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Abstract: Vegetation characteristics significantly influence the impact of wildfires on in-
dividual building structures, and these effects can be systematically analyzed using heat
transfer modelling software. Close-range light detection and ranging (LiDAR) data ob-
tained from uncrewed aerial systems (UASs) capture detailed vegetation morphology;
however, the integration of dense vegetation and merged canopies into three-dimensional
(3D) models for fire modelling software poses significant challenges. This study pro-
poses a method for integrating the UAS-LiDAR-derived geometric features of vegetation
components—such as bark, wooden core, and foliage—into heat transfer models. The data
were collected from the natural woodland surrounding an elevated building in Samford,
Queensland, Australia. Aboveground biomass (AGB) was estimated for 21 trees utilizing
three 3D tree reconstruction tools, with validation against biomass allometric equations
(BAESs) derived from field measurements. The most accurate reconstruction tool produced
a tree mesh utilized for modelling vegetation geometry. A proof of concept was established
with Eucalyptus siderophloia, incorporating vegetation data into heat transfer models. This
non-destructive framework leverages available technologies to create reliable 3D tree recon-
structions of complex vegetation in wildland—urban interfaces (WUIs). It facilitates realistic
wildfire risk assessments by providing accurate heat flux estimations, which are critical for
evaluating building safety during fire events, while addressing the limitations associated
with direct measurements.

Keywords: drone; bushfire; tree reconstruction; point cloud; Fire Dynamics Simulator
(FDS); heat flux

1. Introduction

Fires that originate in wildland vegetation (wildfires, forest fires, or bushfires) cause
extensive devastation around the world each year, particularly when they interact with
concentrations of human settlement [1,2]. Wildfires are often difficult to control, especially
when they spread rapidly through tree crowns [3]. Catastrophic wildfires often occur where
urban edges are surrounded by wildland, which places numerous buildings adjacent to
flammable vegetation [4]. Fire in these areas, variously known as the wildland—urban
interface (WUI) [5], urban-bushland interface [6], residential-wildland interface [7], and
peri-urban area [8], can rapidly transition between natural and man-made sources of fuel [1].
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Human population in WUISs has been growing rapidly in recent years as people choose a
“tree-change’ lifestyle [9]. It is therefore increasingly essential to understand the wildfire risk
at these interfaces, so that preventative measures can be implemented and safety improved.
However, the complex interplay of risk factors is not well understood and can be difficult
to assess [1].

Remote sensing technologies, including satellites, uncrewed aerial systems (UASs), and
crewed aircraft [5], have been used in recent wildfire studies to collect spectral [10] and
structural information from wildlands, enabling risk to be assessed non-destructively [11-13].
UAS surveys deliver the highest spatial resolution data at a low cost and high level of safety,
with a trade-off of lower spatial coverage [14]. However, as WUIs are often confined to
small areas of land [2], UASs are ideally suited to collecting comprehensive WUI data that
capture the proximity of vegetation to residential structures and allow a better assessment
of risk than historical data alone [15].

LiDAR scans using UASs are particularly suitable for collecting high-resolution struc-
tural data at close range compared to alternative methods [14]. This combination captures
essential measures, including building location and design elements, structural vegetation
characteristics, and topographic slopes, resulting in a complete point cloud representation
of the surveyed area. This high-density point cloud enables the structural geometry and
topology of vegetation to be accurately reconstructed [16]. Point clouds are now frequently
used to reconstruct trees and other vegetation, aided by advances in computing capabil-
ity and procedural modelling algorithms [17]. These advances have superseded earlier
methods of vegetation modelling that were based on rules and repeating patterns [17].
Tree reconstruction with procedural modelling algorithms is a multi-step process, which
involves the creation of a three-dimensional (3D) triangulated mesh from a 3D point cloud.
The mesh is created by first constructing a tree skeleton, which depicts the trunk and main
branch structures as an ensemble of straight or tapering cylinders [18]. Branch surfaces are
then geometrically reconstructed and added to the skeleton [19]. Cylindrical geometry is
used because it produces robust and reliable quantitative structural models (QSMs) and
highly accurate estimates of dimensions such as length, diameter, angle, orientation, and
volume [19-21].

Information from LiDAR point clouds can also be organized into a structured grid of
equivolume 3D units known as voxels, in which each voxel has an assigned position [22].
Voxelized point clouds are emerging as a high-potential source of 3D fuel information in
fire simulations. For example, Marcozzi et al. [23] voxelized a point cloud collected with a
terrestrial laser scanner in a laboratory setting, in which the point cloud was segmented
into ‘branch wood’ and ‘foliage” classes. Voxels inherit the attributes of the points they
encompass, thus encoding rich information that is more informative than estimates of
spatial volume based on a coordinates grid [22].

Several studies have utilized fire dynamics simulation software to investigate vegeta-
tion fire using a numerical modelling approach in a 3D simulation environment [3,24-27].
The Fire Dynamics Simulator (FDS) is a simulation tool developed at the National Insti-
tute of Standards and Technology (NIST) that incorporates physics-based fire models [28].
Physics-based models are used to generate heat transfer estimates from fuel property in-
formation [29]. The WUI Fire Dynamics Simulator (WFDS) is an extended version of the
FDS, which incorporates the spread of fire in vegetative fuels and is thus appropriate for
modelling wildfires. For example, Mell et al. [25] simulated grassland fire in the WFDS
with a simple fuel model that predicted fire spread behaviour, which was consistent with
empirical observations. However, the FDS is sometimes considered to simulate complex
fire environments more fully, as it can incorporate a greater number of features [26]. Gan-
teaume et al. [26] demonstrated the functional adequacy of the FDS by accurately depicting
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WUI fire behaviour based on historical fire incidents. Hendawitharana et al. [30] used the
FDS to incorporate complex features and architectural design elements with high dimen-
sional accuracy. They combined airborne and ground-based LiDAR point clouds to obtain
a 3D model of a building. They incorporated the model into a grass fire simulation to
examine the risk in relation to wind velocity, temperature, and pressure.

However, wildfires are not restricted to ground-level grass fires. They can also appear
as elevated crown fires, which are generally caused by surface fires that propagate along
the bark of tree trunks, or through direct contact between flames and branches that are
adorned with foliage [3]. Despite the importance of fuel type distribution in crown fire
spread [31], 3D reconstructions of tree structure are generally omitted from WUI fire
simulations [5]. Rather, geometric shapes that simplify complex vegetation structures
are used. For example, laboratory experiments were conducted by Mell et al. [24] and
Moinuddin et al. [3] to test a numerical model using the WFDS that is capable of estimating
the spatial distribution of vegetation within a tree crown. For simplicity, Douglas fir
(Pseudotsuga menziesii) was used for these studies, whereby the vegetation was assumed
to be uniformly distributed within a tree crown that exhibited a clearly defined geometric
shape. Such simplification imposes homogeneity on the crown structure and therefore on
the assumed fuel distribution. In reality, crown structure is often heterogeneous, particularly
in natural forests [32]. Imposed homogeneity can undermine the accuracy of fire spread
simulations, as heterogeneous crown structure responds differentially to fire intensity, in
terms of time to ignition, magnitude, and dynamic spread [23,33]. Remote sensing offers
the capability to extract important structural information and address this omission. In
particular, LIDAR-informed estimates of fuel distribution have been shown to increase
the accuracy of dynamic fire simulations. The high-resolution data provide fine-scale
information that is particularly important when canopy is heterogeneous [23].

Fire simulations are often based on computational fluid dynamics (CFD), which is cur-
rently the most advanced means of representing fire behaviour at the sub-stand scale (less
than 1 km) [29]. Solid fuel sources in CFD models are generally assigned simple geometries
and thermal properties [34]. In reality, these elements are often complex. The inclusion of
more detailed structural information would allow CFD models to more accurately predict
the interactions that influence wildfire behaviour [35]. However, integrating complex fuel
geometries into CFD models remains challenging [17]. CFD models in the FDS require
two primary elements to be defined: obstructive objects (OBSTs) and Lagrangian particles
(PARTs). PARTs represent various types of vegetation that are smaller than the numerical
modelling grid, such as leaves and grass [28,34]. PARTs are treated as static sources of heat
absorption and emission that contribute to airflow obstruction and are subject to thermal
degradation [26]. Modelling these solid fuel sources as collections of sub-grid particles
allows irregular shapes and varying thermal properties to be represented, which allows for
the spatial distribution of heat release to be modelled [34]. Gaps that occur between fuel
particles can also play an important role in ignition [23].

Moreover, the 3D structure provides important information on the characteristics
and spatial distribution of different types of fire fuel, but is currently overlooked in most
WUI fire simulations [5]. However, reconstructed 3D meshes are surface representations
that depict branches as cylinders with triangular faces, outlining the boundaries of the
branches with hollow interiors, whereas OBSTs and PARTs in the FDS require solid shapes
to be defined as rectangular, axis-aligned forms, which are characterized by specifying
two points. Therefore, to allow reconstructed tree geometry to be accurately represented in
the FDS environment, we describe a method for populating the reconstructed mesh with
voxel grids.
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The purpose of this work is to propose a methodology for integrating the 3D structure
of vegetation into the FDS environment, including coniferous to deciduous species, utiliz-
ing UAS-LIiDAR remote sensing. Three tree reconstruction algorithms—Raycloudtools,
AdTree, and TreeQSM—were compared using UAS-LiDAR data and ground truth mea-
surements to identify the most suitable method for the integration. This study expands on
the work of Hendawitharana et al. [30] by incorporating the detailed structure of vegetation
surrounding an elevated house in a WUI. Specifically, our objective is to produce a geomet-
ric representation of three distinct vegetation elements, namely bark, wooden core, and
foliage, so that the unique combustion characteristics of each element can be incorporated
into the FDS. We first merged UAS-LiDAR and handheld LiDAR point clouds of the area
surrounding the building. We then segmented individual trees and produced reconstruc-
tions of the vegetation structure with three different reconstruction algorithms, which we
evaluated with a biomass allometric equation (BAE). Finally, we used the best-performing
tree reconstruction algorithm to generate a geometrical representation of the vegetation
and its components for use in the FDS simulation environment.

2. Materials and Methods
2.1. Process Pipeline

The process pipeline, as shown in Figure 1, consisted of a series of six core components:
data acquisition, preprocessing, segmentation, tree reconstruction, benchmarking, and
geometric representation.

Data acquisition

Data preprocessing

Inner mesh face
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Figure 1. Main steps of the proposed methodology.

Surveys were carried out using both UAS-LiDAR and handheld LiDAR systems
around the chosen building. Point clouds were generated and preprocessed to ensure
registration within a consistent coordinate system prior to merging. Subsequently, indi-
vidual trees were segmented from the merged point cloud and three state-of-the-art 3D
reconstruction algorithms were applied. A benchmarking study was conducted using the
BAE-derived volume estimation to compare the results of the three 3D tree reconstruction
algorithms. Finally, the geometric representation of the vegetation, composed of bark,
wooden core, and foliage components, was derived from the benchmarked reconstructed
tree mesh in the form of voxels.
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2.2. Study Site

We selected an elevated building in a WUI located in Samford, Queensland, Australia
(Figure 2), with overall dimensions of 30 m x 10 m x 4.85 m. Elevated buildings are
common in Queensland, but their response to bushfires is still unknown.

Figure 2. The WUI study site in Samford, Queensland. (a) The elevated building in the study
site. (b) The vegetation surrounding the elevated building. (c) Location of study site in relation to
Brisbane, Queensland.

Vegetation had been cleared on three sides of the building, from between 8 m and
30 m away from the structure, and the rest of the land was surrounded by several species
of vegetation [30]. Due to all the above factors, the selected building is highly vulnerable
during wildfires, which makes it ideal for the proposed study.

2.3. LiDAR Data Acquisition

Data collection from the surrounding environment was multi-modal, employing active
remote sensing methods, as well as field surveys. Active sensing using LiDAR sensors, both
UAS-mounted and handheld, enabled the capture of surrounding structural and spectral
information from the air and in the field. LIDAR data were collected from the air and the
ground with a Hovermap ST LiDAR system (developed by Emesent, headquartered in
Brisbane, Australia) on 15 February 2023. The system consisted of 16 LiDAR channels
and +/—20 mm mapping accuracy, with a sensing range of 0.4 m to 100 m. The airborne
survey was conducted using a real-time kinematic (RTK) DJI M300RTK UAS system
(developed by DJI, headquartered in Shenzhen, China) flown at 50 m altitude in a double
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lawn mower pattern (perpendicular grids), with a flight line spacing of 50 m and a wind
speed threshold of 10 kmh~!. Figure 3 shows the survey path and point cloud acquired
from the (a) handheld and (b) UAS surveys. The two point clouds were preprocessed, then
merged using Emesent Aura software tools (version 1.5; Emesent Pty Ltd., Milton, Australia,
2021) following the methodology outlined in the study of Hendawitharana et al. [30]. The
merging resulted in a final point cloud of approximately 12 GB in size, with a very high

density of approximately 450 points/m?.

Figure 3. Survey paths (red lines) and point clouds generated from (a) handheld LiDAR survey and
(b) UAS-LiDAR survey.

2.4. Field Measurements and Ground-Based Observations

A ground truth survey of vegetation attributes within 40 m of the building was
conducted two weeks after the UAS scan. The survey followed a secure route through the
dense vegetation. Ground-based LiDAR data were collected utilizing the Hovermap ST in
handheld mode. In situ data were collected for all large trees (>10 cm diameter at breast
height (DBH), approximately 1.3 m above ground) close to the building, including species
identification, DBH, and age, and latitude, longitude, and elevation were measured at each
tree location with an Emlid Reach RS2+ (developed by Emlid, headquartered in Budapest,
Hungary) RTK global navigation satellite system (GNSS) receiver. Twenty-one large trees
were identified on which our tree reconstruction would be based. Eleven different species
were represented, of varying size and geometry. The species, field-measured DBH, and
field-measured height of these trees are provided in Table 1.

Figure 4 provides images of the (a) remote sensing survey equipment (UAS and
handheld LiDAR) and (b) in situ data collection.

Figure 4. (a) UAS-LiDAR and handheld LiDAR survey and (b) in situ data collection including DBH
and height of surrounding vegetation.
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Table 1. Field measurements of the 21 large trees closest to the building.

No Name DBH (cm) Height (m)
1 Plumeria pudica 6.4 3.3
2 Lophostemon suaveolens 13.0 8.0
3 Macadamia integrifolia 14.6 12.6
4 Jagera pseudorhus 18.0 9.6
5 Melaleuca salicina 20.8 11.0
6 Lophostemon suaveolens 20.0 12.6
7 Corymbia intermedia 21.0 16.5
8 Corymbia intermedia 22.6 14.6
9 Callitris columellaris 20.0 18.5
10 Lophostemon suaveolens 48.0 25.8
11 Melaleuca salicina 25.2 13.8
12 Corymbia tessellaris 221 19.6
13 Lophostemon suaveolens 26.9 18.3
14 Corymbia intermedia 34.6 20.3
15 Callitris columellaris 35.0 21.0
16 Callitris columellaris 37.6 20.1
17 Eucalyptus siderophloia 34.8 25.7
18 Corymbia tessellaris 48.0 259
19 Araucaria bidwillii 55.4 224
20 Eucalyptus siderophloia 58.0 29.2
21 Lophostemon confertus 84.0 21.6

2.5. Tree Segmentation with Raycloudtools

Tree segmentation was performed with command-line tools in Raycloudtools. A ray
cloud file was first created by combining the LiDAR point cloud with the UAS trajectory
data. Ray clouds differ from point clouds in that they contain information on empty spaces
(air) within the cloud, in addition to the surface geometry, which allows volumetric analyses
to be undertaken [36]. The ray cloud was then spatially decimated using the ‘raydecimate’
tool, to one point per 3 cubic cm, and a 50 cm threshold was applied to eliminate rays
with isolated endpoints. A ground mesh was extracted with the ‘rayextract:terrain” tool.
Non-vegetation regions, including the building, were segmented out (removed) from the
ray cloud in the area closest to the building. The remaining ray cloud and the ground mesh
(representing terrain data) were then fed into the ‘rayextract:trees’ tool, which simulta-
neously delineated all tree and branch structures, resulting in 21 individual trees being
automatically segmented.

2.6. Evaluation of Raycloudtools Segmentation

UAS-LiDAR remote sensing is an effective tool for vegetation mapping [37], but it
becomes challenging in regions with high plant diversity and overlapping canopies [38].
Thus, the performance of the ray cloud tool was evaluated against manually segmented
point clouds. Ray clouds in Raycloudtools are stored in the Stanford PoLYgon (.ply) format,
which is compatible with point cloud processing programmes such as CloudCompare [36].
This allowed us to validate the performance of the automated Raycloudtools segmentation,
from which the tree reconstructions would be generated in the following step. We loaded
the cloud produced in the previous step, with the non-vegetation regions (including the
building) removed, into CloudCompare (v2.12.4 (Kyiv)). We then manually identified and
segmented the same 21 trees that were automatically segmented by Raycloudtools. We first
used the Colorimetric Segmenter (Filter RGB option) to filter all points associated with each
individual tree from the point cloud, then the Segment Out tool (Polygon Out option) to
remove points that represented surrounding vegetation and noise, based on visual assess-
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ment. The manually segmented trees were then used as benchmarks to assess the accuracy
of the automated Raycloudtools segmentation, in which the 21 manually segmented trees
were considered to represent 21 different classes. The assessment was carried out following
the multi-class classification evaluation approach outlined by Rauch et al. [39]. The process
involved comparing the class assigned to each point in the automatically segmented trees
with its corresponding reference (manually segmented) class. A confusion matrix was
then derived that allowed us to compute precision, recall, and F1-score values based on
four fundamental measures: true positive (TP), true negative (TN), false negative (FN),
and false positive (FP). TP refers to the number of segmented points that were correctly
assigned to a particular class, TN refers to the number of correct non-classified points, FN
refers to the number of non-classified points that should have been assigned to a particular
class, and FP refers to the number of segmented points that were incorrectly assigned to a
particular class. In multi-class scenarios, FP, FN, and TN cannot be obtained directly from
the confusion matrix (as they can in the binary case). In these scenarios, the metrics must
be calculated separately for each class based on the summation scheme [39]. The equations
used to derive the evaluation metrics are provided in Table 2.

Table 2. Evaluation metrics.

Metrics Equation Remarks
Accuracy of a classification increases
Accuracy % with correctly segmented points that
belong to a particular class

Precision decreases with the number of

Precision -y _1: TP incorrectly segmented points that are

included in a particular class
Recall decreases the number of
Recall TP incorrectly segmented points that
TP+EN should be assigned to a particular class
but are not
Fl-score 2 Precision x Recall F1-score is a w?ighted harmonic mean of
Precision-+Recall precision and recall

2.7. Tree Reconstruction

A comprehensive evaluation was then conducted of three different open-source tree
reconstruction tools (AdTree [16], TreeQSM [19,40], and Raycloudtools [36]). These tools
are commonly used to reconstruct tree models from laser-scanned (LiDAR) point clouds
with demonstrated accuracy ([16,36,41]) and represent an evolution in tree reconstruction
algorithms. Each tool employs a different approach for producing the initial tree skeletons,
which form the basis of the 3D triangulated meshes. AdTree uses a minimum spanning
tree (MST) algorithm to identify the main branch points and initialize the skeleton, then
simplifies the structure by eliminating small edges and redundant vertices that have
minimal impact. TreeQSM was designed to improve and extend the AdTree method [41].
TreeQSM uses a region growing method to generate the tree skeleton from subsets of
the point cloud, called cover sets, which are treated as patches in the vegetation surface.
Raycloudtools first segments the points into subgraphs and the neighbouring points are
connected. The subgraphs contain a root node often at the tree’s base, which serves as the
starting point for skeleton creation. Dijkstra’s shortest path algorithm is applied to create
a disjoint acyclic graph from the root node. Subgraphs representing additional branches
of the tree are then added to the primary skeleton. This extension involves a bidirectional
probing process to identify connecting points. AdTree and Raycloudtools use allometric
models to fit the shorter branches, because point noise that occurs near branch tips makes
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cylinder fitting difficult. The allometric models in this context estimate the relative growth
of a particular branch in comparison to a standard. Table 3 provides a summary of the
methods employed by the tools.

Table 3. Summary of tree reconstruction algorithms.

Skeleton

Generation Trunk Fitting Branch Fitting

Algorithm

Minimum spanning
tree (MST) using
Dijkstra’s shortest
path algorithm
Region growing
method with
segmented point
cloud (cover sets)
Disjoint acyclic
graph using
Raycloudtools Dijkstra’s shortest Cylinder fitting Allometric models

path algorithm

from root nodes

AdTree Cylinder fitting Allometric models

TreeQSM Cylinder fitting

2.8. Reconstructed Branch Volume Comparison

The accuracy of each reconstruction was benchmarked by comparing the tree mesh
volume estimates with the BAE-derived estimates of stem wood volume. Using the struc-
tural details of the cylinders, the total tree branch volume was calculated for each tool by
combining the volumes of all the cylinders that made up each branch and the main stem,
according to the fundamentals of calculating cylindrical volumes.

The BAE shown in Equation (1) was used to calculate oven dry above-ground biomass
(AGB) in a non-destructive manner, using the field measurements collected from the 21 trees
closest to the building in our study area:

M =0.0673 x (oD*H)*7¢ 1)

where M = oven dry AGB (kg), p = Stem-specific density (gcm~3), D = DBH (cm), and
H = total tree height (m) [42]. The stem-specific density is a parameter calculated by
dividing the oven dry mass of a section of a plant’s main stem by the volume of the
corresponding fresh section. This BAE was designed to calculate the oven dry AGB of
pantropical trees incorporating trunk, branch, and foliage biomass. However, the foliage
biomass was neglected in our comparison, as the foliage to woody structure ratio of the
vegetation was low [43]. The oven dry AGB estimates were then divided by the density
values to arrive at the final estimates of wood volume (V) (Equation (2)).

V=M/p 2)

2.9. Geometric Representation of Vegetation

We used the best-performing tool (highest accuracy compared with BAE-derived
estimates) to create a geometric representation of the solid fuel sources (bark, wooden core,
and foliage) of a single tree in our study site. The aim was to produce an accurate particle
model from the triangulated 3D mesh (Figure 5a) that would be suitable for use in the
FDS. The faces in the mesh were oriented with the normal vector pointing away from the
cylinder axis. We first created a grid-based point cloud within the smallest rectangular
bounding box that could accommodate the reconstructed tree mesh at a resolution of 10 cm,
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based on the grid used by Mell et al. [24] for 5 m tall trees. We filtered out points that fell
outside the mesh and calculated the distance from each remaining point to the nearest face
(Figure 5b). We then voxelized the tree stem based on the points that occurred within the
negative orientation of the normal vector (Figure 5c).

(b)esesflsgalasitancsns (C} $io ainio uh

Figure 5. Visualization of branch voxelization process, showing (a) triangulated mesh, (b) point-to-
mesh face distances in a colour continuum from blue (negative distances) through green (distance = 0)
to red (positive distances), and (c) voxelized stem.

In this study, the mesh to point cloud distances were computed using CloudCompare
(version 2.12.4) [GPL software]. The nearest point to the mesh, whether located on the
positive or negative side of the face, represents the outer layer of the stem, specifically the
geometry of the bark.

However, the reconstructed mesh does not only encompass the outer surface of the
tree. The cylindrical representations of tree skeletons resulted in intersecting cylinders
and intersecting faces at junctions where a parent branch had more than one child branch
(Figure 6a). Points in the grid-based point cloud that were located within the parent
branch and near the intersecting face (Figure 6b) were assigned distances with a positive
orientation from the face. Without removing the inner faces, these voxels would have been
excluded from the stem (Figure 6c).
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Figure 6. Suboptimal voxelization result, showing (a) triangulated mesh of intersecting branches,
(b) point distances from mesh faces in a colour continuum from blue (negative distances) through
green (distance = 0) to red (positive distances), and (c) inadequate voxelization voxels excluded.

For the purpose of removing inner faces from the reconstructed mesh, we employed a
segmentation process whereby intersecting faces were partitioned along the intersecting
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line. Initially, curvature flipping optimization was conducted using the MeshLab tool
(Version, 2022.02) [44] to eliminate folded faces during the reconstruction process. Then,
using the Blender software (Version, 3.6) [45], these intersecting faces were partitioned
and triangulated. This resulted in a series of non-manifold vertices, where each plane was
divided into an inner face and outer face, with the normal vector oriented away from the
corresponding cylinder axis, producing a set of four interconnected faces (Figure 7).

Outer faces

Inner faces

"\ Non-manifold edge

Figure 7. Non-manifold edge on intersecting faces.

We employed a systematic approach to removing the two inner faces from each non-
manifold edge, to leave only the outer faces in the reconstructed tree mesh. We initially
organized the faces into pairs, with each pair comprising one inner face and one outer face
(f1, f2 and £3, f4) characterized by the same normal vector direction (Figure 8).

WVt

Figure 8. Visualization of V4, V, V};, and the normal vector of the inner and outer face pairs for the
selected non-manifold edge.
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A single face was then selected from each pair, and a critical vector, denoted V, was
computed using Equation (3):
V=Vi—Vpu 3)

where V, signifies the position vector located at the midpoint of the two vertices connect-
ing the non-manifold edge, while V; represents the position vector associated with the
third vertex, which is not connected to the non-manifold edge. Following this calculation,
the dot product between V; and the normal vector of the plane formed by the remaining
pair of faces was evaluated. This dot product serves as the pivotal criterion for identifying
whether the selected face is an inner or outer face. A positive dot product value indicates
that the chosen face is an outer face, with the other face in the pair designated as the inner
face. Conversely, a negative dot product value signifies that the chosen face is the inner
face, while the counterpart is identified as the outer face.

Once all the inner faces of the non-manifold edges were eliminated, the internal
meshes became detached from the outer mesh. Subsequently, faces with border edges that
were not connected with more than one face were identified and progressively removed
until none remained. Subsequently, the outermost layer of the geometric representation
was extracted, consisting of the points closest to the mesh, which were identified as the
vegetation’s bark, while the remaining points were designated as part of the wooden core.
Voxelization of the foliage was achieved by isolating the point cloud located within a 20 cm
distance (the width of 2 voxels) of the reconstructed mesh from the segmented vegetation
point cloud. The remaining points space was divided into cubic grid volumes, with a
resolution of 10 cm. These volumes containing points were labelled as foliage voxels. The
finalization of the voxelization process resulted in an accurate 3D representation of the tree
geometry that can be used within the FDS environment to quantify the spatial distribution
of sub-grid solid fuel sources.

2.10. Proof of Concept

The methodology we have presented for quantifying the combustible components
of a reconstructed tree produces information that is suitable for incorporation into FDS
models. This method was influenced by previous research, notably the Douglas fir tree
modelling [24], which produced reasonable simulations from experiments and suggested
that detailed modelling of non-combustible parts, like the wooden core, is not essential. In
fact, many researchers, including Wickramasinghe et al. [46], have represented the wooden
core as a cylindrical solid element, which is treated as inert material. It has also been noted
that typically, only the bark and the small, thick branches of trees are consumed in bushfires.
In particular, the Douglas fir tree experiments revealed that branches smaller than 6 mm
tend to burn in controlled laboratory settings [24].

Based on these insights, we used our geometric representation of a Eucalyptus
siderophloia to undertake a proof of concept in which we considered only the bark and
foliage components as combustible parts. We assigned the bark voxels to OBSTs, with an
auxiliary text file created following FDS guidelines. We voxelized the foliage as described
above, then designated a single particle in each voxel that encapsulated the combustible
fuel content and assigned thermo-physical properties of that voxel. This approach aligned
with the techniques used in the Douglas fir tree particle model [24]. However, our method
diverged in the specifics of the voxel/grid definition. Unlike the Douglas fir tree model,
where the cone geometry inherent in the FDS facilitates automatic particle placement in
voxels to represent foliage, the structural characteristics of Australian tree species necessi-
tated a different strategy. This is due to the variance in foliage geometry from the standard
cone or cylinder geometry available in the FDS. To accommodate this important difference,
our proof of concept involved the creation of an auxiliary text file, following PART specifi-
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cations. This auxiliary file allows the spatial information from the voxelized point cloud to
inform the spatial distribution of Lagrangian particles in the FDS model. We expect that this
approach will produce a spatially explicit, heterogenous canopy that represents the distinct
foliage geometry of Australian trees more accurately than the simplified geometries.

3. Results
3.1. Tree Segmentation

Figure 9 shows the output of the automated Raycloudtools segmentation, representing
the 21 field-measured trees closest to the building, and the results of the manual segmen-
tation of the same individual point clouds in CloudCompare. Based on the 21 classes
represented in the manual CloudCompare segmentation (one class for each tree), the auto-
mated segmentation using Raycloudtools achieved an average accuracy of 98%, with 90%
precision, 87% recall, and an F1-Score of 87%. Despite some confusion with merging canopy
areas, adequate spacing between trunks enabled accurate segmentation of individual trees.

plumeria pudica (ID-1)
Macadamia integrifolia (ID-3)

Jagera pseudorhus (ID-4) Y Corymbia intermedia (ID-8)
Callis columellans-(ID-s) Callitris columellaris (ID-16)

Eucalyptus siderophloia (ID-20)

Corymbia tessellaris (ID-12)
e [ Lophostemon suaveolens (ID-13) ]

[ Lophostemon suaveolens (ID-18) ]

[Lophostemon suaveolens (ID-10) ]

*.

Araucaria bidwillii (ID-19) | . '_

Lophostemon suaveolens (ID-2)

Melaleuca salicina (ID-11)

Corymbia intermedia (ID-7)
Lophostemon suaveolens (ID-6)

[ Lophostemon confertus (ID-21) ] Callitris columellaris (ID-15) Corymbia intermedia (ID-14)

Melaleuca salicina (ID-5)

Figure 9. Output of the automated Raycloudtools segmentation showing 21 trees closest to the building.

3.2. Comparison of Field Measurements and Reconstructed Tree DBH

The comparison between field measurements and reconstructed tree DBH using
Adtree, TreeQSM, and Raycloudtools is summarized in Table 4. The table presents the root
mean square error (RMSE) and the coefficient of correlation (R?) for each method. The
RMSE reflects the average magnitude of error, while the correlation coefficient indicates
the strength of the relationship between reconstructed diameters and field measurements.
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Table 4. Comparison of Reconstructed Tree Diameters with Field Measurements (RMSE—Root Mean
Square Error, R2—Coefficient of Correlation).

Reconstruction

2
Algorithm RMSE R
Adtree 55.50 0.73
TreeQSM 17.58 0.89
Raycloudtools 13.54 0.95

3.3. Reconstructed Branch Volume Comparison

In addition to field-measured heights and DBH, stem-specific density values were
required for BAE-based volume estimation. We obtained values for nine of the eleven
species from the Global Wood Density Database [47,48]. We note that the value for Callitris
columellaris was given as wood density, which was equivalent to stem-specific density
in other species. We applied a stem-specific density value of 0.7 gem =3 to Macadamia
integrifolia and Plumeria pudica, for which measurements could not be found, calculated as
the mean of the nine obtained values (Table 5).

Table 5. Density values obtained for field-measured tree species (* = no data found).

Species Common Name/s Number in Wood Density Stem-Specific
P Field Sample (g-em—3) Density (g-cm—3)
o . 0.39-0.46
Araucaria bidwillii Bunya pine 1 (mean 0.42) 0.42
Callitris columellaris Sandy/“;;;: cypress 3 0.58 *
Corymbia intermedia Pink bloodwood 3 * 0.8
Corymbia tessellaris Moreton Bay ash 2 0-90-0.93 0.91
(mean 0.92) ’
Eucalyptus siderophloia Grey ironbark 2 0.95 0.95
Jagera pseudorhus Foambark 1 0.68 0.68
Lophostemon confertus Brush box 1 0.72-0.76 0.75
p (mean 0.75) ’
0.55-0.76
Lophostemon suaveolens Swamp box 4 (mean 0.69) 0.73
Macadamia integrifolia Macadamia nut 1 * *
Melaleuca salicina (Callistemon Willow /white- 5 0.84 0.84
salignus) flowering bottle brush ’ ’
Plumeria pudica Frangipani 1 * *

The BAE-based volume estimates were compared with the volumes of the tree re-
constructions produced by each of the three tools (Figure 10). Root mean square er-
rors (RMSE) and coefficients of correlation (R?) were calculated to evaluate the perfor-
mance of each tool (Table 6). The Raycloudtools volume estimation achieved a higher R?
(0.972 vs. 0.525 and 0.908) and a RMSE two orders of magnitude lower than AdTree and
TreeQSM (8.5 x 10~! vs. 5 x 10? and 2 x 101).
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mm TreeSQM
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Tree ID
Figure 10. Volume estimates from 3D meshes reconstructed with three tree reconstruction

tools vs. volumes estimated with a biomass allometric equation (BAE) using field-measured height
and DBH.

Table 6. Performance comparison with BAE-based volume estimation (RMSE—Root Mean Square
Error, R2—Coefficient of Correlation).

Reconstruction Algorithm AdTree TreeQSM Raycloudtools
R? 0.525 0.908 0.972
RMSE (m?3) 500.94 20.30 0.85

3.4. Geometric Representation of Vegetation

A Eucalyptus siderophloia (tree #20: height = 29.2 m, DBH = 58.0 cm) was selected for
the voxelization process, in which we produced a geometric representation suitable for
input into the FDS environment. Figure 11 shows the segmented point cloud and Figure 12
shows the reconstructed mesh of the tree produced by each of the three tools. Based on its
superior performance, Raycloudtools was selected for our proof of concept.

Figure 11. The Eucalyptus siderophloia selected for geometric representation, depicted in (a) a photo-
graph taken during the handheld LiDAR survey and (b) the manually segmented point cloud.
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(b) (c)

Figure 12. The reconstructed mesh of the Eucalyptus siderophloia produced by (a) TreeQSM, (b) AdTree,
and (c) Raycloudtools.

Where cylinders intersected within the mesh, which is a surface representation, we
used a dot product-based indicator to differentiate the inner faces from the outer faces, so
that the inner faces could be discarded (Figure 13). We then identified and removed the
border faces from cylinder intersections (Figure 14) to produce the final mesh. Figure 15
shows a section of the completed voxelization in which the final mesh was successfully
populated with the point cloud grid.

Figure 13. (a) The result of the face differentiation process at a cylinder intersection in which the
outer faces (shown in red) have been retained in the mesh, which is a surface representation. (b) The
inner faces (shown in yellow) were discarded.

A
/)
/

\\\ \\ /??//7 /

\ \\\ /// //// //

\\ W\ 7 / /////
\ W)

e
i

Figure 14. The result of removing the border faces depicted in red in (a) and (b) can be seen in (c),
which shows a cylinder intersection from which all border faces have been eliminated.
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Figure 15. The end result of our voxelization process showing the successful geometric representation
(blue squares) of branches. The red squares denote the voxels that were missed while the inner faces
were present.

A comparative analysis of the voxelization technique before and after the removal
of the internal sections of intersecting cylinders demonstrated that after the internal sec-
tions were removed, the voxelization incorporated all the points that fell inside the recon-
structed tree.

3.5. Classification of Fuel Components

Wooden core and bark classification was based on the proximity of points to the final
mesh that we reconstructed from the voxelized point cloud grid. Foliage points were
obtained by filtering the points closest to the mesh reconstructed from the LiDAR point
cloud. This removed the points associated with the main branches. Points associated with
branches less than 2 cm thick were then considered as foliage points. In the reconstruction
of tree crowns, we considered only the main branches contributing to the tree skeleton.
Figure 16 shows the results of this classification process for a Eucalyptus siderophloia (de-
ciduous tree) and Araucaria bidwillii (coniferous tree), in which points were designated as
wooden core, bark, or foliage.

Outer Layer (Bark) Inner Layer (Wood core) "Foliz:)ge" Combined View
"Soild" "Soild" Particle

Figure 16. Geometric representations of (a) a deciduous Eucalyptus siderophloia, and (b) a coniferous
Araucaria bidwillii.
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3.6. Fire Simulation of Eucalyptus Siderophloia

The auxiliary text files detailing the foliage particles and the main branches were
integrated into an FDS model using Fortran code. Figure 17 provides an illustration
of the FDS model, depicting both the foliage and wooden core as well as presenting a
comprehensive view of the FDS model tailored to Eucalyptus siderophloia.

(a) (b) (c)

Figure 17. FDS model of Eucalyptus siderophloia (tree #20) showing particles identified as (a) foliage,
(b) wooden core and bark, and (c) a comprehensive view of the whole tree.

The initiation of ground fire was simulated through the use of ignitor particles. Sub-
sequent to the ignition of the ground fuel, the advancement of the fire was monitored.
Figure 18 depicts the successful propagation of the fire from the stem to the canopy.

t=2.8s t=58s t=9.1s t=15s t=25s

Figure 18. Simulated fire spread in the FDS tree model.

4. Discussion

This study aimed to develop a methodology to create a geometric representation of
three distinct vegetation elements—bark, wooden core, and foliage—by incorporating
their unique combustion characteristics into FDS models. This was achieved through a
comprehensive approach, integrating data acquisition (via LiDAR surveys and in situ
measurements), point cloud segmentation, tree reconstruction with advanced tools such
as Raycloudtools, AdTree, and TreeQSM, and the geometric representation of vegetation
elements. The results demonstrate significant progress in integrating UAS-LiDAR data
into 3D tree reconstructions and heat transfer modelling.
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In this study, Raycloudtools demonstrated exceptional performance in instance seg-
mentation tasks, achieving an average accuracy of 98%, with a precision of 90%, recall
of 87%, and an F1-score of 87%. These results highlight the effectiveness of the method,
particularly in a WUI area, which is characterized by lower vegetation density and fewer
overlapping vegetation structures. This performance aligns with the findings of Cher-
let et al. [49], who benchmarked various instance segmentation methods and identified
Raycloudtools as the best-performing tool. In their study, it successfully detected approx-
imately 70% of trees in a dense forest plot with 50% precision, even under challenging
conditions such as overlapping crowns, dense vegetation, and variable growth patterns.
The significantly higher accuracy achieved in this study, particularly in the WUI context,
suggests that RayCloudTools is well suited to environments with reduced vegetation
density where segmentation challenges are comparatively less pronounced.

The comparative analysis of reconstructed tree diameters against field measurements
demonstrated varying levels of accuracy and reliability among the reconstruction tools.
Raycloudtools outperformed AdTree and TreeQSM, achieving the highest coefficient of
correlation (R? = 0.95) and the lowest RMSE, indicating superior alignment with ground
truth data. TreeQSM followed, with an R? of 0.89, while AdTree exhibited the poorest
performance, with an R? of 0.73 and the highest RMSE. Similarly, Raycloudtools out-
performed AdTree and TreeQSM in vegetation volume estimation, achieving an R? of
0.972 and an RMSE of 0.85 m?, compared to R? values of 0.525 and 0.908 for AdTree and
TreeQSM, respectively.

A critical factor influencing the performance of tree reconstruction algorithms is their
ability to handle low-density point clouds, which commonly arise in natural environ-
ments due to noise and penetration limitations, particularly when trunks are obscured by
foliage [50]. AdTree relies on merging adjacent vertices, which can deprioritize sparse re-
gions, while TreeQSM’s region-growing algorithm encounters difficulties in forming cover
sets in areas with a low point density. However, Raycloudtools effectively addresses these
limitations by incorporating all points into a disjoint acyclic graph, enabling more accurate
branch representations. In the final step of reconstruction, AdTree and Raycloudtools use
allometric models to fit cylinders for other branches based on the length and radius of the
parent branch. TreeQSM, on the other hand, does not use allometric models for branch
tips, which might explain its poor performance. The TreeQSM algorithm assumes that
the vegetation point cloud adequately covers the tree at a low noise level. However, the
movement of foliage in the wind causes points to become noisier as they move through the
branches. Morhart et al. [51] used QSMs and concluded that volume estimates may not be
reliable in actual forest environments where environmental factors can further degrade data
quality. Similarly, Lau et al. [52] evaluated the performance of TreeQSM in reconstructing
the architecture of tropical trees and found that the method tended to overestimate the
lengths and volumes of smaller branches. The results indicate that Raycloudtools exhibits
significant advantages in natural environments, particularly under conditions of noise and
wind-induced movement that exacerbate low-density point cloud challenges, enabling
more accurate tree reconstruction. While this approach may be challenged if multiple layers
of trees with dense foliage overlap [53], such as in tropical forests, it appears to be a reliable
and user-friendly solution for individual tree segmentation in areas where vegetation is
less dense, such as WUIs. An example of the different outputs of each algorithm, based on
the 3D mesh reconstructions of a Callitris columellaris, is provided in Figure 19.
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(a)

(d)

Figure 19. (a) The incomplete point cloud of a Callitris columellaris (tree #9) where the trunk is hidden
by foliage, and the 3D mesh reconstructions of this tree produced by (b) AdTree (c) TreeQSM, and
(d) Raycloudtools.

Finally, the voxelization methodology proposed in this study converted reconstructed
tree models into detailed geometric representations suitable for FDS applications. This
approach was validated as a proof of concept using a reconstructed model of Eucalyptus
siderophloia. In the study of Marcozzi et al. [23], LIDAR scanning for two tree species was
employed and voxelization with a Boolean indicator was utilized to indicate the presence
or absence of points within each voxel to voxelize point clouds into fuel inputs for the FDS
model. However, the voxelization method showed a tendency to oversample tree stems,
which is a well-documented issue in using LiDAR data to represent vegetation structures.
LiDAR’s high spatial resolution often results in greater detail of the stem compared to
the foliage, leading to an over-representation of stems in the resulting 3D model. This
limitation becomes particularly pronounced in larger trees, where point clouds only capture
surface details. In such cases, fine-resolution voxelization is unsuitable, as it fails to fill
the internal parts of the stem, leaving the interior unrepresented in the model. Similarly,
Cooper et al. [54] used lacunarity analysis to estimate structural forest heterogeneity before
and after disturbances, examining its impact on WFDS-based wildfire simulations. They
applied a plot-based gliding box approach to voxelize point cloud data. However, the
voxelization process proposed in our study produces fuel cells of distinct vegetation
components—bark, wooden core, and foliage—to enhance fire behaviour modelling by
accounting for their unique combustion properties. This proof of concept demonstrates its
potential for conducting parameter studies on fire simulations based on detailed geometric
vegetation representations, thereby addressing a key research gap.

5. Current Limitations and Future Research

There are several challenges associated with the identification and monitoring of
understorey using UASs, for example, the difficulty of detecting small understorey species,
spatial overlap, and canopy penetration [55]. Insufficient coverage by the LiDAR scanner
across the entire area of interest or gaps in the scanning pattern may result in an incomplete
point cloud dataset. It can also be risky to conduct a handheld LiDAR survey in a wildland
environment due to natural hazards such as steep slopes, cliffs, unstable ground, and
wildlife. The combination of artificial intelligence (AI) and advanced sensing could lead to
more accurate and efficient subcanopy surveys in wildlands in the future [56]. For example,
the integration of UASs with optimal collision avoidance capabilities will greatly assist
understorey navigation [55].
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Due to the difficulty of penetrating dense foliage in windy conditions, the main
branches were found to be incomplete in this study. A possible approach to overcome
this is to utilize the latest LIDAR sensors, which can capture data with multiple returns
with remarkably high hit rates. Multi-return LiDAR can penetrate dense vegetation with
multiple returns and can be used to highlight layers of LiDAR hits, such as foliage and the
main trunk [57]. Another possibility is to eliminate wind movement impact on foliage by
filtering points affected by dynamic objects in the surveyed data [58]. Multiple LiDAR scans
of the same scene can also be used to achieve this improvement. These two approaches
could be combined to facilitate detailed characterizations of tree structures and canopy.

In this paper, the primary focus was on developing a methodology for importing
the tree model into the FDS environment, which has been presented in detail. How-
ever, efforts are needed to ascertain more precise thermo-physical properties unique to
Australian tree species. Moisture content [59] and surface-to-volume ratio [60] remain
unknown for numerous species. They notably contribute to the variability observed in
charcoal reflectance when subjected to consistent heat exposure [61,62], which necessitates
experimental investigations for their determination.

6. Conclusions

LiDAR-based remote sensing has proven effective in providing precise, non-destructive
estimations of AGB across diverse plot scales that can be used in dynamic fire simulations
to evaluate wildfire risks. However, the accurate depiction of fuel distribution within an
ecosystem relies heavily on the vegetation’s structure and properties. The objective of
this paper was to improve wildfire risk assessment through the integration of the distinct
geometric features of diverse vegetation components, including bark, wooden core, and
foliage, which each exhibit unique combustion characteristics during a wildfire. We have
presented a method that successfully distinguishes and quantifies these components in 3D,
which allows complex geometries to be represented in greater detail. Through our proof
of concept, we have demonstrated that these representations are suitable for input into
FDS fire simulation software (https://pages.nist.gov/fds-smv/), so that fire risk can be
evaluated based on the temperature profile generated by the fuel composition. Our study
has produced a reliable and dependable non-destructive framework that employs existing
technologies to assess wildfire risk in situations where direct and destructive measurements
are not feasible. This framework’s capability is particularly significant to risk assessment in
Australian WUIs, where wildland fuel distribution is heterogeneous. However, there are
limitations, including difficulties with scanning technologies in obtaining a complete point
cloud. The improvement of these aspects will facilitate the smooth transition of vegetation
models to FDSs and the adaptation of wildfire risk assessments.
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