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Abstract 

Increasing pressure from anthropogenic and natural disturbances can lead to irreversible 

shifts in the composition and structure of vegetation. Fire-sensitive rainforest communities in 

the understorey of Tasmania’s wet Eucalyptus forests are particularly susceptible to these 

disturbances. Currently, forest managers have no means of comprehensively mapping these 

understorey rainforest communities; fieldwork techniques are costly and impractical at the 

landscape scale, and most remote sensing techniques are unable to effectively map sub-

canopy habitats due to the blocking effect of the canopy. This presents a challenge for forest 

managers that must be addressed if these forests are to be managed sustainably. In this 

project, I examine two techniques that explore potential relationships between floristic and 

structural forest components as a means of locating rainforest understoreys.    

First, based on the premise that fire-driven succession of canopy and understorey strata 

follow parallel trajectories, I tested whether eucalypt canopy age-structure can be used to 

predict understorey floristics. I surveyed forty plots representative of the structural variation 

in the landscape, measuring the relative amounts of rainforest and old-growth eucalypts in 

each. From this, I generated a eucalypt old-growth and a rainforest variable, and compared 

these using Spearman’s rank correlation. While positive, the correlation between these 

variables was weak (ρ = 0.43). This result was unexpected, but may be explained by 

potentially independent effects of fire-disturbance in these two strata. Second, I used a 

LiDAR-based approach in an attempt to delineate rainforest understoreys based on structural 

characteristics. For this, I developed a suite of understorey LiDAR metrics that were tested 

against the amount of rainforest in the understorey using Spearman’s rank correlation and 

Random Forest analysis. Canopy density and height-based metrics showed significant 

positive correlations, but these were too weak for predictive purposes (ρ < 0.69). Similarly, 

the Random Forest analysis was unable to identify a predictive relationship (percent variance 

explained = 46 %). These analyses exposed notable structural overlap among the rainforest 

and wet sclerophyll understorey types.  

This project revealed a mismatch between canopy age-structure and understorey floristics, 

and between the structure and floristics within the understorey. I suggest that to better 

understand these relationships more research into fire-driven disturbances on understorey and 

canopy strata is required. This research, and the use of novel remote sensing approaches and 

technologies, will enable more effective management of understorey rainforest communities.  
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Chapter 1: Literature Review:  Using LiDAR to analyse 

understorey strata in forests.  

This chapter is only included in the printed version as it is not assessed as part of this 

thesis. 
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Chapter 2: General Introduction  

Changes in forest structure and biodiversity are major concerns for conservation, both 

globally and locally (Butchart et al. 2010; Lindenmayer et al. 2012). Key to this is an 

understanding of how forest communities respond to disturbance and changes to 

disturbance regimes (Seidl et al. 2011; Turner 2010). However, one of the key limitations 

to this understanding is our capacity to comprehensively measure forest characteristics at 

landscape scales. Most remote sensing techniques offer potentially valuable solutions to 

this problem, but are typically less effective at describing understorey than canopy 

characteristics due to the blocking effect of the canopy (Zhang et al. 2011). Finding a 

means of measuring the structure and composition of understorey vegetation communities 

will enable more thorough analyses of disturbance-driven effects on forested ecosystems.   

Tasmania, Australia’s island state, serves as a model system where wildfire disturbance 

history has a marked effect on vegetation structure and composition (Bowman and Wood 

2009; Jackson 1968). Anticipated changes to climate are predicted to intensify this natural 

disturbance regime, resulting in changes to canopy and understorey vegetation in the 

region’s forests (Kirkpatrick et al. 1988; Lucas et al. 2007; Wood and Bowman 2012). The 

effect of these natural disturbances is compounded by increasing anthropogenic 

disturbances (e.g. land clearing and forestry operations), and this may result in irreversible 

shifts in vegetation communities (Dale et al. 2001; Jactel et al. 2009; Wood and Bowman 

2012). This reveals a pressing need to develop a baseline knowledge of the distribution and 

extent of different forest communities, particularly those threatened by increasing 

anthropogenic and natural disturbances. Especially relevant here is the fire-sensitive 

rainforest understorey community found in the state’s lowland wet Eucalyptus forests.   

2.1 Lowland wet Eucalyptus forest in Tasmania  

The lowland wet Eucalyptus forests of Tasmania contain the world’s tallest living 

flowering plants (Tng et al. 2012). They are widely distributed throughout Tasmania, 

occurring in areas of moderate to high rainfall, from sea level to ~ 600 m a.s.l., and on all 

but the poorest soils (Forestry Tasmania 2009). These forests are economically and 

biologically important because they: (a) are a valuable source of timber and pulpwood 

(Forestry Tasmania 2009), (b) play a major role in water production and stream protection 

(Forestry Tasmania 2009), (c) have high aesthetic and recreational values, and (d) are the 

world’s most carbon-dense forests (Keith et al. 2009). Structurally, they are dominated by 
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eucalypts that form a more-or-less closed canopy in relatively young forest (~20 years 

after establishment), but this layer tends to become more open with time as a result of tree 

death through self-thinning (Forestry Tasmania 2009). In the latter case, the eucalypts 

could be considered as being equivalent to rainforest emergents (Tng et al. 2012). 

However, for consistency this layer will be referred to as the canopy throughout this thesis. 

The eucalypt canopy overtops an often dense and multi-layered understorey (Forestry 

Tasmania 2009). Wet Eucalyptus forests are broadly classed according to the floristic 

composition of this understorey: wet sclerophyll forests are those comprised of wet 

sclerophyll species such as Pomaderris apetala and Nematolepis squamea, while mixed 

forests contain rainforest species such as Nothofagus cunninghamii and Atherosperma 

moschatum (Gilbert 1959; Kirkpatrick et al. 1988). This classification scheme will be 

adopted for the course of this thesis.  

One of the earliest studies of wet Eucalyptus forests was that of Gilbert (1959), who 

identified ecological processes in these forests that underpin much of our current 

understanding of community dynamics in these systems. Fire, in particular, has long been 

identified as an important and integral factor in the ecology of wet Eucalyptus forests, and 

one with profound influences on the structure and floristics of both canopy and 

understorey layers (Gilbert 1959; Jackson 1968). Fire is the principal driver of eucalypt 

regeneration, and the number and age of canopy eucalypt cohorts within a stand is a direct 

consequence of the timing and intensity of past fire events (Alcorn et al. 2001; Turner et 

al. 2009). In the understorey, it is the intensity and/or frequency of fire events that largely 

steers the floristics towards wet sclerophyll or rainforest communities (Hill 1982; Jordan et 

al. 1992). Low fire frequencies (100-350 years) enable the persistence of rainforest, while 

more frequent fire regimes are thought to drive a transition to wet sclerophyll understoreys 

(Gilbert 1959; Hickey 1994). If fires do not occur for > 350 years, the canopy eucalypts 

will begin to die out, and mature rainforest will develop (Figure 2.1, Gilbert 1959; Hickey 

1994). Rainforest is thus treated as a ‘climax’ community that has the potential to 

eventuate on all but the poorest soils when free from fire (Gilbert 1959). This relatively 

simple concept of fire-driven succession was expanded by Jackson (1968), who posited 

that rainforest (and other) communities are maintained by feedbacks between fire, 

vegetation and other environmental variables, and that breakdowns to these feedbacks 

drive transitions to different vegetation communities. This concept has been vindicated by 
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historical analyses of satellite imagery, where the importance of fire frequency in the 

distribution of rainforest and other vegetation communities was highlighted (Wood 2011).   

 

The integral role of fire in shaping both canopy structure and understorey floristics in wet 

Eucalyptus forests suggests the development of these two strata may be coupled. Indeed, 

the development of mature, old-growth stands of eucalypts, and the development of mature 

rainforest understoreys are strongly tied to a pattern of less frequent, less intense fire 

events (Alcorn et al. 2001; Ashton 1981; Hill 1982). If these fire-driven disturbance 

regimes affect canopy and understorey elements similarly, the potential exists for old-

growth eucalypt canopies to be used to predict patches of rainforest understorey.  

2.1.1 Rainforest understoreys in wet Eucalyptus forests: significance and threats  

Mixed forests, defined here as forest with a Eucalyptus canopy and rainforest understorey, 

are found only in Australia. In Victoria and New South Wales they are rare, while in 

Tasmania they comprise ~20% of wet Eucalyptus forests (Hickey 1994). Mixed forests are 

high in aesthetic and cultural values, and serve a number of biological and ecological roles 

(Hickey 1994; Hickey and Savva 1992). In the absence of mature rainforest, they provide 

important habitat for species such as Pink Robin that are rare or uncommon outside 

rainforest (Hickey and Savva 1992; Lindenmayer et al. 2000). After wildfire events, areas 

of unburnt mixed forests serve as a seed source for rainforest species, important for 

populating nearby fire-damaged areas (Simkin and Baker 2008). Furthermore, fire-

sensitive rainforest species may possess fuel traits that reduce fire intensity, and play a role 

in tempering the spread of fire in low to moderate fire weather (Cohn et al. 2011; Hill and 

Figure 2.1. Transition of wet Eucalyptus forest from wet sclerophyll to mixed forest with 

increasing time since a fire event; as posited by Gilbert (1959) (from Forestry Tasmania 

2009). 
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Read 1984). It is quite possible then that fire-driven feedbacks can be mediated by low 

flammability traits of mixed forests (Cohn et al. 2011); a potentially important mechanism 

for maintaining structural and biological diversity in these forest landscapes.  

While understoreys contribute relatively little to above-ground carbon stocks in wet 

Eucalyptus eucalypt forests, they comprise ~ 85% of the tree diversity (Wood et al. 2015). 

This diversity enhances structural complexity, and this in turn augments productivity and 

biodiversity at the landscape scale (Ishii et al. 2004). Predicted changes in Tasmania to a 

climate of drier, warmer summers and increased fire, threaten this diversity by shifting 

understorey composition from rainforest to more flammable wet sclerophyll communities 

(Lucas et al. 2007; Wood and Bowman 2012). This may occur if the predicted increase in 

drought weakens feedbacks that maintain the wet and humid conditions that sustain 

rainforest (Wood and Bowman 2012). Importantly, such transitions may be become 

permanent if they are reinforced by fire-vegetation-soil feedbacks, creating an irreversible 

‘fire-trap’ (Wood and Bowman 2012).  

In the context of increasing threats to rainforest in wet Eucalyptus forests, land managers 

are required to consider the extended timespans of regeneration processes in this system. 

In particular, forest managers need to plan over long time frames to ensure that a range of 

ages and successional stages are maintained in the landscape to maintain biodiversity and 

structural diversity (Brown et al. 2001). Typical logging rotations (45-90 years) are likely 

to disadvantage rainforest understoreys, instigating a shift towards wet sclerophyll forests 

(Burgman and Ferguson 1995; Hickey 1994). Thus, to effectively plan sustainable logging 

regimes, including adequate reserve networks and appropriate rotation lengths, land 

managers need a baseline knowledge of the distribution of rainforest communities in the 

landscape, and this remains a challenge that must be addressed.    

2.2 Mapping and classification of Eucalyptus forests  

2.2.1 Aerial photography and multi- and hyper-spectral remote sensing  

Forest type classification is important for sustainable forest management and conservation 

of native forests. Currently, a number of approaches exist for classifying Eucalyptus forest 

types, but these methods are typically coarse and rely almost entirely on canopy elements. 

The photo interpretation (PI-type) system, which classifies forest types based on 

stereoscopic interpretation of aerial photographs, has been widely used in forestry for 
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inventory and resource planning (Stone 1998). In Tasmania, this system has a structural 

focus because determining the floristic composition of the understorey requires costly 

field-based ground-truthing (Corbett and Balmer 2001; Stone 1998). In some areas, large 

gaps in the canopy have allowed for the inclusion of certain rainforest understorey types in 

PI-type classes, but this approach is inadequate, and substantial areas of mixed forest are 

not classed accordingly (Dr Sue Baker, pers. comm.). This makes it difficult for forest 

managers to meet, or indeed define, sustainability targets regarding rainforest understorey 

conservation.   

Multi- and hyper-spectral image analysis has been widely used for vegetation mapping 

(Phiri and Morgenroth 2017). These images, captured from satellite- or aircraft-borne 

platforms, contain electromagnetic information used to quantify vegetation attributes such 

as chlorophyll content, and leaf area (Xie et al. 2008). However, remote sensing 

techniques that rely on spectral imagery are unable to sample sub-canopy vegetation in 

detail, and habitats characterised by understorey type are based on inferences from canopy 

characteristics, or defined using field survey techniques, a costly approach not possible at 

the landscape scale (Zhang et al. 2011). In Tasmania, TASVEG 3.0 is a state-wide 

vegetation map produced from satellite image interpretation techniques, validated by field 

surveys where possible, to map forest and other vegetation types (Department of Primary 

Industries 2013). Forest mapping units based on understorey composition have been 

included in this mapping scheme (e.g. Eucalyptus obliqua forest over rainforest), but the 

technique used to map these areas relied on large canopy gaps where the understorey is 

visible (Dr Jayne Balmer, Department of Primary Industries, pers. comm.). While this has 

produced accurate classification and mapping in some areas, other areas are mapped 

inaccurately, or mapped as undifferentiated Eucalyptus forest, with no reference to 

understorey type (Dr Sue Baker, pers. comm.) It is likely then that areas with rainforest 

components remain unmapped, highlighting the need for fine-scale mapping techniques 

capable of representing the floristic variation in understorey.   

2.2.2 LiDAR for forest classification 

LiDAR is a remote sensing technology that uses laser scanners that emit pulses of 

amplified light to measure distances between the scanner and surfaces intercepted by the 

pulse (Pirotti et al. 2012). These distances are used to determine the exact location of 

vegetation surfaces in three-dimensional space, and are recorded as a matrix of point data 
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that can be used to accurately model vegetation structure (Figure 2.2, Wagner et al. 2008). 

Auxiliary information is also often recorded for each return pulse, including an intensity 

value, which is the ratio of emitted to returned energy (Su and Bork 2007). LiDAR data is 

used to generate a range of metrics that quantify vegetation attributes such as canopy 

height, vegetation density, and the number of forest strata (Pirotti et al. 2012; Wilkes et al. 

2016). 

 

Figure 1.2: A LiDAR point cloud of a 

Eucalyptus forest.  The points are colour 

classified according to their height in the 

vertical profile. The dense nature of this 

dataset shows individual crowns.  

 

 

 

In contrast to aerial photography and spectral remote sensing, LiDAR is able to penetrate 

small gaps in the canopy, and sample forest interiors and vertical forest structure (Evans et 

al. 2006; Maltamo et al. 2005). This is a key advantage that allows for analyses of three 

dimensional (i.e. horizontal and vertical) forest attributes like understorey height (Evans et 

al. 2006; Lim et al. 2003). While canopy occlusion of sub-canopy layers can affect LiDAR 

analyses, this ability to sample sub-canopy strata directly makes LiDAR one of the most 

useful means of remotely sampling forest understoreys (Korpela 2008; Wing et al. 2012). 

Given these advantages, LiDAR has increasingly been used to map forest structure, and for 

the classification of forest types (Pirotti et al. 2012).  

In wet Eucalyptus forests, the delineation between wet sclerophyll and rainforest 

understorey communities is based on floristic differences (Forestry Tasmania 2009). 

Importantly, these differences may translate to structural differences in vegetation 

attributes between the two communities (e.g. height and density of the understorey layers, 

Wells and Hickey 2005). Accordingly, if the structural differences are significant, there is 

potential for LiDAR data to be used for discriminating patches of rainforest in the 

understorey.       
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2.3 Aims  

This thesis explores two potential techniques to locate rainforest understoreys in wet 

Eucalyptus forest. Firstly, based on the potentially interrelated effects of fire on canopy 

and understorey strata, I test the strength of the relationship between eucalypt canopy age 

structure (old-growth vs. regrowth) and understorey floristic composition (rainforest vs. 

wet sclerophyll; Chapter 3). If successful, this would validate the use of canopy structure 

as a proxy for understorey type, and open the way for remote sensing methods to map 

understorey vegetation using canopy signals. Secondly, I use a high-resolution LiDAR 

dataset to test the potential for mapping the understorey directly, by exploring structural 

differences between rainforest and wet sclerophyll understorey types (Chapter 4). If 

successful, LiDAR could then be used to map areas of rainforest in the landscape.      
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Chapter 3: Can canopy structure serve as a proxy for 

understorey composition?  

3.1 Introduction  

The mapping of understorey strata remains a challenge in fine-scale vegetation mapping. 

Field-based methods are prohibitively expensive and limited in coverage, and most aerial 

remote sensing techniques, are unable to effectively sample sub-canopy layers due to the 

blocking effect of the canopy (Wilfong et al. 2009).  To circumvent these challenges, some 

researchers have used proxies to predict understorey vegetation characteristics, including 

the use of structural attributes in the canopy layer, and topographic factors such as slope 

and aspect (Barber et al. 2016; Coll et al. 2011). Using canopy characteristics as proxies is 

an advantage as a range of remote sensing techniques can easily sample the canopy, 

including: LiDAR (e.g. Coops et al. 2007), spectral image analysis (e.g. Schlerf and 

Atzberger 2006), and hybrid approaches (e.g. Asner et al. 2007).  

If ecological succession in wet Eucalyptus forests leads to parallel developmental paths in 

canopy structure and understorey floristics, then there may be a predictive relationship 

between these two characteristics. If this is so, canopy can serve as a proxy for understorey 

type, and forest types based on understorey attributes may be predictively mapped. As 

outlined in Chapter 2, central to this hypothesis is that the regeneration of canopy 

eucalypts, and the development of floristics in the understorey, are both influenced by fire 

(Gilbert 1959; Jackson 1968). In wet Eucalyptus forests, eucalypt canopy regeneration is 

contingent on fire-driven disturbance as the seedlings are reliant on the clearing of the 

litter layer for a receptive seedbed, and the removal of the understorey layer for light 

(Ashton 1981; Ashton and Turner 1979; Forestry Tasmania 2009). In the understorey, the 

intensity and frequency of fire events drives the floristics towards wet sclerophyll- or 

rainforest-dominated communities (Hickey 1994; Hill and Read 1984). Also, while the 

floristic component pre-disturbance may influence species composition post-disturbance, 

the fire-sensitive nature of rainforest species, and that they typically do not have soil-

stored seed, can result in a general shift towards wet sclerophyll regeneration from soil 

seed banks (Baker et al. 2013; Hill and Read 1984). This is especially the case if there 

have been regular disturbances (> 1 in 100 years), where the developing wet sclerophyll 

understorey can be strikingly different from the pre-disturbance rainforest understorey 

(Cunningham and Cremer 1965; Hickey 1994). So, under high intensity and/or high 
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frequency disturbance scenarios, wet sclerophyll species should dominate, in contrast to a 

less intense or less frequent disturbance scenario in which rainforest species may be more 

prevalent.  

Under this model of succession, it is reasonable to expect that the age structure of the 

eucalypt canopy (old-growth- vs. regrowth-dominated) may be correlated with the floristic 

composition of the understorey (rainforest- vs. wet sclerophyll-dominated). Indeed, in 

Gilbert’s (1959) seminal study of wet Eucalyptus forest structure and composition, stands 

of large, old-growth eucalypts are described as overtopping a rainforest understorey, in 

contrast to younger regrowth stands, with wet sclerophyll understoreys. More recently, a 

dominant rainforest species in mixed forests in south eastern Australia, Nothofagus 

cunninghamii, was found to be more likely to occur in older eucalypt stands in the 

Victorian Mountain Ash forests (Figure 3.1, Lindenmayer et al. 2000). Key to this 

relationship is that fire is controlling both regeneration of the fire-sensitive overstorey, and 

the floristic composition of the fire-sensitive understorey (Lindenmayer et al. 2000). Thus, 

in old-growth eucalypt forests, there are grounds to assume we are more likely to find a 

prevalence of rainforest species.  

 

 

 

In this chapter, I will explore the extent to which the age structure of the eucalypt canopy 

and the floristic composition of the understorey are coupled. I will explain the approach 

used to query this relationship, the results of that investigation, and discuss what these 

results mean in the context of disturbance and regeneration. Importantly, if the relationship 

is robust, given the notable structural differences between eucalypt crowns in old-growth 

Figure 3.1. Relationship between the 

stocking rate of Nothofagus 

cunninghammii (y-axis), and the age of 

old-growth eucalypts (x-axis), 

categorised from 1 (oldest) to 11 

(youngest). From Lindemayer 2000.   
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and regrowth trees (Bar-Ness et al. 2012; Stone 1998), remote sensing techniques may be 

used to survey eucalypt crowns and provide a predictive map of understorey composition.   

3.2 Methods 

3.2.1 Study region  

The study was conducted in a 5 x 5 km area approximately 60 km south-west of Hobart in 

southern Tasmania, Australia (Figure 3.2), and for which recent, high resolution LiDAR 

data was available. Most of the study area is included in the Tasmanian Wilderness World 

Heritage Area, and the region north of the Huon River is part of the Warra Long Term 

Ecological Research Site that forms part of a national and international network of sites 

(Brown et al. 2001). Median rainfall recorded at the Warra weather station from 2004 to 

2013 was approximately 1700 mm (Australian Bureau of Meteorology; 

http://www.bom.gov.au), and elevation of the surveyed area was between 60 and 437 m 

above sea level. The vegetation in the area is dominated by Eucalyptus obliqua forests in a 

variety of successional stages (Corbett and Balmer 2001). The canopy layer in surveyed 

sites was dominated by E. obliqua, with E. regnans occurring in limited areas; these two 

species have broadly similar growth forms. The understorey tree layer consisted of either 

rainforest or wet sclerophyll species, or a mix of both. Common rainforest species included 

Atherosperma moschatum, Nothofagus cunninghamii, and Phyllocladus aspleniifolius, 

while common wet sclerophyll species included Nematolepis squamea, Olearia 

argophylla, and Pomaderris apetala. The shrub layer consisted of species such as 

Monotoca glauca, Anodopetalum biglandulosum, Anopterus glandulosus and the tree fern 

Dicksonia antarctica. Ground cover species were primarily either Gahnia grandis or 

Polystichum proliferum and varied from very sparse to dense. Soils in the area are mostly 

derived from Jurassic dolerite (Alcorn et al. 2001).  

Wildfire events of varying intensity impacted the study area in 1898, 1906, 1914, and 1934 

(Alcorn et al. 2001; Hickey et al. 1999). There are no reliable spatial records for fires prior 

to this (Turner et al. 2009), but it is likely that the area was affected by other wildfires 

known from elsewhere in southern Tasmania in the 1800s (Alcorn et al. 2001). This 

history of disturbance has resulted in a variation of Eucalyptus canopy age throughout the 

study area, from ~ 80 years old to old-growth ‘veteran’ specimens probably originating in 

the 1500s (Alcorn et al. 2001). It was expected that this broad range of ages would yield a 

http://www.bom.gov.au/climate/cdo/about/definitionsrain.shtml#decile5rainfall
http://www.bom.gov.au/
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diversity of understorey structure. Vegetation studies in the Warra portion of the study area 

predicted that ~50% of the area has a rainforest understorey, while ~35% is classed as 

having a wet sclerophyll understorey (Corbett and Balmer 2001).  

3.2.2 Plot selection  

A total of forty plots were selected in the study landscape using a stratified sampling 

procedure designed to capture variation in forest structure and geographic location. 

Consequently, the selected plots did not, nor were they intended to, represent a purely 

random sample of forest structural variation across the study landscape. This is an 

Figure 3.2. Map of the study area in southern Tasmania, Australia, showing the location of plots 

surveyed. 
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established approach recommended for forest analysis using LiDAR (Asner et al. 2012; 

Hawbaker et al. 2009). Indeed, the use of LiDAR for plot selection in similar studies has 

proved superior to more random selection methods (Gobakken et al. 2013; Grafström and 

Ringvall 2013).  

Taking a GIS approach, the ‘sp’ package in R was used to generate a surface of 20 m 

radius plots covering the study landscape, each plot was separated by a distance of at least 

20 m (Bivand et al. 2013).  To avoid edge effects, all areas within 50 m of a road and 20 m 

of a walking track were excluded, as were plots located in unsuitable areas (e.g. cleared 

and silvicultural areas). To stratify the landscape, four raster surfaces were created from 

four LiDAR metrics using LASTools (Table 1, LAStools 2017). One metric was designed 

to capture canopy variation, two to capture the variation in sub-canopy strata, and the 

fourth to capture the variation in the distribution of canopy and understorey points 

(Antonarakis et al. 2008). The average value for each of the four metrics was extracted for 

each plot, and a balanced subset of forty of these was selected for analysis using the Local 

Pivotal Method 1 function in R (Figure 3.3, Grafström et al. 2012).  

 

 

Table 1. The four LiDAR metrics used to generate raster surfaces used in the stratified 

segmentation method for plot selection. 
 

LiDAR metric name Target strata Description 

95th percentile  canopy The height under which 95% of the points occur 

density 30 midstorey All points occurring between 1 and 30 m divided 

by all points upwards of 1 m 

density 20 understorey All points occurring between 10 and 20 m divided 

by all points from 1 to 20 m  

skewness canopy and sub-

canopy 

A measure of the asymmetry of the probability 

distribution of the height value about its mean 
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Additionally, two LiDAR derivatives of the study area were generated to compliment the 

field work: a digital elevation model, and a canopy height model. By revealing areas of 

steep and potentially inaccessible terrain, and of short, dense vegetation these were 

important aids to find appropriate routes to access survey sites. Once in the field, the plot 

centroid was often relocated to a nearby area due to difficulty of access, or an inability to 

obtain a GPS reading at the original location. In these cases I ensured the replacement 

location was similar in structure and composition to the original location.   

3.2.3 Plot design and field sampling    

Plots were circular with a 20 m radius outer plot and a 12 m radius inner plot. Within the 

20 m radius plot, the diameter at breast height (DBH) of all Eucalyptus species was 

recorded. All Eucalyptus were also scored as being either old-growth or regrowth trees. 

Within the 12 m radius of each plot, the species and DBH of all trees with a DBH > 5 cm 

was recorded.  

Figure 3.3. Schematic of the random stratified sampling method using LiDAR data and a GIS 

approach.  1, the 20 m radius plots are mapped throughout the accessible parts of the landscape; 

2, four raster surfaces are created from four LiDAR metrics representative of canopy and 

understorey variation; 3, the average value for each of the four rasters is calculated for each 

plot; 4, Forty plots are selected in the landscape representative of the variation in the values in 

each of the four raster layers.     

1 

2 

3 

4 
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A handheld GPS (Garmin GPSMap 64s) was used to locate the plot centroid to within ~ 10 

m. To ensure the LiDAR data could be accurately matched to each plot, the centroid 

position was then recorded with a survey-grade GPS (Leica GPS 1200). For most plots 

(75%), the overstorey vegetation was sufficiently dense to prevent the GPS from recording 

the position at the centroid. In these cases the GPS was placed in the nearest canopy gap to 

the centroid. The centroid position was then calculated from the canopy gap using a 

sighting compass (Suunto MC-2 mirror compass) to find the bearing, and a vertex 

hypsometer range finder to record the slope-corrected distance. The error introduced with 

this method may was quantified as follows: using the law of cosines, with a mean distance 

of 20.6 m from the centroid to the GPS and an estimated bearing error of 2 – 3°, the 

centroid position error was calculated at 0.7 – 1 m; this shift in distance translated to 6 - 

9% of the surveyed plot area potentially being excluded from the GIS-defined plot area.   

3.2.4 Variable selection  

For each plot, two main variables were calculated from the plot data: percent rainforest 

basal area and percent old-growth eucalypt basal area, for the understorey and canopy 

strata respectively. Both were derived from the DBH plot measurements converted to basal 

area (BA), which is regarded as a good proxy for tree cover (Blatrix et al. 2016). I also 

calculated a rainforest stem density variable to check for a potential relationship between 

the number of rainforest stems in the understorey and the amount of eucalypt old-growth 

in the canopy. In all cases the data were untransformed. For the two rainforest variables 

(basal area and stem density), despite the composition of rainforest understoreys following 

a continuum in terms of floristics, certain species are regarded as typical rainforest species, 

and were classed accordingly (Jarman et al. 1984; van Galen 2016). All remaining woody 

species were classed as wet sclerophyll (van Galen 2016; Wells and Hickey 2005). Details 

of the species found in the study site, and their classification as either wet sclerophyll or 

rainforest, may be found in Appendix A. The rainforest stem density variable was a ratio 

of the number of rainforest stems to the total number of rainforest and wet sclerophyll 

stems. The percent rainforest basal area variable was calculated as follows:  

% 𝑟𝑎𝑖𝑛𝑓𝑜𝑟𝑒𝑠𝑡 𝐵𝐴 =  
𝑟𝑎𝑖𝑛𝑓𝑜𝑟𝑒𝑠𝑡 𝐵𝐴

(𝑟𝑎𝑖𝑛𝑓𝑜𝑟𝑒𝑠𝑡 𝐵𝐴 +  𝑤𝑒𝑡 𝑠𝑐𝑙𝑒𝑟𝑜𝑝ℎ𝑦𝑙𝑙 𝐵𝐴)
× 100 
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Both Eucalyptus obliqua and E. regnans are found in the study area, with the former more 

common (Brown et al. 2001). These species have structurally similar canopies, and for the 

purposes of this study, were not differentiated. As stem diameter is a poor proxy for age 

due to the indeterminate nature of tree growth (Baker 2003), eucalypt age-class (old-

growth or regrowth) was not based on stem size, but rather on the health of canopy growth 

(vigorous or suppressed), the size of the lateral branches, and the presence of stem hollows 

(adapted from Smith and Lindenmayer 1988, see Appendix B for details). The equation for 

the percent eucalypt old-growth basal area variable was calculated as follows:  

% 𝑒𝑢𝑐𝑎𝑙𝑦𝑝𝑡 𝑜𝑙𝑑𝑔𝑟𝑜𝑤𝑡ℎ 𝐵𝐴 =  
𝑒𝑢𝑐𝑎𝑙𝑦𝑝𝑡 𝑜𝑙𝑑𝑔𝑟𝑜𝑤𝑡ℎ 𝐵𝐴

(𝑒𝑢𝑐𝑎𝑙𝑦𝑝𝑡 𝑜𝑙𝑑𝑔𝑟𝑜𝑤𝑡ℎ 𝐵𝐴 +  𝑟𝑒𝑔𝑟𝑜𝑤𝑡ℎ 𝐵𝐴)
× 100 

 

3.2.5 Data analysis   

To test the strength of the relationship between the amount of rainforest in the understorey 

(the stem density and percent basal area variables), and eucalypt old-growth in the canopy 

(the percent eucalypt old-growth variable), I used a Spearman’s rank correlation test in R; 

an appropriate non-parametric technique that tests for monotonic associations between 

variables (Hauke and Kossowski 2011; R Core Team 2016). To test the robustness of the 

p-value for the correlation analyses, I used the ‘resample’ package in R to perform a 

randomisation test of 10 000 permutations (Hesterberg 2015). Standard error was 

estimated using a bootstrap with 10 000 permutations (Manly 1997). Given the centimetre 

accuracy of the field measurements, and the well-defined eucalypt age-classes, it was 

assumed that measurement error was small.  

3.3 Results  

The correlation result for the relationship between percent rainforest basal area and 

eucalypt old-growth basal area was positive but weak, with ρ = 0.43 ± 0.14 standard error 

(p-value = 0.003).  These results indicate that there was a highly significant positive 

association between the canopy and understorey basal area variables, but that association is 

weak.  Even at the upper limit of the range (ρ = 0.67), this relationship would be too weak 

to have predictive power.  The correlation between rainforest stem density and percent 

eucalypt old-growth basal area was weaker still, with ρ = -0.14 ± 0.15 standard error (p-

value = 0.8).  
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One plot appears as a major outlier (circled in Figure 3.4). Notably, this outlier reflected an 

unusual assemblage of vegetation (with the canopy consisting entirely of three young 

regrowth eucalypts over a rainforest-dominated understorey), rather than erroneous data. 

To test whether this outlier had a major effect on the results, the analysis was repeated 

excluding that data. Removing the outlier plot made only a marginal improvement on the 

correlation with ρ = 0.49 ± 0.13 standard error.  

 

Despite the weak correlation, some interesting trends were evident in the results. Eucalypt 

old-growth canopy was unevenly distributed, with 35 and 21 of the plots having > 50 

and > 80% old-growth eucalypt canopy, respectively. Most plots were a mix of old-growth 

and regrowth eucalypts, with only two and five plots consisting of pure regrowth, and pure 

old-growth, respectively. Wet sclerophyll tended to dominate in places, and 14 plots had 

pure wet sclerophyll understoreys in contrast to only three pure rainforest plots. However, 

rainforest was not uncommon in plots with both understorey types: 19 of the 40 plots 

comprised > 50% rainforest.   

3.4 Discussion  

The correlation between Eucalyptus canopy structure and understorey floristics was 

unexpectedly low. There was a very weak relationship between the density of stems in the 

understorey and eucalypt old-growth in the canopy (ρ = -0.14), and while the understorey-

canopy relationship was stronger using the percent rainforest basal area in the understorey, 

it was still weak (ρ = 0.43). This suggests that the processes driving canopy age structure 

and understorey species composition are largely uncoupled in this system. Furthermore, 

given the modest measurement error in both variables, it is likely that the observed weak 

relationship is due to environment factors. Here, a summary of the major trends in this 

Figure 3.4. Percentage of eucalypt 

old-growth basal area (x-axis), 

versus the percentage of rainforest 

understorey basal area (y-axis). 

The outlier plot is circled in red.  



18 

 

landscape, and the factors driving them, provides possible explanations for the weaker than 

predicted result. The regeneration processes in the canopy and understorey are considered 

separately to explain the observed mismatch between canopy age and understorey 

floristics.  

In the canopies of tall wet eucalypt forest, populations of eucalypts may be classed as 

either single-cohort, where trees have regenerated from a single disturbance event and are 

of the same age, or multi-cohort, where surviving trees remain in the population after more 

than one disturbance (Turner et al. 2009; Wells and Hickey 2005). In southern Tasmania’s 

Eucalyptus obliqua-dominated forests, single-cohort stands of either young regrowth or 

old-growth eucalypts, are less common than multi-cohort stands, which typically contain 

some old-growth eucalypts (Hickey et al. 1999; Turner et al. 2009). Importantly, while the 

stem density of these old-growth trees is low, they make a considerable contribution to 

total basal area (Turner et al. 2009). So, the trend in this landscape is for multi-cohort 

stands that have a substantial old-growth eucalypt component. These trends are very much 

in line with the findings in the present analysis, where >50% of the plots had >80% old-

growth basal area, and pure old-growth and regrowth stands were rare (2 and 5 of 40 plots 

respectively). This trend may be largely attributed to the rarity of uniformly high intensity, 

stand-replacing fires in these landscapes (Hickey et al. 1999; Turner et al. 2009). Rather, a 

number of environmental factors (e.g. wind, fuel load, fuel moisture), typically vary across 

the landscape, resulting in substantial variation in fire intensity and residence time at fine 

spatial scales (Turner et al. 1994; Wood et al. 2011). Accordingly, the vegetation response 

is typically heterogeneous, often enabling old-growth trees to remain in the landscape post 

fire (Turner et al. 2009). This prevalence of multi-cohort stands and old-growth eucalypt 

survival may also be partially attributed to the ability of E. obliqua to withstand fire by 

epicormic and lignotuberous shoots (Alcorn et al. 2001; Ashton 1981). This tendency for 

endurance in the canopy contrasts with the relatively high sensitivity of rainforest 

understorey to fire impacts, which may go some way to explain the mismatch between 

canopy age and understorey floristics.  

One of the key characteristics underpinning this mismatch is the abundance of wet 

sclerophyll understoreys under all canopy types. In the plots surveyed, there was a higher 

occurrence of pure wet sclerophyll than pure rainforests plots (14 and 3 respectively). A 

number of factors may contribute to the increased potential for the establishment of wet 

sclerophyll understoreys in this landscape. In little over 100 years, the study area has 
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experienced three major fire events (Alcorn et al. 2001). In the understorey, this frequency 

would seem to favour the development of wet sclerophyll floristics, while not necessarily 

reducing the old-growth component in the canopy (Ashton 1981; Hill and Read 1984).  

Also important here is that while certain rainforest and wet sclerophyll species may 

regenerate following fire, the most important seed source after a disturbance is soil stored 

seed (Cunningham and Cremer 1965; Hill and Read 1984). Typically, the seed of 

rainforest species is less resilient, and shorter lived, than that of wet sclerophyll species, 

which can survive fire events and persist in the soil for >100 years (Cunningham and 

Cremer 1965; Hill and Read 1984). This results in a tendency for wet sclerophyll species 

to dominate post disturbance, even in situations when they were rare or even absent before 

the fire (Cunningham and Cremer 1965; Hickey 1994; Hill and Read 1984). Understorey 

composition can thus transition from rainforest to largely or entirely wet sclerophyll 

species in a single fire event, but given the relative sensitivity of short-lived rainforest 

seed, the converse does not apply.  

While these ecological mechanisms would appear to favour wet sclerophyll understoreys, 

theory suggests that community composition is maintained by positive fire-vegetation-soil 

feedbacks, and that transitions from rainforest should be uncommon (Wood and Bowman 

2012). Here, the cool and humid microclimate of rainforest, and the less flammable leaves, 

act to reduce the likelihood of intense fires in these areas, hence maintaining rainforest 

(Dickinson and Kirkpatrick 1985; Jordan et al. 1992; Wood and Bowman 2012). However, 

fire type may act to weaken the strength of this feedback. In particular, two of the more 

common rainforest trees (Nothofagus and Eucryphia) develop thick humus layers, and are 

more likely to perish in surface and humus fires than the common wet sclerophyll species 

(Hill 1982). Also, humus fires tend to destroy rainforest seed in the soil, but not 

necessarily wet sclerophyll seed, that can survive for longer periods deeper in the soil (Hill 

1982). Regardless, the rate at which these transition events from rainforest to wet 

sclerophyll are occurring, while rare, may still be outstripped by the very slow rate at 

which rainforest can colonise areas (Macphail 1980; Wood and Bowman 2012). This is 

because wet sclerophyll patches are maintained by positive fire-vegetation-soil feedbacks 

that make transitions to rainforest highly unlikely (Wood and Bowman 2012). If the 

relatively high fire frequency of the last century is typical, then the outcome of these trends 

is likely to be a progressive reduction in rainforest extent. Indeed, this reduction in 
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rainforest matches patterns inferred from fossil pollen records covering the period since 

the middle Holocene under climate-driven, increased fire frequencies (Macphail 1980).  

In my study landscape, the propensity for old-growth eucalypts to persist is juxtaposed 

with a prevalence of pure wet sclerophyll understoreys. This juxtaposition complicates 

what in other areas may be a simpler and more reliable relationship between canopy age 

structure and understorey floristics. In the Mountain Ash forests in Victoria (see Chapter 

2), the strong trends between canopy age structure and rainforest in the understorey may be 

due to the greater fire-sensitivity of the dominant eucalypt, E. regnans, in those forests. 

Unlike E. obliqua, this species has little capacity to resprout after fire, and accordingly is 

more likely to be found in single-cohort forests (Ashton 1981; Lindenmayer et al. 2000). 

Quite likely, the closer link between canopy age structure and understorey composition 

observed in this system is due to the fire-sensitivity of both the rainforest understorey and 

the eucalypt canopy. Given this, it would be useful to test whether rainforest is less likely 

to occur in E. regnans than E. obliqua forests in Tasmania.    

Overall, this analysis has exposed the scope for mismatch between the eucalypt canopy 

age-structure and the floristics in the understorey in lowland wet Eucalyptus forests in 

Tasmania. This is consistent with a similar mismatch between structural and floristic 

maturity in these forests described by van Galen (2016). While a positive relationship does 

exist between the amounts of old-growth eucalypt in the canopy and the amount of 

rainforest in the understorey, this trend is considerably weakened by the tendency for old-

growth eucalypts to survive events that may disincline the survival of rainforest in the 

understorey.   
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Chapter 4: LiDAR analysis of understorey structure to detect 

rainforest   

4.1 Introduction 

In recent years, the use of LiDAR for forest analyses has increased (Brosofske et al. 2014). 

This remote sensing technology is more cost-effective, time efficient, and often more 

accurate than either ground-based surveys or remote sensing methods like photogrammetry 

and spectral images analysis (Brosofske et al. 2014; Jakubowski et al. 2013; Montaghi et 

al. 2013). Furthermore, while photogrammetry and spectral image analysis are restricted to 

measuring upper vegetation surfaces, LiDAR can penetrate gaps in the canopy, and sample 

forest interiors and vertical forest structures (Evans et al. 2006; Maltamo et al. 2005; 

Wagner et al. 2008). This key attribute allows for analyses of three dimensional (i.e. 

horizontal and vertical) forest characteristics (Evans et al. 2006; Lim et al. 2003; Wagner 

et al. 2006). This ability to sample sub-canopy strata directly makes LiDAR one of the 

most useful and effective means of remotely sampling forest understoreys (Korpela 2008; 

Wing et al. 2012). However, in dense forest environments, the use of LiDAR to describe 

understorey attributes may be challenging due to the blocking effect of the canopy 

(Goodwin 2006; Korpela 2008). Despite this, successful attempts have been made in 

recent times to classify forested environments using LiDAR data from sub-canopy layers 

(Wilkes et al. 2016; Zhang et al. 2011). For example, in south-eastern Australia, LiDAR 

has been used to differentiate eucalypt forests with multilayered understoreys from simpler 

eucalypt stands with less developed understoreys (Zhang et al. 2011). Thus, LiDAR is a 

potentially useful tool for determining forest type based on understorey structure.   

Forest structure tends to vary strongly with successional stage, and these structural 

differences are often manifested in the vertical distribution and configuration of forest 

layers (Brandtberg et al. 2003; Dubayah et al. 2010). In these cases, metrics derived from 

the height and distribution information of the LiDAR data may be used to delineate forest 

type (Wilkes et al. 2016; Zhang et al. 2011). In Tasmania, the floristic differences between 

wet sclerophyll and rainforest understoreys may translate to structural differences of 

enough significance to be detectable with LiDAR. The understorey of wet sclerophyll 

forests is typically dominated by a single dense layer of smaller trees not exceeding 15 m 

height (Forestry Tasmania 2009; Wells and Hickey 2005). This propensity for a single 

layer of a few species, particularly Pomaderris apetala and Nematolepis squamea, occurs 
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because the typically long-lived, soil-stored seeds germinate en masse after a disturbance 

event (Cunningham and Cremer 1965; Hickey 1994). In contrast, rainforest understoreys 

do not typically originate from a single fire event, but rather regenerate continuously, both 

vegetatively and by seedling establishment in canopy gaps (Read and Hill 1988). 

Consequently, the uniform layer of understorey trees typical of wet sclerophyll forests is 

not expected in mixed forests. Also, rainforest understoreys may attain heights of 30 m, 

exceeding the typical height profile of wet sclerophyll understoreys (Read 2005; Wells and 

Hickey 2005).  

Given these apparent structural differences between wet sclerophyll and mixed forests, 

potential exists for the use of LiDAR to delineate these forest types (Figure 4.1). In this 

chapter, I explore this potential by generating a range of LiDAR metrics based on the 

height, distribution and intensity information in the LiDAR data. I compare these metrics 

with the percent rainforest basal area variable calculated in Chapter 3 to attempt to 

determine the most useful LiDAR variable, or combination of LiDAR variables, to 

delineate forest type.  

 

Figure 4.1. Two LiDAR point clouds of wet Eucalyptus forest plots. The points are colour 

classified according to their height in the vertical profile. A. A wet sclerophyll patch showing a 

dense band of vegetation between 5 and 10 m. B. An understorey comprised of rainforest species, 

some of which are 30 m in height.  

B 

30 m 

5 m 

10 m 

A 
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4.2 Methods 

4.2.1 LiDAR data and processing  

4.2.1.1 LiDAR acquisition 

High resolution LiDAR data were acquired over the study area on the 30th and 31st of May 

2014 using a RIEGL LMS-Q560 sensor. As the data were several years old, areas with 

recent signs of disturbance (e.g. tree falls) were avoided when conducting fieldwork to 

reduce error resulting from a mismatch between the LiDAR and field plot data. The raw 

LiDAR data were post-processed by the vendor (Airborne Research Australia), and 

delivered as a geo-referenced, discrete return dataset ready for analysis. Point density was 

~21 pt m-2, and up to 6 returns were recorded per pulse. Given the flying altitude of 500 m, 

and a laser beam divergence of 0.5 mrad, it is estimated the beam footprint was 0.25 m.  

4.2.1.2 LiDAR Processing  

LiDAR processing was done using LAStools command line tools (LAStools 2017). 

Initially, outlier LiDAR points, i.e. points below ground- and above canopy level, were 

removed using the lasnoise function (LAStools 2017). The LiDAR data were cropped to 

the field plot dimensions by first generating 12 m radius polygons of the plots using the 

‘dismo’ package in R (Hijmans et al. 2011). The Leica 1200 GPS data described in 

Chapter 3 were used as the centroid data for these plots. This data was post-processed to 

reduce error to < 1 m using the Precise Point Positioning software (Natural Resources 

Canada 2017). The georeferenced plot polygons were then used to clip the LiDAR data in 

LAStools, yielding a dataset of forty LiDAR files geolocated to the corresponding field 

plots.  

In order to generate metrics from understorey points only, data above the understorey (i.e. 

the eucalypt canopy) were removed from the LiDAR files for each plot. Selecting the 

optimum understorey cut-off was done manually by inspecting height density plots of 

LiDAR in R (Wickham 2009), and by viewing the data in the point cloud with lasview 

(Figure 4.2, LAStools 2017). While some canopy data points were included in the 

understorey (e.g. Eucalyptus trunks), these were few, and not likely to have affected the 

results.     
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4.2.2 Generating LiDAR metrics  

A range of LiDAR metrics widely used in research and forestry applications describe the 

height, distribution and characteristics of intercepted vegetation surfaces in the vertical 

profile of vegetation (Dubayah et al. 2010). By consulting the literature, and experts in the 

field, I generated appropriate metrics for capturing the variation in understorey structure 

(see Bater et al. 2011 for metrics similar to those used in the present analysis). These 

metrics were analysed with the percent rainforest basal area variable generated in Chapter 

3 to test which LiDAR metric, or combination of metrics, could best predict rainforest in 

the understorey.   

For all LiDAR metrics, data points below 1.5 m were excluded from the analysis to 

prevent the ground topography, low vegetation and coarse woody debris points from 

influencing the result. Metrics were generated at the plot scale using the lascanopy 

function in LAStools (LAStools 2017). These metrics may be grouped into three main 

categories: height, intensity and point-concentration metrics (Table 2). The metrics 

generated for each of these main categories are described in detail below.  

B A 

~22 m 

Figure 4.2. The method for separating the understorey from canopy 

points using: A, the LiDAR point cloud showing the cut-off height of 

~22 m (dashed line) used for this field plot; and B, the point density plot 

for the same field plot, showing the dip in the point density also at ~22 

m (dashed line).     

~22 m 
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Table 2. The three categories of LiDAR metrics used to analyse understorey structure. 

These totalled 61 metrics.  
 

Height-based metrics  Intensity metrics** Point-concentration metrics  

Height Mean* Intensity Maximum  Canopy cover*  

Height Standard Deviation* Intensity Minimum  Canopy density*  

Height Skewness* Intensity Average   

Height Kurtosis* Intensity Standard Deviation  

Height Percentiles#  Intensity Skewness  

Height Bincentiles# Intensity Kurtosis  
 

* These metrics were created for height cut-offs of the points from both 1.5 and 4 m to the 

top of the understorey.  

** Each Intensity metric was created for both first returns (the first return from a pulse with 

multiple returns), and single returns (returns were there was only one return per pulse) 

using a height cut-off of 4 m.  

# Height Percentiles and Height Bincentiles were created from 1.5 m to the top of the 

understorey, from 5-95%, at 5% intervals.  

 

 

4.2.2.1 Height-based metrics 

These metrics were calculated to describe the height characteristics of the understorey. In 

addition to excluding points below 1.5 m, I also developed metrics for the portion of the 

understorey that excluded the lowest 4 m, to narrow in on the upper, vegetated portion of 

the understorey. All returns (i.e. from first to sixth returns) were used for all metrics. 

Height-based metrics generated included basic distribution statistics such as Mean, 

Standard Deviation, Maximum, and Percentiles from 5 to 95%, at 5% intervals (Bater et 

al. 2011). Additionally, Bincentiles, also from 5 to 95%, at 5% intervals, were calculated; 

these are the fraction of points at a percentage of the maximum height (e.g. Bincentile 5 = 

the fraction of points occurring at 5% of the maximum height). Skewness and Kurtosis 

metrics were also generated to describe the shape of the point cloud height distributions 

(Bater et al. 2011). This selection of height metrics is sufficiently comprehensive to reveal 

structural differences in the understorey among plots (Zhang et al. 2011). It was 

anticipated that there would be strong correlations between a numbers of these metrics.    
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4.2.2.2 Point concentration metrics 

Two metrics, Canopy Density and Canopy Cover, characterise the concentration of points 

in the understorey point cloud. Canopy Density is the number of all points above a cover 

cut-off divided by the number of all returns (Figure 4.3). Cut-off values of 1.5 m and 4 m 

were tested. As a measure of the number of points above the cut-off, relative to the entire 

understorey point cloud, this metric is indicative of the density of understorey vegetation 

above the cut-off. Canopy Cover is a similar metric, but instead uses the number of first 

(not all) returns above the cut-off, divided by all first returns. Given that first returns are 

generated from upper canopy targets, this is a measure of the cover of the upper layer of 

the understorey.  

 

 

 

 

 

 

 

 

 

 

4.2.2.3 Intensity metrics 

Intensity values are the ratio of emitted to returned energy, and are used to test for 

differences in the biophysical properties of vegetation (Eitel et al. 2016; Wing et al. 2012). 

They were included in this analysis to test for suspected differences between the properties 

of wet sclerophyll and rainforest understoreys (Dr Jayne Balmer, pers. comm.). They were 

based on summary statistics of these values (Maximum, Minimum, Mean, Standard 

A 
B 

1.5 m 

Figure 4.3. Canopy Density is the number of all points above a cover cut-off 

(A), divided by the number of all returns (B). The points are colour classified 

according to their height in the vertical profile. 
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Deviation, Skewness and Kurtosis). These metrics were only developed for the portion of 

the understorey from 4 m to the top of the understorey to maximise the capture of values 

from soft vegetation rather than woody stems.  

4.2.2.4 Additional metrics 

I also created a number of additional metrics that were analysed, but not included in the 

results as they were considered redundant. This included a subset of the metrics defined 

above for the layer of vegetation from 1.5 m to 4 m. These were created to test for 

potential differences in shrub layer between rainforest and wet sclerophyll habitats. I also 

created a range of canopy surface metrics by creating a surface from the LiDAR data using 

the raster package in R (Hijmans 2016). For this I created a raster of cells of 0.25 m 

resolution to match the LiDAR footprint size. I then populated the grid with the highest 

LiDAR height value for each cell and then generated summary statistics (Mean, Standard 

Deviation, Skewness, Kurtosis), for the cells in each plot. This metric was generated to test 

for differences in the evenness of the canopy layer among the understorey types.  

4.2.3 Data analysis 

4.2.3.1 The canopy effect on the understorey 

First, I checked for the potential blocking effect of the canopy on the understorey data. For 

this, I used a Pearson’s correlation analysis in R (R Core Team 2016), to compare the 

Canopy Density values between plots with and without canopy data. If there was a strong 

correlation in Canopy Density between plots with and without the canopy data, I could 

reasonably expect that the canopy had a minimal effect on the density of the understorey 

data (Dr Rob Musk, pers. comm.).  To test the robustness of the p-value for this 

correlation, I used the ‘resample’ package in R to perform a randomisation test of 10 000 

permutations (Hesterberg 2015). Standard error was estimated using a bootstrap with 10 

000 permutations (Manly 1997). 

4.2.3.2 Correlation analysis  

To test the strength of the relationships among the 61 LiDAR variables and the percent 

rainforest basal area variable, I used a Spearman’s rank correlation test in R (R Core Team 

2016). The randomisation and bootstrap techniques to derive p-values and standard error 

respectively, were identical to those used in the previous step.   
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4.2.3.3 Random Forest analysis 

Given the large number of LiDAR variables, and the relatively small sample size, I 

performed a Random Forest analysis using the Rattle interface in R (Breiman 2001; 

Williams 2011). This analysis was done to test for a potential combination of variables that 

could be used to predict the amount of rainforest in the understorey. I included all of the 

LiDAR variables as predictor variables, and the percent rainforest basal area as the target 

variable. I also tested the LiDAR metrics against a new target rainforest variable; this was 

a categorical variable where all rainforest plots that comprised ≥ 10% of rainforest to total 

basal area were classed as rainforest; anything less than this was classed as wet 

sclerophyll. 

In the process of Random Forest model training, a portion of the data are randomly 

sampled from all available data as ‘training data’, and the remaining data are used as ‘test 

data’ (Mahoney et al. 2016). The training dataset is sub-sampled multiple times with 

sample replacements, each time generating a decision tree based on the performance of the 

predictor variables (Mahoney et al. 2016). The algorithm then calculates the mean of the 

result from all trees (Mahoney et al. 2016). In this analysis, I used 70% of the data for 

training (28 plots), leaving 30% for testing (12 plots). For subsampling, I used the default 

number of trees (500), and for the number of predictor variables at each node in the tree I 

used the default (7). The percent variance explained was checked to indicate how well the 

out-of-bag predictions explained the variance in the percent rainforest variable of the 

training data. To test the performance of the model, I ran the model multiple times, each 

time selecting a different seed, thus ensuring a different and random set of training data 

were used for each of the model runs. Each time I ran the model, I generated a plot with a 

pseudo R2 value of the predicted versus observed values. The pseudo R2 value was 

indicative of the closeness of fit between the test and the training data. I also tested the 

model using all of the data.    

4.3 Results  

The correlation result for the Canopy Density values between plots with and without the 

canopy removed was strong, with ρ = 0.92 ± 0.03 standard error (p-value < 0.0001).  This 

result indicated that there was a strong and highly significant association between the 

Canopy Density in plots with and without the canopy removed.  
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The associations between the percent rainforest basal area variable and LiDAR variables 

were weak. As anticipated there were, however, strong correlations (ρ = 0.9, p-value < 

0.001) among many of the LiDAR variables. Once the highly correlated variables were 

removed, the three LiDAR variables with the highest correlations with percent rainforest 

were: (1) Canopy Density (ρ = 0.68, ± 0.09), (2) 90th Height Percentile (ρ = 0.63 ± 0.13), 

and (3) Height Standard Deviation (ρ = 0.50 ± 0.14).  These relationships were all highly 

significant (p-value < 0.001). For all three of these metrics, the height cut off was 1.5 m. 

The correlations among these three best performing LiDAR metrics varied, with the most 

notable overlap between the Height Standard Deviation and the 90th height percentile 

where ρ = 0.87 ± 0.05, and this result was highly significant (p-value < 0.001). The 

correlation between Canopy Density and the 90th Percentile was also highly significant (p 

< 0.005) but weaker with ρ = 0.42 ± 0.14; and between Canopy Density and the Standard 

Deviation the result was not significant (p-value = 0.19) and very weak with ρ = 0.14 ± 

0.17.  

The results from the multiple runs of the Random Forest analysis using all of the LiDAR 

variables and the percent rainforest basal area variable were variable: in ten separate runs 

of the model, the out-of-bag percentage variance explained results varied between 19.21% 

and 46.86%, with corresponding pseudo R2 results of 0.77 and 0.25 (Table 3). Given the 

small sample size (such that only 28 observations were used for training the models), it 

could be expected that the results would differ between runs of the model: for example, a 

model that used all fourteen 0% rainforest plots for training data may be expected to 

generate a quite different model to one where few of these plots were used for training. 

The variation in the pseudo R2 indicated that the goodness of fit was highly dependent on 

which plots were selected for testing the data. Also notable was that the lower percent 

variance explained results typically had higher pseudo R-squared values. This was because 

the higher percent variance result was based on training data that likely had less outlier 

values, and this meant more outlier values would be included in the test data, on which the 

pseudo R-squared values are based (Figure 4.4). When the model was run using all of the 

data to build the model, the percent variance explained was 46.99%, indicating that even 

with all of the data included, the model did not fit the data well.  
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Table 3: The Random Forest results from ten runs of the model for predicting the percent 

rainforest understorey basal area using 61 LiDAR variables.   

% VAR 19.21 27.76 27.77 29.52 34.78 35.12 36.35 40.31 40.97 46.86 

Pseudo R2   0.77   0.73   0.75   0.68   0.67   0.42   0.31   0.56   0.37   0.25 

% VAR is the percent variance explained for the out-of-bag predictions in the training data.  

Pseudo R2 is an indication of the goodness of fit of the model on the test data.  
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Figure 4.4: Random Forest plots of predicted vs. observed results for the plots based on model 

runs with the highest (top plot) and the lowest (bottom plot) percent variance explained. The solid 

line is a linear fit to the actual points. The dashed line is the line of perfect fit: i.e. if the predicted 

values were the same as the actual observations. The out-of-bag percent variance explained in the 

training data was 19.21 % and 46.86% for the top and bottom plots respectively. In the bottom 

plot, the higher percent variance explained is due to less outliers in the training data, and 

corresponds with a lower pseudo R-squared value caused by the notable number of outliers that are 

evident in the test data on the plot. 
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4.4 Discussion 

The results from the LiDAR analysis show that, although the amount of rainforest in the 

understorey was significantly associated with LiDAR variables, these relationships were 

weak. Thus, LiDAR only had limited capacity to predict the relative amount of rainforest 

compared to wet sclerophyll species in wet forest understoreys. This can best be explained 

by a decoupling of structure, as measured by LiDAR, from floristics. While certain typical 

structural attributes were apparent in each understorey type, there was substantial 

structural overlap among understorey types that complicated the relationship between 

structure and floristics in this strata.   

While weak, the strongest correlations between percent rainforest basal area and LiDAR 

variables – Canopy Density (ρ > 0.68), the 90th Height Percentile (ρ > 0.68) and Height 

Standard Deviation (ρ > 0.50) – were significant and not negligible. These metrics directly 

relate to the structural characteristics of vegetation, and as predicted, certain typical 

structural signatures were clearly visible in each of the understorey types. A number of the 

pure wet sclerophyll plots had low (< 15 m), even understorey canopies, in contrast to the 

rainforest-dominated plots that had taller (> 20 m), less even canopies (Figure 4.5). While 

these attributes are reflected in the metrics with the strongest correlations, the fact that the 

correlations were not sufficiently strong to be predictive illustrates the complex nature of 

the relationship between structure and floristics in the understorey.  

 

B A 

12 m 

30 m 

Figure 4.5. Two understorey LiDAR point clouds after removal of the eucalypt canopies. The 

points are colour classified according to their height in the vertical profile. A. A typical wet 

sclerophyll understorey with a low, even canopy. B. A typical, well-developed, rainforest 

understorey with 30 m tall trees and an uneven canopy.  
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Canopy Density, a metric that quantifies the evenness of the spread of vegetation 

throughout the vertical profile of the forest, is sensitive to large changes in structure among 

vegetation types (Goodwin et al. 2007; Martinuzzi et al. 2009). In Victoria, this metric was 

used to delineate mixed forest from plantations and other structurally simple forests 

(Zhang et al. 2011). In the present analysis, the positive association between this parameter 

and the amount of rainforest reflects the tendency for those plots to have more vegetation 

per unit area than wet sclerophyll plots. Indeed, in younger, pure wet sclerophyll plots, a 

narrow band of canopy vegetation was generally evident, in contrast to rainforest-

dominated plots which generally had vegetation throughout the vertical profile. However, 

this association was weak, reflecting a degree of overlap in point density among the two 

forest types.  

The positive association between percent rainforest basal area in the understorey and the 

90th Height Percentile metric (the height under which 90% of the points occur), was 

unsurprising. This metric, an excellent indicator of vegetation height (Bater et al. 2011), 

supports the premise that the understorey in rainforest plots should be taller, as these 

species have greater height potential than common wet sclerophyll species (Read 2005; 

Wells and Hickey 2005). However, that the correlation was not stronger with this or any of 

the other height metrics, was unexpected. A likely cause is the influence of Acacia 

melanoxylon and A. dealbata in the wet sclerophyll plots. As wet sclerophyll understoreys 

develop with time since disturbance, the growth of these taller Acacia spp will outstrip 

typically shorter species, such as Pomaderris and Nematolepis (Wells and Hickey 2005). 

So, the height values of more mature wet sclerophyll plots will affect height-based metrics, 

limiting their use for delineating understorey type (Figure 4.6A). Furthermore, given the 

relatively small area of the plots, the influence of a small number of rainforest trees in 

otherwise pure wet sclerophyll plots, while not contributing greatly to basal area, may have 

had a notable influence on structural metrics (Figure 4.6B). Again, this represents a large 

shift in structure that is out of step with a relatively small shift in floristics.  
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While understorey in the rainforest plots was generally tall, there was one anomalous 

rainforest-dominated plot (94 % rainforest basal area) that further served to illustrate the 

challenges of using height as an indicator of rainforest understorey in this landscape 

(Figure 4.7). In this rainforest-dominated plot, the understorey was at ~ 10 m height, and 

was structurally similar to a typical low, even wet sclerophyll plot. In contrast, the 

remaining rainforest-dominated plots had understoreys that were well in excess of this (up 

to ~ 30 m).  This plot also had many small eucalypts, and it is reasonable to assume that 

this unusual assemblage is an example of a rainforest dominated patch that has recovered 

from a low intensity fire. Quite likely, the microclimate influence of the pre-disturbance 

rainforest community in this area reduced the fire intensity (Hill and Read 1984). This 

would result in a post-disturbance environment suitable for both eucalypt and rainforest 

B. 16% rainforest  A. 0% rainforest  

29 m 

20 m 

Figure 4.6. Two LiDAR point clouds after removal of the eucalypt canopies. The points are 

colour classified according to their height in the vertical profile. A. A pure wet sclerophyll plot 

where two large Acacia dealbata trees (circled) influence the height metric and the plot appears 

less uniform. B. A mostly wet sclerophyll plot but with two large rainforest trees (circled) 

influencing the height metric.  
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regeneration, and generate rainforest floristics with a structural resemblance to wet 

sclerophyll.   

 

The weak but significant correlation between percentage rainforest basal area and Height 

Standard Deviation (ρ = 0.50) is potentially illustrative of a trend in wet sclerophyll plots 

for a relatively compact layer of vegetation. In contrast, in rainforest plots, more dispersed 

points would be expected throughout the vertical profile. That this relationship was not 

stronger is further support for structural variation within plots that consisted mostly or 

entirely of wet sclerophyll due to the influence of A. melanoxylon, A. dealbata, and/or 

occasional rainforest trees present.  

The Random Forest results are also indicative of the low correlation between structural and 

floristic components in this landscape. This powerful algorithm performed poorly, and 

even when all data were included for training, the percent variance explained was low 

(46%). So, despite the large number of LiDAR variables, the algorithm could not generate 

a model to accurately predict the percent rainforest basal area in the understorey. That the 

model was also not able to accurately classify rainforest using the categorical rainforest 

variable described in Section 4.2.3 (classification error of 50%), further illustrates the large 

degree to which the structure and floristics of these understorey types are uncoupled.   

Notably, the failure of LiDAR to strongly predict understorey composition was not due to 

the attenuation of the understorey data by canopy occlusion. This was evidenced by the 

12 m 

A. 0% rainforest  B. 96% rainforest  

Figure 4.7. Understorey LiDAR point clouds from two plots in the study site.  The points are 

colour classified according to their height in the vertical profile. A. A wet sclerophyll plot 

that is structurally quite different from the wet sclerophyll dominated plots in Figure 11. B. 

An unusual rainforest plot that is atypically low and uniform, and strongly resembles the wet 

sclerophyll plot in structure. 

10 m 
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strong correlation between Canopy Density values for plots with and without the canopy 

removed (ρ = 0.92), illustrating the limited influence of the canopy on the understorey 

data. This validated the analysis of the understorey data without adjusting for a potential 

canopy effect. Given that data errors did not likely contribute to the weak result, potential 

ecological drivers of the relatively independent relationship between structure and floristic 

composition in the understorey are briefly considered. 

Recent research in Tasmania illustrated that while floristic and structural metrics can both 

be measured in terms of succession, they can be relatively uncorrelated (van Galen 2016).  

Soil and drainage differences in particular can result in distinct wet sclerophyll species 

assemblages that have quite different structural signatures (Kirkpatrick et al. 1988; Wells 

and Hickey 2005). Similarly, a combination of edaphic and other environmental factors 

drive structural variation within rainforests, and three rainforest groups have been 

identified largely on structural characteristics and species composition (Jarman et al. 

1991). These groups span a structural range from forests that are medium to tall in height 

with open lower strata (callidendrous rainforest), to those that have low, uneven canopies 

(implicate rainforest), with thamnic rainforest being intermediate between these (Jarman et 

al. 1991). This structural variation within the rainforest and wet sclerophyll understorey 

types weakens the potential relationship between structure and floristics, and limits the use 

of a structural metrics such as canopy density.  

As explained in Chapter 3, the implications of the heterogeneous impact of fire intensity in 

these forested landscapes can affect vegetation composition and structure over small 

spatial scales. This variation in intensity interacts with a range of environmental factors 

(e.g. seed availability, existing age-structure, seasonality), resulting in multiple 

combinations of understorey age, structure and floristics all occurring within an area 

(Simkin and Baker 2008; Wells and Hickey 2005). Importantly, independent of pre-

disturbance floristics, a fire of varying intensity in an understorey can have a range of 

floristic and structural outcomes over small spatial scales (Hickey 1994; Hill 1982; Read 

and Hill 1988). These understoreys are thus a complex of assemblages characterised by 

uncorrelated structural and floristic responses to disturbances.  

Overall, the poor performance of the Random Forest algorithm, and the weak correlations 

between the LiDAR variables and the percent rainforest basal area, point to the limited 

utility of LiDAR to detect structural differences between rainforest and wet sclerophyll 
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understoreys in this landscape. This is likely due to the degree of structural overlap 

between these two understorey types, particularly the potential for wet sclerophyll-

dominated plots to structurally resemble rainforest plots. While archetypal wet sclerophyll 

plots, with short, even understorey layers, were observed, so were wet sclerophyll-

dominated plots with emergent A. melanoxylon, and A. dealbata trees and/or some 

rainforest species which shifted these plots to more closely resemble the typical rainforest 

plots in structure. Furthermore, it is quite likely that ecological drivers of structure and 

floristics can operate independently, and that this can result in complex, unanticipated 

assemblages that challenge our efforts to classify vegetation type.  
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Chapter 5: Conclusions and future directions  

5.1 Overview 

Most available field-based and remote sensing techniques are unable to effectively map 

understorey habitats at landscape scales (Zhang et al. 2011). In this project, I attempted to 

address this shortfall. I examined two techniques that exploited potential relationships 

between the floristics and structure of forest communities in an attempt to predict the 

occurrence of rainforest in the understorey of wet eucalypt forest.   

First (in Chapter 3), I tested the relationship between the age structure of the eucalypt 

overstorey and floristic composition of the understorey. This approach was based on the 

premise that these forest strata follow parallel disturbance-driven trajectories from time 

since disturbance: put simply, I hypothesised that young regrowth eucalypt forests, on the 

succession path to old-growth forest, will tend to have wet-sclerophyll understoreys, while 

later in forest succession, old-growth eucalypts would be associated with rainforest 

(Gilbert 1959; Jackson 1968). This fieldwork-based approach found a weak, but positive, 

correlation between amounts of eucalypt old-growth and rainforest understorey basal area. 

This result suggested that the regeneration processes that affect canopy structure and 

understorey floristics are largely uncoupled. Specifically, I argue that survival of old-

growth canopy eucalypts (particularly Eucalyptus obliqua) through fires of intensities and 

frequencies that may eliminate rainforest species, can result in an old-growth eucalypt 

canopy overtopping a wet sclerophyll plot. I found multiple examples with such forest 

structure, exposing the potential for a mismatch between the age-structure in the canopy, 

and the floristic composition of the understorey. 

Second (in Chapter 4), I examined the understorey structure directly with the use of 

LiDAR-derived metrics. In this analysis, it was anticipated that structural differences 

between rainforest and wet sclerophyll understorey communities would be sufficient to 

delineate these understorey types. To this end, I compared the percent rainforest basal area 

with LiDAR metrics, and while I found some positive relationships, they were not strong 

enough to be predictive.  It was apparent that there was notable structural variation within 

each of the two understorey classes, and it was suggested that these result in a degree of 

structural overlap that makes these communities difficult to delineate. Thus, there appears 

to be a mismatch between structural development of understorey and canopy, which is 
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similar to the mismatch of understorey floristics and canopy structure highlighted in 

Chapter 3. 

5.2 Future directions  

This study exposed a need for a deeper understanding of the potentially independent 

effects of fire on canopy and understorey strata. Additional research on how fire intensity 

and fire frequency alter understorey rainforest floristics and eucalypt age structure would 

be beneficial. The processes of succession post fire disturbance are intricate, and patterns 

of regeneration are contingent on a large and diverse range of environmental variables 

(Simkin and Baker 2008). Further exploring the range of floristic and structural responses 

of rainforests, and quantifying what drives them, is integral to conserving this uncommon 

forest community; this is particularly relevant given predicted climate-driven changes to 

disturbance regimes (Lucas et al. 2007).  This deeper understanding of the complexities of 

community dynamics in these system are essential for forest managers because these 

processes underpin how biodiversity is maintained in these landscapes. 

Given the high costs and limited spatial scope of field-based forest inventory, remote 

sensing-based approaches show the most promise for locating and mapping rainforest 

understoreys. Clearly, the inability for photogrammetry and spectral image analysis to 

sample beneath the canopy limits the use of these techniques. However, hybrid approaches 

that integrate LiDAR and hyperspectral data, have been used to classify forests in complex 

forest environments (Dalponte et al. 2008). Here the use of spectral signatures, combined 

with the structural information from the LiDAR, can improve the ability to detect the 

communities (Dalponte et al. 2008). However, contingent on this approach is the use of 

high spatial resolution imagery (< 0.5 m) in order to penetrate canopy gaps to reveal 

signature from beneath the canopy. A recent project in part of my study landscape used 

this approach with high resolution imagery, and was able to map understorey elements 

with some success (Hariharan 2016).  

LiDAR-based approaches that integrate the use of non-vegetation data, such as 

topographic and climate information, have been shown to improve the predictive power of 

models to predict understorey vegetation composition (Nijland et al. 2014; Simonson et al. 

2014). In some cases topographic variables have been found to have more predictive 

power than LiDAR derived vegetation metrics (Barber et al. 2016; Nijland et al. 2014), 

with slope position (distance from valley bottom), and aspect (the influence on solar 
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radiation), found to be especially relevant (Simonson et al. 2014). This is a potentially 

useful option given the potentially strong topographic determinants of rainforest 

distribution in the study landscape (Wood et al. 2011). 

Another possible solution, but one that is yet to be fully developed, is the use of multi-

wavelength LiDAR systems (Eitel et al. 2016). Unlike typical LiDAR sensors that emit 

light at a single wavelength in the near infrared region, these systems utilise more than one 

region of the spectrum (Wulder et al. 2012). Additional wavelengths generate more 

information about the chemical properties of vegetation, and this can lead to improvements 

in land cover classification (Vauhkonen et al. 2013). While few researchers are yet to 

recognise the benefits of extra wavelengths in LiDAR analyses, sensors with this 

capability are likely to become more prevalent in forestry analyses in future (Eitel et al. 

2016).   

These novel and powerful advances in remote sensing offer solutions to the challenges of 

mapping sub-canopy strata. Exploring these new techniques, and deepening our 

understanding of the fire-driven effects on structure and floristics of rainforest 

understoreys and eucalypt canopies, will enable us to more effectively manage our forest 

environments.    

 

 

 

 

 

 

 

 

 

 

 



41 

 

References 

Alcorn P., Dingle J. & Hickey J. (2001) Age and stand structure in a multi-aged wet 

eucalypt forest at the Warra silvicultural systems trial. Tasforests 13, 245-60. 

Antonarakis A., Richards K. S. & Brasington J. (2008) Object-based land cover 

classification using airborne LiDAR. Remote Sensing of Environment 112, 2988-98. 

Ashton D. (1981) Fire in tall open-forests (wet sclerophyll forests). In: Fire and the 

Australian Biota (eds A. Gill, R. Groves and I. Noble) pp. 339-66. Australian Academy of 

Science, Canberra. 

Ashton D. & Turner J. (1979) Studies on the light compensation point of Eucalyptus 

regnans F. Muell. Australian Journal of Botany 27, 589-607. 

Asner G. P., Knapp D. E., Kennedy-Bowdoin T., Jones M. O., Martin R. E., Boardman J. 

W. & Field C. B. (2007) Carnegie airborne observatory: in-flight fusion of hyperspectral 

imaging and waveform light detection and ranging for three-dimensional studies of 

ecosystems. Journal of Applied Remote Sensing 1, 013536. 

Asner G. P., Mascaro J., Muller-Landau H. C., Vieilledent G., Vaudry R., Rasamoelina 

M., Hall J. S. & Van Breugel M. (2012) A universal airborne LiDAR approach for tropical 

forest carbon mapping. Oecologia 168, 1147-60. 

Baker P. J. (2003) Tree age estimation for the tropics: a test from the southern 

Appalachians. Ecological Applications 13, 1718-32. 

Baker S. C., Garandel M., Deltombe M. & Neyland M. G. (2013) Factors influencing 

initial vascular plant seedling composition following either aggregated retention harvesting 

and regeneration burning or burning of unharvested forest. Forest ecology and 

management 306, 192-201. 

Bar-Ness Y., Kirkpatrick J. & McQuillan P. (2012) Crown structure differences and 

dynamics in 100-year-old and old-growth Eucalyptus obliqua trees. Australian forestry 75, 

120-9. 

Barber Q. E., Bater C. W., Braid A. C. R., Coops N. C., Tompalski P. & Nielsen S. E. 

(2016) Airborne laser scanning for modelling understory shrub abundance and 

productivity. Forest Ecology and Management 377, 46-54. 



42 

 

Bater C. W., Wulder M. A., Coops N. C., Nelson R. F., Hilker T. & Nasset E. (2011) 

Stability of sample-based scanning-LiDAR-derived vegetation metrics for forest 

monitoring. IEEE Transactions on Geoscience and Remote Sensing 49, 2385-92. 

Bivand R., Pebesma E. & Gomez-Rubio V. (2013) Applied spatial data analysis with R. 

Springer, New York. 

Blatrix R., Lebas C., Galkowski C., Wegnez P., Pimenta R. & Morichon D. (2016) 

Vegetation cover and elevation drive diversity and composition of ant communities 

(Hymenoptera: Formicidae) in a Mediterranean ecosystem. Myrmecological News 22, 119-

27. 

Bowman D. M. & Wood S. W. (2009) Fire-driven land cover change in Australia and WD 

Jackson’s theory of the fire ecology of southwest Tasmania. In: Tropical Fire Ecology (ed 

M.A. Cochrane) pp. 87-111. Springer, Berlin. 

Brandtberg T., Warner T. A., Landenberger R. E. & McGraw J. B. (2003) Detection and 

analysis of individual leaf-off tree crowns in small footprint, high sampling density lidar 

data from the eastern deciduous forest in North America. Remote sensing of Environment 

85, 290-303. 

Breiman L. (2001) Random forests. Machine learning 45, 5-32. 

Brosofske K. D., Froese R. E., Falkowski M. J. & Banskota A. (2014) A review of 

methods for mapping and prediction of inventory attributes for operational forest 

management. Forest Science 60, 733-56. 

Brown M., Elliott H. & Hickey J. (2001) An overview of the Warra long-term ecological 

research site. Tasforests 13, 1-8. 

Burgman M. A. & Ferguson I. S. (1995) Rainforest in Victoria: a review of the scientific 

basis of current and proposed protection measures. Department of Conservation and 

Natural Resources, East Melbourne Vic. 

Butchart S. H., Walpole M., Collen B., Van Strien A., Scharlemann J. P., Almond R. E., 

Baillie J. E., Bomhard B., Brown C. & Bruno J. (2010) Global biodiversity: indicators of 

recent declines. Science 328, 1164-8. 



43 

 

Cohn J., Lunt I., Ross K. & Bradstock R. (2011) How do slow-growing, fire-sensitive 

conifers survive in flammable eucalypt woodlands? Journal of Vegetation Science 22, 425-

35. 

Coll L., González-Olabarria J. R., Mola-Yudego B., Pukkala T. & Messier C. (2011) 

Predicting understory maximum shrubs cover using altitude and overstory basal area in 

different Mediterranean forests. European journal of forest research 130, 55-65. 

Coops N. C., Hilker T., Wulder M. A., St-Onge B., Newnham G., Siggins A. & Trofymow 

J. A. (2007) Estimating canopy structure of Douglas-fir forest stands from discrete-return 

LiDAR. Trees - Structure and Function 21, 295-310. 

Corbett S. & Balmer J. (2001) Map and description of the Warra vegetation. Tasforests 13, 

45-76. 

Cunningham T. & Cremer K. (1965) Control of the understorey in wet eucalypt forests. 

Australian Forestry 29, 4-14. 

Dale V. H., Joyce L. A., McNulty S., Neilson R. P., Ayres M. P., Flannigan M. D., Hanson 

P. J., Irland L. C., Lugo A. E. & Peterson C. J. (2001) Climate change and forest 

disturbances. BioScience 51, 723-34. 

Dalponte M., Bruzzone L. & Gianelle D. (2008) Fusion of hyperspectral and LIDAR 

remote sensing data for classification of complex forest areas. IEEE Transactions on 

Geoscience and Remote Sensing 46, 1416-27. 

Department of Primary Industries, Parks, Water and Environment. (2013) TASVEG 3.0. 

Tasmanian Vegetation Monitoring and Mapping Program, Resource Management and 

Conservation Division. Hobart, Tasmania.  

Dickinson K. & Kirkpatrick J. (1985) The flammability and energy content of some 

important plant species and fuel components in the forests of southeastern Tasmania. 

Journal of Biogeography 12, 121-34. 

Dubayah R., Sheldon S., Clark D., Hofton M., Blair J., Hurtt G. & Chazdon R. L. (2010) 

Estimation of tropical forest height and biomass dynamics using lidar remote sensing at La 

Selva, Costa Rica. Journal of Geophysical Research: Biogeosciences 115, G00E09. 

Eitel J. U., Höfle B., Vierling L. A., Abellán A., Asner G. P., Deems J. S., Glennie C. L., 

Joerg P. C., LeWinter A. L. & Magney T. S. (2016) Beyond 3-D: The new spectrum of 



44 

 

lidar applications for earth and ecological sciences. Remote Sensing of Environment 186, 

372-92. 

Evans D. L., Roberts S. D. & Parker R. C. (2006) LiDAR - A new tool for forest 

measurements? Forestry Chronicle 82, 211-8. 

Forestry Tasmania. (2009) Lowland wet Eucalyptus forests. In: Native Forest Silviculture 

Technical Bulletin no. 8. Forestry Tasmania, Hobart. 

Gilbert J. (1959) Forest succession in the Florentine valley, Tasmania. Papers and 

proceedings of the Royal Society of Tasmania 93. 129-52. 

Gobakken T., Korhonen L. & Næsset E. (2013) Laser-assisted selection of field plots for 

an area-based forest inventory. Silva Fennica 47 (5) id 943. 

Goodwin N., Coops N., Bater C. & Gergel S. (2007) Assessment of sub-canopy structure 

in a complex coniferous forest. ISPRS Workshop on Laser Scanning and SilviLaser 2007, 

Espoo, September 12 –14, 2007, Finland. 

Goodwin N. R. (2006) Assessing Understorey Structural Characteristics in Eucalypt 

Forests: An Investigation of LiDAR Techniques. PhD Thesis, University of New South 

Wales, Sydney. 

Grafström A., Lundström N. L. & Schelin L. (2012) Spatially balanced sampling through 

the pivotal method. Biometrics 68, 514-20. 

Grafström A. & Ringvall A. H. (2013) Improving forest field inventories by using remote 

sensing data in novel sampling designs. Canadian Journal of Forest Research 43, 1015-

22. 

Hariharan A. (2016) Object-based tree species classification of a mixed-eucalypt forest 

using UAV optical, and airborne- hyperspectral and lidar data. Honours Thesis, University 

of Tasmania, Hobart. 

Hauke J. & Kossowski T. (2011) Comparison of values of Pearson's and Spearman's 

correlation coefficients on the same sets of data. Quaestiones geographicae 30, 87-93. 

Hawbaker T. J., Keuler N. S., Lesak A. A., Gobakken T., Contrucci K. & Radeloff V. C. 

(2009) Improved estimates of forest vegetation structure and biomass with a LiDAR - 



45 

 

optimized sampling design. Journal of Geophysical Research: Biogeosciences 114, 

G00E04. 

Hesterberg T. (2015) resample: Resampling Functions (Software). http://CRAN.R-

project.org/package=resample. R package version 0.4.  

Hickey J. (1994) A floristic comparison of vascular species in Tasmanian oldgrowth mixed 

forest with regeneration resulting from logging and wildfire. Australian Journal of Botany 

42, 383-404. 

Hickey J. & Savva M. (1992) The extent, regeneration and growth of Tasmanian lowland 

mixed forest. Forestry Commission, Hobart Tasmania. 

Hickey J., Su W., Rowe P., Brown M. & Edwards L. (1999) Fire history of the tall wet 

eucalypt forests of the Warra ecological research site, Tamania. Australian Forestry 62, 

66-71. 

Hijmans R. J. (2016) raster: Geographic Data Analysis and Modelling (Software). 

http://CRAN.R-project.org/package=raster. R package version 2.5-8. 

Hijmans, R.J., Phillips, S., Leathwick, J. & Elith, J. (2014). Package ‘dismo’ (Software). 

http://cran.r-project.org/web/packages/dismo/dismo.pdf. R package version 1.0-12. 

Hill R. S. (1982) Rainforest fire in western Tasmania. Australian Journal of Botany 30, 

583-9. 

Hill R. S. & Read J. (1984) Post-fire regeneration of rainforest and mixed forest in western 

Tasmania. Australian Journal of Botany 32, 481-93. 

Ishii H. T., Tanabe S. & Hiura T. (2004) Exploring the relationships among canopy 

structure, stand productivity, and biodiversity of temperate forest ecosystems. Forest 

Science 50, 342-55. 

Jackson W. (1968) Fire, air, water and earth – an elemental ecology of Tasmania. 

Proceedings of the Ecological Society of Australia 3, 9-16. 

Jactel H., Nicoll B. C., Branco M., Gonzalez-Olabarria J. R., Grodzki W., Långström B., 

Moreira F., Netherer S., Orazio C. & Piou D. (2009) The influences of forest stand 

management on biotic and abiotic risks of damage. Annals of Forest Science 66, 1-18. 

http://cran.r-project.org/package=raster
http://cran.r-project.org/web/packages/dismo/dismo.pdf


46 

 

Jakubowski M. K., Guo Q. & Kelly M. (2013) Trade-offs between lidar pulse density and 

forest measurement accuracy. Remote Sensing of Environment 130, 245-53. 

Jarman S., Brown M. J. & Kantvilas G. (1984) Rainforest in Tasmania. National Parks & 

Wildlife Service. Hobart, Tasmania. 

Jarman S., Kantvilas G. & Brown M. J. (1991) Floristic and ecological studies in 

Tasmanian rainforest. Tasmanian component of the National Rainforest Conservation 

Program. Forestry Tasmania. 

Jordan G., Patmore C., Duncan F. & Luttrell S. (1992) The effects of fire intensity on the 

regeneration of mixed forest tree species in the Clear Hill/Mount Wedge area. Tasforests 4, 

25-38. 

Keith H., Mackey B. G. & Lindenmayer D. B. (2009) Re-evaluation of forest biomass 

carbon stocks and lessons from the world's most carbon-dense forests. Proceedings of the 

National Academy of Sciences 106, 11635-40. 

Kirkpatrick J. B., Peacock R., Cullen P. & Neyland M. (1988) The wet eucalypt forest of 

Tasmania. Tasmanian Conservation Trust. Hobart, Tasmania. 

Korpela I. S. (2008) Mapping of understory lichens with airborne discrete-return LiDAR 

data. Remote Sensing of Environment 112, 3891-7. 

LAStools (2017) Efficient LiDAR Processing Software (version 170818, academic), 

obtained from http://rapidlasso.com/LAStools. 

Lim K., Treitz P., Wulder M., St-Onge B. & Flood M. (2003) LiDAR remote sensing of 

forest structure. Progress in Physical Geography 27, 88-106. 

Lindenmayer D., Mackey B., Cunningham R., Donnelly C., Mullen I., McCarthy M. & 

Gill A. (2000) Factors affecting the presence of the cool temperate rain forest tree myrtle 

beech (Nothofagus cunninghamii) in southern Australia: integrating climatic, terrain and 

disturbance predictors of distribution patterns. Journal of Biogeography 27, 1001-9. 

Lindenmayer D. B., Laurance W. F. & Franklin J. F. (2012) Global decline in large old 

trees. Science 338, 1305-6. 



47 

 

Lucas C., Hennessy K., Mills G. & Bathols J. (2007) Bushfire weather in southeast 

Australia: recent trends and projected climate change impacts. Bushfire CRC and 

Australian Bureau of Meteorology, and CSIRO Marine and Atmospheric Research. 

Macphail M. (1980) Regeneration processes in Tasmanian forests: a long-term perspective 

based on pollen analysis. Search 11, 184-90. 

Mahoney C., Hopkinson C., Held A. & Simard M. (2016) Continental-Scale Canopy 

Height Modeling by Integrating National, Spaceborne, and Airborne LiDAR Data. 

Canadian Journal of Remote Sensing 42, 574-90. 

Maltamo M., Packalén P., Yu X., Eerikäinen K., Hyyppä J. & Pitkänen J. (2005) 

Identifying and quantifying structural characteristics of heterogeneous boreal forests using 

laser scanner data. Forest Ecology and Management 216, 41-50. 

Manly B. (1997) Randomization, bootstrap and Monte Carlo methods in biology. 

Chapman and Hall, London. 

Martinuzzi S., Vierling L. A., Gould W. A., Falkowski M. J., Evans J. S., Hudak A. T. & 

Vierling K. T. (2009) Mapping snags and understory shrubs for a LiDAR-based 

assessment of wildlife habitat suitability. Remote Sensing of Environment 113, 2533-46. 

Montaghi A., Corona P., Dalponte M., Gianelle D., Chirici G. & Olsson H. (2013) 

Airborne laser scanning of forest resources: an overview of research in Italy as a 

commentary case study. International Journal of Applied Earth Observation and 

Geoinformation 23, 288-300. 

Nijland W., Nielsen S. E., Coops N. C., Wulder M. A. & Stenhouse G. B. (2014) Fine-

spatial scale predictions of understory species using climate-and LiDAR-derived terrain 

and canopy metrics. Journal of Applied Remote Sensing 8, 083572. 

Phiri D. & Morgenroth J. (2017) Developments in Landsat Land Cover Classification 

Methods: A Review. Remote Sensing 9, 967. 

Pirotti F., Grigolato S., Lingua E., Sitzia T. & Tarolli P. (2012) Laser scanner applications 

in forest and environmental sciences. Italian Journal of Remote Sensing / Rivista Italiana 

di Telerilevamento 44, 109-23. 

R Core Team. (2016) R: A language and environment for statistical computing. R 

Foundation for Statistical Computing, Vienna, Austria. URL https://www.R-project.org/. 



48 

 

Read J. (2005) Tasmanian Rainforest Ecology. In: Vegetation of Tasmania (eds J. B. Reid, 

R. S. Hill, M. J. Brown and M. Hovenden). Australian Biological Resources Study. 

Hobart, Tasmania. 

Read J. & Hill R. S. (1988) The dynamics of some rainforest associations in Tasmania. 

The Journal of Ecology, 558-84. 

Schlerf M. & Atzberger C. (2006) Inversion of a forest reflectance model to estimate 

structural canopy variables from hyperspectral remote sensing data. Remote sensing of 

environment 100, 281-94. 

Seidl R., Schelhaas M. J. & Lexer M. J. (2011) Unraveling the drivers of intensifying 

forest disturbance regimes in Europe. Global Change Biology 17, 2842-52. 

Simkin R. & Baker P. J. (2008) Disturbance history and stand dynamics in tall open forest 

and riparian rainforest in the Central Highlands of Victoria. Austral Ecology 33, 747-60. 

Simonson W. D., Allen H. D. & Coomes D. A. (2014) Overstorey and topographic effects 

on understories: Evidence for linkage from cork oak (Quercus suber) forests in southern 

Spain. Forest Ecology and Management 328, 35-44. 

Smith A. & Lindenmayer D. (1988) Tree hollow requirements of Leadbeater's possum and 

other possums and gliders in timber production ash forests of the Victorian central 

highlands. Wildlife Research 15, 347-62. 

Stone M. (1998) Forest-type mapping by photo-interpretation: A multi-purpose base for 

Tasmania's forest management. Tasforests 10, 15-32. 

Su J. G. & Bork E. W. (2007) Characterization of diverse plant communities in Aspen 

Parkland rangeland using LiDAR data. Applied Vegetation Science 10, 407-16. 

Tng D., Williamson G., Jordan G. & Bowman D. (2012) Giant eucalypts - globally unique 

fire-adapted rain-forest trees? New Phytologist 196, 1001-14. 

Turner M. G. (2010) Disturbance and landscape dynamics in a changing world. Ecology 

91, 2833-49. 

Turner M. G., Hargrove W. W., Gardner R. H. & Romme W. H. (1994) Effects of fire on 

landscape heterogeneity in Yellowstone National Park, Wyoming. Journal of Vegetation 

Science 5, 731-42. 



49 

 

Turner P. A., Balmer J. & Kirkpatrick J. (2009) Stand-replacing wildfires? The incidence 

of multi-cohort and single-cohort Eucalyptus regnans and E. obliqua forests in southern 

Tasmania. Forest Ecology and Management 258, 366-75. 

van Galen L. (2016) Quantifying wet eucalypt forest maturity. Honours Thesis. University 

of Tasmania, Hobart 

Vauhkonen J., Hakala T., Suomalainen J., Kaasalainen S., Nevalainen O., Vastaranta M., 

Holopainen M. & Hyyppä J. (2013) Classification of spruce and pine trees using active 

hyperspectral LiDAR. IEEE Geoscience and Remote Sensing Letters 10, 1138-41. 

Wagner W., Hollaus M., Briese C. & Ducic V. (2008) 3D vegetation mapping using small 

footprint full waveform airborne laser scanners. International Journal of Remote Sensing 

29, 1433-52. 

Wells P. & Hickey J. (2005) Wet sclerophyll, mixed and swamp forest. In: Vegetation of 

Tasmania (eds J. B. Reid, R. S. Hill, M. J. Brown and M. Hovenden). Australian 

Biological Resources Study. Hobart, Tasmania. 

Wickham H. (2009) ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag, New 

York. 

Wilfong B. N., Gorchov D. L. & Henry M. C. (2009) Detecting an invasive shrub in 

deciduous forest understories using remote sensing. Weed Science 57, 512-20. 

Wilkes P., Jones S. D., Suarez L., Haywood A., Mellor A., Woodgate W., Soto-Berelov 

M., Skidmore A. K. & McMahon S. (2016) Using discrete-return airborne laser scanning 

to quantify number of canopy strata across diverse forest types. Methods in Ecology and 

Evolution 7, 700-12. 

Williams G. (2011) Data Mining with Rattle and R: The Art of Excavating Data for 

Knowledge Discovery. Springer, New York. 

Wing B. M., Ritchie M. W., Boston K., Cohen W. B., Gitelman A. & Olsen M. J. (2012) 

Prediction of understory vegetation cover with airborne lidar in an interior ponderosa pine 

forest. Remote Sensing of Environment 124, 730-41. 

Wood S. N. (2011) Fast stable restricted maximum likelihood and marginal likelihood 

estimation of semiparametric generalized linear models. Journal of the Royal Statistical 

Society 73, 3-36. 



50 

 

Wood S. W. & Bowman D. M. (2012) Alternative stable states and the role of fire–

vegetation–soil feedbacks in the temperate wilderness of southwest Tasmania. Landscape 

Ecology 27, 13-28. 

Wood S. W., Murphy B. P. & Bowman D. M. (2011) Firescape ecology: how topography 

determines the contrasting distribution of fire and rain forest in the south-west of the 

Tasmanian Wilderness World Heritage Area. Journal of Biogeography 38, 1807-20. 

Wood S. W., Prior L. D., Stephens H. C. & Bowman D. M. (2015) Macroecology of 

Australian tall eucalypt forests: baseline data from a continental-scale permanent plot 

network. PloS one 10, e0137811. 

Wulder M. A., Coops N. C., Hudak A. T., Morsdorf F., Nelson R., Newnham G. & 

Vastaranta M. (2013) Status and prospects for LiDAR remote sensing of forested 

ecosystems. Canadian Journal of Remote Sensing 39, S1-S5. 

Xie Y., Sha Z. & Yu M. (2008) Remote sensing imagery in vegetation mapping: a review. 

Journal of Plant Ecology 1, 9-23. 

Zhang Z., Liu X., Peterson J. & Wright W. (2011) Cool temperate rainforest and adjacent 

forests classification using airborne LiDAR data. Area 43, 438-48. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



51 

 

Appendices  

 

Appendix A: Understorey rainforest and wet sclerophyll species list 

 

Table A1. The woody understorey species found in the forty survey plots 

assigned according to understorey type (Jarman et al. 1984; van Galen 2016).  

 

Understorey wet sclerophyll species 

 

Understorey rainforest species  
 

Acacia dealbata Anopterus glandulosus  

Acacia melanoxylon Anodopetalum biglandulosum 

Acacia verticillata  Cenarrhenes nitida 

Banksia marginata Eucryphia lucida 

Baurea rubiodes Nothofagus cunnighamii  

Coprosma quadrifida Phyllocladus asplenfolius 

Cyathodes glauca Atherosperma moschatum  

Melaleuca squarrosa  

Monotoca glauca  

Nematolepis squamea   

Olearia argophylla  

Orites diversifolia   

Pittosporum bicolor   

Pomaderris apetala  

Zieria arborescens   
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Appendix B: Eucalypt form class   

 

 

 

 

1. Regrowth or medium growth tree.  

2. Regrowth or medium growth tree starting to senesce (looks 

unhealthy or supressed). 

3. Regrowth or medium growth tree with mostly dead limbs apart 

from one or two live branches. 3b = totally dead. 

4. Medium to large tree with at least one small hollow (no large 

hollows) but with no major branches off trunk. 

5. Medium to large tree with major side branches off trunk and a 

good variety of small and large hollows. (prime habitat tree). 

6. Medium to large tree with dead limbs apart from one or two 

live branches.    

7. Dead tree with most branches still intact 

8. Dead tree with 0-25% of the top broken off (branches 

remaining as stubs only) 

9. Dead tree with the top 25-50% broken away 

10.Dead tree with the top 50-75% broken away 

11.  

12.Hollow (natural) stump 

13.Cut stump. 
 

 Figure C1. Eucalypt form classes representing successive stages of tree development 

with increasing maturity (adapted from Smith and Lindenmayer (1988)). Classes 1 to 

3 were lumped as regrowth, and 4 to 6 as oldgrowth.  
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Appendix C: Plates of understorey LiDAR point clouds  

Note: Percent rainforest basal area (%), and 90th percentile height values (m), are given for 

each figure. Figures are arranged in order of ascending percent rainforest basal area.
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