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Abstract

Accurate quantification of forest biomass is essential for understanding carbon dynamics,
preserving biodiversity, and advancing Nature-based Solutions (NbS) in Canada (Seddon et al.,
2020). NbS harness, protect, or restore natural ecosystems to address complex environmental
challenges. This thesis leverages LiDAR-derived point cloud data to estimate above-ground
biomass (AGB), acknowledging that accuracy varies among different LIDAR sensors due to
limitations like point density and survey altitude. We evaluated the effectiveness of three remote
sensing technologies—Remotely Piloted Aircraft (RPA) LiDAR, aerial LiDAR, and Global
Ecosystem Dynamics Investigation (GEDI) satellite LIDAR in estimating AGB across two
distinct forested properties, Ballyduff Trails and Christie Bentham Wetland Trails. These remote
sensing estimates were compared with traditional in-situ measurements to assess their accuracy

and reliability.

Using statistical models and data processing algorithms, we derived AGB estimates from
the LIDAR data. Results indicated that both RPA and Aerial LiDAR provided extensive spatial
coverage but tended to underestimate AGB compared to in-situ measurements, likely due to the
omission of smaller and understory trees. Aerial LIDAR measured higher average tree heights,
effectively capturing upper canopy structures, while RPA LiDAR's higher point density
facilitated detailed ground-level analysis. Despite its lower spatial resolution, GEDI satellite
LiDAR offered a balance between coverage and accuracy, with estimates aligning closely with

in-situ values for larger-scale assessments.

This study makes a novel contribution by being among the first to compare these three
LiDAR technologies across different forest types in Canada. The findings have significant
implications for improving forest management practices, informing conservation strategies, and
enhancing carbon accounting methods. By highlighting the strengths and limitations of each
remote sensing method, we provide valuable insights for their application in sustainable forest

management and climate change mitigation initiatives.
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First Chapter — A Primer on LiDAR

1.1 LiDAR Background

LIDAR (Light Detection and Ranging) is a remote sensing technology capable of determining the
distance travelled between an object and the sensor by utilizing Light Amplification by Stimulated
Emission of Radiation (LASER) pulses, which are pulses of narrowed beams of light to calculate the
approximate duration it takes photons to travel to an object and return to the sensor (Xiaoye Liu, 2008).
LiDAR systems consist of 3 main components, the laser scanner system that actively sends out pulses of
light typically ranging from the ultraviolet (UV) through the visible spectrum and extending into the near-
infrared (NIR) region, approximately 0.2 um to 1.6 pm. This extensive wavelength range allows LiDAR
systems to be customized for various applications, including topographic mapping, vegetation analysis,
and biomass estimation (Carson et al, 2004), with commonly employed laser systems including Nd:YAN
lasers, diode lasers, fiber lasers, semiconductor lasers and CO; lasers that vary in cost, accuracy, range
and mobility; a Global Navigation Satellite System (GNSS) receiver to record relative position in space;
and an Inertial Measurement Unit (IMU) to measure the motion and attitude of the sensor (Xiaoye Liu,
2008; Sharma et al, 2010).

The benefits of LIDAR applications over traditional surveying methods can be distilled into one
key factor: speed. LiDAR can collect between 10,000 — 2,000,000+ points per second, a rate of which
would take traditional surveying years to record at the same level of detail. A ground-based LiDAR
system, fixed in position, is able to shoot photons that travel at the speed of light (c, approximately
3x10"8 m/s in a vacuum) and the time until the photon’s return is used to calculate the distance between
the sensor and the feature of interest (e.g., Distance = flight time * ¢/2). A different approach can also be
used to calculate the distance between the sensor and a feature utilizing an amplitude modulated
continuous waveform laser (AMCW), where the light intensity is adjusted but the frequency of the laser is
constant (Torun et al, 2019). In the AMCW process, when the beam hits an object, the phase is reset, and
the return signal is processed alongside the flight duration to calculate the distance at a much greater
accuracy than its time of flight only counterpart albeit at much lower range (Torun et al, 2019). The
calculations are straightforward due to the originating photons placed at a known and fixed position, but
when LiDAR systems are placed on mobile platforms such as backpack-based LiDAR Simultaneous
Localization and Mapping (SLAM) systems, remotely piloted aircraft (RPA)/aerial LIDAR systems, and
even Satellite based LiDAR systems, the accuracy and determination of distance is substantially more

complicated (Fowler et al, 2000).



Mobile LiDAR systems can cover large swaths of land with great detail compared to older mobile
surveying methods such as RADAR (Radio Detection and Ranging) (Bauwens et al., 2016). For example,
in the case of a LiIDAR sensor affixed to a plane, the IMU can determine the azimuth angle (horizontal)
and elevation angle (vertical) to get a three-dimensional view (Peinecke et al., 2008), whereas RADAR
would only provide a 2D representation (de Badereau et al., 2003). LIDAR Systems on mobile platforms
(i.e., those without a fixed position) require accurate determination of their position in space when
photons from the lasers are emitted and returned to calculate the approximate time and distance travelled.
Attributes such as relative position, acceleration, angular velocity, tilt, and beam strength play a large role
in determining the accuracy of measurements and as such need to be considered and can be measured
using a GNSS receiver and IMU on the LiDAR System (Fowler et al, 2000; Woods & Christian, 2016;
Xiaoye Liu, 2008). These attributes can be simplified into three main components: 1) Inertial Translation
state, provided by a GNSS, gives the position and velocity of the device holding the sensor; 2) Inertial
Attitude, the orientation or angular position of an object in space is retrieved using a star tracker; and 3)
Relative Pose, is the spatial relationship between two objects (the sensor and a known object/reference)
and it is typically mathematically derived using models to match the LIDAR sensed images to references
and/or objects allowing for transformations to be made to match the reference (Fowler et al, 2000; Woods
& Christian, 2016). The speed, spatial range and accuracy of LIDAR systems can be used to provide
valuable insights for forestry applications (Coops et al., 2021).

1.2 The Role of LiDAR in Forest Management

Understanding and quantification of forest metrics is vital to making informed decisions on the
management, procurement, and securement of forested areas (Falkowski et al., 2009). The assessment of
forest metrics (e.g., biomass) needs to be measured at a level of accuracy to best match the fidelity
required for a project (e.g., land securement, year over year biomass change analysis). Biomass is the total
mass of an organism and in the context of vegetation can be a significant indicator of change of forest
growth and carbon storage potential over time (e.g., forest development after disturbance events) (Brown
et al, 1997; Dube et al, 2018). By evaluating the change in biomass and storage potential over time, it is
possible to better understand how forests development may have been in the past, present, and future.
Biomass and carbon have a direct relationship where 1 unit of biomass equates to 0.45 - 0.53 units of
carbon (e.g., Negi et al, 2003; Petersson et al., 2012; Pradeep et al, 2024), for the purpose of this research
a biomass to carbon conversion factor of 0.5 will be utilized following IPCC (Intergovernmental Panel on
Climate Change) recommendations (IPCC, 2003, Chapter 3.25; Petersson et al., 2012). The amount of

carbon may be transformed into a Carbon dioxide equivalent value, a common unit value by using a



conversion factor of 3.67 (US EPA, 2015). Biomass and carbon values can be represented as various
pools within a forest ecosystem including soil carbon, below ground biomass (BGB) which includes root
systems, dead plant material such as the non-living components of fallen over trees, and AGB that
includes the amount of live or dead matter in woody vegetation, mostly in the trunks, stems, and foliage
of trees. In-situ assessment of AGB can be calculated destructively using the dry weight of trees/shrubs
after cutting trees down or non-destructively by applying allometric equations by getting relationships
between different tree parameters (Kumar & Mutanga, 2017), although allometric equations are originally
derived from destructively sampled trees through oven-drying, the relationships identified from the
measured biomass components allow for the estimation of AGB without further harm to forest life.

The change in biomass can be a significant indicator of overall forest productivity and
fluctuations in carbon storage potential (Brown et al, 1997; Dube et al, 2018; Wang et al, 2010). Biomass
increases may occur due to favorable climate and soil conditions, while decreases often signal disturbance
events (e.g., logging, invasive species, forest fires) or intensified competition, but highly accurate
estimations of AGB through current industry standards (e.g., in-situ measurements) can be costly and/or
tedious to measure as it requires large amounts of resources as a function of the spatial coverage required
for the project in question. Traditionally, data collection on above ground biomass is conducted in-situ
with foresters going out into the field and conducting tree inventories using fixed radius (e.g., Vegetation
Sampling Protocol; (Vegetation Sampling Protocol (VSP), n.d.) or variable plots using a wedge prism or
angle gauge (Stuart, 1984). In-situ data collection is incredibly time consuming, resource intensive, and
costly while lacking the facility for continuous monitoring (e.g., personal experience, it took four full
workdays [8 hours per day] to assess 22 8m-radius plots across three sites with a team of five).

While in-situ measurements are invaluable for forest assessment and management, it’s important
to recognize and mitigate sources of error. Height measurements using clinometers are both tedious and
susceptible to human error often showing underestimation of absolute tree heights (Martin, 2022) on
account of incorrect angle readings, sloped terrain, baseline measurement errors, or inaccuracies in
identifying treetops. This inaccuracy in height measurements by clinometers can further propagate and
impact the accuracy of allometric equations developed to use both diameter at breast height (DBH) and
tree canopy height. When considering the practicality of measurements, DBH alone is a reliable predictor
of biomass (Xiang et al., 2016). However, measurements in DBH can also introduce errors on account of
measuring on sloped terrain, differing height levels, and general user error. Still, determining DBH
typically requires less specialized knowledge than more complex metrics, such as assessing tree health or
identifying species, which demand a deeper understanding of forest systems. While measuring tree height
in situ can involve significant potential for error—averaging an underestimation of 20% (Larjavaara &

Muller-Landau, 2013)—the error rates for DBH measurements are considerably lower. Specifically, DBH



measurements exhibit only about a 1.5% deviation when comparing various measurements of the same
tree with only 5% of cases with greater than 5% of DBH difference (Luoma et al., 2017). By adopting
DBH-only or DBH-canopy width-based allometric equations, the reliability of biomass estimations can be
enhanced particularly when height measurements are unreliable, ensuring more accurate assessments of

tree biomass and other ecological parameters across in-situ and LiDAR-based measurements.

LiDAR technology offers an alternative method to traditional in-situ data collection that can be
applied across large spatial extents, but can also be costly (Wulder et al, 2008). LiDAR data can be
collected at multiple scales/platforms (distance above ground level [AGL]): terrestrial LIDAR [0-2m
AGL], RPA LiDAR [~60m AGL], aerial LIDAR [~2000m AGL], and satellite-based LiDAR such as the
Global Ecosystems Dynamic Investigation (GEDI) module aboard the International Space Station. These
various scales produce different levels of data accuracy and cost that can meet specific project
requirements without creating data redundancy. By assessing the 3D vertical structure of forest
landscapes, collected by the LIDAR sensors, it is possible to extract forest metrics such as DBH, tree
height, and canopy width to quantify the amount of biomass and carbon stock in forested areas.
Improvements in LIDAR technology will continue to propel the efficiency and accuracy of LiDAR-based
forest biomass assessments.

Early LIDAR systems had limited pulse rates and point densities, resulting in sparse
measurements. Modern sensors, however, operate at much higher pulse rates, generating dense point
clouds that capture fine details of forest structure, and will continue to improve with time. Additionally,
the miniaturization of sensors now allows integration with UAVs, providing high-resolution data at lower
costs (Hu et al., 2021). As technology advances, LIDAR’s role in forest management and conservation
efforts will become more indispensable (Beland et al., 2019).

In this study, we utilized the Riegl miniVux1 LiDAR system, which operates within a more
specific wavelength range of 0.8 pm to 1.6 um. This narrower band was deliberately chosen for biomass
assessment for several key reasons. The 0.8 pm to 1.6 um wavelengths enhance vegetation penetration, as
it is more conducive to reflectance from vegetation, enabling more accurate measurements of both canopy
structure and underlying vegetation layers, which is essential for precise biomass estimation. This specific
wavelength also coincides with established vegetation indices like the Normalized Difference Vegetation
Index (NDVI), that rely on red and NIR bands, allowing compatibility between LiDAR and other remote
sensing databases.

Forest metrics such as biomass can also be calculated using other remotely sensed products such
as NDVI which reflects vegetation vigor and density. By applying field measurements of biomass to

NDVI values, it becomes possible to fit linear regression models to estimate biomass (Cabrera-Bosquet et



al., 2011). However, approaches using vegetation indices are challenged by complex stand structures and
environmental conditions that limit the accuracy of estimations (e.g., closed canopies or dominant trees
towering over the study area limits the amount of information present for understory vegetation).
Conversely, use of high point density LiDAR can facilitate a more accurate reconstruction of the 3D
vertical structure of trees to better understand these complex structures (Wang et al, 2010) where NDVI
may be lacking. LiDAR also holds an advantage over photogrammetry when assessing areas with closed
forest canopies in which LiDAR can more accurately assess ground values (Almeida et al, 2019). By
harnessing the power of LIDAR systems, automatic forest inventories can be conducted, and forests can
be more efficiently monitored (Almeida et al, 2019; Chen & Zhu, 2013). Each LiDAR platform can
collect varying amounts of data in terms of point density (the number of points the LiDAR unit sends out
per unit area, typically in square meters), costs and overall accuracy as a result of the sensor and height of
data acquisition. For example, the level of vertical and horizontal accuracy can vary between satellite-
based LiDAR and aerial LiDAR due to technical limitations such as beam strength and signal loss
(Marian et al, 2016). Ultimately, the usage of LIDAR allows the processing of its raw data to constitute
various depictions of biomass estimation accuracy depending on the scale, point density, and elevation
(AGL) that is employed. While LiDAR can be used to estimate AGB, it cannot directly estimate soil and
litter biomass pools, leaving some components of forest ecosystems unrepresented. Understanding the
error rates and accuracies between various LiDAR height strata’s (e.g., terrestrial, RPA, aerial, and
satellite-based LiDAR) allow for more informed decision making on small and large spatial scales, and
the appropriate platform to utilize for specified project requirements.

Chapter 2, aligned with the overarching goal of this thesis, aims to quantify the variation in forest
biomass estimation from multiple remote sensing approaches and compare their accuracy relative to in-
situ measurements. Understanding the error associated with different remote sensing approaches can
improve our understanding of carbon estimates, better harmonize results from different approaches for
comparative analyses, and ideally, aid the securement, monitoring, and protection of forested areas in
Canada to protect biodiversity, cost effectively and accurately. To achieve this goal, I seek to answer the
question: to what degree are remotely sensed data estimates of biomass consistent with coincident (i.e.,
spatial and temporal) in-situ assessments. In turn, I seek to answer how can LiDAR-based estimates of
aboveground biomass be used to monitor the success of nature-based solutions for mitigating and
adapting to climate change and if GEDI is accurate enough to make carbon assessments? This will be
done by assessing the accuracy of RPA LiDAR, aerial LiDAR, and Satellite LiDAR assessments against
in-situ forest metrics (i.e., biomass) across ten 8m radius plots spread across 2 properties within the

Kawartha Region of Ontario, Canada.



In Chapter 3, potential future directions for the integration of LiDAR technology in forestry is
discussed, which involves additional types of data that can enhance the research in Chapter 2, such as
stem count and species identification. Chapter 2 does not cover the use of terrestrial LiDAR or satellite-
based systems like ICESat-2, both of which could offer important insights and significantly broaden the
spatial coverage of LIDAR-based measurements. For instance, ICESat-2 could help in estimating biomass
in regions beyond GEDI’s operational latitude range of 51.6 degrees north and south. The inclusion of
such technologies and additional data layers may provide a more comprehensive understanding of forest
ecosystems.

Despite growing awareness of the benefits of Nature-based Solutions (NbS) in mitigating and
adapting to climate change, their uptake has been slow due to a lack of funding. This stems from a lack of
confidence due to literature gaps on the long-term practicality of NbS, due to the concern of requiring
continuous monitoring to ascertain benefits and co-benefits (Chausson et al., 2020). This continuous
monitoring is resource intensive and costly, especially on projects of large magnitudes and spatial scales.
By utilising remote sensing to calculate biomass and carbon stores, it is possible to conduct monitoring of
areas at both a cost-effective rate and at a much higher temporal resolution. However, to accurately
interpret the results, it is crucial to understand the error rates of different LIDAR apparatus and point
density scales. By improving confidence in the effectiveness of NbS projects through accurate and cost-
effective monitoring, funding for these initiatives can be increased, ultimately helping to mitigate and

adapt to climate change more effectively.



Chapter 2

1 Introduction

Over the past few decades, the rapid growth of remote sensing technologies has transformed how
we capture and analyze environmental data at large spatial scales. Among these methods, LIDAR (Light
Detection and Ranging) stands out for its remarkable precision and versatility (Weng, 2011). LiDAR is a
remote sensing technology that harnesses the power of a laser (Light amplification by the stimulated
emission of radiation) as a measurement tool with high precision (Weng, 2011). LiDAR has been utilized
across a spectrum of applications from measuring topography (e.g., Mallet & Bretar, 2009), quantifying
erosion (e.g., Meinen and Robinson, 2021), recording building facades (e.g., Haghighatgou et al., 2022;
Peethambaran & Wang, 2017; Truong-Hong & Laefer, 2014), measuring object heights and volumes
(e.g., Nilsson, 1996), and measuring forest characteristics and biomass (e.g., Coops et al., 2021; Popescu
et al., 2003). LiDAR involves leveraging laser properties, including but not confined to wavelength, beam
strength, and duration (Weng, 2011) to calculate metrics such as the distance travelled from the emitting
laser/sensor which can then be further processed to derive three-dimensional (3D) models (e.g.,
topography, Xiaoye Liu, 2008; buildings, Peethambaran & Wang, 2017). LiDAR has revolutionized
geographic data collection that exceeds previous measurements methods such as surveys and
photogrammetry who hold high precision but tend to be both time consuming and labour intensive
(Xiaoye Liu, 2008). With LiDAR, data can be collected from large swaths of land while reducing the cost
and labour required relative to more traditional methods such as in-situ data collection, allowing for better
repeatability of measurements. The need for collecting data across large areas with greater repeatability
for accurate assessment of change over time is prevalent in biomass estimation of forested areas, where
LiDAR data is capable of being processed to create 3D vertical structures of forest environments allowing
for the calculation of tree metrics at an unprecedented speed compared to traditional methods (e.g., dry-
weight sampling, Brandeis et al., 2006; forest inventories, Chave et al., 2019).

Traditionally, biomass estimation of forested environments is done in-situ with foresters
measuring tree characteristics (e.g., DBH, species, height, geolocation, dominance, canopy size, health
status) using fixed-area or variable plots (plots with no specific area measuring only trees that are counted
as ‘in’ using an angle gauge or wedge prism). These measurements are then used to calculate biomass and
carbon (C) stock using allometric equations. Allometric equations represent a statistical relationship
between the growth of an object (in this case a tree) and a measurable characteristic (in this case the trees
diameter at breast height). The specificity of allometric equations can be high such that they are species-

specific (e.g., red maple, Lambert et al., 2005), moderate such that the equations are applied at the level of



genus (e.g. maple, Flade et al., 2020), generalized for application at the forest stand level (e.g., broadleaf,
coniferous, or mixed wood), and even broad for applications to larger areas with more ambiguity (e.g.,
plant function types (PFTs) covering continents used by GEDI) (Duncanson et al., 2022). The benefit of
the generalization of allometric equations is that it allows for the estimation of biomass where tree species
identification information is not available (Paul et al., 2013).

Although, traditional biomass estimation methods (e.g., in-situ forest inventories using species
specific regional allometric equations) provide biomass estimates with less than 11% error when applying
regional species level allometric equations based on southern and eastern Australia (Paul et al., 2013)
compared to oven dried biomass estimates in a laboratory setting, they are time consuming, labour
intensive and costly. For example, in-situ measurements for 10 easily accessible 400m?” plots was quoted
at $6200 CDN in southern Ontario. The main costs included $4,375 for field work (DBH, species, status,
and height measurement), $350 for background review (e.g., identifying plot locations), $131.25 for
administration, $437.50 for data consolidation, and $175 for final coordination—all subject to HST and
disbursements. Any additional services, such as extra field studies or wildlife assessments were not
included and would be billed separately at hourly rates. As a result, due to logistical and practical
constraints, comprehensive in-situ surveys of larger forests spanning 100s of hectares becomes
challenging. In lieu of assessing the entire forest area, forest inventories are conducted using
representative plots which are then interpolated to estimate biomass values across the entire forest
landscape (e.g., Fleming et al. 2015). A low number of representative plots can introduce bias to estimates
calculated for larger areas as they cannot fully account for environmental heterogeneity, this issue is
exasperated when remeasurements with sufficient temporal resolutions are required (Liang et al., 2018),
LiDAR alleviates much of these concerns as it can reduce the cost, time and labour required significantly
while allowing repeatability for AGB estimates but lacks the ability to assess other carbon pools within
soil and litter. Depending on the scale of the LIDAR measurement (e.g., Terrestrial, RPA, Aerial,
Satellite), the technology enables scanning of large swaths of forests eliminating or reducing the need for
interpolation, a method typically employed to estimate values of unmeasured areas between known points
of value.

LiDAR systems come in two main types: flash-based and non-flash-based. Flash-Based LiDAR
quickly covers an area by emitting a wide, simultaneous burst of light, similar to a camera flash. This
method generally captures extensive data with minimal gaps, often eliminating the need for data
interpolation. Interpolation is a process used to estimate missing data within a survey area.

Non-Flash-Based LiDAR sends out laser beams in narrow, fixed-radius "shots" that target
specific points on the ground. Shot radiuses define the spread of a single photon or beam when it hits the

ground and can vary depending on the LIDAR sensor and height of the measurement above ground level



(AGL). This focused approach can leave gaps in data coverage, especially in uneven terrains or dense
vegetation, necessitating the use of interpolation to fill in these gaps and provide a complete analysis of
the area

Interpolation is often necessary in traditional forest inventories and Non-Flash-Based LiDAR
where data points are sparse, but the comprehensive coverage by Flash-Based LiDAR helps to ensure that
more of the forest is directly measured.

Despite its advantages, the accuracy of LiDAR based biomass estimations call for concern.
LiDAR data collection is the first step in assessing forest biomass. However, collected data need to have
outliers (noise) removed and georeferenced and processed to generate a canopy height model. The tree
heights can then be used to estimate DBH (e.g., Buba, 2013; Ozgelik et al., 2018), a required input of
the aforementioned allometric equations. The granularity (i.e., pts / m*) of LIDAR data can vary by
acquisition sensor and flight parameters, which along with different data processing workflows can yield
different biomass estimates. Therefore, LIDAR estimates require in-situ ground truth measurements to
calibrate and validate remote-sensing-based estimates (Vaglio Laurin et al., 2014). In-situ estimates are
still considered the most accurate non-destructive measurement methodology (Liang et al., 2018; Paul et
al., 2013) and statistical approaches (regression, Li et al., 2008) and machine learning models (random
forests, Li et al., 2019) are often used to establish numerical relationships between in-situ measurements
and remotely sensed LiDAR based forest metrics.

In forest applications, LiDAR provides high density data that, once processed, can provide
geolocated treetops, tree count, tree height, and canopy diameter data. These data can be further processed
to estimate tree DBH, biomass, and basal area. LIDAR data collection of forests can be conducted on
multiple scales (distance above ground level [AGL]): from Terrestrial LIDAR Scanning (TLS) [0-2m
AGL], utilizing simple mobile devices to more sophisticated on the ground sensors (e.g., Leica
Multistation, Meinen and Robinson 2020), RPA LiDAR [~50-120m AGL] utilizing drones (e.g., Novo-
Fernandez et al., 2019), aerial LIDAR [~2000m AGL] utilizing planes or helicopters (e.g., Li et al., 2024),
and satellite-based LiDAR such as the Global Ecosystems Dynamic Investigation (GEDI, Dubayah et al.,
2020) module aboard the International Space Station (ISS). All scales of LIDAR offer similar forest
measurement outputs, but to date, there is no literature offering a comparison across these scales to
understand how these platforms affect estimates of AGB biomass in forest.

Comparing forest measurements from LiDAR data across multiple scales of acquisition can
improve our ability to quantify accuracy and its variation relative to the cost, time, and repeatability of
data acquisition. The outcome of comparative studies not only increase the decision-making capacity of
stakeholders considering similar applications, but they can also identify challenges or gaps that require

invention or innovation to achieve specific scientific or societal needs that have not been met. In the case



of analyzing an individual plot at an easily accessible location, a terrestrial LIDAR scan may prove to be
the best solution by combining providing high density point clouds with a relatively low cost, but such an
approach is infeasible for a comprehensive forest inventory across a large spatial extent. A property
manager with multiple smaller forested areas (e.g., plantations) may benefit from utilizing RPA based
data collection to keep track of biomass change over time while national assessments of forests would
benefit from satellite-based approaches to cover the magnitude required. However, the degree to which
these different approaches to biomass and carbon estimation vary or compare to in-situ based
measurements remains unknown.

The presented research contributes to closing the gap in multi-scale comparison of forest biomass
estimation by comparing in-situ to RPA, aerial, and satellite-based measurements. The multi-scale
comparison is applied across two southern Ontario forests located in the Kawartha region in which
biomass was assessed using in-situ (fixed plot), RPA-based LiDAR, Aerial LiDAR, and GEDI.
Comparing forest measurements from LiDAR data across multiple scales can improve our understanding
of accuracy, costs, and the feasibility of frequent data collection. However, to what extent do biomass
estimates derived from different LIDAR platforms, spanning RPA, aerial, and satellite, align with or
deviate from conventional in-situ measurements? This core question guides the present research, which
aims to evaluate the accuracy of multi-scale LIDAR-based biomass estimates relative to in-situ methods

and assess the associated cost—benefit trade-offs.

2 Methods

21  Study Area

The study comprises two sites located within Great Lakes-St. Lawrence Forest ecoregion of
southern Ontario, characterized by its diverse temperate forests and wetland ecosystems. The selected
sites are Ballyduff Trails (105.8 ha, 44.1436°N, 78.6215°W, Figure 2.1) and Christie Bentham Wetland
Trails (55.4 ha, 44.5470°N, 78.1957°W, Figure 2.2). Ballyduff trails is an area that borders Fleetwood
Creek Natural Area and contains a mixture of softwood, hardwood, and mixed-wood forests as well as
some area in wetlands. As part of the glacially formed Oak Ridges Moraine (Ballyduff Trails (McKim-
Garsonnin) - Kawartha Land Trust, 2023), the topography varies between 264 and 353 m above sea level
and consists of rolling hills, sand deposits and a wetland. The area within which Ballyduff resides is
primarily agriculture with a low population density. Ballyduff Trails was originally used for sustenance
farming in the mid-19" century by European farmers but was put into residential land use by a single
owner in 1986. This owner has been trying to restore the ecological integrity of the property, meaning the

condition in which the ecosystem’s composition, structure, and process remain functioning and resilient
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through measures such as annual tree planting, establishing a native prairie, while simultaneously opening
the property for recreational use (e.g., nature walks, cross-country skiing, snow shoeing). The property
has taken several initiatives to restore ecological integrity including the planting of white pine and red oak
annually, establishing a native prairie, creating wildlife habitats, controlling invasive species, and
protecting the existing wetland. In 2011, Ballyduff Trails became protected under a conservation
agreement with Kawartha Land Trust (KLT).

In the surveyed area of 0.14 hectares done in-situ in Ballyduff, 117 trees were identified across
ten species. scott pine (Pinus sylvestris) was the most prevalent, accounting for 24% of the trees with 28
individuals. Eastern white cedar (Thuja occidentalis) was the second most common, comprising 22% with
26 individuals. Trembling aspen (Populus tremuloides) made up 15% of the sample with 18 trees,
followed by sugar maple (4Acer saccharum) at 13% with 15 individuals. American hophornbeam
(Carpinus caroliniana) accounted for 8% with 9 individuals, and ironwood (Ostrya virginiana)
represented 7% with 8 trees. Other species present in smaller quantities include paper birch (Betula
papyrifera), red oak (Quercus rubra), eastern white pine (Pinus strobus), and big tooth aspen (Populus
grandidentata).

The second study area, Christie Bentham Wetland Trails (previously known as Clear Lake North
Wetland), is located in Selwyn, Ontario, and is managed by the Kawartha Land Trust. Despite the name
of this property, the portion residing in wetland (found solely in the southeast) is minor relative to a
diverse set of forest stands in its upland area that includes mixed wood, broadleaf, coniferous and
shrublands. The topography varies from 199 m to 254 m above sea level. Christie Bentham Wetland
Trails sits on a bedrock of limestone throughout the property showcasing the history of the residing
glaciers via plentiful fossils and erosion channels within the limestone. The forest environment is
dominated by Juniper meadows and Hemlock forests.

In the surveyed area of 0.06 hectares, 63 trees were identified across five species. Ironwood
(Ostrya virginiana) was the most prevalent, accounting for 46% of the trees with 29 individuals. Sugar
maple (Acer saccharum) was the second most common, comprising 38% with 24 individuals. Eastern
white cedar (Thuja occidentalis) made up 10% of the sample with 6 trees, while both eastern white pine
(Pinus strobus) and white oak (Quercus alba) each represented about 3% with 2 trees each.

Although this survey covers only 0.11% of the total 55.5-hectare property, it provides initial
insights into the forest composition. The dominance of Ironwood and Sugar Maple suggests that the
environmental conditions in the sampled area favor these species. However, harvesting or historical
management practices might also have selectively reduced other tree species, inadvertently reinforcing

ironwood and sugar maple dominance in the plots surveyed. Because of this limited scope and the
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possibility of varied land-use history across the property, these findings may not fully represent the

overall species distribution.
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(a)

Figure 2.1 (a) An inset map showing the location of the Ballyduff Trails study area
within Ontario, offering a regional context for the research site (b) A detailed view of the
Ballyduff Trails study area, highlighting the in-situ plots, GEDI shots, UAV LiDAR scan
area, and Aerial LIDAR scan area. The outlined property boundary is also visible within
the broader forest landscape.
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(a)

(b)

Figure 2.2 (a) An inset map showing the location of the Christie Bentham Wetlands study
area within Ontario, offering a regional context for the research site (b) A detailed view of
the Christie Bentham Wetlands study area, highlighting the in-situ plots, GEDI shots,
UAYV LiDAR scan area, and Aerial LiDAR scan area. The outlined property boundary is
also visible within the broader forest landscape.
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2.2 Data

2.21 Data Processing

Tree metrics and biomass estimates were made at two spatial scales (in-situ site level and the
larger study site level) using in-situ, RPA, aerial, and satellite (i.e., GEDI) LIDAR data. Given the range
of spatial resolutions and areal coverage of the data acquired from the different sensors, several methods
were used to harmonize their data for comparative purposes. Since biomass estimations from in-situ plots
and GEDI footprints only cover a small area (201 m? and 491m?, respectively) and are sparse in coverage,
interpolation was used, at 1-hectare increments, to derive and estimate biomass for the entire property
parcel. Two interpolation methods were used: inverse distance weighted (IDW) interpolation and tree-
stand-based averages, where the average of forest stands with observational data were applied to similar
forest stands lacking observations. Tree stands are groups of trees that carry similar characteristics, and
their definition may be as coarse as deciduous or coniferous (Spinelli et al., 2016) or incorporate more
specificity by using characteristics such as age, species type, and composition (spread/density, e.g.,
Spinelli et al., 2016).

For clarity in this research, the term “biomass” refers exclusively to AGB in forested areas,
measured from standing trees with a DBH of at least 6 cm and a minimum height of 2 m. Other biomass
and carbon pools, such as soil and litter, are not considered in this assessment.

Metrics such as basal area and tree height were calculated using basic geometric principles. Basal
area, which represents the cross-sectional area of a tree trunk at breast height, was calculated by applying
the formula for the area of a circle using DBH:

BA=m <¥)2 @3)

Equation 2.3 Formula for basal area (BA), where DBH is the diameter at breast height

Meanwhile, tree height was estimated through simple trigonometry, measuring the horizontal
distance from the observer to the tree and the angle to the top of the tree, while also accounting for any
elevation difference between the observer and the base of the trunk. Biomass estimates were calculated
using DBH based allometric equations mainly from Chojnacky, Heath & Jenkins (2014). Where these
equations were not applicable, alternative localized or generalized models were utilized, integrating both
height and DBH measurements when necessary. Allometric equations that also incorporated tree height
were tested, but given similar results and fewer species-specific equations, we opted for equations that
only required DBH. For individual tree species that could not be identified, Canada wide generalized, as

well as forest stand (hardwood, softwood, mixed wood) generalized (where forest stand information is
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available) allometric equations from Lambert et al. (2005) were utilized. In-situ field data collected in
smaller 8m radius plots were scaled up to one-hectare representations to match LiDAR based biomass
estimations represented as 1-hectare grids (e.g., GEDI).

This study employs a comprehensive data collection strategy spanning several years and multiple
locations. From 2016 to 2023, various methodologies were implemented, including Aerial LIDAR
surveys, GEDI data acquisition, in-situ measurements, and RPA LiDAR deployments. Figure 2.4
provides an overview of the timeline, illustrating the sequence and overlap of these data collection

activities essential for the thorough analysis of the Ballyduff Trails and Christie Bentham Wetland Trails

ecosystems.
2019-2022 AUGUST 2022
Ballyduff Trails Ballyduff Trails
(GEDI: 85) (In-Situ: 4, RPA LiDAR: 45.8 ha)
Christie Bentham Wetlands Christie Bentham Wetlands
(GEDI: 50) (In-Situ: 3, RPA LiDAR: 37.2 ha)
. .
. .
...........Q...............o.................o.............o............0................

2016-2017 APRIL 2022 MAY 2023
Christie Bentham Wetlands Ballyduff Trails Ballyduff Trails
(Aerial LiDAR: 55.5 ha) (In-Situ: 3) (Aerial LiDAR: 107.6 ha)

Figure 2.4. Timeline illustrating the collection of remote sensing and in-situ data at the Ballyduff Trails and Christie
Bentham Wetland Trails study sites. Aerial LIDAR was first acquired at Christie Bentham Wetland Trails in 2016—
2017, followed by GEDI data acquisition at both sites from 2019-2022. In April 2022, 3 in-situ measurements were
collected at Ballyduff Trails, and in August 2022, both in-situ measurements (Ballyduff Trails: 4, Christie Bentham
Wetland Trails: 3) and RPA LiDAR were collected at the two sites. Most recently, Aerial LIDAR surveys were
conducted at Ballyduff Trails in May 2023.

2.2.2 In-situ Data Collection

In-situ data were collected using 8m radius fixed plots with all standing trees with a DBH of 6 cm
or more and a minimum height of 2m within the radius contributing to the total aboveground biomass
within the plot (Figure 2.5). Plot centers were chosen to reside within interior forest situated 50 m from
forest edges to reduce edge effects while encompassing diverse forest types. These locations were
pinpointed by the field crew within the forest by triangulating with multiple mobile GPS devices with a
horizontal accuracy of 5-10 m (Technologies, 2020). The following measurements were collected: tree

species, DBH at a height of 1.3m from the base of the trunk, distance of the tree from the plot center, tree
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dominance (e.g., understory, co-dominant or dominant), site conditions (e.g., rocky terrain, south facing
slope), and distance/angle to dominant trees from the plot center.

A total of 7 plots (0.14 ha total area) were assessed in Ballyduff in 2022 spread across two
missions (3 conducted on April 30™ and 4 conducted on August 12™). These 7 plots included: 3

coniferous, 3 deciduous and 1 mixed-wood forest stand. Conversely, 3 plots (0.06 ha total area) were

1th

evaluated in Christie Bentham on August 11™ of 2022, with 2 mixed-wood and 1 deciduous forest stand.

Figure 2.5. Schematic of in-situ data collection. First, each pre-determined plot center is geolocated with
a mobile GPS device. An 8 m radius from the center defines the circular plot boundary. True north (0°) is
established, and all trees >6 cm DBH and >2 m in height are measured by moving clockwise from 0° to
360°. For each eligible tree, distance from plot center, azimuth (angle from true north), crown dominance
class (dominant, co-dominant, understory), species, DBH, status (living or dead), and height (for
dominant trees, measured with a clinometer) are recorded. When two or more trees share the same
azimuth, measurements begin with the outermost tree and proceed inward. Trees that do not meet

minimum DBH or height thresholds (red Xs on Figure) are skipped.
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2.2.3 Remotely Piloted Aircraft Data Collection

A remotely piloted aircraft (RPA) was flown on August 11" and 12™ 2022 at both Christie
Bentham Wetland Trails and Ballyduff Trails, respectively. The aircraft was a DJI Matrice 600 Pro RPA
which carried an integrated LiDAR sensor (a Riegl miniVUX-1UAV) and a Honeywell micro-electrical
mechanical system inertial measurement unit (MEMS IMU-27). A Stonex 900 global navigation satellite
system (GNSS) receiver was setup and running throughout the duration of each flight as a base station.
Base station data were used with Novatel’s NavLab (NovAtel Application Suite, n.d.) to correct the 3D
spatial location of the RPA. Data were first processed based on RPA trajectory correction, IMU attitude
adjustment, and colourized using Phoenix Lidar Systems LidarMill software (LiDARM ill - Phoenix
LiDAR Systems, n.d.).

For the Ballyduff Trails site, the RPA was flown at an average height of 88m above ground level
(AGL) from the take-off position, collecting an average of 200 points/m” and average optical spatial
resolution of 0.05 m derived from a flight pattern comprising 70% side and 80% forward overlap, flying
at an average speed of 3.3 m/s with a single parallel flight line pattern, downward field of view (FOV) of
110 degrees, and scan pulse repetition rate of 100 KHz. To ensure accurate geolocation, 18 ground
control points (GCPs) were dispersed throughout the property and measured with a Leica GS18 GNSS
receiver. The same equipment and processing steps were used for flights at the Christie Bentham Wetland
site with 8 GCPs. However, at Christie Bentham Wetland Trails, the RPA was flown at 4m/s at an
average height of 60m AGL, which was possible due to a flatter terrain compared to Ballyduff. The point
density acquired at Christie Bentham Wetland Trails had an average of 300 pts/m2 with an average
optical image resolution of 0.05 m.

Point returns were processed using LIDARMill, which segmented the point cloud data into digital
terrain, surface, and canopy height point clouds. Additional point return processing was conducted using a
combination of CloudCompare (CloudCompare - Open Source Project, n.d.; Weidner et al., 2021), QGIS
(Flenniken et al., 2020), and R (lidR, SF, tidyverse, raster, rgdal, viridisLite) (Atkins et al., 2022; Lai et
al., 2023; Robinson & Hamann, 2010; Roussel et al., 2020) to remove noise and clip the processed point

clouds to match the extents of the in-situ plots.

18



(a) )

(d)

Figure 2.6. Plan views of RPA optical and LiDAR scans over two study areas: Ballyduff Trails (a, b)
and Christie Bentham Wetland Trails (c, d). For Ballyduff Trails, (a) displays RGB visualization of the
collected point cloud data, highlighting surface features in detail, while (b) illustrates the flight lines and
the digital surface model (DSM) generated from the point cloud data, with elevation represented by a
color gradient (red indicating higher elevations and blue indicating lower elevations). Similarly, for
Christie Bentham Wetland Trails, (c) presents the RGB point cloud visualization, and (d) shows the
flight lines and DSM using the same elevation color scheme, emphasizing the topographical variations

across the wetlands.

Once the point-cloud data were cleaned and clipped to the study area (for both RPA and Aerial
LiDAR), they were utilized to identify treetops by applying local maximum filters (e.g., Roussel et al.,
2020). Additionally, the RGB images were processed with OpenSfM to generate 3D visualizations (e.g.,
Valluvan et al., 2023) enabling the identification of treetops. These processes were conducted using the
lidR package in R (Figure 2.7, Roussel et al., 2020), which offers an extensive set of tools for processing
LiDAR data acquired from various platforms, including drones. The lidR package can segment individual
trees, compute a range of tree metrics (e.g., DBH, tree height), and use these data to estimate forest

biomass and carbon.
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23 #locate treetops
24 treetops <- locate_trees(las_data, Imf(ws = ws))

26 # Calculate tree height
27 trees <- lastrees(las_data, treetops)

29 # Extract height from the metrics
30 treesSHeight <- treesS$tree_height

32 # Calculate DBH
33 trees <- trees %>%
34 mutate(DBH = 1.63709725 * Height + (-4.2013447))

g? tri:;;;l;;n:szmmzsﬂﬁil * (treesSDBH ~ 2.3875) + 0.0182 * (trees$DBH » 2.2181) + 0.0764 * (trees$DBH A 1.5861) + 0.0227 * (trees$DBH A 2.2797)
Figure 2.7. Example R code using the lidR package to (1) locate individual treetops within a LIDAR point
cloud, (2) calculate tree height metrics, (3) apply an allometric equation to estimate DBH from tree

height, and (4) compute biomass based on DBH using a set of exponent-based equations.

2.2.3 Aerial LiDAR

Mid-altitude pilot-on-board aircraft were used to acquire Aerial LIDAR for different areas of the
province of Ontario. Aerial LIDAR data coinciding with the Ballyduff study area were acquired from the
Digital Elevation Data to Support Flood Mapping (DEDSFM) Kawartha Lakes project supported by
Natural Resources Canada (NRCan) under the Flood Hazard Identification and Mapping Program
(FHIMP), which acquired LiDAR data from May 6™-10", 2023. These Aerial LiDAR data were collected
at a flight altitude 1650 m AGL with 40% side and forward overlap. The scan was done using a Riegl
VQ1560ii-S sensor system flying at a speed of 160 knots with a single pass swath width of ~1730m, field
of view (FOV) of 60 degrees, scan frequency of 320 Hz, scan pulse rate of 2100 Hz, and a pulse density
of 11.5 points per square meter (PPSM), which yielded a spatial resolution of 0.5 m. The study had a non-
vegetated RTK vertical accuracy (95%) of 7.2 cm / 173 points and a calculated horizontal accuracy (95%)
of 30 cm.

Aerial LiDAR data coinciding with the Christie Bentham Wetland Trails study site were acquired
from an OMAFRA (Ontario Ministry of Food, Agriculture and Rural Affairs) LiDAR Peterborough
project, with acquisition occurring between November to December 2016 and April to May and October
2017 (Ministry of Natural Resources and Forestry, 2024). These Aerial LIDAR data were collected
using a Leica ALS70-HP sensor system flying at a speed of 140 knots with a single pass swath width of
690m, FOV of 38 degrees, scan frequency of 313 Hz, scan pulse rate of 800 Hz, flightline spacing of
550m, and a pulse density of 8 PSM, which produced a spatial resolution of 0.5 m with <40% side and
forward overlap. The study had a non-vegetated RTK vertical accuracy (95%) of 9.4 cm / 223 points and
a calculated horizontal accuracy (95%) of 30 cm (Ministry of Natural Resources and Forestry, 2024).

The Aerial LIDAR point-cloud data were imported into CloudCompare (CloudCompare - Open
Source Project, n.d.). Within CloudCompare, the individual data segments or tiles were merged, cleaned,

and clipped to the study area boundary. Point cloud cleaning involved visually inspecting the point cloud
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data and applying filters to eliminate noise or inaccuracies that could affect the reliability of subsequent
analyses (Adams, 2000) including non-vegetative artifacts like birds, duplicate values, edge artifacts on

the edges of surfaces and outliers.

2.2.4 Satellite LiDAR

Satellite-based LiDAR Forest metrics were collected using the GEDI module at a 90% level of
confidence aboard the International Space Station. GEDI has several types of outputs (known as data
packages) available that range from raw sensor data (level 1; L1) to processed AGB estimates (level 4;
L4) that are released approximately 6 months after the initial data collection. Two specific products were
acquired from the GEDI project for comparison against our in-situ and property parcel biomass and
carbon assessments, which were the L2A and L4A. Level 2 products contain vertical height structure data
with the L2A providing elevation and tree height metrics and L2B providing canopy cover and vertical
tree profile metrics. Level 4 products contain biomass estimates with L4A providing footprint-level (25 m
diameter) biomass estimates and L4B comprising gridded 1km? biomass estimates (Dubayah et al., 2022;
LP DAAC - GEDI Overview, n.d.). GEDI collects data using swaths of 8 beams spaced 60m apart at
ground level with 25m diameter shots (LP DAAC - GEDI Overview, n.d.).

The GEDI shots were first used to identify locations for in-situ measurements, to ensure
correspondence between the two. As part of the co-located site selection process, GEDI shots, taken
between January 1%, 2019 and December 31, 2022 were filtered to identify only those that were within
50 m of the parcel edge (to avoid edge effects). The result was 85 within the Ballyduff site and 50 within
the Christie Bentham site (Figure 2.1 and 2.2). From these GEDI shot sites, in-situ sampling sites were
chosen based partly on accessibility, distribution across the parcel, and adjacency. The second use of
GEDI shots occurs in the estimation of forest biomass at the property parcel level (Section 2.3). At the

property parcel level, all GEDI shots were used to estimate above-ground forest carbon.

2.3 Analysis

In our assessment of AGB, understanding the discrepancies between plot-level analysis and
property-level analysis is crucial for understanding accurate and reliable estimations. While plot-level
analysis provides detailed insights into localized biomass dynamics within specified areas, property
parcel-level analysis offers a broader perspective of encompassing larger spatial scales. However,
discrepancies between these two levels of analysis can arise due to various factors, including sampling

methods, spatial heterogeneity, and scaling effects. In this study, we aim to investigate and compare AGB
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estimations derived from plot-level and property parcel-level analyses, exploring the implication of these

discrepancies for understanding biomass distribution and dynamics at different spatial scales.

2.3.1 Plot Level Analysis

The plot level analysis seeks to compare tree-biomass estimates at the plot level from four
different scales of data acquisition: in-situ measurements, RPA LiDAR, aerial LiDAR, and satellite
LiDAR data. The smaller area provides an understanding of accuracy and ability to capture variation in
biomass estimates at a level of specificity that coincides with fixed-plot sampling and small areas of
interest. Given the challenges associated with species identification from tree structural characteristics
using LiDAR (Vaughn et al., 2012) and the additional sensor and analysis costs of using hyperspectral
data (Michatowska & Rapinski, 2021) can limit its use, many forest biomass assessments, to date, use a
generalized non-species specific allometric equation (e.g., Lambert et al., 2005). Generalized equations
for North American forests (e.g., hardwood and softwood, spanning diverse ecological regions, Jenkins et
al. 2003) have been widely adopted for national carbon stock assessments (e.g., Heath et al., 2011; Smith
et al., 2007; US EPA, 2023) due to their balance of accuracy and applicability. These generalized
allometric equations are designed to be applicable across a wide range of species and regions, providing a
practical tool for large-scale biomass estimation that often yields very strong correlation between
estimated and observed measurements (e.g., R> = 0.90, Xiang et al. 2016). Such an R? value indicates that
90% of the variation in observed biomass is captured by the model, highlighting the reliability and
robustness of these equations for relating diameter-based metrics to actual biomass.

While species-specific equations may offer higher precision for individual species or localized
studies, they require extensive field data and detailed knowledge of species characteristics, which may not
be feasible for large-scale projects (Chave et al., 2005; Xiang et al., 2016). Estimates vary depending on
how broadly one defines a “tree species,” but the Great Lakes—St. Lawrence forest region is often cited as
having around 80+ native tree species (The Tree Atlas | Ontario.Ca, n.d.). As a transitional zone between
the predominantly coniferous Boreal Forest to the north and the largely deciduous Carolinian Forest to the
south, this region supports a mix of coniferous species, such as white pine (Pinus strobus), red pine
(Pinus resinosa), and eastern hemlock (Tsuga canadensis), alongside various broadleaf species, including
sugar maple (Acer saccharum), yellow birch (Betula alleghaniensis), and American beech (Fagus
grandifolia). For our study to ensure spatial alignment of individual trees among the four scales of data
acquisition would require the use of a global navigation satellite system (GNSS) receiver to locate each
tree and corresponding in-situ measurement. Furthermore, the receiver would need to operate with sub

meter accuracy (due to clustering, multi-stem). The high cost of GNSS receiver purchase, training, and
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labour costs for use and analysis of sub-meter tree point locations, provide another justification for the use
of a generalized non-species specific allometric equation. In absence of these additional tools, biomass
was estimated for each individual tree from in-situ DBH measurements using species specific equations
(Chojnacky et al., 2014; Lambert et al., 2005) and individual trees from LiDAR (i.e., acrial, RPA) using a
generalized Canadian tree species allometric equation (Lambert et al., 2005). The estimated biomass for
the entire plot was acquired by summing the biomass of all individual trees within the plot and reporting
results as a density in tonnes per hectare.
The estimation of biomass at the plot level using LiDAR data was slightly different and acquired through
the use of lidR package in R. Within lidR, LiDAR data were used to acquire canopy height measurements
that were then used in a regression model to derive a DBH for each tree. Based on 23,567 tree metrics
retrieved from the Tallo database (Jucker et al., 2022), after filtering to include only data within Canadian
geographic extents, a linear regression analysis was performed on tree height and DBH values. The
resulting equation predicts DBH from height values as follows:

D =1.63709725 * H + (—4.2013447) (2.8)
Equation 2.8 is a generalized linear regression equation for Canadian trees that calculates D (DBH in
centimeters) using H (tree height in meters)

The derived DBH values were applied to the same generalized allometric equation applied to the
in-situ DBH measurement to generate an estimate of individual tree biomass from the LiDAR data.
Again, the individual-tree biomass estimates were summed to estimate biomass at the plot level.

Complementing the in-situ, RPA, and Aerial LIDAR, GEDI L4A data provided satellite-based
biomass estimates as a density in tonnes per hectare, calculated by using derived tree height values within
each 25m diameter shot and allometric equations stratified by region (all continents except Antarctica)
and plant functional type (e.g., deciduous broad-leaf trees, evergreen broad-leaf trees, evergreen and
deciduous needle-leaf trees, and combinations of woodlands, grasslands and shrubs) (Dubayah et al.,

2020).

2.3.2 Property-Parcel Level Analysis

The same methodology for biomass calculation used at the plot level was also applied at the
property-parcel level. However, since in-situ data collection and GEDI footprints only covered a small
portion of the property parcel, in-situ and GEDI plot-level biomass estimates were used in an
interpolation process to generate estimates of biomass where no measurements occurred for the Ballyduff
site and for GEDI alone at the Christie Bentham Wetland Trails site (Figure 2.9). Given the greater

computational overhead from Kriging compared to inverse-distance weighting interpolation (Meng et al.,
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2013) and the difference in error between the two methods is small for small study areas (Kalivas et al.,
2013; Zimmerman et al., 1999), an inverse-distance-weighting approach was used to estimate biomass in
property-parcel locations void of in-situ measurements or GEDI shots similar to other forestry
applications (e.g., Kalivas et al., 2013).

An assessment was conducted to determine whether GEDI shots located immediately outside
property boundaries should be included in the biomass interpolation procedure. While GEDI data are
generally valuable for measuring forest structure, observations revealed that many off-site shots occurred
on farmland (e.g., near Ballyduff Trails) or within fragmented forests containing numerous gaps. Such
conditions introduce edge effects and may not accurately represent forest interior characteristics.
Consequently, these external points were excluded to maintain consistency and improve the validity of

the interpolation results.

(a)

-

(c)

0 400

Figure 2.9. Interpolated views of in-situ and GEDI over two study areas: Ballyduff Trails (a, b) and
Christie Bentham Wetland Trails (c, d). For Ballyduft Trails (a) displays an IDW interpolation using in-
situ plot assessed biomass densities, (b) displays an IDW interpolation using GEDI based biomass
densities. For Christie Bentham Wetland Trails (c) displays an IDW interpolation using GEDI based

biomass densities.
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Due to accessibility and personnel challenges (e.g., limited availability of data collectors), the
Christie Bentham Wetland Trails site only contained three in-situ plots, which is insufficient for
interpolation. Ideally, 4-10 plots per 10 hectares would offer a more representative sample of the entire
forest. Therefore, the average of the three plot-level biomass estimates was multiplied by the total
property parcel area to obtain a biomass estimate at that level. A similar approach was used for the RPA
data, which did not cover the entire property parcel area for either study site (Figure 2.1, 2.2). Therefore,
to generate an estimate for the entire study area, tree biomass estimates for the area covered by the RPA
were summed and divided by the area covered to obtain biomass density in tonnes per hectare, which was
then applied to locations that were not covered by the remotely piloted aircraft (RPA). Similar approaches
are used with forest inventory data where results from sample plots conducted as part of the inventory are
scaled up to forest stand or larger spatial units in a similar manner (McRoberts & Tomppo, 2007).

The only data providing complete coverage of the property parcels were those Aerial LIDAR data
acquired by piloted mid-altitude aircraft (Section 2.2.3). For these data the same methodology used for

obtaining a biomass estimate at the plot level was used to obtain an estimate at the property-parcel level.

3 Results

To assess the accuracy of various sensors applied at different altitudes above ground level in
estimating biomass and carbon relative to in-situ measurements, we focused on key plot-level parameters:
stem count, biomass in tonnes per hectare (T/ha), and tree type. The following results not only compare
sensor-derived estimates with ground-truth data but also discuss the cost-benefit of data accuracy. This
information aims to aid landowners, governments, and organizations in making informed decisions when

faced with trade-offs among accuracy, spatial coverage, and project budget.

3.1  Plot-level analysis

To assess the accuracy of different scales of LiDAR acquisition relative to in-situ measurements,
we compare the number of trees captured and then biomass density (t/ha) at the plot-level. In the absence
of destructive sampling, tree count data provides one metric that is known with certainty whereas
substantial error and uncertainty exists in most allometric equations (e.g., Mason et al., 2014; Vorster et
al., 2020). Therefore, if a particular scale of data acquisition can more accurately capture the number of
trees measured in-situ, it suggests that the scale has potential for tree-level biomass estimation.

Across the 10 plots sampled and two scales of LIDAR acquisition for which we could identify

individual trees (RPA and Aerial), the RPA data produced a tree count that was more similar to the in-situ
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tree count than Aerial data. The average tree-count accuracy was 69% using RPA data and 49% using
Aerial data. Furthermore, the lowest accuracy of tree count for a plot was 35% and 19% for the RPA and
Aerial data, respectively. While constraints in the number of plots covered by the RPA and our sample
size limits our ability to state anything about statistical significance or confidence, when we compared
across forest type, we found that stem count accuracy was lower for plots comprising primarily coniferous
trees when Aerial LIDAR was used (Table 3.1). At the satellite level, an estimate of the number of trees
within each GEDI shot is not provided in their Level 2 products and while it may be possible to derive
tree density from full LIDAR waveforms, it is an output requiring further investigation and validation by
the broader scientific community.

In our comparison of biomass estimates, relative to those based on our in-situ measurements, we
incorporate GEDI, which provides these data as a direct output for public use (see Section 2.2.4).
Comparing the biomass density (t’ha) across all data collection scales relative to our in-situ measurements
(186.8 t/ha) reveals that GEDI produced the most similar result (187.2 t/ha, < 1% error) followed by the
RPA (163.4 t/ha, 14% error) and Aerial LiDAR (131.0 t/ha, 56% error, Table 3.1). These densities differ
substantially among each plot (Figure 3.1), whereby GEDI yielded the smallest amount of error on a
percentage basis on 8 of 10 plots and Aerial LiDAR held the best results on two plots; however, RPA data
were not acquired at those two plots. In 3 of 5 plots with RPA data, RPA plot biomass density values

were substantially better than those estimated from Aerial LiDAR.

Table 3.1. Summary of in-situ plot level characteristics, stem counts, and biomass estimates as well as
stem and biomass estimates from other data collection approaches (RPA, Aerial LiDAR, and GEDI).

Results are provided only when coincident data were present.

Plot # Forest Type Dominant Species ln-glt;HA(Zf:;ge Tree Count Biomass Density (t/ha)
In-situ RPA Aerial In-situ RPA Aerial GEDI
Acer saccharum
1 Deciduous (g i) 242 16 N/A 12 373.0 N/A 3275 260.3
Ostrya virginiana
2 Deciduous (ir{)n wogod) 17.5 17 N/A 10 159.0 N/A 50.0 285.7
Pinus sylvestris
2 3 Coniferous 4 . 16.2 20 N/A 12 91.0 N/A 55.5 843
o (Scott pine)
=
Thuja occidentalis L.
% 4 Coniferous 4 . 22.6 31 N/A 7 230.3 N/A 132.8 195.1
a (eastern white cedar)
>
s Populus grandidentata Michx.
& 6 Deciduous PHESE e 19.8 17 6 11 235.7 64.9 1103 2238
(big tooth aspen)
Ostrya virginiana
7 Mixed (Amcricaﬁ hopé}iorn bean) 19.4 17 20 7 278.8 233.8 130.2 323.6
Thuja occidentalis L.
8 Coniferous (easltern ikitio @aaE) 19.4 23 N/A 6 93.1 N/A 121.4 57.7
Ostrya virginiana
E 1 Mixed .y g 16.2 15 12 6 96.6 41.2 11.0 71.9
E= (iron wood)
=4
2 Ostrya virginiana
aQ 2 Mixed .,V g 13.5 30 16 11 84.2 47.0 39.8 68.2
2 (iron wood)
%]
= Acer saccharum
6 3 Deciduous 19.5 18 11 11 226.7 430.3 331.1 301.3
(sugar maple)
Average 18.8 20.4 13.0 9.3 186.8 163.4 131.0 187.2
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Distribution of Biomass Density Across Applications
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Figure 3.1: Box plots represent the distribution of biomass density measurements obtained through four
different methods: In-situ, RPA, Aerial, and GEDI. Each box plot displays the median (black line),

interquartile range, and variability of biomass density for each method.

No systematic over or under estimation of biomass was observed with any scale of LIDAR data
collection (i.e., drone, aerial, satellite), which includes accounting for tree density and forest type. This
suggests that more investigation of site information (e.g., topography), species, tree size and other
potential factors driving differences in remotely sensed biomass estimation is required before statistical
modelling (e.g., generalized additive modelling or machine learning) is pursued to better align remotely
sensed observations with in-situ measurements.

It is worth noting, despite efforts to align the centroids of the GEDI shots with the plot centers of
the collected in-situ data, two main sources of geolocation error exist. First, the GEDI system has a
horizontal accuracy of approximately 10 meters (Dubayah et al., 2020). Second, the in-situ plot centers,
determined using single-band frequency cellular devices exhibit a horizontal accuracy between 5 and 10
meters (Technologies, 2020). Consequently, the combined geolocation error between the reported GEDI
centroid and the in-situ plot center can be as much as 20 meters. This geolocation error can affect biomass
estimates in discontinuous forests, where vegetation structure and biomass can vary widely over short

distances. However, in contiguous forests, like those used in this study, with relatively homogeneous
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forest stands, the impact of geolocation discrepancies is reduced due to spatial autocorrelation. In such
forests, similar forest characteristics are spatially correlated and consistent across the landscape

minimizing the effect of positional inaccuracies on biomass estimates.

3.2 Property-Parcel analysis

Among our two study sites, Ballyduff was nearly completely forested (i.e., non-forested
structures such as a wind turbine and maintained hiking trails were located within the property), and
Christie Bentham was completely forested. Therefore, we assume that all properties comprise only forest
and simple methods to scale results to the property parcel level are for comparative purposes and to
showcase how plot level results differ when scaled to larger spatial extents.

Of the four scales of data acquisition (in situ, RPA, Aerial, and Satellite) only the Aerial LIDAR
data, acquired by piloted aircraft, covered the entire area of the property parcels within our study. Both in-
situ and GEDI-based forest metrics were used in an inverse distance weighting interpolation process to
yield property parcel-level estimates. Since RPA LiDAR had substantial, but not full, spatial coverage of
the property parcels, the average biomass for the area covered by the RPA was applied to the forested
areas not covered by the RPA. A comparison across methods at the parcel scale is difficult given no
single approach provides a benchmark for comparison as was provided by in-situ measurements at the
plot level. Therefore, our parcel level results provide a quantification of the relative differences in tree-
cover metrics and biomass estimates across these four data collection approaches.

As previously noted, the aerial coverage of our study was complete using mid-altitude piloted
aircraft (i.e., aerial), which also had the lowest point density (i.e., 14 and 23 pts/m?) of the LiDAR based
approaches. In comparison, the RPA covered 42.5% and 67% percent of the Ballyduff and Christie
Bentham study areas with average point cloud densities of 246 and 333 pts/m?. Lastly, GEDI shots only
covered 3.8 and 4.3% of the study areas at an average density of 22.4 pts/m?. Satellite imagery are
renowned for their extensive coverage over large spatial extents, however, our study found that aerial and
drone-based LiDAR offered a superior coverage and higher spatial resolution for our specific area of
interest compared to GEDI LiDAR shots.

The variation in tree density was substantial and spanned from 1070 to 417 trees per hectare
across the two sites and four methods. In-situ extrapolation provided the highest estimated tree density (>
1000 trees/ha) at both sites, while the RPA yielded a similar estimate for Christie Bentham (970 trees/ha)
and was slightly lower at Ballyduff (600 trees/ha). Aerial data yielded the lowest tree densities of 499 and
417 trees/ha, respectively, and individual tree data or their densities are not an output provided by or

typically yielded from GEDI. These results are similar to observations at the plot level, which found that
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the RPA yielded the closest tree counts to the in-situ counts, albeit they were systematically less. The
higher density point clouds from the RPA are able to identify more trees (via local maximum values) than
the aerial LIDAR data that have a point density that is an order of magnitude less. The RPA data yielded a
lower average tree canopy height (10.1 m, and 11.6 m) than Aerial data (12.9 m and 17.2 m) at the
Ballyduff Trails and Christie Bentham Wetland Trails sites, respectively. The GEDI data estimated the
highest average tree canopy height of 16.3 and 20.9.

When comparing AGB estimates across LIDAR methodologies, property-parcel level values held
greater consistency than plot level estimates. The estimated total parcel carbon across Ballyduff and
Christie Bentham was lowest for the RPA (9994 t C, 4446 t C, respectively), higher for the Aerial data
(14255 t C, 7060 t C), and highest for the in-situ and GEDI methods although the in-situ parcel carbon
estimate was highest for Ballyduff (22450 t C) and GEDI was highest for the Christie Bentham parcel
(8107 t C, Table 3.2). The RPA estimates were nearly half that derived from in-situ and GEDI despite its
reasonable spatial coverage and representation of individual trees. When in-situ measurements are
compared to an average of all LIDAR methods per study area, the average of all LIDAR methods was
22.34% and 21.80% lower for Ballyduff Trails and Christie Bentham Wetland Trails, respectively, than
the in-situ measurements. RPA and aerial LiDAR offer extensive coverage but tend to underestimate

biomass, which is likely due to missing smaller or understory trees.

Table 3.2 Comparison of parcel area, tree density, height, LIDAR point density, and aboveground
biomass (AGB) estimates across In-situ, RPA, Aerial, and GEDI methods for Ballyduff and Christie

Bentham study sites.

Ballyduff Christie Bentham
In-situ RPA Aerial GEDI In-situ RPA Aerial GEDI

Parcel Area Assessed (ha) 0.14 45.8 107.6 4.1 0.06 37.2 55.5 2.4
Total Parcel Area (ha)

107.6 107.6 107.6 107.6 55.5 55.5 55.5 55.5
Average Parcel Tree Density 1070.0 600.0 417.2 N/A|  1045.0 970.0 499.0 N/A
(trees/ha)
Average Parcel Tree Height (m) N/A 10.1 129 16.3 N/A 11.6 17.2 20.9
LiDAR Point Density (pts/m2) N/A 246.0 14.0 22.4 N/A 333.0 23.0 22.4
Parcel AGB Density (t/ha) 208.7 92.9 132.5 200.2 135.8 80.2 127.3 146.2
Total Parcel AGB (t) 22450.0 9993.8 14254.7 21536.1 7533.7 4446.2 7060.2  8107.0
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4 Discussion

Our multi-scale comparison of LiDAR data acquisition and subsequent tree biomass estimation
contributes to remote sensing literature that primarily compares a single remote sensing approach to in-
situ measurements, is sparce in the use of remotely piloted aircraft, and lacks study sites located within
Canada. To situate our results, we conducted a literature search using Google Scholar with keywords
“forest, carbon, multi-scale", between the years 2010-2024, which identified more than 24,000 returns.
However, within the first 55 articles (sorted by relevance, Appendix A), 17 were excluded as unrelated
(e.g., carbon composite materials, atmospheric emissions modeling) and 14 were excluded because they
only looked at a single scale, one (e.g., Loran et al., 2016) or more sensors (e.g., Liu & Zhang, 2024) at a
single scale (e.g., satellite). Of the remaining 24 articles, 23 discussed multi-scale comparisons of forest
metrics, whereby 19 were limited to a single comparison (primarily satellite) with in-situ measurements
while 3 articles involved two scales of comparison against in-situ measurements. Only two studies,
combined in-situ, RPAS, aerial, and satellite LIDAR for aboveground biomass estimation, which was
situated in Mozambique (Demol et al., 2024) and Australia (Kato et al., 2017).

Our multi-scale comparison of LiDAR derived carbon stock estimates is also unique in that
among those 55 articles, only 30 included in-situ data, 25 included satellite data, 15 included aerial data,
and only 11 included data collected using RPAS. Of the 15 articles using aerial data, only 9 included
forest measurements and of the 11 papers using RPAS only four assessed forestry characteristics. The
multi-scale comparisons involving RPAS only represent 5.5% of the reviewed literature and only two of
those four used LiDAR (citations).

The result of our literature review demonstrates the dominance of in-situ and satellite data in
forest inventory efforts and an underrepresentation of aerial and even more so RPAS-based forestry
measurements. The scarcity of comprehensive, multi-scale LIDAR approaches is particularly pronounced
in the context of Canadian forests. Canada’s forested landscapes, especially boreal ecosystems, differ
substantially in structure, species composition, and disturbance regimes from many other regions (Brandt,
2009). These differences underscore the need for a more integrated and location-specific approach. By
examining in-situ, RPAS, aerial, and satellite LIDAR data within a Canadian setting, this research
addresses a critical gap in the literature and offers a benchmark for others to use or compare against. This
benchmarking is of particular interest for those seeking to use RPAS, which have a great capacity to cover
medium sized areas at point-cloud densities that are orders of magnitude greater than those acquired by
aerial laser scanning and satellite, but typically less than those acquired by terrestrial laser scanning.

Our multi-scale comparison of LiDAR technology to estimate above-ground biomass of forest

underestimated biomass compared to in-situ measurements. Specifically, RPA LiDAR, Aerial LiDAR,
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and GEDI estimates averaged 136.42 t/ha, 121.67 t/ha, and 166.81 t/ha, respectively, against an in-situ
average of 174.30 t/ha. These results corroborate the work of others who note that airborne LiDAR often
underestimates biomass in low AGB plots (e.g., recently disturbed forests, boreal forests, or open
woodland-savanna systems) and overestimates it in high AGB plots (e.g., forests with mature overstory;
Ferraz et al. 2016). The underestimation of RPAS, aerial, and satellite based lidar relative to in-situ
measurements is likely driven by the challenge of accurately detecting individual trees (Table 3.1) and
subsequently tree density (Table 3.2), perhaps due in part to the lack of recognition of more and likely
smaller trees observed between the canopies of larger trees which can be exacerbated in dense or
structurally complex forests (Ferraz et al. 2016).

Despite our consistent underestimation of tree biomass at plot- and property levels, the LIDAR-
based metrics were directionally aligned with the in-situ data and, similar to others, demonstrate the value
and insight of forest structure, biomass, and when measured over time, dynamics, that can be achieved
through the use of LiDAR (e.g., Coops et al., 2021; Kalivas et al., 2013; Nilsson, 1996; Popescu et al.,
2003). Of particular interest for land managers is the capability of LiDAR technology to save time, labor,
and cost relative to traditional methods, thereby reducing biases introduced by low sample counts inherent
in in-situ assessments (Liang et al., 2018).

Of particular interest was the performance of GEDI and its close alignment with in-situ
measurements, despite its lower point density relative to RPAS and location in space. It is likely that
GEDI performed so well because the L4 product’s reliance on robust modeling approaches trained on
extensive datasets (Duncanson et al., 2022). The L4 product is the result of a simple Ordinary Least
Squares (OLS) model with simulated Relative Height (RH) metrics and the accuracy of its results can
vary considerably by region, often declining in areas with sparse training data or exceptionally high
AGBD (Duncanson et al., 2022). Improved accuracy at more localized scales may be achievable with
non-parametric models applied to raw GEDI data and as the volume and quality of training data increase.
If similar modelling was conducted with aerial and RPAS LiDAR data then it is likely that improved
accuracy would also be attainable.

It may also be possible to use interpolation with RPAS data as done was done with GEDI and
similarly by others with GEDI (e.g., Kalivas et al. 2013). In this situation a sampling strategy would be
required and used to either represent portions of large homogeneous forests or different conditions of
forests that when tied to topography (e.g., slope and aspect) and other environmental conditions (e.g.,

hydrology) could yield greater biomass estimation accuracy.

4.1 Limitations
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At the property-parcel scale, it is essential to acknowledge potential biases in our in-situ site
selection. We specifically chose sites that were co-located with GEDI shots over forested areas. While
this approach ensured a direct comparison between LiDAR and in-situ measurements within forested
regions, it may have introduced biases related to site selection. For example, our focus on completely
forested areas may have overestimated AGB at the parcel level, as our in-situ measurements did not
account for non-forested regions such as pathways, wind turbines, rocky terrain, and clearings. When
selecting GEDI shots across a parcel, we aimed for an equitable distribution of deciduous, coniferous, and
mixed wood stands and tried to minimize edge effects by selecting points within 50 meters of a parcel
boundary. Furthermore, for logistical efficiency, selected accessible points that were near each other,
often opting for adjacent GEDI shots approximately 60 meters apart. While these choices facilitated the
collection of more data, they introduced spatial clustering in our sampling.

In contrast to the in-situ and GEDI measurements, aerial and RPAS LiDAR-based applications
considered not only forested areas but also non-forested regions to provide a more comprehensive
assessment of AGB. This holistic approach can more accurately account for variation in the distribution
of biomass across different land cover types, contributing to a more nuanced understanding of AGB
dynamics. This underscores the importance of integrating multiple data sources to develop more accurate
and holistic models for biomass estimation at the parcel level. By acknowledging the limitations and
potential biases of our in-situ site selection, we emphasize the need for comprehensive sampling strategies
that include a variety of land cover types. Integrating in-situ data with multiple scales of LIDAR data
acquisition and other remote sensing data has the potential to improve the accuracy of biomass
estimations, supporting more effective forestry management and construction of land-management
policies.

The observed discrepancy or mismatch between LiDAR and in-situ collection may indicate that
LiDAR values are not necessarily underestimated, but that in-situ values, when scaled to property level
may overestimate biomass. This discrepancy could be attributed to the small sample size of in-situ
measurements and the biases introduced from them. However, more multi-scale comparisons are required
to gain a better understanding of the effects of scale on biomass estimation and more importantly is the
need for a large set of destructive sampling data collected in coordination with multiple scales of LIDAR

data acquisition.

4.2 Other sensors for biomass estimation

While our results provided a comparison of tree or forest biomass estimates across ground (in-

situ), air (RPA, and aerial LiDAR), and satellite (via GEDI), there are a host of other sensors and
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technologies that can be used to estimate biomass that were not included. For example, terrestrial laser
scanning has been increasingly used to quantify tree and forest biomass (e.g., Bauwens et al., 2016;
Calders et al., 2015; Liang et al., 2016). However, establishing absolute location information with a
GNSS receiver or triangulation and registering common targets (sphere or planar) are time consuming and
therefore constrain the spatial coverage of terrestrial laser scanning. In an effort to increase the speed of
data collection, simultaneous localization and mapping (SLAM) technologies typically trade-off absolute
location accuracy for the ability to cover an extensive ground area (e.g., Liang et al., 2015; Mokros et al.,
2021). Contemporary tools (e.g., Leica’s BLK2GO, and Pheonix LiDAR’s RECON-XT SLAM) can be
used indoor and outdoor, cover substantially more area than TLS, and some SLAM tools are equipped to
register point locations in open areas to spatially locate the point cloud while in the field. Perhaps even
more versatile, although not yet proven to acquire the same levels of accuracy, mobile-phone apps that
utilize novel flash LiDAR hardware (e.g., iPhone 12 Pro+) to acquire estimates of DBH (e.g.,
ForestScanner, Tatsumi et al. 2023) as well as 3D tree recreation using structure-from-motion (e.g.,
Valluvan et al., 2023). These on-the-ground developments have the potential to increase the speed of in-
situ data collection and permit greater spatial coverage, but they cannot cover the same spatial area as
remotely piloted aircraft (RPA) or mid-altitude pilot-on-board aircraft.

In addition to alternative terrestrial sensors are rapid improvements in sensors for mounting on
RPA. As noted above, RPA point density is, on average, an order of magnitude denser (300 pts/m2) than
Aerial LiDAR data (< 30pts/m2). At 300 pts/m2 we were unable to observe tree stem DBH when trees
resided within a forest and required an additional statistical step to estimate DBH from tree height, which
likely increased our plot and parcel level error. New sensors in 2024 from Riegl (e.g., Ultra 120) can be
mounted on an RPA with a measurement rate of 2.4 million points per second and include forward and
backward looking (10 degrees) capabilities, that have the capacity to produce point-cloud densities that
are comparable to terrestrial laser scanning. However, the degree to which these points reach the tree stem
remains to be determined.

Additional options are also possible among satellite-based sensors. For example, we attempted to
incorporate carbon estimates from the advanced topographic laser altimeter system (ATLAS) on board
the ice, cloud, and land elevation satellite 2 (ICESat-2). While the system is designed for high altitudes, it
did cover our study area and has been useful in acquiring tree height information elsewhere (e.g.,
Neuenschwander & Magruder, 2019; Sothe et al., 2022; Xi et al., 2022). A comparison between height
values derived from ICESat-2 with GEDI L2A and in-situ plot measurements revealed that the height
estimates from ICESat-2 were reasonably close to those provided by GEDI and known in-situ data (Liu et
al., 2021). However, the data density of ICESat-2 is much lower than GEDI and only a single average

height estimate is acquired for each measurement swath (approximately 10 m by 120 m). Given the shape
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and size of the ATLAS swath (1200 m?) compared to a GEDI shot (491 m?), it is likely that error from
ATLAS estimates increase with landscape fragmentation, particularly in areas with substantial human
infrastructure and open water where above-ground vegetation carbon is very low (which resides around
our study parcels). These limitations underscore the importance of supplementary data, such as stem
density, to enhance biomass estimations using ICESat-2 (Sothe et al., 2022) and why GEDI was used as a

satellite-based approach for tree and forest biomass estimation.

5 Conclusions

Literature contains a variety of multi-scale analyses that quantify measurement accuracy and
trade-offs among different sensors. However, the majority of that literature compares satellite-based
sensors to in-situ measurements and very few pieces of literature truly look at multiple scales of LIDAR
data acquisition, with even fewer including remotely piloted aircraft. As a contribution to the domain of
remote sensing concerned with quantifying forest biomass and carbon, we presented a multi-scale
analysis that included in-situ tree count and biomass estimates compared to those derived from LiDAR
data acquired from remotely piloted aircraft (at a low altitude < 100 m above ground level), mid-altitude
piloted aircraft, and the scale of satellites using GEDI mounted on the International Space Station. A
comparison across these platforms at the plot and larger parcel level demonstrated that 1) remotely piloted
aircraft yields the highest accuracy of tree reproduction relative to in-situ measurements, 2) the efforts to
calibrate and validate GEDI results yielded the highest accuracy in carbon stock estimation relative to in-
situ measurements, 3) at the parcel level, the greatest spatial coverage was obtained by mid-altitude
aircraft, and 4) in most cases, the remote sensing approaches underestimated carbon stocks relative to in-
situ measurements, including the average of all LIDAR methods yielding carbon stock estimates 21-22%
lower than in-situ measurements, suggesting that small or below canopy trees are still likely poorly
captured with the density of Aerial LIDAR points acquired and evaluated.

Despite the tendency of the evaluated multi-scale LiDAR sensors to yield lower carbon estimates
relative to in-situ measurements, improvements to LIDAR continue and sensors like the Riegl Ultra 120
that are forward and backward looking, with nadir acquisition and very high pulse repetition rate (2.4
million points per second) suggest that aerial LIDAR data acquisition will soon approach the density
acquired by terrestrial laser scanning (i.e., 10,000+ pts/m2). LIDAR’s capability to capture tree and forest
structural attributes and accurately mirror biomass trends across different areas in a forested environment,
makes it invaluable for forest management and measurement, monitoring, and reporting and verification
requirements. Furthermore, LIDAR-based AGB estimates will still require traditional forest inventories

for calibration and validation, but they provide the capability to scale out forests assessments to very large
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spatial extents and include areas where traditional ground-based forest inventories may be impractical,
prohibitively expensive, or risk the safety of a field crew. Our comparison of LiDAR data acquisition at
different scales for tree count and forest biomass estimation demonstrates the trade-offs between spatial
coverage (e.g., mid-altitude aircraft) and improved accuracy (e.g., remotely piloted aircraft) against
sample size and substantial calibration (e.g., GEDI). Ideally, our comparison offers insight to others
seeking to quantify forest carbon and the relative influence their choice of platform may have on their
results.

Additional efforts to systematically assess the effects of flight parameters (e.g., altitude, speed),
sensor parameters (e.g., pulse repetition rate, beam divergence and footprint size, sensor angle),
phenology (e.g., leaf on and leaf off conditions), and forest characteristics (e.g., tree density, DBH,
species, and tree height) on tree count and carbon stock quantification is needed. Understanding the
relative importance of some parameters over others could be incredibly valuable to forest carbon stock
quantification efforts and provide supportive evidence for the development of a set of standard reporting

variables that would further assist with comparative or meta-analyses.
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Third Chapter: Advancements and Future Considerations

The precise quantification of forest biomass is crucial for understanding carbon dynamics,
assessing biodiversity, and advancing Nature-based Solutions (NbS) across Canada (Seddon et al., 2020).
As our understanding of environmental systems deepens, so too does the need for more accurate and
reliable data on forest biomass, which plays a vital role in global carbon cycles and climate change
mitigation efforts (Campbell et al., 2021). This chapter explores potential advancements in the
methodologies currently employed for forest biomass estimation, examines future directions for these
techniques, and considers their broader applications, particularly in urban environments. Enhancing these
methodologies is essential for improving the accuracy and utility of biomass data, which in turn supports
more informed decision-making in environmental management.

The focus of my research resided in leveraging advanced remote sensing technologies,
specifically LiDAR-derived point cloud data, to quantify biomass and carbon storage with greater
precision. Technologies like the Global Ecosystem Dynamics Investigation (GEDI) and the Ice, Cloud,
and land Elevation Satellite-2 (ICESat-2) provide unique opportunities to assess biomass over large areas
with unprecedented detail. However, the accuracy of these estimates can vary significantly depending on
the specific LiDAR sensors employed, as each comes with its own set of limitations and specifications,
such as point density and the altitude at which the data is collected. RADAR, another remote sensing
technology, has also been used to estimate biomass. However, it faces challenges with signal penetration
in dense forests (Quegan et al., 2019). In contrast, LIDAR's ability to capture the vertical structure of
forests offers a more nuanced understanding of biomass distribution, particularly in areas with dense
canopy cover where other technologies struggle to provide reliable data.

By addressing these variations and refining our methodologies, we can enhance the effectiveness
of LiDAR as a tool for biomass estimation. Furthermore, the potential applications of these technologies
extend beyond forested landscapes. This chapter explores advancements in methodologies and extended
applications of LiDAR such as in urban forestry, where biomass estimation could contribute to urban
forestry management and the development of green infrastructure. The chapter also discusses the transfer
of knowledge and understanding from which currently remains primarily within the academic sphere to
landowners and decision makers. Finally, this chapter will discuss the future advancements in technology
that might allow for the increase in reliability and scalability of LiDAR-based forest biomass estimation.
Doing so, this discussion underscores the importance of continuous innovation in remote sensing
methodologies to meet the evolving needs of environmental management and to address the challenges

posed by climate change.
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Numerous studies have examined the effectiveness of LIDAR-based approaches for estimating
above-ground biomass (e.g., Nilsson, 1996; Popescu et al., 2011; Sothe et al., 2022). However, few
studies have compared multiple LIDAR methodologies within the same study area, as was conducted in
the St. Williams Conservation Area by Robinson et al. (pers. comm). Such comparisons provide
stakeholders with a clearer understanding of the level of detail needed for their projects, allowing them to
balance the trade-offs between precision, cost, and time. Each LiDAR methodology, terrestrial, airborne
(RPA and aerial), and satellite presents distinct advantages and limitations. Terrestrial LIDAR, often
deployed in specific forest plots, provides unmatched spatial resolution, capable of measuring individual
tree structures. However, it is constrained by its limited coverage and high operational costs. On the other
hand, satellite-based systems like GEDI offer a broader perspective, covering large areas at a lower cost,
but they may lack the fine-scale resolution needed for precise biomass estimation in heterogeneous
landscapes. For instance, a project focused on monitoring biomass changes across several hundred
hectares of forest over multiple years may not require in-situ or sub-centimeter accuracy. In these cases,
aerial or satellite-based LiDAR data could be sufficient, offering a cost-effective alternative.

Future advancements in LiIDAR technology and data processing techniques will likely further
streamline these comparisons, providing even greater flexibility for stakeholders (e.g., Liu 2024). The
role of LiDAR technology is constantly growing within the modern landscape from remote sensing,
navigation, 3D modelling, to robotics (Raj et al., 2020), most noticeably for sectors like the automobile
industry who leverage LiDAR to map their surroundings to estimate distances in a 3D view (S & A,
2023). As LiDAR technology continues to advance through multiple streams and/or industries, the
accuracy and reliability of the data it produces becomes more prevalent as these improvements can be
applied back to biomass estimation.

The improvement of LiDAR sensor and data processing has in the past and will in the future
significantly enhance how it is able to capture and represent 3D vertical structures of forest data. The
integration of machine learning and artificial intelligence into LIDAR data analysis could automate much
of the decision-making process, allowing for more efficient selection of appropriate LIDAR
methodologies for different project needs (Barbarella et al., 2021; Mohamed et al., 2022). The increasing
availability of high-resolution, low-cost LiDAR data from multiple methods (e.g., satellite, RPAS) could
democratise access to this technology, making it feasible for a wider range of projects and stakeholders
(Abdollahnejad et al., 2019; Brach et al., 2023; Hu et al., 2021).

Additionally, advancements in multi-sensor integration, combining LiDAR with other remote
sensing technologies such as hyperspectral imaging, RADAR, and optical imagery could enable more
detailed ecological assessments (Goetz & Dubayah, 2011; Narine et al., 2009; Sothe et al., 2022).

Furthermore, cloud-based processing allows data from LiDAR technology to be processed more
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efficiently to create faster and more scalable data process pipelines while increasing collaboration. The
increased scalability could be particularly beneficial for future conservation and land management
projects, where understanding of multiple environmental factors, including biomass, vegetation health,
and land use changes, will be critical for decision-making. By easing and improving the data collection
and analysis phases, broader applications of the research can expand outside of the academic realm and
better inform policy development. For example, improved biomass data could help guide restoration
projects to target areas with the highest carbon storage potential (Cook-Patton et al., 2020).

One practical manifestation of these technological and methodological advancements can be seen
in specialized software solutions developed to streamline LiDAR data analysis. For instance, DroneWatch
a software offered by Korotu, provided as both a desktop application and cloud service, enables users to
process and analyze LiDAR data with precision, focusing on detailed forest structure and biomass
measurements at the individual tree level. The platform exemplifies how modern software can harness the
power of drone-based LiDAR systems to collect data that is both scalable and precise, making it suitable
for projects ranging from small conservation areas to large forested landscapes.

In comparison to other software like TreeMetrics, eCognition, and Fusion LiDAR, DroneWatch
stands out for its tree-level precision. TreeMetrics focuses on commercial forest yields (e.g., Kaulen et al,
2023), eCognition excels in multispectral and area-based analysis (e.g., Machala & Zejdova, 2014), and
Fusion LiDAR handles large-scale forest assessments but requires technical expertise (e.g., Mcgaughey,
2014). DroneWatch fills a niche by offering precise, user-friendly, individual tree analysis suited for
small-scale or urban projects without need of expert level knowledge.

Similarly, while tools like Global Forest Watch, a platform developed by the World Resources
Institute that uses near real-time satellite data to monitor forest cover changes globally, provide area-
based, large-scale insights, DroneWatch complements these capabilities by offering detailed, ground-level
metrics (Hansen et al., 2013; World Resources Institute, 2021). By integrating coarse-scale satellite
surveillance with high-resolution, drone-based measurements, land managers can gain a more
comprehensive understanding of forest carbon dynamics, from individual tree-level detail to broad
landscape patterns.

Traditionally, models for assessing forest biomass (e.g., GEDI, GlobAllomeTree) use ground
truth data for validating the accuracy and error rates, but like previously mentioned in-situ data is costly,
time consuming, and labour intensive. These limitations such as restricted spatial coverage, logistical
challenges and time constraints associated with in-situ models have prompted researchers to explore
alternative data acquisition strategies (Anderson & Gaston, 2013). This shift has led to the increasing use
of detailed RPAS data as a potential substitute for in-situ measurements in model validation processes

(e.g., Anderson & Gaston, 2013; Turner et al., 2012). Although RPAS-based data acquisition may
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introduce its own sources of uncertainty or error, it can still provide an acceptable level of accuracy
depending on the specific analytic objectives. In some cases, the slight trade-off in precision compared to
traditional ground truthing may be justified by the increased spatial coverage, operational efficiency, and
cost-effectiveness that drone-derived information offers.

As technology continues to advance, drones equipped with advanced sensors (e.g., Riegl
Ultral20* deploying a measurement rate of 2.4 million points per second) can collect data at granular
levels, unveiling spatial variability that might be overlooked by in-situ measurements, which are often
point specific and cover a very limited spatial extent. For instance, drones can survey extensive areas
quickly and cover entire forested parcels while accounting for additional factors such as topographical
changes and vegetation health depending on the type of sensor used (e.g., multi-spectral, Miles et al.,
2003). By expanding spatial coverage and incorporating real-time changes across the property, models are
validated against data that accurately reflects the dynamic nature of the study area.

Despite the numerous advantages, challenges and limitations exist in using drone data as a
potential replacement for in-situ measurements. Data accuracy and precision can be affected by sensor
limitations, calibration errors, and environmental factors such as weather conditions. Ensuring the quality
and reliability of drone data necessitates rigorous calibration protocols and regular maintenance of
equipment. Likewise, technical limitations, including limited battery life, payload capacity, and
vulnerability to adverse weather conditions, can affect the duration and scope of data collection missions.
Additionally, the large volumes of data generated by drones require substantial storage capacity and
advanced data management solutions to process and analyze effectively.

In alignment with the aim of utilizing detailed drone data to potentially replace in-situ
measurements for model validation, the GEDI mission has recently released a new data product, GEDI
LAC. This product offers a comprehensive three-dimensional representation of canopy complexity by
modeling 3D canopy structures from aerial LIDAR data and comparing them with over two billion high-
quality, co-located GEDI observations (de Conto et al., 2024). This groundbreaking research
demonstrates the effectiveness of employing detailed remotely sensed data as an alternative to traditional
in-situ methods, highlighting limitations and sensitivities that are typically challenging to detect. Notably,
the new model incorporates both vertical and horizontal variations in canopy structure, capturing 11%
more variation than vertical variation alone derived from RH metrics (de Conto et al., 2024). This
advancement underscores the potential of high-resolution remote sensing technologies in enhancing
model validation processes by providing richer and more nuanced environmental data.

As these technologies continue to advance, they hold immense potential to significantly improve
the accuracy and scalability of biomass estimation across diverse environments - from dense urban areas

(Zhang & Shao, 2021) to expansive forest ecosystems. By leveraging high-resolution, remotely sensed
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data to replace or supplement traditional in-situ measurements, we can enhance model validation
processes, capturing complexities that were previously difficult to detect. This progression not only
refines our ability to monitor and manage natural resources more effectively but also empowers us to
make better-informed decisions in conservation and resource management. Ultimately, the integration of
these innovative technologies marks a pivotal step toward more precise environmental modeling and
sustainable stewardship of our planet's ecosystems.

Beyond the technical comparisons and accuracy assessments, the findings of this research hold
broader significance for forest monitoring, policy, and modeling. Accurate, spatially explicit data on AGB
are critical to forest governance and climate policy. Programs administered under the framework of the
United Nations REDD+ initiative, for example, hinge on reliable carbon inventories to set baselines, track
improvements, and guide financial incentives for forest protection and restoration (Angelsen, 2017; FAO,
2020). Such high-quality measurements feed directly into the reporting requirements set by accords like
the Paris Agreement, informing Nationally Determined Contributions (NDCs) and enhancing the
transparency and credibility of global efforts to mitigate climate change.

In this policy context, a few key concepts warrant attention: additionality, permanence, and
leakage. Additionality speaks to whether observed emissions reductions or carbon gains would have
occurred without a particular intervention; robust baseline AGB estimates can help confirm that credited
improvements represent real progress rather than business-as-usual (BAU) scenarios. Permanence
concerns the long-term stability of carbon stocks, an area where ongoing, high-resolution LIiDAR
monitoring can detect early signs of biomass loss and prompt corrective actions. Leakage, on the other
hand, is the risk that reduced emissions in one area may trigger deforestation or degradation elsewhere. L
By providing consistent, scalable, and accurate forest measurements, LIDAR technology can offer
valuable insights into these issues, supporting robust and responsive forest monitoring efforts at various
spatial scales.

Advances in LiDAR-based biomass estimation methods, combined with novel remote sensing
technologies and improved analytical frameworks, represent a measured and evidence-driven response to
the complexities of contemporary forest management. More accurate and scalable forest biomass data
provide a firm scientific foundation for policies and practices aimed at carbon sequestration, habitat
protection, and climate resilience (FAO, 2020; Seddon et al., 2020). By ensuring that decision-makers
have access to spatially explicit, reliable information, these refinements help translate global agreements
like the Paris Agreement and REDD+ commitments into effective, on-the-ground actions (Angelsen,
2017; UNFCCC, 2015). Rather than relying on assumptions or limited data sources, landowners, forest
managers, and policymakers can draw on validated measurements of forest structure and carbon stocks to

guide interventions that yield tangible ecological and socioeconomic benefits (Campbell et al., 2021). In
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an era marked by rapid environmental change and pressing conservation challenges, the integration of
LiDAR-derived metrics and related remote sensing innovations strengthens our capacity to safeguard
forest ecosystems, inform policy choices, and ultimately enhance the resilience and sustainability of the

landscapes we depend on.
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\se/land-cover mapping using an object: images <over types present within the study area. |producer’s and user’s accuracies of 93.10% and [ °P1°¥¢(- biliing iy
based approach 99.08%, respectively. A high rate of error sl seemeniaion and

oceurred. with incorrect assignments ocurring for |1 “”“* o
4 proportion of infrastructure to farmland P P
assessments, which resulied in a relatively low
user's accuracy for this category
e D Field measurements were conducted Included: Various ccological zones
ul-scale heterogeneity in vegeatior

42 |and soil carbon in exurban residential  |2016  [Michigan, USA for vegetation and soil carbon storage. |, [ i e 0 (o e e i ot mentioned NA NA 66 DBH Allometric cquations [ e b T Not mentioned Allomeric equations
[ e 26 total plots that were regionally types and scale ¢ storage t0 neighbourhoods turfgrass areas, dense woody vegetation,

—_—— represeniative and impervious surfaces.
Bevond the'local community’ the
43 [evolution of muli-scale poliies in 2014 [Nepal NA NA NA NA NA NA NA NA NA NA NA NA
Nepal's community forestry regimes
R The study emphasizes the importance of
et b Crock ot fores. |15 dot ot 5 reton s ot Phanon's (0AY o5 h lts gridded aver facadoa At i HOB A 0t LY el DS with i e
44 |with multi-scale sensors from 2017 |Robson Creek tropical forest S daa at0.3m resolution fo anton 3 (UAV= 15014 scans used, 10 points per 5xSm for tree heights PALSAR 2, ALOS-2 3.125m the rescarch area Identifis forerst gaps not biomass e i data to understand backscatter characteristics, A
Australia validate tree heightin UAV daia  [SIM) detcetable using the employed remote
Jaser. UAV. to satelite radar ivided ino 1ha plot P though specific accuracy meirics are not detailed in
. @ the available summary.
uli-scale hvbrid R
45 [ e 2011 |Nia NiA NiA NiA NA NA NA NiA NA NiA NiA NA NA
The study reports that 39% of the PJ woodlands
experienced some level of mortalty, with paiches
Collected using a DII exceeding 0% mort wever, specific
Phanton 3, flying [Docs not look at tree carbon. The methodology accuracy metrics for the mapping approach are not,
A muli-sensor, multi-scale approach to 100m AGL (83.6 ha) . . combines UAS imagery for detailed, individual tree detailed in the available summary. "Althoug!
46 |mopping tree morality in woodiand (2020 | PiRon-uniper lands in San Juan image data was LIDAR data collected using a Optech Titan esnor, lying height of ;1 yque g acquired [n/a 30m NiA A mortality assessment, airborne LIDAR for canopy  |N/A formal accuracy assessment of our tree crown  |N/A
(County, Utah, USA 600m AGL ata speed of 82m/s at a pulse density of 21.3/m2
collected o create structure analysis, and Landsat imagery for regional delineation algorithm was performed, a qualitative,
scaling. visual asessment reveals that crowns shapes and
orthomosaics sizes were accurately represented, though there
were certainly examples of under- and over-
scgmentation”
Muli-scale toughening of fibre

47 |composites using carbon nanofibres and [2016  [N/A NiA NiA NiA NA NA NA NA NA NiA NiA NA NA

pins
Tesiing o mulii-scale scenario approach

48 |for smallholder wee plantations in 2013 [nia NA NiA NA NiA NA NA NA NA NA NA NiA NA
Indonesia and Vietnam
redicting China's carbon price based on |,

S T T il o W N i N v A o i i

DJl Matrice M300
RRTK with a DIl
N T Changsha County, Changsa Ciy, peom st i o T o

50 |sanding dead trees in UAV RGB images [2023  [Hunan Province in the Peoples  [N/A- et it fronal T [NA N/A Bilinear interpolation N/A /A a Tests ree mortality not tree carbon T e m:mjmg
hased on improved fasier R-CNN g
ot iz dEon Republic of China overlap of 75% and high reliability in detection performance.

side overlap of 70%to
create orthomosaic:
A multi-scale approach o coping with
climate change and other collective 2011 [na NiA NA NiA NA NA NA NiA NA NiA NiA NA NA
action problems
Bingley Moor, Yorkshire, northern Plot-scale swudy at Bingley Statistial models,
Multi-scale elationship between peatland England (5352 Dissolved organic carbon (DOC) data Moor with approximately 1{n/a (sidy focuses on including one-way

52 |vegetation type and dissolved organic (2012 [N, 18" W), and drain-scale analysis collected from plot-scale pore waters [N/A NA NA na meter depth peatlands; s [nia nia ANOVA and Bonferroni

carbon concentration conducted at 32 blanket bog sites  |and surface water from artifiial drains national survey drain sites |within peatlands) muliple-comparison tests
across England and Scotland ypically <0.1 km? for DOC concentrations
Multi-scale dynamics and environmental Vanchi Rescarch Station, Ningxia,

53 [controls on net ccosystem CO2 exchange 2018 |North China (37°42'31" NA NiA NA NA NA NiA NA NiA NiA NA NA
over a temperate semiarid shrublan 107°1337°E, 1530m as1)
Invasive alien plants as an alternative.
resource for concrete production — mult

54 |scale optimization including carbon 2021 |South Africa Included NiA NA NA NA A NA A NA NA NA NA
compensation, cleared land and saved
[water runoff in South Africa
Multi-sensor, multi-seale, Bayesian data . . .

55 [synthesis for mapping within-year 2019 [Elephant '""':""" of Asheroft |}, cluded N/A N/A Landsat 8, Sendinel- |, 500m NA N/A NiA N/A NA N/A

wildfire progression

British Columbia

2, and MODIS
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