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ABSTRACT

USING DRONE BASED LIDAR TO RECONSTRUCT FORESTS
Daniel K. Spiwak, M.S.
George Mason University, 2021

Thesis Director: Dr. Konrad Wessels

Forests are an essential ecosystem for the sequestration of CO2, the dominant greenhouse
gas driving climate change, in the environment. The ability to accurately determine the
amount of carbon stock and sequestration within this system through biomass estimation
is crucial to informing carbon budgets, carbon offset projects, and commercial forestry.
However, national, and regional biomass models rely heavily on laborious stand-level,
typically field-derived, metrics such as Diameter at Breast Height (DBH) of individual
trees, that are then scaled up via models with satellite imagery.

To facilitate easier biomass estimation, this study employed the use of a small-footprint
Light Detection and Ranging (LiDAR) sensor, a Small Unmanned Aircraft System
(SUAS), and advanced LiDAR point cloud processing to extract and estimate the DBH of
individual stems at a well-studied ForestGEO site (12.5ha.) in Virginia. Unmanned aerial

vehicle borne Laser Scanning (ULS), as performed here, can significantly improve stand-



level biomass estimates which can then be used to develop empirical models that predict
regional biomass using satellite imagery.

Our specific objectives were to (i) assess the ability to automatically detect and extract
individual tree stems using Density Based Spatial Clustering of Applications with Noise
(DBSCAN), and more prominently (ii) test the accuracy of four DBH estimation methods
adopted from Terrestrial-Laser-Scanning (TLS) and Airborne-Laser-Scanning (ALS) at
stand-level scales. The DBH estimation methods assessed were (i) Convex Hull approach
(CH), (ii) Pratt (Pt) and (iii) Levenberg-Marquardt (LM) circle fitting, and (iv) Random
Sample Consensus (RANSAC).

We demonstrated that through DBSCAN, individual stems larger than 18cm DBH could
be detected across the full study area with an accuracy of 65%. Estimation bias was the
lowest in small stems ranging from 10-50cm (67% of the known stems); where all DBH
estimation methods displayed a relationship of increasing negative bias (underestimation)
for progressively larger stems. For stems approximately 10-20cm DBH, LM and
RANSAC had a positive bias of 1.6 and 3.8cm, which turned negative and increased to -
10.7 and -9.3cm for stems 40-50cm DBH. Pt failed to reconstruct small stems 10-20cm
DBH with an initial bias of 14.2cm which then decreased to -0.2cm at 40-50cm DBH.
CH similarly failed to reconstruct small stems but had the smallest overall range in bias
across the 10-50cm DBH interval of 10.8-4cm.

Due to errors in co-location between the ForestGEO data and the ULS point cloud, initial
R2 values were low for the full study area with the highest being .17 for LM, followed by

.16, .06, and .04 for CH, RANSAC, and Pt, respectively. Limiting the analysis to only



high-confidence matches between in-situ and ULS clusters drastically improved R?to .69,
.71, .23, and .13 for LM, CH, RANSAC, and Pt correspondingly. This underscores the
importance of reliably aligning the two datasets before analyses.

With these findings, this study hopes to pave the way for ULS DBH estimation for
individual stems and provide a significant contribution towards the improvement of non-
destructive biomass estimation. Through this study and its successors, rapid stand-level
metrics will be attainable from UAS LiDAR and could supplement regional satellite and

ALS-based biomass estimates.



CHAPTER ONE: INTRODUCTION

In 2020, 31% of the Earth’s surface was covered by forests and contributed to
over 45% of terrestrial carbon stocks [1]. Holistically, forests are centers for all variations
of ecosystem services. Forests not only regulate regional climates, sequester large
amounts of carbon as biomass, and act as ecological support interdependent ecosystems,
they also serve as provisional, and cultural centers for humans [2]-[4].

To estimate the effectiveness and relative health of these ecosystems, forestry
relies upon biophysical metrics such as Diameter at Breast Height (DBH), Stem Density,
Basal Area (BA), Above Ground Biomass (AGB), and the distribution of species and
canopy composition [2], [5], [6]. Traditionally, the computation of these metrics has been
performed by collecting laborious in situ measurements, which frequently require years
to collate data into reliable and publishable forms [2], [6]-[8]. However LiDAR, when
integrated with different Earth Observation (EO) platforms such as satellites or aircraft,
can collect spatially expansive data, not logistically feasible through traditional methods
[6], [9]-[11]. Previous studies have demonstrated the ability to extract forest structure
metrics using Terrestrial Laser Scanning (TLS) [9], [10], [12]-[17], Airborne Laser
Scanning (ALS) [18]-[22], Satellite-based remote sensing [4], [23], and more recently

ULS [10], [17], [24]-[30]. Therefore, we propose to collect and extract plot-level forest



metrics using a LIDAR capable SUAS and compare these findings with field derived
measurements.

Due to weather, terrain, and operational costs, ALS cannot be flown low enough,
or with the frequency needed to achieve the point density and temporal resolutions
obtainable through terrestrial LIDAR [18], [31]. Similarly, TLS is hindered by the
logistics, terrain navigability, and time requirements needed to sufficiently survey, non-
occluded, mergeable scans [9], [32], [33]. With these limiting factors in mind, UAS fill a
unique niche between ALS, and TLS by being able to operate low enough to collect
dense data, while simultaneously being mobile enough to cover local landscape and
forest variability. However, major challenges, which this study hopes to address, are
related to the complexity of automatic extraction of forest structure metrics from the very

dense ULS point cloud data.

Aim

The aim of this study is to extend and compare methods previously applied to
TLS and ALS data to extract forest metrics from dense ULS point cloud data and assess
results using a well-documented forest plot at the Smithsonian Conservation Biology
Institute’s (SCBI) Forest Global Earth Observatory (ForestGEO) site in Front Royal,
Virginia. The primary objective of this study being the evaluation of various methods for
extracting “diameter at breast height” (DBH) from leaf-off ULS data and compare this to
the DBH field data from the ForestGEO plot. DBH is routinely used in allometric

equations to calculate tree and plot-level the Above Ground Biomass (AGB) to estimate



carbon stock and monitor forest structure [2], [8], [34]. While most studies in this field
use LIiDAR data collected during leaf-on period to estimate canopy structure [13], [16],
[24], [27], [35], [36], we opted for using leaf-off ULS data to facilitate effective stem
structure detection. We are ultimately striving to develop methods to accurately estimate
DBH from which ABG can be calculated for an entire forest plot surveyed by means of
ULS.

Specific Objectives

1. Assess the accuracy of DBSCAN clustering on ULS point cloud data to detect
individual trees stems with >18cm DBH, by comparing it to matched field data.
2. Compare the following DBH extraction techniques to the DBH field data to
determine the most accurate approach:
a. Convex Hull Estimation
b. Circle Fitting
i. Algebraic Approach
ii. Geometric Approach

c. RANSAC Primitive Fitting



CHAPTER TWO: LITERATURE REVIEW

LiDAR data Collection Technigues

Terrestrial Based LIDAR

One of the most basic form of LiDAR scanning, Terrestrial Laser Scanning
(TLS), is a non-mobile form of remote sensing. Ecologists and field surveyors have
previously adopted TLS to capture 3D subcanopy datasets which facilitate the extraction
of important biophysical metrics [9], [12], [32].

Higher scan resolutions are achievable through TLS when compared to non-
stationary techniques, but the lack of movement and extended time requirements during
scanning results in a smaller area of coverage. Moreover, objects scanned using TLS are
highly susceptible to occlusion, and require multiple scans and “set-ups” to be performed
to fully capture them [9], [32]. To mitigate the shadowing affect introduced by TLS,
Stovall et al. adopted the multi-scan methodology and performed five scans around a
“core” point with great success. However, the issue of coregistration between multiple
scans is another limiting factor hindering forestry applications due to the amount of effort
involved in setting up visible “backsights” in dense understory. Without quantifiable
offsets, accurately aligning point clouds with minimal error becomes a significant
challenge.

A depiction of the occlusion phenomena which occurs during single scans is
shown in Figure 1. Note, the specific dataset depicted in Figure 1 was produced by

displaying data along the periphery of a ULS flight line. The occlusion depicted is



resolved through subsequent overlapping flight lines, or in the case of TLS, by

performing multiple scans throughout the target area.

Occlusion caused by
nearby stem

Scan Lines

Figure 1: Terrain and stem occlusion which would occur in single-scan-based TLS data. Note, the data shown
here was acquired using a ULS system, however a similar occlusion phenomenon can be shown with a singular
flight line as depicted on its’ periphery.

As noted by GOFC-GOLD, monetary and time requirements should be
considered when selecting a forest inventorying regime [34]. TLS is the cheapest form of
laser scanning, monetarily, but the immobility of the method scales time requirements
drastically when the area of interest increases.

As an extension of TLS, Mobile Laser Scanning (MLS) has been to
circumnavigate the need to for “re-setups” of the TLS sensor between scanning positions
[37]-[39]. MLS addresses the lack of sensor mobility, whilst simultaneously reducing

operational costs [13], [39]. MLS, similar to ULS and ALS, requires the use of an



integrated GPS and Inertial Measurement Unit (IMU) to determine the relative position
and orientation of the system during data collection. In forest scenes, if canopy closure is
a significant issue and occludes the underlying terrain or subcanopy, TLS or MLS can be
used in conjunction with ALS or other non-ground-based EO to extract middle to upper
canopy features that TLS could not observe [19].

The revisit interval or temporality of TLS regimes are also important to consider
as it allows investigators to track the ecological succession of an area of interest [3], [31].
TLS requires comparatively less effort to collect than a detailed survey by hand, and as a
result, can have higher temporal resolutions. Primarily limited by weather and the
navigability of the terrain, TLS is applicable in most forestry scenarios. Compared to
other EO platforms that are at altitude, TLS is not significantly impacted by atmospheric
conditions (clouds), other than precipitation, thus potentially daily revisits can be

achieved.

Drone Based LIiDAR

The growth of commercially available and compact, small-footprint LIDAR
sensors, as well as remotely operated vehicles, has increased the prevalence of these
systems in forestry, and other ecology-related fields [40], [41]. ULS provide a “middle
ground” in EO with resolutions comparable to those achievable through TLS, but with
enough mobility to investigate local areas of interest. In addition to the increased mobility
over TLS, drones allow for a significant reduction in the scene occlusion by allowing

greater amount of “side shots” to be collected through wide scan angles (similar to the



Field-of-View) of +30° without significantly hindering LiDAR return accuracy [25],
[27].

Sensors, such as the Ibeo LUX, Velodyne Puck 16, Quanergy M8 Ultra, and the
Riegel series of scanners are lightweight and robust enough to withstand the vibrations
encountered during SUAS flight. These sensors are adept at detecting vegetation and
typically scan within the IR wavelengths [26], [42]-[44]. Due to the relatively low
wattage of small footprint sensors, unlike the more powerful airborne and spaceborne
sensors, ULS may struggle to penetrate the canopy of densely vegetated forests, thus
hindering the collection of dense ground points for generation of terrain models under
dense forest canopies. This prompted our decision to collect data for sub-canopy metrics
during leaf-off conditions. ULS pulse footprint sizes are similar to distant TLS pulses and
are comparable to high resolution airborne systems at ~10cm, but can be upwards of
25cm depending on the flight altitude or sensor specifications [42]. Similar to TLS,
SUAS-borne LIDAR is cheaper to operate than their airborne and spaceborne
counterparts. An additional cost which should be considered when selecting a ULS
system, is the vehicle/ platform itself, as larger platforms must adhere to more stringent

regulations, and may not provide larger ranges [26], [29], [45].

Airborne Based LiDAR
Compared to ULS, airborne laser scanning (ALS) can cover a much larger area of
interest that are limited only by operational cost, aircraft’s range and data storage limits.

Although ALS can cover a greater area, the point density throughout the scan is typically



reduced due to the minimum flight altitude and speed of the aircraft. The point density of
ALS of 10-50 points per m?, is lower than ULS, reducing its ability to accurately detect
tree trunk compared to TLS or ULS [18], [46]. Current examples of ALS sensors include
the National Aeronautics and Space Administration’s (NASA) Goddard LiDAR,
Hyperspectral and Thermal Imager (G-LiHT) and Land, Vegetation, and Ice Sensor
(LVIS), and the National Ecological Observatory Network (NEON) Aerial Observation
Platform (AOP) [21], [47].

The footprint size of most airborne systems’ pulse at altitude varies greatly
between sensor but is comparable to the less powerful ULS sensors. G-LiHT for example
has a nominal footprint of ~10cm, while operating at an altitude of 600m AGL [46],
while LVIS has a footprint of ~10m when operating at altitude of 28,000 feet AGL [47],
[48].

Operation costs for ALS sensors is proportional to the duration and frequency of
the flights. NEON currently intends to bi-annually collect ALS data over ~60 sites for a
30-year duration. Due to the high operating costs, ALS sensors typically undergo more
extensive calibration compared to commercially available TLS and ULS sensors. Unlike
spaceborne platforms, ALS can have frequent maintenance routines to mitigate erroneous
datasets from occurring and can allow for upgrades in the sensors systems should

technology advance or faults occur.



Feature Extraction Techniques

This section introduces the various methods used to extract objects and metrics

from LiDAR point cloud data.

Hyperplane ‘slicing’

Although multiple definitions and types of hyperplane extraction exist, for the
purpose of this thesis, hyperplane extraction shall be defined as any method which
extracts a subset of points in a point cloud at a fixed height above ground for the purpose
of extracting a metric from the subset. Colloguially known as slicing, this technique has
been adopted by many algorithms to detect connected components[9], [18], [49], perform
general segmentation and object identification [43], and yield metrics for the
characterization of vertically gridded structures [42]. Examples of canopy related metrics
derivable from a slicing regime include Canopy Base Height (CBH), Canopy Height
Distribution (CHD), and Canopy Volume Profile (CVP).

At its core, slicing techniques rely on the creation of a canopy height model
(CHM) to normalize the height values for each of the points throughout the point cloud to
a nominal above ground height. After the generation of the CHM, slice(s) of variable or
set widths can be created to extract all points present within the slice extents. Although
all scanning techniques such as TLS, ALS, and SLS, can potentially employ slicing, TLS
and SLS are limited in the amount of “side-shots” being collected within the point cloud.
Whereas SLS is primarily limited by the resolution of the sensor to capture enough

datapoints to warrant a slicing regime to extract subcanopy metrics [23], TLS is primarily



limited by the significant occlusion which takes place throughout the scanned area[9],
[32].

Compared to other data extraction techniques, slicing can be considered the
simplest to employ as it does not require overly complicated algorithms to extract the
subsets of points. Furthermore, there is a wide variety of summarization methods for the
extracted slice and can be employed using different scanning methods. Slicing is also
invariant to the types of forest structure with which it can be employed, although the
density of the sliced cloud are highly dependent on the quality of the scan [43].
Voxelization

For brevity, voxelization serves as a method of data reduction whereby the
coordinate precision is rounded to fulfill a desired cell size [31], [50]. Voxels exist as
various kernels, typically described as cuboid, rook, or queen in shape, and can be used to
address noise or fill gaps in data [50]. In practice voxelization has been used as a
precursory step for connected component analysis or density based metric extraction [22],
[31], [50].

Density-based metrics such as the aforementioned CVP, or CBH, can readily
adopt voxelization as a computationally efficient means of expansive data reduction,
permitting the calculation of cell density [31]. Although performing data compression,
this method is lossy and cannot be easily reversed.

Cylinder Fitting
Considered to be a form of full scene reconstruction, cylinder fitting is

computationally more expensive than averaging coordinate values using voxelization or
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performing dimensionality reduction to assess a general trend. Cylinder fitting is
extremely powerful for accurately estimating biomass based on volumetric assessments
of the trees within a point cloud, with ~5-15% error [9], [32], [51]. As with voxelization,
cylinder fitting struggles with occluded tree stems as the diameter of an individual tree
stem typically tapers nearing the crown, requiring the fitted primitive to also taper
accordingly [51], [32]. Kelbe et al. note that the cylinder fitting process overestimates
and underestimates the trees curvature when the height of the cylinder is increasingly
extruded. Interestingly, voxelization is typically one of the initial steps during cylinder
fitting as this allows for indexing of the objects, and performs data reduction to aid in
computation [32]. After voxelization, or initial data reduction, a feature extraction
algorithm such as RANSAC, or the Hough transform is used to convert the points along
the stem into boundary lines, within which the cylinders are then fitted [18], [32], [51].
Cylinder fitting has been limited to TLS as it requires a significant number of
points along the stem to accurately model the individual tree. Recently, a form of cylinder
fitting algorithm (named aTrunk) was adapted to ALS by means of separating the base of
the canopy from the relatively isolated stem in the trunk segmentation algorithm [18].
Both the classical form of cylinder fitting, and aTrunk rely on Dijkstra’s shortest path

method to discern individual trunks from one another [18], [32], [51].

General Review
As previously discussed, cheaper, more accessible, and increasingly accurate

LiDAR systems have led to an increase in the use of LiDAR in forestry studies [32], [38],
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[52], [53]. Among others, Kelbe et al.,have shown that forest reconstructions can be
performed using lower quality, ‘off-the-shelf’, sensors which have a beam divergence of
~15mrad, or approximately 1.5m at 100m distance from the scan location [32].
Moreover, inventories and metric extraction can be performed at relatively low point
densities [25].

Liu et al. recently performed a study using MLS to extract stem DBH that adopted
a similar methodology performed herein. RANSAC was used as the method of DBH
estimation to determine the best fit circle within point cloud sub spaces. Unique among
studies was that Liu et al. extracted multiple “sub-hyperplanes” within the greater
“parent” slice and recalculated a new fitted circle within each sub-plane to mitigate
potential outliers [38]. As noise was a prime concern in our study, the approach proposed
by Liu et al. served as a basis in our study which used less dense ULS data.

Liu et al. also proposed a method of “relative density segmentation”, which was
capable of detecting 140/148 (94%) of trees in a natural stand, whereas the “traditional”
hierarchical method used as a basis for control only detected 94/148 (63%). Furthermore,
Liu et al.’s implementation of iterative heights of RANSAC circles, using their clustering
method, had a precision of 0.967, whilst the hierarchical clustering method had a
precision of 0.633. The DBH RMSE for these methods were 3.17cm, and 3.88cm,
respectively.

Until recently [16], [17], [24], studies incorporating UAS LIiDAR primarily
focused on assessing the ability to model easily predictable, well organized stems, such

those in plantations, or other agricultural landscapes [25], [29], [30], [33]. A limited
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number of the studies within this field assess extents larger than 5 hectares, at times
surveying fewer than 100 trees, which may limit the studies’ applicability to natural,
variable forest landscapes [9], [33], [54]. Stovall et al. noted that upwards of 200
samples are needed to sufficiently generate an allometric relationship between structural
parameters such as DBH or height and biomass. However, by combining information
derived from multiple metrics such as CBH,CW, or DBH, similar to ensemble model
simulation, the number of necessary samples needed to generate a relationship can be
significantly reduced [9].

Regarding the effectiveness of the aforementioned DBH extraction techniques,
they are foremost limited by a study’s ability to successfully discretize individual stems
from a raw LiDAR point cloud. Stem segmentation methods can be broadly dependent
upon the collection platform, data quality, or even seasonality of the data. Currently,
common segmentation approaches include Random Sample Consensus (RANSAC),
MeanShift, Density-based Spatial Clustering of Applications with Noise (DBSCAN), and
Marker Controlled Watershed segmentation [18]-[20], [55]. The present study selected
DBSCAN as the preferred clustering approach due to its” widespread use in clustering
problems with significant noise, and the ease through which it could be implemented or
adapted to new sets of data.

When considering the commonly used DBH extraction techniques for this study,
Mean Gravity Distance, a simple yet effective approach was an initial consideration.
Mean Gravity Distance relies upon the calculation of a stem’s gravity center, commonly

referred to as the Centroid, and the average distance to all LIDAR points [13], [33].
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However, Mean Gravity Distance approaches are highly prone to errors when the data is
noisy, or a stem’s face is partially occluded due to objects blocking the incident LIDAR
pulse, or if the collection plan did not sufficiently cover this area. Although this method
may function for TLS where the density of the data may compensate for these errors, it
may not be sufficient for relatively sparser, noisier ULS data and therefore additional

DHB extraction methods were tested in this study.
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CHAPTER THREE: DATA COLLECTION AND PREPROCESSING

Study Area and field data

A subset of the Smithsonian Conservation Biology Institute’s (SCBI) Forest
Global Earth Observatory’s (ForestGEQO) 25.6 ha. site was surveyed due to the
availability of field data, and the relative complexity of the overall canopy structure [2].
As of 2018, ForestGEO’s census cataloged over 40,000 stems = 1cm DBH. In part
fulfillment of the ForestGEO protocols, stems > 1cm were assigned a unique tag ID and
located within a localized grid coordinate system (GCS) [52], [56], [57].

To facilitate the comparison of this study’s results with the previous work done at
this location, the census data was filtered to only include stems from 10 dominant species
known to exist within the forest plot [9]. These ten species, predominately consisting of
regional variations in Quercus (Oak), Carya (Hickory), and other hardwoods, reportedly
made up 80% of the total forest biomass [9]. Of the aforementioned 10 dominant species,
approximately 70% of the total biomass was determined to have DBH > 50cm [9]. In
addition to proportionally contributing more to the biomass in this study area, filtering the
data to only include these 10 species facilitated better ULS-field data matching.

Figure 2 depicts the distribution of the 10 dominant species of stems across the
southern half of the ForestGEO site bound by the ULS scan extents. To further facilitate
proper data alignment, the census data was further filtered to only include stems of the 10
dominant species with DBH > 18cm. Removal of stems under this DBH would exclude

the abundant, small understory plants that would hinder proper ULS-field data matching.
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Although stems <18cm DBH would be more difficult to detect in the UAS LIiDAR, the
foliage itself would potentially be mistaken as stems during the clustering process and
erroneously matched to field data entries. Ultimately, a minimum DBH of 18cm was
selected through recently published literature which defined the maximum acceptable

inventorying size (<30cm) [34].
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Figure 2: Stem locations and DBH derived from ForestGEO data (circles) in relation to the extents of the ULS
data (grid). This figure was developed to mimic a style produced by Stovall et al. whilst highlighting this study’s
coverage [9].

Flight Plan

A total of five flights were undertaken on 03/19/2020 over SCBI’s ForestGEO
site. Limitations introduced by the maximum flight time of the UAS, lack of terrain

following capability, site elevation fluctuations, and the desired data quality all
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influenced the flight line orientation, and overall flight parameters. Furthermore, for
sufficient ULS data collection, insights regarding proper flight altitude, speed, and
overlap were drawn from Lu et al., Liu et al., and Wallace et al [25], [33], [58].

A target flight speed of 4m/s was entered into the flight control software,
however, intermittent gusts of winds upwards of 4m/s caused sporadic speed fluctuations.
4m/s has been shown to collect dense enough returns using ULS at 45-75m AGL[16],

[24]. General flight parameters are outlined in Table 1.

Table 1: Flight parameters used to survey the ForestGEO site.

Flight Parameters

Altitude: 45-75m AGL (Relative to Takeoff Site)
Speed: 4 m/s
Flight line spacing: 30m
Flight line Length: 300m
Number of flight lines: 14

Figure 3 depicts the flight plan with respect to the covered area of the ForestGEO
site. A total of 12ha of the ForestGEO site was surveyed with an average point density of
~600 points / m?. Flight lines were oriented in a manner to reduce the above canopy
altitude variation within one flight. Due to a minimal altitude difference between the tops
of the canopy, and the takeoff site, lower altitudes were flown on the more western flight
lines. The increase in terrain elevation, and subsequent increase in relative canopy height

required a higher altitude AGL respective of the takeoff site being flown. Nominal height
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above canopy was 15-20m, while altitude of individual flights varied from 45-75m to

compensate for variability in terrain.
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Figure 3: Programmed ULS flight lines flown over the ForestGEO study area selected (grey). A core test area
(0.5 ha) is also depicted (pink) within which all methods were initially optimized.
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UAS and Sensor Specifications

A DJI Matrice M200 was selected as the UAS to perform the 5 flights over the
ForestGEO site. Compared to relatively outdated DJI Matrice M600pro, which weighs
roughly 33kg when cased, the cased weight of the M200 is only 11kg, allowing for
greater mobility and access to different takeoff sites around the area of interest [59], [60].
However, one drawback of the M200 is the reduced flight time, approximately 12
minutes, when operating the LIiDAR sensor.

The LiDAR sensor selected for the 5 flights was the small footprint Quanergy
M8-Ultra. This LIDAR emitted focused pulses of infrared light (A=905nm) at a rate of 5-
20Hz during operation [61]. A maximum of 3 returns was capable in a singular pulse,
resulting in 1.3 million points being collected a second.

The sensor was oriented such that the top was parallel to the direction of UAS
travel, which permitted collection of data a full 360° perpendicular to the direction of
travel, however this was limited to only +55° to prevent “sky shots” propagating when
the UAS turned at the end of a flight line. The M8-Ultra also scanned +3° forward, and
—17° aft of the UAS, reducing the chances of occlusion along a flight line. The angular
resolution was dependent upon the update frequency of the sensor but could achieve

resolutions of 0.033° — 0.132°.
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Figure 4: Fields of view of the UAS LiDAR, note the direction of travel is towards the reader in the “Front of
UAS” depiction.

This sensor was selected primarily due to its reduced weight (900g), which
permitted longer flight times over the target area, as well as the maximum range of 200m.
The accuracy of the unit was moderate, <3cm at 50m (1o). More information regarding
the size and power requirements for this sensor can be found on Quanergy’s website [62].

Data Preprocessing

Following initial data collection, boresight and Post-Processing Kinematic (PPK)
corrections were applied in accordance with manufacturer recommendations using
Inertial Explorer and ScanlookPC [63]-[65]. Cloud Compare, an open-source point cloud
processing software was then used to perform cursory denoising with the Statistical
Outlier Removal (SOR) tool to remove potential noise satisfying the criteria of > 20
away from a given point’s 6 nearest neighbors [66]. In addition to the use of the SOR

filter, the scan angle was also restricted such that each flight line’s data consisted of
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returns +£55° perpendicular to the direction of travel. Restriction of the scanning angle
has been shown to reduce the impact of stem occlusion which occurs at increasing ranges
from the flight path [67].

The denoised point cloud was then spatially clipped to the area of interest
depicted in Figure 3 and was normalized using R’s lidR package [68], [69]. A normalized
point cloud is representative of a CHM, whereby all point elevations represent their AGL
height, rather than MSL height. Point cloud normalization allowed for the extraction of
hyperplanes, as discussed on page 9 and depicted later in Figure 6, to provide uniform

data extraction at a specified height AGL across the study area.

Software & Standards Used

Table 2 depicts the programs used throughout this analysis with respect to their

version number.

Table 2: Programs used throughout this study and their respective versions.

Programs Used

Program Mame Version Number
Cloud Compare v.2.12 alpha
Inertial Explorer v.8.80
R v.4.0.3
Scanlook PC v1.0.135
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CHAPTER FOUR: METHODOLOGY

This chapter provides an overview and details of data processing, feature
extraction be various methods and the statistical evaluation of the methods during

comparisons with field data (Figure 4).

Clustering and Stem Segmentation

Once the point cloud was cleaned and preprocessed, the ambiguous LiDAR points
underwent stem segmentation, discretization, and reconstruction using commonly used
TLS and ALS modelling approaches. Regarding the former two methodologies, stem
segmentation performed data reduction with the aim of removing the bulk of the data’s
noise due to undergrowth, whereas the latter aims to individualize stems whilst
simultaneously removing spurious noise. Using the ULS derived stems, this study applied
four methods to extract the DBH per stem: Convex Hull Estimation, Algebraic Circle
fitting using Pratt’s approach, Geometric Circle fitting using the Levenberg-Marquardt

approach, and RANSAC Primitive Fitting [13], [15], [18], [70].
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Figure 5: Generalized workflow highlighting steps implemented to extract stem DBH through various methods
of model fitting.

Stem Segmentation

Prior to reconstruction, Hyperplane Slicing was implemented. This method,
commonly referred to as “slicing” extracts data from the normalized point cloud through
the use of a horizontally extruded plane of a defined thickness [18], [31], [33], [43]. Since
the primary objective of this study was to determine stem diameter, location, and count, a

slice ranging from 1.2m-4m AGL was extracted (Figure 5). The 2.8m thick slice at this
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height was determined to include sufficient data for the implemented reconstruction

techniques, in addition to aligning within the range of in-situ DBH collection heights.

Initial Point Cloud Normazlized Point Cloud Parent Hyperplane Slice

v

Stem Segmentation Sub-plane Model Fitting Hyperplans Averaging

\ 4 ( A

Figure 6: Major steps of the hyperplane fitting and stem segmentation workflow adopted.

Stem Discretization: DBSCAN Clustering

DBSCAN, unlike k-means clustering, is capable of clustering points when
significant noise is present and has been shown to be robust enough to delineate LIDAR
derived tree stems [13], [71]. Furthermore, compared to other categories of clustering,

density-based clustering approaches such as DBSCAN or OPTICS show improved
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performance when the shape of the cluster is ‘non-normally distributed’ [72]. Assuming
the number of stems within the forest plot is not known, DBSCAN only requires the
knowledge of the minimum number of points (minPTS) within a given cluster, and a
neighborhood distance to be defined (). As the minimum points per cluster is dependent
upon the sensor used, flight parameters flown, and the density of the point cloud, a
minPTS = 20 was experimentally determined for this study. To reduce potentially noisy
clusters that would bridge the spatial gap between multiple stems, a criterion was also
implemented which limited the maximum cross sectional and cluster edge length to the
maximum known DBH+20cm. This restriction had an intended secondary effect of
removing prostrate or leaning stems that may not have been removed previously.

The package ‘dbscan’ in R was used in conjunction with an automated approach
to determine the optimal & per spatially relevant chunk. By removing the need for the
user to manually define an optimal ¢, the potential bias is thusly placed upon the specific
flight parameters being flown, rather than through experimental trial and error by an
analyst. This automated approach, referred to as detecting the ‘knee’ in a curve will be
discussed in later sections.

Comparing this method of clustering to Liu et al.’s methodology, the method
proposed and implemented here should produce clusters that are more adaptable to the
point distribution which varies throughout the point cloud. Liu et al. assumed that the
threshold value of the point cloud density remains constant for their clustering approach
to be successful [38]. However, non-uniform data collection is highly likely to occur

when, in the case of Liu et al.’s study, a “walker” (the operator of the instrument during
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data collection), or in this study, the drone, travels at different speeds. Thus, DBSCAN
should be augmented using subsections of the ULS point cloud (chunks) to create

multiple adaptable neighborhood distances (&) throughout the data.

Automated determination of Optimal Epsilon
Due to the expansive nature of our full dataset, 0.5ha data chunks were created to

act as manageable subregions with which localized ¢ values could be determined. The k-
nearest neighbor (kNN) is the it closest point to a given feature based on a predefined
distance function. To determine the knee in a curve, the function “kNNdist” from the
dbscan R package was leveraged to calculate all nearest neighbor distances between all
points within 0.5ha chunks [73]. Points of criticality, or knees, were then calculated along
this curve using an experimentally determined threshold. Given the density of the LIDAR
data collected, a threshold of 0.0067 was determined to be sufficient for stem
segmentation. A depiction of the knee-in-curve approach for a given 0.5ha subplot is
shown in Figure 7.

As implemented, a locally adapted € would be more robust to non-uniform point
densities, as opposed to a fixed scan-wide value adopted in similar studies [13]. However,
the implementation used to locally cluster stems resulted in the potential for stems to
become fragmented across subplot boundaries. To prevent these fragmented stems from
occurring, a spatial “chunking” process was adopted which duplicated and spatially
shifted the subplot boundaries such that they would not interfere with stem clustering.
Further justification for, and a more detailed description of the chunking process is

discussed in the following sections on page 28.
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Figure 7: Locally fitted & (green) determined using the minimum of the points of criticality (red). The black
curve represents the k-NN distances across a randomly selected 0.5ha subset of the point cloud.

Necessity of “Chunking” Procedure

As shown in Figure 8, stems which occurred along the chunk boundaries required
merging and reassessment to accurately estimate the DBH. Fragmented stems, although
rare, occurred for ~68 (5%) of the detected stems.

To address this issue, additional, supplementary chunks were generated and
spatially shifted such that corners would be located on the previous iteration’s centroid
[Figure 8[C]]. The adopted method assumed that if a stem should exist which crossed a
boundary Figure 8[A], shifting the conflicting chunk boundaries 50m would resolve the

potential fragmentation. When iterating through the shifted chunks, re-clustering would
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generate slightly different chunks due to the presence of data which existed beyond the
prior chunk’s extents. Spatially unifying clusters which intersected with one another, due

to successive chunks and re-clustering applications, allowed for recalculation of the DBH

for the previously fragmented stem Figure 8[B].

Standard Chunk Iteration: .

Offset Chunk Iteration: .

Figure 8: [A] A Stem cluster fragmented (green), with respect to the field data (red), at the boundary of 4 0.5ha
chunks. [B] Resulting convex hull of the previously fragmented stem following chunk shift and merge process.
[C] Generalized depiction of the chunk shift process whereby additional chunks are created and offset to resolve
boundary issues throughout study area.
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Field and ULS Data Matching Approach

Convex hulls of the clustered point cloud were manually matched and aligned
with the ForestGEO census dataset using an RShiny application that the author developed
[Figure 9]. The creation of this app was necessitated by the ubiquitous non-systematic
spatial shifts of stem locations within the ForestGEO census data. During testing, and in
practice, it was determined that the true geospatial accuracy of a stem’s location was
questionable and precluded the traditional methods of spatial data alignment such as KNN

or topological overlap.

Ta7as 747380 7a7sas 747850 TaTsSS
Confidence: ( 1 Low - High 5)

<<— Previous Convex Hull Feature Next Convex Hull Feature -—->>
0102 @3 @485

No Match Present (Skip)

Selected Tree ID : x=
Current Chull Iteration# :144

Gtruth_treelD  Gtruth stemlD  Gtruth tag  Gtruth StemTag Gtruth_dbh_.cm ULSID ConvH Circle_Pratt Circle LM Circle_RANSAC Confidence iteration

& Export Dataframe (.csv)

Figure 9: The RShiny app user interface developed and used to manually match the DBSCAN produced
clusteres (red) with the ForestGEO census data (blue). Note, the current stem to be matched is displayed using a
more vibrant shade of red, whereas the lighter red polygons provide the user with the context needed to select
the most likely match.
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It was determined that only the foremost grid corners of the ForestGEO site were
geolocated by using a technique known as “pulling line” [7]. This method employs a
theodolite, or surveyor’s telescope, to optically determine the azimuth and distance to an
object in reference to a known location, or backsight. Stakes had been placed in situ to
create 20x20m grids, each being further sub-divided into 5x5m sub-quadrats[7]. Stems
were geolocated “entirely by eye” within these sub-quadrats [7]. The location error for a
given stem would subsequently propagate as the distance increased from the previously
surveyed backsight. Error was also introduced into the mapping protocol through the lack
of standardization in estimating a stems relative center, or face [7].

With this knowledge, the decision was made to visually match the ULS derived
stems with the available census data. To gauge the accuracy of these user generated
matches, a confidence value was also reported by the operator which ranged from 1-5
(low-high). The confidence value determined using the probability of a potential match,
as well as if there was any discernable spatial pattern within the data. The specific criteria
used to justify each confidence value was as follows:

(1) A minor chance of a match, potentially noise but otherwise missing alternative

matches, roughly a 5-20% chance of match.

(2) Some chance of a match, the relative hull size visually matches the field data,

but no spatially related pattern could be determined, roughly a 20-40% chance

of a match.

31



(3) A likely match, the relative hull size visually matches, and there is a weak
discernable spatial pattern or offset that may have occurred between the field
and ULS data, roughly a 40-70% chance of a match.

(4) Most likely a match, there is some noise or missing stems which could be
disrupting the discernable spatial pattern of related field and ULS data,
roughly a 70-90% chance of a match.

(5) Almost certainly a match, there is a strong spatial pattern present, >90%

chance of a match.

Methods of Stem Reconstruction for The Extraction of DBH

Convex Hull Estimation

The minimum bounding polygon, or convex hull (CH), is a closed shape which
will topologically contain an object [Figure 10]. Recent TLS studies have adopted CH
and highlighted the practicality of this method and ease of implementation [74]. Outside
of DBH estimation, CH has served as a basis for other methods of biophysical metric
extraction such as Canopy Width (CW) [27].

Estimation of DBH using CH, is inherently naive since it does not use any
density-oriented relationships in the data, but only uses LiDAR returns along the
periphery of a given surface. Moreover, by using points on the periphery of a surface, the
relative error of the LIDAR sensor is not accounted for, thus further introducing error into
the DBH estimation. Therefore, it is expected that this method will primarily

overestimate DBH.
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As implemented, to estimate a stem’s DBH, the Euclidean distances between the
vertices of a CH and its centroid were averaged. These radii, when averaged, were
relatively robust to the possible issue of partial occlusion, as previously discussed, as no

vertices would exist along the occluded faces.

DBH of Tree ID: 886
80.5¢cm
Method: Convex Hull

4308652 -

4308652 -
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Eastings (m)
Figure 10: CH reconstruction of a stem where the outer segments (green) represent the minimum bounding
surface of the ULS points (grey). DBH estimation is determined by averaging the distance (red segments)
between the centroid of the CH and the bounding vertices.

Circle Fitting

Algebraic Approach: Pratt

Algebraic fitting techniques, such as Pratt’s, can be adapted to a variety of

surfaces such as lines, circles, 3D primitives, and others if they are capable of being
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parameterized [75]. A core objective of algebraic methods is to improve the
computational efficiency of the process whilst attaining similar results achievable through
iterative geometric techniques [75], [76]. Using the Pratt approach (Pt hereafter), circles
were fitted to clusters using the method proposed by Pratt in Equation 1 where

A, B, C,and D represent the parameterized circle, or when written as an objective function

to be minimized in [10], [75], [76].

Equation 1: Pratt's Algebraic Circle Fit [10], [75]
Ax*+y*)+B,+C,+D =0
Constraints: B2 + C? —4AD = 1

Equation 2: Pratt's Objective Function [75], [76]

. Z[Azi+Bxi+Cyi+D]2
P B2 + C? + 4AD

Chernov et al. and Pueschel et al. highlighted that Pt was developed as an
improvement to the traditionally used Kasa and Simple Fit least squares [10], [76]. Pt is
more efficient than Késa at fitting to circles that only contain partial segments of the arc.
Compared to the previously mentioned CH method, Pt will fit a circle within the bounds
of the LiDAR points, which could address the maximum accuracy of the UAS LiDAR

(<3cm). One concern however is that Pt may perform worse when the samples are sparse,
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which would occur in small stems, as the minimum orthogonal distances between very

few points may create an erroneously large stem.

DBH of Tree ID: 886
58.7 cm
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Figure 11: An example of DBH estimation using PT across the 2.8m parent hyperplane. Note the semi-inclusion
of the extraneous data on the eastern face of the tree which is thought to be part of a branch. The green circle
depicts the resulting optimally fitted PT circle for the ULS derived stem (grey points)

Geometric Approach: Levenberg-Marquardt

Geometric approaches of circle fitting, such as the Levenberg-Marquardt
algorithm (LM), are considered capable of generating results superior to those achievable
through algebraic fitting [76], [77]. Compared to the algebraic techniques, these require
successive iterations to re-evaluate estimated parameters until the algorithm converges on

an optimal solution [76], [78]. The specific instance of LM employed by this study is

35



referred to as the Reduced Levenberg-Marquardt, and is provided by R’s ‘conicfit’
package [79]. As implemented here, LM requires the declaration of the maximum
number of iterations per stem, which was limited to 20 as suggested for similar
applications [79], and an initial guess for the potential center of the circle. Chernov and
Lesort note that a potential, although statistically unlikely, flaw in geometric fits is their
ability to become trapped in local maxima and minima during fitting [78]. To address this
flaw, and mitigate the possibility of becoming trapped, an initial dampening factor (1),
and an initial guess for the circle’s center can be used to guide movement of the model
upon instantiation [78], [79]. For this study, A was set to a value of 1, and the initial
center was found using the gravity center of the stem’s point cloud. The epsilon tolerance
used to validate acceptable models was also set to 1, although this potentially could have
been reduced [79]. These parameters, upon testing, were shown to produce sufficient

results [Figure 12].
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Figure 12: LM fitting example depicting the final optimal estimation of the stem’s circular parameters (green).
Note the relationship of the fitted circle’s perimeter to the density of the LiDAR returns, which unlike PT does
not include much of the extraneous branch on the eastern face of the stem.

RANSAC Primitive Fitting

Random Sample Consensus (RANSAC), is a more robust approach than LM and
is more computationally intensive [78], [80]. Whereas LM relies on the gradient of data
and a dampening factor to fit between iterations, RANSAC uses subsets of randomly
sampled data to generate an optimal model. Additionally, RANSAC classifies the
sampled points into sets of inliers and outliers, which has been shown to assist in noise
removal [18], [81]. Compared to geometric and algebraic techniques which handle noise
by “smoothing”, RANSAC sampling assumes noise obeys a normal distribution [81].

RANSAC, and it’s derivations have been used to reconstruct stem skeletons using ALS
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data and fitted lines [18], estimate DBH by fitting RANSAC circles [82], [83], and to act
as an initial seeding function for other models [80].

RANSAC requires the declaration of the maximum number of iterations, and a
threshold distance that will be used to classify outliers between iterations. Through
Equation 3, the number of iterations can be estimated using the probability of sampling
an inlier and represents the number of iterations required to generate at least 1 optimal
model. For our purposes, the probability of finding an outlier free sample was z = .95,
the proportion of outliers was based upon Nurunnnabi et al.’s approach ¢ = .5, and the
number of subset points was h, = 3. Only 3 points were sampled during each iteration as
this is the minimum number of points required to define a circle, and improves the overall

efficiency of this method [80].

Equation 3: Probabilistic approach for estimating RANSAC iterations [81], [83]
[log(1 —z)]
[log(1 — (1 — ¢)"0)]
Where: z = Probability of an outlier free sample
¢ = Proportion of outliers
ho = Number of points in dataset

At the time of this study, no known R package contained a ported version of
RANSAC circle fitting usable for our purposes. The authors transliterated core functions
from Python’s pyRANSAC-3D library [84], and implemented R’s inherent optimization
strategies. An example highlighting the rejected and accepted RANSAC fitted circles is

shown in Figure 13.

38



DBH of Tree ID: 886

596 cm
Method: RANSAC

Y (cm)

40

X (cm)

Figure 13: Iterative fitting of RANSAC circles where initial iterations (red) were optimized until the final
solution (green) was determined upon reaching the maximum iteration or a convergence threshold was met.
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CHAPTER FIVE: RESULTS

Results Summary

Two sets of primary results were generated for (i) the core test area (0.5 ha.), (ii)
the full study area (12.5ha.), and (iii) an additional supplementary dataset using an
assured confidence threshold of 5 (very high). To briefly reiterate, the adopted methods
were initially tested and optimized using the 0.5ha core test area and subsequently scaled-
up and applied to the full study area. Ultimately, when the analysis was scaled to the full
extent, a marked decrease in performance was noted for both stem detection and DBH
estimation as outlined below. In response to the decreased metrics, we investigated
possible influencing factors and leveraged the confidence value defined during the
manual matching to assess the theoretically best possible results.
Results:
Core Test Area

Of the 148 stems detected by the ULS, 121 could be visually matched to a
potential field entry of the 10 dominant species. Within the 121 matched stems, 4 did not
have unique tag IDs, which indicated that double matching, or false positives, occurred
during the visual alignment process. The 27 stems that were not matched represent
possible detections, or false negatives, of non-dominant species, or spurious foliage. As
shown in Figure 14, detection rates varied with respect to the DBH bins. On average,
stems <60cm DBH were detected at a rate of 85%, whereas the detection of the 12

remaining larger stems >60cm DBH showed a marked decrease to 58% in detection.
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Figure 14: Detected and missing tree tags within the core test area depicted across DBH bins.

We investigated the initial accuracy of each of the DBH estimation methodologies
(Figure 15). Although the R? was relatively low, it is important to note the increased
concentration of samples along the 1:1 reference line, signifying a potential underlying
relationship. Significant Pearson correlation coefficients between the True DBH and each
of the methods CH, Pt, LM, and RANSAC were 0.61, 0.19, 0.6, and 0.48, respectively.
Of the four methods, PT, had the lowest Pearson’s correlation of 0.19, and the only
method to show significant overestimation of stems at lower stem sizes. CH provided the

highest correlation and regression values of .61, and .37, correspondingly.
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Figure 15 : Core test area DBH estimation regressions. Note the inclusion of a 1:1 reference line to highlight the
relationship of the density of the well correlated samples. Each method’s respective R?, Pearson’s correlation
coefficient, and linear regression equation is depicted in the upper left corner.

Figure 16 displays the bias each method produced within various DBH ranges. A
relationship of increasing negative bias for larger stem sizes occurred in all of the
reviewed methods of DBH estimation.

Representing roughly 27% of the detected trees, CH and Pt overestimated stems
20-30cm in diameter by 10.4cm and 6.1cm, respectively. The iterative methods, LM and

RANSAC fared better for smaller stems and underestimated by -1.9cm and -1.5cm,
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correspondingly. Encompassing 58% of the total samples (68 stems) ranging from 30-
60cm DBH, the CH overestimation increased from 7.3cm to 9.5cm, whereas all other
methods had an increasing underestimation. Within the same range of 30-60cm DBH,
Pt’s bias was very low ranging from +1.2cm to -2.3cm, and LM’s negative bias increased
from -6.3cm to -11.4cm (Figure 15).

Stems >60cm DBH, which accounted for approximately 10% of the detected
stems, were reconstructed with a negative bias across all methods. CH had a nominal bias
of -0.5cm, whereas Pt, LM, and RANSAC were -8.6cm, -14.5cm, and -13.5¢cm,
respectively. An increased quartile spread was also seen in the 25" and 75" intervals

from a range of roughly 10cm to over 30cm for stems >60cm DBH.
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Figure 16: Core test area DBH biases for each respective method. The label above each boxplot denotes the
median value per bin. Stems >70cm DBH were removed from these figures as they accounted for <3% of the
total number of stems detected.

With regards to the MAE for each method within the core test area, larger
amounts of error were present at larger DBH. The Pt method, having the highest initial
error of 14cm, showed an initial decrease to 8cm in error across the range of 15-45cm
DBH [Figure 17]. Comparatively, the three other methods increased in MAE across this
range from 7-11cm for CH, 2-11cm for LM, and 7-13cm for RANSAC. From 45-105cm
in DBH, all methods showed in increase in MAE up to 44cm, 56cm, 66¢cm, and 61cm for

CH, Pt, LM, and RANSAC, respectively. One relationship to note is that LM and
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RANSAC had the greatest overall variance in MAE across all DBHs. CH, although
increasing in error, and having the second highest initial error, retained the lowest MAE
from ~60-105cm DBH. MAE increase significantly above 60cm DBH for all methods.
As previously discussed, DBH ranges >60cm encompassed less than 3% of the data,
however extending the axis to include up the maximum DBH in the core test area
emphasizes relationships among the upper DBH sizes. Of these relationships, the two

iterative approaches, LM and RANSAC, behaved most similarly to one another.
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Figure 17: Core test area MAEs for each of the methods of DBH estimation. Note that <3% of the detected stems
occurred >60cm DBH.

Normalizing the error values as a percentage of DBH or Mean Absolute
Percentage Error (MAPE), enables comparison between DBH bins [Figure 18]. For stems
15-25cm DBH, the highest MAPE was 73% for Pt, followed by 39%, 11%, and 28% for

CH, LM, and RANSAC respectively. Pt method continued to decrease in error from 25-
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50cm DBH at which point Pt’s MAPE has fallen to ~8%, the lowest error of all methods
at these stem sizes. Comparatively, CH and RANSAC decreased in error from their initial
values of 39% and 28%, to an error of 23% and ~26% respectively. LM continued to
increase in error to an error of 24% at 45cm DBH.

For stems larger >60cm DBH, the relationships behaved similar to those depicted
earlier in Figure 17 with MAPE values steadily increasing from 25-40% to 50-70%. CH

and Pt provided less error than LM and RANSAC with values of 34%, 49%, 58%, and

63% respectively for stems of 75cm DBH.
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Figure 18: Core test area Mean Absolute Percentage Error within DBH bins.
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Full Study Area

The area of investigation was expanded to the full 12.5ha surveyed. Of the 1892
stems detected, 1383 of them were successfully matched, and 1266 represented unique
tag IDs [Figure 19]. Overall, this detection rate represents 63% of the total detectable tag
IDs present in the full study area, a noted decrease from the 79% detected within the core
test area. The 626 stems which were not matched or represented unique tags could be
considered detections of non-dominant species, or small amounts of ground noise being
detected.

Similar to the core test area, the full study most readily detected stems below
approximately 60cm DBH. For the 731 stems detected <40cm DBH, representing 53% of
the samples (detected stems), an average detection rate of 69% was found.
Comparatively, the average detection rate for stems <40cm DBH was 85% in the core
test area.

Within the higher DBH range of 40-60cm, 408 stems were detected which
represented 30% of the total detected stems. The average detection rate for stems 40-
60cm dropped from the 84% seen in the core test area to 69% in the full study area. A
similar decrease in detection was also seen for stems >60cm from the 58% in the core test
area to 39% in the full study area. These stems accounted for 17% of the samples, or 241

detected stems in the scope of the full study area.
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Figure 19: Detected and missing tree tags within the full study area depicted across DBH bins

The previously discussed relationship along the 1:1 reference line in the core test
area is more evident in the full study area. This relationship highlights that the DBH
estimation methods performed well for stems 15-45cm DBH.

Figure 20 was produced using samples below a noise threshold set to 1.5 times
the known maximum DBH. If any method produced an estimation for a stem above this
threshold, it was considered as noise and subsequently removed before the generation of
Figure 20. A total of 35 stems, or 3% of the total matched stems, were removed using this

method.
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Little to no discernable visual change was seen in CH and LM, however removal
of the noise from RANSAC and Pt facilitated better results interpretation. Initial R?, prior
to removal of noise, was 0.15, 0.01, 0.16, and 0.04, for CH, Pt, LM, and RANSAC,
respectively. Following noise removal, these correspondingly increased by 0.01, 0.03,
0.01, and 0.02, reaffirming the amount of noise present in Pt.

Focusing on the pre-cleaned regressions depicted in Figure 20, Pearson’s
correlation coefficients were 0.4, 0.2, 0.41, and 0.24 for the CH, Pt, LM, and RANSAC
methods, respectively. These results showed a decrease in correlation when compared to
the core test area but behaved similarly overall. Moreover, the Pt method still performed

the worst, when only considering the density plots in Figure 20.

49



Reconstruction Method: ConvH Reconstruction Method: Circle_Pratt

0.4, p<228-16

02 pLe2.2613
016 y=26.9:0.345x =

0.04 y=356+0.26%x

2

R
s
7 200- R

75-

B B _
= S50~ PO = . n_neighbors
T T -
o m . 40
o ... fa) ¢
B 2 100-
© ©
© ©
5 o
o 25 o 50-
0- 0-
0 25 50 75 100 125 0 25 50 75 100 125
True DBH (cm) True DBH (cm)
Reconstruction Method: Circle_LM Reconstruction Method: Circle_RANSAC
1007 a1 pe22e16 K 200- R=024 p<22e16

R%=017 y=192+0237x 5 R*=0086 y=232-D2%4x
—_— s — *
£ 75- 4 . € .50- )
2 n_neighbors & n_neighbors
T T
2 © 8
< 50 I 30 - 100~
L 20 2
o Q
o 10 o
o 2
o 25 o 50-

ik
0- 0-
0 25 50 75 100 125 0 25 50 75 100 125
True DBH (cm) True DBH (cm)

Figure 20: Full study area DBH estimation regressions. Note that the relationship along the 1:1 reference line is
more evident than that of the core test area. Each method’s respective R?, Pearson’s correlation coefficient, and
linear regression equation is depicted in the upper left corner of each respective sub plot.

With regards to the biases introduced by these four methods, similar relationships
as seen in the core test area were emphasized when the results were scaled to account for
the entire study area [Figure 21]. In short, CH continued to overestimate stems 10-60cm
in DBH, Pt initially overestimated for stems 10-40cm in DBH then began to slightly
underestimate at larger stem sizes, whereas LM and RANSAC underestimated most all
DBH bins.

Accounting for approximately 6% of the detected stems, CH overestimated stems

in the range of 10-20cm DBH by10.8cm, Pt overestimated by 14.2cm, and LM and
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RANSAC slightly overestimated by 1.6cm, and 3.8cm, respectively. For the 383 stems
20-30cm size, or 28% of the detected stems, CH continued to overestimate by 6.5cm, Pt
overestimated by 7.7cm, and LM and RANSAC began to underestimate by -2.6cm and -
0.3cm, respectively.

The next two bins include stems 30-50cm in DBH, the 461 stems which
represented approximately 33% of the total detected stems continued to show a decrease
in bias by 1.5cm, 3.3cm, 3.6cm, and 3cm for CH, Pt, LM, and RANSAC respectively. At
50cm, 3 of the 4 methods, Pt, LM, and RANSAC started underestimating stem DBH. LM
had the highest underestimation, followed by RANSAC with -10.7cm and -9.3cm bias at
50cm DBH. Comparatively, at 50cm DBH, CH overestimated by 4cm, and Pt
underestimated by a mere -0.2cm.

These trends of increasing underestimation continued from 50-80cm DBH, which
accounted for 399, or roughly 28% of samples (detected stems). CH initially
overestimated by 2.5cm from 50-60cm DBH but began to underestimate for larger stems
by -29.7cm for stems 70-80cm DBH. Pt bias behaved somewhat similarly, by
underestimating initially with -2.5cm, and increased to -23.6¢cm at 70-80cm in DBH. LM
and RANSAC showed continued increase in negative bias as seen in previous bins from -
15.7 to -43cm and -14.4 to -39.8cm, respectively. The remaining 44 stems >90cm DBH,
representing 3% of the stems detected, saw continued increase in underestimation with -

44.8cm, -34.3cm, -56.5cm, and -54cm for CH, Pt, LM, and RANSAC.
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Figure 21: Full test area DBH biases for each respective method. The bin’s median value is depicted above each
upper limit. Stems >90cm DBH were removed from these figures as there were less than 10 stems per bin.

MAEs for the full study area show significant error propagation as the DBH of the
stem increases. Initially, at 15cm, Pt had 22.1cm of mean error, followed CH with
11.6cm, RANSAC with 8.1cm, and LM with 4.74cm. As the DBH of the stem increased,
each method behaved identical to results attained within the core test area: Pt decreased
showed a marked decrease in MAE, CH showed a negligible amount of increase or
decrease in error, and LM and RANSAC had increasing amounts of error. At 35cm DBH
and approximately 8-10cm of error, a convergence occurred between all of the methods,

causing an inversion in the order of the comparatively poor and well performing methods.
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One relationship depicted in the full study area extents, which is not readily
apparent at the core test area, is the consistent offset between the two iterative and the
two non-iterative methods. Most notably to occur between 60-100cm, this relationship
showed that LM and RANSAC had an additional 10-20cm of consistent mean error when

compared to CH and Pt.
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Figure 22: Full study area DBH estimation MAEs. Note the linear relationship of all four method >45¢cm DBH,
and the significant gap which occurred between the iterative and non-iterative methods approximately 60-
100cm DBH.
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As with the core test area, normalizing the MAE as a percentage facilitated better
understanding of where the error was occurring proportionally across the assessed DBH
range. The highest amount of error present in all methods occurred for Pt at 15cm DBH
with 115% error. Pt’s error dropped to a minimum of 20% at 45cm DBH where it again
began to increase, although less drastically, and behaved similarly to CH. However, as is
evident in Figure 23, estimation using Pt is significantly more unstable than the other
methods, as is discernable from approximately 45-75cm where multiple inflections

occurred in the curve.
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Figure 23: Full study area MAE normalization as percentages. Note the similar, but emphasized, error present
in Pt which also occurred in the test area.
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Erroneous Detections and DBH Estimates of Large Stems due to Mismatches

To further investigate the increased negative bias at higher DBH ranges, an
assessment of large stems >90cm DBH in the full study area was performed. A total of 36
large stems were cataloged in the field data, of which 17 were found to have a
corresponding match in the ULS data. Visual inspection of the large stems in the ULS
point cloud later revealed this to be incorrect as all 36 large stems were discernable
within the ULS data but were incorrectly considered noise during the cluster filtering
process [Figure 24].

To be concise, it is believed that the threshold which removed clusters based on
their size was set too low to allow large stems to be sufficiently represented in the
matching process. Originally, the size-based filter was created to remove clusters that
merged closely located stems with one another and prostrate or extraneous foliage;

however, the maximum cluster size appears to have been too stringent.
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Figure 24: 5 example stems >90cm DBH. (A) Depicts the correctly matched field data (white circle) and the
properly clustered, but occluded, large stem (1). (B) Depicts the large stem (1) which should have been clustered,
but was not due to occlusion, and the actual stem, incorrectly matched (2) to the field data (white circle). (C)
Shows two stems in close proximity, and noise, which were clustered together and subsequently removed due to
excessive cluster size. (D) Depicts a large double stemmed tree (1), two smaller stems (2 and 3), and several
smaller prostrate stems. (E) Shows a large stem (1) which was surrounded by excessive low-lying foliage, and a
significantly offset field data.

For example, A in Figure 24 represents a 106.1cm DBH stem that accurately
clustered using DBSCAN and matched; however, as this stem was located along the edge
of the surveyed plot, the northern face was occluded, thus causing erroneous DBH
estimations. The methods CH, LM, and RANSAC underestimated by approximately
50cm, whereas Pt overestimated by 50cm. Example A is therefore an example where the
cluster was not removed, but DBH estimation failed due to lack of sufficient coverage by

the ULS.
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Alternatively, what was more common when attempting to cluster large stems
was the excessive size of the cluster, resulting in removal by the threshold of 20cm
greater than the maximum known DBH. Stem 1in example B was not clustered due to the
occluded eastern face and the relative slant of the stem due to the terrain. During
DBSCAN, the initial cluster had to have been generated for stem 1 but was incorrectly
reclassified as noise due to the diameter of the total cluster exceeding the threshold
outlined in Stem Discretization: DBSCAN Clustering. Following the removal of stem 1
from the potential stems to be matched in the Stem Matching App, a mismatch occurred
with the only other visible cluster, stem 2. The erroneous mismatch would then
negatively affect the resulting DBH estimation analysis.

A mismatch also took place in sub-figure C which depicts two stems in close
proximity of one another. Inevitably, DBSCAN would have struggled to separate these
two stems, resulting in an abnormally large cluster size. Further complicating this
situation, noise was also present in the surrounding area which may have accidently been
clustered with stems 1 and 2. Ultimately, the foliage, and stems 1 and 2 were removed
due to their excessive size, thus a comparably sized stem was erroneously selected as the
match (not depicted).

Similar to the previous two examples, a mismatch also occurred in example D,
but a double match using stems 2 and 3 was also occurred. The double match resulted
from similarly sized stems being weighted equally as potential matches to one ground
truth. Within the Stem Matching App, no spatial pattern would have been apparent to the

user as stem 1, and the prostrate stems would have been removed due to excessive size.
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This example highlights a fundamental flaw in the visually aided matching where these
double matches would inevitably occur and introduce twice the amount of error into the
analysis.

Lastly, sub-figure E highlights the potential impact of low understory foliage. As
with previous examples, stem 1 was removed from the potential clusters in the matching
process due to the excessive size of the cluster. Similar to the double stems shown in sub-
figure C and D, the noise present in example E would prevent DBSCAN from
discriminating proper stem clusters. Ultimately, a mismatch occurred with a small cluster
of low-lying foliage (not shown).

Given the examples highlighted in Figure 24, it is evident that the incorrect
matches between the field data and DBSCAN clusters significantly contributed to large

biases and MAEs shown in the previous sections.

High Confidence Matching and DBH Estimation

In consideration of the erroneous clustering of large stems, and the error
compounded by mismatches, the final set of data presented consists of results using only
data with a high confidence in the visual matched, i.e. confidence threshold of 5 (very
high). These results span the entire study area and focus on the accurately matched field
and ULS derived data.

199 stems, or roughly 10% of the matched and present stems met the “very high”
confidence threshold. Linear regressions and their related statistics drastically improved

for methods CH, Pt, and LM; however, RANSAC returned identical results to what was
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obtained across the full study area. R? values were 0.71, 0.13, 0.69, and 0.23, respectively

[Figure 25]. Using only data with high confidence matches resulted in decreased noise at

higher DBH ranges for Pt and RANSAC but did not resolve all of the noise present at the

lower DBH ranges of approximately 15-35cm DBH.
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Figure 25: DBH estimation regressions using a matching confidence threshold of 5. Note the improved
correlation compared to the previously presented results. Each method’s respective R?, Pearson’s correlation
coefficient, and linear regression equation is depicted in the upper left corner of each respective sub plot.

When assessing the bias estimates using the confidence threshold, similar

improvements were evident Figure 26. CH had a positive bias across all DBH ranges 20-
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60cm in DBH, with a minimum positive bias of 3.4cm at 20-30cm, and a maximum of
9.7cm at 50-60cm DBH. Pt initially had a positive bias of 5.1cm at 20-30cm DBH but
decreased to 0.2cm for 40-50cm, and -0.6cm at 50cm-60cm. Pt’s results using the
confidence thresholding showed significant improvement from previous non-threshold
areas of study and suggests failure of this method at small DBH sizes, but relative
effectiveness at larger stem sizes.

Regarding the two iterative methods, LM and RANSAC consistently showed
negative bias, rather than the initial positive bias seen without confidence thresholding.
With the confidence threshold, LM had a negative bias of -4.3cm for stems 20-30cm,
which subsequently increased to -13.1cm at 50-60cm. RANSAC behaved similarly to

LM but had slightly less negative bias of -1.4cm at 20-30cm, and -10.9 at 50-60cm.
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Figure 26: DBH biases for each respective method using a confidence threshold of 5 (very good). The bin’s
median value is depicted above each upper limit. Less than 10 stems >60cm were present in this assessment and

were subsequently removed from the figure.

By selecting the high confidence matched data only, MAPE highlighted the
drastic improvement in estimation of higher DBH ranges previously noted for stems
>60cm DBH [Figure 27]. Previously, stems approximately 65cm in diameter across the
full study area had MAPESs of 30.4%, 32.9%, 46.4%, and 42.3% for CH, Pt, LM, and
RANSAC respectively; however, using the confidence threshold this decreased to 12.7%,

7%, 23.2%, and 20.2% correspondingly. This represented a significant decrease of 22%

on average for this DBH range.
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At approximately 15cm DBH, CH decreased in MAPE from 61% to 46%, which
was significant. Pt showed an increase from 115% to 135% for stems approximately
15cm in diameter, further reaffirming the inability of this method to assess small stems.
LM and RANSAC behaved in parallel to one another at the smaller stem sizes and
changed minimally from previous results. At roughly 15cm DBH, LM decreased by <1%

when using the confidence threshold, and RANSAC increased by 3.7%.
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Figure 27: MAE normalization as percentages whilst using only stems that fulfilled the confidence threshold of
5. Note the significant reduction in MAPE at larger DBH ranges compared to the full study area. Also note the
minimal change of MAPE at smaller DBHs.
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CHAPTER SIX: DISCUSSION

We have shown through three sets of results the underlying relationships which
support our ability to discern individual stems from ULS derived data and extract their
DBH. We will now provide the context of these results within the greater scientific
community and discuss our ability to address this study’s specific objectives of (i) assess
the ability to automatically detect and extract individual tree stems using DBSCAN, and
more prominently (ii) test the accuracy of four DBH estimation methods adopted from
TLS and ALS at stand-level scales.

Assessment of Stem Segmentation and Clustering Quality

Within the test area, DBSCAN performed as intended and clustered roughly 85%
of the known stems <60cm in diameter. Rather unsurprisingly, the average clustering
accuracy then decreased from 85% to 70% when assessing the full study area. We have
shown that stem occlusion, inappropriate noise filters, and low-lying foliage are key
factors which have adversely affected efforts taken to optimize DBSCAN and its related
parameters.

Figure 28 further emphasizes that many stems, such as those shown in examples
#1 and #2, were present in the ULS point cloud but were not sufficiently segmented by

DBSCAN or represented in the matching program.
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B Ground Truth
B Segmented Stems

Figure 28: Stem segmentation error examples. Examples #1 and #2 depict missing stems which were detected in
the ULS point cloud but were erroneously considered noise. Example #3 depicts a small cluster in the ULS point
cloud which was correctly removed from consideration as a stem cluster.

For those examples presented in Figure 24, very large stems were considered
noise and consequently removed due to their size being greater than the maximum
allowable edge length (max known DBH + 20cm). Since few adjustable parameters
inherently exist in DBSCAN, more stems could be adequately clustered and not

incorrectly classified as noise if a better method for noise filtering is determined.
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Similar studies, including ULS and TLS based studies using DBSCAN, have been
capable of detecting >90% of stems present within point clouds [13], [45]. However, a
greater assemblage of stem sizes was present in this data than most other studies
reviewed [13], [38], [45], [85]. These studies typically surveyed plantations, forests of a
homogenous species, or similarly aged stems, rather than the diverse natural forest of our
study. Moreover, this study assessed a far greater number of stems in total, where most
studies accounted for fewer than a hundred stems. To our knowledge, only two studies,
using similar methodologies, had comparably extensive stem counts: Lu et al. with 648
trees [45], Wang et al. with 3986 trees [71], and this study with 1993 trees.

The examples highlighted in Figure 28, in addition to those shown in Figure 24,
suggest that a reevaluation of the cluster filtering process is needed to make our detection
rates on par with those seen in studies such as Liu et al [38]. Optimization of the
detection process using the test area, which lacked large stems, is a major contributing
factor to the failure to detecting large stems across the full study area. This however
partially reaffirms our initial intentions of developing a method to generate an automated

locally scaled DBSCAN e.

Assessment of Matching Quality
Highlighted by Figure 24, mismatches between field data and detected stems were
known to exist within the assessed dataset. Although efforts were taken to address these

mismatches, it is evident that the mismatched data is a significant contributing factor that
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would partially explain the excessive MAE, and lack of a clear relationship in the
presented linear regressions across the full study area.

Ideally, census protocols should use a defined reference point from which stem
coordinates are derived. Using a reference location, or backsight, a correctable offset is
created. If a backsight using a theodolite is not a viable option, the northern face of a
stem could be used, rather than visually estimating locations [7] . Comparable studies did
not encounter, or make note of similar issues in data alignment, as many studies adopted
censusing strategies utilizing theodolites or differential GPS [13], [20], [24], [45].
Through these studies it has be shown that field data with <1m offset facilitate better
methods of data alignment which were not feasible here. The lack of accurate locational
information in the ForestGEO dataset therefore caused major mismatches with the ULS

data which undermined the correct assessment of DBH estimates.

Assessment of DBH Estimation Results

Although the above results show high levels of MAE, and low levels of
correlation, these results are still quite promising. Each method behaved as initially
expected, but with more error than desired. Recognizing that the census data used was
roughly 2 years old by the time the UAS LiDAR was acquired, this suggests that more
current field data could significantly improve these results.

Similar to our findings using the high confidence matches (high confidence
threshold), Corte et al. reported a similar correlation coefficient of » = 0.77 which only

assessed 63 stems using TLS [85]. One source of error in both approaches is the
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averaging of sub-slices which are skewed towards fitted outliers. Instead of averaging
across the sub-slices, the median may prove to be a better statistic to use in the future in
instances of low point density. Liu et al. adopted a method of removing these outliers
across the sub-slices using the PauTa criterion [38]. Liu et al. produced a MAPE of
11.54% for stems 11-40cm DBH using RANSAC which was lower than our most stable
method LM, which produced an MAPE of 22.08% for stems 18-40cm DBH.
Comparatively, our implementation of RANSAC produced an MAPE of 28.06% for
stems 18-40cm DBH.

For large stems, our results were difficult to compare to the related literature
because very few studies had few, if any, stems >50cm in diameter [36], [38], [77]. No
currently known study investigated the potential for any related effect of stem size on
DBH estimating methods. Liu et al.’s results, which contained very few stems >50cm
DBH (<5 stems), showed some similarity to our results using the high confidence
threshold; whereby MAPE is highest for small stems and decreases as DBH increases.

In addition to the error inherently introduced by each DBH estimation method, the
maximum accuracy of the LIDAR itself adversely affected our ability to estimate stem
size. As noted in the UAS and Sensor Specifications, the Quanergy M8 Ultra had a
maximum accuracy of + 3cm, which could contribute to 30% of the error seen in the
smallest of stem sizes assessed. Corte et al. achieved similar results to ours using

different sensor which was also limited to a geolocation accuracy of + 3cm.
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Determination of Optimal DBH Estimation Method

Since these methods have been mostly adapted from studies using much denser
TLS point clouds, continued refinement of the DBH estimation techniques is ultimately
required to accommodate the less dense ULS data. Pueschel et al. and Liu et al., both of
which used TLS and MLS, are the only known, comparable studies to have assessed
multiple methods of DBH estimation [38], [77]. Given that the majority of the related
literature has adopted iterative methods such as RANSAC and derivatives of LM, it was
initially expected that these would perform the best compared to the non-iterative and
relatively naive approaches such as Pt and CH [15], [38], [77]. This hypothesis was only
partly supported by our findings which reviewed both iterative and non-iterative
approaches. Results attained using LM were the most stable, and certainly performed the
best overall in each study area; however, our results also highlighted the potential for a
relationship between error and the relative stem-size.

For smaller stems <40cm DBH, which comprised the vast majority of DBH
estimation related literature, our results corroborated conclusions made by Liu et al., but
not Pueschel et al. [77], [82]. Both Liu et al.’s findings, and ours, found significant
relative error, upwards of 50% using RANSAC for stems <20cm. Thus, through our
findings, and those made by Liu et al., the least effective methods of measuring stems
<40cm in DBH are CH, RANSAC, and Pt. The last method, LM, a method which
Pueschel et al. implemented a derivative of, was found to be the best of the four methods

reviewed for stems <40cm in diameter and accounted for <25% MAPE.
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For large stems >50cm DBH, it has been shown that non-iterative approaches
such as Pt and CH produced results with the least amount of MAPE. These methods
reliably achieved 5-15% lower MAPE than the iterative approaches. As previously
discussed, it is difficult to frame these results in the context of other studies as few
comparable works assessed large stems other than Liu et al [38].

Using the confident matches, we can support that non-iterative approaches
functioned as the most optimal methods for size estimation until approximately 80cm in
diameter. Recognizing concerns presented in “Erroneous Detections and DBH Estimates
of Large Stems due to Mismatches” it has been shown that the erroneous removal and
mismatching of very large stems >90cm DBH has prohibited our ability to determine
which DBH estimation method, or class (iterative or non-iterative) is optimal for the

largest of stem sizes present in the study area.
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CHAPTER SEVEN: IMPLICATIONS & FUTURE RESEARCH

Future Research and Improvements

Improvements Upon Data Alignment and Field Data

The reliable matching of field data and the ULS point cloud is the foremost issue
that must be resolved before any future studies can be performed. As outlined, the
geolocation error of the field data precluded traditional methods of data alignment,
resulting in the adoption of a manual matching procedure.

One investigator matched the 1892 stems initially detected in 7 hours, a drastic
improvement from the multiple months required to generate such data using traditional
census data in the field. Since accurate data alignment is paramount to assess the
accuracy of any methods adopted, we recommend future researchers invest time in
developing more automated approaches of data alignment. Further automation of this
process, beyond visual alignment using an RShiny app will facilitate further scaling of
related studies beyond individual plot levels.

Improvements to the RShiny app itself should also be implemented if future
studies attempt to replicate these findings. In its current state, DBSCAN lacked the ability
to sufficiently cluster stems >90cm in diameter. Without these clusters and the situational
context of the raw point cloud, mismatches were frequently introduced at larger stem
sizes. It is therefore recommended that the point cloud’s parent hyperplane should at a

minimum be included in any visual matching applications to ensure accurate matches. If
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integrated, the context provided by the point cloud could also be used to generate seed
points to aid in clustering algorithms [86].

To further address the uncertainty of data alignment present in this study, we also
recommend the generation of new field data which specifically aligns with the study
requirements. The ForestGEO census data was never intended for validating ULS stem
extraction, and the stem locations were only reliable to within 5m of a stem’s true
location[7]. A future study will employ the same DBH estimation techniques employed
here on our own field data using refined census protocols. In fulfillment of the proposed
study, a manageably sized, and accessible study site should be created in forested area on
George Mason University’s Fairfax Campus. The adopted censusing protocol should be
developed to specifically target the intended study’s geolocation requirements. In our
discussion we have suggested that a more accurate approach to determining a stems
location could be to use a fixed backsight or point of reference to ensure correctable
offsets for stem locations.

Additionally, we can increase the applicability of this study and more accurately
report detection rates if all species are considered rather than just the dominant species.
Stovall et al. used the ten dominant species because they were known to contain the most
biomass in the ForestGEO site, but we rather naively used this filtering process as a
means to increase the probability of accurate matches [52]. Artificially filtering the field
data for dominant species performed as intended, but also fundamentally introduced bias
towards these species. A future study should investigate and quantify the potential bias in

biomass estimation or detection rate introduced by the dominant species filtering process.
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Improvements for Metric Extraction

Given that our study covered a wider array of species, sizes, and total number of
samples than most studies, our findings using these approaches of DBH estimation are
encouraging even with the aforementioned flaws in data alignment [38], [77]. Contrary to
initial predictions, RANSAC had relatively low performance, although it has already
been widely adopted as a core method of DBH estimation in the related literature [16],
[32]. Both LM and RANSAC were expected to provide the best results, and behaved
quite similarly, but ultimately failed to sufficiently estimate DBH at larger stem sizes.
Implementing more robust forms of RANSAC such as LO-RANSAC [87] and assessing
if an apparent size dependency is still present (as discussed in Determination of Optimal
DBH Estimation Method). Similar to optimizing & for DBSCAN, LO-RANSAC seeks to
provide better model fitting in areas of highly variable in point density (ULS point
clouds).

In addition to improved reconstruction techniques, and matching, robust methods
of clustering should also be investigated. The current implementation of DBSCAN and ¢
optimization generated acceptable results across much of the study area, however better
noise detection should be pursued. One of the reasons DBSCAN was adopted is that it
can serve as an easily comparable baseline for future improvements such as
CHAMELEON[88], Mean-Shift [89], OPTICS [90]. Of these, OPTICS would be the
most readily implementable as it has already been written into the same ‘dbscan’

packaged used this study.
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Concluding Remarks

This study, rather naively, attempted to address a significant research gap by not
only using novel methods of handling DBSCAN clustering and edge effects, but also by
using the ForestGeo field data beyond its potential accuracy capabilities of 5m. Although
we developed a novel method for manual matching of ULS point cloud clusters and the
ForestGEO field data, mismatches occurred which affected all subsequent results.

Aside from the study’s shortcomings, the research framework and workflows
created here will facilitate further research in ULS Lidar data processing and object
extraction. Compared to naive methods such as CH, or algebraic models such as Pt,
iterative approaches have been shown to produce more stable results across all stem sizes.
Using accurate matches, the optimal method of DBH estimation, LM, could estimate
stem size with an R? of 0.69.

This study bolsters current literature by comparing methods of individual stem
DBH estimation in mixed deciduous broadleaf forests. Ultimately, our insights in
individual stem reconstruction will serve to improve future stand-level, allometry-based
biomass estimates. Successors to this study will provide rapidly attainable plot level UAS

Lidar-derived metrics to supplement regional level satellite-based biomass estimates.
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