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Abstract 

Forest carbon storage estimation is critical for global climate change mitigation efforts, as forests 

play a vital role in the carbon cycle. This study investigates the accuracy of using Remotely Piloted 

Aircraft (RPA)-based LiDAR for estimating tree Diameter at Breast Height (DBH) and carbon 

storage through 3D tree modeling techniques. Two Quantitative Structure Models (QSM) —

TreeQSM and AdQSM were used to virtually reconstruct trees and estimate tree and forest carbon 

stocks, with comparisons made to in-situ DBH measurements and traditional Allometric Scaling 

Models (ASMs), including self-developed allometric equation database and i-Tree Eco. Data were 

collected from two forest sites with different tree densities in Ontario, Canada, under leaf-on and 

leaf-off conditions. Result indicates that AdQSM generally outperformed TreeQSM in estimating 

DBH, particularly in less dense forests and during leaf-off season, where the correlation with in-

situ DBH measurements improved. Despite variation in results from the two models, RPA-based 

LiDAR demonstrated potential as a scalable and non-destructive tool for forest carbon estimation, 

providing a foundation for future advancements in localized ASMs. The findings highlight the 

importance of accurate tree parameter extraction for forest carbon accounting, aligning with global 

efforts in climate change mitigation and sustainable forest management. 
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Chapter 1  

Introduction 

1 Background 
Forest is one of the most critical carbon sinks in terrestrial ecosystems, playing a vital role in the 
global carbon cycle (Malhi et al., 2002). Trees absorb carbon dioxide from the atmosphere and 
convert it into solid organic matter through photosynthesis, which is then stored within the biomass 
of trees, woody debris and soil (T. Vashum, 2012). It is estimated that approximately 86% of 
terrestrial aboveground carbon and 73% of the Earth’s soil carbon is sequestered in forested 
ecosystems (Rodger, 1993). 

The types of storage areas for carbon are often referred to as ‘pools’. In terrestrial ecosystems five 
carbon pools are often used to quantify carbon stocks: aboveground biomass, below-ground 
biomass, dead mass of litter, woody debris, and soil organic matter (IPCC, 2006). Among these 
pools, aboveground biomass — the total mass of living organic matter in the aboveground portions 
of trees, is a significant component of terrestrial carbon pools. It constitutes a major portion of the 
forest’s carbon stock and is closely connected to human activities such as land-use change or forest 
degradation directly impact the carbon pool (T. Vashum, 2012). Therefore, accurately estimating 
aboveground biomass is crucial for assessing the ecological benefits of forests, monitoring changes 
in forest carbon storage, and understanding its role in the atmospheric carbon cycle. 

In estimating forest carbon stocks, a common approach is to first assess the aboveground biomass 
and then multiply it by a carbon concentration factor to obtain the final estimate. The most widely 
recognized biomass-to-carbon conversion factor is 50% for woody tissue (Houghton, 1996) and 
45% for foliage and fine roots (Gower et al., 2001). However, the mass-based carbon content varies 
significantly across different tree species (Zhang et al. 2009). In a study of ten temperate tree 
species in northeastern China, the carbon content ranged from 49.9 ± 1.3% for stems to 51.4 ± 1.0% 
for foliage. Similarly, Losi et al. (2003) investigated mixed-species plantations in Panama and 
found that the carbon content of dry bole samples for Anacardium excelsum and Dipteryx was 47.8% 
and 48.5%, respectively.  

2 Thesis structure 

This thesis brings together content from remote sensing and forestry in an effort to improve our 
ability to quantify above ground tree carbon. While this has been an area of scientific exploration 
and commercial and industry application for over a century, the role of forests in the global carbon 
cycle (at a broad scale) and local efforts to quantify natural assets or infrastructure are motivating 
improvement in tree and forest carbon stock accuracy. This chapter (Chapter 1) reviews the global 
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significance of forests in the carbon cycle but is primarily focused on introducing different methods 
used to estimate tree or forest carbon stocks. 

The second chapter of the thesis (Chapter 2) is composed as a manuscript for submission to an a 
yet to be determined academic journal. Chapter 2 describes a comparative analysis of two 
Quantitative Structure Models (TreeQSM and AdQSM) used for 3D reconstructing tree structure. 
This Chapter details the methodology of using RPA-based LiDAR to estimate tree Diameter at 
Breast Height (DBH) and forest carbon storage, also compare these estimates to in-situ 
measurements and other traditional methods like Allometric Scaling Models. The research goal is 
to assess the accuracy of RPA-based 3D modeling approaches in estimating forest structural 
parameters and carbon storage. Specific objectives include evaluating the performance of 
TreeQSM and AdQSM in diverse forest conditions, quantifying their estimation accuracy against 
in-situ measurements, and investigating how these models perform in the carbon stock estimation.  

It should be noted that while I conducted the majority of research and writing in Chapter 2 that 
several individuals assisted with the research. In addition to my supervisor Dr. Derek Robinson's 
assistance, Brandon Giura assisted with GNSS receiver data acquisition for tree locations and 
ground control points and point cloud data processing, Mathew Shetler and Erin Gouthro assisted 
with initial tree identification and DBH measurements, and Anas Alsharo assisted with the 
calibration of TreeQSM. 

Finally, Chapter 3 notes several broader implications of the research presented in Chapter 2 and 
situates it within the global context of climate change mitigation and sustainable forest 
management.  

3 Methods for aboveground biomass estimation 

Estimating tree biomass is challenging due to the complex nature of tree stem form (Temesgen et 
al., 2015). Currently, there are two conceptual approaches to measure tree biomass, the first 
involves logging the aboveground components of the tree and weighing them, and the second 
involves estimating the stem volume and multiplying it by the wood density. Wood density is 
typically measured by extracting a small sample of stem discs, a few centimeters in size, and 
determining its volume through water immersion or by measuring its diameter and thickness. The 
sample is then oven-dried and weighed to obtain the basic density of the wood, usually expressed 
in g/cm³. Alternatively, increment borer can be used to extract a core of wood from the tree for this 
purpose (West, 2015). These methods for obtaining biomass or volume are broadly classified into 
two categories based on whether they require felling the tree: destructive methods and non-
destructive methods. 

3.1 Destructive methods 

The destructive method, also known as the harvest method, is the most direct and traditional 
approach for estimating aboveground carbon storage in trees. This method typically involves 
selecting and harvesting a representative tree within a sample plot — one that exhibits typical 
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growth patterns and a regular shape. The tree is then divided into various components, such as the 
trunk, crown, and foliage. Depending on the desired information, the tree components may be 
oven-dried and weighed to obtain their mass or subjected to water displacement techniques or 
xylometry to determine their volume. Although this method is currently the most reliable 
established method for biomass estimation (Stovall et al., 2018), it is time-consuming and resource 
intensive. The limitations in sample size and area, along with the method’s destructive nature, 
make it unsuitable for forests containing species at risk and incompatible with sustainable 
development principles. Consequently, its application is generally restricted to small-scale studies 
focused on specific tree species (Weiskittel et al., 2015).  

3.2 Non-Destructive methods 

Given the numerous limitations of the destructive method, its widespread application is impractical, 
particularly when estimating the carbon stock of large-scale forests (Weiskittel et al., 2015). 
Species-specific quantitative relationships are often established by correlating key tree growth 
parameters (e.g., DBH, tree height) with stem volume or mass, which is typically obtained through 
destructive methods. This approach is commonly used to develop taper equations and allometric 
equations. 

With the advent of Light Detection and Ranging (LiDAR) technology, the tree structure that once 
required extensive manual measurements can now be represented and stored as point cloud data. 
These data can be used to create 3D reconstructions of tree stems and branches, allowing for 
volumetric estimation using a variety of different approaches.  

3.2.1 Taper Equations 

Table 1. Overview of modern taper equation types and their representative characteristics (McTague & 
Weiskittel, 2021). 

 
The basic principle of the taper function is to conceptualize the tree as a combination of geometric 
shapes (e.g., cylindrical, parabolic, and conical). Using mathematical formulas, the taper function 
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estimates how the stem diameter changes from the base of the tree to its tip. The application of 
taper equations dates back to the late 1800s and over more than a century of development taper 
equation forms have evolved into four main types: 1) variable form; 2) compatible and 
parsimonious; 3) polynomial, segmented, and splines; 4) trigonometric and matrix (McTague & 
Weiskittel, 2021) 

3.2.2 Allometric equations 

The allometric equation, also known as the biomass estimation equation, is a method used to 
estimate the aboveground biomass or volume of a tree based on its Diameter at Breast Height 
(DBH) and sometimes tree height. The equation is typically established using destructive methods, 
which involve weighing or measuring the volume of specific tree species and then establishing a 
mathematical relationship between these measurements and the tree’s DBH and height. Generally, 
the relationship between individual tree biomass and stem volume is represented by an equation 
such as (x). 

𝑌 = 𝛽!𝑋"#!𝑋$#" …𝑋%## + 𝜀 (1) 

In which, Y is tree biomass (kg) or volume (m3); Xj is tree growing variables (e.g. DBH, tree 
height., etc); 𝛽% are coefficient and 𝜀 is error term. 

Table 2. Overview of representative allometric equation databases 

 
The various widely used allometric equations have evolved from the basic formula (Eq. 1) and are 
typically transformed into polynomial or logarithmic forms to facilitate calculation. Table 2 
provides an overview of several allometric equation databases, including their key characteristics 
and forms.  
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The scientific literature on allometric equations is often fragmented, with most studies focusing on 
a specific stand or a few tree species. When the scope expands to cover landscape-level, 
incorporating allometric equations from different source scan become a required and cumbersome 
task (Ter-Mikaelian & Korzukhin, 1997). To address this issue, Allometric Scaling Models (ASMs) 
were developed, incorporating species-specific, localized allometric equations that cover one or 
more natural regions. ASMs not only function as a comprehensive database but also include 
internal calculation mechanisms. Based on tree inventory data, they automatically input tree 
growth parameters into the equations to estimate tree biomass, carbon storage, and other ecosystem 
services. More importantly, compared to traditional allometric equations, some ASMs incorporate 
the effect of human-induced or natural disturbance. For example, i-Tree Eco can adjust the 
estimated ecosystem services based on the tree's location, proximity to buildings, and natural 
disturbances. Representative ASMs include i-Tree Eco and the Carbon-Budget Model of the 
Canadian Forestry Service (CBM-CFS). 

i-Tree Eco (https://www.itreetools.org/), developed by the United States Department of 
Agriculture Forest Service (USDAFS), is a model designed to comprehensively understand the 
ecosystem benefits of urban forest structures. It assesses vegetation structure, function, and carbon 
value. The primary application method involves users inputting urban forest inventory data into i-
Tree Eco, which estimates tree characteristics such as forest cover, leaf area, carbon storage and 
sequestration, oxygen production, and other ecosystem services. Initially applied to major cities in 
the United States, i-Tree Eco's reach has since expanded globally. Nowak et al. (2013) used i-Tree 
Eco to assess urban tree carbon storage across 28 cities in six U.S. states, estimating a national 
average of 7.69 kg C/m². Kim et al. (2024) employed i-Tree Eco in Yurim Park, Daejeon, South 
Korea, and found that the total carbon storage in the park ranged from 0.5 to 2.14 kg C/m², with 
an average of 1.53 kg C/m² across the area. This flexibility allows i-Tree Eco to be applied on both 
large national scales and smaller, localized areas such as parks. 

The Carbon Budget Model (CBM), developed by the Canadian Forest Service (CFS), is an 
inventory-based model aimed at estimating above- and below-ground biomass and the dynamics 
of forest carbon stocks, including dead wood and soil organic carbon. CBM follows the 
methodological guidance set by the Intergovernmental Panel on Climate Change (IPCC, 2003, 
2006). Unlike some other empirical models (e.g., CO2Fix V.2, EFISCEN) that overlook or 
simplify the impacts of silvicultural systems and natural disturbances, CBM-CFS3 integrates both 
natural and human-induced disturbance effects (Kull et al., 2006; Kurz et al., 2008). The model 
supports stand- and landscape-level carbon modeling and has been successfully applied at national 
and regional scales in Canada (Kurz et al., 2009; Amichev et al., 2016), Russia (Zamolodchikov 
et al., 2008), and Italy (Pilli et al., 2013). 

3.2.3 3D Reconstruction 

Accurate and fast acquisition of individual tree parameters is the most critical yet challenging step 
in forest biomass modeling. The previously mentioned taper equation and allometric equation 
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modelling approaches are developed based on known tree growth parameters through fitting 
processes. The advantage of 3D reconstruction lies in its ability to integrate automatic individual 
tree parameter extraction with the estimation of total tree volume, eliminating the need for 
laborious fieldwork and the subsequent effort of matching collected data to corresponding 
equations. Establishing a 3D forest model requires the use of remote sensing tools such as Light 
Detection and Ranging (LiDAR) or digital aerial photogrammetry. LiDAR can capture high-
density point cloud data of trees, and by mounting LiDAR sensors on various remote sensing 
platforms such as terrestrial laser scanning, airborne laser scanning, or Remotely Piloted Aircraft 
system (RPAS) laser scanning, one can acquire LiDAR data of varying density and scope 
depending on the need. Similarly, image-based remote sensing tools can also obtain 3D point cloud 
data and build accurate 3D forest models (Zhu et al., 2021). 

Regardless of the tool used, acquiring 3D point clouds is the key to enabling automatic tree 
extraction. 3D reconstruction utilizes 3D point clouds to create a three-dimensional model that 
best fits the tree structure. Depending on the fitting method or statistical approach, the most widely 
applied 3D reconstruction methods can be categorized into three types: voxel-derived models 
(Hosoi et al., 2013; Bienert et al., 2014), stem curve models (Kankare et al., 2013; Liang et al., 
2016), and quantitative structure models (Raumonen et al., 2013, Raumonen et al., 2015, Brede et 
al., 2019). 

Voxel-derived model 

Voxelization is an innovative approach in 3D reconstruction, has gained significant traction in 
various fields, especially in forestry (Sumnall et al., 2016). This technique involves converting 3D 
space into a grid of cubes known as voxels (volumetric pixels), simplifying the complex branching 
patterns of tree point clouds into more digestible volumetric sections and facilitating detailed 
analysis (Stovall et al., 2017) and modeling complex forest structures. LiDAR, especially 
terrestrial LiDAR data, has shown remarkable strides in tree volume estimation using voxel-based 
methods. 

Building on the fundamental concepts of Aboveground Biomass estimation, the pioneering work 
of Hauglin et al. (2013) showcases the application of voxelization in estimating the branch biomass 
of Norway spruce trees using TLS. In this study, the voxel-based model based on 0.4 m voxel data 
provided the best prediction accuracy, with a Root Mean Square Error (RMSE) of 32%, 
highlighting the potential of voxel-based approaches in the estimation of tree biomass, particularly 
in improving the accuracy of biomass estimations compared to traditional allometric models. 
Hosoi et al. (2013) refined the methodology by crafting a 3D voxel-based model with portable 
scanning lidar, bypassing the need for traditional allometric equations and shape assumptions. 
Additionally, this study highlighted the versatility of voxelization in dealing with diverse tree types, 
thus broadening the scope of its usage in forestry. Bienert and Hess (2014) emphasized the 
importance of voxel size in the accuracy of biomass estimations, shedding light on how different 
voxel dimensions can influence the outcome of the analysis and finding that smaller voxel sizes 
more accurately represented the tree volume. This insight into voxel size is crucial for optimizing 
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voxelization methodologies and influencing decisions on data resolution and processing strategies 
in forestry applications. 

Stem Curve Model 

In Section 3.2.1, we introduced the taper equation, also known as the stem curve, which 
mathematically describes the diameter variation of a tree from the stump to the top. The most 
accurate way to develop a stem curve is through the use of a logging machine, which cuts the stem 
at regular intervals to obtain the diameter of each disc, and then estimates the stem volume based 
on the combined shape of these discs. However, this destructive method lacks general applicability, 
as it is unsuitable for large-scale biomass assessments or conservation areas. LiDAR-based point 
cloud data, on the other hand, has the capability to accurately capture the 3D structure of a tree 
stem. According to Liang et al. (2014), the basic approach to developing a stem curve and 
estimating stem volume using terrestrial laser scanning (TLS) data is outlined below. 

The first step involves capturing the tree stem shape using TLS-based point cloud data. After 
filtering the point cloud, robust estimation is applied to fit a series of cylinders to the data points. 
Once the cylinders are consistently aligned to cover the entire tree point cloud, a 3D stem model 
is constructed, which is then used to fit the stem taper equation. The third step, stem volume 
estimation, involves calculating the total stem volume from the 3D model. Each section of the stem 
is treated as a cylindrical segment, and the volume is calculated by summing the volumes of all 
these segments. The stem volume is computed using a formula that assumes a circular cross-
section for each segment. 

Quantitative Structure Model 

Quantitative Structure Modeling (QSM) has become a leading method in forest research for 
estimating biomass and reconstructing the 3D architecture of trees using point cloud data from 
LiDAR (Disney et al., 2018). Raumonen et al. (2013) introduced QSM as a geometric model that 
structures tree components, such as trunks and branches, in a hierarchical manner. Through 
cylinder-fitting algorithms, QSM uses point cloud data to capture intricate tree details, including 
trunk and branching patterns, with significant accuracy. This allows researchers to estimate tree 
volume by summing the cumulative volumes of cylindrical segments. The subsequent step is to 
calculate biomass by incorporating wood density (Calders et al., 2015; Hackenberg et al., 2015). 

The basic approach to QSM involves segmenting point cloud data into large patches (broad 
segmentation), followed by finer segmentation to capture detailed branching structures (Calders et 
al., 2015; de Tanago et al., 2018). This segmentation is achieved through a two-step process, where 
the point cloud is initially divided into uniform patches that identify the tree's general framework. 
Then, smaller patch diameters are applied to refine the segmentation of the branches, creating a 
more precise model of the tree's structure. 

Since its introduction, QSM has been validated in various forested environments. Studies, such as 
those by Raumonen et al. (2013) and de Tanago et al. (2018), have shown QSM's reliability across 
diverse forest types, including tropical ecosystems where complex tree forms pose challenges. 
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Brede et al. (2019) explored the application of QSM using RPA-LiDAR and showed that QSM 
could produce accurate DBH estimates, though performance varies based on branch size and forest 
structure. Lin et al. (2022) also utilized dual-source RPA data (LiDAR and Structure-from-Motion) 
to estimate urban tree biomass, highlighting QSM's potential for different types of forest 
environments. Several QSM models have been developed, including TreeQSM, AdQSM and 
SimpleTree, etc. Each algorithm refines the methodology to account for varying tree morphologies 
and improve accuracy (Fan et al., 2020; Hackenberg et al., 2015). To provide a clearer comparison 
of various QSMs and their features, Table 3 lists some of the most commonly used QSMs, 
including their methodologies, computer languages and citations for further reference. 

Table 3. Comparison of Tree Modeling Software: TreeQSM, AdTree, Simple Tree, PypeTree and AdQSM 

 
The 3D reconstruction models not only provide a non-invasive and accurate means of measuring 
tree volume and biomass but also eliminate the laborious effort required for fieldwork. By using 
high-density point cloud data, these models can effectively capture intricate tree structure, such as 
extraction of DBH and tree volume. As we move forward in this study, the focus will be evaluating 
these models specifically for estimating tree carbon, considering varying forest conditions and tree 
growing conditions. The next chapter delves into the methodology and results of assessing tree 
DBH and carbon estimation using Remotely Piloted Aircraft-based LiDAR and QSM techniques. 
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Chapter 2 
Assessing Tree Carbon Estimates from Remotely Piloted 

Aircraft-Based LiDAR: A Comparison of Quantitative 

Structural Models and Allometric Scaling with In-Situ 

DBH Measurements 

1 Introduction 

Forests play a crucial role in the global carbon cycle and the regulation of Earth’s climate (Schimel, 
2014). Forests are the largest terrestrial aboveground vegetation pool and the degree to which they 
influence estimates of the North American carbon sink (~1.7 Pg C yr-1 in 1990s, Fan et al. 1998; 
~0.65 Pg C yr-1 from 2000 to 2005, Peters et al. 2007; ~0.505 Pg, CCSP 2007) remains unknown. 
Forest carbon storage accounting projects are of significant interest to many international 
organizations (e.g., United Nations Framework Convention on Climate Change (UNFCCC, 2015), 
the Intergovernmental Panel on Climate Change (IPCC) (Nabuurs et al., 2007) and Food and 
Agriculture Organization of the United Nations (FAO) (Forestry department, 2015)), federal 
governments (e.g., Brazil, (Sills et al., 2014, pp. 51-143); Indonesia, (Sills et al., 2014, pp. 290-
397) ; Norway, (Bartlett et al., 2020); Australia, (Australian Government, 2018); Canada (Kurz & 
Apps, 2006); United States (U.S. Forest Service, 2023)) and more recently, municipalities and 
cities (e.g., “Urban Forest Strategy” implemented in Melbourne, Australia, (City of Melbourne, 
2012); and “Urban Forest Action Plan” in City of Portland, Oregon, United States, (PPR 2020)).  

Before the contemporary focus on forest carbon storage and sequestration due to their ability to 
mitigate fossil-fuel combustion and regulating climate change (Canadell & Raupach, 2008), trees 
and the estimation of their biomass played a crucial role in timber production. Originally, biomass 
estimates were focused on tree stem volume since only the stem could be used for merchantable 
wood (Carpenter, 1985). Early historical approaches to estimate tree biomass and volume included 
taper equations (e.g., Hojer taper Model (Hojer, 1903), Ormerod taper model (Ormerod, 1973)), 
volume (weight) tables (e.g. Spurr, 1952; Chaturvedi and Khanna, 1994), and allometric equations 
(Carpenter, 1985). Later, in the 1950s, destructive sampling was used to establish a statistical 
relationship between a simple measurement that could be conducted with ease in the field by a 
forester (i.e., diameter at breast height (DBH) often acquired at 1.37m above ground) with tree 
biomass, which was determined by cutting and weighing the aboveground woody components 
(Catchpole & Wheeler, 1992). The generation of allometric equations has proven incredibly useful 
in the estimation of biomass and carbon for decades (Ruark et al., 1987), especially when the 
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equations are derived and used locally as they yield higher accuracy than generic-multi-species 
equations or from same species located geographically distant from where they are applied (Kim 
et al., 2011, Van Breugel et al., 2011). Regardless of their origin, the individual-tree application of 
allometriequations has not been scalable to large spatial extents due to the time requirements to 
conduct tree inventories (Vorster et al., 2020), which include manual DBH measurements and tree 
species identification. 
Efforts to scale allometric equations to larger spatial extents has been done by aggregating 
individual tree estimates to a sampling area or plot to derive an estimate of biomass density (e.g., 
kg / ha) that is multiplied against the larger area of a particular forest, forest stand, or some other 
areal definition of tree cover (e.g., Ravindranath & Ostwald, (2008)). The contemporary equivalent 
to this approach is referred to as an inventory or benefits transfer approach, whereby in-situ 
estimates of biomass and carbon are summarized and applied to digital maps generated from 
remotely sensed data (e.g., Robinson et al. 2023; Chave et al., 2019). While this approach has 
advanced our ability to quantify and map biomass and carbon across large spatial extents, the 
approach does not capture spatial variability in individual tree biomass due to site and situation 
conditions and is likely to contain substantial error (Vorster et al., 2020). 
In an effort to improve forest and tree biomass estimates, terrestrial laser scanning has been 
conducted using Light Detection and Ranging (LiDAR) sensors (e.g., Raumonen et al., 2015; 
Liang et al., 2016; Disney et al., 2018). The ground-based approach is able to generate a very-high 
resolution point cloud (e.g., ±2mm at 25m, (Kankare et al., 2013)) that can be used to measure tree 
characteristics such as tree height, DBH and crown width (Srinivasan et al., 2015). Added value is 
gained by segmenting individual-tree point clouds and using them as input to one of various 
methods that can create a three-dimensional (3D) reconstruction of the tree, such as Quantitative 
Structural Modelling (QSM) (Brede et al., 2022; Calders et al., 2015; de Tanago et al., 2018; 
Raumonen et al., 2015) and voxelization (Hosoi et al., 2013). The volume of the 3D reconstructed 
tree multiplied by the tree’s wood density yields an estimate of tree biomass, which is conceptually 
equivalent to destructive sampling. The challenge from the use of the terrestrial laser scanning is 
that results are spatially constrained, it can be difficult to acquire accurate global navigation 
satellite system receiver readings in dense canopy forests (Yoshimura & Suzuki, 2019) and the 
time required to triangulate and calibrate the scanner for a relatively small area (e.g., 0.1 ha) can 
be substantial (Jaafar et al., 2018). 

Airborne or satellite-based remote sensing are approaches used to overcome the spatial constraints 
of in-situ tree inventory measurements and terrestrial laser scanning. While spatial resolutions 
from satellites continue to become finer (e.g., Pleiades, 0.50 m, Perko et al., 2018), and space-
borne LiDAR such as GEDI and ICESat-2 (Liu et al., 2021) offer the ability to generate canopy 
height models (e.g., GEDI 25m footprint), there remain accuracy issues (Kaartinen et al., 2012), 
which are particularly relevant if biomass and carbon estimates are to be used for local 
management and decision-making. Furthermore, optical data from space may have high resolution 
but still incur quality issues due to atmospheric effects (e.g., Bansod et al., 2017) and LiDAR data 
from space as well as mid-altitude aircraft are too sparce for use in 3D tree reconstruction. For 
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example, GEDI produces point cloud densities at around 35 pts/m2 (Liu & Wang, 2022),  recent 
LiDAR mid-altitude piloted aircraft in Ontario, Canada, collects at densities ranging from 8-27 
pts/m2.  

A bridge between in-situ and large-scale remote sensing capabilities is provided by Remotely 
Piloted Aircraft (RPA). Not only can RPA flight parameters be manipulated (e.g., low and slow) 
to generate very high-resolution imagery (<0.02m) and very dense point clouds (>300 pts/m2) with 
minimal atmospheric affects, but their on-demand deployment enables data to be collected 
coincidentally with in-situ measurements. The high-resolution imagery and high-density point-
cloud data acquisition from RPA can be used for 3D reconstruction of individual trees, which can 
improve the accuracy of forest and individual tree biomass and carbon estimates as well as foster 
the generation of novel allometric equations. To improve our understanding about how RPA data 
can be used to estimate biomass and carbon, we sought to determine: 1) what was the accuracy 
between RPA acquired LiDAR data and in-situ measurements of diameter at breast height? 2) In 
addition to question 1), we also asked what was the degree of correspondence between in-situ 
estimates of biomass and carbon compared to those derived using RPA acquired LiDAR data? To 
answer the first question, we used two Quantitative Structural Models (QSMs) to 3D tree 
reconstruction and compared those reconstructions to in-situ measurements. To answer the second 
question, we compare estimated biomass and carbon from our QSM results to those generated 
from a compilation of allometric equations harvested from the literature and i-Tree Eco. In both 
comparisons we assess the effects of using point cloud data collected during leaf-on versus leaf-
off conditions, tree size via DBH class, and a low tree-density forest site versus a high tree density 
forest site. Lastly, to ensure replicable results and useable methodology for others, we follow the 
findable, accessible, interoperable, and reusable (FAIR) principles for code development and make 
all data and code freely available online. 

2 Method 

2.1 Study site 

Our study resides within the Hullett Provincial Wildlife Area (HPWA) located in Southwestern 
Ontario, Canada (Fig. 1).  The HPWA is a 2200-hectare property owned by the province of Ontario 
and managed in partnership with the Ministry of Natural Resources and Forestry, Ducks Unlimited 
Canada, and the not-for-profit group Friends of Hullett. The overarching goal for the property, as 
outlined in the 1985 Management Plan, is to “manage its resources to provide opportunities for 
high quality, wildlife-based day-use recreation experiences for the people of Ontario” (OMNR 
1985, pg. 4). One of the objectives within the Management Plan involves managing forests within 
the area for the production of wood products, when consistent with the overarching goal. 
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Figure 1. Study area within Hullett Wildlife Preserve, southwestern, Ontario, Canada. The study area consisted 
of two forest plots that were located in core forest area. One plot was a younger plot with higher tree density 
that had been undisturbed (Undisturbed). The other plot was an older forest that had been selectively harvested 
and had a lower tree density (Harvested). 

In 2008 a Habitat Management Plan was approved to provide details on how specific habitats will 
be managed to meet the goal and objectives of the Management Plan. The goal of the Habitat 
Management Plan is to “manage the land resources of the Hullett Provincial Wildlife Area to 
provide a diversity of high-quality wildlife habitat” (OMNR 2008, pg. 8). Among six principles, 
the Habitat Management Plan specifies the following specifically for forests: upland woodlots will 
be managed to provide wildlife habitat, timber harvests and aesthetic values to users; healthy 
ecosystems require a minimum of 30% forest cover, and at a landscape level, at least one forest 
patch of 200 ha, with a minimum width of 500 metres; Native species will be favoured in 
management programs; economic returns from agricultural land rental, and forest products are 
acceptable as long as they don’t have significant negative impacts on other management 
objectives.”  

In 2018 a harvesting prescription for tree salvage was written by GWG Resources Services and 
trees were marked again. Selective logging was completed over the winter of 2021/2022. The 
ecologist with the MVCA was hired to conduct establish two Vegetation Sampling Protocol plots 
to quantify the condition of the HPWA woodlots. One was established in woodlot that was 
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harvested in January/February 2022 (Harvested) while the other was established in a woodlot that 
hadn’t been disturbed in decades and is remote (Undisturbed). The Harvested site comprised 30 
trees, which were dominated by Green Ash (40%), Sugar Maple (30%), American Elm (17%). 
Other species were American Basswood (10%), Eastern Hophornbeam (3%). The Undisturbed site 
comprised 63 trees, which were dominated by Sugar Maple (44%), Green Ash (29%), American 
Elm (16%). Other species present were American Basswood (3%), Eastern Hophornbeam (3%), 
White Ash (3%). The plots are meant to provide a baseline of forest conditions and validate some 
of the observations and opinions. 

2.2 In-situ sampling  

Our in-situ measurements took place in two plots that were selected to compare different forest 
conditions (Harvested, and Undisturbed). In each plot, a vegetation sampling protocol (Puric-
Mladenovic and Kenney, 2015) was conducted on August 29, 2023, to record general plot 
descriptive characteristics, vegetation class, surface topography, tree height, diameter at breast 
height (DBH) and crown health, down woody debris, regeneration, disturbance and soil 
characteristics. Only a portion of the protocol specific to the acquisition of our tree cover data is 
described herein. 

Unlike a timber cruise method (Girard and Gevorkiantz, 1939) the implemented protocol uses a 
fixed-area sampling method to ensure measurements could be replicated and tracked over time. 
The fixed location allowed for the acquisition of Remotely Piloted Aircraft data during leaf-on and 
leaf-off conditions as well as permits the plots to be revisited in the future. For each of our two 
fixed-area plots, the centre was a tactical selection based on approximating our random point 
selection using a global navigation satellite system receiver. Plots were circular in shape, with a 
radius of 11.28 m, creating a total plot area of 400 m2. Lines were stretched in the four cardinal 
directions (North, East, South, West) to facilitate measuring in sections and subplots related to 
ground cover were established along these lines. The protocol excludes trees less than 5 cm DBH 
and down woody debris less than 7.5 cm in diameter.  

Each tree within a plot received a unique identifier number and was measured for DBH at 
approximately 1.37 m above ground level (West, 2015). If multiple stems were present at that 
height, then each stem DBH was recorded. The species of each tree was recorded and the height 
of several trees within each plot were estimated using a clinometer. If a tree was dead, it was 
labelled as a snag. If a tree was dead an presented a hazard it was labelled as a hazard. These types 
of labels are useful for aligning remotely sensed data with the in-situ measurements. The 
geographic location of each tree within the two plots was determined to ensure an accurate 
alignment between RPA data collection and in-situ measurements. To achieve location accuracy 
within the two forest plots, a Leica GS18 Global Navigation Satellite System Receiver, with 
accesses to multiple satellite constellations (i.e., Global Positioning System, US; Galileo, Europe; 
BeiDou, China) and a real-time kinematic correction service (i.e.,HxGN SmartNet) 
operationalized over the cellular network enabled the acquisition of an average point location 
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accuracy for trees in the Harvested plot (n = 30) of 0.053 m in the horizontal direction, 0.073 m in 
the vertical direction, and an average 3D accuracy of 0.091. The accuracies for the undisturbed 
plot (n = 63) were 0.504 m in the horizontal direction, 0.874 m in the vertical direction, and an 
average 3D accuracy of 1.014 m. The average horizontal and vertical error across both plots was 
0.360 m and 0.618 m, respectively, with an average 3D error of 0.720 m. 

2.3 Remotely Piloted Aircraft sampling 

Remotely sensed data were collected twice, once during the leaf-on period (August 31, 2024) when 
the canopy was dense and once during the leaf-off period (December 6, 2024) prior to snow fall. 
A DJI Matrice 600 Remotely Piloted Aircraft with an integrated Riegel MiniVUX-1 light detection 
and ranging (LiDAR) sensor and 24 MP Sony A6000 camera was used for data collection. The 
MiniVux-1 has a 360-degree field of view and was configured to operate with a measurement rate 
of 100,000 measurements per second at 100 kHz pulse repetition rate. The laser beam divergence 
is 1.6 x 0.5 m rad, which generates a laser beam footprint of 160 mm x 50 mm at 100 m altitude 
above ground. The aircraft was flown at 60m above ground level (flight speed of 3 m/s) with 
LiDAR scan lines 0.1 m apart and only points within a 120° field of view were retained to acquire 
point densities approximating 300 pts/m2 within our study area (average of 193 pts/m2 for each 
flight line). The footprint diameter was 0.0273 m on average with a minimum of 0.0212 m and 
maximum of 0.0424 m.  

Three flights were flown with the first two generating perpendicular flight patterns, commonly 
referred to as a grid pattern, and a third flight flown with the flight lines running at a 45-degree 
angle to the previous two flights (i.e., flight 1 east-to-west, flight 2 north-to-south, flight 3 
northeast-to-southwest). The combination of all three flights yielded a point cloud density > 900 
pts/m2. The optical imagery was acquired with 75% sidelap and 80% forward overlap among 
images with a ground sampling distance of 0.01-0.02 m. The remotely sensed data were used to 
measure the following tree characteristics to coincide with in-situ measurements: crown width and 
area, tree height, diameter at breast height (DBH), tree count, and the classification of over or 
understory. The remotely-piloted-aircraft-acquired DBH measurement is compared against the in-
situ measurements and used with allometric equations (Section 2.4.1) to estimate aboveground tree 
biomass and carbon. The full point cloud acquired by the Remotely Piloted Aircraft is used in the 
virtual 3D reconstruction of individual trees (Section 2.4.2) to estimate their biomass and carbon. 

2.4 Biomass estimation methods 

Traditional methods of estimating tree biomass, like destructive sampling or manually measuring 
tree dimensions can damage trees and the ecosystems within which they reside and can be labor-
intensive (Disney et al., 2018). The application of LiDAR technology offers a non-destructive 
approach to tree measurement by capturing intricate three-dimensional details of trees and forests 
(Hosoi et al., 2013). This technology, particularly through Terrestrial Laser Scanning (TLS) 
(Calders et al., 2015; Kankare et al., 2013; Lau et al., 2018; Raumonen et al., 2013) and Remotely 
Piloted Aircraft System (Brede et al., 2019; ), enables the measurement of tree attributes such as 
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tree height, area, and branch architecture, which are used in the estimation of aboveground tree 
biomass. An indirect estimation of aboveground tree biomass can be achieved using Allometric 
Scaling Models, which capture relationships between tree parameters (e.g., DBH) and biomass in 
what is known as an allometric equation (e.g., West et al., 1999) or by using three-dimensional 
(3D) reconstruction techniques such as Quantitative Structural Modelling  (QSM), which involves 
segmenting a tree into separate sections and approximating each segment with a regular-shaped 
geometry. By calculating the volume of each segment and obtaining the accumulative volume, the 
biomass of trees can be acquired with the combination of the wood density.  

 
Figure 2. Methodology for comparative analysis of tree carbon estimates from allometric and Quantitative 
Structural Modelling (QSM) approaches. Parallelograms (a, b) represent data inputs; Rectangles (c, d, g, h, i, 
j, l) indicate processes or operations; Pentag (f) denotes external data; Oval (e) signifies the final output. 

To evaluate the accuracy of RPA acquired LiDAR and subsequently compare estimates of biomass 
and carbon from allometric and 3D reconstruction approaches, our methodology first involved 
collecting both in-situ data and RPA-based point cloud data on the same day (Fig. 2 (a, b)). The 
in-situ data were used as input to the two Allometric Scaling Models (ASMs) (Fig. 2 (c, d)). The 
i-Tree Eco model outputs tree carbon values directly (Fig. 2e), whereas some allometric equations 
obtained from the literature estimate volume and require wood density values (Fig. 2f) to estimate 
tree biomass and carbon. Paralleling the ASMs, the QSM approach involved manually segmenting 
the RPA-based point cloud data (Fig. 2b) to derive point cloud data for individual trees (Fig. 2g). 
The point cloud data for individual trees were input into the quantitative structural models 
TreeQSM (Fig. 2h) and AdQSM (Fig. 2i). The quantitative structure models derived estimates 
DBH (Fig. 2j) that were compared against in-situ measurements to assess or validate their 
performance (Fig. 2k). The two QSMs also estimated tree volume (Fig. 2l), which like some 
allometric equation volume estimates, were multiplied by wood density to derive individual tree-
biomass estimates. While conversion of biomass to carbon can vary between 0.48-0.53 depending 
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on species, tree component, and other factors (e.g., Gower 2003), we used a biomass to carbon 
coefficient of 0.5, which is most frequently used in the literature and facilitates comparative 
analyses with others (e.g., Brown and Lugo, 1982; Chow and Rolfe, 1989; Keith et al., 2009; 
Roxburgh et al., 2006, West, 2015).  

2.4.1 Allometric Scaling Model 

Allometric Scaling Models (ASMs) are typically developed by relating destructive tree sampling 
biomass measurements to easily measurable tree characteristics (e.g., diameter at breast height, 
tree height). Unlike a single allometric equation, ASMs often refer to a collection of multiple 
allometric equations, and some models also account for the effects of human-induced or natural 
disturbances on biomass. Since this study does not focus on the selection or analysis of individual 
allometric equation, both approaches are collectively referred to as ASMs in the following sections. 
Commonly used ASMs incorporate one or more dependent variables and are most differentiated 
by those using only DBH, and those using both DBH and tree height. The inclusion of tree height 
typically increases biomass estimation accuracy (Yang et al., 2022); however, tree height 
measurements are difficult to obtain with accuracy in forest stands and add additional challenges 
during destructive sampling, which is partly why there are fewer allometric equations that 
incorporate height. 

The basic form of typical allometric equation is a simple power function: 

𝐵 = 𝑎 × 𝐷𝐵𝐻! (2)
Where B is biomass (kg), DBH is the diameter at breast height (1.37m) in cm, and parameters a 
and b are statistically determined. The allometric equation can be linearized using a logarithmic 
transformation: 

ln(𝐵) = ln(𝑎) + 𝑏	 × ln(𝐷𝐵𝐻) + 𝜀 (3) 

When data are transformed to a logarithmic scale, the residual errors (𝜀) are presumed to follow a 
normal distribution with an average of zero and a uniform variance. When tree height data are 
accessible, the allometric equation takes the following form with parameters c also statistically 
determined from the destructive sample: 

𝐵 = 𝑎 × 𝐷𝐵𝐻! × 𝐻" (4) 

ASMs are normally developed through a comprehensive process of destructive sampling (Picard 
et al., 2012), and substantial effort has gone into refinement of allometric equations for specific 
species and regional applications, acknowledging that a large sample size is needed to derive 
robust equations (Yang et al., 2022). However, destructive sampling is a labor-intensive and costly 
data acquisition (Disney et al., 2018). Non-destructive sampling methods involving LiDAR offer 
a cost and time effective alternative to destructive sampling with minimum-to-no impact on the 
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ecosystem that can yield substantially larger sample sizes and can contribute to the creation of 
regionally specific allometric equations. Historically, terrestrial laser scanning (TLS) has been 
used as a non-destructive sampling approach to estimate biomass and generate local allometric 
equations (e.g., Aguilar et al., 2019; Lau et al., 2019; Stovall et al., 2018, 2023). The increased 
regional specificity typically yields more accurate biomass estimates than national equations Case 
and Hall (2008) and species-specific equations also increase accuracy relative to general-species 
equations  Annighöfer et al. (2016). Additionally, Roxburgh et al. (2015) explored the relationship 
between sample size and model accuracy and demonstrated that larger sample sizes improve the 
model's capacity for generalization. 

Although the pathways to more accurate allometric growth models are known, numerous 
challenges persist. For instance, ASMs are often derived from empirical measurements taken 
within specific locales or from trees of certain size classes, which limits their broader application 
(Disney et al., 2018). Even within the same species, the disparity between results from small-scale 
local equations and national equations can be substantial. As noted by Xing et al. (2019), 
inaccuracies can escalate, leading to as much as a 12% overestimation of stand-level aboveground 
biomass, contingent upon forest cover type. Moreover, databases typically offer a limited selection 
of species-specified allometric models for local tree varieties, because destructive sampling often 
targets standard growth dominant trees, this results in less accurate estimates for trees at the 
extremes of diameter classes—smaller and larger trees—which are less frequently sampled. 
Despite allometric growth models being the most widely utilized method for estimating the 
aboveground biomass of trees, there are still many unresolved issues associated with their use. 

In this study, we employed two ASM tools. First, we conducted an extensive literature search to 
harvest allometric equations and integrate them into a Jupyter Notebook using the R 4.2.0 kernel 
that is open source. We acquired 1,058 formulas representing all or parts of 285 different tree 
species and estimated tree carbon for each tree in our sample sites using this tool. The tool has 
much broader utility and has been run successfully with up to 150,000. Then, i-Tree Eco 
(hereinafter referred to as i-Tree) (https://www.itreetools.org/tools/i-tree-eco) developed by the 
US Forest Service was used to estimate individual tree carbon. The i-Tree model uses a variety of 
tree characteristic (e.g., species, DBH, height, crown health), land use (e.g., residential, park, 
wetland) and status (e.g., planted, ingrowth) inputs to generate estimates of carbon storage, carbon 
sequestration, and other ecological functions (e.g., precipitation interception). The minimum 
requirements for running i-Tree are tree species and DBH measurements. While i-Tree is open 
access and freely available for use, our team is interested in knowing, which specific equations are 
used and we, like many, are trying to ensure our research is findable, accessible, interoperable, and 
replicable (i.e., FAIR compliant, Wilkinson et al. 2016).  

2.4.2 Three-Dimensional (3D) Reconstruction 

Each tree has a distinct spatial structure that is the outcome of myriad factors affecting tree growth 
(e.g., competition for light and nutrients, soil characteristics and water holding capacity, slope and 
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topology), and this uniqueness persists even among trees of the same species growing under similar 
environmental conditions.  In this context, 3D reconstruction is emerging as a critical approach to 
derive detailed models of single trees or their collection in forest areas to support precise, quick, 
and automated modeling of tree structures and their geometric properties. The techniques for 3D 
reconstruction currently employed in research can generally be classified into three categories: 1) 
Voxel-derived volume methods (Hosoi et al., 2013; McHale, 2008), which rely on voxel-based 
volumetric analysis; 2) Point structure estimation techniques (Kankare et al., 2013; Srinivasan et 
al., 2014), focusing on estimating structures from point data and stem curve; and 3) Quantitative 
Structure Modeling (QSM) (Calders et al., 2015; de Tanago et al., 2018; Disney et al., 2018; Thies 
et al., 2004), which is a method for creating detailed structural models of trees. In the following 
sections, we delve into the foundational principles and practical applications of the Quantitative 
Structural Modeling. 

An approach to 3D tree reconstruction that originated nearly two decades ago (e.g., Raumonen et 
al., 2013), is known as Quantitative Structural Modelling (QSM, Disney et al., 2018). The 
modelling approach can be conceptualized as comprising six steps: obtaining a point cloud of a 
tree, segmenting that point cloud into sections of the stem and branches, fitting cylinders to the 
points in each segment (e.g., Hackenberg et al., 2014), calculating the volume of the cylinder, and 
finally, summing up the cumulative volume of all generated cylinders. How each of these steps 
are operationalized and visualized differentiates one QSM approach from another (e.g., AdQSM, 
Fan et al. (2020); TreeQSM, Raumonen et al., (2013); SimpleTree, Hackenberg et al., (2015); 
PypeTree, Delagrange et al., (2014)). The estimation of tree biomass and carbon from the QSM 
approach is a final simple step that involves multiplying the estimated tree volume by the wood 
density of the tree to obtain an estimate of biomass and dividing that biomass in half to derive an 
estimate of carbon.  

Validation of QSM approaches have taken different forms. For example, a virtually constructed 
artificial tree was used in combination with Monte Carlo simulated Terrestrial Laser Scanning 
(TLS) point clouds to quantify that an error margin of 5–10%, was attainable using a QSM 
approach (Raumonen et al. 2013). In another case, TLS scanning and QSM were compared to 
destructive harvest measurements of 20 tropical trees, yielding a concordance correlation 
coefficient of 0.95 and evidence that results were not affected by tree structural characteristics (de 
Tanago et al. 2018). Another tropical destructive sampling study, comprising 26 trees, found QSM 
derived tree characteristics were very similar to field measurements, e.g., observed vs QSM 
diameter at breast height were 16.7-128.7, 16.7-130.2 cm, respectively (Lau et al. 2018).  Often 
the overarching goal of data collection and modelling is to generate localized allometric equations, 
which in this case led to TLS QSM derived allometric equations yielding R2 0.92-0.93 with field 
biomass measurements.  

Similar to the use of TLS data with QSM based approaches for tree biomass estimation, Remotely 
Piloted Aircraft LiDAR scanning (RPA-LS) has also been used. When compared to TLS-QSM, 
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one study of mature beech and oak stands achieved a Concordance Correlation Coefficient (CCC) 
of 0.85, with a decrease in performance with smaller branches and denser stands. The flexibility 
of QSM for TLS and RPA applications offers a leap forward in the non-destructive evaluation of 
tree biomass, paving the way for improved allometric models and enhanced precision in biomass 
and carbon emission assessments.  

Among the three 3D reconstruction approaches mentioned above, QSMs stand out as the most 
precise method for assessing tree volume, aboveground biomass, and architecture (Disney et al., 
2018). However, this method is not without its uncertainties. Factors such as inherent variations in 
the reconstruction procedures, trunk shapes, and the presence of needles and leaves can influence 
the quality of the 3D reconstruction (Disney et al., 2018; Ye et al., 2019). Nevertheless, no study 
has yet validated this claim by directly comparing these methods. Given this context, the primary 
goal of our research is to fill this knowledge gap. To do so, we compare TreeQSM and AdQSM in 
their ability with LiDAR data to replicate in-situ DBH measurements and compare their estimation 
of biomass and carbon relative to estimates acquired using allometric equations obtained from 
literature and those derived from i-Tree. Through this comparative effort, we hope to offer 
definitive insights into the relative accuracy and robustness of QSMs compared to other prevalent 
tree estimation techniques as well as provide a benchmark for others to compare their work. 

TreeQSM (Raumonen et al., (2013), https://github.com/InverseTampere/TreeQSM) is an 
advanced software tool developed in MATLAB, specifically designed for constructing QSMs from 
tree point cloud data collected via terrestrial laser scanning. This software excels in providing 
detailed assessments of tree structural metrics such as trunk volume, branch volume, number of 
branches, DBH, tree height. The core of TreeQSM's model reconstruction lies in the appropriate 
setting of three critical parameters: PatchDiam1, PatchDiam2min, and PatchDiam2Max. These 
adjustable patch diameters are strategically placed on the tree to outline its overall structure. 
Different patch diameters serve distinct functions: initially, the algorithm uses a uniform and larger 
PatchDiam1 to filter irrelevant points. Subsequently, to differentiate between the trunk and 
branches, patches of varying sizes are employed, ranging from the smaller PatchDiam2min to the 
larger PatchDiam2max. The use of variable-sized patches allows TreeQSM to delineate and 
quantify components of a tree's complex branching patterns. 

AdQSM (Fan et al. (2020)) is a C++ developed 3D tree model reconstruction method based on 
terrestrial laser scanning point clouds. Building upon (AdTree, Shenglan Du et al. 2019), which 
offered high modeling precision and visualization of 3D tree reconstruction. AdQSM incorporated 
tree metrics and validation. against the destructive sampling of 29 tropical trees. Results of these 
validation efforts yielded an R2 of 0.94 between modelled and observed DBH, and R2 of 0.96 
between modelled and observed volume. AdQSM utilizes two essential parameters: height 
segmentation (HS) and cloud parameter (CP). HS determines the height of each segment in the 
point cloud data, while CP determines the extraction rate of the point cloud. According to the 
software’s instructions, CP is recommended to remain fixed, HS should be adjusted to produce 
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different outcomes. The average of these reasonable outcomes is then taken as the representative 
value for the tree. 

2.4.3 QSM Calibration 

The calibration of the two Quantitative Structure Models, TreeQSM and AdQSM, took slightly 
different approaches. TreeQSM contains three parameters requiring specification for a model run: 
PatchDiam1, PatchDiam2Min, PatchDiam2Max. TreeQSM partitions an input point-cloud data 
into patches (i.e., groups of points) and each of the PatchDiam parameters affect how the creation 
of patches occurs. The first parameter, PatchDiam1 (length in m), is used to filter out irrelevant 
points (e.g., noise) and create an initial set of point-cloud partitions. These initial partitions are 
uniform in length and larger than subsequent partitions. Using these initial partitions, subsequent 
patches are created that vary in size and range from smaller PatchDiam2Min to PatchDiam2Max, 
whereby Min represents the tips of branches and Max represents the size at the base of the tree 
stem (in m). Specifics of the model and parameterization are discussed elsewhere (Raumonen et 
al. 2013, and TreesQSM Version 2.4.1 Manual). 

To calibrate TreeQSM, our tree sample data were subset (70%) for model training. Calibration 
proceeded through an iterative process that involved modifying parameter values for PatchDiam1, 
PatchDiam2Min, and PatchDiam2Max, as well as the number of models run. The standard 
calibration approach for TreeQSM involves systematically sweeping parameters at regular 
intervals (Raumonen, 2022), but this approach often limits the parameter space explored. Instead, 
we sought to explore a broader parameter space and used a Monte Carlo approach, which randomly 
selected parameter values within predefined ranges for the three PatchDiam parameters 
(PatchDiam1 0.05-0.10, PatchDiam2Min 0.02-0.06, and PatchDiam2Max 0.03-0.15). TreeQSM 
contains stochasticity in its model generation, therefore each tree was modeled 25 times (5 
iterations with 5 model runs per iteration). To assess model accuracy, the DBH for each modelled 
tree in the training set was calculated and compared to the observed in-situ DBH using the Root 
Mean Square Error (RMSE). The parameter configuration that yielded the lowest RMSE during 
the training phase was then used in our validation assessment (i.e., testing phase).   

The calibration of AdQSM was much simpler as there are only two free parameters to manipulate. 
The first is known as the height segmentation (HS) parameter. It controls the height of each 
partition of the point cloud and therefore the number of segments. We systematically increased the 
HS parameter at increments of 0.05 from 0.4 to 1.0 to generate 30 models for each tree. The second 
parameter, the cloud parameter, specifies the maximum number of points in the cloud that are used 
in the cylinder fitting process in each segment specified by the HS parameter. The cloud parameter 
was kept at the default value of 0.003 as suggested in the software’s instructions. The final 
AdQSM-estimated DBH was obtained by averaging the outcomes after excluding extreme values 
to ensure accuracy. The final AdQSM-estimated DBH was calculated by averaging the results after 
excluding extreme values. These extreme values were identified when certain HS parameters 
produced results with significant deviations from others using the same tree point cloud data, or 
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when the model visualization exhibited substantial discrepancies or failed to generate a successful 
model. In such cases, these outliers were excluded to ensure the accuracy of the average DBH. 

3 Results 

3.1 QSM Validation 

3.1.1 Leaf on versus Leaf off 

The distribution of DBH values from all in-situ measurements (i.e., both sites combined) had a 
mean 15.98 cm and standard deviation of 9.57 cm among our sample of 93 trees in leaf-on season 
(August 31, 2023; Table 4). When pooled together, we obtained contrasting outcomes from the 
two QSM approaches. TreeQSM yielded an average DBH (39.14 cm) that was 23cm more than 
in-situ DBH average. However, the standard deviation was more than 5 times greater (55.18 cm) 
than the distribution of in-situ DBH measurements. A Pearson Correlation of in-situ and TreeQSM 
DBH values (r = 0.05) showed little correspondence despite the similar mean score. While AdQSM 
provides a more aesthetically pleasing visual output as well as simpler operation than TreeQSM, 
it also yielded better results overall. The distribution of DBH values estimated by AdQSM had a 
similar spread to the in-situ measurements (sd = 7.40 cm), but the mean DBH was much higher 
(27.77 cm), which exhibited less overlap with our in-situ measurements compared to TreeQSM. 
A Pearson Correlation of in-situ and AdQSM DBH values was moderate correlation (r = 0.57), 
suggesting more alignment and consistency with in-situ measurements than TreeQSM. The 
calculation of error metrics reinforced these findings, such that TreeQSM had greater error and 
less fit (RMSE = 58.37, MAE = 32.27, R2 = 0.002) than AdQSM (RMSE = 8.51, MAE = 6.03, R2 
= 0.33).  

During the leaf-off season (December 6, 2023), the distribution of DBH values from all in-situ 
measurements had a mean 15.27 cm and a standard deviation of 8.97 cm among our 86-tree sample 
(Table 4). Tree mortality consumed seven trees between the two data collection dates. With the 
leaf-off data. we again received different outcomes from the two QSM approaches (Fig. 3). The 
mean TreeQSM DBH (12.45 cm) underestimated the in-situ value of 15.27 cm, which was a 
greater difference than obtained during the leaf-on season. However, in the leaf-off season, the 
standard deviation of DBH obtained by TreeQSM (5.86 cm) was much closer to the in-situ value. 
The correspondence between the TreeQSM DBH values and the in-situ values was worse and in 
the opposite direction as demonstrated by a Pearson Correlation of -0.12. Using the leaf-off data, 
the performance of AdQSM improved. Despite overestimating the distribution of DBH scores 
relative to the in-situ measurements (mean = 23.41 cm, sd = 7.05 cm), the Pearson Correlation was 
high (r = 0.81). Error metrics also demonstrated that TreeQSM (RMSE = 11.64, MAE = 8.77, R2 
= 0.02) had greater error and did not fit the data as well as AdQSM (RMSE = 9.57, MAE = 8.22, 
R2 = 0.66) using our leaf-off data. 
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Table 4. Summary of in-situ and DBH estimation (cm) and accuracy results for TreeQSM and AdQSM in 
Harvested and Undisturbed forest sites during leaf-on and leaf-off seasons. sd = standard deviation, RMSE = 
root mean squared error, MAE = mean absolute error, MAPE = mean absolute percentage error. 

 
Comparison of leaf-on versus leaf-off for both TreeQSM and AdQSM demonstrated that leaf-off 
data yielded better results and that TreeQSM consistently performed poorly relative to AdQSM. 
Reduced error and better model fit using leaf-off data can be attributed to reduced leaf occlusion, 
which enabled the point cloud to best represent the stem and branches (i.e., the woody biomass) 
of our sample trees and subsequently improved the cylinder fitting algorithms of the QSM 
approaches. These results, from pooling all trees, demonstrate that AdQSM is able to derive a 
moderate fit to in-situ DBH measurements with an average DBH error between 6.03 cm and 8.22 
cm. Qualitative in-field comparisons have shown DBH measurements can vary by +/- 2.00 cm, 
which suggests that opportunity exists for the QSM approach with further refinement and error 
reduction. 
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Figure 3. DBH Distributions of all trees from different approaches in a) leaf-on and b) leaf-off conditions. Seven 
extreme values (319.04cm, 218.88cm, 11.41cm, 115.45cm, 112.61cm, 105.26cm, 85.955cm) were removed from 
TreeQSM estimates in a) for visualization purposes w. All other data are included. 

3.1.2 Harvested versus Undisturbed sites  

While our sample of trees were all acquired from within the Hullett Wildlife Preserve, a portion 
of the sample was acquired from a forest that had been harvested and a portion that was acquired 
from an undisturbed forest (Section 2.1). During the leaf-on data collection, the Harvested site 
contained 30 trees comprising a mean DBH of 19.92 cm (sd.= 11.97 cm). TreeQSM overestimated 
the mean DBH (29.97 cm) and obtained a very high standard deviation (32.02 cm). The distribution 
of TreeQSM-estimated DBH values had little correspondence with in-situ measurements (r = -
0.32), a high error and poor model fit (RMSE = 37.6. MAE = 26.7, R2 = 0.10). AdQSM again 
outperformed TreeQSM. Despite AdQSM obtaining a similarly high mean DBH of 28.30 cm, the 
standard deviation was smaller 5.82 cm, the correspondence between AdQSM and in-situ results 
was strong (r = 0.76), error was much lower (RMSE = 5.59, MAE = 3.91) and the model fit was 
moderate (R2 = 0.57). 

Similar results were attained during the leaf-off data collection, where 26 trees were measured in-
situ at the same site. The mean DBH of these trees was 17.92 cm (sd = 11.36 cm), which is 2 cm 
less than observed during the leaf-on season, which is likely due to winter shrinkage (Winget and 
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Kozlowski 1964, Zweifel & Häsler, 2000) and demonstrates the need to conduct in-situ 
measurements in concert with remotely sensed data collection to ensure correspondence and 
accurate results. TreeQSM improved substantially with leaf-off data (mean = 12.03 cm, sd = 5.68 
cm, Fig. 4), which more closely aligns with the in-situ measurements, but in contrast to the 
overprediction of DBH values by TreeQSM during leaf-on, in this case TreeQSM underpredicted 
DBH values. Regardless, TreeQSM DBH estimates did not correspond well with in-situ 
measurements (r = -0.37), error was high (RMSE = 15.32, MAE = 12.22), and model fit was low 
(R2 = 0.14). A better performance was attained by AdQSM, whose DBH values were highly 
correlated with in-situ measurements (r = 0.97), less error was incurred (RMSE = 9.85, MAE = 
8.84) and model fit was very strong (R2 = 0.94). 

The Undisturbed Forest site was younger, had a greater tree density (63 trees in 400 m2 plot), and 
a slightly smaller average DBH (mean = 14.10 cm, sd = 7.60 cm) than the Harvested site. When 
estimating these DBH values during the leaf-on season, results from TreeQSM were very poor 
(mean = 47.67 cm, sd = 69.81 cm) with very high error and poor model fit. While AdQSM again 
performed much better than TreeQSM using leaf-on data, results from AdQSM for this 
Undisturbed site were not as strong (RMSE = 10.93, MAE = 8.45, r = 0.74, R2 = 0.38) compared 
to the less dense Harvested site.  

During the leaf-off season, the Undisturbed site had 60 live trees with an average DBH of 14.12 
cm and a standard deviation of 7.54 cm, almost identical to the leaf-on season. From our point 
cloud collected at this time, TreeQSM did much better than during leaf-on, slightly under 
predicting the in-situ mean by 2 cm (mean = 12.23 cm, sd = 5.87 cm) and lower error (RMSE = 
9.58, MAE = 7.25), but having poor correspondence on a tree-by-tree basis (r = 0.03) and poor 
model fit (R2 = 0.00). AdQSM yielded similar error metrics (RMSE = 9.46, MAE = 7.98) to 
TreeQSM, but these values were better aligned with observations (r = 0.74, R2 = 0.55).   

Our comparison of the less dense Harvested forest data to that of the younger, denser, Undisturbed 
forest showed that AdQSM showed more consistency, correlation, and less error across both forest 
types and seasons than TreeQSM. We note consistency since in both forest sites AdQSM 
overpredicted DBH scores compared to in-situ measurements for both leaf-on and leaf-off 
conditions. However, TreeQSM overpredicted DBH values during leaf-on and under-predicted 
during leaf-off conditions. While AdQSM outperformed TreeQSM, both QSMs yielded better 
results in the less dense Harvested forest site compared to the Undisturbed site.  
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Figure 4. The DBH distribution for all trees by study site - Harvested and Undisturbed forest in a) leaf-on and 
b) leaf-off conditions. Extreme values were removed in a) for visualization purposes with their maximum value 
reaching 80 cm. 

3.1.3 DBH Class 

To investigate the potential influence of tree size (via DBH) on model performance, our 93-tree 
sample during the leaf-on season was divided into eight DBH classes starting with the threshold 
for tree measurement (5 cm) and increasing up to 45 cm at 5 cm intervals. Our leaf-on in-situ 
measurements only yielded 1 tree in each of the 35-40 cm and 40-45 cm DBH class intervals, and 
our leaf-off in-situ measurements only yielded one tree in the 35-40 cm class interval and one tree 
in the 40-45cm. 

Our 900 pts/m2 leaf-on data were not able to observe trees with a DBH less than 10 cm and there 
was an insufficient number of trees (< 3) to assess DBH classes greater than 35 cm. Within the 10-
35 cm range, there was no systematic decrease in error with increasing DBH for TreeQSM, but 
there was a decrease in error with increasing DBH when AdQSM was used. The two QSM models 
showed poor correlation with each other (Pearson correlation coefficient ranging from -0.59 to 
0.85), demonstrating that they behave differently with the same data. TreeQSM did not perform 
as well as AdQSM in each of the five DBH intervals and the range of error was much greater for 
TreeQSM (RMSE = 16.86 - 94.16, MAE = 15.44 - 50.90) than AdQSM (RMSE = 1.30 - 10.66, 
MAE = 0.93 - 8.59). Partitioning our data by DBH class also showed low correspondence between 
TreeQSM and in-situ measurements (r = -0.56 - 0.29) and AdQSM showing high correspondence 
(r = 0.74 - 0.85, Table 5). 
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Table 5. Summary of in-situ DBH Class measurements and TreeQSM and AdQSM DBH estimates during leaf-
on and leaf-off conditions. Mean and standard deviation (sd.) are reported in centimetres. RMSE = root mean 
squared error, MAE = mean absolute error, R2 = coefficient of determination. 

 
 

When we look at our leaf-off season data, we have a slightly higher number of observations 
(nTreeQSM = 85, nAdQSM = 79) compared to our leaf-on data (nTreeQSM = 59, nAdQSM = 30) due to the 
increased tree visibility. Analysing our DBH measurements by QSM model with leaf-off data, we 
again find that, overall, TreeQSM did not perform as well as AdQSM. However, TreeQSM 
obtained lower RMSE (7.1-8.63) and lower MAE (5.01-6.74) in the three DBH classes between 
5-20 cm than was obtained by AdQSM (RMSE = 7.75-12.51, MAE = 7.33-11.59). At DBH classes 
from 20- 35 cm, TreeQSM performed quite poorly (RMSE = 11.90-22.25, MAE = 10.77-21.94) 
relative to AdQSM (RMSE = 2.25 - 9.85, MAE = 2.14 - 7.47). 

The error metrics and distribution of DBH values by class (Fig. 5) demonstrate that TreeQSM does 
not perform as well as AdQSM when leaf-on data are used, and TreeQSM only outperforms 
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AdQSM in the smallest DBH classes (5-10, 10-15, 15-20 cm) when leaf-off data are used. Overall, 
AdQSM tends to overestimate DBH values, particularly at lower DBH classes, but otherwise 
consistently achieves lower error and less variation with larger DBH values compared to 
TreeQSM. While TreeQSM was created with the assumption that leaves would not be included in 
the point cloud and therefore the reduction in error metrics from leaf-off data was expected, 
AdQSM experienced several DBH classes that yielded higher error in leaf-off than leaf-on 
conditions. 

 

  

Figure 5. Distributions of all DBH class from different approaches in a) leaf-on and b) leaf-off conditions. 
Extreme values were removed in a) for visualization purposes with their maximum value reaching 80 cm. 

3.2 Carbon 

3.2.1 Leaf on versus Leaf off 

In the absence of destructive sampling data, which could serve as a benchmark for assessing the 
accuracy of quantifying tree biomass and carbon using Remotely Piloted Aircraft LiDAR data and 
QSM approaches, we utilized a series of allometric equations and i-Tree as reference conditions 
to evaluate the differences between traditional Allometric Scaling Models (ASMs) and 3D QSM 
reconstruction models (Table 6). Since the LiDAR data and QSM approaches are unable to capture 
all trees measured in-situ, we first report on tree count and total estimated carbon stocks and then 
the distribution of tree carbon values using mean and standard deviation. 
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Table 6.Summary of carbon storage (kg) estimation result from allometric equations, i-Tree, TreeQSM and 
AdQSM in Harvested and Undisturbed forest sites during leaf-on and leaf-off seasons.  

 
During the leaf-on season, the two ASMs exhibited similar results. The total estimated carbon 
storage for all trees by allometric equations and i-Tree during the leaf-on season was 9,317 kg and 
7,780 kg, respectively. The difference in total carbon is substantial, which is due primarily to the 
built-in assumption of allometric equations that the trees are in good health. i-Tree has a lower 
estimate due to the inclusion of dieback as estimated in the field. When we look at the distribution 
of estimated tree carbon values, the two ASMs had a very high correlation (r = 0.90) and similar 
average and standard deviation tree-carbon stocks (allometric equations mean = 100kg, sd = 135 
kg; i-Tree mean = 84 kg, sd = 128 kg).  

Of primary interest is the total carbon stock estimated using the QSMs relative to the ASMs. In 
leaf-on conditions, the LiDAR data and QSMs were unable to capture and adequately represent a 
sufficient number of trees. For example, TreeQSM was only able to represent 56 of 93 trees (60%) 
yet it yielded a total estimated carbon storage of 84,461 kg, which is approximately an order of 
magnitude greater than the carbon stock estimated by i-Tree. AdQSM represented even fewer trees 
(n = 30, 32%), which led to a lower total carbon estimate (20,646 kg) than TreeQSM, but it was 
still much greater than the total carbon stocks estimated by the two ASM approaches. 

The average tree carbon from both QSM models were significantly higher than that acquired by 
the two ASMs. TreeQSM far exceeded the ASM mean values (mean 1508 kg, approximately 15 
times greater than the allometric equation and 18 times greater than i-Tree) and produced a very 
large standard deviation of 5,083 kg. The median value of TreeQSM was very low, indicating that 
nearly half of the tree samples had very low carbon storage estimates, while a small number of 
trees with extremely high values significantly inflating the average (Fig. 6). The correlation 
between the distribution of tree carbon estimates from TreeQSM with the ASMs (rAllo.Eq = 0.08, ri-
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Tree = 0.14) was weak. While AdQSM also estimated a much greater average tree carbon stock 
(mean = 268 kg, sd = 198 kg) than the ASMs, AdQSM was only 2-3 times greater and obtained a 
similar standard deviation. The distribution of individual tree values was moderately correlated 
(rAllo.Eq = 0.49, ri-Tree = 0.5) with the ASMs. The differing performances of TreeQSM and AdQSM 
when compared to the ASMs reflect significant differences in their estimation results, a 
characteristic also highlighted by the negative correlation (-0.03) between TreeQSM and AdQSM. 

Using leaf-off season data, the trends observed during the leaf-on season persisted. Results from 
our allometric equation approach and i-Tree again provided similar estimates of total and mean 
carbon storage (totalAllo. Eq = 7444 kg, meanAllo. Eq = 87 kg, sdAllo. Eq = 120 kg; totalAllo. Eq = 6283 
kg, meani-Tree = 73 kg, sdi-Tree = 107 kg), and their correlation was very high (r = 0.95). In these 
leaf-off conditions, the LiDAR data and TreeQSM was able to represent 85 of 86 trees (99%). 
However, TreeQSM still substantially overestimated total carbon (41,680 kg) and had a 
substantially lower average tree-carbon storage estimate (49 kg) with a smaller standard deviation 
(sd = 44 kg) compared to the two ASM approaches. This under estimation contrasts with the very 
high leaf-on overestimation and demonstrates the inconsistency of TreeQSM. Evaluating the 
correlation in individual tree-carbon estimates from TreeQSM with the allometric equation 
approach and i-Tree showed very weak correlations, r = 0.07 and r = 0.08, respectively.  

AdQSM with leaf-off LiDAR data acquisition was able to better capture and represent our study 
area trees (n = 79 or 92% of in-situ measured trees). AdQSM, was more consistent and again over 
estimated carbon storage relative to the ASMs with a total carbon storage estimate of 12,800 kg. 
However, in the leaf-off conditions, the average tree-carbon estimate and its standard deviation 
were closer to that obtained by the ASMs (mean = 162 kg, sd. = 173 kg). Despite the average tree-
carbon from AdQSM being almost double that of the ASMs, the distribution of individual tree-
carbon estimates was very highly correlated with the allometric equation approach (r = 0.96) and 
i-Tree (r = 0.91). These results suggest that AdQSM has a greater potential to derive an accurate 
tree- and forest- carbon estimate compared to TreeQSM, and that further investigation into the 
factors affecting QSM results such as LiDAR footprint, point density, crown penetration among 
others is needed.  
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Figure 6. Carbon storage distribution of all trees from different approaches in a) leaf-on and b) leaf-off 
conditions. For visualization purposes, 13 extreme values from TreeQSM in a) were removed, as they exceeded 
800 kg, with the highest removed value reaching 34,986 kg. But all other data are included. 

3.2.2 Harvested versus Undisturbed Forest 

During the leaf-on season, the Harvested forest showed some variability in carbon storage 
estimates across the different methods. The allometric equation provided a total carbon storage 
estimate of 4764 kg with a mean tree-carbon estimate of 159 kg (sd = 183 kg), while i-Tree yielded 
a slightly lower total carbon storage of 4122 kg with mean tree-carbon of 137 kg (sd = 190 kg). A 
strong Pearson correlation of 0.92 between these two methods suggests that their estimates are 
closely aligned, as reflected in the overlapping interquartile ranges (Fig.7). 

TreeQSM, however, displayed significantly higher variability in tree-carbon estimates (mean = 
402 kg, sd. = 701 kg), and yielded with a total carbon storage of 10,847 kg. A maximum tree-
carbon value of 2,855 kg far exceeds estimates from the other methods, indicating the presence of 
outliers that heavily skew TreeQSM results. In addition, a weak correlation of TreeQSM with the 
allometric equation (r = -0.28) and i-Tree (r = -0.28) indicate that its estimates do not align well 
with the ASMs. In contrast, AdQSM provided a total carbon storage of 4586 kg, which was within 
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200 kg of the allometric equations estimate and within 500 kg of the i-Tree estimate (Table 6). The 
AdQSM mean tree-carbon estimate of 287 kg (sd = 170 kg) was notably higher than the estimates 
from the allometric equation and i-Tree but was strongly correlated with both (rAllo. Eq = 0.81, ri-

Tree = 0.72) suggesting that AdQSM produces a pattern of carbon estimates similar to the ASMs. 

In the leaf-off season, the carbon storage estimates for the Harvested forest exhibited a similar 
pattern with leaf-on season. The allometric equation and i-Tree methods continued to produce 
closely aligned estimates, with total carbon storage of 3495 kg and 2802 kg, and mean values of 
134 kg (sd = 171 kg) and 108 kg (sd = 156 kg), respectively. A Pearson correlation of 0.94 between 
these methods indicates that their estimates remained consistent, as reflected in the overlapping 
interquartile ranges (Fig. 7). 

TreeQSM provided lower estimates during this season, with a total carbon storage of 1,415 kg, a 
mean value of 54 kg and a narrower distribution range (sd = 54 kg). The maximum value of 207 
kg was significantly lower than those from the other methods, and the weak correlations with the 
allometric equation (r = -0.20) and i-Tree (r = -0.20) suggest that TreeQSM's estimates were not 
well aligned with the traditional models during the leaf-off season. AdQSM, on the other hand, 
produce higher carbon estimates, with a total carbon storage of 5284 kg, a mean value of 240 kg 
(sd = 221 kg). The correlation between AdQSM and the allometric equation remained very strong 
(r = 1.00) and the correlation with i-Tree was also very high (r = 0.91), suggesting that AdQSM 
provides a consistent estimation approach, even if its values are generally higher. 

For the Undisturbed forest during the leaf-on season, the allometric equation and i-Tree produced 
similar carbon storage estimates, with total carbon storage of 4553 kg and 3658 kg, and mean 
values of 72 kg (sd = 94 kg) and 58 kg (sd = 75 kg), respectively. A strong Pearson correlation of 
0.83 between these two methods underscores the consistency and alignment in their estimates. 
TreeQSM yielded significantly higher carbon storage estimates, with a total carbon storage of 
73614 kg, a mean value of 2538 kg and an exceptionally large standard deviation of 6930 kg. The 
presence of extreme outliers is evident from the maximum value of 34986 kg, contributing to a 
very broad distribution. The correlations of TreeQSM with the allometric equation (r = 0.18) and 
i-Tree (r = 0.33) were notably weak. AdQSM provided a total carbon storage of 7516 kg, with a 
mean tree-carbon estimate of 247 kg (sd = 231 kg), which was 3-5 times higher than those 
produced by the allometric equation and i-Tree. The correlations between AdQSM and the 
traditional methods were moderate (rAllo. Eq = 0.38, ri-Tree = 0.30), suggesting that while AdQSM's 
estimates were higher, they did not fully align with the ASMs in the Undisturbed forest. 

When comparing AdQSM and TreeQSM performance in the Undisturbed forest with leaf-on 
conditions, AdQSM produced more stable and consistent carbon estimates, with a distribution 
closer to the ASMs, despite being higher overall. TreeQSM, on the other hand, demonstrated 
significant variability and produced estimates that were often substantially different from those 
acquired using Allometric Scaling Models (ASMs), as indicated by the weak correlations and 
broad distributions. 
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During the leaf-off season, the allometric equation and i-Tree approaches continued to generate 
closely aligned estimates of total carbon storage of 3950 kg and 3480 kg and mean values of 66 
kg (sd = 84 kg) and 58 kg (sd = 73 kg), respectively. A Pearson correlation between the two 
methods was exceptionally strong at 0.95, showing the consistency in their estimates during the 
leaf-off season. Among the QSMs, TreeQSM was able to represent 59 of 60 trees (98%) and 
produced lower total and mean carbon stock estimates than the ASMs (total carbon = 2755 kg, 
mean = 47 kg; Table 6). However, the correlations with the allometric equation approach (r = 0.09) 
and i-Tree (r = 0.40) showed a weak association.  

AdQSM was able to represent 57 of 60 trees (95%) in leaf-off conditions at the undisturbed site 
and continued to yield higher carbon storage estimates compared to the ASMs, with a total carbon 
storage of 7345 kg, a mean of 132 kg (sd = 141 kg). The correlation coefficients between AdQSM 
and the allometric equation (r = 0.95) and i-Tree (r = 0.95) were both robust, reflecting a strong 
alignment between AdQSM’s estimates and those of the ASMs. In the comparison between 
AdQSM and TreeQSM, AdQSM consistently provided higher estimates with greater alignment to 
the allometric based approaches. 

 

 

 

Figure 7. Carbon storage distribution for all trees by study site, Harvested and Undisturbed forest in a) leaf-on 
and b) leaf-off conditions. Extreme values were removed in a) for visualization purposes with their maximum 
value reaching 800 kg. 
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3.2.3 DBH class 

During the leaf-on season, the majority of trees fall within the lower DBH classes, particularly 
between 10 and 25 cm (Fig. 8). For trees in the [5,10) cm DBH class, the allometric equation and 
i-Tree showed strong agreement, with a Pearson correlation of 0.89. However, TreeQSM and 
AdQSM exhibited weak correlations with the allometric equation (r = -0.40 for TreeQSM and no 
trees for AdQSM) in this class, indicating a divergence in their estimates. Similarly, TreeQSM 
showed a negative correlation with i-Tree (r =  -0.43). 

At larger DBH classes, such as [20,25) cm, i-Tree showed moderate correlation with the allometric 
equation approach (r = 0.47), while TreeQSM and AdQSM exhibited near-zero or negative 
correlations, particularly TreeQSM, which had a correlation of -0.03 with the allometric equation. 
This suggests that TreeQSM’s estimates do not align well with the ASMs in this DBH range. 
AdQSM displayed strong correlations with the allometric equation in the [10,15) cm and [20,25) 
cm classes (r = 1 and r = 0.87, respectively), and similarly, it showed strong correlations with i-
Tree (r = 0.99 and r = 0.29). For larger DBH classes, particularly [30,35) cm, the correlation 
between QSMs and the allometric equation dropped significantly (rTreeQSM = -0.51, rAdQSM= -0.18). 
The correlation between TreeQSM and i-Tree also remained low (r = -0.99), while AdQSM’s 
correlation with i-Tree was slightly better (r = 0.35), though still not strong. The limited number 
of trees in the higher DBH classes made it challenging to draw strong conclusions, but the data 
suggests that TreeQSM struggles more with accuracy as DBH increases, particularly in 
comparison to AdQSM, which, despite some inconsistencies, generally performed better across 
the range of DBH classes. 

In the leaf-off season, the number of trees increased slightly, which allowed for a more informative 
analysis of the DBH classes. The correlation patterns observed in the leaf-on season persisted, with 
some notable differences. For the [5,10) cm DBH class, the allometric equation and i-Tree 
maintained a strong correlation (r = 0.89), similar to the leaf-on season. TreeQSM showed a 
modest improvement in correlation with the allometric equation (r = 0.28) and with i-Tree (r = 
0.09) in this class, suggesting slightly better alignment in the leaf-off data. However, AdQSM's 
correlation remained weak (r = 0.04 with the allometric equation and r = 0.04 with i-Tree), show 
that it did not perform as well in this smaller DBH class. 

For the [20,25) cm class, TreeQSM and the allometric equation showed moderate correlation (r = 
0.61), reflecting better performance than in the leaf-on season. TreeQSM also showed improved 
correlation with i-Tree (r = 0.49), suggesting a closer alignment with both traditional methods. 
AdQSM exhibited strong correlations in this class (rAllo.Eq= 0.79 and ri-Tree = 0.3). As DBH 
increases to [30,35) cm, TreeQSM showed a significant improvement in correlation with the 
allometric equation (r = 0.45) and i-Tree (r = 0.62), contrasting with its poor performance in the 
leaf-on season. AdQSM also performed well in this range, with a high correlation of 0.88 with the 
allometric equation and a moderate correlation with i-Tree (r = 0.44). However, as with the leaf-
on season, the data suggests that TreeQSM’s estimates are more variable and less reliable as DBH 
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increases, particularly when compared to AdQSM, which generally showed better alignment with 
the ASMs. 

 

 

Figure 8. Carbon storage distribution of all DBH class from different approaches in a) leaf-on and b) leaf-off 
conditions. 13 extreme values were removed in a) for visualization purposes with their maximum value reaching 
800 kg. 

4 Discussion 

4.1 Validation 

Our validation efforts of LiDAR and QSM approaches to recreate tree DBH values is a function 
of our point cloud density 900 pts/m2. Captured from 60 m above ground level, most of these 
points were intercepted by the tree canopy during leaf-on conditions. Our results demonstrate that 
with greater penetration of the stem below canopy (during leaf-off) conditions, we were better able 
to capture DBH. Stem and DBH representation were further improved by LiDAR acquisition in 
the lower density and larger stemmed Harvested forest than the higher density smaller stemmed 
Undisturbed forest. Partitioning our data, by DBH class, also demonstrated that larger DBH values 
were more accurately acquired with our LiDAR data and QSM models than trees with smaller 
DBH values. The ideal conditions, comprising leaf-off, low density forest (i.e., our Harvested site), 
and larger trees (DBH >= 20 cm) we were able to acquire mean absolute error (MAE, Table 5) of 
less than 2.5 cm. The 2-3 cm threshold is significant, since manual measurements of DBH can 
vary within that range. 
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Our validation results were based on a tree-by-tree comparison of DBH values. We sought to 
manually segment trees using CloudCompare (https://www.cloudcompare.org), which was a 
substantial cost in labour and time. While this approach was used to ensure the highest accuracy 
of tree identification and representation, leaf-on conditions limited our success with the data 
collection hardware used. Across the two forest sites, 93 trees were identified in-situ during leaf-
on conditions (30 in the Harvested forest and 63 in the Undisturbed forest). However, our manual 
segmentation was only able to identify 56 trees (60%) of those trees (27 Harvested and 29 
Undisturbed). During leaf-off conditions, 86 trees were identified in-situ (26 Harvested and 60 
Undisturbed) and we were able to manually segment 85 (99%) of those trees, which highlights the 
considerable impact of leaf occlusion on the success of tree isolation, especially in denser forests 
where overlapping trees naturally cause occlusion. 

Despite our ability to manually segment tree point clouds, the success rate of 3D tree reconstruction 
from those point clouds varied between the two QSMs even though they both used identical data. 
In all conditions, TreeQSM was able to reconstruct more trees than AdQSM, with the greatest 
difference occurring in the leaf-on conditions (difference of 15 trees) and most similar results 
during leaf-off conditions in the Undisturbed forest (difference of 2 trees). However, the trees that 
were represented using AdQSM in almost all conditions yielded lower error and a better model fit 
than that attained from TreeQSM. While our results suggest that AdQSM should be used moving 
forward, further investigation is needed to understand how these and other QSMs perform under 
different flight conditions that affect LiDAR beam divergence or footprint size, horizontal and 
vertical point density, angle of incidence, number of returns and other flight or sensor parameters 
that affect data acquisition in addition to environmental conditions such as different forest sites, 
seasons, and tree growth conditions. 

To further illustrate the varying performance of 3D tree reconstruction between TreeQSM and 
AdQSM under different conditions, we present Figure 9, which shows a side-by side comparison 
of the LiDAR data and the reconstructions by both QSMs under differing environmental factors. 
The distinction between good or poor data quality is primarily determined by the completeness 
and density of the tree stem in the point cloud data. Under good data quality conditions, the point 
cloud density of tree stem is high, and the points are more continuous, allowing for a more precise 
and smooth reconstruction of the tree trunk and branches. This results in smaller, tightly connected 
geometric units that better match the natural form of the tree in the point cloud data. 

In contrast, under poor data quality conditions – especially during the leaf-on season – the point 
cloud around the tree stem become sparse and fragmented due to the occlusion caused by foliage. 
This data scarcity directly affects the performance of both QSMS. TreeQSM exhibits a visible 
disjoint in the cylinder connections under poor data conditions. The cylinders are stretched and 
misaligned due to insufficient point density, leading to a less accurate and coarse representation of 
the tree structure. In the AdQSM, poor data results in noticeable bends and unnatural curves along 
the tree stem, deviating from true shape of the tree. This is particularly evident in leaf-on 
conditions, where the presence of foliage obstruct the visibility of the branch and stem. 
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Figure 9. Comparison of 3D reconstruction model using TreeQSM and AdQSM with LiDAR data under different 
data quality conditions.	The figure illustrates the variation between good and poor data quality in both leaf-on 
and leaf-off seasons. Point cloud densities for the LiDAR data are as follows: Leaf-on season - Good quality 
(430 points/m²), Poor quality (340 points/m²); Leaf-off season - Good quality (320 points/m²), Poor quality (280 
points/m²).  

4.2 Carbon 

In the absence of destructive sampling data, we used a compilation of allometric equations and i-
Tree for comparison against two Quantitative Structural Modelling (QSM) approaches. The final 
carbon storage estimates varied significantly depending on the method used. For the traditional 
Allometric Scaling Models (ASMs), both the allometric equation and i-Tree provided similar and 
consistent estimates, with total carbon storage ranging from approximately 7,780 kg (i-Tree) to 
9,317 kg (allometric equations) during the leaf-on season, and from 6,283 kg (i-Tree) to 7,444 kg 
(allometric equations) during the leaf-off season. 



 37 

The allometric equations were harvested from the literature to showcase what a traditional 
approach would typically yield for tree biomass or carbon. The use of i-Tree as an alternative 
Allometric Scaling Model (ASM) demonstrated how these results can be adjusted, based on 
empirical data (e.g., Kaitaniemi and Lintunen, 2008), to accommodate for tree health or other 
growth limiting factors (e.g., management activities; Nowak, 2021). In fact, the default crown 
health of i-Tree Eco is 83%, which if applied to our allometric equation results yields 7,733 kg in 
leaf-on conditions and 6,179 kg in leaf-off conditions – results that are nearly equivalent to i-Tree. 
While i-Tree has proven incredibly useful and beneficial for many cities (e.g., McPherson et al., 
2016; Ma et al., 2021), and research endeavors (e.g., Cimburova and Barton, 2020). i-Tree, like 
AdQSM, is open access and not open source. Therefore, our allometric equation approach enabled 
us to pick the equation to be used and understand how it is used, which we are making publicly 
available upon publication for others to use, contribute to, and build upon. 

The carbon estimates obtained from the Quantitative Structure Models (QSMs) differed greatly 
from those of the ASMs. TreeQSM estimated a total carbon storage of 84,461 kg in the leaf-on 
season and 41,680 kg in the leaf-off season, which far exceeded the estimates from all other 
approaches. Furthermore, TreeQSM exhibited substantial variability in tree-carbon and total 
carbon estimates and unrealistically large sized trees (i.e., outliers). In contrast, results from 
AdQSM were consistent and carbon estimates were more moderate with a total carbon storage of 
20,646 kg in the leaf-on season and 12,800 kg in the leaf-off season, which are higher but much 
closer to the ASMs. Overestimate of carbon was particularly apparent in the denser (Undisturbed) 
forest, which has occurred in other research initiatives (Fan et al. 2020). Dense canopy cover and 
smaller trunk diameters complicate the data acquisition process, making accurate 3D 
reconstruction more challenging and impacting the model's precision.   

TreeQSM and AdQSM, despite their poor correlation, share a common characteristic: both tend to 
overestimate carbon storage compared to traditional ASMs in a varying degree. By analyzing the 
3D reconstruction process and evaluating the results, we have identified several issues related to 
calibration and validation in both QSMs. TreeQSM offers a high degree of flexibility in operation 
and produces models with a high level of data completeness. The success of TreeQSM modeling 
relies on the calibration and fitting of three critical parameters - PatchDiam, the number of models 
generated, and the selection of the optimal model. However, TreeQSM does not provide a 
standardized approach for selecting these parameters. Instead, its documentation only offers 
suggested ranges for parameter settings and numbers of models being generated. This lack of clear 
standards presents a significant challenge to the accuracy of the results, particularly given the 
variations in point cloud data density, tree types, and shapes within different study plots. AdQSM, 
on the other hand, requires less coding expertise and offers better visualization compared to 
TreeQSM. However, its calibration method is similarly vague. The AdQSM documentation 
suggests averaging the results from different parameter settings to obtain the final output but does 
not specify the intervals for these settings or how to handle outliers produced by certain parameters. 
This lack of explicit standards also impacts the reliability of the results. 
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4.3 Future Avenues for Investigation 

Our results demonstrated that AdQSM yielded more consistent results across our three dimensions 
of analysis (leaf-on vs leaf-off, Harvested vs Undisturbed (i.e., density), and DBH class (i.e., tree 
size). With a substantial set of in-situ and corresponding Remotely Piloted Aircraft data, it would 
be possible to capitalize on this consistency through the use of statistical models (e.g., generalized 
linear models (Picard et al., 2012)) or machine learning (Martínez Prentice et al., 2021). While 
both approaches can draw statistical or mathematical relationships between the estimated and 
observed values (e.g., Belgiu & Drăguţ, 2016), artificial intelligence methods such as Schikowski 
et al., (2018) may be able to densify the point cloud based on a large sample of tree data that could 
improve the representation of the tree stem and subsequently our DBH measurements and carbon 
estimates. These same approaches may also be able to take two sets of point cloud data from leaf-
on and leaf-off conditions and derive a classification approach for foliage using colour, angle, 
return number and intensity, and other factors. While foliage classification is being pursued (e.g., 
Van Den Broeck et al., 2023), it remains a work in progress and could improve tree-carbon 
estimates, better inform models of tree growth by estimating leaf-area index and could contribute 
to estimating tree health in lieu of multi- or hyper-spectral data. 

In the presented research, trees were manually measured and specifies identification took place in-
situ. However, as frequently noted in-situ measurements are not scalable to large spatial extents, 
our results suggest that it is possible to use LiDAR and QSMs to estimate DBH and tree-carbon 
using Remotely Piloted Aircraft. However, we did not conduct species classification based on 
those data. Some have shown that structural data, such as that attained from LiDAR, can be used 
for species classification (e.g., Tigges et al., 2013). However, most use multi- (Axelsson et al., 
2018) or hyper-spectral (Ballanti et al., 2016) data for species classification, with hyper-spectral 
showing substantially better results. Therefore, it is likely that either hyper-spectral LiDAR or two 
data collection campaigns (leaf-on and leaf-off) will be required to derive both structural 
information and species identification for accurate biomass and carbon estimates. 

Quantitative Structural Modelling is being increasingly used for 3D tree reconstruction using 
terrestrial laser scanning (TLS) approaches. However, a variety of other approaches can also be 
used for 3D tree reconstruction such as voxelization (Hosoi et al., 2013) and stem curve models 
(Kankare et al., 2013). In a voxelization approach, space is tessellated in three dimensions using 
cubes known as voxels (i.e., volume pixels). Using trees captured as point clouds, the voxels can 
be specified in a binary fashion as tree presence or absence depending on the number of points 
residing in each voxel. Challenges with the voxel approach include determination of resolution 
and ensuring a water-tight model that also contains volume within the stem where no points reside. 
In a stem curve approach, the primary goal is to accurately depict the gradual change in diameter 
from the base to the top of the tree. This method is based on fitting a series of geometric shapes—
typically cylinders along the length of the stem to approximate its taper. The stem curve is created 
by segmenting the tree into cross-sections (Pfeifer et al., 2004), each described by its diameter at 
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various heights. The stem curve can then be used to estimate tree volume and biomass with great 
accuracy (Liang et al., 2012), especially when combined with other tree parameters like DBH and 
height.  

Our results suggest that improved accuracy will be attainable with improved point striking of the 
below canopy stem. Once flight parameters and point-cloud thresholds are attained and known for 
accurate QSM 3D tree reconstruction, then it will be possible to not only generate accurate carbon 
estimates across large spatial extents, but we will also be able to use those data to generate novel 
allometric equations and determine the contexts (e.g., urban versus rural, ecosystem or ecological 
zone, topography, soil, or other factors) that require localized allometric equations for accurate 
estimation of tree carbon. Furthermore, given historical challenges with the sample size associated 
with destructive sampling (e.g., Subedi et al., 2011) and the production of allometric equations in 
the past, with substantial high-density data, we can assess how accurate allometric equations 
generated decades ago (Telfer, 1969) are and better represent the size distribution or range of DBH 
values of species, which is a known issue (Morgenroth et al., 2020). 

5 Conclusion 

The presented research sought to determine the accuracy between Remotely Piloted Aircraft (RPA) 
acquired LiDAR data and in-situ measurements of diameter at breast height and subsequently what 
was the degree of correspondence between in-situ-based estimates of biomass and carbon 
compared to those derived using RPA acquired LiDAR data. To answer these two questions, two 
quantitative structural models (QSMs, TreeQSM and AdQSM) were used to 3D reconstruct natural 
forest trees from LiDAR data acquired by an RPA.  Results from these models were used to 
estimate diameter at breast height (DBH) to better understand the capabilities of RPA acquired 
LiDAR for forestry applications and the potential for these data combined with QSM methods to 
estimate total tree and forest carbon. To further understand how RPA LiDAR with QSMs compare 
to in-situ measurements and Allometric Scaling Models, we partitioned the data across three 
dimensions: leaf phenology (leaf-on versus leaf-off conditions), tree density (an older selectively 
harvested site and a younger high-density site), and tree size (DBH class). Results showed that 
AdQSM was more consistent and outperformed TreeQSM in nearly all comparisons across the 
three dimensions investigated.  

Carbon stock estimates derived from the two QSMs were variable when compared to carbon stock 
estimates derived from traditional Allometric Scaling Models (ASMs). Our results suggest that 
with a current point cloud density of 900 pts/m2, acquired at nadir (90 degrees downward) using a 
line scanning sensor acquired in three different directions (see more specifics in Section 2.3), that 
QSM results cannot be used in lieu of in-situ field measurements for accurate estimation of DBH 
or aboveground tree and forest carbon. Despite this conclusion, our results demonstrated that under 
ideal conditions during the leaf-off season, low tree density, and older/larger trees with a DBH 
between 15-35 cm it is possible to acquire DBH values that are within 2.1-7.5 cm of in-situ DBH 
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measurements. It has been shown that in-situ DBH measurement errors increase with tree size 
(Omule 1980), and it is commonly expected that there can be 5% error or more in in-situ DBH 
measurements (Elzinga 2005). Therefore, it is possible that with more exposure or increased point 
cloud density, that DBH estimates from RPA-mounted LiDAR will be able to achieve similar 
results as acquired in-situ.  

Recent advancements in remote sensing have significantly contributed to real-time forest modeling 
and carbon storage estimation, particularly in the field of 3D reconstruction. While most 3D tree 
reconstruction studies have focused on terrestrial laser scanning, the application of Remotely 
Piloted Aircraft (RPA)-based LiDAR for 3D tree reconstruction remains a novel endeavour that is 
challenged by the occlusion of tree stems by leaves and neighbouring trees. However, achieving 
high-precision 3D reconstruction using RPA-mounted LiDAR has the potential for broader impact 
than TLS given its ability to cover large spatial extents in a relatively short period of time.  Through 
our investigation of accuracy of DBH and tree carbon estimation we also sought to establish a 
benchmark for comparison for others and in doing so also provide the first comparison between 
TreeQSM and AdQSM in a North American temperate deciduous forest. 

Due to the effects of leaf and neighbouring tree and branch occlusion, the number of LiDAR points 
that actually detect the stem is significantly reduced, resulting in incomplete or unidentifiable point 
clouds for the trunk. The average number of points per tree in this study was 1.5∙104. In comparison, 
Van Den Broeck et al. (2023) reported that the number of points per tree captured using TLS in 
their study on leaf-wood segmentation was 3∙105, which is 20 times greater than in this study. This 
suggests that the overall performance of both QSMs was likely constrained by the limitations in 
point cloud density.  

It is clear from the presented research that QSMs show a promising approach to tree carbon stock 
estimation but their accuracy in the presented research was limited by a point cloud density of 900 
pts/m2, much of which was intercepted by the canopy. Increasing point density along the stem is a 
critical determinant of model accuracy, which in turn determines the precision of non-destructive 
forest ecosystem aboveground carbon stock estimates. Accurate models are crucial not only for 
understanding and quantifying the significant role forests play as carbon sinks and in carbon 
offsetting (Daigneault et al., 2022), but also for providing references for studies on the ecological 
benefits of forests, such as microclimate regulation and biochemical cycles. The rate at which new 
Remotely Piloted Aircraft and sensors are being created and deployed is increasing and this 
equipment are also increasing the amount of data acquisition. For example, in 2024 Riegl released 
a LiDAR sensor (Ultra 12023) that can be mounted on an RPA with a measurement rate of 2.4 
million pulses per second, which is 2.3 million more points per second than the Riegl MiniVux 1 
used in the presented study. We anticipate significant improvements in data acquisition and 3D 
tree reconstruction accuracy in the coming decade and how much improvement they provide 
beyond the presented results at 900 pts/m2.  
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Chapter 3 

Future Work 

The significance of 3D tree modeling and non-destructive forest carbon storage estimation extends 
far beyond academic research; it plays a vital role in addressing global environmental challenges 
and contributing to international frameworks like the Intergovernmental Panel on Climate Change 
(IPCC) and the United Nations Framework Convention on Climate Change (UNFCCC). These 
frameworks emphasize the need for accurate, efficient, and scalable methods to monitor, assess, 
and mitigate climate change (United Nations Framework Convention on Climate Change 
[UNFCCC], 2015;	 Intergovernmental Panel on Climate Change [IPCC], 2021-2022). Forest 
ecosystems, as vital carbon sinks, are at the core of these efforts. Precise forest carbon stock 
assessments are critical to understanding the dynamics of global carbon cycles, which directly feed 
into national and international climate policies aimed at reducing greenhouse gas emissions. 

The presented research in Chapter 2 represents the initial stage of a broader effort toward the 
development of advanced, accurate, and non-destructive methods for forest carbon modeling. The 
blueprint for forest carbon modeling, outlined in documents such as the IPCC’s Good Practice 
Guidance for Land Use, Land-Use Change and Forestry (2003), highlights the necessity of 
improving existing biomass and carbon stock estimation methods. The ability to use RPAS-based 
LiDAR data for the extraction of individual tree parameters, as demonstrated in this study, reveals 
the potential to advance the science of understanding and quantifying tree growth, carbon stocks 
and sequestration, and the conditions that drive its variability. Likewise, these advances will 
increase the capacity of landowners and stewards at all levels of scale (e.g., small commercial 
firms, conservation authorities, government agencies) to use new knowledge and their 
corresponding tools to address societal needs for carbon quantification to achieve net-zero 
mandates/goals, natural asset inventory, and the quantification of ecosystem services.  However, 
the presented research is only the beginning and contributes to a broader scientific effort that is 
rapidly changing. Future research will refine presented techniques to increase their accuracy and 
applicability across a broader range of forest types and environments. 

Once a higher level of validation and accuracy is achieved, the next step is to develop localized 
Allometric Scaling Models (ASMs), specifically tailored to the forest conditions of the region, 
using the data obtained from our 3D tree modeling. This localized approach aims to maximize the 
accuracy of biomass and carbon stock estimations in areas where global or generalized allometric 
equations may not applicable or produce substantial error. By developing region-specific 
equations, we forest carbon assessments will be more reflective of local ecological conditions, 
thereby improving the quality and reliability of data used in environmental planning and policy 



 42 

decisions. This goal aligns closely with Sustainable Development Goal (SDG) 15: Life on Land, 
which focuses on sustainably managing forests, combating desertification, and halting biodiversity 
loss. The localization of these models could be used to support the sustainable management of 
both natural and urban forests, ultimately contributing to global biodiversity conservation and 
climate action goals. 

In addition to the generation of ASMs, a number of parallel efforts will be required to further 
improve accuracy and ensure the scalability of tree and forest carbon assessments using LiDAR 
combined QSM approaches. For example, the manual segmentation used in the presented research 
is not feasible for large-scale forest modeling. An assessment of existing segmentation methods 
relative to manual methods is required. The criteria used for validation is typically limited to DBH 
or tree height. There is a need for a multi-metric validation approach comprising measurements of 
multiple tree characteristics such as first branch height, canopy area, branch diameters and others. 
A multi-metric validation approach would not only allow for more comprehensive verification of 
the QSMs' performance across different dimensions but could also be used to assess the data 
quality of RPA-based LiDAR in 3D structure modeling. This would maximize the advantages of 
efficient aerial LiDAR data and enable a non-destructive, in-depth understanding and modeling of 
various tree structures (e.g., stem, branch, foliage). Furthermore, each of these advances have to 
be developed and assessed in natural contexts as well as in urban environments. 

In the context of urban forests, which are increasingly impacted by human activities, accurate 
carbon storage estimation becomes even more critical. Urban forests are not only vital for carbon 
sequestration but also provide numerous ecological services that directly improve the quality of 
life in cities, from air purification to temperature regulation. The IPCC’s Sixth Assessment Report 
(2021) highlights the growing importance of urban ecosystems in mitigating climate change, and 
the presented research aims to contribute to this body of knowledge by enabling more accurate 
assessments of urban tree carbon stocks. As cities expand and urbanization accelerates, 
understanding the carbon dynamics of urban forests becomes essential to meeting the needs of 
urban populations while maintaining ecological balance. SDG 11: Sustainable Cities and 
Communities, which seeks to make cities inclusive, safe, resilient, and sustainable, also 
emphasizes the role of urban forests in this process. 

This study began by addressing the challenges of modeling trees in highly complex forest 
environments, where dense canopy structures and uneven terrain make individual tree parameter 
extraction extremely difficult. However, by starting with the most challenging conditions in natural 
forests, we have laid the groundwork for applying these methods to simpler environments - urban 
forests. The knowledge gained from this research will enable us to apply these advanced modeling 
techniques to urban forests, where trees are often more spatially isolated, have broader crowns, 
and are less affected by occlusion when using aerial LiDAR. This transition will allow us to better 
assess carbon stocks in urban settings, which are more directly influenced by human-induced 
factors such as pollution, land use change, and climate variability. 
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3D tree modeling is crucial not only for advancing our understanding of tree structure but also for 
automating the extraction of tree parameters in a time-efficient, resource-saving manner. This 
capability is invaluable for the sustainable management of both natural and urban forests. By 
minimizing the need for labor-intensive fieldwork while maintaining high accuracy, we can scale 
our efforts to large areas and diverse ecosystems. As international frameworks continue to call for 
more comprehensive and accurate forest carbon accounting, the methods developed in this study 
can offer a baseline for comparison and inform those seeking to conduct similar work about the 
accuracy of the equipment used and its impact on the measurement of tree and forest carbon. 
Systematic improvements can contribute to the global effort to measure, monitor, model, and 
protect the world’s forests. 
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