the results from lidar are similar across phases,

regardless of stem density and canopy closure.
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Figure 5.4, A comparison of the accuracy of utilizing photogrammetric and lidar point clouds to
measure, a) and b) tree height and, c) and d) crown base height based on the tree mortality.
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Even though the accuracy for measuring (lidar)/estimating (photogrammetric) crown base

Diameter at breast height (DBH) is another important factor for estimating canopy fuel
load (weight of dry biomass) for use in allometric equations (Equations 1 and 2). Figure 5.5 shows
the relationship between tree heights and DBH using RPAS point clouds and a linear regression,
restricted to pass through the origin under the assumption that a tree with zero height has a DBH
of zero. This model was employed to estimate DBH for all individual trees in each plot using tree
height, and the predicted DBH were then used for estimating CFL in the next sections using

allometric equations.
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Figure 5.5, a) Linear regression model for estimating DBH using tree height and b) Validation
of the predicted DBH against field-measured DBH for 25% of trees not used in model
development

Figure 5.6 compares crown fuel load estimated using allometric equations and RPAS-
derived tree height, diameter at breast height, and tree species. The estimation of crown fuel load
for healthy conifers was more accurate (R? = 0.38; RMSE = 1.92 kg. tree’’; NRMSE = 15.7%)
compared with dead conifers with red needles (R?> = 0.11; RMSE = 12.2 kg. tree’; NRMSE =

21.1%) and dead conifers with no needles (R? = 0.29; RMSE = 7.8 kg. tree’’; NRMSE = 12.0%),
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illustrating increased uncertainties when using modelled DBH. There was more underestimation
of crown fuel load for all unhealthy conifers (dead conifers with needles, BIAS= -4.66 kg. tree™;
dead conifers without needles, BIAS= -1.71 kg. tree?). The primary reason for these
underestimations was uncertainty associated with the allometric equations as small inaccuracies in
tree height and DBH estimations can result in significant biases in crown fuel load estimates due

to the sensitivity of the allometric model to input errors.

Healthy Conifers Dead Conifers with Red Needles Dead Conifers with No Needles
15 - 40 40
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Figure 5.6, Comparison of the accuracy of RPAS (photogrammetric and lidar combined) point
clouds to estimate crown fuel load based on individual tree condition.

5.3.3 Distribution of fuels with Proportion of Tree Mortality at Plot-level

A noticeable shift from the canopy foliage volume to the forest floor was observed within
plots with greater proportion of tree mortality (Figure 5.7). For example, plot 15 had the lowest
tree mortality (Figure 5.7) and the highest volume of foliage (2,600 m*/plot) while plot 7 had one
of the highest tree mortalities and the lowest volume of foliage (200 m®/plot). Figure 5.7 provides

graphical comparison of the total foliage volume across 16 plots.

78



Plot.15 . Plot 14 . Plot 16 3 Plot 6 Plot 13 Plot 5 Plot 11 Plot 1 Plot 10 Plot 9 Plot 2 Plot 8 Plot 3 Plot 7 Plot 4 Plot 12
- TM: 12% TM:23% TM:24% TM:26% TM:38% TM:39% TM: 50% TM:50% TM:54% TM:57% TM:59%  TM: 64% TM: 67% TM:73% TM:79% TM: 88%

20

T

Height (m)

10

0

0 100 200 0 100 200 0 100 200 0 100 200 ¢ 100 200 0 100 200 o 499 200 0 100 200 o 199 200 O 100 200 0 100 200 ¢ 100 200 O 100 200 0 100 200 0 100 200 0 100 200

Volume of Foliage (ms)

; 1- i i ‘ ry . ‘ | " ‘ {“ ,
b O A (A e 0N g L

Figure 5.7, Comparison of vertical conifer foliage volume at 0.50 m increments in 16 plots using vertical vegetation profiles.
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Figure 5.8 shows a comparison of the amount of canopy fuel load and bulk density per
square meter (RPAS detected trees only) determined from allometric equations using RPAS
results. Despite high tree density in some plots, plots with mostly dead conifers with red needles
and unaffected/green conifers (e.g. Plots 15 and 16) have more canopy fuel load than plots with
dead conifers with no needles (Plots 4, 7, 8, and 3) which demonstrates a noticeable shift in canopy

fuel load in response to the progression of pine beetle outbreak phases from green to gray.
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Figure 5.8, Comparison of the accuracy of RPAS point clouds to estimate canopy fuel load and
bulk density.
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For photogrammetric point clouds (plots 1-12), canopy fuel load was underestimated with
a bias of -0.30 kg.m, and canopy bulk density was also underestimated with a bias of -0.007
kg.m. In contrast, for lidar point clouds (Plots 13—16), canopy fuel load was overestimated with
a bias of 0.19 kg.m, and canopy bulk density was similarly overestimated with a bias of 0.008

kg.m (Figure 5.8).

5.4 Summary

In this chapter, an individual tree-based workflow was employed to quantify common
crown/canopy fuel in MPB affected mountain forests. Lidar system proved to be more accurate
than photogrammetric systems for measuring/estimating tree height and canopy base height.
Diameter at breast height was found to be highly correlated with tree height. Crown/canopy fuel
load and canopy bulk density calculation had a moderate accuracy using RPAS point clouds, but
there was underestimation for photogrammetric systems. Plots with less tree mortality have more

volume of foliage than plots with higher tree mortality due to shift of fuel to forest floor.
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Chapter 6. Discussion

One of the primary methods for quantifying forest fire fuels and assessing fuel dynamics
over time is using plot-based field measurements. However, field measurements have several
limitations: They are labor-intensive and expensive (Goodbody et al., 2023; Chasmer et al., 2020,
2020a; Chen et al., 2017), limited in spatial coverage and are generally inadequate for large-area
due to sampling bias (Dietmaier et al., 2019) due to a lack of unbiased and sufficient samples for
a large study area, and the potential for human/equipment errors; and lastly, accessibility to the
entire study area can be difficult. In contrast, broad-area forest management and fire behavior
prediction strategies utilize a wide range of remote sensing technologies to estimate the spatial and
temporal variability of fuel ( Gale et al., 2021; Jolly et al., 2012a ).

Recently, RPAS platforms have gained popularity for forest monitoring because of the
unique ability to collect data at high spatial and temporal resolutions (Guimaraes et al., 2020; Tang
and Shao, 2015) using user-friendly technologies and software. In this thesis, three RPAS systems
were utilized and compared: photogrammetric methods and lidar for 3D structure and multispectral
and structural information for species classification. These were used to quantify and assess forest
fuel variability based on attack phase. The comprehensive methodology developed highlights the

effectiveness of RPAS for forest monitoring.
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6.1 Initial Processing and Georeferencing of RPAS SfM and Lidar Data

An innovative geometric correction and georeferencing workflow, including point cloud
registration and global polynomial transformation were used to georeference RPAS data in this
study. Although many studies have demonstrated the effectiveness of the ICP algorithm for point
cloud registration (e.g. Sang et al., 2022; Li et al., 2020), ICP alone is inherently limited to handling
linear scaling and is prone to local minima errors (Maiseli, Gu and Gao, 2017). These limitations
are noticeable especially in the case of photogrammetric point clouds, which often require non-
linear scaling registrations (Cao et al., 2023; Decker et al., 2020; Yang et al., 2016; Xie et al.,
2010). To address these, Qi et al., (2022) utilized cloud-to-cloud distance measurements to
evaluate ICP performance on RPAS point clouds by iteratively calculating the distances between
two point clouds reapplying ICP. Although this workflow achieved high accuracy, this can be
time-consuming and is not suitable for non-linear scalability registration associated with
photogrammetric point clouds. Persad et al. (2017) also developed a method for the registration of
photogrammetric point clouds to airborne lidar point clouds using tie points to calculate the 3D
Conformal Transformation parameters and then register photogrammetric point clouds with
RMSE of 0.47 m using these parameters. The main limitation of their study was that 3D conformal
transformation can be used for linear scaling registration, while photogrammetric point cloud

registration needs non-linear scaling registration.
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In this thesis, this issue was resolved by utilizing an initial registration method (the point
pair picking method) to improve the accuracy and decrease the RMSE of the point cloud
registration using ICP. An average RMSE of RPAS point cloud registration of 0.30 m was
achieved, which is high in the absence of GNSS and base station data for RPAS data collected in
2021 (Plots 1-12) (Table 3.1). Even though Mao et al., (2021) recommended using Real-Time
Kinematic (RTK), ground control points (GCPs), or a combination of both to achieve acceptable
geolocation accuracy, in this case, a workflow was developed to georeference RPAS data without
relying on RTK and GCPs in complex and dense forest canopies with acceptable accuracy. From
this, a novel technique was presented for aligning RPAS imagery to airborne lidar point clouds
using point cloud registration (Figure 2.6, 3.2 and Table 3.1). The second polynomial
transformation was most effective for eliminating all non-linear horizontal warps from RPAS

multispectral data.

6.2 Object-Based Analysis and RPAS Imagery to Determine Tree Canopy Cover, Species

The high spatial resolution offered by multispectral and RGB RPAS imagery facilitates
relatively accurate vegetation species classification, which are important for identifying vegetation
species and condition/mortality, and estimating biomass (Chadwick et al., 2020) (Figure 2.6).
GEOBIA involves a workflow for segmenting multispectral imagery into homogeneous objects
based on spectral and spatial characteristics (Ming et al., 2018; Chen et al., 2018), and then trains

and applies a classifier (e.g. SVM). The main advantage of shape-based method over traditional
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pixel-based classification is the consideration of the geometry of features in addition to spectral
information during training (Whiteside, Boggs and Maier, 2011). SVM has been established as an
effective machine learning approach for both tree species classification and vegetation health
assessment (Abdollahnejad and Panagiotidis, 2020). High accuracy was in the identification of
tree species utilizing vegetation indices, five spectral bands and structural information (Figure 4.2,
and Tables 4.3-4.6). Abdollahnejad and Panagiotidis, (2020) used GEOBIA with spectral and
structural RPAS data to classify tree species, mostly Norway Spruce and Scots Pine. The overall
accuracy and Kappa coefficient of their results were 81.2% and 0.70, respectively, which were less
than the average overall accuracy 90% and Kappa coefficient 0.84 of this study (Table 4.3-4.5).
However, some challenges were observed in accurately classifying dead conifer trees due to the
spectral similarity among dead conifers. Here, Lodgepole pine were more accurately classified
than other species in our study area due to their distinctive spectral characteristics and as the
dominant tree species. Lastly, higher overall accuracy (~90 %) was achieved for classification of
coarse woody debris. Others, e.g. Jarron et al., (2021) achieved 64%, while Lopes Queiroz et al.,
(2019) achieved 93.4 + 4.2% using similar methods. Jarron et al., (2021) used airborne lidar point
clouds (23 points/m?) and utilized Cloth Simulation Filter (to separate understory points) and a
linear feature extraction method (to map coarse woody debris), which were expected to have less

accuracy than GEOBIA.
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While SVM was selected for some reasons such as limited training data for some classes
(e.g. white spruce) and software limitations. It is important to note that it has limitations: the
method is less effective for classifying classes with overlapping spectral responses especially in
the case of high number of classes. Random Forest could potentially produce similar or better
results due to its robustness for handling complex classifications. However, as Random Forest was

not supported in NV5 software, SVM were used as the most suitable option for this thesis.

6.3 3D Fuel Attributes Using Photogrammetric and RPAS Lidar Point Clouds

Photogrammetric and lidar point clouds were utilized to quantify vertical (tree) fuel
attributes including tree height, canopy base height, and canopy fuel load. Photogrammetric point
clouds were derived from passive optical remote sensing data which can be used to quantify
vertical forest fire fuel structures using the Structure from Motion (SfM) methodology.
Photographs with high sidelap of forests with open canopies have reduced canopy occlusion
(Iglhaut et al., 2019). The vertical forest structures and therefore the availability of fuel when dry,
available for wildland fires can be estimated using point cloud metrics and common prediction or
statistical methods such as random forest regression (e.g.; Chavez-Duran et al., 2024; Cova et al.,
2023; Hoffrén et al., 2023; Cameron et al., 2022; Cameron, 2020; Filippelli et al., 2019; Shin et
al., 2018).

In this study, tree height was determined using the maximum elevation of each individual

tree point (Figure 5.1 d) and crown base height from classified (stem and foliage) tree points using
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region-based methods directly from point clouds (Figure 5.1 €). Crown base height is a challenging

but important fuel metric for quantifying canopy bulk density, which is an important fuel attribute

that we can get for understanding and predicting fire behaviour.

During the classification of stem and foliage, colour and intensity attributes alone were not

sufficient for training of the SVM classifier. However, similar to Duran et al., (2021), the addition

of geometric features improved training of SVM for trees that were visible (not occluded) to the

RPAS optical imagery. The main limitation for this classification was the presence of seedlings,

shrubs, and short vegetation near the stem of the tree, reducing the ability to determine geometric

features (especially found in plots 15 and 16, Figure 5.3).

Using 3D data, Treelso (Xi and Hopkinson, 2022) was an effective method for identifying

3D individual trees, but has some limitations using RPAS point clouds due to overlapping

canopies. Here, the Density-Based Spatial Clustering of Applications with Noise (DBSCAN),

Ester et al., (1996), technique was used to rectify the results of Treelso and separate two trees

identified as one tree (Figure 5.1 ¢). The Treelso method uses 3D and 2D cut-pursuit clustering

and identifies individual tree points based on the gaps between trees, which has advantages over

2D individual tree detection methods commonly used for tree segmentation based on local maxima

and estimating crown boundaries (Chavez-Duran et al., 2024; Aubry-Kientz et al., 2019;

Goldbergs et al., 2018; Shin et al., 2018; Nevalainen et al., 2017). Using Treelso and Density-
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Based Spatial Clustering of Applications with Noise (DBSCAN), small trees covered by tall trees,
which are the main limitations of 2D individual tree detection, can be detected (Figure 5.1 c).

Tree height measurements using both RPAS lidar (R?= 0.99, RMSE= 0.59 m, NRMSE=
2.81%) and photogrammetric point clouds (R?>= 0.96, RMSE= 1.22 m, NRMSE= 6.26%),
compared very well with field measurements regardless of tree mortality, density, and canopy
cover (Figure 5.4 a and b). Qi et al. (2022b) used quantitative structure models for quantification
of tree metrics such as height and achieved R? > 0.80 and NRMSE < 16% regardless of tree density
and canopy cover in southern British Columbia, Canada. Zhang et al., (2021) also developed
methods for tree height in tropical forests using both photogrammetric and lidar point clouds and
found that both datasets had almost the of accuracy with R? = 0.88 and RMSE = 1.6 m. This
suggests that tree height can be reliably measured/estimated regardless of forest type and canopy
conditions, using photogrammetry and lidar systems.

Crown/canopy base height is one of the challenges but is important for modeling fire
behaviors and prediction of active crown fires. Most studies achieved moderate correlation and
accuracy compared to field data. For example, Shin et al. (2018) used a prediction model to
estimate canopy base height using photogrammetric point clouds from relatively dense canopies
and found a weaker correlation (R? = 0.34, RMSE = 2.52 m) with field data. Arkin et al., (2021)
also estimated canopy base height using RPAS lidar point clouds by characterizing the vertical

distribution of points and they obtained R? = 0.31 and RMSE = 3.55 m. In another study, Arkin et
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al. (2023a) used photogrammetric and lidar point clouds to quantify common forest fire fuels
around Williams Lake, British Columbia, Canada. They extracted various predictor variables
(height percentiles, max height, canopy relief ratio etc.) to develop many linear regression models
to predict forest fire fuel attributes such as canopy fuel load, canopy bulk density, canopy base
height etc. Based on their validation and accuracy assessment, they found that lidar (R? = 0.63 and
NRMSE = 19.33%) had almost the same accuracy as photogrammetric point clouds (R? = 0.69
and NRMSE = 17.81%) for quantifying canopy base height. However, the innovative workflow
used in this study based on classified point clouds and region-based methods was highly accurate
using photogrammetric point clouds (R?= 0.76, RMSE= 2.29 m, NRMSE= 16.63%) and lidar (R*=
0.91, RMSE= 1.32 m, NRMSE= 8.10%) (Figure 5.4 ¢ and d).

Although our plots (e.g., 1.8 million points (~130 trees) in plot 15 (Figure 5.3)) were denser
and had greater canopy overlap than plots in Arkin et al. (2023a) (0.40 million points with almost
the same average point density), the methods developed here were more accurate for quantifying
crown base height using both lidar and photogrammetric point clouds at the tree-level (Figure 5.4
c and d). Although the accuracy of the results of this study for measuring crown base height were
better than similar studies for healthy/green conifers, the accuracy for measuring crown base height
of dead conifers with no needles (R>= 0.80, RMSE= 1.86 m, and NRMSE= 13.48%) and dead
conifers with red needles (R>= 0.78, RMSE= 2.40 m, and NRMSE=18.19%) were better than

healthy/green conifers since trees lost needles/small branches and there was less canopy occlusion

89



(Figure 5.4 c and d). One limitation in quantifying crown base height is the presence of understory
canopy/ladder fuels near stems, where some trees were less accurately represented by small
branches. These were misclassified as foliage points (Figure 5.3) leading to a slight over- and
under-estimated in canopy base heigh quantifications in some situations. In contrast, due to canopy
occlusion, crown base height quantifications using photogrammetric point clouds were
overestimated due to gaps (lack of points/information under canopy because of canopy occlusion)
(Figure 5.4 c and d), which will have some implications for calculating the canopy bulk density
from canopy fuel load and the canopy length. In addition to all of these, the primary limitation in
utilizing our workflow for crown base height quantification at the tree-level is the need to develop
an individual tree detection method suitable for RPAS point clouds. Treelso was originally
designed for terrestrial laser scanning point clouds with minimal gaps in individual tree points,
while RPAS point clouds, especially photogrammetric point clouds contain several gaps in the
close canopies due to canopy occlusion.

Another important fuel attribute for modeling and predicting fire behavior is crown/canopy
fuel load. Allometric equations have been widely used for quantifying crown fuel load using DBH,
height, and tree species (Phelps et al., 2022; Ung et al., 2008; Lambert et al., 2005). Due to noise
in accurately classifying the stem points, insufficient points for trees with small diameter at breast
height, and canopy occlusion, quantifying diameter at breast height directly from RPAS point

clouds is challenging and prone to large uncertainties. However, due to the strong correlation
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between tree height and DBH (Nunes Miranda et al., 2022; Chen et al., 2020; Sharma and Parton,
2007; Peng et al., 2001), simple linear regression can be used to estimate DBH using only height
attributes. Studies have been conducted to estimate crown/canopy fuel load, the weight of canopy
biomass per unit area/tree using only field data ( Phelps et al., 2022; Ung et al., 2008; Lambert et
al., 2005). However, studies have used field data to calibrate remote sensing data and to develop
models for predicting crown/canopy fuel load for larger area using these data. For example, Hartley
et al., (2022) used a variety of spatial and intensity metrics from RPAS lidar point clouds to
develop a prediction regression model for estimating above ground biomass of wilding conifer
forests in Aotearoa New Zealand. Their results indicated that total above ground biomass has an
NRMSE range between 11.3% to 34.5%. In this study a slightly better accuracy was achieved with
NRMSE at the range of (11.9% to 21.1%). Arkin et al., (2023a) also used FuelCalcBC based on
the methods presented in Sando, (1972) to estimate canopy fuel load using both lidar and
photogrammetric point clouds. They achieved an accuracy of R?= 0.67 using lidar point clouds at
the plot level. However, the results of this study achieved R% = 0.94 (Figure 5.8), despite the high
density of trees in our lidar plots, including small trees and those occluded by the canopy, which
are more difficult to estimate using RPAS methods and with varying mortality (Figure 5.8).

The workflow for the utilization of three RPAS technologies in this study presents several
advantages compared to similar studies, but there are some opportunities for future improvements.

First of all, the use of multispectral RPAS data proves effective in mapping visible coarse woody
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debris within fairly open forest canopies. However, there are two main limitations of GEOBIA:
shadow and canopy occlusion in dense forest canopies. Therefore, coarse woody debris can be
mapped with a GEOBIA workflow with a high level of accuracy in the absence of shadow and in
open canopies (Figures 4.1 and 4.2). However, there are also issues regarding canopy closure and
overlapping coarse woody debris, resulting in gaps in single fallen stems, for example. Therefore,
it is recommended to conduct further investigation to find methods to fill these gaps between
different parts of a coarse woody debris, such as gap filling and reconstruction (possibly
considering close coarse woody debris with the same azimuth/bearing as a single coarse woody
debris and fill the gap). It is also recommended to explore/develop an individual coarse woody
debris detection method to identify each coarse woody debris and removing branches. This allows
us to calculate the width and length of each coarse woody debris and then estimating their volume
or probably biomass. Additionally, as seen in Figure 4.2 and Tables 4.3-4.6, GEOBIA can identify
tree species; however, the difference in overall accuracy between pixel-based and feature-based
(considering small trees below the canopy occlusion) accuracy assessments shows that the biggest
limitation for using GEOBIA to identify tree species is canopy occlusion and the inability to
identify small trees under tall trees.

RPAS lidar and photogrammetric point clouds were highly accurate for quantification of
tree height and compared well with field measurements despite conifer mortality/conditions

(Figure 5.4 a and b). RPAS lidar was more accurate for quantifying crown base height than
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photogrammetric point clouds (Figure 5.4 a and b). This underestimation for quantifying crown
base height using photogrammetric point clouds has two reasons: a) lack of proper individual tree
detection for RPAS point clouds with many gaps, and b) canopy occlusion resulting in a lack of
information on occluded parts of trees (Figure 5.4 ¢ and d). Therefore, it was observed that
photogrammetric point clouds have better accuracy for measuring crown base height for dead
conifers with no needles (NRMSE = 13.48%) than for healthy/green conifers (NRMSE = 16.63%)
and dead conifers with red needles (NRMSE = 18.19%) due to less canopy occlusion (Figure 5.4
c and d). Additionally, crown fuel load results indicated a moderate correlation between RPAS-
estimated results and field data due to the limitation of allometric equations and their high
sensitivity to a small error in tree height and DBH. The highest accuracy for quantifying crown
fuel load belonged to healthy/green conifers using photogrammetric point clouds (R? = 0.38,
NRMSE = 15.71% and BIAS= 0.30 kg. tree’?). Although, there is underestimation in quantifying
canopy fuel load using photogrammetric point clouds, RPAS lidar has a better accuracy for

estimating canopy fuel load in plots (plots 13,14 and 15) (Figure 5.8).

6.4 Fire Fuel Distribution Assessments associated with Tree Mortality

Schoennagel et al., (2012) conducted a study in lodgepole pine forests of northern
Colorado, US, to answer the question of how forest fire fuels interact with MPB outbreaks across
four green, red, gray, and old stage of MPB attack phases. They used field measurements including

tree height, diameter at breast height and canopy base height. They also estimated canopy fuel load
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using diameter at breast height and tree species at the tree level and then calculated canopy bulk
density. They found that dead foliage fuel load was significantly high in trees in the red attack
phases, and the surface fire fuels increase in the gray and old stages of MPB outbreaks. Similarly,
our research indicated the amount of canopy fuel load and volume of foliage in gray phase decrease
significantly due to shift of canopy fuel to forest floor (Figures 5.7, and 5.8). Additionally, it was
observed that despite tree mortality, plots with high level of tree density (Plots 15, 16, 9, 12 and
10) have more canopy fuel load.

In addition to CFL and CBD comparisons, the volume of foliage was also used to better
understand how MPB outbreaks affect fire fuel availability. It was observed that plots with less
tree mortality (e.g., Plots 15, 16, 14, and 6) had more foliage volume. However, the volume of
foliage in plots with mostly dead conifers with or without needles is less than in unaffected areas.
Therefore, it is expected that there will be more fuels on the forest floor due to the shift of fuels
from canopy to floor also observed in Jenkins et al., 2014; Simard et al., 2011, where they found

that almost all needles shifted vertically to forest floor following MPB outbreak and tree mortality.
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Chapter 7. Conclusions
7.1 Research Overview

This study investigated the quantification of vegetation/tree structures and forest fire fuels

post-MPB outbreak in Jasper National Park using three popular RPAS systems/technologies

(multispectral imagery, photogrammetric, and lidar point clouds). This thesis includes 7 chapters

and addresses two main objectives. The first main objective was to develop a workflow utilizing

these three RPAS systems to quantify forest fire fuels. The second main objective was to better

understand vertical/horizontal forest fire fuel availability in response to MPB outbreak as trees die

and to answer the question of how forest fire fuel in Jasper National Park has changed in response

MPB-based tree mortality.

In Chapter 3, an innovative workflow was introduced to eliminate all offsets between these

three datasets with field data (GNSS) and airborne lidar to have a consistent spatial reference

system.

In Chapter 4, machine learning and high-resolution multispectral image classification was

applied to identify tree species and to map visible coarse woody debris. Canopy and coarse woody

debris coverage were compared in 16 plots based on tree mortality using field data collection at

the individual tree and plot levels.

In Chapter 5, an innovative workflow was developed/applied to quantify various

important/required 3D fuel attributes for fire behavior modeling at the tree level using
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photogrammetric and lidar RPAS point clouds. It was observed that some fire fuel attributes, such

as tree height and canopy base height, can be quantified directly from RPAS point clouds at the

tree level, independent of field data with a high level of accuracy. Additionally, other important

fire fuel metrics, such as canopy fuel load and diameter at breast height, were estimated at the tree

level using field data and the results of RPAS tree height. Moreover, volumetric attributes, canopy

fuel load, and canopy bulk density at the plot level were used to assess the change of fuel in

response to tree mortality. Lastly, vertical/horizontal fuel availability and the shift from canopy

fuel to the forest floor were discussed to better understand the interaction between MPB outbreaks

and the vertical and horizontal distribution of fire fuels with increasing proportions of mortality.

In Chapter 6, the accuracy of all these fuel attributes/metrics and fuel changes were

discussed based on tree mortality and conifer cover/conditions. These were compared with the

literature.

7.2 Technical and Ecological Conclusion

Jasper National Park as one of the oldest parks in Canada has been significantly affected

by MPB outbreak in the past two decades due to homogeneity of mature pine trees because of

more than a century of fire suppression history. During the last decade RPAS systems have become

popular technologies for collecting forest fire fuel data and can help to address the limitations of

field data. In this case, a comprehensive methodology workflow was developed from

georeferencing of three different RPAS datasets, classification, and quantification of forest fire
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fuels using three RPAS systems. RPAS multispectral data was found to be accurate for identifying

tree species using both spectral and spatial attributes. Furthermore, RPAS point clouds were found

to be effective for quantifying canopy forest fuel. Moreover, machine learning and a region-based

method can be used to classify above ground biomass points to stem and foliage and quantifying

canopy base height respectively. Photogrammetry and lidar point clouds can both provide high

accuracy measurements of tree height and canopy base height independent of field data.

Additionally, RPAS results can be used to quantify canopy fuel load using allometric equations. It

was observed that RPAS lidar point cloud has moderate/high level of accuracy for estimating

canopy fuel load and bulk density using the lidar system, but there were underestimation using

photogrammetric point clouds. Additionally, plots with dead conifers with red or no needles have

less foliage volume than healthy conifers due to shift of canopy fuel to forest floor.

7.3 Recommendations/Suggestions for Fuel Treatment

Due to the increased surface (can start a fire) and canopy fuel load (both branches and

foliage are dry) in the red phase of MPB outbreaks, it is recommended to focus on these areas for

fuel treatments more than other areas in green and gray MPB attack phases. First, it is

recommended to increase the canopy base height of trees in these areas by pruning and remove

ladder fuels to prevent transferring fires from the forest floor to the crown and generate active

crown fires. Then, prescribed/controlled fires are recommended to clear the forest floor from

needles and small woody components/branches that shifted from the canopy in red phase to
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eliminate the ignition hazard. If trees in the red phase are close to towns/facilities, it is also

recommended to create fuel breaks and remove all fuels through a line to separate these areas from

facilities in addition to conducting those fuel treatments.

7.4 Future Work and Suggestions

Future research may explore the utilization of more spectral and structural metrics to

enhance SVM models for tree species/conditions classifications. It is also recommended to check

alternative classification algorithms such as Random Forest, to potentially improve the model

accuracy and robustness. Moreover, it is suggested to explore a new workflow for reconstructing

and gap-filling visible coarse woody debris that occluded by canopy. Given that

calculating/estimating coarse woody debris volume and fuel load need the diameter and length of

each individual coarse woody debris, future research may explore methods for identifying

individual coarse woody debris structures (removing branches and separating overlapped coarse

woody debris). Given that accurate individual tree detection can improve the accuracy of

estimating fuel attributes (e.g. canopy fuel load, canopy bulk density, and canopy base height),

further exploration of individual tree detection methods specific to RPAS point clouds should be

considered. Finally, due to uncertainties associated with using allometric equations, future research

should develop new methods for quantifying tree metrics especially foliage volume to dry weight

biomass using RPAS point clouds.
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Appendix 1: Scripts

Tain Support Vector Machine Algorithm (Point-Based Classification)

clear all

format long g

clc

close all

% Load train data

TrainData = load(  'TrainMore.txt' );

Attributes= TrainData(:,7:14);
Classes= TrainData(:,15);

svmModel = fitcsvm(Attributes, Classes);
save( 'svm_classifier2.mat' , 'svmModel' );

Apply Support Vector Machine algorithm (Point-Based cClassification)

clear all

clc

% Load the classifier

load( 'svm_classifier.mat' );

REMOTELY PILOTED AIRCRAFT SYSPBiMts=load( "REMOTELY PILOTED AIRCRAFT SYSTEM' );
% Seprate geometric features

REMOTELY PILOTED AIRCRAFT SYSAENbutes= REMOTELY PILOTED AIRCRAFT
SYSTERoInts(:,7:13);

predictedLabels = predict(svmModel, REMOTELY PILOTED AIRCRAFT SYSAENDbutes);
XYZREMOTELY PILOTED AIRCRAFT SYSPBMts(:,1:3);

% Create a new classified point cloud

Classify REMOTELY PILOTED AIRCRAFT SYSEmpdintCloud(XYZ, Intensity=predictedLabels);
pcwrite(Classify = REMOTELY PILOTED AIRCRAFT SYSTEMmMSVM.ply' , 'Encoding’ , 'binary’ );

Modify Individual Tree Detection using DBSCAN

clc

clear

% Import the number of trees identified using Treelso
N=input( 'Please Enter the Number of Trees=" );

% Each loop reads the results of Treelso (exported from CloudCompare as . txt) and
applies DBSCAN to separate close trees.

for i=1:N
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PC = sprintf(  '%d.txt" ,i);
A = load(PointCloud);
XYZTotal=A(:,1:3);
Classes=A(:,7);

PC2 = pointCloud(XYZTotal, "Intensity” , Classes);
epsilon = 0.60;
minPts = 20;

idx = dbscan(XYZTotal, epsilon, minPts);
Trees=unique(idx);

NumberOfTrees = size (unique(idx), 1);
ALLPoints= [XYZTotal Classes idx];

for j=1:NumberOfTrees

FF=Trees());
rows = ALLPoints(;, 5) == FF;

resulting_rows = ALLPoints(rows, :);
XYZsmall=resulting_rows(:,1:3);
Classes2=resulting_rows(:,4);

Result= pointCloud (XYZsmall, 'Intensity’
pcFileName = sprintf( '‘PointCloud_%d.ply'
pcwrite(Result, pcFileName);
end
end

Tree Metrics Required for Fuel Mmodeling:

clc

clear

close all
format long

%Import the number of trees identified using Treelso+DBSCAN
N=input( 'Please Enter the Number of Trees=' )i

%Import airborne lidar ground points
ALSGround= pcread( "ALS.ply" );

Report=[];

for i=1:N
PC = sprintf(  '%d.txt" ,i);
A = load(PC);
XYZTotal=A(;,1:3);
Classes=A(:,4);
KOI=[XYZTotal Classes];

FF=XYZTotal;
FE=Classes;
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A=[FF FEJ;

% Separate Stem and Foliage Points

indl = A(:,4) == 1,
ind2 = A(:,4) == 0;

Stem = A(ind1,:);

StemXYZ= Stem(;, 1:3);

StemClass= Stem(:, 4);
Stem=[StemXYZ, StemClass];
NumberOfStemPoints = size(Stem,1);

Foliage = A(ind2,>);

FoliageXYZ= Foliage(:, 1:3);

FoliageClass= Foliage(:, 4);

Foliage= [FoliageXYZ, FoliageClass];
NumberOfFoliagePoints = size(Foliage,1);
NumKol=NumberOfStemPoints+NumberOfFoliagePoints;

% Remove noises and small components that are identified as trees

if  NumKol < 1000
continue
end

% Generate point cloud Just XYZ and Classes

Kol=[Stem; Foliage];
PcKol = pointCloud(Kol(:,1:3), “Intensity" , Kol(:,4));

% Find the center of the trees

X=median(Kol(:,1));
Y=median(Kol(:,2));
Z=median(Kol(:,3));

% Find tree height and the location of tree height of each tree (X, Y)

RowOfMaxElevation= max(Kol, [], 1);
MaxElevation= RowOfMaxElevation(3);
rowsOfmax = any(Kol == MaxElevation, 2);
matchingRows = Kol(rowsOfmayx, :);
XHeight=matchingRows(1,1);
YHeight=matchingRows(1,2);
ZHeight=matchingRows(1,3);
ROIALS = [(XHeight -0.15) (XHeight+0.15) (YHeight - 0.15) (YHeight+0.15) (ZHeight
40) (ZHeight+40)];
indices = findPointsINROI(ALSGround,ROIALS);
ALSTreeG = select(ALSGround,indices);
ZGround= ALSTreeG.Location(;,3);

127



MeanZALSGround=mean(ZGround);
MinZALSGround=min(ZGround);
MaxZALSGround=max(ZGround);

Height= MaxElevation - MeanZALSGround;

% Measuring canopy base height ( CANOPY BASE HEIGHT

RatioOfStem = (NumberOfStemPoints/NumKol)*100;
RatioOfFoliage = (NumberOfFoliagePoints/NumKol)*100;

if  RatioOfFoliage >= 98.00 % Without Stem
CANOPY BASE HEIGHMmIn( Foliage(:,3)) - MeanZALSGround;
CANOPY BASE HEIGHIEVATION = min( Foliage(:,3));
CANOPY BASE HEIGHIE Foliage(:,3);
elseif RatioOfStem >= 98.00 % Snag
CANOPY BASE HEIGHHeight;
CANOPY BASE HEIGHIEVATION = MaxElevation;
CANOPY BASE HEIGHIE 50000;
else % Otherwise (normal trees with enough stem and foliage)

VoxelZsize = 0.50;

MinX=min(Kol(:,1)); MaxX=max(Kol(:,1));
MinY=min(Kol(:,2)); MaxY=max(Kol(:,2));
MinZ=min(Kol(:,3)); MaxZ=max(Kol(:,3));

NumberofVexelZ= floor((MaxZ - MinZ)/VoxelZsize +1);
for x=0:NumberofVexelZ

roi2 = [MinX MaxX MinY MaxY MinZ (MinZ+VoxelZsize)];

indices = findPointsInROI(PcKol,roi2);

Voxel = select(PcKol,indices);
LocationVoxel=Voxel.Location;
Class = Voxel.Intensity;
KolVoxel = [LocationVoxel Class];
TotalROI1 = size(KolVoxel,1);
ind3 = KolVoxel(:,4) == 1;
indF = KolVoxel(:,4) == 0;
StemVoxell = KolVoxel(ind3,:);
FoliageVoxell = KolVoxel(indF,:);
NumberofStemVoxell = size(StemVoxell,1);

NumberofFoliageVoxell = size(FoliageVoxell,1);
StemRatio = (NumberofStemVoxell/NumberofFoliageVoxel1)*100;
roi3 = [MinX MaxX MinY MaxY (MinZ+VoxelZsize) (MinZ+2*VoxelZsize)];

indices?2 = findPointsInROI(PcKol,roi3);
Voxel = select(PcKol,indices?2);
LocationVoxel=Voxel.Location;
Class = Voxel.Intensity;
KolVoxel = [LocationVoxel Class];
TotalROI2 = size(KolVoxel,1);
ind3 = KolVoxel(:,4) == 1;
indF = KolVoxel(;,4) == 0;
StemVoxel2 = KolVoxel(ind3,:);
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FoliageVoxel2 = KolVoxel(indF,:);
NumberofStemVoxel2 = size(StemVoxel2,1);
NumberofFoliageVoxel2 = size(FoliageVoxel2,1);
FoliageRatio = (NumberofFoliageVoxel2/NumberofStemVoxel2)*100;

if StemRatio>=75 && FoliageRatio>=75
CANOPY BASE HEIGHIFLocationVoxel(:,
end);
CANOPY BASE HEIGHMMean(CANOPY BASE
HEIGHall) - MeanZALSGround;
CANOPY BASE HEIGHIEVATION =
mean(CANOPY BASE HEIGHIT);

continue
end
MinZ=MinZ+VoxelZsize;
end
end
% Calculting Volume and Area of foliage
row_indices = any(Foliage(:,3) > min( CANOPY BASE HEIGHI), 2);

Foliage= Foliage(row_indices, 3);
D=size (Foliage,1);

if D>10
[k,AreaFoliage] = boundary(Foliage(:;,1),Foliage(;,2));
DT = delaunayTriangulation(Foliage(:,1:3));
[C,V] = convexHull(DT);
else
V=0;
AreaFoliage=0;
end

% Report included: "Number of tree", "XYZ of the center of

trees", "XYZ of the tree tops","Mean of ALS ground points”, "Min of ALS ground
points", "Max of ALS ground points", "the elevation of CANOPY BASE HEIGHTTree
Height", "Canopy base height", "Volume of foliage", "Area of foliage",

Report=[Report; i,X, Y, Z, XHeight, YHeight, ZHeight,
MeanZALSGround, MinZALSGround, MaxZALSGround, CANOPY BASE HEIGHIEVATION, Height,
CANOPY BASE HEIGHV, AreaFoliage];

Report=Report;

end

filename = 'Report.xIsx’ ;
sheet = 'Sheetl' ;
xIswrite(filename, Report, sheet);
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Vertical Vegetation Profiles

clc

clear

close all

format long g

N=input( 'Please Enter the Number of Trees=" );

ALSGround= pcread( "ALS.ply" );

Report=[];

for i=1:N
PC = sprintf(  '%d.txt" ,i);
A =load(PC);
XYZTotal=A(:,1:3);
Classes=A(:,4);
KOI=[XYZTotal Classes];

% Finding Stem and Foliage Points
ind1 = KOI(:,4) == 1,
ind2 = KOI(;,4) == 0;

Foliage = KOI(ind2,:);

if size(Foliage,1)==0
continue

end

FoliageXYZ= Foliage(:, 1:3);

VoxelZsize = 1,

MinX=min(FoliageXYZ(:,1)); MaxX=max(FoliageXYZ(:,1));
MinY=min(FoliageXYZ(:,2)); MaxY=max(FoliageXYZ(:,2));
MinZ=min(FoliageXYZ(:,3)); MaxZ=max(FoliageXYZ(:,3));

NumberofVexelZ= floor((MaxZ - MinZ)/VoxelZsize +1);
Foliage_pointCloud=pointCloud (FoliageXYZ);

roi2 = [MinX MaxX MinY MaxY (MinZ - 50) (MinZ+50)];
indices2 = findPointsInROI(ALSGround,roi2);
ALS=select(ALSGround,indices2);
ALSXYZ = ALS.Location;
ALSZ1=ALSXYZ(:,3);
ALSZ=mean(ALSZ1);

for x=0:NumberofVexelZ
roi = [MinX MaxX MinY MaxY MinZ (MinZ+VoxelZsize)];
indices = findPointsInROI(Foliage_pointCloud,roi);
Voxel = select(Foliage_pointCloud,indices);

LocationVoxel=Voxel.Location;
D=size(LocationVoxel,1);
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if D>4
DT = delaunayTriangulation(LocationVoxel(:,1:3));
[C,V] = convexHull(DT);

else

end
HeightofVolume=(MinZ - ALSZ)+(VoxelZsize/2);
MinZ=MinZ+VoxelZsize;

Report=[Report;HeightofVolume, V];

end
end

A=Report(;,1);

B=Report(:,2);

MinA=min(A);

MaxA=max(A);

H=floor(MaxA)+1;

Volumel=[];

for k=0:H
lower_threshold = k;
upper_threshold = k+0.50;

rows_within_range = Report(:;, 1) >= lower_threshold & Report(:, 1) <=upper_threshold;

sum_of values = sum(Report(rows_within_range, 2));
Volumel=[Volumel; upper_threshold, sum_of values];

end

filename =  'VolumeProfile.xIsx' ;
sheet = 'Sheetl' ;
xlswrite(filename, Volumel, sheet);

Plot Vertical Vegetation Profiles

clc
clear all
close all

Plotl=load( "Plotl.txt"
Plot2=load( "Plot2.txt"
Plot3=load( "Plot3.txt"
Plot4=load( "Plot4.txt"
Plot5=load( "Plot5.txt"
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Ploté=load( "Plot6.txt" );
Plot7=load( "Plot7.txt" );
Plot8= load( "Plot8.txt" );
Plot9=load( "Plot9.txt" );
Plotl0=load( "Plot10.txt"
Plotll=load( "Plotll.txt"
Plotl2=load( "Plotl2.txt"
Plotl3=load( "Plot13.txt"
Plotl4=load( "Plotl4.txt"
Plotl5=load( "Plotl5.txt"
Plotl6=load( "Plotl6.txt"

figure;
subplot(1, 16, 1)

plot(Plot15(;,2:2), Plot15(;,1:1),

tile(  'Plot15' );

subplot(1, 16, 2)

plot(Plot14(:,2:2), Plot14(:,1:1),

title(  'Plot 14" ),
subplot(1, 16, 3)
plot(Plot6(:,2:2), Plot6(:,1:1),
title(  'Plot6' ),

subplot(1, 16, 4)

plot(Plot16(:,2:2), Plot16(:,1:1),

title( 'Plot 16" );
subplot(1, 16, 5)

plot(Plot5(:,2:2), Plot5(:,1:1),
titte( 'Plot5" ),

subplot(1, 16, 6)

plot(Plot10(:,2:2), Plot10(:,1:1),

titte( 'Plot 10" );

subplot(1, 16, 7)

plot(Plot13(:,2:2), Plot13(:,1:1),

titte( 'Plot 13" );
subplot(1, 16, 8)
plot(Plot9(:,2:2), Plot9(:,1:1),
title(  'Plot9" ),

subplot(1, 16, 9)

plot(Plot11(:,2:2), Plot11(:,1:1),

title(  'Plot 11" );

subplot(1, 16, 10)
plot(Plot1(:,2:2), Plot1(:,1:1),
title(  'Plot1" );

N N N N N N

'Color' , 'Green

'Color' , 'Green

'Color' , 'Green' ,

'‘Color' , 'Green

'Color' , 'Green' ,
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'Color' , 'red' ,

, 'Linewidth' ,1.7);

. 'Linewidth' , 1.7);

‘LineWidth' , 1.7);

, 'Linewidth' , 1.7);

‘LineWidth' , 1.7);

, 'LineWidth' ,1.7);

‘LineWidth' , 1.7);

‘Color' , 'red" , 'LineWidth' ,1.7);

'Color' , 'red' ,

‘LineWidth' , 1.7);

'‘Color' , 'red" , 'LineWidth' ,1.7);
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subplot(1, 16, 11)
plot(Plot8(:,2:2), Plot8(:,1:1), ‘Color' , 'red" , 'LineWidth' ,1.7);
title(  'Plot 8 );

subplot(1, 16, 12)
plot(Plot2(:,2:2), Plot2(:,1:1), ‘Color' , 'red" , 'LineWidth' ,1.7);
title(  'Plot2" );

subplot(1, 16, 13)
plot(Plot3(:,2:2), Plot3(:,1:1), ‘Color' , 'black' , 'LineWidth' ,1.7);
title(  'Plot3" );

subplot(1, 16, 14)
plot(Plot7(:,2:2), Plot7(:,1:1), ‘Color' , ‘'black’ , 'LineWidth' ,1.7);
title(  'Plot 7" ),

subplot(1, 16, 15)
plot(Plot4(:,2:2), Plot4(:,1:1), ‘Color' , ‘'black’ , 'LineWidth' ,1.7);
title(  'Plot4" ),

subplot(1, 16, 16)
plot(Plot12(:,2:2), Plot12(:,1:1), ‘Color' , 'black’ , 'LineWidth' ,1.7);
title(  'Plot 12" );

linkaxes(findall(gcf, 'type' , ‘'axes' ), 'xy' );
saveas(gcf, ‘'high_res_figure' , '‘png’ );
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Appendix 2: Detailed Software Parameter Screenshots

ICP Parameters

Role assignation

. to be aligned Clip Airborne Lisar data.laz

| reference SfM Point Cloud Plot 1 and 2.las

swap
Parameters Research
'::'J Number of terations 0 *
o RMS difference LOE-07

. .
Final cwerlap 100%
a adjust scale
Normals  Ignored
mzx thread count 14 [ 16 :

OK Cancel
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Clouds registration

Role assignation

. to be aligned Clip Airborne Lisar datalaz

| reference SfM Point Cloud Plot 1 and 2.0as

SWap

Parameters Ressarch

Random sampling limit 2000000 :
Rotaticn b XYZ

Translation =08
ﬂ Enable farthest points remowval

D Data: use displayed S.F. (absolute values) as weights

D Model: use displayed S.F. (absolute values) == weights

se C2M signed distances (mesh as reference only) robust

OK Cancel
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Cloth Simulation Filter (CSF)

Cledh Simlation Filbar
IO simulatio er

C5F Plugin Instruction

Cloth Simulation Filter (CSF) is a tool to extract of ground points in
discrete return LIDAR pointclouds. The detailed theory and algorithms
could be found in the following paper:

Zhang W, QiJ, Wan P, Wang H, Xie D, Wang X, Yan G. An Easy-to-Use
Airborne LiDAR Data Fitering Method Based on Cloth Simulation. Remofe
Sensing 2018; 8(6):501.

And please cite the paper, If you use Cloth Simulation Filter (C5F)
in your work.

¥ou can download the paper from hitps/fwww.researchgate.nety/

ALl Aae - |

General parameter sstting Advanced parameter satting

Scenes
M () Steep sope
& [o A
,_,.-'-._\""

() Flat

bt

il T |:] Slope processing
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=

ot caimulation riter

CSF Plugin Instruction

Cloth Simulation Filter (CSF) is a tool to extract of ground points in
discrete return LIDAR pointclouds, The detailed theory and algorithms

could be found in the following paper:

Zhang W, QiJ, Wan P, Wang H, Xie D, Wang X, Yan G. An Easy-to-Use
Airborne LiWAR Data Fitering Method Based on Cloth Simulation. Remofe
Sersing 2018; 8(6):501.

And please cite the paper, If you use Cloth Simulation Filter (C5F)

in your worlk.

¥ou can download the paper from hitps/fwww researchgate net/

ol T T |

LY

General parameter setting

Cloth resclution

2.000 =
Max iterations

500 -

Classification threshold

0.600 =

[:] Export cloth mesh

Advanced parameter satting

Advanced Parameter Instruction

1. Cloth resolution refers to the grid size
(the unit is same as the unit of pointdouds)
of doth which is used to cover the terrain,
The bigger doth resalution you have set,
the coarser DTM you will get.

2. Max iterations refers to the maximum
iteration times of terrain simulation, 500 is
enough for most of scenes.

3. Classification threshold refers to a
threshold (the unit is same as the unit of
pointdouds) to dassify the pointdouds into
ground and non-ground parts based on the

Ok Can
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The Second-Order Polynomial Transformation Parameters

‘t\ Warp = O x

Input Raster

| RGBMavic tif - &

Source Control Points
¥ Coordinate ¥ Coordinate

439935.551 5835744.513
439956,262 5835818, 256
439990.868 5835833.087
440003.092 5835753.009
439940.068 5835755.962
439989, 778 5835735.813

= (|||

Target Control Paints
% Coordinate ¥ Coordinate

439936, 157 5835747.479
439956.945 5835819.739
439990,924 5835834414
440002.35 5835785.635

439941.036 5835758.675
439989, 125 5835738.625

= (|| ][

Output Raster Dataset

Transformation Type (optional)
POLYORDER2 - |

Resampling Technique {optional)
| NEAREST <]

OK Cancel Environments... Shaow Help =>
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Treelso Parameters

Individual-tree isolator (ground LIDAR)

Treelsoc Plugin Instruction
L graph-based tree point cloud isoclator
Reference

¥i, Z.; Hopkinson, C. 3D Graph-Based Individual-
Tree Isclation (Treeisc) from Terrestrial Laser
Scanning Point Clouds. Remote Sens. Z02Z, 14,
glleé. https://doi. org/l0.33590/rs51423c11c

Landrieu, Loic, and Guillaume Ckbozinski. Cut

Initial segmentation Interim segmentaticn Refined segmentation

1. 3D Cut-pursuit algorithm

This step takes a bit long time, please be patient.
Tt will create small clusters with natural breaks.

K: Hearest neighbors to search

4 -
A: Regularization strength
1.00 =

Decimated resolution (m) to speed up

0,050 =

Execute

0K
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Individual-tree isclator {ground LiICAR)

Treelsoc Plugin Instruction
L graph-based tree point cloud isoclator
Reference

¥i, Z.; Hopkinson, C. 3D Graph-Based Individual-
Tree Isolation (Treeiso) from Terrestrial Laser
Scanning Point Clouds. Bemote Sens. 2022, 14
cllé. https://doi.org/l0.3350/rs1423c11c

Landrieu, Loic, and Fuillaume Chozinski. Cut

Initial s=gmentation Interim segmentation Refined segmentation

2. 2D Cut-pursuit algorithm
This step merges previous clusters horizontalhy.
K: Nearest neighbors to search

5 -
A: Regularization strength

20.00 =
Max gap (m)

2.00 =

Decimated resolution {m) to speed up

0,100 =

Executs

0K

140



Individual-tree isolator (ground LIDAR)

Treelsoc Plugin Instruction

L graph-based tree point cloud isoclator
Reference

¥i, Z.; Hopkinson, C. 3D Graph-Based Individual-
Tree Isclation (Treeisc) from Terrestrial Laser
Scanning Point Clouds. Remote Sens. Z02Z, 14,
glleé. https://doi. org/l0.33590/rs51423c11c

Landrieu, Loic, and Guillaume Ckbozinski. Cut

Initial segmentation Interim segmentaticn Refined segmentation

3. Global refinement

Final merging based on gaps and overlapping ratic.

Vertical weight

0.50 =
Relative height length ratio

0.50 =

Execut=

0K
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Plots 1&2:

overall Accuracy = (114294/116423)

Kappa Coefficient = @.9659

Class
Unclassified
CWD
LP
SW
Subalpine Fir
Total

Class
Unclassified
CWD
LP
SW
Subalpine Fir
Total

Class

CWD

LP

Sk

Subalpine Fir

Class

CWD

LP

Sk

Subalpine Fir

Ground Truth (Pixels)

CWD

a
14251
194

(%]

40
14485

LP

a

21
75246
20

%
75287

Ground Truth (Percent)

CWD
@.00
98.38
1.34
@.00
0.28
10@.00e

Commission
(Percent)
0.15

8.26

15.78

2.65

Prod. Acc.
(Percent)
98.38
99.95
94.81
92.27

LP
0.00
0.03
99.95
0.p3
0.00
100.00

Omission
(Percent)
1.62
@.85

5.19

773

User Acc.
(Percent)
99.85
99.74
84,22
97.35

98.1713%

SW
%]
%]
%]
7739
424
8163
SW
0.00
0.08
0.00
94.81
5.19
100,909
Commission
(Pixels)
21/14272
194/75449
1450/9189
A64/17522
Prod. Acc.
(Pixels)
14251/14485
75246/75287
7739/8163
17058/18488
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Appendix 3: Confusion Matrices

SAF

1430
17058
18488

SAF
.00
.08
.08
73

92.27
100.00

- e o

Total
e
14272
75448
9189
17522
116423

Total

12.26
64.80

15.85
109.00

Omission
(Pixels)
234/14485
A1/75287
A24/8163
1430/18488

User Acc.
(Pixels)
14251/14272
75246/75440
7739/9189
17058/17522



Plots 3&4:

overall Accuracy = (244734/288948)

Kappa Coefficient = ©.7496

Class
Unclassified
CWD
SAF
LP
S
Total

Class
Unclassified
CWD
SAF
LP
S
Total

Class

CWD
SAF
LP
SW

Class

CWD
SAF
LP
Sl

Ground Truth (Pixels)

CWD
(4]
5650
25
536
1@
6221

SAF

@

%]
324@9
36056
1514
69979

Ground Truth (Percent)

CWD
0.00
90.82
0.40
8.62
8.16
100.00

Commission
(Percent)
@.00

@2.53

23.51

2.29

Prod. Acc.
(Percent)
90.82
16.31
99.94
91.98

SAF
.00
©.00

46.31
51.52
2.16
100.00

Omission
(Percent)
9.18
53.69
0.06
8.02

User Acc.
(Percent)
100.00
99.47
76.49
27 o &l
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84.6983%

LP
e
%
@
138885
88
138893
LP
8.00
.00
8.0e
99.94
8.e6
lee.ee
Commission
(Pixels)
0/5650
174/32583
A2428/180433
1612/70282
Prod. Acc.
(Pixels)
5650/6221
32409/69979
138085/138093
68670/74655

WS

149

5836
68670
74655

-~ @ @@

WS

. @0
.00
.20
.82
91.
lea.

98
ao

Total
a

5650
32583
180433
7e282
288948

Total

11.28
62.44
24,32
100.00

Oomission
(Pixels)
571/6221
37570/69979
88/138093
5085/74655

User Acc.
(Pixels)
565@/5650
32409/32583
138005/180433
68670/70282



Plots 5&6:

Overall Accuracy = (748132/838787)

Kappa Coefficient = 8.8384

Class
Unclassified

Subalpine Fir
Total

Class
Unclassified

Subalpine Fir
Total
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Unclassified

Subalpine Fir
Total
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Unclassified

Subalpine Fir
Total

Subalpine Fir

around Truth (Pixels)
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4
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38385

LF

-}
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283362
13511
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2227e7

around Truth (Pixels)
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135186
838787

aground Truth (Percent)

CWD
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m
=1

Total
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(Percent)

Prod. Acc.
(Percent)
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91.31
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72.83
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B @@
®
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(Percent)

User Acc.
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ASpen
e
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319329
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.88
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2.53
168.88
Commission
(Pixels)
1284/29998
13344/216706
45323/342994
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Prod. Acc.
(Pixels)
28714/38385
283362,/222787
297671/319329
186818,/145576
184367,/1208798
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=
[

72.83

144

=
0o
gmmmmmm
o
®

omission
(Pixels)
1591/38385
19345/222787
21658/319329
39558/ 145576
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User Acc.
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283362/216706
297671,/342994
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Plots 7&8

oOverall Accuracy = (322398/398387)

Kappa Coefficient = 8.7873
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{a1]

shrub
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LP

Skl
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Total
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Unclassified
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shrub
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LP
Skl
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Skl
Subalpine Fir
Total
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(a7 ] shrub
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36017 e
7687 21671
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44579 22@51
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SAF Total
e e
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Plots 9&10:

Overall Accuracy = (368521/372764)

Kappa Coefficient = 8.9271
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Plots 11&12:

Overall Accuracy = (359640/376327)

Kappa Coefficient = ©.933@
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Plots 13&14:

Ooverall Accuracy = (136981/170766)

Kappa Coefficient = ©.5978
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Plots 15&16:

Overall Accuracy = (1@5527/112488)

Kappa Coefficient = ©.8915
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Appendix 4. Validation Results and Source Data for Lodgepole Pine MPB Attack Phase
Classification (Table 4.7) Using GEOBIA

Id Field Data Predicted
0 Red Red
1 Red Red
2 Red Red
3 Red Red
4 Red Red
5 Red Green
6 Green Green
7 Green Green
8 Green Green
9 Green Green
10 Green Green
Plot1 &2 11 Green Green
12 Green Green
13 Gray Gray
14 Gray Gray
15 Gray Gray
16 Gray Red
17 Gray Gray
18 Gray Gray
19 Gray Gray
20 Gray Gray
21 Gray Gray
0 Red Red
1 Gray Gray
2 Red Red
3 Gray Gray
Plots 3 & 4 4 Green Gray
5 Gray Gray
6 Gray Gray
7 Green Red
8 Green Red
0 Green Green
1 Green Green
Plots 5 & 6 2 Green Green
3 Green Gray
4 Green Green
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5 Green Green
6 Green Green
7 Green Green
8 Green Green
9 Green Green
10 Green Green
11 Red Red
12 Red Red
13 Red Gray
14 Red Red
15 Red Red
16 Red Red
17 Gray Red
18 Gray Gray
19 Gray Red
20 Gray Gray
21 Gray Red
22 Gray Gray
23 Gray Gray
24 Gray Gray
25 Gray Red
0 Green Green
1 Green Green
2 Green Green
3 Red Red
4 Red Red
5 Gray Gray
Plot 7 & 8 6 Gray Red
7 Gray Gray
8 Gray Gray
9 Gray Red
10 Gray Gray
11 Gray Gray
0 Green Green
1 Green Green
2 Green Green
3 Green Green
Plots 9 & 10 4 Green Green
5 Green Green
6 Green Green
7 Gray Gray
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8 Gray Gray
9 Gray Gray
10 Gray Gray
11 Red Red
12 Red Gray
13 Red Gray
14 Red Green
0 Green Green
1 Green Green
2 Green Green
3 Green Green
4 Green Red
5 Green Green
6 Green Green
Plots 11 & 12 7 Red Red
8 Red Red
9 Red Red
10 Red Red
11 Gray Gray
12 Gray Gray
13 Gray Gray
14 Gray Red
0 Green Green
1 Green Green
2 Green Green
3 Green Green
4 Red Gray
5 Red Red
6 Red Red
7 Red Gray
8 Red Gray
Plots 13 & 14 9 Red Red
10 Gray Unclassified
11 Gray Unclassified
12 Gray Unclassified
13 Gray Unclassified
14 Gray Gray
15 Gray Gray
16 Gray Gray
17 Gray Gray
18 Gray Gray
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Plots 15 & 16

0 Green Green
1 Green Green
2 Green Green
3 Green Green
4 Green Green
5 Green Green
6 Green Green
7 Green Green
8 Red Gray
9 Red Gray
10 Red Red
11 Red Red
12 Red Red
13 Red Red
14 Green Green
15 Green Green
16 Green Green
17 Green Unclassified
18 Gray Red
19 Gray Red
20 Gray Gray
21 Gray Gray
22 Gray Red
23 Gray Red
24 Gray Red
25 Gray Gray
26 Gray Gray
27 Gray Green
28 Gray Gray
29 Gray Gray
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