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Abstract 

With recent innovations in remote sensing technology allowing the acquisition of 

ultrahigh-resolution data over large areas, there are now unprecedented opportunities to 

address key issues in restoration ecology. Among these issues is detecting change in forest 

restoration plantings through the monitoring of restoration success and structural complexity. 

With the possibility of individual tree resolution, the utility of such technology to also detect 

differences among species and provenances is only now starting to be investigated. Such 

monitoring is becoming increasingly important as the choice of species and provenances to be 

planted when carrying out new restoration (i.e., seed-sourcing strategies) is currently under 

debate in the restoration community. Recently, there has been a paradigm shift in the choice 

of strategies, with climate-adjusted provenancing being integrated into the planning phase of 

restoration plantings. Indeed, as one of the targets of restoration involves rebuilding 

functionally and structurally complex communities, the right choice of seed material is key to 

restoration success. Monitoring restoration plantings is thus key for benchmarking and guiding 

adaptive management to avoid failure.  

This thesis uses data from a common garden trial established using seed lots from multiple 

native provenances of two focal species (Eucalyptus pauciflora and E. tenuiramis), planted in 

different community treatments (i.e., different co-occurring plant species). The trial was 

established in 2010 within restoration plantings in the southern Midlands region of Tasmania, 

Australia. Traditional field survey data were used to examine the performances of species and 

provenances within species when planted under different community compositions. 

Subsequent research explored the application of remote sensing of structural and spectral traits 

at the individual tree-level to provide a timely and cost-effective alternative to traditional field 

sampling to compare species and provenances. Light Detection And Ranging (LiDAR) data 

and hyperspectral imagery were obtained from sensors mounted on Unmanned Aerial Systems 

(UAS). These data were used to compare the structural and spectral traits of the focal species 
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and their provenances. In addition, the application of remote sensing to monitor temporal 

changes in structural traits was tested over a three-year period using hand-held mobile LiDAR 

(i.e., ZEB1).  

Three main findings emerged from the study of community composition effects based on 

the traditional measurements taken six years after planting. Firstly, the relative performance 

of a species or provenance was not affected by community composition at this early 

establishment phase. Secondly, there were significant differences in provenance performance, 

with the local provenance of both local eucalypts outperforming non-local provenances. 

Finally, translocation success of provenances differed between species, suggesting that 

assisted migration/colonisation strategies may be site- and species-specific. The UAS LiDAR 

data were used to quantify multiple structural traits at the individual tree-level and analysed in 

a quantitative genetics framework. Several traits reflecting facets of tree architecture were 

found to differ between species and provenances within species. Of note was the provenance 

differentiation in crown density, a trait only readily assessed over a large area using this type 

of technology. This finding reiterates the importance of the choice of provenances for transfers, 

as the introduction of provenances with sparser crowns may have implications on the 

dependent organisms (e.g. different trophic levels). The development of tree structural traits 

was successfully monitored over a three-year period at the individual tree-level using ZEB1 

LiDAR data, with growth decreasing and crown sparseness increasing in the last year of 

monitoring, possibly due to drought. The detection of such trends shows the potential of remote 

sensing technology for the monitoring of very detailed temporal changes in forest structural 

traits and to provide base-line measurements to assess plantings along their recovery trajectory. 

Finally, having found significant differences between species and provenances using LiDAR-

derived traits, UAS-hyperspectral imagery was used to test whether species and provenances 

also differed in their spectral reflectance. Several datasets (e.g. pure spectra, vegetation indices, 

LiDAR-derived traits and their combinations) were used following both an object- and pixel-

based approach to classify across three different genetic strata: (i) between two focal eucalypt 
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species (E. pauciflora and E. tenuiramis); (ii) between mainland Australia and Tasmanian 

provenances of E. pauciflora; (iii) between ten different provenances from within the 

Tasmanian distribution of E. pauciflora. At the species level, the object-based approach mildly 

outperformed the results deriving from the pixel-based approach. On the other hand, when 

classifying the within-species strata (ii-iii), pixel-level results vastly outperformed those based 

on objects. Lastly, employing an odds-ratio and majority vote on the pixel affinities for each 

object, we were able to correctly classify more than 95% of trees to the right provenance. 

These results are discussed in light of the advances made in monitoring tree biodiversity at 

spatial- and genetic-scale relevant for many land managers. 

In conclusion, using cutting-edge remote sensing technology, the work contained in this 

thesis has successfully bridged the fields of forest genetics, restoration ecology and 

environmental monitoring. Novel results have been achieved on the quantification of tree 

structural traits, highlighting the important role different genetic provenances play in their 

development. Moreover, the potential of remote sensing applications for ecosystem 

conservation has been further showcased. For the first time, several genetic provenances of a 

eucalypt species have been correctly classified using hyperspectral information collected 

directly in the field. 
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Chapter 1: General introduction 

1.1 Defining biodiversity 

The conceptual framework for this thesis starts with the notion of biodiversity. 

Biodiversity is a general term referring to “the variety of life forms, the ecological roles they 

perform and the genetic diversity they contain” at all organisational levels, from genes to 

kingdoms and from single individuals to communities (Wilcox, 1984). An implied and key 

component of this definition is represented by the scale at which the different processes and 

interactions are studied (McElhinny et al., 2005), be it at a stand (< 1 ha), patch (1-100 ha), 

landscape (100-1000 ha), regional (1000 ha to millions of km2) or continental (tens of millions 

km2) level. 

In 1981, Franklin et al. identified three main attributes characterizing ecosystems: 

structure, function and composition. Their interactions at different levels constitute the 

biodiversity of an area (Figure 1-1). Composition relates to the species diversity in a given 

ecosystem, as well as the genetic diversity within and between different species. The 

functional attributes of an ecosystem are those involving the evolutionary and ecological 

processes taking place inside and outside of it. Ecosystem’s structure is described as the 

physical organization of the different elements within a system, being it the vertical and 

horizontal structure inside a single forest patch, or the pattern of patches in the landscape, and 

can be considered as a measure of community habitat complexity (Noss, 1990). Fragmentation, 

modification and loss of natural habitats are some of the most pressing threats to biodiversity 

management and conservation. Altered landscapes support smaller and more isolated native 

species populations resulting in prolonged risks to their viability (MacArthur and Wilson, 

1967).  
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Figure 1-1: Interactions between structural, compositional and functional biodiversity. 

Modified from Noss (1990). 

It is estimated that six billion hectares of degraded land needs restoration worldwide 

(Figure 1-2) (Gibbs and Salmon, 2015). Internationally, many governments, following the 

United Nations Convention on Biological Diversity, conducted in 1992 in Rio de Janeiro 

(Grayson and Maynard, 1997), have committed to the maintenance of biodiversity through a 

range of initiatives (Australian and New Zealand Environment Conservation Council, 2000; 

Australian State of the Environment Committee, 2001; Montreal Process Working Group, 

1995). One of the latest major international responses resulted in the Bonn Challenge (IUCN, 

2011), where international leaders vowed to promote a landscape approach to restore 150 

million hectares by 2020. In the aftermath of the Bonn Challenge, the New York Forest 

Declaration, a product of the 2014 UN Climate Summit, raised the challenge to restore up to 

350 million hectares of degraded forest ecosystems, significantly reduce deforestation and end 

natural forest loss by 2030 (UN Climate Summit, 2014). More recently, the United Nations 

declared the period of 2020-2030 as the Decade of Ecosystem Restoration (UN environment, 
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2019). As of June 2020, 63 countries have pledged to restore approximately 172.82 million 

hectares worldwide, corresponding to circa 115% of the total surface pledged in the Bonn 

Challenge (http://www.bonnchallenge.org/) and to 49% of the surface pledge with the New 

York Declaration. 

Figure 2-1: Forest and Landscape restoration opportunities: Wide-scale restoration (dark 

green); Mosaic restoration (light green); Remote restoration (tan brown); Croplands on former 

forest areas (yellow); Recent tropical deforestation (red); No restoration needs (shades of grey). 

Modified from IUCN (2011). 

1.2 Restoration ecology 

The scientific discipline of ecological restoration is defined by the Society of Ecological 

Restoration as “the process of assisting the recovery of an ecosystem that has been degraded, 

damaged or destroyed” (SER, 2004). It attempts to counter the effects of landscape 

degradation and habitat loss, caused directly or indirectly by human activity. This definition is 

very generic, and the meaning of “recovery” is intentionally left open (Rohwer and Marris, 

2016), due to the many different approaches that can be followed. 

Traditionally, the term “restoration” is associated with old buildings, paintings and pieces 

of art; it is essentially linked with old or ruined human artefacts. In this aspect, degraded or 

destroyed ecosystems are not an exception, being the result of human interactions with nature. 
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Nevertheless, the traditional formula in restoration (be it ecological or artistic) follows a path 

similar to this: A → B → A’, where A represents the original state, B is the degraded state of 

A, and A’ is its restored/recovering state (Rohwer and Marris, 2016). One of, if not the main, 

activity of ecological restoration is to recreate functional and compositional ecosystems as 

close as possible to the reference state (Higgs et al., 2014). Therefore, in order for this recovery 

to take place, an ecosystem’s reference state needs to be identified (i.e., the state of the 

ecosystem before the disturbance(s) that led to its degradation). This concept is also, 

sometimes, referred to as the “historical state” and its identification is one of the most critical 

parts of the restoration effort as a whole. 

In many cases, restoring to the reference state is almost impossible due to missing 

knowledge and increasing novel site conditions, often dictated by different cultural practices 

and global climate change affecting the site in various and unexpected ways (e.g. soil 

degradation, infrastructure development, modification of hydrological processes, fertilization, 

slash-and-burn agriculture) (Rohwer and Marris, 2016). In this framework a few paradigms 

have emerged during the years, as different and complementary approaches to ecological 

restoration: restoration after a disturbance event to guide ecosystem’s recovery; restoration as 

a means to compensate for habitat loss and dispersal corridors, by buffering and connecting 

existing native forest remnants; restoration to result in ecosystem services such as water 

quality, carbon sequestration and carbon credits, climate change mitigation, erosion control; 

restoration actions to ensure ecosystem resilience (Suding, 2011). 

Among possible approaches, and given the global extent of this challenge, a focus on 

restoring functioning landscapes is the most likely to succeed (Minnemayer et al., 2011; 

Stanturf et al., 2014). In order to tackle this challenge, a deep understanding of what makes 

for good ecosystems and good habitats needs to be clearly defined in an easily measurable and 

timely way.  
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1.3 Measuring forest structure 

1.3.1 Defining forest structure 

Forest structure is a key factor in understanding forest ecosystem function and resilience 

(Kint et al., 2004; Perring et al., 2015; Standish et al., 2014; Zenner and Hibbs, 2000). Forest 

structure may be described as the vertical and horizontal spatial arrangement of biomass (i.e., 

vegetation species, tree dimensions, canopy layering and age distribution - Noss 1990). It can 

be divided into two main components: structural traits (both at a stand and individual tree-

level) and stand structural complexity (McElhinny et al., 2005). Structural traits can be listed 

as: foliage density and vertical arrangement (i.e., canopy layering); vegetation cover; ground 

cover (e.g. forest litter); size distribution (tree height and diameter); tree spacing; presence of 

hollows and large trees; stand above ground biomass; stand density (i.e., stocking); tree and 

understorey species diversity and distribution; standing dead trees; deadwood and coarse 

woody debris. In contrast, stand structural complexity quantifies the number and relative 

abundance of all the different structural traits found in a forest. For structural complexity to be 

an effective proxy for biodiversity, it needs to be based on a broad set of traits that are each 

easily quantified. Indeed it has been shown that estimates of stand structural complexity are 

an appropriate predictor of biodiversity (McElhinny et al., 2006; Oliver and Parkes, 2003; 

Parkes et al., 2003). 

1.3.2 Indices of structural complexity at the stand level 

Structural complexity indices are mathematical equations that summarise the effects of 

several traits into a single value. Stand level indices of structural complexity can be grouped 

according to their underlying mathematical framework. Three main groups have been 

proposed (McElhinny et al., 2005): (i) additive indices, i.e., those based on the cumulative 

score of single traits; (ii) indices based on the mean value of groups of traits; and (iii) indices 

based on the interactions among traits.  
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(i) Additive indices are the most straightforward to generate, using a set of different 

traits contributing a score to the total index value. The sum of these scores represents the 

final value of the index (Estes et al., 2010; McElhinny et al., 2006; Sabatini et al., 2015). 

This type of index is based on the principle that traits are independent from each other and 

compensatory, meaning that the lack, or reduction, of one or more structural traits can be 

balanced by an increase in the values of other traits (Burgman et al., 2001).  

(ii) Attribute mean indices are based on the use of the average score of groups of traits. 

Structural traits are grouped together according to the research design, and the criteria can 

change considerably according to the aim of the study. Some authors have grouped traits 

based on different ecosystem elements and functions (Koop et al., 1994), while others have 

focused mainly on traits that are all related to the same element (Lexerød and Eid, 2006; 

Staudhammer and LeMay, 2001).  

(iii) The non-linear approach is highly criticised and essentially requires the 

multiplication of traits with one another to obtain a final value as the index (Holdridge, 

1967 cited in Neumann & Starlinger 2001; Zenner 2000). This can sometimes be 

problematic, as multiplication requires that all traits are present in the study area since, if 

even one attribute has a value of zero, the final index will also be zero (Burgman et al., 

2001). 

As useful as they are, these indices need precise and time-consuming ground-based 

measurements of the different structural traits they require. Thus, the application of remote 

sensing technologies to measure them could allow for more efficient data acquisition, 

potentially enabling the assessment of forest structural traits and their complexity over larger 

areas. 
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1.4 Remote sensing applications 

Advances in remote sensing technologies have greatly expanded our understanding of 

forest ecosystems (Toth and Jóźków, 2016), allowing for the mapping and assessment of 

structural traits in most forest environments (boreal forests - Puliti et al. 2020; temperate 

forests - Luo et al. 2017; Mediterranean forests - Sousa et al. 2015; tropical forests - Da Ponte 

et al. 2017) at different scales, spanning from continental (Hansen et al., 2016), to national 

(Puliti et al., 2020) and local scales (Torresan et al., 2020). Indeed, the choice of remote 

sensing platforms and sensors is driven by the scope of research and can employ multi- or 

hyperspectral sensors acquiring data from spaceborne or airborne platforms to investigate 

species composition (Grigorieva et al., 2020) and forest disturbances (Chirici et al., 2018), as 

well as Light Detection And Ranging (LiDAR) sensors to obtain information on the three 

dimensional distribution of elements in space (Jeronimo et al., 2018). Advances in sensors 

miniaturisation are also allowing for the use of such sensors mounted onboard Unmanned 

Aerial Systems (UAS) (Wallace et al., 2012), which are now starting to allow for a target shift 

from stand-based approaches (Puliti et al., 2015) to individual tree-level identification and 

assessment (Kellner et al., 2019). 

1.5 Problem statement 

Loss and fragmentation of natural habitat represent an increasingly serious problem for 

nature conservation in the face of global climate change. Indeed, small populations will be less 

resilient to change, while isolated populations will have difficulty shifting their ranges to adapt 

to changing environments (Doerr et al., 2010). By linking and expanding isolated patches of 

habitat, structural connectivity, rather than the matrix (i.e., open areas of unsuitable habitat 

between forest patches), is recognised as providing suitable habitat for many native species in 

the landscape (Doerr et al., 2010). This notion complements the commonly accepted idea that 

“forest ecosystems species richness and the overall availability of niches are dependent on 

forest structure and composition” (Noss, 1990), with the assumption that the higher the 
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structural complexity, the more biodiverse an ecosystem is (McElhinny et al., 2005). 

Monitoring forest structural traits in an objective, efficient and repeatable way is therefore of 

the utmost importance to increase our knowledge on forest functioning and services, as well 

as providing timely information on the effectiveness of restoration action. 

Furthermore, with the onset of global climate change, the seed sourcing choice of planted 

material for restoration actions has recently received wide attention in the restoration 

community. Some researchers are proposing to guide species translocation informed by future 

climatic models (i.e., Climate-adjusted provenancing - Prober et al. 2015). However sound the 

reasoning, little research has been carried out on the broader impacts these translocations may 

have on the surrounding community (i.e., co-planted tree species and provenances). Finally, 

no studies to date have investigated the role that different geographic provenances may play 

in the development of structural traits. Thus, there is a strong need to investigate species and 

provenance performance following climate-adjusted strategies as well as the way the different 

genetic material planted can influence structural traits, which may be important for dependent 

communities.  

1.6 Research aim and objectives 

This thesis focuses on the measurement and assessment of forest structural traits in a 

fragmented agricultural production landscape. Particularly, it aims to develop, test and 

evaluate the application of high-resolution remote sensing techniques to measure forest 

structural traits. It involves the combination of traditional ground surveys and UAS-based 

LiDAR and hyperspectral imagery, as well as ground-based LiDAR acquired over the 

Dungrove restoration research site, in the Southern Midlands of Tasmania, Australia. To 

address this aim, a number of research objectives were defined as follows: 

Objective 1: To determine the importance of provenance selection in restoration success. 

Objective 2: To assess forest restoration success through the use of remote sensing technology.  
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Objective 3: To derive and quantify structural traits for individual trees with UAS LiDAR 

remote sensing. 

Objective 4: To quantify changes in structural traits over time using remote sensing. 

Objective 5: To classify tree species and geographic provenance composition from high-

resolution UAS hyperspectral remote sensing data.  

1.7 Thesis structure 

This thesis is structured in the form of a thesis-by-publication, and thus, Chapters 2-6 

comprise material that has either been published in peer-reviewed journals (Chapters 2, 3), or 

prepared for future submissions (Chapters 4-6). This structure implies a certain level of 

repetition throughout the thesis, particularly with regard to the description of the study site 

used in Chapters 3-6 and in the experimental layout of the restoration research site. Chapter 1 

serves as a general introduction and rationale of this thesis. Chapter 2 is a literature review of 

the principal forest structural traits and approaches to assess them with remote sensing 

technologies. Chapters 3-6 are experimental chapters. Lastly, Chapter 7 synthesises the 

findings from previous chapters, and an overview of current limitations and suggestions for 

future research directions.  

Chapter 1 introduces the concept of biodiversity and the problems related to conserving, 

assessing and restoring it. These concepts provide a context for the needs to measure forest 

structural traits, and in turn structural complexity, as a means to guide adaptive management 

and monitor the development of restoration plantings along their recovery continuum towards 

the reference state. Chapter 2 responds to Objective 2, by exploring the use of remote sensing 

applications to evaluate the success of forest restoration activities undertaken to reverse land 

degradation and restore functional ecosystems. Chapter 3 addresses Objective 1 by evaluating 

the genetic stability of species and translocated provenance performance when planted in 

mixed species community treatments. The effects on field performance of community 
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composition was assessed after six years using ten provenances of two focal eucalypts 

(Eucalyptus pauciflora and E. tenuiramis) and six community treatments. This chapter 

provides the overview of the field trial upon which the remote sensing studies are based. Using 

Unmanned Aerial Systems (UAS, or drones) for remote sensing of the environment, Chapter 

4 responds to Objective 3 by focusing on the individual tree-level measurement of structural 

traits. In Chapter 5, ground based, ultrahigh density LiDAR data acquired with a hand-held 

mobile laser scanner (ZEB1) was used to address Objective 4, by monitoring three small study 

areas (0.1 ha each) within the Dungrove experimental trial over a tree-levels period. Chapter 

6 responds to Objective 5 by investigating the potential of hyperspectral imagery, acquired 

with a UAS, to differentiate between species and geographic provenances within species, 

based on their spectral signatures. Lastly, Chapter 7 is dedicated to the general conclusions. 

A synthesis of the project findings, the main drawbacks, knowledge gaps and possible forward 

steps are presented and discussed. 
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Chapter 2: Literature review of remote sensing applications to 

measure forest structural traits for forest restoration monitoring 

Chapter published as: 

Camarretta N., Harrison P. A., Bailey T. G., Potts B. M., Lucieer A., Davidson N., Hunt 

M. (2019) Monitoring forest structure to guide adaptive management of forest restoration: a 

review of remote sensing approaches. New Forests. https://doi.org/10.1007/s11056-019-

09754-5 

Chapter summary 

With the demand for, and scale of, ecological restoration increasing globally, 

effectiveness monitoring remains a significant challenge. For forest restoration, structural 

complexity is a recognised indicator of ecosystem biodiversity and in turn a surrogate for 

restoration effectiveness. Structural complexity captures the diversity in vegetation elements, 

from tree height to species composition, and the layering of these elements is critical for 

dependent organisms which rely upon them for their survival. Traditional methods of 

measuring structural complexity are costly and time-consuming, resulting in a discrepancy 

between the scales of ‘available’ versus ‘needed’ information. With advancements in both 

sensors and platforms, there exists an unprecedented opportunity for landscape-level 

effectiveness monitoring using remote sensing. We here review the key literature on passive 

(e.g., optical) and active (e.g., LiDAR) sensors and their available platforms (spaceborne to 

unmanned aerial vehicles) used to capture structural traits at the tree- and stand-level relevant 

for effectiveness monitoring. Good cross-validation between remotely sensed and ground 

truthed data has been shown for many traditional traits, but remote sensing offers opportunities 

for assessment of novel or difficult to measure traits. While there are examples of the 

application of such technologies in forestry and conservation ecology, there are few reports of 

remote sensing for monitoring the effectiveness of ecological restoration actions in reversing 
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land degradation. Such monitoring requires baseline data for the restoration site as well as 

benchmarking the trajectory of remediation against the structural complexity of a reference 

system. 

2.1. Introduction 

The Anthropocene has heralded an era of widespread land degradation, with over six 

billion hectares of land damaged or destroyed through human activities (Gibbs and Salmon, 

2015). To mitigate land degradation, and more broadly the loss of biodiversity through global 

change (land-use and climate change), there is a growing focus on the restoration of terrestrial 

ecosystems (Löf et al., 2019), through initiatives such as The Bonn Challenge (Verdone and 

Seidl, 2017). Indeed, the recent United Nations Decade on Ecosystem Restoration declaration 

aims to up-scale ecological restoration to remediate ecosystem services and functions over the 

coming decade. The methods of ecological restoration are diverse, ranging from revegetating 

with single or mixed species plantings for carbon sequestration (Bailey et al., 2013; Nave et 

al., 2019; Perring et al., 2012), to targeted species selection to fulfill animal habitat 

requirements (Jones and Davidson, 2016). However, a major challenge is quantifying the 

effectiveness (i.e., success) of ecological restoration in reinstating the targeted ecosystem 

functions and services (Figure 2-1). 

Monitoring is a key part of quantifying restoration effectiveness. It is fundamental for 

benchmarking, adaptive management, to guide future activities, and avoid restoration failure 

(Zhang, 2019). Implementation monitoring (i.e., did restoration action follow as planned?) is 

commonly addressed in the literature (Block et al., 2001), however, few studies consider the 

short- and long-term effectiveness (i.e., was the planned restoration successful?) of the 

restoration effort (Marlene and Christoph, 2002; Ren et al., 2017). In the few cases where the 

effectiveness of restoration in returning desirable functions and services has been reported, 

there has been a tendency to do so at local scales, in small plots, using costly and time-

demanding traditional field surveys (Ruiz-Jaén and Aide, 2005; Sasaki et al., 2018).  
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To quantify implementation and effectiveness of restoration actions, key response traits 

need to be defined (Maginel et al., 2016). In many cases, indicator species or indicator 

communities (ants - Andersen & Sparling, 1997; avian - Acevedo, 2007; soil microbial 

systems - Harris, 2003) are used to measure the success of ecological restoration relative to a 

reference system. More recently, Essential Biodiversity Variables (EBVs; Schmeller et al., 

2018), such as genetic and community composition or ecosystem structure and function 

(MacArthur and MacArthur, 1961; Noss, 1990; Pereira et al., 2013), are providing a means to 

assess changes in biodiversity and the effectiveness of restoration activities. In a broader sense, 

the structural complexity of an ecosystem, such as a forest, is considered a reliable and 

repeatable indicator of biodiversity and can reflect the health and function of an ecosystem 

(McElhinny et al., 2005), as well as providing a reference state upon which to guide (and assess 

against) the effectiveness of restoring a degraded ecosystem (i.e., the more complex the 

structure, the more effective the restoration action) (Perring et al., 2015). Indeed, restoring 

structural complexity provides benefits linked to several ecosystem services (Noss, 1990; 

Perring et al., 2012). For example, the presence of deadwood and coarse woody debris directly 

affects nutrient cycles and invertebrate populations (Schiegg, 2000), canopy layering has 

positive effects on bird communities (MacArthur and MacArthur, 1961), and tree species 

composition affects pollinators (Kormann et al., 2016), other biodiversity (Aerts and Honnay, 

2011) and carbon sequestration (Chazdon, 2008). 

Forest structure refers to the three-dimensional (3D) distribution of vegetation elements 

within a forest patch, and the variability in the pattern of forest patches across the landscape 

(McElhinny et al., 2005). Forest structure is comprised of numerous components representing 

the vertical and horizontal spatial arrangement of biomass (Noss, 1990) which influence and 

maintain favourable microclimate conditions for biota (Ehbrecht et al., 2017; Kovács et al., 

2017) as well as provide niche space for dependent organisms (Garden et al., 2007; Sukma et 

al., 2019). Forest structure can be divided into two main components: structural traits and 

structural complexity (McElhinny et al., 2005). Structural traits capture the spatial 
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heterogeneity within a forest and describe the presence or abundance of individual traits such 

as species diversity, tree size distribution, forest biomass, presence of deadwood and coarse 

woody debris. In contrast, structural complexity can either be quantified as the overall number 

and relative abundance of the different forest structural traits or defined more holistically using 

techniques that consider the stand as an entity. Traditional ground-based measurements of 

structural complexity, and EBVs in general, are inherently time consuming and costly to 

monitor (Zenner and Hibbs, 2000), and are typically only undertaken at local-scales often 

resulting in a mismatch between the scale of ‘available’ versus ‘needed’ information (Gibbons 

and Freudenberger, 2006). 

Moderate to fine resolution remote sensing (RS) provides a new avenue to assess forest 

structural traits. The gain in popularity of RS in ecology has been rapid over the last decades. 

RS has played an important role in providing a baseline to monitor spatiotemporal changes in 

habitat extent and health (Dash et al., 2017; Thomson et al., 2018), providing early warning 

signals to changes in species diversity and distributions that are critical for the conservation of 

biodiversity (see review by Nagendra et al. 2013; Rose et al., 2015). The application of RS in 

ecological restoration has mostly been employed in the early stages of planning. For example, 

RS has been employed to assess connectivity across the landscape, identify degraded sites 

suitable for restoration, and plan where to plant specific species using digital terrain models 

(Questad et al., 2014; Fava et al., 2016). More recently, the value of RS in deriving key 

performance traits has been highlighted in a restoration monitoring context (Reif and Theel, 

2017).  

We here review the applications of remote sensing through passive (optical) and active 

(LiDAR - Light Detection And Ranging) sensors to capture various structural traits important 

for measuring structural complexity at scale. In doing so, we integrate the RS literature from 

across the fields of forestry and conservation ecology using select examples to demonstrate 

the capacity of RS in capturing structural traits. We begin by providing a summarised overview 

of the various sensors and platforms available for the monitoring of structural traits in forest 
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ecosystems. We then highlight how different sensor and platform configurations have been 

applied to measure structural traits which are important to inform and monitor the 

establishment of structural complexity. We discuss how structural complexity can be estimated 

as a holistic and composite measure and how to integrate and assess where, along the 

continuum, the site being restored fits relative to the degraded (initial) and reference (goal) 

state (Figure 2-1). Lastly, we discuss the current limitations and challenges of RS in assessing 

structural traits, point to further research agendas though identifying knowledge gaps, and 

recommend an approach to implement RS to monitor the development of structural complexity 

to assess the effectiveness of ecological restoration. 

To demonstrate how key structural traits can be captured by remote sensing technology 

and used to inform adaptive management, in Figure 2-1 we present a hypothetical example of 

a restoration planting along the restoration continuum which shows the transition of a degraded 

forest (red-end of the gradient) towards a reference state (green-end of the gradient) through 

time (Figure 2-1a). In this sense we note the reference state has multiple definitions, is context 

dependent, and based on the objectives of the restoration project. For example, SER (2004) 

define a reference state as: “…the model for planning an ecological restoration project, and 

later serve in the evaluation of that project”. It may be an historic or proximal ecosystem 

(Pickett and Parker, 1994) or a novel state (Hobbs and Harris, 2001). For a given time-step 

along the restoration continuum, Figure 2-1 shows how six key structural traits (Figure 2-1b-

g) can be captured with either passive (i.e., LiDAR) or optical sensors, and the typical platform 

and data type produced is shown under each structural trait. Ground-based platforms include 

Terrestrial Laser Scanners (TLS), mobile laser scanners (ZEB1) and near-ground 

photogrammetry (see section 2.2.3). The multidimensionality of forest structure can be 

summarised into measures of structural complexity following either McElhinny et al. (2006) 

or a Principal Components Analysis (Estes et al., 2010) (Figure 2-1h). These measures of 

structural complexity allow the positioning of a restoration planting along the restoration 

continuum for monitoring and adaptive management (Figure 2-1i). In the example shown, the 
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size of each circle in Figure 2-1i corresponds to the measure of its structural complexity, with 

larger circles representing increasing complexity, and the x, y, z axes represents any of the 

measured structural traits. For example, assuming the x-axis is above ground biomass, the y-

axis is deadwood, and the z-axis is tree species composition, it is apparent that the hypothetical 

restoration planting has comparable above ground biomass relative to the reference state. 

However, the level of deadwood and species composition is low compared with the reference 

state, indicating the potential need to in-plant additional species as well as increase deadwood 

to adjust the trajectory of the restoration site towards the reference state. While only one 

monitoring plot is shown in Figure 2-1, in practice this would be replicated and upscaled to 

inform monitoring at the landscape-level.  

 

Figure 2-1: Schematic overview representing how remote sensing of forest structural 

complexity can be used to monitor the effectiveness of ecological restoration (see section 2.1 

for further detail). 



Chapter 2 Literature review of remote sensing applications for restoration 

17 

 

2.2. Remote sensing technology 

Since the launch of the first Landsat mission in 1972, there has been an increase in the 

availability of different sensors and platforms to acquire remotely sensed data. The primary 

goal of RS is to provide information on the physical elements of interest in a mapping 

environment captured at a certain moment in time (Toth and Jóźków, 2016). Depending on the 

platform (e.g., spaceborne vs. airborne vs. ground-based) and sensor (e.g., active vs. passive) 

configuration, they provide data which ranges in spatial (e.g., global to local) and temporal 

resolution (e.g., daily to monthly), and the choice of configuration is contingent on the trade-

off between the scale of the study and the required resolution as well as the underlying 

questions being asked. Regardless of configuration, these technologies are based on statistical 

and physical relationships occurring between the electromagnetic scattering of vegetation 

elements and structural traits of interest, such as species richness, biomass, basal area and tree 

height. RS systems can be either active or passive, depending on the source of electromagnetic 

radiation detected by the sensor. Active systems emit radiation (e.g., radio waves [RADAR] 

and laser light pulses [LiDAR]) and measure the response reflected from a target, while passive 

systems measure the response of the radiation naturally emitted or reflected from the Earth’s 

surface (e.g., visible spectrum, heat radiation). In the following section we introduce the 

different sensors and platforms used to capture remotely sensed data and discuss their 

advantages.  

2.2.1 Optical remote sensing and photogrammetry 

Optical sensors were among the first passive RS technologies used to capture still images 

across a range of spatial and spectral resolutions. They capture details on the spectral emittance, 

reflectance, and absorption of light across the visible and invisible spectrum. The spectral 

resolution (i.e., number of light bands) in which the information is captured can be used to 

classify imagery type (i.e., visible, multispectral, hyperspectral). Multispectral systems 

mounted on satellites commonly use between 4 and 20 bands (e.g., Landsat, QuickBird, 
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MODIS, WorldView-4, Sentinel-2), however, newer hyperspectral systems (e.g., USGS EO-

1 Hyperion, CHRIS, upcoming EnMAP) can now obtain information across hundreds of 

contiguous narrow spectral bands. These sensors can also be mounted on airplanes, or more 

recently on-board Unmanned Aerial Systems (UAS). Moreover, 3D point clouds can be 

generated using overlapping images, through photogrammetry techniques, such as Structure 

from Motion Multiview Stereopsis (SfM MVS) (Snavely et al., 2008). These point clouds are 

similar to those obtained from LiDAR (see below), however as passive systems, they lack the 

penetration power of the laser pulses through forest canopies (Wallace et al., 2016). 

Nevertheless, optical sensors provide the data which can inform forest health (e.g., the 

Normalized Difference Vegetation Index) and production (e.g., the Leaf Area Index). 

2.2.2 LiDAR 

LiDAR is an active RS system that uses laser to detect objects in space by emitting short 

laser pulses at very high frequencies and measuring the time-of-flight and intensity occurring 

between the emission and the reception of the pulse reflection (echo or return). Each return is 

recorded and stored with the corresponding observation angle, as well as the sensor’s position 

and orientation, using a global navigation satellite system receiver (and an inertial 

measurement unit [IMU] mounted on-board the platform, if moving) (El-Sheimy, 2009). 

LiDAR sensors provide 3D point clouds, where each point matches the location in space of 

the object hit by the laser pulse (Figure 2-2) (Leeuwen and Nieuwenhuis, 2010; Price and 

Gordon, 2016). Depending on the type of sensor utilised, a different number of return points 

can be recorded from each pulse emitted. First return provides spatial information on the first 

object hit by the laser pulse. Multiple returns provide a richer source of information relative to 

the objects located within the laser footprint (i.e., the path the laser beam follows), representing 

different structural elements of the ground cover (e.g., canopy, stems, shrubs, tall grasses, and 

ground). Full waveform represents the continuous distribution of the return radiation, resulting 

in an extremely rich distribution in heights of the target elements, which offers a more detailed 

description of vegetation elements (Lim et al., 2010). 
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Figure 2-2: Example of a dense first return LiDAR 3D point cloud of a forest restoration 

planting (foreground) adjacent to a native remnant eucalypt woodland (background) acquired 

with a UAS. The 3D point cloud is coloured according to height (blue to red = 0 - 20 m). 

2.2.3 Remote sensing platforms 

Sensors can be mounted on different platforms to acquire information on the Earth’s 

surface at various scales, according to research and monitoring needs, spanning from a whole 

region to a single tree (Figure 2-3). These platforms can be divided into the following 

categories. 

(i) Spaceborne. Satellite platforms can be mounted with a variety of sensors. 

Spaceborne technology has rapidly advanced since 1999, commencing the era of 

commercial satellite systems (Toth and Jóźków, 2016). One of the main advantages of 

spaceborne RS is that it allows access to relatively high temporal frequency data over very 

large spatial scales using several sensors. However, one of the main disadvantages of this 

platform is the often coarser resolution of the obtained data relative to airborne platforms 

(i.e., bigger pixel size). 

(ii) Airborne. Airborne platforms include airplanes and helicopters as well as UAS. 

Recently, UAS have gained the most interest (Anderson and Gaston, 2013). UAS can be 

either fixed wing (e.g., plane) or rotor wing (e.g., helicopter and multi-copter). They come 
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in different sizes with varying payload capacities, ranging from large systems with the 

capacity to carry over 50 kg to small and micro systems able to carry between 5–30 kg. 

Recent technological advancements in accurate small-scale positioning have allowed for 

the use of micro-UAS as sole platforms for RS surveys. Indeed, they can now facilitate 

different sensors (e.g., LiDAR, multispectral, hyperspectral, and thermal cameras) to 

measure and monitor forest structural properties at very high temporal and spatial 

resolutions (daily and with cm level pixel, respectively), with the potential to be a bridge 

between ground and airplane-based surveys (Figure 2-3). Recently, LiDAR technology has 

been applied on-board UAS (Jaakkola et al., 2010; Wallace et al., 2014; Wallace et al., 

2016) with very promising results. The use of this platform allows for targeted surveys of 

small areas (~ 5 ha), resulting in very high-density point clouds (Figure 2-2).  

(iii) Ground-based. Static and mobile platforms, such as terrestrial laser scanners (TLS) 

mounted on a tripod or hand-held mobile laser scanners (HMLS - Zebedee [ZEB1]), 

provide a new perspective to RS of forest vegetation as they allow for a detailed 3D 

depiction of below-canopy elements. They offer accurate data acquisition over small areas, 

either by performing scans in fixed positions (Muir et al., 2018), or by scanning while 

walking through the forest stand. However, major challenges to the use of ground-based 

platforms (e.g., TLS) in forests include the establishment time of reference points or 

permanent plots, the often-limited line-of-sight due to the occlusion caused by high stem 

density, as well as the lack of precision positioning within a dense forest canopy or absence 

of a GPS unit (e.g., HMLS).  
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Figure 2-3: RS technologies at different spatial scales. On the left-hand side are the 

different aerial and spaceborne systems: satellite (a), airplane (b), and Unmanned Aerial 

System (UAS) (c) which can provide coarse to fine resolution data at global to regional scales, 

respectively. At the local scale (right-hand side), fine resolution data can be obtained using 

Hand-held Mobile Laser Scanner (HMLS) (d) or a Terrestrial Laser Scanner (TLS) (e) 

mounted on its tripod which scan forest traits below the forest canopy, while the UAS (c) 

acquires data from above. 

2.3. Quantifying structural traits with remote sensing 

2.3.1 Tree dimensions 

Tree height and crown dimensions represent the architectural form of a tree, and capture 

the vertical structure across different strata (McElhinny et al., 2005). These architectural 

variables often show allometric relationships with other traits such as stem diameter (Hunt et 

al., 1999), and can serve as proxies for estimating components of structural complexity. Tree 

height and crown dimensions captured through LiDAR or data fusions that combine LiDAR 

and optical imagery often show high accuracy and cross validation with ground measurements 

(Table 2-1). However, one of the difficulties with using such RS data is delineating individual 

crowns. This can be achieved manually using a Canopy Height Model (i.e. CHM) generated 

from the point cloud data, but for applications over large areas automation is required, 

especially for use by practitioners. Automated methodologies have been proposed to segment 

crowns and measure heights, including “watershed segmentation” (Kwak et al., 2007), “local 
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maxima filters” relying on moving windows (Vepakomma and Cormier, 2017), “template 

matching” segmentation that relies on generalised tree models (Daliakopoulos et al., 2009; 

Hung et al., 2012), and clustering algorithms used at the pixel and voxel (i.e., volumetric pixel) 

level (Reitberger et al., 2009). While there is an abundance of proposed automated methods, 

their accuracy has mainly been tested in a forestry context where trees have well-defined 

crowns (Table 2-1), and their transferability to unmanaged forests and restoration plantings 

needs further investigation. 

2.3.2 Above ground biomass 

Above ground biomass (i.e., AGB) and basal area (i.e., BA) are structural traits that are 

indicative of ecosystem productivity, functioning and health (Zolkos et al., 2013), and both 

traits are used as surrogates for carbon sequestration (Houghton, 2005). Traditionally, AGB 

has been estimated using either species-specific (Rance et al., 2017) or more general (Paul et 

al., 2016) allometric equations, linking ground measurements of tree diameter at breast height 

(i.e., DBH) and height to biomass. Recently, the development of AGB models from remotely 

sensed data has rapidly increased, both in terms of model complexity and proposed approaches 

(Gleason & Im, 2011; d’Oliveira et al., 2012; Ene et al., 2016). Many studies have estimated 

AGB using either optical data, LiDAR data or their fusion (Table 2-1). Multiple studies have 

shown strong relationships between on-ground measurements of AGB and BA and those 

derived from RS (Table 2-1), indicating that 3D point clouds are capable of accurately 

capturing the same information but at a much finer spatial resolution than on-ground 

measurements (Gleason and Im, 2012). In both cases allometric models linking AGB with 3D 

point clouds and on-ground measurements are required, however obtaining the AGB data for 

model development is costly and destructive and the transferability across study systems is an 

issue. Nonetheless, a recent study from Jucker et al. (2017) addressed this problem, by 

developing global diameter and biomass allometries that can be applied with simple RS 

metrics (e.g., tree height and crown width). This was achieved using a large global dataset 

consisting of on-ground measured stem diameters, heights and crown widths, cross-validated 
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with a subset containing AGB. Although very general in nature, this study offers many 

opportunities for the fine tuning of biomass estimation using relatively simple RS metrics. 

2.3.3 Deadwood 

Standing deadwood and coarse woody debris (CWD) on the forest floor provide 

important habitat for biodiversity (McElhinny et al., 2005) and ecosystem services such as soil 

nutrient cycling and carbon storage (Schiegg, 2000). Traditionally, methods to map and 

characterise these traits have relied on time-consuming, ground-based surveys (Christensen et 

al., 2005). However, recent progress has been made towards assessing deadwood using RS 

technologies (Blanchard et al., 2011; Nyström et al., 2014). Several studies have shown high-

resolution airborne imagery (Pasher and King, 2009) and ALS (i.e., Airborne Laser Scanning 

- Nyström et al. 2014; Polewski et al. 2015) can provide high detection and discrimination 

accuracies irrespective of the applied algorithms, but results are variable (Table 2-1). A recent 

study successfully utilised ALS to detect CWD on the forest floor derived from windthrown 

trees (Chirici et al., 2018). However, this detection was possible as the canopies were opened 

due to recent storm damage, while in denser canopies the detection of fallen CWD may require 

below canopy RS measurements, such as TLS or near-ground photogrammetry (Piermattei et 

al., 2019). With the exception of a handful of studies (Andre et al., 2014; Li et al., 2016), there 

appears to be a general lack of RS applications focusing on the quantification of forest litter 

cover, which together with standing deadwood and CWD represents an important factor in the 

protection of soil against erosion, as well as for nutrient cycling.  

2.3.4 Canopy structure and layering  

Stand canopy structure describes the vertical and horizontal distribution of structural 

elements (i.e., crowns and stems) within the forest (McElhinny et al., 2005). Canopy structure 

and layering is influenced by a number of different traits (including species richness, tree  heig-
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Table 2-1: Summary of selected studies measuring forest structural traits using RS technologies. Studies are partitioned into six key stuructal traits. Listed are 

the vegetation type the study was conducted on, the spatial scale over which the study was conducted, the RS technology used to aquire data, the sensor, the data 

spatial resolution, the methods used in each study to derive the strucutral attribute, and the accuracy achieved through cross-validation (OA is the overall accuracy, 

R2 is the coefficient of determination). 

Structural trait Vegetation type 
Scale of the 

study (ha) 
RS technology Sensor Resolution Method used Achieved accuracy Reference 

Tree dimensions 

African rainforest and 

savannah 
Continental 

Spaceborne 

multispectral and 

spaceborne LiDAR 

Landsat 7 ETM+, 

Landsat 8 OLI and 

GLAS 

30 m, 30 m, 80 m Regression Tree algorithm 

OA = 72% (MAE 

(Mean Absolute Error) 

of 2 45 m) 

(Hansen et al , 2016) 

North American 

coniferous forest 
Local (3 5-50 2) Airborne LiDAR 

Optech-ALTM 

06SEN195 
7 8-12 5 points/m2 Localized Contour Tree 

OA = 75-94% (0-41% 

commission error) 
(Wu et al , 2016)  

North American 

coniferous forest 
Local (10) UAS-borne LiDAR Riegl VUX-1 >100 points/m2 

Local maxima filter with 

moving window 
R2 = 0 98 

(Vepakomma and 

Cormier, 2017) 

Japanese Temperate 

forest 
Local (0 16-0 5) Ground-based LiDAR Velodyne VLP-16 >100 points/m2 

Tree detection and 

segmentation with 3D point 

cloud models 

OA = 88 4-100% (3-

11% commission error) 

(Itakura and Hosoi, 

2018) 

Above ground 

biomass 

Mediterranean forest Local (1,000) 
Multispectral 

spaceborne imagery 
QuickBird 0 70 m Linear regression models R2 = 0 99 (Sousa et al , 2015)  

Temperate forest Local 
Airborne LiDAR and 

hyperspectral 

Leica ALS70 and 

Hyperspectral CASI 
6 7 points/m2, 1 m 

Partial least squares (PLS) 

regression 

R2 = 0 78-0 89, RMSE 

= 3 78-15 24 Mg/ha  
(Luo et al , 2017) 

Northern European 

coniferous forest 

Regional 

(230,000) 
Airborne LiDAR Optech-ALTM 3100 2 8 points/m2 

Log-transformed regression 

models 
R2 = 0 80-0 95 

(Gobakken et al , 

2012)  

Northern European 

mixed forest 
Local  Terrestrial LiDAR FARO Photon 120 

angular resolution 

of 0 036° 

Automated tree stem 

detection 
OA = 94-96% (Pueschel et al , 2013)  

Dead wood 

North American 

broadleaved forest 
Local Airborne imagery 

Duncantech MS4100 

CIR digital camera 

with Nikon 24 mm lens 

20 cm 
Direct detection and 

mapping 

OA = 94% (validation 

sites), 90% (control 

sites) 

(Pasher and King, 

2009)  

Northern European 

coniferous forest 
Local (54) Airborne LiDAR TopEye Mkll 65 points/m2 

Template matching 

algorithm used on an object 

height model 

OA = 36 % at 

individual tree-level  

OA = 89 % for trees 

taller than 27 m 

(Nyström et al , 2014) 

Central European mixed 

forest 
Local Airborne LiDAR Riegl LMS-Q560 30 points/m2 

Segment similarity function 

for clustering 
OA = 90 % (Polewski et al , 2015) 

Central European mixed 

forest 
Local 

Airborne LiDAR and 

colour-infrared imagery 

Riegl LMS-Q680i and 

UltraCam Eagle 

Camera 

6 points/m2, 20 cm Random forest classification OA = 94% 
(Kamińska et al , 

2018) 

 

Table continues over page.  
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Table 2-1: (Continued). 

Structural trait Vegetation type 
Scale of the 

study (ha) 
RS technology Sensor Resolution Method used Achieved accuracy Reference 

Canopy structure 

and layering 

Central European 

broadleaved forest 

Landscape 

(800) 
Airborne LiDAR 

Riegl LMS-Q560 & 

LMS Q680i 
35 points/m2 

Multi-scale canopy descriptors 

extractor 
OA =  69-91 % 

(Leiterer et al , 

2015)  

Central European 

coniferous forest 
Local Airborne LiDAR Riegl LMS-Q680i 5-15 points/m2 

Hierarchical approach to 3-D 

segmentation of dominant and 

subdominant crowns 

Dominant trees 

detection = 92-97 % 

Subdominant tree 

detection = 77 % 

(Paris et al , 2016)  

Northern European 

coniferous forest 
Local Airborne LiDAR Leica ALS 50-II 10 points/m2 

Generalised Linear Model 

(GLM) 
OA =  91-94 % 

(Sverdrup-

Thygeson et al , 

2016) 

Dry Eucalyptus open 

woodland 
Local Mobile LiDAR Zebedee >1000 points/m2 

Five steps classification 

algorithm 
OA = 80-98 % 

(Marselis et al , 

2016)  

Vegetation cover 

Tropical Atlantic forest 
National 

(8,600,000) 

Spaceborne multispectral 

imagery 

Landsat 5 TM, Landsat 7 

ETM+, Landsat 8 OLI 
30 m RF classification OA = 85-93 % 

(Da Ponte et al , 

2017) 

North Atlantic coastal 

vegetation 

Landscape 

(4,800) 

Spaceborne multispectral 

imagery 
Worldview-2 0 5-2 m 

Combination of pixel and object-

based classification 
OA = 95 % 

(Rapinel et al , 

2014)  

Tree species 

composition 

Northern European 

mixed forest 
Local Airborne LiDAR Optech ALTM 3100 5 1 points/m2 

Combination of structural and 

intensity features 
OA = 88 % (Ørka et al , 2009)  

South-eastern Australia 

Eucalyptus woodland 
Local 

Airborne Hyperspectral 

imagery 
HyMap 2 8 m 

Pixel-based machine-learning 

classification algorithms 
OA = 95 % 

(Shang and 

Chisholm, 2014)  

Mediterranean mixed 

forest 

Landscape 

to regional 

(110,000) 

Spaceborne Hyperspectral 

imagery 
EO1 - Hyperion 30 m 

Pixel-based machine-learning 

classification algorithms 
OA > 93 % (Puletti et al , 2016)  

Semi-arid vegetation Local 
UAS LiDAR and 

hyperspectral imagery 

HDL-32E LiDAR 

scanner, Headwall 

Photonics 400-1000 µm 

50 points/m2, 10cm Decision Tree classification OA = 89% 
(Sankey et al , 

2018) 
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ht and diameter distribution) (Franklin et al., 2002). Attempts at measuring canopy layering as 

a surrogate for bird species richness have employed time-consuming ground-based 

measurements (e.g., measuring the stratified arrangement of vegetation elements) usually 

undertaken at relatively small scales (Cavada et al., 2017; MacArthur and MacArthur, 1961). 

RS, particularly LiDAR sensors, can provide very detailed vertical and horizontal information 

on canopy structure and layering (Table 2-1). Statistical methods to detect multiple canopy 

strata using RS derived data vary from simple generalised linear models (GLMs) to more 

complex approaches such as voxel analysis (Lecigne et al., 2018). The concept of canopy 

rugosity (i.e., a measure of canopy structural heterogeneity) has also been investigated in 

recent years (Hardiman et al., 2013; Maurer et al., 2013), with studies ranging from local (Fotis 

et al., 2018) to continental scale (Atkins et al., 2018).  

Regardless of the statistical method employed, LiDAR data has been successfully used 

to (i) classify canopies into multiple strata (Ferraz et al., 2012; Paris et al., 2016), (ii) classify 

horizontal patterns within strata (Zhao et al., 2009), (iii) quantify canopy surface dynamics, 

and (iv) extract single tree crowns (see section 2.3.1). While RS of canopy structure has mostly 

occurred at fine scales (Table 2-1), upscaling to the landscape or regional level will require 

further development of timely and cost-effective approaches.  

2.3.5 Vegetation cover 

Vegetation cover, defined as the total vertical projected area of tree crowns and other 

vegetation elements on the forest floor (Gonsamo et al., 2013), has been one of the most 

common traits assessed through RS. The main application has been in monitoring land-use 

change (Wang et al. 2016; Camarretta et al. 2017), but it has also been used to identify target 

regions or corridors for forest restoration (Cordell et al., 2017). Monitoring of vegetation cover 

broadly provides information on vegetation density, stand development, AGB, and the 3D 

distribution of vegetation elements (Gibbons et al. 2006; FAO, 2011). A commonly applied 

approach to monitoring vegetation cover is fisheye photography (i.e., hemispherical 
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photographs of the canopy looking upward from the forest floor), which provides an estimate 

of canopy openness (Rich, 1990; Macfarlane et al. 2007). Although very accurate, this 

approach is time-consuming and requires multiple sampling locations to cover relatively small 

areas (Gonsamo et al., 2013). At broader scales the only feasible options are satellites (Da 

Ponte et al., 2017), very high-resolution aerial imagery (Getzin et al., 2014; Karl et al., 2014), 

and their fusion with LiDAR data (Wang et al. 2016). Table 2-1 presents two examples 

demonstrating the use of spaceborne imagery to estimate canopy cover percentage and its 

change over time, by implementing a pixel- and object-based automatic classification 

approach (Rapinel et al., 2014), as well as a random forest (RF) classifier used to create land 

cover/use maps to assess multi-temporal dynamics of tropical forest in South America (Da 

Ponte et al., 2017). 

2.3.6 Tree species composition 

The ability to identify and delineate between tree species for habitat mapping and 

monitoring is essential to deliver useful information on species composition and abundance 

for inventory and conservation efforts (Schweiger et al., 2018). The use of RS systems to 

classify forest tree species has been investigated using both ALS data and remotely sensed 

imagery (e.g., spectral phenotyping) (Dungey et al., 2018; Fassnacht et al., 2016; Ørka et al., 

2009) (Table 2-1).  

The detection of tree species and broad vegetation categories using hyperspectral imagery 

requires the training and validation of machine-learning algorithms (Petropoulos et al., 2012). 

However, there have been few comparisons between the overall accuracies of different 

algorithms in their discrimination abilities. For example, Puletti et al. (2016) tested the 

classification accuracy of three different algorithms (support vector machine [SVM], random 

forest [RF], multivariate adaptive regression splines [MARS]) using Hyperion hyperspectral 

satellite imagery to segregate between coniferous and broadleaved forests over a large area in 

central Italy and identified SVM as superior to RF and MARS (Table 2-1). A comparative 
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study by Shang & Chisholm (2014) indicated that RF outperformed SVM and AdaBoost in 

the classification of seven Australian native forest species (six eucalypt and one non-eucalypt 

species) using aerial hyperspectral imagery (Table 2-1). Moreover, a recent study by Sankey 

et al. (2018) showcased the potential of UAS ultrahigh-resolution hyperspectral and LiDAR 

data fusion to classify five vegetation species using a decision tree classification approach 

(Table 2-1). In this case, several species with similar spectral phenotypes were differentiated 

by the addition of LiDAR-derived metrics (e.g., height values to differentiate shrubs from 

trees). 

While several studies demonstrate the ability of RS applications in the classification of 

vegetation types and species, challenges remain in expanding the total number of species 

detected, particularly in regard to the understorey vegetation, and in the scaling up of very fine 

resolution information required for species identification over larger areas, without decreasing 

the necessary level of resolution.  

2.3.7 Structural complexity 

RS technologies have mostly focussed on the measurement of individual structural traits 

(see above). However, such information can be used to derive estimates of structural 

complexity for the monitoring of on-going effectiveness of forest restoration plantings. While 

a number of studies have attempted to quantify traits or indices of structural complexity 

(Hyyppä et al. 2000; Estes et al. 2010), results have been variable (Ingram et al., 2005; Wood 

et al., 2012). For example, Estes et al. (2010) compared estimates of structural complexity in 

a montane region of Kenya using traits obtained from the ASTER L1a satellite sensor and 

derived additive indices either following McElhinny et al. (2006) or using principal 

component analysis (PCA). They found McElhinny’s index tended to better predict structural 

complexity (R2 = 0.51) than the PCA method. In contrast, using traits derived from QuickBird 

satellite imagery integrated with fisheye photography, Torontow & King (2011) found that 

PCA outperformed two similar but different additive indices. The use of optical data, however, 
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lacks canopy penetration, likely missing important structural traits. Indeed, the use of finer 

scale 3D data derived from airborne LiDAR has shown that, while variable, there is a gain in 

the accuracy of structural complexity estimates in terms of predictive power (range R2 = 0.34 

to 0.81; Garabedian et al. 2014). For example, in their study Melin et al. (2018) used multiple-

return LiDAR data to assess how forest edges influenced avian diversity, finding a positive 

relationship between the density of vegetation below four meters and bird species diversity. 

Recently, holistic approaches to measure structural complexity using TLS data have been 

investigated, addressing individual trees (Seidel, 2018; Seidel et al., 2019) and forest stands 

(Ehbrecht et al., 2017) as a whole rather than as the sum of individual structural traits. The box 

dimension approach (Mandelbrot, 1977) that relies on fractal analysis was used to calculate a 

measure to distinguish tree shapes according to species and growing conditions (Seidel, 2018). 

At the forest stand level, a scaled structural complexity index (SSCI) was developed using 

single TLS scans (Ehbrecht et al., 2017). SSCI construction involves the scaling of fractal 

dimension values (i.e., a dimensionless measure describing geometric complexity of objects; 

Mandelbrot 1977) to take into account forests vertical structure. Box dimension and SSCI 

could provide measures of structural complexity at both the individual tree-level and forest 

stand using TLS and potentially ultrahigh-density UAS LiDAR, offering complementary 

information to more traditional measures conventionally related with structural traits. 

Information on structural complexity at the landscape scale is needed for adaptive 

management of restoration. However, challenges remain in the use of a common and clear 

definition of structural complexity and the choice of methods for assessment. Nevertheless, in 

terms of design, an option for landscape assessment of structural complexity could be to follow 

the approach taken with national forest inventories worldwide, where a large number of 

permanent plots scattered through the landscape is regularly monitored both on ground and 

with RS technology (Fankhauser et al., 2018; Næsset, 2007; Pearse et al., 2018). This will 

allow the production of structural complexity maps at the landscape to national level which 
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will serve as an additional layer in vegetation mapping to identify and prioritise areas in need 

of conservation, restoration, or other management. 

2.4. Discussion 

The long-term monitoring of forest restoration plantings is necessary to assess the success 

and effectiveness of ecological restoration as well as to guide adaptive management. To date 

there is still a paucity of such studies and these rarely employ RS (Pérez et al., 2019; Zahawi 

et al., 2015). The studies reporting on restoration effectiveness do not use a standard approach 

to assessment. Approaches reported include the quantification of: species composition, 

vertical structure, density-volume relationship, tree loss and recruitment (Sasaki et al. 2018); 

vegetation composition and structure (Wilkins et al. 2003); horizontal structural complexity 

(Dickinson et al. 2016); biodiversity and ecosystem functions (Ren et al. 2017); survival and 

vegetation cover (Pérez et al., 2019). Moreover, a recent review assessing restoration success 

found that the majority of assessments included only two to three key ecological indicators, 

generally using less than three traits per indicator (Gatica-Saavedra et al., 2017). The studies 

presented in the current review highlight ways to monitor forest restoration success through 

the assessment of structural traits. Several methods and approaches have been developed over 

the years to measure forest structural traits using different configurations of sensors and 

platforms, from a local to continental level (Table 2-1). These studies demonstrate the 

versatility of LiDAR and optical sensors, both in terms of different vegetation types (from wet 

tropical forests, to temperate and boreal forest), and the spatiotemporal scale at which 

information on structural traits can be obtained (Wang et al. 2019). Data acquisition is a 

relatively simple process in many cases (e.g., from data provider companies), but the expertise 

and time required for post-processing, deriving metrics describing structural traits, and 

analysing them to obtain meaningful information is an issue that needs to be overcome, and is 

likely to limit the wider application of this technology in the short-term. Moreover, particularly 

in the case of UAS and ground-based systems, environmental conditions (e.g. high winds, 
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precipitation, extreme temperatures and difficult topography) and other factors (e.g., seasonal 

and daily changes in sun angle) may pose further challenges for RS operations and data 

acquisition. Nevertheless, although the expertise to process and manipulate RS data is still 

limiting, the restoration sector is rapidly expanding and we anticipate a much wider and less 

specialized uptake of RS for effectiveness monitoring of forest restoration as more automated 

data analysis pipelines become increasingly available, and newer sensors and semi- to fully-

autonomous flight algorithms for UAS are developed (Jaakkola et al., 2017).  

Many of the examples presented undertook the assessment of one or more structural traits 

within coniferous forest systems of the Northern Hemisphere, with few examples from 

broadleaved or mixed forests (Chianucci et al., 2016; Fassnacht et al., 2016). This may be in 

part due to the often-symmetrical form of coniferous tree species (e.g., Pinus) which provides 

the ideal experimental system to explore new RS approaches and analytical methods. Further 

extensions of such studies into broadleaved forests, where trees are asymmetrical and have 

overlapping canopies (e.g., Eucalyptus forests), will improve the extrapolation of RS 

approaches and analytical methods beyond the test environment.  

While most studies presented focus on LiDAR derivatives of key structural traits, there 

is an increasing trend for 3D point clouds to be complemented with optical (i.e., multi- and 

hyperspectral imagery) data. Indeed, the fusion of spectral imaging and 3D point clouds has 

been increasingly shown to improve the discrimination ability when deriving RS estimations 

of structural traits (e.g., species composition) compared to using either data source alone 

(Hansen et al., 2016; Luo et al., 2017; Sankey et al., 2018). Indeed, species classification using 

optical data to detect different species (or genetic provenances within the same species) may 

show similar spectral properties, making accurate classifications difficult. In these 

circumstances, the addition of 3D derivatives (from LiDAR or photogrammetry) could help 

segregate between different species if these species have different architectural properties. For 

example, a shrub and a tree may share the same spectral signatures and additional 3D data 

(e.g., height profile) may be required for accurate identification. When detecting and 
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quantifying the volume of deadwood, 3D data may provide good estimations of volume, but 

high-resolution optical data may be needed to detect deadwood in the first place. As multiple 

sensors and platforms are used in various combination, it is anticipated that the accuracy of 

derived structural traits will markedly improve following the fusion of the captured data (e.g. 

the combination of on-ground photogrammetry and UAS LiDAR fused with spectral imagery).  

The choice of sensor and platform used for RS of structural traits needs to be scale 

appropriate. Some traits (e.g., tree dimensions, deadwood and canopy layering) may only be 

accurately captured at local scales, while other traits (e.g., above ground biomass, vegetation 

cover and to an extent species composition) can be studied at a landscape to regional scale and 

still provide meaningful information (Figure 2-1). Thus, the choice of platform and sensor 

combination is largely context dependent and will be governed by the questions being asked 

and the spatiotemporal scale that these questions are addressing. However, irrespective of 

platform and sensor types, RS studies require ground-truthing to understand any potential error 

or bias in the RS derivatives. On-ground measurements for ground-truthing are often 

undertaken at the plot level and can sometimes require more measurements than those of 

traditional field surveys (i.e., GPS/GNSS plot positioning, position of each tree measured 

relative to plot centre). 

While holistic approaches to quantify structural complexity may be useful for 

applications such as comparing structural heterogeneity (Zenner and Hibbs, 2000) and some 

decision-making, they do not provide the necessary in-depth understanding of the structural 

components required by restoration practitioners and land managers to guide interventions. 

Summarising the multidimensionality of structural complexity into a scaled index (e.g. 

McElhinny’s Index or one derived from a PCA) provides a potentially better approach to 

position the restoration site upon the restoration continuum through time and thus provides a 

mechanism to gauge the effectiveness of the on-ground plantings (Figure 2-1). However, for 

this information to be useful for adaptive management, a clear quantification of the individual 
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structural components which are present or lacking from the plantings is necessary (Figure 2-

1).  

Linking the on-going fine-scale monitoring required to detect the remediation of 

degradation processes, with the development of structural complexity in restoration plantings 

using RS, will help identify such triggers for adaptive management. Early baseline data and 

benchmarking remediation against the structural complexity of a reference system is key. To 

this end, a monitoring network of permanent plots embedded in restoration plantings will 

provide insights into (i) the development of key structural traits over time, (ii) the temporal 

and spatial scale at which said traits need to be monitored, and (iii) the effectiveness of 

structural complexity as a proxy for restoring desired ecosystem functions and services. 

Therefore, monitoring a common set of traits, such as those abovementioned, using a 

combination of RS technologies, could result in a more comprehensive, beneficial and, in the 

long-term, cost-effective approach to assess site recovery from a degraded state, thus 

informing better practice of forest restoration. 
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Chapter 3: Stability of species and provenance performance following 

translocation into diverse restoration communities 

Chapter published as: 

Camarretta N., Harrison P. A., Bailey T. G., Davidson N., Lucieer A., Hunt M., Potts 

B. M., (2020) Stability of species and provenance performance when translocated into 

different community assemblages. Restoration Ecology, https://doi.org/10.1111/rec.13098 

Chapter summary 

The stability of species and provenance performance across diverse environments is a 

major issue in restoration, particularly for assisted migration and climate-adjusted 

provenancing strategies. This study examines how differences in species and provenance 

performance are affected by plant community composition in a dry sclerophyll forest 

restoration experiment. Five indices were measured over six years post-establishment to 

evaluate the relative performance of community composition using ten provenances of two 

focal eucalypts (Eucalyptus pauciflora and E. tenuiramis) under six community treatments for 

E. pauciflora and five for E. tenuiramis. Community treatments varied according to the species 

planted as the immediate neighbour to the focal species, and included same species, same 

genus or one of three different genera. Significant species and provenance differences were 

observed for all measured performance indices, with no evidence of interaction effects with 

community treatments. E. tenuiramis was more susceptible to insects and frost, had poorer 

establishment but greater growth of the survivors than E. pauciflora. Generally, non-local 

provenances were more susceptible to insect herbivory and frost damage and had higher 

mortality than local provenances. At this early life-stage there was no evidence that co-planted 

species affected the relative performance of focal species or provenances, arguing transfer 

functions are likely stable across different planted communities. While species and provenance 

performance was not affected by community context, focal species differed in their response 
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to upslope migration and any climate-adjusted provenancing may require staged transfers to 

avoid maladaptation under contemporary growing conditions.  

3.1 Introduction 

 For long-lived species such as trees, future climate models are being used to guide 

translocation decisions with the aim to develop resilient plantings better adapted to future 

climates (Harrison et al. 2017). Assisted gene flow (the movement of germplasm within the 

species natural distribution) and assisted migration (the movement of germplasm within or 

outside their natural distribution) are thus being increasingly integrated into conservation 

strategies (Aitken and Whitlock, 2013; Gray et al., 2016). In a restoration context, this involves 

strategies such as climate-adjusted provenancing, which aim at enriching local plantings with 

seed predicted to be genetically adapted to future climates of the planting site (Prober et al., 

2015). While a number of technical and practical challenges remain in broadly adopting such 

strategies (Breed et al., 2018), the extent to which biotic interactions may modify species and 

provenance performance (Pearse et al. 2015; Gellie et al. 2016) has received little 

consideration (Whittet et al. 2016; Bucharova 2017). This is particularly important as species 

and provenance translocations are not made in isolation but are embedded in diverse and even 

novel communities. Indeed, as restoration involves rebuilding functionally and structurally 

complex ecosystems, the correct choice of species and provenance is key to its success (Breed 

et al., 2018).  

The stability of plant performance across different environments (Genotype × 

Environment interactions [GxE]) is a fundamental issue in tree breeding (Li et al. 2017). Such 

studies generally focus on the response of species and populations to abiotic factors, including 

climatic and edaphic conditions (McKeand et al., 2006). However, the role of biotic 

interactions in GxE has received less attention, and is of particular relevance in forest 

restoration, where complex species assemblages are being re-established in damaged, 

degraded, or cleared landscapes. Biotic interactions may involve multiple trophic levels 
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(Bailey et al. 2005), but can also occur within the same trophic level, as for example among 

different planted species (Perring et al., 2012), provenances (Grady et al., 2017) or genotypes 

(Costa e Silva et al. 2013). Studies focusing on plant interactions include the role that species 

mixtures and nurse effects play in building complex ecosystems (Bucharova et al., 2016; 

Padilla and Pugnaire, 2006), including age trends in interactions transiting from facilitation to 

competition (Forrester et al. 2011). At the provenance level, locally co-evolved neighbouring 

plants can mutually benefit each other in terms of survival and performance when growing in 

close proximity, taking advantage of sympatric interactions (Grady et al., 2017; Semchenko et 

al., 2019). Even within provenances of the same species, ‘social’ interactions among plants 

may have a genetic basis (referred to as Indirect Genetic Effects), and can affect the 

performance of neighbouring plants through, for example, competition and disease spread 

(Costa e Silva et al. 2013).  

The present study examines whether biotic interactions cause GxE by assessing the 

stability of species and provenance performance of two focal eucalypt tree species – 

Eucalyptus pauciflora and E. tenuiramis - when planted in different community assemblages. 

These two similar-sized focal eucalypts (Boland et al., 1992) are key tree species being used 

for forest and woodland restoration in the southern midlands area of Tasmania (Bailey et al. 

2013; Harrison et al. 2017). Here, we test for interactions with different community treatments 

and compare the patterns of performance of provenances sampled from along a similar 

environmental gradient. 

3.2 Materials and Methods 

3.2.1 Study site  

The study was undertaken using a common garden field trial established at Dungrove 

(592 m elevation, latitude -42.2733°, longitude 146.8941°) in the southern Midlands of 

Tasmania, Australia (Figure 3-1). The trial was established on ex-agricultural land embedded 

within the broader restoration plantings aimed at buffering and re-connecting remnant 
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woodlands dominated by Eucalyptus pauciflora and E. tenuiramis across fragmented 

landscapes (Bailey et al. 2013). Relative to the distribution of both focal species (Figure 3-2), 

the trial site was near the upper altitudinal limit of E. tenuiramis but more central for E. 

pauciflora (Williams and Potts, 1996). Species distribution modelling suggests that by the 

2080s [i.e., 30-year mean of 2070-2099] the forecasted climate at the trial site will be outside 

suitable climate habitat for E. pauciflora, but increasingly suitable for E. tenuiramis (Harrison, 

2017). The site is characterised by sandy-loam soils derived from Permian mudstone substrate, 

with mean annual precipitation of 634mm and annual mean temperature of 9.0°C. Following 

herbicide treatment, the site was ripped and mounded into rows for planting in October 2010.  

 

Figure 3-1: (a) Experimental layout of the eight experimental replicates across the 

Dungrove site. Each replicate consisted of 12 plots comprising 10 community treatments 

(Table 3-1). (b) Conceptual layout of a single community treatment plot where triangles 

correspond to the focal eucalypt species (E. pauciflora or E. tenuiramis) and circles correspond 

to the same focal species, same genera, or different genera (see Table 3-1). (c) Geographic 

location of the Dungrove trial site on the island of Tasmania (gray shading). 
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Figure 3-2: Location of the ten provenances of both focal eucalypt species (red points; 

Eucalyptus pauciflora [left] and E. tenuiramis [right]) sampled across their native distribution 

(grey points) in Tasmania. Distribution data was acquired from the Natural Values Atlas of 

Tasmania (https://www.naturalvaluesatlas.tas.gov.au/). 

3.2.2 Experimental design 

The relative performance of two focal eucalypts (Eucalyptus pauciflora and E. tenuiramis) 

and their provenances was studied under five community treatments for E. tenuiramis and six 

for E. pauciflora. Community treatments varied according to the species planted as the 

immediate neighbour to either focal eucalypts and included the same species (monoculture 

planting), same genus (mixed eucalypt planting), or one of three different genera (mixed 

plantings) (see Table 3-1). The species from different genera were chosen to represent either 

early (Acacia dealbata and Cassinia aculeata) or late (Allocasuarina littoralis) successional 

native species. The trial design was effectively a split-plot design with two levels and eight 

main replicates. At the highest level, there were 10 community (i.e., treatments) plots per main 

replicate of the experiment (Table 3-1). The number of community treatments for each focal 

species was derived from the fact that (i) one species mixture (with E. nitens) was only 

represented for E. pauciflora, and (ii) the single community plot comprising the mixed 

planting of the focal species constituted a community treatment for both species. The E. 
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nitens/E. pauciflora treatment was included as these species had been the focus of previous 

research in the Midlands region (Close et al. 2010). The Cassinia aculeata treatment was 

represented in two community plots per replicate due to suitable plants for another planned 

treatment being unavailable at the time of planting. The high mortality of some co-planted 

species (e.g., Cassinia aculeata and Allocasuarina littoralis treatments) resulted in the 

effectiveness of some treatments diminishing with time (Table 3-2).  

Table 3-1: Species composition of the community treatments planted in the present study. 

In the mixed planting of both focal eucalypts with the shrub Cassinia aculeata, treatment was 

represented by two plots within each experimental replicate, whereas all other treatments are 

represented by one plot (see section 3.2.2). 

Treatment Description 

pauc/pauc monoculture of Eucalyptus pauciflora 

ten/ten monoculture of Eucalyptus tenuiramis 

pauc/ten mixed E. pauciflora & E. tenuiramis 

pauc/nit mixed E. pauciflora & E. nitens as nurse crop 

pauc/ac mixed E. pauciflora & Acacia dealbata 

pauc/cass mixed E. pauciflora & Cassinia aculeata 

pauc/allo mixed E. pauciflora & Allocausarina littoralis 

ten/ac mixed E. tenuiramis & Acacia dealbata 

ten/cass mixed E. tenuiramis & Cassinia aculeata 

ten/allo mixed E. tenuiramis & Allocausarina littoralis 

 

Within each community treatment, the focal eucalypt was represented by ten provenances 

sampled across their native distribution in Tasmania, including a provenance local to the trial 

site (Table 3-3). Each provenance comprised five to seven open-pollinated families collected 

from wide-spaced wild trees. The seed material was collected over the austral summer season 

of 2009/2010 (i.e., November to January for E. pauciflora and January-February for E. 

tenuiramis). Seedlings were grown in family lots in a commercial nursery, where they were 

randomised with respect to provenance. Seedling from the two focal species were grown in 

separate, proximal areas of the nursery, at the same time under similar conditions. When 

planted, seedling were approximately ten months old. Each community treatment was planted 

with 120 seedlings. The focal eucalypt was represented by a single seedling from each of the 
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60 families planted in every second position, with the alternate positions filled using either the 

same species, same genus or different genera (Figure 3-1b). Families and thus provenances of 

the focal eucalypt species were randomly assigned to planting positions within each 

community treatment. However, in the case of the monoculture plots, the alternative position 

was filled by a seedling of 60 families of the same focal eucalypt, and the mixed E. 

pauciflora/E. tenuiramis treatments were an overlay of replicates of the 60 families of each 

eucalypt species. Seedlings were planted at 2.5m intervals along cultivation lines, with 

cultivation lines 3m apart. This spacing reflected that used in routine restoration plantings at 

the time. While plant interaction effects have not been studied with these species, or in these 

dry environments, competitive interactions and pathogen infection among trees have been 

detected at the intra-specific level in wetter environments as early as two years of age (Costa 

e Silva et al. 2013)  and interspecific interactions by age 5 years (e.g., Eucalyptus globulus 

and Acacia mearnsii - Forrester et al. 2011).   

Table 3-2: Total number of planted seedlings and proportion surviving to age two-years 

and six-years, along with the summed total seedlings planted and the overall proportion that 

survived.  

Species 
Number 

planted 
Survival 

 
 Year 2 Year 6 

Eucalyptus pauciflora 3360 0.92 0.67 

Eucalyptus tenuiramis 2880 0.53 0.22 

Acacia dealbata 960 0.64 0.20 

Allocasuarina littoralis 960 0.32 0.06 

Cassinia aculeata 1920 0.64 0.01 

Eucalyptus nitens 480 0.58 0.22 

Total 10560 0.61 0.23 
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Table 3-3: Geographic coordinates (decimal degrees), altitude above sea level (m a.s.l), mean annual temperature (MAT, °C), mean annual precipitation 

(MAP, mm) for each provenance sampled of the two focal eucalypt species (Eucalyptus pauciflora and E. tenuiramis) and the trial site. The MAT and MAP 

values were calculated using the ANUClim V6.1 (Xu and Hutchinson, 2013), as means from the 1976-2005 period. In all cases, Dungrove was the local 

provenance for each focal eucalypt species. The last row represents the planting site of the restoration experiment. 

Species Provenance Longitude Latitude Altitude (m a.s.l) MAT (°C) MAP (mm) 

E
u
ca

ly
p
tu

s 
p
a
u
ci

fl
o
ra

 

Bothwell Lake 146.9954 -42.3798 375 9.2 525.3 

Curringa 146.7721 -42.5698 101 10.2 567.1 

Dungrove 146.8861 -42.2664 547 10.3 615.6 

Interlaken 147.1412 -42.1461 819 7.7 687.0 

Lake Leake 147.8173 -42.0211 602 11.5 764.4 

Osterley 146.7408 -42.3543 348 10.3 662.6 

Ross 147.5323 -42.0017 241 10.0 505.1 

South Arm 147.4223 -43.0341 16 11.2 595.8 

Stonor 147.4316 -42.4277 445 9.1 604.5 

Tin Dish Rivulet 147.4370 -42.3079 410 12.7 529.3 

E
u

ca
ly

p
tu

s 
te

n
u

ir
a

m
is

 

Bothwell Tip  147.0361 -42.3872 409 8.7 531.9 

Dungrove 146.8981 -42.2798 645 10.1 658.8 

Grasstree Hill 147.3778 -42.777 226 10.2 595.2 

Hollow Tree 146.9165 -42.5392 324 9.1 603.7 

Humbie Hill  146.9607 -42.4286 377 10.4 553.3 

Hungry Flats Rd. 147.4592 -42.5268 320 10.4 600.9 

Huon Rd 147.2921 -42.9023 245 10.8 748.5 

Lovely Banks Rd. 147.2578 -42.4598 373 11.4 531.8 

South Arm Rd. 147.5026 -42.9769 86 11.2 611.4 

Strickland 146.6600 -42.3479 550 12.3 872.0 

  Dungrove 146.8941 -42.2733 592 9.0 634.1 
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3.2.3 Field measurements 

The stability of the genetic response was assessed in five performance indices scored for 

the focal species in all treatments over six years (except for insect damage, which was not 

measured in the Cassinia aculeata treatments due to time constraints). These performance 

indices were: insect damage (assessed as % of leaf area loss caused by insects at the 2nd month); 

frost damage (assessed as % of total leaf area damaged by frost at the 7th month); damage by 

invasive fallow deer (Dama dama; assessed as presence/absence of deer damage at year 2); 

species survival (assessed as presence/absence at years 2 and 6); and tree height growth 

(measured for all live trees at year 6). Tree height was used as a performance surrogate for 

growth of surviving trees under competitive growing conditions. Fallow deer were introduced 

into Tasmania in early 1830’s and their populations have been increasing, particularly in the 

last few decades (Potts et al. 2014). Measurements of damage due to insect and mammal 

herbivory were included to assess the stability of higher-level trophic interactions. Frost 

damage was included to test the efficacy of the experimental design in that we would not have 

expected a treatment by species or provenance interaction for this abiotic factor at the early 

age of assessment. 

3.2.4 Statistical analysis 

The statistical analysis of genetic stability (i.e., absence of a statistically significant 

genotype by biotic environment interaction) was undertaken in two levels, the first focusing 

on the species level and the second focusing on the provenance variation within each species. 

These analysis were undertaken separately using SAS (Version 9.4).  

The species level analysis compared the focal species performance across five community 

treatments (excluding the E. nitens treatment as it was only present with E. pauciflora). The 

two Cassinia plots were treated as a single treatment for simplicity, as results were effectively 

the same as when they were fitted separately. The following linear mixed model was fitted to 

the data using PROC GLIMMIX of SAS:  
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response = treatment + species + treatment*species + replicate + provenance(species) + 

replicate *treatment + replicate *species + replicate *provenance(species) + 

replicate *treatment*provenance(species) + residual 

where treatment, species and treatment*species are the fixed effects of the community 

treatment, focal eucalypt species and their interaction; random main effects included the main 

replicate (replicate), provenance nested within species (provenance(species)) and the nested 

provenance by community treatment interaction (treatment*provenance(species)) terms along 

with their interactions; and residual is the random error. Response data from five treatment 

replicates were included (monoculture, mixed eucalypt [E. pauciflora/E. tenuiramis], and 

mixed eucalypt with Acacia dealbata, A. littoralis and C. aculeata), except for insect damage 

where data was not available for the C. aculeata treatments. Deer damage and survival were 

fitted using a binary model with a logit link function whereas all other performance indices 

were modelled assuming a Gaussian distribution of residuals. Insect and frost damage were 

converted to proportions and angular transformed for analysis then later back-transformed on 

the response scale. For the binary models, back-transformed estimates of the least-square 

means and 95% confidence intervals (CI) were obtained using the ILINK option of PROC 

GLIMMIX. The statistical testing of fixed effects was undertaken using Type III F-tests with 

degrees of freedom estimated using the default ‘Containment’ method.  

To test for provenance effects and their stability across community treatments, the data 

for each focal species was analysed separately. In the case of E. pauciflora, the mixed planting 

with E. nitens was also included as an additional community treatment. The model fitted at 

this level for each focal species was: 

response = treatment + provenance + treatment*provenance + replicate + 

replicate*provenance + replicate* treatment + replicate*treatment*provenance 

+ residual  
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where treatment, provenance and their interaction are fixed effects. Differences among levels 

of the main fixed effects of provenance and treatment were tested using (i) the Tukey-Kramer 

adjustment for multiple a posteriori contrasts, and (ii) specific a priori contrasts of each 

provenance to the local provenance of Dungrove. Provenance transfer functions (Rehfeldt et 

al., 2003) were modelled against provenance home-site altitude using R (R Core Team, 2018). 

In the present case, variation in home-site altitude was significantly associated with decreasing 

temperature (mean annual temperature for E. pauciflora Pearson’s correlation coefficient, r = 

-0.99 P < 0.001; for E. tenuiramis r = -0.99 P < 0.001) but not rainfall (mean annual rainfall 

for E. pauciflora r = 0.58, P = 0.081; for E. tenuiramis r = 0.31 P = 0.375). For each focal 

eucalypt and each performance index, the variation in provenance least-square means derived 

from the above mixed model was fitted as quadratic responses to altitude using the ‘lm’ 

function. Linear and quadratic coefficients were fitted as orthogonal polynomials using the 

‘poly’ function. The best fit of a linear or quadratic model to the data was assessed using a 

two-tailed likelihood ratio test with one degree of freedom using the ‘lrtest’ function of the 

lmtest package.  

3.3 Results 

3.3.1 Genetic stability at the species-level 

Significant differences of species performance were observed for all indices assessed, 

irrespective of treatment (P < 0.05; Table S3-1). In most cases, the species response was 

associated with the poor performance of E. tenuiramis, which tended to be more damaged by 

insects (E. tenuiramis: Least-square mean = 0.14, 95% CI [0.10, 0.19]; E. pauciflora: 0.07 

[0.04, 0.11]), frost (E. tenuiramis: 0.39 [0.24, 0.55]; E. pauciflora: 0.04 [0.00, 0.12]), and deer 

(E. tenuiramis: 0.24 [0.16, 0.34]; E. pauciflora: 0.15 [0.10, 0.23]), and had fewer survivors at 

age six-years (0.12 [0.04, 0.32]) compared to E. pauciflora (0.69 [0.40, 0.88]). Indeed, 

significant differential survival of the two focal eucalypts was apparent at two-years of age (F1, 

7 = 24.0; P = 0.002), with 93% of planted E. pauciflora surviving compared to 48% of planted 
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E. tenuiramis. This differential species survival was still evident when comparing the local 

provenances of either species (six-year survival, E. pauciflora: 0.72 [0.54, 0.85]; E. tenuiramis: 

0.37 [0.17, 0.63]). However, despite fewer survivors of E. tenuiramis at age six-years, 

surviving E. tenuiramis (2.65m [2.06, 3.26]) tended to be significantly taller than surviving E. 

pauciflora (2.00m [1.42, 2.58]). 

Significant community treatment effects were also detected in three of the five assessed 

indices (P < 0.05; Table S3-1), irrespective of focal eucalypt species. The susceptibility to deer 

damage at age two-years was significantly associated with the community treatment (P = 

0.021), which mainly reflected the greater susceptibility of the focal eucalypts when planted 

with the shrub C. aculeata (pooled proportion across focal eucalypts damaged, 0.25 [0.17, 

0.35]) compared with the pure (0.17 [0.11, 0.25]) or mixed (0.13 [0.08, 0.20]) plantings of the 

focal eucalypts. Treatment differences were also significant for six-year survival (P = 0.001) 

and height growth (P = 0.041). Survival differences were mainly due to the greater survival of 

plants in the mixed eucalypt species treatment (0.62 [0.37, 0.82]) compared with the average 

survival of the pure (0.33 [0.15, 0.57]), A. dealbata (0.28 [0.12, 0.51]), C. aculeata (0.22 [0.10, 

0.44]) and A. littoralis (0.38 [0.18, 0.63]) plantings. Treatment differences in height were 

mainly due to the focal species being taller when grown in mixed eucalypt species plantings 

(2.66m [2.22, 3.22]) compared to when grown in the presence of C. aculeata (1.90m [1.32, 

2.47]). 

3.3.2 Genetic stability of provenances and transfer responses to altitude 

Significant differences in performance of E. pauciflora provenances were detected for all 

indices assessed, independent of community treatment (P < 0.05; Table S3-1). Local versus 

non-local provenance contrasts were significant for insect and deer damage, survival, and 

height, with the non-local provenance exhibiting greater damage, and poorer survival and 

growth than the local provenance (Figure 3-3). Only one population was transferred 

downslope more than 200 m (E. pauciflora), but this did not result in a reduction in survival  
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Figure 3-3: The linear and quadratic relationship and 95% point-wise confidence interval 

(red-dashed lines) for the provenance least-square means of the five performance indices 

modelled against home-site altitude (m above sea level) of each provenance for the two focal 

eucalypt species, E. pauciflora (left-hand column) and E. tenuiramis (right-hand column). 

Provenances are depicted by symbols within plots, with closed symbols represent provenances  

Caption continues over page.  
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Figure 3-3: (Continued).  

that performed significantly better or worse (P < 0.05) than the local provenance. The survival 

at age 6-years is shown for E. pauciflora (g) and age 2-years for E. tenuiramis (h). Arrows 

heads point to the altitude of the local provenance (black arrow) and the Dungrove trial site 

(grey arrow). Each plot shows the variance among provenances explained by altitude (R2), 

whether a linear or quadratic polynomial best estimated the underlying relationship between 

provenance means and altitude were significant (P < 0.05). (ns P > 0.05; * P < 0.05; ** P < 

0.01; ***P < 0.001) 

or height compared with the local population (Figure 3-3). However, a significant relationship 

between provenance mean performance and altitude of the home-site was detected for insect 

and frost damage, as well as 2 and 6-year survival (Figure 3-3). These provenance transfer 

functions were quadratic in form for insect and frost damage, but linear for survival (Figure 3-

3). Regardless of form, the upslope translocation of provenances originating from low altitudes 

tended to result in greater insect and frost damage, and lower survival (Figure 3-3). In the latter 

case, survival was linearly related with altitude and explained 66% of the variance among 

provenances (Figure 3-3g). The community treatment effect on survival and height were 

mainly due to E. pauciflora having low performance when competing with the more vigorous 

E. nitens (survival, 0.58 [0.34, 0.78]; height 1.25m [0.80, 170]), as well as poorer survival 

when planted with C. aculeata (0.54 [0.31, 0.75]) and A. dealbata (0.56 [0.33, 0.77]) (Figure 

3-4a). By contrast, survival and height of E. pauciflora was high when grown alone (0.72m 

[0.50, 0.87] and 1.97m [1.54, 2.41]) or mixed with E. tenuiramis (0.86m [0.70, 94] and 2.21m 

[1.77, 2.65]) (Figure 3-4b).  

Significant differences in the performance of E. tenuiramis provenances were detected 

for all indices assessed except deer damage (P < 0.05; Table S-31). These provenance 

differences were effectively independent of community treatment as the provenance by 

treatment interactions were non- (P > 0.05) or at most marginally (height [P = 0.047]) 

significant. In all cases where significant provenance differences were detected, transfer 

functions reflected a linear relationship with altitude (Figure 3-3). The model for deer damage 

(and two-year survival, data not shown) failed to converge due to imbalance at the provenance 

and treatment level associated with low observed survival of specific low-altitude provenances 
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Figure 3-4: Least square means and standard error bars pertaining to the treatment effect 

for 6-year (a) survival and (b) height growth for Eucalyptus pauciflora. Different letters denote 

significant (P < 0.05) pairwise differences between treatment means based on a Tukey’s 

multiple comparison test. Community treatments codes follow Table 3-1. 

(South Arm Road [age 2-years 0.13], Grasstree Hill [0.17], Hungry Flats Road [0.18] and 

Huon Road [0.18]). The full model converged after removing these provenances, however, no 

significant provenance, treatment or their interaction effect was detected (P > 0.05; Table S3-

1). Least-square means for all provenances were thus estimated removing the fixed treatment 

and interaction terms from the mixed model. Although insignificant, there was a positive linear 
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association between the probability of deer damage and provenance home-site altitude with 

the local provenance tending to be more susceptible than provenances translocated upslope 

(Figure 3-3f). This trend contrasts with the response observed for provenances of E. pauciflora 

(Figure 3-3e). However, the susceptibility of the local E. tenuiramis provenance to insect and 

frost damage was significantly less than the susceptibility observed for non-local provenances 

translocated upslope, with altitude explaining 67% (insect) and 63% (frost) of the variation in 

mean provenance performance (Figure 3-3b & 3-3d). Due to high mortality of E. tenuiramis 

at age six-years, survival was analysed using the two-year data. Provenances significantly 

differed in survival, and this was associated with an apparent stepped change in survival with 

altitude. Provenances from below 375m altitude survived poorly following upslope 

translocation, with altitude explaining 66% of the variance among provenances (Figure 3-3h). 

Provenances also significantly differed in their mean height (P < 0.001; Table S3-1), with 

home-site altitude explaining 40% of the variance among provenance (Figure 3-3j). Non-local 

provenance mean height did not significantly differ from the local provenance except for the 

significantly greater growth of the Strickland provenance sampled from a similar altitude 

(Figure 3-3j).  

3.4 Discussion 

Despite community effects on later-age performance of the focal species, the relative 

performance of species and provenances remained stable. The effectiveness of some 

community treatments no doubt diminished with time due to the high mortality of co-planted 

species. However, some treatments were persistent and developed into well-established plots 

(e.g., mixed versus pure plantings of the focal species). This difference in the density of 

surviving individuals between different treatments would have resulted in differences 

associated with intra- and interspecific competition (Violle et al., 2012), which could 

contribute in part to the differences in six-year height among the two focal species.  
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As a main effect, the different community treatments tested did not have an impact on 

susceptibility to abiotic (frost) and biotic (insect) damage just after establishment but did 

significantly influence susceptibility to deer damage and later age survival and growth. The 

treatment differences in susceptibility of the focal eucalypt species to deer damage were 

mainly due to greater susceptibility in the presence of the shrub C. aculeata (which was still 

well-established two years after planting). Species-specific browsing of plants by deer is well 

documented (Bee et al., 2009; Kirby, 2001) and there is evidence for indirect, associational 

damage to less susceptible species (Côté et al. 2004; Ohse et al. 2017). While not formally 

assessed, C. aculeata was observed to be highly browsed by deer which likely led to its marked 

decline by six years, and the increased presence of deer in these plots could have caused 

collateral damage to the focal eucalypt species.  

There are many examples of biotic interactions affecting performance through differences 

in pathogen (Dodds and Rathjen, 2010) and browsing susceptibility (Fornara & Du Toit 2008; 

Moncrieff et al. 2014) as well as mutualism (Cromsigt and Kuijper, 2011). Most plant 

examples of interspecific interactions affecting genotype performance or fitness at the same 

trophic level have focussed on annual plants (File et al. 2012; Nierbauer et al. 2016), 

specifically in the context of the evolution of increased competitive ability (Puritty et al. 2018) 

with only a few studies on trees (Grady et al. 2017; Siemann et al. 2017; Hirsch et al. 2016). 

Interspecific interactions may impact genotype (e.g., provenance) fitness within species 

(Shuster et al. 2006), with, for example, differential susceptibility to insect herbivory 

impacting the growth performance of provenances of E. globulus (Jordan et al. 2002). 

However, in the present case we found no evidence of such interactions at the same trophic 

level but cannot dismiss the possibility that these may develop as the experiment ages and 

interactions intensify (Costa e Silva et al. 2017; Forrester et al. 2011). 

Provenance performance was related to home-site altitude, particularly in E. tenuiramis 

where transfer functions were generally linear. The trial site is at the upper altitudinal limit of 

the E. tenuiramis distribution. Populations at such leading edges of a species distribution are 
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often exposed to novel environmental stresses resulting in greater local adaptation compared 

to populations within the continuous core range (Hampe and Petit, 2005; Pedlar and 

McKenney, 2017). This leading-edge hypothesis could explain the linear transfer functions 

with altitude and the superior performance of the local provenances. In contrast, the trial site 

was generally more central with respect to the Tasmanian distribution of E. pauciflora 

(Williams and Potts, 1996), with one markedly higher and five markedly lower altitude 

provenances tested. A negative relationship between frost resistance and provenance home-

site altitude has been reported for numerous tree species (Montwé et al. 2018; Hu et al. 2019), 

including eucalypts (Davidson and Reid, 1985). However, such trends can be modified by 

local topographic features including local pockets of cold air-drainage (frost hollows) 

(Davidson and Reid, 1985; Plasse and Payette, 2015). Local topographic effects on frost 

adaptation associated with cold air drainage have been documented in E. pauciflora (Harwood, 

1980). It is possible that the reduced frost damage observed on some provenances originating 

from lower altitudes relative to the local is partly due to the exposure of the home-site 

provenance to cold air drainage, although two provenances from low altitudes did exhibit 

greater frost damage than the local provenance. 

The local provenances of the focal eucalypt species were least susceptible to herbivory 

damage (Figure 3-3a & 3-3b), indicating superior early-age performance of the local 

provenance. While the insect(s) causing the observed damage is unknown, in the case of E. 

tenuiramis, the resistance of the high-altitude local provenance reflected a broader linear trend 

for provenance susceptibility to decrease with increasing altitude. Provenance differences in 

susceptibility to insect herbivory are well-documented in trees (Sthultz et al. 2009; Manninen 

et al. 1998), including eucalypts (Hancock and Hughes, 2014). However, while insect damage 

has been shown to increase at high altitudes in eucalypts (Potts 1985), provenance 

differentiation has been shown to be site-specific (Gosney 2017; Potts 1985). In the case of E. 

pauciflora, a recent study from mainland Australia showed variable altitudinal differences in 

the levels of insect damage but no provenance differentiation in susceptibility (Dashiell et al. 
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2017). The lack of provenance differentiation observed by Dashiell et al. (2017) contrasts with 

our results, which are consistent with a study of a larger collection of Tasmanian E. pauciflora 

provenances planted at our study site (Gauli, 2014; Gosney, 2017).  

The observed reduced herbivory on both local provenances is somewhat atypical, with 

other eucalypt studies reporting higher susceptibility of the local provenance (Gellie et al. 

2016; Hancock & Hughes 2014). The response of local provenances to enemies (insects or 

pathogens) may be dependent on numerous factors, including the extent to which local 

populations of the host and local enemy community have co-evolved. Local susceptibility may 

occur through the build-up of locally adapted enemies (e.g., Janzell-Connell effect; Bagchi et 

al. 2010). In contrast, non-local susceptibility could arise from the evolution of resistance 

mechanisms in the local population (Bernhardsson et al., 2013), through greater abiotic stress 

(plant stress hypothesis; White 1969), or greater growth (e.g., plant vigour hypothesis; Price 

1991) of translocated host provenances enhancing susceptibility to enemies. As the insect 

damage occurred just after transplanting, the plant vigour hypothesis could explain the 

altitudinal trends as lower altitude provenances of eucalypts often exhibit faster early growth 

(e.g., E. gunnii - Potts 1985; E. pauciflora - Gauli 2014). However, the observed herbivory 

pattern could also result from high altitude provenances expressing greater defensive indices 

than lower altitude provenances, reflecting a genetic trade-off with tolerance/recovery indices 

(Gauli et al. 2015). 

Within both E. pauciflora and E. tenuiramis, the local provenance was among the best 

performing in terms of survival. The only significant differences involved non-local 

provenances translocated from lower altitude/warmer sites performing significantly worse 

than the local provenance. The adverse effect of upslope translocation was more marked in E. 

tenuiramis than in E. pauciflora, suggesting greater local adaptation in E. tenuiramis. This 

difference in the transfer function of the two focal species may be due to the differences in 

their distributions and evolutionary history. E. tenuiramis is a regional endemic to Tasmania 

with a more disjunct population structure compared to the more continuous, widespread 
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distribution of E. pauciflora which extends across the south-east of mainland Australia 

(Williams and Potts, 1996). Indeed, molecular studies have revealed populations in the E. 

tenuiramis complex (Turner et al. 2000) are two-fold more differentiated than Tasmanian 

populations of E. pauciflora (Gauli et al. 2014), suggesting less opportunity for local 

adaptation to be countered by gene flow, consistent with our performance data. Such an effect 

of reduced gene flow may be accentuated for the local E. tenuiramis provenance as it is near 

the upper altitudinal limit of the species in this region. In terms of provenance translocation, 

our results suggest that E. pauciflora will have a broader transfer function than E. tenuiramis 

and provenance transfer guidelines may need to be species-specific. The other factor 

contributing to the translocation response may be the position of the planting site within the 

species distribution. Here the planting site was at the upper altitudinal extreme of the E. 

tenuiramis distribution but nearly central for the Tasmanian E. pauciflora (Williams and Potts, 

1996). In this case, the different transfer functions of the two species may reflect a central 

versus peripheral population difference, with the planting site both ecologically marginal for 

E. tenuiramis as well as its local population being potentially more divergent due to limited 

gene flow from more central populations (Mimura and Aitken, 2010). 

The accelerating pace of global climate change requires greater consideration of the 

planting material used in restoration (Breed et al., 2018). The last decade has seen active debate 

on the paradigm-shift from a traditional “local-is-best” scenario (Bucharova et al., 2017; 

Mortlock, 2000) to strategies that enrich plantings with seed from provenances growing in 

environments matching predicted future climates (i.e., climate-adjusted provenancing - Prober 

et al. 2015). There is little experimental evidence for such translocation strategies (Bucharova 

2017; Montwé et al. 2018; Whittet et al. 2016), which in the present case would be consistent 

with upslope translocations of drier, lower altitude provenances. However, we found no 

evidence that the local provenances of either species were mal-adapted despite the growing 

period tested being consistently warmer than average (MAT was 0.43°C and MAP was 9.7mm 

above the contemporary [1976-2005] average; unpublished data). This is consistent with the 
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local-is-best scenario (Bucharova et al., 2017), although this is not the case in nearby study 

site involving an endemic eucalypt species E. gunnii where translocated lower-altitude 

provenance performed better than the local (Prober et al., 2016). If translocations for future 

climates (e.g., 2.5°C warmer and 3% wetter than present for Tasmania by the end of the 

century) are undertaken, they need to establish under current climate and potentially staged in 

time to avoid extreme maladaptation (Grady et al. 2015). Our study suggests that such 

translocations are unlikely to be compromised by community structure, at least in the 

establishment phase.  
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Chapter 4: From drones to phenotype: Using UAS LiDAR to detect 

species and provenance variation in tree productivity and structure 

Chapter published as: 

Camarretta N., Harrison P. A., Lucieer A., Potts B. M., Davidson N., Hunt M. From 

drones to phenotype: Using UAV-LiDAR to detect species and provenance variation in tree 

productivity and structure. Remote Sensing, https://doi.org/10.3390/rs12193184 

Chapter summary 

The use of Unmanned Aerial Systems (UAS) for remote sensing of natural environments 

has increased over the last decade. However, applications of this technology for high-

throughput individual tree phenotyping in a quantitative genetic framework are rare.  We here 

demonstrate a two-phased analytical pipeline that rapidly phenotypes and filters for genetic 

signals in traditional and novel tree growth and architecture traits derived from ultra-dense 

Light Detection and Ranging (LiDAR) point clouds. The goal of this study was to understand 

the genetic basis of ecological and economical significant traits important for guiding the 

management of natural resources. Individual tree point clouds were acquired using UAS-

LiDAR captured over a multi-provenance common-garden restoration field trial located in 

Tasmania, Australia, established using two eucalypt species (Eucalyptus pauciflora, E. 

tenuiramis). Twenty-five tree growth and architectural traits were calculated for each 

individual tree cloud. The first phase of the analytical pipeline found significant species 

differences in 13 of the 25 derived traits revealing key structural differences in growth and 

canopy architecture between species. The second phase investigated the within species 

variation in the same 25 structural traits. Significant provenance variation was detected for 20 

structural traits in E. pauciflora and 10 in E. tenuiramis, with signals of divergent selection 

found for 11 and 7 traits, respectively, putatively driven by the home-site environment shaping 

the observed variation. Our results highlight the genetic-based diversity within and between 

species for traits important for forest structure, such as crown density and structural complexity. 
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As species and provenances are being increasingly translocated across the landscape to 

mitigate the effects of rapid climate change, our results, which were only possible using UAS-

LiDAR, raise the need to understand the functional value of growth and architectural traits 

reflecting species and provenance differences in canopy structure and the interplay they have 

on the dependent biotic communities. 

4.1 Introduction 

Emerging advances in Unmanned Aerial Systems (UAS) and miniaturization of sensors 

allow the acquisition of ultrahigh-resolution data (> 1000 points/m2) for phenotyping and 

studying biological processes at the individual tree-level in ways never before imagined 

(Kellner et al., 2019; Krause et al., 2019). Phenotyping is the first step in unravelling the 

genetic control of traits of ecological and economical significance. This understanding is 

important as the genetic variation in traits among populations often reflects plant adaptation 

to environmental variation (Alberto et al. 2013), and allows the prediction of population 

responses to selection, be it artificial (breeding) or natural (evolutionary response) (Dungey et 

al. 2018). In the case of quantitative genetics, such studies require phenotyping a large number 

of individuals to allow the accurate estimation of genetic parameters, such as provenance 

differences and heritability. Achieving the required large-scale phenotyping is particularly 

difficult and costly for large, long-lived lifeforms such as trees. While traditional phenotypic 

traits, such as tree height, can be quantified using remote sensing with greater speed and 

precision than on-ground measurements (Fankhauser et al., 2018), dense UAS-derived point 

clouds allow the estimation of difficult-to-measure traits (e.g., above ground biomass or crown 

architectural traits) and the development of novel crown shape and density traits. 

 While there are obvious advantages in the use of remote sensing for phenotyping forest 

trees  (Dungey et al., 2018), its uptake in genetics and breeding studies has been slow. Recently, 

UAS technologies have been used for phenotyping genetic trials of Norway spruce (Picea 

abies) through RGB-derived (red, green, blue) photogrammetric point clouds (Solvin et al., 
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2020). The authors attempted to estimate tree height, intra-annual height increment and 

phenology at an individual-tree level but were only able to accurately estimate tree height 

using the RGB-derived point cloud. Although the use of photogrammetric point clouds has 

become increasingly common in forest tree studies, higher rates of canopy penetration are 

achieved using Light Detection and Ranging (LiDAR) (Wallace et al., 2014). For example, 

UAS-LiDAR was used to quantify structural differences among three genetic populations of 

Douglas-fir (Pseudotsuga menziesii) with different predicted genetic gain using area-based 

(Grubinger et al., 2020) and individual tree-level (du Toit et al., 2020) analysis. Results 

showed high concordance between predicted population rankings and derived traits from the 

dense LiDAR point cloud, such as tree height, crown dimensions and leaf area. 

In the field of ecological restoration, remote sensing of tree architecture and productivity 

traits is important for large-scale monitoring, as these traits are known to influence ecosystem 

services and functions (Camarretta et al., 2019). However, the challenge remains to understand 

how species and provenances differ in these traits, especially as there is now a paradigm shift 

towards the development of climate-resilient restoration plantings using local and non-local 

species and provenances (Breed et al., 2018). This is important as the extent to which 

provenances are locally adapted affects provenance choice and translocation decisions, and is 

a fundamental concept that underpins many of the provenancing strategies designed to develop 

resilient restoration plantings in the face of climate change (Prober et al., 2015). The other 

relevant component of quantitative genetic variation is the within provenance variation which, 

in the case of wild seed collections, is reflected in the differences between individual open-

pollinated seed lots (hereafter called families) from the same population (White et al., 2007). 

With appropriate assumptions, this family-level variation allows insights into the additive 

genetic variation existing within populations and the narrow-sense heritability (i.e., h2) of traits 

(White et al., 2007). Understanding genetic variation at this level is likely to uncover whether 

local provenances have sufficient genetic variation in functional traits to respond to climate 

change (Aitken and Bemmels, 2016). 
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We here present one of the first studies investigating quantitative genetic variation in 

traditional and novel traits derived from UAS-borne LiDAR data. We focus on key structural 

traits associated with tree architecture and productivity estimated for two Eucalyptus species 

regularly used for ecological restoration of temperate woodland ecosystems in south-eastern 

Australia. Using a multi-provenance common-garden experiment embedded within the 

broader restoration plantings, we develop and test a four-step analytical framework to reveal 

signals of local climate adaptation. Our results highlight new opportunities for high-throughput 

phenotyping using remote sensing techniques and the quantification of novel tree architecture 

and productivity traits of putative functional value in forest ecosystems. 

4.2 Materials and Methods 

4.2.1 Study site 

The present study used field and remotely sensed data from a common-garden trial 

established at Dungrove (592 m elevation, latitude -42.2733°, longitude 146.8941°) in 

southern Tasmania, Australia (Figure 4-1a). We focused on the pedigreed eucalypt treatments 

of the ‘Ecology trial’ reported in Camarretta et al. (2020), which comprised three treatments 

of Eucalyptus pauciflora and E. tenuiramis planted as monoculture or mixed species. The seed 

material was collected during the 2009/2010 austral summer, and at the time of trail 

establishment (October 2010), seedlings were approximately 10 months old. For each focal 

eucalypt species, sixty open-pollinated families were sampled from each of the 10 provenances 

across their native distribution in Tasmania (i.e., 60 families represented per species; Table 

S4-1). Families were randomised within each treatment irrespective of provenance and planted 

as single-tree plots. In the case of the mixed eucalypt treatment, species were alternated along 

cultivation rows, where each single-tree plot was randomly allocated a family irrespective of 

provenance. For the monoculture treatment, two provenance trial designs were overlayed. In 

each randomised complete block design, provenances and families were allocated randomly 



Chapter 4 From drones to phenotype 

59 

 

along riplines. Each treatment was replicated eight times across the trial site and planted as a 

complete randomised block design.   

4.2.2 UAS-LiDAR collection, processing and trait calculation 

Ultrahigh-density first-return LiDAR data was acquired using a Velodyne VLP-16 laser 

scanner (https://velodynelidar.com/vlp-16.html), mounted on a DJI Matrice 600 UAS. Flights 

were undertaken in January 2018 (7 years after planting) over three focal areas (total coverage 

= 5.8 ha) (Figure 4-1b). An autopiloted, cross-strip flight path flown at an altitude of 40 m 

above ground level at a ground speed of 3 m/s allowed a flight strip overlap of 40-50% (Stone 

et al., 2018; Wallace et al., 2014, 2011), with a combined flight strip point density greater than 

1000 points/m2 (Figure 4-2). The flight path covered six of the eight replicates of the above-

mentioned treatments of the ecology trial. 

Multiple, automated crown detection algorithms were employed to segment individual 

trees, however, the irregular crown shape of both Eucalyptus species resulted in over-

segmented crowns (data not shown). Thus, canopy height models (CHM) were calculated 

using the Lasgrid package of LAStools (https://rapidlasso.com/lastools/lasgrid/) to manually 

digitize the contours of 1859 tree crowns (Figure 4-1c). Individual tree point clouds were then 

extracted from each crown using the lidR package in R (R Core Team, 2018). Point clouds 

containing less than 780 points, or with a maximum 99th percentile height lower than 1.3 m 

(i.e., height of diameter at breast height) were removed from the analysis, leaving 1344 

individual point clouds for further analysis (923 E. pauciflora, 421 E. tenuiramis). For each 

retained point cloud, a customized script was used to calculate 25 traits pertaining to standard 

descriptive traits and novel tree architectural and productivity traits (Table 4-1). 
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Figure 4-1: Location of the restoration common garden trial site at Dungrove (black dot) 

relative to the Midlands biodiversity hotspot (grey surface) of the south-east island of 

Tasmania, Australia (Panel a). Panel b shows the layout of the various experiments established 

at the trail site, including the Ecology trials represented by the yellow blocks. Also shown in 

Panel b are the three targeted areas flown using UAS-LiDAR represented by the red boxes. 

Panel c corresponds to the three canopy height models (CHMs) derived from the UAV-LiDAR 

point clouds. Heights are represented by a colour gradient, where blue corresponds to ground-
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level returns and red corresponds the tallest canopies across the flight area. The coordinate 

system used for the maps is EPSG 28355 – GDA94 / MGA zone 55S. 

Figure 4-2: Example scenes of the LiDAR point cloud collected over the study site, 

coloured by elevation (blue to red = 0 - 10 m). The left panel shows the bird’s eye view, while 

the right panel shows the isometric view. 

4.2.3 Statistical analysis 

All statistical analyses and data visualization were undertaken in R. Due to low survival 

of E. tenuiramis from South Arm, this provenance was dropped from subsequent tests. The 

South Arm provenance for E. pauciflora was also a significant outlier with high leverage in 

the climate analysed for E. pauciflora and removed from these association analyses. 

4.2.3.1 Field validation 

Field data from 557 randomly selected trees across all flown replicates of the Eucalyptus 

treatments were collected in May 2018 and used to validate the individual tree point clouds. 

Tree height (using an extendable height pole), diameter at breast height (1.3 m, DBH), cross-

sectional crown width (along and perpendicular to the planting rip-line), and crown insertion 

height were measured for each tree. Prior to undertaking the validation analysis, slope 

heterogeneity among provenances within species was tested by fitting a linear model that 

modelled the on-ground measured trait as a function of the LiDAR-derived equivalent trait, 

provenance, and their interaction. Where a significant interaction was observed, the 

contribution of the interaction and provenance effect to the model coefficient of determination 
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(R2) was determined by firstly removing the interaction term and then the covariate term, 

respectively. Linear regression models were then fitted that modelled the relationship between 

the ground-based trait measurement with the LiDAR-derived equivalent trait irrespective of 

species or provenance. Model assumption of normality and homoscedasticity as well as 

overdispersion where statistically and visually assessed using simulated residuals from the 

fitted model using the DHARMa package, following (Zuur and Ieno, 2016). Traits were 

transformed where necessary to meet model assumptions. To determine the dispersion of 

values around the mean, we estimated the unbiased root mean squared error (RMSE) for each 

trait using the following standard formula: 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦𝑖 + 𝑦�̂�)

2𝑛
𝑖=1

𝑛
 

where the numerator is the Pearson residual sum of squares and the denominator is the degrees 

of freedom of the fitted model. 

4.2.3.2 Trait filtering 

A two-phased analytical framework was developed to identify traits of biological interest. 

In all cases, a Bonferroni correction was applied to adjust for multiple testing using 0.05/m, 

where m is the number traits tested which reduced as trait filtering progressed. The first phase 

was to determine whether species significantly differed in their tree architecture and 

productivity traits (Figure 4-3a). Species differences were tested using only the mixed species 

treatment and fitting the following generalized mixed model using the lme4 package: 

                                                 y = Xb + Zu + ε                                                         (1) 

where X is a matrix of dimensions N × p (where N is the number of observations and p is the 

number of predictor variables), b is a vector of complementary fixed effect coefficients of length 

p, Z is the random effects design matrix of dimensions N x q (where q is the number of random 

variables), u is a vector of complementary random effect coefficients of length q, and ε is a vector 

of random residual terms. The terms in b comprised the overall mean and fixed species effect,  
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Table 4-1: Description of the 25 derived traits from the individual tree-level LiDAR point 

clouds. Unit of measurement for each derived trait is shown after the trait name. 

Traits Description of LiDAR-derived traits 

1 - Number of points Number of points within individual point cloud. 

2 - Height skewness Skewness of the distribution of heights of each point cloud. 

3 - Height CV Coefficient of variation of heights from each point cloud. 

4 - Quantile coefficient 

of dispersion 

A measure of dispersion of the height measurements comparable 

between trees and across studies. Calculated as Q3 - Q1 / Q3 + Q1. 

5 - Height Mode (m) Mode of height within the point cloud. 

6 - Height Median (m) Median of height within the point cloud. 

7 - Height P50 (m) 50th percentile of height within point cloud. 

8 - Height P75 (m) 75th percentile of height within point cloud. 

9 - Height P99 (m) 99th percentile of height within point cloud. 

10 - DBH (cm) Diameter at 1.3m, derived from a general allometric equation using 

total tree height and maximum Euclidean crown width (Jucker et al. 

2017). 

11 - Above Ground 

Biomass (AGB - 

kg) 

AGB estimated through the allometric equation developed by Jucker 

et al. (2017), using Height P99 and Max crown diameter. Measured as 

dry weight. 

12 - Crown insertion 

height (m) 
Mean height from the ground to the base of the crown. 

13 - Max crown 

diameter (m) 

The widest cross-section of the crown in any given direction. 

14 - Crown surface 

area (m2) 

The surface area of a 3D convex hull calculated using the point cloud 

defined above the crown insertion point. 

15 - Crown projected 

area (m2) 

The area of the projected polygon (shapefile) describing the crown 

ground cover. 

16 - Crown volume 

(convex hull) 

Crown volume of a 3D convex hull calculated from the point cloud 

defined above crown insertion. It is calculated using the 'convhulln' 

function of the R geometry package. 

17 - Height to area 

ratio (m/m2) 

The ratio of crown height to crown area. It represents the crown height 

per unit of area. 

18 - Height to volume 

ratio (m/m3) 

The ratio of crown height to crown volume. It represents the crown 

height per unit of volume 

19 - Height of widest 

cross-section (m) 

Height of the crown at its widest cross-section. 

20 - Mean height to 

height of widest 

cross-section ratio 

Ratio between mean tree height and the height of its widest cross-

section. 

21 - Points to area ratio 

(points/m2) 

The ratio of the number of points to crown area, representing a 

measure of crown density. 

22 - Points to volume 

ratio (points/m3) 

The ratio of the number of points to crown volume, representing a 

measure of crown density. 

23 - Crown skewness Skewness of the height distribution within each tree (median – 

Q1)/(Q3 – median). 

24 - Area (3D:2D) The ratio between crown volume calculated from the point cloud (i.e. 

convex hull) and the crown area obtained from the shapefile. 

25 - Rumple Index Calculated as the ratio between crown surface area and ground-

projected surface area, this index reflects crown structural complexity. 

Calculated using the “rumple index” function from the lidR package. 
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Figure 4-3: Conceptual diagram of the two-phased analytical framework used to filter 

the calculated canopy traits from the individual tree LiDAR point cloud. The first phase was 

to identify traits which exhibited significant differences between species. Traits which met this 

criterion are then validated for their functional significance. The second phase filtered traits 

within species using three criteria. The first criterion determined whether a trait significantly 

varied among the tested provenances. Traits that met this criterion were then assessed for 

signals of divergent selection (i.e., QST>FST; (Leinonen et al., 2013)). Traits signalling 

divergent selection were then modelled as a function of home-site environment to determine 

whether the variation among provenances covaried with the environment. (Figure modified 

from Harrison 2017). 
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while the terms in u comprised the random effect of replicate and species by replicate 

interaction. Model assumptions and overdispersion were visually and statistically assessed for 

each trait (see details in ‘4.2.3.1 Field Validation’). Fixed species effects were tested by Type III 

F-test, with degrees of freedom estimated following the Kenward-Rogers method as 

implemented by the lmerTest package. When significant fixed effects were detected, a Tukey’s 

multiple comparison test on the linear scale, and back-transformed (where needed) estimates 

of the least-square means and 95% confidence intervals (CI) were obtained using the emmeans 

package. 

The second phase was undertaken at the provenance-level within each species. The goal 

of this step was to filter tree architecture and productivity traits using three criteria to identify 

traits exhibiting signals of local adaptation. Firstly, traits were retained if significant 

provenance variation was detected (Figure 4-3b; Criteria I). This was achieved by fitting a 

univariate, individual tree mixed model (using a pedigree file), in the form of equation (1) that 

fitted treatment as the fixed effect term in b and replicate, treatment by replicate, provenance, 

and tree as the random effect terms in u, where tree is the additive genetic effect for each 

individual. Model fitting was undertaken using the asreml package in R. The pedigree file for 

E. pauciflora was defined following Gauli et al. (2015), accounting for a selfing rate of 10% 

and population inbreeding of 0.067. In the case of E. tenuiramis, a 30% selfing rate was 

assumed and no population inbreeding. Model assumptions of normality and homoscedasticity 

were visually assessed using QQ-plots and plots of Pearson residuals vs. fitted values following 

Zuur & Ieno (2016). To determine whether there was significant variation among provenances 

for a given trait, we tested whether the provenance variance component was greater than zero 

using a one-tailed likelihood ratio test (LRT) with one degree of freedom. This was achieved by 

comparing a full and a reduced model with no provenance variance component (Gilmour et al., 

2009). Following Gauli et al. (2015), the narrow-sense heritability for each trait was estimated 

using the variance components from the above described model as: 
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ℎ𝑜𝑝
2 =

𝜎𝑎
2

𝜎𝑎
2 + 𝜎𝑒

2 

where 𝜎𝑎
2 is the estimate of the pooled additive genetic variance within populations and 𝜎𝑒

2 is 

the residual variance. Significance of the 𝜎𝑎
2 variance component was tested using a one-tailed 

LRT with one degree of freedom (Gilmour et al., 2009). Variance components were also used 

to estimate the quantitative trait inbreeding coefficient (QST) as: 

𝑄𝑆𝑇 =
𝜎𝑝

2

𝜎𝑝
2 + 2𝜎𝑎

2 

where 𝜎𝑝
2 is the phenotypic variance component among populations and 𝜎𝑎

2 is defined above. 

The comparison of QST to the molecular analogue FST was pursued following Gauli et al. (2015) 

using the maximum FST of 0.07 obtained for ten putatively neutral microsatellites (Gauli et al., 

2014). In the case of E. tenuiramis, only the means of ten isozymes were available for FST 

within northern and southern regions and thus their average FST of 0.05 was used (Turner et 

al., 2000). For traits demonstrating significant provenance differentiation (Figure 4-3b; 

Criteria II), a one-tailed LRT with one degree of freedom was undertaken to test whether QST 

was significantly greater than FST following Dutkowski and Potts (2012). This involved 

comparing the likelihood of the unconstrained model defined above to a model where QST was 

constrained to FST. Traits exhibiting a significant QST > FST signalled evidence for divergent 

selection driving among provenance variation (Leinonen et al., 2013).  

Additional evidence for local adaptation was pursued by testing for an association of 

provenance trait means with home-site climate for traits exhibiting signals of divergent 

selection (Figure 4-3b; Criteria III). Least-square means were estimated by fitting the tree mixed 

model described above, but fitting provenance as a fixed term in b (see above). Home-site 

climate data was represented by minimum temperature of the coldest week (TMNCW) and 

maximum temperature of the warmest week (TMXWW) obtained from ANUClim V6.1 as the 

mean between the 1976-2005 period  (Xu and Hutchinson, 2013) and annual aridity (AIANN; 
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positive value reflect increasing home-site moisture) obtained from Atlas of Living Australia 

(https://www.ala.org.au/). These climate variables were selected as they have been identified 

as potential drivers of provenance variation in functional traits (Prober et al., 2016) and species 

distributions in Tasmania (Harrison, 2017). Following Camarretta et al. (2020), the least-

squares means were modelled as quadratic responses to provenance home-site AIANN, 

TMNCW and TMXWW using linear models. Model assumption of normality and 

homoscedasticity of the variance were visually assessed using QQ-plots and plots of Pearson 

residuals vs. fitted values following Zuur & Ieno (2016). To avoid the high collinearity among 

fitted polynomial terms, orthogonal linear and quadratic coefficients were fitted using the ‘poly’ 

function of the stats package. A two-tailed LRT with one degree of freedom was used to assess 

the best fit of a linear or quadratic model to the data.  

4.3 Results 

Field measurements were generally well predicted by the same measurements derived from 

the LiDAR point cloud, with R2 derived from linear regressions ranging between 0.80 and 

0.97, with the exception of crown insertion height (Figure 4-4). As expected, the strong 

phenotypic correlations translated to ground and LiDAR measurements producing virtually 

identical patterns in species and provenance differentiation. Analysis of slope heterogeneity 

showed statistically significant (P < 0.01) interaction effects between the LiDAR-derived trait 

and provenance for E. pauciflora (Height P99, DBH) and E. tenuiramis (Max crown diameter).  

However, even when the interaction term was significant, the comparison of the change in R2 

showed that the interaction term explained less than 3% of the variation explained by the 

covariate for E. pauciflora and less than 16% for E. tenuiramis, and thus is considered 

biologically unimportant compared to the main effect of the covariate. Dispersion of the 

LiDAR measurements around the mean as measure by RMSE ranged between 15 cm (DBH) 

and 49 cm (crown insertion height). The two best predicted traits based on the relationship 

between the ground-based measurements and the equivalent derived traits from the individual 



Chapter 4 From drones to phenotype 

68 

 

tree point clouds had a RMSE of 25 cm (height) and 30 cm (crown width). The strong 

phenotypic regressions and relatively low RMSEs translated to ground and LiDAR 

measurements producing virtually identical patterns in species and provenance differentiation. 

Thirteen of the 25 derived traits significantly differed between the two focal eucalypts after a 

Bonferroni correction, with E. tenuiramis showing significantly higher least square means than 

E. pauciflora in almost all traits (Table 4-2). Eucalyptus tenuiramis tended to be taller, with 

greater above ground biomass accumulation, and a more complex crown structure that was 

less dense than E. pauciflora (Table 4-2).  

 

 Figure 4-4: Relationship between field measured and LiDAR derived tree height (a), 

crown width (b), stem DBH (c) and crown insertion height (d). Points correspond to the 557 

trees sampled in the field, with the line of best fit (red line) and 95% confidence intervals 

(dashed black lines) shown. Within each plot, the slope (β), F statistic with its numerator and 

denominator degrees of freedom and corresponding p-value and the coefficient of 

determination (R2) are shown. 
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Table 4-2. Statistical results from the species-level linear mixed effect model for 25 traits 

derived from individual tree LiDAR point clouds. Shown is the estimated numerator (Num) 

and denominator (Den) degrees of freedom based on Kenward-Rogers approximation, the F-

statistic, and its probability for the fixed effect difference between E. pauciflora and E. 

tenuiramis. Also shown are the least-square means for each trait estimated from the fitted 

mixed effects model. 

Trait 
Least-square mean   Degrees of freedom 

F P 
E. pauciflora E. tenuiramis   Num Den 

1 5035 8434   1 4.9 17.3 0.009 

2 -0.76 -0.61   1 5.8 8.0 0.032 

3 0.33 0.35   1 5.0 10.0 0.025 

4 0.21 0.24   1 5.1 12.7 0.016 

5 2.18 3.29   1 5.0 22.3 0.005 

6 2.29 3.36   1 5.0 49.5 0.001 

7 0.51 0.95   1 5.0 25.3 0.004 

8 2.10 3.33   1 5.0 46.3 0.001 

9 3.14 4.78   1 4.9 63.5 0.001 

10 3.58 5.82   1 4.8 90.3 0.000 

11 1.91 6.40   1 4.9 71.0 0.000 

12 1.05 1.31   1 5.0 19.8 0.007 

13 2.90 3.50   1 4.8 54.6 0.001 

14 16.50 30.70   1 4.9 63.9 0.001 

15 5.15 7.39   1 4.9 43.8 0.001 

16 5.75 14.17   1 4.9 57.5 0.001 

17 0.22 0.18   1 4.7 25.0 0.005 

18 0.71 0.43   1 4.7 39.3 0.002 

19 1.63 2.15   1 4.7 35.2 0.002 

20 2.16 2.46   1 5.3 8.6 0.031 

21 264 235   1 4.6 7.3 0.047 

22 815 540   1 4.6 69.2 0.001 

23 1.33 1.30   1 4.9 0.2 0.704 

24 3.30 4.25   1 4.9 36.6 0.002 

25 3.89 5.01   1 4.8 76.1 0.000 

 

Traits significantly varied among the tested provenances, with twenty traits for E. 

pauciflora and ten for E. tenuiramis meeting Criteria 1 and were retained for further analysis. 

Following filtering, the observed quantitative differentiation among provenances (QST) of E. 

pauciflora ranged between 0.09 [trait 8] and 0.84 [trait 20], and 0.17 [trait 3] and 1.00 [traits 



Chapter 4 From drones to phenotype 

70 

 

6 and 24] for E. tenuiramis (Figure 4-5; Table 4-3). However, only eleven and seven of these 

traits exhibited signals of divergent selection based on QST being significantly greater than FST 

for E. pauciflora and E. tenuiramis, respectively (Figure 4-5; Table 4-3). Nine and one of these 

traits also showed significant levels of additive genetic variation in E. pauciflora and E. 

tenuiramis, respectively (Table 4-3). In the case of E. pauciflora, home-site TMNCW and 

AIANN accounted for 50-77% of the variance in the eleven traits signalling divergent 

selection, nine of which were significant after the Bonferroni correction (Table 4-3). The best 

three models showed home-site TMNCW linearly related with increased mean height of the 

widest cross-section (β = 0.58, F1,7 = 17.3, P = 0.047, R2 = 71%) but decreased number of 

points per unit area (β = -92.7, F1,7 = 23.5, P = 0.021, R2 =  77%) and per unit volume  (β = -

417.2, F1,7 = 22.6, P = 0.023, R2 = 76%),  the latter suggesting that provenances originating 

from sites with warmer winters tend to have sparser crowns. In the case of E. tenuiramis, 

home-site TMNCW, TMXWW, and AIANN accounted for 30-81% of the variance in the  

 

Figure 4-5: Quantitative inbreeding coefficient (QST) and narrow-sense heritability (h𝑂𝑃
2 ) 

estimates (with standard errors; grey lines) for traits reported in the present study for 

Eucalyptus pauciflora (a) and E. tenuiramis (b). The solid horizontal line indicates the 

maximum FST (both Eucalyptus species) based on putatively neutral molecular markers (E. 

pauciflora - microsatellite; E. tenuiramis - isozymes) and the dotted line indicates the mean 

FST of any microsatellite locus (E. pauciflora only). Symbols coloured in red are correspond 

to traits that exhibited significant signals of divergent selection (QST>FST) after filtering traits 

for significant provenance variation (see Figure 4-3). Numbers next to symbols correspond to 

the trait numbers in Table 4-1. 
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Table 4-3: Genetic parameters for the 25 traits derived from individual tree LiDAR point clouds. Shown for each species is the provenance one-tailed Chi-

squared statistic and its significance from zero, the quantitative inbreeding coefficient (QST ± standard errors) and narrow-sense heritability (h𝑂𝑃
2 ± standard errors) 

estimates, and the QST>FST one-tail Chi-squared statistic and its significance. Environmental association modelling of provenance least-square means for traits 

signalling divergent selection (QST>FST) as a function of altitude or climate showing the sign of the relationship, the best environmental predictor, the coefficient 

of determination expressed as a percentage, and the significance of the association. In all case, the best environmental association models had a linear slope except 

for trait 24 that had a quadratic slope. Values in bold correspond to traits significant after a Bonferroni adjustment. 

Trait 

Eucalyptus pauciflora   Eucalyptus tenuiramis  

Provenance Genetic parameters QST > FST Environmental 

association 

 Provenance Genetic parameters QST > FST Environmental 

association 𝜒1
2 QST ℎ𝑂𝑃

2  𝜒1
2  𝜒1

2 QST ℎ𝑂𝑃
2  𝜒1

2 

1 0.4 ns 0.00 ± 0.00 0.08 ± 0.05      6.9 ** 0.08 ± 0.12 0.14 ± 0.13     

2 31.0 *** 0.31 ± 0.23 0.07 ± 0.06 7.7 **    29.7 *** 0.34 ± 0.26 0.14 ± 0.12 7.2 ** (+) TMNCW 50% * 

3 6.0 ** 0.87 ± 3.16 0.00 ± 0.04      12.0 *** 0.36 ± 0.44 0.07 ± 0.11 5 *   

4 12.8 *** 0.11 ± 0.10 0.11 ± 0.07 0.5 ns    15.7 *** 0.17 ± 0.16 0.21 ± 0.14 3.1 *   

5 48.2 *** 0.55 ± 0.37 0.04 ± 0.05 15.5 *** (+) TMNCW 50% *  1.9 ns 0.34 ± 0.72 0.04 ± 0.11     

6 136.4 *** 0.44 ± 0.18 0.14 ± 0.07 17.0 *** (+) TMNCW 62% *  22.6 *** 1.00 ± 0.00 0.00 ± 0.00 14.3 *** (-) TMNCW 64% * 

7 23.3 *** 0.13 ± 0.10 0.14 ± 0.07 1.9 ns    82.2 *** 0.32 ± 0.19 0.25 ± 0.15 7.6 ** (+) AIANN 44% ns 

8 17.0 *** 0.09 ± 0.08 0.16 ± 0.07 0.3 ns    1.7 ns 0.11 ± 0.20 0.08 ± 0.11     

9 134.3 *** 0.45 ± 0.19 0.13 ± 0.07 17.7 *** (-) AIANN 63% *  6.9 ** 0.58 ± 1.17 0.02 ± 0.09     

10 81.3 *** 0.36 ± 0.19 0.12 ± 0.07 12.9 *** (-) AIANN 63% *  10.1 ** 0.27 ± 0.30 0.09 ± 0.11 4.4 *   

11 70.4 *** 0.36 ± 0.19 0.11 ± 0.06 12.3 *** (-) AIANN 54% *  7.1 ** 0.17 ± 0.22 0.11 ± 0.12     

12 66.3 *** 0.80 ± 0.53 0.01 ± 0.05 
20.6 *** 

(+) TMNCW 69% 

** 
 5.3 * 1.00 ± 0.00 0.00 ± 0.00   

  

13 20.5 *** 0.16 ± 0.13 0.11 ± 0.06 2.3 ns    5.8 ** 0.07 ± 0.10 0.20 ± 0.14     

14 45.3 *** 0.25 ± 0.16 0.12 ± 0.07 7.4 **    6.4 ** 0.25 ± 0.33 0.08 ± 0.11     

Table continues over page. 
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Table 4-3: (Continued). 

Trait 

Eucalyptus pauciflora   Eucalyptus tenuiramis  

Provenance Genetic parameters QST > FST Environmental 

association 

 Provenance Genetic parameters QST > FST Environmental 

association 𝜒1
2 QST ℎ𝑂𝑃

2  𝜒1
2  𝜒1

2 QST ℎ𝑂𝑃
2  𝜒1

2 

15 12.3 *** 0.12 ± 0.12 0.10 ± 0.06 0.9 ns    4.5 * 0.06 ± 0.09 0.18 ± 0.13     

16 33.5 *** 0.19 ± 0.14 0.13 ± 0.07 4.5 *    0.5 ns 1.00 ± 0.00 0.00 ± 0.00     

17 2.6 ns 0.05 ± 0.10 0.07 ± 0.06      4.8 * 0.22 ± 0.29 0.09 ± 0.12     

18 11.1 *** 0.14 ± 0.14 0.09 ± 0.07 1.2 ns    5.4 * 0.40 ± 0.78 0.03 ± 0.10     

19 73.8 *** 0.84 ± 0.52 0.01 ± 0.05 
22.7 *** 

(+) TMNCW 71% 

** 
 7.3 ** 0.10 ± 0.13 0.18 ± 0.14   

  

20 4.5 * 1.00 ± 0.00 0.00 ± 0.00      3.5 * 0.01 ± 0.04 0.30 ± 0.17     

21 109.7 *** 0.53 ± 0.23 0.08 ± 0.06 
19.9 *** (-) TMNCW 77% ** 

 83.0 *** 0.34 ± 0.20 0.27 ± 0.16 7.2 ** 
(-) TMXWW 67% 

* 

22 203.0 *** 0.71 ± 0.20 0.07 ± 0.06 
29.4 *** (-) TMNCW 76% ** 

 65.9 *** 0.66 ± 0.40 0.06 ± 0.10 14.6 *** 
(+) TMNCW 56% 

ns 

23 4.4 * 0.46 ± 1.13 0.01 ± 0.05      6.2 ** 0.22 ± 0.31 0.08 ± 0.11     

24 84.5 *** 0.52 ± 0.26 0.06 ± 0.06 
17.4 *** (-) AIANN 62% * 

 10.3 ** 1.00 ± 0.00 0.00 ± 0.00 9.6 ** 
(-) TMNCW 81% 

** 

25 182.9 *** 0.58 ± 0.19 0.11 ± 0.07 
23.7 *** (-) AIANN 64% ** 

 32.7 *** 0.78 ± 0.91 0.02 ± 0.10 10.6 ** 
(-) TMNCW 30% 

ns 

Climate variables: AIANN = mean annual aridity index; TMNCW = minimum temperature of the coldest week; TMXWW = maximum temperature of the 

warmest week. Significance levels: *** = P<0.001, ** = P<0.01, * = P<0.05, ns = P> 0.05 
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seven traits, signalling climate as a putative driver of the observed divergent selection on these 

traits among provenances (Table 4-3). Of the seven traits, only one was significantly (after 

Bonferroni correction) associated with a climate variable. This involved a quadratic response 

with TMNCW (3D:2D area; βlinear = -0.92, βquadratic = -0.64, F2,6 = 13.1, P = 0.045, R2 = 81%), 

suggesting provenances originating from home-sites with warmer winters tend to have less 

complex crown structure. 

4.4 Discussion 

This study demonstrates the potential of UAS LiDAR for the quantification of traditional forest 

measures at the individual tree-level, as well as for the development of novel LiDAR-derived traits that 

can offer new insights into species differentiation and local adaptation. Most of the investigated traits 

showed significant differences between species. Ten of these traits also showed significant provenance 

differences, had signals of divergent selection and co-varied with provenance home-site climate. Such 

variation reflects differences in tree architecture between species and provenances, which may have 

extended effects on the distribution of dependent organisms (Leather, 1986; Martinsen and Whitham, 

1994; Whitham et al., 2003). This is an important finding because provenances and species are 

increasingly being translocated across a changing landscape for the development of resilient restoration 

plantings (Aitken and Bemmels, 2016), which may have broader community level consequences. 

Although structural attributes have been studied at regional scales using remote sensing (Camarretta et 

al., 2019), they have been rarely captured at a level to allow inter- and intra-specific variation to be 

assessed (Santini et al., 2019). While there is an increasing number of remote sensing studies 

quantifying individual tree-level attributes using LiDAR or photogrammetric point clouds, they mainly 

focus on common attributes such as tree top height, DBH, biomass (Burt et al., 2019; Dalponte et al., 

2018; Duncanson and Dubayah, 2018). Our study represents one of the first applications of remote 

sensing in a quantitative genetic framework for forest trees, particularly tree architectural traits. Previous 

applications of remote sensing in a genetic framework have studied provenance differences in heat-sum 

requirements when grown in a common garden environment (Li et al., 2010), and highlighted the use 

of LiDAR technology for whole forest phenotyping following an area-based approach (Bombrun et al., 

2020). 
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The proposed analytical framework for high-throughput phenotyping has the potential to be 

broadly applied to forest restoration plantings and production plantations, where pedigree information 

is available. The approach we describe relies on the availability of dense LiDAR data correctly 

segmented at the individual-tree level. In this study, individual tree delineation was carried out 

manually, as the complex nature of young eucalypt crowns, although clearly identifiable through visual 

inspection, did not provide meaningful results when implementing readily available automated crown 

segmentation algorithms. Many such algorithms have been proposed in the literature (Eysn et al., 2015; 

Kattenborn et al., 2014; Nevalainen et al., 2017), and have been found to perform well on species with 

regular crown shapes (Mohan et al., 2017) such as conifer forests. As automated individual tree 

segmentation performed poorly and the main focus of the current study was to demonstrate an approach 

to rapidly phenotype and uncover genetic differences, manual digitisation was deemed sufficient. 

Nevertheless, further investigation into advanced machine-learning approaches (Weinstein et al., 2019) 

or methods based on modelling the 3D-shape of the tree (Balsi et al., 2018) is required to resolve the 

individual tree segmentation of species with irregular shaped canopies.  

At the species-level, our results indicate significant differentiation between the two 

studied eucalypt species in most tree architecture and resource allocation traits. This variation 

has a genetic basis as trees of the two species were alternately planted in the studied area. 

Surviving trees of E. tenuiramis exhibited greater growth and less dense but more structurally 

complex crowns than trees of E. pauciflora, despite the survival of E. tenuiramis being lower 

than E. pauciflora at this trial site (Camarretta et al., 2020a). While both E. pauciflora and E. 

tenuiramis are from the same sub-genus, Eucalyptus, and often co-occur in eucalypt 

woodlands (Williams and Potts, 1996), the observed structural difference between the two 

species when grown in a common garden may in part reflect differences in the functional 

components of the ecological niche they occupy in the wild (Schellenberger Costa et al., 2018). 

Significant genetic variation was detected at the provenance-level for many of the 

LiDAR-derived traits. Provenance variation is a common feature of forest tree species (Santini 

et al., 2019; White et al., 2007), including eucalypts, but we emphasise the novel insights now 

possible with LiDAR-derived traits. This is best exemplified by the negative association 
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shown between crown point density and minimum temperature at the provenance home-site 

in E. pauciflora, which suggests that provenances translocated from warmer home-sites had 

less dense crowns at our trial site. This phenomenon could reflect an inherent genetic-based 

difference in growth habit of the assessed provenances or phenotypic plasticity due to trees 

from warmer provenances experiencing cold stress at the higher altitude trial site. Such stress 

would be consistent with the poorer survival reported for the lower altitude provenances at the 

study site (Camarretta et al., 2020a). Eucalypts are ever-green and crown density is commonly 

assessed as an indicator of tree health, including defoliation due to pests and drought stress 

(Barry et al., 2008; Moore et al., 2016) and, while normally assessed on an ordered categorical 

scale, crown density has been shown to vary among provenances in field trials (Low and 

Shelbourne, 1999). Indeed, these differences in crown densities are now raising new 

hypotheses on the extent to which they may affect the dependent communities through changes 

in resource use and animal feeding/nesting behaviour. Crown complexity (i.e., crown openness, 

vegetation layering and cover) have been linked to arthropod (Müller et al., 2014; Setiawan et 

al., 2016), bird (Müller et al., 2010; Munro et al., 2011; North et al., 2017) and bat species 

richness (Froidevaux et al., 2016). The introduction of non-local provenances with different 

crown properties, as may occur with the implementation of climate-adjusted provenancing 

(Prober et al., 2015), may have a broader extended effect on dependent communities. Indeed, 

this could potentially result in unexpected biodiversity outcomes, such as loss of habitat 

specialist species (Hanzelka and Reif, 2016), which is opposite to the intended restoration 

goals. Further research is therefore needed in this area to fully untangle the intricacies between 

provenance translocation, crown architecture and dependent species resource utilization and 

behaviour. 

4.5 Conclusions 

The present study appears to be the first to demonstrate the role of divergent selection in 

shaping the phenotypic variation in tree architecture and productivity traits derived using ultra-
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dense UAS-LiDAR point clouds. These findings advance our understanding of how the home-

site climate shapes genetic variation in traits that were impractical to assess using ground-

based measurements. Indeed, most noteworthy was the trend for E. pauciflora provenances 

originating from home-sites with warmer winters tending to have sparser crowns when 

translocated to the mid-altitude field trial site. Species are being increasingly translocated 

across and outside their native distribution to mitigate biodiversity loss due to increasing 

maladaptation as climates change. The present study highlights the need to consider whether 

translocated provenance with different canopy architecture and productivity traits impact the 

habitat requirements of the biotic communities at the recipient site. Utilising rapid 

technological advances in UAS platform and sensor development together with data fusion 

approaches will provide new understandings on the genetic diversity and functional value of 

the identified tree architecture and productivity traits to better guide the management of natural 

resources during an era of rapid change.
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Chapter 5: Hand-held laser scanning detects spatiotemporal 

differences in the development of structural traits among species in 

restoration plantings 

Chapter summary 

Quantifying the success of restoration plantings in achieving the desired ecosystem 

functions and services is challenging. Forest structural complexity and biomass accumulation 

are key measures used to monitor success in terms of the availability of animal habitat and 

carbon sequestration. Monitoring their development through time using traditional field 

measurements is costly and often impractical given the landscape-scale at which ecological 

restoration is undertaken. 

We explore the application of remote sensing technology as an alternative to traditional 

field surveys to capture the development of key forest structural traits in a restoration planting 

in the Midlands of Tasmania, Australia. We report the use of a hand-held laser scanner (ZEB1) 

to measure annual changes in structural traits at the tree-level, in a mixed species common-

garden experiment from seven- to nine-years after planting. Using very dense point clouds we 

derived estimates of multiple structural traits including above ground biomass, tree height, 

stem diameter, crown dimensions and properties.  

We detected annual increases in most LiDAR-derived traits, with individual crowns 

becoming increasingly interconnected. We show the potential for remote sensing technology 

to monitor temporal changes in forest structural traits as well as to provide base-line measures 

from which to assess the restoration trajectory towards a desired state. 

5.1 Introduction 

To counter the effects of climate change, global governments have pledged to restore 

hundreds of millions of hectares of degraded land by planting trees for biomass and carbon 
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sequestration as well as biodiversity conservation. The monitoring of these plantings will be 

pivotal in reporting their effectiveness in reaching the desired restoration targets (Perring et 

al., 2015). Recently, it has been argued that key response traits, also referred to as Essential 

Biodiversity Variables (EBVs), need to be identified in order for ecosystem monitoring to be 

effective (Maginel et al., 2016). One such EBV that could serve as a viable candidate to 

monitor the effectiveness of forest restoration plantings is forest structural complexity (Noss, 

1990), which is considered a reliable indicator of ecosystem health and function (McElhinny 

et al., 2005). The use of traditional field inventories for assessment of spatial and temporal 

changes in forest structural complexity and forest structural traits can be expensive and time 

demanding (McElhinny et al., 2005). Consequently, interest is growing in the restoration 

community towards using remote sensing applications to provide a timely and cost-effective 

alternative (Camarretta et al., 2019; Cordell et al., 2017).  

While remote sensing applications increasingly have been adopted for the assessment of 

forest structural traits in production forestry (Vepakomma and Cormier, 2017), the uptake of 

these technologies in the restoration context is proving slow and challenging (Camarretta et 

al., 2019), and has remained largely focused on the initial planning phase (Cordell et al., 2017). 

Light Detection and Ranging (LiDAR) data can capture detailed characteristics of forest 

structural traits (Næsset and Gobakken, 2008), as its data format (a three-dimensional [3D] 

point cloud) reflects the location in space of the objects hit by the laser beams (Price and 

Gordon, 2016). These point clouds can vary in terms of point density (e.g., from < 1 point/m2 

to > 100 points/m2) according to the sensor specifications, the Earth observation platform 

carrying them, and the scale and scope of investigation. When the study aims to obtain very 

detailed information of below-canopy elements over small areas, ground-based LiDAR 

systems (also referred to as proximal sensing)  can be used (Marselis et al., 2016; Muir et al., 

2018). Proximal sensing offers a clear advantage compared to airborne remote sensing - being 

on the ground and embedded in the vegetation system, proximal sensing provides an 

advantageous perspective on ground vegetation and below canopy elements. Ground-based 
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LiDAR can be either static (i.e., mounted on a tripod - terrestrial laser scanner [TLS]) or mobile 

(i.e., mounted on a vehicle or hand-held - hand-held mobile laser scanner [HMLS]). Regarding 

the acquired information, TLS systems provide the most accurate datasets, with extremely 

dense 3D point clouds and the addition of RGB imagery collected during each scan. 

Nevertheless, since TLS produces 360° scans from a fixed position, a single scan will only 

acquire data from the side of the trees facing the instrument (thus losing the information on 

the other side, due to occlusion). In order to reduce the occlusion due to the limited line-of-

sight in forests, TLS users need to carry out multiple scans to cover the study area, thus 

increasing data acquisition times and requiring extensive site preparation and pre-processing 

(Bauwens et al., 2016). Alternatively, mobile systems can be used to capture detailed 3D 

information, simply by scanning the trees as one moves through the study area (Ryding et al., 

2015). The main limitations of HMLS are the lack of a built-in global navigation satellite 

system (i.e., GNSS) unit (i.e., no information on the geolocation of the scan), a maximum 

scanning distance of 15-20m (this can vary according to the instrument), resulting in a height 

cut off when scanning tall trees and reduced accuracies when compared to TLS (Jaakkola et 

al., 2017). Nonetheless, when monitoring the development of young trees, HMLS is 

advantageous as data collection using TLS would require an extremely large number of 

scanning position to account for the often dense “bush-like” nature of young growing trees. 

In the present study, we aim to test and validate the use of LiDAR data acquired using a 

HMLS (i.e., ZEB1 system) to monitor the development of structural traits at the individual 

tree-level in a eucalypt dominated, mixed species restoration planting over a three-year period. 

Particularly, we focus on (i) how well key structural attributes measured in the field are 

estimated using HMLS LiDAR, and (ii) how structural metrics change through time according 

to the main species employed. 
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5.2 Materials and Methods 

5.2.1 Study site 

The study was carried out at the Dungrove restoration research site (592 m elevation, 

latitude -42.2733°, longitude 146.8941°), located in the southern Midlands of Tasmania, 

Australia (Figure 5-1a). The Dungrove research experiment was established in 2010 on ex-

agricultural land, embedded in broader restoration plantings aimed at the re-connection of 

remnant dry eucalypt woodlands, dominated by Eucalyptus pauciflora and E. tenuiramis. As 

part of the experiment, eight replicates with twelve community treatments of 120 trees each, 

have been planted across the landscape. These treatments differed according to the species 

planted as immediate neighbour to the focal eucalypt (i.e., E. pauciflora and E. tenuiramis), 

and comprised of monocultures and mixed species plots (Camarretta et al., 2020a). 

 

Figure 5-1: (a) The Dungrove research site with the locations of the three permanent plots 

and site position within Tasmania; (b) the three Canopy Height Models (CHMs) of the ZEB1 

plots, acquired in 2018, are shown with individual crowns overlayed on top of them and their 

50 x 20 m bounding box, coloured according to height (blue to red = 0 - 10 m).  
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5.2.2 ZEB1 data acquisition and co-registration 

ZEB1 (GeoSLAMTM) data collection was carried out in three 50 x 20 m quadrats (0.1 ha) 

over a three-year time period: first-year measurements were conducted at the end of February 

2017, while second- and third-year scans were carried out in early May 2018 and early April 

2019, respectively, which was seven to nine years after planting. The ZEB1 system is provided 

with a Hokuyo UTM-30LX laser scanner, operating at a wavelength of 905 nm. It has a 

horizontal and vertical field of view of approximately 270° and 120°, respectively, and a 

maximum scanning range of 30 m (typical maximum range 15-20 m). It can scan up to 40 

lines/s and 43200 points/s (GEOSLAM, 2015). The lack of a built-in GNSS (or GPS) unit 

inside the ZEB1 system required the development of a standard sampling protocol to allow for 

the co-registration of each scan in real world coordinates. This sampling protocol required a 

semi-fixed set-up for each sampling quadrat: eight permanent reference pickets (i.e., 0.9 m 

steel fencing posts) were driven halfway into the ground in each quadrat, one in each corner 

while the remaining four were scattered throughout the plot. At the start of the study, the 

position of each reference picket was georeferenced using a GNSS receiver transmitting to a 

nearby base station. 

Before each ZEB1 scan, a 1.8 m plastic coated steel pole was fixed to each reference 

picket. A 0.2 m diameter polystyrene reference target was placed on its top (Figure 5-2), then 

the distance from the ground to the base of the reference target was recorded. Once the data 

was processed by the proprietary software and it was returned to the end user in a readable 

format (.las), this height, together with the ground coordinates of each reference point was 

used to co-register the point cloud to the GDA94 - MGA zone 55 coordinate reference system 

(EPSG: 28355). Point cloud co-registration was carried out in the open-source software 

CloudCompare v2.9.1 (http://cloudcompare.org) using the ‘align (point pairs picking)’ 

function. The four corner references were used to register each point cloud, while the 

remaining reference points were used to assess the final root mean squared error (RMSE) for 

each scan (Table 5-1). Finally, each scan was clipped to its permanent bounding box of 50 x 
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20 m, with a 1 m external buffer to avoid cutting out parts of the bordering crowns. The 

external buffer was created in the open-source QGIS environment (QGIS Desktop version 

2.18.0), while the clipping was carried out using the ‘lasclip’ function from LasTools 

(https://rapidlasso.com/lastools/lasclip/). 

5.2.3 Individual tree structural traits extraction 

Once registered, the point clouds were used to create nine (i.e., one per plot per year) 

Canopy Height Models (i.e., CHMs), using the ‘Lasgrid’ function from LAStools 

(https://rapidlasso.com/lastools/lasgrid/). These nine CHMs were loaded into the open access 

QGIS environment (see above) and were used, with the aid of the restoration planting layout, 

to manually digitise the crowns of approximately 270 trees (Figure 5-1b). Although the outline 

of most tree crowns was easily detectable, for a small subset of neighbouring trees with 

overlapping crowns, further data manipulation proved necessary. Additional processing was 

carried out on the 3D point clouds (Figure 5-3) using the ‘segment’ function from 

CloudCompare (see above). Finally, the extraction and calculation of structural traits at the 

individual tree-level was carried out using the statistical language R (R Core Team, 2018). 

These structural traits have been shown to differentiate species and provenance (Camarretta et 

al., 2020b) and are listed in Table 5-2. To estimate above ground biomass (AGB) and diameter 

at breast height (DBH) from the LiDAR point clouds, we applied the following allometric 

equations, by Jucker et al. (2017):  

AGB = (0.016) × (H × CD)(2 013) × exp[0.2042/2]   (1) 

DBH = 0.557 × (H × CD)0 809 × exp[0.0562/2]   (2) 

where H represents tree height (in meters) and CD stands for crown diameter (in meters). 
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Figure 5-2: Reference target on top of its support used in the field (left-hand side) and its 

captured 3D point cloud (right-hand side). 

5.2.4 Ground-based measurements 

A subset of the LiDAR-derived structural traits was validated using equivalent ground-

based measurements of all trees in the three plots. These included: diameter at breast height 

(DBH) of all stems > 1 cm, tree height, crown insertion height and crown dimensions (two 

diagonal measurements of the crown). These measures were carried out at approximately the 

same time as the ZEB1 data acquisition. The measurements of crown dimensions and crown 

insertion height were taken only during the second and third year of the study. 
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Figure 5-3: 2D representation of an example point cloud of two neighbouring, 

overlapping crowns seen from above (a) and from the side (b), and the individual point clouds 

of both trees after manual separation (c). 
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Table 5-1: Summary statistics of ZEB1 data registration for each of the three assessment 

plots over the three assessment years. Shown for each plot is the scanning date, the registration 

root mean squared error (RMSE), the mean number of points per square meter, and the mean, 

maximum and standard deviation of the individual tree height. aRMSE computed using three 

control points instead of four. bPoint cloud registration using three of the four corner reference 

points plus the closest reference point, from those inside the plot, to the unrepresented corner. 

5.2.5 Statistical analysis 

All statistical analysis and data visualisation were undertaken in R (R Core Team, 2018). 

Trait validation was carried out by fitting a linear regression model associating the field 

measured traits for each tree with the point cloud derived estimates of the same trait, and R2 

values for each trait calculated. The model assumption of normality and homoscedasticity as 

well as overdispersion were statistically and visually assessed using simulated residuals from 

the fitted model (DHARMa package). The only trait that required transformation was DBH, 

which was transformed using the natural logarithm. 

To test the effects of time, species (i.e., Acacia dealbata, E. nitens, E. pauciflora and E. 

tenuiramis) and their interaction on the ZEB1-derived structural traits, a two-way fixed effects 

model including plot as a random term was fitted to the individual tree data using the function 

‘lme’ of the package nlme. To account for the heterogeneity in the residual variances with time 

and the autocorrelation among observations inherent with repeat measure time series, an 

Plot 
Acquisition 

date 

Registration 

RMSE (m) 
Points/m2 

Mean height 

(m) 

Max height 

(m) 

Standard 

deviation 

(m) 

1 

21/02/2017 0.14a 12822.6 2.27 7.38 0.77 

15/05/2018 0.20a 15522.2 2.34 8.35 0.84 

2/04/2019 0.19a 14543.2 2.24 8.93 0.82 
      

 

2 

20/02/2017 0.11 6149.3 1.96 5.40 0.52 

15/05/2018 0.29 11543.0 2.18 6.48 0.66 

10/05/2019 0.20 14159.6 2.07 6.42 0.65 
       

3 

21/02/2017 0.15 7919.7 2.28 7.52 0.79 

15/05/2018b 0.13a 13502.2 2.33 7.94 0.85 

2/04/2019 0.16 8085.1 2.19 8.22 0.74 
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5.3 Results 

LiDAR-derived tree height, measured using the 99th height percentile, was highly 

correlated with the field measurements of tree height, with model fit increasing with age 

(Figure 5-4a). Accordingly, the relationship between the averaged measurements of stem 

diameter taken in the field and those derived from a general allometric equation (Jucker et al., 

2017) using LiDAR traits as input (i.e., 99th height percentile and crown width at the widest 

point) resulted in relationships of R2 = 0.54 (2017), 0.79 (2018) and 0.74 (2019) (Figure 5-4b). 

Two additional measures relative to crown properties were also ground-truthed in this study: 

field-measured crown width was highly correlated with crown width at the widest point (R2 = 

0.84 [2018] and R2 = 0.85 [2019]), while field-measurements of crown insertion height were 

poorly correlated with a LiDAR composite value (R2 = 0.18 [2018] and R2 = 0.09 [2019]). This 

composite value derived from LiDAR was obtained after running a random forest model 

following Camarretta et al., (2020b), fitting the 99th height percentile, diameter, rumple index 

and height to the widest point as predictors of the field measured insertion height.  

During the manual digitisation of tree crowns, several clusters of neighbouring trees 

tended to have their crown either underneath or above that of other trees (Figure 5-3): 19 trees 

grouped into two clusters (6.9% of the total) were found in 2017, 49 trees in 18 clusters (17.6% 

of the total) were identified in 2018 and 70 trees from 25 clusters (25.1% of the total) were 

present in 2019. This resulted in an overall crown overlap increase of 10.7% between 2017 

and 2018, and of 7.5% between 2018 and 2019. Based on the tree crowns that could be well-

separated in each year, individual tree biomass averaged 2.86 kg (2017), 3.99 kg (2018) and 

4.53 kg (2019) per tree, while overall biomass based on the resolved trees was 2285 kg/ha 

(2017; n = 240), 3590 kg/ha (2018; n = 270) and 3969 kg/ha (2019; n = 263). By 2019 there 

was a three-fold variation in AGB between plot 2 (1672 kg/ha) and the other two plots (4711 

- 5523 kg/ha) which is consistent with the differences in canopy occupancy as shown in Figure 
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5-1b. However, these plot-level trends do not account for biomass embedded in unresolved 

trees which would downwardly bias the 2017 estimate. 

 

Figure 5-4: Validation regression plots (calculated for 240, 270 and 263 trees for 2017, 

2018 and 2019, respectively) for tree height (a) and diameter at breast height (b). 

The two-way fixed effect model indicated 13 of the 15 ZEB1 traits exhibited highly 

significant (P < 0.001) change through time, all traits showed significant species difference (P 

< 0.01), and 9 traits exhibited significant time by species interaction at the 0.01 level (Table 

5-3). Growth traits exhibited highly significant (P < 0.001) main and interaction effects, 

indicating a change in species performance through time. Eucalyptus nitens and E. tenuiramis 

had greater growth than E. pauciflora and Acacia dealbata in all years (Figure 5-5a, b). The 

time by species interaction for height was mainly due E. tenuiramis surpassing E. nitens with 

time (particularly by 2018), and the growth difference between E. pauciflora and A. dealbata 

reducing with age (Figure 5-5a). In the case of above ground biomass, the significant 

interaction was mainly due to an increasing difference between the better and poorer growing 
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Figure 5-5: Species least-square mean plots across the three sampling years at the tree-

levels estimated from the fitted model for tree height (a), above ground biomass (b), rumple 

index (c) and points to volume ratio (d). 

species (Figure 5-5b). The distribution of points within the crown exhibited no significant time 

or interaction effects, but highly significant (P < 0.001) species differences. This suggests that 

crown distribution is a stable attribute of the species, with species developing denser upper 

crowns decreasing from A. dealbata > E. pauciflora > E. tenuiramis > E. nitens (1.20 SE [± 

0.11], 1.03 [± 0.06], 0.84 [± 0.06] and 0.72 [± 0.06], respectively). Crown roughness, as 

measured by the rumple index, varied significantly for all effects tested (P < 0.001). Crown 

roughness tended to increase with time and differed markedly between species, with E. 

tenuiramis having the most complex crowns and A. dealbata the least complex crowns (Figure 

5-5c). Crown density was another notable trait which differed markedly between species 

(Figure 5-5d). The faster growing E. tenuiramis and E. nitens had sparser crowns (low points 
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to volume ratio) than E. pauciflora and A. dealbata. However, there was a significant time by 

species interaction due to the crown of the faster growing species (E. tenuiramis but mainly E. 

nitens) becoming sparser over the 2018 and 2019 period whereas the crowns of the slower 

growing species became denser (E. pauciflora but mainly A. dealbata - Figure 5-5d). 

Table 5-3: Analysis of variance results for all trees within the study, showing the trait 

transformation and F-statistic and its probability (Pr) for Time, Species and their interactions 

terms. The numerator degrees of freedom (df) for each factor fitted is shown in the heading in 

parenthesis, and denominator degrees of freedom ranged between 719 and 759 according to 

the structural trait analysed.1 The trait descriptions are given in Table 5-2. 

Structural traits 
Transformatio

n 

Time  

(df = 2) 

  Species 

(df = 3) 

  Time * Species     

(df = 6) 

F Pr F Pr F Pr 

Height (99th percentile) sqrt 18.9 < 0.001 32.4 < 0.001 6.0 < 0.001 

Crown distribution ln 2.5 0.082 9.8 < 0.001 1.3 0.250 

Height of widest point   7.4 < 0.001 6.8 < 0.001 1.0 0.441 

Max Euclidean crown width 
 54.1 < 0.001 25.1 < 0.001 5.6 < 0.001 

Crown volume (convex hull) sqrt 15.9 < 0.001 31.4 < 0.001 5.7 < 0.001 

Crown area (from point 

cloud) sqrt 18.0 < 0.001 27.6 < 0.001 4.3 < 0.001 

Crown area (from shapefile) sqrt 18.1 < 0.001 27.1 < 0.001 7.7 < 0.001 

Height to area ratio ln 9.8 < 0.001 17.9 < 0.001 2.5 0.021 

Height to volume ratio ln 14.4 < 0.001 22.3 < 0.001 2.8 0.010 

Points to area ratio sqrt 5.3 < 0.001 16.0 0.005 4.4 < 0.001 

Points to volume ratio sqrt 1.5 0.226 25.4 < 0.001 2.4 0.027 

Above Ground Biomass 

(AGB) ln 17.9 < 0.001 29.1 < 0.001 3.7 0.001 

Diameter (1.3m) sqrt 15.6 < 0.001 32.5 < 0.001 6.0 < 0.001 

Rumple index sqrt 7.7 < 0.001 19.0 < 0.001 5.1 < 0.001 

Area (3D:2D)   25.3 < 0.001 16.1 < 0.001 3.0 0.007 

1Trees sampled per species varied slightly with year and trait due to the crown of several smaller trees 

being unresolved from the understory in certain years and ranged from 12-19 for A. dealbata, 20-22 

for E. nitens, 170 to 189 for E. pauciflora and 38 to 41 for E. tenuiramis. 

5.4 Discussion 

The high validation results achieved for the four structural traits measured in the field 

were in strong agreement with the results previously obtained on a larger subset of the same 
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restoration experiment using UAS LiDAR (Camarretta et al., 2020b) and, more generally, with 

the broader ZEB1 literature (Bauwens et al., 2016; Del Perugia et al., 2019; Ryding et al., 

2015). Consistent with previous observations (Camarretta et al., 2020b), crown insertion 

height was difficult to validate. This was largely attributed to the nature of these restoration 

species, with crowns extending to the bottom of the stem in many cases, making the separation 

from the underlying grassy layer particularly difficult. Nevertheless, the validation results for 

most traits tended to get better with time (Tompalski et al., 2019), which likely reflects tree 

crowns becoming wider and taller as the years passed. In addition, the canopy height models 

indicated that vegetation layering is developing, with a mix of tall trees, medium sized 

trees/shrubs, as well as the formation of gaps and low vegetation. 

One emerging challenge from the present study was the detectability of individual tree 

crowns. The extraction of individual tree crowns from point clouds is a common problem with 

remotely sensed data (Dalponte et al., 2018; Harikumar et al., 2019). In some cases (e.g., even-

aged conifer forest), the development of automated crown extraction algorithms has proven 

very successful (Dalponte et al., 2018; Kaartinen et al., 2012), but when trying to delineate 

crowns in uneven-aged mixed forest, results are still far from ideal (Hastings et al., 2020; 

Millikan et al., 2019). In the present case, crowns were manually extracted from the point 

clouds and linked to the field planting grid and associated pedigree information. The vast 

majority of crowns in the three plots could be resolved in this study, allowing the full suite of 

structural traits to be assessed. However a few problematic cases were identified and likely 

due to two major causes: (i) the crown of larger trees overlapping and shadowing neighbouring 

smaller trees (Dalponte and Coomes, 2016); and (ii) problems related to the separation of 

crowns of small trees from the understory layer. Over time, neighbouring trees started to 

exhibit canopy closure, which made individual tree crown extraction rather difficult (Millikan 

et al., 2019), and in turn required additional manual pre-processing of the point clouds to obtain 

correctly segmented crowns. As noted above, in some cases the extracted individual point 

clouds could not allow computation of all structural traits including biomass, as it was not 
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possible to detect where the understorey layer ended and the tree crown began. This is likely 

a confounding issue for the large increase in the estimated plot-level biomass from 2017 to 

2018.  

The 15 structural traits tested in the present study exhibited significant differences 

according to species, with a majority showing significant differences across years and 

exhibiting a time by species interaction. The species differences were mainly associated with 

differences in productivity among them. While survival of E. pauciflora was three-fold that of 

the other three species across the whole restoration area (Camarretta et al., 2020a), the 

surviving trees of E. tenuiramis and E. nitens in the studied plots far exceeded E. pauciflora 

and A. dealbata in productivity at the individual tree-level. This height and biomass difference, 

however, was somewhat countered by the more productive species having sparser crowns. E. 

tenuiramis is a local species endemic to Tasmania and was represented in the plantings by 

provenances predominantly from lower altitude sources which had been translocated up slope 

to compare with the local provenance and multiple provenances of E. pauciflora from higher 

and lower altitude than the planting site (Camarretta et al., 2020a). E. nitens is an Australian 

mainland species introduced onto the island for use in industrial plantations for pulpwood and 

solid wood production (Hamilton et al., 2008). It is also often planted in smaller lots on 

Tasmanian farms and in the present case was tested as a nurse crop for  E. pauciflora in the 

restoration plantings (Camarretta et al., 2020a). While E. nitens has previously shown reduced 

survival compared to E. pauciflora in co-plantings in the dry Midlands environment (Close et 

al., 2005), the superior height growth of survivors was only evident on one of the two sites 

tested (Close et al., 2010). Here, the introduced E. nitens have already greatly surpassed the 

co-planted, slower growing, E. pauciflora. This will likely trigger the next planned 

management action: a selective thinning of E nitens individuals to add coarse woody debris to 

the restoration planting and increase its overall structural complexity. 

As expected, tree height and biomass showed an increasing trend with time at the 

individual tree-level. However, a notable feature of our spatiotemporal data was the marked 
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reduction in the growth increment over the 2018-2019 period compared with 2017-2018 period 

in all species except E. nitens. This reduced growth corresponded with a below average rainfall 

in the 2018-2019 period, with the summer rainfall in January (10.2 ml) and February (19.6 ml) 

of 2019, one of the lowest since the experiment was established (mean January and February 

precipitations for the 2011-2019 period are 30.4 ml and 26.2 ml, respectively - 

www.bom.gov.au [nearby Hermitage - Shannon River climate station]). One possible 

explanation is that the reduced availability of water in the soil profile is resulting in suppressed 

growth of E. tenuiramis, E. pauciflora and A. dealbata over the assessment period (Whitehead 

and Beadle, 2004). Indeed, water availability has been reported as one of the major factors 

explaining variation in the growth rate of E. globulus (White et al., 2009). In contrast to these 

species, the height growth and predicted biomass of E. nitens remained more-or-less linear 

throughout the study period. This is unexpected as the faster growing E. nitens is adapted to 

cooler moister environments (Wardlaw, 2011) and would be expected to be more drought 

susceptible than the two native eucalypts. This contradiction could reflect reduced tree density 

in the E. nitens plots due to previously higher mortality reducing the depletion of the soil-water 

store over this period (spacing effect on drought susceptibility – White et al. 2009). 

Alternatively, it is possible that the faster growing E. nitens has established a larger and deeper 

root system at this age providing better access to stored soil water than the other species 

(Tomlinson et al., 2012). Nevertheless, it is possible that E. nitens is adjusting to water stress 

through the loss of canopy leaf area, which is a common response of eucalypts (Whitehead 

and Beadle, 2004), which is supported by the observed decrease in canopy density observed 

over the 2018-2019 assessment period. 

5.5 Conclusions 

In this study, a hand-held laser scanning unit (ZEB1) was successfully used to capture 3D 

data from permanent forest restoration plots over a tree-year period. The very high trait 

validation with ground-truth measurements suggest that this technology can successfully be 
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employed as an alternative to traditional field surveys. Particularly, this technology allows the 

acquisition of ultra-dense 3D point clouds that can be used to derive a suite of structural traits 

rather than the few traits traditionally measured in field inventories. While significant 

spatiotemporal changes in forest structural traits (both validated and not) important for habitat 

provision and biodiversity were detected, a potential drawback was identified during this 

study. Permanent plot identification and establishment needs to be carefully planned to ensure 

that data co-registration is possible through time. On one hand, this can reduce the potential 

application of the ZEB1 system for forest restoration monitoring, as it may require access to 

specialized equipment and personnel necessary for the establishment of a GNSS base station. 

However, if data geolocation is not considered necessary, permanent plot establishment, like 

the one defined in section 2.2 will still allow scan co-registration over time. Although this 

technology has been shown to provide rapid inventory of forest plots (Chen et al., 2019; Del 

Perugia et al., 2019; Vatandaşlar and Zeybek, 2020), its uptake by forest restoration ecologist 

for the monitoring of restoration plantings is still lagging. The present study, following the 

theoretical framework suggested by Camarretta et al. (2019), demonstrates the potential of 

remote sensing technology, and particularly the ZEB1 system, to monitor the development of 

structural traits over time to guide adaptive management and report on restoration 

effectiveness. 
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Chapter 6: Differentiating tree species and provenances using UAS-

borne hyperspectral imagery and machine learning 

Chapter summary 

Forest trees are an important component of terrestrial biodiversity and monitoring the 

species and genetic composition of natural and restored forests is paramount for effective 

management in the face of global change. In the case of forest restoration, the identification of 

provenances of the same species is becoming increasingly important in evaluating the success 

of different seed-sourcing strategies aimed at climate change adaptation and resilience but this 

can be costly if pedigree tracking or molecular techniques are used. We here explore the 

possibilities offered by advances in very high-resolution hyperspectral imagery, acquired from 

Unmanned Aerial System (UAS), to differentiate between species and provenances based on 

their unique spectral signatures. Using a common garden restoration experiment, random 

forest classifiers were trained to discriminate between: (a) two focal eucalypt species 

(Eucalyptus pauciflora and E. tenuiramis); (b) E. pauciflora provenances from Tasmania and 

mainland Australia (’state’); and (c) ten different Tasmanian provenances of E. pauciflora 

(‘provenance’). We compared both object- (i.e., tree) and pixel-based approach; using the 

spectral information directly or as derived vegetation indices, both with and without 3D 

structural traits derived from Light Detection and Ranging (LiDAR). Species were best 

classified when using only the derived vegetation indices at the object-level, with an overall 

accuracy (OA) of 89.2%. However, the object-level models performed poorly when 

differentiating the spectral differences between state (OA = 57.1%) and provenances (OA = 

26.7%), with the fusion of vegetation indices and LiDAR being the top models in both cases. 

While there was little gain in detectability of species at the pixel-level (OA = 88.1%), 

substantial gains were achieved in differentiating intraspecific differences at the state (OA = 

77.1%) and provenance (OA = 50.2%) levels. Employing an odds-ratio and majority vote on 

the pixel affinities for each object, we were able to increase our ability to differentiate objects 
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at all hierarchical levels: species (100% correct classification); state (92%); and provenance 

(95%). We discuss these results considering the advance made in monitoring tree biodiversity 

at spatial- and genetic-scale relevant for natural resource managers. 

6.1 Introduction 

Forests cover 30% of the world’s surface (FAO, 2015; Isabel et al., 2020) with the 

dominant trees often being foundation species that structure dependent communities and 

ecosystem processes (Ellison et al., 2005; Isabel et al., 2020; Whitham et al., 2010). 

Accordingly, detailed knowledge on the composition and geolocation of tree species is 

important for assessing ecosystem quality (Ene et al., 2017; Zolkos et al., 2013) and to 

effectively manage natural resources in the face of global change (Keramitsoglou et al., 2008; 

Shang and Chisholm, 2014). Key issues include the monitoring of the effects of such changes 

in native forests (Cudmore et al., 2010; Fischer et al., 2010; Jurskis, 2005) as well as the 

success of planted forests for ecological restoration (Camarretta et al., 2019). The monitoring 

of ecosystem change has traditionally been undertaken at the species-level (Sankey et al., 

2018). However, there is increasing interest in monitoring the assisted translocations of both 

species and provenances within species (Aitken and Bemmels, 2016; Gray et al., 2016; Isabel 

et al., 2020; Williams and Dumroese, 2013). Forest restoration strategies, for example, are 

shifting from ‘local-is-best’ to mixing local seed with seed collected from multiple non-local 

provenances (Breed et al., 2018; Bucharova et al., 2019), particularly from areas predicted to 

be better adapted to the future climate of the restoration site (Breed et al., 2019; Harrison et 

al., 2017; Prober et al., 2015). As the paradigm shifts away from ‘local-is-best’ gains 

momentum, there is a pressing need to evaluate the long-term success of such provenance 

translocations. Thus, the practical need for plot- to landscape-scale monitoring now extends 

from the species- to the provenance-level. While provenance-level pedigree tracking through 

labelling or molecular techniques are often required (Finkeldey et al., 2010; Freeman et al., 

2007), remote sensing offers a scale-appropriate alternative. 
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Recent advances in the field of remote sensing have now made it possible to acquire 

information from and to monitor ecosystems at scales matching the study needs: from national 

to global level surveys using satellite-derived data, to very detailed information acquired with 

Unmanned Aerial System (UASs; also referred to as drones or Unmanned Aerial Vehicles 

[UAVs]) (Camarretta et al., 2019). In this framework, the use of  UASs for ecosystem science 

has matured, with a variety of sensors that can be mounted on them (e.g., LiDAR, 

hyperspectral and thermal cameras) to provide high spatial resolution data to be used either as 

stand-alone or in different combinations (i.e., data fusion) (Sothe et al., 2019). Detection and 

delineation of forest tree species through remote sensing technologies is possible using both 

Airborne Laser Scanning (ALS; i.e., LiDAR) and imagery data (Fassnacht et al., 2016; Puletti 

et al., 2016; Yu et al., 2014). Hyperspectral data is particularly well suited for the mapping of 

forest species, given its finer resolution along the light spectrum and the high number of 

spectral bands acquired (> 100 bands) compared to that acquired from multispectral sensors 

(< 20 bands). Indeed, the ability to detect subtle differences in leaf pigment from hyperspectral 

data has greatly advanced our capacity to remotely classify plant species and quantify plant 

traits (Homolová et al., 2013; Lucas et al., 2008; Malenovský et al., 2009; Shang and Chisholm, 

2014).  

Image classification of species may follow one of two main approaches: object- or pixel-

based classification. The main difference between them lies in their classification units (i.e., 

objects vs. pixels). There is general agreement on the superior performances of object-based 

approaches to classify and delineate species, as in many cases these seem to solve “salt and 

pepper” effects related to pixel size while taking into consideration information on the objects 

spatial context (Wang et al., 2020; Zhang and Jia, 2014). More recently, there has been an 

increased application of combining hyperspectral data with structural traits derived from either 

photogrammetric point clouds (Nevalainen et al., 2017; Sothe et al., 2019) or LiDAR data 

(Shen and Cao, 2017; Sun et al., 2019). Such data fusions show great promise, especially in 

situations where two species share a similar spectral phenotype but can be differentiated 
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through the addition of height and other structural information (Liu et al., 2017; Sankey et al., 

2017; Sothe et al., 2019). Furthermore, data fusion can help to identify the sunlight portion of 

tree crowns more accurately through 3D modelling of sun-angle at the time of hyperspectral 

data acquisition (Asner et al., 2008). This information can then be used to retain only the 

sunlight portion of the crown for the extraction of response curves (Shi et al., 2018). 

While most image classification studies have focused on the delineation of species, no 

studies were found that have used remote sensing technologies to classify different genetic 

strata within species, such as native provenances. The few studies of provenance variation in 

spectral signatures found use lab-based approaches. For example, O’Reilly-Wapstra et al. 

(2013) used lab-based near-infrared reflectance spectroscopy to differentiate provenances of 

Eucalyptus globulus grown in a common garden trial based on their differences in leaf spectra. 

Similarly, four Pinus sylvestris provenances were differentiated at multiple sampling times 

using laboratory-based visible and near infrared hyperspectral scanning of their shoots 

(Danusevicius et al. 2014). With recent advances in sensors miniaturization (Valavanis and 

Vachtsevanos, 2015), as well as with the rapid development of UAS technology (Harwin and 

Lucieer, 2012), it is now feasible to mount hyperspectral sensors onboard UAS platforms 

(Lucieer et al., 2014). Such platforms allow for the acquisition of very high spatial resolution 

imagery (i.e., centimetre-level pixels) (Javernick et al., 2014), which make them ideal systems 

to produce very detailed and repeatable spectral assessments for monitoring species and 

provenance composition and health (Malenovský et al., 2017; Sankey et al., 2018; Santini et 

al., 2019). 

Here, we explore the application of remotely sensed hyperspectral imagery for species 

and provenance classification. Specifically, we aim to: (i) assess the performance of object- 

vs. pixel-based approaches, as well as (ii) identify which predictor variables provide the best 

results. In particular, we aim to classify species based on spectral separability alone, and in 

combination with LiDAR-derived structural traits, acquired from a dry eucalypt forest 

restoration planting.  
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6.2 Materials and Methods 

6.2.1 Study area and tree species 

The present study was undertaken on an 8 year-old common garden trial embedded within 

broader restoration plantings at Dungrove (592 m elevation, latitude -42.2733°, longitude 

146.8941°), an agricultural property located in the southern Midlands of Tasmania, Australia 

(Figure 6-1). We focused on two components of the broader experiment. The first component 

was the ‘Ecology’ trials (Bailey et al., 2021; Camarretta et al., 2020a),  which comprised two 

focal eucalypts species (Eucalyptus pauciflora and E. tenuiramis) planted in different 

community treatments. Each treatment included blocks of 120 trees planted along 2.5 m rip-

lines with rip-lines 3 m apart, with all treatment blocks represented in each of eight replicates 

distributed across the study. The community treatments varied between monocultures of the 

two focal  

 

Figure 6-1: Location of the ‘Dungrove’ common garden trial within Tasmania, an island 

south-east of mainland Australia (left-hand side panel). The central panel shows the layout of 

the Dungrove ‘Ecology’ (yellow) and ‘Genetic’ (green) trials as covered by the UAS (red). 

The right-hand side panel shows an example of a single hyperspectral UAS flight strip. 
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Figure 6-2: Geographic distribution of Eucalyptus pauciflora in south-eastern Australia 

(grey outline), showing the distribution of sampled mainland Australia bulked seed lots and 

Tasmanian provenances (dark grey points; A) used for the state classification; B shows the 

Tasmanian distribution of Eucalyptus pauciflora (grey outline) and the subset of provenances 

(dark grey points) used for the provenance classification. C shows the distribution of the 

endemic E. tenuiramis (grey outline) and the ten sampled E. tenuiramis provenances used for 

species delineation. Species occurrence records were obtained from the Atlas of Living 

Australia (http://www.ala.org.au/) and the Natural Values Atlas 

(www.naturalvaluesatlas.tas.gov.au) (accessed on 6 February 2015). (Photos: Rob Wiltshire) 

species, to different mixtures of the same genus or one of three different genera (mixed  

plantings),with individuals from different species intermixed in alternate planting positions 

(Camarretta et al., 2020a). Within each treatment, the two focal species were represented by 

five to seven open-pollinated families collected from ten geographic provenances sampled 

across their native distribution in Tasmania, including a local provenance from the study site 

(i.e., Dungrove). Families were represented once within each replicate of the trial and families 

and provenances were planted at random within the focal species positions within each 

community treatment and replicate. The second component was the ‘Genetics’ trials which 
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had replicates contiguous with of the ‘Ecology’ trial and comprised 281 open-pollinated 

families of E. pauciflora collected from 37 Tasmanian and 15 mainland Australia provenance 

bulk seed lots (Figure 6-2) (Bailey et al., 2013). The ‘Genetics’ trial was planted with the same 

spacing described above as a single-tree plot randomised complete block design. Crown 

delineations for each species and provenance were obtained from a previous study (Camarretta 

et al., 2020b) and used here as ground-truth for training and testing of the classifier. 

The two focal eucalypt species were an ideal study system to test the application of 

hyperspectral imagery for species and provenance classification for several reasons. Firstly, 

the two species are from the same subgenera Eucalyptus, with E. tenuiramis being endemic to 

Tasmania (Williams and Potts, 1996). Secondly, the gene pool of the non-endemic E. 

pauciflora have been separated by the Bass Strait since the start of the Holocene (ca. 12,000 

years ago). Thirdly, these species occupy diverse environments, from near sea level to the sub-

alpine tree line, from semi-arid (<600 mm annual rainfall)  to mesic climates (Williams and 

Potts, 1996). Therefore, based on these characteristics, we posit that (i) species spectral 

phenotypes will be well differentiated, (ii) spectral phenotypes of E. pauciflora gene pool (i.e., 

Tasmania vs. mainland Australia) will be poorly differentiated compared to species differences, 

and (iii), provenance spectral phenotypes will be regional and based on ecotypes rather than 

individual provenances. 

6.2.2 UAS hyperspectral imagery 

Hyperspectral imagery was collected under clear sky conditions on 20 April 2018 over 

one full replicate of the Ecology and Genetics trials, covering a total area of 2.5 ha (Figure 6-

1), using a Headwall Photonics Micro-Hyperspec VNIR scanner (Headwall Inc., Fitchburg, 

MA, USA). This hyperspectral sensor was a push-broom scanner, collecting the light as it 

passed through its lens objective at an aperture of f/2.8 and FOV of 49.8°, through a 25 µm 

slit entrance (Malenovský et al., 2015). An aberration-corrected convex holographic 

diffraction grating was used to split the collected spectral wavelengths and project them onto 
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a charge-couple device (CCD) matrix with a size of 1004 × 1004 pixel units and a digital 

dynamic range of 12 bits. The projected spatial information was stored in each column of the 

CCD matrix, while the separate wavelengths in the spectral range from 361 nm to 961 nm 

were recorded in each row. The captured light was split and registered by the CCD into 162 

spectral bands (with a band full width at half maximum of 4.75-5.25 nm). Spectral binning 

combined with an integration time of 15 ms was applied to achieve a high signal-to-noise ratio 

while preventing the oversaturation of the CCD dynamic range. The Micro-Hyperspec scanner 

was mounted on-board a UAS platform (i.e., DJI Matrice 600). Two consecutive flights were 

carried out with a flight altitude of 25 m above mean ground level, at a speed of 2.5 m/s, and 

a lateral flight strip overlap of 50%, resulting in a 0.04 m ground sample distance (i.e., spatial 

resolution). Hyperspectral image strips were radiometrically corrected based on integrating 

sphere measurements. Georectification was based on onboard systems that recorded the 

airframe (sensor) position and orientation during the image capture such that the hyperspectral 

scan lines could be projected onto an underlying Digital Surface Model. The images were 

converted from radiance to relative reflectance based on an empirical line correction with 

spectral measurements of five reference panels ranging from 5% to 65% reflectance. Nine final 

images were obtained from the processing of the individual passes (Figure 6-1). 

6.2.3 UAS LiDAR data 

Ultrahigh-density first-return UAS LiDAR data was acquired over the same study area, 

on 16 January 2018 (Camarretta et al., 2020b), with a Velodyne VLP-16 laser scanner 

(https://velodynelidar.com/vlp-16.html), mounted on the same DJI Matrice 600 system. The 

study area was covered using a cross-strip flight path, using a flight planning autopilot 

software and the flight controller on-board the UAS. The resulting 3D point cloud mean 

density was > 1000 points/m2. Twenty-five LiDAR-derived structural traits were estimated for 

each tree in the study area (see Table 1 in Camarretta et al., 2020b). In the present study, we 

used those traits that exhibited significant species and provenance differences (n = 11; Table 
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6-1), and in the case of E. pauciflora, those traits that exhibited signals of divergent selection 

(n = 11; Table 6-1) (Camarretta et al., 2020b).  

6.2.4 Data Processing 

6.2.4.1 Feature Extraction 

After initial data exploration, bands located near the two ends of the acquired spectrum were 

removed due to noisy spectral signatures, resulting in a reduced dataset of 96 spectral bands, 

spanning from 500 nm to 850 nm. Data preparation followed several processing steps (Figure 

6-3) that were all undertaken in R (R Core Team, 2018). Firstly, the hyperspectral imagery 

was clipped using the delineated tree crown polygons from Camarretta et al., (2020b), keeping 

only those pixels belonging to the trees of interest (Figure 6-4). For each retained pixel within 

the clipped crown area, we first estimated 28 commonly used vegetation indices (Table 6-2), 

and then estimated a ‘brightness’ value for that pixel calculated as the Area Under the 

hyperspectral reflectance Curve (AUChsr). This pixel-level information was then filtered 

according to three different approaches for subsequent data preparation and analysis: (i) no 

filter (hereafter ‘HSunfiltered’) where all the pixels contained within the delineated crown 

boundary were retained; (ii) subset pixels to only retain the top 5% brightest pixels within each 

crown (hereafter ‘HSpercentile’); and (iii) subset pixels to only retain the top 100 brightest pixels 

within each crown (hereafter ‘HStop’). The two filtering strategies (ii-iii) were employed to 

select only pixels belonging to the sunlight portion of the crown. This approach was preferred 

to using LiDAR derived top-of-crown outlines, since, given the nature of the hyperspectral 

images (i.e., push-broom sensor), trees further away from the sensor zenith suffered crown 

distortion (elongated crowns towards the sides of the flight). Therefore, although the crown 

extents derived from LiDAR had to be manually adjusted to the hyperspectral images to match 

each tree, the top-of-crown outlines had gained too much uncertainty in the process and could 

not be employed. The object-based approach averaged across the pixel values within an object 

for each hyperspectral spectral band and vegetation index calculated for each of the three 

abovementioned pixel datasets. The pixel-based approach used the raw information assigned 
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Table 6-2: (Continued). 

Index Formula Description Reference 

Biochemical 

Pigments 

SRPI R430/R680 
Proposed to evaluate the ratio of total 

pigments to Chl a 

(Peñuelas et 

al., 1995) 

SIPI 
(R800-R445)/ 

(R800-R680) 

Good index to use in areas with high 

variability in canopy structure. It 

maximizes sensitivity to the ratio of bulk 

carotenoids to Chl while minimizing the 

impact of the variable canopy structure. 

(Peñuelas et 

al., 1995) 

PSRI (R680-R500)/R750 

An increase in PSRI indicates increased 

canopy stress (carotenoid pigment), the 

onset of canopy senescence, and plant fruit 

ripening. 

(Merzlyak et 

al., 1999) 

PSSR(a&b) 
a (R800/R675); 

b (R800/R650) 

Both indices have a strong relationship 

with Chl a and b, respectively. 

(Blackburn, 

1998) 

PSND(a&b) 

a [(R800-R675)/ 

(R800+R675)] ; 

b [(R800-R650)/ 

(R800+R650)] 

Similar structure to NDVI, these include 

NIR. Provide a measure of the depth of the 

pigment absorption features relative to the 

NIR plateau. 

(Blackburn, 

1998) 

Carotenoids 

CRI1 (1/R510)-(1/R550) 

Higher CRI1 values mean greater 

carotenoid concentration relative to 

chlorophyll. Its values range from 0 to 

more than 15. The common range for 

green vegetation is between values of 1 to 

12. 

(Gitelson et 

al., 2002) 

CRI2 (1/R510)-(1/R700) 

It provides better results in areas of high 

carotenoid concentration. The values of 

this index range from 0 to more than 15. 

The common range for green vegetation is 

between values of 1 to 11. 

(Gitelson et 

al., 2002) 

Anthocyanin 

ARI1 (1/R550)-(1/R700) 

Increases in ARI1 indicate changes in 

foliage via new growth or death. Its values 

range from 0 to more than 0.2. The 

common range for green vegetation is 

between values of 0.001 to 0.1. 

(Gitelson et 

al., 2001) 

 

Table continues over page. 
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(Carotenoid Reflectance Index - CRI and Anthocyanin Reflectance Index - ARI, respectively). 

The last three datasets, which were only examined at the object level, integrated individual 

tree-level structural traits associated with tree productivity and architecture that were extracted 

from the UAS LiDAR point cloud (‘LiDAR’; see Camarretta et al., (2020b) and 2.3 above) 

(Table 6-1) (hereafter ‘all bands + LiDAR’, ‘Wilks + LiDAR’, ‘VI + LiDAR’). Thus, the 

object-based approach contained 18 independent datasets (six combinations by three pixel 

datasets), while the pixel-based approach contained six independent datasets. 

6.2.4.2 Random forest classification  

Classification of species and provenances were pursued using the non-parametric ensemble 

learning algorithm, random forest (RF; Breiman 2001), implemented using the extendedForest 

package (Ellis et al., 2012) (Figure 6-3). For a single classification tree, RF proceeds by firstly 

creating a bootstrapped subsample of the training data, where two-thirds of the data is used to 

build the tree. Each node split within the tree is based on a restricted subset of M predictor 

variables, where M in this case was the square-root of the number of predictor variables in 

each dataset belonging to the object- and pixel-based approaches. The accuracy of each tree is 

then computed using the data that is not contained within this bootstrapped subsample, termed 

the out-of-bag (OOB) sample. As the OOB sample is withheld from the tree growing 

procedure, the OOB estimates are essentially equivalent to a N-fold cross-validation (Hastie 

et al., 2009). This procedure was repeated to grow 2000 classification trees to minimise the 

generalisation error (e.g., the true error of the population) and avoid overfitting of the training 

data (Hastie et al., 2009; Prasad et al., 2006). As strong correlation between predictor variables 

can inflate the variable importance (Breiman, 2001), the extendedForest variant of RF 

implements the conditional permutation approach of Strobl et al. (2008) to account for biased 

variable importance selection arising due to the intercorrelation among predictor variables. 
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Figure 6-3: Flow chart of the data preparation (in the grey box) and analysis steps (object-

based approach shown in the yellow box, pixel-based approach shown in the green box).  
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Figure 6-4: Illustration of the manual delineation of tree crowns in the present study 

(yellow polygons). The background is a colour infrared composite of the hyperspectral data 

(RGB = 800 nm, 670 nm, 550 nm, pixel size = 4 cm). 

In the present case, we classified species and provenances within E. pauciflora as a 

function of the hyperspectral and LiDAR data, depending on the object- or pixel-based dataset. 

Overall, 784 trees (i.e., objects) were included in this study, with Eucalyptus pauciflora (n = 

621) and E. tenuiramis (n = 163) used for classification at three different genetic levels 

(Species, State, and Provenance). Species differences were tested using pedigreed trees of 

either species within the combined E. pauciflora and E. tenuiramis treatment of the ‘Ecology’ 

trial (Camarretta et al., 2020a). In this treatment, trees of each species were alternately planted 

and thus the species were closely intermixed and differences between species represent 

genetic-based differences. State differences were tested using all individuals from the E. 

pauciflora Genetic trails, while provenance differences focused only on the ten provenances 

of E. pauciflora pooled by provenance across the ‘Ecology’ and ‘Genetic’ trials. In each case 

the trees of each state or each provenance were planted as single-tree plots and randomly 

distributed with the replicates of either trial, thus the differences observed between states or 
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provenances within Tasmania have a genetic basis. Prior to model fitting, each dataset was 

randomly stratified with respect to the grouping factor (i.e., species or provenance) into a 

training (two-thirds) and validation (one-third) dataset, where the training dataset had a 

balanced sample size per level of the grouping factor (Table 6-3). This was done to avoid 

potential bias arising from an imbalanced training dataset. In the case of the object-based 

approach, the same trees randomly stratified into the training and validation datasets were 

maintained using their unique identifier number to make results comparable between datasets. 

The importance of each hyperspectral and LiDAR predictor variable in the fitted RF 

model was estimated using the mean decrease in accuracy (MDA; Cutler et al. 2007). Here, 

MDA is estimated by firstly passing the OOB samples down a given tree for a fitted model 

and the classification accuracy recorded. Then, a grid of cut points is extracted from the 

partitioning of the predictor variable space defined by the classification tree to set the 

permutation grid. Within this permutation grid, for each predictor variable in M, the mth 

variable in the OOB data is randomly permutated whilst keeping all other variables in the OOB 

at their original values, conditional on the set of Z variables which have a Pearson’s correlation 

coefficient |r| > 0.50 with the mth variable. Here, not all conditional variables defined by Z 

will appear together for a given tree, however, this is dependent on the size of the forest grown 

(Strobl et al., 2008). The permuted data is then passed down the same given tree and a new 

classification accuracy recorded. This procedure was repeated for each grown tree (n = 2000) 

to estimate MDA as the difference between the classification accuracies for the permuted OOB 

and original OOB predictions across all trees (Breiman, 2001; Cutler et al., 2007; Strobl et al., 

2008). Higher values of MDA correspond to predictor variables important in differentiating 

species and provenances within E. pauciflora. Any predictor variables with negative MDA 

were removed after fitting a preliminary model following Costa e Silva et al. (2019), and then 

the model was re-fitted with the remaining variables to obtain the final classification model.  
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probability (criterion 1), and (ii) assigning each pixel to the provenance with the highest 

probability, in which case the likely provenance was allocated a score of 1 while all others 

given a score of 0, and the object assigned to provenance was based on the majority vote across 

all pixels (criterion 2). In the case of criterion 1, the strength of assigning the correct 

provenance over all others was obtained from the odds ratio (OR) calculated from the mean 

probability for the assigned provenance divided by the probability of the second most likely 

provenance. The final assignment of the object to a provenance was achieved when both 

criterion 1 and 2 agreed. In cases where the two criteria were discordant, the object was not 

assigned to a provenance but labelled “inconclusive”. 

6.2.4.4 Accuracy assessment 

To evaluate the ability of the fitted RF model to predict the grouping factor (i.e., Species, 

State, Provenance), six measures of accuracy and model fit were estimated from the 

independent validation datasets following Congalton (1991) using the confusion matrix from 

the RF models and the caret package (Kuhn et al., 2020). These included: (i) overall accuracy 

(OA) which denotes the probability that a randomly selected element (e.g., an object or a pixel) 

has been classified correctly, computed as the sum of elements correctly classified (i.e., true 

positive) divided by the total number of elements; (ii) producer’s accuracy (PA) estimated by 

dividing the total number of correctly classified elements within a class by the total number of 

elements in that class; (iii) user’s accuracy (UA) calculated as the proportion between the 

number of elements correctly classified and the total number of elements classified in the class 

(i.e., true positive plus false positive); (iv) Cohen’s Kappa coefficient, which is bounded 

between 0 and 1, quantifies the reproducibility of a discrete variable by measuring the 

difference between the observed accuracy and that expected through chance alone, where 0 

indicates poor agreement between the predicted classification and ground-truth and 1 indicates 

perfect agreement between predicted classification and ground-truth (Foody, 2002); (v) 

omission error (OE) calculated as the inverse of PA and reflects when an element is 

erroneously left out of the category under evaluation; (vi) commission error (CE) computed as 
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the inverse of UA and indicates the error when an element is incorrectly included in the wrong 

category. 

6.3 Results 

6.3.1 Species level classification 

The object-based RF model classifying objects (i.e., trees) to ‘Species’ showed generally 

high accuracy regardless of dataset used (OA: 79 to 89%; Table 6-4). Irrespective of the 

predictor variable set, there was a tendency for HSpercentile to perform better than the other pixel 

filtering datasets, with HStop generally performing the worst (Table 6-4). Across the three 

different spectral selections (i.e., HSunfiltered, HStop, HSpercentile), the best performing predictor 

variable set was the VI calculated from the HSunfiltered dataset (OA = 89%), where the top three 

most important in classifying spectral differences between species were associated with 

proxies for stress (PRI and PSRI; Table 6-2) and carotenoid concentration (CRI1; Table 6-2) 

(Figure 6-5a). Overall, the addition of LiDAR-derived structural traits to the spectral datasets 

produced mixed results, with losses (e.g., -5% - HSpercentile - Wilks lambda + LiDAR) and gains 

(e.g., +3.8% - HSpercentile - Vegetation indices + LiDAR) in Species classification accuracy 

depending on the dataset and spectra (Table 6-4).  

Increasing the sample size within an object (i.e., tree), while at the same time removing 

potential detrimental averaging of spectral information through the pixel-based approach 

resulted in comparable classification accuracy (OA range: 85 to 88%) to the object-based 

approach (Table 6-5). While the pixel filtering datasets HSpercentile and HStop showed 

comparable classification accuracies, the choice of predictor variable set resulted in slightly 

contrasting classification accuracies, with the RF model fitted using ‘all bands’ from both the 

HStop and HSpercentile datasets producing the highest Species classification accuracy (OA = 88%, 

Table 6-5). The most important wavelengths to differentiate between Species were found near 

500 nm (i.e., green spectra), 570 nm (i.e. yellow spectra), and in the red to near infrared region 

(680-760 nm) (Figure 6-6b). 
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Implementing the pixel/object integrated approach using the best performing RF 

classification model from the pixel-based analysis (i.e., HSpercentile) greatly improved the 

classification results at the species level. In all cases, individual trees were correctly classified 

to species with an OA = 100%, a 12% and 13% increase in accuracy relative to the pixel and 

object-based approach, respectively.  

6.3.2 State level classification 

The ability of the RF model to differentiate individuals of E. pauciflora collected from 

Tasmania and mainland Australia (i.e., State-level) in the ‘Genetics’ trial diminished compared 

to the ability of RF to differentiate species. Irrespective of the predictor variable sets, HStop 

tended to perform equally well or better than the RF model fitted using HSpercentile (Table 6-6). 

Overall, the best performing RF model was fitted using predictor variables comprising VI 

calculated from the HStop dataset and combined with LiDAR (“VI + LiDAR”; OA = 56%; 

Table 6-6). However, nearly as good accuracy was obtained with the HStop and HSunfiltered 

datasets using the vegetation indices alone (“VI”; OA = 55%; Table 6-6). The Tasmanian E. 

pauciflora was well classified by all models with a UA ranging between 90 and 92% across 

all datasets, however, poorly resolved for the mainland Australia bulked seed lots (UA2 range: 

8 to 10%; Table 6-6). The top five most important variables differentiating States reflected 

differences in pigments including anthocyanin (ARI1, ARI2) and chlorophyll (CARI) and a 

proxy of canopy stress (REP), while the only LiDAR structural trait was the density of points 

per unit of volume (points to volume ratio) (Figure 6-5c). 

The pixel-based approach performed substantially better than the object-based approach, 

with the best RF model based on ‘all bands’ from the HSpercentile dataset producing an OA of 

78% (Table 6-5). Despite HSpercentile preforming slightly better than HStop, the remaining pixel-

based models performed equally well with OA ranging between 72% to 76% (Table 6-6). The 

variable importance plot for the RF model based on ‘all bands’ from the HSpercentile revealed 
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two regions in the red (i.e.,720 nm) and near infrared (i.e., 760 nm) that were important for 

differentiating between the States (Figure 6-5b). 

While the object and pixel-based approaches resulted in moderately low classification 

accuracies at the state-level, there was a gain in accuracy when employing the pixel/object 

integrated approach. Using the best performing RF classification model from the pixel-based 

analysis (HSpercentile), states were correctly classified in 92% of cases. All misidentified objects 

originated from Tasmania and had odd-ratios (OR) ranging between 1.03 and 2.70, with 24 of 

the 26 cases having OR < 1.5. 

6.3.3 Provenance level classification 

The object-based RF classification models of E. pauciflora objects (i.e., trees) to their 

respective Tasmanian provenance resulted in a poor fit of all datasets irrespective of pixel 

filtering or predictor variable set, with OA ranging between 15% to 27% (results not tabulated).    

Generally, the HSpercentile pixel filtering performed the best (OA range: 15% to 27%) compared 

to the other pixel filtering datasets. Indeed, the overall best performing RF model used VI 

calculated from HSpercentile and combined with LiDAR-derived structural traits (“VI + LiDAR”; 

OA = 27%), with the accuracy of provenance assignment ranging between UA = 8% (South 

Arm) to UA = 44% (Bothwell Lake) (Table 6-7). The top five most important predictor 

variables differentiating Provenances from the best RF classification model included 

differences in carotenoid pigments (CRI1, CRI2), chlorophyll pigments (CHLred edge), a VI 

proxy for stress (PRI), and the LiDAR-derived rumple index (Figure 6-5e). 

The pixel-based approach returned higher accuracies than the object-based classification, 

with OA ranging between 39% and 50%. Generally, irrespective of the predictor variable sets, 

the HSpercentile pixel filtering produced datasets with higher classification accuracy than HStop, 

with the best performing model comprising all spectral bands from the HSpercentile pixel filtering 

dataset (“all bands”; OA = 50% - Table 6-8, Figure 6-6). Indeed, the inclusion of “all bands” 

produced the best classification models irrespective of the pixel filtering. Inspection of the  
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Figure 6-5: Predictor variable importance ranking based on the Mean Decrease in 

Accuracy (MDA) for the best performing RF models of both object-based (a, c, e) and pixel-

based (b, d, f) approaches, where the higher the MDA value is the more important that 

predictor variable is in the classification model. Variable importance is based on: (i) vegetation 

indices derived from the HSunfiltered pixel filtering dataset (a) and all spectral bands from the 

HSpercentile pixel filtering dataset (b) differentiating species; (ii) vegetation indices and LiDAR 

structural traits derived from the HSpercentile dataset (c) and all spectral bands from the HSpercentile 

pixel filtering dataset (d) delineating state-level genetic strata within E. pauciflora; and (iii) 

vegetation indices and LiDAR structural traits derived from the HSpercentile dataset (e) and all 

spectral bands from the HSpercentile pixel filtering dataset (f) delineating provenance differences 

among the subset of ten Tasmanian E. pauciflora provenances. H (crown ins) = Mean crown 

insertion height; H (99th) = Height (99th percentile); H (mode) = Height (mode); H (med) = 

Height (median); pt:Vol = Points to volume ratio; pt:Area = Points to area ratio; rumple = 

Rumple index. 
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variable importance plot for the best performing RF model revealed four peaks across the 

spectrum which appear to be important regions in differentiating the Provenances (Figure 6-

5f). The most important peak was in the near infrared region (approx. 770 nm), followed by 

the peaks in the red spectra (i.e., 720 nm), green spectra (i.e., 500 nm), and a smaller peak 

centred around the green-yellow region (i.e., 560-590 nm).  

At the provenance level, more than 95% of objects were correctly assigned to the 

reference provenance. Indeed, the pixel/object integrated approach was generally 2.7 times 

more likely to assign the correct provenance than assigning the second most likely provenance 

(OR range = 1 to 308,984: median OR = 10.1). Following the combined criteria, there was not 

a clear assignment threshold for the OR estimated during criterion 1, as some objects were 

assigned correctly to the reference provenances even when the odds of assigning the next likely 

provenance was nearly the same (OR = 1.2). However, as a general rule, an OR = 2.0 resulted 

in 100% correct assignment of an object to the reference provenance. Out of the 251 objects 

classified down to the provenance level, only 16 were incorrectly predicted using the combined 

criteria. However, if assigning provenances using only criterion 1, the number of incorrectly 

classified objects decreased to six, resulting in 98% correct classification to the reference 

provenance. Most of the cases of incorrect classification of objects using only criterion 1 

originated from Bothwell Lake (5/6). In these cases, the pixel/object integrated approach 

assigned the objects to Lake Leake, a high elevation provenance of E. pauciflora.  
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Table 6-7: Confusion matrix for the Tasmanian provenance level classification. The best performing model following the object-based approach (i.e., spectra: 

top 5% brightest pixels [HSpercentile]; dataset: LiDAR + Vegetation Indices) is shown. OA = overall accuracy; PA = producer’s accuracy; UA = user’s accuracy. 

Provenance 

Bothwell 

Lake 
Curringa Dungrove Interlaken 

Lake 

Leake 
Osterley Ross 

South 

Arm 
Stonor 

Tin Dish 

Rivulet 
UA (%) 

Bothwell Lake 16 2 4 3 4 2 0 1 4 0 44.4 

Curringa 3 1 1 0 0 0 0 0 1 0 16.7 

Dungrove 5 2 7 0 3 3 0 1 3 2 26.9 

Interlaken 7 1 5 14 5 4 0 0 2 0 36.8 

Lake Leake 5 1 2 5 5 2 1 1 0 1 21.7 

Osterley 6 2 5 6 2 6 2 1 3 0 18.2 

Ross 6 4 2 1 1 1 12 0 2 1 40.0 

South Arm 7 4 4 2 1 1 2 2 0 2 8.0 

Stonor 2 2 3 3 4 1 0 2 3 1 14.3 

Tin Dish 

Rivulet 
1 0 2 1 3 0 3 1 0 2 15.4 

PA (%) 27.6 5.3 20.0 40.0 17.9 30.0 60.0 22.2 16.7 22.2 
 

OA = 27.1% Kappa = 0.18                   
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Table 6-8: Confusion matrix for the Tasmanian provenance level classification. The best performing model following the pixel-based approach (i.e., spectra: 

top 5% brightest pixels [HSpercentile]; dataset: all bands) is shown. OA = overall accuracy; PA = producer’s accuracy; UA = user’s accuracy. 

Provenance 

Bothwell 

Lake 
Curringa Dungrove Interlaken 

Lake 

Leake 
Osterley Ross 

South 

Arm 
Stonor 

Tin Dish 

Rivulet 
UA (%) 

Bothwell Lake 4228 482 797 370 311 571 373 128 343 114 54.8 

Curringa 445 1687 342 223 103 161 123 37 128 88 50.6 

Dungrove 1042 341 3783 311 168 469 218 61 147 52 57.4 

Interlaken 588 204 366 3704 471 294 198 37 221 101 59.9 

Lake Leake 717 197 408 685 2822 280 221 140 275 129 48.0 

Osterley 727 232 337 407 189 2148 128 100 201 116 46.8 

Ross 805 253 281 163 190 144 2913 70 294 322 53.6 

South Arm 347 141 221 231 181 251 142 819 118 116 31.9 

Stonor 478 201 200 439 298 249 223 61 1627 200 40.9 

Tin Dish 

Rivulet 
551 380 371 395 165 244 540 124 257 2261 42.8 

PA (%) 42.6 41.0 53.2 53.5 57.6 44.6 57.4 51.9 45.1 64.6 
 

OA = 50.4% Kappa = 0.44                   
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Figure 6-6: Histograms showing the producer’s accuracy (in percentage) of objects or 

pixels classified by the RF model to each Tasmanian provenance of E. pauciflora. The 

classifications are based on the best model for both the object-based (i.e., HSpercentile - LiDAR 

+ VI) and pixel-based (i.e., HSpercentile - All bands) approach. The arrow indicates the reference 

provenance for each plot. Provenances are ranked according to their altitude, with low to high 

altitudes going from left to right. 
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6.4 Discussion 

6.4.1 Classification accuracies 

The choice of pursuing either a pixel- or object-based approach needed for accurately 

classifying objects to the reference grouping factor (i.e., Species, State, Provenance) differed 

with the scale of genetic divergence. At the species level, an object-based approach out-

performed the pixel-based approach, with generally higher RF classification accuracies 

achieved. This finding is not unexpected given the generally better performance described by 

other authors of object-based approaches compared to pixel-based approaches (Chirici et al., 

2011; Clark et al., 2005; Zhang and Jia, 2014). Regardless, the level of accuracy achieved for 

the Species level classification in the present study is comparable to levels observed for 

unrelated species (Modzelewska et al., 2020; Puletti et al., 2016; Sothe et al., 2019) and species 

of Eucalyptus from different genera (Shang and Chisholm, 2014). The present result is 

noteworthy given E. pauciflora and E. tenuiramis are phylogenetically closely related, 

belonging to the same taxonomic subgenus and section (subgenus Eucalyptus section 

Eucalyptus - Nicolle 2019), despite having distinctive morphological and habitat differences 

(Williams and Potts, 1996). The spectral differences between the two eucalypt species were 

best captured by the vegetation indices (VI) calculated as the mean value derived from the 

unfiltered pixels (HSunfiltered), which surpassed all other combinations of pixel filtering datasets 

and predictor variable sets. Notably, the addition of LiDAR-derived structural traits resulted 

in mixed responses, with classification models either improving or reducing their classification 

accuracies. This was an unexpected finding given the choice of LiDAR variables used in the 

present study were shown to differentiate species (Camarretta et al., 2020b), and is in contrast 

to the observed increase in accuracy power when integrating different sources of information 

(i.e., the fusion of LiDAR with hyperspectral data) (Sothe et al., 2019). In the present case, 

this pattern of variable gains in discriminatory power through the addition of LiDAR may be 

associated with the loss of spectral information retained within objects after aggregating the 

pixel values to object means.  
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Contrary to the results for the species-level classification, the pixel-based approach 

outperformed the object-based approach when classifying objects to finer-scale hierarchical 

genetic strata (i.e., State and Provenance differences within E. pauciflora). For both the state- 

and provenance-level classification, the best pixel filtering and dataset were HSpercentile and “all 

bands”. Given the classification of objects (i.e., individual trees) is a key objective for many 

applications, an integrated approach was successfully developed which initially classified 

pixels and then assigned objects based on their dominant pixel affinities. With this integrated 

approach, classification accuracies exceeded 92% (State) and 95% (Provenance), a surprising 

and substantially better results than pixel-based and object-based classifications. While 

recently UAS-thermal imagery has been used to classify individual trees to the provenance 

level (Sankey et al., 2020), our study is one of the first using UAS-borne ultrahigh-resolution 

hyperspectral data to report the classification of within-species genetic strata. The high 

accuracies achieved here highlight the untapped potential of this integrated approach 

exploiting the more detailed information contained at the pixel-level to estimate the odds ratios 

and majority votes within individual crowns (objects).  

As provenances were randomly intermixed across the common garden environment, the 

classification is driven by genetic-based differences between the spectral phenotype of 

provenances expressed at this site and time. In the present case, even relatively proximal 

upslope provenance transfers onto the mid-altitude Dungrove site were clearly differentiated 

from the local Dungrove provenance. This finding opens the possibility to track provenance 

introductions into the island of Tasmania from mainland Australia (i.e., state-level) and 

translocations within the island (i.e., provenance-level). Such transfers are consistent with 

translocations which would be considered in climate-adjusted provenancing strategies for 

restoration (Prober et al., 2015), where poleward and upslope provenance transfers are 

expected to be more adapted to warming climates (Alberto et al., 2013; Jump et al., 2009). 

However, it is important to understand the extent to which these models can be applied to 

differentiating the spectral phenotypes at the same genetic strata acquired at other sites or times 
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(i.e., genetic by environment by time interactions). This is particularly important given that 

phytochemical and other signals affecting the spectra may vary with season and environment. 

Indeed, Grigorieva et al. (2020) showed significant temporal differences between spectral 

reflectance of several tree species according to different sub-seasons, irrespective of using 

multi- or hyperspectral imagery. Thus, the utility of this technology may require the 

development of ‘global models’ for species and provenance differences in spectral phenotypes 

across multiple common garden sites, or alternatively the establishment of control plots of a 

species with known provenance among the broader plantings to acquire the needed training 

and test dataset.  

The choice of pixel filtering (i.e., HSunfiltered, HSpercentile, HStop) had a variable impact on 

the accuracy of the RF classification model. At the Species and Provenance level, HSpercentile 

tended to outperform the models using predictor variable sets derived from HSunfiltered, and 

HStop, while at the State level, HStop generally produced the best RF classification models. 

However, when considered jointly, the best performing models tended to be those using 

predictor variables derived from HSpercentile. In nearly all cases, the HSunfiltered performed the 

worst. These findings are consistent with other studies that have demonstrated the gain in 

model accuracy when reducing the number of pixels by removing pixels with dull, unsaturated 

spectral reflectance curves (i.e., due to shadowing) compared to aggregating the spectra of an 

object (Näsi et al., 2018, 2015). Thus, the choice of pixel filtering appears to be an important 

consideration both in terms of the computational time and classification accuracy.   

6.4.2 Band and variable importance 

Unique regions of the spectra were important for differentiating the three hierarchical 

genetic strata (Species, State, Provenance) when employing the pixel-based approach. Spectral 

bands around 500 nm (green reflectance peak), 570 nm (yellow reflectance peak), and 720-

750 nm (far red, near infrared region) were found to be most important when classifying 

objects to the two eucalypt species. Similarly, the object-based approach using the VI predictor 
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variables also identified these regions of the spectra important for differentiating species, with 

the most important VIs (PRI, CR1, PSRI – ordered by importance) co-locating within these 

peak regions. Here, the Photochemical Reflectance Index (PRI) was the most important 

variable and reflects a class of yellow pigments called xanthophyll that absorb the wavelengths 

not captured by chlorophyll and play an important role in preventing excessive light absorption 

(Zhang et al., 2017; Zheng and Chen, 2017). While PRI can simply reflect shading differences 

rather than species difference (Hall et al., 2008; Mõttus et al., 2015), by focusing only on the 

brightest pixels in the canopy together with the random positioning of individuals across the 

experimental site, we can minimise the potential of PRI simply reflecting differences in 

shading. Rather, it is possible the species differences in PRI could reflect differences in the 

rate of assimilation of CO2 during photosynthesis (Harris, 2008; Peñuelas et al., 2011; Zhang 

et al., 2017). While validation is required, a lower PRI observed for E. pauciflora (mean PRI 

= -0.12) than E. tenuiramis (mean PRI = -0.05) suggests E. pauciflora may have a slower rate 

of CO2 assimilation. Indeed, Battaglia and Williams (1996) showed E. tenuiramis had greater 

stomal conductance at lower water potentials than E. obliqua, suggesting an inherent 

physiological difference among the species allowing E. tenuiramis to occupy drought prone 

sites (Whitehead and Beadle, 2004). In part, this hypothesis of photosynthetic differences may 

be supported by the observed significant differences between these species in growth and 

biomass accumulation (Camarretta et al., 2020a, 2020b), however, this needs further 

exploration (Collalti et al., 2020). 

Spectral separation of the two genetic strata within E. pauciflora was most associated 

with spectral bands in the infrared and red regions, contrasting with the species spectral 

separation. These regions are particularly important for detecting chlorophyll and anthocyanin 

pigments (Gitelson et al., 2006; Horler et al., 1983; Merton and Huntington, 1999) and the 

most important VIs from the State (i.e., AR1, CARI, AR2, REP) and Provenance (i.e., CR1, 

CHLred edge, CR2) object-based approaches co-located in these regions. The ecophysiological 

role of anthocyanin in plants is well studied and has been generally linked to a photoprotective 
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role during conditions of photoinhibition to reduce photosynthetic functioning, but only 

circumstantial evidence for their role in osmotic adjustment inferring cold and drought 

tolerance (Chalker-Scott, 1999; Close and Beadle, 2005, 2003). Chlorophyll is basic for 

photosynthesis and its leaf content may be under genetic control with significant genetic 

variation observed among wheat varieties (Baker, 2008; Balouchi, 2010). Combined, the 

importance of spectral bands associated with chlorophyll and anthocyanin pigments suggests 

provenance may be differentiated in their photosynthetic physiology. While significant 

variation in leaf infrared spectra among Tasmanian E. pauciflora populations associated with 

home-site elevation has been observed in the nursery (Gauli, 2014). The chlorophyll content 

of leaves has also been observed to phenotypically increases with elevation in wild populations 

of E. pauciflora (Young et al., 2018), which accords with the non-significant monotonic trend 

in our common garden study for   chlorophyll pigmentation (as measured by CHLred edge)  to 

increase with the home-site elevation of the tested provenances (P = 0.17; data not shown). 

Whether these observed differences translate to adaptive variation in their photosynthetic 

physiology requires further investigation. Nonetheless, genetic-based adaptation of the 

photosynthetic physiology to lower optimal temperature associated with occupying marginal 

tree-line habitats at high elevations has been reported for mainland E. pauciflora populations 

(Slatyer, 1977, 1978; Slatyer and Ferrar, 1977; Young et al., 2018). 

6.5 Conclusions 

In this study, we present one of the first demonstrations of using ultrahigh-resolution 

hyperspectral imagery to delineate different genetic strata. Of note, our novel pixel/object 

integrated approach provided unprecedented opportunities to differentiate individuals both at 

the species level as well as at the finer-scale genetic level (i.e., provenance). The choice of 

pixel filtering, whilst computational more intensive than object filtering, resulted in greater 

overall classification accuracies. The ability to classify different genetic strata suggest the 

feasibility of remotely sensed hyperspectral imagery to track introductions of species and 
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provenances within species following assisted migration strategies for conservation (Aitken et 

al., 2008) and ecological restoration (Prober et al., 2015).  

The next phase of this work needs to explore the transferability of derived models. This 

should include testing sensitivity of models for temporal differences (e.g., seasonal and yearly 

variation) as well as spatial differences (e.g., different planting environments along 

environmental gradients). The latter is particularly important to capture potential differences 

in provenance spectral phenotypes which could result from environment, genetic or genetic by 

environment interactions. This could be achieved through leveraging a network of 

experimental gardens comprising the same genetic material embedded within conservation 

and restoration plantings (Bailey et al., 2021). Indeed, such a network could be used as the 

training data set to develop hyperspectral models to be applied across the restoration landscape 

for inventory purposes. Thus, upscaled measurements, using full-scale airborne hyperspectral 

campaigns, covering thousands of squared kilometres at a sub-metre pixel level, will allow the 

production of genetic maps of natural environments.
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Chapter 7: Discussion and conclusion 

This thesis has provided a clear framework to guide remote sensing monitoring of forest 

restoration plantings to inform their adaptive management and has advanced the knowledge 

on species and provenance choice for forest restoration. The fields of forest genetics, 

restoration ecology and forest remote sensing have been investigated and integrated 

throughout this work to provide deeper insights into forest structural complexity, its 

importance and how it can be affected by seed sourcing strategies. Consulting the literature on 

ecological restoration and remote sensing for the study and inventory of forest resources, a 

key set of examples were selected and used to showcase the potential of remote sensing 

applications to monitor forest structural complexity and in turn inform forest restoration 

success (Chapter 2). In this thesis, the relative performance of two key eucalypt species and 

their provenances has been assessed under different community compositions (Chapter 3). 

With the aid of Light Detection And Ranging (LiDAR) data, acquired from Unmanned Aerial 

Systems (UAS), differences between and within species (i.e., geographic provenances) have 

been identified in terms of several structural traits related to crown architecture (Chapter 4). 

Using multi-temporal proximal hand-held mobile LiDAR (HMLS), changes in terms of these 

structural traits were monitored over a three-year time period. Ultrahigh-resolution 

hyperspectral imagery collected from a UAS platform was used to investigate differences 

between and within these two species in terms of unique spectral signatures (Chapter 6). The 

main findings and conclusions from this thesis are presented and discussed in the following 

major points below. 

7.1 Potential of remote sensing applications for forest restoration 

monitoring 

Objective 2: To assess forest restoration success through the use of remote sensing technology. 

By reviewing the scientific literature on restoration ecology, two major issues quickly 

became evident: (i) the scarcity of long-term monitoring of restoration effectiveness (Marlene 
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and Christoph, 2002; Ren et al., 2017) and (ii) the general lack of consensus on what 

measurements to use to assess restoration success (Gatica-Saavedra et al., 2017; Ruiz-Jaen and 

Mitchell Aide, 2005). Monitoring ecological restoration effectiveness in returning ecosystem 

services and functions to degraded ecosystems is a critical step of the recovery phase 

(Camarretta et al., 2019; Lindenmayer, 2020). When compared against the baseline state, 

monitoring can guide adaptive management strategies resetting the trajectory of the recovering 

ecosystem towards the desired state. While monitoring for indicator species and communities 

has usually been undertaken at the local scale, through traditional field surveys (Acevedo, 

2007; Andersen and Sparling, 1997; Harris, 2003), this approach is impractical at broader 

scales. A suitable alternative measure to track restoration success is to monitor the return of 

vegetation structural complexity (McElhinny et al., 2005). Throughout the scientific literature 

there is wide agreement for forest structural complexity to serve as a good indicator of how 

biodiverse a forest ecosystem is (MacArthur and MacArthur, 1961; Noss, 1990; Pereira et al., 

2013). Stemming from this concept, forest structural complexity has recently been suggested 

as one of six essential biodiversity variables (EBVs) to be used as a means to generalize 

ecosystem assessment and monitoring worldwide (Pereira et al., 2013). The general lack of 

long-term monitoring of restoration plantings tended to be associated with limited funding 

(both in terms of available funds and years of funding) coupled with traditional vegetation 

monitoring being too costly and time-consuming (Ruiz-Jaén and Aide, 2005). As structural 

complexity can be inherently time consuming and costly to measure and monitor from ground 

surveys through time and space (Gibbons and Freudenberger, 2006; Zenner and Hibbs, 2000), 

remote sensing applications can offer a timely and cost-effective alternative to traditional 

vegetation assessments (Reif and Theel, 2017), but thus far have mainly been employed in the 

early planning stages of restoration interventions (Cordell et al., 2017; Fava et al., 2016; 

Questad et al., 2014). On the other hand, the remote sensing literature in the fields of forestry 

and conservation ecology has been quite prolific over the last few decades, providing an 

extensive variety of examples addressing different ways to measure and monitor several forest 
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structural traits of interest at different scales (local to global) and in different environments 

(from tropical to boreal forests). The adoption of these methods in forest restoration plantings 

could provide useful information needed to build baselines for the adaptive management of 

restoration plantings in a cost-effective and reproducible manner and also to assess against to 

report progress. Therefore, Chapter 2 outlines a theoretical framework to implement current 

remote sensing methods and technologies in forest restoration practices to build a monitoring 

baseline. In doing so, restoration plantings could finally be managed in accordance with their 

needs, allowing trigger points for adaptive management to minimise the risk of restoration 

failure. To progress this framework, the thesis focused on the study of a restoration trial in 

Tasmania using conventional and remote-sensed data, with a focus on monitoring at an 

individual tree-level - a scale that is rarely undertaken, both in the remote sensing and 

restoration ecology literature. 

7.2 Performance stability of species and provenance translocation 

Objective 1: To determine the importance of provenance selection in restoration success. 

By exploring the performance stability of two focal eucalypts species (Eucalyptus 

pauciflora and a Tasmanian endemic, E. tenuiramis) important for the restoration of dry 

sclerophyll woodlands in the Tasmanian Midlands, this thesis has enabled further 

understandings on seed-sourcing strategies and the importance of translocation into different 

communities (Camarretta et al., 2020a). Indeed, with ongoing global climate change there is 

an increasing emphasis on the use of species and provenances which may be non-local, relative 

to the restoration sites, but predicted to be better adapted to its future climates (i.e., climate-

adjusted provenancing - Prober et al. 2015). Climate-adjusted provenancing involves 

enriching local seed sources with planting stock from provenances predicted to be better 

adapted to the modelled future climate of the planting site. However, factors other than climate 

adaptation may influence the relative performance of species and provenances. Among these 

many factors are the interactions which may occur with neighbouring plants (Gellie et al., 
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2016; Grady et al., 2017). This is particularly relevant as forest restoration projects are 

undertaken by different organisation and different land-owners, and targeted tree species may 

be planted into different types of restoration communities comprising different tree and 

understory species. As part of this thesis, the relative performance of ten provenances from 

two eucalypt species, as well as the relative performance of the species themselves, was 

assessed when grown under different mixtures of co-occurring, native species (Bailey et al., 

2013). Findings showed that the co-planted community does not seem to impact decisions 

related to the moving of species and provenances in order to create resilient restoration 

plantings. Moreover, results suggested that the consequences of moving provenances upslope 

following climate-adjusted provenancing may be species-specific and require staggered 

movements in time and space to maximise planting success under current climate. Lastly, six-

years after planting the two focal eucalypts showed significant differences in terms of growth 

and survival. Although fewer E. tenuiramis individuals reached 6 years of age, these 

individuals tended to have grown significantly taller than E. pauciflora. This trend was further 

investigated with the aid of LiDAR technology. 

7.3 LiDAR assessment of individual structural traits 

Objective 3: To derive and quantify structural traits for individual trees with UAS LiDAR 

remote sensing. 

The ability to measure traditional and novel morphological traits from individual tree 

point clouds opens the opportunity to study how species and provenances differ in their 

productivity and crown architecture. Detailed analysis of tree-level structural traits derived 

from ultrahigh-density LiDAR data (e.g., > 1000 points/m2) for both E. pauciflora and E. 

tenuiramis trees provided unprecedented insights into the growing habits of these two focal 

eucalypt species. Here, UAS LiDAR has been used to successfully derive traditionally time-

consuming measurements (e.g., tree height, diameter, crown width) at the individual tree-level 

(Kellner et al., 2019), as well as for the calculation and extraction of novel structural traits. As 
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already suggested during the analysis of species and provenance performance stability 

(Camarretta et al., 2020a), tree height, as well as other structural traits, showed significant 

differences (after Bonferroni adjustment) between the two focal species and between 

provenances within those species. On average, E. tenuiramis trees showed higher values for 

most growth-related traits (e.g., tree height, crown width, biomass) with denser point clouds 

and more structurally complex crowns. Furthermore, when investigating climate associations 

with structural traits of different geographic provenances, an interesting finding emerged for 

E. pauciflora: traits measuring crown sparseness (i.e., points to area and points to volume 

ratios) were negatively associated with the provenance home-site minimum temperature of the 

coldest week. This suggested that trees originating from provenances from warmer and 

increasingly arid environments had lower biomass accumulation and sparser crowns compared 

to provenances from cooler more mesic environments. This was indicated by significant 

negative associations between aboveground dry-weight biomass accumulation and the 

provenance home-site aridity index (R2 = 0.54) and between canopy density and minimum 

temperature (R2 = 0.76). One possible explanation for these provenance difference in crown 

structural traits may be linked to stress-induced shedding of leaves, which could coincide with 

the on-set of drought conditions at the study site. However, the possibility that these 

provenance differences reflect natural variation in crown architecture of the translocated 

provenances cannot be dismissed. Indeed, this phenomenon demonstrates that individuals of 

E. pauciflora are showing different growing habits according to their provenance home-

climate. These findings are now raising new hypotheses on the extent to which these different 

crown architectures may affect the dependent communities through changes in resource use 

and feeding / nesting behaviour. Crown complexity (i.e., crown openness, vegetation layering 

and cover) have been linked to arthropod (Müller et al., 2014; Setiawan et al., 2016), bird 

(Müller et al., 2010; Munro et al., 2011; North et al., 2017) and bat species richness 

(Froidevaux et al., 2016). This is a particularly relevant issue in the fields of nature 

conservation and ecological restoration, where non-local plant provenances are increasingly 
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been translocated though assisted migration strategies (Aitken and Whitlock, 2013), such as 

climate-adjusted provenancing (Prober et al., 2015). Indeed, the introduction of non-local 

provenances with different crown properties, could potentially result in unexpected 

biodiversity outcomes, such as loss of habitat-specialist species (Hanzelka and Reif, 2016), 

which is opposite to the intended restoration goal. Further research and testing are therefore 

needed to begin to untangle the intricacies between provenance translocation, crown 

architecture and dependent species resource utilization and behaviour. 

Objective 4: To quantify changes in structural traits over time using remote sensing. 

The spatiotemporal development of individual trees planted in a restoration experiment, 

through the use of several structural traits, first computed and studied in Chapter 4, has been 

monitored over a three-years time period. This remote sensing study served as the first 

conceptual monitoring of forest restoration plantings at the individual tree-level following the 

theoretical framework suggested by Camarretta et al. (2019). A hand-held mobile LiDAR 

scanner (i.e., ZEB1) was used to acquire ultrahigh density (> 5000 points/m2) three-

dimensional data in three small permanent plots, for a total of 0.3 ha covered. The trees were 

monitored over the interval between age 7- and 9-years after planting. Over the studied period, 

three general trends were identified: (i) annual increases were detected for all structural traits 

assessed across the years measured, with trees growing taller and broadening their crowns over 

time, which led to an increasing closeness and overlap between neighbouring crowns; (ii) this 

increase in size was staggered between growing seasons, with trees growing taller between the 

first and second year monitored and then almost stopping their vertical growth while enlarging 

their crowns horizontally during the second and third year; lastly, (iii) as the crowns became 

larger, their foliage density appeared to reduce (i.e., sparser crowns). This led to hypothesise 

that crown thinning may coincide with increasing water deficit (i.e., drought) at this site, as 

measured by the Standardised Precipitation Evapotranspiration index (SPEI; Vicente-Serrano 

et al. 2010). Leaf shedding is a common response by trees experiencing water deficit 

conditions, such as during droughts (Blackman et al., 2019; Bucci et al., 2005), and it may be 
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possible that the detected significant decrease in crown densities in two of the monitoring plots 

represents the on-set of drought stress at Dungrove. While the plantings at Dungrove are still 

relatively young (10 years-old), there are indications that structural complexity is beginning 

to develop. Significant differences were observed in the structural complexity among 

monitoring plots through time, with the highest value of rumple index (a measure of structural 

complexity) in monitoring plot 3 (mean = 3.8 at 2019; see 5.2.1). The rumple index is a three-

dimensional measure of canopy roughness, where low rumple values represents a flat, 

homogenous surface and larger rumple values correspond to greater vertical and horizontal 

variation in the vegetation (Kane et al., 2010). In addition, the canopy height models indicate 

vegetation layering is starting to develop, with a mix of tall trees, medium sized trees/shrubs, 

as well as the formation of gaps and low vegetation. As these plantings mature, with some 

mortality that will add coarse woody debris, it is expected that structural complexity will 

increase and thus open new niches for dependent organisms to take advantage of. Therefore, 

the study successfully demonstrates the full potential of monitoring temporal changes in tree 

architectural traits which likely reflect fine-scale changes in growth and stress.  

7.4 Spectral differences between and within focal eucalypts 

Objective 5: To classify tree species and geographic provenance composition from high-

resolution UAS hyperspectral remote sensing data.  

From the study of structural traits, it was evident that the two focal eucalypts significantly 

differed in terms of their crown architecture, with many traits related to tree growth and 

biomass accumulation (see Chapter 4). To a smaller extent, this was also true at the provenance 

level, with traits depicting crown densities significantly differing according to the home-site 

minimum temperatures. To further investigate these differences among species and between 

their provenances, the spectral profile of the two focal eucalypts and their provenances was 

examined using hyperspectral data. The spectral profile of a plant represents the reflection of 

electromagnetic radiation across a continuous range of wavelengths. The spectral profile 
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ranges from the visible, to the near infrared, and short-wave infrared regions, which can inform 

chemical, anatomical and morphological differences among species (Schweiger et al., 2018). 

The visible region (400 - 700 nm) has been often used to estimate several vegetation indices 

based on ratios of reflectance at certain wavelengths (Xue and Su, 2017). For instance, the 

ratio of reflectance at 531 nm and 570 nm is used to estimate the Photochemical Reflectance 

Index (PRI, Gamon et al. 1992), which can serve as an indicator of plants water stress (Zarco-

Tejada et al., 2013). The near infrared (700 - 1000 nm) and short-wave infrared (1000 - 2500 

nm) regions can capture information on the absorption of different molecules, such as water, 

while also providing useful information on the internal leaf structures that disperse 

electromagnetic radiation (Jacquemoud and Baret, 1990; Ollinger, 2011; Ustin et al., 2009). 

Indeed, these unique attributes of hyperspectral data have allowed the detection and mapping 

of different and diverse species (Grigorieva et al., 2020; Peng et al., 2018; Puletti et al., 2016) 

while also informing within (alpha) and among (beta) community biodiversity (Laliberté et al., 

2020). However, in some circumstances, species can share similar spectral profiles making it 

difficult to differentiate between them (Liu et al., 2017; Sankey et al., 2017). In such cases, 

adding further information, such as structural traits through data fusion has been shown to 

greatly improve species classification accuracies (Hakkenberg et al., 2018; Naidoo et al., 2012; 

Sankey et al., 2017; Sothe et al., 2019). In the current work, the classifications followed an 

object- and pixel-based approach, as well as a newly developed pixel/object integrated 

approach. Classifications were undertaken using a random forest classifier and comprised 

three different genetic levels: (i) between the two focal species, (ii) among E. pauciflora 

provenances from mainland Australia and those endemic to Tasmania, and lastly (iii) between 

ten different Tasmanian provenances of E. pauciflora.  

Generally speaking, the best models obtained from the object-based approach provided 

lower accuracies than those from the pixel-based one (see Chapter 6). Nonetheless, when the 

main aim is to segregate between the two different species, results from the object-based 

classification were more than satisfactory, with an overall accuracy of > 89%. When shifting 
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the focus to the provenance-level classifications (ii-iii) however, the object-based approach 

performed markedly worse than the pixel-based approach (Chapter 6). This was particularly 

evident as the pixel-based classification accuracies for both state (ii) and provenance (iii) 

classifications were 20% and 23.5% higher than their counterpart in the object-based approach, 

respectively. This demonstrates the level of importance of the information contained in each 

pixel within a crown, information that is otherwise lost when averaging data at the object-

level. A further step was developed and tested to improve the classification accuracies at each 

genetic level (i.e., tree-level): with a pixel/object integrated approach, using the best model to 

classify pixels and then classifying objects (i.e., individual crowns) based on their most 

common pixel classification. This novel approach produced unprecedented levels of 

classification accuracy at all genetic levels, greatly outperforming the other two approaches 

(OA > 94%). This approach, coupled with ultrahigh-resolution hyperspectral data, will likely 

allow better classification of closely related species and even their geographic provenances. 

This ability to correctly segregate geographic provenances planted in a common environment 

highlights the potential of this technology, coupled with this novel integrated classification 

approach, for monitoring provenance performance as well as testing for genetic signals of 

differentiation. 

7.5 Contribution to knowledge 

The contribution to knowledge made by this thesis fall within three main categories: 

restoration ecology, forest genetics and remote sensing. The major contributions to these 

research fields are listed below: 

• This study developed necessary baseline monitoring through the use of UAS 

remote sensing as well as mobile ground-based (proximal) LiDAR for the 

quantification of many important structural traits at the individual tree-level over 

time. Particularly, it was possible to identify key structural traits that performed 

significantly differently between the two focal eucalypt species and among their 
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geographic provenances, according to their home-site climate (minimum 

temperature of coldest week). It also demonstrated that remote sensing 

technologies can offer a viable and cost-effective alternative to traditional 

surveys techniques. 

• This thesis showed that climate-adjusted provenancing strategies may not be 

particularly effective under current climate. This would indicate the need to 

stagger in time the planting of species and provenances predicted to be more 

adapted to future climates. 

• Here we have demonstrated the importance of provenance choice for restoration 

plantings, both in terms of performance (e.g., higher adaptation to local pests and 

climatic conditions) and in terms of structural traits development. 

• For the first time to our knowledge, in this thesis state-wide and regional 

geographic provenances of Eucalyptus pauciflora were successfully classified 

through the use of high-resolution UAS hyperspectral imagery. This was made 

possible by the development of a novel pixel/object integrated approach. 

7.6 Limitations and future research 

The findings presented in this thesis are extremely promising and encourage further 

research activities. The key structural traits identified here can be used to form the baseline for 

the monitoring of structural complexity development in restoration plantings. Indeed, to 

facilitate the wider uptake of remote sensing technology and solutions in upscaling the 

monitoring of restoration outcomes from the individual to larger areas (i.e., entire landscapes 

and bioregions), there are a number of challenges arising from this work that need to be 

addressed. Firstly, there is a need to develop semi- and fully-automated individual crown 

segmentation algorithms that can identify non-uniform (e.g., eucalypt) crowns. In the case of 

both LiDAR datasets at Dungrove, multiple algorithms resulted in the over-segmentation of 

individual crowns, which led to an extremely time-consuming manual digitisation of each 
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crown. While new tree segmentation algorithms are becoming increasingly available 

(Jaskierniak et al., 2021; Picos et al., 2020), machine learning algorithms hold great promise. 

Secondly, there is a need to link novel crown structural traits derived from point cloud datasets 

to key biological functions. We have uncovered significant provenance differences in several 

LiDAR-derived structural traits, including crown density, which may or may not be indicative 

of symptoms of stress. Understanding such phenotypic differences in structural traits among 

provenances is a key first step in disentangling the effects of translocations on the recovery of 

ecosystem services and functions, such as habitat quality for dependent organisms (e.g., birds, 

mammals, insects) that colonise restoration plantings. Lastly, there is a need to understand the 

spatial and temporal transferability of species and provenance classification models built using 

spectral reflectance profiles. We have shown individual trees of two eucalypts can be classified 

to the species- and provenance-level with high overall accuracies, however, it is unclear how 

much variation in the spectral profiles can be attributed to differences in season or environment. 

Indeed, some of these knowledge gaps could begin to be filled with the establishment of, and 

by closely monitoring (i.e., repeated sampling across phenological seasons and years), a 

network of experiments embedded within restoration plantings spanning environmental 

gradients. Of course, as with any innovative technology, inherent challenges, such as funding 

and developing further proofs of concept work plus upskilling and training of practitioners 

will need to be addressed to help cement the role of remote sensing in the planning and 

monitoring of ecological restoration. All of this work will allow for tailored management 

actions to increase forest structural complexity and forest biodiversity more broadly. 

7.7 Final Remarks 

The work presented in this thesis has allowed for the establishment of several monitoring 

baselines for the continued adaptive management of forest restoration plantings in the 

Midlands of Tasmania, demonstrating that a range of remote sensing solutions can be 

implemented in restoration plantings established for habitat and biodiversity improvement. 
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While the results presented in this work are locally important, they also serve as a strong proof 

of concept for the application and integration of remote sensing technology into forest 

restoration monitoring in the global context. Furthermore, the techniques developed and tested 

here will allow restoration ecologists to have new tools at their disposal to acquire information 

on structural traits at an unprecedented level of detail, which in turn will allow the investigation 

of the importance of species and their geographic provenances in providing complex habitat 

for the dependent communities. This thesis has demonstrated the potential benefits that remote 

sensing can truly offer to a sector that has often struggled to be an early adopter of new and 

emerging technologies.  
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Appendix A -Supplementary material for Chapter 3 

Table S3-1. Analysis of variance results for the two genetic strata (species and provenance within species) showing the numerator (N) and denominator (D) 

degrees of freedom (DF) used to estimate the F-statistic and its probability (Pr > F) against the null of no fixed effect. Survival results were based on the analysis 

of survival at six-years, except for the E. tenuiramis provenance analysis which is based on two-year survival. Height analysis for the E. tenuiramis provenance 

level excluded the mixed A. dealbata treatment (ten/ac) which had high mortality of specific provenances. The Treat*Prov term for the height result at the 

provenance level in E. tenuiramis was insignificant (Pr = 0.172) when the four E. tenuiramis provenances with high mortality were excluded from the analysis. 

Significance levels are *** = P < 0.001, ** = P < 0.01, * = P < 0.05, ns = P ≥  0.05.  

  DF Insect damage DF Frost damage DF Deer damage DF Survival  DF Height 

  N  D F Pr > F N  D F Pr > F N  D F Pr > F N  D F Pr > F N  D F Pr > F 

Species                               
         

Treatment  3 21 2.7  0.073 4 28 0.4  0,779 4 24 3.6  0.021* 4 28 6.18 0.001** 4 23 2.97  0.041* 

Species 1 7 20.1 0.003*** 1 7 27.2 <0.001*** 1 7 7  0.033* 1 7 27.3 0.001*** 1 7 11.75  0.011* 

Treat*Spec 3 21 1.6  0.212 4 28 0.15  0.964 4 24 0.6  0.653 4 28 0.61  0.655 4 23 0.98  0.439 
               

         

E. pauciflora               
         

Treatment 4 28 1.4  0.276 5 35 0.7  0.664 5 33 2.3  0.067 5 35 3.96 0.006*** 5 34 8.2 <.001*** 

Provenance 9 63 5.92 <.001*** 9 63 36.4 <.001*** 9 63 4.1 <.001*** 9 63 10.76 <.001*** 9 63 3.35  0.002** 

Treat*Prov 36 252 0.88  0.662 45 315 0.62  0.973 45 297 0.7  0.907 45 315 0.98  0.501 45 289 1.37  0.068 

E. tenuiramis               
         

Treatment 3 21 2.1  0.127 4 28 0.2  0.992 4 26 2.0  0.123 4 26 1.1 0.395 3 24 0.6 0.667 

Provenance 9 63 4.0 0.001*** 9 63 115.8 <.001*** 5 35 2.1  0.086 9 63 79.6 <.001*** 9 54 3.8 0.001*** 

Treat*Prov 27 189 0.47  0.990 36 252 0.5  0.985 20 127 1.3  0.198 36 234 1.1 0.297 35 101 1.6 0.047* 
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Appendix B -Supplementary material for Chapter 4 

Table S4-1: Longitude and latitude (in decimal degrees), altitude above sea level (m a.s.l.), 

mean annual aridity index (AIANN), minimum temperature of the coldest week (TMNCW) 

and maximum temperature of the warmest week (TMXWW) for each provenance sampled for 

both focal eucalypt species, as well as trial site (last row). 

Species Provenance Longitude Latitude 
Altitude  

(m a.s.l.) 

AIANN 

(°C) 

TMNCW 

(°C) 

TMXWW 

(°C) 

E
u

ca
ly

p
tu

s 
p
a

u
ci

fl
o

ra
 

Bothwell Lake 146.9954 -42.3798 375 0.84 0.19 23.16 

Curringa 146.7721 -42.5698 101 0.89 1.13 24.08 

Dungrove 146.8861 -42.2664 547 1.02 -0.30 21.60 

Interlaken 147.1412 -42.1461 819 1.42 -0.88 19.37 

Lake Leake 147.8173 -42.0211 602 1.46 0.41 19.52 

Osterley 146.7408 -42.3543 348 1.14 0.26 22.76 

Ross 147.5323 -42.0017 241 0.72 0.92 23.90 

South Arm 147.4223 -43.0341 16 0.85 4.71 21.68 

Stonor 147.4316 -42.4277 445 1.02 1.18 21.40 

Tin Dish 

Rivulet 
147.437 -42.3079 410 0.86 0.96 22.10 

E
u

ca
ly

p
tu

s 
te

n
u

ir
a

m
is

 

Bothwell Tip  147.0361 -42.3872 409 0.86 0.21 22.69 

Dungrove 146.8981 -42.2798 645 1.17 -0.45 20.87 

Grasstree Hill 147.3778 -42.777 226 0.83 2.89 22.02 

Hollow Tree 146.9165 -42.5392 324 0.83 0.66 22.73 

Humbie Hill  146.9607 -42.4286 377 0.89 0.29 22.92 

Hungry Flats 

Rd. 
147.4592 -42.5268 320 1.02 1.83 21.92 

Huon Rd 147.2921 -42.9023 245 1.10 2.94 21.37 

Lovely Banks 

Rd. 
147.2578 -42.4598 373 0.84 1.07 22.37 

South Arm 

Rd. 
147.5026 -42.9769 86 0.83 4.42 21.39 

Strickland 146.66 -42.3479 550 1.64 -0.08 21.10 

  
Dungrove 

(trial) 
146.8941 -42.2733 592       

 




