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Abstract 
This study evaluates the use of airborne LiDAR data to quantify aboveground biomass 
(AGB) and carbon storage in Home Covert woodland, a 16-hectare mixed temperate 
woodland located within the National Trust’s Oxburgh Estate, Norfolk, UK. The research 
compares two LiDAR datasets—publicly available 2018 Environment Agency (EA) data and 
a 2023 drone-based LiDAR survey commissioned by the National Trust. Using individual 
tree segmentation (ITS) and allometric equations specific to Palearctic woodland, key metrics 
such as tree height, crown area, and AGB were extracted. Results indicate that the 2023 drone 
dataset, with its higher resolution (300+ points/m²), provided significantly more accurate 
biomass estimates compared to the EA 2018 dataset. The drone survey estimated a total AGB 
of 17.8 million kg and CO₂ sequestration of 22.26 million kg, nearly doubling the estimates 
derived from the 2018 EA data. This research demonstrates the efficacy of high-resolution 
drone LiDAR in improving biomass and carbon stock assessments, providing valuable 
insights for woodland management and conservation efforts. By refining LiDAR-based 
methodologies, this work supports the National Trust’s goal of achieving Net Zero carbon by 
2030. Additionally, the study highlights the importance of using advanced remote sensing 
techniques in enhancing precision in woodland monitoring, with broader implications for 
climate change mitigation and carbon credit systems. 
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1.0 Introduction 

1.1 Importance of Woodlands 

Woodlands are integral components of the global carbon cycle, functioning as substantial 
carbon sinks and playing a critical role in mitigating climate change (Rodríguez-Veiga et al., 
2019). Occupying approximately 30% of the Earth's terrestrial surface, forests and woodlands 
constitute the dominant terrestrial ecosystems (Martone et al., 2018). In Great Britain, these 
ecosystems sequester approximately 213 million tons of carbon, with projections indicating 
that this capacity could potentially double as additional carbon is captured (Reid et al., 2021). 

Beyond their carbon storage capabilities, woodlands are essential for maintaining biodiversity 
and preserving vital habitats, contributing significantly to global efforts aimed at reducing 
atmospheric carbon levels and combating climate change. The terms ‘woodlands’ and 
‘forests’ are often used interchangeably, but as described by GOV UK (2024), woodlands are 
specifically defined as having a minimum area of 0.5 hectares, a minimum width of 20 
metres, a tree canopy cover of at least 20%, and a canopy consisting of specimens that meet 
the definition of trees. Woodlands are characterised by often having high biomass densities, 
which further enhances their role as carbon sinks. 

Despite their ecological importance, the extent of woodland cover in the UK remains limited, 
underscoring the critical need for targeted conservation and expansion efforts. Woodland 
cover in the UK comprises only 13.3% of the total land area, approximately 3.21 million 
hectares of woodland (Reid et al., 2021); a figure substantially lower than the European 
average of 37% (Hardaker, 2018; FAO, 2015). England, in particular, accounts for merely 
1.31 million hectares of woodland, representing just 10% of its total land area (Reid et al., 
2021). Given this restricted distribution, the role of UK woodlands in carbon sequestration is 
increasingly vital, with England alone estimated to store approximately 453.3 million tons of 
carbon dioxide (CO2) equivalent, and Great Britain collectively storing around 818.3 million 
tons (Zellweger et al., 2022). These statistics emphasise the necessity for robust conservation 
strategies to ensure woodlands remain integral to the UK's environmental objectives. 

The global recognition of the importance of forests and woodlands in addressing climate 
change is evidenced by international commitments to halt deforestation. During the United 
Nations COP28 climate summit, over 100 world leaders reaffirmed their commitment to 
ending and reversing deforestation by 2030 (Kumar and Donnelly, 2024). Despite such 
commitments, UK woodlands face substantial threats from various factors, including rapid 
urban expansion, invasive species, tree diseases, air pollution, and inadequate tree 
management practices (Panzavolta et al., 2021; Marzano and Urquhart, 2020; Mitchell et al., 
2020; Stevens et al., 2020). These challenges, exacerbated by the pressures of intensive 
agriculture and urbanisation, have led to a marked decline in both the health and extent of the 
UK's woodland areas. 

In response to these mounting challenges, there is a pressing need to enhance the monitoring 
and conservation of woodlands to ensure their continued effectiveness as carbon sinks. 
Accurately assessing the future capacity of woodlands to sequester carbon necessitates the 
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improvement of monitoring methodologies for aboveground biomass (AGB) and carbon 
storage, particularly through the application of advanced remote sensing techniques. As the 
threats to woodlands intensify, the development of effective conservation strategies becomes 
increasingly crucial to safeguarding these terrestrial ecosystems and maintaining their 
essential role in climate change mitigation. 

1.2 Climate Change and Policy 

CO2 is a major trace gas that significantly impacts global biogeochemical cycles, including 
the global carbon cycle (Mehmood et al., 2020). Global warming, driven by the increased 
concentration of CO2 in the atmosphere (Rodríguez-Veiga et al., 2017), is having catastrophic 
effects on the Earth system. These include rising sea levels (Frederikse et al., 2020), ocean 
acidification (Abirami et al., 2021), human displacement due to flooding (Kam et al., 2021), 
severe storms and weather events (Clarke et al., 2020), loss of biodiversity (Kumar et al., 
2021), among many other effects. A key concern addressed within scientific literatures is the 
depletion of terrestrial carbon storage within forests and woodlands, which plays a critical 
role in climate change mitigation (Kauppi et al., 2022). 

In response to the escalating threat of climate change, countries reaffirmed their commitments 
under the Paris Agreement at COP28 in 2023, with a focus on reducing emissions and 
enhancing carbon sequestration through forest protection and tree planting (Araza et al., 
2023). To monitor national commitments, regular carbon accounting provides essential 
information, with greenhouse gas (GHG) emissions reported in accordance with the United 
Nations Framework Convention on Climate Change (UNFCCC) (Hunka et al., 2023). 
Effective understanding of the global carbon cycle and the success of international economic 
mechanisms designed to protect and enhance woodland carbon stocks rely heavily on the 
accurate global monitoring of carbon stored in the AGB of woodlands (Rodríguez-Veiga et 
al., 2019). 

1.3 Aboveground Biomass 
Through the process of photosynthesis, carbon is largely stored in trees as aboveground 
biomass (AGB), which includes all vegetation above ground such as stem, foliage, branches, 
seeds, and flowers (Rodríguez-Veiga et al., 2017). AGB refers to the total dry mass of living 
trees found above the ground within a specific plot (Chave et al., 2019), often measured in 
metric tons of dry matter per hectare (t ha-1 or Mg ha-1) or in metric tons of carbon per hectare 
(t C ha-1 of Mg C ha-1) (Rodríguez-Veiga et al., 2017). Quantifying AGB is not only crucial 
for estimating carbon stocks in UK woodlands but also holds significant social and economic 
importance, as it provides essential material and energy resources for human use (Rodríguez-
Veiga et al., 2019). Additionally, the structure and temporal dynamics of AGB profoundly 
influence terrestrial ecosystems, directly impacting biodiversity (Pyles et al., 2018), carbon 
and energy cycles (Houghten et al., 2009), and the broader Earth system (Bonan, 2008), 
which underscores the critical importance of AGB in carbon accounting within the context of 
a rapidly changing climate. Important to note, changes in AGB are influenced by 
deforestation and anthropogenic activities, in combination with natural disturbances like 
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climate variation, which drive annual changes in net primary production (Mäkipää et al., 
2008). 
 
To ensure the success of large scale woodland restoration and protection, and the success of 
previously mentioned climate frameworks and policies, it is crucial to employ accurate and 
reliable methods for estimating AGB within woodland ecosystems (Jucker et al., 2017). The 
precision of AGB and carbon quantification is crucial for applications such as greenhouse gas 
accounting (Araza et al., 2023) and initiatives financed through the sale of verified carbon 
credits (Nonini and Fiala, 2021). However, determining the exact amount of carbon stored in 
AGB remains challenging due to inconsistencies in measurement techniques, and current 
Earth observation methods are not fully optimised for precise carbon density quantification 
(Kellner et al., 2023). Inaccurate estimations of AGB can undermine conservation efforts and 
result in the misallocation of carbon credits (Demol et al., 2024). Thus, enhancing the 
accuracy of methods for measuring and monitoring AGB is essential for the integrity of 
carbon credit systems, as any uncertainty in quantifying these stocks can lead to misinformed 
policy decisions and the misallocation of funding and resources (Demol et al., 2024). 
 
Direct measurement of AGB is achieved through destructive in situ sampling methods, which 
involve harvesting and analysing the biomass of trees. While this technique offers high 
accuracy, it is labour intensive, costly, and impractical for application at larger scales 
(Rodríguez-Veiga et al., 2017). Moreover, the process is time consuming and limits 
remeasurement opportunities, making it feasible only for a limited number of trees (Wilkes et 
al., 2018). As a result, the use of destructive sampling is often restricted to small scale studies 
or validation of less invasive methods. Due to these limitations, AGB is frequently estimated 
using non-destructive methods that rely on allometric equations. These equations link easily 
measurable parameters, such as diameter at breast height (DBH), tree height, and projected 
crown area, to biomass (Camarretta et al., 2019; Wilkes et al., 2018). By using these 
relationships, researchers can estimate AGB without the need to harvest trees, making this 
approach far more feasible for large scale applications. 
 
Forest inventories, which are widely used for AGB monitoring, collect in situ measurements 
of biophysical attributes like DBH, tree height, and plant cover (Cunliffe et al., 2022). These 
measurements are then applied to allometric models to predict AGB. The accuracy of such 
estimates can range between 2% and 20%, making them a valuable tool in forestry 
management and conservation efforts (Rodríguez-Veiga et al., 2017). However, the data 
derived from these inventories are not always directly comparable across different regions or 
countries (Rodríguez-Veiga et al., 2019). Variations in national forest definitions, the 
minimum tree diameter sampled, and plot sizes used in these studies can introduce biases in 
biomass estimates, complicating efforts to create a consistent global picture of forest carbon 
stocks (Rodríguez-Veiga et al., 2019; Searle and Chen, 2017; Réjou-Méchain et al., 2014). 
 
Despite these challenges, the use of allometric relationships in AGB estimation has a long 
history and is a standard practice in forestry operations worldwide (Goetz et al., 2009). These 
methods are continually refined to improve their accuracy and applicability, reflecting the 
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ongoing need to enhance our understanding of woodland carbon dynamics. The combination 
of well documented allometric relationships and forest inventory data provides a robust 
framework for estimating AGB, though ongoing improvements are necessary to address the 
inherent limitations and ensure that estimates remain as accurate and reliable as possible. 
 
There exists a plethora of different allometric equations for estimating AGB, ranging from 
general models (Jucker et al., 2017; Paul et al., 2015) to species-specific equations (McIntire 
et al., 2022; Rance et al., 2016). Research indicates that species-specific allometric equations 
yield the most accurate AGB estimates, underscoring the importance of selecting the most 
appropriate equation for a given context (Pati et al., 2022; Abich et al., 2019). This careful 
selection is crucial in minimising uncertainty and error in biomass estimations.  It is 
important to recognise that a significant portion of carbon is stored in belowground biomass. 
In many contemporary approaches, belowground biomass is typically inferred by applying 
standardized root-to-shoot ratios to AGB values (Paul et al., 2019; Mokany et al., 2006). The 
scope of this study is limited to AGB estimation and does not encompass other biomass 
components, such as belowground biomass, soil carbon, or coarse woody debris. 

1.4 Airborne LiDAR & its role in AGB estimation 

The use of remotely sensed data to model AGB has advanced rapidly in recent years, with 
increasingly sophisticated models and diverse approaches emerging (Camarretta et al., 2019). 
Remote sensing offers a powerful means of extending biomass predictions over vast areas, 
providing unprecedented spatial coverage (Cunliffe et al., 2022). Its ability to capture high 
resolution, synoptic data at frequent intervals, opens new possibilities for monitoring 
woodland biomass dynamics with precision (Wilkes et al., 2018). These advancements have 
already been applied across various scales, leveraging both active and passive sensors from 
satellite and aerial platforms to enhance AGB estimation and monitoring (Wilkes et al., 
2018). A wide range of studies have demonstrated the effectiveness of estimating AGB by 
enhancing the accuracy of canopy height estimations, improving AGB modelling and 
biomass predictions in woodland ecosystems using optical data, LiDAR, or a fusion of both 
techniques (Torres de Almeida et al., 2022; Camarretta et al., 2019). 

Airborne LiDAR (Light Detection and Ranging) technology offers significant advancements 
in quantifying AGB by capturing high resolution, detailed measurements of vertical tree and 
woodland structures, including canopy height, crown size, and stem density (Wilkes et al., 
2018). Airborne LiDAR is an active remote sensing technology that captures the reflected 
echo and frequency of laser pulses emitted from an aircraft, calculating the difference 
between the sent signal and the reflected response, which generates a three-dimensional point 
cloud that precisely represents the vegetation structure within woodlands (Aricak et al., 2023; 
Chamberlain et al., 2021; Li et al., 2020).   

LiDAR sensors can be mounted on various platforms, such as aircraft, satellites, and ground-
based systems, providing data at different scales and spatial resolution (Cunliffe et al., 2022; 
Wilkes et al., 2018). Despite its effectiveness, LiDAR can be limited in capturing fine-scale 
structural changes in vegetation, and its deployment remains costly in many regions (Cunliffe 
et al., 2022). Some studies argue that despite its high initial setup costs, LiDAR technology is 
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a relatively cost effective and rapid method for generating spatial data compared to 
photogrammetric techniques and terrestrial measurements (Aricak et al., 2023). Spaceborne 
LiDAR, while offering large scale data collection, faces challenges such as saturation at 
higher AGB levels, where the signal becomes too weak to penetrate dense canopies and 
accurately measure AGB (Rodríguez-Veiga et al., 2019; Fagan and DeFries, 2009). To 
mitigate these limitations, regional studies often calibrate LiDAR-derived algorithms with 
ground based AGB measurements and airborne LiDAR datasets (Asner et al., 2014; 
Rodríguez-Veiga et al., 2019). However, even these approaches require substantial in situ 
data to validate the relationship between AGB and LiDAR metrics (Rodríguez-Veiga et al., 
2019). 

Numerous studies have demonstrated robust correlations between ground based 
measurements of AGB and those obtained from remote sensing technologies, suggesting that 
3D point clouds can accurately capture detailed spatial information at finer resolutions than 
traditional ground methods (Gleason and Im, 2012). While both methods require allometric 
models to relate AGB with 3D point clouds and ground data, developing these models can be 
costly and destructive, with challenges in transferring findings across different study systems 
(Camarretta et al., 2019). Jucker et al. (2017) addressed this challenge by developing global 
allometric equations for diameter and biomass, which rely on simple RS metrics such as tree 
height and crown width. Using a large global dataset, this method provides a promising 
framework for refining AGB estimation despite its general nature, enhancing the accuracy of 
AGB predictions using relatively simple metrics. 

1.5 Individual Tree Detection & Point Cloud Analysis 

Modern LiDAR technology has significantly advanced the ability to estimate tree attributes at 
the individual tree level, largely due to improvements in sampling rates (Zhang et al., 2015; 
Reitberger et al., 2009; Kwak et al., 2007; Koch et al., 2006; Brandtberg et al., 2003; Persson 
et al., 2002). A variety of methods have been explored to detect individual trees, many of 
which rely on a LiDAR-derived canopy height model (CHM), generated through the 
rasterisation and interpolation of 3D point cloud data (Yang et al., 2020; Zhang et al., 2015). 
Despite their widespread use, particularly in commercial settings due to the speed of 
processing and software availability, CHM-based methods have inherent limitations. The 
generation of CHM using raw point clouds often result in substantial point data loss from 
multiple levels in the canopy (Tian et al., 2021; Gaulton et al., 2010). The interpolation 
process and the choice of grid spacing introduce errors and uncertainties, which can further 
impact the accuracy of tree metric estimations. Additionally, the Gaussian smoothing applied 
to reduce surface roughness in CHMs can lead to over- or underestimation of tree height (Yu 
et al., 2023; Adam et al., 2020; Sibona et al., 2017; Zhang et al., 2015). 

To overcome the limitations associated with rasterisation and CHM generation, point cloud-
based methodologies offer a more accurate approach for individual tree segmentation by 
directly analysing 3D point clouds. Numerous techniques exist for individual tree detection 
and segmentation (ITD/ITS) using point cloud data, including voxel-based clustering, K-
means clustering, Markov-based clustering, and global clustering methods (Aljumaily et al., 
2023; Yang et al., 2020; Morsdorf et al., 2003). One notable method, proposed by Li et al. 
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(2012), segments individual tree crowns based on the relative spacing between trees. Known 
as the Li2012 algorithm, this approach has been widely adopted in the literature and has 
demonstrated reliable results for individual tree segmentation (Liu et al., 2023; Roussel et al., 
2020). Given its proven efficacy for estimating AGB, this method will be the adopted 
approach for this project. 

1.6 The National Trust 

The National Trust (NT), Europe's largest conservation organisation, is responsible for 
managing an extensive land portfolio exceeding 250,000 hectares across England, Wales, and 
Northern Ireland. This includes over 26,000 hectares of woodland distributed across 400 
properties under active management (National Trust, 2024a). The primary aim of the Trust is 
the conservation of both heritage sites and natural landscapes, with a focus on ensuring their 
long term preservation and accessibility for future generations (National Trust, 2024a). A key 
element of this stewardship involves accurate estimation of woodland AGB, which is 
essential for effective woodland management and carbon storage assessments. 
 
In alignment with its target to achieve Net Carbon Zero by 2030, the National Trust has 
committed to the establishment of 20 million new trees, increasing tree coverage from 10% to 
approximately 17%, consistent with the Climate Change Commission’s goal for the UK 
(National Trust, 2024b). Accurate quantification of current carbon stocks stored in AGB and 
the development of robust methodologies to monitor biomass changes due to woodland 
planting and management are essential to achieving this objective (National Trust, 2024c).  

Currently, the Trust employs traditional approaches to estimate woodland AGB, including 
manual field measurements combined with allometric equations. While these techniques have 
been widely adopted, they are labour intensive and subject to varying levels of precision. 
Typically, estimations rely on either a sample of trees within a stand or biomass values 
extrapolated from species-specific tables, limiting the accuracy and efficiency of the process. 
To address these limitations, the Trust seeks to explore the potential of remote sensing 
technologies, such as airborne LiDAR, for improving the accuracy and efficiency of AGB 
estimation. 

This study, conducted in collaboration with the National Trust, evaluates the use of airborne 
LiDAR technology for enhanced woodland AGB and carbon storage estimation. By 
integrating both open source and the Trust's commissioned drone LiDAR datasets, this report 
aims to assess the strengths and limitations of LiDAR-based methods, particularly in terms of 
their cost effectiveness, time efficiency, and potential to provide more accurate AGB 
estimation and carbon accounting—contributing to the Trust's broader sustainability and Net 
Zero objectives. 
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1.7 Research Project 

1.7.1 Study Aim 

The primary aim of this project is to evaluate the utility of airborne LiDAR data, sourced 
from both publicly available datasets and privately commissioned drone surveys, in 
estimating AGB and carbon storage within the Home Covert woodland stand, part of The 
National Trust's Oxburgh Estate in Oxborough, Norfolk, UK. The woodland includes a 
diverse mix of temperate deciduous species and coniferous stands, providing a varied 
environment for biomass assessment.  
 
This research not only seeks to enhance the precision of AGB estimates for The National 
Trust but also underscores the importance of accurate allometric models for estimating AGB 
in conservation management. There is a notable gap in the research concerning differences in 
AGB results derived from drone-based and satellite-based LiDAR systems, and this project 
aims to address that by investigating these two distinct data sources. The findings will 
support The National Trust in refining their methodologies for AGB and carbon storage 
estimation, advancing their efforts towards sustainable woodland management and their goal 
of achieving Net Carbon Zero status. 
 
This research utilises Environment Agency airborne LiDAR data from 2018, and drone-based 
LiDAR data collected by the National Trust in 2023. It focuses on comparing the 
effectiveness of these two LiDAR platforms, which offer different spatial resolutions, for the 
assessment of key woodland metrics. Specifically, the study aims to extract tree level 
information, including tree locations, tree numbers, tree heights, and canopy area, from the 
LiDAR data. Additionally, it investigates the conversion of these metrics into estimates of 
AGB and carbon storage of Home Covert. A key focus is on how well the processing of 
LiDAR point clouds from different datasets can be reproduced and reliably applied across all 
National Trust properties. This includes evaluating the computational efficiency of the 
different algorithms employed, taking into consideration of computational time. 
  

1.7.2 Research Questions 

 
1. Airborne LiDAR utility in Woodand Metrics  

How effective is airborne LiDAR in determining tree count, height, crown area, and 
above ground biomass in woodlands?  
 

2. Carbon Storage  
What is the aboveground carbon storage this woodland stand, and how confident 
should we be in this estimate? 
 

3. Comparison of LiDAR data sources  
How do drone-derived high resolution LiDAR surveys compare with open source 
Environment Agency LiDAR in utility for woodland metrics? 
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2.0 Methodology 

2.1 Study Area 

 

The focal study area for this research is Home Covert woodland (52° 34' 52” N, 0° 34' 12'' E) 
within the Oxburgh Estate, a National Trust property in Oxborough, Norfolk, UK (Figure 1). 
The woodland spans approximately 0.16 km² (16 hectares).  

During an onsite visit to the Oxburgh Estate, a detailed classification of tree species and soil 
composition within Home Covert was conducted with the assistance of the lead estate ranger, 
Thomas Day. Home Covert is characterised as a mixed temperate woodland, with its northern 
section dominated by native deciduous species, including ash (Fraxinus excelsior), wild 
cherry (Prunus avium), oak (Quercus robur), hornbeam (Carpinus betulus), bird cherry 
(Prunus padus), hazel (Corylus avellana), field maple (Acer campestre), hawthorn 

Figure 1. Location map of  study area of the National Trust Oxburgh Estate in Oxborough, Norfolk, 
UK, displayed using a Google Satellite basemap. The map highlights Home Covert woodland, 
Oxburgh Hall and the entire National Trust Oxburgh Estate. 
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(Crataegus monogyna), and blackthorn (Prunus spinosa). These species thrive in the wet, 
sandy, and clay rich soils found throughout the woodland. 

 

The southern section of Home Covert comprises a pine plantation, which has recently 
undergone felling operations in early 2023 (Figure 2). Information from the Estate’s display 
boards (Figure 3) read that this plantation, originally established under a grant in the 1970s, 
was present when the National Trust acquired the land in 1989. The pine trees, a non-native 
coniferous species, were cultivated as a timber crop and had reached maturity, making it the 
optimal time for harvesting. Following the removal of the pines, surveys by the Oxburgh 
Estate’s Ranger team revealed that this section of Home Covert supports 50% less wildlife 
compared to other National Trust-managed woodlands (BBC News, 2023). To address this, 
the 2.7 hectares will be replanted over the next few years with approximately 2,300 native 
trees, including species such as oak (Quercus robur), rowan (Sorbus aucuparia), hazel 
(Corylus avellana), hornbeam (Carpinus betulus), and field maple (Acer campestre). As the 
replanted woodland matures, it is expected to absorb and store an estimated 1,500 tonnes of 
CO₂, contributing to the National Trust’s carbon sequestration efforts.  

Deciduous trees in this region are characterised by their broad leaves, which they shed 
annually, while coniferous species, which are less prevalent in Home Covert, retain their 
needle-like or scale-like foliage year round. Nationally, the UK's woodlands are 

Figure 2. Basemap comparison of Home Covert woodland at Oxburgh Estate in Oxborough, 
Norfolk, UK. A) Google Satellite Imagery and b) ESRI Satellite Imagery. The figure highlights the 
pine planation felling in south region of Home Covert during 2023. 
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approximately split between broadleaf (49%) and coniferous (51%) species, though the 
distribution varies across the UK (Reid et al., 2021). 

 

2.2 Data Acquisition 

The data sources utilised in this study are presented in Table 1, with links provided in 
Section 6.0 (Open Research) at the conclusion of this report. These sources include the 
Environment Agency (EA) LiDAR 2018 point cloud, which serves as the primary dataset for 
this research. However, the National Trust drone-based LiDAR 2023 point cloud and 
Emapsite data are not accessible due to its private commissioning and ownership by the 
National Trust (NT). 

 

 

 

 

 

 

Figure 3. Pine Plantation Felling information board within Home Covert woodland at Oxburgh 
Estate in Oxborough, Norfolk, UK.  
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Table 1. Sources of data used to conduct study’s research, and their characteristics. 

Data Date Format Spatial 
Resolution 

Sources Usage 

National LiDAR 
Programme 
Point Cloud 

2018 LAZ 1 m (8 
points/m2) 

Environment 
Agency Defra 
Survey Data - 
Tile TF70sw 

Used to conduct point 
cloud analysis and 
extract tree 
metrics/AGB 
estimations. 

National Trust 
Drone-based 
LiDAR Point 
Cloud 

2023 LAS 2-5 cm 
(300+ 
points/m2) 

National Trust 
Oxburgh 
Estate  

Used to conduct point 
cloud analysis and 
extract tree 
metrics/AGB 
estimations. 

National Trust 
Drone-based 
LiDAR 
Photogrammetry 

2023 GeoTiff 2-5 cm National Trust 
Oxburgh 
Estate  

Display the 
orthomosaic of Home 
Covert for visual 
representation of 
study area in report. 

National Trust 
Habitats GB 

2024 

 

Shapefile n/a Emapsite Habitat and 
topographic data for 
Home Covert, used in 
generation of AOI 
shapefile. 

 

The 2018 LiDAR point cloud data, provided by the Environment Agency via the Defra Data 
Download platform, offers precise elevation measurements at a 1 metre spatial resolution. For 
this study, the dataset corresponding to the Ordnance Survey grid tile TF70sw was 
specifically downloaded. The discrete LiDAR returns are automatically classified into ground 
and various vegetation categories, enabling the generation of surface models such as Digital 
Terrain Models (DTMs) and Digital Surface Models (DSMs). Additionally, the data can be 
used for further point cloud analyses. The EA employs LiDAR data collection methods that 
achieve a density of approximately eight points per square metre, providing sufficient detail 
to capture intricate terrain and vegetation features. 

To obtain GIS data for National Trust properties, an account was established with Emapsite, 
enabling self-service downloads through a contractual agreement (Emapsite, 2024). This 
collaboration provided access to proprietary habitat and topographic data from the National 
Trust, facilitating precise boundary delineation of the Home Covert woodland area. The data 
was integrated into the analysis to generate an exact shapefile of the Home Covert area. 
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2.2.1 Drone Flight Specifications 

Another key dataset utilised in this study was a privately commissioned drone-based LiDAR 
point cloud dataset acquired in 2023 by the National Trust; LiDAR product with 2-5 cm 
spatial resolution. This dataset was collected using a DJI M300 RTK drone equipped with a 
DJI Zenmuse L1 LiDAR sensor. The survey was conducted at an altitude of 70–75 metres 
above ground level, with a 50% side-lap. The L1 LiDAR sensor was configured to capture 
the maximum of three returns per pulse. This drone survey produced both a LiDAR point 
cloud and photogrammetry data, which were used to generate an orthomosaic and a Digital 
Terrain Model (DTM) and a Digital Surface Model (DSM). A preliminary GIS analysis 
estimated the point density of the drone dataset to be over 300 points/m². This indicates a 
highly detailed and high resolution dataset, ideal for capturing fine-scale structural 
information within the surveyed area. 

 

2.3 Data analysis 

The methodology selected for this study is point cloud-based analysis, utilising high 
resolution data produced by LiDAR technology. This approach retains the full detail of the 
original LiDAR data, which is often significantly reduced when converted into two-
dimensional raster formats, potentially overlooking critical aspects of spatial structure and 
variability within the scanned area.  

Point cloud-based analysis enables a more detailed examination of this high resolution data 
by analysing reflections within voxels (three-dimensional pixels), offering deeper insights 
into the density and spatial arrangement of vegetation. This method is particularly well suited 
for complex environments such as woodlands, where understanding the distribution of 
vegetation is crucial. Compared to rasterised data, which often simplifies the original 
information, point cloud analysis maintains the fine spatial resolution and provides enhanced 
structural insights. 

Given that the study area is a relatively small woodland of 16 hectares (40 acre or 0.16 km 2), 
the individual tree segmentation (ITS) approach was selected. This method allows for a more 
accurate and representative estimation of AGB on a per-tree basis, enabling detailed analysis 
at the individual tree level. 

2.3.1 Software 

To enhance the reproducibility of this project, Free and Open Source Software (FOSS) was 
utilised throughout the study. FOSS solutions leverage the benefits of community-driven 
development, promoting the reuse of workflows in future projects both by the National Trust 
and the broader industry (Fortunato and Galassi, 2021). This approach fosters knowledge 
sharing and resource accessibility, facilitating the efficient transfer of methodologies, tools 
and repositories across different projects and users, particularly through platforms such as 
GitHub (Explore GitHub, 2024). All modelling and analysis were conducted using R 
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Statistical Software (v4.4.1, R Core Team, 2022). Geographical information systems (GIS) 
such as QGIS were also used for geovisualisation of results and map generation. 

2.4 Workflow 

An extensive R script was developed for the methodology, which was applied to both the 
Environment Agency's 2018 LiDAR point cloud (1 m resolution/ 8 point/m2) and the 
National Trust's 2023 drone-based LiDAR point cloud (2–5 cm resolution/ 300+ point/m2). 
Minor modifications to the script were made to account for differences in the size of the point 
clouds. The R scripts can be accessed via the GitHub repository link provided in Section 6.0 
(Open Research) at the conclusion of this report. The overall methodological approach used 
to model and map canopy height, tree numbers, crown area, and AGB in Home Covert, based 
on the two LiDAR datasets, is depicted in Figure 4. This research, including its ethics and 
risk assessment, was approved by project supervisor Andrew Cunliffe and academic tutor 
Steven Palmer. 

Figure 4. A designed framework for conducting point cloud analysis on LiDAR datasets to extract 
tree metrics (e.g. tree height, crown area), AGB estimations and visualise results using R Statistical 
software.  

2.4.1 Workflow explained 

The study commenced with the acquisition of relevant datasets, including point clouds and 
shapefiles from various sources. These included the EA 2018 LiDAR point clouds, the NT 
2023 drone-based LiDAR point cloud, and topographic shapefiles from Emapsite for the area 
of interest (AOI). For data preparation, essential libraries and packages, particularly the lidR 
package, were installed into R Studio (specific R Statistical Software used). The data were 
imported into R, and the shapefile for Home Covert was loaded. The Coordinate Reference 
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System (CRS) of the shapefile was verified and, if necessary, reprojected to align with the 
CRS of the point cloud data. 

The point cloud data were then clipped based on the AOI, categorising the data into whole 
woodland coverage, deciduous areas, and coniferous areas. The validity of the clipped data 
was assessed using summary statistics and visualisations with functions such as las_check 
and plot. Data processing included height normalisation of the point cloud using the 
knnidw() function, which avoided rasterisation. Ground points were classified to ensure 
accurate zero elevation, and negative outliers with Z-values below zero were removed. 

Subsequently, Digital Terrain Models (DTMs) and Canopy Height Models (CHMs) were 
generated to facilitate visualisation of terrain and canopy structures. Individual tree 
segmentation (ITS) was performed using the segment_trees function with parameters 
from the Li2012 algorithm. This process identified individual trees and calculated crown 
metrics using the crown_metrics function, which provided crown hulls and exported tree 
crowns as polygons. Additional metrics, including maximum tree height, crown area, 
perimeter, and crown diameter, were calculated with the sf package. For coniferous 
woodlands, a density reduction of 0.5 was applied to address the high point density, and the 
parameters ‘dt1’ and ‘dt2’ for the Li2012 algorithm were adjusted to 0.5 and 1, respectively. 

AGB was calculated for coniferous and deciduous trees, as well as for the entire woodland, 
using selected AGB allometric equations. The AGB values and total biomass were saved in 
CSV files for further analysis. Carbon estimation calculations were then performed based on 
the AGB data to assess carbon storage within the study area. Finally, data visualisation and 
analysis involved creating scatter plots and violin plots to compare AGB with tree height and 
crown diameter for both coniferous and deciduous trees, focusing on these primary variables 
for determining AGB. 

The primary adjustment in the drone-based methodology involved reducing the point cloud 
density at the initial stage. To address computational limitations and prevent crashes in R, the 
point cloud was randomly resampled to reduce its density by 80%, as the original dataset was 
too large to process and visualise effectively. Previous attempts to reduce the density by 70% 
and 50% were insufficient in alleviating these issues. The drone-based methodology also did 
not involve dividing the woodland into deciduous and coniferous areas, as the drone survey 
was conducted after the felling of the pine plantation in the southern section of Home Covert. 

2.4.2 AGB Calculations 

Biomass calculations are a powerful tool for estimating AGB, which is essential for assessing 
carbon storage in vegetation and terrestrial ecosystems. Allometry, the relationship between 
tree size and biomass, is influenced by factors such as climate, vegetation structure, species, 
and growth form, leading to variations across woodland biomes and even within regions 
(Rodríguez-Veiga et al., 2017). Therefore, selecting appropriate allometric equations is 
crucial, as an unsuitable model can introduce significant errors in AGB estimation. 
 
There is a wide array of allometric equations for AGB estimation, ranging from general 
models (e.g., Jucker et al., 2017; Paul et al., 2015) to species-specific ones (McIntire et al., 
2022; Rance et al., 2016). Research indicates that species-specific equations provide the most 
accurate AGB estimates, highlighting the importance of selecting the right model to minimise 
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uncertainty and error (Pati et al., 2022; Abich et al., 2019). However, implementing species-
specific equations requires a more complex workflow, including detailed tree classification, 
which is beyond the scope of this project. 
 
Airborne LiDAR typically cannot reliably measure DBH due to the limited number of returns 
collected beneath the canopy, preventing accurate reconstruction of trunk morphology. To 
address this, Jucker et al. (2017) developed widely used allometric models that estimate AGB 
based on crown area and tree height derived from airborne LiDAR. Their research, involving 
data from over 100,000 trees across diverse forests globally, found a strong correlation 
between AGB, tree height, and crown diameter. While these models generally provide 
reliable AGB estimates for different tree and forest types, accuracy improves when adjusted 
for biome-specific variations in crown architecture and wood density, especially between 
angiosperms (deciduous) and gymnosperms (coniferous). Jucker et al. (2017) offer regional 
parameters for Palearctic coniferous and deciduous mixed woodlands, suggesting that these 
group-specific algorithms can be applied with minimal field data, yielding reliable AGB 
estimates.  
 
A more general allometric equation (Equation 1) was initially applied to estimate the AGB of 
the entire woodland of Home Covert. This equation was adapted from models proposed by 
Wilkes et al. (2018), Aabeyir et al. (2022), and Muumbe et al. (2024), which incorporate 
various allometric relationships based on tree height, diameter, and crown dimensions. 
Additionally, it integrates temperate woodland-specific models, particularly for mixed 
broadleaf and coniferous forests, as outlined by Jenkins et al. (2003), Chave et al. (2005), 
Zianis et al. (2005), and Jucker et al. (2017). 

Although this equation was eventually excluded from the final analysis due to its overly 
general nature, it is included in the report for its utility in providing an initial estimate of 
AGB for the entire woodland. 

The generalised allometric equation for temperate mixed deciduous and coniferous woodland 
AGB is as follows: 

Equation 1      

AGB = β0 + β1 * log(TreeHeight) + β2 * log(CrownArea) + β3 * log(CrownPerimeter)  

 
The best fit AGB model from Jucker et al. (2017): 
 
Equation 2 

 AGBpred = (0.016 + αG) x (H x CD)(2.013+βG) x exp[0.2042/2]     

where αG and βG are functional group-dependent parameters which represent the difference in 
the scaling constant α and scaling exponent β between angiosperm and gymnosperm trees. 
For gymnosperms, αG = 0.093 and βG = −0.223, whereas for angiosperms both parameters are 
set to zero. 



 
 

22 
 

2.4.3 Carbon Storage 

The carbon content in wood (C) varies by species, but it is generally estimated to constitute 
47% of the dry weight of the tree's wood component (Chave et al., 2019). This 47% biomass-
to-carbon ratio has been widely used in studies of carbon content in biomass (Fawcett et al., 
2022; Chave et al., 2019). The dry weight of wood is typically around 72.5% of the green 
(fresh) weight, or AGB, according to previous research (Hanif et al., 2015; DeWald et al., 
2005; Birdsey, 1992). 

Thus, the carbon content of a tree can be estimated using the following equation: 

C = AGB × 0.725 × 0.47C  

This equation first calculates the dry weight of the tree, followed by multiplying it by 47% to 
determine the carbon content. 

The amount of CO₂ stored in a tree, corresponding to its carbon content, varies significantly 
depending on species, growth conditions, and woodland management practices. However, it 
is commonly estimated using a factor of 3.67 × C, which reflects the ratio of carbon to 
oxygen atoms in CO₂. This factor allows for the conversion of stored carbon (C) into the 
equivalent amount of sequestered CO₂ (Hanif et al., 2015; DeWald et al., 2005; Birdsey, 
1992).  

2.4.4 Ground Data 

Incorporating UK tree allometry with ground data facilitates the comparison of AGB 
estimation accuracy across different LiDAR datasets. However, obtaining sufficient ground 
data for a comprehensive analysis was beyond the scope of this study. Instead, ten random 
tree measurements were collected at Home Covert to provide a preliminary comparison. 

Fieldwork was conducted on 16th July 2024 within Home Covert, located at the National 
Trust's Oxburgh Estate in Norfolk. Ten random locations were selected within the woodland, 
with accessibility considerations for the terrain. An exploratory survey of the area was carried 
out to sample the species composition, aided by the PlantNet tree identification app. The 
detected trees were all deciduous and belonged to various species families, including 
Betulaceae, Fagaceae, Ulmaceae, and Sapindaceae. The specific tree species identified were 
Carpinus betulus L. (European hornbeam, Betulaceae), Quercus robur L. (Common oak, 
Fagaceae), Acer campestre L. (Field maple, Sapindaceae), Ulmus × hollandica Mill. (Dutch 
elm, Ulmaceae), Acer rubrum L. (Red maple, Sapindaceae), Fagus sylvatica L. (Beech, 
Fagaceae), and Quercus petraea (Matt.) Liebl. (Sessile oak, Fagaceae). 

Tree measurements were obtained using a Suunto PM-5 Clinometer, a 150 cm double-sided 
tape measure, a 30 m tape measure, and a GPS receiver. The methodology involved 
measuring tree height using a clinometer, using tape measures to record diameter at breast 
height, and capturing geolocation with a GPS receiver. Tree height was calculated using 
trigonometry. 
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2.5 Possible Limitations 

AGB is generally estimated rather than directly measured, which introduces substantial 
uncertainties (Clark and Kellner, 2012). These uncertainties stem from factors such as tree 
height estimation, wood density, and the selection of allometric models, with individual tree-
level AGB estimates potentially having an absolute error of approximately 50% (Chave et al., 
2014; Chave et al., 2019). The use of generalised allometric functions in LiDAR-based 
biomass analysis offers advantages in terms of speed, as it bypasses the need for tree 
classification. However, this comes at the expense of accuracy and specificity, as general 
models may not account for the variability between different tree species and woodland 
types. It is important to acknowledge that the use of generalised allometric equations, 
combined with the absence of extensive ground data, introduces a degree of uncertainty and 
potential error in the accuracy of AGB estimations. This limitation should be considered 
when interpreting the results and conclusions of this study. 
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3.0 Results 
Table 2. Allometric values for Palearctic woodland types (Jucker et al., 2017). 

Biogeographic 
region  

Forest type  Functional 
group  

α  β  

Palearctic  Temperate 
coniferous 
forests  

Gymnosperm  0.093 -0.223  

Palearctic  Temperate 
mixed forests  

Angiosperm  0  0  

 

Table 3. Tree metric values for 2018 EA LiDAR point cloud. 

Woodland 
type  

No. 
Trees 
(max 
height) 

Max 
tree 
height 
(m) 

Avg 
Tree 
Height 
(m)  

Max 
crown 
area 
(m2) 

Avg 
Crown 
Area 
(m2) 

Max 
crown 
perimeter 
(m) 

Max 
Crown 
diameter 
(hull) (m) 

Avg 
Crown 
Diameter 
(hull) (m)  

Temperate 
coniferous  

3693 24.07 8.895 99.89 2.38 43.41 43.41 6.11 

Temperate 
deciduous  

17749 28.84 11.13 144.82 3.92 47.29 47.29 7.11 

Whole 
woodland 

19789 28.84 11.544 161.76 4.92 51.06 51.06 7.67 

 

Table 4. Tree metric estimates for 2018 EA LiDAR point cloud using Jucker et al. (2017). 

Woodland 
type  

Average 
AGB per 
tree (kg) 

Total AGB 
(kg/ha)  

Total C 
(kg/ha) 

Total CO2 
sequestered 
(kg/ha) 

Temperate 
coniferous 
forests 

220.09 812,784.33  
 

276,956.26 1,016,429.47 

Temperate 
deciduous 
forests 

309.59 442,468.54  
 

150,771.16 553,330.16 

Whole 
temperate 
forest  

292.81 511,840.19 174,409.54 640,083.03 

 

Table 4 presents key metrics, including average AGB per tree (kg), total AGB (kg/ha), total 
carbon content (kg/ha), and total CO2 sequestered (kg/ha). Using these values, the total AGB 
for Home Covert, covering 16 hectares, is estimated at 8,189,443.04 kg, total carbon content 
is 2,790,552.72 kg and a predicted total of 10,241,328.47 kg of CO2 sequestered within 
Home Covert (Table 7). These calculations are derived from the 2018 EA LiDAR dataset. 
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Table 5. Tree metric values for NT Drone data. 

Woodland 
type  

No. 
Trees 

Max 
tree 
height 
(m) 

Averag
e Tree 
Height 
(m)  

Max 
crown 
area 
(m2) 

Average 
Crown 
Area 
(m2) 

Max 
crown 
perimeter 
(m) 

Max 
Crown 
diameter 
(hull) (m) 

Ave 
Crown 
Diameter 
(hull) (m)  

Whole 
temperate 
deciduous 
woodland 

10,577 39.78 11.83 312.97 20.42 67.74 62.74 15.09 

 

Table 6. Tree metric estimates for NT Drone point cloud using Jucker et al. (2017). 

Woodland 
type  

Average 
AGB per 
tree (kg) 

Total AGB 
(kg/ha)  

Total C 
(kg/ha) 

Total CO2 
sequestered 
(kg/ha) 

Whole 
temperate 
deciduous 
woodland 

1678.94 1,112,525.75 379,093.15 1,391,271.86 

 

Table 6 presents key metrics, including average AGB per tree (kg), total AGB (kg/ha), total 
carbon content (kg/ha), and total CO2 sequestered (kg/ha) of whole Home Covert study area. 
Using these values, the total AGB for Home Covert, covering 16 hectares, is estimated at 
17,800,412 kg, total carbon content is 6,065,490.39 kg and a predicted total of 22,260,349.73 
kg of CO2 sequestered within Home Covert (Table 7). These calculations are derived from 
the 2023 NT drone-based LiDAR dataset.  

 

Table 7. AGB, C and CO2 values for whole area of Home Covert for 2018 EA LiDAR point 
cloud and 2023 Drone point cloud, using Jucker et al. (2017) allometric equations. 

LiDAR 
dataset 

Woodland 
type  

Average 
AGB per 
tree (kg) 

Total AGB 
(kg)  

Total C (kg) Total CO2 
sequestered 
(kg) 

EA 2018 Whole 
temperate 
deciduous 
woodland 

292.81 8,189,443.04 2,790,552.72 10,241,328.47 

Drone 2023 Whole 
temperate 
deciduous 
woodland 

1678.94 17,800,412 6,065,490.39 22,260,349.73 
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Figure 5.  Digital Terrain Model (DTM) of Home Covert woodland. 

Figure 6.  Canopy Height Model (CHM) of Home Covert woodland using Environment 
Agency 2018 point cloud data. Scale represents tree height (m). 
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Figure 7.  Tree crown area (convex hull) of Home Covert woodland as polygons using 
Environment Agency 2018 point cloud data. Scale represents crown area (m2). 
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Figure 8.  Relationship between above ground biomass and the product of maximum tree 
height and crown diameter, in coniferous (gymnosperm) and deciduous (angiosperm) 
trees, using 2018 EA LiDAR point cloud. 
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Figure 9.  Violin plot showing tree size distribution (by tree crown diameter), categorised by 
woodland type within Home Covert, using 2018 EA LiDAR point cloud. 
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Figure 10.  Violin plot showing tree size distribution (by AGB), categorised by woodland type 
within Home Covert, using 2018 EA LiDAR point cloud. 
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Figure 11.  Canopy Height Model (CHM) of Home Covert woodland using drone point 
cloud data. Scale represents tree height (m). 

Maximum Tree Height x Crown 
Diameter Figure 12.  Relationship between above ground biomass and the product of maximum tree 

height and crown diameter, in coniferous (gymnosperm) and deciduous (angiosperm) 
trees, using 2023 drone point cloud. 
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Figure 13.  Violin plot showing tree size distribution (by tree crown diameter), categorised 
by woodland type within Home Covert, using 2023 drone point cloud. 
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Figure 14.  Violin plot showing tree size distribution (by AGB), categorised by woodland type 
within Home Covert, using 2023 drone point cloud. 
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Figure 16.  Relationship between above ground biomass and the product of maximum tree 
height and crown diameter for whole mixed deciduous woodland, using 2023 drone point 
cloud. 

Figure 15.  Tree crown area (convex hull) of Home Covert woodland as polygons 
using NT 2023 point cloud data. Scale represents crown area (m2). 
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Figure 18. Violin plot showing tree size distribution (by AGB), categorised by 
woodland type within Home Covert, using 2023 drone point cloud, using Jucker et al. 
(2017) allometric equation. 
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Figure 17.  Violin plot showing tree size distribution (by tree crown diameter), 
categorised by woodland type within Home Covert, using 2023 drone point cloud. 
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Figure 19.  Comparison of EA 2018 LiDAR point cloud (left) and 2023 
drone LiDAR point cloud (right), using individual tree segmentation.  

Figure 20.  Comparison of EA 2018 LiDAR point cloud (left) and 2023 drone 
LiDAR point cloud (right), using individual tree segmentation. 
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Table 8. Ground data measurements - Tree measurements obtained using a Suunto PM-5 
Clinometer, a 150 cm double-sided tape measure, a 30 m tape measure, and a GPS receiver. 

Tree 

No. 

Coordinates Elevation 

(m) 

DBH 

(cm) 

Ground 

distance 

(m) 

a° (deg) b° (deg) Tree 

height 

(m) 

1 52.57403° 

0.56917° 

13 65.5 10.23 60.10 13.73 20.5 

2 52.57386° 

0.56914° 

2 73.6 9.78 68.63 15.71 27.75 

3 52.57436° 

0.56981° 

2 117 

(77.9, 

53.9) 

8.9 75.33 18.63 37 

4 52.57481° 

0.57064° 

10 223 17.73 48.44 4.03 21.25 

5 52.57689° 

0.56975° 

6 134.8 20.75 44.65 4.82 22.25 

6 52.57717° 

0.56986° 

6 81.8 14.9 54.64 8.59 23.25 

7 52.57472° 

0.56800° 

0 143.3 18.8 48.16 3.04 22 

8 52.57489° 

0.56869° 

-5 135.8 9.2 73.96 26.06 36.5 

9 52.57550° 

0.57036° 

2 73.8 11.84 60.59 9.59 23 

10 52.57575° 

0.56992° 

7 133.5 15.76 57.77 8.13 27.25 
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4.0 Discussion 
The 2018 EA airborne LiDAR point cloud dataset, along with the National Trust’s proprietary 
drone-based LiDAR point cloud, were utilised to extract key tree metrics, including tree 
count, height, crown area, and AGB within Home Covert. These results directly address the 
first research question posed in this study. Central to the data processing were two custom-
developed scripts, ‘OxburghProject_EA_LIDAR.R’ and ‘OxburghProjectDrone_LIDAR.R’ 
which enabled a comprehensive analysis of both the EA and NT point clouds. In addition to 
successfully estimating AGB, the methodology also facilitated the estimation of aboveground 
carbon storage, providing key evidence in support of the second research question. 
Furthermore, the processing and visualisation of both point clouds within the R Statistical 
Software (R Studio environment) enabled a detailed comparison of the two LiDAR datasets, 
highlighting distinctions between the high-resolution drone point cloud and the EA LiDAR 
dataset. The forthcoming sections will delve deeper into the implications of these results, 
exploring their broader significance in relation to the study’s objectives. 

 
1. Airborne LiDAR utility in Woodand Metrics  

How effective is airborne LiDAR in determining tree count, height, crown area, and 
above ground biomass in woodlands?  
 

Tree metrics were primarily extracted using the lidR package in R Studio, a tool specialised 
for processing airborne LiDAR point clouds (Roussel et al., 2020). The package utilises 
individual tree segmentation (ITS), a common method in forestry for identifying treetops, 
delineating crown boundaries, and calculating tree attributes. As previously addressed, ITS 
accuracy depends on precise tree identification and can be prone to errors, particularly in 
over- or underestimating crown dimensions (Roussel et al., 2020; White et al., 2016). To 
address these limitations, the Li2012 segmentation algorithm (Li et al., 2012) was applied, 
enabling direct point cloud processing without the need for rasterisation or CHM generation, 
resulting in more efficient and accurate tree metric extraction. 

The application of airborne LiDAR for determining tree count, height, crown area, and AGB 
within Home Covert proved to be effective. This is evidenced by the substantial AGB values 
extracted from the EA 2018 and NT 2023 LiDAR datasets, as shown in Table 7. The EA 
2018 dataset estimated a total AGB of 8,189,443.04 kg (511,840.19 kg/ha), while the 2023 
drone dataset yielded a significantly higher estimate of 17,800,412 kg (1,112,525.75 kg/ha). 
These AGB estimates were derived using group species-specific allometric equations from 
Jucker et al. (2017) (Equation 2), using allometric values for the specific Palearctic woodland 
types ~ mixed deciduous and coniferous woodlands (Table 2). 

The initial AGB calculations employed a generalised woodland allometric equation (Equation 
1), adapted from the models of Wilkes et al. (2018), Aabeyir et al. (2022), and Muumbe et al. 
(2024). However, this approach was found to be overly broad and lacked specificity. The 
results derived from this generalised equation (see Appendix 9, Table 1 and 2) were 
ultimately disregarded, as they failed to account for the significant presence of pine 
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plantations and coniferous species in the southern region of Home Covert, particularly in the 
2018 EA dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 22.  Distinguishing Home Covert woodland types; coniferous woodland (south) in blue, 
mixed deciduous woodland (north) in green.  Used Google Satellite basemap. 

Figure 21.  Comparison of EA 2018 LiDAR point 
cloud and 2023 NT drone point cloud, highlighting 
split between deciduous region (north) and 
coniferous region (south). 
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To improve accuracy, the study area was divided into deciduous (northern) and coniferous 
(southern) regions, enabling the application of group species-specific equations from Jucker 
et al. (2017), which are well established equations for woodland AGB estimation. This 
approach was applied to the EA 2018 dataset. While the NT 2023 drone dataset was initially 
processed by separately analysing coniferous and deciduous populations, it was later treated 
as a mixed temperate deciduous woodland due to pre-drone survey pine plantation felling 
(see Appendix 9, Table 3). This adjustment facilitated a more consistent and accurate 
comparison between the two datasets. The division of the woodland was achieved through the 
use of GIS by segmenting the Home Covert woodland shapefile into two distinct regions 
(Figure 21 and 22). This division was based on a detailed analysis of the EA point, which 
revealed significant differences in tree density between the southern coniferous pine 
plantation, characterised by tightly packed trees, and the northern region, consisting of more 
spaced and diverse mixed deciduous woodland (Figure 23). The NT point cloud allowed for 
an ultimate clear distinction between coniferous woodland (where pine tree felling took 
place) and the mixed deciduous woodland. 

 

 

 

Figure 23.  Distinguishing Home Covert woodland types using NT orthomosaic; coniferous 
woodland (north) in blue, mixed deciduous woodland (south) in green.  
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2.     Carbon Storage  
What is the aboveground carbon storage in this woodland stand, and how confident 
should we be in this estimate? 

 

The selected equation for estimating tree carbon content leverages the established biomass-
to-carbon ratio of 47% for dry wood, as reported by Chave et al. (2019). This ratio is 
supported by a consensus in the literature and is used for carbon content estimations in 
biomass (Fawcett et al., 2022). Furthermore, research indicates that the dry weight of wood 
constitutes approximately 72.5% of the green weight or AGB (Hanif et al., 2015). 

The equation used was: 

C = AGB × 0.725 × 0.47C  

where C represents the carbon content and AGB denotes aboveground biomass. This formula 
first derives the dry weight of the tree and subsequently calculates the carbon content based 
on the 47% carbon ratio. To estimate the corresponding CO₂ sequestration, the carbon content 
is multiplied by a factor of 3.67, which accounts for the carbon-to-oxygen ratio in CO₂ (Hanif 
et al., 2015). 

Using the methodology highlighted previously, the carbon storage and carbon sequestration 
of Home Covert was able to be estimated. According to Table 7, the EA point cloud data 
estimated the total carbon content at 2,790,552.72 kg (174,409.54 kg/ha), with a 
corresponding CO₂ sequestration estimate of 10,241,328.47 kg (640,083 kg/ha). In contrast, 
the drone point cloud data estimated the total carbon content at 6,065,490.39 kg (379,093.15 
kg/ha), and the CO₂ sequestration at 22,260,349.73 kg (1,391,271.86 kg/ha). These estimates 
pertain solely to aboveground carbon storage and sequestration, excluding belowground 
carbon in roots and soil.  

It is important to acknowledge that the methodology used for calculating woodland carbon 
content does not fully adhere to the best practices outlined in the FC Woodland Carbon Code: 
Carbon Assessment Protocol (v2.0) (Jenkins et al., 2018). This protocol emphasises 
traditional field measurement and estimation techniques for calculating stored carbon in 
woodlands and stresses the importance of estimating the confidence of these measurements. 

In this study, confidence intervals for AGB and carbon content estimates were not calculated, 
as the equations were applied directly to tree metrics without statistical analysis. 
Incorporating statistical models in future work to determine the range within which true 
values are likely to fall would enhance the robustness of these estimates by providing 
confidence intervals. 

Thus, while the methodology applied provides valuable insights into carbon content and 
sequestration, it falls short of the comprehensive standards recommended by the FC 
Woodland Carbon Code. Addressing these limitations and integrating confidence measures 
into future assessments would significantly improve the accuracy and reliability of carbon 
estimation. 
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3.     Comparison of LiDAR data sources  
How do drone-derived high resolution LiDAR surveys compare with open source 
Environment Agency LiDAR in utility for woodland metrics? 

 

Tables 3 and 5 present tree attributes derived from the EA and drone LiDAR point clouds, 
using functions such as 'crown_metrics' and 'tree_metrics'. Following tree 
segmentation, maximum tree heights were used to represent individual trees, as shorter 
understory trees are more difficult to accurately delineate. The EA point cloud identified 
19,789 trees total, while the drone point cloud detected approximately 10,577 trees total 
(Figure 19 and 20 for ITS comparison). These discrepancies arise from differences in the 
ITS process, specifically through the use of the ‘segment_trees’ function in the lidR 
package.  

Key to these differences were adjustments to the li2012 algorithm’s parameters, 'dt1' and 
'dt2', which control the distance thresholds for tree height segmentation. Lowering 'dt1' 
increases the algorithm's sensitivity to height variations, resulting in more distinct tree 
crowns, while reducing 'dt2' tightens the vertical range within each segment, improving the 
separation of individual trees. These adjustments were particularly necessary for the dense 
coniferous areas, where distinguishing individual crowns was challenging. Despite this 
success, the AGB estimate from the drone point cloud was significantly higher, suggesting 
that further refinement of 'dt1' and 'dt2' might have improved accuracy. For instance, the 
maximum crown area in the drone dataset was 213.97 m² (Table 5), which is unrealistically 
large. This indicates that incorrect parameter choices can lead to inaccurate results. Important 
to consider, in dense woodland structure with overlapping canopies, even strict parameters 
might not eliminate. Fine-tuning this process helps to achieve more distinct tree segments 
with minimal overlap in the LiDAR point cloud. Therefore, selecting appropriate ITS 
parameters is critical for ensuring reliable tree metrics. 

Another important consideration is that the drone dataset (300+ points/m²) has a significantly 
higher resolution compared to the EA dataset (8 points/m²). This higher point density could 
mean that the drone-derived AGB estimates are more accurate, as it likely captures finer 
details that the EA data may have missed. However, without sufficient ground-based 
measurements for comparison, it is difficult to definitively determine which dataset provides 
more accurate results. To resolve this uncertainty, ground data would be required to perform a 
cross-analysis. This could be achieved through linear regression, comparing LiDAR-derived 
tree heights with ground-based measurements. Such an analysis would allow for the 
calculation of the coefficient of determination (R²), slope, and intercept, providing a clearer 
assessment of how well the LiDAR measurements reflect actual tree heights and crown 
metrics. This, in turn, would lead to more reliable and accurate AGB estimates. A further 
consideration to improve the accuracy of the AGB results, could include the development of 
tree classification models to distinguish individual tree species within the woodland and 
where they are located. These models allow for the application of species-specific allometric 
equations, rather than the generalised woodland-type equations used in this study. However, 
the development of such models is time-consuming and falls outside the scope of this project. 
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Nonetheless, species-specific classifications would significantly enhance the precision of 
biomass estimates and other tree metrics. 

The tree crown areas in Home Covert, represented as polygons for both the drone and EA 
point clouds, are visually depicted in Figures 7 and 15. The drone point cloud clearly shows 
larger tree crown areas, as well as the lack of vegetation coverage in the southern region due 
to post-pine felling. This visualisation effectively illustrates the estimated size of individual 
trees within Home Covert, highlighting the variation in crown areas between the two LiDAR 
datasets. These differences are primarily attributable to the application of the Li2012 
algorithm for ITS and the varying point densities between the datasets. 

The creation of a CHM enabled the visualisation of tree height distribution across Home 
Covert. Despite being generated through rasterisation, a comparison between the EA CHM 
(Figure 6) and the NT drone CHM (Figure 11) reveals significant differences in vegetation, 
particularly in the southern region due to the felling of pine trees. Interestingly, Figure 6 also 
shows that the coniferous plantation in the south included the tallest trees (25 metres and 
above), which were at peak maturity prior to being felled, as evidenced by the CHM. Figure 
11, derived from drone data, indicates considerable tree growth across the entire mixed 
deciduous woodland, with the northern region showing increased density compared to Figure 
6. Additionally, it highlights the substantial growth within the woodland over the five-year 
gap between data acquisitions. This visual representation supports the AGB estimates 
obtained in this study.  

The computational time required to run the ‘OxburghProject_EA_LIDAR.R’ script for 
processing the EA point cloud was approximately 18 minutes. This included point cloud 
cleaning steps, such as normalisation, the removal of negative values, and visualisation. In 
contrast, the processing time for the ‘OxburghProjectDrone_LIDAR.R’ script exceeded 48 
hours due to the intensive computational demands of handling the significantly larger drone 
LiDAR point cloud, which initially measured 20.3 GB, compared to the smaller EA point 
cloud measured 144 MB. Downloading the original drone dataset, provided by Keith Challis, 
Remote Sensing Coordinator at the National Trust, took 12 hours. Although density reduction 
was applied to the drone point cloud to optimise processing, determining the appropriate 
reduction level required careful consideration. The goal was to balance reducing the file size 
without sacrificing too much detail, and conclusively, an 80% reduction was chosen, resulting 
in a 3.7 GB point cloud that allowed for detailed analysis within a manageable computational 
timeframe. A lesser reduction (e.g., 70%) remained too large for R Studio to process 
efficiently, preventing proper plotting and analysis. 

Given the scale of the drone dataset, outputs such as cleaned point clouds were stored on an 
external hard drive with sufficient storage capacity. The challenges faced during this process, 
including several instances where R Studio crashed, highlight the limitations of processing 
high-resolution drone data in R Studio. These issues raise questions about the practicality of 
using such high-resolution point clouds when significant reductions are necessary for 
software compatibility. Regular uploads to GitHub ensured data preservation throughout this 
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process. These limitations are important to consider when working with large LiDAR 
datasets. 

It is important to highlight a key advantage of the drone-derived point cloud, beyond its 
substantially higher spatial resolution (300+ points/m²) compared to the EA dataset (8 
points/m²): drone surveys can be conducted at any time, allowing for near real-time data 
collection and rapid AGB estimates, as long as the necessary drone and LiDAR equipment 
are available. In contrast, the EA dataset is temporally limited, with the most recent survey 
conducted in 2018, creating a significant six-year gap. Given that deciduous trees can grow 
significantly each year, with Acer saccharinum (Silver Maple) reaching up to 1.5 metres per 
year (Ferus, 2023; Ashby et al., 1992), this gap means the EA dataset does not provide an 
accurate reflection of Home Covert's current AGB. Although a 2021 National LiDAR point 
cloud from the Environment Agency is available (Figure 24), it unfortunately does not cover 
the Home Covert woodland, which underscores a major limitation of relying on EA LiDAR 
products for ongoing or current analysis. 

 

 

 

 

 

 

 

 

 

Comparison of AGB estimates 

A combination of scatterplots and violin plots was employed to visualise and compare tree 
metrics derived from the analysis of both the EA and drone LiDAR point clouds. 

Figures 8 to 10 present the tree metrics from the EA point cloud, revealing that the 
coniferous region of the woodland (southern section) holds the highest AGB, compared to the 
deciduous areas. This aligns with earlier analysis, which indicated a denser coniferous stand 
in the EA point cloud, with coniferous trees at peak height and maturity. However, Figure 9 
shows that both deciduous and coniferous woodlands exhibit similar tree crown diameters, 
with the majority falling between 0 to 10 m². In contrast, Figures 13 and 14 (drone point 
cloud data) show a broader distribution of crown diameters, extending up to 40 m². This may 
be attributed to the higher resolution of the drone LiDAR, which provides more accurate 
delineation of tree crowns and more points to base analysis off. 

Figure 24.  2021 EA LiDAR point cloud available on Defra Survey Data Download. 
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Figures 17 and 18 depict the entire woodland of Home Covert without separating deciduous 
and coniferous areas. Violin plots for both the EA 2018 and drone datasets show AGB 
estimates for the entire forest, using a generalised allometric equation. Additionally, AGB 
estimates for the deciduous and coniferous sections were calculated using Jucker et al.'s 
group species-specific allometric equations. The drone data also includes AGB estimates 
based on Jucker's deciduous parameters, reflecting the predominance of mixed deciduous 
woodland following pine felling. 

Overall, the results indicate that AGB estimates can be derived proficiently from both EA and 
drone LiDAR datasets. However, future research would benefit from a larger project 
incorporating ground data to validate the accuracy of the point cloud-derived estimates. This 
validation would determine the level of precision needed for different applications, helping to 
decide whether EA LiDAR, with its lower resolution, is sufficient or if higher-resolution 
drone data is required for more accurate measurements. 

Ground Data 

 

 

 
 
 

 
 
 
 
 
 
 
 
 
 
 

Tree heights were estimated during fieldwork using trigonometric calculations based on 
clinometer measurements (Figure 25), with the results presented in Table 8. This method, 
grounded in well-established principles of tree height measurement, has been widely applied 
in forestry and woodland management research (Bilous et al., 2021; Stereńczak et al., 2019; 
Williams et al., 1994). 

Although ground-based measurements were collected to facilitate comparison between 
LiDAR data and field data, they were not extensively utilised in this analysis. The focus of 
the project was not on assessing the absolute accuracy of the LiDAR data but rather on 
evaluating the process of obtaining tree metrics and comparing the results from different 
LiDAR sources. However, incorporating more ground data and calculating metrics such as 

Figure 25.  Tree trigonometry to calculate tree height using clinometer measurements 
obtained at fieldwork. Illustration made by Amber McDonagh. 
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root mean square error (RMSE) would improve the accuracy of future assessments, offering 
more reliable insights for organisations like the National Trust. 

Future studies with a broader scope could benefit from integrating ground-based 
measurements to enhance the precision of LiDAR-derived estimates. This raises the question 
of how much precision is truly required. Is centimetre-level accuracy necessary, or would a 
slight margin of error still meet the objectives? The balance between accuracy and 
practicality is an important consideration for woodland management applications. 

Key limitations & Recommendations 

1. Processing Time and Computational Efficiency 

• Drone Data Processing: The drone dataset took approximately 48 hours to process, 
even with density reduction to 20% of the original dataset, which caused a loss of 
point richness. Without this reduction, processing would have been even longer. This 
limitation affects the accuracy of tree metrics such as crown area and height. 

• EA Dataset Processing: In comparison, the EA dataset was significantly smaller (144 
MB vs. 20.3 GB), requiring only 18 minutes to process. The quicker processing time 
for the EA dataset demonstrates a more efficient workflow, though it comes at the cost 
of lower resolution and outdated data. 

Implications: 

• The extensive time needed to process high-resolution drone data may limit its 
application in projects where rapid decision-making is required. 

Recommendation: For future projects, the National Trust should weigh the trade-offs 
between resolution and processing time, considering whether such high-density data is 
required for all woodland areas or only specific high-priority sites. 

 

2. Loss of Point Richness and its Effect on Accuracy 

• The reduction in point density from 300+ points/m² to a more manageable size 
(resulting in 80% reduction) inevitably compromised the precision of the derived 
metrics, including tree height and crown dimensions. This could result in an over- or 
under-estimation of attributes like AGB. 

• Drone LiDAR produced higher AGB estimates (17,800,412 kg vs. 8,189,443.04 kg 
from EA LiDAR), partly because of the finer detail captured by the higher density. 
However, this precision is difficult to validate without extensive ground data 
comparison. 

Recommendation: Where possible, avoid excessive data reduction in areas critical to the 
NT’s conservation goals. More efficient workflows or software might help handle larger 
datasets without compromising detail. Incorporating ground data would improve the 
reliability of drone-derived estimates. 
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3. Lack of Ground Data for Validation 

• While tree heights were measured during fieldwork, they were not extensively utilised 
for validating the LiDAR estimates. The lack of ground-based validation introduces 
uncertainty, especially in AGB and carbon storage estimates. 

• True validation requires root mean square error (RMSE) or other statistical measures 
to compare LiDAR-derived metrics with actual field measurements. 

Recommendation: The NT should prioritise ground data collection for future projects to 
validate LiDAR-derived tree metrics. This would increase confidence in the outputs and align 
with best practices like the FC Woodland Carbon Code. 

 

4. Comparison of Open-Source vs. Proprietary Data 

• The EA LiDAR is open source but has limitations, including lower point density (8 
points/m²) and being outdated (2018 data). Despite being less accurate, it provides a 
cost-effective option for large-scale, non-urgent surveys. 

• The drone LiDAR, on the other hand, offers up-to-date, high-resolution data, but 
comes with significantly higher costs and processing demands. 

Recommendation: NT should adopt a hybrid approach, using EA LiDAR for broad 
woodland assessments and deploying drone LiDAR for more targeted, high-importance areas 
where finer metrics are critical. 

 

5. Generalisability and Broader Application 

• The methodologies and findings from the Home Covert project could be applied to 
other National Trust woodland sites. However, the limitations in data processing and 
validation mean the approach may not be suitable for all environments without 
adaptations. 

• The lack of ground data makes it harder to generalise findings across different 
woodland types, especially where tree species or structures differ. 

Recommendation: When applying this methodology to other sites, consider the specific tree 
compositions and woodland structure, and whether these align with the assumptions made in 
the Home Covert analysis. Ground data should be integrated into any large-scale application 
to ensure results remain reliable. 

 

6. Implications for Carbon Storage Estimates 

• While the study estimated carbon storage (using a standard biomass-to-carbon ratio), 
it lacked confidence intervals or statistical validation, which would strengthen the 
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estimates. Moreover, the exclusion of belowground biomass and reliance on 
allometric equations may introduce errors. 

• Additionally, the methods used do not fully align with the FC Woodland Carbon 
Code, which emphasises ground measurements for comprehensive carbon 
assessments. 

Recommendation: Future carbon storage studies should include confidence intervals and 
align with the Woodland Carbon Code to improve the accuracy and reliability of results. 
Additionally, including belowground biomass would provide a fuller picture of the 
woodland’s carbon sequestration capacity. 

5.0 Conclusion 
In conclusion, this study effectively addresses the research questions through a 
comprehensive analysis of airborne and drone-based LiDAR datasets. First, the question 
regarding the utility of airborne LiDAR in determining tree metrics such as count, height, 
crown area, and AGB was answered with positive results. The application of the lidR package 
and group species-specific allometric equations allowed for accurate extraction of tree 
metrics, despite some limitations in the segmentation algorithm. The comparison between 
Environment Agency (EA) and National Trust (NT) LiDAR data highlighted the superior 
precision of drone-derived metrics, although the EA data still proved useful for broader 
assessments, particularly where cost and time efficiency are critical. Thus, airborne LiDAR 
was shown to be effective, though the higher-resolution drone data provided more accurate 
results spatially and temporally. 

The second research question concerning the estimation of aboveground carbon storage was 
also addressed successfully. By applying an established biomass-to-carbon ratio, carbon 
storage and sequestration were calculated for Home Covert, providing valuable insights into 
the woodland's carbon dynamics. However, the lack of confidence intervals and reliance on 
purely LiDAR-derived estimates means that these results, while informative, would benefit 
from validation through ground-based measurements. Future work incorporating statistical 
models and adhering more closely to protocols like the FC Woodland Carbon Code would 
further enhance the reliability of these estimates. 

Lastly, the study effectively compared the utility of drone-derived high-resolution LiDAR 
with EA's open source data. The higher resolution of the drone dataset led to higher detail 
(potentially higher accurate) AGB and tree metric estimates, though it required significantly 
more processing time and computational resources. The results suggest that both data sources 
have their place in woodland management: EA LiDAR is a cost-effective option for large-
scale, non-urgent surveys, while drone LiDAR is better suited for precise, site-specific 
assessments. 

In summary, while the research achieved its objectives, future studies should aim to integrate 
ground validation and consider improvements in computational efficiency, especially when 
handling large, high-resolution datasets. Incorporating these elements would refine the 
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accuracy of woodland metrics and carbon storage estimates, providing more reliable data for 
conservation efforts and woodland management. 

6.0 Open Research 
GitHub Repository: https://github.com/TESS-Laboratory/McDonagh_trees_from_lidar 

Environment Agency LiDAR data: https://www.data.gov.uk/dataset/f0db0249-f17b-4036-
9e65-309148c97ce4/national-lidar-programme 
https://environment.data.gov.uk/DefraDataDownload/?Mode=survey  

National Trust Data using Emapsite Contractor Link: https://www.emapsite.com/online-
services/data-sharing/contractor-link 
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9.0 Appendix 

9.1 Tables for AGB, C and CO2 estimates using Equation 1 

Beneath are tables containing estimates using Equation 1 in the methodology; generalised 
allometric adapted from the models of Wilkes et al. (2018), Aabeyir et al. (2022), and 
Muumbe et al. (2024). 

Table 1. Tree metric estimates for EA point cloud using Equation 1. 

Woodland 
type  

Average 
AGB per 
tree (kg) 

Total AGB 
(kg/ha)  

Total C 
(kg/ha) 

Total CO2 
(kg/ha) 

Whole 
temperate 
forest  

822.76 802,606.06 273,488.01 1,003,700.99 

 

Table 2. Tree metric estimates for drone point cloud using Equation 1. 

Woodland 
type  

Average 
AGB per 
tree (kg) 

Total AGB 
(kg/ha)  

Total C 
(kg/ha) 

Total CO2 
(kg/ha 

Whole 
temperate 
forest  

1176.43 777,697.68 281,993.18 1,034,914.97 

 

Table 3. Tree metric values for NT Drone data, splitting point cloud into deciduous and 
coniferous. 

 

Woodland 
type  

No. 
Trees 

Max 
crown 
area 
(m2) 

Average 
Crown 
Area 
(m2) 

Max 
tree 
height 
(m) 

Average 
Tree 
Height 
(m)  

Max 
crown 
perimeter 
(m) 

Ave 
Crown 
Diameter 
(hull) (m)  

Max 
Crown 
diameter 
(hull) (m) 

Temperate 
coniferous 
forests 

596 312.97 29.76 23.96 1.72 62.75 17.66 62.75 

Temperate 
deciduous 
forests 

10,034 282.83 19.72 39.78 6.25 61.09 14.89 61.09 

Whole 
temperate 
forest 

10,577 312.97 20.42 39.78 11.83 67.74 15.09 62.74 
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9.2 Photographs taken of Home Covert Woodland 

9.2.1 Home Covert at a distance 

 
9.2.2 Pine Plantation Felling – Southern region of Home Covert 

 
9.2.3 Ground data – Trees used for ground data measurements, in tree number order, including picture 
of tree, GPS coordinate and diameter breast height. 
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