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Thesis abstract  
 

Climate change represents the most urgent challenge humanity has ever faced, spurring a 

global race to devise solutions that can prevent irreversible harm to our planet and future 

generations. Alongside massive and rapid decarbonisation, nature-based solutions are 

considered to be the most effective way of combating climate change through protection, 

restoration and sustainable management of natural carbon sinks and reservoirs. Predominant 

amongst these is reforestation - planting trees to absorb carbon dioxide from the atmosphere. 

But as governments, NGOs and businesses the world over undertake large-scale tree planting 

schemes the environmental sector is raising concerns that tree planting does not adequately 

address the twin crisis of biodiversity loss. Indeed, it may, in some circumstances, actually 

harm ecosystems and increase carbon emissions. Scientists have, on this account, spelled out 

the importance of natural regeneration - allowing trees and shrubs to recolonise through 

natural processes - as a means of establishing tree cover for carbon storage while at the same 

time helping to restore ecosystems and biodiversity. Rewilding is a particularly effective way 

of providing conditions for natural regeneration, but its carbon storage potential is poorly 

understood. There is an assumption that young trees naturally colonising in rewilding 

projects are adversely affected by the presence of grazing and browsing animals, and smaller 

woody shrubs characteristic of emergent vegetation are rarely factored into carbon storage 

calculations. This thesis aims to quantify carbon storage in woody shrubs and emergent trees 

within a rewilding context and develops a replicable method for calculating above- and 

below-ground carbon. The goal is to create a landscape-scale method applicable to woody 

vegetation in temperate rewilding projects, enabling more accurate assessment of its potential 

as a nature-based climate solution. 
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rose, hawthorn, oak, and sallow). The evaluated metrics: Sensitivity (proportion of 
correctly identified samples for each taxon), Specificity (proportion of correctly 
identified non-samples for each taxon), Positive Predictive Value (precision of 
predictions for each taxon), Negative Predictive Value (proportion of correctly 
excluded samples), and Balanced Accuracy (the average of Sensitivity and Specificity 
for each taxon). 
 

Table 5.3: The top 20 features ranked by their importance in the XGBoost model for 
taxa classification. The month from which the feature was derived, the statistical 
metric used (including standard deviation, mean, and median), the spectral band 
number associated with the feature, Gain (the relative contribution of the feature to 
improving the model's accuracy), Cover (the proportion of samples affected by the 
feature during tree splits), and Frequency (the number of times the feature was used 
in spliRing data across all decision trees in the model). 
 

Table 5.4: Summary of linear regression models used to predict biomass components 
(W) (aboveground biomass (AGB) and belowground biomass (BGB)) across five taxa 
(blackthorn, dog rose, hawthorn, oak, and sallow). Each model incorporates predictor 
variables—height (h) and canopy area (A)—as well as interactions with browsing 
condition (x_c) where specified. The models include combinations of main effects and 
interactions, up to a maximum model structure with all possible interaction terms 
(Equation 1). Model performance is evaluated using the coefficient of determination 
(R2), residual sum of squares (RSS), and Akaike Information Criterion (AIC). Taxon 
specific biomass coefficient values (β0 – β7) are displayed, coefficients are ordered 
from the intercept (β0) to the highest-order interaction term, 
“conditionprotected:log_height:log_canopy_area” (β7). NA values indicate terms that 
were not included in the final model for that specific taxon and biomass component. 
The full table of coefficients with Standard Error (SE), T-Value and P-value can be 
found in Table S5.2. 
 

Table 5.5: Summary of total aboveground biomass (AGB) and belowground biomass 
(BGB) for each taxon across 13 hectares, along with their corresponding carbon 
estimates. The table includes total biomass (kg), carbon storage (kg), root-to-shoot 
ratios, and the minimum, maximum, and mean biomass values per individual (kg). 
Additionally, the per-hectare biomass and carbon values for both AGB and BGB are 
presented. 
 



` 

22 
 

Table S5.1: results of multiple linear regression models fiRed to predict above-ground 
biomass (AGB) and below-ground biomass (BGB) for each taxon. Model performance 
is evaluated using R2, Residual Sum of Squares (RSS), and Akaike Information 
Criterion (AIC). The tested models include combinations and interactions of predictor 
variables: log-transformed height, canopy area, and condition. Results are presented 
unfiltered to display the full range of tested models. P-values are excluded from this 
table as uninformative to these model comparisons.  Each of the terms included in the 
various models (column 2) was significant (p < 0.05). 

 

Table S5.2: linear models predicting aboveground biomass (AGB) and belowground 
biomass (BGB) for different taxa using the maximal model: 
Biomass∼condition×log(height)×log(canopy area). Each row represents a model term, 
with corresponding estimates, standard errors and T-values. P-values are excluded 
from this table as uninformative to these model comparisons. Each of the terms 
included in the various models (Table 5.4) was significant (p < 0.05). 
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Chapter 1: Introduction 
 

1.1 Valuing Natural Capital: A Framework for Sustainable Ecosystem 
Management 

 

As we confront the accelerating threats of climate change and biodiversity loss, numerous 

studies are being undertaken to identify a framework that can be applied to natural 

landscapes so that their contributions to human well-being, sustainable economic 

development, and the overall health of the planet can be accurately valued (Arias-Arevalo et 

al., 2023; IUCN, 2022; Sajeva, 2023; Costanza et al., 1997). The concept of natural capital has 

become fundamental to a new way of thinking about the world's stock of finite natural 

resources including geology, soil, air, water, and all living organisms (Costanza et al., 1997; 

Daily, 1997; Millennium Ecosystem Assessment, 2005; IPCC, 2014; IPBES, 2019). It identifies 

and quantifies the provision of ecosystem services, the array of benefits derived by humans 

from natural ecosystems, including provisioning (food, raw materials, fresh water, 

medicines), cultural and health services, and regulating services (natural functions that help 

regulate climate, hydrology, air, and pests and disease) (IPBES, 2019). Carbon storage by trees 

(Zellweger et al., 2022), vegetation and soil is fundamental to climate regulation (Lal et al., 

2021). Quantifying carbon storage under different land management regimes provides crucial 

evidence to support nature-based climate solutions.  

In recent years, a growing emphasis has been placed on the ‘stacking’ of ecosystem services – 

i.e. packaging different services produced from a given piece of land together, sometimes with 

a range of different value and payment mechanisms a;ached to them (Dunklin et al., 2024; 

GOV.UK, 2023) (Figure 1.1). 



 
 

(Díaz et al., 2019, Isaac et al., 2018, Costanza et al., 1997, Daily et al., 2000, Millenium Ecosystem 

Assessment, 2005). Adopting a natural capital framework can contribute to the development 

of policy and market instruments (e.g. subsidies, tradable permits and payments for 

ecosystem services) that internalise the value of ecosystem services, ultimately promoting 

their conservation and sustainable use (Bishop et al., 2010, Barbier, 2011, Johnson et al., 2023) 

(Figure 1.1). In light of these considerations, it is imperative that research continues to identify, 

quantify and value ecosystem services within a natural capital perspective, thereby fostering 

a deeper appreciation of the intrinsic and instrumental value of nature in the pursuit of a more 

sustainable future. 

The importance of ecosystem services is becoming increasingly apparent as habitats and 

natural landscapes face mounting threats (McLellan et al., 2014, Cardinale et al., 2012, 

Vitousek et al., 1997, Foley et al., 2005, Johnson et al., 2023, Costanza, 2020, Bateman and Mace, 

2020). By focusing research efforts on ecosystem services and framing them through a natural 

capital lens, a more holistic and integrated understanding of the value of nature can be 

achieved, enabling more effective decision-making processes and environmental 

management (Pe;orelli et al., 2018, Guerry et al., 2015, Daily et al., 2009, Mandle et al., 2021). 

This approach facilitates the recognition of trade-offs and synergies between various 

ecosystem services (Benne; et al., 2009, Feng et al., 2021), while promoting sustainable land 

use practices and conservation strategies that account for the complex interdependencies 

within ecosystems (Liu et al., 2007, Mace et al., 2012, Jansen, 2023). By contrast, prioritising 

one ecosystem service through financial incentives to the exclusion of others can lead to a 

reduction in ecosystem provision across the board and even to environmental degradation 

and further carbon and biodiversity loss from the system in the long term (Roe et al., 2021; 
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Kelly-Quinn, 2020). This is particularly true in the assessment of carbon stocks. Focusing on 

carbon storage primarily through one single approach such as plantation forestry – i.e. large-

scale manual planting of trees - for example, can adversely affect biodiversity, soil, hydrology 

and other natural processes, which all feed into natural carbon storage long-term (Tudge et 

al., 2023, Aguirre-Gutierrez et al., 2023). Many scholars have therefore argued that it is 

important, to maintain a holistic approach to the nature-based climate solution of carbon 

storage. 

 

 

Figure 1.1: Framework illustrating the flow from natural capital to societal benefits through 
ecosystem services. 
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1.2  Plantation Forestry Bias in Nature-based Solutions to Climate 
Change 
 

Modern forestry was established as a scientific discipline in the late 18th century by a coterie 

of German silviculturists including Johann Heinrich Co;a (1763-1844), founder of the Royal 

Saxon Academy of Forestry. The plantation model they pioneered focused on establishing 

areas of trees exclusively for timber production and the development of techniques for 

artificially propagating and planting saplings close together to grow straight timber (Johan., 

2006). This involved fencing livestock out of forestry plantations, and thus negated the need 

for thorny scrub to act as natural sapling protection. They also established methods to 

calculate the wood mass of individual trees as well as the yield of entire forested regions, 

linking growth rates with economic value (Frangsmyr et al., 2023).  The influence of plantation 

forestry on the global mindset has been profound and produced a bias in favour of manual 

tree planting as the default mechanism for re-establishing trees the world over (Di Sacco et al., 

2021; Johnan., 2006). Consequently, the natural processes of tree colonisation and regeneration 

as happen in the wild or when land is left to its own devices, have largely been forgo;en.  

 

In addition to timber production, plantation forests may be established for other objectives, 

including fuelwood provision, erosion control and flood management (UK Forestry 

Commission, 2022). In recent decades, however, CO2 reduction and climate change mitigation 

have become important drivers (Besar et al. 2020; IPCC, 2013; Zarin et al., 2016). Governments 

frequently pledge to plant millions of trees in order to harness the inherent capacity of trees 

to sequester CO2 through photosynthesis, serving as carbon sinks ((Mada et al., 2022) 

Luyssaert et al., 2008). National commitments and global campaigns such as the Bonn 
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Challenge or the Trillion Tree Campaign serve as significant political statements (Cook-Pa;on 

et al., 2020, Fleischman et al., 2020, Bastin et al., 2019, Holl and Brancalion, 2020, Reid, 2021, 

Skidmore, 2019) and plantation forestry has strongly influenced the emerging carbon market  

(Girardin et al., 2021, Lewis et al., 2019, Ickowiq et al., 2022) (Mada et al., 2022) Luyssaert et 

al., 2008) - a trading system by which companies and individuals can compensate for their 

greenhouse gas emissions (Forster et al., 2021).  

The prominence of plantation forestry in current carbon offse;ing efforts can be explained by 

several factors. Its simplicity enhances comprehension among both the public and 

policymakers, contributing to its widespread acceptance (Holl and Brancalion, 2020, 

Fleischman, 2014, Lewis et al., 2019). The tangible ‘hands-on’ nature of this model serves as a 

symbol of environmental stewardship, further bolstering its appeal in public relations and 

policy domains. Its economic feasibility marks it as a cost-effective approach compared to 

other climate change mitigation strategies, including blue carbon (Johannessen, 2022; 

Macreadie et al., 2021; Taillardat et al., 2018) and technological innovations such as Direct Air 

Carbon Capture and Storage (DACCS) (using chemical bonding to remove CO2 directly from 

the atmosphere storing it underground or elsewhere) (Fawzy et al., 2020) and others 

(Williamson et al., 2012; Kantola et al., 2017; Renforth & Henderson, 2017). Plus, the growth 

and success rates of plantation forestry are relatively easy to predict, unlike natural 

regeneration (i.e. allowing trees to seed and colonise naturally) which, although beneficial - 

as I will discuss shortly - is highly uncertain and challenging to control. Factors such as seed 

dispersal, establishment timing, and survival rates can vary widely when left to natural 

processes, meaning it is often difficult to predict when or if new trees will successfully colonise 

an area (Kim et al., 2022; Marchin & Yuan, 2023). By contrast, plantation forestry operates 
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under controlled conditions, with trees planted, managed and harvested on a predictable 

schedule, offering clear timelines and returns for carbon sequestration (Busch et al., 2024; 

Nichol & Abbas, 2021; Guariguata et al., 2019). The ability to forecast these outcomes makes 

plantations more a;ractive for grant funding and large-scale carbon offset projects, where 

reliable results are prioritised (Randle & Jenkins, 2011). 

However, manual tree planting, particularly at large-scale, also presents significant 

disbenefits which are of increasing concern to environmentalists. Plantation forestry can have 

adverse effects on the natural environment, impacting biodiversity (Veldman et al., 2019, 

Tölgyesi et al., 2022), and may lead to the release of carbon from other stocks (Helm et al., 

2020). Notably, planting non-native species such as Sitka spruce in UK peatlands can result in 

significant carbon release (Smyth, 2023, Sloan et al., 2018). The drive to plant trees can also 

result in the establishment of forestry in regions not naturally forested (Tölgyesi et al., 2022).   

Manually planting trees is also costly both financially (in terms of labour and propagation) 

and in carbon expenditure (in terms of intensive, high-energy propagation systems, transport 

to site, use of on-site herbicides, protective plastic tubing and artificial drainage, etc) – factors 

rarely incorporated into the carbon storage calculations of a plantation (Pacheco et al., 2024). 

In terms of what tree species are planted, forestry plantations tend to be characterised by just 

a few types of tree, sometimes only one species if they are for commercial timber (Wang et al., 

2022) (US EPA (2018), which makes them vulnerable to pests and disease. Since the saplings 

have been propagated artificially in nurseries, without the support of mycorrhizal associations 

available in natural systems, the genetic resilience of the trees themselves is low, making them 

further susceptible to disease and changes in local conditions (Begum et al., 2019; Barto et al., 

2011). Being of a single generation or age class, and packed tight together, plantation trees are 
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also vulnerable to windblow (Forest Research, 2022; MDPI, 2022). All of which undermines 

the ecological balance and health of these hand-made forests (Dietrich et al., 2021, Alexander, 

1999, Alexander, 2012, Ru;en et al., 2021).  

Significantly, too, plantations tend to produce habitats of low biodiversity (Wang et al., 2022). 

The practice of manual planting generally involves clearing from site any other vegetation 

and woody species deemed as competing with the young saplings, including understorey 

shrubs such as hazel (Corylus avellana), dogwood (Cornus sanguinea), box (Buxus sempervirens), 

spindle (Euonymus europaeus), holly (Ilex aquifolium), gorse (Ulex europaeus), and hawthorn 

(Crataegus monogyna) that would once have formed part of the vegetation structure of ancient 

woodland and provided cover and nesting habitat for birds and small mammals (Rackham., 

1986). The plantation forestry model with trees planted close together produces dark, closed-

canopy conditions depriving other flora such as wildflowers and nectar- and berry-producing 

shrubs such as juniper (Juniperus communis), crab apple (Malus sylvestris), rowan (Sorbus 

aucuparia), blackthorn (Prunus spinosa), wild pear (Pyrus pyraster), and dog rose (Rosa canina) 

of the light they require to thrive (Hill et al., 1999; Vera, 2000). In contrast to naturally 

regenerated or open-structured systems with open-grown, light-demanding trees and woody 

shrubs, plantations are therefore generally characterised by a lack of understorey and ground 

flora (Kirby et al., 2017; Vera, 2000). 

Government and private funding for plantation forests and the vested interests of the forestry 

industry has meant that natural regeneration, or ‘colonisation’ as it is also known, is 

undervalued as an ecosystem service (Di Sacco et al., 2021, Merryweather, 2014). Thanks 

largely to the plantation forestry bias, a widespread historical and cultural prejudice against 

understorey shrubs and open scrubland itself, now often considered to be useless ‘wasteland’, 
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has arisen (Randle & Jenkins, 2011). Consequently, thorny scrub is barely tolerated in the 

modern landscape, and these species along with the presence of native herbivores, such as 

deer (Cervidae spp.), hares (Lepus europaeus), rabbits (Oryctolagus cuniculus) and others in the 

UK, is often considered a hindrance to woodland creation due to their negative impact on 

vegetation recruitment (Candaele et al., 2023; Gill, 2006, Tanenqap et al., 2023, Tanenqap and 

Coomes, 2012). 

Recently, though, the rewilding of land – the restoration of ecosystems by enabling natural 

processes to repair degraded landscapes – has gone some way to promoting the value of 

scrubland by demonstrating its importance as a productive habitat for wildlife (Pringle et al. 

2023, Svenning et al., 2024; Svenning, 2020). However, the services provided by scrubland for 

the natural regeneration of trees remain poorly researched and are still considered antithetical 

to the prevailing funding models which rely on quantifiable numbers of trees established and 

predictable outcomes (Mercer & Gregg., 2023; Pe;orelli et al. 2018). This oversight is often 

a;ributed to the perception that natural colonisation of woody vegetation is less efficient in 

establishing trees compared to the plantation forestry model (Holl, 2017). However, this view 

is still waiting to be validated with accurate, field-based data, highlighting a crucial area of 

knowledge that is currently lacking.  

In addition, rewilding has not been seriously considered with regard to carbon sequestration 

(Schmiq et al., 2023; Mercer & Gregg, 2023; Cerqueira et al., 2015). There are standardised 

methods to measure and monitor the carbon stock specifically of a forested system but not of 

a rewilding landscape (Cord et al., 2017, Pe;orelli et al., 2018)Burrell et al., 2024). This scarcity 

of study has led to a degree of scepticism among scientists when evaluating scrubland as an 

option for carbon sequestration and storage (Arts et al., 2016, Bulkens et al., 2016, Lorimer and 
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Driessen, 2014, Tanenqap et al., 2023). In this study, I aim to quantify the carbon storage values 

of woody shrubs and naturally colonising trees in a rewilding scenario, addressing gaps in 

evidence needed to evaluate rewilding as an approach to ecosystem service provision and 

nature-based solutions for climate change. 

 

1.3 Natural Regeneration of Trees and Woody Shrubs in the 
Rewilding Scenario  
 

'Rewilding' – enabling natural processes to repair damaged ecosystems – is a nature 

restoration strategy now being deployed in many countries across the world (Pe;orelli et al., 

2018). It has been specifically lauded for its effective delivery of one particular ecosystem 

service: the creation of habitats for biodiversity (Svenning, 2020, Svenning et al., 2019, Wang 

et al., 2023).  

Allowing vegetation to recover is a key aspect of rewilding. Indeed, until recently, vegetation 

succession was considered the primary natural process or driving force of nature in temperate 

regions of the world (Clements, 1916; Tansley, 1940). The large-scale abandonment of land 

from agricultural production in Europe over recent decades (estimated to be more than 5 

million hectares by 2030) (European Parliament, 2020) has shown how readily afforestation 

can occur, even in remote areas and on marginal land – a process known as ‘passive rewilding’ 

(Broughton, 2021; Martín-Forés, 2020).    

However, the restoration of natural water systems and, in particular, the reintroduction of 

large free-roaming herbivores and missing keystone species have become defining 

characteristics of the rewilding model known as ‘trophic rewilding’ – a model that focusses 
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on the restoration and creation of complex and dynamic habitats as opposed to the more static 

and predictable ecosystem embodied by closed-cover forest (Schmiq et al., 2023; Hall, 2019, 

Garrido et al., 2021, Pe;orelli et al., 2018, Garrido et al., 2019, Apollonio et al., 2010, van Klink 

et al., 2020, Schulze, 2018, Ledger et al., 2022). In large rewilding projects in Europe (and even 

smaller ones, down to 330ha in Kraansvlak, Netherlands) large herbivores such as bison (Bison 

bonasus), water buffalo (Bubalus bubalis), horses (Equus spp.), red deer (Cervus elaphus), pigs 

(Sus spp.), and ca;le (Bos taurus), introduced into the modern landscape as "ecosystem 

engineers" have been shown to drive species recovery (Seddon et al., 2014, Naundrup and 

Svenning, 2015, Ceaușu et al., 2015, Dvorský et al., 2021, Kristensen et al., 2022). This concept 

is primarily based on the premise that, before the late Quaternary mass extinctions of global 

megafauna populations (Stuart, 2015), large herbivores were the drivers behind ecosystem 

function and complexity (Vera, 2000; Levy, 2011; Kurten., 2017;  Martin, 2005), and hence 

species diversity and abundance. The theory contends that their different grazing and 

browsing preferences create openness and dynamism in a landscape, generating habitat 

complexity (Bakker et al., 2016, Kristensen et al., 2022) and species diversity. Even in the 

absence of  many of the large herbivores of the past, surviving species and ‘proxies’ 

(domesticated descendants or close relatives of the original species) have been shown to have 

positive effects for ecosystem recovery (Wang et al., 2023, Bakker et al., 2016, Soulé and Noss, 

1998, Cromsigt et al., 2018). 

The presence of large herbivores on the landscape has been shown to promote a number of 

important ecosystem processes. For example, large herbivores transfer nutrients across the 

landscape by eating in one place and dunging, passing urine, and (if legislation allows) 

eventually dying and decaying in another, affecting the fertility of the soil (Putman et al.., 
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2011). Their role as vectors of seeds (carried in fur, hooves, and gut) increases the complexity 

of the flora (both in number of plant species and vegetation structure) and the distribution of 

plants, thus increasing and sustaining biodiversity (Svenning, 2002, Malhi et al., 2022, Janzen, 

1984, Miller and Coe, 1993). Also, their many physical disturbances through wallowing, 

rootling, rolling, rubbing and trampling, breaking branches and pushing over and de-barking 

trees, adds further dynamism and complexity to the ecosystem, creating myriad niches and 

opportunities for other life forms (Dvorský et al., 2021, Hanberry and Faison, 2023, Bakker et 

al., 2016, Peterken, 1996). Overall, the presence of large herbivores on the landscape has been 

show to create a more open, dynamic and complex mosaic of habitats than presented by the 

kind of static, single age-class forest typified by plantation forestry and even more natural 

areas of closed canopy woodland where these big disturbers are absent. The number of free-

roaming herbivores is key (Tree & Burrell, 2023). Too few, and their repressive effect on 

vegetation succession begins to fail, allowing woody shrubs and trees to dominate, shading 

and crowding out the more open, floristically rich areas. Too many, and vegetation complexity 

and abundance are adversely affected, reducing habitat and sustenance for other species, and 

resulting in a simplified, open grassland system. In the absence of apex predators as a 

controlling influence over herbivore population growth, and in more populated areas of 

Europe where people are unwilling to witness population die-offs through starvation or 

disease as happens in the wild (Kopnina et al., 2019), human management is needed to control 

numbers. This has led to some criticism of rewilding as being ‘managed wilderness’ with 

‘arbitrary standards for wildness’ – i.e.., not as wild and process-led as rewilders claim (Von 

Essen & Allen, 2015; Gammon, 2015).  
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In addition to positives for biodiversity, trophic rewilding has been shown to contribute to the 

enhancement of other ecosystem services, too, demonstrating its value as a holistic land 

management approach that embraces the many aspects of the natural capital perspective. The 

diverse ecosystems that rewilding generates, exhibit more efficient nutrient cycles and greater 

primary productivity, thereby supporting services such as nutrient cycling, soil formation, 

and primary production (Broughton et al., 2021, Ustaoglu and Collier, 2018). Rewilding has 

also been shown to reduce the risk of flooding (Du;on et al., 2018, Laurel and Wohl, 2019, 

Shurin et al., 2020, Harvey and Henshaw, Harvey and Henshaw, 2023), improve ecosystem 

resilience (Malhi et al., 2022, Wang et al., 2023) and increase pollinating insects, dung beetles 

(Garrido et al., 2019, Brompton, 2018, Andriuzzi and Wall, 2018, Howison et al., 2016) and 

insect predators which are vital to the agricultural sector. By providing wild spaces for human 

recreation and enjoyment rewilding can also provide significant benefits to human physical 

and mental health (VanVolkenburg et al., 2022, Kumar et al., 2023).  

Rewilding projects are now also increasingly recognised for their capacity to generate 

scrubland habitats which can serve as a driver of the natural regeneration of trees in the 

landscape—another emerging ecosystem service (Wa;s and Jump, 2022; Tree, 2018). A 

particular feature of rewilding in temperate zone Europe is the emergence of  environments 

abundant with woody shrubs such as bramble (Rubus fruticosus), hawthorn (Crataegus 

monogyna), sallow (Salix spp.), dog rose (Rosa canina), gorse (Ulex europaeus), dogwood (Cornus 

spp.), juniper (Juniperus spp.), holly (Ilex spp.) and blackthorn (Prunus spinosa) - that act as 

effective nurseries for naturally colonising saplings of trees such as oak (Quercus spp.), ash 

(Fraxinus spp.), alder (Alnus spp.) (etc) (Vera, 2000) (Figure 1.2).  
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Historically, scrubland was highly valued, especially during the medieval period (Rackham, 

1986). It was a primary source of essential materials used for food, medicines, tool handles, 

gunpowder, fuel and livestock fodder (Gerard, 1633; Leonti, 2012). Traditionally, thorny scrub 

was also particularly valued for its dual role in protecting naturally regenerating tree saplings 

from herbivory while simultaneously fostering a favourable microclimate for their growth 

(Standish, 1611; Rotherham, 2013; Stewart et al., 2000) (Figure 1.2). The nursery role of 

scrubland has been highlighted by several researchers, who emphasise its importance in 

offering saplings protection from environmental factors such as wind, sun, rain, and frost 

Figure 1.2: A young Quercus robur (oak) sapling, commonly known as a "Vera oak," 
growing within dense scrubland at the Knepp Estate, West Sussex, UK. The 
surrounding hawthorn (Crataegus monogyna) and bramble (Rubus fruticosus) 
protect the sapling from browsing animals (Tree & Burrell, 2019; Vera 200; Hodder et 
al., 2005). 
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(Vera, 2000; Hodder & Bullock, 2009). In addition, it promotes air circulation and moisture 

retention, contributing to pest and disease prevention in developing saplings (Torroba-

Balmori et al., 2015; Dobson & Crawley, 1994). Recent studies also suggest that these nurseries 

may provide nutrients to growing trees through mycorrhizal associations with other woody 

species (Schaffer-Morrison & Zak, 2023; Simard, 2021). Additionally, research by Cavers & 

Co;rell (2014) highlights that genetic diversity within these regenerating environments, 

supported by scrub habitats, enhances resilience against climate change and disease. 

Furthermore, natural regeneration does not involve any of the costs associated with 

propagation and manual planting, it is a comparatively inexpensive way of establishing trees 

and shrubs, and involves zero expenditure of carbon. All of which makes natural regeneration 

in both the passive and trophic rewilding scenarios worth considering as an alternative – or, 

at least, in addition - to the forestry plantation model. Quantifying the carbon storage of 

natural regeneration within the trophic rewilding scenario, which is the specific aim of this 

study, will add important further evidence of the value of this alternative to plantation 

forestry as well as contribute to the total ecosystem services provided by trophic rewilding.  

1.4 Assessing the Carbon Storage Potential of Scrubland in the Trophic Rewilding 
Scenario  
 

Both passive and trophic rewilding are largely overlooked as nature-based solutions for 

carbon storage and climate change mitigation (Schmiq et al., 2023; Cromsigt et al., 2018). The 

lack of empirical studies supporting the carbon storage potential of trophic rewilding, in 

particular, complicates its promotion as a favoured management approach, one that could 

potentially stack together multiple ecosystem services. including the dual roles of biodiversity 

enhancement and carbon storage (Lorimer et al., 2015; Svenning et al., 2016). 
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Carbon storage associated with natural colonisation and rewilding is a complex process (Tree, 

2018; Vera, 2000). A significant factor is the influence of large herbivores on the growth and 

carbon storage of woody plants (Figure 1.3A). For example, Rackham (1998) described a 

wood-pasture landscape in Crete, where oak trees under 2 metres exhibited a "pin cushion" 

appearance. However, once they grew above the herbivore browse line (~2 metres), they 

transitioned into a "conventional" tree form (Figure 1.3B). Similarly, Perkovich and Ward 

(2021) observed that oak (Quercus spp.) adapts to herbivory by reallocating biomass 

belowground. Additionally, Axe et al. (2017) reported increased carbon sequestration in 

hedgerow species when subjected to moderate hedge-trimming. Tree and scrub species also 

display a number of other strategies to act as protection against herbivory, such as promoting 

tannins (Iqbal & Poor, 2024), thorns (Facciolati et al., 2024; Balaji & Jambagi., 2024; Skarpe & 

Hester, 2008; Hanley et al., 2007), growing scar tissue over stripped bark (Shelp et al., 2021) 

and deep incisions, and sprouting new growth from broken stems (Kant et al., 2015), may also 

increase carbon storage levels within the plant (Guo et al., 2023).  
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These findings raise the question of what the carbon content of rewilded ecosystems is, given 

the diverse plant strategies that occur in response to herbivory and other animal disturbances. 

For example, do current methodologies, which rely heavily on plantation-based allometry 

(Conti et al., 2013; Chen et al., 2024) under or overestimate the carbon storage of rewilded 

landscapes?  

Traditional carbon offset models, such as those utilised in standards like the Verified Carbon 

Standard Association (VERRA) and the Gold Standard Foundation, are commonly used to 

estimate the amount of carbon storage within a block of trees on a landscape. These 

methodologies often rely on standardised assumptions about growth rates to calculate carbon 

sequestration potential. For example, VERRA’s methodologies operate on a 5 to 30-year 

Figure 1.3: Herbivores impact oak morphology in Crete's wood-pasture landscapes. Image [A] 
(with the author) shows an oak (Quercus spp.) with a dense "pin cushion" form below the ~2 
m herbivore browse line, while image [B] depicts a more conventional tree form above it 
(Rackham, 1998). 
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growth timeline, while the Gold Standard employs a 20 to 100-year growth timeframe, 

incorporating detailed modelling to account for variability in carbon sequestration (Verra, 

2024; Gold Standard, 2023). 

Similarly, the Woodland Carbon Code (WCC), a widely adopted standard for measuring 

carbon offsets in woodlands, particularly in the UK, uses a 5- to 25-year growth model with 

linear growth assumptions (Woodland Carbon Code, 2019). These frameworks play a vital 

role in quantifying and verifying carbon credits; however, they differ in their approaches to 

modelling, timelines, and assumptions, reflecting the diverse ecological and economic 

contexts in which they are applied. 

Importantly, none of these methods (VERRA, Gold or WCC) have been tested to determine 

whether the slower and more variable growth pa;erns of trees and scrub species on rewilded 

landscapes have a significant impact on the amount of carbon stored both above and below-

ground. What might be assumed is that a model based on metrics predominantly derived 

from plantation forests (Figure 1.4B) will fail to account for the structural complexity and 

unique characteristics of rewilded wood pasture and scrubland landscapes (Figure 1.4A), and 

potentially underestimate their carbon sequestration potential. Further research is therefore 

needed to incorporate more nuanced growth rate calculations and consider the possible 
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implications of the extended maturation periods of rewilded landscapes. This would lead to 

more accurate carbon offset predictions and highlight the broader benefits of rewilded  

 

In particular, the unpredictability of scrub regeneration and tree recruitment needs to be taken 

into consideration,  along with the long-term stability of stored carbon (Tanenqap et al., 2023).  

Finally, the impact of herbivores on recruitment rates of native trees and shrubs in trophic 

rewilding is largely unknown and adds another layer of complexity when assessing how this 

approach compares with plantation forestry as a model for establishing trees for carbon 

capture (Smit et al., 2015; Tanenqap and Coomes, 2012).  

 

 

Figure 1.4: Two different woodlands found at Knepp Wildland, West Sussex. [A] scrubland 
generated by ‘rewilding’; [B] mixed woodland plantation. 
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1.5 The Southern Block of Knepp Wildland as Study Site 
 

The Knepp Estate, comprising 3,500 acres of post-agricultural farmland in the Sussex Weald, 

began rewilding in 2000 (Tree, 2018). Inspired by the work of Dutch ecologist Dr. Frans Vera, 

it became the first large-scale rewilding project in lowland England. Since its inception, the 

Knepp Estate has been closely monitored through scientific studies. 

The 450-hectare Southern Block of Knepp Estate presents particularly useful context for this 

study. Beginning in 2001, the fields were withdrawn piecemeal from arable production over 

a period of five years, allowing thorny scrub to colonise the fields after their last harvest 

(Figure 1.5). With no thick grass cover such as permanent pasture to hold back natural 

colonisation, and only rabbits (Oryctolagus cuniculus) and roe deer (Capreolus capreolus) present 

as browsers, blackthorn (Prunus spinosa), hawthorn (Crataegus monogyna), dog rose (Rosa 

canina), bramble (Rubus fruticosus), oak (Quercus robur), wild service (Sorbus torminalis), birch 

(Betula pendula), crab apple (Malus sylvestris), and hazel (Corylus avellana) germinated 

profusely in the open stubble of the former arable fields (Tree, 2018). A process of vegetation 

succession characteristic of passive rewilding was underway. In 2009, further changes were 

implemented in the Southern Block of Knepp, supported by Higher Level Stewardship 

funding. This included ringfencing the area and introducing large free-roaming herbivores as 

part of an experimental approach to European-style trophic rewilding (Tree, 2018). 

Before 2009, a period of 4–8 years without significant herbivory (other than rabbits 

(Oryctolagus cuniculus) and roe deer (Capreolus capreolus)) allowed the emergent woody shrubs 

and young saplings in the southern block to properly establish. By the time larger 

herbivores—deer (fallow Dama dama and red Cervus elaphus), ca;le (longhorn Bos taurus), 
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ponies (Exmoor Equus ferus caballus), and pigs (Tamworth Sus scrofa domestica)—were 

introduced, this vegetation was sufficiently mature to employ defensive mechanisms to 

survive and ‘fight back’ against herbivory. 

Already, research at Knepp Wildland has suggested that rewilding can store carbon. A recent 

Queen Mary University study using drone mounted LiDAR found that rewilding habitats at 

Knepp probably sequester around 3.3–3.4 tCO₂e/ha/year over in above-ground biomass, a rate 

comparable to new native woodland creation projects (Knepp Wildland Carbon Project, 2024). 

Another study measuring carbon in the soils in the Southern Block estimated that 3.3–4.8 

tCO₂e/ha/year is sequestered in these soils, with a midpoint estimate of 4.05 tCO₂e/ha/year, 

also comparable to rates for woodland establishment (Knepp Wildland Carbon Project, 2024). 

However, these previous data on carbon sequestration in scrub and mixed habitats remain 

limited, as they are based on estimations without detailed on-the-ground field measurements. 

Additionally, they lack insights into changes in the root:shoot ratio caused by browsing 

pressure – an essential factor for accurately estimating below-ground carbon storage. 
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Figure 1.5: Arable reversion to scrubland through natural colonisation in the presence of grazing and browsing large herbivores. A field in the 
Southern Block of the Knepp Estate, Image A was taken in 2001, Image B was taken in 2023. 
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1.6 Thesis Aims and Research Objectives 
 

The aim of this thesis is to investigate the carbon storage potential of scrubland resulting from 

rewilding, to provide a more comprehensive understanding of the multifaceted benefits that 

rewilding may provide. I address the central research question – “What is the carbon storage 

potential of scrubland created by rewilding?” using six interlinked research objectives:  

 

i. Evaluation of whether the current methodologies for estimating carbon storage 

in trees are applicable to scrubland species in a rewilding context. 

ii. Determination of the carbon storage potential of scrubland through destructive 

sampling and the development of above- and below-ground, taxa-specific 

allometric equations of a 25-year-old rewilded landscape. 

iii. Investigation into the impact of browsing on the carbon storage of scrubland 

taxa both above- and below-ground and develop a model to describe this 

impact. 

iv. Quantification of carbon content in above- and below-ground biomass across 

five target scrub taxa, assessing the 50% carbon-to-dry-weight assumption and 

examining the influence of herbivory on carbon content. 

v. Evaluation of the potential for remotely sensing carbon storage in scrubland 

ecosystems by combining UAV RGB imaging with a Structure-from-Motion 

workflow alongside multispectral imaging. 
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vi. Development of a predictive tool to estimate total carbon storage in rewilded 

scrubland by integrating Structure-from-Motion data, multispectral imaging, 

scrub-specific carbon content values and taxa-specific above- and below-

ground carbon models at a landscape scale. 

My thesis describes the outcome of this research and is arranged into five further chapters as 

follows: 

Chapter 2 evaluates the applicability of current allometric-based models for estimating carbon 

storage potential in scrubland ecosystems. Specifically, I compared the output of the i-Tree 

Eco model—a tool commonly used for carbon storage estimation—applied to scrub trees at 

the Knepp Estate, with field data obtained from destructively sampled scrub. The aim was to 

determine whether the i-Tree Eco model’s assumed root:shoot ratio of 0.26 accurately 

represents belowground biomass in scrubland taxa. 

Chapter 3 addresses the knowledge gap identified in Chapter 2 by developing a scrub-taxa-

specific allometric model. A total of 270 individual shrub trees, including roots, were 

destructively sampled across five different scrub taxa. These samples were categorised based 

on exposure to browsing (exposed or protected) and grouped into three distinct size classes. 

The chapter also examines the root and shoot responses to aboveground herbivory and the 

effects of browsing on carbon storage and biomass allocation. Samples within natural thorny 

protection, out of reach of large herbivores, were compared to freestanding samples exposed 

to browsing. This comparison served as a proxy for assessing the impact of browsing on 

carbon storage and biomass allocation in scrub trees. 
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Chapter 4 details the analysis of a subset of 34 out of the 270 destructively sampled trees, 

using elemental analysis by dry combustion to compare the carbon percentage across different 

scrub species and their various tree components. These values were also evaluated against the 

commonly used assumption that "50% of dry biomass is carbon," originally developed for 

mature trees, to determine its applicability to scrub species. 

Chapter 5 describes the development of a UAV-based remote sensing approach, utilising a 

Structure-from-Motion workflow to generate a 3D point cloud of the study site, combined 

with data from a multi-spectral 10-band camera for taxa identification. This method aimed to 

create an accessible and replicable way to correlate aboveground vegetation characteristics, 

such as canopy height and canopy area, with actual biomass measurements (from Chapter 3) 

and carbon content data (from Chapter 4) in taxa-specific scrubland ecosystems. 

Chapter 6 concludes my thesis by discussing the implications of my findings and their 

potential integration into future rewilding and land management schemes. It also addresses 

the critical knowledge gap by providing quantitative data that can be incorporated into a 

natural capital framework.  
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As a clarifying point, pedunculate oaks (Quercus spp.) do not naturally have thorns but 

have been observed to develop thorn-like structures under browsing pressure. This 

characteristic is discussed further within this chapter. 
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2.0 Abstract 
 

 In the context of global climate change mitigation, carbon storage in woody vegetation plays 

a crucial role. Recognising the value of the i-Tree Eco model for carbon storage in urban and 

forestry settings, this study aimed to explore its applicability to rewilded landscapes. Using 

direct measurements from destructively sampled scrub from the Knepp Estate, our goal was 

to determine the model’s suitability to this landscape. Our findings reveal that these methods 

are not appropriate for multi-stemmed trees below browsing height, as we observed no 

significant relationship between stem basal diameter and height. The i-Tree tool's assumption 

of belowground biomass being 26% of aboveground biomass may not be applicable to 

herbivore-influenced landscapes. Additionally, we found that, on average, scrub at Knepp 

had more biomass below the ground than above, with a root:shoot ratio of 1.07, which is more 

than four times the amount predicted by current models using the 0.26 estimate ratio. This 

study underscores the need for novel allometric approaches that consider species-specific 

biomass and the impact of external factors, such as herbivory, on carbon storage. Accurate 

carbon accounting in future rewilding projects is essential for their contribution to both 

biodiversity enhancement and climate change mitigation. While the i-Tree Eco model 

provides valuable insights for many ecosystems, our findings suggest that its applicability 

may be limited in scrubland ecosystems, especially in rewilded landscapes where natural 

processes create semi-stable scrub and open wood pastures. Nonetheless, with suitable 

adjustments or when complemented with other methods, the i-Tree Eco model could be a 

valuable tool for specific scrub or rewilding scenarios. 
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Key words: Allometry, carbon sequestration, climate change mitigation, rewilding, 

scrubland, carbon stocks. 

  

2.1 Introduction 
 

Targeted forestation will be necessary to mitigate greenhouse gas (GHG) emissions in order 

to limit global warming to 1.5°C above preindustrial levels (Bonan, 2008). Young, growing 

woodland can rapidly sequester carbon dioxide (CO2) and may simultaneously provide other 

ecosystem services such as flood hazard mitigation (Bernhardt et al, 2005; Stutter et al, 2012) 

and improved air quality (Bytnerowicz et al, 2007). The default approach in the UK to 

increasing tree cover is via plantations, with mechanical or hand-planting of tree saplings 

(Department for Environment, 2021). The establishment of plantations has been widely 

acknowledged for its significant contribution towards meeting the ever-increasing demand 

for timber and other forest products. Nevertheless, the practice has been accompanied by 

several drawbacks, including the considerable carbon cost associated with artificial 

propagation, transport and planting. In addition, the monoculture nature of plantations, 

dominated by a single or a few species, has been reported to lead to the development of closed-

canopy systems that are notably inadequate for biodiversity conservation. These findings 

have been previously reported by Pereira & Navarro (2012) and have been a subject of 

growing concern in the field of forestry and ecology. 

An alternative approach to tree planting for carbon offsets therefore rising in popularity 

amongst land managers is natural colonisation, particularly associated with the process of 

rewilding (Mikołajczak et al, 2022; Sandom et al, 2019). Natural colonisation, where trees take 
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over naturally from existing seed sources, is considered to be a low cost, low carbon and low 

disease-risk alternative to the artificial system of planting (Di Sacco et al, 2021; Garrido et al, 

2021; Keesstra et al, 2018), with evidence of biodiversity benefits (Biermann & Anderson, 2017; 

Corlett, 2016; Fernández et al, 2017; Jepson, 2016; Keesstra et al, 2018; Rewilding-Britain, 2020). 

The Knepp Estate, situated in southern England, has undergone rewilding efforts since 2001, 

spanning a considerable area of 1,400 ha. This project serves as an exemplary demonstration 

of the capacity of trees to establish rapidly and densely on former arable land, especially in 

the presence of low densities of herbivores such as roe deer (Capreolus capreolus) and rabbits 

(Oryctolagus cuniculus). After establishment, woody plants continue to naturally regenerate 

even when exposed to a much larger population of herbivores, once the thorny scrub is 

established, which serves as a structural defence against browsing (Broughton et al, 2021; 

Navarro & Pereira, 2015). Notably, free-roaming herbivores were introduced to the Knepp 

Estate in 2009 (Tree, 2018), making it one of several rewilding projects in Europe that have 

positively impacted wood-pasture succession, ecosystem function and complexity, leading to 

woodland recovery and enhanced biodiversity (Ceaușu et al, 2015; Naundrup & Svenning, 

2015; Seddon et al, 2014; Vera et al, 2000). 

The benefits of rewilding for biodiversity have been demonstrated in several studies 

(Cerqueira et al, 2015; Hodder et al, 2014; Keesstra et al, 2018; Tree, 2017). However, the 

potential benefits of rewilding for carbon sequestration in scrubland are still unclear. It has 

been argued that planting trees is more efficient at establishing a greater volume of trees than 

natural colonisation (Meli et al, 2017). Additionally, the presence of some herbivores, both 

domestic and wild, has been suggested to hinder vegetation recruitment and prevent the 

creation of woodland (Gill & Fuller, 2007). Nevertheless, ecological research into natural 
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regeneration and rewilding challenges this notion (Tree 2018, Vera 2000). The carbon storage 

potential of scrubland created by rewilding could be significant.  

Given the existing knowledge gaps, the investigation of carbon storage potential in scrubland 

species is of great significance and requires immediate attention. In this context, while 

traditional methods for evaluating carbon storage in various woody species have been 

effective, their applicability to scrubland species remains uncertain. For instance, UK-based 

research, such as work by the Forestry Commission (Matthews & Mackie, 2006) has provided 

valuable insight into best practices in British forestry with detailed methodologies for timber 

measurement. However, further exploration in this specific field is essential to understand the 

full potential of rewilding, as elaborated in the following paragraph. 

The i-Tree Eco model, widely recognised for its value in urban and forestry applications, 

emerges as a potential tool to bridge this gap. Its utility in estimating carbon storage has been 

demonstrated in diverse settings, yet its efficacy for rewilded scrubland remains an open 

question. Our study, therefore, aims to assess the potential use of i-Tree Eco in this context, 

comparing the predicted biomass of five scrub species to their actual measurements. 

The most common approach to estimate carbon storage of different tree species is to use 

allometric equations that predict C content by incorporating variables such as height (h), 

diameter at breast height (dbh), and canopy area of the species (Ngomanda et al, 2014). These 

forest mensuration methods are based on the relationship between biomass of tree 

components and easily measurable independent variables (Brown, 1997; Chave et al, 2005; 

Pati et al, 2022; Vorster et al, 2020). Lookup tables are used to estimate carbon storage of 

different species within a given landscape from these variables. However, these tables focus 

mainly on commonly cultivated forest trees of a specific size, representing only a select 
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number of species. These species then act as surrogates for those not covered, inherently 

limiting the tables’ applicability (Randle & Jenkins, 2011). The Woodland Carbon Code (WCC) 

is a UK-based voluntary standard for woodland creation projects, aiming to certify the 

amount of carbon captured and stored in afforestation and reforestation activities. For 

instance, the WCC defines trees as having a dbh > 7 cm, and anything below this size is 

regarded as "unmeasurable" (Randle and Jenkins, 2011). The exclusion of smaller trees from 

these estimates is mainly because they are assumed to have no timber volume and, hence, 

negligible carbon storage potential in a landscape (Matthews, 2017). This size limitation has 

led to rewilded scrubland being disregarded when measuring carbon storage of woodlands 

using the WCC. This leaves a significant knowledge gap in the potential contribution of these 

scrubland species to carbon sequestration. 

Unlike the WCC, the i-Tree Eco model can be used to estimate carbon storage for smaller 

diameter woody species. i-Tree Eco was developed by the United States Department of 

Agriculture Forest Service to analyse forest structure and composition to generate estimates 

of selected ecosystem services, including carbon sequestration (Nowak, 2019). Although 

developed in the US, the model is applicable on a global scale and incorporates data sets from 

around the world including the UK (i-Tree Eco Manual, 2020). As a result, i-Tree Eco has been 

applied in 130 countries (Nowak et al, 2018). In the UK, there have been more than 20 i-Tree 

Eco projects since 2011 (Raum et al, 2019). In this tool, the gross amount of carbon sequestered 

and stored in a tree, both above- and below-ground, is calculated using allometry-derived 

data from the i-Tree database (Nowak et al, 2008). Compared to other models, i-Tree defines 

a tree as any woody plant with a diameter at breast height (dbh - 1.37 m) greater than or equal 

to 2.54 cm, making it suitable for estimating carbon storage in smaller woody species (i-Tree 
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manual, 2020 ). i-Tree has been used in many studies to assess the ecosystem services provided 

by trees, including their carbon storage capacity, in a variety of settings, such as urban areas, 

private lands and forests (Dale, 2013; Ma et al, 2021; Morani et al, 2014; Qian et al, 2019). The 

lower size threshold of i-Tree makes it applicable to a significant proportion of the scrub found 

at Knepp, which is why we chose to use this method in our study. 

The i-Tree Eco requires input data on tree height and dbh and uses whole-treecarbon 

estimates from the GlobAllomeTree (2017) database as well as other biomass equations 

extracted from scientific literature (Nowak & Crane, 2002; Nowak, 1994) to predict carbon 

sequestration. The i-Tree Eco model then estimates an annual carbon sequestration value by 

associating size and species of tree with age and specific annual growth. The i-Tree Eco model 

has been used to assess the carbon storage potential of woody biomass throughout the UK 

(Hutchings et al, 2012; Monteiro et al, 2019), including by the Forestry Commission (Doick et 

al, 2017; Raum et al, 2019).  Its adaptability and economic conversion have bolstered its 

reputation as a valuable tool for carbon sequestration estimation, particularly in urban 

settings. 

However, as with the WCC, i-Tree Eco does not consider the role of browsing animals and 

their effect on woody plant strategy in terms of structural differences and biomass 

reallocation. Trees have been known to adopt a thorny strategy (Bannister & Watt, 1995; 

Churski et al, 2022) to defend against browsing and to reallocate a larger proportion of 

biomass belowground (Perkovich & Ward, 2021). It is typically assumed, in many models, 

including the i-Tree model, that belowground root biomass is 26% of the amount of 

aboveground stem biomass (Cairns et al., 1997). This estimation is based on height and dbh. 
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Therefore, the standard model of C allocation in trees could significantly underestimate the 

belowground carbon storage potential of rewilded landscapes. 

In this study, we sought to evaluate the suitability of the i-Tree methodology, which has been 

primarily developed based on data from closed-canopy systems, in estimating carbon storage 

in scrubland species where herbivore interactions may play a crucial role. To this end, we 

employed the rewilded Knepp Estate as a model system to investigate the efficacy of this 

standardised approach in capturing the carbon sequestered by scrubland trees. Additionally, 

we performed a preliminary destructive sampling study to test the accuracy of the 0.26 

predictive estimate of below-ground biomass (BGB) in predicting scrub root biomass. By 

shedding light on this crucial aspect of carbon storage, our research emphasises the need for 

a more comprehensive understanding of the intricate relationships between biotic and abiotic 

factors in ecosystem functioning. 

  

2.2 Materials & Methods 
 

2.2.1 Site location 
 

Our study was conducted in the 'Southern Block' of Knepp Estate (50.975781N, 0.344819W), 

West Sussex, UK, covering 445 ha and comprising 59 former arable fields (Figure 2.1). The 

Estate is located in an area where soils are poorly drained and predominantly heavy clay 

(Type 18 SoilScapes – British Geological Survey, n.d.). Since World War II, the Knepp Estate 

operated a mixed farming system, with intensive arable and dairy enterprises (Tree, 2018). 

However, in 2001, farming operations ceased across the estate, and a rewilding project 

modelled on Oostvaardersplassen in the Netherlands was initiated (Vera, 2000). As part of 
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this project, Knepp Estate was divided into three blocks: Northern, Middle and Southern. The 

Southern Block was left fallow between 2001-2006 to allow for natural regeneration, and 

herbivores were introduced in 2009, including old English longhorn cattle (Bos primigenius 

taurus), Exmoor ponies (E. ferus caballus) and fallow deer (Dama dama), as well as Tamworth 

pigs (Sus scrofa domesticus). Red deer (Cervus elaphus) were introduced in 2013. 

 

2.2.2 Stratified sampling 
 

 

The Southern Block has been separated into 12 different landcover types based on the 

vegetation that dominated that area (Table S2.1). Permission was granted for fieldwork by the 

Knepp Castle Estate. We divided the landscape into strata polygons (one stratum per 

landcover class) and randomly selected five polygons for sampling of the scrubland 

vegetation. Within these five landcover classes we randomly designated 18 plots of 0.1 ha for 

data collection (Figure 2.1). Sampling locations within each polygon were randomly generated 

using ArcGIS v 10.6.1 and the "Create Random Points" tool. Areas of scrubland were defined 

as having a predominance of shrubs characterised as woody plants not exceeding 5 meters in 

height if having a single stem, or 8 meters if multi-stemmed, with many shrubs being thorny 

and browsed by animals (Harden, 1990). 
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Figure 2.1: The Southern Block of the Knepp Estate (50.9817° N, 0.3664° W), showing the 5 
landcover classes that were sampled, the green areas denote hedgerows, the black area is the 
Southern Block boundary. The black dots represent the plots that were sampled. 

 

2.2.3 Data collection and analysis 
 

The study was conducted from June to July 2021 to measure scrub trees in a specific area using 

a standardised sampling protocol. For each plot selected, tree species were identified using 

PlantATT (2004) and the Collins Tree Guide (2004). All woody vegetation taller than 40 cm 

was measured and recorded within circular sampling plots of 0.1 ha, and only individuals 

that grew entirely within the plot, including the full extent of branches, were included. 

According to the i-Tree Eco manual (2020) trees with multiple stems branching above the 

ground were treated as the same tree. In these cases, the dbh of up to six stems were to be 

measured separately. When a tree has more than six stems with a dbh >1 inch, the 

measurement height is lowered to 1 ft above the ground, and up to six of the largest stems are 
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to be recorded, disregarding the others. If the pith union is below ground, each stem is 

regarded as an individual tree. For multi-stemmed trees the combined dbh was calculated 

using the following equation: 

"(𝑑𝑏ℎ1" +	𝑑𝑏ℎ2" +	𝑑𝑏ℎ3" +	… )	

  

 The characteristics of each individual, including the number of stems, stem circumference 

(measured in cm) and total height (measured in meters), were recorded. For trees taller than 

3 meters, tree height was measured using a clinometer or a similar instrument, following the 

protocol recommended by i-Tree Eco's field manual (2020) to measure the angle between the 

observer and the top of the tree. 

2.2.4. i-Tree Eco model 
 

To estimate the potential carbon storage of the Southern Block, we utilised the i-Tree Forecast 

Eco v6.0.22. Consistent with the guidelines outlined in the i-Tree Eco manual, we measured 

the diameter at ground level for trees whose diameter we were unable to measure at breast 

height (1.37 m). i-Tree Eco accommodates this adjustment, permitting the measurement to be 

taken at the base when standard dbh cannot be taken. There is no minimum tree height for i-

Tree; instead, the focus is on dbh. This approach ensures that smaller trees will not be 

excluded. 

2.2.5. Preliminary destructive sampling of the scrubland 
 

The validation of i-Tree allometry for scrubland species involved destructive sampling of 

individuals, which encompassed the complete recovery of above- and belowground plant 
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material. This study was carried out over a period of two months, from February to March 

2022. A total of 39 individual trees and/or shrubs were collected from a study site that was 

randomly chosen from four potential sites based on their heterogeneous land cover. 

Permissions limited our access to certain areas, leading to an uneven sample size across 

different species. The sample consisted of 11 oak (Quercus robur), 16 blackthorn (Prunus 

spinosa), 5 dog rose (Rosa canina), 6 hawthorn (Crataegus spp.) and 1 sallow (Salix spp.) The 

study site was selected based on its heterogeneity to ensure that the samples collected were 

representative of the range of scrubland species found within the area. 

The entire plant was removed and separated into crown, stem and root ball. For clarity, the 

stem and crown were differentiated at the live crown base – the point on the main stem where 

the lowest live branch with foliage begins. In the context of the root ball, any section below 

the top 1 cm above the soil was classified as such. 

To standardise the measurement of belowground biomass, an area with a diameter equivalent 

to three times the canopy width down to a depth of 1 meter was dug, following the approach 

used by Picard et al. (2012) and Snowdon et al. (2000). All roots were carefully washed using 

a pressure hose to remove soil, ensuring that the bark remained intact during the process. 

Roots were then categorised based on their diameter: small roots (<2 mm), medium roots (2 

mm< diameter < 10 mm) and large roots (>10 mm). Branches were categorised into small (<4 

cm), medium (4 cm < diameter < 7 cm) and large (>7 cm). 

Following the excavation and preparation, each component – crown, stem and roots - was 

weighed on a digital weighing scale. Their respective lengths (cm) and diameters (cm) were 

measured. The samples were subdivided and dried at 100°C until their weight remained 

constant, which was achieved in all cases after 72 hours. Both aboveground biomass (AGB) 
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and belowground biomass (BGB) weights of these samples were recorded. I-Tree Eco uses a 

root:shoot ratio of 0.26 (Nowak, 2019) to predict belowground biomass. Our objective was to 

evaluate the accuracy of this estimate by directly comparing the measured and estimated 

root:shoot ratios. The measured AGB weight from our samples was used to determine this 

ratio, which was then compared to the actual BGB weights to assess the reliability of the 0.26 

ratio prediction. 

 2.2.6 Statistical analysis 
 

The statistical analysis and graph creation were performed in R Studio version 2022.7.2.576 

(RStudio Team, 2022), with the graphs created using the ggplot2 package (Wickham, 2016) in 

R Studio. The relationship between tree height (m) and diameter at breast height (dbh) (cm) 

was estimated for each species based on the number of stems, after which trees were divided 

into two height categories: those > 2.5 m and <2.5 m; that is, above and below the browse line, 

respectively. This browse line height has been widely accepted by researchers (e.g. Van 

Uytvanck et al. 2010 ). A Shapiro-Wilk Normality test (Crawley, 2012) was conducted to assess 

normality of the data. Due to non-normality in the data, a Spearman’s Rank Correlation was 

used to measure the linear association between the continuous variables. Since preliminary 

results revealed a skewed variation in tree height, we used a Siegel nonparametric linear 

regression analysis with the relationship evaluated on a log-transformed height and a log-

transformed dbh. In view of the considerable sample size for the destructively sampled trees, 

a one-sample t-test was employed to evaluate the root:shoot ratio of the preliminary findings 

against the anticipated value of 0.26 derived from i-Tree, notwithstanding its non-normal 

distribution (Crawley, 2012). 
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2.3 Results 
 

2.3.1 Species composition  
 

In our study, we identified a total of 1580 woody plants, comprising 15 species from 14 

different genera. The most prevalent species in the sample population were Salix spp. (60.0 

%), Prunus spinosa (11.9%), Crataegus spp. (10.1%), followed by Quercus robur (8.3 %), Prunus 

avium (2.7%), Fraxinus excelsior (2.2 %), Acer campestre (1.5%) and Rosa canina (1.1 %) (Table 

2.1). Of the 15 species measured, 8 (16.90% of the total trees) had a genus-related allometric 

equation from the i-Tree database, while only 1 of the 15 species measured (0.13% of total 

sample population) had a species-specific allometric equation (Table 2.1). The i-Tree database 

applied the 'next relevant taxonomic group' coefficient to individual tree species within the 

remaining sample population, which included six different species and accounted for 83.10% 

of the total trees measured. According to the i-Tree Eco manual, when a particular tree species 

does not have a species-level or genus-level equation available, i-Tree Eco selects the next most 

relevant taxonomic group to apply equations to that particular species of tree. 

 

2.3.2 The relationship between tree height (m) and DBH (cm) 
 

We found that the diameter at breast height (dbh) and height (h) of single stem trees above 

the browse line had a moderate positive correlation (n = 415, rho = 0.53, p <0.0001), while single 

stem trees below the browse line had only a weak positive correlation between these two 

variables (n = 558, rho = 0.35, p<0.0001). All trees above the browse line (>2.5 m) with 1 (n = 

415, rho = 0.53, p <0.0001), 2 (n = 83, rho = 0.53, p<0.0001), 3 (n = 82,  rho = 0.57, p<0.0001), 4 (n 
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= 58, rho = 0.57, p<0.0001) or  5 (n = 48, rho = 0.4, p<0.005) stems showed a significant moderate 

positive correlation between dbh and h (Figure 2.2). But with six stems, no significant 

correlation between dbh and h (n = 88, rho = 0.028, p-value>0.05) was present. The correlation 

strength comparatively changed with all species of tree below the browse line (<2.5 m) with 1 

(n = 558, rho = 0.35, p<0.0001),  2 (n = 88, rho = 0.35, p<0.001), 3 (n = 88, rho = 0.33, p<0.01) or 4 

(n = 61, rho = 0.33, p<0.01) stems exhibited a weak positive correlation between h and dbh 

(Figure  2.2), while trees below the browse line with 5 (n= 29, rho = 0.27, p>0.1) or 6 (n = 46, rho 

=0.24, p>0.1) stems had no significant relationship between h and dbh.  
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Table 2.1: The characteristics of different tree species measured in the southern block, along with their corresponding allometric equations for 
estimating biomass using i-Tree Eco. The table includes the number of individuals (n) for each species, as well as the average tree height and 
diameter at breast height (dbh) with their corresponding standard deviations. The final column indicates the closest taxonomic level to 
associate with an i-Tree equation for estimating biomass. Where no associated equation was found, the field was left blank. 

Species total 
Avg. Height 

(m) 
+ SD   

Avg. dbh 
(cm) 

+ SD  closest taxa level i-Tree equations 

Acer campestre 23 10.92 15.9 17.59 7.3 genus 
Y=eA + B * Ln(x) + (C / 2); Y=A+Bx+Cx2+Dx3+Ex4+Fx5+Gx6; 
Y=AxB; Y=A+Bx+Cx2+Dx3+Ex4+Fx5+Gx6 

Alnus spp. 1 10.03 N/A 17.5 N/A genus Y=Ax2 

Betula pendula 4 9.65 19.1 22.15 7.43 genus Y=A+Bx+Cx2+Dx3+Ex4+Fx5; Y=eA + B * Ln(x) + (C / 2) 

Corylus avellana 27 7.49 4.04 12.36 8.69 nothing  

Crataegus spp. 128 2.68 15.3 5.16 6.67 nothing  

Fagus spp. 3 15.72 4.2 22.67 6.59 genus Y=A+Bx+Cx2+Dx3+Ex4+Fx5+Gx6 

Fraxinus excelsior 24 10.98 15.8 11.11 7.32 genus Y=eA + B * Ln(x) + (C / 2) 

Malus sylvestris 3 5.23 3.49 5.61 7.52 unknown  

Pinus sylvestris 2 13.43 16.1 30.2 6.99 species Y=A+Bx+Cx2+Dx3+Ex4+Fx5 

Prunus avium 31 12.01 15.8 19.64 7.33 genus Y=eA + B * Ln(x) + (C / 2) 

Prunus spinosa 90 1.63 15.1 2.65 7.09 genus Y=eA + B * Ln(x) + (C / 2) 

Quercus spp. 89 10.37 15 13.66 7.1 genus Y=(Ax2)+B 

Rosa canina 2 3.37 18.3 1.65 6.09 nothing  

Salix spp. 1151 6.61 15.2 10.49 6.86 family  

Sorbus terminalis 2 8.46 16.4 15.4 6.53 family  

Total 1580 8.57 4.06 13.86 8.09   
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Figure 2.2: the relationship between the log-transformed height and the long diameter 
at breast height (dbh) of trees in the study area, stratified by tree height. The grey line 
represents trees taller than 2.5 m (above the browse line), while the black line 
represents trees shorter than 2.5 m (below the browse line). Panels [A-F] show trees 
with different numbers of stems, with panel [A] showing trees with a single stem, and 
panels [B-F] showing trees with 2, 3, 4, 5, and 6 stems, respectively. The results of the 
Spearman’s rank correlation are displayed as a ρ value with NS denotes a non-
significance of the p-value outcome. 

 

2.3.3 Belowground biomass 
 

The destructively sampled tree results revealed a skewed variation in tree height (min 23.10 

cm, median 59.50 cm, mean 72.70 cm, max 155.50 cm). A Siegel nonparametric linear 

regression analysis showed that tree height was significantly correlated with both 

aboveground biomass (AGB; v value = 496, p < 0.0001) and belowground biomass (BGB; min 



` 

78 
 

10.57 g, median 79.24 g, mean 194.67 g, max 903.83 g; v value = 494, p < 0.0001). However, due 

to the species-specific nature of carbon storage and the lack of species-specific data available 

in i-Tree, we focused our analysis on biomass rather than carbon stock. The significant 

variation in tree species and height, along with a small sample size for each species (oak = 11, 

sallow = 1, hawthorn = 6, dog rose = 5, blackthorn = 16), made it difficult to compare the i-Tree 

predicted carbon stock between species and size. Therefore, instead of comparing carbon 

stock, we focused on comparing the total scrub aboveground biomass (AGB) to the total 

belowground biomass (BGB) and the predicted belowground biomass from i-Tree, which was 

based on the assumed root:shoot ratio of 0.26 (see Table S2.2). 

The i-Tree prediction of BGB ranged from min = 1.59 g to max = 853.57 g, with a median of 

22.77 g and a mean of 89.25 g. These results from the destructive sampling showed that the 

mean root:shoot ratio from 39 trees was 1.07 - significantly greater than the predicted 

root:shoot ratio of 0.26 (t(38) = 5.51, p = 0.0000027, d = 0.871), as determined by a one-sample 

t-test (Figure 2.3A). Destructive sampling of 39 trees yielded higher estimates of BGB than the 

i-Tree predictions, with an average 7% larger proportion of BGB to AGB. All samples had a 

greater belowground biomass than the i-Tree prediction, with individual blackthorn, dog rose 

and hawthorn trees having a greater proportion of belowground biomass to aboveground 

biomass (10%, 35%, and 5%, respectively), while oak and sallow trees had a greater proportion 

of total biomass above the ground (4% and 41%, respectively) (Figure 2.3B).  
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Figure 2.3: A comparison between the i-Tree estimates and the actual values of the 
destructive samples. Panel [A] exhibits the root:shoot ratio of the destructive samples, 
with n = 39. The solid line illustrates the i-Tree Eco predicted root:shoot ratio, which 
was 0.26, while the dotted line depicts the sample mean root:shoot ratio, which was 
1.07. Panel [B] displays a comparison of the total belowground fresh weight (BGB, 
black bars) to the i-Tree prediction of belowground biomass (BGB, grey bars) for five 
different species. The number of samples (n) for each species is provided in 
parentheses: blackthorn (Prunus spinosa, n = 16), dog rose (Rosa canina, n = 5), 
hawthorn (Crataegus spp., n = 6), oak (Quercus spp., n = 11), and sallow (Salix spp., n 
= 1). 

 

2.4 Discussion  
 

This study highlights the importance of species-specific allometric equations in ensuring 

reliable biomass estimation. We evaluated the use of i-Tree to estimate the biomass of 

scrubland species by comparing field-based measurements with the output generated by this 
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approach. While i-Tree has species-specific data for Pinus sylvestris, eliminating the need for a 

proxy, it lacked such specific equations for all the other tree species in our study. For eight of 

the species, genus-related equations had to be employed, and the remaining six species were 

absent entirely from the i-Tree database. 

The use of generalised allometric equations can lead to inaccurate biomass estimates as they 

fail to account for species-specific variations that arise from environmental pressures and 

plant phenotypes. Our study presents a weak allometric relationship (Figure 2.2), which 

aligns with prior research, suggesting that species-specific equations offer better accuracy 

than genus-specific ones (Nogueira, 2018; Zhu, 2016). Indeed, several studies have 

emphasised the importance of applying species-specific allometry for trees that have unique 

growth forms and are poorly represented in the literature (Abich et al, 2019; Basuki et al, 2009; 

Chave et al, 2014; Ketterings et al, 2001; Litton & Boone Kauffman, 2008). As a result, the use 

of generalised allometric equations may underestimate the true biomass of certain species. 

Therefore, developing species-specific allometric equations is crucial for accurately estimating 

biomass and carbon stocks. 

 In utilizing the i-Tree model for estimating scrubland tree biomass, tree height poses a 

challenge. The i-Tree model necessitates measuring the diameter at breast height (dbh) at 

approximately 1.37 m aboveground, although it defines a tree as woody vegetation > 30.50 cm 

(height) and > 1.0 cm (dbh) in the i-Tree Field Guide (2021). Our study revealed that 42.53% 

tree sample population had heights less than 1.37 m, with an average height of 0.70 m (+0.22 

SD). The i-Tree Eco manual proposes alternative techniques like dendrometers or laser 

rangefinders to estimate dbh for smaller trees but cautions that they may introduce some 

error. When dbh measurement is not feasible, the manual suggests using other metrics, such 
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as tree height, crown dimensions or default biomass values for various tree species (i-Tree 

Field Guide, 2021). Since we could not measure dbh, we assessed the diameter at the base, 

which might lead to an overestimation of aboveground biomass, even though the i-Tree tool 

can adjust the diameter measurement point. 

  

2.4.1 Allometric equations used to determine aboveground carbon storage 
 

The i-Tree model utilises a correlation between diameter at breast height (dbh) and height to 

estimate aboveground biomass (Cifuentes Jara et al, 2015; Paul et al, 2016). Our study suggests 

that woodland trees do not exhibit the same linear dbh/height relationship as rewilded 

scrubland trees (Figure 2.2). The moderate positive correlation between dbh and h observed 

in single-stemmed trees above the browse line could be attributed to the absence of herbivore 

pressure, allowing for more efficient resource allocation to vertical growth and, thus, a 

positive allometric relationship (Mayer, 2017). However, the weaker positive correlation 

between dbh and h in single-stem trees below the browse line suggests a different growth 

pattern, with less efficient resource allocation to vertical growth and more to defence against 

herbivores or pathogens. The absence of a strong significant correlation between dbh and h in 

woodland trees below the browse line indicates a possible change in growth patterns. Unlike 

blackthorn and hawthorn which have a naturally thorny strategy, oak trees do not naturally 

grow thorns. However, they have been known to exhibit thorny traits when subjected to 

herbivore pressures - similar to that of oak savannas reported in Grove and Rackham (2001). 

The trees produce thorns and allocate tissue to defend against browsing (Perkovich et al, 

2021), leading to a population of smaller trees below 2.5 meters until browsing pressure is 
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limited or defence mechanisms allow growth above the browse line (Vera 2000). The medium-

sized trees (15-30 cm dbh) that comprised 90.81% of scrubland species in the Southern Block 

(Fig. 4) may be a result of the adaptation of the tree to browsing pressure, which Grove and 

Rackham (2001) suggest can take time to mature into a large-sized woodland. The eight-year 

delay in introducing livestock could have altered the dynamics of natural regeneration and 

succession, leading to different biomass accumulation patterns in trees established before, 

versus after, the livestock's arrival. Our study emphasises the importance of understanding 

growth patterns in response to herbivore pressure and highlights the need for accurate models 

to predict carbon storage potential in woodland ecosystems. Further investigations are 

required to confirm these findings and develop allometric relations for smaller woody plants 

to better comprehend their carbon storage potential. 

 

2.4.2 Belowground carbon storage  
 

Estimating belowground biomass (BGB) of trees is challenging, as it requires excavation of a 

much larger area than is typically feasible. In our study, BGB measurements were restricted 

to three times the canopy area of the tree, despite the root structures often extending beyond 

this boundary, leading to probable underestimation of BGB. Nevertheless, our preliminary 

results indicate a larger proportion of BGB than aboveground biomass (AGB), with a 

root:shoot ratio of 1.07. This ratio is higher than those reported for scrubland (0.32) by Mokany 

et al. (2006), and temperate hedgerows (0.94) by Axe et al. (2017). However, the large variation 

in root:shoot ratio within shrubland highlights the need for more extensive, species-specific 

studies to accurately assess the BGB of this ecosystem. Improving our understanding of 
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belowground biomass allocation is important for predicting ecosystem carbon storage and 

cycling, as well as for management and conservation of woodland ecosystems. 

The higher root:shoot ratio observed in our preliminary results may be attributed to the 

smaller size of trees, as this ratio typically decreases with an increase in shoot biomass 

(Mokany et al., 2006). Environmental pressures such as herbivory may also play a role, as 

recent studies have shown that aboveground herbivory can stimulate the reallocation of non-

structural carbohydrates to root storage in oak (Quercus spp.) trees (Orians et al, 2011; 

Perkovich & Ward, 2021). A more extensive dataset is needed to understand how these factors 

influence the root:shoot ratio of shrubland ecosystems. 

  

2.5 Conclusion  
 

This research evaluated the applicability of the i-Tree approach for estimating biomass and 

carbon storage of scrubland species within the rewilded Knepp Estate. While the i-Tree model 

has been effective in closed-canopy systems and urban treescapes, its limitations become 

evident in herbivore-driven landscapes. 

Despite its widespread use in the industry, our findings demonstrate that this approach is 

inadequate for accounting for the complexity of aboveground woody plant attributes such as 

number of stems and belowground biomass, which can be influenced by herbivory. This 

study presents the first allometry-derived field inventory of scrubland for a rewilded 

landscape, highlighting the need to revise carbon lookup tables in standard models such as i-

Tree to include species-specific biomass from destructive samples and a revised sampling 

protocol. We found that biomass allocation patterns vary depending on the external pressures 
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of the woody plant, with no evidence of a relationship between height and dbh for scrubland 

species below 2.5 m. Thus, existing carbon lookup tables for woodland species growing in 

forestry conditions cannot be applied to scrubland species using industry-standard methods 

such as i-Tree Eco. 

Our results suggest that landscape-scale rewilding projects can have potential contributions 

to both biodiversity gains and climate change mitigation. A more comprehensive biomass 

inventory study is needed to accurately account for carbon storage potential in future 

'rewilding' projects. This knowledge gap has been identified previously by Ockendon et al. 

(2018). Our results underscore the necessity for an updated carbon accounting method in 

rewilded landscapes and offer a foundation for subsequent investigations. 

 

2.5.1 Acknowledgements 
 

I am grateful to Operation Wallacea for supporting this work as part of its Wildlife Research 

Programme. 

2.5.2 Peer review 

The peer review history for this article is available at 

https://www.webofscience.com/api/gateway/wos/peer-review/10. 1002/ 2688-8319.12301. 

2.5.3 Date availability statement  

All data supporting the findings of this study are openly available inmthe Dryad Digital 

Repository, as detailed in Burrell et al. (2023). This dataset includes comprehensive 

measurements of the height and dbh of scrubland vegetation at Knepp Estate, along with the 

above- and below-ground weights obtained from destructive sampling. 



` 

85 
 

2.6 Reference List   
 

Abich, A., Mucheye, T., Tebikew, M., Gebremariam, Y. & Alemu, A. (2019) Species-specific 
allometric equations for improving aboveground biomass estimates of dry deciduous 
woodland ecosystems. Journal of Forestry Research, 30(5), 1619-1632. 

Axe, M. S., Grange, I. D. & Conway, J. S. (2017) Carbon storage in hedge biomass—A case 
study of actively managed hedges in England. Agriculture, Ecosystems & Environment, 250, 81-
88. 

Bannister, N. R. & Watt, T. A. (1995) Effects of Cutting on the Growth of Crataegus 
monogyna(Hawthorn) in Hedges. Journal of Environmental Management, 45(4), 395-410. 

Basuki, T., Van Laake, P., Skidmore, A., Hussin, Y. J. F. e. & management (2009) Allometric 
equations for estimating the above-ground biomass in tropical lowland Dipterocarp forests, 
257(8), 1684-1694. 

Bernhardt, E. S., Palmer, M. A., Allan, J. D., Alexander, G., Barnas, K., Brooks, S., Carr, J., 
Clayton, S., Dahm, C., Follstad-Shah, J., Galat, D., Gloss, S., Goodwin, P., Hart, D., Hassett, B., 
Jenkinson, R., Katz, S., Kondolf, G. M., Lake, P. S., Lave, R., Meyer, J. L., O'Donnell, T. K., 
Pagano, L., Powell, B. & Sudduth, O. (2005) Synthesizing U.S. river restoration efforts. Science, 
308(5722), 636-637. 

Biermann, C. & Anderson, R. M. (2017) Conservation, biopolitics, and the governance of life 
and death, 11(10), e12329. 

Bonan, G. B. J. s. (2008) Forests and climate change: forcings, feedbacks, and the climate 
benefits of forests, 320(5882), 1444-1449. 

Broughton, R. K., Bullock, J. M., George, C., Hill, R. A., Hinsley, S. A., Maziarz, M., Melin, M., 
Mountford, J. O., Sparks, T. H. & Pywell, R. F. (2021) Long-term woodland restoration on 
lowland farmland through passive rewilding. Plos one, 16(6), e0252466. 

Brown, S. (1997) stimating Biomass and Biomass Change of Tropical Forests: A Primer. Food 
and Agriculture Organization of the United Nations, 134. 

 Burrell, N., Jeffers, E., Macias-Fauria, M., & Willis, K. (2023). Data from: The inadequacy of 
current carbon storage assessment methods for rewilding: A Knepp Estate case study. Dryad 
Digital Repository https://doi.org/10.5061/dryad.76hdr7t3 

Bytnerowicz, A., Omasa, K. & Paoletti, E. (2007) Integrated effects of air pollution and climate 
change on forests: A northern hemisphere perspective. Environmental Pollution, 147(3), 438-
445. 

Ceaușu, S., Hofmann, M., Navarro, L. M., Carver, S., Verburg, P. H. & Pereira, H. M. J. C. B. 
(2015) Mapping opportunities and challenges for rewilding in Europe, 29(4), 1017-1027. 

Centre for Ecology and Hydrology (2004). PLANTATT - Attributes of British and Irish Plants - 
Spreadsheet. Huntingdon: Centre for Ecology and Hydrology. 

Cerqueira, Y., Navarro, L. M., Maes, J., Marta-Pedroso, C., Pradinho Honrado, J. & Pereira, H. 
M. (2015) Ecosystem Services: The Opportunities of Rewilding in Europe, in Pereira, H. M. & 

https://doi.org/10.5061/dryad.76hdr7t3


` 

86 
 

Navarro, L. M. (eds), Rewilding European Landscapes. Cham: Springer International Publishing, 
47-64. 

Chave, J., Andalo, C., Brown, S., Cairns, M. A., Chambers, J. Q., Eamus, D., Fölster, H., 
Fromard, F., Higuchi, N. & Kira, T. J. O. (2005) Tree allometry and improved estimation of 
carbon stocks and balance in tropical forests, 145, 87-99. 

Chave, J., Réjou-Méchain, M., Búrquez, A., Chidumayo, E., Colgan, M. S., Delitti, W. B., 
Duque, A., Eid, T., Fearnside, P. M. & Goodman, R. C. J. G. c. b. (2014) Improved allometric 
models to estimate the aboveground biomass of tropical trees, 20(10), 3177-3190. 

Churski, M., Charles-Dominique, T., Bubnicki, J. W., Jędrzejewska, B., Kuijper, D. P. & 
Cromsigt, J. P. (2022) Herbivore-induced branching increases sapling survival in temperate 
forest canopy gaps. Journal of Ecology. 

Cifuentes Jara, M., Henry, M., Réjou-Méchain, M., Wayson, C., Zapata-Cuartas, M., Piotto, D., 
Alice Guier, F., Castañeda Lombis, H., Castellanos López, E., Cuenca Lara, R., Cueva Rojas, 
K., Del Águila Pasquel, J., Duque Montoya, Á., Fernández Vega, J., Jiménez Galo, A., López, 
O. R., Marklund, L. G., Michel Fuentes, J. M., Milla, F., Návar Chaidez, J. J., Ortiz Malavassi, 
E., Pérez, J., Ramírez Zea, C., Rangel García, L., Rubilar Pons, R., Saint-André, L., Sanquetta, 
C., Scott, C. & Westfall, J. (2015) Guidelines for documenting and reporting tree allometric 
equations. Annals of Forest Science, 72(6), 763-768. 

Corlett, T. R. (2016) Restoration, Reintroduction, and Rewilding in a Changing World. Trends 
in Ecology & Evolution, 31(6), 453-462. 

Crawley, M. J. (2012) The R Book. Wiley. 

Dale, M. J. J. U. m. (2013) Evaluation of methods for quantifying carbon storage of urban trees 
in New Zealand. 

Department for Environment, F. R. A. (2021) The England Trees Action Plan 2021-2024.  UK: 

Di Sacco, A., Hardwick, K. A., Blakesley, D., Brancalion, P. H. S., Breman, E., Cecilio Rebola, 
L., Chomba, S., Dixon, K., Elliott, S., Ruyonga, G., Shaw, K., Smith, P., Smith, R. J. & Antonelli, 
A. (2021) Ten golden rules for reforestation to optimize carbon sequestration, biodiversity 
recovery and livelihood benefits. Global Change Biology, 27(7), 1328-1348. 

Doick, K., Handley, P., Ashwood, F., Monteiro, M. V., Frediani, K. & Rogers, K. (2017) Valuing 
Edinburgh’s Urban Trees: An update to the 2011 i-Tree Eco survey-a report of Edinburgh City 
Council and Forestry Commission Scotland. Forest Research, Farnham. 

Fernández, N., Navarro, L. M. & Pereira, H. M. (2017) Rewilding: A Call for Boosting 
Ecological Complexity in Conservation. Conservation Letters, 10(3), 276-278. 

Garrido, P., Edenius, L., Mikusiński, G., Skarin, A., Jansson, A. & Thulin, C. G. (2021) 
Experimental rewilding may restore abandoned wood-pastures if policy allows. Ambio, 50(1), 
101-112. 

Gill, R. M. & Fuller, R. J. J. I. (2007) The effects of deer browsing on woodland structure and 
songbirds in lowland Britain, 149, 119-127. 



` 

87 
 

Globallometree (2017) Globallometree: Assessing volume, biomass and carbon stocks of trees and 
forests, 2017. Available online: http://www.globallometree.org/ [Accessed February 2023]. 

Grove, A. T. & Rackham, O. (2001). The Nature of Mediterranean Europe. An Ecological History. 

Harden, G. J. (1990) Flora of New South Wales, 4UNSW Press. 

Hodder, K. H., Newton, A. C., Cantarello, E. & Perrella, L. (2014) Does landscape-scale 
conservation management enhance the provision of ecosystem services? International Journal 
of Biodiversity Science, Ecosystem Services & Management, 10(1), 71-83. 

Hutchings, T., Lawrence, V. & Brunt, A. (2012) Estimating the ecosystem services value of 
Edinburgh’s trees. The Research Agency of Forest Commission, 45. 

i-Tree (2021) i-Tree Eco User's Manual, 2021. Available 
online: https://www.itreetools.org/documents/275/EcoV6_UsersManual.2021.09.22.pdf [Acce
ssed March 2023]. 

Jepson, P. J. E. (2016) A rewilding agenda for Europe: creating a network of experimental 
reserves, 39(2). 

Johnson, O. (2004) Collins tree guide Harper Collins Publishers. 

Keesstra, S., Nunes, J., Novara, A., Finger, D., Avelar, D., Kalantari, Z. & Cerdà, A. (2018) The 
superior effect of nature based solutions in land management for enhancing ecosystem 
services. Science of the Total Environment, 610-611, 997-1009. 

Ketterings, Q. M., Coe, R., van Noordwijk, M., Palm, C. A. J. F. E. & management (2001) 
Reducing uncertainty in the use of allometric biomass equations for predicting above-ground 
tree biomass in mixed secondary forests, 146(1-3), 199-209. 

Litton, C. M. & Boone Kauffman, J. J. B. (2008) Allometric models for predicting aboveground 
biomass in two widespread woody plants in Hawaii, 40(3), 313-320. 

Ma, J., Li, X., Baoquan, J., Liu, X., Li, T., Zhang, W., Liu, W. J. U. F. & Greening, U. (2021) 
Spatial variation analysis of urban forest vegetation carbon storage and sequestration in built-
up areas of Beijing based on i-Tree Eco and Kriging, 66, 127413. 

Manual, i.-T. (2020) US Forest Service. i-Tree Eco User's Manual v.6.0. 

Matthews, R. (2017) 11. Forest carbon and biomass policy. Forest Research Impact Case Studies, 
85. 

Matthews, R. W. & Mackie, E. D. (2006) Forest mensuration: a handbook for practitioners Forestry 
Commission. 

Mayer, S., Smith, J., & Johnson, R (2017) Effects of Grazing Pressure on the Allometric 
Relationship between Diameter at Breat Height and Height in Trees: A study on Trees 
growing Without Grazing Pressure. Forest Ecology and Management, 389, 198-204. 

Meli, P., Holl, K. D., Rey Benayas, J. M., Jones, H. P., Jones, P. C., Montoya, D. & Moreno 
Mateos, D. J. P. o. (2017) A global review of past land use, climate, and active vs. passive 
restoration effects on forest recovery, 12(2), e0171368. 

http://www.globallometree.org/
https://www.itreetools.org/documents/275/EcoV6_UsersManual.2021.09.22.pdf


` 

88 
 

Mikołajczak, K. M., Jones, N., Sandom, C. J., Wynne-Jones, S., Beardsall, A., Burgelman, S., 
Ellam, L., Wheeler, H. C. J. P. & Nature (2022) Rewilding—The farmers’ perspective. 
Perceptions and attitudinal support for rewilding among the English farming community, 
4(6), 1435-1449. 

Mokany, K., Raison, R. J. & Prokushkin, A. S. J. G. c. b. (2006) Critical analysis of root: shoot 
ratios in terrestrial biomes, 12(1), 84-96. 

Monteiro, M. V., Handley, P. & Doick, K. J. (2019) An insight to the current state and 
sustainability of urban forests across Great Britain based on i-Tree Eco surveys. Forestry: An 
International Journal of Forest Research, 93(1), 107-123. 

Morani, A., Nowak, D., Hirabayashi, S., Guidolotti, G., Medori, M., Muzzini, V., Fares, S., 
Mugnozza, G. S. & Calfapietra, C. J. E. P. (2014) Comparing i-Tree modeled ozone deposition 
with field measurements in a periurban Mediterranean forest, 195, 202-209. 

Naundrup, P. J. & Svenning, J.-C. J. P. o. (2015) A geographic assessment of the global scope 
for rewilding with wild-living horses (Equus ferus), 10(7), e0132359. 

Navarro, L. M. & Pereira, H. M. (2015) Rewilding abandoned landscapes in Europe, Rewilding 
European LandscapesSpringer International Publishing Cham, 3-23. 

Ngomanda, A., Obiang, N. L. E., Lebamba, J., Mavouroulou, Q. M., Gomat, H., Mankou, G. 
S., Loumeto, J., Iponga, D. M., Ditsouga, F. K., Koumba, R. Z. J. F. E. & Management (2014) 
Site-specific versus pantropical allometric equations: which option to estimate the biomass of 
a moist central African forest?, 312, 1-9. 

Nogueira, E. M. e. a. (2018) Genus- and species-specific allometric equations for estimating 
aboveground biomass in a tropical moist forest in Brazil. Journal of Forestry Research, 29(1), 261-
269. 

Nowak, D. J. & Crane, D. E. J. E. p. (2002) Carbon storage and sequestration by urban trees in 
the USA, 116(3), 381-389. 

Nowak, D. J. (2019) Understanding i-Tree: Summary of programs and methods. Understanding 
I-Tree: Summary of Programs and Methods. 

Nowak, D. J. J. C. s. U. F. E. R. o. t. C. U. F. C. P. (1994) Atmospheric carbon dioxide reduction 
by Chicago’s urban forest, 83-94. 

Nowak, D. J., Crane, D. E., Stevens, J. C., Hoehn, R. E., Walton, J. T. & Bond, J. (2008) A ground-
based method of assessing urban forest structure and ecosystem services. Arboriculture and 
Urban Forestry, 34(6), 347-358. 

Nowak, D. J., Maco, S. & Binkley, M. J. A. C. (2018) i-Tree: Global tools to assess tree benefits 
and risks to improve forest management, 51(4), 10-13. 

Ockendon, N., Thomas, D. H. L., Cortina, J., Adams, W. M., Aykroyd, T., Barov, B., Boitani, 
L., Bonn, A., Branquinho, C., Brombacher, M., Burrell, C., Carver, S., Crick, H. Q. P., Duguy, 
B., Everett, S., Fokkens, B., Fuller, R. J., Gibbons, D. W., Gokhelashvili, R., Griffin, C., Halley, 
D. J., Hotham, P., Hughes, F. M. R., Karamanlidis, A. A., McOwen, C. J., Miles, L., Mitchell, 
R., Rands, M. R. W., Roberts, J., Sandom, C. J., Spencer, J. W., ten Broeke, E., Tew, E. R., 
Thomas, C. D., Timoshyna, A., Unsworth, R. K. F., Warrington, S. & Sutherland, W. J. (2018) 



` 

89 
 

One hundred priority questions for landscape restoration in Europe. Biological Conservation, 
221, 198-208. 

Orians, C. M., Thorn, A. & Gómez, S. (2011) Herbivore-induced resource sequestration in 
plants: why bother? Oecologia, 167(1), 1-9. 

Pati, P. K., Kaushik, P., Khan, M., Khare, P. J. T., Forests & People (2022) Allometric equations 
for biomass and carbon stock estimation of small diameter woody species from tropical dry 
deciduous forests: Support to REDD+, 9, 100289. 

Paul, K. I., Roxburgh, S. H., Chave, J., England, J. R., Zerihun, A., Specht, A., Lewis, T., Bennett, 
L. T., Baker, T. G., Adams, M. A., Huxtable, D., Montagu, K. D., Falster, D. S., Feller, M., 
Sochacki, S., Ritson, P., Bastin, G., Bartle, J., Wildy, D., Hobbs, T., Larmour, J., Waterworth, R., 
Stewart, H. T. L., Jonson, J., Forrester, D. I., Applegate, G., Mendham, D., Bradford, M., 
O'Grady, A., Green, D., Sudmeyer, R., Rance, S. J., Turner, J., Barton, C., Wenk, E. H., Grove, 
T., Attiwill, P. M., Pinkard, E., Butler, D., Brooksbank, K., Spencer, B., Snowdon, P., O'Brien, 
N., Battaglia, M., Cameron, D. M., Hamilton, S., McAuthur, G. & Sinclair, J. (2016) Testing the 
generality of above-ground biomass allometry across plant functional types at the continent 
scale. Global Change Biology, 22(6), 2106-2124. 

Pereira, H. M., Navarro, L. M., Martins, I. S. J. A. R. o. E. & Resources (2012) Global biodiversity 
change: the bad, the good, and the unknown, 37, 25-50. 

Perkovich, C. & Ward, D. (2021) Aboveground herbivory causes belowground changes in 
twelve oak Quercus species: a phylogenetic analysis of root biomass and non-structural 
carbohydrate storage. Oikos, 130(10), 1797-1812. 

Perkovich, C., Ward, D. J. E. & Evolution (2021) Herbivore-induced defenses are not under 
phylogenetic constraints in the genus Quercus (oak): Phylogenetic patterns of growth, 
defense, and storage, 11(10), 5187-5203. 

Picard, N., Saint-André, L. & Henry, M. (2012) Manual for building tree volume and biomass 
allometric equations: from field measurement to prediction. Manual for Building Tree Volume 
and Biomass Allometric Equations: From Field Measurement to Prediction. 

Qian, W., Zhang, Z. & Ping, W. J. J. o. L. R. (2019) An Assessment of Ecosystem Services of 
Urban Green Spaces Based on i-Tree, 11(1). 

Randle, T. & Jenkins, T. (2011) The construction of lookup tables for estimating changes in 
carbon stocks in forestry projects. A background document for users of the Forestry Commissions’s 
Woodland Carbon Code. 

Raum, S., Hand, K., Hall, C., Edwards, D., O'brien, L., Doick, K. J. L. & Planning, U. (2019) 
Achieving impact from ecosystem assessment and valuation of urban greenspace: The case of 
i-Tree Eco in Great Britain, 190, 103590. 

Rewilding-Britain (2020) Reforesting Britain - Why natural regeneration should be our default 
approach to woodland expansion. 

Sandom, C., Wynne-Jones, S., Pettorelli, N., Durant, S. & Du Toit, J. J. R. (2019) Rewilding a 
country: Britain as a study case, 222-247. 



` 

90 
 

Seddon, P. J., Griffiths, C. J., Soorae, P. S. & Armstrong, D. P. J. S. (2014) Reversing defaunation: 
restoring species in a changing world, 345(6195), 406-412. 

Snowdon, P., Eamus, D., Gibbons, P., Khanna, P., Keith, H., Raison, J. & Kirschbaum, M. (2000) 
Synthesis of allometrics, review of root biomass and design of future woody biomass 
sampling strategies. Synthesis of Allometrics, Review of Root Biomass and Design of Future Woody 
Biomass Sampling Strategies. 

Stutter, M. I., Chardon, W. J. & Kronvang, B. (2012) Riparian buffer strips as a multifunctional 
management tool in agricultural landscapes: Introduction. Journal of Environmental Quality, 
41(2), 297-303. 

Team, R. (2022) RStudio: Integrated Development Environment for R. Boston, MA. Available 
online: http://www.rstudio.com/ [Accessed January 2023]. 

Tree, I. (2017) The Knepp wildland project. Biodiversity, 18(4), 206-209. 

Tree, I. (2018) Wilding: The return of nature to a British farmPan Macmillan. 

Van Uytvanck, J., Van Noyen, A., Milotic, T., Decleer, K. & Hoffmann, M. J. J. f. N. C. (2010) 
Woodland regeneration on grazed former arable land: A question of tolerance, defence or 
protection?, 18(3), 206-214. 

Vera, F. J. T. l. c. A., flanders, s. i. & the Netherlads (2000) Giving the land back to nature: 
Nature development in the Netherlands. 

Vorster, A. G., Evangelista, P. H., Stovall, A. E., Ex, S. J. C. B. & Management (2020) Variability 
and uncertainty in forest biomass estimates from the tree to landscape scale: the role of 
allometric equations, 15, 1-20. 

Wickham, H. (2016) ggplot2: Elegant Graphics for Data AnalysisSpringer-Verlag New York. 

Zhu, Q. e. a. (2016) Comparison of genus- and species-specific allometric equations for 
estimating aboveground biomass of subtropical trees. Forest Ecology and Management, 361, 411-
421. 

  

  

2.7 Supplementary Materials 

 

Table S2.1: Landcover classes observed in the Southern Block of the Knepp 
rewilding project in 2021, illustrating the vegetation cover that has emerged due to 
the rewilding efforts. Classes chosen for i-Tree sampling are marked with asterisks. 

Sallow Dominated* Closed canopy sallow (Salix sp.) 

Open Sallow 

Scrubland* 

Open grown sallow (Salix sp.) 

http://www.rstudio.com/
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Browsed Sallow* CaRle, ponies, and deer browse the sallow (Salix sp.) as a result 

the height is kept at browse height (<2.5 m). Sallow (Salix sp.) 

dominates this landscape. 

Bramble Arable reversion or grassland with patches of bramble (Rubus 

fruticosus). Dominated by bramble (>50% coverage), interspersed 

with other woody plant species. 

Bramble with 

Maiden trees 

Dominated by bramble (Rubus fruticosus) but with more frequent 

numbers of sallow (Salix sp.), oak (Quercus robur) and other trees. 

Arable reversion to 

grassland 

Areas that were left to be colonised by plants from stubble – last 

harvest. 

Permanent pasture Land dominated by grasses (>80% coverage). 

Improved Grassland Areas that have been seeded specifically for higher yielding lays. 

Injurious weeds 

topped grassland 

The areas around the Knepp boundary that are topped with an 

agricultural mower. 

Open Thorn Scrub* Patch-like structures of hawthorn (Crataegus monogyna), dog rose 

(Rosa canina), bramble (Rubus fruticosus), blackthorn (Prunus 

spinosa) – showing no real dominance of any particular species of 

thorn. There can be oaks (Quercus sp.) birch (Betula sp.), sallow 

(Salix sp.) protected by these patches. 

Plantations, 

woodland* 

Areas that have been planted by trees, including mixed 

woodland, eucalypt (Eucalyptus sp.) and conifers. 

Alder dominated Areas dominated by alder (Alnus sp.). 

 

Table S2.2: Destructive samples (n=39) of individual trees and shrubs sourced from 
the Southern Block of the Knepp rewilding project. Listed samples include their 
common name, measured aboveground biomass (AGB), and belowground biomass 
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(BGB). i-Tree predictions of BGB are derived from the actual AGB weight, using a 
factor of 0.26 to represent the anticipated root:shoot ratio. 

ID number species AGB (g) BGB (g) i-Tree 0.26 
EMB023 blackthorn 1668.35 498.66 433.771 
EMB039 blackthorn 223.51 145.29 58.1126 
EMB041 blackthorn 95.98 65.33 24.9548 
EMB045 blackthorn 44.78 92.92 11.6428 
EMB048 blackthorn 3274.68 903.83 851.4168 
EMB070 blackthorn 3282.97 873.1 853.5722 
EMD091 dogrose 622.57 612.21 161.8682 
EMD126 dogrose 172.05 612.21 44.733 
EMD128 dogrose 528.02 369.8 137.2852 
EMO033 oak 46.29 72.32 12.0354 
EMO100 oak 680.46 332.71 176.9196 
EMO102 oak 56.1 45.42 14.586 
EMO107 oak 186.09 155.9 48.3834 
ESB007 blackthorn 18.66 19.84 4.8516 
ESB021 blackthorn 44.22 33.78 11.4972 
ESB031 blackthorn 24.66 10.57 6.4116 
ESB032 blackthorn 17.05 25.46 4.433 
ESB062 blackthorn 19.54 100.87 5.0804 
ESB066 blackthorn 31.63 24.93 8.2238 
ESD025 dogrose 52.81 46.38 13.7306 
ESH036 hawthorn 29.99 22.45 7.7974 
ESH040 hawthorn 178.57 107.27 46.4282 
ESH044 hawthorn 94.87 46.18 24.6662 
ESH084 hawthorn 208.895 229.845 54.3127 
ESH085 hawthorn 10.44 16.56 2.7144 
ESO011 oak 89.26 70.1 23.2076 
ESO067 oak 87.58 152.445 22.7708 
PMB025 blackthorn 66.41 34.66 17.2666 
PMB143 blackthorn 31.51 61.48 8.1926 
PMD013 dogrose 30.48 18.95 7.9248 
PMO013 oak 158.56 140.35 41.2256 
PMO017 oak 81.39 36.54 21.1614 
PMS007 sallow 779.75 462.92 202.735 
PSB018 blackthorn 95.09 79.24 24.7234 
PSB020 blackthorn 59.27 24.89 15.4102 
PSH007 hawthorn 6.11 10.79 1.5886 
PSO012 oak 59.15 39.5 15.379 
PSO019 oak 105.27 114.49 27.3702 
PSO020 oak 125.065 157.08 32.5169 
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3.0 Abstract 
 

Scrubland plants provide habitat for many species and support higher levels of productivity 

in times of stress. However, their carbon storage potential, particularly in temperate regions 

like the UK, remains understudied. Existing carbon accounting methods, calibrated using 

closed-canopy woodland systems and agroforestry models, fail to account for the complex 

growth pa;erns of scrub. Unlike single-stemmed forest trees, scrub species often have multi-

stemmed structures that occupy space more densely and allocate a greater proportion of 

biomass belowground. Herbivory has also been shown to significantly influence these 

pa;erns by driving increased root investment for resilience (Perkovich & Ward, 2021). 

Observed root:shoot ratios have revealed in previous work that scrub species may allocate 

more biomass to roots than current models predict, underscoring the need for revised 

frameworks (Axe et al., 2017; Mokany et al., 2006). Lack of understanding of these factors 

represents a significant knowledge gap in the determination of carbon storage of scrubland 

species. This study aimed to address these gaps by developing taxon-specific allometric 

equations for five dominant scrub taxa at the rewilded Knepp Estate, incorporating height, 

canopy area, tree diameter, and a browsing metric. These models showed strong predictive 

accuracy (R² = 0.63–0.95) for above- and belowground biomass. The output offers a new 

quantitative method to calculate carbon offsets associated with temperate scrub ecosystems, 

highlighting their carbon storage potential and advocating for their inclusion in global carbon 

assessment strategies. 

Key words: allometry, biomass allocation, root:shoot ratio, rewilding, scrubland, carbon stock 
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3.1 Introduction 
 

The ecological benefits of rewilded scrubland, such as enhanced biodiversity, habitat 

restoration, and ecosystem resilience, are well-documented (Mikolajczak et al., 2022; Sandom 

et al., 2019; Cerqueira et al., 2015). Herbivores play a pivotal role in shaping these landscapes, 

promoting diverse habitats through browsing and grazing dynamics (Schmiq et al., 2023; 

Bakker & Svenning, 2018; Tree, 2018; Vera, 2000; Sandom et al., 2013). However, despite these 

well-established ecological values, the carbon storage potential of rewilded scrubland remains 

significantly understudied (Malhi et al., 2022; Sandhage-Hofmann et al., 2021; Berzaghi et al., 

2023). 

While woodland growth and agroforestry systems have received substantial a;ention for 

their carbon sequestration potential (Griscom et al., 2017; Bastin et al., 2019; Buo;e et al., 2020; 

Saatchi et al., 2011), this has led to an over-reliance on models calibrated for closed-canopy 

forests and single-stem tree systems. These models fail to account for the unique growth forms 

and biomass allocation strategies of scrub species, which often exhibit multi-stemmed 

structures and allocate a higher proportion of biomass to roots (Perkovich & Ward, 2021; 

Wiley et al., 2017). As a result, scrubland ecosystems have been largely overlooked in carbon 

accounting frameworks, despite their potential contributions to carbon sequestration, 

particularly in regions undergoing rewilding (Mercer & Gregg, 2023; Burrell et al., 2024). 

This research gap is particularly pronounced in the UK, where no published data currently 

quantifies the carbon stored in rewilded scrubland ecosystems (see Chapter 2). This lack of 

baseline data makes it difficult to assess the potential for these landscapes to contribute to 

carbon capture on a meaningful scale. Addressing this gap is essential not only for improving 
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the accuracy of carbon storage estimates but also for integrating scrublands into natural 

capital frameworks and conservation strategies, which are increasingly focused on mitigating 

climate change (La No;e., 2024; Nelson et al., 2009).  

Previous work to understand the carbon storage potential of closed canopy woodland (Brown 

& Lugo, 1984; Chave et al., 2005; Picard et al., 2012) has typically made estimations based on 

biomass equations computed from destructive sampling. This approach uses measurable 

variables such as tree height (h) and diameter at breast height (dbh) to estimate biomass 

(Parresol, 1999) and has been used for both Tropical and Temperate woodland. For example, 

Chave et al. (2005) developed widely used allometric equations for tropical forests, 

incorporating variables such as wood density, dbh and height to infer biomass. In the UK, the 

main method for estimating temperate woodland carbon storage is the Woodland Carbon 

Code (WCC), devised in 2011 by the UK Forestry Commission (Randle & Jenkins, 2011). This 

method involves the use of carbon lookup tables derived from samples obtained from 

predominantly closed-canopy forestry plantations (Forestry Commission, 2011). The 

belowground biomass estimates are based on root:shoot ratios (Cairns et al., 1997; Jackson et 

al., 1996). 

While these methods are well-established for estimating carbon storage in open woodlands 

with large trees, forestry plantations, and closed-canopy forests (Zianis et al., 2005; Jenkins et 

al., 2003; Brown et al., 1997; Chave et al., 2005), they are less suited for assessing carbon storage 

in more open landscapes and, particularly, in woody shrubs (as discussed in Chapter 2; 

Burrell et al., 2024). This limitation arises because these shrubs often have smaller, multi-

stemmed, and irregularly shaped trunks that differ significantly from the typical structure of 

plantation trees. 
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Several studies have a;empted to estimate carbon storage for woody scrubs in various biomes 

by using allometric models to estimate both above-ground and below-ground biomass. For 

example, Siddiq et al. (2021) developed models to predict the aboveground and belowground 

biomass for scrub species like Acacia modesta and Olea ferruginea in subtropical scrub forests in 

Pakistan. Another example is provided by Kühn et al. (2023), who investigated root trait 

variation in the Cape Floristic Region, demonstrating that shrub roots increase in size, 

particularly in length, as an adaptation to drought resistance and resource conservation in 

arid environments. One of the key findings from these studies is that the carbon storage 

capacity of scrubland ecosystems, particularly when taking into account belowground 

biomass, is often underestimated. For instance, the roots of woody species, particularly in 

semi-arid ecosystems, where many plants need to develop systems to access water and 

nutrients deep below ground, showed higher carbon storage potential than their aboveground 

parts (Saddiq et al., 2021; Schenk & Jackson, 2002; Schenk, 2005). Indeed, in such areas, some 

studies demonstrated that belowground biomass (BGB) can store substantial amounts of 

carbon, even surpassing aboveground biomass (AGB) in some cases (Erkin et al., 2023; Ranjan 

et al., 2022; Cairns et al., 1997; Jackson et al., 1996). Such examples highlight the importance of 

tailored allometric models to fully capture the carbon dynamics of scrubland ecosystems. This 

is because scrublands can often exhibit several carbon-intensive processes that enhance their 

role as carbon sinks. One notable characteristic, for example, is the adaptation of woody plants 

in scrublands to browsing pressure. When browsing animals are present, research has shown 

that plants often respond by producing new shoots above ground and increased root growth 

below ground as a survival mechanism. For example, Churski et al. (2022) explored how 

herbivore browsing in temperate forest canopy gaps in Białowieża Forest in Poland/Belarus 

induced the growth of multiple branches in saplings, increasing their lateral spread and 
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structural complexity, and promoting root growth to increase the plant’s stability and 

acquisition of resources. Smit et al. (2015) found that herbivory in the Oostvaardersplassen 

nature reserve in the Netherlands led to a shift in resource allocation from aboveground 

biomass (AGB) to belowground biomass (BGB), as the plants invested more in their root 

systems to recover from browsing stress. 

The same response is found in trees and shrubs subjected to forms of human management 

that, essentially, mimic the actions of browsing animals. For example, Axe et al. (2017) found 

that woody species in hedgerows in England which had been mechanically trimmed 

responded by allocating significant biomass to the root system, contributing to both the health 

of the plants and the carbon storage capacity of the hedgerow. Similarly, under controlled 

laboratory conditions, Perkovich and Ward (2021) found that mimicking herbivory by 

pruning different species of oak (Quercus spp.) triggered substantial root growth. 

The reallocation of a woody plant’s resources into root growth under herbivory (and similarly 

under human trimming and coppicing) is significant because belowground biomass, 

particularly root systems, plays a critical role in long-term carbon storage. Roots tend to have 

slower decomposition rates compared to aboveground plant ma;er, leading to more stable 

carbon storage (Jackson et al., 1996; Jobbágy and Jackson, 2000). Scrubland ecosystems, 

despite their modest aboveground appearance, may play a more significant role in carbon 

sequestration than previously assumed (Stephenson et al., 2014; Luq et al., 2018; Slik et al., 

2013) due to their substantial belowground carbon storage capacity, underscoring their 

importance in global carbon sequestration efforts. 

What emerges from the research discussed above is a significant knowledge gap regarding 

the relative allocation of aboveground (AGB) and belowground biomass (BGB) in rewilded 
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and grazed landscapes containing scrubland species. Existing carbon storage models, 

designed for closed-canopy forests and single-stem systems, fail to capture the unique growth 

dynamics of scrub species, which often allocate a higher proportion of biomass below ground 

in response to environmental stressors like herbivory or pruning (Perkovich & Ward, 2021; 

Axe et al., 2017). In the UK, this gap is particularly pronounced, with no baseline data 

quantifying carbon storage in rewilded scrublands, despite their ecological and climate 

mitigation potential (Schmiq et al., 2023; Burrell et al., 2024). 

The aim of this research was to address this gap by developing scrub-specific allometric 

equations using data from the rewilded scrubland at the Knepp Estate. A novel destructive 

sampling methodology is employed to directly measure AGB and BGB and determine their 

relationship under different browsing intensities. This approach builds on techniques used in 

other biomes (Saddiq et al., 2021) but adapts them to temperate scrub systems influenced by 

herbivory. By filling this gap, the study improves the accuracy of carbon storage estimates for 

scrub ecosystems, highlighting their overlooked potential as carbon sinks and supporting 

their integration into natural capital frameworks and climate mitigation strategies. 

 

3.2 Materials and Methods 
 

Five key taxa (hawthorn (Crataegus spp.), dog rose (Rosa canina), blackthorn (Prunus spinosa), 

oak (Quercus spp.), and sallow (Salix spp.)) that dominate the rewilded vegetation composition 

in the temperate landscape of Knepp Wildland were examined. To achieve this, I addressed 

three interlinked methods: 
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1. Determination of the above and below ground biomass of 5 dominant woody 

scrubland taxa growing on the Knepp Estate.  

2. Development of a scrub-specific allometric-based model for the above- and below-

ground biomass within a rewilded landscape. 

3. Improve understanding of the impact of browsing on the biomass allocation of 

rewilding scrubland.  

3.2.1 Site Location and Sample Selection 
 

The research was conducted in the "Southern Block" of the Knepp Estate, located in West 

Sussex, UK (coordinates: 50.975781ºN, 0.344819ºW) (Figure 3.1). The estate transitioned from 

traditional farming to rewilding initiatives beginning in 2001 (Tree, 2018). Prior to this shift, 

the Knepp Estate operated under a mixed farming system, focusing primarily on intensive 

arable and dairy production. The cessation of farming activities in the Southern Block between 

2001 and 2006 initiated a fallow period, allowing natural vegetation to regenerate (Tree, 2018). 

The arable fields were simply left ‘open’, as stubble, after their last harvest, providing 

receptive ground for the seed rain from surrounding hedgerows and trees. The natural 

regeneration here, compared to other areas of the Estate (the Middle and Northern Blocks) 

that were under permanent grassland (which tends to repress the colonisation of woody 

shrubs), has been swift and prolific, resulting in an open wood pasture system with 
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regenerating scrub species such as Prunus spinosa, Salix spp., Quercus spp., Crataegus spp., and 

Rubus spp. (Tree, 2018; Burrell et al., 2024). 

 

It was not until 2009 that large herbivores, including old English longhorn ca;le (Bos 

primigenius taurus), Exmoor ponies (Equus ferus caballus), fallow deer (Dama dama), and 

Tamworth pigs (Sus scrofa domesticus), were introduced into the Southern Block to manage the 

vegetation (Bunzel-Druke, 2001, Tree, 2018). The hiatus of several years without significant 

herbivory (just very low numbers of rabbits (Oryctolagus cuniculus) and roe deer (Capreolus 

capreolus)) gave the emerging woody shrubs and saplings a chance to establish and invest in 

their defences before the introduction of the large browsers (Tree, 2018). Red deer (Cervus 

Figure 3.1: The Southern Block of the Knepp Estate (50.975781ºN, 0.344819ºW), 
showing the three possible sampling site locations (1-3) that were selected based 
on their heterogeneous land-cover classification. The blue area is the Southern 
Block boundary. 
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elaphus) were introduced later, in 2013, when it was judged the scrubland vegetation was 

robust enough for some additional heavy browsers. 

For this study, a 13-hectare plot within the Southern Block was randomly selected from three 

potential areas (plot 1–3) chosen for their heterogeneous land cover types (see Chapter 2). 

These plots were designated to examine the effects of browsing on biomass distribution. The 

selection of plot 1 was done randomly using the 'sample' function in R (R Core Team, 2024). 

The sampling strategy aimed to capture the spatial diversity of land cover types and 

adequately represent different tree/shrub sizes as well as two different browsing conditions 

(exposed – freestanding, growing away from bramble (Rubus fruticosus), and protected – 

growing within a bramble patch). Within the selected site, the five dominant scrub taxa at the 

Knepp Estate (Ryland, 2015; Burrell et al., 2024)—oak (Quercus spp.), sallow (Salix spp.), 

hawthorn (Crataegus spp.), blackthorn (Prunus spinosa), and dog rose (Rosa canina)—were 

selected from a range of heights to minimise bias in biomass estimates. Species identification 

was conducted using PlantATT (Centre for Ecology and Hydrology, 2004) and the Collins Tree 

Guide (Johnson, 2004). Hereafter, these species will be referred to as Quercus spp., Salix spp., 

Crataegus spp., Prunus spinosa, and Rosa canina, or by their common names: oak, sallow, 

hawthorn, blackthorn, and dog rose. 

Sallow is represented by a complex of two species and their hybrid, with the hybrid Salix × 

reichardtii being the most common, followed by the frequent parent Salix cinerea subsp. oleifolia, 

and the less abundant parent Salix caprea subsp. caprea. Oak is predominantly represented by 

the locally dominant Quercus robur, with occasional individuals of the hybrid Quercus × 

rosacea; while Quercus petraea was not recorded, it is possible they were planted historically at 

Knepp. Dog rose is primarily Rosa canina s.s., although other species like Rosa stylosa and Rosa 
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arvensis were not observed during this survey. Hawthorn is identified as Crataegus monogyna 

s.s., and while Crataegus laevigata and other taxa may have been introduced in farmland 

hedgerows, they were absent from the study area. Blackthorn, identified as Prunus spinosa, 

completes the composition. All species identifications were verified by M.J. Crawley (2024).  

In this study, scrubland is defined following Harden (1990) as areas dominated by shrubs, 

which are woody plants that typically do not exceed 5 m in height when single-stemmed or 8 

m when multi-stemmed. Many shrubs within this category are thorny and subject to browsing 

by animals (Harden, 1990). 

3.2.2. Individual Tree /Shrub Selection and Sample Collection Process 
 

The collection phase occurred during the dormant periods from 2021 to 2024, when deciduous 

trees were leafless, and the young shoots had matured. The dormant season, which spanned 

from October to April, provided an ideal time for sampling before leaf emergence. Individuals 

were sampled without leaves in order to cause minimum disturbance to nesting wildlife.  

A total of 3,300 scrub individuals were identified within study plot 1 (Figure 3.2A), from which 

270 were randomly selected for destructive sampling (Figure 3.2B). The size classification was 

categorised into three distinct height classes: small (< 75 cm), medium (75 – 210 cm), and large 

(> 210 cm). This classification was informed by a preliminary size profile conducted at the 

sample site during the random tree collection phase. This was done to insure a representative 

distribution of scrub sizes for the destructive sampling population. For large "exposed" oak 

(Quercus spp.), random selection could not be performed due to the lower frequency of such 

individuals, given the age of the rewilding project (<20 years). 
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Figure 3.2: The left panel shows the 3,300 possible individual scrub taxa, including Blackthorn (Prunus spinosa), Dog rose (Rosa canina), Hawthorn 
(Crataegus monogyna), Sallow (Salix spp.), and Oak (Quercus spp.). The right panel displays the randomly selected samples to be destructively 
sampled for each taxon chosen from the initial pool under the specified browsing conditions. 
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3.2.3 Destructive sampling 
 

Destructive sampling involves the direct measurement of plant material by extracting entire 

plants or representative samples from various components (Thomas and Martin, 2012; Eamus 

et al., 2000). This method provides detailed insights into carbon content and biomass 

distribution, yielding accurate estimates of carbon storage (Picard et al., 2012). Destructive 

sampling is the foundation upon which allometric models are built, allowing simple, scalable 

measurements—such as diameter, height, and canopy area—to predict total biomass (Chave 

et al., 2005). However, because destructive sampling is time-intensive and labour-demanding, 

studies often limit the number of samples to balance accuracy with feasibility. For instance, 

Axe et al. (2017) conducted destructive sampling on 15 hedgerow trees to develop allometric 

equations. Similarly, Huynh et al. (2021) destructively sampled 30 Acacia mangium trees to 

establish biomass models. This study significantly advances this approach by conducting an 

unprecedented number of destructive samples (n = 270) across multiple taxa (n = 5), providing 

a robust dataset to develop accurate and taxa-specific equations for rewilded scrub 

ecosystems. Furthermore, it allows for the examination of spatial carbon distribution within a 

landscape (Chave et al., 2005). The destructive sampling fieldwork was carried out following 

Walker et al., (2016) and the ICRAF ‘Guidelines for establishing regional allometric equations 

for biomass estimation through destructive sampling’ (2011).  

3.2.4 Field sampling  
 

Each selected tree/shrub was assigned a unique identification number (ID) and a specific 

protocol was followed (see Figure 3.3). This involved clearing the area around the individual 

of existing vegetation to prevent contamination from non-sample material. Crown diameter 
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(CD) was measured in two perpendicular directions, and the average crown diameter and 

canopy area (CA, cm²) were calculated using the equation previously used by Huynh et al., 

(2021):  

𝐶𝐴 =
𝜋𝑔"

4
	𝑤ℎ𝑒𝑟𝑒, 𝑔	𝑖𝑠	𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑐𝑟𝑜𝑤𝑛	𝑔𝑖𝑟𝑡ℎ	(𝑐𝑚) 

           [1] 

Above-ground height (cm) was recorded as part of this study, alongside diameter at breast 

height (dbh), which is a standard metric for estimating tree biomass (Ngomanda et al., 2014). 

This measurement is widely used in forest systems because it is relatively easy to obtain and 

strongly correlates with overall biomass in mature, single-stemmed forest trees (Picard & 

Henry, 2012). However, applying this method to scrub, which often have multi-stemmed 

growth forms and shorter heights, presents challenges. In forest systems, dbh is measured at 

a height of 1.37 m, yet 90.74% of the scrub sampled in this study were shorter than this 

threshold, making traditional dbh measurements impractical. To address this, I measured 

stem diameter at the base, following the guidelines outlined in the i-Tree Eco manual (2020), 

which permits diameter measurements at ground level when the standard dbh height is not 

applicable. 

For individuals with multiple stems, I followed the multi-stem measurement protocol 

outlined in the i-Tree Eco Manual (2020). According to this guideline, stems branching above 

ground are considered part of the same tree, and up to six of the largest stems should be 

measured separately at ground level. However, in cases where trees had more than six 

stems—accounting for 56% of the sample population—I measured all stems. If the pith union 
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was below ground, each stem was treated as an individual tree. For multi-stemmed trees, the 

combined girth at the base was calculated using the following formula: 

"(𝑔1" +	𝑔2" +	𝑔3" +	… )   

            [2] 

To maintain clarity, I use the term diameter at base height (dbh) as a comparative 

measurement for other allometric equations. For trees shorter than 1.5 meters (56% of the 

sample population), the girth measurement was taken at the base of the tree. Within the 

context of this study, “dbh” specifically refers to the tree’s girth measured either at its base or 

at breast height, depending on the size of the tree. 

 

            

Figure 3.3: Methodology undertaken to sample aboveground biomass and belowground biomass 
of different scrub species. 
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Each tree or shrub was extracted and divided into three main components: crown, stem, and 

root ball, with the crown separated at the live crown base (the point where the lowest live 

branch begins). Root biomass sampling was standardised using a fixed-area method (Huynh 

et al., 2021), involving excavation within a 0.5 m radius and down to a depth of 0.5 m around 

each tree (Figure 3.4C). All roots within this area were collected, washed, and sorted by 

diameter into small (<2 mm), medium (2–10 mm), and large (>10 mm) categories (Figure 3.5B). 

Roots were carefully cleaned using an air pressure hose to remove soil while preserving the 

bark. 

It is important to note that canopy projection was unconstrained, representing the full aerial 

spread of the tree or shrub, while root biomass was sampled within a fixed excavation area. 

This discrepancy between the unconstrained canopy and the constrained sampling area and 

depth for roots should be considered when interpreting root mass data and discussing 

root:shoot ratios. 

After excavation, each component (crown, stem, and root ball) was weighed using either a 

digital crane scale with 0.02 kg precision (Figure 3.5D) or a precision balance scale with 0.005 

g precision (Figure 3.5C), depending on the size of the shrub or tree (Table 3.1). Subsamples 

were taken from each section, including three from the above-ground portion and three from 

the roots, along with an age ring from the root collar for dendrochronological analysis. 

Chainsaw cuts were measured to estimate any sawdust loss (Figure 3.5C). Figure 3.3 describes 

the sample preparation and measurement process. 

For larger trees that could not be transported, both above-ground and below-ground 

components were weighed on-site using a digital crane scale with 0.02 kg precision. 
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Subsamples from each part were taken, labelled, and transported to the lab for further 

analysis. This methodology is exemplified by Picard et al. (2012). For trees in protected areas, 

a mini-digger (Figure 3.6A) was used to clear Rubus fruticosus (bramble) from the sampling 

area before excavation, following the same destructive sampling protocol used for "exposed" 

trees (Figure 3.3). 

To determine the dry biomass weight, fresh subsamples were first weighed using a precision 

balance (Table 3.1), then placed in paper bags (Figure 3.5A) and dried at 105°C until they 

reached a constant weight, typically after 72 hours (Figure 3.4B) (Picard et al., 2012). The dried 

subsamples were weighed immediately after removal from the oven to prevent moisture 

absorption from affecting the final weight. Both aboveground (AGB) and belowground (BGB) 

biomass weights were recorded in grams. 

 Wood density (ρ) was calculated for both above- and belowground components following 

standard methods of water displacement (Saranpää., 2003; Kallarackal & Ramirez, 2024). The 

volume (cm3) of each subsample was derived from the displaced water weight, assuming 

water density as 1 g/cm³. After complete saturation in water, and the dry mass of the 

subsamples was obtained using the oven-drying method at a temperature of 105 ± 5° C. The 

density value was determined by:  

   Density(g/cm3 ) = Dry Mass (g) / Volume (cm3) 
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Table 3.1: Description of different scales, balances, and equipment used in the field 
and laboratory. 



` 

111 
 

 

Figure 3.4: Destructive sampling process in the field and in the laboratory [A] combination of the mini digger and the compressed air to extract 
a scrub tree; [B] samples in paper bags in ovens; [C] trench dug 0.5 m deep to extract the root ball of a larger tree. 
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Figure 3.5: Laboratory measurements and processes of destructively sampled scrub trees [A] 
processed samples in paper bags ready for oven drying; [B] size categorisation of root classes based 
on diameter; [C] precision balance scales used to weigh samples, including the excess saw dust 
created during the processing (displayed here); [D] digital crane scale used to weigh the total 
weight of the scrub tree. 
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3.2.5. Allometric model development and statistical analysis 
 

Various easily measurable variables, including height (cm), diameter at breast height (dbh) 

(cm), and canopy area (cm2), were evaluated for their predictive ability in estimating biomass. 

The best-performing models for each taxon were selected based on their AIC values (Table 3.4 

and Table S3.1). These models use a maximum equation that includes height, canopy area, 

dbh, and condition (whether the scrub was “exposed” or “protected” from browsing) (Table 

3.4; Figure 3.10). This contrasts with traditional allometric models, which often rely on dbh, 

height, and wood specific gravity (WSG) or density (ρ) as primary predictors (Ngomanda et 

al., 2014; Chave et al., 2005; Pati et al., 2022). In scrub ecosystems, focusing on canopy area and 

height is especially relevant due to the multi-stemmed and complex growth forms of scrub 

species, where alone may not adequately capture biomass (Nyamukuru et al., 2023; Vorster et 

al., 2020). Advancements in remote sensing technology highlight the practical importance of 

canopy area and height in particular, as these variables are more readily captured through 

drone technology (see Chapter 5). 

In development of my allometric model, I employed equations that follow a log-linear 

allometric form, commonly used in forestry and ecology to estimate tree biomass and carbon 

stocks (Chave et al., 2005). This structure is based on power-law scaling, a concept derived 

from biological principles and applied to plant vascular systems (West et al., 1999). Power-law 

scaling expresses the biomass component (W) (aboveground, belowground or total biomass) 

as a function of variables like height (h), diameter at breast height (d) and basal area (A), and 

the coefficients (𝛽#, 𝛽$, 𝛽", 𝛽%... 𝛽$&) are derived from empirical data using regression analysis, 

often obtained via destructive sampling (Zianis and Mencuccini, 2004). The condition variable 

𝑥! adjusts the intercept based on browsing exposure, allowing a single model to account for 
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both exposed and protected conditions. Each coefficient is a fi;ed parameter optimised for the 

specific taxon and biomass component using regression analysis. Density was also tested as a 

potential predictor of biomass but yielded no significant interactions during the initial 

exploratory analysis (see 4.X Supplementary Materials, Table S3.3). The stepwise selection 

process was then applied to a maximum model 

(log(biomass)~condition*log(height)*log(canopy area)*log(dbh)) to identify the most relevant 

terms. The structure of the maximum model is as follows: 

log(W)=β0+β1⋅𝑥!+β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+β5⋅(𝑥!⋅log(h))+β6⋅(𝑥!⋅log(d))+β7⋅(𝑥!⋅log(A))+β8

⋅(log(h)⋅log(d))+β9⋅(log(h)⋅log(A))+β10⋅(log(d)⋅log(A))+β11⋅(𝑥!⋅log(h)⋅log(d))+β12⋅(𝑥!
⋅log(h)⋅log(A))+β13⋅(𝑥!⋅log(d)⋅log(A))+β14⋅(log(h)⋅log(d)⋅log(A))+β15⋅(𝑥! ⋅log(h)⋅log(d)⋅log(A))
             
            [3] 

where 𝑥! is a binary term representing the browsing condition (0 for exposed, 1 for protected). 

In this model: 

• β0 is the intercept. 

• β1 adjusts for differences between exposed and protected environments, adding to β0 

for the protected condition. 

• β2, β3, and β4 represent the main effects of height (h), dbh (d), and canopy area (A), 

respectively. 

• β5, β6, and β7 capture interactions between condition and each predictor. 

• β8, β9, and β10 represent pairwise interactions among predictors. 

• β11, β12, and β13 capture three-way interactions involving condition. 

• β14 represents the three-way interaction of height, dbh, and canopy area. 
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• β15 captures the four-way interaction of condition, height, dbh, and canopy area. 

           

In exponential terms, Equation [3] can be represented separately for exposed and protected 

conditions: 

Exposed (where 𝒙𝒄 = 0):   

𝑊 = 𝑒(! ⋅ ℎ(" ⋅ 	𝑑(# ⋅ 	𝐴($ ⋅ (ℎ ⋅ 𝑑)(% ⋅ (ℎ ⋅ 𝐴)(&! ⋅ (𝑑 ⋅ 𝐴)(&! ⋅ (ℎ ⋅ 𝑑 ⋅ 𝐴)(&$   

            

           [4] 

 

Protected (where 𝒙𝒄 = 1): 

𝑊 = 𝑒(!)(& ⋅ ℎ(")(' ⋅ 	𝑑(#)(( ⋅ 	𝐴($)() ⋅ (ℎ ⋅ 𝑑)(%)(&& ⋅ (ℎ ⋅ 𝐴)(*)(&" ⋅ (𝑑 ⋅ 𝐴)(&!)(&# ⋅ (ℎ ⋅ 𝑑 ⋅

𝐴)(&$)(&'          [5] 

 

This approach reflects how power-law scaling can adapt to changing environmental 

conditions (West et al., 1999).  

To develop these equations, I used R software (R Core Team, 2024), employing the "caret" 

package for data partitioning and the "lm()" function for model fi;ing within the "stats" 

package. Model refinement was conducted using the AIC-based "step()" function, applied 

across all biomass types for each taxon using the maximum equation [3] as the base to identify 

the most relevant predictors (Table 3.4). 
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The performance of both aboveground, belowground and total biomass models was evaluated 

using the coefficient of determination (R²) and the residual sum of squares (RSS), with model 

selection based on the lowest Akaike Information Criterion (AIC) value. In this study, p-values 

for interaction terms were calculated for the null hypothesis H0 : b = 0, rather than H0 : b = 1, 

focusing on testing the presence of an effect rather than deviation from an expected value. 

This distinction is important to interpret the results correctly and should be noted when 

evaluating the significance of the interactions presented in the results Table 3.3.  Finally, I 

employed MANCOVA to evaluate the model's coefficients and significance and to compare 

models. 

To gain a deeper understanding of the impact of browsing, the root:shoot (R:S) ratio was 

calculated for each taxon under both browsing conditions—“exposed” and “protected”. The 

data were then divided into two height categories: trees taller than 2.5 m and those shorter 

than 2.5 m, which correspond to above and below the browse line, respectively. This threshold 

for the browse line is widely accepted among researchers (e.g., Van Uytvanck et al., 2010). 

 

3.3 Results  
 

The allometric equations were developed using the 270 scrub trees, including roots and 

shoots, that I extracted from Site 1 (Figure 3.2, Table 3.2). These represented five taxa: 

blackthorn (Prunus spinosa, n = 55), dog rose (Rosa canina, n = 55), hawthorn (Crataegus 

monogyna, n = 56), oak (Quercus robur, n = 49), and sallow (Salix cinerea, n = 55). Trees were 

sampled under two browsing conditions (“exposed” to browsing and “protected” from 

browsing) and across three size classes—small (<75 cm), medium (75–210 cm), and large (>210 
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cm)—determined through a preliminary study of scrub trees at Site 1 (Figure 3.6). This 

approach ensured a representative distribution of scrub sizes (height) for the destructive 

sampling population (Figure 3.7). Blackthorn (Prunus spinosa), hawthorn (Crataegus 

monogyna), and oak (Quercus robur) are predominantly concentrated in the smaller height 

classes (<75 cm), with oak showing the most pronounced skew towards shorter individuals 

(Figure 3.7). In contrast, dog rose (Rosa canina) and sallow (Salix cinerea) display broader height 

distributions, with a higher proportion of individuals in the intermediate (75 - 210 cm) and 

larger height ranges. 

 

 

 

 

  

 

Table 3.2: Number of samples extracted per scrub taxa according to their size class 
and exposure to browsing. Small <75 cm; medium 75 – 210 cm; large >210 cm. 

 

 Exposed protected 

Taxon small medium large small medium large 

Blackthorn 9 7 13 12 6 8 

dog rose 6 11 9 9 14 6 

hawthorn 10 9 11 15 7 4 

oak NA 5 16 10 12 6 

sallow 8 7 12 10 12 6 
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Figure 3.6: Distribution of tree sizes by refined tree height (cm), the preliminary population of scrub trees (Figure S3.6A) was analysed for 
summary statistics (min, max and mean values) to determine height classes for the destructive sampling of scrub (displayed in Figure 3.7). 
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Figure 3.7: Height distribution (density as proportion) of five scrub species sampled 
for allometric equation development: blackthorn (Prunus spinosa), dog rose (Rosa 
canina), hawthorn (Crataegus monogyna), oak (Quercus spp.), and sallow (Salix spp.). 
Density values represent the proportion of individuals within each height class. 

 

3.3.1 Model outputs  
 

The following results from my analyses to determine the relationship between specific taxa 

characteristics (e.g. height, dbh and canopy area) and above and below ground biomass are 

recorded in full in Table 3.3A for single predictor variables and Table 3.3B for interactions 
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between the predictor variables and the condition (“protected” or “exposed” from browsing) 

and presented in Figure 3.8. 

Height and canopy area are significant predictors of both AGB and BGB in oak (Quercus spp.), 

with canopy effects particularly pronounced under protected conditions. Diameter at breast 

height (dbh) also influences total biomass (TB), while R:S decreases with tree height and under 

protected conditions. In blackthorn (Prunus spinosa), height, dbh, and canopy area exhibit 

strong predictive relationships with AGB, BGB, and TB, with protected trees showing higher 

BGB influenced by dbh. Height and canopy area also significantly influence R:S, with higher 

values in exposed conditions. For dog rose (Rosa canina), height and canopy area are consistent 

predictors of AGB, BGB, and TB, but canopy effects are more pronounced in protected 

conditions, while R:S ratios are significantly influenced by height and canopy area, with 

protected trees exhibiting slightly lower ratios. In hawthorn (Crataegus spp.), height, dbh, and 

canopy area strongly predict AGB, BGB, and TB, with no significant interactions related to 

browsing conditions, while R:S ratios also show consistent associations with height, dbh, and 

canopy area, but condition effects remain insignificant. For sallow (Salix spp.), height, dbh, and 

canopy area are reliable predictors of AGB, BGB, and TB, while density (ρ) exhibits a 

significant negative association with BGB (-3.9822 ± 1.8672, p = 0.0379) and TB (-4.9142 ± 2.1046, 

p = 0.0236) (Table S3.3). R:S ratios are inversely related to height, dbh, and canopy area. 
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Table 3.3A: The response variables (aboveground biomass (AGB), belowground 
biomass (BGB), total biomass and root:shoot ratio) for each taxon (blackthorn, dog 
rose, hawthorn, oak, sallow) as a function of single predictor variables (height, dbh 
and canopy area) on the log scale. Estimates, Standard Error (S.E) and p-values 
recorded. 

 

  
Height DBH Canopy Area 

Response 
Variable 

Taxon estimate SE p-value estimate SE p-value estimate SE p-value 

AGB Blackthorn 2.49 0.21 <2e-16 1.43 0.42 <0.01 1.10 0.11 <2e-16 

BGB Blackthorn 1.67 0.18 <0.001 1.25 0.29 <0.001 0.79 0.08 <0.001 

Total  Blackthorn 2.26 0.20 <0.001 1.42 0.38 <0.001 1.02 0.10 <0.001 

R:S Ratio Blackthorn -0.82 0.17 <0.001 -0.18 0.24 <0.1 -0.30 0.09 <0.001 

AGB Dog Rose 1.88 0.22 <0.001 NA NA NA 1.23 0.10 <2e-16 

BGB Dog Rose 1.35 0.18 <0.001 NA NA NA 0.88 0.07 <0.001 

Total Dog Rose 1.77 0.19 <0.001 NA NA NA 1.01 0.09 <2e-16 

R:S Ratio Dog Rose -0.68 0.09 <0.001 NA NA NA -0.46 0.06 <0.001 

AGB Hawthorn 2.44 0.19 <2e-16 2.27 0.28 <0.001 1.43 0.08 <2e-16 

BGB Hawthorn 1.69 0.17 <0.001 1.78 0.19 <0.001 0.97 0.08 <2e-16 

Total  Hawthorn 2.18 0.18 <2e-16 2.14 0.24 <0.001 1.27 0.08 <2e-16 

R:S Ratio Hawthorn -0.75 0.09 <0.001 -0.48 0.13 <0.001 -0.45 0.04 <0.001 

AGB Oak 1.59 0.16 <0.001 1.16 0.28 <0.001 0.76 0.07 <0.001 

BGB Oak 1.25 0.16 <0.001 0.83 0.26 <0.01 0.65 0.06 <0.001 

Total  Oak 1.44 0.15 <0.001 1.00 0.26 <0.001 0.71 0.06 <0.001 

R:S Ratio Oak -0.33 0.12 <0.01 -0.33 0.14 <0.05 -0.11 0.06 <0.1 

AGB Sallow 1.68 0.18 <0.001 2.16 0.17 <2e-16 1.15 0.09 <2e-16 

BGB Sallow 1.18 0.17 <0.001 1.59 0.17 <0.001 0.86 0.09 <0.001 

Total  Sallow 1.50 0.17 <0.001 1.96 0.16 <0.001 1.04 0.09 <2e-16 

R:S Ratio Sallow -0.49 0.08 <0.001 -0.57 0.10 <0.001 -0.30 0.05 <0.001 
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Table 3.3B: The response variables (aboveground biomass (AGB), belowground 
biomass (BGB), total biomass and root:shoot ratio) for each taxon (blackthorn, dog 
rose, hawthorn, oak, sallow) as a function of condition of browsing (exposed or 
protected) in relation to single predictor variables (height, dbh and canopy). 
Interactive term, Standard Error (S.E) and p-values recorded. 

 

 

  
Height DBH Canopy Area 

Response 
Variable 

Taxon interaction SE p-value interaction SE p-value interaction SE p-
value 

AGB Blackthorn 0.55 0.43 0.20 -0.82 1.06 0.44 -0.31 0.22 0.17 

BGB Blackthorn 0.81 0.33 0.02 0.09 0.37 0.81 0.23 0.17 0.20 

Total Blackthorn 0.87 0.32 0.01 0.00 0.35 0.99 0.24 0.16 0.15 

R:S Ratio Blackthorn -0.76 0.37 0.04 -0.88 0.60 0.15 -0.16 0.17 0.36 

AGB Dog Rose 0.18 0.33 0.59 NA NA NA 0.29 0.14 0.05 

BGB Dog Rose -0.35 0.32 0.29 NA NA NA -0.05 0.12 0.65 

Total Dog Rose 0.03 0.31 0.91 NA NA NA 0.16 0.12 0.20 

R:S Ratio Dog Rose -0.53 0.30 0.08 NA NA NA -0.35 0.12 0.01 

AGB Hawthorn 0.09 0.41 0.83 0.46 0.55 0.40 0.11 0.17 0.51 

BGB Hawthorn 0.14 0.33 0.68 0.34 0.38 0.37 0.21 0.15 0.19 

Total Hawthorn 0.22 0.38 0.56 0.47 0.47 0.32 0.22 0.16 0.17 

R:S Ratio Hawthorn -0.05 0.20 0.81 -0.12 0.25 0.63 -0.10 0.09 0.30 

AGB Oak 0.95 0.45 0.04 1.10 0.52 0.04 0.66 0.16 <0.0001 

BGB Oak 0.49 0.48 0.32 0.64 0.50 0.21 0.19 0.16 0.25 

Total Oak 0.79 0.42 0.07 0.91 0.50 0.07 0.45 0.14 <0.0001 

R:S Ratio Oak -0.46 0.35 0.20 -0.46 0.28 0.10 -0.47 0.14 0.002 

AGB Sallow 0.89 0.34 0.01 -0.09 0.37 0.82 0.23 0.17 0.19 

BGB Sallow 0.81 0.33 0.02 0.09 0.37 0.81 0.23 0.17 0.20 

Total Sallow 0.87 0.32 0.01 0.00 0.35 0.99 0.24 0.16 0.15 

R:S Ratio Sallow -0.53 0.30 0.08 -0.12 0.25 0.63 -0.002 0.11 0.99 
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 Figure 3.8: Relationships between predictor variables (log height, log dbh, and log canopy area) and three biomass components (A) log 
aboveground biomass, (B) log belowground biomass, and (C) log total biomass across five taxa (blackthorn, dog rose, hawthorn, oak, 
and sallow) and two conditions (exposed in grey and protected in yellow). Symbols represent different taxa: blackthorn (square), dog 
rose (diamond), hawthorn (triangle), oak (circle), and sallow (cross). (D) Box-and-whisker plots of log root:shoot ratio by taxon and 
condition. 
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 3.4.2 Variation in Root:Shoot Ratio in Relation to Browse Line 
 

The analysis of root:shoot ratios (R:S) indicated that trees below the browse line (2.5 m) had 

higher ratios (mean = 1.06, SE = 0.13) compared to those above the browse line (mean = 0.31, 

SE = 0.03) (Figure 3.9A), with a statistically significant difference (p < 0.001). Blackthorn 

showed a mean ratio of 0.91 (SE = 0.14) below and 0.18 (SE = 0.02) above. Dog rose had ratios 

of 1.36 (SE = 0.22) below and 0.27 (SE = 0.07) above. Hawthorn followed with 0.68 (SE = 0.11) 

below and 0.23 (SE = 0.02) above. Oak and sallow also showed higher ratios below, with means 

of 1.11 (SE = 0.10) and 0.96 (SE = 0.10), respectively, compared to 0.54 (SE = 0.07) and 0.34 (SE 

= 0.04) above. The range of ratio was also much greater in the below browse line category (R:S 

0.012 –  8.98) compared to above (0.025 – 0.88) (Figure 3.9B). 

The condition (exposed vs. protected) did not have a statistically significant effect on R:S 

ratios. Above the browse line, exposed trees had a slightly higher mean ratio (mean = 0.92, SE 

= 0.09) compared to protected trees (mean = 0.89, SE = 0.07), but the difference was not 

significant (t = 0.49, p = 0.623). Similarly, below the browse line, exposed trees had a higher 

mean ratio (mean = 1.10, SE = 0.10) compared to protected trees (mean = 0.95, SE = 0.08), but 

this difference was also not significant (t = 1.07, p = 0.289). 

 

 

 

Figure 3.9: root:shoot ratio for various scrub taxa (blackthorn, dog rose, hawthorn, oak, 
and sallow) and their relationship with the browse line (below and above 2.5 metres) and 
condition (exposed and protected). 

[A] [B] 
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3.3.3 Allometric equations  
 

The allometric equations to describe the relationship between biomass (AGB or BGB) and key 

aboveground characteristics (e.g. height, dbh or canopy area) for each taxon under each 

condition (exposed or protected) (Table 3.4; Figure 3.10) were optimised using stepwise AIC 

selection (Table 3.4, see Table S3.1 for full results), incorporating browsing condition 

(“exposed” or “protected”) and field measurements (dbh, height, and canopy area) (Table 3.4). 

On average, the models explained 88% of the variability in AGB (R² = 0.81–0.94, RSS = 8.05–

66.78), 80% of the variability in BGB (R² = 0.63–0.92, RSS = 10.48–36.88), and 85% of the 

variability TB (R² = 0.80–0.95, RSS = 6.42–53.51). Most taxa-specific models incorporated 

browsing condition, except for blackthorn AGB (R² = 0.81, RSS = 66.78) and sallow BGB (R² = 

0.73, RSS = 36.88).  

Table 3.4: Summary of linear regression models used to predict biomass components 
(W) (aboveground biomass (AGB), belowground biomass (BGB), and total biomass 
(Total)) across five taxa (blackthorn, dog rose, hawthorn, oak, and sallow). Each model 
incorporates predictor variables—height (h), diameter at Breast Height (d), and 
canopy area (A)—as well as interactions with browsing condition (xc) where specified. 
The models include combinations of main effects and interactions, up to a maximum 
model structure with all possible interaction terms (Equation 1). Model performance 
is evaluated using the coefficient of determination (R2), residual sum of squares (RSS), 
and Akaike Information Criterion (AIC). Taxon specific biomass coefficient values (β0 
– β15) can be found in Table 3.5. 

Taxon Model R2 RSS AIC 

Blackthorn log(WAGB) = β0+β2⋅log(h)+β3⋅log(d)+β4⋅log(A) 0.81 66.78 174.71 
 

log(WBGB) = β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.92 14.14 114.88 

 
Log(WTotal) = β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A) 0.82 53.51 164.76 

Dog rose log(WAGB) = β0+β1⋅𝑥++β2⋅log(h)+β4⋅log(A) 0.83 32.10 136.46 

 
log(WBGB) =  β0+β1⋅𝑥++β2⋅log(h)+β4⋅log(A) 0.63 30.61 133.85 
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Log(WTotal) =  β0+β1⋅𝑥++β2⋅log(h)+β4⋅log(A) 0.80 26.57 126.07 

Hawthorn log(WAGB) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.94 14.02 114.89 
 

log(WBGB) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.92 10.48 98.91 

 
Log(WTotal) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.95 10.57 99.38 

Oak log(WAGB) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.91 8.05 84.38 

 
log(WBGB) = β0+β1⋅xc+β2⋅log(h)+β3⋅log(d)+β4⋅log(A) 0.80 13.82 87.23 

 
Log(WTotal) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.92 6.42 73.93 

Sallow log(WAGB) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.93 14.10 113.70 
 

log(WBGB) = β0+β2⋅log(h)+β3⋅log(d)+β4⋅log(A) 0.73 36.88 139.70 

 
Log(WTotal) =  β0+β1⋅𝑥++β2⋅log(h)+β3⋅log(d)+β4⋅log(A)+…+β15⋅(xc⋅log(h)⋅log(d)⋅log(A)) 0.91 15.54 118.77 
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Table 3.5:  Coefficient values β for models predicting aboveground biomass (AGB), belowground biomass (BGB), and total biomass 
(Total) for five scrub taxa (blackthorn, dog rose, hawthorn, oak, and sallow). Each coefficient β corresponds to a predictor or 
interaction term in the model, where W represents the biomass component, β₀ is the intercept, and β₁ through β₁₅ are coefficients for 
predictor variables and their interactions. Predictor terms include log (height) (tree height), log (dbh) (diameter at breast height), log 
(canopy area) (canopy area), and the browsing condition factor (conditionprotected), along with their interactions. Coefficients are 
ordered from the intercept (β₀) to the highest-order interaction term, “conditionprotected:log_height:log_dbh:log_canopy_area” (β₁₅). 
NA values indicate terms that were not included in the final model for that specific taxon and biomass component. The full table of 
coefficients with Standard Error (SE) and T-Value can be found in Table S3.2. 

Taxon W 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝜷𝟒 𝜷𝟓 𝜷𝟔 𝜷𝟕 𝜷𝟖 𝜷𝟗 𝜷𝟏𝟎 𝜷𝟏𝟏 𝜷𝟏𝟐 𝜷𝟏𝟑 𝜷𝟏𝟒 𝜷𝟏𝟓 

Blackthorn AGB  -5.98 2.01 0.37 0.09 NA NA NA NA NA NA NA NA NA NA NA NA 
 

BGB 52.56 40.82 -12.72 -16.28 -3.69 -11.58 -12.55 3.88 -4.59 1.03 1.35 1.19 -0.31 -0.40 NA NA 
 

Total  71.90 48.88 -19.33 -20.44 -5.96 -9.49 -18.28 5.47 -6.43 1.86 1.81 4.01 1.2 2.11 -0.5 -0.4 

Dog rose  AGB -4.67 -0.71 1.84 NA 0.25 NA NA NA NA NA NA NA NA NA NA NA 
 

BGB 0.55 -0.66 0.58 NA 0.31 NA NA NA NA NA NA NA NA NA NA NA 
 

Total -1.53 -0.65 1.22 NA 0.30 NA NA NA NA NA NA NA NA NA NA NA 

Hawthorn AGB -18.87 85.16 4.07 -0.18 1.85 -16.62 -13.77 0.00 -10.03 -0.27 0.14 2.71 1.84 1.79 -0.02 -0.33 
 

BGB -18.53 118.98 8.85 2.12 -0.42 -28.34 -27.43 -1.64 -10.63 -0.36 0.50 6.62 2.51 2.43 0.04 -0.58 
 

Total -4.92 86.19 3.12 -2.44 -0.49 -18.50 -16.02 0.03 -8.97 0.00 0.64 3.55 1.82 1.70 -0.07 -0.35 

Oak AGB -141.73 141.52 37.44 46.30 22.63 -38.13 -47.23 -11.86 -21.60 -5.80 -7.34 12.20 5.78 7.30 1.88 -1.88 
 

BGB -1.55 -0.84 0.28 0.27 0.68 NA NA NA NA NA NA NA NA NA NA NA 
 

Total -109.23 113.48 29.12 36.34 17.77 -28.02 -38.45 -9.35 -18.43 -4.53 -5.76 9.28 4.56 6.18 1.49 -1.51 
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Taxon W 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝜷𝟒 𝜷𝟓 𝜷𝟔 𝜷𝟕 𝜷𝟖 𝜷𝟗 𝜷𝟏𝟎 𝜷𝟏𝟏 𝜷𝟏𝟐 𝜷𝟏𝟑 𝜷𝟏𝟒 𝜷𝟏𝟓 

Sallow AGB -26.09 -9.71 10.43 3.71 1.55 -5.63 13.12 -2.14 2.98 -0.73 0.10 -0.09 0.14 -2.04 0.14 0.15 
 

BGB -1.25 NA -0.04 0.89 0.52 NA NA NA NA NA NA NA NA NA NA NA 
 

Total -32.79 5.20 11.71 7.11 2.23 -7.97 6.28 -2.72 1.46 -0.84 -0.22 0.99 0.38 -1.32 0.19 0.04 
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 Figure 10 Predicted versus actual log-transformed biomass components for five taxa (blackthorn, 
sallow, hawthorn, dog rose, and oak), showing aboveground biomass (AGB), belowground biomass 
(BGB), and total biomass (Total Biomass) in panels A–O. Each panel represents a separate model for 
each biomass component across different taxa, with R² values indicating model fit. Points are coloured 
by taxa: Blackthorn (A–C, blue), Sallow (D–F, green), Hawthorn (G–I, pink), Dog Rose (J–L, orange), 
and Oak (M–O, yellow). Equations used for each model are displayed in table 2. 

Figure 3.10: Predicted versus actual log-transformed biomass components for five taxa (blackthorn, 
sallow, hawthorn, dog rose, and oak), showing aboveground biomass (AGB), belowground biomass 
(BGB), and total biomass (Total Biomass) in panels A–O. Each panel represents a separate model for 
each biomass component across different taxa, with R² values indicating model fit. Points are coloured 
by taxa: Blackthorn (A–C, blue), Sallow (D–F, green), Hawthorn (G–I, pink), Dog Rose (J–L, orange), 
and Oak (M–O, yellow). Equations used for each model are displayed in table 3.2. 
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3.4 Discussion 

3.4.1. Scrub-specific allometric equations and explanation 
 

This study represents a significant advancement in biomass estimation by developing taxon-

specific allometric equations derived from a dataset of 270 scrub individuals across five taxa 

(Table 3.2). This uniquely large sample size far exceeds the norm for similar studies (e.g. Axe 

et al., 2017, Virgulino-Júnior et al., 2020; Chen et al., 2024), providing robust and reliable 

estimates for aboveground biomass (AGB), belowground biomass (BGB), and total biomass 

(TB) in scrub vegetation. The performance of these equations is notable, with R² values 

ranging from 0.81 – 0.94 for AGB, 0.63 to 0.91 for BGB and 0.80 – 0.95 for TB, reflecting strong 

predictive capabilities (Table 3.4, Figure 3.8). This is a significant advance in biomass 

estimation for scrub ecosystems, a vegetation type that has been overlooked or 

underestimated in previous biomass models (Li;on & Boon Kauffman, 2008; Zeng et al., 2010; 

Burrell et al., 2024). 

Results from my analyses examining wood density (ρ) and its relationship with key 

characteristics (e.g., height, dbh, and canopy area) showed that wood density (ρ) was not a 

reliable predictor of biomass (AGB or BGB) in either protected or exposed scrub trees (Table 

S3.3). This is likely due to significant morphological variability induced by browsing. Given 

that browsing alters growth forms and regrowth pa;erns, my results suggest that biomass of 

shrubland taxa are be;er captured by canopy area and height rather than wood density 

(Chave et al., 2005; Enquist et al., 1999; Forrester et al., 2017). However, a significant negative 

relationship between wood density (ρ) and biomass was observed in Salix spp. (Table S3.3) 

suggesting that this taxon has a growth strategy that deviates from typical shrub responses to 

browsing.  
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While many studies have shown that shrubs tend to increase wood density under browsing 

pressure to enhance structural resilience (Jacobsen et al., 2007; Wheeler et al., 2007), my 

findings suggest that Salix spp. appears to adopt a different approach. Instead of investing in 

denser wood, Salix spp. Seems to prioritise rapid growth by producing multiple, less dense 

stems (King et al., 2006; Chave et al., 2009; Chua & Po;s, 2018). This growth form likely reflects 

Salix spp.’s adaptation to its environment, where its ability to quickly replace lost biomass and 

maximise resource capture is more advantageous than structural reinforcement (Castillo-

Figueroa et al., 2023). Unlike the pa;ern seen in many shrubs, which allocate more resources 

to wood fibres for strength in resource-limited conditions (Martínez-Cabrera et al., 2009; 

Ziemińska et al., 2015; Poorter et al., 2008; Chave et al., 2009), these results could suggest that 

Salix spp. focuses on rapid biomass recovery and resilience through growth. 

More generally, my findings indicate that the unique structural characteristics of scrub 

vegetation emphasise the need for scrub-specific allometric models tailored to these systems. 

Unlike plantation forests, which typically feature tall and uniform trees, scrub species grow 

in heterogeneous environments with substantial variation in height and canopy structure 

(Broughton et al., 2021; Navarro & Pereira, 2015). These species are often multi-stemmed and 

exhibit significant adaptations to environmental stressors, such as exposure to herbivory, 

resulting in irregular canopy shapes and increased biomass allocation to root systems (Kooch 

et al., 2024; Churski et al., 2022; Burrell et al., 2024; Perkovich & Ward, 2021). For example, oak 

(Quercus spp.) showed a strong relationship between canopy area and aboveground biomass 

and total biomass (Table 3.3A), with significant interactions under protected conditions (Table 

3.3B). These results suggest that relief from browsing pressure enables oaks to allocate more 

resources to canopy development, enhancing their aboveground biomass accumulation. 
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This finding aligns with the "thorn is the mother of the oak" hypothesis (Vera, 2000), which 

posits that oak saplings benefit from the initial protection provided by thorny shrubs such as 

bramble (Rubus fruticosus). Such facilitative interactions allow oaks to prioritise canopy 

expansion once browsing pressures are alleviated, as reflected in the enhanced biomass of 

protected trees in this study. Previous research further supports this mechanism, showing that 

thorny shrubs improve soil conditions through leaf li;er, reduce water stress, and buffer 

against temperature extremes, thereby fostering oak establishment and growth (Rousset & 

Lepart, 2000; Gómez-Aparicio et al., 2004; Callaway, 1995). 

Conversely, blackthorn (Prunus spinosa) exhibited significantly higher belowground biomass 

(BGB) in protected trees, driven by diameter at base height (Table 3.3). This increase in BGB 

could be a;ributed to its clonal propagation strategy through root suckering (Leinemann et 

al., 2014; Brown et al., 2022). In the absence of browsing pressure, blackthorn appears to 

allocate more resources to root expansion, enabling the production of new suckers and 

contributing to its dense, clonal growth habit (Facciolati et al., 2024). 

Dog rose (Rosa canina), however, exhibited a contrasting pa;ern, with lower aboveground 

biomass (AGB) in protected conditions, influenced by canopy area (Table 3.3). This result 

could be reflecting its competition with bramble (Rubus fruticosus). Bramble’s rapid canopy 

expansion and shading could be limiting the light availability and growing space, suppressing 

the less competitive species like dog rose (Balandier et al., 2013; Tutin, 1964; Schniqler & 

Borlea, 1998). Unlike blackthorn and oak, which possess traits enabling them to withstand 

competition or even benefit from facilitative interactions, dog rose may be particularly 

vulnerable to the resource-limiting effects of bramble.  
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These results highlight the variability in biomass predictors across taxa (Table 3.3), shaped by 

taxa-specific adaptations to stressors like browsing (Ngomanda et al., 2014; Chave et al., 2005). 

They emphasise the need for taxon-specific models (Table 3.4) to accurately capture growth 

pa;erns and responses to environmental stress, particularly in complex, multi-stemmed 

systems like scrub vegetation (Jucker et al., 2017; Picard et al., 2012). 

The root:shoot (R:S) ratios observed reveal that scrub species allocate a substantially higher 

proportion of biomass to belowground components (BGB) (Figure 3.8D) than predicted by 

current carbon models. This aligns with my previous work (Chapter 2 – Burrell et al., 2024) 

highlighting the limitations of standardised approaches to estimating belowground biomass, 

such as the Woodland Carbon Code (WCC) model, which assumes a generalised R:S value of 

0.26 (Nowak, 2019). For instance, applying this standardised approach to oak and dog rose in 

this study would have underestimated their BGB by more than four times the actual values 

(oak exposed R:S = 1.18 ± 0.67 SD; dog rose exposed R:S = 1.22 ± 1.66 SD; dog rose protected 

R:S = 1.15 ± 1.09 SD) (Figure 3.8D)). Such discrepancies highlight the urgent need for models 

that reflect the structural and ecological complexities of scrub vegetation. 

This study reinforces the distinct carbon allocation dynamics of scrub ecosystems, se;ing 

them apart from plantation forests. Scrub species, with their higher R:S ratios, likely play a 

significant role in enhancing soil organic carbon stocks through organic ma;er accumulation, 

improved soil structure, and increased microbial activity—processes vital for carbon 

sequestration (Hamilton et al., 2008; Sun et al., 2017). The predictive accuracy of the models 

developed in this study (Figure 3.8, Table 3.4) is particularly crucial in rewilding contexts, 

where scrublands are often overlooked in carbon accounting frameworks (Ma;hews, 2017; 

Mercer et al., 2023). Estimates from other studies further illustrate that currently these systems 
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are being underestimated, with reported R:S values for scrubland ranging from 0.32 (Mokany 

et al., 2006) to 0.94 (Axe et al., 2017). Integrating taxon- and condition-specific R:S ratios into 

frameworks like the WCC will yield more accurate estimates of biomass and carbon storage, 

strengthening conservation and carbon offset strategies. Accounting for the higher 

belowground biomass allocation observed in scrub taxa, particularly in stress-prone 

landscapes, will improve the predictive power and applicability of these models (Ngomanda 

et al., 2014; Chave et al., 2005). 

3.4.2. Impact of Browsing on Biomass Allocation 
 

The allometric models developed in this study also demonstrate the significant role of 

browsing in shaping biomass allocation in scrub trees. Incorporating "exposed" and 

"protected" categories improved model performance, providing critical insights into how 

browsing pressure influences biomass distribution. In general, browsing increased 

belowground biomass (BGB) allocation, highlighting the need to consider browsing condition 

in allometric equations. For example, oak (Quercus spp.) exhibited a significantly lower 

root:shoot (R:S) ratio in protected trees compared to exposed trees (Table 3.3B). Similarly, 

hawthorn (Crataegus spp.) and dog rose (Rosa canina) displayed lower R:S ratios in protected 

trees than in exposed ones (Table 3.3B; Figure 3.8D). These results suggest that browsing 

prompts many scrub taxa to allocate more biomass to roots, likely as a strategy for resilience, 

defence, and recovery (Perkovich & Ward, 2021; Langley et al., 2002). 

This pa;ern aligns with findings from other grazed and browsed landscapes (e.g., Dalgleish 

& Hartne;, 2006; Qian et al., 2017), although it has not been widely documented in rewilded 

systems. Herbivory is known to drive increased root biomass investment as compensation for 
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canopy loss (Axe et al., 2020). Notably, blackthorn (Prunus spinosa) and sallow (Salix spp.) 

showed differing responses (Table 3.4): blackthorn's aboveground biomass (AGB) was 

unaffected by browsing, likely due to its robust regrowth capacity and thorny morphology, 

which deter herbivory and maintain consistent aboveground biomass (Facciolati et al., 2024). 

However, blackthorn BGB was significantly higher in protected trees (Table 3.3B), suggesting 

that root biomass allocation is more responsive to reduced browsing pressure. 

Sallow, with its multi-stemmed growth strategy as a defence against browsing (Dormann & 

Skarpe, 2002), showed a significant browsing effect on AGB  but not on BGB (Table 3.3B). This 

consistent root allocation may reflect the species’ adaptation to water-saturated environments, 

where roots stabilise growth and enhance nutrient uptake (Kuzovkina & Quigley, 2005). 

Furthermore, Salix spp. are well-adapted to degraded soils, demonstrating fast growth, 

tolerance to flooding, and the ability to resprout after harvesting (Pietrzykowski et al., 2021; 

Kuzovkina & Quigley, 2004). These traits may explain the lack of statistical significance in this 

BGB model, as they promote stability and consistency in root biomass allocation regardless of 

environmental pressures. 

Using the browse line (>2.5 m) as a metric instead of browsing condition highlighted 

significant differences in root-to-shoot (R:S) ratios for both sallow and blackthorn (Figure 3.9). 

For both species, R:S ratios were notably higher below the browse line compared to above it, 

emphasising the impact of browsing pressure on their growth allocation pa;erns. These 

findings align with research by Facciolati et al. (2024), which showed that long-term browsing 

pressure by red deer (Cervus elaphus) drives structural adaptations in blackthorn. Browsed 

individuals developed increased thorn density and assumed a dwarf, shrubby growth form, 

whereas unbrowsed plants grew taller and tree-like. 
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The browse line results in this study be;er reflect biomass allocation pa;erns than those 

derived from the browsing proxy (bramble condition), aligning more closely with the findings 

of Facciolati et al. (2024) and Perkovich and Ward (2021). The bramble proxy, while useful, 

does not directly measure herbivore density or browsing intensity, limiting its ability to 

capture the complexity of biomass allocation. This limitation may partly explain the 

insignificant effects observed for blackthorn AGB and sallow BGB, which could reflect noise 

in the dataset. 

Significant BGB investment was also observed in other scrub taxa below the browse line, 

independent of browsing condition (Figure 3.9). This suggests an adaptive strategy among 

smaller individuals to withstand persistent herbivory. Among the species studied, dog rose 

(Rosa canina) and oak (Quercus spp.) exhibited the highest mean R:S ratios below the browse 

line (Figure 3.9). Dog rose, despite its thorny defences reducing browsing pressure (Salek et 

al., 2019; Coverdale et al., 2018), displayed a high R:S ratio, possibly reflecting a strategy to 

invest heavily in root biomass for rapid recovery and regrowth, even with minimal 

aboveground disturbance (Skarpe & Hester, 2008). Similarly, oak’s elevated R:S mirrors 

observations by Rackham (1996) in sheep-browsed landscapes in Crete, where intense 

browsing pressure led to increased root investment as a survival strategy. This adaptive 

allocation enhances resilience in heavily disturbed environments, indicating that oaks 

consistently reallocate resources to roots as a defence against herbivory. 

This highlights the importance of root biomass in ensuring long-term resilience and suggests 

that scrub trees adapt their growth strategies in response to environmental pressures in more 

complex ways than previously understood. 
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3.5 Conclusion 
 

This study highlights the importance of developing taxa-specific allometric equations for 

accurately estimating biomass in scrub ecosystems. I assembled a database of 270 scrub 

individuals, including roots, across the five dominant scrub taxa to create these allometric 

equations. These equations, which can be used in conjunction with the taxa-specific carbon 

values estimated in Chapter 4, will enable assessments of other rewilding projects and help 

estimate the carbon storage potential of scrubland taxa on rewilded landscapes. The scrub- 

and taxa-specific models developed here for aboveground, belowground and total biomass, 

demonstrate a robust predictive performance, filling significant gaps in the carbon accounting 

of rewilded landscapes. 

My findings also indicate that there is more biomass below ground than previously estimated, 

challenging previous models that failed to account for the complex structural traits of scrub 

vegetation on browsed landscape, including its higher proportion of belowground biomass.  

My research therefore suggests that rewilding and its associated development of scrubland 

has the potential to store significant amounts of carbon and provide other ecosystem services. 

This evidence provides further support that the growing recognition of rewilding and 

scrubland regeneration can be important contributors to carbon sequestration, particularly in 

the context of global initiatives such as the UN’s REDD+ programme, which seeks to mitigate 

climate change through forest carbon stock enhancement (REDD+, www.redd.unfccc.int – 

Accessed on 18 Sep. 2024). The inclusion of scrublands in such frameworks could significantly 

enhance global carbon assessments by recognising the biomass and carbon sequestration 

potential of these ecosystems. 
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3.7 Supplementary Material  
 

Table S3.1: Summary of biomass models for above-ground biomass (AGB), below-
ground biomass (BGB), and total biomass across different taxa. Models include 
combinations of log-transformed height, diameter at breast height (DBH), canopy 
area, condition, and their interactions. Model fit improves with additional predictors 
and interactions, indicated by higher R2 and lower AIC values. 

Biomass Taxon Model R2 RSS AIC 

AGB hawthorn log_above ~ log_height 0.75 60.12 168.9 

AGB hawthorn log_above ~ log_height + log_dbh 0.82 42.22 149.54 

AGB hawthorn log_above ~ log_height + log_dbh + 
log_canopy_area 

0.9 23.19 118.58 

AGB hawthorn log_above ~ log_height * log_dbh 0.84 38.89 147.02 

AGB hawthorn log_above ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.91 20.9 114.87 

AGB hawthorn log_above ~ condition * log_height 0.77 55.03 167.95 

AGB hawthorn log_above ~ condition * log_height * log_dbh 0.89 26.45 133.83 

AGB hawthorn log_above ~ condition * log_height * log_dbh 
* log_canopy_area 

0.94 14.02 114.89 

BGB hawthorn log_below ~ log_height 0.67 43.61 150.92 

BGB hawthorn log_below ~ log_height + log_dbh 0.8 25.52 121.84 

BGB hawthorn log_below ~ log_height + log_dbh + 
log_canopy_area 

0.85 19.61 109.36 

BGB hawthorn log_below ~ log_height * log_dbh 0.81 24.22 120.98 

BGB hawthorn log_below ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.88 15.93 99.94 

BGB hawthorn log_below ~ condition * log_height 0.73 35.23 142.96 

BGB hawthorn log_below ~ condition * log_height * log_dbh 0.88 15.53 104.55 
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Biomass Taxon Model R2 RSS AIC 

BGB hawthorn log_below ~ condition * log_height * log_dbh 
* log_canopy_area 

0.92 10.48 98.91 

Total hawthorn log_total ~ log_height 0.74 51.65 160.39 

Total hawthorn log_total ~ log_height + log_dbh 0.84 31.68 133.74 

Total hawthorn log_total ~ log_height + log_dbh + 
log_canopy_area 

0.9 18.43 105.96 

Total hawthorn log_total ~ log_height * log_dbh 0.85 28.96 130.81 

Total hawthorn log_total ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.92 15.91 99.88 

Total hawthorn log_total ~ condition * log_height 0.77 45.14 156.85 

Total hawthorn log_total ~ condition * log_height * log_dbh 0.9 19.14 116.02 

Total hawthorn log_total ~ condition * log_height * log_dbh * 
log_canopy_area 

0.95 10.57 99.38 

AGB blackthorn log_above ~ log_height 0.73 92.29 188.19 

AGB blackthorn log_above ~ log_height + log_dbh 0.78 74.25 178.44 

AGB blackthorn log_above ~ log_height + log_dbh + 
log_canopy_area 

0.81 66.78 174.71 

AGB blackthorn log_above ~ log_height * log_dbh 0.78 74.14 180.36 

AGB blackthorn log_above ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.81 66.33 176.35 

AGB blackthorn log_above ~ condition * log_height 0.78 75.86 181.6 

AGB blackthorn log_above ~ condition * log_height * log_dbh 0.79 70.33 185.51 

AGB blackthorn log_above ~ condition * log_height * log_dbh 
* log_canopy_area 

0.86 49.08 182.09 

BGB blackthorn log_below ~ log_height 0.63 66.58 170.56 

BGB blackthorn log_below ~ log_height + log_dbh 0.74 46.5 153.17 

BGB blackthorn log_below ~ log_height + log_dbh + 
log_canopy_area 

0.79 37.4 143.41 

BGB blackthorn log_below ~ log_height * log_dbh 0.75 45.13 153.55 

BGB blackthorn log_below ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.8 36.25 143.72 

BGB blackthorn log_below ~ condition * log_height 0.73 48.52 157.47 
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Biomass Taxon Model R2 RSS AIC 

BGB blackthorn log_below ~ condition * log_height * log_dbh 0.79 38.01 152.28 

BGB blackthorn log_below ~ condition * log_height * log_dbh 
* log_canopy_area 

0.92 14.14 114.88 

Total blackthorn log_total ~ log_height 0.71 83.5 182.78 

Total blackthorn log_total ~ log_height + log_dbh 0.78 62.58 169.21 

Total blackthorn log_total ~ log_height + log_dbh + 
log_canopy_area 

0.82 53.61 162.85 

Total blackthorn log_total ~ log_height * log_dbh 0.79 62.16 170.84 

Total blackthorn log_total ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.82 53.51 164.76 

Total blackthorn log_total ~ condition * log_height 0.76 68.45 176.05 

Total blackthorn log_total ~ condition * log_height * log_dbh 0.79 59.62 176.59 

Total blackthorn log_total ~ condition * log_height * log_dbh * 
log_canopy_area 

0.88 36.28 165.77 

AGB sallow log_above ~ log_height 0.64 75.62 173.04 

AGB sallow log_above ~ log_height + log_dbh 0.79 42.9 145.57 

AGB sallow log_above ~ log_height + log_dbh + 
log_canopy_area 

0.87 26.91 123.32 

AGB sallow log_above ~ log_height * log_dbh 0.8 41.43 145.76 

AGB sallow log_above ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.88 25.27 122.04 

AGB sallow log_above ~ condition * log_height 0.72 58.73 163.9 

AGB sallow log_above ~ condition * log_height * log_dbh 0.85 31.6 139.67 

AGB sallow log_above ~ condition * log_height * log_dbh 
* log_canopy_area 

0.93 14.1 113.7 

BGB sallow log_below ~ log_height 0.49 69.78 168.86 

BGB sallow log_below ~ log_height + log_dbh 0.65 47.98 151.38 

BGB sallow log_below ~ log_height + log_dbh + 
log_canopy_area 

0.73 36.88 139.7 

BGB sallow log_below ~ log_height * log_dbh 0.67 45 150.05 

BGB sallow log_below ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.74 35.72 140.05 
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Biomass Taxon Model R2 RSS AIC 

BGB sallow log_below ~ condition * log_height 0.58 57.13 162.46 

BGB sallow log_below ~ condition * log_height * log_dbh 0.73 36.63 147.35 

BGB sallow log_below ~ condition * log_height * log_dbh 
* log_canopy_area 

0.81 26.08 145.69 

Total sallow log_total ~ log_height 0.61 69.06 168.32 

Total sallow log_total ~ log_height + log_dbh 0.77 40.22 142.22 

Total sallow log_total ~ log_height + log_dbh + 
log_canopy_area 

0.85 26.66 122.82 

Total sallow log_total ~ log_height * log_dbh 0.78 38.47 141.9 

Total sallow log_total ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.86 25.33 122.17 

Total sallow log_total ~ condition * log_height 0.69 53.68 159.22 

Total sallow log_total ~ condition * log_height * log_dbh 0.83 29.42 135.95 

Total sallow log_total ~ condition * log_height * log_dbh * 
log_canopy_area 

0.91 15.54 118.77 

AGB oak log_above ~ log_height 0.7 27.66 113.15 

AGB oak log_above ~ log_height + log_dbh 0.7 27.33 114.6 

AGB oak log_above ~ log_height + log_dbh + 
log_canopy_area 

0.8 18.23 97.96 

AGB oak log_above ~ log_height * log_dbh 0.74 23.85 110.32 

AGB oak log_above ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.85 14.12 88.22 

AGB oak log_above ~ condition * log_height 0.75 23.07 108.79 

AGB oak log_above ~ condition * log_height * log_dbh 0.78 19.88 109.94 

AGB oak log_above ~ condition * log_height * log_dbh 
* log_canopy_area 

0.91 8.05 84.38 

BGB oak log_below ~ log_height 0.58 28.9 115.17 

BGB oak log_below ~ log_height + log_dbh 0.58 28.9 117.17 

BGB oak log_below ~ log_height + log_dbh + 
log_canopy_area 

0.74 18.01 97.4 

BGB oak log_below ~ log_height * log_dbh 0.6 27.51 116.89 
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Biomass Taxon Model R2 RSS AIC 

BGB oak log_below ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.8 13.82 87.23 

BGB oak log_below ~ condition * log_height 0.62 26.6 115.34 

BGB oak log_below ~ condition * log_height * log_dbh 0.66 23.72 118.08 

BGB oak log_below ~ condition * log_height * log_dbh 
* log_canopy_area 

0.84 10.99 98.68 

Total oak log_total ~ log_height 0.68 24.47 107.51 

Total oak log_total ~ log_height + log_dbh 0.68 24.4 109.38 

Total oak log_total ~ log_height + log_dbh + 
log_canopy_area 

0.81 14.64 87.88 

Total oak log_total ~ log_height * log_dbh 0.72 21.66 105.89 

Total oak log_total ~ condition + log_height + log_dbh 
+ log_canopy_area 

0.87 10.33 73.84 

Total oak log_total ~ condition * log_height 0.73 20.76 103.95 

Total oak log_total ~ condition * log_height * log_dbh 0.77 17.7 104.62 

Total oak log_total ~ condition * log_height * log_dbh * 
log_canopy_area 

0.92 6.42 73.93 

AGB dog rose log_above ~ log_height 0.78 41.73 146.9 

AGB dog rose log_above ~ log_height + log_canopy_area 0.8 38.95 145.1 

AGB dog rose log_above ~ log_height * log_canopy_area 0.81 35.54 142.07 

AGB dog rose log_above ~ condition + log_height + 
log_canopy_area 

0.83 32.1 136.46 

AGB dog rose log_above ~ condition * log_height 0.82 34.73 140.8 

AGB dog rose log_above ~ condition * log_height * 
log_canopy_area 

0.85 28.43 137.79 

BGB dog rose log_below ~ log_height 0.51 40.7 145.53 

BGB dog rose log_below ~ log_height + log_canopy_area 0.56 36.55 141.61 

BGB dog rose log_below ~ log_height * log_canopy_area 0.56 36.39 143.37 

BGB dog rose log_below ~ condition + log_height + 
log_canopy_area 

0.63 30.61 133.85 

BGB dog rose log_below ~ condition * log_height 0.59 34.04 139.69 
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Biomass Taxon Model R2 RSS AIC 

BGB dog rose log_below ~ condition * log_height * 
log_canopy_area 

0.64 29.78 140.34 

Total dog rose log_total ~ log_height 0.72 36.38 139.35 

Total dog rose log_total ~ log_height + log_canopy_area 0.75 32.28 134.77 

Total dog rose log_total ~ log_height * log_canopy_area 0.77 30.02 132.78 

Total dog rose log_total ~ condition + log_height + 
log_canopy_area 

0.8 26.57 126.07 

Total dog rose log_total ~ condition * log_height 0.77 30.72 134.06 

Total dog rose log_total ~ condition * log_height * 
log_canopy_area 

0.81 24.64 129.92 

 

Table S3.2: The table presents the estimated coefficients for the maximum model 
log(biomass)∼condition∗log(height)∗log(canopy_area)∗log(dbh), fitted separately for 
each taxon and biomass type (AGB = Above-Ground Biomass, BGB = Below-Ground 
Biomass, TB = Total Biomass). Each row shows the taxon, biomass type, coefficient 
estimate (β), standard error (s.e.), t-value (t), along with the beta identifier (b0 to b15) 
corresponding to the intercept, main effects, and interaction terms. The intercept is b0, 
while the highest-order interaction term (b15) captures the combined effect of 
condition, height, canopy area, and dbh. p-values are excluded from this table as 
uninformative to these model comparisons. Each of the terms included in the various 
models (Table 3.4) were significant (p < 0.05) (see Tables 3.3a and b). 

Taxon Log(W) estimate s.e. t_value b 

blackthorn AGB 71.64 66.78 1.07 b0 

blackthorn AGB 43.70 81.77 0.53 b1 

blackthorn AGB -20.82 18.32 -1.14 b2 

blackthorn AGB -5.97 7.08 -0.84 b3 

blackthorn AGB -19.59 18.46 -1.06 b4 

blackthorn AGB -6.30 21.07 -0.30 b5 

blackthorn AGB -6.32 9.11 -0.69 b6 

blackthorn AGB 2.06 1.86 1.10 b7 

blackthorn AGB -18.25 24.59 -0.74 b8 

blackthorn AGB 5.65 4.98 1.13 b9 
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Taxon Log(W) estimate s.e. t_value b 

blackthorn AGB 1.67 1.95 0.86 b10 

blackthorn AGB 0.91 2.21 0.41 b11 

blackthorn AGB 3.46 6.15 0.56 b12 

blackthorn AGB 2.20 2.76 0.80 b13 

blackthorn AGB -0.52 0.50 -1.03 b14 

blackthorn AGB -0.40 0.65 -0.61 b15 

blackthorn BGB 52.56 35.84 1.47 b0 

blackthorn BGB 40.82 43.89 0.93 b1 

blackthorn BGB -12.72 9.83 -1.29 b2 

blackthorn BGB -3.69 3.80 -0.97 b3 

blackthorn BGB -16.28 9.91 -1.64 b4 

blackthorn BGB -11.58 11.31 -1.02 b5 

blackthorn BGB -4.59 4.89 -0.94 b6 

blackthorn BGB 1.03 1.00 1.03 b7 

blackthorn BGB -12.55 13.20 -0.95 b8 

blackthorn BGB 3.88 2.67 1.45 b9 

blackthorn BGB 1.35 1.05 1.29 b10 

blackthorn BGB 1.32 1.18 1.12 b11 

blackthorn BGB 3.84 3.30 1.16 b12 

blackthorn BGB 1.19 1.48 0.81 b13 

blackthorn BGB -0.31 0.27 -1.16 b14 

blackthorn BGB -0.40 0.35 -1.14 b15 

blackthorn TB 71.90 57.42 1.25 b0 

blackthorn TB 48.88 70.30 0.70 b1 

blackthorn TB -19.33 15.75 -1.23 b2 

blackthorn TB -5.96 6.09 -0.98 b3 

blackthorn TB -20.44 15.87 -1.29 b4 

blackthorn TB -9.49 18.12 -0.52 b5 

blackthorn TB -6.43 7.83 -0.82 b6 

blackthorn TB 1.86 1.60 1.16 b7 

blackthorn TB -18.28 21.14 -0.86 b8 
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Taxon Log(W) estimate s.e. t_value b 

blackthorn TB 5.47 4.28 1.28 b9 

blackthorn TB 1.81 1.68 1.08 b10 

blackthorn TB 1.20 1.90 0.63 b11 

blackthorn TB 4.01 5.29 0.76 b12 

blackthorn TB 2.11 2.37 0.89 b13 

blackthorn TB -0.50 0.43 -1.15 b14 

blackthorn TB -0.45 0.56 -0.80 b15 

dogrose AGB -14.21 43.28 -0.33 b0 

dogrose AGB 3.83 62.71 0.06 b1 

dogrose AGB 4.29 10.23 0.42 b2 

dogrose AGB 1.00 5.75 0.17 b3 

dogrose AGB 3.22 16.36 0.20 b4 

dogrose AGB 0.03 13.71 0.00 b5 

dogrose AGB -1.01 9.12 -0.11 b6 

dogrose AGB -0.19 1.30 -0.15 b7 

dogrose AGB 5.32 27.05 0.20 b8 

dogrose AGB -0.73 3.71 -0.20 b9 

dogrose AGB -0.27 2.20 -0.12 b10 

dogrose AGB 0.01 1.81 0.00 b11 

dogrose AGB -1.77 5.83 -0.30 b12 

dogrose AGB -0.16 3.74 -0.04 b13 

dogrose AGB 0.06 0.47 0.12 b14 

dogrose AGB 0.14 0.72 0.20 b15 

dogrose BGB 30.50 42.40 0.72 b0 

dogrose BGB -56.96 61.44 -0.93 b1 

dogrose BGB -8.04 10.02 -0.80 b2 

dogrose BGB -2.50 5.63 -0.44 b3 

dogrose BGB -9.79 16.03 -0.61 b4 

dogrose BGB 14.24 13.44 1.06 b5 

dogrose BGB 5.64 8.93 0.63 b6 

dogrose BGB 0.81 1.27 0.64 b7 
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Taxon Log(W) estimate s.e. t_value b 

dogrose BGB 29.63 26.50 1.12 b8 

dogrose BGB 3.00 3.63 0.83 b9 

dogrose BGB 0.81 2.15 0.37 b10 

dogrose BGB -1.47 1.77 -0.83 b11 

dogrose BGB -7.12 5.71 -1.25 b12 

dogrose BGB -2.93 3.66 -0.80 b13 

dogrose BGB -0.26 0.47 -0.56 b14 

dogrose BGB 0.72 0.70 1.02 b15 

dogrose TB 10.34 39.19 0.26 b0 

dogrose TB -24.79 56.78 -0.44 b1 

dogrose TB -2.49 9.26 -0.27 b2 

dogrose TB -0.68 5.21 -0.13 b3 

dogrose TB -3.59 14.81 -0.24 b4 

dogrose TB 6.88 12.42 0.55 b5 

dogrose TB 2.09 8.25 0.25 b6 

dogrose TB 0.34 1.18 0.29 b7 

dogrose TB 15.26 24.49 0.62 b8 

dogrose TB 1.31 3.36 0.39 b9 

dogrose TB 0.21 1.99 0.11 b10 

dogrose TB -0.70 1.64 -0.43 b11 

dogrose TB -3.94 5.28 -0.75 b12 

dogrose TB -1.35 3.39 -0.40 b13 

dogrose TB -0.11 0.43 -0.25 b14 

dogrose TB 0.39 0.65 0.60 b15 

hawthorn AGB -18.87 53.22 -0.35 b0 

hawthorn AGB 85.16 94.81 0.90 b1 

hawthorn AGB 4.07 12.76 0.32 b2 

hawthorn AGB 1.85 5.85 0.32 b3 

hawthorn AGB -0.18 13.73 -0.01 b4 

hawthorn AGB -16.62 19.66 -0.85 b5 

hawthorn AGB -10.03 10.59 -0.95 b6 
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Taxon Log(W) estimate s.e. t_value b 

hawthorn AGB -0.27 1.34 -0.20 b7 

hawthorn AGB -13.77 27.00 -0.51 b8 

hawthorn AGB 0.00 3.18 0.00 b9 

hawthorn AGB 0.14 1.55 0.09 b10 

hawthorn AGB 1.84 2.11 0.87 b11 

hawthorn AGB 2.71 5.40 0.50 b12 

hawthorn AGB 1.79 3.02 0.59 b13 

hawthorn AGB -0.02 0.34 -0.05 b14 

hawthorn AGB -0.33 0.58 -0.56 b15 

hawthorn BGB -18.53 46.02 -0.40 b0 

hawthorn BGB 118.98 81.99 1.45 b1 

hawthorn BGB 8.85 11.03 0.80 b2 

hawthorn BGB -0.42 5.06 -0.08 b3 

hawthorn BGB 2.12 11.88 0.18 b4 

hawthorn BGB -28.34 17.00 -1.67 b5 

hawthorn BGB -10.63 9.16 -1.16 b6 

hawthorn BGB -0.36 1.16 -0.31 b7 

hawthorn BGB -27.43 23.35 -1.17 b8 

hawthorn BGB -1.64 2.75 -0.60 b9 

hawthorn BGB 0.50 1.34 0.37 b10 

hawthorn BGB 2.51 1.83 1.37 b11 

hawthorn BGB 6.62 4.67 1.42 b12 

hawthorn BGB 2.43 2.61 0.93 b13 

hawthorn BGB 0.04 0.29 0.13 b14 

hawthorn BGB -0.58 0.50 -1.16 b15 

hawthorn TB -4.92 46.22 -0.11 b0 

hawthorn TB 86.19 82.35 1.05 b1 

hawthorn TB 3.12 11.08 0.28 b2 

hawthorn TB -0.49 5.08 -0.10 b3 

hawthorn TB -2.44 11.93 -0.20 b4 

hawthorn TB -18.50 17.07 -1.08 b5 
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Taxon Log(W) estimate s.e. t_value b 

hawthorn TB -8.97 9.20 -0.97 b6 

hawthorn TB 0.00 1.17 0.00 b7 

hawthorn TB -16.02 23.45 -0.68 b8 

hawthorn TB 0.03 2.76 0.01 b9 

hawthorn TB 0.64 1.35 0.47 b10 

hawthorn TB 1.82 1.84 0.99 b11 

hawthorn TB 3.55 4.69 0.76 b12 

hawthorn TB 1.70 2.62 0.65 b13 

hawthorn TB -0.07 0.29 -0.23 b14 

hawthorn TB -0.35 0.51 -0.70 b15 

oak AGB -141.73 68.74 -2.06 b0 

oak AGB 141.52 74.66 1.90 b1 

oak AGB 37.44 17.71 2.11 b2 

oak AGB 22.63 10.89 2.08 b3 

oak AGB 46.30 19.81 2.34 b4 

oak AGB -38.13 19.09 -2.00 b5 

oak AGB -21.60 11.95 -1.81 b6 

oak AGB -5.80 2.78 -2.09 b7 

oak AGB -47.23 21.22 -2.23 b8 

oak AGB -11.86 5.05 -2.35 b9 

oak AGB -7.34 3.18 -2.31 b10 

oak AGB 5.78 2.88 2.00 b11 

oak AGB 12.20 5.37 2.27 b12 

oak AGB 7.30 3.44 2.12 b13 

oak AGB 1.88 0.80 2.34 b14 

oak AGB -1.88 0.83 -2.28 b15 

oak BGB -82.59 80.29 -1.03 b0 

oak BGB 84.34 87.21 0.97 b1 

oak BGB 21.69 20.69 1.05 b2 

oak BGB 13.64 12.72 1.07 b3 

oak BGB 27.54 23.14 1.19 b4 
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Taxon Log(W) estimate s.e. t_value b 

oak BGB -17.55 22.30 -0.79 b5 

oak BGB -15.40 13.96 -1.10 b6 

oak BGB -3.42 3.24 -1.06 b7 

oak BGB -29.97 24.78 -1.21 b8 

oak BGB -7.07 5.90 -1.20 b9 

oak BGB -4.37 3.72 -1.18 b10 

oak BGB 3.37 3.37 1.00 b11 

oak BGB 6.38 6.28 1.02 b12 

oak BGB 5.20 4.02 1.29 b13 

oak BGB 1.13 0.94 1.21 b14 

oak BGB -1.16 0.97 -1.20 b15 

oak TB -109.23 61.35 -1.78 b0 

oak TB 113.48 66.64 1.70 b1 

oak TB 29.12 15.81 1.84 b2 

oak TB 17.77 9.72 1.83 b3 

oak TB 36.34 17.68 2.06 b4 

oak TB -28.02 17.04 -1.64 b5 

oak TB -18.43 10.66 -1.73 b6 

oak TB -4.53 2.48 -1.83 b7 

oak TB -38.45 18.94 -2.03 b8 

oak TB -9.35 4.51 -2.07 b9 

oak TB -5.76 2.84 -2.03 b10 

oak TB 4.56 2.57 1.77 b11 

oak TB 9.28 4.80 1.94 b12 

oak TB 6.18 3.07 2.01 b13 

oak TB 1.49 0.72 2.07 b14 

oak TB -1.51 0.74 -2.04 b15 

sallow AGB -26.09 24.21 -1.08 b0 

sallow AGB -9.71 39.27 -0.25 b1 

sallow AGB 10.43 6.35 1.64 b2 

sallow AGB 1.55 2.85 0.54 b3 
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Taxon Log(W) estimate s.e. t_value b 

sallow AGB 3.71 7.56 0.49 b4 

sallow AGB -5.63 8.98 -0.63 b5 

sallow AGB 2.98 4.51 0.66 b6 

sallow AGB -0.73 0.69 -1.05 b7 

sallow AGB 13.12 12.33 1.06 b8 

sallow AGB -2.14 1.62 -1.32 b9 

sallow AGB 0.10 0.87 0.12 b10 

sallow AGB 0.14 0.99 0.14 b11 

sallow AGB -0.09 2.45 -0.04 b12 

sallow AGB -2.04 1.35 -1.51 b13 

sallow AGB 0.14 0.18 0.77 b14 

sallow AGB 0.15 0.26 0.58 b15 

sallow BGB -39.66 32.93 -1.20 b0 

sallow BGB 24.91 53.41 0.47 b1 

sallow BGB 13.72 8.64 1.59 b2 

sallow BGB 2.41 3.88 0.62 b3 

sallow BGB 9.04 10.28 0.88 b4 

sallow BGB -12.70 12.21 -1.04 b5 

sallow BGB -0.19 6.13 -0.03 b6 

sallow BGB -0.96 0.94 -1.03 b7 

sallow BGB -0.35 16.77 -0.02 b8 

sallow BGB -3.25 2.20 -1.48 b9 

sallow BGB -0.29 1.19 -0.25 b10 

sallow BGB 0.81 1.34 0.60 b11 

sallow BGB 2.43 3.33 0.73 b12 

sallow BGB -0.75 1.83 -0.41 b13 

sallow BGB 0.22 0.24 0.91 b14 

sallow BGB -0.09 0.36 -0.26 b15 

sallow TB -32.79 25.42 -1.29 b0 

sallow TB 5.20 41.23 0.13 b1 

sallow TB 11.71 6.67 1.76 b2 
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Taxon Log(W) estimate s.e. t_value b 

sallow TB 2.23 2.99 0.74 b3 

sallow TB 7.11 7.93 0.90 b4 

sallow TB -7.97 9.43 -0.85 b5 

sallow TB 1.46 4.73 0.31 b6 

sallow TB -0.84 0.72 -1.16 b7 

sallow TB 6.28 12.95 0.49 b8 

sallow TB -2.72 1.70 -1.60 b9 

sallow TB -0.22 0.91 -0.25 b10 

sallow TB 0.38 1.04 0.37 b11 

sallow TB 0.99 2.57 0.39 b12 

sallow TB -1.32 1.42 -0.93 b13 

sallow TB 0.19 0.18 1.02 b14 

sallow TB 0.04 0.28 0.14 b15 
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Table S3.3: Summary of model results for relationships between ecological variables 
and response variables across different taxa. The table provides coefficients 
(Estimate), standard errors (S.E.), t-values, and p-values for predictors such as log-
transformed density, canopy area, height, and interactions involving these variables. 
Significant effects (p < 0.05) are highlighted for each taxon and response type. 

Response Taxon Term Estimate S.E. t P-value 
above blackthorn (Intercept) -7.72 2.56 -3.02 0.00421165 
total blackthorn (Intercept) -5.47 2.29 -2.39 0.02121804 
below blackthorn log(density) -38.90 22.26 -1.75 0.08748869 
below blackthorn log(density):conditionprotected 13.30 7.76 1.71 0.09349710 
below blackthorn log(canopy_area) 0.63 0.38 1.65 0.10655590 
above blackthorn log(height) 1.55 0.95 1.64 0.10903158 
below blackthorn conditionprotected -0.92 0.58 -1.57 0.12330241 
total blackthorn log(canopy_area) 0.65 0.49 1.33 0.19001937 
total blackthorn log(height) 1.08 0.85 1.28 0.20707562 
above blackthorn log(canopy_area) 0.69 0.55 1.26 0.21501404 
below blackthorn (Intercept) -2.13 1.77 -1.20 0.23617611 
below blackthorn log(density):log(height) 8.87 8.40 1.06 0.29695431 
below blackthorn log(density):log(dbh) 6.91 7.52 0.92 0.36319179 
total blackthorn log(dbh) 0.55 0.69 0.80 0.42920605 
below blackthorn log(density):log(canopy_area) -4.08 5.25 -0.78 0.44093041 
below blackthorn log(height) 0.43 0.66 0.65 0.51597171 
above blackthorn log(density):log(canopy_area) -4.86 7.57 -0.64 0.52437837 
total blackthorn log(density):conditionprotected 5.97 10.01 0.60 0.55435597 
total blackthorn log(density):log(canopy_area) -3.87 6.78 -0.57 0.57053884 
above blackthorn log(density):log(dbh) 5.88 10.83 0.54 0.58993841 
total blackthorn log(density):log(height) 5.60 10.85 0.52 0.60814399 
above blackthorn conditionprotected -0.42 0.84 -0.50 0.61990858 
below blackthorn log(dbh) 0.27 0.54 0.50 0.62143185 
above blackthorn log(density):conditionprotected 5.17 11.18 0.46 0.64577208 
total blackthorn log(density):log(dbh) 4.16 9.70 0.43 0.66981718 
above blackthorn log(dbh) 0.31 0.77 0.40 0.69165637 
total blackthorn conditionprotected -0.29 0.75 -0.38 0.70215092 
total blackthorn log(density) -10.46 28.73 -0.36 0.71745238 
above blackthorn log(density):log(height) 3.74 12.11 0.31 0.75863450 
above blackthorn log(density) 3.05 32.07 0.09 0.92476296 
above dogrose log(height) 1.70 0.43 3.93 0.00043792 
above dogrose (Intercept) -4.36 1.20 -3.64 0.00099353 
total dogrose log(height) 1.06 0.37 2.87 0.00732109 
below dogrose log(dbh) 0.54 0.23 2.38 0.02349121 
total dogrose conditionprotected -0.67 0.31 -2.17 0.03755801 
below dogrose log(canopy_area) 0.26 0.12 2.13 0.04088628 
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total dogrose log(canopy_area) 0.24 0.12 2.09 0.04510217 
above dogrose conditionprotected -0.66 0.36 -1.85 0.07416589 
below dogrose conditionprotected -0.54 0.32 -1.70 0.09900963 
total dogrose log(dbh) 0.34 0.22 1.52 0.13874056 
above dogrose log(canopy_area) 0.19 0.14 1.38 0.17637503 
above dogrose log(dbh) 0.32 0.26 1.25 0.22044811 
total dogrose (Intercept) -1.19 1.02 -1.16 0.25467965 
above dogrose log(density):log(dbh) 4.41 4.33 1.02 0.31609105 
below dogrose log(height) 0.37 0.38 0.97 0.34021955 
total dogrose log(density):log(dbh) 3.44 3.70 0.93 0.35946255 
above dogrose log(density):log(canopy_area) -2.55 2.85 -0.89 0.37845991 
below dogrose log(density):conditionprotected -2.98 4.33 -0.69 0.49625216 
above dogrose log(density):log(height) 3.07 7.25 0.42 0.67465413 
total dogrose log(density):log(canopy_area) -0.94 2.44 -0.38 0.70295629 
below dogrose (Intercept) 0.39 1.06 0.37 0.71488338 
above dogrose log(density) -5.42 15.31 -0.35 0.72558318 
total dogrose log(density):conditionprotected -1.46 4.19 -0.35 0.73031410 
below dogrose log(density):log(dbh) 1.26 3.83 0.33 0.74497285 
total dogrose log(density) -3.63 13.09 -0.28 0.78366804 
below dogrose log(density) -3.47 13.55 -0.26 0.79939154 
below dogrose log(density):log(canopy_area) -0.37 2.52 -0.15 0.88531436 
above dogrose log(density):conditionprotected 0.54 4.90 0.11 0.91270777 
total dogrose log(density):log(height) 0.29 6.20 0.05 0.96359083 
below dogrose log(density):log(height) 0.27 6.42 0.04 0.96609190 
above hawthorn (Intercept) -5.57 1.48 -3.77 0.00046663 
total hawthorn (Intercept) -4.67 1.29 -3.61 0.00077094 
below hawthorn (Intercept) -4.35 1.30 -3.35 0.00164455 
total hawthorn log(canopy_area) 0.79 0.25 3.14 0.00301264 
above hawthorn log(canopy_area) 0.85 0.29 2.96 0.00486754 
below hawthorn log(canopy_area) 0.61 0.25 2.40 0.02072952 
below hawthorn log(height) 0.66 0.36 1.83 0.07389403 
total hawthorn log(dbh) 0.54 0.30 1.78 0.08174508 
total hawthorn log(height) 0.62 0.36 1.72 0.09153228 
below hawthorn conditionprotected -0.46 0.28 -1.62 0.11281619 
above hawthorn log(height) 0.65 0.41 1.58 0.12159898 
below hawthorn log(dbh) 0.48 0.31 1.57 0.12440290 
above hawthorn log(dbh) 0.52 0.35 1.49 0.14405977 
total hawthorn conditionprotected -0.34 0.28 -1.22 0.22780206 
above hawthorn conditionprotected -0.33 0.32 -1.03 0.30795912 
above hawthorn log(density) -13.69 14.01 -0.98 0.33371905 
below hawthorn log(density):conditionprotected -2.34 2.95 -0.79 0.43086541 
below hawthorn log(density):log(height) -2.73 3.99 -0.69 0.49637648 
below hawthorn log(density) 7.94 12.34 0.64 0.52340714 
below hawthorn log(density):log(dbh) 1.60 2.84 0.56 0.57546209 
total hawthorn log(density):conditionprotected -1.47 2.93 -0.50 0.61902585 
total hawthorn log(density):log(dbh) 1.37 2.83 0.48 0.63072035 
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above hawthorn log(density):log(canopy_area) 1.29 3.01 0.43 0.67165437 
total hawthorn log(density):log(height) -1.29 3.97 -0.32 0.74720706 
total hawthorn log(density) -3.80 12.28 -0.31 0.75829712 
above hawthorn log(density):log(dbh) 0.94 3.23 0.29 0.77163203 
above hawthorn log(density):log(height) -0.89 4.53 -0.20 0.84472645 
total hawthorn log(density):log(canopy_area) 0.44 2.64 0.17 0.86888367 
above hawthorn log(density):conditionprotected -0.41 3.35 -0.12 0.90196917 
below hawthorn log(density):log(canopy_area) 0.07 2.66 0.03 0.97888672 
total oak log(canopy_area) 0.72 0.11 6.77 0.00000007 
above oak log(canopy_area) 0.74 0.12 6.25 0.00000032 
below oak log(canopy_area) 0.71 0.12 5.73 0.00000159 
above oak (Intercept) -3.14 0.65 -4.86 0.00002297 
total oak conditionprotected -0.77 0.25 -3.11 0.00365209 
total oak (Intercept) -1.70 0.58 -2.94 0.00572436 
below oak conditionprotected -0.85 0.29 -2.94 0.00576636 
above oak conditionprotected -0.72 0.28 -2.59 0.01362203 
above oak log(density):log(canopy_area) 4.82 1.88 2.56 0.01473891 
below oak (Intercept) -1.61 0.67 -2.40 0.02173916 
above oak log(dbh) 0.42 0.19 2.24 0.03143627 
above oak log(density):log(height) -9.99 5.07 -1.97 0.05650032 
total oak log(dbh) 0.31 0.17 1.87 0.06965980 
total oak log(density):log(canopy_area) 2.93 1.68 1.74 0.08964666 
total oak log(height) 0.39 0.26 1.46 0.15230611 
above oak log(height) 0.43 0.30 1.46 0.15315800 
total oak log(density):log(height) -5.97 4.53 -1.32 0.19593138 
below oak log(density) 14.04 11.45 1.23 0.22810667 
above oak log(density):log(dbh) 4.73 3.94 1.20 0.23812435 
below oak log(dbh) 0.22 0.20 1.12 0.27199439 
below oak log(height) 0.30 0.31 0.96 0.34531628 
above oak log(density) -9.00 10.99 -0.82 0.41823982 
total oak log(density):log(dbh) 1.92 3.52 0.54 0.58979011 
below oak log(density):log(dbh) -2.11 4.11 -0.51 0.60993535 
below oak log(density):log(height) -2.67 5.28 -0.51 0.61642262 
below oak log(density):log(canopy_area) 0.62 1.96 0.32 0.75268762 
total oak log(density) -2.98 9.83 -0.30 0.76343321 
above oak log(density):conditionprotected 1.16 4.14 0.28 0.78133907 
total oak log(density):conditionprotected 0.80 3.70 0.22 0.82951492 
below oak log(density):conditionprotected 0.55 4.31 0.13 0.89990010 
above sallow (Intercept) -3.90 0.95 -4.09 0.00019209 
above sallow log(canopy_area) 0.63 0.18 3.53 0.00101306 
total sallow log(canopy_area) 0.55 0.18 3.09 0.00351451 
total sallow (Intercept) -2.51 0.96 -2.62 0.01220472 
below sallow log(canopy_area) 0.51 0.22 2.34 0.02402341 
above sallow conditionprotected -0.81 0.36 -2.24 0.03066032 
total sallow log(dbh) 0.74 0.34 2.18 0.03468268 
above sallow log(dbh) 0.70 0.34 2.09 0.04273200 
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above sallow log(height) 0.59 0.28 2.07 0.04416909 
total sallow conditionprotected -0.68 0.36 -1.87 0.06814139 
total sallow log(height) 0.52 0.29 1.83 0.07489362 
above sallow log(density):conditionprotected -3.90 2.27 -1.72 0.09343399 
below sallow (Intercept) -1.96 1.17 -1.68 0.10125195 
below sallow log(dbh) 0.68 0.41 1.64 0.10769465 
total sallow log(density):conditionprotected -3.10 2.28 -1.36 0.18222255 
below sallow conditionprotected -0.59 0.44 -1.33 0.18935297 
below sallow log(density) -6.62 7.14 -0.93 0.35922820 
total sallow log(density):log(height) 1.72 1.87 0.92 0.36405850 
below sallow log(density):conditionprotected -2.53 2.79 -0.91 0.36890240 
below sallow log(height) 0.31 0.35 0.90 0.37241962 
above sallow log(density):log(height) 1.67 1.86 0.90 0.37370395 
total sallow log(density) -5.18 5.85 -0.88 0.38129523 
above sallow log(density) -4.04 5.82 -0.69 0.49093158 
below sallow log(density):log(dbh) 1.23 2.89 0.42 0.67371143 
below sallow log(density):log(height) 0.87 2.29 0.38 0.70598562 
total sallow log(density):log(canopy_area) -0.43 1.26 -0.34 0.73371651 
above sallow log(density):log(canopy_area) -0.28 1.25 -0.22 0.82421550 
above sallow log(density):log(dbh) -0.39 2.36 -0.17 0.86779399 
below sallow log(density):log(canopy_area) -0.16 1.54 -0.10 0.91708146 
total sallow log(density):log(dbh) 0.23 2.37 0.10 0.92359655 
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4.0 Abstract 
 

Rewilding initiatives are increasingly recognised for their benefits to biodiversity and 

ecosystem restoration. It is known that rewilded landscapes can enhance habitat complexity 

and species diversity. However, their potential to sequester carbon remains unclear. The 

current practice, based on the forestry plantation model, often assumes that 50% of a tree’s 

dry biomass is carbon, but this generalisation is not based on empirical data for scrub species 

typical of rewilded areas where environmental conditions are very different and the impact 

of browsing herbivores affects growth and structure. This lack of specific knowledge makes it 

difficult to accurately assess the carbon storage capacity of these landscapes, potentially 

leading to overestimations or underestimations of their role in climate change mitigation. A 

more precise understanding of the carbon content in scrub species currently represents a 

significant knowledge gap. In this study, I use elemental analysis to measure the carbon 

content in various scrub species under different environmental conditions with the aim to 

determine whether the 50% rule also holds true for scrubland species; critical data to refine 

carbon stock estimates and be;er inform the carbon storage potential of rewilding projects. 

 

Key words: elemental analysis, carbon content, 50% rule biomass; rewilding, root:shoot ratio, 

scrubland 
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4.1 Introduction 
 

The potential carbon storage associated with reforestation is considered an important part of 

global carbon mitigation budgets for reducing greenhouse gas emissions to achieve Net Zero 

(IPCC, 2019; Strassburg et al., 2020; Mappin et al., 2022; Bastin et al., 2019). The most recent 

IPCC report spotlights the ability of trees to capture atmospheric carbon and store it within 

their biomass (European Environment Agency, 2022) and this has provided the impetus of 

global initiatives such as the Bonn Challenge, the Trillion Tree Campaign, and the United 

Nations Decade on Ecosystem Restoration, to set ambitious targets for landscape reforestation 

and associated offse;ing of greenhouse gas emissions (Brancalion et al., 2024). However there 

remains the key challenge of robustly quantifying this capacity of trees for capturing CO2, thus 

contributing to reaching the objectives delineated in the Paris Agreement (United Nations, 

2015). 

Previous research has shown that quantification of carbon content in living trees varies 

significantly across different species and environmental conditions. For instance, studies have 

reported that wood carbon content ranges from 41.9% to 60.7%, varying significantly among 

species and biomes such as tropical, subtropical, and temperate regions (Thomas & Martin, 

2012; He et al., 2018). 

The carbon content in trees is influenced by a variety of factors including the species, the age 

of the tree, geographical location, and environmental stressors (Mildrexler et al., 2020; Bardule 

et al., 2021; Lines et al., 2010). As such, determining the species-specific carbon content in 

different woody environments is complex (Lamlom & Savidge, 2003; Martin & Thomas, 2011; 

Thomas & Malczewski, 2007) and, as a result, the use of detailed species-specific carbon 
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fractions in calculating woody carbon storage remains uncommon. Instead, the prevailing 

practice is to rely on carbon stock assumptions, based on a few common species, which lack 

chemical analysis to determine quantitively their carbon content (Bha;i et al. 2022; 

Rutishauser et al., 2013; Phillips et al., 2016; Hauck et al., 2023). 

A widely adopted method in frameworks such as i-Tree Eco (i-Tree, 2021) and the Woodland 

Carbon Code (Forestry Commission, 2014) is to estimate carbon content based on the 

assumption that 50% of a tree's dry biomass is carbon (Jenkins et al., 2011). Dry biomass is 

calculated using an allometric equation based on height (h), density (𝜌) and diameter at breast 

height (dbh) (Chave et al., 2014). However, the origin and validity of this “rule-of-thumb” 

estimation have been questioned. Some researchers argue that this assumption is not 

supported by robust data and can lead to errors of 5-8% in carbon stock assessments (Martin 

& Thomas, 2011). This discrepancy arises because allometric equations only quantify total 

biomass and do not directly measure carbon content (nowak et al., 2014; Chave et al., 2005; 

Pati et al., 2022; Vorster et al., 2020). For example, trees in the forestry plantation model, 

planted close together to encourage straight trunks as they compete for light, may reach height 

faster than open-grown trees but their wood is likely to be less dense, resulting in lower carbon 

storage capacity (Bohn & Huth, 2017; Poorter et al., 2012). Similarly, the chemical and 

structural changes exhibited by trees and woody shrubs under herbivory in a rewilding 

scenario—such as increased levels of tannins (Feeny, 1976; Bryant et al., 1983), bifurcation of 

stems and branches, growth of thorns to repel browsers (Karban & Baldwin, 2007; Gowda, 

1996), and protective growth to heal tissue damage (Coetsee et al., 2019)—may result in 

different levels of carbon storage than the prevailing 50% carbon/biomass rule predicts. At the 

same time, their root systems are likely to be larger, responding to herbivory pressures, than 
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the below-ground biomass predicted by standard above-ground measurements (Burrell et al., 

2024). Additionally, the structure, composition, wood density, and below-ground biomass of 

trees affected by harsh environmental conditions such as drought and wind can differ from 

those of trees grown in the forestry plantation model, potentially altering the carbon-to-

biomass ratio (West et al., 2001; Rosell et al., 2016). As a result, applying a generalised biomass-

to-carbon conversion across diverse woodland environments is thought to lead to significant 

inaccuracies in carbon stock estimates (Thomas & Martin, 2012; Saner et al., 2012; Melson et 

al., 2011). 

Even more problematic is the fact that the foundation upon which the 50% C content 

assumption is based (Ma;hews 1993) is the Woodland Carbon Code dataset (Natural 

England, 2024; Timber Development UK, 2024). This dataset encompasses only 23 taxa, with 

40% of these based on a single representative tree sample, indicating a worrying lack of 

statistically significant sample size. Even within taxa like oak (Quercus spp.), significant 

variations of up to 10% in carbon content have been observed (Martin & Thomas, 2011). 

Admi;edly, the Intergovernmental Panel on Climate Change (IPCC) and a few selective 

studies use alternative biomass-carbon conversion factors that take into account different 

environments when estimating carbon stocks (IPCC, 2006). For example, a study on Silky oak 

(Grevillea robusta) in Thailand found that the adjusted 47% carbon content assumed by the 

IPCC estimates was an accurate representation for that species in that tropical savanna 

environment (Laosuwan et al., 2023). However, studies from different ecozones suggest that 

the IPCC's biomass-carbon conversion factor might also be oversimplified since it does not 

take sufficiently into account how the biomass-carbon content relationship may differ by 

species. Its calculations are based on very few samples and tend to generalise across tree 
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species—often pooling tree species with insufficient replicates (Martin & Thomas, 2011).  For 

instance, a study on the IPCC's conversion factors for major tree species in Latvia revealed a 

notable 5.1% underestimation in carbon stocks using the default IPCC carbon content values 

(Bardule et al., 2021), and research conducted by Martin & Thomas (2011) on the carbon 

content of Panamanian rainforests found substantial variability among species, which 

frequently led to lower carbon estimates than typically expected. In the study by Liepins et al. 

(2017), the three deciduous tree species examined in Latvia were birch (Betula spp.), aspen 

(Populus tremula), and black alder (Alnus glutinosa). The study found that IPCC values 

overestimated the carbon content of these species. These findings highlight the urgent need 

for a more sophisticated and detailed woodland carbon accounting methodology, reflecting 

the complexities of actual carbon content in trees. 

Elemental analysis via dry combustion has proven pivotal in highlighting the inadequacy of 

the 50% carbon assumption rule (Thomas & Martin, 2012; Lamlom et al., 2003; Thomas & 

Malczewski, 2007). This method accurately determines the species-specific carbon content of 

trees, revealing considerable variations across ecosystems. However, it is not yet widely used. 

Despite the fact that there have been significant advancements in biomass quantification 

through innovative methods such as the use of Unmanned Aerial Vehicles (UAV) for volume 

estimates (Reef & Gordon, 2024; Alonzo et al., 2020) and allometric equations (Verly et al., 

2023; Liu et al., 2023; Tian et al., 2023; Bouvet et al., 2018; Zhang et al., 2020) there is still a 

significant gap in converting biomass to accurate carbon stock figures. This is perhaps because 

of the cost and time required to measure the elemental chemistry over large enough samples. 

Macro-scale data is, however, needed in order to test whether the 50% biomass calculation 

can, indeed, be used as a proxy for carbon content, or whether it is a blunt instrument, and 
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further measurements of carbon concentration are required that take into account different 

species and environmental conditions.  

Another issue with the current methods for determining carbon stock is the lack of 

representation of the diverse environments in which trees grow. For example, the WCC's 

carbon stock data is tailored exclusively to forestry plantations (Ma;hews, 1993). The IPCC 

reports use calculations based on mature forest stands in temperate regions (IPCC, 2019). 

Similarly, models like i-Tree Eco (Nowak et al., 2008), used extensively by urban planners, 

calculate urban tree carbon stocks using data from forestry plantations, assuming that trees in 

cities store similar amounts of carbon as those in managed forests. These assumptions 

overlook the significant differences in growth conditions and carbon storage capabilities 

between these environments. 

In the past decade, there has been increasing recognition that natural regeneration of trees and 

shrubs in landscapes can play a pivotal role in climate change mitigation strategies, along with 

other benefits for biodiversity and human well-being (Griscom et al., 2017; Biermann & 

Anderson, 2017; Corle;, 2016; Fernández et al., 2017; Jepson, 2016; Keesstra et al., 2018; 

Rewilding Britain, 2020). Among these approaches, rewilding stands out by prioritising 

natural regeneration processes, often facilitated / modulated by the activities of large 

herbivores (Mikołajczak et al., 2022; Sandom et al., 2019). Contrary to the prevailing belief that 

large animals predominantly cause a reduction in woody biomass through browsing (Gill & 

Fuller, 2007), evidence suggests that, within ecologically balanced systems and at appropriate 

population densities, herbivory can significantly enhance the carbon sequestration capacity of 

the landscape (Berzaghi et al., 2022; Doughty et al., 2016; Si;ers et al., 2020). Recent research 

underscores the beneficial impact of medium-to-large herbivores on carbon storage (Schmiq, 
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2023), a;ributing enhancements to several mechanisms. These include seed dispersal, which 

aids in the proliferation of carbon-rich wood species (Enquist et al., 2020; Villar & Medici, 

2021; Bardge; & Wardle, 2003), the reduction of plant competition through selective feeding 

(Gordon & Prins, 2008), increases in soil fertility and ecosystem metabolism (Van der Graaf & 

Bakker, 2005), browsing-induced plant responses that lead to a reallocation of biomass 

(Perkovich & Ward, 2021), and the creation of plant defences, such as thorns, which is a 

carbon-intensive process (Facciolati et al., 2024; Balaji & Jambagi., 2024; Skarpe & Hester, 2008; 

Hanley et al., 2007). Additionally, modifications to the ecosystem's functional strategy 

towards increased carbon assimilation have been observed (Malhi et al., 2022). Furthermore, 

the presence of these herbivores is linked to improved soil nutrient availability and enhanced 

storage of organic carbon within the soil matrix (Sobral et al., 2017; Osuri et al., 2016; Culot et 

al., 2017). The type of scrubland that often emerges as a consequence of rewilding initiatives 

represents a focal point of this study, underscoring the critical role of rewilding in augmenting 

the carbon storage potential of these landscapes. 

But what is the carbon storage potential of a rewilded landscape? Given that it is exposed to 

browsing pressure, contains mainly small, multiple-stemmed shrubs, and may store much of 

its biomass belowground in response to herbivory, the ‘traditional’ WCC datasets for 

estimating such carbon storage cannot be applied as discussed in Burrell et al. (2024) (Chapter 

2). The aim of this research was, therefore, to quantify the carbon content across five distinct 

scrub species typically found on rewilded landscapes in the UK and across temperate Europe, 

using the Knepp estate the model field site. Elemental analysis of representative samples from 

aboveground components—branches and trunk—as well as belowground parts—roots—

allowed me to investigate whether the conventional assumption that 50% of dry weight 
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comprises carbon holds true for scrubland species. Additionally, I investigated the influence 

of herbivory on the carbon content both within and across these species.  

4.2 Materials and Methods 
 

4.2.1 Site location 
 

This study was conducted at the rewilding project at the Knepp Estate in West Sussex and 

specifically within the 'Southern Block' (50.975781ºN, 0.344819ºW) - an area characterised by 

large areas of thorny scrub. The estate began transitioning from intensive arable and dairy 

farming to rewilding in 2001 (Tree, 2018). Between 2001 and 2006 the Southern Block, which 

was mostly arable, was taken out of production in stages, starting with the least productive 

fields. The fields were simply left ‘open’ after their last harvest, facilitating natural 

colonisation. Unlike the other two areas of the Estate – the Northern and Middle Blocks – there 

was initially no available funding to ringfence the area to allow the introduction of free-

roaming animals, one of the main criteria of trophic rewilding (Tree, 2018). By default, this 

provided an extended fallow period which further facilitated natural vegetation regeneration. 

In 2009, funding was eventually granted by Higher Level Stewardship to fence the Southern 

Block, and large herbivores - old English longhorn ca;le (Bos primigenius taurus), Exmoor 

ponies (Equus ferus caballus), fallow deer (Dama dama) and Tamworth pigs (Sus scrofa 

domesticus) were introduced. Red deer (Cervus elaphus) were added in 2013. Since the inception 

of the rewilding project, the Southern Block has undergone substantial ecological 

transformation, resulting in much scrubbier and more complex mosaic of vegetation 

responses than the more homogenous, grassland-dominated Middle and Southern Blocks - at 

least, thus far (Tree & Burrell, 2023). The current dominant vegetation of the Southern Block 
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consists of open wood pasture systems with regenerating scrub species such as Prunus spinosa, 

Salix spp., Quercus spp. (Quercus robur and Quercus petraea), Crataegus spp. (Crataegus monogyna 

and Crataegus laevigata), and Rubus fruticosus. (Ryland, 2015). 

4.2.2 Destructive Sampling 
 

As described in chapter 3, a total of 270 trees were randomly selected from a single study site, 

itself chosen at random from three potential locations characterised by diverse land cover 

types. Trees were selected based on size, taxa—oak (Quercus spp.), hawthorn (Crataegus spp.), 

blackthorn (Prunus spinosa), dog rose (Rosa canina), and sallow (Salix spp.)—and browsing 

condition, classified as either “protected” by bramble or “exposed” to browsing. Tree taxa 

were identified using PlantATT (Centre for Ecology and Hydrology, 2004) and the Collins 

Tree Guide (Johnson, 2004).  

To minimise bias in biomass estimates, scrub trees were grouped into three height size classes: 

small (<75 cm), medium (75–210 cm), and large (>210 cm). Sampling was conducted during 

the dormant season (April to October, 2021–2024) when deciduous trees were leafless.  

A total of 201 sub-samples were collected from 34 selected trees across five taxa (Table 4.3), 

both under herbivory-exposed and protected conditions, from the 270 trees that were 

destructively sampled (roots and all) (See Chapter 3). Each representative tree provided six 

samples—three aboveground and three belowground. Thirty-four scrub species were selected 

for the carbon analysis with at least one tree selected per category (Table 4.4). This analysis 

was conducted concurrently with the tree extraction process throughout the study period. 

Each scrub tree was entirely removed and divided into three main components: crown, stem, 

and root ball. The crown was separated from the stem at the base of the live crown, defined 
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as the point on the main trunk where the lowest live branch with foliage began. For the root 

system, all parts below 1 cm from the soil surface were categorised as roots. To standardise 

below-ground biomass (BGB) measurements, excavation was performed within a radius of 

0.5 m and to a depth of 0.5 m around each tree, following a protocol similar to Hunyh et al. 

(2021). Roots were carefully cleaned using an air pressure hose to remove soil while 

preserving the bark. Roots were then classified by diameter as small (<2 mm), medium (2–10 

mm), or large (>10 mm). Branches were similarly categorised by diameter: small (<4 cm), 

medium (4–7 cm), and large (>7 cm). 

After excavation and preparation, all components—crown, stem, and roots—were weighed 

using a digital balance (Bonviosin 0.01 g). Samples from each category were then dried at 

100°C until their weight stabilised, all within 72 hours (Houghton et al., 2009). The dry weights 

of both above-ground biomass (AGB) and BGB were subsequently recorded. Wood density 

(ρ) was calculated for above- and below-ground components using water displacement to 

determine sample volume (cm³) and oven-drying at 105 ± 5°C for dry mass, following 

Archimedes principle (Saranpää, 2003; Kallarackal & Ramirez, 2024). 

4.2.3 Elemental Analysis 
 

The 201 sub-samples from the 34 randomly selected trees (Table 4.1) were processed at the 

Pennine Analytical Laboratory, where they were ground into a homogeneous powder using 

a Retsch SM 100 grinder. The powdered samples were then analysed for non-volatile carbon 

content using a FlashSmart Elemental Analyser (Thermo Fisher Scientific, Waltham, MA, 

USA) (Chevalier et al., 2017), with calibration and measurements performed in duplicate for 

accuracy. Results were recorded as carbon percentages. The total carbon content in tree tissues 
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comprises both non-volatile and volatile fractions (Bardule et al., 2021; Thomas & Martin, 

2012). However, consistent with previous studies (Bardule et al., 2021), our analysis focused 

solely on the non-volatile fraction due to the oven-drying pre-treatment of samples before 

elemental analysis. 

 

 

4.2.4 Data handling  

Statistical analysis and graph creation were performed in R (R Core Team, 2024), using the 

ggplot2 package (Wickham, 2016). Descriptive statistics were used to summarise the mean 

and variance of carbon content for each taxon. A Wilcoxon signed-rank test was used to 

compare carbon content between root and aboveground parts due to non-normality of the 
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Table 4.1: Number of representative trees per category used for elemental analysis, 
including taxa, size and exposure to/protection from herbivory. Each tree is made up 
of six representative sub-samples – three from aboveground tree parts and three from 
the roots. 
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data. This non-parametric test is suitable for paired samples with non-normal distributions 

(Jones et al., 2022). Pearson correlation and linear regression was used to assess the 

relationship between tree age and carbon content in roots and shoots (Zar, 1999; Field, 2013). 

Interaction analyses were conducted to explore combined effects of exposure and taxa, as well 

as exposure and sample part (roots vs. aboveground). Due to the limited sample size for each 

taxon (Table 4.1), statistical analysis could not be performed as the small sample sizes would 

not provide sufficient power to detect meaningful differences or ensure reliable estimates of 

variance. 

4.3 Results 
 

4.3.1. Carbon content of studied taxa  
 

The observed carbon content mean for all the scrub taxa was 43.66% (±3.33%) (Figure 4.1). 

Results for the five taxa are as follows: blackthorn (Prunus spinosa) 43.68% (±4.24%), hawthorn 

(Crataegus spp.) 44.28% (±1.91%), sallow (Salix spp.) 42.96% (±4.12%), oak (Quercus spp.) 42.65% 

(±2.92%), and dog rose (Rosa canina) 44.21% (±3.19%) (Figure 4.2). 

There was significant variation in carbon content within individual trees (measured using six 

above- and below-ground samples). The average standard deviation for each tree was 2.68%, 

with a minimum standard deviation of 0.59% (Rosa canina) and a maximum of 9.15% (Prunus 

spinosa).  

There was also a large variation in carbon content across taxa, which was compounded by the 

low number of sample trees per taxon (Figure 4.2). Salix spp. exhibited the largest variation 

(SD = 4.12%, n = 7), followed by Rosa canina (SD = 3.19%, n = 7) and Quercus spp. (SD = 2.92%, 

n = 5). Further statistical relevance will require a larger sample size. 
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Finally, the correlation and regression analyses revealed no significant relationship between 

tree age (3–19 years) and carbon content in either roots or shoots. The correlation coefficients 

were negligible (roots: r = -0.04; shoots: r = -0.03), and the regression slopes were not 

statistically significant (n = 27, roots: p = 0.841, t = -0.201; shoots: p = 0.866, t = -0.170). 

Until a larger, taxa-specific scrub tree dataset can be generated, we recommend using the 

average carbon content of all scrub trees displayed in Figure 4.3 (44% for AGB and 43% for 

BGB). 

 

 

Figure 4.1: Distribution of observed carbon content (%) compared to the 50% 
assumption value (red dotted line) for five tree taxa: blackthorn (Prunus spinosa) n=36, 
dog rose (Rosa canina) n=42, hawthorn (Crataegus spp.) n=54, sallow (Salix spp.) n=39 
and oak (Quercus spp.) n=30. 
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4.3.2. Carbon Content in Aboveground vs. Belowground Parts by Taxon 
 

The overall scrub mean carbon content was 42.51% (±2.34%) in root samples and 44.78% 

(±1.06%) in aboveground parts, showing a statistically significant difference. The Shapiro-

Wilk test revealed significant deviations from normality in both the root (n = 34, W = 0.80, p < 

0.0001) and shoot (n = 34, W = 0.82, p < 0.0001) datasets. Consequently, the non-parametric 

Wilcoxon signed-rank test (V = 42.5, p <0.0001) confirmed that aboveground parts had a 

significantly higher mean carbon content compared to roots. 

All scrub tree taxa exhibited higher carbon content in aboveground parts compared to 

belowground parts. In blackthorn (Prunus spinosa), aboveground carbon content was slightly 

higher (45.69% ± 2.85%) than belowground (43.34% ± 3.12%). Sallow (Salix spp.) showed a 

similar trend, with aboveground carbon content at 45.35% ± 2.74% and belowground at 41.88% 

± 3.64%. Hawthorn (Crataegus spp.) also followed this pa;ern, with aboveground parts 

averaging 45.13% ± 2.92% and belowground parts at 43.21% ± 3.14%. 

Both oak (Quercus spp.) and dog rose (Rosa canina) exhibited higher carbon content 

aboveground, with oak having 44.73% ± 3.65% aboveground and 41.23% ± 3.92% 

belowground, and dog rose at 44.91% ± 3.50% aboveground compared to 43.44% ± 4.10% 

belowground (Figure 4.3). 
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Figure 4.2: Variation in carbon content (%) across five different tree taxa: blackthorn 
(Prunus spinosa) n=36, dog rose (Rosa canina) n=42, hawthorn (Crataegus spp.) n=54, 
sallow (Salix spp.) n=39 and oak (Quercus spp.) n=30. 

 

 

Figure 4.3: The carbon content (%) in aboveground (shoot) and belowground (root) parts 
for five tree taxa: blackthorn (Prunus spinosa), dog rose (Rosa canina), hawthorn 
(Crataegus spp.), oak (Quercus spp.), and sallow (Salix spp.). 
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4.3.3. Relationship between tree height and taxon-specific carbon content   
 

There was a slight variation in carbon content distribution across different size groups: large 

(> 210 cm), medium (75 – 210 cm), and small (< 75 cm). Large trees exhibited the highest mean 

carbon content (mean: 44.9% + 2.03%), followed by medium (mean: 43.8% + 3.49%) and small 

(mean: 43.5% +3.71%) trees, with the highest variability observed in the small size group 

(Figure 4.4A).  

The variation in carbon content (C%) across size groups within species revealed distinct trends 

(Figure 4.4B). In blackthorn (Prunus spinosa), carbon content decreased slightly with size, 

averaging 44.18% ± 2.58% in large trees, 44.04% ± 2.78% in medium trees, and 42.83% ± 6.45% 

in small trees. Dog rose (Rosa canina) exhibited a similar trend, with carbon content decreasing 

from 44.91% ± 3.50% in large trees to 43.46% ± 3.43% in medium trees and 43.46% ± 3.24% in 

small trees. 

Hawthorn (Crataegus spp.) displayed higher carbon content in medium-sized trees (45.13% ± 

2.92%) compared to large (44.28% ± 2.91%) and small (43.21% ± 3.14%) trees. Sallow (Salix 

spp.) showed considerable variation among small trees (mean: 45.35% ± 2.74%), which had a 

higher average carbon content than medium-sized trees (42.96% ± 4.12%). Oak (Quercus spp.) 

demonstrated a decreasing trend in carbon content from large trees (44.73% ± 3.65%) to small 

trees (42.65% ± 3.92%), with medium trees showing a slightly higher carbon content (43.23% 

± 3.62%) than small ones. 

The Pearson correlation between mean carbon content and density is r = -0.067 with a p=0.719 

(Table S4.1 and Figure S4.1).  
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4.3.4 Exposure Impact on Carbon Content 
 

The independent t-test shows no significant difference in carbon content between exposed (n 

= 19) and protected (n = 14) browsing conditions (aboveground: t = −0.36, p=0.72; 

belowground: t=−0.51, p=0.62). Blackthorn (Prunus spinosa) and oak (Quercus spp.) exhibited 

higher root carbon content under protected conditions, increasing from 40.11% ± 7.01% to 

43.43% ± 2.01% (+3.32%) and from 40.88% ± 3.09% to 42.27% ± 1.69% (+1.39%), respectively. In 

contrast, sallow (Salix spp.) showed a slight decrease, from 41.15% ± 4.87% to 40.30% ± 6.25% 

(-0.85%). Dog rose (Rosa canina) showed below-ground carbon content increasing from 43.5% 

± 4.8% (exposed) to 44.6% ± 2.1% (protected), while hawthorn (Crataegus spp.) showed a slight 

decrease, from 44.0% ± 1.7% (exposed) to 43.5% ± 1.2% (protected). Above-ground carbon 

content was consistent across taxa, with minor variations between exposed and protected 

conditions. Blackthorn (Prunus spinosa) had values of 46.0% ± 1.2% (exposed) and 45.2% ± 1.0% 

(protected). Dog rose (Rosa canina) exhibited values of 44.8% ± 1.4% (exposed) and 44.6% ± 

1.4% (protected). Hawthorn (Crataegus spp.) ranged from 45.2% ± 1.1% (exposed) to 45.7% ± 

0.8% (protected). Quercus spp. showed slightly lower values, with 44.7% ± 0.9% (exposed) and 

44.4% ± 0.6% (protected). Salix spp. remained stable, with 45.6% ± 0.8% (exposed) and 45.5% ± 

0.7% (protected). 
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Figure 4.4: The mean carbon content in relation to tree size and taxa. [A]: Mean carbon content by tree size (large: >150 cm, medium 
<150 cm >50 cm, small: <50 cm). [B]: Mean carbon content by taxon (blackthorn (Prunus spinosa), dog rose (Rosa canina), hawthorn 
(Crataegus spp.), oak (Quercus spp.), sallow (Salix spp.)) and size categories. Each taxon is further divided into size categories (large, 
medium, small). 
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Figure 4.5: Mean carbon content, divided by tree part (shoot or root) of the five taxa (blackthorn (Prunus spinosa), dog rose (Rosa 
canina), hawthorn (Crataegus spp.), oak (Quercus spp.), sallow (Salix spp.)). Each taxon is further divided into exposure categories: 
exposed (not found within a bramble patch) and protected (found within a bramble patch). 
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4.4 Discussion    
 

The results of this study suggest that the common assumption that 50% of a tree's dry mass is 

carbon (Jenkins et al., 2011) is not applicable to shrub tree species in rewilded landscapes. My 

findings highlight the importance of using taxa-specific carbon content values rather than 

relying on this generalised assumption. Elemental analysis of 201 samples from 34 individual 

trees, conducted via dry combustion, revealed that none of the samples aligned with the 50% 

benchmark. Instead, most taxa exhibited carbon content values between 43% and 45%. 

Although some studies support the 50% rule for certain tree species (Malhi et al., 2004; Brown 

& Lugo, 1984; Petrokofsky et al., 2012), our findings indicate significant variations in carbon 

content between taxa (Figure 4.4). In naturally regenerating scrub trees, the carbon content 

was consistently below the 50% rule, aligning with findings from other studies (Bardule et al., 

2021; Lamlom et al., 2003; Gao et al., 2016; Ying et al., 2019) (Figure 4.1). 

These findings align with previous studies reporting significant variation in carbon content 

across tree species and local conditions. For example, Thomas and Martin (2012) found that 

stem wood carbon content in temperate forests varied widely among species, ranging from 

43.4% to 55.6%, challenging the 50% assumption. Similarly, Lamlom and Savidge (2003) 

observed carbon content in kiln-dried hardwood species ranging from 46.27% to 49.97%, and 

in conifers from 47.21% to 55.20%, indicating variability due to species traits and 

environmental factors. Additionally, Martin et al. (2018) demonstrated that soil fertility and 

climate can influence carbon content, even within related taxa, underscoring the need for 

localised carbon estimates. More generally, relying on the generalised 50% rule can lead to 

inaccurate carbon stock valuations, over-estimating the amount of carbon stored across the 

landscape. My findings suggest that the average carbon content across five temperate scrub 
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taxa in my study centres around 44% for the aboveground biomass (AGB) and 43% for the 

belowground biomass (BGB) (Figure 4.1). While this central tendency is notable, the 

considerable spread within taxa indicates that further research is needed to validate whether 

this value is generalisable. However, given these findings I propose that that the 44% and 43% 

figures should serve as provisional guidelines for temperate scrub trees until more data are 

available to demonstrate that this estimate captures the variability across all species and 

environments. This aligns with previous studies (Martin et al., 2018; Thomas & Martin, 2012; 

Ma et al., 2018), which recommend using more precise taxa-specific or context-specific carbon 

values wherever possible. 

4.4.1. Factors Contributing to Lower Carbon Content in Scrub Trees 
 

Reflecting on the factors that might contribute to the lower carbon content observed in scrub 

tree species on the Knepp Estate, one key consideration is their relatively small size and 

minimal timber volume. Timber volume, which refers to the amount of usable wood material 

within a tree—typically measured by the size of its trunk and main branches—is a common 

metric in forestry and carbon assessments (Ma;hews, 2017; Mackie & Ma;hews, 2008). Scrub 

trees, with their thinner trunks and less developed branches, generally have much lower 

timber volume compared to larger, timber-producing species (Jenkins et al., 2011). As a result, 

their carbon storage potential is often regarded as negligible relative to high-timber-volume 

trees (Ma;hews, 2017). Age may also be an important factor influencing carbon content. The 

scrub trees sampled from the rewilding project are relatively young, with all trees being less 

than twenty years old. My results show a clear trend where larger scrub trees exhibit higher 

mean carbon content (44.73% ± 2.02%) compared to medium-sized trees (43.54% ± 3.48%) and 

small trees (43.07% ± 3.71%) (Figure 4.4). This pa;ern suggests that as scrub trees grow and 
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mature, their carbon content increases, potentially reflecting changes in wood composition or 

density associated with age. 

Another factor is the common belief that juvenile wood contains a higher proportion of lignin, 

a carbon-rich compound that contributes to higher carbon content, supporting structural 

stability during early growth phases (Bembenek et al., 2015; Zobel & Sprague, 2012; Thomas 

& Martin, 2012; Lamlom & Savidge, 2003). Research by Bembenek et al. (2015), for example, 

found that in Scots pine (Pinus sylvestris), juvenile wood exhibited slightly higher carbon 

content (48.15%) than mature wood (46.94%), a;ributed to its higher lignin and earlywood 

content. However, in my study, this trend was not observed; instead, the young wood (<20 

years old) samples showed lower-than-expected carbon content. This may reflect natural 

variability rather than an issue with the combustion-based analysis method, which effectively 

retains lignin (degraded between 200–500°C; Brebu & Vasile, 2009; Nassar & Mackay, 1984) 

and other stable carbon compounds. This suggests that differences in carbon content across 

taxa are likely due to taxa-specific carbon allocation pa;erns or environmental factors, rather 

than any loss during processing (Thermo Fisher, 2023; Chevalier et al., 2017). 

Finally, environmental stressors, such as browsing, can influence plant strategies, vegetation 

recruitment, and photosynthesis rates, potentially leading to lower overall carbon storage in 

areas with herbivores compared to herbivore-free zones (Tanenqap et al., 2023; Jia et al., 2018; 

Tanenqap and Coomes, 2012). Furthermore, physiological differences in carbon allocation 

and storage across taxa, along with growth rates that affect the balance between structural and 

non-structural carbohydrates in biomass, also contribute to variations in carbon storage 

(Young et al., 2011; Poorter et al., 2012). 
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Currently, taxa- and species-specific carbon values have been assigned to oak (Quercus spp.) 

through studies such as Castaño-Santamaría and Bravo (2012) and Thomas and Martin (2012). 

Castaño-Santamaría and Bravo (2012) examined carbon concentration (%C) and basic density 

in sessile oak (Quercus petraea) (45.49%–46.86%) and Pyrenean oak (Quercus pyrenaica) 

(45.58%–45.82%) in NW Spain, revealing significant variation across woody tissues (bark, 

sapwood, heartwood) and between species. These findings highlight the necessity of using 

tissue- and species-specific carbon values to improve estimation accuracy, potentially 

explaining the variability observed in my study (Figures 4.2 and 4.3). Similarly, Thomas and 

Martin (2012) reported a mean carbon content of 48.8% for temperate and boreal oak species, 

focusing on Quercus rubra (northern red oak). At Knepp, however, the mean carbon content 

for scrub oak (Quercus robur and Quercus petraea) was 42.64% (±2.43%), notably lower than the 

values reported in these studies. This discrepancy underscores the importance of accounting 

for both taxa-specific traits and environmental factors in carbon content assessments. 

For other tree taxa studied in this research—sallow (Salix spp.), dog rose (Rosa canina), 

hawthorn (Crataegus spp.), and blackthorn (Prunus spinosa)—there are limited or no references 

to taxa-specific carbon content values. Most studies either overlook these species or generalise 

their carbon values. For example, in studies involving sallow (Salix spp.), generalised values 

are often used instead of taxa-specific data. Masi et al. (2021) applied generalised carbon 

content values to broadleaf species, including sallow (Salix spp.), using average values from 

the European Forest Biomass dataset, which provides an average carbon content of 48%. At 

Knepp, the mean carbon content for sallow (Salix spp.) scrub was found to be 43.1% (+3.37%), 

much lower than previously reported values. This supports the notion that when estimating 

the carbon content, the local environmental conditions should be considered.  
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4.4.2. Carbon content variation by tree part across taxa 
 

Taxa-specific responses to herbivory were observed (Figure 4.3). Blackthorn (Prunus spinosa), 

oak (Quercus spp.), and sallow (Salix spp.) exhibited higher root carbon content under 

protected conditions. This suggests that browsing may reduce below-ground carbon 

allocation in these species. In contrast, dog rose (Rosa canina) and hawthorn (Crataegus spp.) 

showed minimal differences in root carbon content between exposed and protected conditions 

(Figure 4.5), indicating that these taxa may be less sensitive to browsing impacts on their 

below-ground carbon reserves. 

Recent studies suggest that plants often reallocate biomass to roots under stress conditions 

such as browsing (Perkovich & Ward, 2021; Axe et al., 2017; Burrell et al., 2024). My findings 

indicate that carbon content in above-ground parts (mean: 44.77% ± 1.84%) may be higher 

than in roots (mean: 42.53% ± 4.05%) (Figure 4.3) potentially linked to active defence 

mechanisms. The evolutionary arms race between plants and herbivores has led to a variety 

of plant defences, including the production of chemical compounds (Mithöfer & Boland, 2012; 

Sánchez-Sánchez & Morquecho-Contreras, 2017), nutrient reallocation (Pérez-de-Lis et al., 

2017; Perkovich & Ward, 2021; Wiley et al., 2017), and the formation of callouses and tannins 

(Haukioja et al., 2002; Hjältén et al., 2006; Herms & Ma;son, 1992) to deter herbivores 

(Barbehenn & Constabel, 2011). These defences likely contribute to the higher carbon content 

observed in the aboveground parts of the scrub trees. 

While my study found no significant effect of browsing exposure on overall carbon content in 

aboveground or belowground tree parts, it highlights the complex interactions between 

herbivory and plant carbon dynamics. The observed pa;erns suggest that browsing may 
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trigger specific defensive responses in aboveground biomass, leading to increased carbon 

content, while also promoting biomass reallocation to roots (see Chapter 3). Further research 

on the specificity of browsing and its long-term impacts is needed to be;er understand these 

processes and their implications for carbon storage in rewilding projects. 

4.5 Conclusion 
 

This study evaluated the 50% dry biomass carbon rule for estimating carbon stocks in 

rewilded scrubland at Knepp Estate. While effective in some woodland and forest systems, 

our findings suggest this assumption may overestimate carbon content in complex, herbivore-

affected shrub landscapes like Knepp. With mean carbon contents of approximately 44% 

(AGB) and 43% (BGB), our data reveal significant variation across taxa and root:shoot ratios, 

highlighting the limitations of a one-size-fits-all approach. These results stress the need for 

further work to determine accurate, representative carbon values tailored to scrub ecosystems. 

By demonstrating the influence of taxa-specific and environmental factors, this study 

underscores the importance of detailed carbon measurements for reliable carbon assessments 

in rewilded landscapes. Without these, current models risk poorly estimating the carbon 

storage potential of scrublands. Expanding on these findings with larger sample sizes will 

improve our understanding of scrubland carbon dynamics, enabling more precise rewilding 

strategies for carbon sequestration. 

In summary, this research contributes to the development of a rewilding-specific carbon 

model by providing scrub-specific carbon data. These findings will strengthen the allometric 

equations developed in Chapter 3, enhancing the accuracy of carbon storage estimates and 

supporting informed conservation and management efforts. 
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4.7 Supplementary Materials 
 

 

Figure S4.1: relationship between mean carbon content (%) and mean dry density 
(g/cm³) for aboveground (shoots) and belowground (roots) biomass. Red circles 
represent shoot density versus carbon, while orange triangles represent root density 
versus carbon. 

 

Table S4.1: Linear regression analysis results for the relationships between mean 
carbon content (%) and mean dry density (g/cm³) for shoots and roots. The table 
includes the slope, intercept, R-squared value, p-value, and standard error (s.e.) for 
each variable pair. Results indicate weak correlations, with no statistically significant 
relationships at the 0.05 level. 

Variable Pair Slope Intercept R-squared P-value s.e. 
Shoot Density vs Carbon 0.037404719 -0.892017238 0.018715138 0.655845435 0.081664082 
Root Density vs Carbon -0.017147257 1.594410052 0.103285615 0.284288902 0.015233702 
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5.0 Abstract 
 

Scrublands are undervalued in carbon accounting due to the lack of scalable tools for 

estimating their biomass and carbon storage potential. This study addresses this gap by 

integrating UAV RGB-based photogrammetry with a Structure-from-Motion workflow and 

multispectral imaging with taxon- and condition-specific allometric equations. Conducted at 

the Knepp Wildland Estate, this research aims to demonstrate the potential for using this 

approach to estimate aboveground and belowground biomass for five dominant scrub taxa 

across a 13-hectare plot. Results demonstrated that Structure-from-Motion derived metrics 

such as canopy height and canopy area correlated strongly with field measurements, while 

spectral data improved taxonomic classification. Combined with scrub-specific allometric 

models, these methods therefore have the potential to yield accurate estimates of total biomass 

and carbon storage, remotely valuing the nascent rewilded scrublands in terms of carbon 

storage. By establishing a scalable, non-destructive framework for biomass modelling at a 

landscape scale, this novel approach enables for the first time scrublands to be properly valued 

alongside woodlands in global carbon accounting and ecosystem service assessments. 

 

Key words: Structure-from-Motion, multispectral imaging, allometry, carbon stock, 

rewilding, scrubland taxa 
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5.1 Introduction 
 

Accurate forest and woodland biomass,  estimation plays a pivotal role in understanding key 

ecological processes, including carbon sequestration (Chapin et al., 2006; Pan et al., 2011; 

Saatchi et al., 2015), habitats for biodiversity (Parmenter & MacMahon, 1983; Chave et al., 2014; 

Poorter et al., 2015), and the provision of other ecosystem services (Jankju, 2013; Ballantyne & 

Pickering, 2015; Bastin et al., 2019; Sullivan et al., 2017). Measuring scrub biomass is critical to 

monitor rewilding’s scrubland productivity (Chai et al., 2021; Gomez-Aparicio et al., 2004) 

and is therefore vital for assessing its ecological functions and evaluating its ecosystem carbon 

storage (Yu et al., 2010; Fonseca & Bompastor Ramos., 2012; Catchpole & Wheeler, 1992). 

Scrub creation through rewilding is thought to have significant potential to contribute to 

global carbon storage (Kaštovská et al., 2024; Cerqueira et al., 2015; Schmiq et al., 2023). 

Scrublands cover approximately 13% of the world’s terrestrial surface, representing a 

substantial portion of global biomass, especially in comparison to forests (31%) and plantation 

woodlands (3%) (FAO, 2020). However, unlike forests and woodlands, there is currently a lack 

of reliable tools to estimate scrubland biomass at larger scales (Chai et al., 2021; Liu et al., 

2024). Moreover, existing carbon flux data for these successional habitats, such as scrub and 

sca;ered forests, are not yet of sufficient quality to be included in Greenhouse Gas inventories 

or other net zero pathways (Mercer & Gregg, 2023). Addressing this gap requires the 

development of advanced methodologies that account for the complexity of scrubland 

ecosystems in terms of their shape and scale. 
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Moreover, with the urgency of meeting the 1.5°C pathway outlined in the Paris Agreement 

(IPCC, 2022; Friedlingstein et al., 2022), monitoring underrepresented ecosystems like 

scrublands could play a crucial role. In addition, developing scalable solutions for these 

ecosystems is essential to ensure scientifically robust monitoring of rewilding projects, 

enabling environmental targets established at the project’s outset, to align with evolving 

social-ecological goals (to Bühne et al., 2022). 

Although localised advances in biomass estimations have been made through improved 

allometric equations (see Chapter 3), scaling these efforts to capture landscape-level biomass 

and carbon storage remains a challenge (to Buhne et al., 2022; Pe;orelli et al., 2018; Torres et 

al., 2018). Traditional field-based methods for biomass estimation, such as measuring 

diameter at breast height (dbh), canopy area and plant height, are labour-intensive and have 

been shown to face serious challenges when used to estimate landscape-scale biomass, 

especially in scrubland ecosystems where vegetation structures are highly variable (to Buhne 

et al., 2022; Brown, 2002; Wulder et al., 2008; Burrell et al., 2024; Maraseni et al., 2005) (see also 

chapter 2 and 3). This is because, unlike plantation forests where trees have predictable 

morphologies, scrublands consist of dense, often thorny, and impenetrable vegetation, 

complicating direct measurements (Perkovich & Ward, 2022; Salek et al., 2019). These 

complexities and heterogeneity, along with fluctuating environmental conditions, make 

traditional methods impractical for capturing biomass distribution (Laliberte et al., 2004; Liu 

et al., 2024). 

In rewilded scrubland ecosystems, the challenge is further amplified by the browsing activity 

of large herbivores which significantly alters vegetation structure and biomass allocation 

(Perkovich & Ward, 2022; Burrell et al., 2024). Herbivory leads to irregular growth pa;erns 
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and non-uniform biomass distribution, factors that traditional allometric models often fail to 

account for (Vesk & Westoby, 2001; Pringle et al., 2014).  

To address the limitations of conventional field surveys, many previous studies have 

demonstrated that remote sensing can provide an opportunity to scale allometric models to 

landscape levels (Roy & Ravan, 1996; Liu et al., 2024). In particular it has been shown that 

spatially continuous observations at landscape scales and beyond, can enable the capture of 

the structural diversity of scrub ecosystems (Siewert & Olofsson, 2021; Liu et al., 2024). For 

example, satellite remote sensing has been widely used to track shrub cover (Fraser et al., 2016; 

Ju & Masek, 2016; McManus et al., 2012; Pastick et al., 2018), disturbance dynamics (Chuvieco 

et al., 2020), primary productivity (Juntilla et al., 2021) and even vegetation shifts over time 

within a rewilding project (to Buhn et al., 2022). However, these observations are often at a 

coarse resolution (30-500 m pixel size), making it difficult to assess the heterogeneity (Pe;orelli 

& Schulte to Buhne, 2023; Alonzo et al., 2020; Zandler et al., 2015b; Fraser et al., 2016) and the 

impact of browsing required for biomass modelling at the scrub level. 

Recent technological advances in unmanned aerial vehicles (UAVs) present a promising 

solution for biomass estimation, offering flexible, cost-effective platforms for monitoring 

vegetation structure. Light Detection and Ranging (LiDAR) has long been recognised as a 

robust tool for quantifying vegetation structure and biomass, especially for capturing highly 

accurate 3D information across large areas (Goeq & Dubayah, 2011; Greaves et al., 2015). 

LiDAR's ability to penetrate dense canopy cover makes it particularly useful in forested 

environments, providing detailed insights into tree height, canopy structure, and vegetation 

density (Zolkos et al., 2013). However, the historically high cost and limited accessibility of 

LiDAR systems constrain their widespread use (Trier et al., 2018; Tóth & Jóźków, 2016). 



` 

210 
 

Structure-from-Motion (SfM) photogrammetry combined with UAV-based multispectral 

imagery has emerged as a cost-effective alternative to LiDAR for mapping vegetation 

structure. SfM generates detailed 3D models at a fraction of LiDAR’s cost by using 

overlapping images captured from multiple angles (Dandois & Ellis, 2013). This technique is 

particularly effective for estimating aboveground biomass in scrublands, capturing the 

structural complexity needed to model taxa- and condition-specific factors, such as exposure 

to herbivory (Assmann et al., 2020; Siewert & Olofsson, 2020). UAVs equipped with consumer-

grade cameras enable high image overlap and centimetre-scale resolution when flown at low 

altitudes, providing accurate biomass estimates comparable to LiDAR in open environments 

(Thomson et al., 2021; Cunliffe et al., 2016).  

Recent studies show minimal accuracy differences between biomass estimates from SfM and 

LiDAR, with SfM sometimes producing denser point clouds (up to 10 times) than LiDAR 

(Alonzo et al., 2020; Cunliffe et al., 2020; Fraser et al., 2016). While SfM struggles in tall and 

closed canopy areas due to limited canopy penetration, recent studies have demonstrated that 

it excels in open scrub environments where it can accurately detect smaller scrub species 

(Juan-Ovejero et al., 2023; Alonzo et al., 2020). These smaller species contribute more to carbon 

storage than previously estimated, due to higher root:shoot ratios (Chapter 2; Chapter 3; 

Burrell et al., 2024). 

To date, SfM photogrammetry combined with multi-band imagery has been effectively used 

in several studies to estimate biomass. For example, Dandois & Ellis (2013) applied this 

method in temperate forests, achieving high-resolution 3D models of vegetation structure and 

biomass. Their results demonstrated that SfM captured fine-scale variations in canopy 

structure, with biomass estimates showing strong correlations with field measurements, 
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particularly in open environments where vegetation was less dense. Similarly, Puliti et al. 

(2020) applied SfM in boreal forests to enhance biomass model precision. Their study 

combined UAV-based SfM data with multispectral imagery and random forest models to 

improve species-specific biomass estimates. The combination of spectral and structural data 

significantly increased the accuracy of biomass predictions compared to traditional models 

based solely on LiDAR or field data. These approaches not only improve workflow efficiency 

by allowing larger sample sizes to be gathered at lower costs compared to traditional field-

based methods (Dandois & Ellis, 2013; Cunliffe et al., 2016) but also enhance species profiling 

through machine learning techniques such as random forest classification (Puliti et al., 2020). 

Moreover, these methods allow more precise scaling of biomass estimates from ground-based 

measurements and allometric equations to larger landscapes (Liu et al., 2024).  

The overarching aims of this study were two-fold. First, building on these previous studies, 

to use Structure-from-Motion (SfM) photogrammetry combined with multispectral imagery 

for classifying scrub at the taxon level and estimating aboveground biomass. Second, using 

outputs from chapter 3 and 4, combined with the SfM results, to remotely quantify the above- 

and below-ground carbon storage capacity of scrub vegetation within the study area. 

In this study, I applied taxa- and condition-specific allometric equations for above- and 

belowground biomass from Chapter 3, along with scrub-specific carbon content values from 

Chapter 4 to a SfM model that estimates both above- and belowground biomass. I used 5-band 

multispectral data to develop taxa-specific spectral signatures, enabling canopy identification 

at the taxa level within the model.  
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5.2 Materials and methods  
 

5.2.1. Study site  

The research was conducted within a 13-hectare study plot in the "Southern Block" of the 

Knepp rewilding estate, West Sussex, UK (50.975781ºN, 0.344819ºW) (Figure 5.1). This study 

plot was randomly selected from three designated sub-areas (Plots 1-3), each representing 

diverse land cover types to best reflect the variety found across the rewilding estate. Plot 1 

was chosen using the 'sample' function in R (R Core Team, 2024) and is the same location 

where destructive sampling of scrub was conducted in Chapters 3 and 4. 

Vegetation within the study plot is classified as open wood pasture, with regenerating scrub 

species such as blackthorn (Prunus spinosa), sallow (Salix spp.), oak (Quercus spp. both Quercus 

robur and Quercus petraea), hawthorn (Crataegus spp. both Crataegus monogyna and Crataegus 

laevigata), dog rose (Rosa canina), and bramble (Rubus fruticosus) (Tree, 2018; to Bühne et al., 

2022). Canopy coverage varies, featuring dense patches of sallow (Salix spp.) and blackthorn 

(Prunus spinosa) interspersed with mixed open scrub and bramble (Rubus fruticosus; see 

Chapter 2 for detailed land cover classifications). 

The study plot has been exposed to herbivory since 2009, following an eight-year fallow 

period after the Knepp rewilding estate’s transition from conventional arable and dairy 

farming (Tree, 2018). Large herbivores, including old English longhorn ca;le (Bos primigenius 

taurus), Exmoor ponies (Equus ferus caballus), fallow deer (Dama dama), and Tamworth pigs 

(Sus scrofa domesticus), were introduced to help stimulate vegetation. Prior to this, only small 

numbers of rabbits (Oryctolagus cuniculus) and roe deer (Capreolus capreolus) inhabited the 

area, allowing woody shrubs and saplings to establish and develop defences. Red deer (Cervus 
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elaphus) were introduced in 2013 when the scrubland was deemed robust enough to sustain 

additional heavy browsers (Tree, 2018). 

 

5.2.2 UAV surveys 
 

5.2.2.1 RGB very high-resolution mapping for Structure-from-Motion 
 

On 9th February 2022, I conducted a very high-resolution UAV mapping survey to derive a 

precise 3D reconstruction of the vegetation using Structure-from-Motion (SfM) 

photogrammetry (Table 5.1). A DJI Mavic 2 Pro (DJI, Shenzhen, China) quadcopter with a 20 

MP RGB camera was used, and flights were planned with the DJI Ground Station Pro app. 

The mission was flown twice—once for nadir imagery and once at a 20-degree angle following 

Cunliffe et al. (2020). The UAV flew at a nominal altitude of 50 m with 75% image overlap, 

Figure 5.1: Study site 3 (red line) within the Southern Block of Knepp Wildland 
(50.975781ºN, 0.344819ºW). Black dots represent the 14 ground control points 
(GCPs) used for georeferencing. 
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capturing images at ~1 cm ground resolution. The "Capture Mode" was set to hover and 

capture at each waypoint for sharper images. 

5.2.2.2 multispectral 5-band camera  
 

Six flights were conducted monthly from February to July 2022 using a MicaSense RedEdge-

MX 5-band multispectral camera (AgEagle Aerial Systems Inc., Wichita, KS, USA) to monitor 

phenological changes in scrub vegetation over a six-month timeframe. Adopting a 

methodology similar to that outlined by Assmann et al. (2018), this system integrates a five-

band camera capable of capturing reflectance data across multiple spectral wavelengths. The 

RedEdge-MX camera features a durable metallic casing and records images in five specific 

spectral bands: red (668 nm centre, 14 nm bandwidth), green (560 nm centre, 27 nm 

bandwidth), blue (475 nm centre, 32 nm bandwidth), red edge (717 nm centre, 12 nm 

bandwidth), and near-infrared (NIR) (842 nm centre, 57 nm bandwidth). The flights were 

conducted at a nominal altitude of 80 metres.  

A 10 x 10 cm calibration reflectance panel (CRP) was used for radiometric calibration before 

and after each flight. The CRP, pre-calibrated by MicaSense (MicaSense, 2023), has a uniform 

reflectance of approximately 50% across the five RedEdge-MX spectral bands. Photos of the 

CRP were taken from 1 metre above the panel to ensure accurate calibration. The CRP, with 

an embedded barcode, was automatically recognised during image processing in Agisoft 

Metashape (v2.2.0), streamlining the reflectance correction process. Additionally, the camera 

was equipped with a Downwelling Light Sensor (DLS), mounted on the top of the UAV and 

oriented toward the sky. The DLS records ambient light conditions during the flight, which is 

critical for adjusting the imagery based on changes in lighting conditions throughout the 

mission (Iqbal et al., 2018). 
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In all flights (RGB and multispectral), we placed fourteen 60 cm x 60 cm ground control 

markers at key locations (Figure 5.1), distributed evenly across the study site, which were 

visible from the UAV to aid in photogrammetric modelling. These markers were precisely 

geolocated using an RTK-GNSS survey instrument (Emlid Reach+, Emlid, Hong Kong) with 

centimetre-level accuracy. 

5.2.3. Imagery processing 
 

5.2.3.1 Structure-from-Motion 
 

The RGB UAV imagery was processed using Agisoft Metashape Professional (v.2.2.0) with a 

structure-from-motion (SfM) workflow, as outlined by Over et al. (2021). All images from 

nadir and oblique flights were imported and georeferenced to the WGS84 UTM 30N. The 

photo alignment, set to the highest quality with a 60,000 key point limit and unlimited tie 

points, resulted in sparse point clouds of over 2.1 million tie points per survey. To ensure only 

high-quality images were used for further processing, an image quality estimation was 

performed. Images with a quality index below 0.6 were disabled to maintain high processing 

standards. The "Align Photos" tool was used for photo alignment, and when alignment issues 

occurred, the key point and tie point limits were adjusted to improve accuracy. 

Ground control points (GCPs) were integrated for georeferencing and to minimise errors, 

followed by bundle adjustment for camera model optimisation (Over et al., 2021). GCP 

accuracy was set to 0.02 m for latitude and longitude, and 0.5 m for altitude. Markers were 

placed manually on the images, with corrections made to any misaligned points. Marker 

location accuracy was set at 0.02 m to reflect GNSS uncertainties, while marker projection and 

tie point accuracy were initially 0.5 pixels and 1 pixel, respectively. Low-quality tie points 
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were removed iteratively based on reconstruction uncertainty and reprojection error, refining 

camera parameters like focal length, principal point, and lens distortions. Post-optimisation, 

all surveys had unweighted reprojection errors under 0.21 pixels, an ideal threshold (Over et 

al., 2021). Depth maps were then generated, and dense point clouds were created using high-

quality settings and mild depth filtering.  

After GCP integration, camera optimization was performed to adjust camera parameters, 

including focal length and lens distortions, improving alignment accuracy. A dense point 

cloud was then generated using the "Build Dense Point Cloud" tool with high quality and 

aggressive depth filtering. Iterative cleaning was conducted to remove erroneous points that 

could negatively impact the Digital Elevation Model (DEM). Following the generation of the 

dense point cloud, a high-resolution Digital Surface Model (DSM) was created through the 

“Build DEM” function, that represented the contiguous surface of the resulting model (Over 

et al., 2021). 

5.2.3.2 Multispectral orthomosaics 
 

One orthomosaic was generated for each reflectance band from the 5 monthly flights done 

with the 5-band MicaSense RedEdge-MX camera. Here, I followed the protocol outlined by 

Wang et al., (2021), which is the same as for the RGB image processing (section 5.2.3.2) with 

the addition of the next steps: reflectance calibration was conducted using reflectance panels, 

and data from the RedEdge-MX’s Downwelling Light Sensor (DLS) was integrated to account 

for varying light conditions during flight. Orthomosaics were generated from all five 

multispectral flights conducted between February and July 2022 (Table 5.1), providing 

detailed 2D models suitable for taxon identification through spectral analysis. 
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Table 5.1: Description of drone surveys and their photogrammetric models. The 
February survey included a dual-flight approach with a multispectral survey, 
capturing both nadir and oblique (20° from nadir) imagery. All other flights 
followed a standardised mission plan with set waypoints, though launch point 
variations led to slight differences in altitude and resolution. Automated camera 
triggering occasionally caused minor inconsistencies in image count. Each survey 
includes details on camera type, ground resolution, point density, total images, 
dense point cloud size, and RMS reprojection error. 

 

5.2.4. Canopy features from SfM  
 

We developed a biomass estimation model by extracting the variables - canopy area (cm2) and 

canopy height (cm) from the Structure-from-Motion (SfM) model described above. 

5.2.4.1. Canopy height 
 

A canopy height model (CHM) was calculated by first classifying ground points in the dense 

point cloud and then interpolating a surface model from these points to produce a digital 

terrain model (DTM). Both the DTM and DSM were exported as GeoTIFF files for further 

analysis. 

In R (R Core Team, Version 4.4.1., 2024) using RStudio (v2024.09.), the DSM and DTM were 

used to calculate surface heights for scrub canopies. The difference between these two models 

Date Camera 
type 

no. of 
images 

Ground 
resolution 
(cm/pixel) 

point density 
(points/m2) 

no.dense 
point cloud  

RMS 
reprojection 
error 

09/02/2022 5-band 7910 5.36 86.9 23,852,487 0.172178 
09/02/2022 RGB 1742 1.13 1950 495,046,992 0.145828 
15/03/2022 5-band 10290 5.36 87 24,115,604 0.180036 
05/03/2022 5-band 10955 5.41 85.4 22,046,804 0.190643 
20/05/2022 5-band 10230 5.37 86.7 26,580,382 0.202987 
15/06/2022 5-band 10320 5.52 82.2 26,935,507 0.192866 
07/07/2022 5-band 10580 5.58 80.4 26,937,863 0.190613 
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was computed to estimate canopy height, using the ‘terra’ package to subtract the DTM from 

the DSM (Wimberley., 2023). 

5.2.4.2. Canopy area 
 

Canopy areas were delineated using the Geo-SAM plugin in QGIS, which integrates the 

Segment Anything Model (SAM) (Zhao et al., 2023). The general workflow includes running 

an image encoder to identify all potential features within the image, and then using an 

interactive segmentation graphical user interface to guide individual segmentation of tree 

canopies (Zhao et al., 2023). Approximately 7,000 individual scrub canopies were identified 

across the study site, although resolution limitations meant that some smaller canopies were 

not captured. In this study, "scrub" refers to dense, shrubby vegetation with multiple woody 

stems and low to moderate height, often comprising native species adapted to harsh 

conditions and contributing to habitat complexity in open landscapes (Harden, 1990). 

In areas with dense vegetation where canopies are difficult to distinguish from one another in 

drone imagery, ground-truthing was employed to refine canopy area estimates, particularly 

for species like blackthorn (Prunus spinosa), where manual trunk counts helped overcome 

limitations of the polygon-based tool. This hybrid approach provided a more comprehensive 

biomass estimate (Kirillov et al., 2023; Li et al., 2024). 

5.2.4.3. Browsing protection 
 

In the allometric model described in Chapter 3, bramble (Rubus fruticosus) cover was used as 

a proxy for browsing protection, with trees categorised as either protected (within bramble) 

or exposed (outside bramble cover). Bramble coverage was mapped using a supervised 

random forest classification in ArcGIS Pro (Esri, 2024), where training points for “bramble” 
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and “no bramble” classes were derived from an RGB drone orthomosaic of the study plot 

taken in February 2022 (Figure 5.2B). 

To improve classification accuracy, the resulting bramble map was generalised by upscaling 

the data to a coarser resolution (e.g., 10 cm) to focus on substantial bramble patches, removing 

small, misclassified areas and conservatively biasing toward larger bramble clusters (Esri, 

2024). The final output was a binary raster where areas covered by bramble were assigned a 

value of 1, while non-bramble areas received a value of 0. This binary classification allowed 

for automated identification of trees as either protected or exposed based on their proximity 

to bramble patches. 

5.2.4.4. Data extraction 
 

RStudio (v2024.09) was used for extracting raster values associated with segmented tree 

canopy polygons. The analysis relied on the ‘terra’ (Hijmans, 2020) and ‘exactextractr’ (Baston, 

2021) packages to handle spatial data and extract the relevant metrics from the raster layers. 

First, canopy polygons were merged from two shapefiles using vect() and reprojected to a 

WGS84 UTM 30N coordinate reference system (CRS) to facilitate area measurements. The 

bramble shapefile was similarly processed and intersected with the canopy polygons to 

classify trees as "protected" or "exposed" based on proximity to bramble (Rubus fruticosus). 

This classification was achieved using the intersect() function, and the results were stored as 

binary values (1 for touching bramble, 0 for not) (Figure 5.2B). I then loaded the Canopy 

Height Model (CHM) raster into R (RStudio, v2024.09), ensuring it was also properly 

projected in WGS 84 UTM 30N. The maximum canopy height for each polygon was extracted 

using the extract() function from the raster package (Hijmans, 2018) (Figure 5.2A).
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Figure 5.2: Spatial distribution of vegetation characteristics within the study area. Panel A shows the maximum canopy height (m) 
derived from SfM data, with taller canopies highlighted in brighter colours. Panel B visualises the spatial arrangement of canopy 
interactions, categorising areas as "touching bramble" (blue), "outside bramble" (red), and "bramble" (yellow). 

 

[A] 
[B] 
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5.2.5 Taxonomic classification of scrubland taxa from multispectral orthomosaics 
 

The spectral composition for each canopy was calculated by extracting key statistical 

metrics—mean, standard deviation, median, skewness, and kurtosis—for each spectral band 

within the canopy polygons from each of the 5-Band monthly (Feb – Jul) multispectral 

orthomosaics. These metrics provided insights into seasonal changes within the canopy 

(Lausch et al., 2016; Ustin et al., 2009). The mean and standard deviation captured average 

reflectance and variability, while the median offered a robust measure less affected by outliers 

(Fassnacht et al., 2016). Skewness and kurtosis were used to assess the asymmetry and 

peakedness of the reflectance distributions, potentially revealing uneven growth in the canopy 

(Komsta and Novomestky, 2015; Jones and Vaughan, 2010; Asner and Vitousek, 2005). I used 

a combination of packages including “dplyr” (Wickham et al., 2020), “xgboost” (Chen & 

Guestrin, 2016), “caret” (Kuhn, 2008), and “moments” (Komsta and Novomestky, 2015). 

Below is a detailed description of the steps used in the analysis: 

The dataset was divided into training and testing sets using a 70:30 random split, facilitated 

by the “caret” package (Kuhn, 2008). This split ensures that the model is evaluated on a 

separate portion of the data that it has not seen during training, improving the robustness of 

the performance metrics (Kuhn, 2013; Hastie, 2009). An XGBoost model was then trained 

using the XGBoost package (Chen & Guestrin, 2016). The model predicts the taxa based on 

various spectral band features from ground-truthed canopies across five taxa – oak (Quercus 

spp.) (n = 29), blackthorn (Prunus spinosa) (n = 27), hawthorn (Crataegus monogyna) (n = 38), 

sallow (Salix spp.) (n = 31), dog rose (Rosa canina) (n = 27), and bramble (Rubus fruticosus) (n = 

31). XGBoost was selected over other algorithms due to its higher predictive accuracy of tree 

species compared to other algorithms (Los et al., 2021). 
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The XGBoost model calculates the importance of each feature in determining the taxa using 

the “xgb.importance” function. This information is valuable for understanding which 

variables have the most influence on the model's predictions (Chen & Guestrin, 2016). The 

most important features are visualised using the xgb.plot.importance function from the same 

package. This step helps identify which spectral bands and canopy characteristics are most 

relevant to the classification task. Model performance is evaluated using accuracy metrics and 

a confusion matrix generated with the caret package (Kuhn, 2008). The top 20 variables 

identified from the feature importance analysis were selected for further use in the 

classification of taxa (presented in the Results section, Figure 5.4). The log loss metric and taxa-

specific error rates were recorded for further performance evaluation. 

 

5.2.6. Estimating carbon and biomass from allometric equations 
 

I employed the log-linear allometric equations developed in Chapter 3, widely used in forestry 

and ecology to estimate carbon stocks (Chave et al., 2005) where biomass (W)—aboveground, 

belowground, or total—is modelled as a function of height (h), diameter at breast height (dbh), 

and canopy area (A), with coefficients (β) derived through regression analysis (Zianis and 

Mencuccini, 2004). 

A condition variable (𝑥!) adjusted the intercept for browsing exposure, enabling a single 

model to account for both exposed and protected conditions. Stepwise selection was applied 

to a maximum model log(W)~ 𝑥! ∗log(h)*log(A)*log(dbh) to identify the most relevant terms. 

The best-performing equations, determined using Akaike Information Criterion (AIC, Jones 

et al., 2022), were tailored to taxa and biomass type. Since (dbh) could not be estimated with 
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our UAV flight data (Lee et al., 2016), height and canopy area were used as predictors. The 

structure of the maximum model is as follows: 

log(W)=β0+β1⋅𝑥!+β2⋅log(h)+β3⋅log(A)+β4⋅(𝑥!⋅log(h))+β5⋅(𝑥!⋅log(A))+β6⋅(log(h)⋅log(A))+β7

⋅(𝑥!⋅log(h)⋅log(A)) 
         [1] 
 

where 𝑥! is a binary term representing the browsing condition (0 for exposed, 1 for protected). 

In this model: 

• β0 is the intercept. 

• β1 adjusts for differences between exposed and protected environments, adding to β0 

for the protected condition. 

• β2 and β3 represent the main effects of height (h) and canopy area (A), respectively. 

• β4 and β5 capture interactions between condition (𝑥! ) and each predictor (h and A). 

• β6 represents the pairwise interactions between height (h) and canopy area (A). 

• β7 captures three-way interaction involving condition (𝑥!), height (h) and canopy area 

(A).  

In exponential terms, Equation [1] can be represented separately for exposed and protected 

conditions: 

 

Exposed (where 𝒙𝒄 = 0):   

𝑊 = 𝑒(! ⋅ ℎ(" ⋅ 	𝐴(# ⋅ (ℎ ⋅ 𝐴)((         

            

     [2] 

Protected (where 𝒙𝒄 = 1): 
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𝑊 = 𝑒(!)(& ⋅ ℎ(")($ ⋅ 		𝐴(#)(' ⋅ (ℎ ⋅ 𝐴)(()()  

      [3] 

 

I developed these equations using R software (R Core Team, 2024), employing the "caret" 

package for data partitioning and the "lm()" function for model fi;ing. Model refinement, 

based on AIC, was performed with the "step()" function across all biomass types for each 

taxon, using the maximum equation [1] as the starting point (Table S5.1). Model performance 

was evaluated using the coefficient of determination (R²) and residual sum of squares (RSS), 

with selection based on the lowest AIC value. 

The allometric equations were applied to the scrub polygons identified in the Structure-from-

Motion (SfM) model to estimate biomass across the study area. Biomass was converted to 

carbon content using scrub-specific carbon percentages: 44% for aboveground biomass (AGB) 

and 43% for belowground biomass (BGB). These percentages were applied to the estimated 

dry weight generated by the allometric equations and were derived from elemental analysis 

via dry combustion on a subset of scrub trees, as detailed in Chapter 4. 

 

5.3 Results  
 

5.3.1. Extracting predictor variables from the SfM model  
 

The destructive samples (n = 270) had a mean canopy area of 17.24 cm² (median: 6.13 cm²), 

with a standard deviation of 26.85 cm², a minimum value of 4.52 cm², and a maximum of 

162.11 cm² (Figure 5.6A). The predicted canopy area for the whole 13-hectare area had a mean 
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of 73.10 cm² (median: 22.50 cm²), with a standard deviation of 192.43 cm², a minimum of 100 

cm², and a maximum of 2,788.41 cm² (Figure 5.6B). 

For height, the destructive samples had a mean of 173 cm (median: 117 cm), a standard 

deviation of 141 cm, with a minimum of 20.5 cm and a maximum of 740 cm (Figure 5.6C). The 

predicted height for the whole 14-hectare area had a mean of 226 cm (median: 201 cm), a 

standard deviation of 160 cm, a minimum of 20.0 cm, and a maximum of 1,335 cm (Figure 

5.6D). The abundance distributions for canopy area and height in the destructive field samples 

and UAV-predicted datasets reveal notable similarities, despite differences in scale and 

sampling intensity (Figure 5.6A – 6D). Both datasets show right-skewed distributions, with a 

predominance of smaller canopy areas and shorter heights across samples. 

 

5.3.2. Taxonomic classification of scrub from multispectral orthomosaics 
 

5.3.2.1  Model Performance 
 

The confusion matrix summarises the classification performance of the XGBoost model across 

six taxa: blackthorn, bramble, dog rose, hawthorn, oak, and sallow (Figure 5.3). The overall 

accuracy of the model was 58.49%, with a 95% confidence interval of (44.13%, 71.86%). The 

Kappa statistic was 0.5, indicating moderate agreement between predicted and actual 

classifications. The No Information Rate (NIR), is a baseline measure that represents the 

accuracy a model would achieve by randomly guessing or by always predicting the most 

frequent class in the dataset (Kuhn., 2013). In this case, the NIR is 20.75% meaning that my 

model performed significantly be;er than the NIR, with a P-value < 0.001, indicating that its 

accuracy was highly unlikely to be due to random chance and demonstrates meaningful 
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predictive power. Bramble had the highest sensitivity (proportion of correctly identified 

samples for each taxon; 0.90) and balanced accuracy (0.88), indicating strong performance for 

this taxon (Table 5.2). Blackthorn and dog rose had the lowest sensitivity scores (both 0.38). 

Sallow had a balanced accuracy of 0.73 and comparable sensitivity and specificity (proportion 

of correctly identified non-samples for each taxon) values. Hawthorn and oak exhibited 

balanced accuracy (the average of sensitivity and specificity for each taxon) scores above 0.78, 

reflecting reliable classification performance. The XGBoost model canopy ID estimates for the 

scrub taxa are displayed in Figure 5.5.  

 
 

Table 5.2: Class-wise statistics derived from the confusion matrix for the XGBoost 
model, showing the performance metrics for each taxon (blackthorn, bramble, dog 
rose, hawthorn, oak, and sallow). The evaluated metrics: Sensitivity (proportion of 
correctly identified samples for each taxon), Specificity (proportion of correctly 
identified non-samples for each taxon), Positive Predictive Value (precision of 
predictions for each taxon), Negative Predictive Value (proportion of correctly 
excluded samples), and Balanced Accuracy (the average of Sensitivity and Specificity 
for each taxon). 

 
 
 
 

Statistic Blackthorn Bramble Dog rose Hawthorn Oak Sallow 
Sensitivity 0.38 0.89 0.38 0.64 0.63 0.56 
Specificity 0.93 0.86 0.91 0.93 0.96 0.91 
Pos Pred Value 0.50 0.57 0.43 0.70 0.71 0.56 
Neg Pred Value 0.89 0.97 0.89 0.91 0.93 0.91 
Balanced Accuracy 0.65 0.88 0.64 0.78 0.79 0.73 
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5.3.2.2 Covariate Importance Analysis 
 

The feature June sd 5 had the highest Gain value (the relative contribution of the feature to 

improving the model's accuracy) of 0.056, making it the most important predictor in the model 

Figure 5.3: Confusion matrix illustrating the classification performance of the XGBoost 
model for six taxa: blackthorn, bramble, dog rose, hawthorn, oak, and sallow. The 
rows represent the predicted taxa, and the columns represent the actual taxa. Diagonal 
cells indicate correct classifications, while off-diagonal cells represent 
misclassifications. The colour intensity corresponds to the number of samples, with 
darker shades (red) indicating higher counts. The heatmap represents the 30% 
evaluation dataset, separated from the training data using a 70:30 random split. 
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(Table 5.3, Figure 5.4). This was followed by May sd 5 (Gain = 0.040) and July sd 5 (Gain = 

0.038), ranking second and third, respectively. The fourth most important feature was May sd 

5.4 (Gain = 0.036). The standard deviation (sd) metric appeared in 15 of the top 20 features 

(Table 5.3). Features based on the mean metric, such as Feb mean 2 and May mean 5, were less 

common. Median metrics appeared only twice, in April median 2 and April median 4 (Figure 

5.4). Notably, features related to skewness and kurtosis were absent from the top 20 features, 

indicating they did not significantly contribute to the model's predictive performance. 

Features from the months of June, May, and July dominated the list, while features from 

February, March, and April were present but had lower Gain values (Table 5.3). Band 5 was 

the most frequently represented spectral band (with frequency defined as the number of times 

the feature was used in spli;ing data across all decision trees in the model), followed by Bands 

4 and 2. Bands 1 and 3 appeared less frequently. The feature May sd 5 had the highest Cover 

value of 0.040, indicating that it influenced the largest proportion of samples during tree splits. 

Other features with high Cover values (the proportion of samples affected by the feature 

during tree splits) included June sd 5 (0.034) and Feb sd 1 (0.026). In terms of Frequency, May 

sd 5 (0.0258) and Feb sd 1 (0.0227) were the most frequently used features in tree splits. 

 

 

 

 

 

 



` 

229 
 

Table 5.3: The top 20 features ranked by their importance in the XGBoost model for 
taxa classification. The month from which the feature was derived, the statistical 
metric used (including standard deviation, mean, and median), the spectral band 
number associated with the feature, Gain (the relative contribution of the feature to 
improving the model's accuracy), Cover (the proportion of samples affected by the 
feature during tree splits), and Frequency (the number of times the feature was used 
in splitting data across all decision trees in the model). 

Month Metric Band Gain Cover Frequency 
June  sd 5 0.056 0.034 0.022 
May sd 5 0.040 0.040 0.026 
July sd 5 0.038 0.032 0.025 
May sd 4 0.036 0.030 0.024 
Feb mean 2 0.026 0.020 0.016 
March sd 2 0.025 0.019 0.019 
May mean 5 0.024 0.019 0.018 
June  sd 4 0.024 0.023 0.019 
July sd 4 0.024 0.020 0.019 
Feb sd 1 0.023 0.026 0.023 
June  sd 1 0.023 0.024 0.021 
July sd 1 0.021 0.019 0.018 
April sd 5 0.021 0.020 0.020 
June  sd 2 0.020 0.015 0.015 
July mean 3 0.020 0.018 0.013 
April median 2 0.019 0.018 0.017 
May sd 2 0.019 0.019 0.019 
April  median 4 0.017 0.010 0.010 
April  sd 4 0.016 0.018 0.020 
March sd 4 0.016 0.023 0.023 
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Figure 5.4: Top 20 features ranked by Gain (the relative contribution of the feature 
to improving the model's accuracy) in the XGBoost model for taxa classification. 
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Figure 5.5: Spatial distribution of classified taxa across the study area based on XGBoost model 
predictions. Each polygon represents an individual canopy, color-coded by predicted taxon: blackthorn 
(green), bramble (yellow), dog rose (red), hawthorn (purple), oak (blue), and sallow (orange). 
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Figure 5.6: Distribution of canopy area and height for destructively sampled scrub and Structure-from-Motion (SfM) 
models. Panels [A] and [B] show the distribution of canopy area (cm²) for both models, while panels [C] and [D] display 
the distribution of canopy height (cm) for the same. 
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5.3.3 allometric equations 
 

The allometric equations for each taxon and biomass type (AGB and BGB) (Table 5.4) were 

optimised using a stepwise AIC selection (Table S5.1). The models incorporated browsing 

condition (“exposed” or “protected”) and field measurements (height and canopy area) as 

predictors (Table 5.4). Overall, the models explained an average of 82% of the variability in 

AGB R2 = 0.79-0.88, RSS = 19.71-62.75) and 75% of the variability in BGB (R2 = 0.63-0.85, RSS = 

18.94-42.12).  

 Blackthorn had complex maximum models for both AGB (R² = 0.82, RSS = 62.75) and BGB (R² 

= 0.83, RSS = 31.57), incorporating all interaction terms between browsing condition, height, 

and canopy area. Dog rose AGB (R² = 0.83, RSS = 32.10) and BGB (R² = 0.63, RSS = 30.61) were 

predicted using simpler models without interaction terms. Hawthorn AGB (R² = 0.88, RSS = 

28.33) relied on a main-effects model, while its BGB model (R² = 0.85, RSS = 19.35) included an 

additional interaction between height and canopy area (Table 5.4).  

Sallow AGB (R² = 0.87, RSS = 27.98) included interaction terms with browsing condition, but 

its BGB model (R² = 0.70, RSS = 42.14) relied only on main effects. Finally, oak AGB (R² = 0.79, 

RSS = 19.71) was predicted using height and canopy area interactions, while its BGB model 

(R² = 0.74, RSS = 18.94) included browsing condition as a predictor. 

 

5.3.4 Biomass and carbon estimates  
 

The total aboveground biomass (AGB) and belowground biomass (BGB) for five taxa—

hawthorn, blackthorn, dog rose, sallow, and oak—were computed, and the results are 
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summarised in Table 5.5 and illustrated in Figure 5.7. Biomass totals are presented as 

kilograms per 13 hectares (kg/13 ha) (the size of the study site) and on a per hectare basis, 

while individual-level distributions of AGB and BGB are displayed on a log scale to capture 

variability. 

Aboveground Biomass (AGB): Blackthorn had the highest total AGB (25,804.22 ± 208.78 kg/13 

ha), with a mean biomass of 1,984.94 ± 16.06 kg/ha and carbon storage of 873.37 ± 7.07 kg C/ha. 

Hawthorn followed with a total AGB of 10,983.43 ± 55.13 kg/13 ha (mean biomass of 844.88 ± 

4.24 kg/ha, 371.75 ± 1.86 kg C/ha). Sallow (7,091.48 ± 18.17 kg/13 ha, mean of 545.50 ± 1.40 

kg/ha, 240.02 ± 0.61 kg C/ha), oak (4,460.51 ± 40.56 kg/13 ha, mean of 343.12 ± 3.12 kg/ha, 151.97 

± 1.38 kg C/ha), and dog rose (2,215.51 ± 3.17 kg/13 ha, mean of 170.42 ± 0.24 kg/ha, 75.33 ± 

0.11 kg C/ha) demonstrated progressively lower AGB contributions. Figure 5.7 reflects this 

pa;ern, highlighting the dominance of blackthorn and hawthorn in aboveground biomass 

contributions compared to the other taxa. 

Belowground Biomass (BGB): Sallow contributed the highest total BGB (1,641.45 ± 2.41 kg/13 

ha), corresponding to a mean of 126.27 ± 0.19 kg/ha and carbon storage of 54.29 ± 0.08 kg C/ha. 

Oak and hawthorn followed closely, with total BGB values of 1,610.67 ± 6.94 kg/13 ha (mean 

of 123.90 ± 0.53 kg/ha, 53.28 ± 0.23 kg C/ha) and 2,026.64 ± 13.10 kg/13 ha (mean of 155.90 ± 

1.01 kg/ha, 67.03 ± 0.43 kg C/ha), respectively. Blackthorn had a total BGB of 1,434.93 ± 7.06 

kg/13 ha (mean of 110.38 ± 0.54 kg/ha, 47.46 ± 0.23 kg C/ha), while dog rose exhibited the 

lowest BGB (549.98 ± 0.42 kg/13 ha), corresponding to a mean of 42.31 ± 0.03 kg/ha and carbon 

storage of 18.19 ± 0.01 kg C/ha. Figure 5.7 reflects this pa;ern, showing that sallow and oak 

have notable belowground biomass contributions relative to the other taxa. 
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Figure 5.7B illustrates the distributions of individual AGB and BGB values on a log scale, 

highlighting the variation within and among taxa. For AGB, blackthorn displayed the 

broadest range of biomass values, with a skew toward larger individual values. Hawthorn 

also showed substantial variability but with a more moderate range compared to blackthorn. 

Dog rose had the smallest range and median for AGB, with most values clustering at the lower 

end of the scale. Sallow and oak exhibited intermediate ranges for AGB, with relatively 

symmetric distributions. 

For BGB, the pa;erns were more consistent across taxa, but variability was lower compared 

to AGB. Blackthorn and sallow demonstrated the widest range of BGB values, while dog rose 

exhibited the narrowest distribution. Median values for BGB were generally lower than for 

AGB across all taxa. Notably, the overlap of AGB and BGB distributions for each taxon 

highlights a stronger skew toward lower BGB values, particularly for dog rose and oak. 
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Table 5.4:  Summary of linear regression models used to predict biomass components W (aboveground biomass (AGB) and 
belowground biomass (BGB)) across five taxa (blackthorn, dog rose, hawthorn, oak, and sallow). Each model incorporates predictor 
variables—height h and canopy area A—as well as interactions with browsing condition (x!) where specified. The models include 
combinations of main effects and interactions, up to a maximum model structure with all possible interaction terms (Equation 1. 
Model performance is evaluated using the coefficient of determination (R2), residual sum of squares (RSS), and Akaike Information 
Criterion (AIC). Taxon specific biomass coefficient values (β0 – β7) are displayed, coefficients are ordered from the intercept (β0) to 
the highest-order interaction term, “conditionprotected:log_height:log_canopy_area” (β7). NA values indicate terms that were not 
included in the final model for that specific taxon and biomass component. The full table of coefficients with Standard Error (SE), T-
Value and P-value can be found in Table S5.2. 

Taxon log 
(W) 

model 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝜷𝟒 𝜷𝟓 𝜷𝟔 𝜷𝟕 R2 RSS AIC 

Blackth
orn 

AGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A)+β4⋅(xc
⋅log(h))+β5⋅(xc⋅log(A))+β6
⋅(log(h)⋅log(A))+β7⋅(xc⋅log(h)⋅log(A)) 

1.280 8.800 -0.280 -0.080 -1.319 -1.757 0.182 0.278 0.819 62.75 181.34 

 
BGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A)+β4⋅(xc

⋅log(h))+β5⋅(xc⋅log(A))+β6
⋅(log(h)⋅log(A))+β7⋅(xc⋅log(h)⋅log(A)) 

-1.484 15.933 0.017 0.643 -2.675 -2.432 0.048 0.395 0.826 31.57 143.56 

Dog 
rose 

AGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A) -4.491 13.818 1.961 0.168 NA NA NA NA 0.831 32.1 136.46 

 
BGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A) -2.290 7.795 1.251 0.542 NA NA NA NA 0.63 30.61 133.85 

Hawtho
rn 

AGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A) -
15.381 

17.013 3.385 1.732 NA NA NA NA 0.882 28.33 130.77 

 
BGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A)+β6

⋅(log(h)⋅log(A)) 
-3.098 6.067 1.383 0.304 NA NA -0.003 NA 0.853 19.351 117.41 
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Taxon log 
(W) 

model 𝜷𝟎 𝜷𝟏 𝜷𝟐 𝜷𝟑 𝜷𝟒 𝜷𝟓 𝜷𝟔 𝜷𝟕 R2 RSS AIC 

Sallow AGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A)+β6
⋅(log(h)⋅log(A))+β7⋅(xc⋅log(h)⋅log(A)) 

-2.859 3.520 0.437 0.852 NA NA -0.001 0.153 0.87 27.98 136.92 

 
BGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A) -2.697 0.840 0.661 0.915 NA NA NA NA 0.699 42.14 151.43 

Oak AGB β0+β2⋅log(h)+β3⋅log(A)+β6⋅(log(h)⋅log(A)) 18.757 NA -3.846 -2.814 NA NA 0.754 NA 0.791 19.71 104.44 
 

BGB β0+β1⋅xc+β2⋅log(h)+β3⋅log(A) 13.017 -7.029 -2.866 -1.735 NA NA NA NA 0.739 18.94 102.48 
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Table 5.5:  Summary of total aboveground biomass (AGB) and belowground biomass (BGB) for each taxon across 13 hectares, along 
with their corresponding carbon estimates. The table includes total biomass (kg), carbon storage (kg), root-to-shoot ratios, and the 
minimum, maximum, and mean biomass values per individual (kg). Additionally, the per-hectare biomass and carbon values for 
both AGB and BGB are presented. 

  
Total kg/13 ha agb (kg) bgb (kg) kg/hectares Carbon/ha 

Taxon n  AGB  BGB  AGB C BGB C min max mean min max mean AGB BGB AGB  BGB  

Hawthorn 1144 10983.43 2026.64 4832.71 871.45 0.0179 1416.78 9.60 0.0063 363.08 1.77 844.88 155.90 371.75 67.03 

blackthorn 769 25804.22 1434.93 11353.86 617.02 0.0013 3711.51 33.60 0.0039 116.75 1.87 1984.94 110.38 873.37 47.46 

dog rose 1010 2215.51 549.98 974.83 236.49 0.0061 30.83 2.20 0.0247 3.31 0.55 170.42 42.31 74.99 18.19 

sallow 1048 7091.48 1641.45 3120.25 705.82 0.0073 250.80 6.77 0.0216 27.37 1.57 545.50 126.27 240.02 54.29 

oak 1120 4460.51 1610.67 1962.62 692.59 0.0303 1349.22 3.99 0.0500 25.58 1.44 343.12 123.90 150.97 53.28 
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Figure 5.7:  Total biomass and distribution of aboveground and belowground biomass across five taxa. [A] total aboveground biomass (blue) 

and belowground biomass (aqua) in kilograms (kg) per taxon, aggregated across 13 hectares. [B] the distribution of individual biomass values 

(log scale) for aboveground (blue) and belowground (aqua) biomass across taxa. Taxa include blackthorn, dog rose, hawthorn, oak, and sallow. 

[A] 

[B] 
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5.4 Discussion 
 

This study successfully evaluated the integration of Structure-from-Motion (SfM) 

photogrammetry and multispectral imagery to classify scrub taxa and estimate their biomass, 

highlighting its potential for quantifying carbon storage in scrubland ecosystems. The results 

indicate that these methodologies can differentiate taxa while providing robust estimates of 

aboveground and belowground biomass, contributing to a scalable and replicable method of 

estimating scrub biomass for above and belowground. 

 

5.4.1. Generating predictor variables through Structure from Motion (SfM) 
 

Structure-from-Motion (SfM) photogrammetry using UAVs is a promising tool for vegetation 

studies, offering scalable and non-destructive data collection. In this study, the mean canopy 

area and height derived from SfM were higher than those from the destructive sampling 

(Chapter 3), likely because SfM was not constrained by tree size and included larger trees 

typically excluded in destructive methods for practical reasons. For instance, the destructive 

sample mean canopy area (17.24 cm²) was lower than the SfM-predicted mean (73.10 cm²), 

and the mean height derived from SfM (226 cm) exceeded that from destructive measurements 

(173 cm). These differences could be a reflection of the broader sampling scope achievable 

with SfM and its ability to represent a more comprehensive range of canopy structures. 

While some studies have highlighted potential inaccuracies in UAV-based SfM, such as 

underestimations of tree height and volume (Kameyama and Sugiura, 2020) and the 

sensitivity of canopy height reconstruction to wind speed during data collection (Slade et al., 

2024), this study did not find such discrepancies. The congruence observed in the overall 
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frequency distributions of canopy height and area between SfM and destructive methods 

(Figure 5.5), along with the similar shapes of these distributions, suggests that SfM accurately 

captures the variability and structural pa;erns of vegetation. 

This finding aligns with previous research supporting the reliability of SfM for vegetation 

assessments. For example, Dandois and Ellis (2013) demonstrated SfM's capability for high 

spatial-resolution mapping of forest canopy structure, while Cunliffe et al. (2022) and Wallace 

et al. (2017) highlighted its effectiveness in estimating aboveground biomass using fine-grain 

volumetric models. Additionally, Vafidis et al. (2021) validated its use for mapping scrub 

vegetation cover in reserve management, and Orndahl et al. (2022) successfully applied SfM 

to estimate plant functional type cover, height, and biomass in tundra ecosystems. The similar 

height and canopy area frequency distributions observed in this study strongly suggest that 

SfM provided adequate representations of the site (Figure 5.6). 

Incorporating browsing as a condition in allometric models is crucial yet often overlooked. 

There are now many research studies indicating that herbivory significantly affects biomass 

distribution, often increasing belowground allocation as a defence mechanism (Peláez et al., 

2024; Perkovich & Ward, 2021; Hester et al., 2006). Yet, despite its importance, most existing 

models fail to account for browsing intensity or protection, creating a critical knowledge gap 

that undermines the ecological accuracy of biomass predictions. Addressing this gap is 

essential for refining allometric models in ecosystems shaped by herbivory. In this respect, 

results from my study are particularly important since by employing bramble cover as a proxy 

for browsing protection, and then identified using a supervised random forest classification 

from drone-derived RGB orthomosaics in ArcGIS pro (Esri, 2024), I was able to remotely 

classify scrub trees as either protected or exposed based on their proximity to bramble. In this 
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instance, drone-acquired data was therefore used to assess ecological variables like browsing 

protection, again making the information transferable and scalable across larger landscapes. 

While the binary classification provided a broad indication of protection and was intentionally 

conservative—assigning a larger proportion of trees as protected—it potentially 

misrepresented the actual proportion of bramble cover. For example, taxa such as hawthorn 

and blackthorn showed disproportionately high representation in protected categories 

despite observed exposure within the field site. Nonetheless, the use of a coarser resolution in 

ArcGIS Pro (Figure 5.2B) for mapping bramble distribution proved advantageous for 

capturing this variable more accurately. The coarser resolution reduced noise from smaller 

misclassified patches and provided a clearer delineation of meaningful bramble clusters, 

be;er reflecting their ecological influence on browsing protection. 

Despite potential limitations in misrepresenting finer-scale variability, the AIC results 

indicated that browsing condition significantly influenced biomass allocation in all taxa 

except for belowground oak (Table 5.4) demonstrating the utility of this variable. Results 

showed higher root:shoot (RS) ratios in exposed trees (see Chapter 3), consistent with the 

hypothesis that herbivory promotes belowground carbon allocation as a defence strategy 

(Perkovich & Ward, 2021). 

By leveraging drone-based remote sensing, this method represents a significant advancement 

in biomass estimation, demonstrating its applicability for integrating remote sensing data into 

allometric modelling while explicitly accounting for browsing impacts. To date, most 

allometric models used in temperate ecosystems, such as those developed by Chave et al. 

(2005) and Jenkins et al. (2003), focus on environmental or structural variables like soil type, 

tree height, and canopy area but overlook the role of herbivory. The limited integration of 
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browsing is surprising given the extensive body of literature documenting its ecological 

effects (Perkovich & Ward, 2021; Rooke, 2003a; 2003b; Rooke et al., 2004a; 2004b; Rooke & 

Bergström, 2007; Gill, 1992). 

However, the use of bramble as a proxy also has limitations, as it does not directly quantify 

browsing pressure or herbivore density, and in this study, it is produced as a binary variable. 

Future work could refine this approach by integrating direct measures of browsing, such as 

faecal pellet counts (Forsyth et al., 2007), remote sensing of vegetation damage (Spiegel et al., 

2023), or herbivore exclusion experiments (Tanenqap et al., 2023). Nonetheless, the integration 

of browsing has been a key knowledge gap in allometric modelling and this work offers a 

critical step toward bridging that gap while demonstrating the potential of remote sensing 

technologies in ecological studies. 

5.4.2. Multi-spectral imaging to identify scrub taxa 
 

The XGBoost model's classification performance varied significantly across taxa, revealing 

both strengths and limitations in classifying scrub vegetation (Table 5.2). While the model 

demonstrated high specificity across all taxa, its sensitivity and balanced accuracy were more 

variable, particularly for taxa such as blackthorn (Prunus spinosa) and dog rose (Rosa canina). 

These results highlight its proficiency in excluding false positives but underscore challenges 

in reliably identifying certain taxa. 

The lower sensitivity and balanced accuracy for blackthorn and dog rose are likely due to their 

distinct structural traits. Blackthorn’s dense, thorny canopy and spectral similarity to other 

scrub taxa may have impeded accurate classification, as noted in previous studies 

documenting difficulties with species having overlapping spectral profiles (e.g., Shataee-
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Joibary et al., 2007; Darvishsefat et al., 2009; Fassnacht et al., 2016). Similarly, dog rose’s 

fragmented growth form, characterised by canopy gaps, may have introduced noise into the 

drone-derived metrics, an issue frequently cited in remote sensing workflows involving 

discontinuous vegetation structures (Baena et al., 2017; Hernandez-Santin et al., 2019; 

Takahashi Miyoshi et al., 2020; Lu & Weng, 2007). 

These structural complexities likely contributed to the model's limitations, particularly its 

reduced ability to predict positive occurrences for these taxa compared to more robust 

classifications observed for species like oak (Quercus robur) and hawthorn (Crataegus 

monogyna). 

Multispectral imagery features, particularly standard deviation metrics from red-edge and 

near-infrared bands (e.g., Bands 5, 4, and 2), were critical for distinguishing between taxa. 

Temporal windows in May, June, and July were identified as optimal for capturing 

phenological differences that enhance taxonomic differentiation (Table 5.3, Figure 5.4), likely 

due to increased spectral heterogeneity between taxa during this period, as observed in 

Grybas et al., (2021). However, even when leveraging temporal variability, the classification 

accuracy of blackthorn and dog rose was still low. 

Although the model demonstrated limitations for certain taxa, its high specificity and 

balanced accuracy for oak, hawthorn, and sallow affirm its utility in scrub vegetation 

classification. In the future, using a 10-band camera, which captures more spectral diversity 

than a 5-band system, can improve taxonomic differentiation and overcome challenges such 

as spectral overlap or morphological complexity (Liu et al., 2024). Furthermore, increasing the 

ground-truth dataset may address biases related to morphological variability, as 

recommended by Zhang et al. (2022).  
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5.4.3. Scrub biomass and carbon estimation 
 

The allometric models demonstrated high levels of predictive power across taxa. Hawthorn 

(Crataegus monogyna) exhibited the highest predictive accuracy, with AGB and BGB models 

achieving R2 values of 0.88 and 0.85, respectively, and low residual variability. Sallow (Salix 

spp.) and oak (Quercus spp.) displayed robust AGB predictions (R2 = 0.87 and 0.80, 

respectively), though their BGB models were slightly lower, with R2 values of 0.70 for sallow 

and 0.74 for oak. The R2 values observed across taxa are consistent with the range reported on 

allometric model studies on other forest ecosystems. For instance, research using allometric 

models to estimate biomass in tropical and temperate ecosystems often reports R2 values 

between 0.6 and 0.9, depending on species, predictors, and site heterogeneity (Vorster et al., 

2020; Chave et al., 2005; Jenkins et al., 2003). The lower R2 value for the BGB model of dog rose 

(R2=0.63) is notable and aligns with the general challenge of modelling belowground biomass, 

which is inherently more variable and difficult to measure (Cairns et al., 1997). Despite this, 

the dog rose model still falls within the range of allometric equations reported for other 

forested systems, highlighting its utility in biomass estimation. 

The combined aboveground and belowground carbon storage for the Knepp scrubland, 

encompassing contributions from oak (Quercus spp.), blackthorn (Prunus spinosa), hawthorn 

(Crataegus monogyna), dog rose (Rosa canina), and sallow (Salix spp.), totals approximately 1950 

kg C ha⁻¹ (AGB: 1710 kg C ha⁻¹; BGB: 240 kg C ha⁻¹) (Table 5.5). These values represent the 

minimum carbon storage potential for this scrubland ecosystem, as several factors likely 

contributed to underestimations. 
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Several methodological constraints limited the ability to fully capture the full biomass 

measurement. The use of destructive sampling techniques posed challenges, particularly for 

accurately estimating the root biomass. Deep or extensive root networks are difficult to extract, 

especially in dense soils, leading to their frequent underrepresentation in biomass studies 

(Mokany et al., 2006; Cairns et al., 1997). Furthermore, the polygon-SAM based techniques 

used for canopy identification likely resulted in the under-sampling or omission of smaller or 

overlapping canopies, further contributing to an underestimation of total biomass. 

The total biomass value reported here also excludes foliage, a potentially significant 

contributor to biomass and carbon storage. For example, Saddiq et al. (2021) found that leaves 

in a subtropical scrub forest in Pakistan accounted for approximately 6.97 t C ha⁻¹, 

representing around 14% of the total carbon within that scrub environment. This omission is 

notable, as foliage plays a crucial role in carbon sequestration and nutrient cycling (Poorter et 

al., 2012), particularly in smaller scrub systems where leaf mass may constitute a significant 

proportion of total biomass. 

One final point is that the majority of scrub measured at Knepp was less than 0.5 m in height 

(Figure 5.6D) and younger than 19 years, indicative of the early successional stage of this 

ecosystem. Comparisons with similar systems worldwide provide valuable context for 

understanding the carbon storage potential of Knepp’s developing scrubland. 

In Jhariya (2017), the carbon sequestration potential of shrubs in the Bhoramdeo Wildlife 

Sanctuary, India, found a total shrub biomass ranging from 6.82 to 15.71 t ha⁻¹, corresponding 

to carbon storage of 2.93 to 6.76 t ha⁻¹ across different fire regimes. In comparison, the nascent 

scrub at Knepp produced a carbon value of 1.95 t ha⁻¹. Similarly, Tomilla et al. (2024) reported 

mean total carbon values per shrub in Finland ranging from 18.5 ± 1.4 kg to 0.05 ± 0.02 kg, 
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aligning closely with Knepp's scrub, which exhibited an average biomass range of 1.21 kg (dog 

rose) to 15.61 kg (blackthorn). Ruiz-Peinado et al. (2013) also found comparable total biomass 

range values of 4.67 kg and 12.7 kg per shrub for two Mediterranean species, further 

corroborating the findings at Knepp. 

Comparisons between Knepp’s nascent scrubland and mature systems, such as 

Mediterranean habitats and hedgerows in the UK, underscore the potential of Knepp’s 

developing scrub to evolve into a significant carbon sink. For instance, Pasalodos-Tato et al. 

(2015) reported that scrubland in Andalusia, Southern Spain, sequestered 16.73 Mg ha⁻¹ of 

carbon, with scrub trees averaging 12.1 m in height. Similarly, Axe et al. (2017) estimated 

aboveground biomass (AGB) of 42.0 tC ha⁻¹ and belowground biomass (BGB) of 38.2 tC ha⁻¹ 

for 3.5 m tall hedgerows in the UK. These higher biomass values reflect the advanced age, 

height and structural development of these systems compared to Knepp’s younger scrub. 

Interestingly, despite these differences, the structural morphology of these woody systems, 

shaped by factors such as browsing pressures (e.g. Rincon-Madroñero et al., 2024) or hedge 

trimming (Axe et al., 2017), is similar to the developing scrub at Knepp. These similarities 

include multi-stemmed structures, which result from adaptations to herbivory (Peláez et al., 

2024; Rooke et al., 2004b; Chapter 3), as well as the dominance of thorny scrub species like 

blackthorn and hawthorn (Figure 5.5), which offer natural protection against browsing. 

Additionally, both systems demonstrate higher root:shoot ratios (Chapter 2, 3), reflecting 

adaptations to similar stressors such as browsing or limited resource availability, where plants 

allocate more biomass belowground to enhance stability, resilience, and nutrient acquisition 

(Perkovich & Ward, 2021). Other shared characteristics include dense, heterogeneous canopy 
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structures, and a propensity for clonal propagation, particularly in species such as blackthorn 

(Facciolati et al., 2024). 

By measuring carbon storage during these early stages, this study also establishes a baseline 

for monitoring carbon sequestration over time. Such measurements are critical for 

understanding the long-term developmental trajectory of scrubland ecosystems and enable a 

more comprehensive evaluation of their ecosystem service contributions (Lindenmayer et al., 

2012). Further validation of these similarities through comparative studies of mature and 

early-successional scrubland systems would strengthen the evidence for these shared 

dynamics and their implications for the future of scrubland regeneration within rewilding 

projects. 

In terms of the carbon storage compared to other landscapes, although Knepp's young 

scrubland currently falls short of the carbon storage potential of mature scrublands 

(Pasalodos-Tato et al., 2015) or ancient hedgerows (Axe et al., 2017), the woody vegetation 

measured here represents only part of the ecosystem's carbon dynamics. Soils (Kaštovská et 

al., 2024; Tudge et al., 2023; Lal et al., 2021), wetlands (Law et al., 2017; Nummi et al., 2018), 

and grasslands, particularly those under grazing and browsing regimes (Rincon-Madroñero 

et al., 2024; Frank et al., 1994; Hu et al., 2016), are recognised as critical carbon reservoirs with 

a significant role in carbon storage and sequestration. Recent findings at Knepp demonstrate 

soil sequestration rates of 3.3–4.8 tCO₂e/ha/year, with a midpoint estimate of 4.05 

tCO₂e/ha/year, comparable to woodland carbon estimates (Knepp Wildland Carbon Project, 

2024). Importantly, rewilding delivers a suite of essential ecosystem services beyond carbon 

storage, including promoting biodiversity (Svenning et al., 2019; Wang et al., 2023), improving 

soil health (Andriuzzi & Wall, 2018; Lal et al., 2021), regulating water (Harvey & Henshaw, 
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2023), and providing habitats for diverse species (Garrido et al., 2019; Svenning, 2020). A 

biodiversity and carbon co-crediting system offers a practical framework to integrate and 

value these ecosystem services (Tedersoo et al., 2023; The Wallacea Trust, 2023). By modelling 

the minimum carbon storage in the woody component of scrubland, this study provides a 

foundation for incorporating these broader benefits into rewilding strategies. 

5.5 Conclusion 
 

By focusing on the carbon dynamics of developing scrub at Knepp, this study emphasises the 

importance of early-stage monitoring to track and model carbon trajectories over time. These 

efforts not only contribute to assessments of scrubland in climate mitigation strategies but also 

provide a foundation for recognising and valuing the broader ecological benefits of rewilding 

landscapes. It also demonstrates the utility of using integrating Structure-from-Motion (SfM) 

photogrammetry and multispectral imagery for classifying scrub taxa and estimating biomass 

in browsed rewilded scrubland. By leveraging scalable, non-destructive methodologies, such 

as this, the potential is huge for measuring global scrublands. It provides robust 

methodologies to estimate aboveground and belowground biomass, laying a foundation for 

assessing carbon storage and broader ecosystem services in such structurally complex 

systems. The incorporation of browsing effects into allometric models also addresses a critical 

gap, enhancing ecological accuracy in biomass predictions. While the XGBoost model 

highlighted challenges in differentiating structurally similar taxa like blackthorn and dog 

rose, its overall high balanced accuracy, together with the high specificity for taxa such as 

hawthorn and oak underscores its potential for scrub vegetation classification. These findings 

not only support the role of developing scrublands in carbon sequestration but also establish 

a framework for integrating biodiversity and other ecosystem services into rewilding 
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strategies. By focusing on early-stage carbon dynamics, this research contributes to long-term 

monitoring and climate mitigation efforts in global landscapes. 
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5.7 Supplementary materials  
 

Table S5.1: results of multiple linear regression models fitted to predict above-ground 
biomass (AGB) and below-ground biomass (BGB) for each taxon. Model performance 
is evaluated using R2, Residual Sum of Squares (RSS), and Akaike Information 
Criterion (AIC). The tested models include combinations and interactions of predictor 
variables: log-transformed height, canopy area, and condition. Results are presented 
unfiltered to display the full range of tested models. P-values are excluded from this 
table as uninformative to these model comparisons.  Each of the terms included in the 
various models (column 2) was significant (p < 0.05) 

Taxon Biomass Model R2 RSS AIC 

blackthorn AGB log_above ~ condition * log_height * log_canopy_area 0.82 62.75 181.34 

blackthorn BGB log_below ~ condition * log_height * log_canopy_area 0.83 31.57 143.56 

blackthorn AGB log_above ~ log_height 0.73 92.29 190.55 

blackthorn AGB log_above ~ log_height + log_canopy_area 0.77 80.92 185.32 

blackthorn AGB log_above ~ log_height * log_canopy_area 0.79 73.92 182.35 

blackthorn AGB log_above ~ condition + log_height + 
log_canopy_area 

0.79 71.49 180.51 

blackthorn AGB log_above ~ condition * log_height 0.78 76.77 184.42 

blackthorn BGB log_below ~ log_height 0.63 66.61 172.62 

blackthorn BGB log_below ~ log_height + log_canopy_area 0.71 53.05 162.09 

blackthorn BGB log_below ~ log_height * log_canopy_area 0.71 51.94 162.93 

blackthorn BGB log_below ~ condition + log_height + 
log_canopy_area 

0.78 40.75 149.59 

blackthorn BGB log_below ~ condition * log_height 0.73 48.71 159.40 

dogrose AGB log_above ~ condition + log_height + 
log_canopy_area 

0.83 32.10 136.46 

dogrose BGB log_below ~ condition + log_height + 
log_canopy_area 

0.63 30.61 133.85 

dogrose AGB log_above ~ log_height 0.78 41.73 146.90 

dogrose AGB log_above ~ log_height + log_canopy_area 0.80 38.95 145.10 

dogrose AGB log_above ~ log_height * log_canopy_area 0.81 35.54 142.07 

dogrose AGB log_above ~ condition * log_height 0.82 34.73 140.80 

dogrose AGB log_above ~ condition * log_height * log_canopy_area 0.85 28.43 137.79 

dogrose BGB log_below ~ log_height 0.51 40.70 145.53 
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Taxon Biomass Model R2 RSS AIC 

dogrose BGB log_below ~ log_height + log_canopy_area 0.56 36.55 141.61 

dogrose BGB log_below ~ log_height * log_canopy_area 0.56 36.39 143.37 

dogrose BGB log_below ~ condition * log_height 0.59 34.04 139.69 

dogrose BGB log_below ~ condition * log_height * log_canopy_area 0.64 29.78 140.34 

hawthorn AGB log_above ~ condition + log_height + 
log_canopy_area 

0.88 28.33 130.77 

hawthorn BGB log_below ~ condition * log_height * log_canopy_area 0.85 19.35 117.41 

hawthorn AGB log_above ~ log_height 0.75 60.12 168.90 

hawthorn AGB log_above ~ log_height + log_canopy_area 0.85 35.35 141.16 

hawthorn AGB log_above ~ log_height * log_canopy_area 0.85 35.01 142.61 

hawthorn AGB log_above ~ condition * log_height 0.77 55.03 167.95 

hawthorn AGB log_above ~ condition * log_height * log_canopy_area 0.90 24.56 130.77 

hawthorn BGB log_below ~ log_height 0.67 43.61 150.92 

hawthorn BGB log_below ~ log_height + log_canopy_area 0.74 33.63 138.37 

hawthorn BGB log_below ~ log_height * log_canopy_area 0.76 31.40 136.52 

hawthorn BGB log_below ~ condition + log_height + 
log_canopy_area 

0.82 23.75 120.89 

hawthorn BGB log_below ~ condition * log_height 0.73 35.23 142.96 

oak AGB log_above ~ log_height * log_canopy_area 0.79 19.71 104.44 

oak BGB log_below ~ condition + log_height + 
log_canopy_area 

0.74 18.94 102.48 

oak AGB log_above ~ log_height 0.64 33.56 126.51 

oak AGB log_above ~ log_height + log_canopy_area 0.73 25.41 114.89 

oak AGB log_above ~ condition + log_height + 
log_canopy_area 

0.78 20.77 106.99 

oak AGB log_above ~ condition * log_height 0.68 30.38 125.64 

oak AGB log_above ~ condition * log_height * log_canopy_area 0.85 14.25 96.54 

oak BGB log_below ~ log_height 0.52 35.01 128.58 

oak BGB log_below ~ log_height + log_canopy_area 0.67 24.21 112.50 

oak BGB log_below ~ log_height * log_canopy_area 0.68 22.97 111.93 

oak BGB log_below ~ condition * log_height 0.54 33.02 129.72 

oak BGB log_below ~ condition * log_height * log_canopy_area 0.77 16.76 104.49 
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Taxon Biomass Model R2 RSS AIC 

sallow AGB log_above ~ condition * log_height * log_canopy_area 0.87 27.98 136.92 

sallow BGB log_below ~ condition + log_height + 
log_canopy_area 

0.70 42.14 151.43 

sallow AGB log_above ~ log_height 0.65 76.18 180.00 

sallow AGB log_above ~ log_height + log_canopy_area 0.80 42.10 149.38 

sallow AGB log_above ~ log_height * log_canopy_area 0.81 40.26 148.92 

sallow AGB log_above ~ condition + log_height + 
log_canopy_area 

0.84 34.26 140.05 

sallow AGB log_above ~ condition * log_height 0.73 59.03 169.97 

sallow BGB log_below ~ log_height 0.50 70.61 175.82 

sallow BGB log_below ~ log_height + log_canopy_area 0.66 47.32 155.81 

sallow BGB log_below ~ log_height * log_canopy_area 0.67 46.70 157.09 

sallow BGB log_below ~ condition * log_height 0.59 57.48 168.50 

sallow BGB log_below ~ condition * log_height * log_canopy_area 0.74 36.81 152.00 
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Table S5.2: linear models predicting aboveground biomass (AGB) and 
belowground biomass (BGB) for different taxa using the maximal model: 
Biomass∼condition×log(height)×log(canopy area). Each row represents a model 
term, with corresponding estimates, standard errors and T-values. P-values are 
excluded from this table as uninformative to these model comparisons. Each of the 
terms included in the various models were significant (p < 0.05). 

Log (W) Taxon Term Estimate s.e. t 

BGB blackthorn conditionprotected:log_canopy_area -2.43 0.97 -2.51 

BGB blackthorn conditionprotected 15.93 8.38 1.90 

BGB blackthorn conditionprotected:log_height:log_canopy_area 0.39 0.22 1.80 

BGB blackthorn log_canopy_area 0.64 0.47 1.35 

BGB blackthorn conditionprotected:log_height -2.68 2.03 -1.32 

AGB blackthorn conditionprotected:log_canopy_area -1.76 1.37 -1.29 

AGB blackthorn log_height:log_canopy_area 0.18 0.17 1.09 

AGB blackthorn conditionprotected:log_height:log_canopy_area 0.28 0.31 0.90 

AGB blackthorn conditionprotected 8.80 11.81 0.75 

AGB blackthorn conditionprotected:log_height -1.32 2.86 -0.46 

BGB blackthorn log_height:log_canopy_area 0.05 0.12 0.41 

BGB blackthorn (Intercept) -1.48 4.07 -0.36 

AGB blackthorn (Intercept) 1.28 5.73 0.22 

AGB blackthorn log_height -0.28 1.64 -0.17 

AGB blackthorn log_canopy_area -0.08 0.67 -0.11 

BGB blackthorn log_height 0.02 1.17 0.01 

AGB dogrose conditionprotected:log_height -3.55 2.24 -1.58 

AGB dogrose conditionprotected:log_height:log_canopy_area 0.36 0.24 1.50 

AGB dogrose conditionprotected 13.82 9.98 1.38 

AGB dogrose log_height 1.96 1.50 1.31 

AGB dogrose conditionprotected:log_canopy_area -1.49 1.19 -1.25 

BGB dogrose log_canopy_area 0.54 0.63 0.86 

BGB dogrose log_height 1.25 1.53 0.82 

BGB dogrose conditionprotected 7.79 10.22 0.76 

BGB dogrose conditionprotected:log_canopy_area -0.92 1.22 -0.75 

AGB dogrose (Intercept) -4.49 6.00 -0.75 
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Log (W) Taxon Term Estimate s.e. t 

BGB dogrose conditionprotected:log_height -1.69 2.29 -0.74 

BGB dogrose conditionprotected:log_height:log_canopy_area 0.18 0.25 0.72 

BGB dogrose log_height:log_canopy_area -0.06 0.15 -0.38 

BGB dogrose (Intercept) -2.29 6.14 -0.37 

AGB dogrose log_canopy_area 0.17 0.61 0.27 

AGB dogrose log_height:log_canopy_area 0.00 0.14 -0.01 

AGB hawthorn log_canopy_area 1.73 0.74 2.35 

AGB hawthorn (Intercept) -15.38 6.77 -2.27 

AGB hawthorn log_height 3.38 1.59 2.13 

AGB hawthorn conditionprotected:log_height -4.88 2.92 -1.67 

AGB hawthorn log_height:log_canopy_area -0.22 0.16 -1.36 

AGB hawthorn conditionprotected:log_height:log_canopy_area 0.42 0.32 1.31 

AGB hawthorn conditionprotected 17.01 15.33 1.11 

BGB hawthorn conditionprotected:log_height -2.85 2.59 -1.10 

BGB hawthorn log_height 1.38 1.41 0.98 

AGB hawthorn conditionprotected:log_canopy_area -1.40 1.75 -0.80 

BGB hawthorn conditionprotected:log_height:log_canopy_area 0.17 0.28 0.62 

BGB hawthorn (Intercept) -3.10 6.01 -0.52 

BGB hawthorn log_canopy_area 0.30 0.65 0.46 

BGB hawthorn conditionprotected 6.07 13.61 0.45 

BGB hawthorn conditionprotected:log_canopy_area -0.11 1.55 -0.07 

BGB hawthorn log_height:log_canopy_area 0.00 0.14 -0.02 

AGB oak log_height:log_canopy_area 0.75 0.30 2.50 

AGB oak (Intercept) 18.76 7.91 2.37 

AGB oak log_canopy_area -2.81 1.28 -2.21 

AGB oak log_height -3.85 1.89 -2.04 

BGB oak log_height:log_canopy_area 0.56 0.33 1.71 

BGB oak (Intercept) 13.02 8.58 1.52 

AGB oak conditionprotected:log_canopy_area 2.18 1.47 1.49 

AGB oak conditionprotected:log_height:log_canopy_area -0.46 0.33 -1.41 

BGB oak log_height -2.87 2.05 -1.40 
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Log (W) Taxon Term Estimate s.e. t 

BGB oak log_canopy_area -1.74 1.38 -1.25 

AGB oak conditionprotected -10.11 9.66 -1.05 

BGB oak conditionprotected:log_height:log_canopy_area -0.37 0.36 -1.04 

BGB oak conditionprotected:log_canopy_area 1.52 1.59 0.96 

AGB oak conditionprotected:log_height 1.87 2.18 0.86 

BGB oak conditionprotected -7.03 10.48 -0.67 

BGB oak conditionprotected:log_height 1.57 2.36 0.66 

AGB sallow log_canopy_area 0.85 0.52 1.64 

BGB sallow log_canopy_area 0.92 0.60 1.54 

AGB sallow conditionprotected:log_canopy_area -0.95 0.97 -0.98 

AGB sallow conditionprotected:log_height:log_canopy_area 0.15 0.20 0.78 

AGB sallow (Intercept) -2.86 5.04 -0.57 

BGB sallow conditionprotected:log_canopy_area -0.59 1.11 -0.53 

BGB sallow (Intercept) -2.70 5.78 -0.47 

BGB sallow log_height 0.66 1.44 0.46 

BGB sallow conditionprotected:log_height:log_canopy_area 0.10 0.23 0.45 

AGB sallow conditionprotected 3.52 9.00 0.39 

BGB sallow log_height:log_canopy_area -0.05 0.14 -0.38 

AGB sallow log_height 0.44 1.26 0.35 

AGB sallow conditionprotected:log_height -0.55 1.93 -0.28 

BGB sallow conditionprotected 0.84 10.32 0.08 

BGB sallow conditionprotected:log_height -0.16 2.22 -0.07 

AGB sallow log_height:log_canopy_area 0.00 0.12 0.00 
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Chapter 6: Conclusion 
 

6.1 Main Findings 
 

This thesis aimed to evaluate the carbon storage potential of scrubland ecosystems in a 

rewilding context, a critical step toward recognising the ecological and economic value of 

rewilding within natural capital frameworks. The overarching goal was to assess whether 

current carbon estimation methodologies adequately account for the unique characteristics of 

scrublands (Chapter 2), while also developing taxa-specific allometric models (Chapter 3), 

exploring the impact of browsing on biomass allocation (Chapter 3), quantifying the carbon 

content of scrub roots and shoots (Chapter 4), and investigating remote sensing 

methodologies for landscape-scale applications (Chapter 5). 

To address the central research question, “What is the carbon storage potential of scrubland created 

by rewilding?”, the thesis pursued six interlinked research objectives: 

i. Evaluate the applicability of current methodologies for estimating carbon storage in 

scrubland ecosystems within a rewilding context. 

ii. Determine the carbon storage potential of scrubland through destructive sampling 

and the development of above- and belowground taxa-specific allometric equations 

for a 25-year-old rewilded landscape. 

iii. Investigate the impact of browsing on carbon storage and biomass allocation, both 

above- and below-ground, and develop a model to describe this impact. 
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iv. Quantify carbon content in above- and below-ground biomass across five target scrub 

taxa, assessing the 50% carbon-to-dry-weight assumption and examining the influence 

of herbivory on carbon content. 

v. Evaluate the potential for remote sensing of carbon storage in scrubland ecosystems 

using a Structure from Motion (SfM) approach. 

vi. Develop a predictive tool for estimating total carbon storage in rewilded scrubland by 

integrating SfM data with multispectral imaging and above- and below-ground carbon 

models at a landscape scale. 

 

The remainder of this chapter synthesises these findings within the broader context of 

rewilding and climate change science and discusses future research directions based on the 

results to emerge from the research outputs discussed in my thesis (Figure 6.1). 

 

i. Evaluate the applicability of current methodologies for estimating carbon 

storage in scrubland ecosystems within a rewilding context. (Chapter 2) 

 

Findings: I found the i-Tree Eco model (i-Tree, 2021), one of the most commonly used 

methodologies for quantifying the carbon storage in trees and forests, is unsuitable for 

accurately estimating carbon storage in scrub ecosystems, and particularly those that are 

shaped by browsing. The model’s fixed root:shoot (R:S) ratio of 0.26, derived from closed-

canopy systems (Nowak, 2020), was tested against destructive sampling. The results revealed 
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significant discrepancies, with scrub trees at Knepp displaying an average R:S ratio of 1.07—

over four times higher than the model’s assumption. This ratio also exceeded those found in 

temperate hedgerows (R:S = 0.94; Axe et al., 2017) and global shrubland estimates (R:S = 0.32; 

Mokany et al., 2006). My findings underscore the unique biomass allocation pa;erns in 

rewilded scrub ecosystems and demonstrate the underestimation of belowground biomass in 

existing carbon storage models. 

 

Additionally, the results showed that standard allometric relationships, commonly applied in 

models such as the Woodland Carbon Code (Randle & Jenkins., 2011) and i-Tree Eco, were 

absent in the scrub trees at Knepp. Specifically, there was no significant relationship between 

basal diameter and tree height below the browsing line (<2.5 m). This challenges the validity 

of applying traditional allometric assumptions to multi-stemmed scrub species shaped by 

browsing pressure. 

Impact/significance: These findings highlight critical shortcomings in current carbon 

accounting methodologies, which are largely designed for closed-canopy forests and fail to 

reflect the structural and ecological characteristics of rewilded scrublands. My results show 

that existing models consistently underestimate belowground biomass in scrub species, 

particularly in landscapes influenced by herbivory and open conditions. This research 

demonstrates the inadequacy of these methodologies and emphasises the urgent need for 

tailored models that integrate scrub-specific data and account for the effects of herbivory. 

Additionally, this study advances our ecological understanding of rewilded systems, 

illustrating how in these ecosystems, herbivory fundamentally alters biomass allocation 
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pa;erns compared to closed-canopy forests. The observed discrepancies in root:shoot ratios 

and the lack of standard allometric relationships underscore the unique carbon dynamics of 

scrublands, particularly the significant role of root systems in carbon storage.  

 

Novelty: The study's use of scrub-specific measurements and its challenge to the widely used 

0.26 root:shoot ratio represents a significant departure from traditional forest-centric models, 

paving the way for developing tailored allometric models. 

 

ii. Determine the carbon storage potential of scrubland through destructive 

sampling and the development of above- and belowground taxa-specific 

allometric equations of a 25-year-old rewilded landscape – Chapter 3 

 

Findings: Using a destructive sampling methodology (e.g., Huynh et al., 2021), 270 scrub trees 

comprising five different scrubland taxa were harvested to measure aboveground biomass 

(AGB) and belowground biomass (BGB). These data served as the foundation for developing 

predictive models tailored to rewilded scrub ecosystems. 

The resulting scrub-specific allometric equations demonstrated high predictive accuracy, with 

R² values ranging from 0.63 (BGB for dog rose) to 0.95 (AGB for hawthorn). These results align 

with established allometric models for closed-canopy forests and shrublands (e.g., Chave et 

al., 2005; Mokany et al., 2006). The most effective models incorporated height, canopy area, 

and basal diameter as key predictors, while accounting for browsing conditions ("exposed" 

vs. "protected") further improved accuracy for most taxa. 
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These findings underscore the effectiveness of tailored allometric equations for accurately 

estimating biomass in scrub ecosystems. Incorporating browsing pressure into these models 

captures the distinct structural traits and biomass allocation pa;erns characteristic of 

rewilded landscapes. 

 

Impact/significance: The equations developed in this chapter offer a novel framework for 

assessing biomass and carbon storage in rewilded scrublands. By focusing on taxa-specific 

measurements, this study addressed a critical gap in current methodologies, which often rely 

on generalised equations developed for closed-canopy forests (Chapter 2, Burrell et al., 2024). 

These findings underscore the necessity of ecosystem-specific approaches to allometry, 

particularly in landscapes undergoing secondary succession, where the structural traits of 

vegetation diverge significantly from those of traditional forest systems (Chave et al., 2014; 

Mokany et al., 2006). 

The strong predictive performance of these equations highlights their utility in accurately 

estimating both aboveground and belowground biomass in scrub ecosystems. This has 

important implications for carbon accounting frameworks, which currently lack tailored tools 

for valuing the carbon storage potential of scrublands influenced by large herbivores. Unlike 

conventional models such as IPCC guidelines, i-Tree Eco, and the Woodland Carbon Code, 

which estimate belowground biomass (BGB) using a standardised root:shoot (R:S) ratio of 0.26 

(Ma;hews & Mackie, 2006; Nowak et al., 2020), the equations developed here provide specific, 

tailored formulas for estimating BGB based on aboveground traits. This approach adds a level 

of accuracy not currently achieved by existing carbon accounting tools. 
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By incorporating detailed equations based on key structural traits, this research establishes a 

robust foundation for integrating scrub ecosystems into natural capital frameworks and 

carbon offset schemes. These findings not only improve the precision of biomass estimation 

in rewilded landscapes but also emphasise the need for incorporating ecosystem-specific 

methodologies to accurately reflect the unique contributions of scrublands to carbon 

sequestration. 

Novelty: This chapter represents a significant advancement in allometric modelling by 

addressing the longstanding gap in estimating biomass for temperate scrub ecosystems 

within rewilding contexts (Chapter 2, Burrell et al., 2024). The innovative use of a browsing 

metric, combined with the development of taxa-specific equations, is among the first a;empts 

to create models explicitly tailored to scrub trees in rewilded landscapes. Unlike traditional 

models that often underestimate belowground biomass, these equations provide a more 

accurate and comprehensive account of biomass distribution by incorporating both 

aboveground and belowground components. 

Leveraging a large dataset of destructively sampled scrub trees (n = 270)—notably larger than 

is typical for studies of this nature—this research significantly refines the precision and 

applicability of allometric equations for non-forested ecosystems. This robust dataset 

underpins the development of replicable scrub-specific models, offering a scalable, non-

destructive framework for understanding carbon dynamics. By addressing the unique 

complexities of scrub biomass in heterogeneous landscapes, this work establishes a new 

benchmark for carbon accounting in rewilding projects and beyond. 
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iii. Investigate the impact of browsing on carbon storage and biomass allocation, 

both above and below ground, and develop a model to describe this impact – 

Chapter 3 

 

Findings: Chapter 3 revealed significant variability in root:shoot (R:S) ratios across scrub taxa 

and browsing conditions, highlighting unique biomass allocation dynamics in rewilded 

landscapes. For example, dog rose exhibited R:S ratios averaging 1.22 in exposed conditions 

and 1.15 in protected conditions, substantially exceeding the 0.26 standard used in models 

like the Woodland Carbon Code (Nowak et al., 2020). These results affirm Chapter 2’s 

assertion that scrub ecosystems harbour a substantial belowground carbon pool, generally 

overlooked in traditional carbon accounting methodologies. Similarly, oak and blackthorn 

demonstrated substantial belowground biomass investments, indicative of adaptive 

responses to herbivory and competition (Perkovich & Ward, 2021). 

The impact of browsing was evident in differential biomass allocation. Hawthorn and oak 

exhibited higher R:S ratios in exposed conditions, reflecting adaptive responses to browsing 

stress. Conversely, blackthorn showed greater belowground biomass in protected conditions, 

likely driven by its clonal propagation strategy, which promotes root expansion when 

browsing pressure is reduced (Gómez et al. 2008; Facciolati et al., 2024). These findings align 

with research emphasising scrub species’ resilience in browsed landscapes, (Boege and 

Marquis 2005; Call and St. Clair, 2018). 

Significance/Importance: These findings are significant because they address the limitations 

of conventional biomass models, such as i-Tree Eco and the Woodland Carbon Code, which 

rely on generalised assumptions developed for closed-canopy forests. The high R:S ratios 



` 

276 
 

observed across scrub taxa underscore the critical role of belowground biomass as a carbon 

pool in scrub ecosystems. Conventional models underestimate this contribution, potentially 

leading to significant miscalculations in carbon storage estimates. 

The study demonstrates that in rewilded landscapes browsing fundamentally alters biomass 

allocation pa;erns, emphasising the ecological complexity of rewilded landscapes. 

Incorporating herbivory effects into carbon accounting frameworks is essential for accurate 

assessment. Furthermore, the equations developed here enable non-destructive biomass 

estimation, overcoming the challenges posed by irregular, multi-stemmed scrub species. 

 

Novelty: This research introduces the first set of rewilding-specific allometric equations that 

integrate browsing effects into biomass allocation models. Unlike conventional tools, which 

assume static relationships between aboveground and belowground biomass, these equations 

account for the dynamic influences of herbivory as well as aboveground plant traits. This 

represents a significant advancement in the field, enabling more accurate predictions of 

biomass and carbon storage in scrub ecosystems. 

The inclusion of browsing conditions in the power-law scaling equations is a novel approach 

that enhances the predictive power of the models. This innovation challenges the prevailing 

notion that scrubby, smaller trees are “unmeasurable” in terms of carbon accounting (Randle 

& Jenkins, 2011). 

By addressing the complexities of biomass allocation in browsed landscapes, this work lays 

the foundation for integrating scrub ecosystems into natural capital frameworks and carbon 

offset strategies.  
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iv. Quantify Carbon Content in Rewilded Scrublands: Challenging the '50% Rule' 

through Elemental Analysis – Chapter 4 

 

Findings: This chapter builds upon the findings of the previous chapters by addressing a 

critical gap in our understanding of the carbon content of scrub species in rewilded 

landscapes. The results found significant variability in carbon content between aboveground 

and belowground biomass across all taxa. On average, aboveground components exhibited 

higher carbon percentages than belowground components. For instance, blackthorn showed 

a mean aboveground carbon content of 51.1%, compared to 48.8% belowground, while dog 

rose displayed 52.2% aboveground versus 47.5% belowground. These differences may reflect 

structural adaptations to herbivory, such as increased lignification (Agrawal & Fishbein 2006; 

Barrere et al. 2019), chemical defence, i.e. by investment in carbon-based compounds such as 

phenolics (Royer et al. 2013; Barrere et al. 2019) or wood density (Facciolati et al., 2024), 

enhancing resilience to browsing pressure (Salek et al., 2019) thus increasing the carbon 

content. 

The study also identified significant variability within and between taxa. Sallow, for example, 

exhibited aboveground carbon percentages ranging from 48.9% to 53.8%, underscoring the 

complexity of carbon content across scrub taxa. Such findings challenge the utility of the 

widely assumed 50% carbon:biomass ratio, which is commonly applied in forest carbon 

accounting models (Randle & Jenkins et al., 2011). 

Significance/Importance: These findings underscore key differences in biomass allocation 

and carbon content between nascent scrub ecosystems and other woody landscapes. The 

higher carbon percentages in aboveground components reflect unique structural adaptations 
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to herbivory, highlighting the importance of distinguishing between aboveground and 

belowground biomass in carbon storage assessments for rewilded landscapes. 

 

The observed variability within and between taxa reinforces the need for scrub-specific carbon 

content values. Reliance on generalised assumptions, such as the 50% rule, risks substantial 

inaccuracies in estimating carbon storage potential.  

Novelty: This chapter makes a novel contribution by demonstrating that the 50% carbon-to-

biomass ratio, widely used in forest models, is not applicable to rewilded scrub ecosystems.  

Furthermore, the study provides carbon content values for above- and belowground scrub 

which can be used alongside the allometric equations developed in Chapter 3, providing a 

comprehensive framework for estimating carbon storage in rewilded scrublands. This 

combination enhances the accuracy of carbon storage assessments and sets a new standard 

for valuing scrub ecosystems within natural capital and carbon offset strategies. 

The implications of these findings extend beyond carbon accounting. It establishes a critical 

foundation for future studies, advocating for larger sample sizes and more detailed 

investigations into the factors driving carbon variability in scrub ecosystems. 
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v. Integrating Structure from Motion and 5-Band Imaging to Estimate Above- and 

Belowground Biomass in a Rewilded Scrubland Ecosystem – Chapter 5  

 

Findings: In order to meet the objective, this chapter focused on integrating UAV RGB 

photogrammetry using a Structure-from-Motion (SfM) workflow and multispectral imagery 

to develop a scalable, non-destructive methodology for estimating biomass in rewilded 

scrublands. The findings revealed several key outcomes. SfM-derived canopy height and area 

metrics demonstrated strong alignment with field measurements (taken from Chapter 3), 

validating the accuracy of these predictor variables. Using an XGBoost classification model, 

the study achieved moderate success in differentiating scrub taxa based on spectral and 

structural data, with taxa like hawthorn and oak showing balanced accuracy scores of 0.78 

and 0.79, respectively. However, structurally complex taxa such as blackthorn and dog rose 

proved more challenging to classify, with balanced accuracy scores of 0.65 and 0.64, 

respectively. 

Importance/significance: The significance of this research lies in its demonstration of the 

potential for UAV-based SfM photogrammetry and multispectral imaging to remotely 

estimate biomass in rewilded scrub ecosystems. By enabling robust above- and below-ground 

biomass assessments without the need for labour-intensive field methods, it significantly 

expands the feasibility of biomass modelling through remote sensing in heterogeneous and 

structurally complex ecosystems. This finding challenges the exclusion of scrub from 

traditional carbon accounting frameworks and advocates for its inclusion in natural capital 

valuation and carbon offset schemes. The ability to apply these methods across broader spatial 
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scales is particularly significant for monitoring rewilding projects and evaluating their 

contributions to ecological restoration and carbon sequestration goals. 

Furthermore, the use of SfM over LiDAR is particularly noteworthy due to its cost-

effectiveness and accessibility, making it a viable option for large-scale biomass assessments 

despite its reduced capability to penetrate dense vegetation compared to LiDAR (Liao et al., 

2021; James & Robson, 2012; Westoby et al., 2012). The ability to apply these methods across 

broader spatial scales is particularly significant for monitoring rewilding projects and 

evaluating their contributions to ecological restoration and carbon sequestration goals cost 

effectively. 

 

Novelty: The novelty of this research is evident in several aspects. First, by incorporating 

spectral and structural data, the study developed a unique, non-destructive methodology for 

scrub-specific biomass modelling. It represents one of the first successful integrations of UAV-

based SfM with multispectral imaging for the purpose of carbon estimation. Additionally, the 

research bridged destructive sampling-derived allometric models with remote sensing 

technologies, creating a replicable framework for biomass and carbon estimation at the 

landscape level, encompassing both above and belowground biomass. By incorporating 

scrub-specific carbon content data derived in Chapter 4, this study offered a refined 

understanding of the carbon sequestration potential of scrub ecosystems. Finally, the scalable 

workflow developed here provides a transferable framework for applying SfM and 

multispectral imaging to other rewilding or scrubland systems, facilitating comprehensive, 

large-scale biomass and carbon assessments and se;ing a new standard for remote sensing 

applications in heterogeneous landscapes. 
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vi. Develop a predictive tool for estimating total carbon storage in rewilded 

scrubland by integrating SfM data with multispectral imaging and above- and 

belowground carbon models at a landscape scale – Chapter 5 

 

Findings: This chapter demonstrated the successful development of a remote sensing 

predictive tool that integrates taxa-specific and condition-specific allometric equations 

(developed in Chapter 3) with scrub-specific carbon content data (derived in Chapter 4) and 

a Structure-from-Motion (SfM) photogrammetry and multispectral imaging framework 

(Chapter 5). The approach enabled accurate and non-destructive estimation of both 

aboveground biomass (AGB) and belowground biomass (BGB) across a rewilded scrubland 

landscape. 

Using the combined allometric equations and carbon content values, total carbon storage 

across the 13-hectare study area at Knepp Wildland was calculated at a minimum of 1,950 kg 

C ha⁻¹, partitioned into AGB (1,710 kg C ha⁻¹) and BGB (240 kg C ha⁻¹). Blackthorn emerged 

as the dominant contributor to AGB, with a total biomass of 25,804.22 kg across the site, while 

sallow showed the highest BGB allocation, contributing 1,641.45 kg/13 ha. These findings 

reflect unique structural traits and biomass allocation pa;erns that distinguish them from 

forest ecosystems. 

Importance/significance: The development of this predictive tool marks a significant 

advancement in carbon accounting for rewilded scrublands by addressing key 

methodological gaps identified in Chapter 2. This scalable and efficient framework provides 

a practical solution for estimating carbon storage in complex, heterogeneous landscapes 
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where traditional field-based methods are often impractical. By incorporating both 

aboveground biomass (AGB) and belowground biomass (BGB), the tool offers a more 

comprehensive assessment of scrubland carbon dynamics, particularly for ecosystems that 

have been historically undervalued or excluded from natural capital and carbon market 

frameworks. Additionally, the integration of the novel "browsing" metric developed in this 

thesis allows the model to account for the substantial effects of herbivory, ensuring its 

relevance and applicability to remote sensing methodologies. 

This approach enhances ecological valuation by accurately capturing the carbon storage 

potential of scrublands, reinforcing their role as essential components of rewilding projects 

and climate mitigation strategies. It challenges the historical exclusion of scrublands from 

mainstream carbon accounting models and provides robust evidence for their integration into 

policies aimed at achieving global climate targets.  

Novelty: This research represents a pioneering step in biomass and carbon storage estimation, 

offering several innovative contributions to the field. The integration of SfM photogrammetry, 

multispectral imaging, and scrub-specific carbon models is the first scalable methodology 

tailored explicitly to rewilded scrub ecosystems. Unlike recent forest models that focus on 

aboveground biomass estimation (e.g. Luo et al., 2024; Wu et al., 2024; Tian et al., 2023), this 

tool incorporates both above-and belowground biomass, addressing critical gaps in 

conventional carbon accounting frameworks. 

The workflows developed throughout this thesis are transferable and adaptable, enabling 

application to other temperate lowland rewilding projects and scrubland systems. By 

providing a replicable framework for landscape-scale biomass and carbon assessments, this 

research bridges the gap between field-based allometry (Chapter 3) and remote sensing 
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technologies (Chapter 5). Furthermore, the inclusion of multispectral data, which accounted 

for seasonal and spectral variability, demonstrated a novel application for improving taxa 

classification and vegetation analysis in rewilded landscapes. 
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Figure 6.1: Diagrams (A – D) summarising the findings of this thesis. Created in  
https://BioRender.com, by Nancy C. Burrell. 

[D] 
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https://biorender.com/
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6.2. Future directions 
 

The findings of this thesis highlight several key areas for future research to advance our 

understanding of carbon storage and ecosystem dynamics in rewilded landscapes. The 

following avenues of investigation emerge as particularly promising: 

1. Long term research: The scrubland at Knepp is in its early stages of development, 

representing a nascent phase of ecosystem succession. Repeating this research in 10 

years and at subsequent intervals would provide invaluable insights into how biomass 

allocation, root:shoot ratios, and carbon storage potential evolve as the ecosystem 

matures. Long term studies are crucial for understanding how carbon sequestration 

rates may change over time (Marin-Spio;a et al., 2007; Powers & Marin-Spio;a, 2017).  

2. Bramble Carbon Accounting: The carbon storage potential of bramble (Rubus 

fruticosus) has been previously noted by Axe et al. (2017), yet it remains underexplored 

in current carbon accounting frameworks. This thesis demonstrated that bramble 

dominates a large portion of temperate lowland rewilded landscape classes (Balandier 

et al., 2013), as seen in the canopy identification results from Chapter 5. Future research 

should incorporate destructive sampling methodologies to evaluate bramble’s 

contribution to carbon storage models, particularly in the context of rewilding and its 

integration into natural capital assessments. Its prevalence and rapid growth suggest 

it could play a significant role in overall carbon sequestration within rewilded 

ecosystems not just because it sequesters carbon (Axe et al., 2017) but also by 

facilitating nutrients for sapling growth through leaf li;er and providing protection 

from browsing ensuring a higher survival rate (Harmer et al., 2010). 
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3. Integration of Soil Carbon: Soil carbon has been increasingly recognised as a critical 

component of carbon storage (Tudge et al., 2023; Lal et al., 2021), especially in 

rewilding contexts where soil structure and organic ma;er improve over time 

(Kastovska et al., 2024; Schmiq et al., 2023). Although this thesis focused on 

aboveground and belowground woody biomass, future studies should incorporate 

soil profiles to develop a more comprehensive understanding of the carbon storage 

potential of scrub ecosystems. Combining soil carbon measurements, such as the work 

done by Agri Carbon and Arup (Knepp Wildland Carbon Project, 2024) with the scrub-

specific allometric models developed here could provide insights into the total carbon 

balance of rewilded landscapes. 

4. Whole Root Excavation Studies: The conservative destructive sampling methodology 

of the roots presented in Chapters 2 and 3 indicate that belowground biomass is 

underestimated in this thesis. Future research should focus on whole root excavation 

to profile the complete root systems of scrub taxa across browsing conditions. Such 

studies would provide a more accurate assessment of belowground carbon pools and 

improve our understanding of how browsing impacts root development. This is 

particularly relevant given the significant role of belowground biomass in carbon 

storage identified in this thesis. 

5. Integration of Ecosystem Services into a Rewilding Carbon+ Unit: While this thesis 

primarily focused on carbon storage, rewilded scrublands provide a wide range of 

additional ecosystem services, including biodiversity support (Svenning et al., 2024; 

Schmiq et al., 2023), flood mitigation (Harvey et al., 2024), pollination (Wallace, 2019), 

and soil stabilisation (Schmiq et al., 2023). Future research should aim to integrate 



` 

288 
 

carbon models with assessments of these services to create a comprehensive valuation 

framework. For instance, combining BTO Breeding Bird Survey (BBS) data with 

scrubland maps to evaluate habitat use by nesting birds and territories could serve as 

a biodiversity metric, highlighting the role of rewilded scrub in supporting diverse 

ecosystems (e.g., Broughton et al., 2022). The development of a "Rewilding Carbon+ 

Unit" offers an exciting opportunity to encapsulate metrics for carbon storage 

alongside biodiversity enhancement, soil health improvement, and water regulation. 

This multidisciplinary approach, exemplified by tools such as the Wallacea Trust 

Biodiversity Calculator (Wallacea Trust, 2022), aligns with global climate and 

biodiversity goals, providing a robust framework for recognising and valuing 

rewilded landscapes within natural capital frameworks and carbon markets. 

6.  Advancing Remote Sensing Methodologies: The successful application of UAV-

based Structure-from-Motion (SfM) and multispectral imaging (Chapter 5) points to 

further potential for advancing remote sensing technologies. Future research could 

refine these methods for even broader spatial scales (e.g. 10 band multispectral 

imaging (Carnegie et al., 2023)) and integrate them with technologies such as LiDAR 

and satellite imagery (Zhang et al., 2024). This would enable the monitoring of larger 

rewilded landscapes with greater precision (Pe;orelli et al., 2023; to Buhne et al., 2022), 

particularly for dynamic ecosystems undergoing rapid succession. 

7. Refining Browsing Metrics: This research used bramble as a proxy for browsing 

pressure, but this approach has limitations as it does not directly quantify herbivore 

density or browsing intensity. Future research should refine this method by 

incorporating direct measures such as faecal pellet counts (Forsyth et al., 2007), remote 
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sensing of vegetation damage (Spiegel et al., 2023), or herbivore exclusion experiments 

(Tanenqap et al., 2023). These methods would improve the accuracy of biomass and 

carbon storage models in rewilded ecosystems, providing a more precise 

understanding of herbivory’s role in shaping biomass allocation. 

 

6.3. Concluding Remarks 
 

Rewilding offers a powerful and innovative approach to addressing the climate crisis, 

delivering a suite of ecosystem services that benefit both nature and society (Cerqueira et al., 

2015; Torres et al., 2018). From bolstering biodiversity to enhancing soil health and water 

regulation, rewilded landscapes offer immense ecological potential (Svenning et al., 2024). Yet 

these diverse benefits often go underappreciated and undervalued in natural capital 

frameworks. The inherent heterogeneity of rewilding ecosystems makes them challenging to 

quantify and assign a clear market value, limiting their recognition and integration into 

broader environmental and economic strategies. 

This thesis provides a foundation for addressing this gap by developing a robust framework 

to assess the carbon storage potential of rewilded ecosystems. Carbon, as a widely recognised 

and traded commodity (Griscom et al., 2017), offers a practical entry point for valuing 

rewilding's contributions. By extending this valuation to include the broader suite of 

ecosystem benefits—such as biodiversity gains, flood mitigation, and climate resilience—

through a "Carbon+ Credit," we can redefine the ecological and economic significance of 

rewilding. This approach not only highlights the critical role of carbon storage but also 



` 

290 
 

provides a way of a;aching the full spectrum of rewilding benefits to be valued within a 

natural capital framework. 

Integrating rewilding into climate mitigation and natural capital strategies bridges the gap 

between ecological restoration and actionable market solutions. By showcasing that the 

carbon storage potential of rewilding can indeed be measured, it strengthens the case for 

rewilding as a vital tool to combat the twin crises of climate change and biodiversity loss, 

incentivising its broader adoption. 
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