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A B S T R A C T   

In recent years, Unoccupied Aircraft Systems (UAS) have been used to capture information on forest structure in 
unprecedented detail. Pioneering studies in this field have shown that high spatial resolution images and Light 
Detecting And Ranging (LiDAR) data captured from these platforms provide detailed information describing the 
dominant tree elements of canopy cover and biomass. However, to date, few studies have investigated the 
arrangement of vegetation elements that contribute directly to fire propagation in UAS LiDAR point clouds; that 
is the surface, near-surface, elevated and intermediate-canopy vegetation. This paper begins to address this gap 
in the literature by exploring the use of image-based and LiDAR 3D representations collected using UAS plat
forms, for describing forest structure properties. Airborne and terrestrial 3D datasets were captured in a dry 
sclerophyll forest in south-eastern Australia. Results indicate that UAS LiDAR point clouds contain information 
that can describe fuel properties in all strata. Similar estimates of canopy cover (TLS: 68.27% and UAS LiDAR: 
64.20%) and sub-canopy cover (Elevated cover TLS: 44.94%, UAS LiDAR: 32.27%, combined surface and near- 
surface cover TLS: 96.10% UAS LiDAR: 93.56%) to TLS were achieved using this technology. It was also shown 
that the UAS SfM photogrammetric technique significantly under performed in the representation of the canopy 
and below canopy structure (canopy cover - 20.31%, elevated cover 10.09%). This caused errors to be propa
gated in the estimate of heights in the elevated fuel layer (TLS: 0.51 m, UAS LiDAR: 0.34 m, UAS SfM: 0.15 m). A 
method for classifying fuel hazard layers is also presented which identifies vegetation connectivity. These results 
indicate that information describing the below canopy vertical structure is present within the UAS LiDAR point 
clouds and can be exploited through this novel classification approach for fire hazard assessment. For fire prone 
countries, this type of information can provide important insight into forest fuels and the potential fire behaviour 
and impact of fire under different scenarios.   

1. Introduction 

Climate change is increasing fire activity across the globe, with 
lengthening fire seasons and corresponding increases in frequency and 
severity of fire events (Matt Jolly et al., 1979; Jain et al., 1979; Abat
zoglou et al., 2018; Clarke et al., 2011). In the past 20 years, south- 
eastern Australia has seen evidence of these phenomena with wide- 
scale wildfire events causing significant changes in ecosystems and 
loss to life and property (Cameron et al., 2009; Nyman et al., 2011; 
Bradstock, 2009; McLeod, 2003; Ellis et al., 2004). When considering 
fire behaviour, it is widely understood that fuel, weather and 

topography dictate the movement of fire through the landscape (Sulli
van et al., 2012). Of these three factors only fuel is able to be modified by 
land management actions (Fernandes and Botelho, 2003). Correspond
ingly, land management agencies are implementing fuel management 
programs to build ecosystem resilience and reduce risk to life and 
property (Duff et al., 2013, 2019; Stephens et al., 2012). An assessment 
of vegetation structure is therefore vital to understanding potential 
wildfire behaviour, potential suppression difficulty, risk to assets, and 
vegetation resilience, and is an important planning tool in helping to 
understand the complex set of factors influencing fuel management 
actions. 

* Corresponding author at: School of Science, RMIT University, Melbourne, VIC 3001, Australia. 
E-mail address: samuel.c.hillman@gmail.com (S. Hillman).  

Contents lists available at ScienceDirect 

International Journal of Applied Earth  
Observations and Geoinformation 

journal homepage: www.elsevier.com/locate/jag 

https://doi.org/10.1016/j.jag.2020.102261 
Received 10 June 2020; Received in revised form 9 October 2020; Accepted 22 October 2020   

mailto:samuel.c.hillman@gmail.com
www.sciencedirect.com/science/journal/03032434
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2020.102261
https://doi.org/10.1016/j.jag.2020.102261
https://doi.org/10.1016/j.jag.2020.102261
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2020.102261&domain=pdf
http://creativecommons.org/licenses/by/4.0/


International Journal of Applied Earth Observations and Geoinformation 95 (2021) 102261

2

Fuel structure can be defined as the spatial arrangement of vegeta
tion elements and be described in terms of the composition and conti
nuity within the vertical profile (McElhinny et al., 2005; Gould et al., 
2008; Hines et al., 2010; Duff et al., 2017). When assessing fuel structure 
a combination of direct and indirect methods have been used. Current 
practices around the world involve separating vegetation into several 
classes (Hines et al., 2010; Prichard et al., 2013; Rodríguez y Silva and 
Molina, 2010). Whilst these classifications differ between jurisdictions 
and forest types, they are often based upon distinct strata driven by 
height and the properties of the vegetation element as a fuel (Prichard 
et al., 2013). In south-eastern Australia, for instance fuel is separated 
into four distinct strata based on height and a separate class for bark 
hazard (Hines et al., 2010). Once separated, vegetation in each of these 
classes undergoes a fuel risk assessment based on several metrics, for 
example coverage of live and dead fuel, vertical continuity, height, and 
density (Hines et al., 2010; Gould et al., 2008). 

Of particular focus in this assessment is the arrangement of fuel over 
the vertical profile. This type of fuel which connects vegetation from the 
ground to the elevated fuel layer or canopy is often referred to as ladder 
fuels (Menning and Stephens, 2007; Skowronski et al., 2007). These 
fuels have a significant influence on flame height and the rate of spread 
of a fire with the potential to allow a fire to travel from the surface to the 
crown (Hines et al., 2010; Ottmar et al., 2007; Menning and Stephens, 
2007). Measuring ladder fuels is challenging and whilst a measurement 
of the top and bottom of the ladder fuels can be taken, these measure
ments do not describe the density of vegetation (Ottmar et al., 2007). 
From a visual assessment perspective, density is determined both by an 
estimate of the abundance of fuel per unit area and through an assess
ment of the ability of this fuel to allow fire to travel up the ladder 
(Ottmar et al., 2007) or a relative assessment in the terms of the diffi
culty for an assessor to walk through the vegetation(Hines et al., 2010). 
Consistent with estimating other strata of fuel, visual assessment of 
ladder fuels whilst quick and effective at providing a rapid overview of 
the fuels have been shown to be subjective and results are highly vari
able between assessors (Watson et al., 2012; Volkova et al., 2016; Spits 
et al., 2017). 

Recent advancements in remote sensing allow three dimensional 
representations of forest structural characteristics to be accurately 
captured. Such representations of the forest fuel complex can in turn be 
used in the abstraction of fuel metrics (Hermosilla et al., 2014; Eric 
Rowell et al., 2016, 2020; Chen et al., 2016) and fire modelling systems 
(Parsons et al., 2011; Pimont et al., 2016). High resolution 3D data 
enable the consideration of vegetation strata classification based on a 
data driven approach (Wilkes et al., 2016), or considering the proximity 
of each point to a neighbouring set of points (Chen et al., 2016) instead 
of defined height thresholds (Hines et al., 2010; Gould et al., 2008) 
which may not be suitable for all forest types. Skowronski et al. (2007) 
utilised airborne lidar to detect the presence of ladder fuels in Pinelands 
and highlighted the potential to use binned data to detect ladder fuels. 
To date, there has been limited research conducted to develop quanti
tative measures of vegetation connectivity in Australian Eucalypt for
ests. Two remote sensing techniques have been utilised in the past to 
construct 3D representations of the environment; image-based and laser 
scanning. 

Image-based 3D representations utilise computer vision algorithms 
and photogrammetric principles to construct a point cloud from highly 
overlapping images captured from multiple viewpoints (Dandois and 
Ellis, 2013; Snavely et al., 2007; Goldbergs et al., 2018). Terrestrial 
image-based point clouds have been successful at resolving fine fuel 
characteristics below 1 m in small plot areas (Hillman et al., 2019; 
Wallace et al., 2019; Spits et al., 2017; Cooper et al., 2017). Image-based 
point clouds captured from Unoccupied Aircraft Systems (UAS) have 
also been used to measure vegetation properties such as canopy height 
and cover, diameter at breast height, and stem count (Wallace and 
Lucieer, 2016; Puliti et al., 2019). Prior studies have shown recon
struction of below-canopy vegetation structure to be highly variable, 

with some examples showing limited vegetation representation Wallace 
and Lucieer (2016), Graham et al. (2020). 

Laser scanners measure the time of flight for a laser pulse to be re
flected from a feature and return to the sensor to calculate range 
(Newnham et al., 2015). Light Detection and Ranging (LiDAR) from 
fixed wing aircraft has been used extensively for measuring forest 
characteristics (Hollaus et al., 2007; Höfle et al., 2008; White et al., 
2013; Hill et al., 2014). Whilst this platform provides wide area obser
vations, Terrestrial Laser Scanners (TLS), both static and handheld, are 
able to provide high resolution, localised LiDAR data over small areas. 
Previous studies have utilised TLS derived point clouds to characterise 
stem properties, develop allometric biomass relationships, and observe 
fine scale vegetation characteristics (Disney et al., 2019; Newnham 
et al., 2015; Calders et al., 2015). Studies investigating the capacity of 
LiDAR for the measurement of small structural vegetation characteris
tics have demonstrated the ability of point clouds to estimate fuel hazard 
properties (Eric Rowell et al., 2016; Hillman et al., 2019). To bridge the 
gap between terrestrial observations and large-scale fixed-wing airborne 
observations, UAS LiDAR has also been utilised to capture 3D repre
sentation of vegetation (Wallace et al., 2012, 2016; Sankey et al., 2017; 
Guo et al., 2017; Cao et al., 2019). Previous UAS LiDAR (low-altitude) 
studies have predominantly focused on replicating existing metrics from 
fixed-wing airborne (high altitude) point clouds (Liu et al., 2018). 
Studies investigating the relationship between point clouds derived from 
TLS and UAS point clouds have compared tree-based properties such as 
DBH and volume Brede et al. (2017), Brede et al. (2019), Fritz et al. 
(2013), Wieser et al. (2017). To the best of our knowledge there have 
been no comparisons of UAS point clouds with TLS point clouds for 
measuring fine-scale vegetation structure (less than 0.05 m). 

Studies comparing active and passive sensors have noted the distinct 
differences in capturing technique, processing and metric generation 
(Wallace and Lucieer, 2016; Puliti et al., 2019; Cao et al., 2019). Most 
significantly, the ability for airborne LiDAR to penetrate the canopy of 
forest environments facilitates greater detection of below canopy 
vegetation elements, as well as aiding ground surface reconstruction. 
Whilst some UAS surveys have compared metrics from the point cloud to 
direct measurements from the ground (Wallace and Lucieer, 2016; Liu 
et al., 2018; Sankey et al., 2017), limited research has been conducted to 
validate below canopy structure characteristics captured from UAS 
platforms. 

The objective of this study is to provide a comparison of image-based 
and LiDAR point clouds derived from terrestrial and UAS capture 
methods. We assess the ability of each technology to capture the ground 
surface, the vertical profile of vegetation, and horizontal coverage and 
height for different vegetation strata. This assessment is used to high
light the ability of each technology to represent the overall fuel complex. 
The applicability of these technologies to be used for fuel layer extrac
tion, fuel coverage, and height mapping for local scale forest monitoring 
will also be discussed. 

2. Materials and methods 

2.1. Plot and survey design 

The ‘Ridgeway’ study area was located south-east of Hobart in Tas
mania, Australia. The predominant forest type was native dry scle
rophyll eucalypt forest (Fig. 1). The dominant canopy species consisted 
of Eucalyptus pulchella trees of mixed ages and ranging in height from 
4.7 m to 16.2 m. The understorey consisted of sparse low to medium 
height 0.5 m to 2 m shrubs, and areas of native grasses approximately 
0.1 m to 0.4 m high. The study area had been subject to planned burning 
activities in 2016 with significant removal of vegetation below 2 m 
observed. 30 × 50 m plot was chosen to capture a range of overstorey 
and understorey conditions with data capture completed in March 2018. 
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2.2. Data collection technologies and software 

2.2.1. Ground control 
In order to geo-register and enable comparison of the point clouds 

derived from SfM work flows with the LiDAR point clouds, ground 
control targets were painted in a cross-hair form on the ground in lo
cations that provided clear-sky views, and allowed a suitable point 
distribution for use with the SfM data. The position of these targets was 
observed with a Leica 1200 Global Navigation Satellite System (GNSS) 
receiver operating in Real-Time Kinematic (RTK) mode. This produced 
an absolute positional error for control of 3–5 cm. A GNSS base station 
remained running for the duration of the survey. The ground control 
targets were used as an initial basis for co-aligning all remotely sensed 
data. 

2.2.2. UAS LiDAR data capture 
LiDAR data was captured with a custom-built UAS developed at the 

University of Tasmania, Australia. The system consisted of a DJI M600 
platform, a Velodyne Puck (VLP-16) and an Advanced Navigation 
Spatial Dual coupled GNSS and IMU sensor. The VLP-16 scanner features 
16 scan layers with a 30◦ vertical Field Of View (FOV), which equates to 
a 15◦ forward and backward distribution of the scan lines in the flight 
direction (+15◦ to − 15◦ from nadir, with scan lines separated by 
approximately 2◦). A maximum of 2 laser returns per pulse are collected 
with 300,000 pulses per second for the full 360◦ view of the scanner. The 
scan angle was limited to − 40◦ to +40◦ in the across-track direction (80◦

field-of-view) resulting in approximately 60,000 pulses per second. 
Flying height was 40;m above the ground level. The scanner has a 
horizontal beam divergence of 0.18◦ (3.0 mrad); vertical: 0.07◦ (1.2 
mrad), resulting in a laser footprint of 12.6 cm by 4.9 cm on the ground. 
Flight lines are illustrated in (Fig. 1). The overlap between flight strips 
was 50%. Georeferenced LiDAR point clouds were generated using Py
thon software code that was developed in-house specifically for UAS 
LiDAR processing. 

2.2.3. TLS data capture 
TLS data was captured using a Trimble TX8 laser scanner set to 

capture Level 2 quality scans (11.3 mm point resolution at a distance of 
30 m). Twenty-four scans were captured in a 10 m grid pattern to allow 
full coverage of the plot (Fig. 1). 

TLS Scans were co-registered in Trimble Realworks 10.1 using scan- 
to-scan matching. The quality of the matches was assessed with scans 

manually adjusted through the use of common features found within the 
point cloud. To georegister the TLS data a six parameter transformation 
(three translations and three rotations) was defined based on a set of 
common points. For this purpose, a minimum of six common features 
(such as tree stems) were identified in the geo-rectified UAS LiDAR and 
UAS SfM point clouds, and the relevant translation and rotation applied 
to the point cloud. Visual inspection of the point clouds was then con
ducted to ensure accurate co-registration. This process was repeated 
three times to create the most accurate co-registration of the point 
clouds. 

2.2.4. UAS SfM data capture 
Airborne imagery was captured using a DJI Phantom 4 Pro. Images 

were captured using the platform’s integrated RGB camera. The UAS 
was flown at a flying height of 40 m above ground level. Flight lines 
were flown parallel to the 50 m side of the plot to capture 90% forward 
and sidelap (Fig. 1). Finally, two cross strips were flown over the 30 m 
side of the plots. Imagery was captured at nadir with camera settings 
manually set to match the prevailing light conditions at the time of 
capture, balancing illumination of the ground and canopy (f 3.5, shutter 
speed 1/1000 s, and ISO 400). 

2.2.5. Terrestrial SfM data capture 
Images were collected with a modified Sony Alpha 6000 camera. 

This camera had been converted to a full-wavelength sensor, and used a 
760 nm pass-filter to limit the captured wavelengths to the edge of red 
and near infrared wavelengths. The near-infrared camera was chosen for 
terrestrial images to allow for improved discrimination between leaf 
litter and the bare ground. Transects were placed parallel to each other 
with a five metre offset between each transect across the plot (see Fig. 1). 
Images were captured along either side of the centreline of six 30 m 
transects by hand. Standing approximately 2 m from the transect cen
treline, images were captured with a horizontal spacing of approxi
mately 0.2–0.3 m along the full length of the transect. Corresponding 
with a horizontal change in spacing, the height of the image capture 
cycled through heights of 1.0 m, 1.4 m and 1.8 m. This image capture 
sequence resulted in approximately 240 photos for each transect. Along 
each transect, six PVC pipes were placed approximately 5 m apart to 
assist image matching, and each pipe had a unique colour coded target 
to provide scale. Along two transects, two validation frames (see Section 
2.2.7) were captured for ground validation purposes, with an additional 
six downward looking images over the top of the frame captured to 

Fig. 1. (A) Photograph showing the dry eucalyptus forest in which the technology was assessed. (B) Plot layout schematic showing the relative positioning of 
different data capture sources. 
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complete the image acquisition process. 

2.2.6. Image processing UAS and terrestrial datasets 
Images were downloaded from the camera(s) and processed to form 

a point cloud using Agisoft Metashape Professional v1.5.0 (www.agisoft. 
com) software (Agisoft LLc, St. Peterburg, Russia). A sparse point cloud 
was generated using the high quality alignment setting where common 
features were found within the image set. Images were then aligned 
based on an iterative bundle adjustment to estimate the 3D positions of 
the matched features. Ground control targets were then identified 
within the images to geo-reference the point clouds, in-turn facilitating 
direct comparison to point clouds derived from laser scanning. The high 
quality setting and mild depth filtering were then applied to generate a 
dense point cloud. Once point clouds were produced from the respective 
platforms, removal of spurious points beneath the ground was applied. 

2.2.7. Validation frame 
A validation frame was placed at four separate locations within the 

study plot area (Fig. 1) to validate the information content within 
terrestrial point clouds describing surface and near-surface vegetation. 
Each frame consisted of a 0.5 × 0.5 m quadrat on four variable height 
legs as described in Hillman et al. (2019). A moveable rack sitting within 
the frame was used to record point intercepts. The rack is designed with 
two vertical bars spaced 5 cm apart to ensure when inserted the rods 
remain closely aligned to the z-axis. A total of 64 points with the height 
and number of vegetation intercepts on an aluminium rod of 0.6 cm 
diameter were taken at known locations within the coordinate system 
defined by the frame. For each rod, the method outlined in (Herrick 
et al., 2006) for taking point intercept measurements was followed. This 
involves noting the height above ground, type and width of any vege
tation elements intercepting the rod. The height of the rod at the bottom 
of the second vertical bar was also observed to determine the location of 
the ground within the frames coordinates system. 

2.3. Ground identification and normalisation 

The ability to represent a ground surface is vital when assessing the 
ability of each technique to characterise below canopy vegetation 
structure. The ground defined within the validation frame was used as 
the basis for validating the ground points within the near-infrared (NIR) 
terrestrial image-based point clouds. The NIR point clouds were first 
filtered for ground points using the in-built ground filter within Agisoft 
Metashape (Agisoft LLC, St. Petersburg, Russia). The filter within Met
ashape was applied to the point cloud with a resolution of 0.5 m, dis
tance threshold of 0.05 m and angle threshold of 15◦ (Agisoft LLC, St. 
Petersburg, Russia). Following the application of the Agisoft Metashape 
filter, ground points were further refined based on their intensity within 
the point cloud. Using visual inspection of the point clouds by three 
assessors, a threshold was applied to the NIR value attributed to each 
point in order to eliminate those points that originated from vegetation 
but were identified as ground in the original filter. This threshold value 
was optimised based on the reduction of the Root Mean Square Error 
(RMSE) between the validation frame measurements of the ground and 
near-infrared point cloud. For areas outside of the validation frame, the 
threshold value was validated using visual assessment by three 
assessors. 

Noise detection and removal was completed on all point clouds to 
remove spurious points beneath the ground. Ground points were iden
tified in the TLS, UAS LiDAR and UAS image-based point clouds using 
the Cloth Simulation Filter (CSF) outlined in Yilmaz et al. (2018). For 
each technology, the ground points were identified using the CSF filter 
and were processed to form a Triangular Irregular Network (TIN). The 
height of the TIN facet at the centre of each cell was then attributed to a 
0.02 m Digital Terrain Model (DTM). Three terrestrial NIR image-based 
transect areas were extracted from the TLS, UAS LiDAR and UAS image- 
based point clouds respectively. The settings for the CSF filter were 

optimised for each technology separately, minimising RMSE between 
the DTM of the reference near-infrared transect and the DTM of each 
respective technology. These optimised parameters are provided in 
Table 1. The point cloud was normalised based on each point’s height 
above the DTM, thereby providing a representation of the point cloud in 
relation to the ground. 

2.4. Fuel strata classification 

2.4.1. Voxelisation 
A voxel is the 3D equivalent of a pixel, where space is described in x,y 

and z and the size of the grid cells determining the resolution of the 3D 
grid (Vosselman et al., 2004). The point cloud density was normalised in 
a 2 cm voxel space before further analysis was completed. Variations in 
the point density across the plot due to topography, flight path selection 
and sensor angle were accounted for through this process. This allowed 
the handheld SfM, TLS, UAS LiDAR and UAS SfM point clouds to be 
compared, where each point cloud was transformed into a binary voxel 
model indicating vegetation presence or absence. 

2.4.2. Vegetation classification 
Information about the vertical and horizontal variation in fuel 

structure and associated hazard allows for a greater understanding of 
potential risk. A novel approach considering connections between voxel 
layers was applied in order to extract information describing the overall 
fuel complex. This approach considers any fuel that is vertically con
nected to a higher layer to be part of that higher layer. 

The first step is to apply a dilution to the voxel space using a spherical 
structure element. The size of this element was optimised based on vi
sual inspection for each technology. This creates a voxel space in which 
the originally occupied voxels become vertically connected to the voxels 
directly above them and the voxels on either side. Following, horizon
tally connected voxels in the top most layer are assigned a unique 
identifier. These identifiers are then passed to any horizontally coinci
dent voxel segments in the next layer down. Any new segments are 
labeled with their own unique identifier. Where two segments from an 
upper layer partially overlap the same contiguous segment in the sub
sequent layer, a flood fill approach using the upper layer segments as 
seeds is applied. This process is continued until the bottom voxel layer is 
reached. 

Once all voxels had been assigned to an object, the object is assigned 
the height of the first (or highest) voxel layer in which it was identified. 
This allows objects to be allocated to a fuel strata. For this study, 
although there are no fixed height thresholds defined in the literature for 
describing fuel strata, we applied an approach consistent with fuel 
studies in eucalypt forests. This created four classes which capture the 
surface and near-surface combined fuel layer (<0.6 m), elevated (0.6–3 
m), intermediate (3–5 m) and canopy (>5 m) fuel layers(Hines et al., 
2010; Gould et al., 2008) (Fig. 2). 

Finally, points originating from stems were separated from the can
opy class. This separation was completed by identifying the canopy base 
height (CBH) across the plot. The method presented in Wallace et al. 
(2014), which aims to determine CBH based on the area filled by points 
within each vertical voxel layer, was adapted for this purpose. In brief, 
this method uses the 2D alpha shape, constructed with an alpha value of 

Table 1 
Filter settings applied to the Cloth Simulation Filter for SfM and TLS point clouds 
to identify ground points in the study plot.   

TLS UAS LiDAR UAS SfM 

Cloth Resolution (m) 0.09 0.09 0.09 
Class Threshold (m) 0.03 0.05 0.03 
Rigidity 3 1 2 
Time Step 0.4 0.4 0.4 
Iterations 1000 1000 1000  
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0.2 for UAS LiDAR and UAS SfM and 0.05 for TLS point clouds, for each 
set of points within a voxel layer. The area of each alpha shape is then 
calculated. CBH is finally determined as the lowest voxel layer where the 
next 10 higher layers have an alpha shape area greater than the 25th 
percentile area calculated from all layers. In contrast, to Wallace et al. 
(2014) who used points from individually segmented trees to calculate 
CBH, this approach was applied based on the identification of stems 
from the canopy class in clusters of points with above ground height 
(AGH) occurring between 2.0 m and 2.2 m above the ground. Clusters 
were identified by finding distinct alpha shapes formed from these 
points. Next, all canopy points were associated to the nearest cluster. 
The CBH was then determined for each set of points with all points with 
an AGH below CBH reclassed as stem/bark fuel. 

2.4.3. Analysis of fuel strata information 
In order to assess the ability of each point cloud technology to 

represent below canopy vegetation structure, a four-stage hierarchical 
validation and inter-comparison strategy was used. Firstly, the point 
intercept frame was used to assess the quality of the representation of 
the ground and vegetation in the TLS and NIR terrestrial image-based 
point clouds. The error in ground height was summarized using mea
sures of difference such as Root Mean Square Error (RMSE). Assessing 
the quality of the raw point cloud data in representing the vegetation 
within the validation frame, the presence or absence of voxel data was 
directly compared. As there is likely to be a higher number of empty 
voxels in most of the collected datasets, a Matthew Correlation Coeffi
cient (MCC) was utilised following the approach of Gawel et al. (2016), 
Aijazi et al. (2013). 

Secondly, three transects of 20 m in length and approximately 2.5 m 
in width were extracted from the normalised TLS, UAS LiDAR and UAS 
image-based point clouds of the plot to align with the three NIR 
terrestrial image-based point clouds. The length of transect was reduced 
due to the ends of the terrestrial image-based point clouds not fully 
extending to the plot boundaries at the time of field capture. From here 
the ability of each technology to represent the ground surface was 
assessed across each of the three transects, with the differences between 
DTM grids (resolution of 0.1 m) of the respective technology and the NIR 
image-based point cloud summarized using RMSE and Mean Absolute 
Error (MAE). 

Thirdly, these transects were then used to compare surface and near- 
surface (vegetation below 0.6 m) cover and height metrics from the TLS, 
UAS LiDAR and UAS SfM to the NIR terrestrial image-based point cloud 
transects (resolution of 0.1 m). 

Finally, metrics were calculated at the plot level, including per
centage cover and height estimates which were derived from the clas
sified point clouds at the whole plot scale based on a 0.1 m grid size. In 
order to investigate the impact of canopy on the ability of each 

technology to represent below canopy vegetation, the plot was tiled into 
10 m tiles with canopy cover calculated on each tile. The tiles with the 
second highest, second lowest and median canopy cover were analysed 
by calculating the Above Ground Height (AGH) percentiles (25th, 50th, 
95th) for heights above 0.6 m. 

3. Results 

3.1. TLS and terrestrial image-based point cloud validation 

TLS and Terrestrial NIR image based point clouds were validated 
using the manual grid-intercept measurements for their ability to 
represent the ground and vegetation elements below 1 m. Point clouds 
derived from both the TLS and the NIR terrestrial imagery demonstrate 
correspondence to validation measurements, with RMSE of 
0.008–0.021 m reported for the ground variable and vegetation height 
(Table 2). The MCC results also demonstrate that both the TLS and the 
terrestrial image-based point clouds were able to characterise the fine 
fuel structure beneath 1 m. Lower MCC can be attributed to grass with 
blade widths smaller than 5 mm not being resolved in the image-based 
point clouds, particularly in frame A1 and frame B1. 

3.2. Inter-comparison of ground descriptions 

Point clouds derived from terrestrial NIR imagery were compared to 
point clouds derived from TLS, UAS LiDAR and UAS SfM to assess the 
accuracy of ground detection. Minimal differences were observed be
tween the ability of each technology to estimate ground surfaces across 
the three transects in comparison to the reference NIR terrestrial SfM 
point clouds. The smallest errors in ground surface reconstruction were 
seen in transect 1 with RMSE between 0.02 m and 0.06 m (Table 3). The 
greatest level of discrepancy was observed in transect 3 with RMSE 
between 0.03 m and 0.10 m (Table 3). UAS-LiDAR shows a wider spread 
of error and an overall trend to underestimate the ground compared to 
TLS and UAS image based point clouds (Fig. 3). This underestimation of 
the ground is in contrast to a positive error distribution of TLS point 
clouds. (Fig. 3). It should be noted, that filtering of spurious points 
beneath the ground was conducted on UAS image based point clouds 
which if left in would negatively impact the ground reconstruction and 
increase error. 

3.3. Inter-comparison of surface and near-surface vegetation 
representation 

Transects were extracted from the TLS, UAS LiDAR and UAS SfM 
point clouds which were compared to terrestrial NIR SfM point clouds 
for their ability to represent surface and near-surface vegetation 
(defined height threshold of 0.6 m). Visual assessment of the point 
clouds demonstrate that terrestrial NIR SfM point clouds provide a 
representation of the fuels as captured in the TLS point clouds (Fig. 5). 
Despite the lower point density, the UAS LiDAR point cloud provides an 
accurate representation of vegetation close to the ground. Very few 
points were identified in the UAS SfM reconstruction originating from 
vegetation close to the ground. 

With the ground points removed, percentage cover of combined 
surface and near-surface vegetation was similar across all transects and 
technologies. The exception is UAS SfM which is significantly different 
and shows a large variation between the transects (Table 4). This rela
tionship is present in transects with minimal vertical complexity - for 
example transect 1, and the more vertical complex transect 3 (Fig. 4). 
UAS image-based point clouds provided a lower estimate of vegetation 
cover in comparison to other technologies in all transects. 

Image-based point clouds had lower mean heights with higher 
standard deviations relative to the means. This is in contrast to point 
clouds derived from active sensors which had higher mean heights with 
lower standard deviations relative to the respective mean heights 

Fig. 2. Height thresholds used to extract different fuel strata (based on Hines 
et al., 2010; Gould et al., 2008) and applied to a portion of the study area. 
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(Table 4). When combined with the evidence that UAS LiDAR point 
clouds have a lower estimate of the ground surface, this suggests that 
UAS LiDAR point clouds are not detecting vegetation features close to 
the ground. 

3.4. Fuel strata classification 

After applying the classification algorithm to each of the respective 
point clouds, the different strata were analysed (Fig. 6). TLS and UAS 
LiDAR point clouds provided similar canopy cover estimates 68.27% 
and 64.20% respectively (Fig. 7). UAS image-based point clouds pro
vided a limited description of canopy giving the lowest cover estimate of 
20.31% (Table 5). Despite the discrepancy in cover, the mean height for 
canopy fuel of UAS image-based point clouds (9.81 m) was similar to the 
mean height derived from the TLS (9.69 m) and UAS LiDAR (9.75 m). A 
similar pattern where active sensors had higher cover estimates in 
comparison to passive sensors in classifying the canopy was seen when 
describing stem coverage across the plot (UAS LiDAR: 11.15%, TLS: 
11.02%) in comparison to UAS SfM (3.95%). The mean height of the 
stems layer was measured to be higher in the UAS LiDAR than the TLS 
point clouds and UAS SfM (UAS LiDAR: 3.21 m, TLS: 2.82 m, UAS SfM: 
1.91 m). 

Cover estimates for the intermediate canopy were found to be 
different between sensors. TLS point clouds had the highest reported 
cover of 10.41%. Airborne sensors had lower reported intermediate 
canopy cover compared to TLS with the UAS LiDAR capturing 5.90% 
and UAS SfM capturing 2.18% coverage. Mean heights reported for the 
intermediate canopy layer from the UAS LiDAR and TLS point clouds 
were also higher (UAS LiDAR: 2.92 m, TLS: 3.43 m) than UAS SfM (1.15 
m). 

Similar to the intermediate canopy layer, cover estimates for the 
elevated layer varied between sensors and sampling technique. The TLS 
point clouds reported the highest cover 44.94%. UAS LiDAR point 
clouds captured 32.27% and UAS SfM resolved significantly less vege
tation in this strata with 10.09%. Mean height estimates were highest in 
the TLS point clouds 0.51 m, followed by UAS LiDAR 0.34 m suggesting 
that the elevated vegetation is connected through to the ground. The 
passive sensors recorded a lower mean height of 0.15 m. 

3.5. Vertical structure 

Visual inspection of the point clouds suggest that TLS and UAS LiDAR 

Table 2 
Summary of reference frame measurements in comparison to terrestrial image-based point clouds.  

Frame RMSE (m) mean height (m) std.dev height (m) MCC  

SfM TLS Ref. SfM TLS Ref. SfM TLS SfM TLS 

Frame A1 0.009 0.008 0.009 0.003 0.001 0.020 0.037 0.007 0.48 0.46 
Frame B1 0.017 0.021 0.030 0.013 0.008 0.043 0.069 0.023 0.41 0.40 
Frame A6 0.008 0.012 0.089 0.096 0.180 0.181 0.196 0.238 0.56 0.49 
Frame C6 0.019 0.021 0.024 0.016 0.014 0.035 0.026 0.038 0.51 0.48  

Table 3 
Summary of error distribution for ground generated from the respective TLS, 
UAS LiDAR, UAS image-based point clouds and terrestrial image-based point 
clouds for all transects.    

TLS UAS LiDAR UAS SfM 

Transect 1 RMSE (m) 0.02 0.06 0.02 
MAE (m) 0.02 0.05 0.01  

Transect 2 RMSE (m) 0.03 0.07 0.03 
MAE (m) 0.02 0.06 0.02  

Transect 3 RMSE (m) 0.03 0.10 0.03 
MAE (m) 0.02 0.08 0.02  

Fig. 3. Histograms showing the error between the terrestrial image based point 
cloud defined ground surface and the three other technologies. 

Table 4 
Summary of percentage vegetation cover, mean height (m) and standard devi
ation (m) of the combined surface and near-surface vegetation layers (with 
ground points removed) in the three transects across the study plot.    

Terrestrial 
SfM 

TLS UAS 
LiDAR 

UAS 
SfM 

Transect 
1 

Cover (%) 94.90 97.85 95.23 20.70 
Mean Height 
(m) 

0.01 0.06 0.11 0.01 

Std Deviation 
(m) 

0.02 0.05 0.04 0.02  

Transect 
2 

Cover (%) 96.10 93.56 92.00 25.14 
Mean Height 
(m) 

0.02 0.08 0.11 0.02 

Std Deviation 
(m) 

0.03 0.08 0.04 0.05  

Transect 
3 

Cover (%) 93.00 93.63 94.38 45.28 
Mean Height 
(m) 

0.03 0.07 0.15 0.03 

Std Deviation 
(m) 

0.04 0.07 0.05 0.05  

Fig. 4. Comparison of surface and near-surface fuel height in transect 2 be
tween TSfM, TLS, UAS LiDAR and UAS SfM dervied point clouds. 
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derived point clouds describe the full profile of the vegetation structure 
across the study area. This is highlighted in Fig. 8, which shows exam
ples of the efficacy of each technology in areas of low (27%), moderate 
(55%) and high canopy cover (66%). TLS and UAS LiDAR appear to 
represent the canopy elements most accurately, with UAS image-based 
point clouds providing only partially reconstructed canopy elements 
(Fig. 7). This is also reflected in the 90th percentile heights in the high 
and low cover tiles. In the medium cover tile, UAS SfM had a higher 90th 

percentile height than the TLS and UAS LiDAR point clouds. 
The vegetation beneath the canopy is resolved successfully in the TLS 

point clouds. Spurious points are present in the TLS point clouds which 
could be from partial reflection or trailing points from other vegetation 
elements (Fig. 8). Similarly, the UAS LiDAR point clouds appear to 
capture the full vegetation profile. UAS LiDAR derived point clouds have 
higher 25th and 50th percentile heights than TLS derived point clouds 
(Table 6). Despite similar estimates of percentiles, visual inspection of 

Fig. 6. Side view transect through a section of the study plot demonstrating the raster pouring classification of vegetation into canopy, stems intermediate canopy, 
elevated, surface/near-surface and ground layers. 

Fig. 5. Comparison of point clouds showing surface and near-surface fuel composition in a section of transect 2.  
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the UAS image-based point clouds resolved limited fine fuel structure 
beneath the canopy. 

4. Discussion 

The results presented highlight the ability of respective image-based 
and LiDAR technologies to resolve point clouds in a dry sclerophyll 
forest environment when captured from the ground or from the air. 
Although both the active and passive sensors were able to construct a 
point cloud, the information content able to be extracted, especially 

beneath the canopy, varied considerably. This work supports the find
ings of Wallace and Lucieer (2016),Puliti et al. (2019) and Cao et al. 
(2019) who compared both active and passive sensors on UAS to capture 
point clouds for the measurement of forest characteristics (height, 
density and canopy information). This work extended these comparisons 
by comparing the different height and cover metrics from terrestrial and 
UAS mounted sensors in a dry eucalypt forest in the context of fuel 
management. 

The detection of ground plays a significant role in determining the 
accuracy of height models. Similar to prior work (Hillman et al., 2019) 
utilising RGB images, ground surfaces derived from NIR terrestrial 
image-based point clouds had a strong relationship to directly measured 
ground points. The ground surface generation process utilising NIR 
point clouds presented in this paper provides a simple workflow to 
represent this layer. Whilst still requiring tuning of the threshold value 
through visual inspection, the results from this study demonstrate that 
this approach represents an accurate method to classify points origi
nating from the ground. 

When creating the DTMs, each technology was influenced by noise 
within the point cloud, classification of ground points and sensor type. 
The point clouds derived from the UAS LIDAR in this study exhibited 
greater error in the ground definition which can be attributed to noise in 
the point cloud. This is consistent with Salach et al. (2018) who, when 
using a similar UAS LiDAR system, showed error in ground surface 
measurements increasing as vegetation cover increased. Contrary to 
Salach et al. (2018), who used GNSS-RTK as reference for assessing DTM 
accuracy, our results show that the ground definition from UAS image- 
based point clouds was more accurate than those derived from UAS 
LiDAR. The accuracy of the ground provided by UAS-SfM is dependent 

Fig. 7. Maps of the study plot showing the distribution of height for the canopy, intermediate canopy, elevated and stems layers as derived for each of the TLS, UAS 
LiDAR and UAS image-based point clouds. 

Table 5 
Summary of percentage vegetation cover, mean height (m) and standard devi
ation (m) for each of the canopy, intermediate canopy and elevated vegetation 
classes (with ground points removed) for the study plot.  

Class  TLS UAS LiDAR UAS SfM 

Canopy Cover (%) 68.27 64.20 20.31 
Mean height (m) 9.69 9.75 9.81 
Std Deviation (m) 2.07 2.01 1.77  

Intermediate Canopy Cover (%) 10.41 5.90 2.18 
Mean height (m) 3.43 2.92 1.15 
Std Deviation (m) 1.19 1.37 1.47  

Elevated Cover (%) 44.94 32.27 10.09 
Mean height (m) 0.51 0.34 0.15 
Std Deviation (m) 0.62 0.47 0.32  

Stems Cover (%) 11.02 11.15 3.95 
Mean height (m) 2.82 3.21 1.91 
Std Deviation (m) 1.96 2.10 2.32  
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on canopy cover and density of vegetation beneath the canopy as shown 
in Wallace et al. (2019). It is relevant in the context of this comparison 
that filtering of spurious points beneath the ground had to be applied to 

the UAS image-based point clouds. 
The ability of the respective technologies to resolve fine-scale 

vegetation in the surface and near-surface strata (0–0.5 m) varied 
considerably. This strata were the only strata in which validation data 
was available. TLS and terrestrial SfM point clouds were both able to 
represent fine scale vegetation at the frame scale. This is consistent with 
other studies that have resolved fine-scale shrubs successfully from these 
technologies (Loudermilk et al., 2009; Cooper et al., 2017; Hillman 
et al., 2019). This relationship was not as strong over the entire transect 
where the terrestrial SfM point clouds had a lower mean height in 
comparison to the TLS point clouds. The dense scanning pattern and 
sensor resolution of the TLS (0.011 m point spacing at 30 m for single 
scans) allowed for complete reconstruction of the vegetation at this 
strata. Despite a greater point spacing compared to TLS point clouds, 
similar estimates of cover in the surface and near-surface layers were 
achieved with UAS LiDAR. Overestimation of height from UAS LiDAR in 
this strata is likely to be an artefact of the type of sensor used. The size of 
the footprint in relation to the size of the features and the geometric 
error could lead to under representation of small features near the 
ground. In this study, UAS image-based point clouds significantly 

Fig. 8. Vertical structure comparison for heights above 0.6 m between point clouds derived from TLS, UAS LiDAR and UAS SfM. Three sites were delineated by a high 
canopy cover (66 percent) site (a, b, c, d), moderate canopy cover (55 percent) site (e, f, g, h) and low canopy cover (27 percent) site (i, j, k, l). 

Table 6 
Percentile height comparison for heights above 0.6 m between point clouds 
derived from TLS, UAS LiDAR and UAS SfM. Three sites were delineated by a 
high canopy cover (66 percent) site, moderate canopy cover (55 percent) site 
and low canopy cover (27 percent) site.  

Cover Class  TLS UAS LiDAR UAS SfM 

High 90th Percentile 12.61 13.92 10.99  
50th Percentile 9.09 10.72 6.95  
25th Percentile 6.87 8.52 2.67  

Medium 90th Percentile 10.24 10.97 11.11  
50th Percentile 7.88 8.99 9.41  
25th Percentile 5.75 7.97 8.68  

Low 90th Percentile 9.80 10.33 9.31  
50th Percentile 7.56 8.31 8.37  
25th Percentile 5.98 6.81 7.47  
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underestimated the cover of surface and near-surface vegetation along 
each transect. It is expected that occlusion from the forest canopy 
causing poor image geometry and reconstruction of the surface and 
near-surface vegetation could contribute to this underestimate. In 
addition, smoothing effects of algorithms within point cloud recon
struction could also negatively impact the ability of the processing 
software to represent this strata of vegetation. Environmental factors 
such as the movement of vegetation with small mass and fine geomet
rical scale will mean that vegetation elements are unable to be tracked 
between images and therefore not represented in the final point cloud 
(Cooper et al., 2017; Hillman et al., 2019). 

Canopy reconstruction using UAS image-based point clouds is vari
able with some parts of the canopy unable to be reconstructed accurately 
using standard image-based photo matching and point cloud generation 
algorithms. Environmental conditions such as wind and sun exposure in 
combination with technical factors of camera overlap, spectral proper
ties and pointing angle all contribute to the ability to reconstruct the 
canopy of the vegetation using image-based point clouds and potentially 
highlight the need for a higher resolution camera for capturing images in 
this environment (Puliti et al., 2019; Goodbody et al., 2019; Fletcher and 
Mather, 2020). Although not utilised in this study, the preservation of 
spectral information in UAS image-based point clouds may provide an 
additional source of information in detecting change especially from fire 
activity. 

The representation of vegetation across the vertical profile varied 
considerably between the active and passive sensors. Whilst percentile 
heights were similar between TLS, UAS LiDAR and UAS SfM, visual in
spection of the point clouds showed UAS SfM to perform poorly in 
resolving the vertical structure. Despite vegetation in these layers being 
present in the images, it was not entirely resolved in the point cloud. 
Similar to the representation of near to ground vegetation and consistent 
with other studies in forests, wind and the fine-scale nature of vegetation 
do not allow for reconstruction of these vegetation elements (Cooper 
et al., 2017; Hillman et al., 2019). Another contributing factor to the 
poor reconstruction of the vegetation in the dataset used in this study 
may be the sensor type. Imagery captured with a larger sensor could 
potentially assist with the reconstruction of below canopy vegetation. 
Larger sensors have greater pixel spacing and record a larger dynamic 
range allowing for improved distinction between vegetation elements 
and in turn aid their reconstruction (Santosi et al., 2017). 

In contrast, the use of LiDAR from the ground or air facilitated a more 
complete reconstruction of the vegetation elements in the vertical pro
file. Point clouds derived from Terrestrial Laser Scanners have been 
previously shown to produce a high correlation between manual struc
ture measurements and point cloud reconstructions and characterise 
individual plant structure more accurately (Olsoy et al., 2014; García 
et al., 2011). As noted in Wallace and Lucieer (2016) and Puliti et al. 
(2019) the penetration of the active sensor provides better resolution of 
fine-scale vegetation structure. Despite a lower point density in the UAS 
LiDAR (approx. 330 points/m2) a comparison to TLS (approx. 950,000 
points/m2 points derived point clouds show that UAS LiDAR point 
clouds contain information that can describe fuel properties both in 
terms of coverage across the study area and in the vertical profile (Ta
bles 3 and 6). 

In this study, a raster pouring method was used to characterise ele
ments of connected vegetation. Thresholds were applied from fuel 
management literature (Gould et al., 2008; Hines et al., 2010). These 
boundaries of transition influence the beginning of new layers, with 
connected vegetation elements being attributed their classification 
based on the height of the maximum voxel layer in which they occur. In 
the chosen study site, these thresholds were deemed appropriate for the 
relatively even aged stand with clear separation between the elevated 
fuel layer and the canopy. However, in areas where there is more 
complex vegetation arrangement, a data driven approach to defining 
layers as shown in Wilkes et al. (2016) may be more effective at defining 
the vegetation layers. An important consideration when applying a 

raster pouring approach to identify connectivity is the potential to 
under-represent a given stratum element. When raster pouring was 
applied to airborne derived point clouds, there was less intermediate 
canopy identified (UAS LiDAR: 5.90%) in comparison to TLS point 
clouds which classified 10.41% of the plot as intermediate canopy. 
Under representation may be caused by the settings (e.g. dilution 
element size) for the raster pouring causing vegetation in this strata to be 
mis-classified. Additionally, the technology used to derive the point 
cloud may not capture this vegetation information; this is evident in the 
UAS SfM derived point clouds. 

The advantages of applying a raster-pouring approach to classifying 
vegetation can be viewed in the context of fire development where 
vertically connected vegetation elements (ladder fuels) contribute to 
significant increases in fire activity (Kilgore and Sando, 1975; Cruz et al., 
2010; Sullivan et al., 2012; Cruz et al., 2017). Approaches to quantify 
ladder fuels in the past have typically combined qualitative and quan
titative approaches to measuring fuels (Ottmar et al., 2007; Menning 
and Stephens, 2007; Prichard et al., 2013) with some preliminary 
studies utilising remote sensing to measure canopy base height, per
centage cover below canopy or fuel gaps (Kramer et al., 2014; Maguya 
et al., 2015; Kramer et al., 2016; Jarron et al., 2020; Skowronski et al., 
2007). Similar to the work presented by Skowronski et al. (2007), the 
approach outlined in this study allows for the identification and quan
titative representation of ladder fuels independent of forest type. A key 
aspect of this work is the separation of the stem from the canopy ele
ments. This approach makes the raster-pouring method suitable to a 
diverse array of landscapes where the fuel on the stem does not 
contribute to fire behaviour. In landscapes where there is fine bark fuel 
attached to the stem, further investigation into separating large woody 
structure from this fuel is required. 

More broadly, the application of this research in fire management 
can be seen directly and indirectly. A direct application is in the use of 
point clouds to provide accurate measurements of cover and height for 
different strata across the plot and to subsequently calculate fuel hazard 
at a particular site. The use of point clouds provides a repeatable and 
robust method of fuel hazard assessment in comparison to current visual 
techniques. Indirectly, fuel hazard assessments derived from point 
clouds can be used to improve the accuracy of fuel modelling and in-turn 
fire simulations. Prior research utilising point-based visual fuel hazard 
assessments and landscape environmental drivers to predict fuel hazard 
across a region have shown promising results (Jenkins et al., 2020; 
McColl-Gausden et al., 2020). However, variability from visual fuel 
hazard assessments are likely to contribute to inaccurate fuel predictions 
within these models (Spits et al., 2017; Watson et al., 2012; McColl- 
Gausden et al., 2020; Jenkins et al., 2020). With the repeatable esti
mates of hazard from UAS LiDAR or TLS point cloud, it is predicted that 
a more accurate fuel hazard prediction may be reached. 

The operational viability of each technique for land managers is an 
important element to consider. The total capture time for TLS data was 
approximately 2 h, with a processing time for all scans of approximately 
4 h. The UAS LiDAR data capture took approximately 13 min, and 
approximately 4 h to process once GPS base station data were acquired. 
The UAS image-based point cloud were captured in approximately 20 
min, and took approximately 8 h of processing. The time of processing is 
also balanced against the need for expertise in processing the data and 
each of these techniques requires specialist input. 

Finally, an ensemble or combination of these techniques may be seen 
as appropriate for land managers wanting to analyse below canopy 
structure. It may be necessary to use TLS to obtain high density detailed 
information, capturing the complete profile of the vegetation initially, 
with broader areas able to be captured using UAS. Using the rapid 
collection of UAS platforms allows for the testing of different landscape 
management practices, and also enables provision for potential longi
tudinal studies of the examined areas. 
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5. Conclusion 

The rapid development of both active and passive remote sensing 
technologies for forest structure characterisation means that there is 
now capacity to generate more accurate representations of below- 
canopy structure that are commensurate with recent developments 
and data input requirements in fire behaviour modelling. This research 
demonstrates that image-based and LiDAR point clouds provide a 
method for capturing canopy and vertical structure information in the 
context of a dry sclerophyll eucalypt forest. In particular, UAS LiDAR 
provided accurate estimates of canopy cover in comparison to TLS (TLS: 
68.27% and UAS LiDAR: 64.20%) and sub-canopy cover (Elevated cover 
TLS: 44.94%, UAS LiDAR: 32.27%, combined surface and near-surface 
cover TLS: 96.10%, UAS LiDAR: 93.56%). Consideration must be 
given to the purpose of the assessment along with landscape charac
teristics when deciding on sensor selection. The scale of assessment and 
metrics to be extracted from point clouds are vital decision points when 
choosing a platform to yield accurate, repeatable, timely and efficient 
measurement of vegetation structure. The method presented in this 
research to identify vegetation connectivity demonstrates the potential 
of 3D remote sensing in identifying new fuel hazard metrics. The direct 
application of this research into fire management can be realised in the 
form of deriving estimates of hazard from these measurements providing 
forest policy makers and managers with the information required to 
make informed decisions about existing and future management 
strategies. 
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