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Abstract

Tree crown morphology and arrangement in three-dimensional space is a key driver of forest dynamics,
determining not only the competitiveness of an individual but also the competitive effect exerted on
neighbouring trees. Many theoretical frameworks aim to predict crown morphology from first principles and
assumptions of Euclidean form and ultimately infer whole forest stand structure and dynamics but paucity in
data has limited vigorous testing. Tree crowns are also not rigid in form and due to their sessile nature, must

morphologically adapt to immediate abiotic and biotic surroundings to enhance survival.

The characterisation of tree structure has been limited by the simplicity and associated error of traditional
crown measurements. This project uses Terrestrial Laser Scanning data collected from a water limited
Mediterranean forest community in Spain to highlight methodological opportunities presented by TLS in
understanding forest structure and also the various developments required to extract ecologically meaningful
metrics from these data. It then applies these novel metrics to answer questions about how tree crowns scale
with size, the effects of competition and how plasticity in shape and arrangement interacts with light capture

at the individual and plot scales.

Modification to existing code as well as bespoke development were required to segment and calculate
individual metrics from trees in this forest type. Accurate measures of crown morphology highlighted
allometric scaling deviations from theoretical predictions and intra-specific differences in response to
competition, calculated using more representative neighbourhood metrics. Inter-specific differences in crown
plasticity and significant effects of size (height) were also evident, along with trade-offs between
morphological plasticity and crown size. Light capture was positively affected by plasticity with inter-specific
differences highlighting various biomass allocations strategies species undertake to acquire light. At the plot
scale, mixed-genus plots intercepted less direct light and were structurally more complex rather than more

volume filling.
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Chapter 1

Introduction

1.1 Forest function

A forest canopy is the functional interface between 90% of Earth’s terrestrial biomass and the atmosphere
(Ozanne et al., 2003). The spatial arrangement, variety in sizes and flexibility in crown shape are fundamental
factors in determining the overall structure at this interface (Purves et al., 2008), and subsequent productivity
(Williams et al., 2017). The overall structure of a forest is therefore a net result of all individual tree crown
optimisations in positioning, nutrient content and leaf angles (Coomes et al., 2012) and the mixture of species
with different resource acquisition strategies (Sapijanskas et al., 2014). The increasing variety in optimisation
strategies within a forest leads to higher structural complexity, which itself is tightly linked to forest
productivity (Gough et al., 2019; Stark et al., 2012) due to structural complexity metrics incorporating factors
that affect growth, such as crown packing (Juchheim et al., 2017; Jucker et al., 2015), connectedness between
tree crowns (Davies and Asner, 2014) and differences in shade tolerance (Toigo et al., 2018), leading to higher
light absorption (Atkins et al., 2018; Sapijanskas et al., 2014). Many suggest that tree species diversity alone
promotes higher structural complexity (Fotis et al., 2018; Juchheim et al., 2017), and higher light interception
(Duarte et al., 2021), for example through interspecific variation in light transmission (Yi et al., 2020) and
high variability in mechanical capacity to laterally extend to acquiring light (Loehle, 2016). Recent high-
resolution 3D analyses have revealed high predictability of species richness from structural complexity
(Walter et al., 2021) suggesting that the two go hand in hand. However, functional diversity may be key; Toigo
et al., (2018), point to differences in shade tolerance as the key driver of positive diversity-productivity
relationships, with phylogenetic distance between species an irrelevant proxy for species functional
dissimilarity. Modelling analyses using 300,000 forest stands found forest structure, not species richness, as
the key variable determining forest productivity (Bohn and Huth, 2017), while (Gough et al., 2020) found
maximum height a stronger predictor of complementarity than leaf area or diversity, signifying the availability

of space within the canopy volume as a primary constraint on development of structural complexity.



Although, biodiversity-productivity relationships are crucial and key to nature-based climate solutions due to
tight links between species richness and carbon drawdown from the atmosphere (Mori et al., 2021), the relative
contribution of belowground competition in water and nutrient limited environments is poorly understood
(Craine and Dybzinski, 2013). In some cases, positive relationships between species above ground completely
reversed when belowground resource availability dwindled with species better equipped to extract water
prevailing (Jucker et al., 2014). In such scenarios, the identity of neighbouring trees matters to the survival of
an individual through drought (Grossiord, 2019). Although modelling techniques often treat all trees equally
in striving for enhanced light capture (Fisher et al., 2018), shading by neighbours can ameliorate drought stress
(Domingo et al., 2020) and be of benefit to an individual but can be dependent on focal tree shade tolerance

(Kothari et al., 2021)

1.2 Threats to forest structure

Although many factors are contributing to the demise of the worlds’ old-growth forests, deforestation is the
major contributor (Hansen et al., 2013), and removes not only habitat for vast biodiversity but also to key
ecosystems services used by humanity, with intact forests thought to provision approximately $16.2 trillion in
services a year (Costanza et al., 2014). In ecosystems such as the Spanish Mediterranean, land that was once
used for agriculture has since been abandoned, and these systems are experiencing afforestation following
land abandonment and lower demand for wood (Khoury and Coomes, 2020). There are approximately three
trillion trees on earth (Crowther et al., 2015) and the array of species within them enhance the variety of
ecosystems function (Gamfeldt et al., 2013) and its resistance to climate extremes (Isbell et al., 2015). The
benefits of high forest species diversity is not limited to tropical regions, with European forests also
highlighted as having unrealised potential to increase multi-functionality through restored diversity in forests
(van der Plas et al., 2018). Large swaths of boreal forest store vast amounts of carbon but are also under threat
(Gauthier et al., 2015), in particular to changing disturbance regimes (Seidl et al., 2017). Many forests are
experiencing large scale crown dieback due to fungal disease (McMullan et al., 2018), hydraulic failure due

to drought (Nolan et al., 2021) with direct consequences to food webs and the life sustained within them



(Carnicer et al., 2011). Tree crowns and their deterioration are often early warning signs of declining forest
function, and as such their monitoring is fundamental in understanding threats such as species-specific
vulnerabilities to drought induced mortality (Camarero et al., 2015). Fortunately, tree canopies can be readily
monitored at large scales using remote sensing techniques onboard satellites (Khoury and Coomes, 2020) but
delineation at the individual scale still a complex undertaking, even with higher resolution airborne sensors

(Duncanson and Dubayah, 2018).

Forests, alongside ocean phytoplankton, are responsible for the majority of Earths’ primary production,
releasing oxygen into the atmosphere as a by-product (Field et al., 1998) but are under threat from drought
induced dieback (McDowell and Allen, 2015), insect invasion and disease (Fei et al., 2019) and of course,
deforestation for land conversion and timber production (Curtis et al., 2018). Unfortunately, whilst the
significance of old growth forests is well understood (Luyssaert et al., 2008), so is the fact that larger trees are
more predisposed to drought (Stovall et al., 2019); an alarming fact given that many forests are predicted to
get drier with climate change (Dai, 2013). High susceptibility of trees and the carbon stored within their long-
lived and slow growth woody tissues to rapid shifts in climate are likely given the sessile nature of trees and
inflexible damage thresholds (Brodribb et al., 2020). Drought has considerable negative impacts on terrestrial
primary production (Zhao and Running, 2010), with shifting precipitation regimes likely to have profound
effects on future climate-carbon feedback cycles (Carvalhais et al., 2014). Forest dynamics, the processes of
recruitment, growth, mortality and species turnover are changing globally, with shifts towards younger and
faster turnover forests at the expense of old-growth forests (McDowell et al., 2020). In addition, widespread
decline in crown condition across southern Europe through altered leaf structures and higher defoliation in
response to water deficit have been observed (Carnicer et al., 2011). There is a global concern around forest
health and its resilience to global change (Trumbore et al., 2015) and therefore effective monitoring of tree

crown health at scale is an important endeavour (Jump et al., 2017; Camarero et al., 2015).



1.3 The importance of individual tree architecture

Interest in tree architecture dates back to Leonardi da Vinci, who observed that branching networking within
a tree follows self-similarity, where the cross-sectional area of branches is conserved along branching orders
(Minamino and Tateno, 2014; Richter, 1970), i.e., the sum of the cross-sectional area of the daughter branches
is equal to the parent branch. Later, Thompson, (1917) introduced architecture and its biological relevance,
and subsequent work by Halle et al., (1978) advanced the concept of architecture, leading pioneering work on
understanding the organisational principles of a whole plant across space (e.g. branching) and through time

(ontogeny), proposing 23 distinct descriptions of tree form.

A tree’s overall structural form is a product of its inherent genetic development programme and its adaptive
response through semi-autonomous allocations to growth to its immediate surroundings (Valladares and
Niinemets, 2007). Recent work has shed new light on climatic and developmental constraints on architecture,
highlighting how simple architectures enable frequent transitions to new forms in high disturbance and
stressful conditions while complex structures emerge under stable climates but have less evolvability (Anest
et al., 2021). The resulting structural form of individual trees has implications of the fluxes of energy, water
and carbon from the individual leaf through to an entire forest ecosystem (Enquist et al., 2009). Many analyses
linking tree form and function have used scaling relationships that simply characterise how one body part
(e.g., tree height) scales to another, which conventionally represents body size, for example a trees diameter
at breast height (DBH). These vary from interpretations within the context of hydraulics such as the pipe
model theory (Shinozaki et al., 1964), mechanical constraints apposed on height and branch extension
(McMahon and Kronauer, 1976), structure-function relationships representing trees as a network of
elementary units (Sievdnen et al., 2014), frameworks predicting metabolism from principles of efficient
resource transportation (Enquist et al., 2009; Price et al., 2012; West et al., 1997) and integration of
thermodynamics (Bejan et al., 2008). The difficulty in such deriving principles and mechanisms behind
structure-function relationships is that trees often have to do many things well in response to their surroundings
(Niklas, 1994), leading to deviations from optimisation principles and trade-offs between allometric

relationships of various components’ of tree structure (Pretzsch and Dieler, 2012).



Of all these theories on the relationship between form and function on trees, none have sparked as much
interest and debate as did the emergence of metabolic scaling theory (MST), mostly because it states clear
hypotheses that both explain and predict allometry. MST makes scaling predictions of height and diameter
from mass, which itself is derived from assumptions of fractal volumetric filling and elastic similarity in
mechanical stress, with vascular tapering ensuring constant resistance independent of hydraulic path length
(West et al., 1999). Essentially, MST is grounded on the basis of evolutionary forces maximining transport
efficiency along its vascular network to its photosynthetic parts. An array of empirical tests have been
conducted on MST predictions of allometry (Lines et al. 2012), growth (Coomes and Allen, 2009), mortality
(Muller-Landau et al., 2006), and stem densities (Lin et al., 2013). Other work has proposed extensions or
adaptations of MST, through the addition of more realistic ecological detail in how trees compete for light
(Coomes et al., 2012), and more representative depictions of the hydraulic transport system (Savage et al.,
2010). Theoretical frameworks such as MST therefore offer an excellent platform to assess tree structure, tree
space filling and the scaling of organisation principles from leaf to forest (West et al., 2009). Explicit tests of
branching rules within MST are limited, mostly because of the highly laborious nature in measuring individual
branches manually (Bentley et al., 2013) but new detailed 3D remote sensing measurements may open up new

avenues to testing (Disney, 2019, Owen et al. 2021).

A fundamental critique of MST is in its marginalisation of competition for light (Coomes, 2006), but forest
ecologists have long interpreted tree structure in respect to light capture, understanding form as a means for
trees to respond to shade or sun-lit conditions and leading ‘mono-layered’ and ‘multi-layered’ depictions of
crown form (e.g. Givnish, 1988; Horn, 1971). While the principle reason to grow a trunk is to overtop
neighbouring trees and escape low light (Henry and Aarssen, 1999), a tree’s crown shape, arrangement and
size is the result of growth patterns to maximise light capture (Valladares and Niinemets, 2007) across a
gradient of light availability (Martin-Ducup et al., 2020). Plasticity in structure can occur as soon as any form
of lateral shading occurs (Harja et al., 2012), with partial shading thought produce a stronger response than
full shade (Schoonmaker et al., 2014). Given the exponential decrease in light availability with each additional

layer of foliage, there is a premium placed on deploying leaves above others to not only maximise



photosynthetic rates (Craine and Dybzinski, 2013) but also though competitive benefits to shade neighbouring
leaves and slow growth and other resource use (Falster and Westoby, 2003). To avoid excessive and inefficient
respiratory and maintenance costs for a given set of light conditions, leaves are optimised to economically
coordinate acquisition with availability that matches a species’ life history (Wright et al., 2004), and this can
also vary within a single tree crown (Williams et al., 2020). Theories such as MST assume homogenous
photosynthetic rates across an individual’s tree crown (West et al., 1999). However, shade cast by neighbours
and self-shading through, for example, increasing crown depth, can invalidate such assumptions (Duursma et
al., 2010) while water limitation can result in trees expressing different traits on shaded compared to sunlit
parts of a crown (Mediavilla et al., 2019). Within ecosystems where water is limiting and excessive radiation
can create stress, trees can express an architecture whereby the upper most leaves at as a protective barrier to
productive foliage below (Miller et al., 2021; Pearcy et al., 2005), demonstrating the potential ecological
benefits of shade in drier ecosystems (Valladares et al., 2016). Within ecosystems with multiple stressors, as
are found in the Mediterranean, plasticity in structure can be constrained, for example, stem extension to avoid
shade is also associated with increased risk of mortality during cold snaps in winter (Valladares et al., 2005).
Similarly, favourable conditions at one time can lead to structural overshoot and therefore higher risk of
mortality when conditions rapidly change (Jump et al., 2017), and which are predicted to increase under a
rapidly changing climate. A more holistic assessment is need in such environments that consider a multitude
of stresses from shade (Valladares and Niinemets, 2007), drought (Lines et al., 2012) and wind exposure

(Briichert and Gardiner, 2006).

A tree’s overall structure is therefore a result of trade-offs between extension in width and height to acquire
more light within the constraints of minimising hydraulic and mechanical risk (Verbeeck et al., 2019).
Hydraulic path length, i.e., the length of conduits from the tree base to leaves, poses strong constraints on
maximum tree height and branch extension (Olson et al., 2018), and conduits widen from tip to base according
following scaling rules that enable constant stress along a hydraulic pathway irrespective of its length (Olson
et al., 2021; West et al., 1997). Without tapering, tree height would be capped at limits below those we see

today, but its presence leads to the assumption that trees of various sizes transport water and nutrients at the



same rate (Enquist et al., 2009). It also leads to the conclusion that a trees response to drought is through path
length shortening (reduce tree hight) rather than changes to conduit diameter at the base (Fajardo et al., 2020,
2019). This neatly coincides with observations that branch dieback often occurs along the longest hydraulic
pathways (Rood et al., 2000), leading to narrower crown widths in dry environments (Lines et al., 2012) with
implications for understanding tree structural response to drought (McDowell et al., 2008). Measuring branch
lengths from base to tip is necessary to improve our understanding of tree structure and the interplay between
hydraulics (Olson et al., 2021) and light acquisition (Smith et al., 2014) but existing techniques are incredibly

laborious, meaning small sample sizes are prevalent in studies.

Trees are constrained by gravity and mechanical limits to prevent them from buckling under their own weight
(McMahon and Kronauer, 1976), leading to structural response to ensure mechanical safety (Groover, 2016)
and a balance between light acquisition and resisting the forces of gravity (Duchemin et al., 2018). Creative
approaches have been applied to independently analyse the effect of wind loading on tree structure, Nicoll et
al., (2019) used guy lines to provide support and stability for a subset of trees, while Hale et al., (2012)
monitored wind speed and tree stem response and experimental set-ups have been formulated that directly
control for other factors such as drought (Niez et al., 2019). Recent 3D simulation modelling using real-life
trees capture by terrestrial laser scanning (TLS) has highlighted the significance of architecture over material
properties in determining wind induced mortality (Jackson et al., 2020), with large and dense crowns more
predisposed to wind throw risk (Huang et al., 2020). Irrespective of water and light limitation, trees have been
found to invest biomass into radial growth that increases stability (Bonnesoeur et al., 2016; Niez et al., 2019)
at the expense of primary growth (Coutand et al., 2008), highlighting the importance of mechanical safety
against abiotic stressors. Wind exposure can limit lateral crown expansion (Loehle, 2016), tree height (Coomes
et al., 2018), root growth patterns (Tamasi et al., 2005), and the capacity to lean stems and branches towards
light (Alméras and Fournier, 2009). However, lower windspeeds can be beneficial for light capture by enabling
light to penetrate deeper into the crown (Way and Pearcy, 2012), increasing total carbon gain (Uemura et al.,

2006).



Although it is clear that trees must respond to an array of biotic and abiotic stresses, the relative contribution
and prioritisation of traits to responses is less understood, partly because of paucity in data, which leads to
difficulties in accounting for a multitude of environmental factors that affect tree growth and allocation of
biomass. Under a given set of environmental conditions, plasticity in one structural trait may pose an
advantage under one extreme abiotic factor but also maladaptive to extreme values of another abiotic factor.
For example, seedlings responding to limited light by stem elongation suffered most during a cold-snap
(Valladares et al., 2007). Plasticity to simultaneous extreme values can be difficult, for example, under a deep
shaded but dry understorey frequently found in Mediterranean forests (Niinemets and Valladares, 2006),
leading to only few species able to survive there (Valladares and Pearcy, 2002). Plasticity can therefore be
constrained when multi stresses are prevalent leading to narrow, more co-ordinated expressions of plasticity
(Benavides et al., 2021), and trees that are vulnerable to rapid abiotic change (Valladares et al., 2007).
Mediterranean forests make for an excellent study system to understand how a multitude of stressors affect
tree structure, due to its high seasonality, mountainous terrain, and high biodiversity, as well as changing

climate to hotter and drier conditions (Guiot and Cramer, 2016).

1.4 Mediterranean forests

Globally, Mediterranean ecosystems are considered biodiversity hotspots (Myers et al., 2000) and countries
such as Spain that straddle this climatic belt are host to a considerable amount of forests. Unfortunately, these
ecosystems are also under considerable threat from climate change creating hotter and drier conditions, with
increasing mortality rates (Bravo-Oviedo et al., 2006; Ogaya and Pefiuelas, 2007), pervasive shifts towards
ecosystem dominance by more drought tolerant species (Ogaya and Pefiuelas, 2021), and concerns over
negative effects on ecosystems services. Some studies have even documented trees shifting from carbon sinks
to sources due to increasing temperature and aridity (Reichstein et al., 2002). Within the Spanish
Mediterranean, there is considerable interest in studying the dynamics of common pine -oak ecosystems, these

species’ coexistence and how this might vary with water limitation (Gea-Izquierdo et al., 2020).

In Mediterranean mountains, the climate fluctuates between two extremes, with frequent hot dry summers and

cold winters (Moreno and Oechel, 2012), the former expected to become more extreme with climate change
8



(Christidis et al., 2015), with likely ramifications for species composition, structure and carbon dynamics
(Ogaya and Pefiuelas, 2021; Ruiz-Benito et al., 2014). Changes in tree growth and structure depend on water
availability in Mediterranean forests, affecting their capacity to accumulate carbon in the future (Ruiz-Benito
et al., 2014) with individual species’ variability in response to water availability affecting forest composition
(Galiano et al., 2012). It is becoming increasingly apparent that globally water may have a more profound
effect on vegetation than direct effects of temperature (Franklin et al., 2015). Within a topographically
complex and heterogenous environments where the climate is highly varying, strongly heterogenous
environmental conditions and accompanying biotic responses can develop over relatively short distances. For
example, sap flow measurements looking at drought response found significant differences between trees
within plots only a few hundred meters apart (Forner et al., 2014). Topography can govern fire dynamics with
topographic positioning on slope, ridges and valleys affecting fire severity (Kane et al., 2015), and interact
with drought by constraining roots to only certain depths (Fan et al., 2017; Zhang et al., 2020). But recent
work has found hydraulically vulnerable trees need to compensate for water-stress related mortality through
accessing deeper water reserves, with important implications to our understanding of forest dynamics under
future climate change (Chitra-Tarak et al., 2021). This shows the importance of groundwater and its recharge
to plant transpiration in water-limited forests (Barbeta and Pefiuelas, 2017) to lessen drought impacts (Carricre
et al., 2020; David et al., 2007), but the current state and future stability of groundwater at the global scale is
largely unknown (Taylor et al., 2013). In the Spanish Mediterranean extreme drought events along with
persistent drier conditions are expected to deplete deep water reserves, with likely determinantal consequences
to forests (Barbeta and Pefiuelas, 2017). Water availability and its interaction with tree rooting is therefore a
crucial research area in arid and semi-arid ecosystems, but is mostly unaccounted for in simulation models,

causing uncertainty in the effects of aridity on productivity and carbon dynamics (Nadal-Sala et al., 2021).

In Mediterranean forests, fire disturbance can maintain forest structural complexity and have lasting impacts
on tree crown morphology. Mediterranean forests are shaped by tightly coupled and co-evolving human and
fire processes, and recent trends in land use change are interacting with a changing climate to drive changes

in the fire regime (Viedma et al., 2015), necessitating different management protocols (Molina and Galiana-



Martin, 2016). It’s for these reasons that Spain is one of the few countries in Europe showing an upward trend
in fire occurrence (Turco et al., 2016). A mixture of severity in fire disturbance can foster forest structural
complexity (Meigs et al., 2017), with suppression of fire altogether thought to homogeneous structure (Fry et
al., 2014). At the individual scale, tree crown allometric scaling can reflect fire disturbance frequency with
crowns shortening crown depth faster with height to avoid the risk of crown ignition (Panzou et al., 2021;
Tredennick et al., 2013) but physiological damage to hydraulic transport tissues can leave a tree more

predisposed to drought impacts (Bir et al., 2019)

1.5 Measurements of forest structure from the ground to satellites

Forest structure is traditionally characterised by ground-based metrics such as stem density counts, stem
diameter and height size distributions, basal area and crown shape. Forest inventories collect data in a
systematic manners, and often measure tree height and dimeter, which together enable the direct calculation
of plot-scale tree density, basal area and indirectly, estimates of biomass and volume through species
allometric equations (Annighofer et al., 2016; Zianis et al., 2005). If stem locations are measured, distance-
dependent competition indices can be calculated enabling a more comprehensive assessment of tree-tree
interactions (Kunstler et al., 2016) but forest inventory plots tend to be small, exacerbating edge effects

(Hynynen and Ojansuu, 2011).

The information content in ground-based metrics does not always enable accurate quantification of properties
of interest, leading to research into new ways to understand forest structure. Tree height and crown diameter
are two metrics that may be obtained from airborne laser scanning (ALS), and recent tropical biomass work
has found that the inclusion of crown diameter results in substantial improvements to estimates of biomass
(Jucker et al., 2017). Tree height can be extracted from ALS data with higher accuracy than in the field (Zolkos
etal., 2013), and ALS can provide sub-metre accuracy of surface heights (Lee et al., 2010; Lefsky et al., 2005).
However, retrieval accuracy can be affected by canopy height and distribution (Hopkinson and Chasmer,
2009), slope of the terrain (Breidenbach et al., 2008) and the number of returns per m? (Hyyppi et al., 2000).

Nonetheless, dependable retrievals of stem density, vertical foliage profile (Coops et al., 2007) and basal areas
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(Lee and Lucas, 2007) and above ground biomass measurements (Mascaro et al., 2011; Simonson et al., 2016)
have been made using low density ALS data (e.g. less than 10 points/m2). Although relatively less common,
repeat ALS has been shown to be able to provide insights into structural dynamics (Simonson et al., 2016) and
growth (Yu et al., 2004), whilst large surveys can determine successional stage (Falkowski et al., 2009) and

tree-health (Shendryk et al., 2016).

At national to global scales, measurements of forest structure have mostly been of biomass or wood volume
(and therefore aboveground carbon storage) extracted from satellite data, including from passive microwave
(Liuetal., 2015), optical (Gémez et al., 2014) and C-band (Santoro et al., 2010) and L-band Synthetic Aperture
Radar (SAR; Mitchard et al., 2011). For hereon, I will mostly focus on SAR based platforms due to them
providing a more direct measure of structure relative to optical instruments. Measurements of structure
collected at scale, for example onboard satellites, often require calibration using ground-based estimates
(Rodriguez-Veiga et al., 2017), which are usually calculated using allometric equations that are heavily biased
towards smaller trees (Disney et al., 2018). Typically, SAR biomass estimates are calculated by correlating
backscatter coefficients related to volume and/or allometry, whereas polarimetric interferometry (PolInSAR)
provides an estimate of height (Le Toan et al., 2011; Mette et al., 2004). The upcoming European Space
Agency BIOMASS mission is the first mission to focus on biomass retrieval and as such, has been engineered
to include two approaches to estimating biomass; SAR backscattering and PolInSAR to enhance accurate
retrieval (Le Toan et al., 2011). Space-borne LIDAR such as ICESat GLAS and the recently launched GEDI
(Duncanson et al., 2020) have been used to quantify biomass at the global scale (Simard et al., 2011), showing
close agreement to airborne measurements (Popescu et al., 2011), while its integration with long-term satellite

has effectively retrieved forest height at the global scale (Potapov et al., 2021)

Satellite monitoring of crown and canopy properties is largely of leaf area index (LAI), which is the projected
leaf area relative to ground area (m?> m), and interpreted as a good proxy of ecosystem productivity and
health, including plant responses to water availability (Jump et al., 2017). Leaf area index is a key input and
parameter within global dynamic vegetation models, as it forms the interface between vegetation and the

atmosphere (Fang et al., 2019). GEDI is providing LiDAR estimates of LAI at global scale (Dubayah et al.,
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2020), while older ICESat GLAS data (Cui et al., 2020) has been used to estimate both LAI and vertical
foliage profiles (Cui et al., 2020), though accurate retrieval with spaceborne LiDAR platforms is thought to
be considerably affected by topography (Wang and Fang, 2020). ALS retrieval is less affected by terrain but
even with its relatively higher resolution and coverage, retrieval here can be limited by the selection of height
thresholds, types of return (discrete vs full-waveform) and point density (Wang and Fang, 2020). Still, ALS
may be used to derive LAI based on metrics of canopy structure and percentage hits (Riafo et al., 2004), and
the use of radiative transfer models (Tang et al., 2012) - the latter of avoiding saturation issues inherent in

passive optical estimates (Peduzzi et al., 2012).

The patchiness of current and future space-borne platforms means spatial interpolation is often necessary to
develop products with spatial and temporal consistency (Potapov et al., 2021; Silva et al., 2021), a concern
particularly in the context of driving and constraining long-term simulation models. Alternatively, long-term
SAR-sensors with high temporal resolution and global spatial coverage, such as Sentinel-1, can quantify
habitat structure and vertical heterogeneity directly (Bruggisser et al., 2021), with strong correlations with
species composition also evident (Bae et al., 2019). However, various forest and topographical factors affect
SAR backscatter coefficients, requiring further work to establish exactly the forest attributes that are attainable
with SAR (Woodhouse et al., 2012). This is particularly important with short-wavelength C-band, where the
scattering signal primarily originates within the tree crown (Pitts et al., 1987). Tools such as TLS could shed
new light on these exact mechanisms (Joshi et al., 2017), with its enhanced capacity to characterise branch
topology (Martin-Ducup et al., 2020) and foliage arrangement (Béland and Baldocchi, 2020), beyond single
and vertical stratified height profiles (Bae et al., 2019). Indeed, TLS may be able to show which features are
detectable with C-band RADAR that complement longer wavelength L- and S-band sensors, where scattering

is understood to be within the main woody parts of a tree (Huang et al., 2018; Mitchard et al., 2012).

Although very high resolution satellite data has shown potential in locating tree crowns in arid landscapes
(Brandt et al., 2020), these approaches to date cannot function in more complex, multi-layered canopies, where

individual tree delineation becomes difficult (Aubry-Kientz et al., 2019), and suitable data are often available
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only upon payment. Aerial approaches are therefore likely to continue to be used, and crown metrics can be
estimated from high point density discrete ALS platforms (~ 8- 20 points m?; Wu et al., 2016), including crown
volume (Korhonen et al., 2013), depth (Lee et al., 2010), diameter (Jucker et al., 2017; Morsdorf et al., 2004),
cover (Lee and Lucas, 2007) and complexity (Murray et al., 2018). Full waveform datasets can go a step
further by describing vertical structural complexity (Nie et al., 2017), including understorey characterisation
(Hancock et al., 2017) and crown morphology (Lindberg et al., 2012). However, inaccuracies persist; for
example Hastings et al., (2020) show that species traits can determine the success of LiDAR based crown
mapping in mixed temperate forests, affecting its applicability in drawing widespread ecological conclusions.
ALS’s main strengths are in its ability to collect data across vast areas (Stovall et al., 2019) but it fails to
capture smaller trees occluded in the understorey (Donager et al., 2021), leading to some integrating to
integrate TLS with ALS data to better monitor understorey volume (Liu et al., 2017) and improve biomass
calculations (Stovall and Shugart, 2018). Given the steady increase in occlusion with depth with ALS
(Morsdorf et al., 2018), along with its inability to capture small-scale tree crown topology, TLS is paving the
way towards analysing tree structure from a three-dimensional perspective never before possible (Malhi et al.,

2018).

1.6 Opportunities for structural insights from Mediterranean forests using terrestrial laser scanning

TLS provides a complete, quantitative and repeatable means to measure tree form and in doing so, creates a
wholly new perspective on the rules that govern tree form and its variability across space (Martin-Ducup et
al., 2020) and time (Yrttimaa et al., 2020). Trees are under a multitude of biotic and abiotic stresses in
Mediterranean forests and given their sessile nature must balance growth that maximises light interception
and carbon gain with mechanical and hydraulic safety to ensure survival under current and highly variable
conditions. Theory postulates trees as structured as highly optimised transport networks but within this is only
likely hold true under benign conditions, while the scaling from branch through to crown and up to the forest
scale rely upon coarse simplifications of crown shape, size, and plastic arrangement in space. The primary
objective of this thesis is to demonstrate the potential of TLS data to derive new ecological meaningful metrics

from three-dimensional point clouds and use these to answer ecological questions from a new perspective. I
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undertook this work in Mediterranean forests in Spain where the altitude means very cold winters are
combined with hot dry summers which interact with a highly complex mountainous terrain, resulting in a

highly heterogenous environment and an ideal environment to explore tree architecture and its key drivers.
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1.7 Thesis outline

The primary objective of the thesis is:

To demonstrate how individual tree crown allometry, plasticity and light capture can be quantified
using new 3D measurements, and to use new metrics to provide novel insights into how trees and
different species grow, fill space, express plasticity in structure, and how structural plasticity interacts

with light capture.

The layout of the thesis is as follows:

Chapter 2 highlights not only the exciting opportunities presented by TLS in developing a more
comprehensive understanding of tree structure but also the complexities that arose in applying existing
methods to a water limited forest ecosystem. Modifications to existing code, bespoke algorithm development
and the construction of efficient processing pipelines were essential in extracting the necessary ecological
metrics for the proceeding chapters (chapters 2 and 3). Adaptations to an open-source tree segmentation
algorithm involved accounting for leaning trees, enhancing cylinder fitting procedures that improved the
search of tree stems and the extraction of diameter at breast height. In addition, a new approach to identifying
and extracting diameter measurements from multi-stem trees is also presented. Comparisons between TLS
and estimates from inventory type data demonstrated not only substantial variability in discrepancies between
shapes but also consistent overestimations of crown volume. Finally, this chapter presents the exciting new

prospects that can emerge in deriving spatially explicit metrics of three-dimensional light capture.

Chapter 3 demonstrates how these TLS-derived crown morphology metrics provide robust means to test
longstanding ecological theory and gives novel insights into tree-tree interactions through the quantification
of novel neighbourhood competition metrics. Symmetric and asymmetric competition was quantified and used
to test the importance of neighbourhood genus diversity on crown morphology. Competition negatively

affected all crown metrics except crown depth, and asymmetric competition was the strongest driver of pine
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crown morphology, but oaks were more sensitive to symmetric competition. Most species and crown
dimensions had height-crown scaling exponents below those predicted by MST, which may be due to water-
limitation effects. Pines and oaks showed large differences in crown depth to height scaling, with the former

shallower and the latter deeper, in contrast to theoretical predictions.

Chapter 4 provides novel insights into tree structural plasticity and trade-offs, the interaction between
individual structural plasticity and light interception indices, and plot scale crown packing and light capture.
Tree structural plasticity metrics were derived including stem elongation, stem and crown displacement, crown
foliage distribution and crown filling and complexity. Trees exhibited various forms of plasticity with inter-
specific differences in plasticity evident across all species. Crown foliage distribution variation led to increases
in light capture across all species, and elongation was evident under lower light irrespective of shade tolerance.
Plot scale analysis found that more diverse plots are more structurally complex but do not occupy canopy

volume, in contrast to findings reliant on ground-based measurements.

Chapter 5 presents an overview of the key findings of the thesis and discusses future opportunities and
necessary steps required for TLS to be adopted not only across the wider forest ecology community but also
to forest inventory. Methodological development that functions across both different instrumentation and
ecosystem type is especially important if TLS is to be integrated into forest inventory protocols where
replicability, repeatability, and scalability are priorities. The forest ecology community also needs to find
consensus on calculating metrics from TLS that have independent ecologically meaning whilst ensuring inter-
study interpretability and back compatibility to historical inventory data. The impact of three-dimensional
light capture metrics is discussed in both the context of improving our understanding of belowground
competition and in developing deeper insights into light-structure relationships. Finally, future analyses should
look to quantify and include topographical variables readily available from both ALS and TLS to provide a
more comprehensive understanding of tree form and function, its relationship along abiotic gradients and the

interplay between these gradients and tree-tree competition for resources.
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Note that some of the contents of this thesis have been published in the peer-reviewed literature,

specifically:

Parts of section 1.5 of Chapter 1 have been published in Ruiz-Benito, P., Vacchiano, G., Lines, E. R.,
Reyer, C. P., Ratcliffe, S., Morin, X., ... Owen, H.J.F & Zavala, M. A. (2020). Available and missing data to

model impact of climate change on European forests. Ecological Modelling, 416, 108870.

Chapter 3 has been published as: Owen, H.J., Flynn, W.R. and Lines, E.R., 2021. Competitive drivers of

interspecific deviations of crown morphology from theoretical predictions measured with Terrestrial Laser

Scanning. Journal of Ecology.
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Chapter 2

Terrestrial Laser Scanning for Mediterranean Forest Ecology:

Methodological Developments

Abstract

The automation in processing of TLS from data collection through to the quantification of tree structural
metrics is fundamental to its widespread adoption across forest ecology but to date, most development has
been within simple structure plantations or tropical forests. This chapter briefly outlines the emergence of TLS
in forest ecology, highlighting its journey from simple replications of forest inventory to what is now fully
three-dimensional characterisation of branch topology and foliage and proceeds in to highlighting the

complexities encountered in applying this tool to a water-limited Mediterranean forest ecosystem.

In segmented individual trees various methodological hurdles were encountered that necessitated algorithm
modification, refinement and in some cases new development to extract trees and stem metrics (DBH) as best
possible from a phase-shift instrument. Once segmented, further algorithms are essential to extract structural
measures from these highly detailed point clouds that translate into ecological meaning within subsequent
chapters. Here, I outlined various bespoke algorithm development together with existing tools that were
deployed to derive, one through to, three dimensional measures of tree structure and its morphological
plasticity in three-dimensional space. Where TLS measures are comparable to ground-based alternatives,
comparative analysis were conducted to assess the degree in discrepancy between ‘old’ and ‘new’ means in

deriving these measures and discuss where conceptual development is also necessary to move forward.

This chapter finishes by outlining an exciting opportunity in TLS quantifying individual tree light capture in
a spatially explicit manner by applying a new ray-tracing algorithm and showcases two-new metrics that were

developed to condense this vast information into holistic measures of light interception.
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2.1 Introduction

2.1.1 Emergence of TLS in forest ecology

Historically, insights into tree architecture have come from tape-measurements, hand sketches, photography
and manual digitisations (Preuksakarn, 2012). Computer-generated visually realistic depictions of trees have
been produced using ‘rules’ for structure, including stochastic growth, assumptions of fractality, and growth
grammars such as the Lindenmayer system (Honda, 1971; Prince et al., 2014) but now the advent of three-
dimensional data means a complete description of a trees topology can be extracted. The advent of ground-
based light detection and radar (LiDAR) laser scanning technologies has made direct measurement of fine-
scale tree structure possible, opening new opportunities to infer detailed structural insights from three-
dimensional data. Mounted to an aircraft, airborne laser scanning (ALS) can cover large areas and reach those
that are difficult to access, but its view from above means trees below the upper canopy as well as branching
structures are often occluded and therefore not measured (Morsdorf et al., 2018). In contrast, terrestrial laser
scanning (TLS), with comparatively much higher point density and a viewpoint from below, creates a rich and
highly detailed three dimensional image of branch and crown structure (Morsdorf et al., 2018). TLS is now
being used to provide new insights into tree mass, including deriving better allometric relationships for larger
trees (Disney et al., 2020, 2018), as well as opening new and exciting opportunities in forest ecology (Calders
et al., 2020; Malhi et al., 2018), where theoretical understands of tree structure can now be vigorously

examined with data.

Much of the earliest work with TLS in forests were attempts to quantify measures of forest structure that were
taken using ground based approaches in forest inventory (Liang et al., 2012; Maas et al., 2008; Thies and
Spiecker, 2004; Watt and Donoghue, 2005), or replace passive instruments to derive attributes such as gap
fraction (Danson et al., 2007). Later developments enhanced measures that were difficult to measure on the
ground without making geometrical assumptions, including crown volume (Moskal and Zheng, 2012) and
morphology (Kunz et al., 2019), above ground biomass (Calders et al., 2015) and its temporal dynamics
(Kaasalainen et al., 2014). Now, the integration of TLS into long-term monitoring projects is growing (Orwig

et al., 2018), and the fusion of satellite data with TLS (Kaasalainen et al., 2015) and other forms of remote

19



sensing (i.e. UAVs) offers the opportunity to revolutionise the way we assess forest structure across scales
(Morsdorf et al., 2018). However, caution is needed when adopting any new technology, and for TLS this is
particularly important because of the wide range of instruments, suitable for different needs, with ramifications

for the scale and detail at which a trees structure can be analysed.

2.1.2 Instrumentation

Terrestrial Laser Scanners are active ground-based remote sensing instruments that construct three-
dimensional point clouds of an environment by emitting laser pulses and recording the returning signal. For
example, in time-of-flight systems the distance between the scanner and target is measured by calculating the
time between the fired pulse and its return at the scanner (Jupp et al., 2007), and located using angular
information to create a 3D point cloud. TLS instruments may also record intensity information and the full
waveform response of each pulse. The basic premise for TLS 3D collection data is similar across instruments,
but there are two distinct platforms with contrasting ranging methods: phase-shift (PS) and time-of-flight
(TOF). These have their distinct advantages and differ primarily in cost and signal-to-noise ratio (Dassot et
al., 2011). Phase-shift instruments determine distance by analysing the phase shift between a laser beam that
is continuously emitted and received with only a single return recorded for each azimuth and zenith direction,
whereas TOF measures the time taken for a beam to return from an object, which is then divided by two
(Dassot et al., 2011). In general, TOF instruments are slower in acquisition and lower resolution, but have a
longer range and better signal-to-noise ratio, whereas PS sensors can scan in near full 360 in one acquisition,
are quick in acquisition, but have higher signal-to-noise ratio. There is some consensus seems that TOF sensors
are better suited to forests, where structure is complex and partial hits abundant due to leaves that are dealt
with waveform filtering, and TOF ranges are better suited to high canopies (Calders et al., 2020; Dassot et al.,
2011; Jupp et al., 2007). To date, TOF sensors have been thought of as the ‘gold standard’ for TLS acquisition
across a variety of forest types (Newnham et al., 2012), however substantial success has been had with PS
systems (Walter et al., 2021), where data limitations can be overcome in medium-height canopies using a
dense sampling strategy to produce high fidelity data. Not least, PS systems can be smaller and much less

expensive than TOF systems. PS systems can also be much more mobile, with no tripod needed, scanning
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much larger areas efficiently (Bienert et al., 2018). In this thesis I use a phase-shift system — the Leica

HDS6200 — and discuss the associated methodological issues in this chapter.

2.1.3 TLS for Forest Ecology

Historically, the accurate measurement of tree structure has been hampered by the size and complexity of trees
themselves, making detailed direct measurements time consuming and usually limited to a handful of simple
metrics, primarily of the trunk. If we take biomass as one example, direct measurements can only be derived
from destructively harvested trees, so these have historically been used to estimate a coefficient for allometric
equations (Disney et al., 2018). However, use of allometric equations derived from destructive sampling has
meant many widely used equations are derived from very small sample sizes with considerable size bias, with
very few very large trees, and most samples from commercial plantations. The accurate estimation of biomass
is crucial for understanding the terrestrial carbon cycle (Houghton et al., 2009) so better approaches were
needed. The biomass of a tree may be estimated as the volume of wood multiplied by the wood density, and
TLS offers the opportunity to estimate volume with very high accuracy - Quantitative Structure Models
(QSMs) of TLS point clouds have been shown to be able to derive accurate estimates of tree volume,
overestimating biomass by 9.68% with destructively harvested Eucalyptus trees, compared to a 36.57-29.85%
underestimation through the use of allometric equations (Calders et al., 2015). More recently, TLS-derived
biomass estimates have shown that traditional allometry methods have underestimated the biomass of some

of the largest trees on earth by up to 30% (Disney et al., 2020).

Use of TLS for biomass is one example of substantial improvement in estimation of an important property
that cannot practically be measured by other methods. However, TLS has further promise for the more precise
estimation of metrics that may be estimated using traditional forest inventory methods. For example, crown
depth, radius and volume are key drivers of demographic processes in many forest modelling frameworks.
How one part of tree crown scales with another (usually size) is a simple means to model how crowns grow,
fill space and compete with other trees for space (West et al., 2009), and models are usually parameterised
using crown allometric relationships reliant on readily available size-based measurement such as DBH and

height. However, crowns are complex and tessellating in form, making measurement from the ground using
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tape measures and range finders difficult and time-consuming. The inclusion of TLS is therefore an exciting

prospect for future inventory collection (Bauwens et al., 2016).

The most exciting contribution of TLS to forest ecology may yet come from novel insights into crown structure
of properties only quantifiable with high-resolution remote sensing. Examples include branch lengths and
order (Lau et al., 2018), foliage and stem arrangement in space (Béland and Baldocchi, 2020; Eichhorn et al.,
2017), leaf angle distribution (Vicari et al., 2019; Xu et al., 2019), path length of branching network (Chapter
4), and characterisation of crown interactions (Chapter 3; Owen et al., 2021). For such metrics consideration
of data acquisition techniques is required, and a multiple scanning strategy is absolutely necessary to minimise
occlusion effects and capture the full crown (Yun et al., 2019). The availability of TLS presents an exciting
opportunity for the field of ecology with researchers no longer forced into formulating coarse abstractions of
tree structure from limiting two-dimensional data. However, there remain methodological complexities that
hinder its widespread uptake across the research community. Despite huge efforts to develop open-source tools
(e.g. Burt et al., 2019; Hackenberg et al., 2015; Vicari et al., 2019), data consistency is still an issue as many
algorithms are reliant on expensive, high-fidelity full-waveform TOF scanning systems (e.g., Riegl VZ400;
Calders et al., 2016). The majority of algorithm development for TLS data processing has focused on data
collected from either the tropics or conifer type plantations of commercial value, driven by interest in biomass
and woody stock volume, which are very difficult to measure on the ground but of great importance to carbon
accounting and commercial valuations. Many exciting developments have been made within this context,
including automated tree segmentation (Burt et al., 2019), leaf/wood separation (Vicari et al., 2019) and
quantitative structure modelling (QSM; Hackenberg et al., 2015; Raumonen et al., 2013). However, in order
for TLS to be used to its full potential for ecology, TLS processing needs to be developed beyond biomass, to
extract metrics that are relevant to forest ecologists, and to open opportunities to explore complex individual

tree structure from a dimensional perspective never before possible (Malhi et al., 2018).

In this chapter, I describe the development of a processing pipeline for data collected across 34 30 x 30m plots
in protected, unmanaged mixed Mediterranean forests in central Spain. Here, I describe existing TLS

processing approaches, the issues faced when applying them to how these to the Mediterranean context, and
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how these were overcome. I also present the derivation of new, ecologically focussed metrics that demonstrate
the full potential of these data for forest ecology. The forests in my dataset include two oak species (Quercus
faginea and Q. ilex) and two pines (Pinus sylvestris and P. nigra), situated within a landscape that is highly
variable topographically, features that are fully described in Chapter 3. Collectively, the abiotic environment
combined with the intra and inter-specific adaptions of the species that live there, mean structure is highly
variable and distinct to purely light limited forest types, and shows substantial contrast to the kinds of forests
in which TLS processing algorithms have been developed. Here, stems are highly irregular; canopy trees
bifurcate very low to the ground along with a significant shrub layer; and multi-stem trees are widespread due
to past management history (pollarding and coppicing) and as a natural response post-disturbance (e.g., fire).
For this project, many modifications to existing openly available code as well as bespoke algorithm
development was necessary to transform 3D point clouds into ecologically meaningful data. Much of the work
utilised the C++ point cloud library (PCL) toolset and packages within R (R Core Team, 2021) together with
shell scripts for data management and pipeline construction. In the next few sections, I give an overview of
the TLS processing pipeline for forest data, describe the main developments I have introduced within each

step, and discuss future directions.

2.2 Overview of TLS processing steps

2.2.1 Workflow Schematic

There are many processing steps that are necessary to progress from TLS data collection in the field to finally
producing ecological metrics for statistical analyses. In Figure 2.1, I outline the various steps that were taken
in chronological order starting from the top (step 1), progressing through TLS data processing within
proprietary software, and ending with metrics of crown morphology (chapter 3), tree structural plasticity and
light capture indices (chapter 4). Across the pipeline, I highlight the various software and coding languages
that were employed by displaying their respective symbols and cite these when required within the text. The
orange text highlights the more bespoke algorithm developments while black text only necessitated minor
changes and/or running existing functions. Once data were collected (step 1) they were imported into cyclone

where targets were identified (step 2; section 2.2.2), merged and exported to an open file format (section 2.2.3).
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The raw plot point cloud was then clipped (step 5) to 37.5 x 37.5 m, denoised and downsampled (steps 6-7)
for individual tree segmentation (step 9.1-9.4) where the output trees were manually refined and tagged with
species IDs (step 9.5; section 2.4.5). All individual trees had leaves separated from wood (step 10; section
2.5.1) and a path length attributed to each point (step 11; section 2.5.5). The leaf/wood separated clouds then
proceeded onto sections of ecological metric extraction. Across steps 12.1-12.10, both the leaf and wood
components were used to extract DBH and classify stems as single or multiitem (section 2.3.5) and calculate
crown morphological metrics and neighbourhood competition indices (step 12.10) used in chapter 3 (section
2.4). Again, the leaf/wood clouds were used in steps 13-13.6 to derive measures of tree plasticity and crown
filling (section 2.5), and together with a new light capture software (steps 14.1-14.6; section 2.6.5) and metrics

(steps 14.7-14.9; section 2.6.5-2.6.6), provided new insights into light-structure relationships in chapter 4.
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Figure 2.1 Workflow of all processing steps undertaken for this project. This figure shows the steps necessary to
extract ecological metrics from Terrestrial Laser Scanning data with orange highlighting aspects of the work which

involved bespoke development.
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2.2.2 TLS Data Collection

We scanned plots using a Leica HDS6200 scanner (Figure 2.1 step 1), using a square grid system of 16 scans
spaced at 10 m, (Wilkes et al., 2017) within 34 plots across two sites in Spain, Alto Tajo and Cuellar (Figure
2.2). We used a scanner resolution set to 3.1 mm and spherical targets (see Figure 2.3) to enable scans to be

combined to create whole plot point clouds (Figure 2.1 steps 2-3).
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Figure 2.2 Map displaying the locations of the plots within the two field sites in central Spain. Red points show
plot locations, with high-resolution digital terrain models enhanced with hill shading shown in greyscale (m asl;
sourced from the Spanish National Orthophoto Program). On the left, Cuellar is situated on flat terrain and
contains four plots, two of which are located within the riparian zone. To the right, Alto Tajo is an area of high

relief with the 34 plots arranged in five zones varying in exposure.
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I made the targets to be lightweight, cheap and functional as replacement for Leica’s own £500 alternative
that are precise, but heavy and less practical, limited to being mounted on tripods (Figure 2.3). Twelve targets
were needed in total in sight of each scan with 8 the minimum necessary to stitch two scans together, and four
extras for precaution, as on occasion, targets can move or be poorly scanned and therefore of no use for co-

registration.

¢
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Figure 2.3 A depiction of the DIY targets that were made to enable my gridded scanning strategy. Associated unique
patterns and markings that distinguish two groups (dashed line) and made each target identifiable across scans are
shown. Target spheres were hard plastic cistern balls purchased from a DIY shop and were 150 mm in diameter. Spheres
were mounted on garden stakes, with wooden mounting. Tape on the wooden mounting and foam spheres of varying

sizes attached to the stakes were used to form distinct patterns identifiable in the TLS point cloud.

The scanning strategy operates in a chain-like manner along a predefined grid where each scan must contain
six targets from the scan before and another six in front, visible from the next scan location (Wilkes et al.,
2017), requiring two distinct groups of targets. At each scan location, the appropriate group of targets are
lifted and placed in front of the scan location, and this process is repeated until the last scan. To ensure no
errors in the field, targets need to be clearly grouped, and to enable post-process target matching, all targets
needed to be visually identifiable within each scan. I therefore created a unique labelling scheme for all targets
(Figure 2.3). Under the sphere of each target, I attached a wooden mounting rod, upon which stripes of tape
were added with a label attached to each stake so that two groups of targets were established. Within each

sub-group, individual targets were identified using a combination of large and small spheres that were
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specifically arranged, creating a bespoke identification scheme. This scheme was identical between both
groups of targets, differentiated by the stripes of tape. Altogether, a target would be labelled either “A” or “B”
depending on its group (striped and labelled vs. no-stripe and no-label) and an integer (one to six) determined

using the pattern along the stake.
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Figure 2.4 A stem map for a mixed pine and oak plot where scan locations are shown as red squares containing triangles,
targets are shown in as orange dots, and individual trees are black and outline circles and triangles. Closed circles are
Quercus. faginea, open circles Q. ilex, closed triangles Pinus. sylvestris and open triangles P. nigra. The plot outer

buffer zone is grey. Scans started in the (bottom left) corner and proceeded along a (vertical) chain through the plot.
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2.2.3 Data Preparation and Management

Within the early stages of processing the TLS data (Figure 2.1 steps 2 - 8), challenges related to file formats
and data storage arose, and in the end in excess of 3 Terabytes was necessary to hold all data from all 34 plots.
Files from LEICA HDS6200 scanners are compressed and closed within a proprietary file format (.ZFS)
making them only accessible within the proprietary Cyclone software. Individual scans in this study were
approximately 700 mb in ZSF format but expand to around 3 GB when exported in open formats such as a

XYZ text files.

For each plot, all scans were loaded into Cyclone and all 194 targets were manually identified and tagged
(Figure 2.1 step 2) following the formula described in section 2.2.2. This was a highly laborious process,
taking between one and two days depending on the plot. Unfortunately, this manual identification was
necessary because automatic identification only works in Cyclone with Leica proprietary targets, which were
unworkable for our environment. Once targets were identified, individual scans could be co-registered and
combined (Figure 2.1 step 3). Each plot was then exported as an open format .PTS file format (X, Y, Z,
Intensity) at full resolution, with each plot around 50 GBs in size (Figure 2.1 step 4). Files were named with
the site prefix (‘alt[plot number] ’ for Alto Tajo and ‘cue[plot number] ’ for Cuellar) and this naming
convention was held throughout the processing chain, with individual tree files numerically labelled (i.e.
alt[plot number]_[tree number]), for both .txt and .pcd file formats. As a long-term storage solution, each raw
plot cloud was converted into .LAZ files - a highly compressed file format widely used within the ALS

community - reducing whole-plot file sizes from ~ 50 GB to ~ 2.5GB (https://rapidlasso.com/laszip/). At this

stage, the LAS2LAS function of LASTools was used to crop the cloud to within 7.5 m of the plot boundary
and reduce precision to 3 decimal places (Figure 2.1 step 5). In order to parallelise both the downsampling
and denoising steps (Figure 2.1 step 7), each plot had to be split into small blocks (Figure 2.1 step 6), using
the lidR package in R (Roussel et al., 2020). A 0.25 m buffer was applied to each section of cloud to avoid
edge effects from both downsampling and denoising procedures and converted to PCD using

(https://github.com/murtiad/las2pcd), ready for import into PCL. Each block was denoised and downsampled

(Figure 2.1 step 7), with the buffer removed within the downsampling step. Finally, all de-noised and
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downsampled blocks were re-merged back into one 0.025 m resolution point cloud (Figure 2.1 step 8). Details
of these steps, and adjustments made to standard methods to account for the Mediterranean context, are

discussed in Sections 2.3.2 - 2.3.5 below.

2.2.4 Segmentation of individual trees from whole-plot point clouds

Extracting individual trees from point clouds of large areas is one of the most crucial methodological
components in the application of TLS at spatial scales beyond that of an individual tree. Approaches range
between full manual segmentation (e.g. Hess et al., 2018) and semi-automatic (Burt et al., 2019), although this
requires checks and refinements after application (Calders et al., 2016). Automatic methodologies include
stratified approaches whereby trees are ‘built’ from the bottom up (e.g. treeseg; Burt et al., 2019), and deep
learning techniques that require no user input (Xi et al., 2018). The latter are starting to demonstrate capacity
for extracting detailed branch structure (Halupka et al., 2019), but openly available packages are few and
computational demands very high. Stem detection from TLS is a well-studied topic (Liang et al., 2018), so
many methods of tree segmentation that are openly available follow a bottom-up approach - first identifying
the locations of all stems within a plot and subsequently ‘growing’ these stems into a tree by iteratively adding
and removing clusters of points at each stage of building (i.e. from stem to branches, and eventually whole
crown; Burt et al., 2019; Heinzel and Huber, 2018; Raumonen et al., 2015; Tao et al., 2015). Others have
manually tagged stems in the field with objects that are identifiable in scans, which together with k-nearest
neighbour algorithms, are used to segment trees (e.g. Barbeito et al., 2017), but this kind of approach is fairly
labour intensive when applied at scale. A cluster-based approach is taken by the package 3Dforest (Liang et
al., 2018), which doesn’t rely upon stem identification explicitly but instead slices the cloud along the vertical
axis, and then divides each slice further into point clusters based upon a point-point distance threshold
parameter set by the user. Each cluster is assumed to be a tree and is merged vertically to other clusters within
the next slice based on distance and angle characteristics (Trochta et al., 2017). This kind of approach works
well for sparse forest plots where crown interactions are minimal but is limited otherwise due to difficulty in

disentangling crowns using only distance-based parameters.
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One of the most widely adopted tree segmentation packages is the open-source treeseg (Burt et al., 2019),
which has been formulated to deal explicitly with issues of crown segmentation. Rather than treating all point
clusters as a possible tree (as in 3Dforest) treeseg instead locates tree stems within a defined horizontal slice,
and fits cylinders to definitively distinguish stems from other spurious clusters (e.g., within the shrub layer).
Here, thresholds to cylinder length, diameter, and angle, as well as tolerances in cylindrical fitting variability,
can be defined by the user to suit the specific ecosystem and instrument. Once identified, a tree is extracted
based on each stem (seed point) using conventional point cloud processing algorithms which include
Euclidean clustering, region growing segmentation, principal component analysis, Random Sample
Consensus (RANSAC) shape fitting and connectivity tests. Such tools analyse the distance connectivity
between points, their curvature, direction and geometric similarity to build a tree from its seed point and
differentiate whether points and clusters are connected to the current (‘target’) tree or not. One issue with this
approach is that at the crown building stage, predefined limits determine the geographical extent to search for
connectivity, and with overlap between trees inevitable this can lead to the assignment of points to more than
one individual. The entire framework also relies upon a vertically homogenous distance between points, which
with occlusion usually means downsampling is necessary (Morsdorf et al., 2018). Manual refinement and
quality assurance is still a necessary step with these algorithms (e.g., Calders et al., 2016), particularly where
occlusion causes topological breaks within a crown. This can lead to information loss or crown overlap and
spatial connectivity between trees, causing the false incorporation of neighbouring tree branches. The latter
issue may be lessened by using theoretical limits (e.g. MST; Tao et al., 2015) or ecological context
(neighbourhood structure) to constrain horizontal search. In general, manual intervention in the semi-
automatic process is highest in highly layered and structurally complex forests, and in those containing short
trees with dense and homogenous outer foliage that reduces the number of returns from inner woody crown
structure. Where such trees are present, especially within Mediterranean forests, a hybrid approach might be
more suitable, using a larger cluster type approach such as 3D forest in sparse and short forest plots, and the

more complex bottom-up approach of treeseg in taller, more complex plots.
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A central issue to selecting between segmentation algorithms is that the majority are evaluated based on stem
locations with only one study, Heinzel and Huber (2018) comparing crown volumes between automated and
manually extracted trees. However, given the high variability in maximum tree height, horizonal structure and
species compositions across my plot network, I determined that 3D forest was less suitable than treeseg due
to its reliance and sensitivity on one single distance parameter, and because its implementation within a
Graphical User Interface was less flexible to adjustments, and the high-performance parallel computing
needed for data at this scale. Therefore, I used the segmentation method treeseg for these analyses (Figure 2.1
step 9). Applying the package in an off-the-shelf approach extracted approximately 50% of trees accurately,
with stem identification stronger in taller and crown segmentation in more sparse oak plots, which needed
substantial manual segmentation (see example of range of structures in plots; Figure 2.5). I tailored aspects of

treeseg to better suit the Mediterranean forest system and describe these in section 2.3 below.
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Figure 2.5 Example segmentations resulting from the semi-automatic algorithm treeseg followed by manual

refinement. The top is a short Q. ilex-dominated plot and the bottom a tall P. sylvestris-dominated plot.
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2.3 Adaptation of existing TLS approaches to Mediterranean Forests

2.3.1 Point Cloud Resolution

An integral component of treeseg is the definition of the neighbouring point-to-point distance, hereon termed
NN, as it forms an integral part in connectivity testing (Burt et al., 2019). In an ideal scenario, the NN value
would simply be the resolution of the instrument, but beam divergence is an inherit feature of all scanning
instruments and must be accounted for when defining point spacing resolution. An optimal solution is to
downsample point clouds to the expected minimum spacing between points (resolution) at the furthest beam
returns within a forest plot, i.e., what’s the minimum possible distance between points, given the constraints
of the instrument and distance from the scanner. This ensures consistency in point spacing along the vertical
column of the point cloud and can be estimated from knowledge of tree height alongside the chosen sampling
strategy and scanner resolution settings. Using the scanning strategy outlined in section 2.2.2, along with 3.2
mm resolution (at 10 m) settings (with 0.22° mrad beam divergence) and a 25-metre maximum tree height,

the theoretical maximum point spacing would be 8 mm at the furthest point from each scan.

Figure 2.6 Two Q. faginea trees at two different resolutions (point spacing). Left is a tree at 0.025 m and right 0.05 m.
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Given the likely presence of occlusion even with a 10 m scanning strategy (Morsdorf et al., 2018), along with
computational constraints, a more practical resolution was chosen that aligned with each chapter’s objectives.
For example, Chapter 3 focused on overall crown size and shape and as such there is little need to work at
resolutions finer than 0.05 m but Chapter 4 incorporated branching, foliage filling and shading metrics that
benefit from finer scale analyses. In this project, 0.025 m was deemed the highest possible resolution that
balanced both occlusion and computational constraints and used in Chapter 4, whereas 0.05 m trees were used
in Chapter 3 (see Figure 2.6). All trees were initially downsampled to 0.05 m (Figure 2.1 step 7) for tree

segmentation and then subsequently upsampled to 0.025.

2.3.2 Denoising Point Clouds

Denoising and downsampling are critical steps, to both remove erroneous points often associated with PS
scanners, and to improve computational performance by reducing data size whilst retaining important
information. A drawback with PS systems is the poorer signal-to-noise ratio, leading to spurious ghost points
within a point cloud (Dassot et al., 2011) that must be dealt with prior to stem segmentation, making denoising
a necessary processing step with these systems (whilst e.g. Riegl time-of-flight systems with full waveform
information can filter out ghost or partial returns within their proprietary software). Conventional denoising
methods include radius and statistical filtering, that determine whether a point should be removed using spatial
and statistical relationships between points. Radius filtering has two parameters, R (radius of sphere in meters)
and K (threshold number of points) and filters out points with fewer than K neighbours within a spherical
neighbourhood of the set radius. Statistical denoising functions similarly but rather than K, a standard
deviation (SD) threshold is assigned by the user and any point that falls beyond this threshold is removed.
Considering point spacing and occlusion risk increases with height, parameterising a denoising filter with one
fixed set of values for the entire point cloud is problematic, risking either leaving in erroneous points or
filtering too heavily and losing information. For example, where point density is highest near the stems a more
aggressive approach is helpful to isolate low branches and automatically identify stems in treeseg. However,
at the top of the canopy the opposite is needed, and a softer filter ensures that sparse points needed for accurate

height and crown shape estimation are retained, whilst still removing ghost points.
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Using PCL, I developed a statistical denoising algorithm (Figure 2.1 step 7) that steadily eased the denoising
tolerance parameter (multiple of standard deviation that defines the neighbourhood of a given point) as height
increased, in order to retain information at the top of the canopy whilst efficiently removing it lower down.
Statistical rather than radius filtering was chosen as the main filter, but a first pass on the entire cloud was
conducted using the radius filter with NN set to 0.10 m and K to 10 to remove very distant points before slicing.

The algorithm followed these steps:

Vertically stratified denoising:

Set minimum and maximum for multiples of standard deviation (SD) x within statistical denoising (xmi»=1 and xmax=3). Then, for
each raw point cloud dataset pc™":
1.  Apply initial radius filter on cloud pc™” (K=10 and R = 0.10 m)
2. Segment the cloud pc™” along the vertical axis into a series of # 0.25 m tall raw slices (slice’"...slice™"s) from lowest
point
3. a. Set Xsicel = Xmin,
b. For each additional slice (i = 2... n) set Xsiicei = Xsiicei-1 + (Xmax — Xmin)/1
4. For each raw slice™ (i=1...N)
a. Apply statistical denoising filter with K=10 and xiici as parameters and slice’; and slice®; as input and output

b. Push slice;%" into pcfitered

Filtered

5. Return pc as the vertically stratified denoised point cloud.

I used a defined slice height rather than number of bins, which means clouds with small maximum height and
therefore higher point density are filtered with the same intensity to a cloud with greater maximum height,
reflecting the role of actual, rather than relative, physical distance in determining point density. Applying this
vertically stratified algorithm resulted in stems being more automatically identifiable within the initial steps
of treeseg (Figure 2.1 steps 9.1 — 9.2), whilst overall crown morphology was retained in tall, complex and/or
noisier point clouds (Figure 2.1 step 9.4). A comparison, of unfiltered, homogeneously filtered, and vertical
stratified filtered point clouds is show in Figure 2.7.
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Figure 2.7 This image shows the difference between no point cloud denoising (left), a vertically homogenous filter with
equal parameters across the vertical axis (middle) and a vertically stratified approach where parameters are eased along
with height to reduce over filtering of the upper parts of a tree crown (right). With the denoised images, smaller zoomed

in images are also displayed.

2.3.3 Tree stem location

Cylinder fitting techniques to locate stems are reliant on a search algorithm that can locate a clearly cylindrical-
like object within the point cloud. Larger trees with longer sections of trunks without branching are more
likely to be identified with this approach. Treeseg was developed within a tropical context, and coded so that
should a cylinder not be found at the standard height (above any buttress on the tree), treeseg’s cylinder-fitting
algorithm will simply search up the stem until the correct computational conditions are met. The structure of
the forests for which it was developed, with reliably tall trees with long straight trunks, makes the process of

finding cylindrical stability relatively straightforward. However, as discussed in Section 2.2.4 above, in my
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study sites, and indeed in many Mediterranean ecosystems, short trees, with crowns low to the ground, that
bifurcate close to the ground, and resprout into multi-stem individuals, are common. Therefore, a different

approach to finding and identifying stems, and calculating DBH, was needed.
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Figure 2.8 This figure shows a) the slicing procedure undertaken to help find cylindrical sections along a tree’s

trunk for both stem identification and DBH calculation b) a multi-stem tree (right) neighbouring a single stem
¢) a single stem demonstrating how at times tortuosity meant cylinders had to be fit much lower. Both a) and b)

show alternating blue and red colours that illustrate which slices were stable enough to fit cylinders
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To locate stems, treeseg extracts a slice from the point cloud, which as standard is set as between 3-6 metres
above the tree base and depends upon this length to run diagnostic cylinder procedures that ensure a stem is
indeed cylindrical and likely part of a tree. To do this, cylinders are fit above and below the middle of the slice
and if these are also cylindrical in shape, determined through criteria set by the user, the stem proceeds to the
next stage of segmentation (Burt et al., 2019). This makes complete sense in tropical systems where trees are
very large and with an extensive surface available to fit cylinders. For many trees within my data, crowns were
developed within 3-6 metres of the ground, and as such, I set treeseg to extract a slice much closer to the
ground (0.5 m to 2.5 m). This slice was then stratified into three additional cross sections that essentially splits
a tree’s trunk into three vertical components — this helped increase the chances of finding stability, as
irregularity in shape isn’t always constant along a stem’s entire length. For example, the tree in Figure 2.8.c
has a stem that is misshaped from ~ 1 m and up, but a stable cylindrical shape was found near the base of the
tree, facilitated through slicing. The stem on the furthest right in Figure 2.8 b) shows another example where
a cylinder fitting procedure is destined to fail if the entire length of the stem (here 1.83 meters) is used to fit a
cylinder, but where some smaller and more geometrically stable sections of the stem area available, and a
cylinder may be found (highlighted in blue and red). Examples in Figure 2.8, though by no means the extreme,

are highly representative of both Q. faginea and Q. ilex stem topology throughout the dataset.

My modifications to this approach worked as follows. Firstly, a 2 m slice is taken from the plot point cloud
from height 0.5 to 2.5 meters. Next, the slice is segmented into clusters based on Euclidean distance and then
each cluster is sliced again vertically into three sections, so tripling the number of clusters (see Figure 2.8.a).
Slices were created with small vertical overlap so that clusters belonging to the same stem could later be
removed. Any clusters that do not span at least 66% of the vertical range of the slice (1.33 m of the 2 m) were
removed, leaving only elongated clusters. Each cluster passes through a final region-based-segmentation stage
that separates clusters according to neighbourhood smoothness, curvature and minimum size (points = 100)
criteria, aiding the separation of more planar point arrangements to those more randomly distributed (i.e.,
shrubs; foliage and noise). Finally, region-based clusters pass through cylinder fitting procedures, where each

“cylinder” must be within the plot boundary, a certain length and diameter threshold, and meet cylindrical
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stability criteria (Burt et al., 2019). Overlap is checked across all clusters to remove cylinders that are part of
the same tree, in order to avoid duplicate tree building later on. The coded procedure for this stage was as

follows:

Modifications to treeseg to improve stem identification:

For each plot point cloud:
1. Cut a slice along the vertical axis from 0.5 to 2.5 m using the lowest point within a grid as the ground.
2. Segment the slice into clusters using Euclidean distance and region segmentation into » clusters clusteri, ...,clustern
3. For each clusteri (i = 1...n)
a. Cut cluster; into 3 vertical slices with small vertical overlap (to enable matching later)
b. Remove any slice whose points do not span at least 66% of slice height along the z-axis
c. Push remaining slices into cluster™;
3. For each cluster™;(i=1... m, where m <n)
Check cylindrical stability using procedure outlined in (Burt et al., 2019).
a. [F classified cylindrical and within plot boundary,

b. Push cluster™eed; into clusters®’ s,

4. For each cluster™'@rs;(i=]...p, where p <m)
a. Check location of cluster®"™s; against location of cluster®'s; (i # j) and remove if location overlaps.

b. Return cluster®'™s; as a seed point location for a tree in the plot.

My modifications to the existing treeseg procedure improved the capacity to automatically identify stems
across the plot network and were particularly effective in exposed plots containing Q. ilex and Q. faginea trees
of short stature where ~ 25% improvement was reached, but manual refinement was still necessary where
stems of short trees were highly occluded by shrubs. Therefore, within the treeseg shell script, a pause was
added after the stem identification process had finalised to enable a manual evaluation of the output. If stems
were missing, they were manually segmented using CloudCompare (Cloud Compare, 2021) and added into
the relevant folder before the next stage of segmentation (Figure 2.1 steps 9.2 - 9.4) and any false positives
(visually identified) deleted. There is a trade-off when setting segmentation parameters (e.g., cylinder shape

criteria), where stricter criteria will lessen false positives but increase stems missed. Stricter criteria are more
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appropriate when only large canopy trees are of interest (e.g., for biomass monitoring), and more tolerant
criteria when identifying the full spectrum of size classes is a priority, for example when addressing questions

with a stronger ecological focus.

2.3.4 Crown segmentation in leaning trees

In my study system, and especially in pine stands where competition for light is intense (Pretzsch, 2019), tree
lean and stem displacement is commonplace, in particular in the understorey, presumably to intercept more
light (e.g. see understorey in Figure 2.5). Before crown segmentation occurs within treeseg (Figure 2.1 step
9.4), a cube of the point cloud is segmented from the plot point cloud above each tree stem seed point (Figure
2.1 step 9.3) and the crown associated with each stem is segmented only from this cube. General allometric
principles using diameter breast height to predict height and crown radius, and therefore the limits of each
block, are used. Because the cube is centred directly above the top of the stem, when a tree is leaning this

process is likely to miss crown points (see example, Figures 2.5 and 2.9).

To address this issue, I made use of cylinder fitting and segmentation procedures already constructed for the
earlier stem identification procedure within treeseg to segment potential crown points using a leaning cylinder
rather than a fixed cuboid. Note that although this was necessary for these data, cuboid extraction is
computationally faster so should be retained if the data allow. To implement this modification, rather than
segmenting the point cloud based on predefined three-dimensional limits determined by allometry, a cylinder
was fit to the top of the stem, with width determined using the treeseg crown radius calculation. I used the
‘spatial3DCylinderFilter’ function within treeseg (Burt et al., 2019) that utilises RANSAC cylinder fitting
procedures within PCL, and includes detail on cylinder orientation such as angle. The modification expanded
a cylinder form the stem top outwards to a predefined radius determined through an allometric relationship,
incorporating all points along a leaning tree (see red colour in Figure 2.9 a and b). The computational cost is
high compared to the default treeseg cuboid crown extraction. Although I implemented cylinder segmentation
for all trees, this could be improved upon by an initial step to test tree lean, so that non-leaning trees (likely

the majority of a dataset), are extracted more efficiently. Furthermore, the approach is sensitive to the location
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in which the cylinder angle is extracted with calculations nearer the top of the stem most suitable but occlusion
often more of an issue here due to the presence of branches and foliage. This modification was most impactful
in the understorey of highly competitive pine stands (e.g., Figure 2.5) where shade intolerant species

(Niinemets and Valladares, 2006) are leaning extensively to increase light capture

Figure 2.9 Figure showing how extracting a crown volume in treeseg that accounts for stem lean is more effective in
capturing the entire tree crown. Red represents additional points captures through cylinder extraction and black those

collected using a cuboid. Both a) and b) are Q. faginea trees.

Once the cylindrical point clouds identifying the potential volume for each crown were identified, crowns
progressed to the next stage in treeseg where crowns are segmented using the ‘buildtree’ function. Here, the
potential volume from the previous step is split into clusters using both Euclidean clustering and region-based
segmentation. Beginning with the tree stem (Figure 2.1 step 9.2), these clusters are iteratively added or
discarded to the stem, steadily building a tree in the process. To determine whether a cluster is part of a tree,

its distance and angular relationship to nearby clusters that have been added in previous steps is assessed, this
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ensures that clusters that quickly descend in angle or are suddenly further away in relation to those nearby are

likely part of a neighbouring tree crown.

2.3.5 DBH calculation and multi-stem identification

Modifications to stem identification (section 2.3.3; Figure 2.8) improved its scope of identification but manual
intervention was still necessary to ensure all stems were extracted. Visual checking of stem locations is
relatively straightforward, however manual intervention when calculating metrics such as DBH is not
appropriate, and further complicated by the presence of multi-stemmed trees within this dataset (for which
treeseg is not configured). A new approach was therefore necessary. I built upon the framework within the
stem identification script (section 2.3.3) to formulate a processing chain that both identified whether a tree
was a single stem or part of a multi-stem group, and calculated DBH values for all stems (Figure 2.1 steps

12.1-12.3).

In this ecosystem, high resolution data low to the ground is important, as many trees have low crowns and
branches (see section 2.1.3), leaving less physical space for cylinder fitting to measure DBH. The search for
cylinders must therefore operate within much finer margins than the default approach in treeseg, as there is
much less scope to simply look higher up the stem for stable trunk sections. Although the higher resolution of
PS scanners doesn’t necessarily translate into data with higher information content (as, for example, reducing
occlusion is likely a better means to improve scan quality), resolution does affect the smallest resolvable scale
(i.e., smallest detectable branch or tree stem). In order to successfully fit cylinders to smaller sections of point
cloud, the higher resolution is advantageous in providing more samples to the PCL RANSAC procedure.
Bespoke code was needed to both extract DBH and to identify and group multi-stems (according to their stem

number). To do this I implemented the following:

44



Extracting Stem?3” and Stem’:

For each tree (i=1...N) in a given plot
1. Slice tree; from the base to 2.0 m above the ground
2. Calculate bb;i (bounding box) of slice;
3. Load high resolution point cloud (pc' °™) and extract points within bb;
4. Calculate NN of pci' " (see Burt et al., 2019)
5. Filter ground points by fitting a plane across the base of pc;’ ™, retaining only outliers
6. Slice pci’ " into three vertical sections slice;...’ ™
7. For each slice (i=1...m)
a. Segment Slice;/“” into clusters using Euclidean clustering and region segmentation (section 2.3.3)
b. Check cylindrical stability as per (Burt et al., 2019) but with 50% overlap between clusters (clustersi..») to account
for smaller stem lengths
8. Filter clusters®'™drs; , that are leaning more than 30 degrees, are within a certain size (radius) and length
9. For each clusters®'™s (i=1...p, where p <m)
a. Check location of cluster®'?’s; against location of cluster®""®s; (i # j) and remove if location overlaps
10. Calculate number of cylinders (Stem") and DBH (Stem?2/ or Stem”™)
a. Find the height x at which the max number of cylinders are located
b. IF number of cylinders = 1, extract DBH using cylinder located at x = 1.3 (Stem”2#) but if no cylinder found at this
height, drop down to cylinder at lower height and extract stem diameter (Stem®)
Stem" = 1
¢. IF number of cylinders > 1, extract diameter from cylinders located at height where most cylinders found and sum
all cylinder diameters Stem?™

Stem" = X (clusters®'ders;, .., clusters®'™"@s) at height x

11. Return Stem”57 Stem/”* and Stem/"

The first step was to determine the location and bounding box of each tree stem up to 2 meters high and use
this bounding box to collect a higher resolution equivalent from the raw 0.01 m plot cloud. Next, for each tree,
load the high-resolution (1 cm point cloud) bounding box and run both Euclidean clustering and region
segmentation to isolate stems (point clusters), then retain only stem clusters that align with the original tree

stem in 3D space. Following the same approach as in section 2.3.3, I sliced the stem or stems in each location
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into three slices along the vertical axis, (Figure 2.8.a) with a small 0.05 m vertical overlap. I then fit cylinders
according to default treeseg settings (Burt et al., 2019) where stability criteria must be met. Any cylinders
with overlapping locations were tagged as duplicates and removed. For all cylinders that remained, the number
of cylinders within each slice height was determined, and the one with the highest number of cylinders (stems)
was used to calculate stem characteristics. Where multiple cylinders were present, as is the case for multi-
stem trees, stem diameter (DBH) was calculated as the sum of all cylinder diameters and the number of stems
recorded as the total number of cylinders. For single stems, stem diameter extraction was prioritised in
descending height order, where calculation is first attempted at 1.3 m, and subsequently lowered until the last
slice containing cylinders was reached. All stems where diameters were extracted at 1.3 m, and therefore at

the standardised inventory height (DBH) were marked to ensure consistency in subsequent analyses.
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2.4 Extracting Traditional Metrics

2.4.1 Crown radius

Crown radius, along with tree height and DBH, is a core metric for many forest inventory protocols, providing
an essential measure of a tree’s lateral extension and the baseline for calculating crown area and volume. It
has also been used to formulate geometrical approximations within modelling frameworks that aim to
incorporate crown plasticity (Purves et al., 2007) and at the centre of crown scaling theory (e.g. West et al.,
2009). The emergence of ALS has meant crown radius has become of increasing importance for quantifying
carbon stocks in forests, with its integration into allometric equations outperforming height alone (Jucker et
al., 2017). Crown radius is it increasingly more difficult to measure accurately from the ground as tree height
increases; using ALS the opposite is true, with understorey trees mostly unobserved (Morsdorf et al., 2018).
Regardless of measurement method, crown radius can be captured in several different ways, including: the
maximum (Rautiainen and Stenberg, 2005); the average of the maximum and its perpendicular radius
(Blanchard et al., 2016; Harja et al., 2012; Popescu et al., 2003); or the average of several measures at different
angles across the tree crown (Fleck et al., 2011; Popescu et al., 2003; Ritter and Nothdurft, 2018). The third
approach is thought to be more accurate, and also provide better crown projected area estimates (Ritter and
Nothdurft, 2018), whilst maximum estimates are likely to overstate crown cover (Gill et al., 2000). The
richness of dense ALS and TLS data means a more refined approach can be undertaken to calculate crown
radius. For the trees in my dataset, I calculated maximum radius and its perpendicular, and also averaged
measurements spanning the entire perimeter of a tree crown (Figure 2.1 step 12.5). To calculated
maximum/perpendicular and mean crown radius I used 2D concave hulls (see section 2.4.2 below, describing
how these are used for direct calculations of crown area). For each hull the centroid was located and the
maximum distance between this centroid and the edge was found, and subsequently, a 90-degree angle was
computed to find its perpendicular. A similar procedure was used to calculate mean crown radius, where from
the same centroid, a clockwise iteration extracted a vector of distances around the entire tree crown hull
perimeter, which was then averaged. I used the average crown radius in Chapter 3 and the maximum and
perpendicular measurements were used below in sections 2.4.2 and 2.4.4 to make comparisons to

measurements that aim to incorporate crown plasticity in computing crown area and volume, for example,
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through the assumption of an ellipse rather than a circle (Purves et al., 2007) and an ellipsoid than a sphere

(Jucker et al., 2014).

2.4.2 Direct measurements of crown projected area

Crown area is important to for a crowns growth efficiency in lateral space (Pretzsch and Schiitze, 2005),
shading of neighbouring trees (Zambrano et al., 2020), and is used in modelling to determining forest stand
dynamics (Purves et al., 2008). Different protocols for determining crown radius (section 2.4.1), used to
estimate crown area means comparisons between field sites are difficult (Blanchard et al., 2016); the advent
of LiDAR technology has meant that this important structural attribute can be measured in a direct and
consistent manner. Comparisons between TLS and traditional approaches have found crown complexity to be
a fundamental factor leading to inter-observer biases in its estimation — but TLS provides a robust and accurate
means retrieve it accurately (Ritter and Nothdurft, 2018). I calculated crown projected area using only the leaf
point of each tree point cloud, which was collapsed into two-dimensional space by removing the z-axis (Figure
2.1 step 12.8; see the following section 2.5.1 in this chapter for leaf separation details). Calculations were
conducted using the concaveman package in R (Gombin et al., 2020) that efficiently fits concave hulls to all
points with the alpha parameter (determining the ‘tightness of fit’; here set to 2, see Chapter 3). An alpha value
that is too low will not only take longer to compute but can also incorporate too much complexity that has

minimal impact on area estimates.

In order to assess the gained accuracy of TLS based crown area compared to traditional measurements, I
simulated conventional ground-based measurements using the crown radius measurements discussed above
(section 2.4.1) and fit a regression line between these and my TLS crown area. I simulated both a circle and
ellipse, with the latter using the average of all crown radii and the former using the maximum and
perpendicular distances as input. The relationship between the ground-based crown area of both circle and
ellipse, and TLS crown area was statistically significant (P < 0.01), but simulated ellipse ground-based
measurements overestimated crown area compared to TLS by more than 2.5 times the TLS amount for both
oaks and pines (Figure 2.10 a - b). This shows the importance of taking multiple crown diameter measurements

for crown area estimation if only ground-based methods are available. It is however important to note that the
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simulated circle was created using the best possible mean radius data, as it incorporated an averaged value
that included radii measurements from the centre to every vertex of the TLS concave hull, which in the field,
measurements that accounted for the entire crowns undulating perimeter would be time-consuming to achieve.
Nonetheless an optimal number can be found; with some evidence that 8§ measurements is a good a
compromise between accuracy and time (Fleck et al., 2011; Grote, 2003; Ritter and Nothdurft, 2018). The
effect of having a large number of radii samples, capturing full crown complexity, was beneficial to accurate
estimation when compared with the maximum and perpendicular values. Although an ellipse is used as an
effective means to incorporate flexibility in shape (differences in width and length), it leads to much higher

overestimations of crown area than circles using averaged radii (compare Figure 2.10 a-b).
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Figure 2.10 Shows linear relationships between TLS crown area and a) simulated circle area that was computed using
the average crown radius derived from TLS and b) simulated ellipse area that was calculated using the maximum
diameter and its perpendicular. 1:1 relationship is displayed in red and  values (slope) shown for both pines (blue) and

oaks (green).
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2.4.3 Crown depth

Like crown radius, crown depth is a well-studied measurement that captures three-dimensional properties in
a one-dimensional measurement. It has ecological importance, and is used to characterise self-shading (Poorter
et al., 2003; Sterck et al., 2001) and general light capture strategies (Aiba and Nakashizuka, 2009). A common
difficulty in its measurement that spans both traditional methods and newer LiDAR technologies is in
objectively defining a trees’ crown base. Field techniques often identify the lowest branch with a ‘substantial’
amount of foliage that is not some spurious resprout as the crown base (Shenkin et al., 2020), but the advent
of TLS necessitates automatic procedures that do not rely on subjective decisions. Crown depth from TLS is
still determined manually through visual assessment in some work (Martin-Ducup et al., 2020), but this is
impractical when analysing thousands of trees (as is the case here). If constructing quantitative structure
models (Raumonen et al., 2013), the lowest branching point may be used as an estimate of crown base - but
this doesn’t account for slumped branches, and therefore could lead to erroneous estimates, particularly when
estimating light interception and shading of neighbouring trees. Here, when applying default settings in
treeseg, many exported trees had missing lower sections of tree crowns due to branches that were heavily
slumped. A more defensible method is to replicate the spirit of field approaches by identifying the first
significant bundle of foliage, representing the beginning of the major photosynthetic component of the tree;
this was the approach I chose to undertake (Figure 2.1 step 12.6). Here, new TLS leaf separation algorithms
such as leafsep (Vicari et al., 2019) and LeWos (Wang et al., 2020) provide the necessary means to quantify
crown depth using the foliage component alone, through advanced wood/leaf separation algorithms (see
section 2.5.1 below). Given both erroneous classifications and the presence of spurious sprouted foliage,
crown depth needed to be quantified using a percentile along the z-axis that effectively ignored these points
but also had minimal impact on crown depth estimation. To test this, I conducted a sensitivity analysis where
threshold percentiles ranging from 0 through to 0.15 were used to calculated depth and plotted against percent

change in crown depth (Figure 2.11).
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Figure 2.11 Showing the percentage change in individual tree crown depth as the percentile cut-off is increased.

The red line is a polynomial fit used to visually identify the asymptote.

The large variation in the intercept across trees was driven by small erroneous leaf points near the base of a
tree, which upon removal (by increasing the threshold percentile) lead to large differences in crown depth. At
around 0.03 the rate of change of depth became approximately constant, so this was identified as the optimal

threshold for cutting the lowest leaf point cloud points to accurately capture crown depth.

2.4.4 Crown volume

Tree crown volume is a measurement of great interest to forest managers, who wish to identify the most vital
and productive trees (Zarnoch et al., 2011). It also plays an important role within theoretical frameworks as a
metric of how trees compete for space (Taubert et al., 2015; West et al., 2009), and has been empirically
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interpreted in the context of tree adaption to varying biotic (Jucker et al., 2015) and abiotic conditions
(Barbeito et al., 2017; Jacobs et al., 2021). However, a universal definition of crown volume has eluded
ecologists and forest managers, prompting entire reviews discussing its measurement and assessment (e.g.
Zhu et al., 2021). One widely accepted definition describes a tree crown as the upper section of a tree that
includes living branches and foliage (Gschwantner et al., 2009). Others offer a more nuanced perspective, for
example describing a tree crown within a fractal framework, as neither a 3D solid or 2D photosynthetic plane
but a collection of holes and cavities where light and gases exchange (Zeide, 1998). Essentially, crown volume
encapsulates the three-dimensional space occupancy of the photosynthetic components of a tree, but even
within national forest inventories, directions and means to measure crown volume are offered but without
clarification on its definition (Gschwantner et al., 2009). Using traditional techniques, measurements are
confined to two-dimensional space with an assumption of geometric shape necessary to estimate 3D volume,
leading to the inclusion of empty space created by irregular and complex branching patterns. LiDAR
technology offers the means to measure volume directly using hull algorithms that envelope all points, and
voxels that cover all points with cubes with their sum equating to volume. However, hull algorithms do
necessitate the setting of an alpha parameter that defines the ‘tightness’ of fit, and voxelisation incorporates

internal crown structure, which again, requires clarity on what exactly constitutes crown volume.

In this project, [ used the hull approach rather than voxels to calculate crown volume (Figure 2.1 step 12.7) as
it better aligns with existing ecological concepts of what constitutes volume, and is more consistent with
existing data including those generated from ALS platforms (Jung et al., 2011). Voxel approaches have been
found to be better suited to space filling characteristics such as foliage density (Lecigne et al., 2018; Olivier
et al., 2016), and fractal dimension analysis (Seidel et al., 2018). I fit hulls to the foliage component of the tree
only, capitalising on new algorithm developments that separate leaves from wood (see section 2.5.1 below),
focussing on the amount and spatial occupation of foliage, more recently defined as ‘green crown volume’
(Zhu et al., 2021). Figure 2.12 shows the same tree wrapped in two hulls with contrasting alpha values where
2.12 (a) had a tighter fit (o = 0.3) and 2.12 (b) a looser convex fit (o = 10), the latter incorporating more empty

crown space. All volumes in this project were quantified using the lower alpha value (Figure 2.12a), closely
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matching existing literature (Cattaneo et al., 2020; Olivier et al., 2016) that aim to envelope a crown as closely

as possible without incorporating large holes in the hull.

Figure 2.12 Showing the same P. sylvestris but wrapped by a) a tight-fitting concave hull, and b) a loose convex hull,

showing how the alpha parameter controls in the inclusion of empty space when convex hulls are used.

An array of geometrical primitives have been applied to traditional ground measurements to derive crown
volume including; spheres (Estornell et al., 2018), ellipses (Jucker et al., 2014; Korhonen et al., 2013),
cylinders (Hecht et al., 2008) and cones (Estornell et al., 2018; Meng et al., 2007), with different shapes
sometimes applied to different tree functional types, for example broadleaf and conifer (Jucker et al., 2015).
With all these shapes, there is minimal evidence behind choices and to my knowledge, no comprehensive
analyses have been undertaken to assess the impacts of assuming varying shapes on volume. Therefore, I
simulated these four widely used shapes, with TLS-derived mean crown radius and crown depth as input and
plotted them against my TLS derived crown volume using convex hulls. Across all shapes there were
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substantial overestimations between assumed shapes and TLS volume were variable, though no apparent bias
between the two genera in my dataset (Figure 2.13). Cylinders overestimated volume the most, while cones
had slope values much that were closest to the 1:1 line (red dashed lines in Figure 2.13) and both spheres and
ellipsoid had similar slope values. The absolute differences were large, cylinders overestimating relative to
TLS by more than 400%, spheres and ellipsoids by around 250%, and cones much less, between 73% and

85%.
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Figure 2.13 Shows linear relationships between TLS crown volume computed using a concave hull and simulated a)
spheres b) ellipsoid ¢) cylinders and d) cones. 1:1 relationship is displayed in red and 3 values (slope) shown for both

pines (blue) and oaks (green).
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It is clear that ground-based measurements overstate crown volume, with likely ramifications when scaling
from individual to community interactions and competition for space, but for the full-potential in TLS to be
realised there needs to be consensus on what exactly is crown volume and then develop standardised
approaches in its calculation. An important element within this newly realised framework will be to both
retain interpretability with historic inventory data whilst also complimenting newer metrics of crown space
filling that include fractal analysis (Seidel et al., 2019a) and foliage density and distribution (Martin-Ducup et

al., 2018).

2.4.5 Co-locating TLS and field data to tag species

In order for TLS to have realise its full potential within forest ecology, it is crucial that individual trees can
easily be tagged with species ID, and many are now attempting to automatically identify species based on
structural and topological characteristics combined with classification techniques (AAkerblom et al., 2017;
Terryn et al., 2020; Xi et al., 2020). For the work of this thesis, hand drawn stems maps were created in the
field that were than cross-matched to TLS stem maps (Figure 2.14) after all tree segmentation procedures.
Maps were drawn after laying out a 10 m grid within plots to reduce human error. One issue that in plots with
denser understorey was the challenge of laying out straight and correctly orientated tape measures. Alignment
between the two stem maps didn’t pose big problems for this project - not only because there were only four
species but also due to a large proportion of the plots containing either one species or a mix of one pine and
one oak, simplifying identification even when reliant on TLS data only, but in highly diverse tropical forest
accurate species recording is likely to be a major concern. An alternative to automatic classification is new
barcode systems, using tags that are visible within TLS scans and automatically identifiable, with unique

identifiers tied to a species ID (see https://github.com/philwilkes/qrdar). This means the placement of small

labels on each tree within a plot, increasing fieldwork, but as an approach shows promise for robust and

accurate records with minimal manual-post processing.
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Figure 2.14 An example of a hand drawn stem map produced in the field to aid species tagging later on in the TLS

data (top) and bottom the corresponding TLS-generated stem map (scan locations in red, closed triangles are P. nigra

and closed circles are Q. ilex).
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2.5 New insights into crown displacement and plasticity

2.5.1 Separation of leaf and wood in point clouds

The initial need for and applications of leaf separation procedures arose from the need to supply wood-only
point cloud returns for cylinder fitting procedures to calculate volume, mass and carbon storage (Burt et al.,
2020; Disney et al., 2018). Other applications include accounting for the varying contributions of each material
when computing variables such as leaf area index (LAI) using indirect approaches (Woodgate et al., 2016),
vertical leaf distribution (Martin-Ducup et al., 2018) and to derive leaf angle distributions (Vicari et al., 2019).
Previously, as with tree segmentation, most resort to manually separation of leaves from wood (e.g., Martin-
Ducup et al., 2020) within visual software such as cloud compare (Cloud Compare, 2021), but recent open
source development has produced an automated approaches with promising results (see Figure 2.15) using
only XYZ point information (Vicari et al., 2019; Wang et al., 2020). Although a lot of focus has been on
isolating the woody element, there is huge potential to analyse the foliage component, including analyses on
clumping and light-mediated spatial arrangement (e.g., Béland and Baldocchi, 2020 and Schraik et al., 2021)
to test our theoretical understanding of how trees construct an efficient canopy, and how these change with

environmental conditions (Valladares et al., 2002).
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Figure 2.15 An example output from leaf/wood separation using TLSeparation (Vicari et al., 2019) with wood points

in red and leaves in black. This P. sylvestris tree is one of the largest in this dataset, with a DBH of 1.01 m.

In this work I applied the python TLSeparation package (Vicari et al., 2019) to separate leaves from wood for
all trees (Figure 2.1 steps 10.1-10.3). The process is memory intensive and required the use of high-
performance computing alongside downsampling procedures. For smaller trees higher resolution 0.025 m
point cloud was used, but to manage computation time, for large trees (those above 10 mb in file size) the 0.05
m point cloud was used for separation, and then subsequently upsampled using the 0.025 m point cloud. This
optimised total computation time and memory use by only applying high resolution where needed. During the
separation step, the XYZ file for each tree had an additional binary column added containing the classification,
to allow for easy sub-setting within all subsequent processes and metric calculations, including morphological

(Chapter 3), plasticity (Chapter 4) and light interception indices (Chapter 4).
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2.5.2 Displacement

A tree crown’s placement in three-dimensional space is a result of a trees structural response and biomass
investment patterns to avoid shading by neighbouring trees and improve its own light capture (Novoplansky,
2009). This simple mode of plasticity helps trees to optimally fill canopy space and is a central component for
two-dimensional forest dynamic models (Purves et al., 2008). Displacement of a tree crown is often not
included within forest ground surveys due to the difficulty in determining a tree crowns’ centre of mass from
below, but this is rather straightforward with TLS after point clouds are wood/leaf separated. To do this, I
defined two metrics of displacement within R (Figure 2.1 steps 13.3 — 13.4); stem displacement, calculated as
the angular displacement of the crown base relative to the stem base, and crown displacement, calculated as
the angular displacement of the centroid of the foliage component, relative to the base of the crown. These
metrics capture two independent means of displacement as shown in Figure 2.16 below, where a) a Q. ilex

tree shows strong stem displacement and b) a P. sylvestris tree shows crown displacement only.
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Figure 2.16 Showing differences in displacement between two trees where a) is a Q. ilex tree showing high stem but

minimal crown displacement and b) a P. sylvestris tree showing the direct opposite.

The most challenging step in the calculation of these metrics is the extraction of the stem top/crown base. I
used both leaf and wood clouds as well as including some stability checks to ensure that the stem top centroid
was predominantly determined by the points on the stem bole (rather than any lateral branching at the same
level). To do this, the lowest height of foliage was extracted which was then used to extracted three 0.25 m
slices from the wood cloud that were centred around this height. The slice with the lowest standard deviation

on both X and Y axes then averaged, resulting in a stem top coordinate.
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Locating Stem-Top Centroids:

For each tree (i=1...N)
1. Locate the base of the foliage component using the 0.03 percentile of the z-axis
2. Extract three 0.25 m slices vertically from the wood cloud centred at the height of the base of the foliage
3. For each slice (i=1...3))
a. Calculate the standard deviation of both the X and Y axes of slice;, and store in a vector slice;?
b. Select the slice with the lowest mean values in slice;"

c. Calculate the mean of XYZ coordinates from the selected slice, and return as stem top centroid

2.5.3 Sinuosity

Crown and stem displacement are metrics that represent a trees quest to intercept light, but they don’t measure
the capacity of a tree to twist, turn and morphological flex along its vertical axis. This form of morphology is
often termed sinuosity or tortuosity, but I will stick to the former term here. Attempts have been made to
calculate sinuosity from TLS data (Guillemot et al., 2020; Olivier et al., 2016) but mostly within the context
of vertical displacement of material (Bohlman and Pacala, 2012), characterising how foliage is displaced to
varying degrees along the Z axis. However, this metric only accounts for displacement of foliage as distance
with no consideration of direction, so predominantly characterises a tree crown’s variability in horizontal
displacement rather than the ‘twisting” and ‘bending’ that define sinuosity. I constructed my own sinuosity
algorithm in R (Figure 2.1 step 13.5) that characterises angular changes in foliage arrangement along the stem
axis, weighted by distance, i.e., when all slices are analysed as a whole, the slices further away from the axis
contribute more to the overall measure of angular standard deviation than closer ones. This can be seen
conceptually in Figure 2.17, where the lower crown is growing in an opposing direction to both the overall

stem axis and foliage in the upper crown, leading to high angular dispersion and therefore, high sinuosity.
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Figure 2.17 Crown sinuosity with dashed lines representing displacement from the modelled plane (overall

lean of the tree; black solid line) of a Q. faginea tree. Side-on two-dimensional view along x and z-axes.

2.5.4 Crown arrangement and filling

Trees can spatially arrange foliage to either enhance light capture, as for example, to increase light interception
in low light environments (Givnish, 1988) or alternatively in water limited environments, formulate a
protective barrier that reduces the exposure of the more productive shaded leaves to excess raidation (Pearcy
et al., 2005). The majority of historical work on foliage arrangement has been through modelling (Pearcy et
al., 2005) or calculation of indices such as gap faction and LAI (Li et al., 2017), but comprehensive, detailed
analyses at the whole crown scale have mostly been confined to smaller plants (e.g. Bell and Galloway, 2007).

In this study, I apply fractal analyses of TLS data (Figure 2.1 step 13.6), to all tree crowns in my dataset to
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derive a crown filling metric — box dimension - that reflects both complexity and spatial filling of material
(Seidel, 2018). The box dimension was calculated to extract the fractal dimension using the R package ‘trTLS’
(Guzman et al., 2020). Box dimension is calculated by essentially covering a tree with progressively smaller
boxes, counting the number of boxes needed to cover all points at each incremental step in resolution (see
Figure 2.18), and fitting a linear relationship between box size and number of boxes required. The slope of the
relationship (the alpha-parameter Box®) between the number of boxes and resolution is the box dimension
itself, with steeper values representing higher complexity where many more boxes are needed as the resolution
gets finer. The intercept of this relationship is also extracted (the beta-parameter Box®) and is an indicator of
overall size (Mandelbrot, 1977). The availability of three-dimensional data has meant this metric has seen a
recent rapid increase in use, with it being linked to growth (Seidel et al., 2019a), competition (Dorji et al.,
2019) and overall tree stand metrics (Guzman et al., 2020). Its applicability is likely driven by its effectiveness
in representing structural complexity in its entirety, reflecting vertical, horizontal and internal characteristics
(Seidel et al., 2019b), but further work is needed to understand its drivers (Saarinen et al., 2021). At its core
though, the fractal dimension provides a holistic measure of filling and complexity (Mandelbrot, 1977), and
with fractal dimension a central component to metabolic scaling theory in ecology (West et al., 1999) it is this

interpretation that is used within this work.
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Figure 2.18 A visual demonstrating showcasing the voxelisation process in calculating the box dimension
(Seidel et al., 2019a) where from the left towards the right a tree is covered with increasing voxel resolution

(4 m, Im and 0.25 m).

Exciting future directions for work on crown arrangement metrics with TLS is likely to include explicitly
quantifying foliage clumping, a variable that has large ramifications for light penetration through the canopy
(Duursma and Makela, 2007). Clumping of leaves is a key variable within radiative transfer models (Braghiere
etal., 2021), as well as foliar arrangement in 3D space relative to incoming light but is notoriously difficult to
quantify on the ground. Progress here using TLS will provide a much needed deeper empirical understanding

of structure-light relationships across various ecosystem types (Niinemets, 2010).

2.5.5 Network analysis of branching and foliage arrangement

The majority of analyses of tree architectural hydraulic efficiency have studied it through lateral extension
(crown expansion), primarily because of constraints associated with traditional measurements (Lines et al.,
2012). However, a tree’s true hydraulic vulnerability is related to path lengths throughout its branch network
(Kogillari et al., 2021), which can now be captured fully with TLS. A tree’s structure is a result of multiple

trade-offs (Verbeeck et al., 2019) and within water-limited ecosystems, a significant trade-off exists between
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extending to acquire light and retaining hydraulic safety, for both height and crown expansion. Aspect ratios
- width divided by crown height (Lindh et al., 2018) - have been applied using TLS (Olivier et al., 2016) as a
potential means to reflect such trade-offs (Verbeeck et al., 2019) , but as when considering traditional crown
measurements, irregularity in crown structure can lead to values that don’t accurately capture a crown’s
branching patterns. Furthermore, these surface-level characteristics fail to account for photosynthetically
active material that is within the outer crown boundary, so reduce a complex three-dimensional arrangement
of foliage into a simple measure of width and height. However, the three-dimensional nature of TLS data
means a network can be extracted from the point cloud from the stem base, along branches to the leaf tip.
Interpreting a tree’s structure as a network has the potential to provide greater insight into analysis conducted
at the branch scale, such as shedding due to drought and spread of crown dieback (Rood et al., 2000), as it
characterises tree structure in a way that reflects the manner in which trees transport resources to all its parts

through its vessels (Savage et al., 2017).

A major advantage of network analyses is that, compared to cylinder fitting approaches, it is less dependent
on data resolution and coverage (although high occlusion will lead to errors in path length estimation). For

this work, I quantified path length using the python library “pc2graph” (https://github.com/mattbv/pc2graph),

using downsampled clouds to 0.05 m to facilitate computation and memory use (Figure 2.1 steps 11.1-11.3).
This approach was used to quantify the path fraction for every tree (Figure 2.19), calculated as is the mean
path length to all leaves divided by the maximum possible path length for that tree, and a is holistic measure
of a trees hydraulic and light capture efficiency (Smith et al., 2014). Values close to zero represent cylindrical
like trees — which have conservatively arranged foliage, whereas values those closer to one represent more
‘umbrella’ shaped trees - where both hydraulic and light capture efficiency is maximised. Path fraction has
been found to be ecological meaningful to represent strategic resource acquisition (Malhi et al., 2018), and is
a valuable inclusion to analyses in ecosystems where both water and light limitation are present, such as

Mediterranean forests.
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Figure 2.19 A P. sylvestris tree where the colour of each point represents the distance to the stem base (following

the shortest path along the branches). Low values are black/brown, and longer path lengths shown in green.

2.6 New insights into tree-tree interactions

2.6.1 Neighbourhood competition

Understanding how trees compete with one another for space and resources is fundamental to understanding
growth, mortality and metabolism, and the study of neighbourhoods is an established field that spans over one
hundred years (Keddy, 2017). The majority of traditional approaches have involved easy to measure tree
attributes such as DBH as a measure of size and distances between stems used to determine neighbourhood
effects, perhaps including a distance decay effect for strength of effect of neighbouring trees. Although
interactions have been studied at the neighbourhood scale for some time (Stoll and Weiner, 2000), many
studies quantify competition using plot scale statistics providing very coarse representations of competition,
such as plot-averaged basal or crown area (Lines et al., 2012). A commonly accepted theory within tree-tree
interactions is that resource uptake is proportional to size, so creating asymmetric competition where larger

trees negatively affect smaller ones (Weiner, 1990). The effect of asymmetric shading makes conceptual sense
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above ground where trees tower above others and intercept proportionally more light and shade smaller
surrounding trees, creating a steep light extinction gradient (Freckleton and Watkinson, 2001). In drier sites,
competition is often stronger belowground (Pretzsch and Biber, 2010), but it effects may be symmetric rather
than asymmetric (Weiner et al., 1997); making symmetric competition an important and necessary component

of tree-tree interactions in many ecosystems (Coates et al., 2009).

2.6.2 Arbitrary neighbourhood distance thresholds

Irrespective of asymmetric and symmetric effects, when quantifying competition at the neighbourhood scale,
a distance must be predefined that dictates the distance at which competition is believed to influence a focal
tree. However, there is no consensus on what that distance should be. For instance, both 5 m (Grossiord et al.,
2014) and 10 m (Gomez-Aparicio et al., 2011) neighbourhoods have been used in Mediterranean forests of
Spain, 10 m in temperate forests of British Columbia, Canada (Thorpe et al., 2010), 15 m radius in the French
Alps (Kunstler et al., 2012), 25 m in the Southeastern USA (Zhao et al., 2006), and 30 m in tropical rainforests
of on Barro Colorado Island, Panama (Chen et al., 2016). An alternative approach, taken in this work, is to set
neighbourhood size to vary according to the dimensions of the focal tree crown (Lorimer, 1983; Pretzsch and
Biber, 2010). The inconsistency in determining a zone of influence makes inter-study comparison difficult,
initiating discussions on potentially new ways to quantify competition that is easily interpretable and
transferable, such as crown overlap (Zambrano et al., 2020). In fact, Biging and Dobbertin, (1992) used crown
overlap as a means to separate aboveground (asymmetric) and belowground (symmetric) competition, the
latter quantified using neighbourhood basal area. However, crown overlap estimations have historically relied
on ground-measures of crown radius and assumptions of geometric shape, leading to similar issues to those
discussed in section 2.4.2 (Figure 2.20). Although crown overlap shows promise, it has previously only been
demonstrated using inventory data in a tropical system, where competition for light is fierce (Zambrano et al.,
2020). Moreover, crown overlap implicitly assumes that overlap from the vertical only is important. Given
that light availability of an individual is a result of complex interactions between surrounding structure and
diurnally changing sun angles, a metric of overlap from a purely zenith angle is unlikely to capture the full

complexity.
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Figure 2.20 Top-down views of one plot canopy with a) constructed from TLS with red dots representing crown position
and b) using average of max and perpendicular crown axes to model circles which are located above stem base

coordinates in red. Oaks are coloured green and pines blue.

2.6.3 Quantifying Neighbourhood Competition

To characterise competition and attempt to tease-apart the separate effects of asymmetric and symmetric
competition on individual trees, I computed a metric that builds upon existing crown competition concepts
(Figure 2.1 step 12.10), but that capitalises on the spatial accuracy and arrangement of trees crowns available
from TLS (see Figure 2.20.a). I applied a variable buffer dependent on focal tree crown size, defining a tree’s
neighbourhood diameter as double its crown diameter, with a minimum neighbourhood of 5 m (the smallest I
found in the literature). I applied this to all trees, but when the neighbourhood area intersected the plot
boundary (dashed line in Figure 2.20) the tree was removed from this analysis. To separate asymmetric and
symmetric effects, overlap from trees that were at or above 90% of focal tree’s height were included as causing
asymmetric competition, whereas all trees were included when calculating symmetric competition. Each
competition metric was the proportion of crown projected area within the focal trees’ neighbourhood covered

by tree crowns, with separate competition calculated for separately for each genus, computed as follows:
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Neighbourhood Competition:

For each tree; (i=1...N)
1. Load the leaf point cloud pc:
2. Collapse pc: into two dimensional space (x,y)
3. Compute a concave hull using concaveman in R
4. Calculate the crown radius as the average of radii across the concave hull
5. Create a polygon with a radius twice that of the focal tree crown radius
IF polygon intersects plot boundary, stop analyses on tree #; restart step 1 on tree;+;
6. Find all tree’s whose crowns that intersect the circular neighbourhood, compute their crown hulls
7. Clip all neighbour tree’s hulls to neighbourhood extent, and attach tree genus ID to each polygon
8. Sum the crown projected area of each genus within the circular neighbourhood
9. Return area of each genus as symmetric metrics

10. Subset only polygons from trees at or above 90% of focal tree height, and return area each genus as asymmetric metrics

2.6.4 Disentangling above and belowground competition

In order to understand the full spectrum of tree-tree interactions, the disentanglement of above ground
competition for light and belowground competition for water and nutrients is crucial (Coates et al., 2009).
Competition for light is one of key resources for productivity, often posing limits on tree growth in closed
forest stands (Pacala et al., 1996) but its characterisation is difficult within the limits of traditional ground
measurement, with shading presumed to be a simple product of being surrounded by larger individuals. Both
water (Grossiord, 2019) and nutrients (Coomes and Allen, 2007) effect tree growth and survival but the scale
at which they influence is difficult to ascertain given the difficultly in measurement. Early attempts to
disentangle these affects involves simple differentiations in competitive metrics such as using basal area within
a set distance from tree base and crown overlap as belowground and aboveground competition respectively
(Biging and Dobbertin, 1992). More sophisticated modelling techniques arose that aimed to characterise light
interception as best as possible using mathematical models and assumptions of crown shape with residual
crowding effects assumed to be belowground (Canham et al., 2004; Coates et al., 2009). However these early

ray tracing models still depended on geometrical assumptions in shape that don’t reflect a trees true complexity
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and placement in space (Sapijanskas et al., 2014) and therefore cant explicitly characterise competition for

light.

2.6.5 Novel measurement of light capture

TLS has begun to show huge promise in modelling how light interactions with vegetation (Calders et al.,
2016) and differences in light transmission between different forest types (Kiikenbrink et al., 2021) but
spatially explicit quantification of an individual trees light environment has not been attempted until now.
Fully quantifying individual light capture has high potential for impact in forest ecology, not only to fully
disentangle above- and below- ground competition (building on earlier works, e.g. Canham et al., 2004), but
also to understand how a tree’s structure, plasticity and size create its light capture and productivity (see
Chapter 4). For this project, I demonstrate how the application of exciting new ray tracing algorithm can
quantify a trees light environment (Figure 2.1 steps 14.1 -14.6, Figure 2.21), and here discuss the data pipeline

I constructed to produce ecologically interpretable light indices (Figure 2.1 steps 14.7 — 14.9).

209 In(Wh/m?)

Height (m)

Width (m)

Figure 2.21 Example output from the Vostok ray tracing algorithm of an example plot containing P. sylvestris, P.
nigra, Q. faginea and Q. ilex in Alto Tajo National Park, Spain. Points are coloured according to irradiance (black to

yellow) on a log scale with 0 meaning completely shaded. Black points are the wood cloud.
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I characterised the irradiance received for each tree crown using the openly available C++ library ray tracing

algorithm ‘vostok’ (Bechtold & Hofle, 2020; available at - https://github.com/GIScience/vostok). This

algorithm simulates the diurnal movement of the sun across the sky, firing rays into a three-dimensional point
cloud which are either intercepted by a point, miss all points or are shaded by a neighbouring point. A
necessary prerequisite step is to ensure all plot point clouds are orientated correctly so that as the sun is
simulated across the sky, its relative position to all trees reflects reality. I rotated all point clouds using PCL
and used the plot cardinal direction data collected in the field. In order to use the vostok approach to determine
whether a point will intercept a ray of light at a given point in time, surface normals are required (Figure 2.22a)
that define the orientation of a point relative to a flat surface (plane), which itself is modelled from
neighbouring points (see Figure 2.22b). Any normals that were negative, i.e., pointing downwards and facing
towards the ground or crown were flipped 180 degrees (see Figure 2.22¢). Choosing the number of points
neighbouring a focal point to model a plane is important because, as explained above, these serve as the
reference point to which the point itself facing (see Figure 2.22b). I decided to define this parameter by
calculating the number of points that are expected to be contained within a cube of side 0.25 m, given a specific
point spacing, defined here as the nearest neighbour distance (NN). I decided on 0.25 m as [ wanted the normals
to be computed on a scale comparable to a ‘cluster’ of leaves, balancing inclusion of enough points to represent

the crown surface well with avoiding ‘over-smoothing’ and losing detail of a crown’s undulating surface.
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Figure 2.22 a) An example of a tree with surface normals visualised where, increasingly bright (white) values
indicate the normal facing towards this viewpoint and darker away b) A surface normal perpendicular to a
surface demonstrating how a surface normal is calculated and c) a visual depiction of how normals facing

inwards or downwards were flipped 180 degrees.
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I applied the vostok algorithm to the re-combined plot point cloud, combining all individual tree point clouds
in their original locations, but including ID tags within the filenames prior to the irradiance calculation step. I
then applied the vostok algorithm to calculate irradiance for the summer of 2018 (April to October) at 30-
minute increments within a single day and at monthly increments (i.e., one day for each month). This temporal
resolution accounted for diurnal and monthly variability in sun angles with greater emphasis on diurnal (every
30 minutes), using a spatial resolution for the plot point cloud (0.025 m) that was computationally pragmatic.
Parameters used to derive sun angle were automatically extracted from a database

(http://rredc.nrel.gov/solar/codesandalgorithms/solpos/). The output for each point within each plot was the

summed irradiance intercepted (watt hours per m?, see Figure 2.21) and individual trees were then re-separated

using the ID column that was affixed to the input point cloud. I calculated individual light capture as follows:

Individual Tree Light Capture:

For each plot (i=1...M)

1. For each tree in plot; (ii=1...n)
a. Load and downsample point clouds (including leaf/wood classification and pathlength columns for subsequent
analyses)
b. Calculate point normals for tree;*~ using k"¢ points, where:
kreighbours — ceiling((0.25/NN)®) where: NN is the nearest neighbour distance between points

2. Combine all trees including point normal information into one cloud, retaining tree ID for each point

3. Create the shadow point cloud (plor¥?) extracting X, Y, Z columns from plof="ormalsid

4. Create the vostok parameters file with the following important parameters (Bechtold & Hofle, 2020):

lat, long = {40.70, 2.05} time zone = GMT+1 DOY = {121,...,304}
year = 2018 daily Iteration =28  time iteration = 15 mins

5. Run vostok algorithm with both plof®=normaisid and plof* clouds set to 0.025 m resolution
6. Combine Vostok output with tree attribute data
a. Drop plot normals (plof®=idirradiance)
b. Bind tree;*¥ and tree;**""e"s" attribute columns to the plot PC (plot? i irradianceleafsep pathlength
p

c. Separate plof®? - id.iradiance leafsep pathlength into individual trees and reurn indiivudal tree point clouds

i irradiance,leafsep,pathlength
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The next important step was to condense this highly detailed three-dimensional representation of received
irradiance into ecologically meaningful holistic measures of light capture (Figure 2.1 steps 14.7-14.9). To
reflect overall tree crown light capture, I adopted an approach similar to Kothari et al., (2021), who used
ceptometers to measure incoming light, and derived ratios of light received at the top of a tree to that available
in open canopy space. I calculated the mean of irradiance across the entire tree crown and divided this by the
maximum light available within the plot for each individual tree, a metric I termed /ight fraction. This metric
is highlights the relative availability of light to each tree, a value that usually should have a strong correlation
with the percentage of light accessible by an individual tree over much longer time-scales (Parent and Messier,

1996).

To complement this light fraction metric (which characterises overall light capture), I formulated another that
defines the degree to which a tree crown intercepts light vertically through the crown. A tree’s response to
light is complex with partial shading thought to significantly effect crown growth (Schoonmaker et al., 2014),
along with trees expressing different foliage traits dependent on the direction of growth (and therefore varying
heat and water stress; Mediavilla et al., 2019). In order to determine the vertical heterogeneity of light capture
for each tree, I sliced every individual crown into 10 bins along the vertical axis and determined whether each
slice was in direct light or not by calculating the 75" percentile of irradiance and if above the minimum value

Litni " is then simply

of the entire crowns, was assigned a value of 1. The metric, which I termed Crown
proportion of slices in direct light. Both of these metrics were used in Chapter 4 to characterise individual tree

light capture, with light fraction also used to assess whole plot light capture.

2.6.6 New insights and opportunities

The availability of spatially explicit information on tree light capture has the potential to open up new avenues
of research and eliminate some of the technical and methodological barriers that have to date constrained the
testing of theory on light mediated tree structure to small plants within experimental set ups. These
experiments have revealed interesting insights into how plants respond to both mechanical stimuli and light

(Nagashima and Hikosaka, 2012), respond to competition in different ways depending on the structure of
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neighbouring plants (Gruntman et al., 2017) and possibly how plants can sense and respond to competing
plants growing from below (Zhang et al., 2021). In the field, light environments have traditionally been
quantified using hemispherical photos (Fotis and Curtis, 2017) and light meters (Kothari et al., 2021), with
3D quantification of irradiance confined to modelling techniques that involve abstraction using geometrical
primitives (Pearcy et al., 2005; Sapijanskas et al., 2014; Valladares et al., 2002). Even when light gradients
are comprehensively considered, subjects are usually of small stature such as saplings (Escudero et al., 2017;
Valladares et al., 2012), small herbaceous species (Gruntman et al., 2017), or confined to small sample sizes
due to the laborious nature of the data collection (Mediavilla et al., 2019). There is an exciting opportunity to
not only analyse tree structure in the context of its light capture as a whole but also to supplement field
campaigns looking at foliar traits (e.g., Mediavilla et al., 2019; Williams et al., 2020) by predetermining
individual canopy sampling strategies through 3D irradiance mapping using TLS data. To finalise this chapter,
I present one final metric that quantifies how light capture varies across a tree crown. This is a novel metric,
the calculation of which I programmed in C++, using PCL functions, and drawing upon methodological
approaches used in 2D (Figure 2.1 step 14.9). The getis-ord statistic (Getis and Ord, 1991) derives statistical
“hot” and “cold spots” based on Euclidean distance and attribute values (Peeters et al., 2015). The term ‘hot
spot” has been applied across disciplines as a means to describe how a value or cluster of values that is higher
relative to its surroundings (Harris et al., 2017). Using inferential statistics, it is possible to define hot spots as
locations where attribute values are not a result of a random process and therefore represent a form of
underlying process that has led to the observed emergent pattern (Getis and Ord, 2010). To calculate the
statistic in 3D, I used efficient search algorithms provided by KD-trees in PCL (Point Cloud Library, 2021)
to calculate summary statistics of each points neighbourhood attribute values. The term ‘attribute’ hereon
refers to irradiance values for each point but could be any continuous variable of interest. Here statistical
measures of intensity in clustering of high or low values of a points attribute relative to its neighbouring points
are determined, that are weighted according to the distance away from the focal point. The algorithm then
compares the local pattern of values (point attribute and attribute values of its neighbours) to the overall
pattern, i.e., the attribute value of the entire tree crown to determine whether values are significantly cold

(lower than expected) or significantly ‘hot’ (higher than expected). The algorithm returns Z-scores that
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correspond to standard deviations, where 1.96 was used as a cut-off (P < 0.05; Z-score > 1.96 or Z-score < -
1.96). 1 also made full use of the wood/leaf separation data by only applying Getis-Ord to the foliage point

cloud, assigning Os to all the wood points on export.

I adapted the 2D implementation to calculate Getis-Ord in 3D as follows:

3D Getis-Ord:

For each tree (i=1...m)

2. Push attribute data (irradiance) for each point pc;,... "¢ into the vector attributes....
3. Extract maximum attribute™™

4. Calculate nearest neighbour distance NN (see Burt et al., 2019)

5. Calculate whole crown irradiance statistics;

. CroWnauribue™™ = D_{attribute;, ..., attributen)
b. crownaibue™™ = D_{attribute,, ..., attributes)?
C. CrOWNawribue™ = D _{attributey, ..., attribute,) / attributen,

d. crownagripute" 130 = \/(Z{attributez, ..., attribute,) / attribute,) -2_{attribute,, ..., attribute)*

6. Determine number of neighbouring points to use;
a. Kreighbowrs = ceiling((0.25/NN)?)
For each point (i==1...N)
7. Locate all neighbouring points to pointi; using KD-tree search in PCL and K€" (Point Cloud Library, 2021)
8. Push neighbours,,.. ,*®"into vector attribute,...n
9. Calculate weights and apply to attribute;
a. weight,.. » = distancer,...n / NN
b. weighti.....*> = weighti, ..
c. attributer,.. """ = weight, . =attribute,.. o
10. Sum neighbour weights and attributes
a. attributesm™e'e"ed = Y attribute;, ,"eighted
b. weightssun= 2 weight1,...a
c. weightssum? = 2 {weighti,.. n}>
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11. Compute the Getis-Ord statistic for the point;

po in ZﬁGetisOrd

= (attribUtesumweighted_(crownanributemean*Weightssum)) / (Crownattributevariance*(\/(((ZI,..,,n*Weightssumz)'weightssumz)/ 21

,,,,, n'l))))
12. Save point;?°"*? within the tree point cloud, and return tree®=/adiance.GetisOrd

Example outputs can be seen in Figure 2.23, where a) and c¢) show in colour only foliage that is significantly
cold (Z-score < -1.96; P < 0.05) whereas b) and d) show in colour foliage that is significantly hot (Z-score >
1.96; P < 0.05). It is important to note that the vostok approach doesn’t account for transmission, scattering
of radiation or indirect light (Bechtold and Hofle, 2020). The precision to which it assigns a point as sun-lit or
shaded heavily depends on the resolution of the voxelised shading input within the irradiance processing steps
(Figure 2.1 step 14.6) and as such self-shading within an individual (cold spots) may be overstated.
Nevertheless, this is a promising approach to analyse light mediated tree structural patterns between trees and

within individual crowns.
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Figure 2.23 A visual demonstration of statistically significant cold spots (left) and hot spots (right) for two
different trees (top and bottom) quantified using the 3D Getis-Ord code I developed. a) and b) is a P. sylvestris
and ¢) and d) Q. faginea. Significant cold spots are shown in a) and c¢) for both species, where the significance
cut-off was set at P < 0.05 and colours from yellow to blue indicate increased statistical significance. The same
statistical cut-off was used to show hot spots (P < 0.05) in b) and d) with increasing statistical significance from

yellow to red.
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2.7 Conclusion

Terrestrial Laser Scanning has already made a large impact in forest monitoring, but its full potential is yet to
be realised for forest ecology. Many methodological hurdles are yet to be overcome before its widely adopted
as a replacement, or even enhancement, of conventional measurements. In this chapter, I have shown how,
despite automated tree segmentation being an important component to TLS, its applicability to different
instruments and ecosystem types needs further refinement and that although open-source tools such as treeseg
are paving the way here, context-specific refinements are necessary. It is also evident TLS can be used to test
the validity of ground-based approaches — for example my analyses show that ground-based measurements of
volume, irrespective of the geometric primitive used, likely considerably overstate crown volume, but that
crown radii calculated from an average of a range of TLS-derived samples may be an accurate method to
derive crown projected area. For some metrics including crown depth and volume, an array of tools and
approaches exist but a consensus on definitions is lacking. High-resolution TLS data lays bare these
discrepancies, necessitating collective thinking to both retain interpretability with older measurements and

also look forward to offering a wider range of TLS-based measures of crown structure.

Crown plasticity metrics such as displacement, sinuosity and space-filling are only available through TLS and
provide new insights into how trees compete for space and morphological adapt to their surrounding
environment. My neighbourhood metric demonstrates how accurate positioning of trees relative to one another
can enhance current measure of tree competition, but new light interception approaches can take this even
further by providing, for the first time, spatially explicit measure of individual tree light capture at scale and
accounting for neighbours. This is an exciting time in forest ecology, and whilst many are developing metrics
and tools to best extract measures of interest from point clouds, what is needed now is a strong ecological

focus to refine metrics and ensure applicability across scales, instrumentation, and ecosystem type.
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Chapter 3

Competitive drivers of inter-specific deviations of crown morphology from

theoretical predictions measured with Terrestrial Laser Scanning

Abstract

Tree crown morphology is a key driver of forest dynamics, determining not only the competitiveness of an
individual but also the competitive effect exerted on neighbouring trees. Multiple ecological theories,
including Metabolic Scaling Theory (MST), predict crown morphology from first principles, but typically
lack consideration of competition. The accurate quantification of crown morphology to test theoretical
predictions, and the canopy interactions that could alter them, has historically been limited by the simplicity

and associated error of traditional crown measurements.

In this study, we calculate high resolution two and three-dimensional crown metrics from Terrestrial Laser
Scanning data for 1441 Pinus. sylvestris, P. nigra, Quercus. faginea and Q. ilex trees from a water-limited
forest community in central Spain and test height-crown metric scaling relationships. We demonstrate new
TLS methods to define symmetric and asymmetric neighbourhood metrics based on tree height, crown size
and neighbour projected crown area, and test the importance of neighbourhood genus diversity on crown

morphology by separating competition from congeneric and heterogeneric neighbours.

Competition negatively impacted all crown metrics except crown depth where only P. nigra showed
sensitivity. Asymmetric competition was the strongest driver of pine crown morphology, but oaks were more
sensitive to symmetric competition, in line with shade tolerance expectations. Congeneric competition reduced
0. faginea crown size and changed its shape, but we found no significant effects of heterogeneric neighbours.
Most species and crown dimensions had height-crown scaling exponents below those predicted by MST,
which may be due to water-limitation effects. Pines and oaks showed large differences in crown depth to

height scaling, with the former shallower and the latter deeper, in contrast to theoretical predictions.
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3.1 Introduction

The size and shape of tree crowns are first-order determinants of the light and microclimatic environment
experienced by individuals, which drive growth, mortality and fecundity rates, and therefore whole-forest
dynamics (Kobe et al., 1995; Pacala et al., 1996, Purves & Pacala, 2008). Accurate representation of tree
allometry (how the dimensions of a tree change with size), is therefore an important consideration for
predictive modelling frameworks (Fischer et al., 2019). Theories about the morphology of crowns, such as
Metabolic Scaling Theory (MST, West et al., 2009), provide an attractive approach to generalising allometric
scaling, but testing their accuracy is challenging with traditional ground measured data, which typically
require assumptions of uniformity of crown morphology to estimate properties such as area and volume (Liang
et al., 2016; Ritter & Nothdurft, 2018). Terrestrial lasers scanning (TLS) offers a novel method of quantifying
tree morphology in high-resolution 3D detail (Disney, 2019), permitting testing of theoretical allometric

relationships in detail never before possible.

Tree crown morphology is subject to multiple trade-offs, including lateral extension for light capture,
maintenance of mechanical stability and hydraulic safety, and slow versus fast growth strategies (Verbeeck et
al., 2019). MST, the most widely debated ecological scaling theory, does not directly consider these factors in
crown allometry predictions, instead these play an ancillary role within the normalising constant. Others make
simplified assumptions of crown morphology without accounting for evolutionary and environmental factors
(such as sphere packing; Taubert et al., 2015). Similarly, competitive convergence points to community-wide
shared architectural responses to physiological and environmental constraints (e.g. lida et al., 2011;
MacFarlane & Kane, 2017) as opposed to an ecological perspective where species, spatial and temporal niche
and life-history are favoured (e.g. Sapijanskas et al., 2014). MST infers allometric scaling from evolutionary
optimisation principles (Enquist, 2002) and makes predictions of crown scaling through assumptions of elastic
similarity (McMahon & Kronauer, 1976) and Euclidean-uniform crown shape (West et al., 2009). MST
proposes that a tree is optimised for space filling, hydraulics efficiency, and mechanical stability to reduce
buckling risk. Some tests of MST using large datasets have found evidence against its generality, including

its omission of competition for light (Coomes, 2006), and lack of consideration of abiotic effects including
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drought and cold (Lines et al., 2012; Olson et al., 2018) and ontogeny (Poorter et al., 2015). However, others
have found supporting evidence (Enquist et al., 2009) and one recent tropical TLS study found branching
exponents near MST but only for trees that were not water limited and were under direct light (Martin-Ducup
et al., 2020). Traditional crown measurements taken with tape-measures or rangefinders can only be used to
estimate crown properties if assumptions about overall shape (e.g. that crowns are spherical, ellipsoidal or

cylindrical) are made, limiting the extent to which scaling theories can be tested using such data.

The difficulty in accurately characterising tree crown morphology means that competition between trees is
often quantified in similarly simplified ways, or even abstracted to the plot level using properties such as stem
counts or basal area. Competition is often characterised as either asymmetric competition as competition for
light and resources from larger individuals, or symmetric competition as competition from all surrounding
individuals, including below ground factors (Potvin & Dutilleul, 2009; Pretzsch & Biber, 2010). Competition
is known to influence tree shape, for example, asymmetric competition for light drives trees to extend
vertically (Henry & Aarssen, 1999; Harja et al., 2012; Lines et al., 2012), often at the expense of crown
expansion (Forrester et al., 2017). These allometric shifts have been found to align with species’ shade
tolerances, with less shade tolerant species responding more to shade cast by taller neighbours than to overall
crowding (Coates et al., 2009, but see Bourdier et al., 2016). Neighbourhood diversity has been shown to have
a positive effect on crown volume (Kunz et al., 2019), potentially driven by enhanced aboveground light
capture due to structural and physiological differences (Jucker et al., 2015). For example, due to temporal
differences in light capture (Jucker, Bouriaud, Avacaritei, Danild, et al., 2014), or differing internal crown
structure and arrangement leading to some crowns casting less shade than others (Ameztegui et al., 2012;
Messier et al., 1998). Lack of diversity and associated similarity in function and niche occupation can lead to
simpler homogenous canopies where mechanical canopy abrasion is high (Putz et al., 1984; Pretzsch, 2014).
Within water limited systems, tree-tree competition is further complicated by complex interactions
belowground between species with different rooting structures and acquisitive strategies (Grossiord et al.,
2015; Grossiord, 2019). Under low soil water availability more drought tolerant species become more

competitive, which can lead to reduced diversity effects (Jucker et al., 2014; Grossiord et al., 2014).
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With both water limitation and competition for light present, Mediterranean forests represent an exciting
environment to test theoretical allometric predictions and the competing trade-offs between crown expansion
for light capture and the need to minimise hydraulic risk from embolism in long branches (Smith et al., 2014;
Verbeeck et al., 2019), as well as interacting asymmetric and symmetric competitive effects (Coates et al.,
2009). Within these environments, shade can exert positive effects (Valladares et al., 2016), for example self-
shading through adaptive crown shape and arrangement (Pearcy et al., 2005; Domingo et al., 2019) and shade
cast by neighbours (Kothari et al., 2021) can reduce abiotic stresses. Horn (1971) hypothesises that crown
depth is driven by both drought tolerance, increasing with aridity, and shade tolerance, with conservative
species minimising self-shading by reducing crown depth. Others argue that only shade tolerant species can
maintain a positive carbon balance within lower self-shaded leaves (Poorter et al., 2012), leading to conflicting
hypotheses when shade and drought tolerance rankings align. The significance of water-limitation on tree
allometry has been demonstrated in Iberian forests using simple ground-based measurements, with trees
shorter and narrower in width under more severe drought (Lines et al., 2012). Now, new TLS methods allow

us to analyse complex three-dimensional crown morphology within these ecosystems.

The ability of TLS to produce highly accurate measurements of a range of tree properties has been extensively
demonstrated for tree mass (Calders et al., 2015), crown morphology (Kunz et al., 2019), leaf area (Calders et
al., 2018), branching topology (Martin-Ducup et al., 2020), height (Liu et al., 2018) and stem diameter
(Heinzel & Huber, 2018). In this study we present the first test of MST predictions of crown morphology
scaling using Terrestrial Laser Scanning (existing studies have tested branching topology in the tropics: Lau
et al., 2019; Martin-Ducup et al., 2020). We used 1422 focal trees measured in central Spain to generate new
neighbourhood competition indices and compared models of drivers of variation in crown morphology using
a stepwise model comparison approach. Specifically, we tested four hypotheses: (H1) We hypothesise that
there will be strong inter-specific variation in height-crown scaling exponents and that these will fall below
MST predictions, which may be due to water limitation in this system. Specifically, we expect crowns to be

smaller in volume and narrower in lateral extent for a given height than predicted by MST, to reduce hydraulic
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path length (Ryan & Yoder, 1997; Olson et al., 2018) and total evaporative demand (Dawson, 1996) to
minimise risk of embolism. (H2) We test whether crown depth varies with species’ tolerance to abiotic
stressors according to theoretical predictions, namely; whether drought intolerant species have deeper crowns
to reduce direct exposure to radiation, and whether shade tolerant species have shallow crowns reflecting their
conservative resource-use strategies (as hypothesised by Horn, 1971). (H3) We hypothesise that observed
differences in scaling exponents between species will be explained by shade tolerance, and that asymmetric
competition will drive crown morphology in less shade tolerant species, and with symmetric competition
important for shade tolerant species. (H4) We hypothesise that congeneric-dominated neighbourhoods will
have a negative impact on crown size and drive changes in crown shape through reduced complementarity in

light use strategies (Fridley et al., 2012; Williams et al., 2017) and increased crown abrasion (Pretszch, 2019).

3.2 Materials and methods

3.2.1 Field site and study design

We sampled 38 Mediterranean pine/oak 30 x 30 m forest plots in two areas of central Spain in July 2018
(Figure 2.2): 34 in Alto Tajo Natural Park, in Guadalajara province (40.9°N, 1.9°W), and four in Cuellar in
Segovia province (41°N, 4°W). Plots in Alto Tajo (Jucker et al., 2014) form part of the wider FUNDIV project
network, are situated at 960-1400 m a.s.l and dominated by two pine (Pinus sylvestris and Pinus nigra) and
two oak (Quercus faginea and Quercus ilex) species. P. sylvestris is the most shade intolerant species,
followed by P. nigra, Q. faginea and finally Q. ilex. Drought tolerance follows the same ranking (Niinemets
and Valladares, 2006; Puglielli et al., 2021). In total, there were 172 P. sylvestris, 338 P. nigra, 579 (132 multi
stem) Q. faginea and 173 (47 multi stem) Q. ilex focal trees. The area is characterised by rugged topography
and Mediterranean climate (mean annual temperature = 10.2°; mean annual precipitation = 499 mm year™).
Plots in Cuellar (Madrigal-Gonzalez et al., 2017) are situated at 841 m a.s.l. and is dominated by P. pinaster,
with P. sylvestris in riparian zones. The terrain is flat and climate Mediterranean (mean annual temperature =

11.9°; mean annual precipitation = 430 mm year™!).
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3.2.2 TLS data collection and initial processing

We scanned plots using a Leica HDS6200 scanner, using a square grid system of 16 scans spaced at 10 m,
(Wilkes et al., 2017). We used a scanner resolution set to 3.1 mm and spherical targets to enable scans to be
combined to create whole-plot point clouds. Scans were co-registered using Leica’s propriety Cyclone
software, and xyz coordinate data were exported. Using tools from the Point Cloud Library (PCL), we cut plot
clouds with a 7.5m horizontal buffer to the plot boundary, filtered using height-dependent statistical filtering
to minimise information loss in the upper areas of the canopy where returns were less dense, and downsampled
to 5 cm to reduce computational time. Trees were automatically identified and segmented from the whole-plot
cloud using the treeseg package (Burt et al., 2019), followed by manual refinement to ensure all canopy trees
were identified and represented correctly (Calders et al., 2020). Individual tree point clouds were processed
to separate leaf and wood material using the TLSeparation python library (Vicari et al., 2019). Stem maps
recorded in the field, created using a 10 m grid within our plot, were used to determine species of each tree in
each point cloud. Multi-stem trees were identified automatically as stems that bifurcated below 1.3 m, and

results were visually verified and corrected where necessary.

3.2.3 Characterisation of tree crown morphology from TLS data

We computed crown metrics for each target tree using the leaf cloud, with the lowest (by vertical height) 3%
of points removed to avoid errors due to inaccurate classification, returns from re-sprouts or otherwise spurious
foliage. This approach avoided using the common first primary branch as a determinant of crown depth, which
can lead to inter-specific biases in estimation due to pines often having multiple dead lower branches
(Schoonmaker et al., 2014). We characterised crown morphology using a concave hull approach in both 2D
and 3D (Figure 3.1) and used this to calculate our six crown metrics: radius, projected area, depth, surface
area, volume and crown depth-to-diameter ratio (hereafter termed “relative depth”). For multi-stemmed
individuals we fit hulls to all stems’ crowns together and treated these individuals separately within statistical
analyses. All metrics were calculated using the Point Cloud Library (PCL) and R (R core development Team).
Crown volume and surface area were calculated using a 3D concave hull fit as opposed to convex (Figure

2.12), to the leaf point cloud using the alphashape3D package in R (Lafarge & Pateiro-Lopez, 2017) with

86



alpha (tightness of fit parameter) set to 0.3 (Figure 3.1a). Crown radius and 2D projected area were calculated
using the concaveman package in R (Gombin et al., 2020) with alpha set to 2 (Figure 3.1b), which is higher
to reduce computational time and deemed appropriate visually. The mean distance of all hull vertices (points
on the edge of the hull) to the centroid was used to calculate crown radius. To derive crown depth, we
subtracted the minimum of the leaf cloud Z axis from height. We calculated tree height using the extent of the
whole tree cloud along the z-axis, and relative depth was calculated as crown width (radius multiplied by 2)
divided by crown depth. Given the low stem bifurcation point, irregularity in shape and occlusion near the
stem base due to shrubs, reliable DBH estimates are hard to extract for all trees in this system. We adapted the
approach within treeseg (Burt et al., 2019) to extract sections of the trunk at a higher resolution (1 cm) from
the original point cloud to provide more space to fit cylinders. Each section was sliced three ways and cylinders
detected within each slice. This not only helped locate sections of cylindrical shape along sinuous stems but
also provided an automated means to detect multi-stems. Only stems with high stability had DBH values
(N=972; 77% of total single stems). Distributions of all crown metrics can be found in the appendix (Figure

A3.1).
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a)

Figure 3.1 Example of TLS data processing and crown metric calculation. a) TLS point cloud of a Q. faginea
in Alto Tajo, showing the leaf point cloud wrapped in a 3D concave hull. b) Top-down view of the same tree
(leaf cloud only), showing crown projected area calculation using a 2D concave hull. 2D and 3D hulls were
used to calculate metrics of crown radius (mean), diameter, projected area, depth, surface area, volume and

relative depth. Whole-tree point clouds were used to calculate tree height.

3.2.4 MST predictions

MST crown predictions assume elastic similarity scaling (with exponent = 2/3) of tree height with stem
diameter (McMahon & Kronauer, 1976) and isometric (i.e., linear) scaling (exponent = 1) between tree height
and crown radius and depth. We tested exponents for height-crown rather than diameter at breast height
(DBH)-crown scaling due to the below canopy complexity within our study system (e.g. multi stemmed trees
and occlusion) which affected accurate DBH retrieval. Both height and DBH are predicted directly from mass
in MST (West et al., 1999), with convention choosing DBH due to ease of measurement in the field but in the

future height is most likely to become more relevant with the emerge of remote sensing technologies. Our use
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of height instead does not affect our ability to test the predictions of MST crown scaling, but we do present
height-diameter exponents in Figure A3.2 for a subset of the data where DBH was extractable and robust.
MST predicted exponents for height-crown scaling are: 3 for crown volume, 2 for crown surface area and
projected area, 1 for crown radius and depth and 0 (no relationship) for crown relative depth (the ratio of

crown depth to crown width (West et al., 2009).

3.2.5 TLS-derived competitive neighbourhood metrics

We used the TLS point clouds to define measures of neighbourhood interaction based on nearby trees’ crown
area. We define a target tree’s competitive neighbourhood as a circular neighbourhood centred on the centroid
of the target tree’s crown and with diameter twice the maximum crown diameter of the target tree (Figure 3.2),
with a minimum neighbourhood of 5 m diameter (due to possible poor performance at smaller diameters,
Fraver et al., 2014). Our neighbourhood distance criteria is towards the smaller end of the range within the
literature (Lorimer, 1983; Pretzsch and Biber, 2010; Bella, 1971; Berger and Hildenbrandt, 2003; Grote et al.,
2020; Fraver et al., 2014), but was chosen to avoid known steep declines of competition with distance (Thorpe
et al., 2010). We define competition for a focal tree as the canopy cover within the neighbourhood from other
trees (crown area index, allowing values greater than 1; Figure 3.2). Focal trees with a neighbourhood
intersecting the plot perimeter were excluded but included as neighbouring trees for other focal individuals
(see Table A3.1 for sample sizes). We captured competition from all trees (“symmetric competition”, Figure
3.2a), from taller trees only (“asymmetric competition”, Figure 3.2b), and genus-specific competition from all
trees (“genus-level symmetric competition”, Figure 3.2¢) and from taller trees only (“genus-level asymmetric
competition”, Figure 3.2d). Symmetric competition was calculated as the sum of all crown projected area
within the circular neighbourhood, divided by the area of the neighbourhood circle (crown area index, CAl,
Figure 3.2a). Asymmetric competition was calculated using only the canopy projected area of the taller
individuals (height > 90 % focal tree height) within each neighbourhood (Figure 3.2b). Similar thresholds to
define asymmetric competition have been applied in other studies (e.g. Coomes et al., 2014). Genus-specific
symmetric and asymmetric competition are calculated as CAI for each genus within the neighbourhood, with

heterogeneric competition from trees of the opposite genus and congeneric from trees of the same genus as
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the target tree (Figure 3.2c and d). Distributions of all neighbourhood metrics can be found in the Appendix

(Figure A3.3).
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Figure 3.2 Example TLS-derived neighbourhood competition metrics. Nadir view of a Q. faginea tree crown from Alto
Tajo, Spain, showing; a) asymmetric, b) symmetric, ¢) symmetric congeneric and heterogeneric and d) asymmetric
congeneric and heterogeneric neighbourhood competition metrics of the tree. Dashed circles represent the
neighbourhood (defined as twice focal trees’ maximum crown diameter). Red dots show the focal crown centroid and
neighbourhood centre, and red line the focal crown edge. a) and b), The focal crown is shown in dark grey and

neighbouring trees in light grey. c) and d), The focal tree crown is shown in outline only, surrounded by pines (here,

heterogeneric) in blue and oaks (here, congeneric) in green.
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3.2.6 Statistical estimation of scaling exponents and competitive effects

We fit height—crown metric relationships and tested the importance of neighbourhood competition using log-
transformed data using linear mixed models (LMM) within the Ime4 package in R (Bates et al., 2015). We fit
models separately for each species, and we separated multi-stemmed individuals (present for oak species only)
and performed separate analyses on them as they are likely to show distinct scaling properties to single-
stemmed individuals of the same species. Only the exponents will be presented for multi-stems. We tested
models of increasing complexity (described below), comparing at each step to find the best model for each

species using the Akaike Information Criterion (AIC; see Tables S2 and S3 for full AIC model comparison).

For each species (or multistem group) s, we first determined whether height-crown scaling for individual i

varies between plots (), by testing the inclusion of an intercept only random plot effect:

log(CM;) = a, + b, logH; + ¢, Site; (3.1

log(CM,) = a, + b, logH; + ¢, Site; + Plot; (3.2)

where H; is the height of the stem, Site; a blocking factor to account for variability between sites, as, by and cs
are parameters to be fit, CM represents each of our six crown metrics and Plot;; is the random plot effect, (all

parameters are species/multi-stem group specific).

Next, we determined which mode of neighbourhood competition metric (NM: either symmetric or

asymmetric) was most important for each crown metric, by adding each in turn to the chosen model from the

previous step (either Equation 3.1 or 3.2):

log(CM,) = a, + b, logH; + ¢, Site; + ds NM; (3.3)

log(CM;) = a5 + b, logH; + ¢, Site; + ds NM; + Plot; (3.4)
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where NM; is either asymmetric or symmetric neighbourhood competition, without (Equation 3.3) or with
(Equation 3.4) a random plot effect (as, bs, ¢s and d, are parameters to be fit, Site; a blocking factor to account
for variability between sites and Plot;; a random plot effect). Lastly, if the best model included either
symmetric or asymmetric competition, we tested further models that split the selected competition type into
two genus-specific components (separate congeneric and heterogeneric competition, either asymmetric or

symmetric depending on the previous step):

log(CM;) = ay + by logH; + ¢, Site; + ds CON; + e; HET; (3.5)

log(CM,) = a, + by logH; + ¢, Site; + dg CON; + e; HET; + Plots;  (3.6)

where CON; and HET, are congeneric and heterogeneric asymmetric or symmetric competition, as, bs, s, ds
and e, are species-specific parameters to be fit, Site; a blocking factor to account for variability between sites
and Ploty, is the random plot effect. We also tested whether the magnitude of the random effect is statistically

different across two groups (mono genus and mixed genus) at the plot scale.

We also fit scaling exponent results using Standardized Major Axis (SMA) using the R package smatr (Warton
et al., 2012). SMA is often used for allometric scaling when there is no clear relationship between two
variables and the objective is to simply estimate the intercept and slope of the line (Smith, 2009), but is less
flexible than LMMSs as random effects (e.g. plot effect) cannot be included. Results were consistent across
methods, with the exception of crown relative depth where although both methods showed a negative
relationship, the slope for SMA was steeper than for LMM results suggesting a weak relationship and lack of

robustness (Warton et al., 2006; Table 3.1, S3.4 and S3.5).
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3.3 Results

3.3.1 Competitive and plot effects were evident for all species

Model comparison identified competitive effects to be important for most metrics and species (Table 3.1).
Scaling within multi-stemmed trees was highly variable, with large error bars on estimates of the exponent,
and for some metrics multi-stems showed substantial deviation from their single-stemmed individuals of the
same species. These groups also had lower sample sizes (Table A3.1); therefore, we present results for multi-
stem scaling exponents but not their competitive effects. Crown depth was the only metric to show
insensitivity to competition, except P. nigra, with tree height the only selected predictor and crown relative
depth the only metric where plot effects were not in the final model, but this was for the pines only. All other
metrics selected for models including a random plot effect, that accounted for variability between plots not
captured in other explanatory variables. The random plot effect variation was consistently higher for the pines
than for oaks, with P. sylvestris showing the strongest variability across plots for all metrics (see Table 3.1).
Our results also highlight how misrepresentations of tree morphology and competition can arise from
traditional ground data (see Figures 2.10 and 2.13) by overlooking the complex shapes, spatial configurations

and plasticity that trees adopt to fill space as well as their clustering (see Figure 2.20).
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Table 3.1 Model selection results showing the strongest neighbourhood competition metric drivers of height-crown
scaling variation. AIC comparison of LMM model results of single-stems only, comparing candidate models including
asymmetric, symmetric, and heterogeneric/congeneric neighbourhood metrics as explanatory variables (Equations 3.1-
3.6). Species are ordered according to their shade tolerance. Results where either Equations 3.1 or 3.2 were selected are
not displayed in the table. Estimates for the coefficient (¢ and d in Equations 3.1-3.6) of the most important competitive
metrics are shown for each variable and species (single-stemmed individuals). Delta AIC results for all models are

available within the Appendix (Table A3.2).

Crown Metric Term’ Coefficient? 95% Cl Random Effect (SD)
log(Crown Volume)

P. sylvestris Asymmetric Competition -0.64*** (-0.44,-0.77) 0.87

P. nigra Asymmetric Competition -0.65%** (-0.58,-0.71) 0.36

Q. faginea Symmetric Congeneric -0.46%** (-0.34,-0.56) 0.33

" Symmetric Heterogeneric -0.19 (0.11,-0.4) 0.33

Q. ilex Symmetric Competition -0.67*** (-0.44,-0.8) 0.32

log(Crown Surface Area)

P. sylvestris Asymmetric Competition -0.56%** (-0.39,-0.68) 0.97
P. nigra Asymmetric Competition -0.58%** (-0.5,-0.65) 0.35
Q. faginea Symmetric Congeneric -0.34%x* (-0.23,-0.44) 0.27
" Symmetric Heterogeneric -0.13 (0.12,-0.32) 0.27
Q. ilex Symmetric Competition -0.42%* (-0.14,-0.6) 0.24

log(Crown Projected Area)

P. sylvestris Asymmetric Competition -0.54#%* (-0.37,-0.67) 0.56
P. nigra Asymmetric Competition -0.59%** (-0.51,-0.65) 0.31
Q. faginea Symmetric Congeneric -0.33%** (-0.21,-0.44) 0.33
" Symmetric Heterogeneric -0.08 (0.19,-0.3) 0.33
Q. ilex Symmetric Competition -0.43%* (-0.12,-0.63) 0.26

log(Crown Radius)

P. sylvestris Asymmetric Competition -0.32%%* (-0.2,-0.41) 0.24
P. nigra Asymmetric Competition -0.36%** (-0.3,-0.41) 0.15
Q. faginea Symmetric Congeneric -0.18%#* (-0.1,-0.24) 0.14
" Symmetric Heterogeneric -0.04 (0.1,-0.16) 0.14
Q. ilex Symmetric Competition -0.22* (-0.03,-0.37) 0.13
log(Crown Depth)

P. nigra Symmetric Competition -0.15%* (-0.04,-0.25) 0.14

log(Crown Relative Depth)

P. sylvestris Asymmetric Competition -0.36%** (-0.18,-0.49) -
P. nigra Asymmetric Competition -0.15%* (-0.03,-0.25) -
Q. faginea Symmetric Congeneric -0.2%%% (-0.11,-0.27) 0.17
" Symmetric Heterogeneric -0.03 (0.13,-0.17) 0.17
TAIC<2

Z¥kx p< 0,001, ** P<0.01, * P<0.05

94



3.3.2 Crown scaling exponents were below MST prediction for most species and metrics

We compared scaling exponents (b in Equations 3.1-3.6) for the best fit model for each species and metric
(Table 3.1) with those predicted by MST. We found that height-crown scaling relationships were highly
variable between species, and within a species multi-stemmed individual showed higher variation than single
stemmed equivalents (Figure 3.3). Most, but not all, height-crown scaling relationships were at or lower than
MST predictions, supporting our hypothesis (H1). Our results were also supported by SMA analyses (Table
A3.3) and evidenced inter-specifically (Table A3.4). Crown volume scaling exponents for all species were
significantly smaller than predicted by MST (Figure 3.3a), despite our models including both competitive and
plot effects. Crown surface area exponent estimates overlapped MST predictions for P. sylvestris and Q. ilex
but were lower for P. nigra and Q. faginea (Figure 3.3b). For exponents estimated from the 2D hull, most are
significantly below those predicted by MST, although Q. ilex and P. sylvestris nearer of the four species
(Figure 3.3c and 3d). Inter-genus differences in scaling exponents were particularly striking for crown depth
and relative depth (Figure 3.3e and 3.3f), with this difference in relative depth even more pronounced using
the SMA approach (see Table A3.3). P. sylvestris had higher exponents for all metrics than P. nigra, and Q.
faginea had lower than Q. ilex for all but crown depth scaling. P. nigra and Q. faginea had exponents closer
to one another than to species of the same genus and lower for all but depth and relative depth, while both
oaks had exponents that never overlapped for all metrics. For the diameter-height scaling conducted on a

subset of the data, we found pines to scale at MST and therefore, elastic similarity, and both oaks below MST.

Crown depth scaled non-linearly with height for three out of four species, in contrast to MST predictions.
Oaks and pines showed distinct crown scaling with height in the opposite direction to our second hypothesis
(H2); both oak species had deeper crowns for a given height than MST predictions, and both pine species had
shallower (Figure 3.3¢). MST predicts no relationship between relative depth and tree height but here we find
not only height dependence, but differences between genera, with oaks showing smaller and pines larger

relative crown depths, with increasing height (Figure 3.3f).
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Figure 3.3 LMM-derived exponents of height-crown relationships (b in Equations 3.1-3.6) from the best model for each

species, selected using AIC (Table 3.1). Error bars represent 95% confidence intervals. Exponents are shown for all

species’ single stem data, with multi-stem individuals’ relationships were fit separately (oak species only), separated by

the solid vertical black line. Species are ordered according to shade tolerance (Niinemets & Valladares, 2006; Puglielli

et al., 2021), increasing left to right. MST predictions are shown by the horizontal dashed line whilst the dotted is the

average of the four single-stem exponents (single-stem data only, left of solid black line).
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3.3.3 Shade tolerance explained inter-specific differences in sensitivity to competition type

Using model comparison (Table 3.1) we found that, across all crown metric scaling relationships, competition
negatively affected crown size and changed crown shape. The most important competitive effects were
asymmetric for P. sylvestris and P. nigra and symmetric for Q. faginea and Q. ilex, in support of our hypothesis
that shade tolerance determines the most important competitive effects (H3), since these pines are less shade
tolerant than the oaks. P. nigra was the only species to show crown depth sensitivity to competition, with
decreasing depth with increasing symmetric competition, which is notably in contrast to the sensitivity to
asymmetric competition for its other metrics. Relative depth was negatively affected by competition for all
species except Q. ilex, with crowns narrower relative to height with increasing competition and the effects
asymmetric for P. sylvestris and P. nigra and symmetric for Q. ilex. Symmetric competition rather than
asymmetric was most important in positively effecting both pines and Q. ilex tree height, whereas asymmetric
neighbours had negative effects on Q. faginea height. All but Q. faginea selected for models rejected models
that split neighbourhood metrics into genus-level. Even when selected, heterogeneric effects were negligible,
with confidence intervals consistently spanning zero, whilst congeneric effects were consistently negative.
Across data, most heterogeneric neighbourhood values were very low (see distributions in Figure A3.3). Post-
hoc analyses on the random effect showed limited evidence of plot-level diversity effects; only two metrics
(crown surface area and depth) of two species (P. nigra and Q. faginea) had statistically significant differences

(p <.05) between mono genus and mixed genus plots.

3.4 Discussion

3.4.1 Crown metrics scaled below MST predictions

Almost all species’ crown metrics were smaller for a given height than predicted by MST (Figure 3.2). These
results agree with findings using simple ground-based measurements from regional forest inventory data
(Lines et al., 2012; Olson et al., 2018), and provides further evidence for the role of external factors in
determining complex crown morphology, and the power of TLS to reveal these. These findings were
consistent whether species were considered separately or together (Table 3.1 and S3.3). In addition, the

significance of plot effects of many species suggests additional abiotic drivers (e.g. exposure, aspect,
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topographic wetness index) not captured by our analyses (Jucker et al., 2018; Muscarella et al., 2020). We
found little evidence that our plot effect is capturing residual genus diversity affects, with statistical differences
in its magnitude across mono and mixed genus plots only significant for two species (P. nigra and Q. faginea)
and two metrics (crown surface area and crown depth). Nutrient richness has also likely impacts on tree
allometry (e.g. Urban et al ., 2013) but this information was not available across our sites but a strong protocol
was deployed to minimise these differences (Baeten et al., 2013). In this water limited ecosystem, individuals
may increase crown size at a slower rate due to higher allocation to belowground than aboveground organs
(Ledo et al., 2018), and due to the need for crowns to function within a safer hydraulic margin, necessitating
reduced hydraulic path lengths (Poorter et al., 2012; Smith et al., 2014). Negative relationships between crown

dimensions and precipitation have also been found across continents (Panzou et al., 2021).

Despite the fact that all species’ volumes scaled below MST predictions, several one and two-dimensional
metrics scaled at or above MST, demonstrating the value of three-dimensional data to provide a robust test of
crown morphological theoretical predictions. For example, in this study, Q. faginea scaled above MST for
crown depth but below for crown projected area, radius and volume. Pretzsch & Dieler, (2012) also found
different crown metric scaling exponents to be above and below MST within the same species. All species
had lower crown radius scaling exponents than MST, with water limitation one possible explanation (Lines et
al., 2012; Dai et al., 2009). Narrower crowns could also be caused by higher wind exposure in taller trees
(Loehle, 2016), which can be evident even when under hydraulic stress (Niez et al., 2019), but there is also
evidence of larger crowns in areas of increasing wind speed (Panzou et al., 2021). Crown radius to height
scaling is a core assumption for scaling from individual canopy and stand level space filling predictions in
MST (West et al. 2009). However, our results highlight that lateral extension of tree crowns is reduced by
both asymmetric and symmetric competition, and even when this was accounted for, exponents fell below
MST. Given that trees respond to reduced water availability through reductions in height, and therefore path
length (Olson et al., 2018), increased hydraulic safety may emerge through reduced lateral path length (Smith,
2014). In fact, trees under stress often shed terminal branches (Rood et al., 2000; McDowell et al., 2008), with

remaining branches shorter in path length (Olson et al., 2018), lowering the risk of embolism. Within
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homogenously structured stands, crown abrasion through wind sway is also likely to spatially restrict lateral
expansion (Meng et al., 2006). The multi-stemmed individuals had scaling relationships with much higher
variation (Figure 3.3), highlighting the need for separate allometric approaches for re-sprouting multi-

stemmed trees (Matula et al., 2015).

We found high variability in crown volume scaling between species but known drought tolerances mostly fail
to explain these differences. Q. ilex had the highest volume and projected area scaling exponents, suggesting
its extensive root systems and drought tolerance may relieve hydraulic constraints on crown expansion (David
et al., 2007; Forner, Valladares, & Aranda, 2018). However, the next largest exponents were P. sylvestris,
which is at its southernmost part of its range and its physiological limits (Castro et al., 2004), as well as being
the least drought tolerant species in our study, with rooting mostly confined to shallow soil layers (Irvine et
al., 1998). In this dataset, many P. sylvestris stems are in riparian sites in Cuellar, affording greater access to
water reserves (McDowell et al., 2019) and allowing crowns to expand without risking hydraulic failure
(Dawson, 1996). Trees at this site were also able to extend more in height for a given DBH (see Table A3.5),
suggesting greater availability of water is alleviating limits to height posed by hydraulics (Ryan and Yoder,
1997). This still fails to explain the relatively wider CIs and higher SD in plot effects for this species (Figure
3.1 and Table 3.1), and mostly higher scaling exponents compared to P. nigra, because site was included as a
blocking factor within each model. Although P. sylvestris is the less drought tolerant of the two (Niinemets &
Valladares, 2006; Grossiord et al., 2015), height-diameter allometry is thought to have been driven by distinct
historical and climate constraints (Vizcaino-Palomar et al., 2016) and offer a possible explanation to this
divergent pattern. The differences between scaling exponents for oaks, with Q. faginea generally lower than
Q. ilex (Figure 3.3), may reflect differences in these species’ responses to water limitation. For example,
studies have found reduced bud development (Montserrat-Marti et al., 2009) and basal-area growth (Granda
et al., 2013) in Q. faginea compared to Q. ilex with increasing drought. The height-DBH exponent was
identical between the two species (see Figure A3.2) with both showing a shorter stature compared to both
pines, providing greater safety from embolism (Fajardo et al., 2019). Despite Q. faginea having deep rooting

and capacity to maintain open stomata during drought (Cochard et al., 1996), it is more sensitive to edaphic
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conditions (Alonso-Forn et al., 2020). In addition, Q. ilex remains more photosynthetically active during
summer months (Montserrat-Marti et al., 2009) with greater radial root expansion (Alday et al., 2020) and

more fine roots than Q. faginea (Coll et al., 2012).

In this study we found minimal difference between Q. faginea and P. nigra for crown volume scaling.
However, for a similar volume-height scaling exponent, P. nigra crowns have smaller crown depth but larger
radius and therefore high relative depth, whereas the opposite was true for Q. faginea. The shape adopted by
Q. faginea is presumed to be the more hydraulically efficient form (Smith et al., 2014) but also associated
with higher self-shading (Pearcy et al., 2005) which may limit its emergence to shade tolerant species, as
evidenced by Q. faginea. Shade tolerance may also explain the difference in surface area scaling between both
P. nigra and Q. faginea, with a larger value reflecting a higher degree of penetrating cavities, indicative of
more foliage in the interior of the crown (Osawa, 1995). Q. faginea may have greater drought tolerance than
P. nigra (Forner, Valladares, & Aranda, 2018) but some evidence suggests the latter is potentially more
competitive in the long run (Forner, Valladares, Bonal, et al., 2018) and has deep roots enabling similar deep-

water exploitation (Pefiuelas & Filella, 2003).

3.4.2 Sensitivity to competition type is driven by shade tolerance

Species’ shade tolerance was a key determinant of whether asymmetric or symmetric competition was more
important. Both pines’ crown metrics were consistently negatively affected by asymmetric competition,
suggesting shading by neighbours is an important determinant of crown morphology. Others have highlighted
the significance of light limitation in driving pine dynamics (Bravo-Oviedo et al., 2006; Martin-Benito et al.,
2011), and our findings align with findings of smaller crown projected area (Thorpe et al., 2010; Lines et al.,
2012; Dieler & Pretzsch, 2013) and crown radius (del Rio et al., 2019), but contrast (Harja et al., 2012), who
found minimal sensitivity in volume or lateral extent to light availability. The observed effect of asymmetric
competition on crown morphology suggests a greater investment in height growth than branching with apical
dominance, which is typical of shade intolerant conifer species (Poorter et al., 2012; Valladares & Niinemets,

2008; Carnicer et al., 2013), and aggravated in dense stands (Henry & Aarssen, 1999). In fact, analysis of
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height-DBH allometry found symmetric rather than asymmetric competition, which was predominant for all
other metrics, to drive height extension (see Table A3.5) and therefore vertically confront neighbours in
attempt to overtop (Gruntman et al., 2017). The shift in allocation away from crown expansion when
prioritising height not only improves mechanical stability but also reduces hydraulic embolism risk, since
large crowns necessitate a large stem xylem cross-sectional area (Shinozaki et al., 1964), which is often
compromised with height extension (MacFarlane & Kane, 2017). Although stability against wind may drive
crown morphology (Loehle, 2016), the proximity of trees in more competitive neighbourhoods lessens tree

sway (Briichert & Gardiner, 2006), reducing buckling risk.

The consistent negative effect of symmetric competition on oak crown metrics suggests that below-ground
factors may be more important in determining crown morphology for oaks than for pines, in line with
expectations based on shade-tolerance (Coates et al., 2009). Although both oaks had similar height-DBH
exponents, they showed distinct impacts of competition on height, with Q. faginea shorter with increasing
asymmetric competition and Q. ilex showing the opposite response (see Table A3.5). Jucker et al., (2014)
found pines to be shorter and oaks taller when mixed with the opposite genus at the plot scale, but we found
no such effects at the neighbourhood scale. Errors in height measurements using traditional techniques may

be more sensitive to stand structure and species than those from TLS (Wang et al., 2019).

Q. ilex root systems are dimorphic with the dependence on deeper roots increasing during summer (Cubera &
Moreno, 2007; Moreno & Cubera, 2008; Joffre & Rambal, 1993; Barbeta et al., 2015). Moran-Lopez et al.
(2016) and Forner et al. (2020) both found positive hydraulic response in Q. ilex with increasing
fragmentation, suggesting that crown size (volume) is mediated by the ability of its extensive root system to
exploit inter-tree space for water. Defoliation during drought in this species also suggests that deep roots don’t
always equate to insensitivity to water limitation (Corcuera et al., 2004) with topography one possible factor
that could restrict access (Fan et al., 2017). Sensitivity to symmetric competition by Q. faginea is likely

associated with it functioning near threshold tolerance in this landscape (Forner et al., 2014) and its
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dependence on a reliable water supply (Castro-Diez et al., 1997), evidenced by defoliation events during

drought (Corcuera et al., 2004).

3.4.3 Neighbourhood genus diversity effects on crown morphology

For most species, models selected for total competitive effects, with separate congeneric and heterogeneric
effects only important for Q. faginea. Neighbourhood genus diversity had consistent effects on Q. faginea, by
reducing crown size and changing crown shape, whereas all other species selected for models containing only
total competitive effects for all crown metrics. Post-hoc tests showed little evidence for genus diversity effects
at a plot level; genus diversity was only important for two metrics (crown surface area and crown depth) for
two species; Q. faginea and P. nigra. Our results for both pine species are in agreement with other studies
which found the same species to be primarily sensitive to total competition over mixing effects (Condés et al.,
2020). The consistent negative effects of congenerics on Q. faginea highlight that, for this species, competition
is most intense among neighbourhoods containing the same genus, in agreement with findings at the species
level (Kunstler et al., 2016) and suggesting resource partitioning (Tilman, 1982; Uriarte et al., 2004; Gémez-
Aparicio et al., 2011). This may also suggest a positive effect of shallow-rooted heterogenerics such as P.
sylvestris within its neighbourhood, as is observed in our study sites (Grossiord et al., 2015). Q. ilex, which
in contrast to Q. faginea was sensitive to total competition, is not found with P. sylvestris within its
neighbourhood in our study sites but is found with P. nigra which is able to grow deep roots and therefore
compete belowground (Punuelas and Filella, 2004; Grossiord et al., 2015). When neighboured by more
shallow rooted species such as P. halepensis, there is evidence that Q. ilex grows deeper roots, increasing
spatial complementarity in water extraction (Sardans et al., 2004; del Castillo et al., 2016). Without these trait
differences, Q. ilex may be confined to shallower depths, where competition for water is greatest (Craine &

Dybzinski, 2013).

Although our study did not identify positive heterogeneric effects at the neighbourhood scale, post hoc
analyses on the plot effect showed that for two metrics and two species, plot-level genus diversity may alter

crown plasticity. In contrast to our findings, Jucker et al. (2014) found consistent positive plot diversity effects
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on pine and oak crown volume. This may be due to the difference in how volume is estimated by ground
methods that rely on two-dimensional measures (radius and depth) versus using our 3D point clouds. However,
we found no evidence of a plot genus diversity effect on measures of crown lateral extent or volume for any
of our study species. Within water-limited forest communities, interactions are dynamic and depend on many
abiotic factors and can easily shift from positive to negative (Holmgren et al., 1997) making the identification

of clear drivers using a single field campaign difficult.

3.4.4 Shade not drought tolerance determines crown depth

We found that shade tolerant species had deeper crowns than shade intolerant species, in agreement with
Poorter et al. (2012) and Ackerly, (1999) who propose that leaves and branches are abscised once they become
a net carbon drain. Shade and drought tolerance rankings are the same for our study species, meaning that we
found no evidence that drought intolerant species had deeper crowns to self-shade and reduce radiation stress
(as hypothesised by Pearcy et al., 2005 and Domingo et al., 2019), and indeed we found no effect of
neighbourhood competition - which would increase shading and therefore reduce radiation stress - on depth
for most species. The more drought sensitive pines had shallower crowns for a given height and the shade
tolerant oaks deeper, with the former below and the latter at or above MST scaling predictions. Q. ilex was
the only species to scale isometrically with tree height, as predicted by MST, whereas Q. faginea had crown
depth—height scaling exponent greater than one. Confidence intervals for exponents were narrow, and plot-
plot variability low, for all species. This suggests that height is a strong predictor of crown depth, in agreement
with a global analysis (Shenkin et al., 2020). That study found an exponent of 2/3, which is close to our result
for pines but much lower than that of our oaks. Both oaks’ scaling exponents are higher than findings in
savannah ecosystems, and pines higher than those in light-limited forests (Panzou et al., 2021). Our findings
also align with a recent TLS study in the tropics where crown depth was shallower for light-demanding and
deeper for shade tolerant species (Martin-Ducup et al., 2020). Higher shade tolerance in both oaks facilitates
the maintenance of lower branches and therefore more leaf layers with net carbon gain (Niinemets, 2010),
whereas both light-demanding pines are likely to abscise lower branches to avoid a negative carbon balance

(Aiba & Nakashizuka, 2009; Poorter et al., 2012). This pattern may also emerge due to denser wood being
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more resistant to damage and disease (Loehle, 1988). Shade tolerant species are likely more able to retain, or
even increase in the case of Q. faginea, crown depth with height, resulting in crowns having many vertical
leaf layers (Niinemets, 2010), which may be beneficial in moderating drought (Domingo et al. 2019) but in
direct contradiction to (Horn, 1971). Crown depth was the least systematically variable crown metric across
our study site (Table 3.1), being the only metric to select for models excluding plot as a random effect (Table
A3.2). Competitive effects on crown depth were absent for most species (except P. nigra), in contrast to other

studies that have found a response to local light availability (Harja et al., 2012; Poorter et al., 2012).

3.4.5 New, high-resolution crown and competition metrics from TLS

The capacity of TLS to capture the full irregularity of tree crown structure means the potential not only for
better depictions of crown morphology within existing frameworks, but also to represent three-dimensional
shading effects within neighbourhoods in full. This study demonstrates how we can use TLS to accurately
characterise crown interactions and avoid geometric assumptions, which likely overstate competition for light
(Kricek et al., 2019; Figure 2.20b). A movement towards more refined light illumination indices (e.g. Canham
et al., 2004; Riiger and Condit, 2012) underpinned by highly accurate representations of crown morphology
and positioning (Metz et al., 2013) and leaf/wood separated point clouds (Vicari et al., 2019), will lead to more
comprehensive analyses of tree to tree interactions informed by explicitly represented shading effects. Novel
analyses working with full three-dimensional tree canopy interactions will provide new insights into tree-tree

interactions above and belowground.

3.5 Conclusions

This study has demonstrated that a wide range of TLS-derived crown metrics scaled below theoretical
predictions and were negatively affected by aboveground competition. We found that other factors than
optimisation principles were important in determining crown morphology: asymmetric competition was
important for pine species and symmetric competition was for oaks. These findings agree with known shade
tolerances, with pines showing higher sensitivity to shading and oaks able to tolerate sub-canopy conditions

and therefore mostly sensitive to belowground competition. In contrast to other work in these forests, our
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novel TLS neighbourhood analyses showed little evidence of the effect of local scale genus diversity on crown
morphology, though post-hoc analyses, showed that genus diversity might be influential at the plot scale. We
have demonstrated the capacity of TLS to capture two- and three-dimensional crown properties, and to
characterise, high-resolution neighbourhood competition metrics not available using traditional techniques.
These have allowed us to not only test a prominent ecological scaling theory’s assumptions and predictions
along with competitive interactions in wholly new ways, but also highlight the further potential of these three-

dimensional data to understand forest ecological processes.
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Chapter 4

Structural plasticity and light capture in Mediterranean Forests

Abstract

Tree plasticity is a key driver of forest dynamics, determining the competitiveness of an individual, and
therefore its capacity to adapt morphologically with a forest community. Tree plasticity emerges as a response
to changing environmental conditions but is limited along trade-off axes where trees need to compete for
resources such as light but also minimise risk by maintaining mechanical and hydraulic safety. Tree size can
also inflict biophysical limits on tree crown plasticity but its disentanglement from the effects of light
availability has limited detailed examination. Altogether, the sum of all the variety in shapes, size and
arrangement arising from plasticity is thought to drive positive biodiversity-productivity relationships but
exact mechanisms are still poorly understood due to abstract representations of plasticity and light

interception.

In this study, we calculate high resolution three-dimensional crown metrics from Terrestrial Laser Scanning
data for Pinus. sylvestris, P. nigra, Quercus. faginea and Q. ilex trees from a water-limited forest community
in central Spain to provide a comprehensive analysis of tree plasticity, its structural trade-offs and relationship
with light capture. We demonstrate new TLS methods that for the first time, produce spatially explicit metrics
of tree light capture and its uniformity and interpret results of three-dimensional crown plasticity metrics along
a gradient of light availability. We also apply these novel structural and light indices to the plot scale to explore

diversity crown packing relationships and overall light interception in a forest stand.

Inter-specific differences were evident between species and genera for most crown plasticity metrics with
shade tolerance and leaf-habit explaining some of these differences. Pine’s exhibit stronger trade-offs between
crown size and plasticity, highlighting biomechanical differences and, alongside Q. faginea a strong response

in vertical elongation to low light. Only the oaks displaced to increase light capture uniformity, but all species
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increased light capture through lateral extension. Finally, we find that diversity leads to higher complexity,

not higher volume filling and to an increased amount of shaded foliage.

4.1 Introduction

The capacity of an individual tree to efficiently arrange photosynthetically active foliage within its crown is a
crucial determinant of not only its own light capture (Valladares & Niinemets, 2008), but also of that
experienced by neighbouring trees, and therefore represents a fundamental component of forest dynamics
(Pacala et al., 1996). The principal reason a tree grows a trunk is to overtop neighbouring plants when
competing for light (Purves & Pacala, 2008), and even in forests where competition for water is important
(such as the Mediterranean), competition for light plays an important role in determining the dynamics of a
forest stand (Zavala & Bravo de la Parra, 2005; Kunstler et al., 2016). At the plot level, the sum of the size,
shape and arrangement of individual tree crowns has been shown to be tightly linked to productivity (Williams

et al., 2017), habitat space for biodiversity(Coops et al., 2016), and microclimate (Zellweger et al., 2019).

Plasticity refers to the ability of an organism to develop and mould its morphology to enhance fitness within
its immediate environmental context, for example, tree crowns mould and spatially arrange their crowns in
order to enhance light capture (Purves et al., 2007). Within forest ecology, morphological plasticity is evident
across scales, from the leaf level (Williams et al., 2020), through to the whole crown (Jucker et al., 2015), and
is an important influence on tree survival, given their sessile nature; according to optimal partitioning theory
(Bloom et al., 1985), trees will dynamically allocate biomass to improve acquisition of the most limiting
resource to growth. Structural plasticity can manifest itself in several ways to ensure sufficient acquisition of
light and survival within a community (Gruntman et al., 2017; Novoplansky, 2009); with vertical elongation
promoting competitive dominance, shade tolerance and leaf arrangement enabling persistence in the
understorey, and lateral extension/displacement reducing competition. The relative contribution of each type
of plasticity to the overall tree performance may be linked to inter-specific differences in shade tolerance
(Henry & Aarssen, 2001) and apical control where the growth in the terminal shoot is prioritised over lateral

growth (Brown et al., 1967).
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A single tree crown is subject to an array of biotic and abiotic forces that characterise its shape over long
periods of time, leading to trade-offs in growth and allocation that enhance survival under a particular set of
environmental conditions (Niklas, 1994; Verbeeck et al., 2019). Tree height extension can be arrested by early
crown expansion (Fransson et al., 2021), whilst lateral extension may be reduced by mechanical abrasion
(Pretzsch, 2019), hydraulic limitation (Lines et al., 2012; Jacobs et al., 2021), and wood density (Loehle,
2016). Although it is clear that mechanical and hydraulic factors constrain allometry, the relative trade-offs in
expressing morphological plasticity on crown vigour (for example size) are less clear. Whether shade tolerant
species simply persist in the understorey (Givnish, 1988) or also express structural plasticity to seek higher
light exposure (Valladares & Niinemets, 2008) is still debated, but both are thought to play important roles in
crown packing theories (Jucker et al., 2015; Williams et al., 2017). The ability of trees to reposition crowns to
reduce competition varies by species (Longuetaud et al., 2013) but recent work suggests structural
convergence may occur across light availability and shade tolerance (MacFarlane & Kane, 2017; Martin-

Ducup et al., 2020).

Tree size also enforces biophysical constraints on growth (Mencuccini et al., 2007) but its disentanglement
from the effects of light is difficult, but necessary, to understanding shifting allocation through ontogeny
(Metcalf et al., 2009; Dolezal et al., 2021). Fortunately, the advent of new technologies are not only enabling
the quantification of foliage arrangement and density (Seidel, 2018; Martin-Ducup et al., 2018), but also of a
tree’s light environment in a spatially explicit manner, enabling a more comprehensive evaluation of the
interplay between plasticity and light capture (Riiger et al., 2011). Novel insights into crown plasticity are also
emerging within the literature (Kunz et al., 2019; Martin-Ducup et al., 2020), but their evaluation within the
context of light interception are limited by the use of simple characterisations of light availability. Determining
the light captured by an individual tree is a complex problem, with diurnal sun angles (Pierik & de Wit, 2014),
canopy gaps (Ishii & Higashi, 1997), and the effect of even partial shading on crown growth (Schoonmaker
et al., 2014) making accurate quantification difficult. The determination of intra- and inter-specific differences
in crown structure along light and size gradients is an important step towards understanding how trees interact

and compete for space.
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The cumulative sum of plasticity expressed by individual trees in response to one another in three-dimensional
space characterises overall structure and crown packing at the community scale, providing the link between
individual and community structure and dynamics. Species’ variation and complementarity in resource-use is
thought to be a principial mechanism behind positive diversity-productivity relationships in forests (Hooper
et al., 2005), increasing the space filled by tree crowns (Guillemot et al., 2020). Whilst no single measure of
tree or crown plasticity exists, several metrics have been used to explore its properties. For example, both
conventional ground-based measurements (Jucker et al., 2015; Williams et al., 2017), and more novel detailed
branching analyses (Kunz et al., 2019; Guillemot et al., 2020) have found positive diversity effects on crown
size and shape. The latter have shown greater allocation to stem and branch growth in mixed and diverse plots,
especially in morphologically flexible species. However, relying on traditional ground measurements to
understand fine-scale crown structure typically relies on using 2D measurements to fit 3D geometrical
primitives, therefore heavily abstracting a tree’s structural complexity. Novel remote sensing such as terrestrial
laser scanning (TLS) offers the opportunity to directly measure complexity, but to date this technology has

not been used to analyse stem and crown plasticity and their relationship with light capture.

This study makes use of highly accurate TLS measurements from Spanish forests (Owen ef al. 2021, Chapters
2 and 3) to understand tree plasticity and light interception and analyses the relationship between plasticity
and light capture at the individual tree and whole plot scale. Specifically, we address the following questions:
Q1) Do different species exhibit different plasticity characteristics, and are these explained by shade
tolerance? Q2) How does tree size affect crown plasticity? Q3) What are the relative effects of plasticity on
light capture and overall crown size, and Q4) Are crown packing, complexity, and light capture higher in
mixed plots than mono-genus plots? To address these questions, we calculated metrics of stem and crown
plasticity, crown and plot filling, and crown light capture. We analyse structural plasticity using vertical
elongation, stem, and crown displacement. We use network analyses to derive tree path fraction (Malhi et al.,
2018), a holistic but highly representative measure of a trees shape and hydraulic proficiency (Smith et al.,
2014). We use box dimension to characterise complexity and space filling both within a single tree crown and

within a plot (Seidel, 2018). Finally, we demonstrate how TLS data can be used for novel characterisation of
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the full light environment in a spatially explicit manner, by calculating both tree light capture and uniformity

(the latter representing partial shading; (Schoonmaker et al., 2014).
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4.2 Methods

4.2.1 Definitions of plasticity, space filling and light capture
In this chapter we use TLS data to calculate individual tree plasticity, space filling and light capture using a
set of structural metrics that capture individual stem and crown structural variation, fill and complexity

(Stem”*P° CrownP?’, Stem®°", Crown’*fra¢ BoxP and Box®), and whole-plot space filling (Plot®??

Plotgox®). Here we give conceptual explanations of each, with details in proceeding sections.

We quantified individual tree stem and crown displacement angle (StemPP° and CrownP*°) as the zenith
angle between the stem base and crown base and stem base to crown centroid, showing displacement of each

Elon

component independent of tree size. We quantified stem elongation (Stem™°", calculated as tree height -

Height ' 7, _ divided by stem diameter, Stem”®H, ¢m) and used network analyses to quantify the path

Stem
fraction for each tree crown (CrownP2Fr3¢) where values nearer 0 are indicative of a pole-like object and
values closer to one, more umbrella shaped and more efficient at intercepting light (Malhi et al., 2019). Crown
volume (Crown""), tree height and DBH were calculated as described in Chapters 2 and 3. We quantified the
internal filling and complexity of a tree crown and the whole plot in three-dimensional space using the two
box dimension coefficients (Seidel, 2018; Guzman et al., 2020). The individual tree beta coefficient (BoxP) is
conventionally a measure of size (Mandelbrot, 1977) but is also indicative of the overall complexity of a tree’s
crown (Dorji et al., 2019), while the individual tree alpha coefficient (Box®) represents space-filling (Seidel
et al., 2019b), and was also calculated at the plot level (Plotgox*). Box dimension coefficients are calculated
by performing a linear regression on the number of boxes of progressively smaller size (both log-transformed)
required to fill the space occupied by the tree crown (or plot). The larger the crown, the more boxes will be
required to cover its points (resulting in high BoxP), and the more complex and volume-filling crowns will
require increasingly more boxes as the resolution of the boxes increases (steeper regression slope, high Box?).
The main coefficient, Box?®, represents filling from 1D (i.e., a line), through to 2D (a plane) and finally 3D (a
volume). Finally, we quantified plot-scale crown packing (Plot®™?) following a standard approach used in
ground-based ecology, namely the occupied volume by tree crowns divided by the available canopy space

(Jucker et al., 2015).
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To calculate light capture we used openly available ray tracing software (Bechtold & Hofle, 2020) and
developed new indices to calculate two metrics of individual light capture. The role of these indices is to
establish a trees’ relative exposure to light as a whole, its uniformity along its vertical column, and to determine
the extent at which individuals maintain shaded foliage. As a measure of overall exposure, light fraction
(Crownifra®) wags calculated as the average light capture of a crown’s foliage divided by the maximum
available (the 99" percentile of irradiance across entire plot), and crown light uniformity (Crown™ ™) as the

proportion of the crown that receives direct light. Evidence suggests that trees potentially respond differently

LiUni LiFrac
b

to partial than full shading (Schoonmaker et al., 2014) so the use of Crown complements Crown as
they represent different components of light interception. We also calculated Plot"Fr2¢ ysing the same method
as for an individual tree (Crown'¥a¢) but instead applied to the whole plot point cloud. Finally, as in Chapter
3, we used shade tolerance rankings from Valladares & Niinemets, (2008) with the exception of Q. faginea

which we ranked between P. nigra and Q. ilex (Jucker et al., 2014).

4.2.2 Field site and study design

This chapter uses the same TLS dataset as the previous chapters. 38 Mediterranean pine/oak 30 x 30 m forest
plots were sampled across two areas of central Spain in July 2018 (Figure 2.2): 34 in Alto Tajo Natural Park,
in Guadalajara province (40.9°N, 1.9°W), and four in Cuellar in Segovia province (41°N, 4°W). Plots in Alto
Tajo (Baeten et al., 2013) form part of the wider FUNDIV project network, are situated at 960-1400 m a.s.l
and dominated by two pine (Pinus sylvestris and Pinus nigra) and two oak (Quercus faginea and Quercus
ilex) species. P. sylvestris is the most shade intolerant species, followed by P. nigra, Q. faginea, and Q. ilex.
In total, there were 172 P. sylvestris, 338 P. nigra, 579 (including 132 multi stem) Q. faginea and 173
including (47 multi-stem) Q. ilex. The area is characterised by rugged topography and Mediterranean climate
(mean annual temperature = 10.2°C; mean annual precipitation = 499 mm year™). Plots in Cuellar (Madrigal-
Gonzalez et al., 2017) are situated at 841 m a.s.l., and are dominated by P. pinaster, with P. sylvestris in
riparian zones. The terrain is flat and climate Mediterranean (mean annual temperature = 11.9°C; mean annual

precipitation = 430 mm year').
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4.2.3 TLS data collection and initial processing

We scanned plots using a Leica HDS6200 scanner, using a square grid system of 16 scans spaced at 10 m,
(Wilkes et al., 2017). We used a scanner resolution set to 3.1 mm and spherical targets to enable scans to be
combined to create whole plot point clouds. Scans were co-registered using Leica’s propriety Cyclone
software, and xyz coordinate data were exported. Using tools from the Point Cloud Library (PCL), we cut plot
clouds with a 7.5m horizontal buffer to the plot boundary, filtered using height-dependent statistical filtering
to minimise information loss in the upper areas of the canopy where returns were less dense, and downsampled
to 2.5 cm. Trees were automatically identified and segmented from the whole-plot cloud using the treeseg
package (Burt et al., 2019), followed by manual refinement to ensure all canopy trees were identified and
represented correctly (Calders et al., 2016). Individual tree point clouds were processed to separate leaf and
wood material using the TLSeparation python library (Vicari et al., 2019). Stem maps recorded in the field,
created using a 10 m grid within our plot, were used to determine species of each tree in each point cloud.
Multi-stem trees were identified automatically as stems that bifurcated below 1.3 m, and results were visually

verified and corrected where necessary (see Chapter 2 for more details).

4.2.4 Calculation of individual tree plasticity

We computed metrics of Stem°", StemP", Crown*P* and Crown" " for each target tree based on the
separated leaf and wood clouds. As in chapter 3, to calculate the necessary crown metrics we first removed
the lowest (by vertical height) 3% of points of the leaf cloud, to avoid errors due to inaccurate classification,
returns from re-sprouts or otherwise spurious foliage — in particular this avoids inter-specific biases in
estimating crown metrics due to pines often having multiple dead lower branches (Schoonmaker et al., 2014).
The crown base location was extracted using both leaf and wood clouds; the bottom of the leaf cloud was
calculated as the minimum value on the z-axis, which was then used to extract three 0.25 m slices from the
wood cloud. Each slice underwent stability analysis where the standard deviation along both x and y axes was
determined — this was to minimise the effect of branching in determining the stem centroid. The stem
top/crown base was then calculated as the mean of all coordinates within the slice exhibiting the lowest
variability. Stem displacement (StemP'*?") was calculated as the angle between the stem base (centroid of the

lowest 10 cm of the stem) and the crown base. Crown displacement (CrownP*P") was calculated as the angle
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between the crown base and the mean of all leaf points weighted by path length to ensure the true
directionality. Stem elongation (Stemf°") was calculated as Stem'"/StemPBH. The path fraction
(Crown®?fra) defined as the mean of all path lengths to each leaf point divided by the maximum path length,
was determined for each tree by skeletonising the tree’s entire point cloud into a network using graph theory,
with each leaf point assigned the shortest distance following the tree’s branching network to the stem base.
This was done using open-source python software within the “pc2graph” library (available at

https://github.com/mattbv/pc2graph), see Figure 4.1a).

To calculate both box dimension coefficients (Box? and Box*), we first removed the main tree stem by
filtering all points below the crown base coordinate to remove the effect of the one-dimensional tree bole in
the calculation. We then voxelated each tree crown — i.e., covered the three-dimensional point cloud with
cubic volumetric pixels (voxels) — across a range of different voxel resolutions. For each tree we set the largest
voxel as the smallest single voxel that covered the whole tree crown and iterated down in 25 steps to the
smallest voxel size (the resolution of the cloud; here 0.025 m), counting the number of boxes required to cover
all wood and leaf crown points at each step. A standardised major axis regression line (Warton et al., 2006)
was fit between the log of the inverse of the voxel size (In(//7)) and the log of the number of voxels needed
(In(N,)) for each tree individually. The box alpha dimension (Box®) was calculated as the slope of the SMA
regression line, and the box beta as the intercept (BoxP). Voxelisation was implemented using the ‘rTLS’
package (Guzman et al., 2020) and SMA using the ‘smatr’ package (Warton et al., 2012), both in R. Examples

of all individual plasticity metrics for six contrasting trees may be seen in Figure 4.2.
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Figure 4.1 An open growth Q. ilex tree in Alto Tajo National Park, Spain. a) Leaf points are coloured by path length
(dark blue to light blue). b) Leaf points are coloured by irradiance (black to yellow) which has been log transformed
for visual purposes. The units are Watt hours per m* summed over the entire simulation (see section 2.4 for further

details). Black points in both figures are the wood cloud.
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b)

a)
Stem®®  39.05
Crown®*® 2339
Crown”*¢ .73
Stem®"  0.23
Box" 5.12
Box" 0.64
c) d)
Stem®'*P 2.85
Crown”®? 1549
Crown® ¢ 067
stem®" 043
Box" 432
Box“ 0.66
e) f)

Stem®'*P 11.82
Crown®®P 3557
Crown”"¢ 089
Stem®" 055
Box " 4.47
Box" 0.69

Stem™® 152
Crown®®? 182
Crown™ ™ 0,66
Stem®" 044
Box" 475
Box“ 0.66

stem®®  4.18
Crown®® 279
Crown™ "™ (.65
Stem®™" 048
Box" 3.98
Box“ 0.62

Stem®P 508
Crown”®  26.99
Crown™ ¢ .88
stem®™" 061
Box" 45
Box" 0.66

Figure 4.2 Examples of contrasting individual tree structural plasticity metrics for a selection of contrasting

trees located in Alto Tajo, Spain where a) Q faginea b) P. sylvestris c) Q. faginea d) Q. faginea ¢) P.

sylvestris ) P. sylvestris/
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4.2.5 Calculation of light interception

We characterised the irradiance received for each tree crown using the openly available C++ library ray tracing
algorithm ‘vostok’ (Bechtold & Hofle, 2020). This algorithm simulates the diurnal movement of the sun across
the sky, firing rays into a three-dimensional point cloud which are either intercepted by a point, miss all points
or are shaded by a neighbouring point. As input, we combined 0.025 m-resolution point clouds for all trees
within a plot into one plot cloud, retaining individual tree ID information for each point. The whole-plot cloud
was used to create the shading cloud, which is a voxelised cloud at the same resolution acting as the shading
component for the algorithm (no transmittance is simulated). In order to establish whether a given point will
intercept an incoming ray at any given angle or not, surface normals are needed. This was calculated for each
point using an estimate of expected number of neighbours within a given volume (here 0.25 m), which is the
cube of the point spacing (see Chapter 2 section 2.6.5 for a wider discussion). We applied the vostok algorithm
to calculate irradiance for the summer of 2018 (April to October) at 30-minute increments within a single day
and at monthly increments (i.e., one day for each month), to account for diurnal and monthly variability in sun
angles, choosing a spatial resolution (0.025 m) that was computationally viable. Parameters used to derive sun

angle were automatically extracted from a database (http:/rredc.nrel.gov/solar/codesandalgorithms/solpos/).

The output for each point of each tree was the summed irradiance intercepted (watt hours per m?). A visual
depiction of the summed irradiance for an individual tree in Figure 4.1.b), and an example of an entire plot

can be seen in Figure 4.3.
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Height (m)

Width (m)

Figure 4.3 Example output from the Vostok ray tracing algorithm of an example plot containing Pinus sylvestris
in Alto Tajo National Park, Spain. Points are coloured according to irradiance (black to yellow) on a log scale

with 0 meaning completely shaded. Black points are the wood cloud.

4.2.6 Individual tree light capture

To compare light capture between trees we calculated two metrics for each tree, characterising mean light

LiFrac

capture relative to the maximum possible light capture within the plot, Crown-""¢ and light capture

LiUni LiFrac

homogeneity across a trees vertical crown axis, Crown-"~". We calculated Crown as the mean of all the

leaf points’ summed irradiance divided by the plot maximum summed irradiance, representing the average

light capture of a crown relative to that available (comparable to path fraction). Crown"Uni

was calculated by
slicing the crown horizontally from top to bottom and calculating the ratio of slices that intercepted direct light
to the total number of slices. Ten slices were extracted in total with a minimum size of 0.25 m, along the z
axis. If a tree contained fewer than 10 slices of 0.25 m, than the number of slices was adjusted by splitting the

tree crown into 0.25 m slices. Slices were classified as intercepting direct light if the 75" percentile was

different to 0, i.e., no direct sun light received.
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4.2.7 Quantifying canopy packing and complexity at the plot scale

In order to quantify space filling within each plot, we calculated crown packing (Plot“™?) as the amount of
space filled by the concave hulls of all trees’ crowns (wood and leaf above the crown base; section 2.3) divided
by the total available volume for each plot (where the vertical extent was calculated by subtracting the
maximum Stem'®¢h from the lowest branch height), following the ground-based approach in Jucker et al.,
(2015). Using the same approach as for individual trees, we calculated plot complexity with the box dimension
approach, to determine Plotgox®. To do this, all tree crowns (leaf and wood above the crown base; section 2.3)
were combined into one point cloud, with the XY coordinates clipped to the plot boundary and the box
dimension calculated as before but with the smallest possible box size set to 0.25 m (of the order a cluster of
leaves). To examine the role of different stand structures across the plot network we calculated crown area

index (Plot“A!, the ratio of total crown projected area to plot area), again, clipped to the plot boundary.

4.2.8 Quantifying plot-scale light capture

To compare light capture between mixed and mono-genus forest communities we calculated one metric for
each plot that characterises the mean light capture relative to the maximum possible light available. Here, plot
light fraction (Plot"¥"¢) was calculated using the same method as for an individual tree (see section 2.5) but
instead applied to the whole plot point cloud (clipped to within 5 metres of the plot boundary to remove any

edge effects arising from missing trees on the plot edge that would otherwise be casting shade).

4.2.9 Statistical analyses

To explore inter-specific differences in plasticity characteristics (Q1), we compared mean individual tree
plasticity metrics for the four species using non-parametric Wilcoxon tests in the statistical software R. To
determine the effect of tree size (height see chapter 3) on crown plasticity (Q2), we fit mixed effects models

using the Ime4 package in R, for each species s:

TP; = a, + b, Stem'®ig"; + Site; + Plot,; 4.1)
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where TP is each of our six tree plasticity metrics, Stem'®2"; is the height of the stem, Site; a blocking factor
to account for variability between sites (see Chapter 3), Plot,, is the random plot effect, and a; and b, are

parameters to be fit (all parameters are for single-stem trees only). We quantified relationships between crown

LiFrac LiUni

metrics (CM;) Crown"®!, Crown and Crown-"~" and four tree plasticity metrics (Q3):

CM,; = a, + b, Stem™ieM; + ¢¢ Stem®°" + d; CrownPf™° + ¢; StemP*P" + f; Crown”s?" + Site; + Ploty;  (4.2)

Where Stem'eight a covariate controlling for tree size, Stem®°", Crown®*f"2¢ StemP*P” and CrownP™*"" predictor
variables, Site;a blocking factor to account for variability between sites, Plot,, is the random plot effect, a;, by,
Cs, ds, €5 and f; are parameters to be fit. To assess the role of diversity in determining plot scale crown packing
and structural complexity (Q4), ANCOVA tests were performed using a binary genus plot diversity factor
(monoculture/diverse plot, following classifications within Baeten et al., 2013) and Plot“! as a continuous
covariate that accounts for different stand structure between plots. ANCOVA tests were also used to determine
differences in light environment between mono-genus and mixed-genus plots to determine whether mixed

plots intercept more light or maintain greater proportions of shaded foliage.

4.3 Results

4.3.1 Inter-specific differences in stem and crown plasticity

There were statistically significant differences in all crown plasticity metrics between different species and
genera (Figure 4.4). Species’ mean Crown™ ™ and StemP'*" ranked with shade tolerance (Figure 4.4a and
4.4b), with progressively decreasing values from P. sylvestris to Q. ilex. Pines had statistically significantly
higher path fractions than the oaks (P < 0.01), and P. sylvestris statistically higher than P. nigra and Q. ilex
higher than Q. faginea (Figure 4.4a), suggesting pines extend horizontally but shorten their crowns vertically
to intercept more light. Similarly, pines had significantly more elongated stems than oaks (P < 0.01), and Q.
faginea was more elongated than Q. ilex (Figure 4.4b). All species were statistically significantly different for

both angular displacement metrics (StemP'?” and CrownP*P"), with Q. ilex showing the highest displacement
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(Figure 4.4c and 4.4d). BoxP statisically significantly different for all species (Figure 4.4¢), whereas Box® was

significantly different between pines and oaks, and between both oaks, but not both pines (Figure 4.4f).
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is the stem elongation - an indicator of prioritised height extension, Stem™**" and Crown™*"" are the angles of stem and

crown displacement respectively in degrees, Box is a box dimension measure of crown size and Box  of complexity and

space-filling (see details in section 2.4). Species are ordered according to their shade tolerance, with the least shade tolerant

on the left (Valladares and Niinemets, 2007). See section 2.1 for details. (* = 0.05, ** =0.01, *** =0.001, **** =0.0001)

122



4.3.2 Significant effects of height on crown plasticity

We tested whether tree size affected plasticity using linear mixed-effects models, controlling for plot and site.
We found that taller pine trees had higher Crown# ¢ but this was not the case for oaks (Figure 4.5a.). Taller
oak trees had lower Crown”*”’| but higher values for P. nigra and there was no relationship for P. sylvestris
(Figure 4.5b), whereas all species had declining Stem”*?” with height. Taller trees had higher values of both
box dimensions (BoxP and Box*) for all species, with Q. ilex having the steepest slopes for both metrics, and

differences in slope between the oaks greater than between the pines (Figure 4.5¢ and 4.5f1).
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Figure 4.5 Scatter plot of height vs. crown plasticity for all trees (equation 1). Crown™ "™ is the average path fraction of
the crown, Stem™" is the stem elongation - an indicator of prioritised height extension, Stem”*?"and Crown”*"” are the
angles of stem and crown displacement respectively, Box? is a box dimension measure of crown size and Box*a of
complexity and space-filling (see details in section 2.4). Oak data points are closed circles and pines open circles.
Statistically significant model fits are show by coloured lines: P. sylvestris is in purple, P. nigra in blue, Q. faginea green,

and Q. ilex is in yellow.

124



4.3.3 Contrasting effects of plasticity on crown size and light capture

LiFrac

We tested the effect of tree plasticity on crown size (Crown"°') and both light capture indices (Crown and

Height

Crown™Un) whilst accounting for size effects in the model by including Stem as an independent variable

— see equation 4.2 (Table 1). Increased Stem®'o"

significantly reduced in crown size in all but Q. ilex, which
showed low overall Stem®!°" (Figure 4.4), with the largest negative effect for the most elongated species, P
sylvestris. Higher path fraction values were negatively associated with crown size in both pines, whereas the
effect was significantly positive for Q. faginea, and non-significant for Q. ilex, suggesting oaks retain or
increase Crown"! as they extend, whereas pines may either lose Crown*! or small pine Crown*! values may

I and

necessitate higher Crown®# ¢, The oaks showed positive significant relationships between Crown"®
StemP?°, with a stronger effect for Q. ilex than Q. faginea. There were no significant relationships between

CrownPsP’and Crown"!

The oaks showed statistically significant positive relationships between displacement and Crown"V", but

Crown™*™ had no such relationships, and all were non-significant for pines. We found that Stem”**° increased

LiUni

Crown"“Y" for Q. faginea, whereas CrownP*?* increased Crown"Vn for Q. ilex. Crown™ ™ was the only

plasticity metric to be positively related to Crown"¢ for all species, and its effect on CrownUni

was
significantly positive for all but P. sylvestris, suggesting that increasing Crown®™ ig an effective means to

increase both overall light capture and its vertical uniformity. Stem®!°" had significantly negative effects on

Crown 2 for both P. nigra and Q. ilex, and on and Crown"" for both P. nigra and Q. faginea.
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Table 4.1 Table showing coefficients from Equation (2) with Crown

Vol

, Crown

Lifrac and Crown

LiUni

as response variables

for each species and the four tree plasticity metrics (Stem™", Crown"™, Stem™*?" and Crown”*"") as predictor variables.

Crown" is the crown volume, and Crown

Four plasticity metrics were chosen as explanatory variables; Crown

Lifrac and Crown

LiUni

PaFrac

represent crown light capture fraction and uniformity.

Elon

as a measure of crown shape, Stem™" an

indicator of height extension, and Stem™ and Crown”*™ are stem and crown displacement angle, respectively.

Statistically significant coefficients are highlighted in bold and with asterix symbols.

Species

StemEIon

CrownPaFrac

StemPisp®

CrownDPispP°

Crown Volume

P. sylvestris -0.45*** [-0.55,-0.35] -0.4*** [-0.55,-0.25] 0.01[-0.09,0.1] 0.08 [-0.02,0.18]
P. nigra -0.3*** [-0.35,-0.25] -0.27*** [-0.34,-0.21] 0.02 [-0.03,0.06] -0.03[-0.07,0.01]
Q. faginea -0.22*** [-0.26,-0.18] 0.06** [0.02,0.1] 0.05* [0.01,0.09] 0.03 [-0.01,0.08]
Q. ilex -0.08 [-0.18,0.02] 0 [-0.1,0.09] 0.16** [0.06,0.25] 0.09 [-0.01,0.19]
Light Fraction

P. sylvestris -0.14 [-0.29,0.02] 0.36** [0.12,0.6] -0.02 [-0.16,0.11] -0.02 [-0.15,0.12]
P. nigra -0.36*** [-0.47,-0.25] 0.37***[0.23,0.51] 0 [-0.1,0.09] 0.02 [-0.07,0.11]
Q. faginea -0.06 [-0.14,0.02] 0.2***[0.13,0.27] 0.06 [-0.01,0.13] 0.02 [-0.06,0.1]
Q. ilex -0.19* [-0.34,-0.04] 0.26*** [0.12,0.41] -0.02 [-0.17,0.12] 0.07 [-0.08,0.22]
Light Uniformity

P. sylvestris -0.13 [-0.27,0.02] 0.12 [-0.12,0.35] -0.04 [-0.17,0.09] 0.12 [-0.01,0.25]
P. nigra -0.39*** [-0.5,-0.29] 0.18** [0.05,0.31] 0.06 [-0.03,0.15] 0.08[0,0.17]
Q. faginea -0.14*** [-0.22,-0.07] 0.07*[0,0.14] 0.08*[0.01,0.15] 0.05 [-0.03,0.12]
Q. ilex -0.13 [-0.29,0.02] 0.16* [0.01,0.32] 0.07 [-0.09,0.22] 0.26**[0.1,0.42]

***P<0.001,**P=<0.01*P=<0.05
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4.3.4 Higher crown complexity but not packing in mixed plots

Contrary to previous work at this site, we found that plot crown packing (Plot“*?) was not statistically
significantly different between mixed and monoculture plots (Figure 4.7a), Plot complexity (Plotgox®) was
significantly higher in mixed-genus than mono-genus plots (P < 0.05) suggesting that mixed plots have higher
complexity but no more efficient in packing canopy space than mon-genus (Figure 4.7b). Plot"f™ was higher
in monoculture than mixed plots, suggesting a greater presence of shaded foliage in mixed-genus plots (Figure

4.7¢).
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Figure 4.7 Violin plots of Plot-level crown packing (Plot“™), the ratio of cumulative crown volume (Crown
plot volume and complexity (Plotzox®), the box dimension representing the complexity of the plot. Both metrics are compared
between mono-genus (black) and mixed-genus (white) using ANCOVA analyses, controlling for plot density using Plot“*!,

with significance annotated where applicable (P < 0.05).
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4.4 Discussion

Across all plasticity metrics there is evidence of differences between and within each genus, and individual
species, in line with the agreement with previous work that plasticity differs among species (Valladares &
Niinemets, 2008). Our study assessed plasticity across a range of shade tolerance, included varying leaf types
(evergreen and deciduous) and two genera of trees (pines and oaks). We found evidence contrary to the
common belief that shade tolerance is negatively associated with plasticity (Valladares & Niinemets, 2008),
and highlight how plasticity metrics that reflect different forms of structural response to competition

(Gruntman et al., 2017) can unveil inter-specific differences in plasticity and its relation to light capture.

4.4.1 Inter-specific differences in crown plasticity

Across all plasticity metrics, pines were significantly different from oaks but differences between the two oaks
was more pronounced than between the two pines (Figure 4.4). Differences between pine and oak plasticity
were most evident for Crown” " and Box* (Figure 4.4), suggesting that pines may better optimise the spatial
arrangement of foliage to maximize light capture and avoid negative carbon balance (Niinemets, 2010).
CrownP# ¢ was however more variable within the pines than oaks (Figure 4.4), and other studies have found
that pines can maintain foliage at depth and close to the stem (Osunkoya et al., 2007). Chapter 3 highlighted
a tight exponential relationship between height and crown depth in both pines, with crowns proportionally

shorter with height, which may explain the variability in Crown®#™¢ found here.

Elon

Inter-specific differences in Stem™°" were evident across all species, except between P. nigra and Q. faginea,

with the strongest different between Q. ilex and all others (Figure 4.4). Higher Stem®lon

in both pines agrees
with work finding that light-demanding species afford greater risk by growing slender, biomechanically
weaker trees in order to position their crown in direct light (Poorter et al., 2005), gambling on future benefits
rather than current light capture (King, 1990; Sterck et al., 2001). Lower wood density has been found to be
highly efficient in height extension whilst retaining mechanical safety (Anten & Schieving, 2010), leading to

extension prioritised over light interception (Poorter et al., 2003). Q. faginea showed Stem®°

averages closer
to both pines than to Q. ilex, despite its proclaimed status as a shade tolerant species (Jucker et al., 2014). Q.

faginea is the only deciduous species in this study, at its most productive during spring when water is more

128



readily available (Montserrat-Marti et al., 2009), potentially necessitating the placement of foliage into high
light to maximize carbon assimilation within a narrow window (Baldocchi et al., 2010). Q. ilex was
comparatively much less elongated, selecting a more conservative strategy that attributes more growth towards
enhancing current light capture (Valladares et al., 2012), reflecting its lower productivity than Q. faginea
(Castro-Diez et al., 1997). Although Stem®'°" has exposed interesting inter-specific differences that align well
with shade tolerance (Niinemets & Valladares, 2006), and such as those also found in tropical forests (Martin-
Ducup et al., 2020), trees are likely to cease height extension to match the surrounding canopy (Nagashima &
Hikosaka, 2012) and begin to express a different growth investment strategy matching the new light
environment (Sterck, 1999). Therefore, Stem®" likely reflects both current investment towards light and
historical light availability as it can take several years for a species to morphologically adapt to changing light

conditions.

The lesser elongation response of Q. ilex contrasted with its greater capacity to displace horizontally compared
to other species in this study. Both StemP"” and CrownP**P” were higher on average and more variable (Figure
4.4). This may be due to Q. ilex prioritising light capture and productivity early in its life-cycle (Escudero et
al., 2017), with lasting consequences on the location of its crown relative to its stem. Across both StemPsP”
and CrownPP°, statistical differences were evident that show trade-offs between extending vertically and
horizontally (Figure 4.4). Given the significance of path length in water limited environments (Olson et al.,
2018; Fajardo et al., 2020), any incremental increase laterally through displacement adds to the hydraulic
pathway but proportionally less to absolute height, whilst also imparting greater mechanical strain on the
supporting stem (Anten & Schieving, 2010). Whereas most species allocated biomass to vertical elongation,
Q. ilex allocated more to displacement, which may facilitate shade avoidance and reduce competition for light
(Gruntman et al., 2017), an effect that may be intensified on slopes through optimised sun incidence angles

through the canopy (Ishii & Higashi, 1997).

The box dimension metrics (Box? and Box®) are increasingly being used to understand tree complexity and

filling along an inter-dimensional axis (Seidel, 2018; Seidel et al., 2019a; Guzman et al., 2020). Here we
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applied these metrics to compliment measures of external crown form with one that reflects the internal
structure of a tree crown, condensing many aspects of tree morphology into two metrics (Dorji et al., 2019).
Box* was statistically indistinguishable between the two pines, reflecting similar branching and foliage
arrangements that result from similar life histories (Givnish, 1988). In general, gymnosperms accumulate more
foliage than angiosperms (Duursma & Falster, 2016), while oaks are able to regulate leaf area to match water
availability (Baldocchi et al., 2010), both of which likely contribute to lower Box* values of oaks compared
to pines. The evergreen leaves of Q. ilex may drive its higher Box* than the deciduous Q. faginea, because its
leaf habit enables leaves to accumulate over time (Niinemets, 2010). We found significant relationships

Height

between Stem and BoxP, in contrast to other work finding weak relationships with StemPBH and height,

and stronger relationships with crown width and crown volume (Dotji et al., 2019) .

4.4.2 Significant effects of size on tree plasticity

Increasing in size is fundamental to overtopping neighbouring trees and acquire the resources necessary to
enhance survival but it also creates biophysical constraints on tree growth (Mencuccini et al., 2007), and
allocation changes throughout ontogeny (Dolezal et al., 2021). Our finding of higher Crown®?f™ in taller pines
but not oaks suggests a more efficient foliage arrangement in larger pines, which may facilitate increased light
capture and minimise self-shading (Niinemets, 2010). In fact, larger trees often have a greater fraction of
woody biomass (Givnish, 1988), allocating less to foliage and more towards respiring roots, stems and
branches (Niinemets, 2006; Poorter et al., 2012; Valladares et al., 2016; Poorter et al., 2019), so imposing
greater demands on light acquisition in order to maintain the greater proportion of non-photosynthetic biomass
(Givnish, 1988). The significant and positive relationships between Stem'®i¢ht and both BoxP and Box* , may
facilitate greater light capture (Niinemets, 2010) across all species, through greater complexity and space-
filling in larger trees. Within the oaks, this trend is not accompanied with increasing path fraction as is the
case with the pines, suggesting oaks increase complexity but retain relatively lower path fraction values when
growing in height, potentially reflecting shade tolerance differences where deep, shaded leaves are retained
(Poorter et al., 2012). The lack of a significant relationship between height and Crown®* ™ in oaks suggests a
more efficient foliage arrangement isn’t necessary in younger trees, as proposed by Niinemets et al., (2005).

Both oaks were more displaced when smaller in stature than larger, with the decline with height greater in
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CrownPs?” than StemP"°, signifying how oaks develop more symmetrical foliage arrangements when taller
but retain overall structural displacement. Early StemP's?’ is likely to leave a lasting effect and remain through
ontogeny, whereas CrownP?” may be reduced through expansion of new branches into available space once
the canopy has been breached (Martin-Ducup et al., 2020). Oaks not only have more efficient means to extend
laterally (Anten & Schieving, 2010), but also lower risk of embolism given their comparatively smaller stature

(Fajardo et al., 2019).

4.4.3 Contrasting trade-offs between plasticity and crown size
All species that expressed elongation as a strategy to compete for light did so at the detriment to overall crown

Elon on CI‘OWHVOI,

volume. P sylvestris, P. nigra and Q. faginea all had significantly negative effects of Stem
even after accounting for tree size and plot effects, providing further evidence that trees allocating resources
to stem extension are unable to also invest in leaf construction (Valladares et al., 2016) as it becomes rapidly
unsustainable (Henry & Aarssen, 1997). It is also plausible that elongated trees that are heavily competing for
light are also suffering from greater crown abrasion due to closer proximity, reducing lateral expansion
(Pretzsch, 2019). The added hydraulic strain posed by growing taller may further aggravate drought impacts,
and therefore constrain crowns to a small compact form (e.g. Jacobs et al., 2021). Both displacement metrics
had no effects on the pines, but Crown?* was positively linked with Crown"°' for both oaks, which may be
due to biomechanical differences that enable oaks to expand in size whilst remaining stable despite the
increased displacement in centre of mass (Moulia et al., 2006; Alméras & Fournier, 2009). Q. faginea and Q.
ilex were the only two species to show significantly positive or non-significant effects of Crownf" on
Crown™! whereas both pines had significantly negative effects. This suggests that, as oaks expand their
Crown!, little to no change in efficiency in foliage display (higher Crown®*2°) are necessary, whereas small
pine crowns require high Crown™ to maximise carbon gain due to lower shade tolerance (Niinemets, 2010;

Niinemets et al., 2005). As pines compete for light, resources are allocated to StemFo

at the expense to
Crown™! | affording a less stable structure associated with high risk to escape low light (Valladares et al.,

2012) and therefore unable to support a large crown (Loehle, 2016). A paralleled increase in Crown3 ¢ with

height could also indicate increases light requirements due to the increased proportion of biomass to foliage
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(Givnish, 1988), necessitating a structure that maximises direct light interception. The added hydraulic stress
of growing taller (Fajardo et al., 2019) also means growing a smaller crown lessens total evaporative demand
and therefore water requirements (Dawson, 1996). In contrast, both oaks are able to expand in crown volume

irrespective of displacement and afford minimal to no changes in the display of foliage (Crown’2fra),

4.4.4 Plasticity mediated light capture

All species, irrespective of shade tolerance, showed significant relationships between structural plasticity and

light interception. As expected, StemF'*" was negatively correlated with both Crown™f™ and Crown™U", a
pattern that held even with the most shade tolerant species in the dataset (Q. ilex). This suggests that, even for
trees species that are well adapted to survive in low light (Valladares et al., 2012), shading can still induce
vertical stretching to improve light capture. Competition for light is temporally dynamic, so current structural
plasticity may reflect past light conditions or light-capture strategies. For example, Q. ilex has been found to
seek high light and risk photoinhibition in early life-stages but shift to a more conservative, self-shaded
structure through development (Escudero et al., 2017). Furthermore, theory postulates that surrounding
canopy structure can impose optimal understory heights resulting from the interaction between incident angles
and canopy gaps (Ishii & Higashi, 1997), leading to height extension to a point, followed by height
maintenance (Fransson et al., 2021).

LiFrac and

CrownP# " had the most consistent effect on light capture across all species, increasing both Crown
Crown™Un (Table 1). Others have found crowns to expand once they breach the canopy, a processed termed
the ‘liberation effect’ (Martin-Ducup et al., 2020), but this is the first study to explicitly find evidence
supporting its effect for enhancing light capture. The lack of response in Crown™ " to height in the oaks
(Figure 4.5a) could reflect the preservation of low stature and therefore higher hydraulic safety (Fajardo et al.,
2019) and in turn the formulation a canopy that is both efficient in transporting water and intercepting light
(Bentley et al., 2013; Smith et al., 2014; Malhi et al., 2018). Crown" " had an even larger positive effect on

pine Crownlifra

, presumably due to high competition and proximity to neighbouring trees (Pretzsch, 2019)
creating a steep light extinction gradient (Kiikenbrink et al., 2021). Only the oak species showed any

significant effects of displacement on light capture, with Q. faginea increasing Crown“"" through StemPsP’
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and Q. ilex through CrownP*?, likely indicative of shade avoidance as an important response (Gruntman et al.,
2017). Across all species we found no evidence to studies suggesting that trees in low light exhibit
monolayered (high Crown’?f™°) canopies (Horn, 1971; Givnish, 1988), in fact we find the opposite, in

agreement with others (Martin-Ducup et al., 2020). The effect of increasing Crown®?f"* on Crown"Fra

was
comparatively less with the oaks than pines, which together with oaks on average having lower Crown?ara

suggests that shade tolerant species partially exposed to high light can maintain more leaf layers leading to

extended crowns (Niinemets, 2010), in agreement with height-crown depth scaling exponents in Chapter 3.

A tree’s light environment changes throughout ontogeny and our analyses give new insight into structural
adaptation for acquiring light, but more work is needed to fully understand this process. Our dataset contains
only a small number of completely shaded individuals, and future work should include more sub-canopy stems
to understand how structure adapts throughout ontogeny, including the independent effects of size and light
(Riiger et al., 2011) across a broader spectrum of size and light. Furthermore, deeper insights into light capture
also requires an understanding of foliage clustering and arrangement, both now attainable with TLS (Béland
& Baldocchi, 2020), to tackle questions around potential benefits of self-shading, especially in water limited
environments (Pearcy et al., 2005). Lastly, our light interception metrics only account for direct light, ignoring
radiation transmission and sun flecks that enable light to penetrate deeper into the tree crown (Way & Pearcy,

2012), with potentially large benefits to overall carbon capture (Uemura et al., 2006).

4.4.5 Crown complexity, not overall volume-packing or light capture, is higher in mixed genus plots

The cumulation of all inter-specific variability in tree structure and plasticity is thought to be the principal
driver behind observed positive diversity-productivity relationships in forests (Ishii et al., 2004; Sapijanskas
et al., 2014). We first tested whether our TLS-derived measures of volume show the same patterns that
emerged using traditional ground based measurements (Jucker et al., 2015), that is that, diverse plots are more
efficient at filling available canopy volume. We split our plot network into mono and mixed-genus and found
no statistical evidence that Plot“™* is higher when mixed genus species are mixed together. Chapter 2

highlighted the extent to which Crown"°! can be overstated when fitting geometrical primitives to simple one
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and two-dimensional measurements, which likely explains the difference in findings here. Despite the
difference in conclusions based on volume filling, new box dimension analyses (Guzman et al., 2020) revealed
statistically significant higher complexity (Plotsox®) in mixed-genus plots, meaning whilst occupied space is
not higher, the overall complexity in growth forms is greater in our mixed genus plots. Complexity has recently
been identified as a strong indicator of productivity, outperforming conventional structural metrics and
diversity measures (Gough et al., 2019), and TLS offers substantial opportunity to reveal these relationships
across varying forest types. Other TLS analyses have found higher complexity in mixed-species forests
(Walter et al., 2021), with greater investment towards lateral branch extension (Kunz et al., 2019), but the
presence of shade tolerant species and therefore shaded foliage in the understorey is less well understood

(Morin et al., 2011).

Given the water limitation of these forests, tolerance of both drought and shade is unusual (Valladares et al.,
2007) but there is growing evidence in the benefits of shade to tree prosperity, depending on an individual’s
shade tolerance (Kothari et al., 2021). The presence of shaded foliage is however hard to measure due to
complex interactions between canopy and diurnal sun angles (Pierik & de Wit, 2014) making it difficult to
draw conclusions around the presence and persistence of shaded foliage. Therefore, there remains no
consensus on whether plasticity and added complexity leads to greater light capture, or whether the
stratification of foliage through varying shade tolerance the importance factor (Sapijanskas et al., 2014;
Williams et al., 2017). Fotis & Curtis, (2017) argue that the light environment is less variable in complex
canopies due to higher porosity, whilst others highlight the prominent role of increased filling of shaded
foliage (Juchheim et al., 2017) and max height (Morin et al., 2011). Our novel plot scale light interception
metric Plot"f showed significantly lower overall light interception in mixed than mon-genus plots,
emphasising the importance of shade tolerance and multi-layered foliage structures efficiently utilising
resources (Ishii et al., 2004). These results also align with the idea that functional dissimilarity. (i.e., shade
tolerance) rather than phylogenetic distance (diversity) is an important driver of positive diversity effects

(Toigo et al., 2018).
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4.5 Conclusion

To our knowledge, this study is the first to demonstrate how TLS can not only accurately quantify tree crown
plasticity and configuration in three-dimensional space but also to embed new light-tracing algorithms to
understand light-mediated tree crown structure and its variability at the individual level. Previous analyses
have relied on coarse abstractions of competition for light and interception, and our work has demonstrated
how factors such as tree size can now be interpreted independent of light capture to understand the role of size
in determining growth strategies in trees. New individual tree metrics can be scaled to the whole plot,
providing a more detailed understanding of diversity mediated plot crown packing and the role of both
plasticity and shade tolerance that challenges past work. Tree growth and architecture is subject to multiple
trade-offs (Verbeeck et al., 2019) and a tree must do many things well (Niklas, 1994) which ultimately means
structures often deviate from highly optimised transport networks in a context dependent manner, as evidenced
here. Future work should therefore build upon these new analysis techniques, incorporating topographical and
climatic information and their interaction with tree structure in order to comprehensively assess the role of

environmental context in determining tree form.
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Chapter 5

5 Conclusions

5.1 Chapter summary

This thesis first presented a comprehensive overview of the challenges of the application of terrestrial laser
scanning to structurally complex Mediterranean forests. In chapter 2, the steps taken from data collection
through to the computation of novel light interception indices were described, with an emphasis on the
complexities that arose from applying existing techniques developed in tall tropical rainforests and simple
plantations to dry forests that have a completely different structure. This chapter presents not only
opportunities from TLS but also challenges that had to be overcome through the modification of off-the-shelf
software and discusses methodological development to derive information ecologically meaningful
information. The chapter finishes by showcasing our approach to calculating a set of ecological metrics
derived from TLS. The application of TLS to water-limited forests was not simple, with existing approaches
mostly adapted and parameterised to function in either plantation forests with a simple structure or tall, highly
stratified tropical forests with large trees. Furthermore, the substantial processing chain from data collection
through to the eventual extraction of metrics highlighted the vast amount of work involved in using these data
in ecology, meaning the value of the information extracted from these data must be high to justify the work

necessary to extract it.

A significant issue that was encountered arose from trees within these ecosystems, often stunted, with low
bifurcation points and therefore crowns low to the ground, are multi-stemmed, and surrounded by an abundant
shrub layer, obstructing the visibility of stems. This issue arose in two places; firstly, within the initial stage
of segmentation where tree stems are identified to subsequently build trees and secondly, when tree diameter
at breast height (DBH) and no. of stems (multi-stems) needed to be extracted. Given the small vertical space
along a stem to find a clear set of points on which to fit a stem cylinder, an approach was needed that could
retain the original procedures to cylinder fitting but at a finer scale. This study highlights two necessary steps

to finding and extracting stem metrics in these ecosystems. To begin with, stability cannot be found across an
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entire cross-section because stems here are highly sinuous, twisting and turning close to the ground, therefore
stability needs to be found within additional cross-sections. Next, most TLS data is downsampled to aid
computation and ensure an even spacing between points along a tree’s axis, but recollection of higher-
resolution data at each tree stem not only creates more space to fit cylinders but also enables the inclusion of
smaller trees and identification of numerous resprouts. Given that most TLS is downsampled to not only
reduce computational demand but also to homogenise the resolution of a point cloud along its vertical axis
and therefore reduce spatial bias, this part of the study demonstrated the additional benefit of going back to
the original high resolution point cloud when working with highly complex tree stems such as those in
Mediterranean forests. The added resolution at this height meant that more space was available along a stem
section to find cylindrical stability in not only locating tree stems but also in extracting important metrics such

as DBH and classifying trees as single or multi-stems.

Comparisons between TLS estimates, and simulated ground measurements demonstrated how traditional
measures overestimate crown morphological features with the effect larger at higher dimensions (i.e., volume).
When considered alongside the lack of data on the spatial location of a tree crown, it is evident that traditional
approaches are likely to misrepresent crown interactions, calling into question what is meant by a ‘crown’
measurement. Similarly, our analyses found that crown radius measurements taken along the perimeter of a
crown, incorporating the irregularity of crown shape, can produce accurate measures of crown area, but that
the commonly used measurement of averaged maximum radius and its perpendicular can result in
overestimation. There are also clear advantages to be made from quantifying three-dimensional light capture
from TLS data, and indices presented in chapter 2 including spatially statistics such as hot spot analyses are

exciting opportunities to understand fine scale relationships between structure and light capture.

While chapter 2 provided the methodological base for the application of TLS to address ecological questions,
chapters 3 and 4 sought to answer fundamental questions in forest ecology from the perspective of new three-
dimensional data. In chapter 3, more precise measures of crown morphology and height were used to test

metabolic scaling theory, a prominent and provocative theory within forest ecology. To ascertain whether
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competition from larger trees, crowding or a specific species affects scaling, this chapter reinterprets
traditional approaches to calculating competition to develop neighbourhood metrics from TLS that are more
accurate and representative of tree-tree interactions aboveground. The results are discussed within the context
of both competition for light and water, prominent features of Mediterranean forests. Competition negatively
affected all crown metrics except crown depth, and asymmetric competition was the strongest driver of pine
crown morphology, but oaks were more sensitive to symmetric competition. Effects of neighbourhood species
ID was not important for most species, but Q. faginea showed sensitivity to neighbourhoods containing species
of the same genus. Across all species and most crown dimensions, height-crown scaling exponents were below
those predicted by MST, potentially driven by water-limitation in this ecosystem. In height-depth scaling large
differences were evident between the two genera, with pines considerably shallower and oaks deeper with

height, in contrast to theoretical predictions.

Chapter 4 also builds on the foundations laid in chapter 2 by demonstrating the capacity of TLS data to
quantify a tree’s morphological adaptability (structural plasticity), and how this varies across four major tree
species in the Spanish Mediterranean. This chapter also presents metrics of tree light capture derived from
new spatially explicit measures of light interception by foliage in a tree crown. Inter-species differences in
plasticity were assessed and interpreted in the context of allocational trade-offs and relationships to light
capture at the individual scale, while at the community scale, the impacts of diversity on structure and light
capture were determined. Taken together, the new measures of plasticity and light interception provided
insights into diversity-induced tree crown space filling, complexity and light capture at the plot scale that have
not been possible before, and which call into question prior understanding of the relationship between diversity

and crown packing.

Inter-specific differences in tree structural plasticity were evident between species and genera with shade
tolerance an important factor explaining some of these differences. Both pines and Q. faginea had higher stem
elongation values on average than Q. ilex but stem displacement was higher in Q. ilex compared to all other

species. Crown path fraction and crown complexity was also significantly higher in pines than oaks, with the
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former significantly correlated to tree height in both pines, but not in either oak species, suggesting a more
efficient canopy structure is necessary with increasing size in the less shade tolerant species. Crown
complexity increased with size for all species, but crown displacement had a steep declining relationship with
height for both oaks, potentially pointed to a greater mechanical capacity in oaks symmetrically filling canopy
space once the canopy has been breached. Of all the structural plasticity metrics, crown path fraction
consistently increased light capture for all species, although the effect was stronger in the pines. As expected,
the negative response of stem elongation to increasing light interception aligned with species shade tolerance,
with the most shade tolerant Q. ilex showing no significant relationship and P. sylvestris the highest sensitivity.
However, oaks did show significant relationships between stem displacement (Q. faginea) or crown
displacement (Q. ilex) and uniformity in light interception. This chapter finishes by presenting novel insights
into diversity-structure relationships at the plot scale, namely that complexity, not crown volume packing, is
higher in mixed species plots and that overall light capture is lower, suggesting a greater presence of shaded

foliage in mixed species plots.

5.3 Future work

5.3.1 Methodological development across instruments and ecosystems

For TLS to contribute widely to forest ecology it will need to be embraced by an array of users with varying
budgets, scales of interest and repeatability in procedures that remain consistent across time. There is no doubt
TLS presents an exciting new way to measure trees and explicitly determine structure-function relationships
at scale as highlighted in this thesis but methodological development is necessary that facilitates the transition
from traditional measurement techniques to three-dimensional data acquisition with laser scanners. To date,
TLS data acquisition and processing is not only highly time-consuming but also complicated by current
methodological approaches relying upon high fidelity point clouds, which when not met, often mean manual
intervention is required, adding even more time and effort. Existing tools are bespoke and often tailored to the
ecosystem type that it was developed within, limiting transferability to different forest types where even simple
field measures such as DBH can be difficult to derive (chapter 2; Liu et al., 2018). There is optimism towards

implementing TLS into forest inventory (Abegg et al., 2017; Bauwens et al., 2016; Maas et al., 2008; Moskal
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and Zheng, 2012) but given the scale, time and remoteness of inventory sites, many are leaning more towards
mobile laser scanning systems that are light, cheaper and quicker (Bauwens et al., 2016; Bienert et al., 2018;
Donager et al., 2021; Gollob et al., 2020). Although occlusion is undoubtedly higher with mobile lightweight
systems (Morsdorf et al., 2018) and a hinderance to extracting metrics (Abegg et al., 2017; Wang et al., 2019),
mobile systems have shown some promise in particular contexts in extracting attributes such as DBH, stem

density and height but have struggled to resolve a trees entire branching structure (Bienert et al., 2018).

A major obstacle will be in formulating easy to use automated procedures from scan acquisition through to
metrics that are applicable across different forest species compositions and structure and that meet the needs
of forest inventory where reliability, applicability and scalability are all important considerations.
Fundamental steps such as automated tree segmentation are still in their infancy and problematic with mid-
range instruments in complex forest structures, as shown in this thesis (chapter 2), let alone with lower
powered mobile scanners, necessitating further development (e.g., Donager et al., 2021). Expectations also
need to be grounded, with prospects in measuring attributes such as leaf area index (LAI) at scale within
inventory optimistic (Liang et al., 2014), especially given that single scans from more powerful instruments
still considerably underestimate LAI (Yun et al., 2019). The temporal component of forest inventory is of
considerable value to understanding forest dynamics (Purves and Pacala, 2008) and future measurements
should prioritise maintaining consistency between old approaches to measurement and newer ones arising
from TLS. Here, development should ensure TLS can consistently measure existing tree attributes within
inventory alongside newer developments that provide novel insights into tree form and function. The
backwards compatibility of TLS-based tree measurements with inventory datasets will be crucial to

understanding long-term trees in forest structure and productivity in a changing climate.

5.3.2 Consensus on ecological metrics
Given the considerable amount of information that may be derived from TLS data, and the choices that must
be made to generate metrics, there is a clear need within the forest ecology community for consensus on data

collection, open-source methods and, most importantly, the establishment of a framework of metrics that have
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independent and ecological meaningful underpinnings. Our and other analyses using TLS have highlighted
conceptual inconsistencies in measuring trees due to the ability to characterise certain attributes, for example
crown volume, in various ways from 3D data (Zhu et al., 2021). An abundance of TLS-derived ecological
forest metrics have emerged across the literature in recent years, with researchers striving to produce and
present more effective and better representations of tree crown attributes (e.g. (Dorji et al., 2019; Ehbrecht et
al., 2017; Liu et al., 2018; Martin-Ducup et al., 2018; Martin-Ducup et al., 2020; Seidel et al., 2019b; Stovall
et al., 2021; van der Zee et al., 2021; Walter et al., 2021)) and, to a lesser extent, competition metrics (e.g.
(Kricek et al., 2019; Kunz et al., 2019; Metz et al., 2013; Olivier et al., 2016)). An agreed framework would
help the field move forward — and analogies for this kind of consensus exist; for example, the essential
biodiversity variables framework which was created as a conceptual framework that synthesised data streams
into an amalgamation of measures that capture biodiversity and its function from satellite data (Jetz et al.,
2016; Pettorelli et al., 2016; Skidmore et al., 2015). Verbeeck et al., (2019) have proposed the ‘plant structural
spectrum’ condensing many axes of crown structural variation into a few descriptive axes, but only tropical
and temperate species were considered, while it also lacks discussion on the methodological standardisation
in measuring these ‘spectra’ across instruments and forest type. Nonetheless it highlights the scope and

necessity in constructing a conceptual framework to move forward in applying TLS to forest ecology.

Within ecology, TLS will be most powerful when used as a tool in conjunction with theoretical understanding
of the fundamental processes that govern tree structure, and when it can add value to existing long-term but
simpler datasets such as national forest inventories (Purves and Pacala, 2008). TLS can point towards the most
effective measurement methods to calculate crown attributes from the ground, provide error margins and
improve allometric relationships of crown dimensions to size within theoretical frameworks (Taubert et al.,
2015; West et al., 2009, Chapter 2), and forest process models which include crown plasticity (Purves et al.,
2007), where the scaling of crown radius, depth and volume are important parameters. New representations
of crown volume, such as ‘green volume’, voxel versus hull based extraction and metrics derived through
fractal analysis to understand size (Dorji et al., 2019) are all attempting to observe the same thing, but from

different perspectives. It is paramount that new development is additional and complimentary to existing
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metrics to avoid scenarios where inter-comparisons of results and studies becomes difficult. At the same time,
TLS presents a novel opportunity to measure trees at scale, in ways never before possible (Disney, 2019).
Theoretical understandings of plant hydraulics for example has prompted the calculation of metrics such as
path fraction which makes use of network analyses on 3D point clouds to derive a holistic measure of hydraulic
and light interception efficiency (Malhi et al., 2018; Smith et al., 2014, Chapter 2, Figure 2.19) that would not
be possible with traditional ground measurements. And other abiotic drivers of tree shape can be examined
too; for example, theoretical understanding of biomechanics combined with accurate, TLS derived 3D models
of tree architecture are substantially improving our understanding of tree sway in the wind and what factors
make a tree vulnerable to wind throw (Huang et al., 2020; Jackson et al., 2021, 2020). Terrestrial laser scanning
is an opportunity to look at tree structure in wholly new ways and as such, there is a need to develop consistent
methods informed by an ecological underpinning which, where possible, retains interpretability with historical

data.

5.3.3 Casting new light on tree-tree interactions

This thesis highlights the ability of TLS to provide a completely new and comprehensive perspective on tree-
tree interactions that are fundamental to understanding forest ecosystem functions (Trogisch et al., 2021).
While the approach derived in chapter 2 provided a detailed measure of a trees’ local neighbourhood, by
accurately representing crown positioning, irregularity, and size (see Figure 2.20a), it stills depends on some
form of distance-based threshold to determine the zone of influence and a height threshold that split taller trees
and therefore competition for light, and all trees, that represents competition for water. The idea is that
aboveground, larger individuals acquire a disproportionately greater amount of light, and therefore
asymmetric competition is termed, whereas belowground competition is thought to be proportional to size,
and termed symmetric (Weiner, 1990). The problem is that thresholding neighbouring trees purely based on
height thresholds to characterise asymmetric competition for light is unlikely to accurately characterise the
degree of shading induced on an individual tree given the complex nature of light/canopy interactions
(Braghiere et al., 2020; Pierik and de Wit, 2014). In any particular neighbourhood, increased complexity and

variability in height structure may enable more light to penetrate to greater depths (Fotis and Curtis, 2017),
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making the selection of an arbitrary height threshold increasingly difficult. One solution that functions within
the limits of inventory type data is crown overlap, posed by Zambrano et al., (2019) as an effective means to
provide an effective, distance-independent way to characterise asymmetric competition when using inventory
type data. Crown overlap can be calculated using TLS, but within our data, crown overlap values were very
low, suggesting this approach may not be enough to understand competitive interactions. In addition, we found
crowns are highly plastic to avoid neighbours and fill canopy space (Figure 2.20a). Competition for light is
prominent but lateral shading, which is known to invoke a strong structural response in trees regardless
(Schoonmaker et al., 2014), may be at least as important as overtopping. Shading characterised as presence of
taller trees has however proven effective in many studies, including this thesis where distinct patterns emerged
between shade intolerant and tolerant species. Here, competition belowground is likely an important driver
but characterisation based on aboveground structure is not reliable. Indeed, for a long time, below ground
competition has been considered symmetric (Craine and Dybzinski, 2013; Weiner, 1990; Weiner et al., 1997)
but some argue that large trees have larger roots and therefore better access to resources, suggesting an
asymmetric component (Frank et al., 2010; Rajaniemi, 2003; Rasmussen et al., 2019). While some have found
shading by larger neighbouring trees can ameliorate abiotic stress (McIntire and Fajardo, 2014), others suggest
positive effects of shading depend on the recipients shade tolerance (Kothari et al., 2021). Positive effects of
shading on trees where trees are exposed to abiotic stress is plausible given the manner in which plants open
and close stomata in a dynamic manner in response to light intensity to avoid water stress (Devireddy et al.,
2018). There is also evidence of trees arranging foliage in a way that maximises photosynthesis at certain
times of the day, avoiding excessively high midday light intensities (Ventre-Lespiaucq et al., 2018). When a
canopy is shaded by neighbouring trees however, these patterns in arrangement were completely opposite,
with crowns optimised to harness light at midday peak (Charbonnier et al., 2013). In all, evidence suggests
that light-structure relationships can vary considerably between species and environmental context and likely

necessitate more comprehensive representations of light interception to develop our understanding further.

To truly understand the exact competitive mechanisms that concepts of asymmetric competition represent

there is a clear need for improved characterisations of light and shading at the individual scale. Not only will
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this enable ecologists to analyse the independent effect of larger trees on smaller ones from shading, but in
separating competition for light from other sources, will allow better inference in the strength of belowground
competition. Previous attempts using light interception models within forest dynamic models (Canham et al.,
1999), highlighted the importance of belowground competition by accounting for shading effects from
neighbouring trees explicitly (Coates et al., 2009) but these approaches have depended on coarse abstraction
of crown shape, size and spacing, completely disregarding plasticity. For example, Sapijanskas et al., (2014),
used the same light simulation framework, representing tree crowns as cylinders, a geometric primitive found
in this thesis to overstate crown volume by around 4 times that of TLS estimates (chapter 2, Figure 2.13). Ray
tracing techniques combined with highly accurate 3D point clouds of individual and neighbouring trees
presents an exciting opportunity in forest ecology to, for the first time, quantify competition for light in a
spatially explicit manner (Bittner et al., 2012). Future work should use these new data to not only gain a
deeper, more comprehensive understanding of belowground competition for water and nutrients (Craine and
Dybzinski, 2013) but also in tracing back to existing inventory measurements and conduct comparative
analyses to understand how best to represent light capture within the limits of inventory measurement. There
are of course legacy effects of competition where current patterns and interactions are a result of interactions
over long periods of time, necessitating temporal studies and/or the inclusion of independent variables that
reflect past competitive conditions (Pommerening and Sénchez Meador, 2018). Through explicit 3D
quantification of light capture, TLS can potentially provide novel insights into light mediated structure and

identify structural characteristics that are telling of past conditions.

5.3.4 New understanding of light - structure relationships

The principal function of building a canopy is to optimise light capture for photosynthesis and shade
neighbouring trees that are competing for the same resource (Valladares and Niinemets, 2007). Leaves are the
photosynthetic machinery of a canopy and their arrangement in three-dimensional space can affect the light
conditions experienced by trees below (Kiikenbrink et al., 2021) but also used to mediate the amount of light
received within an individual canopy itself (Pearcy et al., 2005). The effective representation of leaves and

their collective arrangement into a canopy within radiative transfer models is of fundamental importance to
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their accuracy (Coté et al., 2009) and therefore in deriving fundamental forest functions such as photosynthesis
(Vilfan et al., 2019). In fact, TLS combined with field spectroscopy has been used to produce a virtual forest
that has visually realistic images of canopies from above and below (Calders et al., 2018) with important
ramifications for deriving robust metrics from satellites (Disney, 2019; Jetz et al., 2016). TLS is therefore
highly valuable for determining the radiation regime within a forest. Here key characteristics such as vertical
light extinction (Kiikenbrink et al., 2021) and the ratio of shaded to sunlit foliage which is fundamental to
understanding canopy-level photosynthesis (Chen et al., 2012) can be explicitly measured. Within forest
ecology there is potential to analyse tree structure-light-capture relationships at scales relevant to an individual
tree, where for example, foliage traits and therefore productivity, vary strongly across tree crowns depending
on radiation levels (Williams et al., 2020). The heterogeneity in light across a tree is known to be important at
the metre scale (Valladares and Guzman, 2006). However, to date most field studies have been confined to
point measurements of light (Kothari et al., 2021; Williams et al., 2020) with low sample sizes due to the
laborious work, with many developments restricted to theoretical (Duursma et al., 2010) or modelling studies

where crown structure is represented abstractly only (Canham et al., 2004; Sapijanskas et al., 2014).

Here, Chapter 3 analysed how crown morphology scales with size, but there remain unanswered questions
about changes in foliar properties, including leaf area and density. There is evidence to suggest that as trees
increase in size foliage becomes proportionally less (Coomes et al., 2012), spread across a crowns periphery
(Zeide and Pfeifer, 1991) to avoid self-shading and homogenise productivity (Duursma et al., 2010), but this
is untested with direct TLS measurements. Likewise, chapter 4 presented novel insights into how trees
structurally respond to competition through different means to improve light capture but didn’t account for
shifts in arrangement and orientation of foliage (Hagemeier and Leuschner, 2019). It is plausible that trees in
the understorey organize foliage in a more planar and sparse way that maximises light capture (Valladares and
Niinemets, 2007) or that canopy trees shield lower leaves from midday radiation (Hagemeier and Leuschner,
2019; Pearcy et al., 2005; Valladares et al., 2005) but general metrics of displacement, filling and branch

networks don’t explicitly characterise these features. TLS is now beginning to shed new light on foliage
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characteristics including leaf angle (Stovall et al., 2021; Vicari et al., 2019), distribution (Martin-Ducup et al.,
2018), fractal space filling (Seidel et al., 2019b) and clustering (Béland and Baldocchi, 2020), but there remain

many opportunities to test ecological theory and concepts with these data.

5.3.5 Enhanced characterisation of abiotic effects on structure

The results of this thesis have been interpreted comprehensively within the context of abiotic factors, more
specifically water limitation, but future work should look to explicitly account for these factors more directly
through the combined use of TLS and ALS in characterising high resolution topographical variables. High
topographical heterogeneity leads to variable wind exposure (Coomes et al., 2018), accessibility to deep water
(Fan et al., 2017) and highly variable radiation regimes affecting water availability, for example, greater
exposure on south-facing steep slopes (Schwartz et al., 2019) and relief from excessive radiation through
shading (Greiser et al., 2020). The availability of deep water to trees is crucial to predicting effects of aridity
on productivity (Nadal-Sala et al., 2021), particularly in ecosystems such as Spanish Mediterranean where
groundwater is an important resource to trees (Barbeta and Pefuelas, 2017) but hard to measure directly. While
measures of wind exposure can be effectively described based on topographic position and surrounding
vegetation structure (Briichert and Gardiner, 2006) and direct terrain effects on tree structure (Ishii and
Higashi, 1997) through simple extractions of slope and aspect. To build upon results presented in chapters 3
and 4, analyses should aim to incorporate abiotic variables known to affect tree structure and tree-tree

interactions through readily available means, such as proxies derived from topographical variables.

The interplay between tree function and topography has gained more attention in recent years, with some
advocating for increased research within the ‘critical zone’, which is the interface between vegetation and
fresh unaltered bedrock (Dawson et al., 2020) and subsurface hydrological processes (McLaughlin et al.,
2020). The availability of national ALS data in countries such as Spain means high resolution digital terrain
models can be derived and subsequently used to derive effect proxies of hydraulic (Chitra-Tarak et al., 2018),
nutrient (Jucker et al., 2018) and wind conditions (Mikita and Klimanek, 2010; Ruel et al., 2002), which are

all abiotic factors known to affect tree structure (Jacobs et al., 2021; Loehle, 2016; Urban et al., 2013). In dry
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environments, hydraulic refugia that emerge within certain topographical settings could be quantified
(McLaughlin et al., 2017) adding further abiotic context to the interplay between drought, individual structure
and competition effects on tree function and mortality (Mcdowell et al., 2008; McLaughlin et al., 2017; Olson
et al., 2018; Ruiz-Benito et al., 2013). A more complete depiction of a trees immediate environment will also
help disentangle the continuing debate around positive and negative interactions between trees for
belowground resources (Fichtner et al., 2020; Grossiord, 2019; Grossiord et al., 2014; Jourdan et al., 2020;

Jucker et al., 2014; Wright et al., 2014).

ALS aside, TLS has the potential to characterise very localised topography where the fine scale slopes,
undulations, and shape (concave or convex) of the immediate terrain surrounding a tree effects on resource
availability. Tauc et al., (2020) found pits provided micro-refugia against drought due to higher water
retention, Franklin and Buckley, (2019 and Kern et al., (2019) found fine scale topography affects tree
recruitment and survival, while Valtera and Schaetzl, (2017) found higher nutrient retention in pits available
to neighbouring trees (Valtera and Schaetzl, 2017). The combination of ALS and TLS has the potential to
characterise topography at multiple scales and derive variables that reflect hydraulic, wind and nutrient
variability in space with data that is normally removed in the early stages of LiDAR processing applied to
forest ecology. These datasets will enable a deeper understanding of the results presented in chapters 3 and 4,
where plot-plot variation held within the random effect in the mixed effects models could explained more
directly or disentangled through post-hoc analyses. These data will refine approaches taken aiming to
disentangle the relative contributions of abiotic factors (e.g., water, wind slope) in shaping tree form and
function amongst the interactive complexity of tree-tree competition for resources (Craine and Dybzinski,

2013).
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Figure A3.1 The distributions of each crown metric for each species (single-stemmed individuals) with DBH a subset

of the data.
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Figure A3.2 LMM-derived exponents of height-DBH relationships (b in Equations 3.1- 3.6) from the best model for
each species, for a subset of trees where DBH was extractable, selected using AIC (Table 1). Error bars represent 95%
confidence intervals. Species are ordered according to shade tolerance (Niinemets & Valladares, 2006; Puglielli et al.,
2020), increasing left to right. MST prediction is shown by the horizontal dashed line whilst the dotted is the average of

the four single-stem exponents (single-stem data only).
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Table A3.1: Sample sizes for each species. This number represents all trees that had a neighbourhood radius within the

plot boundary, and therefore for which we could accurately calculated competition metrics.

Species’ N N_dbh
P. sylvestris 172 139
P. nigra 338 273
Q. faginea 579 462
Q. ilex 173 98
Q. faginea 132 0
Q. ilex 47 0

' X Multistems
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Figure A3.3 The distributions of each neighbourhood competition metric for each species (single-stemmed

individuals).
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Table A3.2: Model selection results showing the strongest neighbourhood competition metric drivers of height-crown
scaling variation. AIC comparison of LMM model results of single-stems only, comparing candidate models including
asymmetric, symmetric, and heterogeneric/congeneric neighbourhood metrics as explanatory variables (see Equations
3.1-3.6). Best model and those with delta AIC values <2 are shown in grey for each species and metric. Marginal R*
(fixed effects only) and conditional R? (included random effect) were calculated using the MuMIn package in R (Barton,
2020).

Random Effect

Formula AAICT Marginal R? Conditional R? (SD)
P. sylvestris - log(Crown Volume)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00 0.59 0.78 0.87
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + Site + (1| Plot) 0.84 0.59 0.78

log(treeHeight) + Site + (1| Plot) 16.02 0.54 0.76

P. nigra - log(Crown Volume)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00 0.75 0.84 0.36
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + (1| Plot) 2.28 0.75 0.84
log(treeHeight) + (1] Plot) 91.63 0.68 0.81

Q. faginea - log(Crown Volume)

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 0.00 0.54 0.64 0.33
log(treeHeight) + Symmetric Competition + (1| Plot) 3.37 0.52 0.64
log(treeHeight) + (1] Plot) 27.80 0.50 0.62

Q. ilex - log(Crown Volume)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00 0.63 0.69 0.32
log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1| Plot) 2.38 0.63 0.69
log(treeHeight) + (1] Plot) 13.55 0.61 0.68

P. sylvestris - log(Crown Surface Area)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00 0.57 0.85 0.97
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + Site + (1| Plot) 1.25 0.57 0.85
log(treeHeight) + Site + (1| Plot) 18.96 0.51 0.84

P. nigra - log(Crown Surface Area)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00 0.71 0.82 0.35
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + (1| Plot) 0.39 0.71 0.82
log(treeHeight) + (1] Plot) 78.45 0.65 0.80

Q. faginea - log(Crown Surface Area)

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1| Plot) 0.00 0.61 0.71 0.27
log(treeHeight) + Symmetric Competition + (1] Plot) 1227 0.60 0.71
log(treeHeight) + (1| Plot) 17.75 0.59 0.70

Q. ilex - log(Crown Surface Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00 0.68 0.74 0.24
log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1| Plot) 2.79 0.68 0.74
log(treeHeight) + (1] Plot) 3.76 0.68 0.74

P. sylvestris - log(Crown Projected Area)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00 0.63 0.79 0.56
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + Site + (1| Plot) 1.42 0.62 0.79
log(treeHeight) + Site + (1| Plot) 17.90 0.56 0.78

P. nigra - log(Crown Projected Area)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00 0.70 0.80 0.31
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + (1| Plot) 1.39 0.70 0.80
log(treeHeight) + (1] Plot) 82.00 0.64 0.77

Q. faginea - log(Crown Projected Area)

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 0.00 0.40 0.57
log(treeHeight) + Symmetric Competition + (1| Plot) 2.05 0.39 0.57
log(treeHeight) + (1] Plot) 14.08 0.38 0.55

Q. ilex - log(Crown Projected Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00 0.53 0.62 0.26
log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 273 0.53 0.62
log(treeHeight) + (1] Plot) 3.19 0.53 0.61
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P. sylvestris - log(Crown Radius)

log(treeHeight) + Asymmetric Competition + Site + (1] Plot) 0.00 0.64 0.80

log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + Site + (1| Plot) 2.93 0.63 0.80

log(treeHeight) + Site + (1] Plot) 17.06 0.57 0.79

P. nigra - log(Crown Radius)

log(treeHeight) + Asymmetric Competition + (1| Plot) 0.00 0.70 0.80 0.15
log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + (1| Plot) 2.65 0.70 0.80

log(treeHeight) + (1| Plot) 80.18 0.64 0.78

Q. faginea - log(Crown Radius)

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1| Plot) 0.00 0.41 0.56 0.14
log(treeHeight) + Symmetric Competition + (1] Plot) 0.36 0.39 0.56

log(treeHeight) + (1] Plot) 9.01 0.38 0.54

Q. ilex - log(Crown Radius)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00 0.52 0.61 0.13
log(treeHeight) + (1] Plot) 0.42 0.52 0.60

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 4.09 0.52 0.61

P. sylvestris - log(Crown Depth)

log(treeHeight) + Site + (1] Plot) 0.00 0.51 0.69 0.28
log(treeHeight) + Symmetric Competition + Site + (1] Plot) 3.73 0.51 0.70

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + Site + (1| Plot) 7.03 0.51 0.70

P. nigra - log(Crown Depth)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00 0.54 0.63

log(treeHeight) + (1| Plot) 0.77 0.54 0.64

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 2.63 0.54 0.62

Q. faginea - log(Crown Depth)

log(treeHeight) + (1] Plot) 0.00 0.92 0.93 0.04
log(treeHeight) + Symmetric Competition + (1] Plot) 7.26 0.92 0.93

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 13.32 0.92 0.93

Q. ilex - log(Crown Depth)

log(treeHeight) + (1] Plot) 0.00 0.81 0.86 0.09
log(treeHeight) + Asymmetric Competition + (1| Plot) 3.26 0.81 0.85

log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + (1| Plot) 6.87 0.81 0.85

P. sylvestris - log(Crown Relative Depth)

log(treeHeight) + Asymmetric Competition + Site 0.00 0.10 0.10

log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric + Site 1.82 0.10 0.10

log(treeHeight) + Site 1 0.03 0.03

P. nigra - log(Crown Relative Depth)

log(treeHeight) + Asymmetric Competition 0.00 0.04 0.04

log(treeHeight) + Asymmetric Congeneric + Asymmetric Heterogeneric 2.00 0.04 0.04

log(treeHeight) 4.08 0.03 0.03

Q. faginea - log(Crown Relative Depth)

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 0.00 0.35 0.52 0.17
log(treeHeight) + Symmetric Competition + (1| Plot) 1.10 0.34 0.52

log(treeHeight) + (1] Plot) 8.95 0.33 0.50

Q. ilex - log(Crown Relative Depth)

log(treeHeight) + (1] Plot) 0.00 0.03 0.22

log(treeHeight) + Symmetric Competition + (1| Plot) 2.02 0.05 0.26

log(treeHeight) + Symmetric Congeneric + Symmetric Heterogeneric + (1] Plot) 5.12 0.05 0.27

"Rows sorted in ascending order based on AAIC
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Table A3.3 Table displaying the scaling exponents and Cls for height-crown metric relationships for each species, fit

using SMA (Standardized Major Axis) on log-log data.

Crown Metric Exponent  95% Cl

log(Crown Volume)

P. sylvestris 2.28 (2.03,2.56)
P. nigra 1.90 (1.77,2.04)
Q. faginea 2.39 (2.26,2.53)
Q. ilex 314 (2.84,3.46)
#%Q. faginea 2.65 (2.32,3.02)
2Q. ilex 3.10 (2.55,3.77)

log(Crown Surface Area)

P. sylvestris 1.93 (1.71,2.16)
P. nigra 1.67 (1.55,1.8)
Q. faginea 213 (2.02,2.24)
Q. ilex 2.59 (2.37,2.83)
2% Q. faginea 2.55 (2.26,2.87)
&4Q. ilex 3.18 (2.69,3.76)

log(Crown Projected Area)

P. sylvestris 1.71 (1.54,1.91)
P. nigra 1.61 (1.51.73)
Q. faginea 1.89 (1.78,2.01)
Q. ilex 2.37 (2.14,2.64)
£%Q. faginea 2.37 (2.07,2.72)
Q. ilex 2.69 (2.19,3.37)

log(Crown Radius)

P. sylvestris 0.84 (0.76,0.93)
P. nigra 0.81 (0.75,0.87)
Q. faginea 0.94 (0.88,1)
Q. ilex 118 (1.06,1.31)
#%Q. faginea 1.18 (1.03,1.35)
A4Q. ilex 1.32 (1.08,1.62)

log(Crown Depth)

P. sylvestris 0.88 (0.78,0.99)
P. nigra 0.80 (0.73,0.87)
Q. faginea 1.19 (1.16,1.22)
Q. ilex 1.07 (1,1.14)
Q. faginea 1.1 (1.05,1.17)
2Q. ilex 112 (0.98,1.27)

log(Crown Relative Depth)

P. sylvestris 0.77 (0.66,0.89)
P. nigra 0.70 (0.63,0.78)
Q. faginea -0.97 (-1.04,-0.9)
Q. ilex -0.88  (-1.02,-0.76)
2%Q. faginea -1.09 (-1.28,-0.92)
Q. ilex -0.98  (-1.32,-0.73)
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Table A3.4 Table displaying the scaling exponents and Cls for height-crown metric relationships for all trees together
(singe-stems only), fit on log-log data to compare results using SMA (standardized major axis) and LMM (Linear

Mixed Effects Models, fit including a random effect).

Crown Metric Exponent 95% ClI Random Effect (SD)
LMER

log(Crown Volume) 1.89 (1.8,1.98) 0.64
log(Crown Surface Area) 1.65 (1.58,1.72) 0.56
log(Crown Projected Area) 1.34 (1.27,1.42) 0.42
log(Crown Radius) 0.67 (0.63,0.7) 0.18
log(Crown Depth) 0.88 (0.84,0.91) 0.19
log(Crown Relative Depth) -0.20 (-0.25,-0.16) 0.16
SMA

log(Crown Volume) 2.04 (1.97,2.12) —
log(Crown Surface Area) 1.70 (1.64,1.77) —
log(Crown Projected Area) 1.55 (1.49,1.61) —
log(Crown Radius) 0.77 (0.74,0.8) —
log(Crown Depth) 0.89 (0.86,0.91) —
log(Crown Relative Depth) -0.70 (-0.73,-0.66) —
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Table A3.5: Model selection results showing the strongest neighbourhood competition metric drivers of diameter-
height scaling variation. AIC comparison of LMM model results of single-stems only, comparing candidate models
including asymmetric, symmetric, and heterogeneric/congeneric neighbourhood metrics as explanatory variables
(Equations 3.1 — 3.6). Results where either Equations 3.1 or 3.2 were selected are not displayed in the table. Site2 is a
blocking factor accounting for variation between P. sylvestris trees located across both Cuellar and Alto Tajo. Estimates
for the coefficient (c and d in Equations 3.3 - 3.6) of the most important competitive metrics are shown for each variable

and species (single-stemmed individuals).

Crown Metric Term’ Coefficient? 95% CI Random Effect (SD)
log(Height)

P. sylvestris Symmetric Competition 0.33%#* (0.51,0.17) 0.16

" Site2 0.26* (0.47,0.04) 0.16

P. nigra Symmetric Congeneric 0.37%**x* (0.5,0.24) 0.18

" Symmetric Heterogeneric -0.1 (0.16,-0.3) 0.18

Q. faginea Asymmetric Competition -0.27%** (-0.14,-0.27) 0.23

Q. ilex Symmetric Competition 0.37** (0.61,0.07) -

TAIC<?2

2¥kx P<(0.001, ** P<0.01,* P<0.05
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Table A3.6 Model selection results showing the strongest neighbourhood competition metric drivers of height-crown
scaling variation. AIC comparison of LMM model results of single-stems only, comparing candidate models of both
asymmetric and symmetric neighbourhood metrics as explanatory variables (Equations 3.3-3.4). Best model and those

with delta AIC <2 are shown in grey for each species and metric.

Formula AAIC?

P. sylvestris - log(Crown Volume)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00
log(treeHeight) + Symmetric Competition + Site + (1] Plot) 521

P. nigra - log(Crown Volume)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00
log(treeHeight) + Symmetric Competition + (1| Plot) 25.80

Q. faginea - log(Crown Volume)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1| Plot) 14.49

Q. ilex - log(Crown Volume)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 4.45

P. sylvestris - log(Crown Surface Area)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00
log(treeHeight) + Symmetric Competition + Site + (1] Plot) 7.87

P. nigra - log(Crown Surface Area)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00
log(treeHeight) + Symmetric Competition + (1| Plot) 27.93

Q. faginea - log(Crown Surface Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1| Plot) 10.94

Q. ilex - log(Crown Surface Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 1.02

P. sylvestris - log(Crown Projected Area)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00
log(treeHeight) + Symmetric Competition + Site + (1] Plot) 7.87

P. nigra - log(Crown Projected Area)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00
log(treeHeight) + Symmetric Competition + (1| Plot) 30.86

Q. faginea - log(Crown Projected Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 9.67

Q. ilex - log(Crown Projected Area)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00

log(treeHeight) + Asymmetric Competition + (1] Plot) 2.55
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P. sylvestris - log(Crown Radius)

log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.00
log(treeHeight) + Symmetric Competition + Site + (1| Plot) 8.57

P. nigra - log(Crown Radius)

log(treeHeight) + Asymmetric Competition + (1] Plot) 0.00
log(treeHeight) + Symmetric Competition + (1| Plot) 31N

Q. faginea - log(Crown Radius)

log(treeHeight) + Symmetric Competition + (1] Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1| Plot) 8.80

Q. ilex - log(Crown Radius)

log(treeHeight) + Symmetric Competition + (1] Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 2.10

P. sylvestris - log(Crown Depth)

log(treeHeight) + Symmetric Competition + Site + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + Site + (1| Plot) 0.66

P. nigra - log(Crown Depth)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 0.43

Q. faginea - log(Crown Depth)

log(treeHeight) + Symmetric Competition + (1| Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 0.44

Q. ilex - log(Crown Depth)

log(treeHeight) + Asymmetric Competition + (1| Plot) 0.00
log(treeHeight) + Symmetric Competition + (1] Plot) 1.42

P. sylvestris - log(Crown Relative Depth)

log(treeHeight) + Asymmetric Competition + Site 0.00

log(treeHeight) + Symmetric Competition + Site 1.25

P. nigra - log(Crown Relative Depth)

log(treeHeight) + Asymmetric Competition 0.00

log(treeHeight) + Symmetric Competition 244

Q. faginea - log(Crown Relative Depth)

log(treeHeight) + Symmetric Competition + (1] Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 8.63

Q. ilex - log(Crown Relative Depth)

log(treeHeight) + Symmetric Competition + (1] Plot) 0.00
log(treeHeight) + Asymmetric Competition + (1] Plot) 1.90

"Rows sorted in ascending order based on AAIC
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