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Abstract 
 

Forests serve as natural carbon sinks within the biosphere, absorbing CO2, which is crucial for 

regulating climate-driven shifts. However, recent studies indicate that natural carbon pools are 

declining. For example, the current atmospheric CO2 increase of approximately 2.5 ppm per 

year would have been around 1.9 ppm if natural sequestration had not started to fail. 

Specifically, forests in ecotone regions, which experience edge effects, often show disturbed 

biodiversity and decreased ecosystem productivity. Thus, accounting for carbon pools in forest 

ecosystems is necessary as a response to anthropogenic carbon emissions. Acadian Forest, 

situated in Canada, has been facing disturbances like fire; climate-induced dynamic patterns in 

temperature and precipitation are affecting ecosystem composition and carbon sequestration 

dynamics. To accurately account for carbon pools, a precise estimation of total biomass is 

essential. For extensive forest areas, remote sensing technologies, including satellite, airborne, 

and terrestrial platforms, are commonly employed to estimate aboveground biomass (AGB). 

LiDAR point cloud data enables more accurate retrieval of tree structural and geometric 

properties through derived metrics. Consequently, 3D point data enhances the allometric 

modeling of AGB dynamics in forests especially at the individual tree level. Major highlights 

are as follows:  

  A  modified method for crown structure modelling, branch collar detection and branch 

structure modelling from terrestrial LiDAR data has been presented. Angular and linear 

constraints has been presented to extract curvilinear branch and stem segments and 

shape model into small straight cylindrical segments. Errors in stem volumes are in 

range from 0.03 – 0.87 𝑚3 for estimated stem volumes in 1.1 – 17.68 𝑚3 against 

destructive estimates. Similarly, errors in crown volume are in range from 0.013 – 2.33 

𝑚3 for estimated crown volumes in range of 0.105 – 25.95 𝑚3.  
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 An approximate method of biomass estimation from Airborne LiDAR Data has been 

given especially for Acadian forest that considers individual species canopy structure, 

and their growth characteristics (allometrics). Moreover, a parametric biomass model 

that integrates SRTM 30m DEM, and GEDI Level 4A data providing biomass estimates 

at 25m resolution has been given for boreal forests (Acadia Forest).  

 A carbon sequestration model is given for Acadian forest where it considers varied 

biomass storage, soil organic storage. Moreover, it also takes in to account of abiotic 

factors that are essential for sustainable human survival. This research study models 

carbon sequestered with varying stored carbon (aboveground biomass (AGB), 

belowground biomass (BGB) and soil organic carbon (SOC)) of the Acadian Forest, 

carbon losses from wood harvesting and greenhouse gas emissions.   

  For a 122.5-hectare area, Ecological Demography model, which models complex 

process of vegetation to simulate biomass carbon (AGB and BGB) revealed with a 

significant drop projected for year 2048, which are affected by changing structural soil 

carbon, leaf area index, evapotranspiration, temperature and precipitation patterns. 

SOC is modelled as a function of AGB and BGB. Carbon losses are estimated based 

on statistical data of New Brunswick. Results revealed that the rate of carbon 

sequestration change oscillates between negative and positive trends from 2029, as 

currently dominating species, i.e. Black Spruce and Balsam Fir, are more sensitive to 

climatic patterns. Aboveground biomass dynamics of Acadian forest revealed a 

decrease of forest carbon storage approximately 60,000 𝐾𝑔. 𝐶 at year 2048 compared 

to 2021. This amount of carbon corresponds to approximately 1,00,000  𝑚2 area 

assuming a tree occupies 30 m crown width upon its maturity and a maximum carbon 

storage of 500 𝐾𝑔. 𝐶. It also corresponds to a change in forest cover of approximately 

1.2% by year 2048. 
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CHAPTER 1 INTRODUCTION 
 

1.1 Background 

Forest ecosystems serve as vital natural carbon sinks, actively sequestering atmospheric carbon 

in response to abrupt climate changes primarily driven by escalating carbon emissions from 

human activities (Beer et al., 2010; Bonan, 2008; Marchand et al., 2018; Pan et al., 2011; Pugh 

et al., 2019). These anthropogenic interventions lead to shifts in climate patterns by altering 

temperature and precipitation levels. Furthermore, human activities, particularly the emission 

of greenhouse gases from industrial processes reliant on fossil fuels and the widespread practice 

of deforestation, are significant contributors to global warming and climate change. Recent 

research indicates that carbon emissions from fossil fuel combustion in industries overshadow 

the impacts of deforestation, resulting in a temperature increase of approximately 1°C 

(Jayakrishnan et al., 2022). Conversely, the depletion of forests, especially secondary forests, 

due to human actions and resulting climate change can yield both positive and negative 

outcomes. 

The expansion of industrial activities and the need to accommodate a growing population 

necessitate the conversion of new agricultural and open lands for food production, housing, 

and other living requirements (Culas, 2009). Additionally, the cumulative emissions resulting 

from fossil fuel consumption by humans are an inescapable reality. Consequently, both human 

interventions and industrial development disrupt the natural carbon cycle of the atmosphere, 

exacerbating global climate change (Li et al., 2022; Malhi et al., 2002; Sloan and Sayer, 2015).  

Moreover, shallow water tables combined with environmental gradients, particularly in 

ecotone regions that encompass boreal and temperate forests, often display disturbed 

biodiversity and diminished ecosystem productivity (Bouman et al., 2020; Dimitrov et al., 

2014; Frazier et al., 2015; Hufkens et al., 2009; Kark, 2012; Pearson and D’Orangeville, 2022). 

Moreover, growth of biomass and carbon storage in a forest also depends on many 

environments and ecological factors like precipitation (snow cover), temperature, albedo, 

evapotranspiration, soil nutrients, and abundance of sunlight (Bonan, 2008). In the Acadian 

ecotone regions of eastern Canada, located between northern hardwood temperate and boreal 

forests, empirical studies reveal that the Acadian Forest is experiencing significant 

transformations that alter its ecosystem composition and species trajectories due to rising 

temperatures (Bouchard et al., 2019; Boulanger et al., 2022; Brecka et al., 2020; D’Orangeville 

et al., 2018; Taylor et al., 2017, 2014). Simultaneously, an increase in disturbances, particularly 
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from clear-cutting practices within the Acadian Forest, has also been documented (Cox et al., 

2023).  

1.2 Motivation 

Vegetation, including forests and grasslands, absorbs approximately 50% of the carbon dioxide 

present in the atmosphere (Bonan, 2008). However, deforestation significantly diminishes 

these vital carbon sinks. In temperate regions like Canada, the rate of increase in forest cover, 

particularly in secondary forests, has been declining since 2005 (Keenan et al., 2015).  

The Acadian Forest, located in the ecotone regions of eastern Canada, lies between the northern 

hardwood temperate and boreal forests and is home to over 32 tree species. This forest is 

particularly significant due to its unique ecological characteristics. Recent empirical studies 

indicate that the Acadian Forest is experiencing substantial transformations, which are altering 

its ecosystem composition and species trajectories as a result of rising temperatures (Bouchard 

et al., 2019; Boulanger et al., 2022; Brecka et al., 2020; D’Orangeville et al., 2018; Taylor et 

al., 2017, 2014). At the same time, there has been an increase in disturbances, especially from 

clear-cutting practices, which are impacting the Acadian Forest (Cox et al., 2023). Moreover, 

Acadian Forest is also a vital habitat for diverse species, including moose, black bears, lynx, 

and the endangered Atlantic salmon, contributing to its rich biodiversity. Sustainable forestry 

initiatives and conservation efforts spearheaded by organizations such as the Nature 

Conservancy of Canada (NCC) aim to protect old-growth forests and restore biodiversity 

within this region. Furthermore, the Acadian Forest holds significant cultural and economic 

value, with Indigenous and Acadian communities historically depending on its resources for 

their livelihoods. While forestry remains a crucial industry in New Brunswick, there is a 

growing emphasis on eco-tourism, carbon sequestration, and sustainable wood harvesting 

practices to ensure the forest's long-term health and ecological functionality. 

 

Despite its critical importance for human survival, the impacts of environmental variables on 

species composition within the Acadian Forest are not fully understood. Specifically, the 

effects of localized changes on individual species' biomass distribution and their subsequent 

influence on the overall carbon sequestration capacity of the forest remain unclear. 

Furthermore, the long-term effects of urbanization and clear-cutting on the carbon 

sequestration potential of the Acadian Forest have not been thoroughly investigated. 

Research conducted by Schlamadinger and Marland, (1996) and Schlamadinger et al. (1997)   

proposed a methodology for accounting for carbon pools in forest ecosystems. This 
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methodology requires two primary components: forest carbon storage and carbon emissions 

into the atmosphere. Carbon storage includes the total biomass of the forest at a given time, as 

well as the soil organic carbon stored in the forest's ground surface. In contrast, carbon 

emissions data should encompass statistical information specific to the forest's location, 

particularly regarding wood harvesting and greenhouse gas emissions. This emissions data 

must also account for contributions from transportation, residential areas, agriculture, forestry, 

waste management, buildings, electricity, and commercial industries (Filonchyk et al., 2024). 

2024). 

       To accurately account for carbon pools, a precise estimation of total biomass is essential. 

For extensive forest areas, remote sensing technologies, including satellite, airborne, and 

terrestrial platforms, are commonly employed to estimate aboveground biomass (AGB). 

However, visible and near-infrared (NIR) bands can experience signal saturation when 

estimating high-density AGB (Duncanson et al., 2010; Luo et al., 2017). Microwave radiation 

can penetrate dense cloud cover, aiding in the development of AGB models for optically 

shadowed regions, although radar signals struggle to penetrate deeply into vegetation. 

Conversely, point cloud data enables more accurate retrieval of tree structural and geometric 

properties through derived metrics (Staben et al., 2018). Consequently, 3D point data enhances 

the allometric modelling of AGB dynamics in forests (Dalponte et al., 2019; Næsset et al., 

2013). However, this method requires significant computational time and advanced hardware 

resources (Duncanson et al., 2021; Rosenqvist et al., 2003). Despite these demands, 3D point 

data provides a precise method for estimating AGB at the individual tree level. In the case of 

the Acadian Forest, only destructive allometric methods are available, and it contains LiDAR 

data collected by Leading Edge Geomatics. Additionally, remote sensing data for soil organic 

carbon is also accessible. . The study of Aboveground Biomass (AGB) and its trends is essential 

for the health and sustainability of Acadian forests. AGB serves as a key indicator of forest 

biodiversity, supporting various plant and animal species while playing a crucial role in carbon 

sequestration, which helps mitigate climate change. Utilizing advanced technologies like 

LiDAR and satellite-based data allows for precise monitoring of AGB, enabling researchers to 

assess forest dynamics, growth rates, and the impacts of climate change over time. This high-

resolution data collection is not only cost-effective but also provides long-term insights that 

are vital for effective forest management and conservation strategies. 

Beyond ecological implications, understanding AGB trends has significant social and 

economic ramifications. Engaging local communities in monitoring efforts fosters stewardship 
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and awareness of natural resources, while informed AGB data can guide sustainable forestry 

practices that balance economic needs with environmental health. Additionally, this 

information supports policymakers in crafting evidence-based conservation initiatives, 

ensuring the preservation of Acadian forests for future generations. Ultimately, the integration 

of AGB monitoring into forest management is crucial for enhancing climate resilience and 

maintaining the cultural heritage tied to these vital ecosystems. Next chapter discusses the 

importance of forests and literature on biomass estimation methods and challenges in assessing 

carbon sequestration followed by objectives observed in the Literature review.  
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CHAPTER 2 LITERATURE REVIEW 
 

 

2.1 Role of forests in carbon sequestration 

In recent decades, particularly since 1967, the levels of carbon dioxide (CO2), a greenhouse 

gas, have been rising in the atmosphere, currently reaching a rate of 2.8 parts per million per 

year (ppm/year) as of 2023 (NOAA). This increase is primarily driven by the consumption of 

fossil fuels for electricity generation, industrial activities, household and commercial practices, 

as well as the burning of biomass, all of which contribute to higher CO2 levels in both the 

atmosphere and oceans (Abas and Khan, 2014). Additionally, land use changes, particularly 

the conversion of forests to agricultural land, significantly contribute to CO2 emissions (Abas 

and Khan, 2014; Malhi et al., 2002; Wei et al., 2014).  

Forests serve as natural carbon sinks within the biosphere, absorbing CO2, which is 

crucial for regulating climate-driven shifts (Abas and Khan, 2014; Beer et al., 2010; Bonan, 

2008; Kindermann et al., 2008; Rosillo-Calle and Hall, 1992).  However, Curran and Curran 

(2025) indicate that natural carbon pools are declining, having peaked in 2008. For example, 

the current atmospheric CO2 increase of approximately 2.5 ppm per year would have been 

around 1.9 ppm if natural sequestration had not started to fail. Specifically, forests in ecotone 

regions, which experience edge effects, often show disturbed biodiversity and decreased 

ecosystem productivity (Bouman et al., 2020; Dimitrov et al., 2014; Frazier et al., 2015; 

Hufkens et al., 2009; Kark, 2012; Pearson and D’Orangeville, 2022). Therefore, accounting for 

carbon biomass storage in forests in ecotone regions,  is essential not only for human survival 

but also for climate policies set by organizations like the (IPCC) and (REDD), especially in the 

context of a growing population and the pursuit of a sustainable future. 

            Only destructive allometric methods are currently available for assessing forest carbon 

storage for Acadian Forest. LiDAR data owned by Leading Edge Geomatics, which provides 

detailed three-dimensional information about the forest canopy and terrain, is an invaluable 

high-resolution data for understanding forest dynamics and structure. In addition to LiDAR, 

access to remote sensing data related to soil organic carbon levels within the Acadian Forest is 

also useful. This combination of 3D data, image data, and thematic data is crucial for evaluating 

the carbon storage potential of the forest ecosystem, as soil organic carbon plays a significant 

role in overall carbon sequestration. These non-destructive methods and advanced remote 

sensing technologies enable researchers and conservationists to monitor and manage the 
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Acadian Forest effectively, ensuring its health and sustainability while minimizing ecological 

impact. 

2.2 Biomass estimation methods 

 

Figure 2.1 (a) Forest mapped by various sensors, (b) 3D skeleton of a tree, and (c) schematic 

optical image of a forest  

 

2.2.1 AGB estimation from TLS 

Terrestrial LiDAR is a popular technology for tree reconstruction and AGB estimation as it 

captures complete tree structure describing 3D skeleton and other semi-opaque components 

(Figure 2.2 (b) above) (Bremer et al., 2013; Calders et al., 2015; Holmgren et al., 2008; 

Raumonen et al., 2015, 2013; Rosenqvist et al., 2003). High-resolution LiDAR data not only 

characterises geometric variability in a tree but also records diversity of trees at the species 

level, which signifies its use for individual tree carbon storage (Jucker et al., 2022; Song and 

Dickinson, 2008; Vauhkonen et al., 2009, 2008; Verbeeck et al., 2019). For modelling tree 

components (crown, branches, and stem) and AGB estimation, two main approaches are 

geometric shape modelling and cluster-based approaches. Geometric methods derive a 

template of a tree by identifying the genus or geometric shapes. Geometric models approximate 

the outer surface of the crown by idealised shapes like cones, cylinders, or ellipsoids (Dong, 

2010, 2009). However, the complex branch structure of the tree crown cannot be modelled. 

Recent studies like Hui et al., (2022) and Su et al. (2019) divided crown structure at multiple 

elevation levels to model crown variations. Irrespective of canopy shape, these studies sliced 

LiDAR data by parallel horizontal planes spaced at selected vertical interval. If the crown 
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structure of a tree hangs below the branch collar level, algorithms detect the stem as a canopy 

point. Moreover, if a large vertical interval (generally taken as 0.5 m) is selected, it may lead 

to incomplete canopy characterisation for dense canopies. 

Clustering approaches, such as voxel-based, octree-based, distance cost function, graph-based 

based and cover set-based qualitative structure model (QSM) use high data density of LiDAR 

(Bailey and Ochoa, 2018; Bremer et al., 2013; Bucksch et al., 2009; Bucksch and Appel Van 

Wageningen, 2006; Fu et al., 2020; Raumonen et al., 2013; Su et al., 2019). Voxel-based 

methods primarily depict a 3D skeleton or a 1D descriptor for a tree. Cover set-based, and the 

Distance cost function focuses on the modelling of tree branches and the stem as small 

cylindrical segments. During modelling, every method first segments the point cloud in to small 

clusters of specific sizes of spheres and voxels. Thereafter, their eigenvalues are used to 

combine a cluster and its 8 or 26 neighbours. These eigenvalues are used to determine not only 

a cluster belonging to a segment of a branch or stem but also its direction. For this, tangent 

(ratio of first values is elongated) and normal space derived from eigenvalues are used. For a 

branch segment, the tangent space is elongated and vice versa for the stem.  Secondly, the 

volume of all cylindrical and branch segments is calculated as the tree volume and the AGB of 

a tree is determined. 

               To date, the QSM method (Raumonen et al., 2013) is the most efficient, fast and 

approximate method of tree reconstruction.  However, it requires the differentiation of the main 

trunk (dominant stem) a priori to model the remaining tree elements (branches). Furthermore, 

the QSM method demands relationships among neighbouring clusters to refine the process of 

tree structure extraction and AGB estimation. Also, the selection of voxel width and the 

diameter of a cluster influence the estimation of AGB (Menéndez-Miguélez et al., 2023; 

Raumonen et al., 2013). Although these methods achieve higher accuracies up to 92%, 

accuracy depends on tree structure and algorithm efficiency (Ai et al., 2020; Brede et al., 2019; 

Bucksch et al., 2010; Bucksch and Lindenbergh, 2008; Cárdenas et al., 2022; Raumonen et al., 

2013). Moreover, acquiring terrestrial LiDAR data of a forest requires high-quality sensors, 

instrumentation and data storage. The above three factors cause difficulties in data registration 

from multiple scans, as forests do not often contain stable targets. Even with manmade stable 

targets, LiDAR data transfer requires high bandwidth connection, which is usually impossible 

in forests (Lindenbergh et al., 2025). Following section discusses AGB estimation using 

airborne LiDAR data. Below figure, 2.2 describes waveform and multiple return (discrete or 

pulsed) LiDAR return signals from a tree when mapped with Airborne LiDAR sensor.  
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Figure 2.2 Signals from a tree mapped with waveform and discrete LiDAR 

2.2.2  AGB estimation from Airborne LiDAR 

Airborne point cloud data of a forest allows researchers to estimate the biomass of large and 

inaccessible forests with less data density of LiDAR data (typically less than 15 points/m²). 

Using airborne data, studies use two approaches, namely, area-based and individual tree-based 

approaches for estimating canopy volume and biomass distribution across a forest. Point and 

surface metrics are derived for biomass modelling in the two approaches at different plot scales 

(stand size). These metrics have been used to model biomass, forest types characterised by 

varying canopy density (mature, dense, open, over and under storey, degraded and non-

degraded), and forest management techniques (planted, regrowth, or old).  

2.2.2.1 Area-based approach 

Area-based approach (ABA) uses canopy height model (CHM, also called canopy height 

profile) as a key variable for biomass modelling. CHM is a normalised digital surface model, 

constructed by subtracting a digital surface model (DSM) from a digital terrain model (DTM), 

which may be derived by waveform LiDAR, small-footprint LiDAR, or photogrammetry 

techniques for a study site. After creating CHM, the entire study area is divided into stands 

(horizontal or 2D grids) or voxels (3D or vertical grids) of pre-defined geometrical dimensions, 

which may be different from the CHM grid size. In addition, point and surface metrics are 

derived from CHM grids covering stands containing field inventory biomass data. Then, a 

mathematical allometric model is developed, and field inventory biomass data is modelled as 

a function of metrics. Thereafter, the developed mathematical model is assessed for its 

performance using 𝑅2 and 𝑅𝑀𝑆𝐸𝑟 using field inventory data.  
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                The surface and point metrics reveal distinct patterns in the vertical structure of 

canopy layers, reflecting variations in vegetation types. Percentiles of the various metrics 

provide insights into the biomass distribution vertically, while summary statistics (standard 

deviation, kurtosis, skewness, and coefficient of variation of LiDAR Data points) offer an 

overview of the canopy's distribution in both vertical and horizontal directions. Further, 

measures like ‘differences in percentiles' highlight biomass distribution within the canopy, and 

'proportion of canopy returns' measures forest height. Among the surface metrics, quadratic 

mean height (QMH or QMCH) and mean canopy height (MCH) are widely employed. QMCH 

is calculated as the square root of the sum of squared heights of all returns above the median 

height, representing the average height of the upper half of the canopy. Whereas, MCH is the 

mean of CHM values over a defined plot size, and the MCH indicates the average height of the 

canopy.  

            Nilsson, (1996)and Lefsky et al. (1999) are the earliest attempts using waveform 

LiDAR to model stand-wise biomass with LiDAR height and QMCH, respectively.  However, 

in the early 2000s, researchers shifted from waveform LiDAR to small footprint LiDAR as 

latter capture more information on vegetation surface. Smaller footprint LiDAR provides 

detailed depth cross section profile of stands, which are used for stand-wise biomass modelling 

achieving higher accuracy for natural, planted, semi-natural, uneven-aged, extensively 

managed, and intensively managed forests. Moreover, using LiDAR data of available data 

density, studies focused on using existing or deriving new point or surface metrics for accurate 

biomass estimation and its dynamics for different types of forests and canopies at varying plot 

(stand) sizes.  

             Patenaude et al. (2004) explored the use of small-footprint LiDAR to model 

aboveground biomass (AGB) in trees and shrubs within temperate deciduous forests. They 

analysed 48 field plots (20m x 20m) with 2,272 trees and shrubs of varying maturity, achieving 

an 𝑅2 of 0.74 by using the 80th height percentile for biomass modelling, which effectively 

distinguished between trees and shrubs. García et al. (2010) assessed biomass in Mediterranean 

forests in Spain, utilizing LiDAR densities ranging from 1.5 to 4.5 points/m² (hereafter 

𝑝𝑡𝑠 𝑚−2). They introduced a density-weighted canopy reflection sum (DWCRS) metric, which 

indicated canopy closure. Their best AGB model at the species level, using DWCRS and the 

90th height percentile, achieved an 𝑅2 of 0.98, while the stand-level model using the 25th and 

50th percentiles had an 𝑅2 of 0.67.  Thapa et al. (2015) developed biomass models for central 

Sumatran tropical forests over 8,072 hectares with a LiDAR density of 3.6 𝑝𝑡𝑠 𝑚−2, finding 
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that a combination of the 75th height percentile, QMCH, and mean canopy height (MCH) 

explained over 73% of variance (𝑅2). Cao et al. (2019) studied biomass in managed bamboo 

forests and regrowth secondary forests, using 3.35 𝑝𝑡𝑠 𝑚−2 LiDAR density across 31 circular 

plots (400 m² each). Their models, which included various height percentiles and canopy 

metrics, achieved a minimum 𝑅2 of 0.78. They noted that low LiDAR density (less than 5 

𝑝𝑡𝑠 𝑚−2) was insufficient for capturing lower canopy structures. Following paragraph 

discusses vertical bin approaches that can distinguish lower canopy structures apart from tree 

height. 

            Vertical bins or voxels provide a detailed biomass distribution from ground to max 

imum height of stands in a forest. Asner et al. (2012) selected four tropical forest areas to 

develop a universal biomass model. Authors divided area into horizontal grids of 5 m × 5 m 

size and further divided each grid into vertical bins of 1 m height to calculate MCH. AGB is 

modelled with MCH, basal area (BA), and wood density by power rule. As collecting BA is 

intensive, authors replaced BA with a field-developed slope between BA and MCH. With 

replacement, authors achieved 𝑅2 values between 0.68 and 0.85 for four regions. Adding 

another forest in Colombia, Asner and Mascaro, (2014) modified Asner et al. (2012) model. 

Instead of MCH, authors favoured top canopy height (TCH). The modified model achieved 𝑅2 

value of 0.923. In addition, authors found that uncertainties in AGB across plot sizes (0.01 to 

100 ha) declined to minimum 10% at the one-ha plot size. Jucker et al. (2018) too attempted to 

understand uncertainty in AGB caused by both field and LiDAR metrics for varying plot sizes 

in Borneo tropical forests. Authors improvised AGB model of Asner and Mascaro (2014) by 

introducing canopy cover above 20 m from ground and obtained reduction in 𝑅𝑀𝑆𝐸𝑟 from 32 

to 19 Mg ha-1. Similar results as of Asner and Mascaro (2014) for plot size are obtained. 

2.2.2.2  ABA for biomass dynamics 

              Compared to static value of biomass for a forest at a specific time, temporal biomass 

models offer insights into forest dynamics influenced by climate conditions, human 

interventions, natural disturbances, and biological successions (Gao et al., 2013; Srivastava et 

al., 2017). Influences of these variables reflect in canopy surface characteristics, which is 

apparently reflected by CHM. Therefore, studies considered the CHM and derived metrics 

(canopy cover, and height percentiles and their summary statistics) to model forest dynamics 

at both stand and species levels. Studies determined biomass dynamics by defining vertical 

distribution of canopy layers using density metrics (percentiles or proportions point metrics in 

vertical direction) on temporal scale for all forests types (temperate, boreal, and tropical).  

TH-3947_176104018



11 | P a g e  
 

         Cao et al. (2016) used regression based models with LiDAR data to predict forest biomass 

trends over two years for a mixed secondary subtropical forest having dense canopy. Authors 

derived percentiles of height differences and their L-moments, and canopy return density (the 

proportion of canopy hits exceeding a height threshold). Difference in mean height, and 75th 

and 95th percentiles of height differences were most responsive to biomass changes with 𝑅2 

value of 0.67 as these variables successfully capture shifts in vertical height distribution of 

growing canopy in the coniferous trees. Zhao et al. (2018) used LiDAR data and field 

inventories of multiple years to monitor tree growth, biomass dynamics, and carbon change in 

boreal forests of thin canopy in Scotland. For stands (size 25m × 25m), authors measured MCH 

and changes in canopy height density i.e. changes in proportion of number of LiDAR points in 

voxels of a stand over years to determine biomass change in for years 2008 and 2012. As 

changes in 3D canopy structure are vividly reflected by the CHM data on time scale, authors 

obtained 𝑅2 value of 0.9 between change in canopy heigh density and field biomass. Dalponte 

et al. (2019)  also investigated the carbon dynamics of Italian Alps at species level by canopy 

volume ratio (CVR) metric, which is ratio of sum of volumes under CHM pixels within a 

hexagonal stand to product of maximum height of the CHM pixels and area of the stand (707 

𝑚2 area).  If only top canopy layer is present, CVR metric is equal to 1 (otherwise less than 1 

for multiple layers). Changes in CVR indicate temporal variations of biomass caused by 

variations of canopy heights. The study achieved low 𝑅2 value of 0.53 for the biomass dynamic 

model at species level due to uneven aged mixed species forest. Some research studies like 

Hurtt et al. (2004), Stephens et al. (2007), and Thomas et al. (2008) coupled CHM metrics 

extracted from LiDAR data with ecological demographic models, and climate models for 

biomass forecasting. For such models, area-based methods illustrated superior accuracy than 

image-based methods with improvement in 𝑅2 values from 0.53 to 0.98. These models, 

popularly known as ‘ecological demographic models (or EDM)’ use compels ecological 

processes, extensive climate, and other data for estimating biomass dynamics.  

2.2.2.3 Tree based approach 

For biomass modelling of individual trees, individual trees are extracted from CHM by 

segmentation using watershed algorithm (Alexander, 2009; Dalponte et al., 2019; Yang et al., 

2020). The watershed algorithm considers LiDAR-derived CHM as topographic surface, where 

tree tops are peaks and gaps between trees are valleys. The algorithm simulates flooding of this 

surface with water filling up from the lowest points (valleys) and forming “watersheds” around 

each peak (tree top). By identifying watersheds around each tree peaks, the algorithm 
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effectively segments the CHM into distinct tree crowns and thereby extracts individual trees. 

For each of the extracted trees, point metrics (tree height, crown diameter, species density, 

canopy projection area or CPA), and crown generated volume (or CGV) are determined 

(Räsänen et al., 2013). Thereafter, field AGB values are modelled as function of point metrics. 

        With low LiDAR data density for large area forests, individual tree extraction based 

studies often focus to improvise tree segmentation methods, canopy surface based tree 

grouping, and integrating tree based and area based approaches. Kwak et al. (2010) studied 

individual tree biomass in stands of varying tree densities (high, medium and low tree densities) 

using small-footprint LiDAR for Korean temperate forests. For each tree in the forest, they 

modelled biomass using crown generated volume (CGV) and stem volume. With CGV metric 

as input variable, 𝑅2 values of 0.5705, 0.6621, and 0.6832 were obtained for low, medium, and 

high-density stands, respectively. Lee et al. (2013) refined the watershed algorithm for tree 

segmentation for temperate forests by a cost function, which is a linear function giving equal 

weights to tree shape eccentricity and compactness of tree center with ellipsoid shape . 

Eccentricity is calculated by fitting ellipsoid shape to a segmented tree and compactness is the 

distance between the center of the fitted ellipsoid and coordinates of point of the maximum 

height for the segmented tree divided by half of sum of major and minor axis of the ellipsoid. 

Moreover, authors used overlapping ratio with cost function for accurate tree segmentation and 

achieved an accuracy of 93%. Subsequently, biomass is modelled as a polynomial function (up 

to 3rd order) of LiDAR height with an accuracy of 71%.  

         Though modifications improvised tree segmentation accuracies for temperate and boreal 

forests, yet existing tree segmentation methods often fail for tropical forests with complex and 

dense canopy surfaces. For the thick tropical forests, some studies calculate biomass as a direct 

function of crown volume. Coomes et al. (2017) devised a generalized tree-centric approach 

using crown radius and canopy height for four different tropical forests with data density of 7.3 

𝑝𝑡𝑠 𝑚−2. For a tree in each of the four forest types, authors used product of tree height and 

crown diameter (or HCD) to model individual tree biomass. An allometric equation was 

modelled for selected 91 trees in four forests and validated for 65. The model showed 𝑅2 = 

0.74 and 𝑅𝑀𝑆𝐸𝑟 of 11.8%. Graves et al. (2018) investigated AGB models for individual trees 

with data density of 5.63 𝑝𝑡𝑠 𝑚−2 for agricultural landscapes comprising different canopy 

covers. Depending on percentage of crown edge shared with the other neighbouring trees, 

authors grouped trees into three classes – isolated, intermediate, and complete edge-sharing 

trees – to identify different canopy covers. HCD was estimated for with equal numbers of trees 
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in each of three classes to formulate a linear AGB model. Due to inaccurate tree segmentation 

of trees, the method described low 𝑅2 value of 43%. Goldbergs et al. (2018) modelled AGB 

for individual trees as a function of their heights for tropical savanna forests with data density 

of more than 15 𝑝𝑡𝑠 𝑚−2 and achieved 𝑅2 value of 0.754. Although tree segmentation methods 

improved the accuracy of biomass estimation, accuracy (𝑅𝑀𝑆𝐸𝑟 and 𝑅2)  remained limited to 

less than 75% with low data density (typically up to 15 𝑝𝑡𝑠 𝑚−2). Table 2.1 indicates study 

area, type of data used, metrics used and model accuracy achieved with associated metrics.   

           Area-based methods and individual tree-based methods using 3D point cloud data are 

precise techniques for biomass estimation, as these methods are not dependent on 

environmental factors (temperature, precipitation, aerosol content etc) or vegetation stress 

(Rosenqvist et al., 2003). However, for large scale in diverse forests ABA frequently suffer for 

their reliance on expensive high-quality field inventory data, LiDAR point cloud data and low 

precision to capture individual tree properties within a CHM, and presumed homogeneity 

within plots. On the other hand, individual tree-based techniques demand high-resolution 

LiDAR data (more than 50 𝑝𝑡𝑠 𝑚−2 is expected), propagate errors due to incorrect crown, and 

stem segregation.   

2.2.3 Image-based AGB approaches 

Image-based remote sensing techniques are widely used for mapping land cover and 

monitoring the environment of large-scale ecosystems (Xiao et al., 2006, 2005). Optical, NIR, 

and microwave data, which are readily accessible and precise for analysing tree structure, 

provide insights about spatial distribution, size, density (richness of vegetation), and canopy 

characteristics of individual trees, stands and forests. Research papers on image-based biomass 

models for forests can be classified into three categories: (I) assessing amount of biomass in a 

forest at stand or species level, (II) determining appropriate size of field plot (or stand) for a 

satellite image to model biomass, and (III) improvising accuracy of computational methods for 

biomass modelling. Table 2.2 below shows studies related to Image based methods. 

After image data collection and corrections for topographic, radiometric, and atmospheric 

errors, the process of developing spectro-biophysical model (biomass) using 2D imagery for 

an area involves four key calculation steps. Steps are: (i) reflectance calculation; (ii) extraction 

of predictors such as brightness, backscatter, band ratios, and band transformations (e.g. PCA, 

TCA etc.), (iii) allometric modelling between AGB and the extracted parameters using 

regression or machine learning (ML) with a sample of minimum 20 field AGB data, and (iv) 

biomass prediction and building a wall-to-wall biomass map. 
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Table 2.1 LiDAR (Airborne Waveform or Discrete data type) based studies 

 

Study Area Remote Sensing Data Metric or Dependent 

Variable for Biomass 

Model 

𝑹𝟐 𝑹𝑴𝑺𝑬 (𝑴𝒈 𝒉𝒂)⁄  

𝑹𝑴𝑺𝑬𝒓(%) 

 

Reference 

Ålö Island, 

(Stockholm) 

Airborne Waveform 

LiDAR data 

LiDAR height 0.78  Nilsson, (1996) 

Maryland, 

 (USA) 

Quadratic Mean Canopy 

Height 

0.81  Lefsky et al., (1999) 

Monks Wood 

National Nature 

Reserve 

Airborne Discrete 

LiDAR data 

Height percentile 0.74 26.21 Patenaude et al., (2004) 

Alto Tajo,  

(Central Spain) 

Height and its  percentiles 

and summary statistics, 

Density Weighted Canopy 

Reflection Sum 

0.67  García et al., (2010) 

Riau Province, 

(Indonesia) 

Height, Quadratic Mean 

Canopy Height,  and its  

percentiles and summary 

statistics, Volume metric 

0.73  Thapa et al., (2015) 

Yushan Forest, 

(China) 

Height and its  percentiles 

and summary statistics, 

Canopy cover 

0.78  Cao et al., (2019) 

Hawaii Island, 

Madagascar, 

Amazonian Peru, 

and Central Panama 

Mean canopy height 0.68-

0.85 

 Asner et al. (2012) 
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Hawaii Island, 

Madagascar, 

Amazonian Peru, 

Colombia and 

Central Panama 

Top of canopy height 0.923  Asner and Mascaro, 

(2014) 

Borneo, 

 (Malaysia) 

Top of canopy height, 

Canopy cover 

 19 Jucker et al. (2018) 

Yushan Forest, 

(China) 

Height and its  percentiles 

and summary statistics, 

Canopy return density 

0.67  Cao et al., (2016) 

Aberfoyle Village, 

(Scotland) 

Mean canopy height, 

Canopy density 

0.9  Zhao et al., (2018) 

Lavarone (Trento), 

Italian Alps 

Canopy volume ratio 0.53  Dalponte et al., (2019) 

Gwangneung 

experimental forest 

Canopy generated volume 0.57  Kwak et al., (2010) 

National Arboretum, 

South korea 

Tree height  71% Lee et al., (2013) 

Sepilok Forest  

Reserve,  

(Malaysia) 

Top of Canopy height, Tree 

height, Crown diameter 

0.74  Coomes et al., (2017) 

Azeuro Peninsula, 

(Panama) 

Tree height, Crown 

diameter, Crown overlap 

ratio with neighbouring trees 

0.43  Graves et al., (2018) 

Litchfield National 

Park,  

(Australia) 

Tree height 0.754  Goldbergs et al., (2018) 

 

 

 

 

TH-3947_176104018



16 | P a g e  
 

Table 2.2 Satellite or Airborne (Visible, RADAR data type) based studies 

 

Study Area Remote Sensing Data Metric or Dependent 

Variable for Biomass 

Model 

𝑹𝟐 𝑹𝑴𝑺𝑬 (𝑴𝒈 𝒉𝒂)⁄  

𝑹𝑴𝑺𝑬𝒓(%) 

 

Reference 

Eglime and 

Zouzouvou, 

(Republic of Berlin) 

IKONOS Reflectance 0.72 74.5% Thenkabail et al., 

(2004) 

Finnish Forestry 

Centre  

(Southern Finland) 

ASTER 0.56 44.7 Muukkonen and 

Heiskanen (2005) 

Finnish Forestry 

Centre  

(Southern Finland) 

 

ASTER & MODIS 

 10.1 Muukkonen and 

Heiskanen (2007) 

Lake Tahoe Basin 

(California) 

IKONOS Shadow Fraction   Greenberg, 

Dobrowski, and Ustin 

(2005) 

Chibougamau  and 

Radisson   

(Quebec); 

Wabush (Labrado) 

Quick Bird 

(PAN) 

0.87   

 

 

Leboeuf et al. (2007) 

Minas Gerais 

(Brazil) 

Geo Eye-1  

 

Vegetation Indices 

0.81  Coltri et al. (2013) 

Mongolian 

Grasslands 

(China) 

MODIS & 

LANDSAT-8 

0.75  Li et al. (2016)  
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Xieertala Farm, 

Hulunber and Inner 

Mongolia 

(China) 

SENTINEL-2 & 

LANDSAT-8 

0.71   Qin et al. 2021 

Helan Mountains 

National Nature 

Reserve 

(Ningxia Province) 

SENTINEL-2 0.91  Ma et al. (2023)  

Washburn Ranger 

District, 

 (Northern 

Wisconsin, USA) 

LANDSAT-7 ETM+ 0.95  Zheng et al. (2004) 

Karimunjawa and 

Kemujan islands 

(Indonesia) 

ALOS AVNIR-2 0.62  Wicaksono et al. 

(2016)  

 

Zagros Forests  

(Iran) 

LANDSAT-8 OLI 0.681  Safari et al. (2017) 

Greenbelt Farm 

of Agriculture and 

Agri-Food  

(Canada) 

CASI hyperspectral 

data 

0.78  Liu et al. (2004) 

Majella National 

Park, 

(Italy)  

 

Airborne 

Hyperspectral data 

Red Edge Position Index 0.58  Cho and Skidmore 

(2009)   

Majella National 

Park, 

(Italy)  

Airborne 

Hyperspectral data 

0.7  Cho et al. (2007) 
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Savannah River 

Site,  

(South Carolina) 

AISA Hyperspectral 

data 

0.926  Gong et al. (2012) 

Bhitarkanika Forest 

Reserve,  

(India) 

EO-1 

Hyperion data 

Vegetation Indices 0.81  Pandey, Anand, and 

Srivastava (2019) 

Manaus (Brazil),  

Danum Valley Field 

Centre (Malaysia) 

and Khun Khong 

catchment 

(Thailand) 

LANDSAT TM 0.71  Foody et al. (2003)  

Georgia State 

(USA) 

LANDSAT ETM+ 0.58  Meng et al. (2007)  

Madagascar 

(Analanjirofo 

Region) 

WORLD VIEW-2 Vegetation Indices. 

Textures 

 6.82% Eckert, (2012)  
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2.2.3.1 Brightness-based approach 

Brightness value (DN) of a stand or a species, particularly in Red and NIR bands, is influenced 

by crown surface and composition. Moreover, these parameters vary with age of trees in a 

forest (Rosenqvist et al., 2003). Some research studies like Du et al. (2012) prefer to ignore age 

of trees to model biomass. However, most studies consider age of trees and use direct and 

indirect methods for estimating biomass of stands for forest inventory, agriculture crops, and 

large-scale forests.  

Direct method divides stands according to age and model biomass as a function of 

brightness. Thenkabail et al. (2004) developed biomass models using age wise field data for 

oil palm trees (1 to 5 years) with IKONOS images (4m x 4m) in West African agroforests amid 

agricultural land conversion. As younger palm trees have less dense structures (Descals et al., 

2024), study achieved 𝑅2 value of 0.72. Muukkonen and Heiskanen (2005) developed biomass 

models to study the effects of stand size (1 to 3 hectares) on updating boreal forests inventory. 

Using ASTER, authors created a linear and neural network (NN) model for stand sizes from 

0.06 to 30 hectares and observed an optimal size of 2.5 hectares. Furthermore, they found that 

both models overestimated biomass for stands less than 60 years age and underestimated 

biomass for stands over 80 years. For a large area forest (1,000 hectares), authors repeated 

same study in 2007.  Muukkonen and Heiskanen (2007) used MODIS data (resolution 250 m), 

which covers  stands of size 1-3 hectares. As average brightness value reduced the mixed pixel 

effect, all image pixels of ASTER data occupying a MODIS pixel were assigned DN value of 

MODIS. Due to large forest area, having diverse species of different ages, authors obtained 

𝑅𝑀𝑆𝐸𝑟 of 7.6%. Du et al. (2012) focused on non-linear partial least square (NLPLS) regression 

technique for biomass modelling of Maso bamboo forest of 6,700-hectare area using 

LANDSAT (30 m). NLPLS reduced multiple correlations between bands and achieved R2 

value of 0.949.  

Indirect methods model biomass as a function of derived variables like shadow fraction 

from greyscale images. Greenberg, Dobrowski, and Ustin (2005) first introduced the indirect 

method that extracts shadow fractions of vegetation cover. Biomass is linearly modelled as a 

function of shadow fraction. Leboeuf et al. (2007) modified the shadow fraction method  using 

azimuth and zenith angles. Authors also compared performance of modified method against 

original by 𝑅2 value, which increased from 0.85 to 0.87. Brightness-based methods are affected 

by factors like vegetation stress.  
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2.2.3.2 Vegetation indices-based approaches 

Vegetation indices (VIs) and band ratios (BRs) effectively identify characteristics of a stand or 

tree by minimising soil reflectance and atmospheric effects (Lillesand et al., 2015; Silleos et 

al., 2006). Distance-based and slope-based VIs indicate density of vegetation, and health of 

trees in a stand. Moreover, indices distinguish different age groups in a stand (Foody et al., 

2003; Hu et al., 2020; Meng et al., 2007; Pandey et al., 2019; Powell et al., 2010; Rahman et 

al., 2008; Safari et al., 2017; Wicaksono et al., 2016; Zheng et al., 2004). 

Conventionally, regression models link VIs and BRs to the AGB of stands. Coltri et al. 

(2013) developed models for coffee crops, an agricultural product in Brazil, using Geoeye-1 

images (1.65 m resolution). Authors found that biomass is correlated with plant height and 

RVI, with 0.71 and 0.81 values, respectively. Li et al. (2016), Ma et al. (2023) and Qin et al. 

2021 developed models for grasslands, which account for 41% of the land surface in China. Li 

et al. (2016) developed models for different ecological zones of grasslands using MODIS and 

LANDSAT-8 (30m resolution) data. Authors modelled biomass as function of four VIs. As 

RVI quantifies greenness of grasslands better than other indices and thus, models involving 

RVI achieved a minimum 𝑅2 value of 0.75. Qi et al. (2021) compared biomass models of 

Sentinel-2 (10 m) and LANDSAT (30 m) for grasslands with different grazing intensities. 

Models with normalised difference phenology index, insensitive to soil reflectance, showed  

𝑅2 values of 0.763 and 0.721 with Sentinel and LANDSAT images, respectively. Ma et al. 

(2023) developed normalised pure vegetation index focusing on grasslands using intensities on 

red bands with Sentinel-2 images and obtained 𝑅2 value 0.91.   

VIs cannot quantify variations in biomass concentration between genus and species in 

a stand. Thus, several studies have proposed dividing stands according to age, disturbance, and 

species before modelling biomass collectively. Zheng et al. (2004) categorised pine and 

hardwood stands into specific age groups using inventory data (95 plots of 0.05 hectares) for 

an undisturbed boreal forest and 𝑅2 value improved from 0.82 to 0.95. Wicaksono et al. (2016) 

and Safari et al. (2017) employed  NDVI and  LAI with LANDSAT images and limited field 

data to stratify disturbed forests of Mangrove Forest and Zagros Forest land (5 million 

hectares), respectively. By stratification, authors achieved model 𝑅2 values of 0.62 and 0.681, 

respectively.  

Unlike multispectral data, hyperspectral data captures subtle variations in reflectance 

of different species. Liu et al. (2004) used hyperspectral data to estimate biomass of wheat, 

soybean and corn. Authors achieved 𝑅2 values of 0.78, 0.99 and 0.95 for biomass models for 

TH-3947_176104018



21 | P a g e  
 

wheat, soybean and corn, respectively. Along with VIs, Cho et al. (2007), Cho and Skidmore 

(2009), and Gong et al. (2012) used red edge position for biomass modelling of forest crops. 

Pandey, Anand, and Srivastava (2019) employed Hyperion hyperspectral data to classify 

mangrove forests into species and modelled biomass. Elevated reflectance levels in red and 

NIR spectral bands provided higher accuracies in both biomass and species classification (𝑅2 

= 0.861 and 84%).  

VI-based methods are focused on modelling biomass for a study site. Contrarily, Foody 

et al. (2003) and Meng et al. (2007) addressed applicability of VI models for regions showing 

fewer variations in elevation, temperature, precipitation, and soil type. Foody et al. (2003) 

produced 𝑅2 value greater than 0.71 with Neural Network.  Meng et al. (2007) studied effect 

of intra-site characteristics on biomass modelling for various counties in the USA and obtained 

𝑅2 value of 0.58. Image textures complement VIs as they discriminate mixed pixels into pure 

pixels, and enhance the detection of small-scale features. Co-occurrence matrices, known as 

global co-occurrence matrices (GLCM), are widely used. Eckert (2012) quantified carbon stock 

for naturally disturbed humid rainforests by stratifying forests into degraded and non-degraded 

areas and developed models using VIs, reflectance, and GLCM measures. Authors obtained 

𝑅𝑀𝑆𝐸𝑟 of 6.82% for degraded forests with GLCM.  

Image-based methods are limited in capturing the crown's underlying structural details and has 

signal saturation issue, where sensors lose sensitivity to capture vegetation traits beyond a 

certain biomass threshold (250-275 𝑀𝑔/ℎ𝑎) (Pham et al., 2023). Furthermore, high-resolution 

sensors like Sentinel-2 still face challenges in penetrating dense forests (Duncanson et al., 

2010; Ma et al., 2023; Mutanga et al., 2023). Together, these limitations highlight the need for 

advanced techniques that characterize vertical data and improve biomass estimation.  

2.2.4 Carbon pool monitoring of a forest 

       In a forest, carbon stored in different sinks which can be seen in figure 2.3. below which 

are formed during the tree growth stages and also by naturally. 
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Figure 2.3 Different carbon pools in a forest 

 For carbon monitoring in any forest ecosystem, popularly used simulation models are, namely 

‘Forest Vegetation Simulator’ (or FVA) and ‘Integrated Valuation of Ecosystem Services and 

Tradeoff’ or (IVEST) (Ismaili Alaoui et al., 2023). These two models measure changes in land 

usage and land cover of the forest using moderate resolution satellite images such as 

LANDSAT, MODIS etc. However according to Haseeb et al., (2024),  above simulation 

models cannot adequately capture unique growth-mortality characteristics and species 

diversity of boreal and temperate forests. In addition to above, according to Schlamadinger and 

Marland (1996) and Schlamadinger et al. (1997) for accounting for carbon pools in forest 

ecosystems two primary components –  forest carbon storage and carbon emissions into the 

atmosphere – are required. Carbon storage includes the total biomass of the forest at a given 

time, as well as the soil organic carbon stored in the forest's ground. In addition, carbon 

emissions data should encompass statistical information specific to the forest's location, 

particularly regarding wood harvesting and greenhouse gas emissions. This emissions data 

must also account for contributions from transportation, residential areas, agriculture, forestry, 

waste management, buildings, electricity, and commercial industries aligning with the state, 

province or country policies (Filonchyk et al. 2024). 

2.2.4.1 Carbon pool monitoring of a Acadian forest 

                  Allometric models are considered state-of-the-art models for studying carbon 

sequestration for the Acadian Forest. Albert et al. (2023), Bashir et al. (2019) and  Bill et al. 

(2023) are very few studies addressing biomass dynamics due to disturbances like fire, climate 

induced dynamic patterns in temperature and precipitation, and spruce webworm diseases in 

the Acadian Forest, respectively. These studies critically assessed resilience of the Acadian 

Forest by estimating forest biomass patterns at the species level using geometric variables 
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(allometric equations), environmental factors, and soil carbon. Study by Bashir et al. (2019), 

predicting forest biomass dynamics by carbon sequestration at stand level in the Acadian 

Forest, found that hardwood-dominated stands in these forests exhibited increased carbon 

levels with age. In contrast, Balsam-fir dominated stands experienced a decline in carbon after 

reaching 80 years of age. Albert et al. (2023), which included environmental variables to model 

biomass, highlighted need of re-evaluation of existing forest biomass storage in the Acadian 

Forest. The study predicted biomass changes against possible environmental shifts, specifically 

4–6°C increase in mean annual temperature between years 2071 and 2100, which would result 

in a 39%–77% increase in growing degree days and a 48 -79 mm decrease in summer 

atmospheric water balance throughout New Brunswick state. These environmental changes 

will also affect water and heat balance cycles.  Bill et al. (2023) observed that carbon storage 

in soil is essential for biomass production, plant growth, and mortality. However, each of these 

studies considered impacts of mentioned variables in isolation, thereby missing potential 

interactions and cumulative effects of the involved variables. In addition, the Acadian Forest 

has unique species composition and respective growth-mortality attributes that affect carbon 

sequestration and its dynamics, especially for old stands in New Brunswick province. The 

species composition not only influences biomass accumulation (carbon storage) and growth 

rates of individual species but also affects forest structure and functions. Further, competitive 

interactions can affect resource allocation for species growth by influencing light availability, 

and soil nutrient uptake, which affect carbon sequestration capabilities (Neilson et al., 2007). 

Apart from that, allometric models for the Acadian Forest frequently fall short of forest 

structure details needed for estimating biomass dynamics. 

2.3 Conclusion from literature review 

Although highly dense LiDAR data depicts tree structure efficiently though, its full potential 

to estimate wood volume is not yet fully realized. State-of-the-art methods are prone to 

assumptions like regular geometric shapes, uniform distribution of crown, and vertical 

orientation of stem structure. Also, the recently proposed methods suffer from subjectivity in 

deciding geometric parameter values, i.e. vertical interval, voxel width, cover diameter, etc.                       

High-resolution remote sensing and high-quality ground-truth data are also essential for AGB 

model calibration and validation. Significant challenges for the AGB estimation are field data 

collection and data processing. Despite its significance, accurate biomass mapping of boreal 

forests using satellite images faces significant challenges as harsh climatic conditions, difficult 

terrain, limited accessibility, larger spatial expanse, and remote locations of the forests restrict 
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comprehensive and precise ground truth data collection for traditional biomass measurement 

methods (Bruening et al., 2023). Moreover, integrating multiple attributes of these datasets in 

computationally efficient manner for biomass estimation of boreal forests also poses additional 

challenges. First, the integration of two data sets, such as GEDI and Sentinel-2 is inherently 

complex due to different spatial resolutions, temporal frequencies, and data formats. Moreover, 

these datasets require pre-processing steps such as atmospheric correction, mosaicking, and 

resampling to ensure compatibility and consistency. The process is further complicated when 

incorporating topographic data from DEM, necessitating additional adjustments to account for 

terrain effects on biomass distribution. Secondly, while indices from Sentinel-2 are valuable 

for capturing vegetation characteristics, combining them with GEDI’s vertical structure metrics 

and DEM-derived slope and aspect information involves careful consideration (Nguyen and 

Kappas, 2020). Therefore, which combinations of variables provide the most reliable predictors 

for aboveground biomass (AGB) without introducing redundant or noisy data is also difficult. 

          In the case of the Acadian Forest, despite LiDAR data are available, the first challenge 

is that only non-destructive allometric methods for aboveground biomass estimation are 

available,. Further, species-wise field measurements (𝐷𝐵𝐻, 𝐻) on stands of 400 𝑚2 are 

available allover New Brunswick state though, very few plots overlap the LiDAR data. Thus, 

it remains challenging to model biomass distribution all over the Acadian Forest, coupling field 

measurements and Airborne LiDAR data. Moreover, for areas where LiDAR data is not 

available or accessible, we want to  develop a generic biomass model leveraging advantages of 

high resolutions spectral bands and vegetation indices derived from Sentinal-2, topographic 

data (slope and aspect) from SRTM 30m DEM, and GEDI Level 4A data providing biomass 

estimates at 25m resolution. Secondly, even though statistical data of carbon emissions are 

available, to date, no comprehensive method for accounting of carbon pools in forests, 

especially Acadian forests, is available. Thirdly, soil organic data for the entire New Brunswick 

is available for 2021, yet no model exists that includes effect of soil data for biomass estimation. 

Because of the above, this thesis is focused on developing an accurate biomass estimation 

method for trees and forest addressing the challenges faced during the application of the 

technique to terrestrial LiDAR data, airborne LiDAR data, and dynamically changing 

geospatial thematic data like temperature, precipitation, soil distribution, biodiversity, plant 

species distribution, hydrological cycle, carbon cycle etc. Finally, the thesis develops a carbon 

sequestration model that integrates biotic (such as tree growth) and abiotic (such as greenhouse 

gas emissions) components of the Acadian Forest and provides a comprehensive method for 

TH-3947_176104018



25 | P a g e  
 

estimating carbon sequestration within the forest ecosystem using ecological demographic 

model. Objectives of the thesis are as follows:            

I. To develop a biomass estimation method using high resolution terrestrial LiDAR data 

for individual tree. This requires extraction of various interweaved features of a tree 

(canopy, stem, branch etc) for multi-branch structure for biomass estimation. 

II. To adapt and refine the biomass estimation methos for TLS for the for the airborne 

LiDAR data (ALS) to address the challenges of lower data density in Acadian forests. 

It includes automated tree extraction for a large forest data and developing allometric 

equations.  

 

III. To develop a generic biomass model leveraging advantages of high resolutions satellite 

data facilitating derivations of spectral bands and vegetation indices and topographic 

data (slope and aspect) from DEM, and GEDI Level 4A data providing biomass 

estimates at 25m resolution. This work allows examining performance of two 

algorithms for regression based modelling,  

IV. To model carbon sequestration in Acadian forests using real-time airborne LiDAR data 

considering various factors like temperature precipitation, terrain elevation, landscape, 

albedo, soil nutrients and soil types, and location of the forests and combined them to 

monitor carbon storage and its dynamics. This work includes information  derived from 

forest structure information using 3D data, environmental variables, terrestrial 

biosphere models. Further, carbon sequestration is modelled using soil carbon, species 

composition, and abiotic factors. 

 

Next chapter presents methods for the biomass estimation for individual tree and forest from 

terrestrial and airborne LiDAR data. Moreover, it also provides the configuration of Ecological 

Demography model and its outputs for accounting carbon pools in the Acadian Forest. 
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CHAPTER 3 METHODOLOGY 
 

 

3.1 Study Area 

Acadian Forest study site, centred at 65.1667° W longitude and 46° N latitude, emerged after 

wildfires from years 1880 to 1905. Located between north-eastern North America's boreal and 

temperate northern hardwood forests, the site covers approximately 90 km2 area around 

Fredericton city in New Brunswick province (Canada). The Acadian Forest climate is 

characterized by prevailing continental westerly winds influenced by the nearby Atlantic Ocean 

and varying weather patterns with high humidity and mild winters. Also, higher elevation of 

the region (around 820 meters) and the neighbouring northern Appalachian Mountain range 

contribute to high precipitation and cool and humid summers.  

           Recent data confirm that average monthly precipitation is approximately 93 mm with 

20% snowfall. In addition, average annual temperature has increased from years 1981 to 2010. 

A mean value of 5.24°C and around 100 frost-free days per year are reported.  Moreover, the 

January and December months of a year typically experience minimum and maximum daily 

temperatures of −15.7°C and 11.7°C, respectively. As a result, the Acadian Forest are 

undergoing transformations including shifts in ecosystem composition and unexpected 

disturbances such as fire and clear-cutting. Moreover, the urban population for their survival 

harvesting softwood and hardwood (Bennemann et al., 2023) often uses Acadian Forest. 

           The Acadian’s ecotone region, consists of boreal and temperate forests, containing both 

deciduous and coniferous trees and hosting approximately 32 tree species. The forest  is 

primarily dominated by eight tree species, namely, Black spruce (Picea mariana), Balsam fir 

(Abies balsamea), Yellow birch (Betula alleghaniensis), White spruce (Picea glauca), Sugar 

maple (Acer saccharum), Red maple (Acer rubrum), and White birch (Betula papyrifera). 

Among these, Black spruce, Balsam fir, and White spruce are associated with cooler boreal 

forest types (Albert et al. 2023). Randomly distributed field data, which were collected over 

circular field plots each of 400 𝑚2 area, is available for the whole New Brunswick. Next sub-

section presents details of LiDAR remote sensing data. Figure 3.1 below shows location map 

of the study site.  
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Figure    3.1        (a) Administrative boundaries of New Brunswick and (b) Google image of the AOI of Acadian Forest area 
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3.2  Data Sources 

3.2.1 Terrestrial LiDAR Data 

Terrestrial LiDAR data sets were obtained from a repository created by Gonzalez de Tanago 

et al. (2018) to create a tree reconstruction method for accurate biomass estimation as terrestrial 

data is not available for the study site. In this repository, LiDAR data of 29 individual trees 

were acquired by terrestrial LiDAR scanner with a beam divergence of 0.35 mrad and scanning 

resolution of 0.06°. Co-registered data show an accuracy of 1cm and data density of more than 

1000 points/m2 for each tree. Moreover, the repository also contains harvested biomass volume, 

density, and biomass expansion factor (BEF) for all trees. 

                The repository contains trees of three locations, Peruvian, Indonesian and Guyanese, 

located in Peru, Indonesia, and Guyana respectively. The repository contains fourteen tree 

species: Wallaba Ituri, Huruasa, Korokororo, and Wallaba soft, etc (identified at the flora 

level). The spatial locations of the acquired data sets are Peruvian dataset −12.27 Latitude (lat), 

−69.10 Longitude (long); Indonesian dataset −2.41 lat, 113.13 long; and Guyana dataset 6.04 

lat −58.70 long. In addition, the trees' height in the Peruvian region ranges from 29.4 to 36.2 

m. In the same way, the height of trees in the Guyanese and Indonesian regions varies from 

28.74 to 48.64 m and 24.34 to 38.45 m, respectively. The volume of the trees determined by 

the field destructive method is also included in the repository. From visual examination of the 

LiDAR data from Peruvian site that the crown depth and diameter cover greater volume than 

the stem. However, for the other two sites (Indonesian and Guyanese), volume of stem is more 

than that of crown. Additionally, the tree canopy in each of the three locales ranges from sparse 

to dense. Next section discuss the methodology to estimate carbon from above ground biomass 

using terrestrial LiDAR data, airborne LiDAR data. 

3.2.2 Airborne LiDAR Data 

Scenesharp Technologies Incorporation (Canada) provided the LiDAR data, which was 

originally collected by Leading Edge Geomatics. The data was acquired with data density of 6 

points/m2 in year 2021 in five separate tiles encompassing a total of  9.955 𝑘𝑚2 area. A black-

coloured line in Figure 1 above shows the extent of the LiDAR polygon, which lies between 

latitudes of 45.97° N to 46.04° N and longitudes of 66.52° W to 66.34° W.   

           Each of the five tiles is geo-registered in NAD83 reference frame, with heights referred 

to Canadian geodetic vertical datum (year 2014). Point clouds were registered within the spatial 

reference system of the New Brunswick Double Stereographic Projection and transverse 
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Mercator projection with vertical accuracies (Root Mean Square Error, 𝑅𝑀𝑆𝐸), respectively, 

of 0.0509 m and 0.0998 meters at 95% confidence interval.  

3.2.3 Sentinel-2 data 

For estimating biomass of the large forest area, we used Sentinel-2 Level 2A (L2A) data. 

Sentinel-2 offers high-resolution multi-spectral imagery with 13 spectral bands, covering 

visible to shortwave infrared wavelengths (Mohite et al., 2024). The L1C data were processed 

to L2A using the ATCOR algorithm through the Sen2Cor plugin, correcting for atmospheric 

effects (Askar et al., 2018).  Figure 3.2 shows the Sentinal-2 imagery of the study site. 

  

  

 

Figure 3.2  Sentinel-2 L2A Imagery Acadia Forest  (Source: www.copernicus.eu, accessed on 

May 26, 2024) 

Specific bands and variables from the Sentinel-2 data including vegetation indices are 

selected to serve as input features for biomass estimation. Table 3.1 shows the selected 

variables, band information, and significance of band for biomass estimation. 
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Table 3.1 Raw bands and vegetation indices used in the study 

Categorie

s 

Variables Bands & 

Resolution 

Significance Ref. 

Raw 

spectral 

features 

Coastal 

aerosol 

Band-1(B1)-

60m 

Atmospheric correction, 

especially for aerosol 

detection and water vapor 

correction 

(Nuthammach

ot et al., 2022) 

Blue Band-2(B2)-

10m 

Crucial for assessing 

vegetation health, density, and 

biomass 

(Nguyen and 

Kappas, 2020) 

Green Band-3(B3)-

10m 

Sensitive to vegetation 

greenness 

(Nguyen and 

Kappas, 2020) 

Red Band-4(B4)-

10m 

Sensitive to changes in 

chlorophyll content and leaf 

structure and capture subtle 

variations in vegetation 

density and structure 

(Nguyen and 

Kappas, 2020) 

Vegetation 

red edge 

Band-5(B5)-

20m 

Indicate the amount and health 

of vegetation 

(Nuthammach

ot et al., 2022) 

Vegetation 

red edge 

Band-6(B6)-

20m 

Can penetrate through the 

canopy to some extent, 

providing information about 

the vegetation structure 

beneath the canopy 

(Nuthammach

ot et al., 2022) 

Vegetation 

red edge 

Band-7(B7)-

20m 

Sensitive to vegetation 

characteristics such as leaf 

structure and water content 

(Nuthammach

ot et al., 2022) 

NIR Band-8(B8)-

10m 

Sensitive to the structural 

properties of vegetation, such 

as leaf area and canopy 

structure 

(Nguyen and 

Kappas, 2020) 
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Vegetation 

red edge 

Band-

8A(B8A)-

20m 

Sensitive to changes in 

vegetation health, biomass, 

and structure 

(Nuthammach

ot et al., 2022) 

Water vapor Band-9(B9)-

60m 

Sensitive to vegetation water 

content 

(Nuthammach

ot et al., 2022) 

SWIR Band-

11(B11)-20m 

Sensitive to vegetation 

properties such as water 

content and biomass density 

(Nuthammach

ot et al., 2022) 

SWIR Band-

12(B12)-20m 

Sensitive to vegetation water 

content and canopy structure 

(Nuthammach

ot et al., 2022) 

TCI 10m Determine stress on 

vegetation by temperatures 

and excessive wetness 

(Nuthammach

ot et al., 2022) 

Vegetatio

n indices 

 VARI 

 

10m Reduces the influence of soil 

background and non-

photosynthetic vegetation. 

(Croci et al., 

2022) 

EVI 10m Sensitive to vegetation health 

and density and more 

responsive to variations in 

canopy structure. 

(Croci et al., 

2022; Nguyen 

and Kappas, 

2020) 

MTVI2 10m Capturing information about 

chlorophyll content, canopy 

structure and leaf area. 

(Croci et al., 

2022) 

NDVI 10m provides a measure of the 

health and density of 

vegetation 

(Croci et al., 

2022) 

SAVI 10m Reduction of Soil Influence 

and Improved Vegetation 

Estimation. 

(Croci et al., 

2022; Nguyen 

and Kappas, 

2020) 

MSAVI 10m minimize the influence of soil 

brightness 

(Croci et al., 

2022) 
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DVI 10m used to assess vegetation 

health, vigor, and biomass 

density 

(Croci et al., 

2022) 

 

3.2.4 Digital Elevation Model (DEM) 

The Shuttle Radar Topography Mission (SRTM) datasets are global digital elevatiom model 

(DEM) products prepared by collaborative efforts involving National Aeronautics and Space 

Administration (NASA), National Geospatial-Intelligence Agency (NGA), and contributions 

from the German and Italian space agencies (Nguyen and Kappas, 2020). These datasets 

provide DEM with a spatial resolution of 1 arc-second, equivalent to approximately 30 meters 

at the equator. Figure 3.3 exhibits DEM data of the study site.  

  

Figure 3.3 DEM data for Acadia Forest (Canada) 

The DEM attributes (elevation, slope, and aspect each at 30m cell size), which 

characterize terrain and environmental conditions, are selected as topographical features for 

the biomass model for the two study sites. These attributes directly influence light and water 

availability, soil condition, and other factors essential for biomass estimation studies. 

Consequently, DEM data enhances the accuracy and reliability of above-ground biomass 

density (AGBD) estimation models. 
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3.2.5 Global Ecosystem Dynamics Investigation (GEDI) 

The study used monthly GEDI Level 4A (L4A) (version 2) predictions of above-ground 

biomass density (AGBD) as target or dependent variables. GEDI, equipped with full-waveform 

Lidar at 1064nm, illuminates Earth's surface with footprints of approximately 25 meters and 

collects detailed three-dimensional data about Earth's forests and topography. Specifically, 

GEDI gathers canopy height, canopy structure, biomass estimates, ground elevation, and 

vegetation cover data from the International Space Station (ISS), providing insights into carbon 

stocks in forests (Mohite et al., 2024). The L4A product, derived through parametric linear 

models, correlates GEDI L2A waveform metrics with AGBD, encompassing broad forest 

vegetation coverage (Morin et al., 2022).  Figure 3.4 shows satellite trajectory and wide 

coverage of GEDI biomass data over the study site.    

  

Figure 3.4 GEDI L4A trajectory for Acadia Forest 

Figure 3.4 trajectories of footprints of about 25 m every 60 m along the track of GEDI 

instrument (in yellow colour). These beam transects are roughly 600 m apart, covering an 

across-track width of approximately 4.2 km. Aboveground biomass density (AGBD) estimates 

are derived from parametric models linking simulated GEDI Level 2A (L2A) waveform height 

metrics to field plot AGBD estimates. A calibration dataset was created by compiling height 

metrics from simulated waveforms and field estimates across various regions and plant 

functional types (PFTs), such as deciduous and evergreen trees, grasslands, and shrubs. For 

each of the eight beams (yellow), AGBD estimates come with accompanying uncertainty 

metrics, quality flags, model inputs, and additional details about the GEDI L2A waveform for 
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selected algorithm settings. Model inputs consist of scaled GEDI L2A height metrics, 

geolocation variables, and land cover data, including PFTs and region identifiers. Outputs also 

include AGBD predictions in both natural and transformed units, along with prediction 

uncertainties.  

3.2.6 Allometric data 

Table 3.2 below shows summary of field inventory data for 10,000 samples of 7 

numbers of species for New Brunswick provided by Natural Resources and Energy 

Development – New Brunswick (DNR) (hereafter DNR).  

Table 3.2 Summary of field inventory data (DBH, H) of seven species across New Brunswick 

(Min, Mean, Max and Sd indicate minimum, average, maximum and standard deviation, 

respectively) 

Variables No. of 

Samples 

𝑫𝑩𝑯 (cm) 𝑯  (m) 

Min Mean Max Sd Min Mean Max Sd 

White 

birch 

817 7.1 18.18 64.5 8.08 1.9 13.21 30 4.65 

Black 

spruce 

2080 7.1 18.39 72.5 7.68 1.3 12.76 29.6 4.16 

Red  

spruce 

1453 7.1 24.86 62.5 11.32 1.3 14.98 30.7 4.97 

White 

spruce 

574 7.8 25.19 59.1 10.7 2.2 15.36 29.3 5.65 

Balsam 

 Fir 

4179 5.8 17.73 85.1 7.05 1.3 12.47 30.1 4.32 

Red 

 maple 

1274 7.1 21.48 79.7 10.5 1.6 14.51 29.6 4.22 

Norway 

spruce 

25 9 19.47 30.9 6.64 4.9 9.8 13.7 1.912 

 

Table 3.2 above shows that for seven species, 𝐷𝐵𝐻 and 𝐻 vary nonlinearly. Table 3.3 below 

shows species wise samples of  𝐷𝐵𝐻 and 𝐻 along with their range. 
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Table 3.3 Summary of samples of DBH and  H of seven species across New Brunswick 

province 

Variables 𝑫𝑩𝑯 range (cm) Number of 

samples 

𝑯 range (m) Number of 

samples 

White 

birch 

7.1 - 21.45 588 1.89 - 11.26 263 

21.45 - 35.8 206 11.26 - 20.63 511 

25.8 - 64.5 23 20.63 - 30 43 

Black 

spruce 

7.1 - 28.9 1903 1.3 - 10.73 657 

28.9 - 50.7 167 10.73 - 20.16 1325 

50.7 - 72.5 10 20.16 - 29.60 98 

Red 

spruce 

7.1 - 25.6 832 1.3 - 11.10 345 

25.6 - 44 525 11.1 - 20.9 935 

44 - 62.5 95 20.9 - 30.7 172 

White 

spruce 

7.8 - 25.27 312 2.2 - 11.23 161 

25.27 - 42.73 235 11.23 - 2027 297 

42.73 - 60.2 38 2027 - 29.29 127 

Balsam 

fir 

5.8 - 32.23 4042 1.3 - 10.9 1571 

32.23 - 58.67 136 10.9 - 20.5 2445 

58.67 - 85.1 1 20.5 - 30.1 163 

Red 

maple 

7.1 - 31.3 1070 1.6 - 10.93 231 

31.3 - 55.5 190 10.93 - 20.26 939 

55.5 - 79.7 14 20.26 - 29.6 104 

Norway 

spruce 

9 - 17.1 11 4.9 - 7.83 4 

17.1 - 252 8 7.83 - 10.76 12 

25.2 - 33.3 5 10.76 - 13.69 8 

 

As evident from Table 3.2 and Table 3.3, variation of 𝐷𝐵𝐻 (reported by standard deviation) is 

greater than tree height for each species. 

3.3 Data Processing and Analysis 

For terrestrial LiDAR data, no-de noising has been applied as the data provided is 

accurate according to Gonzalez de Tanago et al. (2018). However, for airborne LiDAR data 

two steps has been applied. In the first step, point cloud that contain electric transmission lines 
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are manually removed from each of the five tiles. Thereafter, for each tile MATLAB default 

denoising method is used, where the method removes the noise from data based on nearest 

neighbours of  a point (Rusu et al., 2008).  

3.4 AGB estimation of individual tree from TLS data 
 

A tree stem (or trunk) diverges into branches from the branch collar level (Hackenberg et al., 

2014). From this level upwards, branches and leaves combine to form crown and canopy of 

tree. In the proposed three-step method for trees which have crown surface above or at the 

branch collar level, stem data and crown data are separated automatically and provided as 

inputs. The first step divides stem data by adaptive vertical slicing followed by geometric 

modelling. Second and third steps model crown structure of tree. In second step, a 3D plane 

having maximum crown projection area and centred at the tree's center of gravity is defined as 

canopy plane. Thereafter, crown points are sliced vertically, projected on the canopy plane, and 

divided into canopy and non-canopy points. In third step, with canopy points serving as seed 

points, non-canopy points are classified into various branches using a sphere clustering process.   

  

      The clustering process classifies crown data for both straight and curvilinear branches. For 

a straight branch, data points are fitted to cylindrical shape. For a curved branch, data points 

are further grouped in collinear and connected segments for cylinder fitting. Branch volume is 

calculated as sum of all straight and collinear segments.  Finally, Wood volume is estimated as 

sum of volumes of stem and all branches. Figure 3.5 below shows detailed steps of 

methodology.  

 

 

Let PC be the point cloud of an individual tree, which consists of N number of points. Each 

point is identified by its coordinates (X, Y, Z). Points below branch collar level and above 

branch collar level are referred as sets 𝑺𝑻 and 𝑩𝑺, respectively. Height of first branch of a tree 

from ground level is referred as crown base height (CBH). Sections 3.4.1 to 3.4.5 describe 

details of the three-step method. 
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Figure 3.5 Flow chart of proposed method 

3.4.1 Branch collar level detection 

BCL is typically characterized by a swollen horizontal cross-sectional area, where minimum 

two branches emerge from stem. Thus, stem and crown data can be separated at the BCL. To 

detect the BCL in point cloud of a tree at the BCL, the point cloud data is sliced in vertical 

direction from minimum to highest elevations with 5 cm interval, which is defined as stem 

interval. This value of the stem interval for dense LiDAR data of trees is adopted from Eto et 

al. (2020). Next, a slice of point cloud is vertically projected onto a horizontal plane (𝑍 = 0). 

For the projected points, a circle is fitted. This process is repeated for each of the slices. For 

two consecutive point cloud slices, difference of radius values of their respective circles is 

calculated. If the difference is less than or equal to 1.7 cm, which is equal to one-third of stem 

interval (5 cm), both point cloud slices belong to stem. However, if the difference exceeds 1.7 

cm, which is equivalent to 1° deviation of line joining centres of the two fitted circles from 

vertical, the two point cloud slices are segregated into stem and crown. Lower and upper slices 
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are assigned to stem and crown, respectively. The lower elevation of upper slice (or upper 

elevation of lower slice) is calculated as the BCL.    

3.4.2 Stem shape modelling 

          A tree stem is usually of cylindrical shape. However, in some cases, cylinder radius and 

thus stem curvature changes. Also, stem shape is irregular at bottom of tree, where stem 

connects to ground surface. For modelling stem of tree, we start with conventional approach 

of forestry for slicing 𝑺𝑻 set into vertical bins (of 1 m height) (Eto et el., 2020).  After creating 

bins, RANSAC method (Fischler and Bolles, 1981) is used for cylindrical shape fitting for data 

of each bin. For a bin, angular deviation of axis of fitted cylinder from vertical (𝜃𝑠) and linear 

deviation of data points from the cylindrical surface (𝑑𝑠) are calculated by dot products of 

involved vectors – dot product of vertical axis and centroid of bin provides angular deviation, 

and dot product of cylindrical surface equation and a data point in a bin determines linear 

deviation of the data point. Figure 3.6 schematically shows the two variables (𝜃𝑠 and 𝑑𝑠) for a 

bin or slice of the stem. 

           

Figure 3.6 Angular deviation (𝜃𝑠) and linear deviation (𝑑𝑠) for a stem slice. 
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If axis of a fitted cylinder for a bin deviates by 2° from the vertical direction, the bin is sliced 

into two bins of equal vertical heights. On the other hand, minimum vertical height of a bin is 

restricted to 15 cm, allowing a maximum deviation of 1.5 cm from axis of the fitted cylinder 

in horizontal plane. Cylinder height (ℎ𝑠) and radius (𝑟𝑠) are estimated for all bins. Multiplying 

cylinder height and its cross-section area (𝜋𝑟𝑠
2) determined volume of a bin. As mentioned 

before, stem area located around buttress of a tree may show irregular shapes. For this area, a 

bin is considered as irregular shape and 3D alpha shape is used to generate mesh to find volume. 

 

3.4.3 Crown structure modelling  

3.4.3.1 Canopy points extraction 

LiDAR data points of crown surface or outer surface represent canopy points and shape of tree. 

Crown data contains |𝑩𝑺| data points. Canopy point extraction process consists of following 

four steps:  

Step-(i): A 3D plane passing through tree’s centre of gravity and having maximum crown 

projection area is determined by maximum Eigen vector of canopy data points. Plane 

containing maximum Eigen vector not only passes through centre of gravity but also contains 

maximum area of crown. This plane is referred as canopy plane. 

Step-(ii): After determining canopy plane in step (i), crown data (𝑩𝑺) is divided into different 

strata with statistically determined vertical interval as mentioned in Su et al. (2019). For this, 

canopy point cloud is sorted in ascending order of height data (Z-coordinate). Height difference 

between a point and its immediately following point of the sorted data is determined. The 

largest of these differences is selected as canopy interval (c). 𝑩𝑺 data is divided into 𝑛𝑆 number 

of strata, which is calculated as: 

                                         𝑛𝑆 =
𝑍𝑚𝑎𝑥 − 𝑍𝐶𝐵𝐻

𝑐
                                                   (3.1) 

where 𝑐 = canopy interval 

𝑍𝑚𝑎𝑥 = maximum value of Z coordinates for tree canopy 

𝑍𝐶𝐵𝐻 = elevation of lowest crown point (or elevation of crown base height) 

State of the art studies assume the lowest point of crown as branch collar level (BCL) and 

divide the crown in to vertical slices. However, in certain cases, the lowest point of crown is at 

an elevation higher than the BCL. In these instances, points located on the branch are 

erroneously categorized as canopy points. Hence, in order to determine the lower crown level 

accurately, a three-dimensional convex hull is produced for the 𝑩𝑺 set. Subsequently, the 

sorted Z values of surface points of the convex hull are plotted. The plotted curve shows the Z 
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value associated with discontinuity or vertical offset. The elevation value of upper end of the 

vertical offset is considered as 𝑍𝐶𝐵𝐻.  Figure 3 .7 shows plotted values of the Z values of points 

on convex hull surface for a tree. In figure 3.4 (c), Z levels are shown by vertical offset starting 

from 18.5 m to 23.714 m. Discontinuity in Z levels at 23.714 m is the crown base height (CBH). 

However, for simulation we lower this value by 5% i.e. value of variable 𝒁𝑪𝒓𝒐𝒘𝒏 is taken as 

the 22.5283m in this example. 

  

 

Figure 3.7  (a) Actual CBH level of tree, (b) and (c) Convex hull of BS set and Z values of BS 

set varying with number of Z values of the convex hull. 

 

Step-(iii): After dividing crown data into strata in step-(ii), data points in a stratum are 

projected onto the canopy plane. Out of these projected points in canopy plane, outermost 

points show irregular shape of boundary of stratum. To detect the boundary points, Lindberg 

et al. (2014) and Liu and Wu, (2019) fit ellipse and triangular irregular network (TIN), 

respectively. However, regular shapes like ellipse fail to model irregular shape. On the other 
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hand, the quality of TIN models is highly dependent on the sampling density. In regions where 

data points are sparse, TIN might fail to accurately represent boundary, resulting to omit 

boundary points. To alleviate this problem, we first increased number of boundary points to 

avoid error of omission by projecting points in canopy plane onto a horizontal plane.  Figure 

3.8 schematically explains the process of canopy point detection for a stratum.  

 

 

Figure 3.8  Schematic view of canopy points extraction for a strata. 

After densification of the boundary points, we use 2D Alpha shapes for accurate delineation of 

boundary points. 2D alpha shape constructs a polygonal representation of points in a plane by 

Delaunay triangulation. A triangle is removed, if the radius of circumcircle for the triangle is 

larger than the specified alpha value. Remaining triangles form alpha complex. The boundary 

of this complex is the alpha shape (Guo et al., 1997; Hadas et al., 2017). Boundary points, 

obtained by alpha shape correspond to canopy points in a stratum. Above procedure, i.e. from 

steps (ii) to (iii), is repeated for 𝑛𝑆 numbers of strata and canopy points are obtained for each 
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of the strata. Combining all canopy points for all strata derives canopy points of a tree. Using 

the derived canopy points, next sub-section extracts branch structure from a tree crown. 

3.4.4 Branch data clustering  

Canopy points show the outer surface of crown structure terminating with leaves and branch 

ends. Within crown structure of tree, branches merge and meet at a joint. Joints successively 

become ends of preceding branches. Following this, branches and joint structure develop 

spatial hierarchy of crown structure in 3D space and finally merges into stem. 

Clustering process uses the canopy points as endpoints of branches, and traces course of a 

branch through non-canopy data points till the branch meets with another branch and form a 

joint. This classifies crown data points into different branches.  

Canopy points extracted from 𝑩𝑺 is named as 𝑪𝑵𝑷. Remaining points in 𝑩𝑺 data set are non-

canopy points. As the distance between two branches is always greater than or equal to the 

canopy interval (c), we select one of the canopy points and its q nearest neighbours as seed 

points in canopy points (𝑪𝑵𝑷). Search radius for nearest neighbours is equal to canopy interval 

(c). These (𝑞 + 1) seed points represent ends of branches or surface points of leaves. For each 

of the candidate points, a sphere is defined to classify non-canopy points into different 

branches. Radius of sphere (𝑟𝑠𝑝ℎ𝑒𝑟𝑒) is set to 0.3 m. 

Non-canopy points lying within the sphere of radius (𝑟𝑠𝑝ℎ𝑒𝑟𝑒) are classified to a branch, which 

terminates at one of the canopy points. From this cluster of points formed in first iteration, the 

farthest point from the seed point (or centre of sphere) is selected as the centre point of sphere 

for second iteration. After the second iteration, cluster is updated with new data points and 

centre of recent cluster is used as centre of sphere for subsequent iterations. Also, after the first 

iteration, radius of sphere is incremented by 0.5 cm for each of the subsequent iterations. This 

clustering process, which recursively assigns points to a branch with moving sphere, 

continuously traces points for straight or curvilinear branch with minimum deviation of the 

points from centre axis of the branch. If two or more spheres, belonging to (𝑞 + 1) candidate 

points, intersect at a non-canopy point, the non-canopy point indicates a joint.  

Schematic figure of branch extraction from canopy points is shown by figure 3.9 below. In the 

figure 3.9, the seed point in canopy is represented by C. Points C1, C2, and C3 are three nearest 

neighbours of the candidate point C. The spheres centred at these points are highlighted in 

yellow, red, blue, and green colours, respectively. Blue arrows show the movement of spheres 

along the branches. As shown in the figure, the spheres from C and C1 merge at point p1, 
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consequently the point p1 is chosen as the centre point of sphere for next iteration. Similarly, 

for the spheres starting at points C2 and C3, the starting point for next iteration is p2.  

 

Figure 3.9 Spheres starting with canopy points C, C1, C2, C3 and its movement denoted by 

blue arrows. 

As the clustering process progresses to assign data points in different branches from non-

canopy data, special case of data discontinuity may appear.  

3.4.4.1 Data discontinuity 

Due to a discontinuity of data points on a branch, centre of sphere is not updated for specific 

number of iterations. In this case, the clustering process is terminated after limiting number of 

iterations. As length of a branch cannot be longer than diameter of crown, the limiting number 

of iterations (M) is determined by equations 2, 3, and 4 for a candidate point as:   

                                                𝑀 =
√(𝐶𝑊 × 0.5)2 +  𝐶𝐻

2

𝑟𝑠𝑝ℎ𝑒𝑟𝑒   
                    (3.2)                   

                                               where       𝐶𝐻 =  𝑍𝑚𝑎𝑥 − 𝑍𝐶𝐵𝐻                (3.3) 

                             𝐶𝑊 = √(𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛)2 +  (𝑌𝑚𝑎𝑥 − 𝑌𝑚𝑖𝑛)2           (3.4) 

Where 𝑋𝑚𝑎𝑥 and 𝑋𝑚𝑖𝑛 are the minimum and maximum values of X coordinates in set 𝑩𝑺. 

Similarly, 𝑌𝑚𝑎𝑥 and 𝑌𝑚𝑖𝑛 are maximum and minimum of Y coordinate values, respectively. 

The method uses a single sphere for a seed point if no neighbour exists (or 𝑞 = 0).  
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3.4.5 Cluster to branch segregation  

A data cluster obtained in section 3.4.4 may contain multiple branches. To assign data points 

to a branch, we used nearest neighbour and line fitting processes, which are explain below:  

3.4.5.1 Sub-grouping process 

For clusters belonging to dense canopy, distance between points should be less compared to 

that of a sparse canopy. Thus, if a dense cluster is divided into smaller data sets, each divided 

dataset will contain more points compared to a sparse canopy cluster. We assume that if a 

cluster consists of more than 7 points, it is a dense cluster and may contain multiple branches. 

We divided such clusters into 𝑁𝑑 datasets, each of which contain 𝐾 points. Number of 𝐾 nearest 

points in each of the 𝑁𝑑 dataset are determined by equation (3.5):   

                         𝐾 = 𝑟𝑜𝑢𝑛𝑑 (
100

𝑑𝑎
)                       (3.5)                   

Number of datasets (𝑁𝑑) in a cluster can be calculated as: 

𝑁𝑑 =  (
𝑁𝑐

𝐾
)                                       (3.6) 

In equation (3.5) and (3.6), 100 is scaling factor and  

𝑑𝑎 = average distance between data points of cluster (𝑚) 

𝑁𝑐 = number of data points in a cluster  

A dataset (containing 𝐾 points) derived from a cluster may contain mixture of branches and 

leaves points. We assume a maximum of four straight branches in a dataset. Therefore, to 

assigning data points in a dataset to different branches and subsequently to remove leaf points 

from each branch of the dataset, we further divided a dataset into four sub-groups in two stages 

by fitting 3D lines. This process of dividing a dataset into maximum four sub-groups consists 

of fitting a 3D line through all points of the dataset. Subsequently, for each point within the 

dataset, perpendicular distance from the point to the 3D line is calculated. Based on the positive 

or negative sign of the calculated distance, points are divided into two groups: positive group 

and negative group. This process of the line fitting and identifying two groups is repeated for 

the positive group and the negative group to create total four sub-groups. After this de-grouping 

process, each of the four sub-group defines a straight cylindrical branch. 
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3.4.5.2 Leaf points removal process 

Though first step in above section, explained above, divides each of the four sub-groups may 

indicate individual branches, yet the leafy points in a sub-group behave as noise for a 

cylindrical shape of the branch (sub-group). For points belonging to surface of a branch, axis 

of cylinder (branch) is normal to both the individual points as well as to a plane created by any 

of the three neighbouring surface points of the branch. Thus, to remove leafy points, we 

construct a plane passing through three neighbouring in a sub-group. In other words, for a point 

on the branch surface, normal of the fitted plane is at right angle to the 3D axis of the branch. 

Whereas, if the plane consists of a leafy point, the plane cannot maintain right angle with the 

axis. Mathematically, for each point in a sub-group, dot product between normal vector of the 

fitted plane through three neighbouring points and the 3D axis of the branch should be equal 

to zero. However, as slight deviations are expected, authors have chosen threshold (𝑡𝑑) 

calculated by equation 3.7.                                          

𝑡𝑑 = 0.08 (1 + 0.5 ×  𝑑𝑔)                    (3.7)                   

Where 𝑑𝑔 = average distance between points in a sub-group (𝑚) 

If the dot product value exceeds threshold, 𝑡𝑑, the point is declared as leafy point and removed 

from the branch data (or the sub-group data). Data points obtained after this process are referred 

as on-branch points for a sub-group. 

Figure 3.10 schematically shows a case of a KNN set, which contain two data points of 

branches represented by yellow and red colour (cylinders of pink and blue colours show two 

straight branches). Figure 3.10(a) shows dividing a dataset by a 3D line into two sub-groups: 

positive and negative. The two sub-groups are shown above and below black line, respectively. 

It should be noted that upper sub-group is denoted by two cylinders, yet they represent a sub-

group. As a results, one sub-group is above the fitted line and one-sub-group is below the fitted 

line are shown in the figure 3.10(b). Each of the positive and negative sub-groups are further 

divided into positive and negative sub-group in second iteration. This provided maximum two 

more sub-groups in the second iteration. Figure 3.10(c) shows one of the four sub-groups with 

its 3D axis. Third step removes leafy points from a sub-group points as shown in figure 3.10(d).  
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Figure 3.10 De-grouping of a dataset : (a) data points of a dataset of K points, (b) dividing a 

dataset into two sub-groups, (c) dividing two sub-groups into maximum four sub-groups (or 

four straight branches), and (d) normal to branch surface through points in a subgroup 

3.4.5.3 Re-grouping of on-branch datasets and sub-groups 

After de-grouping process, we obtain four sub-groups for a dataset. Two processes consisting 

of ‘sub-grouping process’ and ‘leaf point removal process’ are applied to all clusters and on-

branch dataset are obtained. The four numbers on-branch datasets, belonging to a sub-group, 

may be parts of a branch. Therefore, for combining on-branch datasets of a sub-group, 

following two conditions are adopted: (i) angular deviation of 3D axis of any two on-branch 

datasets is less than 2.5°, and (ii) distance between the centroids of any two on-branch datasets 

is less than 4 cm. This process resulted in maximum four datasets and minimum one dataset 

for a subgroup (of 𝐾 points). This process of de-grouping, characterized by two conditions 

above, is applied on adjacent sub-groups to combine multiple sub-groups, belonging to a 

cluster, of one branch. In case, if two sub-groups have multiple on-branch datasets, the two on-

branch datasets are randomly selected and combined till no further combinations are possible. 

After this treatment, the resulted data sets are straight branch segments. Shape modelling of the 

straight branch segments are explained in next sub-section below. 
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3.4.5.4 Shape modelling of branch data 

The above retrieved branch segments are assumed as straight branch segments. A straight 

branch segment is modelled as right circular cylinder. Length (𝑙𝑏)  and radius (𝑟𝑏) of cylindrical 

branch segment are calculated for each of the segments by least trimmed squares, and hyper 

circle method, respectively (as explained by Nurunnabi et al. (2017)).   

3.4.6 Volume estimation 

                    Steps explained in sections 3.4.1 to 3.4.5 divide LiDAR point data in different 

branches and stem into straight segments, and identify branch joints. For each of the straight 

segments, a cylinder is fitted and volume of the cylinder is calculated. Similarly, for bottom 

part of a stem, which is not in cylindrical shape, volume is calculated by mesh generated by 

alpha shape. Sum of volumes of all straight segments and curvilinear segment at bottom of 

stem provide total volume of a tree. Volume multiplied by wood density and carbon conversion 

provides the carbon from above ground biomass of an individual tree.  

         For Acadian forest, terrestrial LiDAR data and field biomass data are not available. 

Furthermore, we applied the proposed method to individual trees but observed that airborne 

data contains only outer tree structure or crown data mostly. And no complete point cloud data 

on branches, which results in complete 3D cylinder construction and over estimation of branch 

volume and also without stem full complete tree reconstruction is impossible. The above 

factors will lead to under estimation of biomass by the above proposed tree reconstruction 

method. Next section describes how we addressed these challenges and proposed an 

approximate biomass estimation method  that uses Airborne LiDAR and accurate allometric 

data provided by DNR. 

3.5 AGB estimation of forest from ALS data 

 The biomass calculation method is motivated from the method proposed by Greenberg et al. 

(2005). For the Acadian forest site although airborne data is available, but due to no field data 

authors developed a method using 𝐷𝐵𝐻 and LiDAR tree height. The methodology is given in 

the below figure.   
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Figure 3.11 Methodology for biomass estimation of a forest 

3.5.1 Individual Tree Identification 

For the five LiDAR data tiles covering the Acadian Forest region MATLAB is used to 

implement the watershed algorithm.  Digital terrain and digital surface models are first 

generated by local binning algorithm at a resolution of 0.5 meters to identify individual trees. 

Canopy height model (CHM) of 1m resolution was then produced by subtracting the digital 

surface model from the digital terrain model. The generated CHM represents tree heights for 

each cell (i.e. vertical distance between ground level and the highest points within each 1-meter 

grid cell). Duplicate points and those with negative values are removed. Gaussian low-pass 

filter of 5 × 5 window size was applied to smooth the CHM. A variable window radius, which 

is calculated by crown radius and height of the CHM grid is used to identify tree tops for each 

grid in the CHM. Based on gradient of the CHM, potential tree tops are detected, and individual 

trees are segmented. Coomes et al. (2017) can be referred for the detailed procedure. 

3.5.2  Tree Species Classification 

To classify identified trees into different species, a two-step process was applied. Accordingly, 

trees point clouds were tested to refine tree class. Using crown height information, trees were 

classified into Group A and Group B and further classified into species based on crown width. 

Following steps describe the classification of individual trees to four major species (black 

spruce, balsam fir, maple and birch):  

TH-3947_176104018



49 | P a g e  
 

Step (i): To remove falsely detected trees, we computed the lowest crown surface elevation for 

a point cloud of each tree and standard deviation of all elevations (as derived in section 3.5.1). 

For a tree point cloud, if elevation of a 3D data point is less by the value of standard deviation 

below the lowest crown point, the point cloud is excluded or rejected as false tree.  

Step (ii): After refining tree point clouds for individual trees in step (i), remaining point clouds 

are classified into two categories: Group A and Group B. Group A typically exhibits a lower 

canopy (lower crown height) near to ground level of forest landscape and includes species 

namely Black spruce and Balsam fir. Whereas Group B, which includes maple and birch 

species, tends to show higher canopy. Next, in each group, crown spread (crown width) was 

further used for species classification. For example, Balsam fir has a narrower crown spread 

than Black spruce, while maple has a broader crown than birch (Côté et al., 2010)  

3.5.3 Biomass Estimation  

Ter-Mikaelian and Korzukhin, (1997) published biomass equations for the Acadian 

Forest, for which diameter at breast height (𝐷𝐵𝐻) is a prerequisite. Also, for the Alberta Forest 

site in Canada, 20 allometric equations between 𝐻 and 𝐷𝐵𝐻 are published by (Shongming 

Huang et al., 2011). First, we applied Shongming Huang et al. (2011) equations to the field 

inventory data provided by DNR (Table 3.2 and 3.3), assuming the growth characteristics 

(𝐷𝐵𝐻, 𝐻) of species in Canada was the same, but could not achieve better fits to the data. On 

the other hand, the Acadian Forest (LiDAR polygon) contain fewer circular inventory plots 

created by  Natural Resources and Energy Development  and less samples, making it 

impossible to fit allometric between 𝐷𝐵𝐻  and 𝐻  values. Nevertheless, field inventory (Table 

3.2 and 3.3) consists of more than 10,000 tree sample data for the New Brunswick. Though 

(although authors have more than 20,000 samples however only 10,000 samples are shown), 

(Shongming Huang et al., 2011) published allometric equation for the Alberta Forest, these 

equations are modified for achieving best fit model for all species in New Brunswick. Non-

linear equations (Eqn. 3.8 to 3.10 below), which contain exponential, logarithmic, and third 

order polynomial expressions, established relationship between 𝐷𝐵𝐻 and 𝐻 for each of the 

species (Table 3.2 and 3.3) of the study site.  

𝐷𝐵𝐻 = 𝑎𝐻3 + 𝑏𝐻2 +  𝑐𝐻 + 𝑑  (3.8) 

 

𝐷𝐵𝐻 = 𝑎 + 𝑏 (log 𝐻)𝑐       (3.9) 
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𝐷𝐵𝐻 = 𝑎  (log 𝐻)2  + 𝑏 (log 𝐻) + 𝑐   (3.10) 

Among these equations, the most suitable allometric model (𝐷𝐵𝐻 as a function of 𝐻) was 

determined by maximizing correlation coefficient (𝑅2) and minimizing 𝑅𝑀𝑆𝐸 value. These 

equations are used for estimating 𝐷𝐵𝐻 using LiDAR-derived tree heights (𝐻) for individual 

tree belonging to a species. Next, we have opted biomass equations provided by Ter-Mikaelian 

and Korzukhin, (1997) which has 𝑅2 value greater than 0.9 for estimating biomass variables, 

namely dead above ground biomass (branch and stem) and leaf biomass. These equations 

express biomass as a polynomial function of 𝐷𝐵𝐻 for each tree species. The calculated biomass 

of each tree is summed up for all the species to calculate biomass of forest. Next section 

discusses proposed method for AGB estimation from satellite data, where ALS data is not 

available or in accessible for the Acadian Forest.  

3.6 AGB estimation from satellite data 

In this study, , we integrated NASA's GEDI Level 4A product, Sentinel-2 multi-spectral 

images, and SRTM DEM data for the months from May to September for the year 2021-2022 

due to visible vegetation and no snow cover. Spectral indices were computed from pre-

processed Sentinel-2 data to capture essential vegetation characteristics. Subsequently, GEDI 

data points served as the target variable, while Sentinel-2 bands and spectral vegetation indices, 

along with DEM derived slope and aspect were used as feature variables. Figure 3.12 

demonstrates the methodology and work flow. 

 

Figure 3.12 Methodology and work flow 
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Noise removal applied for noise reduction techniques to eliminate any sensor-specific 

noise artefacts that could affect the accuracy of the spectral data. Atmospheric correction was 

performed to adjust for atmospheric distortions ensured that the surface reflectance values were 

accurate, accounting for the effects of atmospheric particles and gases. Similarly, cloud 

masking was implemented to identify and exclude cloud-covered pixels from the dataset. This 

pre-processing step was critical to prevent clouds from skewing the vegetation indices and 

biomass estimation. Post correction and masking, we computed various vegetation indices 

known for their correlation with biomass. These indices provide valuable insights into the 

vegetation characteristics and health. In addition, the GEDI Level 4A data required specific 

pre-processing steps to integrate and align with the study. Individual GEDI trajectory files were 

merged to create a comprehensive dataset that covered the entire study site. This merging 

ensured a continuous and complete set of biomass measurements across the Acadia Forest of 

Canada. We derived slope and aspect information from the DEM data to capture the terrain 

characteristics. These variables are essential as they influence biomass distribution and forest 

structure. The slope and aspect information was integrated with the Sentinel-2 and GEDI 

datasets for the biomass estimation model. 

Following above steps, Random Forest model was utilized to train and test the datasets, 

predicting the aboveground biomass density (AGBD). The integration of multisource data 

allowed the model to leverage a diverse set of features, enhancing its predictive capability. The 

model was rigorously trained using an 80:20 training-testing split, ensuring robust validation 

and testing. The Random Forest algorithm, known for its high accuracy and ability to handle 

complex interactions between field data variables, provided reliable biomass predictions and 

efficiency of the proposed model for biomass estimation.  

3.6.1 Implementation 

The methodology is implemented systematically in a series of steps. Before deriving various 

variables from the data sets, pre-processing steps were undertaken for Sentinel-2 and GEDI 

data to ensure data quality and compatibility. Initially, Sentinel-2 images were compiled to 

create a comprehensive image composite covering the study area, with a cloud cover threshold 

of less than 1% to minimize atmospheric interference. Processing Sentinel-2 Level 1-C to 

Level-2A using the ATCOR algorithm corrected for atmospheric effects, yielding bottom of 

atmosphere-corrected reflectance imagery. Mosaicking images thus prepared provided 

seamless coverage, enhancing uniform analysis. Subsequently, the process included selecting 

raw bands, vegetation indices (VIs), and textures as input variables. Seven vegetation indices 
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were chosen based on comparative analysis and relevant studies for biomass estimation 

(Amuyou et al., 2022; Askar et al., 2018; Croci et al., 2022; Kanmegne Tamga et al., 2023; Li 

et al., 2021; Nguyen and Kappas, 2020; Potapov et al., 2021; Sothe et al., 2022b; Wang et al., 

2024; Zhang et al., 2024). Table 3.4 shows calculations of spectral indices, namely EVI, SAVI, 

VARI, MTVI2, NDVI, DVI and MSAVI. 

Table 3.4    Algorithms used for calculating vegetation indices 

Variables Algorithms References 

SAVI (1 + 0.5)(𝐵8 − 𝐵4)

(𝐵8 + 𝐵4 + 0.5)
 

(Croci et al., 2022; 

Nguyen and 

Kappas, 2020) 

VARI 𝐵3 − 𝐵4

𝐵3 + 𝐵4 − 𝐵2
 

(Croci et al., 2022) 

EVI 2.5 ∗ (𝐵8 − 𝐵4)

(𝐵8 + 6 ∗ 𝐵4 − 7.5 ∗ 𝐵2 + 1)
 

(Amuyou et al., 

2022; Croci et al., 

2022; Nguyen and 

Kappas, 2020) 

MTVI2 1.5 ∗ (1.2 ∗ (𝐵8 − 𝐵3) − 2.5
∗ (𝐵4

− 𝐵3))√((2 ∗ 𝐵8 + 1)2 − (6 ∗ 𝐵8 − 5√(𝐵4)) − 0.5) 

(Croci et al., 2022) 

NDVI (𝐵8 − 𝐵4)

(𝐵8 + 𝐵4)
 

(Croci et al., 2022) 

DVI 𝐵8 − 𝐵4 (Croci et al., 2022) 

MSAVI 0.5 ∗ (2 ∗ 𝐵8 + 1 − √(2 ∗ 𝐵8 + 1)2 − 8 ∗ (𝐵8 − 𝐵4)  (Croci et al., 2022) 

 

On the other hand, GEDI data points were consolidated into a cohesive dataset, while DEM 

data from SRTM were processed to derive slope and aspect information. Employing a Random Forest 

regression algorithm and K-nearest neighbour (KNN) algorithm, we developed two biomass estimation 

models for each of the two sites. The datasets of each site were split into 80% and 20% ratios for training 

and testing sets to train and evaluate the model performance, respectively. This methodology was 

applied to the Acadia Forest, and the accuracy of the model was assessed by calculating RMSE and R2 

values.  

In addition to developing the biomass estimation model, we calculated the variable importance 

as weights using the Random Forest algorithm to determine the contribution of each feature to the model 

accuracy. Variable importance scores were computed for all input variables, including the Sentinel-2 

spectral bands (red, green, blue, near-infrared, SWIR and red-edge bands RE1, RE2, RE3), vegetation 

indices (EVI, SAVI, VARI, MTVI2), and terrain variables (slope and aspect). Importance of each 

variable was assessed based on the decrease in the model accuracy when that variable was removed, 

providing insights into which features were most influential in predicting AGBD. This analysis helped 

TH-3947_176104018



53 | P a g e  
 

to identify the key factors driving biomass distribution and informed the selection of the most relevant 

predictors for the parametric model. By understanding the variable importance (weights), we ensured 

that the model was not only accurate but also interpretable, allowing us to highlighting the critical 

environmental and spectral characteristics that contribute to biomass estimation. 

3.7 Carbon Sequestration Model 

Although above ground biomass for the study area can be calculated using LiDAR data for a 

year, however in order to understand the carbon sequestration dynamics a terrestrial biosphere 

model is used.   Biosphere model simulates dynamically growing biomass under soil data, 

meteorological data, and plant functional types. Further, carbon sequestration model estimates 

resilience potential of a forest under anthropogenic interventions and natural factors. 

Methodology is shown in Figure 3.9 below and explained in below sections. 

Figure 3.13 Methodology of carbon sequestration model 

To examine future trends in forest biomass, we employ ecological demography model or EDM 

(version 2.2), which was developed by Princeton University (USA) and has been used since 

year 2001 by many studies successfully as a valuable tool for prediction of future biomass 

trends, species divergence, and biodiversity assessment. To estimate carbon sequestration 
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potential of any forest, studies of  Schlamadinger and Marland, (1996) and Schlamadinger et 

al. (1997) suggested an approach for carbon sequestration of forests. Accordingly,  authors 

proposes a linear model that calculates Acadian forest carbon storage for a year by accounting 

forest biomass growth and soil organic carbon from the atmosphere, and carbon loss resulting 

from wood harvesting and greenhouse gas emissions into the atmosphere. The model is an 

algebraic sum of five carbon components over a reference year: (a) above  ground biomass,  

(b) below ground biomass, (c) soil organic carbon, (d) wood harvesting, and (e)  carbon emitted 

by greenhouse gas emissions (Filonchyk et al., 2024)  The carbon sequestration model is 

written as:  

𝐶𝑠𝑡
=         𝐶𝐴𝐺𝐵𝑡

+ 𝐶𝐵𝐺𝐵𝑡
+  𝐶𝑆𝑂𝐶𝑡

  − ( 𝐶ℎ𝑡
  +  𝐶𝐺𝐻𝐺𝑡

 ) (3.11) 

where:                       

𝐶𝑠𝑡
=  Carbon sequestered by the forest site in a reference year 

𝐶𝐴𝐺𝐵𝑡
=  Above ground biomass carbon  in a  reference year 

𝐶𝐵𝐺𝐵𝑡
=  Below ground biomass carbon  in a  reference year 

𝐶𝑆𝑂𝐶𝑡
=  Soil organic carbon  in a  reference year 

𝐶ℎ𝑡
=  Carbon from wood harvesting in a  reference year 

𝐶𝐺𝐻𝐺𝑡
=  Carbon  from greenhouse gas emissions over study site in a  reference year 

 

 

Equation 3.11 calculates the carbon sequestered (𝐶𝑠𝑡
) by a forest site in the current year. 𝐶𝐴𝐺𝐵𝑡

  

and 𝐶𝐵𝐺𝐵𝑡
 can be calculated by sum of carbon of all trees in a sample area and extrapolating 

this value over area of the forest study site. Moreover, 𝐶𝑆𝑂𝐶𝑡
 for a current year can be 

determined from proportion of above and below ground biomass converted to soil organic 

carbon along with its decomposition in to the forest soil. For this, authors modelled soil organic 

carbon by a linear model consisting of the three components stated earlier can be depicted in 

equation 3.12 below. Furthermore, 𝐶ℎ𝑡
 can be calculated using volume of woodcut (in 𝑚3) 

multiplied by wood density and wood to carbon conversion factor. In addition, 𝐶𝐺𝐻𝐺𝑡
 can be 

calculated using the greenhouse gas emissions in metric tonnes of the forest study site.  
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𝐶𝑆𝑂𝐶𝑡
=  𝐶𝑆𝑂𝐶𝑡−1

+  𝜆1  × 𝐶𝐴𝐺𝐵𝑡
+ 𝜆2  × 𝐶𝐵𝐺𝐵𝑡

− 𝑑 × 𝐶𝑆𝑂𝐶𝑡−1
 (3.12) 

where 

𝜆1 =  Proportion of  above ground biomass converted to soil organic carbon 

𝜆2 =  Proportion of  below ground biomass converted to soil organic carbon 

𝑑 = Soil organic carbon decomposition rate 

Rate of carbon sequestration between two years i.e., change between reference 

and year of question can be calculated using equation 3.13. 

𝑟𝐶𝑠𝑡
=         

𝐶𝑠𝑡
− 𝐶𝑠𝑡−1

𝑡 − (𝑡 − 1)
 

(3.13) 

where 

𝑟𝐶𝑠𝑡
=  rate of carbon sequestration for t𝑡ℎ year from t − 1𝑡ℎ year 

𝐶𝑠𝑡
=  Carbon sequestered in year t 

𝐶𝑠𝑡−1
= Carbon sequestered in year t − 1 

3.7.1 EDM Implementation  

Ecological demography models forecast changes in species distribution due to 

climate conditions, assess biodiversity impacts, simulate effects on hydrological cycles and 

water quality, and evaluate the long-term consequences of human activities on forest biomass. 

These models incorporate various ecological, demographic, and biophysical processes to 

simulate forest growth in response to environmental factors (Oddou-Muratorio et al., 2020). 

They utilize data from sources like satellite imagery, forest inventories, and climate records to 

reflect current forest dynamics, considering factors such as sunlight, water availability, and 

nutrient levels to estimate tree and vegetation growth. Additionally, these models predict 

patterns in species distribution, forest structure, and biodiversity based on ecological 

interactions and environmental conditions, which can inform assessments of forests' roles in 

ecosystem services like carbon sequestration (Blanco and Lo, 2023). One such model, the 

Ecological Demographic Model (EDM version 2.2), simulates the eco-physical and bio-

geochemical dynamics of forests, integrating energy balance, water budget, and carbon cycle 

to comprehensively estimate biomass across various spatial scales (Longo et al., 2019).  

             EDM is a terrestrial biosphere model designed to simulate vegetation dynamics across 

various ecosystems, ranging from boreal to tropical forests (Longo et al., 2019). It operates as 
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a cohort-based, geographically implicit model, employing a size and age-structured system of 

partial differential equations to simulate the behaviour of spatially distributed vegetation 

(Moorcroft et al., 2001). EDM integrates multiple modules to forecast various components of 

the simulated ecosystem, including soil biogeochemistry, plant growth, mortality, phenology, 

disturbance, and hydrology. It utilizes a range of plant functional types (PFTs) to account for 

intra- and inter-specific variability, with these PFTs exhibiting differences in leaf physiology, 

phenology, growth and allocation strategies, mortality, and sensitivity to environmental 

conditions (Medvigy et al., 2009). 

EDM calculates and updates the carbon biomass in forests by modelling ecological processes 

of forest carbon. These processes include photosynthesis, respiration, and soil interactions. 

EDM tracks carbon movement from photosynthesis to biomass growth and plants to soil due 

to plant death (mortality) and disturbances. It also monitors carbon decomposition in various 

areas (metabolic litter, structural litter, soil slow, soil passive, wood product, harvested crop, 

etc.) and carbon release from events like fires. The model updates the carbon at the tree level 

and then expands to the whole forest (Ma et al., 2022).  

3.7.1.1.1 Static levels  

To simulate biomass, the EDM model requires site conditions of the study area as 

environmental variables in the model calculations, including meteorological data (temperature, 

pressure, wind velocity, precipitation, diffused and direct solar radiation in visible and NIR 

bands) and soil conditions. For meteorological data of the Acadian Forest site, we obtained 

hourly data from years 2017 to 2020 from the National Renewable Energy Laboratory 

database. Additionally, the geo-potential height of the study site is 70 m, as per the NRC. 

Moreover, CO2 value of 399.6 ppm has been given as per the NRC. 

The study site contains sandy clay loam texture, with clay and sand measuring 0.368% and 

0.111%, respectively (Mansuy et al., 2014). While Mansuy et al. (2014) specified a maximum 

soil depth of 0.69 m for the Acadian Forests, observations by Milburn et al. (1989) suggest that 

plants in New Brunswick may penetrate to depths exceeding 1 m. Consequently, we assumed 

a maximum soil depth of 2 m for the Acadian Forests for simulation purposes. This depth is 

partitioned into five layers, each with maximum ranges of 2.0m, 1.0m, 0.55m, 0.30m, and 

0.12m from the ground surface of the forest. The ED model incorporates soil depth information 

to estimate plant growth, mortality, and carbon sequestration. The depth of the roots of various 

plant species affects how easily they can get water and nutrients. Larger root systems may be 
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supported by deeper soils, which would enhance biomass and carbon storage. The health of 

plants and the productivity of ecosystems are impacted by shallow soils because they restrict 

root access to water. The depth of the soil also influences the water availability, particularly in 

times of drought or high water content, which influences the growth of trees and consequently 

biomass.  

3.7.1.1.2 Plant Functional Type Parameters 

PFT parameters govern how plants and trees interact with their environment, affecting 

population dynamics and shaping ecosystem functions. Moreover, incorporating specific 

characteristics, such as leaf area, wood density, and seed size, provide precise predictions of 

demographic outcomes. In addition, PFT parameters dictate accuracy of EDM output variables, 

namely, gross primary production (GPP), net primary production (NPP), net ecosystem 

production (NEP), and above ground biomass (AGB).  

Based on species data from the research area (as explained in section 3.5.2), two distinct PFTs 

were identified: (i) Northern Pine (comprising black spruce and balsam fir), and (ii) Early 

Hardwood, (consisting of red maple and birch).  We adjusted or refined PFT parameters, as 

recommended by Dashti et al. (2021) and Meunier et al. (2022), because uncertainty of PFT 

parameters contributes to model output variability.  Additionally, we modified additional 

parameters with guidance from the Chave et al. (2007) and OSLON database. Apart from that, 

according to Chu et al. (2023), Northern pines respond to seasonal cues primarily driven by 

temperature fluctuations, with their leaf phenology adapting to changing conditions, thereby 

influencing ecosystem structure and function. Therefore, adjustments were applied solely to 

Northern pine PFTs (Group A species) for biomass growth simulations. Table 3.5 below 

presents the comprehensive list of updated PFT parameters with references. 

Table 3.5 PFT Parameters of the Northern pines (Balsam fir and Black Spruce) 

Parameter name (unit) Abbreviation in 

EDM 

Value set Reference 

Specific leaf area (𝑚2 𝑘𝑔⁄ ) SLA 5 (Dumais et al., 

2014)  

Maximum carboxylation 

rate (𝜇𝑚𝑜𝑙 𝐶𝑂2 𝑚2/ 𝑠𝑒𝑐⁄ ) 

Vm0 33.59 (Matthew E. 

Akalusi, 2021) 

Maximum electron transport 

rate (𝜇𝑚𝑜𝑙 𝐶𝑂2 𝑚2/ 𝑠𝑒𝑐⁄ ) 

Jm0 52.78 (Matthew E. 

Akalusi, 2021) 
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Clumping (dimensionless) clumping_factor 0.735 (OLSON, 2024) 

Leaf turnover rate (1 𝑦𝑟⁄ ) leaf_turnover_rate 0.33 (OLSON, 2024) 

Quantum efficiency 

(𝑚𝑜𝑙 𝐶𝑂2 𝑚𝑜𝑙 𝑝ℎ𝑜𝑡𝑜𝑛𝑠⁄ ) 

quantum_efficiency 0.036 (OLSON, 2024) 

3.7.1.1.3 EDM Configurations  

In addition to the PFT parameters, EDM requires information, namely, plant canopy structure 

of cohorts (closed or thin-shaped information for individual tree), canopy radiative transfer 

models (e.g. two-way or multiple scattering), and trait plasticity, which collectively contribute 

to the uncertainty of model outcomes. Meunier et al. (2022) indicate that these factors typically 

contribute to less than 5% of the EDM outcomes variance, thus we opted default values of these 

parameters for simulation. 

3.7.1.1.4 EDM Initialization 

In this study, the EDM model was initialized by individual tree (cohort) size distribution (𝐷𝐵𝐻, 

𝐻). For initialization, the study site was partitioned into square patches (horizontal grids), each 

of 35m × 35m size. Within each patch or grid, cohorts representing individual trees were 

allocated to their respective PFTs and biomass (AGB) was computed for the grid (as outlined 

in section 2.2.3). Moreover, mineralized soil nitrogen and fast soil nitrogen were calculated for 

each patch using equations proposed by Mahendrappa et al. (1986). Additionally, a leaf area 

index value of 3.99 was assigned to each cohort (as suggested by Chen et al. (2002)). Default 

values were employed for the remaining patch and cohort parameters as adopted from Longo 

et al. (2019). These cohorts and patches parameters serve as inputs for vegetation dynamics for 

EDM. Above mentioned data inputs, environmental variables, and other parameters were 

submitted to EDM on Compute Canada server, an online facility provided by Digital Research 

Alliance of Canada for academic purposes. The server allows running the simulation for 10 

days. 

3.7.1.1.5 AGB Simulation 

EDM uses static and dynamic levels of forest surface to simulate biomass of a forest site. For 

dynamic levels, initial forest ecosystem structure in the form of cohorts and patches derived 

from airborne LiDAR data are provided. Ideal forest conditions and no anthropogenic 

disturbances are assumed to assess carbon potential of the forest. The ideal conditions include 

pasturing (only affected by animal grazing, if any) and influence of natural tree fall or growth 

processes. To account for natural tree fall, it is assumed that forest vegetation dynamics occur 
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during the seventh month of the year in North America. Monthly simulation models of Acadian 

woodland biomass are conducted from the sixth month of year 2021 for durations of next 75 

years (from year 2021-2095).   

3.8 Summary 

Sections 3.1 to 3.7 discusses methodology for estimating biomass and carbon sequestration 

assessment. However, to implement equation 3.11 for assessing carbon sequestration, three 

other components viz., wood harvesting, SOC and GHG emissions require insitu or statistical 

data of the three components for the study site. Based on the statistical data, a linear growth or 

de-growth model can be established which can be used as inputs to equation 3.11. Next chapter 

describes results of methods proposed for biomass estimation method for individual tree and 

forest from terrestrial and airborne LiDAR data. Moreover, it also provides the results of 

Ecological Demography model, soil organic carbon and its outputs for accounting carbon pools 

in the Acadian Forest.
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CHAPTER 4 RESULTS 
 

 

4.1 AGB estimation from Terrestrial LiDAR data 

          The proposed method for wood volume estimation by tree reconstruction was 

implemented in MATLAB and applied on LiDAR data of 23 individual tree data sets were 

obtained from a repository provided by Gonzalez de Tanago et al. (2018).  

4.1.1 Branch collar detection 

The method for branch collar detection is applied to 23 trees by first horizontal slicing the data 

above DBH (or 1.3m) of a 𝑷𝑪, and secondly the radius of the fitted circle for each data slice is 

calculated. Height of the BCL obtained using the proposed method underestimate the wood 

volume. As a result, while we decide the BCL value, we added 5 cm to the originally 

determined height (elevation) of the BCL by the proposed method. The following sections 

discuss processes of stem extraction, canopy points extraction, branch modelling, and volume 

estimation.  

4.1.2 Stem extraction          

            For each of 23 trees, 𝑺𝑻 set is divided into vertical bins and RANSAC method is used 

for cylinder fitting for each bin. Furthermore, a maximum deviation of 5° from vertical was 

permitted by the specifications of 1.5 cm between the cylinder surface and points in a bin 

having minimum size of 15 cm. Additionally, a maximum variation of a distance of 0.5 cm 

between the cylinder surface and points in a bin was obtained by restricting 2° deviation of 

15cm cylindrical axis of the bin. For the bottom most bin for a stem, mesh is generated by alpha 

shape with radius less than or equal to two times of the stem diameter. This value is preferable 

for accurate mesh generation by alphas shapes. For example, if main stem diameter is 0.23 m, 

alpha shape with a radius of 0.45 works better to generate mesh.  From the repository of trees, 

buttress volumes and stem volumes are collected and used the sum of the two values as total 

stem volume. Figure 4.1 shows adaptive vertical slicing for a 𝑺𝑻 set of a tree and modelled 

cylinders and mesh. 
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Figure 4.1 Slices of a stem shown in different colours and (b) fitted cylinders to the stem 

slices and mesh generated by alpha shapes to the bottom slice (Slice1). 

  

4.1.3 Canopy surface points 

For canopy points extraction, we used boundary tool of MATLAB, which computes boundary 

of a set of points based on the Delaunay triangulation of the points. Shrink factor controls areas 

of triangles to be included as part of the boundary. When a shrink factor of 0.75 is specified, 

the function retains triangles, which have smaller circumradii than the 0.75 times maximum 

circumradius of the Delaunay triangles. A value of 0.75 achieved balance by removing small 

gaps or abnormalities from the projected strata points of a slice and capturing the overall 

canopy form of a tree avoiding tiny spaces in the canopy points. Shrink value one, on the other 

hand, introduces concave or jagged edges and produces an extremely sensitive border. 

Boundary extraction or canopy points for a slice obtained by 0.75 shrink factor is shown in 

figures 4.2(a), 4.2(b), and 4.2(c) below.  
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Figure 4.2 (a) strata points for a point cloud of a tree, (b) projected strata points, and (c) 

boundary points derived by alpha shapes with a shrink factor of 0.75 

From the figure 4.2 (a) and 4.2(b), it is evident that strata points (fig. 4.2 (a)) for a tree are 

densified after projecting on to the canopy plane. For these projected strata points boundary 

points by 2D alpha shapes is retrieved and plotted in figure 4.2 (c). Figure 4.2 (c) highlights 

canopy points extracted by the proposed method along with the strata points set of a tree.  This 

process applied to LiDAR point data of all 23 trees. Canopy interval (𝑐) depends on LiDAR 

data density of a crown and canopy voids. For the 23 trees, canopy interval vary from 2 cm to 

55 cm, and the number of points vary from 1083 to 38070, which conforms to the minimum 

number of points required for reliable crown signatures, as suggested in Dong, (2010).  
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4.1.4 Branch clustering and reconstruction     

4.1.4.1 On-branch cluster    

Branch clusters are extracted for all strata starting from highest point of a crown. Thereafter, 

method presented in sections 3.4.4 and 3.4.5 are applied to determine the branch segments (on-

branch clusters) of 𝑩𝑺 set of a 𝑷𝑪. Figure 4.3 below shows branch segments obtained after re-

grouping of on-branch clusters. 

 

Figure 4.3  Branch segments after re-grouping of on-branch clusters. 

4.1.4.2 Crown volume    

    A branch is modelled as a right circular cylinder as explained in section 3.4.5. Although dot 

product threshold removes most of the leaf points, still small leaf points which are near to 

branches are remained and incorrectly classified as branch segments. Leafy points are 

considered as outliers. Majority of the outliers in leafy part, which contains more data points 

than the woody portion of tree. To remove outliers, we calculated mean absolute distance 

between cylindrical surface and data points. If mean absolute distance value is more or equal 

to 0.01 m, a point is removed as outlier.  

4.1.5 Accuracy assessment and discussion 

Tree volume is estimated as sum of crown volume (𝐶𝑒) and stem volume (𝑆𝑒). The crown 

volume is sum of volumes of all branch segments, whereas the stem volume is sum of volumes 

of all vertical bins of the stem. Estimated values of total volume of trees are compared with the 
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harvested or reference volumes (𝑉𝑅) provided in the repository. Accuracy analysis is performed 

for each of three components of tree volume: stem volume, crown volume, and total volume. 

Accuracy for each of the three components is calculated as differences of estimated volume 

and reference volume divided by reference volume. Following formulas calculate error and 

accuracy figure in percentage for three variables (stem volume, crown volume, tree volume): 

𝑒 =  𝑉𝐸 −  𝑉𝑅                              (4.1) 

𝜂 = 100 −  
|𝑉𝐸− 𝑉𝑅|

𝑉𝑅
× 100        (4.2)      

Where 𝑉𝐸 = estimated volume, 𝑉𝑅 = harvested or reference volume, 𝜂 = percentage accuracy 

of the method for a tree and 𝑒 = error in estimated volume. 

Volume, error, and accuracy figures are denoted for stem volume, crown volume and total 

volume as 𝑉𝑆𝐸, 𝑒𝑆, 𝜂𝑆, 𝑉𝐶𝐸, 𝑒𝐶, 𝜂𝐶 , 𝑉𝑇𝐸, 𝑒𝑇, and 𝜂𝑇, respectively. Similarly, for accuracy 

analysis, reference volumes for stem, crown, and total volume can be indicated by 𝑉𝑆𝑅, 𝑉𝐶𝑅, 

and 𝑉𝑇𝑅 in equation 8. Table 4.1 shows results of estimated volume, error in estimated volume, 

and accuracy of the estimated volume for the 23 trees. Tree identification number, species 

name, crown height, and stem height are also mentioned. Table 4.2 shows species wise results 

and their statistics. Due to only 23 number of trees and 14 species, we prefer maximum, 

minimum and median values for analysis of results for the stem volume, the crown volume, 

and the total volume.  
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Table 4.1 Estimate, error, and accuracy of wood volumes for 23 trees (G, I, and M indicate trees in Guyana, Indonesia, and Peruvian regions 

Site Tree 

(Stem height (𝒎), 

Crown height (𝒎)) 

Species 

name 

           𝑺𝒕𝒆𝒎 Volume Crown volume Total volume 

 𝑉𝑆𝐸   

(𝑚3) 

𝑒𝑆  

(𝑚3) 

𝜂𝑆  

(%) 

𝑉𝐶𝐸   

(𝑚3) 

𝑒𝐶   

(𝑚3) 

𝜂𝐶   

(%) 

𝑉𝑇𝐸 =  𝑉𝑆𝐸 + 𝑉𝐶𝐸   

(𝑚3) 

𝑒𝑇  

(𝑚3)  

𝜂𝑇(%) 

Guyana G01 (15.88, 9.52) Wallaba 

ituri 

 

5.140 0.23 95.71 11.49

2 

1.396 89.17 16.632 1.626 91.09 

G03 (18.8, 14.45) 2.856 0.25 91.95 5.670 0.668 89.32 8.525 0.605 90.28 

G04 (16.98, 5.23) 3.450 0.42 89.15 6.441 0.608 89.46 9.891 0.918 90.59 

G05 (19.52, 10.08) 3.641 0.32 91.92 6.606 0.784 91.38 10.247 1.028 90.27 

G06 (19.87, 8.93) 5.115 0.03 99.39 7.886 1.039 89.39 13.001 1.104 92.39 

G07 (22.83, 6.37) 7.184 0.12 98.37 11.93

9 

1.161 88.36 19.123 1.070 93.73 

G08 (14.02, 12.98) 4.283 0.47 90.04 7.641 0.649 91.14 11.923 1.280 91.39 

G02 (17.65, 9.95) Huruasa 2.231 0.20 91.59 3.238 0.401 92.17 5.581 1.123 90.21 

G09 (24.24, 5.56) Korokororo 12.343 0.87 93.41 14.26

0 

0.873 94.23 26.603 1.744 93.85 

Indones

ia 

I01 (14.83, 6.5) Tetramerist

a glabra 

 

 

1.118 0.14 89.03 0.422 0.040 91.42 1.540 0.177 89.67 

I02 (14.7, 6.5) 2.058 0.24 89.65 0.338 0.020 94.35 2.396 0.258 90.28 

I03 (14.15, 11.55) 4.632 0.25 94.95 

0.789 

0.063 92.65 5.422 0.309 94.61 
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I04 (11.99, 14.41) Parastemon

-urophyllus 

1.450 0.08 94.51 

0.105 

0.013 88.74 1.555 0.097 94.10 

I07 (20.95, 15.55) Shorea- 

teysmannia

na 

1.550 0.13 92.22 

0.935 

0.123 88.37 2.485 0.254 90.73 

I08 (11.6, 15.72) Aglaia- 

rubiginosa 

3.107 0.17 94.81 

1.597 

0.154 91.23 4.705 0.324 93.56 

Peruvia

n 

M01 (15.75, 28.25) Buchenavia 

macrophyll

a 

14.868 0.75 95.23 

25.94

8 

2.333 91.75 40.816 3.078 92.99 

M02 (14.46, 17.54) Dacryodes 

peruviana 

4.837 0.49 90.81 

5.648 

0.674 89.34 10.485 1.164 90.01 

M03 (19.25, 15.75) Couratari 

macrocarpa 

5.858 0.39 93.81 

6.853 

0.587 92.11 12.711 0.974 92.89 

M05 (24.19, 17.81) Sloanea 

eichleri 

15.920 0.67 95.96 10.68

9 

1.016 91.32 26.609 1.686 94.04 

M06 (28.81, 21.69) Pterygota 

amazonica 

17.683 0.230 98.72 12.68

6 

1.499 89.43 30.369 1.729 94.61 

M07 (29.19, 19.41) 14.384 0.410 97.22 7.103 0.958 88.12 21.487 1.369 94.01 
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M08 (17.08, 28.82) Pseudopipta

denia 

suaveolens 

7.744 0.520 93.66 

11.43

4 

1.061 91.51 19.178 1.585 92.37 

M09 (22.3, 16.9) Nectandra 

longifolia 

5.345 0.290 94.79 

2.102 

0.256 89.16 7.447 0.549 93.13 

 

 

Minimum 1.118 0.03 89.03 

 

0.105 0.013 88.12 1.540 0.097 89.67 

Maximum 17.683 0.87 99.39 25.94

8 

2.333 94.35 40.816 3.078 94.61 

Mean 6.382 0.333 93.78 7.041 0.719 90.61 13.423 1.046 92.24 

Standard 

deviation 

4.924 0.212 3.025 5.913 0.558 1.807 10.324 0.699 1.70 

 

Table 4.2 Site wise and species wise statistics of algorithm performance for stem, branch and total volume. 
  

𝜼𝑺 (%) 𝜼𝑪 (%) 𝜼𝑻 (%) 

Site Species (Number of trees) Max Min Median Max Min Median Max Min Median 

Guyana Wallaba ituri (7) 99.38 89.14 91.95 92.17 90.15 89.46 93.73 90.27 91.01 
 

Huruasa (1) 
  

91.59 
  

89.23 
  

90.21 
 

Korokororo (1) 
  

93.41 
  

94.23 
  

93.85 

Indonesia Tetramerista glabra (3) 94.95 89.03 89.65 94.35 91.42 92.65 94.61 89.67 90.28 
 

Parastemon urophyllus (1) 
  

94.51 
  

88.74 
  

94.10 
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Shorea teysmanniana (1) 

  
92.22 

  
88.37 

  
90.73 

 
Aglaia rubiginosa (1) 

  
94.81 

  
91.23 

  
93.56 

Peruvian Buchenavia macrophylla (1) 
  

95.23 
  

91.75 
  

92.99 
 

Dacryodes peruviana (1) 
  

90.81 
  

89.34 
  

90.01 
 

Couratari macrocarpa (1) 
  

93.81 
  

92.11 
  

92.89 
 

Sloanea eichleri (1) 
  

95.96 
  

91.32 
  

94.04 
 

Pterygota amazonica (2) 98.72 97.22 97.97 88.12 89.43 88.78 94.61 94.01 94.31 
 

Pseudopiptadenia 

Suaveolens (1) 

  
93.66 

  
91.51 

  
92.37 

 
Nectandra longifolia  (1) 

  
94.79 

  
89.16 

  
93.13 
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4.2 AGB estimation from Airborne LiDAR data 

4.2.1 Tree composition 

The CHM model generated assist detecting potential tree tops by identifying significant peaks. 

Grids having heights above 0.5 m in the canopy height distribution were extracted as trees. 

Consequently, 270902 numbers of trees were originally detected. These trees were refined and 

the number reduced to 268648 trees. Out of these many trees, 91114 were spruce, and 177534 

were balsam fir. However, maple or birch species were not detected in the five LiDAR tiles. 

Additionally, balsam fir exhibits a preference for shaded regions, where it can thrive even with 

limited sunlight availability. These factors likely contribute to their abundance in the selected 

area and throughout the Acadian forest.  

4.2.2 Allometric equation results 

For modelling allometric equations using field inventory data, we applied equations 1 to 3 and 

𝑅𝑀𝑆𝐸 was calculated for each model equation. To identify the best fit allometric model, values 

(𝐷𝐵𝐻, 𝐻) that fell within 75% of the maximum 𝑅𝑀𝑆𝐸 of a fitted equation were used. For 

Balsam fir and black spruce, equation 3 provided the best fit. Figures 4.4(a) and 4.4 (b) depict 

the fitted curve and the corresponding inventory data for Balsam fir and Black spruce, 

respectively.   

On the other hand, for Maple and Birch, the best fits were exhibited by equations 1 and 2, 

respectively. Table 4.3 shows best-fit allometric equations, their parameters, and performance 

(𝑅𝑀𝑆𝐸) for 4 major species. Best model equations corresponding to each species (mentioned 

in Table 4.3) were subsequently employed to estimate dead above ground biomass (branches 

and stem) and leaf biomass for patches and cohorts establishment. 

Table 4.3 Allometric equation parameters of species 

Species Parameters 𝑹𝟐 𝑹𝑴𝑺𝑬 

(cm) 

Type of best 

fitted 

Allometric 

equation 

𝒂 𝒃 𝒄 𝒅 

Balsam 

fir 

11.24 - 40.83 48.33  0.81 2.45 Equation 3 

Black 

spruce 

12.10 - 42.76 48.15  0.83 2.28 Equation 3 
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Red 

maple 

0.01 0.54 - 

8.4304 

57.77 0.65 5.95 Equation 1 

Birch 12.53 0.01 6.93  0.60 3.6 Equation 2 

 

 

Figure 4.4 DBH vs H data and fitted curves: (a) for Balsam fir, (b) for Black spruce 

. 
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4.2.3 Biomass distribution 

As explained in section 3.5.3 and from table 4.3 and figure 4.4, for 268648 trees encompassing 

extracted from five LiDAR tiles equations provided by Ter-Mikaelian and Korzukhin, (1997) 

is used for biomass estimation. Out of these many trees,  these equations were used for 91114 

black spruce, and 177534 balsam fir species which has 𝑅2 value greater than 0.9. Figure 4.5 

below shows the aboveground biomass distribution for the Acadian forest encompassing an 

area of 9.955 𝑘𝑚2.  

 

 

Figure 4.5 Biomass distribution for the whole LiDAR polygon area 

            From the above figure, one can observe more than 90% of trees or majority of trees has 

AGB values in the range from 8.36 to 260.86 𝐾𝑔. 𝐶. This also indicates that that the LiDAR 

data has trees aging from young to mature.  

4.3 AGB estimation from Satellite data 

The proposed parametric model is implemented for the two study sites. For the Acadia Forest 

site, 𝑅𝑀𝑆𝐸 of 9.29 Mg/ha and an 𝑅2 of 0.94 for the training set, and 𝑅𝑀𝑆𝐸 of 23.52 Mg/ha 

and 𝑅2 of 0.60 for the test set were obtained. Figure 4.6 shows the biomass modelling by input 

and output variables with 80:20% ratios. Table 4.4 compiles performance results. 
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Figure 4.6 Observed and predicted values of AGBD for Acadia forest  

Table 4.4 RMSE and 𝑅2  values for different model 

Location Model Train : 

Test  

RMSE 

(Mg/ha)(Train) 

RMSE 

(Mg/ha)(Test) 

𝑹𝟐 

(Train) 

𝑹𝟐 

(Test) 

Acadia 

Forest 

RF 80:20 9.29 23.52 0.94 0.60 

KNN 80:20 23.81 27.31 0.61 0.45 

 

The Random Forest algorithm derives importance (or weights) for input variables for 

achieving minimum error in biomass estimation. Table 4.5 mentions the derived weights for 

each variable in four categories according to range of weights: high importance, moderate 

importance, low importance and negligible importance.   

Table 4.5 Variable importance (weights) derived by Random Forest algorithm 

Acadia Forest Canada 

High importance 

Feature Importance 

Band-4 0.209180 

DEM 0.085483 

EVI 0.071259 

MTVI2 0.071213 

SLOPE 0.068535 

Band-12 0.060139 
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Moderate importance 

Band-8 0.058010 

Band-9 0.051307 

Band -5 0.049157 

Band-1 0.044430 

Band-11 0.036633 

VARI 0.034561 

ASPECT 0.032957 

Band-2 0.032806 

Low importance 

Band-3 0.027908 

Band-6 0.023478 

Band-7 0.021673 

Band-8A 0.021272 

Negligible importance 

NDVI 0.016174 

SAVI 0.015614 

DVI 0.014231 

MSAVI 0.012135 

 

 Among the four categories of variables mentioned in the table above, the first category 

of variables, namely Band-4, Band-12, DEM, EVI, MTVI2, and SLOPE, is regarded as highly 

important for estimating AGBD. Band-4 (red) and Band-12 (shortwave infrared), derived from 

Sentinel-2 LA data, are known to provide critical information regarding vegetation health and 

moisture content, which are essential for the assessment of biomass. Topographic data is 

offered by DEM, encompassing elevation and terrain features that are influenced by vegetation 

growth patterns and biomass distribution. It has been established that EVI and MTVI2, as 

vegetation indices, enhance sensitivity to canopy characteristics and reduce atmospheric 

effects, thereby improving the accuracy of biomass estimations (Amuyou et al., 2022; Croci et 

al., 2022; Nguyen and Kappas, 2020). Slope, which is derived from DEM, is noted to affect 

water runoff and soil properties, subsequently influencing vegetation structure and density 

(Nguyen and Kappas, 2020).  
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In the second category, the variables Band-1, Band-2, Band-5, Band-8, Band-9, Band-

11, VARI, and ASPECT are found to be moderately important for estimating AGBD. These 

variables primarily correct atmospheric effects and enhance the accuracy of surface reflectance 

measurements that detect chlorophyll absorption and assess vegetation health. Band-5 (red 

edge) and Band-8 (NIR) have been identified as particularly valuable for the monitoring of 

plant biomass and stress due to their sensitivity to chlorophyll content and overall vegetation 

structure. Assistance in atmospheric correction is provided by Band-9 (water vapour), while 

Band-11 (SWIR) is utilized for detecting moisture content in vegetation and soil. The design 

of VARI is intended to minimize atmospheric interference, thereby providing a more accurate 

measure of vegetation health (Nuthammachot et al., 2022). Aspect, derived from DEM data, 

influences microclimatic conditions and vegetation growth patterns by affecting sunlight 

exposure and moisture retention (Nguyen and Kappas, 2020).  

The importance of third category variable i.e.  Band-3 (green), Band-6 (red edge 1), 

Band-7 (red edge 2), and Band-8A (red edge 3) for estimating AGBD is Band-3, situated in the 

green spectrum, is sensitive to chlorophyll concentration and provides insights into plant 

vigour. Band-6, Band-7, and Band-8A, located in the red-edge spectrum, are crucial for 

detecting subtle variations in vegetation structure and stress (Nuthammachot et al., 2022). 

These bands are particularly effective for monitoring canopy density and biomass because the 

red-edge region is highly responsive to changes in leaf area index and biomass. Lastly the 

fourth category variable having negligible importance in prediction due to almost negligible 

effect in the accuracy of the estimation if they are removed. Next section discusses about 

implementation of Ecological Demography Model (EDM) and its results to estimate carbon 

sequestration potential of Acadian Forest. 

4.4  Carbon Sequestration Model 

4.4.1 EDM Initialization 

Initialization of EDM requires tree heights, 𝐷𝐵𝐻 with locations, PFTs, mineralized soil 

nitrogen, fast soil nitrogen, leaf area index, and individual tree above ground and leaf biomass, 

tree density in a patch as inputs. The area of forest site containing the five LiDAR tiles large 

for simulation and more than 9.955 𝑘𝑚2. Thus, authors focused on an area of 1.225 𝑘𝑚2 (122.5 

hectare) for biomass simulation, which consists of young to mature species (figure 4.7, 4.8 and 

4.9 below). This area consists of approximately 1000 patches (grids) housing 27,119 individual 

trees (cohorts). Among these, 8,775 (32.3%) cohorts belong to Black spruce, while 18,344 

(67.7%) are Balsam fir. Furthermore, from the figure 4.7, each patch consists of both balsam 

TH-3947_176104018



75 | P a g e  
 

fir and black spruce, indicated by yellow and green colours, respectively. Within this selected 

122.5-hectare area, trees exceeding 5 m in height to avoid shrubs were considered for above 

ground biomass simulation by EDM (Wang and Gao, 2019).  

 

Figure 4.7 Spatial distribution of Balsam fir and Black spruce extracted from airborne 

LiDAR data 

 

Figure 4.8 Histograms of LiDAR-derived height of (a) Balsam fir and (b) Black spruce. 
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Figure 4.9 Histograms of estimated DBH (a) Balsam fir and (b) Black spruce 

          Maximum and minimum heights of balsam fir trees derived from LiDAR data are 5.004 

m and 29.9490 m, respectively. Estimated 𝐷𝐵𝐻 for balsam fir by the allometric equation ranges 

from 10.3730 cm to 45.6221 cm. Similarly, for black spruce, the 𝐷𝐵𝐻 ranges from 10.3728 

cm to 38.1824 cm, while their heights range from 8.0018 m to 28.3802 m. As maximum value 

of estimated 𝐷𝐵𝐻 and LiDAR captured height (𝐻) of the Acadian Forest species are less than 

those specified in forest inventory data (from DNR), developed allometric equations and 

biomass carbon model are expected to underestimate both 𝐷𝐵𝐻 and calculated aboveground 

biomass values. Histogram distributions indicate more than 45% of trees heights are less or 

equal to 14m, confirming participation of young to mature species of Balsam fir and Black 

spruce in EDM simulation. EDM with modified PFT parameters simulated above ground 

biomass for mentioned tree species of Northern pine for maximum of 75years. Next 

subsections explains reliability and accuracy of simulated values and biomass (AGB and BGB) 

variations.  

4.4.2 EDM outputs verification 

Dashti et al. (2021) reported that monthly EDM GPP values when compared with Eddy 

covariance data had an uncertainty of 0.39 𝑘𝑔. 𝐶/𝑚2.  On the other hand, Wu et al. (2010) 

reported that MODIS and Eddy covariance has a RMSE of 18.464 𝑔. 𝐶/𝑚2/ 8 𝑑𝑎𝑦. Thus, to 

validate results, GPP values obtained by EDM, are compared with MODIS data for years 2021 

and 2023 as eddy covariance data of the study site is not available. Comparison of simulated 
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values by EDM and MODIS data was not possible for year 2022 as GPP values by MODIS are 

not available. Validation was performed for 15 months (last seven months of year 2021 and 

first eight months of year 2023) for which MODIS data are available. Table 4.6 shows the 

monthly variations of the simulated GPP by EDM and GPP values by MODIS for years 2021 

and 2023. 

Table 4.6 Comparison of monthly simulated GPP by EDM and MODIS GPP of the Northern 

pines 

EDM GPP (𝒌𝒈.
𝑪

𝒎𝟐 /𝒎𝒐𝒏𝒕𝒉) MODIS GPP (𝒌𝒈.
𝑪

𝒎𝟐 /𝒎𝒐𝒏𝒕𝒉) Month of Year 

0.132936 0.065549 June 2021 

0.138208 0.076084 July 2021 

0.126246 0.070404 August 2021 

0.109841 0.069219 September 2021 

0.100596 0.083207 October 2021 

0.026468 0.021658 November 2021 

0 -0.00053 December 2021 

2.6E-08 -0.0003 January 2023 

0 -0.00019 February 2023 

0 -0.00227 March 2023 

9E-08 -0.01606 April 2023 

0.010981 -0.02708 May 2023 

0.015813 -0.03249 June 2023 

0.017982 -0.04852 July 2023 

0.018759 -0.03967 August 2023 

 

 𝑅𝑀𝑆𝐸  calculated using 15 months data with MODIS GPP as a reference was equal to 4.75066 

× 10-3 𝑘𝑔. 𝐶/𝑚2. In addition, notably, for the year 2021, simulated values superseded reference 

values. Whereas for the year 2023, simulated values were less than the reference values. This 

variation could stem from methodological disparities - MODIS calculates GPP using a fraction 

of photo synthetically active radiation and land cover classification, which may result in 

overestimation or underestimation due to potential errors in these datasets. Additionally, 

parameters such as maximum light utilization efficiency employed in EDM might not align 

with actual field values (Gelybó et al. 2013; Oliphant et al. 2011; Pandit et al. 2021; Verma et 
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al. 2015; Wang et al. 2017). Moreover, the simulation by EDM did not incorporate disturbances 

like wildfires.  

         Figure 4.10 below depicts the EDM simulated GPP and NPP values for the study site 

drawn for 55 years. Although random fluctuations in GPP and NPP are discernible in the 

simulation results up to year 2025, discrepancies converge subsequently for random 

fluctuations in GPP and NPP are discernible in the simulation results up to year 2025, 

discrepancies converge subsequently for the remaining years. These early oscillations may 

result from changes in vegetation composition and climate variations (temperature, 

precipitation, sunlight availability, etc.), significantly affecting photosynthesis, and 

consequently, GPP and NPP values are also modified (Gelybó et al. 2013; Thomas et al. 2009). 

Modifications made to the PFT parameters could also contribute to these fluctuations. 

Consistency in variation after year 2025 suggests that the forest ecosystem has attained 

equilibrium with stable rates of respiration and photosynthesis. This stabilization could be 

attributed to the vegetation age or specific climatic conditions (Pandit et al., 2021). 
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Figure 4.10 Yearly variations of EDM simulated (a) GPP and (b) NPP values for 55 years 

(from years 2021 to 2076) 

4.4.3 AGB and BGB dynamics 

   Figure 4.10 below illustrates the annual variation of simulated aboveground biomass (AGB) 

using the EDM from the current year (2021) to August 2076 for 27,119 numbers of cohorts 

(AGB distribution for the year 2021 for the whole LiDAR polygon area is given in figure 4.5 

above. A decline in AGB for the study area was observed, which aligns with findings of  

Dimitrov et al. (2014) of diminished carbon capture over time in ecotone regions. Variations 
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in AGB remained minimal until year 2048, after which a significant decrease was observed. 

This trend corresponds with the stable temperature and precipitation patterns projected by 

representative concentration pathways (RPC) models up to year 2048 (Taylor et al., 2017). 

RPC Projections indicate a 4-6°C increase in mean annual temperature across New Brunswick 

by years 2071-2100. This will be accompanied by a 39-77% rise in growing degree-days and 

a 48-79 mm decrease in summer atmospheric water balance. These shifts may stress vegetation, 

hinder tree growth, and diminish soil moisture and nutrient availability, consequently reducing 

AGB (Albert et al., 2023; Xiao et al., 2023). Contrarily belowground biomass (BGB) has 

shown decline in year 2048 (Fig. 4.11 below).  Moreover, according to Ma et al. (2022), EDM 

estimates of AGB are in close agreement with filed data.   

 

Figure 4.11  Yearly variation of simulated AGB values by EDM for years 2021 to 2076 for 

study site 

Additionally, EDM outputs confirm a steady fall in evapotranspiration and LAI from year 2021 

to year 2029, indicating probable water stress and loss in photosynthetic capability, both of 

which contributed to the AGB decline during the 9 years. From years 2029 to 2045, no major 

changes in stored biomass are observed due to stable values of evapotranspiration, and LAI. 

Stable behavior of forest biomass can be attributed to reaching maturity by most of the cohorts. 

However, increase in temperature and decrease in precipitation caused decrease in structural 

soil carbon from year 2045 onwards. This negatively affected plant production and soil health, 

aggravating the AGB reduction in the Acadia Forest. This dramatic drop in AGB, which 

originally commenced in year 2045 is observed in year 2048.  

TH-3947_176104018



81 | P a g e  
 

4.4.4 Carbon sequestration model 

Simulation error in GPP, indicated by RMSE of 4.75066 × 10-3  𝑘𝑔. 𝐶/𝑚2 is acceptable 

(Gelybó et al., 2013; Oliphant et al., 2011; Verma et al., 2015). Also, trend of the simulated 

values of biomass are consistent with prior research by Bashir et al. (2019) , who reported a 

decrease in carbon sequestration pools consisting of Balsam fir and Black spruce.  

Dynamically varying AGB values obtained by EDM for a year (as shown in figure 4.11 above) 

for trees are used for calculating above ground biomass carbon for that particular year. Thus, 

𝐶𝐴𝐺𝐵𝑡
 for the current year (2021) is calculated as average carbon over all trees (27119 cohorts) 

used for simulation for the year 2021 and extrapolated for the area of the Acadian Forest (90 

𝑘𝑚2). Next, 𝐶𝐴𝐺𝐵𝑡
 is used as one component in equation 4 for calculating the carbon 

sequestered (𝐶𝑠𝑡
) by the study site in current year (2021).  Moreover, EDM calculates BGB 

values based on the root to shoot ratio of a plant species. Using the simulated below ground 

biomass authors calculated 𝐶𝐵𝐺𝐵𝑡
 in a reference year and extrapolated for the entire Acadian 

Forest. Figure 4.12 shows the BGB dynamics. 

 

 

Figure 4.12 Below ground biomass variation for the whole LiDAR polygon area from 2021 to 

2076. 

Remaining three components in equation 3.11 and 3.12 are soil organic carbon, greenhouse 

emissions over New Brunswick, and wood harvesting in the Acadian Forest, which are 

calculated as follows:  
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(i) Carbon from soil organic carbon (𝑪𝑺𝑶𝑪𝒕
):  𝑪𝑺𝑶𝑪𝒕

 for the year 2021 is calculated from 

the repository created by Sothe et al. (2022). For this, first mean value of the soil organic carbon 

for the LiDAR polygon is extracted. The extracted mean, minimum and maximum values of 

soil organic carbon for year 2021 for the LiDAR polygon are 12.13, 7.43 and 24.51 𝑘𝑔. 𝐶/ 𝑚2, 

respectively. Using the mean value, authors extrapolated the SOC for the Acadian Forest for 

year 2021. For the remaining years i.e., from 2022 to 2076, equation 5 has been used, in which 

𝜆1 is assumed as 1.2% and we assumed that 100% of the forest cover change is converted to 

AGB. Authors obtained forest cover change from the Global Forest Watch (Global Forest 

Watch, 2021). Moreover,  𝜆2 value is assumed as same as  𝜆1. In addition 𝑑 value is taken as 

0.02 as the study site soil texture is sandy clay loom (Wang et al., 2019). The extracted soil 

organic carbon for the LiDAR polygon area and trends are shown in Figure 4.13 and 4.14 

below. 

       

 

Figure 4.13 Soil organic carbon variation for the whole LiDAR polygon area for year 2021. 
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Figure 4.14 Soil organic carbon variation for the whole LiDAR polygon area from 2021 to 

2076. 

  

(ii) Carbon from greenhouse gas emission (𝑪𝑮𝑯𝑮𝒕
): As the Acadian Forest are 

surrounded by New Brunswick, Nova Scotia and Prince Edward Island of Canada, emissions 

from the three neighbouring provinces or the regions impact carbon sequestered in the Acadian 

Forest. Currently, carbon emission in New Brunswick (NB), Nova Scotia (NS) and Prince 

Edward Island (PEI) is equivalent to 12.4, 14.8 and 1.610 MT of carbon dioxide, respectively 

(National Resource Canada, NRC, 2021). Applying a carbon conversion factor of 0.27, to 

carbon dioxide values, calculates carbon from gas emission as 3.382 × 109 𝑘𝑔. 𝐶, 4.038 ×

109 𝑘𝑔. 𝐶 and 0.439 × 109 𝑘𝑔. 𝐶 (kilograms of carbon) for NB, NS and PEI provinces, 

respectively.  From these values, we have generated uniformly distributed random samples in 

the three regions. Initially a total number of 30 samples are selected for the three provinces. 

Numbers of samples in each of the three areas are selected according of the size of the area. 

Therefore, 17, 12, and 1 samples are collected from NB, NS, PEI provinces, respectively, and 

corresponding gas emission values are assigned. Increasing number of samples for the three 

regions did not alter the Kriging performance and interpolated values. Figure 4.15 shows, 

interpolated values of gas emissions for the three provinces and Acadian Forest.  
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Figure 4.15 (a) Kriging process for the NB, NS and PEI provinces and (b) estimated carbon values for the Area of Interest (LiDAR polygon). 
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Figure 4.15 indicates that the Acadian Forest show same values of carbon gas emission as that 

of NB region. However, as NS and PEI regions are very far from the Acadian Forest and thus 

the carbon emissions from the two regions influence the forest minimal. Thus, authors adopted 

the carbon emission values of NB site for the AOI of the study site (LiDAR polygon). Further, 

authors also adopted 1.2% reduction of greenhouse gas emission each year as recommended 

by the greenhouse gas projections (NRC) and Government of New Brunswick province.  

(iii) Wood harvesting (𝑪𝒉): In New Brunswick, volume of woodcut is 9,341,187  𝑚3 

(NRC, 2021). Multiplying this quantity with average wood density of 0.5 𝑔/𝑐𝑚3 and carbon 

conversion factor of 0.5 (Pingoud et al., 2006) provides 𝐶ℎ  as 2335296750 𝑘𝑔. 𝐶. This value 

is assumed constant for each year because the volume of woodcut has not change since 2019 

(NRC, 2021) (Table 4.7).           

Year Wood Volume Population 

1990 8,824,139 739547 

1991 8,642,707 744717 

1992 9,204,727 747418 

1993 8,958,814 748620 

1994 9,268,820 749965 

1995 10,054,901 750907 

1996 10,902,048 752062 

1997 11,252,750 752385 

1998 11,534,357 751457 

1999 11,293,764 750362 

2000 11,872,453 750525 

2001 10,185,695 749656 

2002 9,989,404 749203 

2003 10,788,255 749356 

2004 11,004,084 749301 

2005 9,968,491 748359 

2006 10,450,510 745949 

2007 8,943,599 745337 

2008 8,930,707 746864 

2009 7,939,664 749641 

2010 9,218,941 752656 

2011 9,231,392 755354 

2012 9,437,285 757468 

2013 9,901,514 758130 

2014 10,167,917 758783 

2015 9,362,789 759262 

2016 9,345,246 762785 

2017 9,347,159 776049 

2018 9,362,714 770036 

2019 9,341,187 776408 

TH-3947_176104018



86 | P a g e  
 

2020 9,341,187 782703 

2021 9,341,187 789622 

Table 4.7 Harvested wood volume and population of the New Brunswick province from 1990 

to 2021 (Source National Resource Canada). 

Figure 4.16 illustrates the yearly variation of simulated biomass (AGB+ BGB) and the carbon 

sequestered (𝐶𝑠𝑡
) over 55 years for the Acadian Forest. 

 

Figure 4.16 Yearly variation of biomass values and carbon sequestered from years 2021 to 

2076. 

Next chapter describes analysis of results of proposed biomass estimation method for 

individual tree and forest from terrestrial and airborne LiDAR data. Moreover, it also provides 

limitations of each method and uncertainties of the proposed carbon sequestration model. 
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CHAPTER 5 DISCUSSION 
 

 

5.1 Biomass estimation from terrestrial LiDAR data   

As evident in Table 4.1, all errors are negative, i.e. the proposed method always underestimates 

the values of stem volume, crown volume and total volume. Errors in volume estimates are 

contributed by various sources including LiDAR data as well as limitations of the proposed 

method. As the LiDAR data is acquired by TLS, data with lower point density (or sparse data) 

are obtained for higher heights of tree stem. Similarly, branches at lower elevations obscured 

line of sight of TLS for branches at higher elevations and near the canopy surface. This leads 

to sparse data for branches at the higher elevations. As a result, for some branches located near 

canopy surface, a single line of point data is also observed. For such branches, the proposed 

method could not fit a 3D cylinder as estimated radius for the fitted cylinder was infinity. 

Consequently, the error in stem volume increases with stem height. Similarly, the error in the 

crown volume is proportional to the crown height. Therefore, if the stem height is higher than 

the other trees in a region, the error in the crown volume of the same tree is also higher. 

Furthermore, in addition to higher stem height, if crown height is also higher, errors in crown 

volume are not only higher but also error in total volume is compounded by the two errors. 

Apart from that, the proposed method could not model thin branches i.e. branches with less 

than 3 cm diameter. Moreover, the method segments a branch joint of two or more branches 

into one cluster or branch, if three-dimensional angle and distance between the two branches 

is 2.5° or 4 cm, respectively. In addition, if two branches belonging to different joints, yet if 

distance between the branches is less than 4 cm, the two branches are classified in one data 

cluster. In addition to errors in the cylindrically shaped branches and stems, shape modelling 

by alpha shapes for portion of a stem located near buttress also contributes to the error and 

lower stem volumes. 

       In the Peruvian site for trees M02, M08, and M05, errors in estimated stem volumes 

increased with the heights of the stems. Similarly, trees I08, I03 in the Indonesia site and trees 

G01, G04, and G09 in the Guyana site are increasing with tree heights. However, some 

deviations are also observed for remaining trees. For M09, M06 and M07 trees in the Peruvian 

region, the shape of tree stems are vertically straight and close to the cylinder, leading to 

accurate estimates of the stem volume. Similarly, for I04 and I07 trees in the Indonesia and 

G02, G03, G06 and G07 in the Guyana region, shape of stems are close to cylindrical. On the 
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other hand, stem data for M03, G05, and I02 trees contains segments of length more than 

minimum bin interval for which stem data are not available. In these cases, the cylinder cannot 

be fitted, resulting in higher errors in stem volume estimates.  However, for M01, I01, and G08, 

tree stems are of irregular and non-linear shapes. As a result, stems deviate from the cylindrical 

shape, and variations of LiDAR data in the horizontal direction are more than 10 cm. Due to 

these two characteristics of stem and data for a slice, shape fitting by RANSAC rejects the 

points showing variations more than the threshold of linear deviation (1.5 cm). This provides 

less estimates of cylinder volume of a slice. In the Guyana site, error in estimated crown volume 

for trees G04, G09, and G07 increases with their crown height. Similarly, for tress I02, I03, 

I04, I07 and I08 in Indonesia, tress M03, M02, M07, M06 and M01, crown volume errors 

increase with crown heights of the trees. Following the same pattern, for tree G06, insufficient 

point data for branches that are either thin in thickness or situated at higher heights or obscured 

by other lower branches, the proposed method could not segment the branches. This led to 

higher error estimates in crown volume. However, the proposed method provided better 

estimates of crown volumes for trees despite having higher heights. For instance, trees G01, 

G02, G07, G05, G08, and G03 have less number of branches with larger canopy voids 

compared to other trees in the region. However, for I01, M08 and M09 trees, despite having 

lower heights, the accuracy of crown volumes are inferior as multiple branches showing less 

angular deviation are classified as a single cluster by the algorithm. As a result, angular 

deviation between any two branches is less than 2.5° and linear deviation is less than 4cm, 

making complex canopy. Due to the complexity, the proposed method could not segregate two 

branches resulting to errors in crown volumes.  

5.1.1 Limitations 

      Comparing errors in stem volumes and crown volumes in Table 4.1 reveals that the stem 

volumes are estimated more accurately than crown volumes in the Peruvian and the Guyana 

regions. In the Peruvian region, vertically straight, thick and longer stems in comparison to thin 

branches in crown cause less errors. For the latter region, crown heights are larger than the 

stem heights, causing sparse line-type data near canopy surface and thus more errors in crown 

volumes are obtained.  However, though stem heights are smaller than crown heights for the 

Indonesia region, stems are of irregular and non-linear shapes. In addition, larger voids in 

canopy resulted in smaller errors in crown volumes. Figure 10 shows cases of data gap in stem 

data for more than 38 cm, horizontal variation of 10 cm in stem data and, distance of 4 cm 

between two branches near canopy surface.  
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Figure   5.1 (a) Data gap in stem point cloud data, (b) horizontal variation of LiDAR points on 

stem surface and (c) distance between two branches. 

Table 4.2 shows species-wise accuracy statistics of the proposed method for the three regions. 

The accuracy is not correlated with any geometric parameters of trees. Moreover, irrespective 

of number of trees in a species, stem volume accuracies are more than crown volume accuracies 

except for Korokororo species and Tetramerista Glabra species in the Guyana and Indonesia 

regions, respectively. For the species in the three regions, trees geometric structures show 

vertically straight cylindrical stems compared to curvilinear crown branches. Also, stem 

heights are higher compared to crown heights.  

For the Korokororo species in the Guyana region, due to higher height of stem (24.2 m) 

compared to that of crown (5.56 m), LiDAR data for stem are sparse or less dense near BCL 

leading to lower accuracies in stem volume than crown volume accuracy. On the other hand, 

for two trees of the Tetramerista glabra species in the Indonesia region, horizontal variation in 

the stems are larger and thus the algorithm rejected many points for cylinder fitting.   

Apart from the error analysis and species wise accuracy analysis, the performance of the 

algorithm is different for three sites. The method achieved less errors and higher accuracy for 

both stem volume and crown volume in the Indonesia region. The Indonesia region comprises 

of trees having smaller heights of stems and crowns, (tree heights range from 23.15 m to 27.32 

m, except for tree I07). Whereas, heights of the trees of other two regions are in range 22 m to 

44 m. Due to smaller stem and crown heights in the former region, TLS captures denser 3D 

data resulting in better estimates of both stem and crown volumes.  
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Authors realized some limitations of the proposed method and the developed algorithm. The 

algorithm is highly sensitive to straight cylindrical shape and thickness of stems and branches 

i.e. data points belonging to curvilinear stems and branches not conforming to cylindrical shape 

are rejected in multiple stages of branch and stem extractions. Also, thin branches of less than 

3 cm cannot be modelled. On the other hand, the algorithm is also sensitive to tree height, 

which is function of tree age. For immature trees having smaller heights with non-linear 

branches and stems, number of data points are less. As the algorithm systematically removes 

data not conforming to cylindrical shape for both stem and branches, the extraction process and 

subsequent volume calculations led to higher errors and lower accuracy for both stem and 

crown volumes (e.g. tree I04 in the Indonesian region).  

5.2 Biomass estimation from Airborne LiDAR data   

5.2.1 Limitations 

 The method provided is an approximate approach that does not overestimate biomass values. 

The calculated biomass for balsam fir and black spruce is compared with the findings of Ter-

Mikaelian and Korzukhin (1997), which indicate that for no tree, the calculated carbon exceeds 

500 kg C. This benchmark serves as a critical reference point for validating the accuracy of 

biomass estimates. While LiDAR data is a powerful tool for forest analysis, it is important to 

note that the retrieval of tree species is not exact. The accuracy of species identification is 

influenced by the structural characteristics of the forest, which can lead to misclassification. 

This limitation is particularly relevant in mixed-species stands where overlapping canopies and 

varying growth forms complicate species differentiation. The use of Diameter at Breast Height 

(𝐷𝐵𝐻) derived from LiDAR-based CHM (canopy height models) introduces additional 

uncertainties in biomass calculations. However, as the Acadian Forest contains sparse canopy, 

therefore we could assume very less certainties in tree species retrieval and classification.  

            DBH is a critical parameter in estimating biomass, as it is used in allometric equations 

that relate tree size to biomass. Any inaccuracies in DBH measurements can significantly affect 

the resulting biomass estimates. For instance, if the DBH is underestimated due to limitations 

in LiDAR resolution or data processing, the biomass calculations will also be lower than the 

actual values. Conversely, overestimating DBH can lead to inflated biomass figures. Therefore, 

it is essential to consider these uncertainties when interpreting biomass data derived from 

LiDAR and to complement these findings with ground-truthing methods whenever possible. 
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5.3    Biomass estimation from Satellite data   

Results of parametric model for estimating biomass without ground truth data, which 

has traditionally been used in most of the previous studies (Francini et al., 2022; Mohite et al., 

2024; Musthafa and Singh, 2022; Ni et al., 2021; Tamiminia et al., 2024). By achieving 

comparable levels of accuracy by R2 across two geographically and ecologically distinct boreal 

forest sites, this study demonstrates potential, robustness, and applicability of the developed 

parametric model for biomass estimation. Without the use of ground truth data, simplified 

model appears to be more feasible and cost-effective for the first hand analysis, particularly for 

remote or inaccessible forested areas.  The robustness of the model was validated by 

performing the same set of experiments in both the Acadia Forest in Canada and the Taiga 

Forest in Russia, achieving consistent and similar levels of accuracies. The Random Forest 

model yielded better results than KNN with superior RMSE and R2 values at both study sites 

demonstrating more acceptability of the former algorithm as regression technique. This 

methodology advances biomass mapping and environmental monitoring by demonstrating the 

efficiency of integrating remote sensing data for AGBD estimation. Also, it highlights 

importance of combining spectral, spatial, and terrain information to enhance our 

understanding of biomass mapping for ecosystem dynamics and support sustainable resource 

management practices.       

5.4 Carbon sequestration dynamics from airborne LiDAR data   

      From year 2021, trend in values of carbon sequestered of the Acadian Forest in New 

Brunswick starts to decrease. The trends are similar to the biomass that indicates that biomass 

is the major contributing factor to the carbon sequestration of the Acadian Forest. Moreover, 

rate of carbon sequestration (equation 3.13) from year 2029 starts oscillating between positive 

and negative values due to multiple factors affecting the balance between carbon storage and 

loss. As forests mature, their growth slows, reducing the rate of carbon uptake, while natural 

disturbances such as extreme weather events—exacerbated by climate change—can further 

diminish sequestration capacity. Rising temperatures and water stress may also increase tree 

respiration and soil carbon decomposition, leading to higher carbon emissions. These 

combined factors create a dynamic environment where the rate of carbon sequestration varies, 

leading to oscillations between positive and negative rates after 2029. In other words, the 

current state of the forest or its species composition may not effectively sequester carbon after 

the year 2029. Moreover, it also reveals that species like Black spruce and Balsam fir though 

adapt to environmental changes, compared to temperate species (Maple and Birch), former are 

TH-3947_176104018



92 | P a g e  
 

more susceptible to variations in temperature and precipitation as observed by Albert et al. 

(2023) and Taylor et al. (2017). This highlights the potential necessity for temperate species, 

which are more stable against temperature and precipitation changes, and thus enhance stability 

of the Acadian Forest ecosystem by carbon degradation in the forest at slower rate. Increment 

in greenhouse gas emissions and wood harvesting because of population increment may further 

reduce the carbon sequestration of the forest. Furthermore, use of species such as Spruce, which 

is widely used in Canada, especially for paper production and as a source of softwood lumber, 

will be the cause of major land-use changes, deforestation, and increased wood harvesting in 

the Acadian Forest. These factors collectively can reduce biomass further and soil organic 

carbon storage. Further, economic and policy shifts possibly influence the forest management 

and its conservation efforts, and increased greenhouse gas emissions from industrial and 

transportation sectors. 

This thesis highlights the potential of Ecological demography model (EDM) in assessing 

carbon sequestration potential of the Acadian Forest. The carbon sequestration model proposed 

can be used for any forest especially to ascertain the current forest policies and management 

practices. Moreover, the allometric model modified for species can be used to estimate its 

biomass for the nearby provinces Nova Scotia and Prince Edward Island.  

5.4.1 Model Uncertainties 

Simulations of configured EDM for the study area may potentially underestimate biomass due 

to several factors. For instance, disturbances such as the spruce webworm disease, which is 

prevalent in the Acadian Forests, were not considered in this study, which effect the soil carbon 

and in turn on the growth of roots and branch biomass. Default parameters adapted for EDM 

including allometric biomass progression, leaf phenology, water tilting points, and soil 

saturation levels may introduce uncertainties in AGB results. While our species classification 

is not entirely precise, it may not significantly impact uncertainties in EDM results because 

Balsam fir and Black spruce belong to the same plant functional type. Furthermore, authors 

provided uniform soil depth for the entire forest due to the limitation of EDM. 

For the carbon sequestration model, we employed an average value of AGB and BGB. So, 

biomass estimates (AGB+BGB) are not entirely precise, yet it offers valuable insight into forest 

carbon dynamics. Moreover, for soil organic carbon, we have used simple linear model, for 

which constant proportion of biomass carbon loss from tree fall has been adapted. Modelled 

values may not be exact yet reliable and also authors did not incorporate dead organic matter 

for carbon sequestration model as the information is not available. Moreover, it contributes to 
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less than 2% of the forest storage (Haseeb et al., 2024). Furthermore, the proposed method 

could be improved by modelling  𝜆1 and 𝜆2 factors and decomposition factor 𝑑 for soil organic 

carbon. In addition, in conjunction with field soil samples, one can improve the simulation of 

biomass by improving inputs to the EDM such as calculating actual fast (soil carbon from 

litter), structural (soil carbon from wood twigs or fallen wooden branches) and slow soil carbon 

(decomposed soil carbon). Moreover developing crown allometric model using Tong et al. ( 

2021), and Tong and Zhang (2025) can improve the reliability of EDM simulations of AGB 

and BGB.  

5.4.2 Impact of tree structural parameters on EDM simulations 

While TLS provides high-resolution data that can accurately capture tree dimensions, it has 

limitations when applied over extensive areas, where technologies like ALS, GEDI, and 

satellite imagery are more efficient. Structural details—such as tree height, 𝐷𝐵𝐻, canopy 

density, and species composition—materially affect carbon estimates in predictive models. By 

integrating data from multiple sources, hybrid models can be developed for structural details 

that leverage the precision of TLS in localized studies while capitalizing on the broader 

coverage offered by ALS and satellite data. This integrated approach can enhance our 

understanding of forest dynamics and improve the accuracy of carbon stock assessments, 

ultimately guiding management practices and conservation efforts more effectively. Exploring 

these relationships can also inform future research directions, particularly in delineating the 

interactions between forest structure and ecosystem functioning at scale.Next chapter presents 

conclusion and future scope of the thesis work. 
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CONCLUSION 
 

 

The aim of the thesis entitled “A Pipeline of Methods for Evaluating Carbon Sequestration 

Potential of Forest using LiDAR Data and Abiotic Factors”  is incorporating LiDAR remote 

sensing, analytical analysis, bio-geophysical models and anthropogenic emissions to 

investigate carbon pools of the Acadian Forests, which are in ecotone regions amidst climate 

driven shifts and human interventions. Major conclusions of the thesis are summarised as 

follows:  

 A modified method for crown structure modelling, branch collar detection and branch 

structure modelling from terrestrial LiDAR data has been presented. Automated branch 

collar level and crown based height has been given with a precision level of 5cm in 

vertical accuracy, where these two can be used for automated stem detection and crown 

detection for extensive forest data. Angular and linear constraints are presented to 

extract curvilinear branch and stem segments and shape model into small straight 

cylindrical segments. These two constraints can be used for assessing the data density 

required for accurate branch segment modelling.  

 Errors in stem volumes are in range from 0.03 – 0.87 𝑚3 for estimated stem volumes 

in 1.1 – 17.68 𝑚3. Similarly, errors in crown volume are in range from 0.013 – 2.33 𝑚3 

for estimated crown volumes in range of 0.105 – 25.95 𝑚3. Irrespective of type of 

species, errors in each of the stem volume, crown volume, and total volume increase 

with shape, size, and height of stem, crown, and tree, respectively. Stems and branches 

deviating from straight and cylindrical shapes contribute more errors. Higher errors in 

stem further increase the errors in crown volumes. However, for crown volume 

calculations, errors are mainly contributed by complex crown structure, thinner and 

curvilinear branches, and sparse data for branches owing to occlusions.  

 An approximate method of biomass estimation from Airborne LiDAR Data has been 

given especially for the Acadian Forests that considers individual species canopy 

structure, and their growth characteristics (allometrics). The method can be used where 

limited or no field samples are available. Furthermore, the method replicates shadow 

fraction method. Therefore, the method can be applied to boreal forests in United 

Kingdom and other parts of CANADA, where the climate is harsh and collecting field 

data is cumbersome. 
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 A carbon sequestration model is given for the Acadian Forests, where it considers 

varied biomass storage, soil organic storage. Moreover, the model accounts for abiotic 

factors that are essential for sustainable human survival. The presented soil organic 

carbon model can be further refined with real time field core soil samples. Moreover, 

utilization of soil water characteristic curve of a soil, which describes the relationship 

between soil suction and the water content or degree of saturation of an unsaturated 

soil. This helps to determine how much water a soil can hold at different suction levels, 

which is vital for predicting soil strength, permeability, and volume change. The output 

can be used for improving inputs to simulation, such as water saturation, soil depth etc. 

These results are inputs for root growth dynamics of a tree and thus enhance the 

belowground biomass predictions.   

 Aboveground biomass dynamics of the Acadian Forests revealed a decrease of forest 

carbon storage approximately 60,000 𝑘𝑔. 𝐶 at year 2048 compared to that of year 2021. 

This amount of carbon corresponds to approximately one lakh 𝑚2 area assuming a tree 

occupies 30m crown width upon its maturity and a maximum carbon storage of 500 

𝐾𝑔. 𝐶. Biotic and abiotic factors collectively resulting to carbon sequestered in the 

Acadian Forests suggest that the current state of the Acadian Forests can remain stable 

up to year 2029. Afterwards, negative and positive trend of rate of carbon sequestration 

would commence, mainly contributed by biomass, greenhouse gas emissions and wood 

harvesting up to year 2076.  

 Results indicate that while Black Spruce and Balsam Fir are less adaptive to 

environmental changes as they are more sensitive to temperature and precipitation. 

Therefore, introducing temperate species (e.g., Maple and Birch), which are more stable 

under on-going environmental changes, may enhance biomass production to stabilize 

the Acadian ecosystem for longer period. These results can be used for sustainable 

development goals especially for forest inventory, management and for organisations 

like IPCC and REDD to make policies where human and forest both survive. And also 

it will help for country growth in terms of Greenhouses regulation by reducing carbon 

tax so that economy of a country can growth, which will help for growth of humanity 
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In future, the presented method of biomass estimation in this thesis can be improved  for varied 

tree species and stand structures. Further, attempting tree species classification with synergy of 

airborne LiDAR data and hyperspectral remote sensing will enhance the accuracy of satellite-

based and airborne LiDAR data based biomass methods. A detailed study on forest carbon 

which includes the ground lithology, geomorphology and ground water table will involve more 

variables of forest ecosystem and can be used for long-term study for new tree plantations for 

assessing ecological balance of a forest. Following are the two specific directions for future 

development:  

 Expansion of carbon sequestration to various forests with use of economic resources 

like satellite remote sensing data and nuanced generative AI methods. 

 Development of sustainable management plans for forestry in collaboration with 

humanity and governments. 
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