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Abstract: This paper introduces a novel method for accurately calculating the upper biomass of single trees using
Light Detection And Ranging (LiDAR) point cloud data. The proposed algorithm involves classifying the tree
point cloud into two distinct ones: the trunk point cloud and the crown point cloud. Each part is then processed
using specific techniques to create a 3D model and determine its volume. The trunk point cloud is segmented
based on individual stems, with each stem further divided into slices that are modeled as cylinders. On the other
hand, the crown point cloud is analyzed by calculating its footprint and gravity center. The footprint is further
divided into angular sectors, with each being used to create a rotating surface around the vertical line passing
through the gravity center. All models are represented in a matrix format, simplifying the process of minimizing
and calculating the tree’s upper biomass, consisting of crown biomass and trunk biomass. To validate the
proposed approach, both terrestrial and airborne datasets are utilized. A comparison with existing algorithms
in the literature confirms the effectiveness of the new method. The study shows that the proposed algorithm
achieves an average fit between 0.01 m and 0.49 m for individual trees.
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1. Introduction

Light detection and ranging (LiDAR) system is considered to be the main data source of a Digital
Surface Model (DSM) and Digital Twin (DT), which characterize virtual representations of real-world
features [1,2]. Indeed, DSM and DT can improve the realization of thematic systems such as City
Information Modeling (CIM) [3], Building Information Modeling (BIM) [4], Land Information
Modeling (LIM) [5], and Tree Information Modeling (TIM) [6]. Furthermore, though the volume of
LiDAR data is large, it has been popularly utilized in Geographic Information Systems (GIS), forest
monitoring, and decision-making.

A tree's biomass may be defined by the total mass of living organic matter in the tree. Itis divided
into aboveground biomass and belowground biomass. Calculations of the aboveground tree biomass
are conducted for forest complexes [7-9] and individual trees [10,11], taking into account the biomass
of the trunks, branches, leaves, and roots.

Accurate forest biomass estimation is essential for forestry management [11], enabling the
determination of forest productivity, wood resources, and bioenergy potential. This involves
monitoring changes in tree crowns and biomass quantity with respect to variations in air pollution,
carbon dioxide (CO2) levels, temperature, and precipitation [12-15]. Based on tree biomass, the
absorption of carbon dioxide from the atmosphere can be calculated using indicators such as Leaf
Area Index (LAI) [16-19] and other coefficients extensively described in the literature [20].

To estimate the aboveground tree biomass (trunks, branches, and leaves), tree parameters such
as height, crown spread, and trunk diameter at breast height, Zani et al. [21] conducted empirical
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destructive studies to estimate the aboveground biomass of selected five tree species (trunk, branches,
and leaves) based on the height and trunk diameter at breast height. Calculations were carried out
following the procedure outlined by botanists [22]. The results were positively verified with 439 felled
trees. Similar destructive studies [23] were conducted with 286 felled trees to estimate the
aboveground and belowground biomass of individual trees of a selected species. Based on the trunk
diameter at breast height, allometric modeling [24,25] was applied to determine the parameters
allowing for the estimation of aboveground biomass.

The main research question related to determining tree biomass is based on the data collected
by various forest remote sensing techniques: satellite imaging, aerial photogrammetry, spectrometer,
terrestrial and airborne laser scanning (TLS/ALS), and radar [26,27].The development of remote
sensing measurement techniques, associated with increased spatial and temporal resolutions, allows
for increasingly accurate forest biomass estimation [21,28-30]. Recent studies conducted using neural
networks [31,32] allow for the differentiation of tree species [33]. Utilizing the results of remote
sensing measurements, point cloud processing is performed on LiDAR measurements, creating
subsets representing individual trees [26,34,35]. Subsequent 3D modeling of individual trees is
carried out on these subsets. Such tree models are then used for visualizing and calculating basic
geometric parameters of crowns, trunks, and branches [36,37]. Approximate determination of
aboveground biomass is possible using the geometric shape of tree crowns [38]. Tree metric data
facilitates the estimation of aboveground biomass [24]. Calculations are supported by soil and forest
floor indicators [39]. The most accurate determinations of aboveground tree biomass are achieved
using radar measurements [40].

In this study, the authors propose calculating tree biomass based on the 3D tree models
generated by using subsets of LiDAR point clouds representing individual trees. The goal is to
determine a method for 3D tree modeling that allows for accurately calculating the tree upper
biomass.

2. Related Works

The reconstruction of 3D models of individual trees is based on ALS and TLS data [41-46], which
are associated with photogrammetric and remote sensing measurements [38]. The modeling
foundations are defined in the City GML 3.0 standard, within the Tree Information Modeling (TIM)
system, at various Levels of Detail (LoD) [47—49]. Three-dimensional modeling of the tree canopy,
trunk, and branches relies on various algorithms for crown modeling [43,50-52] and tree skeleton
modeling [46,53-55]. The common solutions are based on defining the shape of the canopy using
geometric solids, such as cylinders, cones, and spheres (Figure 1a). These solids are fitted to different
tree species with specified crown morphologies [37,49,55]. These models are based on generalized
horizontal projections of the crowns and determined tree heights (Figure 1b).
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Figure 1. Examples of solid models for tree crown modeling: a) geometric solids, b) tree crown models [48].

More realistic 3D tree models are based on creating tree solids, often limited to the crown. Kato
et al. [43] show different crown solids associated with tree species (Figure 2). They [43] modeled trees
using Radial Basis Functions (RBF) and the isosurface algorithm [56].
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Figure 2. Visualization of the wrapped surface reconstruction. Shown are tulip-tree and atlas cedar [56].

Interesting algorithms for automatic 3D tree modeling were presented in [35]. These include the
3D concave hull algorithm, 3D alpha shape algorithm, convex hull by slices algorithm, and Voxel

model (Figure 3).
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Figure 3. Algorithms for modeling tree crown hulls [35].

The 3D concave hull algorithm allows for scaling the model [41] via adjusting its parameters
(Figure 4). This way, tree hulls of various generalizations can be created depending on the radius of
the nearest point search in the point cloud.

R =0.5m

Figure 4. The single crown tree contour constructed by the concave hull with different parameters [41].
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The modeled 3D tree crowns serve as the basis for calculating biomass and predicting the sizes
of trunks and branches [44]. It should be noted that the tree crown is not a homogeneous structure
and representing it as a solid is a significant simplification [43]. This is well illustrated in Figure 5.

Figure 5. Visualization of tree crown formation captured by the artwork of Christo and Jean-Claude. (Christo
and Jeanne-Claude, Wrapped Trees, Fondation Beyeler and Berower Park, Riehen, Switzerland 1997-98, Photo:
Wolfgang Volz, ©Christo 1998) [43].

A different approach to tree modeling can be adopted by considering the crown as a transparent
structure. Since empty spaces or voids occur within certain crown solids, crown modeling based on
skeletal models should be more accurate. Leaf mass is calculated on growth branches by modeling
leaf clusters [54].

This study extends the previous research by using subsets of point clouds of individual trees
from LiDAR scanning. It is reported [57] a method for modeling tree crowns based on the distribution
of LiDAR points in layer-sector models. A plank model was applied for trunk modeling [52], which
effectively represents compact structures. The innovative approach involves storing models in matrix
structures. Despite the aforementioned solutions, the authors decide modifying them for a more
accurate representation and visualization of tree crowns. The new 3D crown models are intended for
accurate tree biomass calculation.

3. Novelty and Contribution

The tree's upper biomass consists of two main parts, the trunk and the crown [58]. The trunk
extends between the soil and the first tree branch, whereas the crown extends between the first tree
branch and the top of the tree. The geometric nature of these two tree parts is completely different.
Despite the high diversity of trunk geometric forms (vertical, slope, twist, single, multi, and forked),
a single trunk cross-section is almost circular, and the tree trunk represents a solid object [58].
Unfortunately, the tree trunk point cloud is not always distinguishable, which is why it is necessary
to assess the tree point cloud in the context of biomass calculation. Concerning the tree crown,
regardless of the tree species, it consists of branches, leaves, and maybe flowers and fruits. Moreover,
the crown envelope is not solid, i.e., it contains voids. Also, the LiDAR point cloud may not cover all
crown elements because some crown elements may play the role of obstacle that can cause occultation
of other crown elements. The point density, both in 2D and 3D, will not be homogeneous due to the
uneven distributed crown elements (leaves and branches) in space.
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Most authors define biomass as the volume of the crown [45,59]. However, this definition is so
vast because it considers the tree crown to be a solid object, which may not be true. Biomass according
to the Food and Agriculture Organization (FAO) is “the total amount of aboveground living organic
matter in trees expressed as oven-dry tons per unit area” [60]. A similar definition is provided by Lin
et al. [61]. It uses oven-dry tons per unit area to eliminate the influence of the voids in the tree crown.
From another viewpoint, there are four main approaches in the literature to calculate the biomass:
global convex hull, convex hull by slices, volume calculation by sections, and rasterization in voxels.
Though the biomass calculation approach based on sections and convex hull by slice minimizes the
overestimation obtained by the global convex hull algorithm, the voxel-based estimation approach
provides the smallest values for volumes and was considered to be the best estimate [59]. Indeed, the
voxel-based method leads to a partial detection of the inner structures and the over detection of the
crown points. Unfortunately, this algorithm does not stop the occultation areas inside the tree crown
generated by leaves and branches. This disadvantage reduces the capacity of the voxel rasterization
approach to calculate canopy volume. Furthermore, in addition to the difficulty of selecting voxel
resolution used to realize the calculation, the higher computational time and memory may be
considered as an additional disadvantage.

Regarding the geometrical difference between the trunk and the crown, the suggested approach
not only uses separate methods to calculate the volume of the crown and the trunk, but it also
minimizes the voids inside the crown by considering a great number of horizontal slices and vertical
cross-sections simultaneously. Moreover, in contrast to the voxel-based approach, the areas with low
point density will be considered. Furthermore, the computational time and memory are minimized
thanks to the use of the matrixial form [57]. All these advantages underline the significance of the
proposed upper biomass calculation algorithm.

4. Datasets

There are two datasets employed in this paper to test the suggested approach. The first was
measured by a static TLS and the second by an ALS. Concerning the TLS dataset, a Z+F IMAGER
5016 3D laser scanner is used to carry out the scan on 25 October 2023 (Queensland, Australia in the
spring). The theoretical point density of the collected point clouds is 4000 points per square meters.
Unfortunately, there is a high rate of duplicated points or overlapped areas due to the scanner setting.
That is why it is necessary to filter the collected point clouds before using them to remove the noisy
and duplicated points.

The second dataset is from the Polish Spatial Data Infrastructure (PSDI). The scan was realized
in March 2018 with a point density of 12 points per square meters. This dataset represents individual
trees of various species as well as genera of deciduous and coniferous trees on the campus of the
University of Warmia and Mazury in Olsztyn, Poland. Lewandowicz and Antolak [62] have adopted
this choice based on a list of dendrological objects in the GIS database created in 2012.

5. Suggested Approach

Figure 6 shows the workflow of the suggested approach. The proposed algorithm starts with
segmenting the tree point cloud into crown and trunk point clouds. Afterward, the volume of each
part is estimated independently using a matrixial format illustration. Finally, the total upper biomass
volume is calculated.
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Figure 6. Flowchart of the suggested algorithm for upper biomass calculation; Gray boxes were developed by
Tarsha Kurdi et al.[58].

It should be noted that the input data of the suggested approach is 3D LiDAR point cloud of a
single tree, where it is supposed that the single tree point cloud is already extracted from the original
point cloud of the scanned scene and filtered by removing all noisy points that don’t belong to the
tree. The input tree consists mainly of crowns. The trunk may present or not according to the
characteristics of the LiDAR point cloud (for example terrestrial or airborne). The final output is the
tree upper biomass.

5.1. Trunk Extraction and Modeling

In the suggested workflow presented in Figure 6, the segmentation of the tree point cloud and
the trunk modeling steps are already presented by Tarsha Kurdi et al. [58] in the context of 3D tree
trunk modeling and visualization (gray boxes in Figure 6) The suggested approach in this paper will
calculate the tree trunk and the tree crown volume separately regarding their different geometrical
nature. That is why the trunk model suggested by Tarsha Kurdi et al. [58] is adopted and used to
calculate the trunk volume.

The proposed algorithm in this paper begins by extracting the trunk point cloud from the input
tree point cloud (Figure 7b). Then, the trunk point cloud is segmented into multiple single-stem point
clouds. The last step calculates a 3D model of each tree stem, which calculates the trunk volume
(Figure 7c). In this context, the tree point cloud is sorted according to the Z coordinate values, whereas
the last four points are ascribed to the trunk section. Afterward, the mean location of the chosen points
is found. Finally, the distance between the selected points and the mean is calculated. Thus, the trunk
radius should be notably smaller than the tree footprint radius. Moreover, the number of points sited
within a trunk horizontal cross-section is smaller than the number of points located within a crown
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cross-section. When a new point is inserted into the upper portion of the trunk, one point from the
lower part of the detected trunk should be eliminated. This procedure makes this algorithm operate
as a slipped cylinder along the trunk.
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Figure 7. Trunk modeling; (a) Tree point cloud; (b) Segmentation of tree point cloud into trunk and crown point
clouds; (c) 3D trunk model.

Once the tree trunk is detected, the trunk point cloud is segmented into different stems where
one tree trunk could consist of one stem or more. For this purpose, the applied hypothesis is that the
highest point of the trunk point cloud has its place only on one stem of the trunk. That is why a
descending sorting of trunk point clouds according to the Z coordinate values is carried out. After
selecting the first stem point, the selection will continue spreading vertically and horizontally. The
chosen points belong to the objective stem when the distances between the neighboring points are
smaller than the distance between two neighboring stems. Finally, the proposed algorithm splits the
tree's single stem using horizontal planes into smaller slices and then models each slice
independently. At this point, the used hypothesis is that a slice can be modeled by a cylinder. In this
context, the extended RANdom SAmple Consensuses (RANSAC) paradigm [63] is applied to detect
the circular arcs from these slices. Finally, the least squares method is applied to fit these circles.

Once the tree trunk is modeled, its volume can be calculated by the volume summation of all
cylinders forming the trunk (Equation 1).

n

Tv=Z7txhi><ri2 ¢))

i=1

where Tv is the total volume of the trunk model, # is the number of cylinders in the trunk model,
hi is the height of the cylinder i, i is the radius of the cylinder .

5.2. Crown Biomass Calculation

To calculate the crown biomass starting from the crown point cloud, the approach suggested by
Tarsha Kurdi et al. [64] and Lewandowicz et al. [65], which is based on using the rotating surface
principle, will be extended. In the last two cited references, one vertical cross-section from the
building point cloud is calculated. Thereafter, the obtained cross-section is rotated around the
rotating axis to generate a rotating surface, where the rotating axis is vertical and passes through the
crown footprint. The same technique is applied by Tarsha Kurdi et al. [64] to calculate the crown
biomass volume. The crown volume in this case will be calculated by the sum of formed frustum of
a cone’s volumes. In this context, this approach was not sufficiently accurate because it supposed that
the tree crown shape is regular and symmetrical, and it was represented by a rotating surface
generated by one tree's vertical cross-section. In fact, the crown point cloud is not distributed
regularly on the tree branches, and the point density is heterogeneous due to the presence of hiding
areas as well as the random shape and distribution of tree branches. To conclude, the above-described
approach may cause unrealistic oversimplification, which was reflected directly in the low accuracy
of the calculated crown volume.
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In this paper, the biomass volume calculation approach is improved by minimizing the
simplification level through using multi-vertical cross-sections instead of only one cross-section. At
this point, it is important to start by calculating the tree crown footprint (Figure 8b). The basic
hypothesis is that the Z axis of the coordinate system is vertical or the XY plane is horizontal. If the
tree point cloud is already georeferenced, this hypothesis is valid. Otherwise, rotations may be
applied on the tree point cloud to guarantee the verticality of the Z axis, which can be completed by
a preprocessing step. Hence, the middle of the bounding envelope of the projected point cloud on the
plane (OXY) (the tree crown footprint) is pointed using the extreme points coordinates, where this
point is named as the footprint gravity center. Thereafter, the maximum distance between the gravity
center point and the footprint points is assigned as the footprint radius [65].

(d) (e) (n

Figure 8. Division of tree footprint into sectors; (a) Tree point cloud; (b) Tree footprint; (c) Division tree footprint
into four sectors; (d) Division one sector into three internal sections; (e) 3D model of one sector in (c); (f) 3D
model of four sectors in (c).

Second, once the tree crown footprint is calculated, the crown footprint is divided into identical
Ns sectors. This operation allows to divide the crown point cloud into Ns separated point clouds,
each of which corresponds to a given sector. In Figure 8c, the tree footprint is divided into four sectors,
where Ns = 4. To realize this division, the angle between the line passing through the given point and
the gravity center is calculated using Equation 2.

Y, -Y, T
0; = arctg (abs(Xi — Xg)> + kE (2)

where X; andY; are the point coordinates, X, and Yjare the of coordinates of the gravity center,
k is a variable that adapts the 6; value according to its location in the circle quarters. In the first
quarter 6; = —6; + %, whereas in the second, third and fourth quarter, k=3, 2 and 1, respectively.

At this stage, each point is described by its three coordinates X;,Y; and Z; in addition to the angle
0;. To divide the crown point cloud according to the supposed number of sectors, the point cloud is
ascending-sorted according to the 6 angle values. Then, the minimum and maximum 6 angle
values for each sector can be assigned. Third, for each crown point, the distance p; between the point
and the gravity center is calculated according to Equation 3.

pi = J(Xi = X)) + (Y; — Y,)? (3)

Fourth, the rotating surface is calculated for each sector point cloud independently. Each sector
has a minimum 6,,;, angle (beginning angle) and a maximum 6,,,, angle (end angle). Between
these two angles, additional Nt internal division angles should be added (Figure 8d). The internal
division plays a major role in enhancing the rotating surface when the used number of sectors is
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small, e.g., Ns=1, 2, or 20 sectors. In this case, the internal division Nt may be supposed equal to 30,
20, or 10. Whereas, the role of internal division Nt decreases when the used number of sectors is great,
e.g., Ns=50, 100, or 150 sectors, where the internal division Nt can be supposed equal to 1, 2, or 3. In
the next section, the applied number of sectors as well as the number of internal divisions will be
discussed in detail because they directly affect the accuracy of biomass calculation.

Fifth, once the number of sectors Ns and the number of internal divisions Nt are assigned, and
the crown point cloud is divided according to the supposed number of sectors, the rotating surface
of each sector is calculated using the matrixial form (Equations 4, 5, and 6).

Xi,j =Xg+pi Xsir19j (4)
Y,; =Y, +p;Xcosb; (5)
Zyj =12 (6)

where X, Y, and Z are the rotation surface matrices (I, J), I is the number of cross-section points (n), J
is the number of internal divisions Nt,i=1ton,j=1to Ns.

At this stage, it is important to note that if there are two or more points in the same cross-section
having the same Z coordinate value, only the point having greater p; is kept, and the other point(s)
are removed. To summarize, one tree point cloud is divided into Ns sector point clouds; and for each
sector point cloud, three matrices X, Y, and Z are calculated to represent a rotating surface. Figure 8e
shows the rotating surface of one sector point cloud, whereas Figure 8f shows the complete rotating
surfaces of the crown point cloud illustrated in Figure 8a. Figure 9 shows the visualization of the
individual sector point clouds model in addition to the complete crown point cloud model, where
the model presented in this Figure is of the same tree presented in Figure 8.

(d)

Figure 9. Visualization of a sector point cloud model. The tree crown is divided into four sectors with (a), (b),
(c), and (d) for individual sector models, and (e) for the complete crown model.

Finally, the complete tree crown model consists of a list of rotating surfaces, each of which is
calculated starting from one division sector point cloud. Since one rotating surface is composed of a
list of consecutive frustums of cones, its volume can be calculated by the summation of all frustums
of cones forming the crown sector. The crown volume is the summation of rotating surfaces of all
sectors (Equation 7).
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BMV = o> hoy X (RE + Ry X Ry + Ry ) ()
T=1i=2

where Ns is the number of division sectors, n is the number of rows in matrices presented in
Equations 4, 5, and 6, h;; is the height of frustums of cone sector number i of sector number j; R; ;is
the radius of lower base of frustums of the cone sector number i in sector number j; R;_; ;is the radius
of upper base of frustums of the cone sector number i of sector number ;.

6. Discussion

As mentioned in Section 5.2, the proposed approach of calculating the crown biomass volume
suggests dividing the crown point clouds into several sectors and then modeling each sector point
cloud independently. When the number of sectors increases, the crown biomass volume becomes
more accurate. One question arises at this stage: what is the minimum number of sectors that provides
satisfactorily accurate biomass value? To respond to this question, the crown biomass volume is
calculated for a variant number of sectors as shown in Figure 10.
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Number of division sectors (Ns)

Figure 10. Crown biomass volume (m?) for different number of sectors. This curve is calculated for the tree
presented in Figure 8.

From Figures 10 and 11 calculated for the tree crown illustrated in Figure 8, it can be noted that
when the number of sectors increases, the crown biomass volume decreases. Indeed, the
simplification level for calculating the crown volume decreases and the biomass volume value
becomes more accurate and reflects more of the ground truth. Also, when the number of sectors
increases, the difference between neighboring crown volume values decreases, and the curve flatness
in Figure 10 increases. Moreover, the crown volume difference is almost doubled between the case of
Ns=1 sector and Ns= 90 sector.

For Figure 10, it can be noted that when the number of division sectors increases (Figure 11e and
11f), the tree crown model will look more similar to the tree's geometric form (Figure 8a). Otherwise,
when the number of sectors decreases (Figure 11a, 11b, and 11c), the similarity between the tree crown
model and the tree geometric form (Figure 8a) will become low.
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Figure 11. Three-dimensional models of a tree crown using different numbers of vertical cross-sections (Ns); (a)
Ns =1; (b) Ns =2; (c) Ns =4; (d) Ns =10; (e) Ns = 40; (f) Ns = 80; These models are calculated for the same tree
point cloud shown in Figure 8.

As the tree crown geometry is discontinuous because it consists of branches and leaves, the
biomass calculation algorithm should minimize the inner void volume. When the considered void
volume is reduced, the calculation will become more accurate. The suggested approach in the paper
reduces such potential estimation errors in the horizontal slices by using a large number of rows in
the calculated matrices (Equations 4, 5, and 6). Similarly, it reduces the void spaces in the vertical
cross-sections by using a greater number of division sectors. However, there is a question about the
best number of division sectors, which still needs to be determined. Of course, the number of division
sectors may be estimated regarding the tree crown dimensions in addition to the point density. For
the same point density, when one tree crown is bigger than another tree crown, the number of
division sectors for the bigger tree should be greater than the smaller tree. The same concept can be
applied to the point density, i.e., for one tree scanned two times with different point densities, the
one with a higher point density needs a greater number of division sectors.

In Figure 12, a bounding envelope circle of the crown footprint is shown. The center of this circle
is the crown footprint gravity center, and its radius equals the footprint radius (see Section 5.2). The
angle @ may represent the best sector size when the length of the arc ab equals two times the mean
distance separating two neighboring points (meandis) (Equations 8 [66] and 9). This hypothesis is
adopted because it is supposed that one sector should contain at least two neighboring points situated
on the arc ab when the points are regularly distributed.

1

meanys = e 8)

ab = 2 X meang; 9)
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Figure 12. Calculation of best sector angle («); A bounding envelope circle of tree crown footprint.

To calculate the meanudis, it is unadvised to use the theoretical point density provided by the
scanning company because this point cloud may contain a considerable number of duplicated points
[67]. For this purpose, the tree crown point cloud should first be filtered, and all duplicated points
must be removed. Thereafter, the number of crown points is divided by the bounding envelope of
the circler area. In this case, the obtained point density will be more realistic. Thus, the application of
Equations 8 and 9 allows obtaining the distance length ab (Figure 12), supposing that the arc length
is similar to the straight length attaching the points “a” and “b” (Equation 10). From the arc ab length
and the circle radius R values, the angle a can be calculated (Equation 11). Once the angle « is
calculated, the number of sectors (Ns) can be deduced (Equation 12).

meany;s = % (10)
Vi
(raa = = (11)

Ns =2X+nXm (12)

where n is the number of crown points after filtering, R is the radius of the bounding envelope
circle of tree crown footprint.

At this stage, it is important to note that the crown point cloud is filtered only to calculate the
number of division sectors. For calculating the BioMass Volume (BMV), it can be employed without
filtering. However, it can be noted from Equation 12 that the number of division sectors is related
only to the number of crown points after filtering and removing the duplicate points. As an example,
for the tree shown in Figure 8, R= 9.4 m, meandis = 0.2 m, the original number of points is 5754, the
number of points after filtering is1926 points, Ns = 155 sectors. BMV = 211.9 m3. Finally, the flat long
tail of the curve shown in Figure 10 happens when the number of points of the crown point cloud is
huge, which is the case when static terrestrial laser scanning is used. In this example, the obtained
number of sectors is more than 360 sectors, and we then can accept Ns value equal to 300.

7. Accuracy Analysis

To assess the accuracy of the suggested approach for calculating a tree's upper biomass volume,
two ways are used. First, the obtained results by the suggested approach are compared with two
other methods, the voxelization of tree point cloud and convex hull. Second, the tree model used to
calculate the upper biomass volume will be compared with the constricted tree model with the point
cloud as a reference model.

Figure 13 illustrates the difference between the tree models constructed by the proposed
algorithm, the voxelization of the tree point cloud, and the convex hull approach. It can be noted that
the convex hull model (Figure 13c) dislikes the actual tree geometry, which is why the values of
biomass volume shown in Figure 14 are much greater than the other two algorithms. Moreover,
despite the similarity of the tree model calculated by the voxelization approach with the actual tree
geometry (Figure 13d), this algorithm neglects the hidden areas (voids) in the tree crown and handles
the tree crown and trunk in the same way (Figure 13d). Also, the problem of determination of voxel
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resolution may play a major role in obtaining an overestimation of the biomass volume as shown in
Figure 14. The volume overestimation can take minimum values such as Tree number 26 or maximum
values such as Tree number 28 in Figure 14. In contrast, the suggested approach constructs a 3D tree
model by considering the crucial difference in geometric form between the crown and the trunk. The
division of the tree point clouds into sectors not only allows for an accurate simulation of the tree
geometry, but also helps to reduce the biomass overestimation by avoiding the void spaces in the tree
model (Figure 13b). That is why most of the tested tree samples in Figure 14 provide minimum
biomass volume using the suggested approach. To conclude, Figure 10 shows that the proposed
algorithm minimizes the tree biomass overestimation regarding the two other compared approaches.

o8

(a) (b) (©) (d)

Figure 13. Tree models for calculating upper biomass; (a) Tree point cloud; (b) Tree model from this study; (c)
Convex hull tree model; (d) Voxel tree model.
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Figure 14. Comparison of upper biomass volume calculated by three approaches: this study, voxelization, and
convex hull.

To assess the accuracy of the estimated biomass, we visualize the superimposition of tree point
clouds on the constructed tree model developed in this paper (Figure 10), where the former is used
as a reference [68,69]. It can be noted that the constructed 3D tree crown model fits the point cloud
accurately because this model was calculated to pass through all crown points. Otherwise, the trunk
model may have deviations from the trunk point cloud of about 5.6 cm [58]. Indeed, these deviations
are due to fitting the cylinders composed of the trunk body. Nevertheless, the fact that using two
different modeling approaches to model the crown and the trunk plays an important role in
increasing the calculation accuracy of the upper biomass volume.
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Figure 10. Superimpose of tree point cloud on the derived tree model. (a) Tree point cloud; (b) Point cloud laying
on tree model for biomass calculation; the colours in (a) are calculated as a function of the Z coordinate values;
the red circles in (b) represent the LiDAR points.

Finally, it is unavoidable that the accuracy of the biomass volume calculation is related to the
accuracy of the suggested tree model. Hence, one tree model consists of matrices of cells linked
through robust neighbor relationships. To examine the accuracy of a tree model, the approach
suggested by Tarsha Kurdi et al. [57] is applied. This method uses the mean cell dimensions as an
evaluation metric. The cell dimensions are the Cell Width (Cw) and the Cell Height (Cu). Moreover,
the Relative Absolute Errors (RAE) of Cr and Cw are calculated where the mean CH is divided by the
tree height (Ht) and the mean Cw is divided by the tree footprint perimeter (Per). In this context, the
first five trees in Figure 10 are selected.

To carry out this calculation, it is supposed that all sectors’ matrices are merged into one matrix.
The number of columns of this matrix is related to the number of division sectors. Furthermore, the
Cw value is related to the number of columns in addition to the distance from the tree footprint gravity
center. Apparently, when the number of columns of the crown model matrices increases, the cell
width will decrease. Furthermore, Cw and Cu values may change from one point to another in the
tree model. Indeed, for each tree model, the minimum, maximum, and mean values of Cw and Ch are
estimated (Table 1). However, Cw and Cu cannot explicit the accuracy of the cell position within the
calculated tree model. One LiDAR point is hypothetical to be placed in the cell center, but in practice,
it may be situated everywhere inside the cell. Finally, the values of Table 1 confirm the high accuracy
of calculated tree models, and as a consequence, the high accuracy of the calculated crown biomass.

Table 1. Accuracy of the tree models using matrix cell dimensions.

Tree width Tree height
Tree Min Max Cw | Mean Cw | Cyy x 100 | Min Cu | Max Cu | Mean CHx100
n° Cw (m) | (m) (m) Per | (m) (m) Cii (m) e
1 0.01 0.29 0.15 0.28 0.01 0.02 0.01 0.01
2 0.01 0.49 0.22 0.27 0.01 0.27 0.02 0.00
3 0.01 0.23 0.11 0.27 0.01 0.04 0.01 0.01
4 0.01 0.42 0.15 0.23 0.01 0.01 0.01 0.00
5 0.01 0.14 0.07 0.29 0.01 0.08 0.01 0.00

Per: is the footprint perimeter; Ht is the tree height.

8. Conclusions

Calculating a tree's upper biomass volume represents a great challenge in the literature because
the tree crown geometries are complicated. That is why most of the previously suggested approaches
suffered from limitations, especially regarding the overestimation issue.
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The suggested approach in this paper modeled the trunk and the crown using two distinguished
approaches regarding their different geometric nature. The trunk modeling algorithm considers the
finest available trunk geometrical form, which is why it segments the trunk point cloud into single
stems. Afterward, each stem is divided into slices, modeled later by cylinders. On the other hand, the
crown point cloud is segmented horizontally and vertically to reduce the effect of the void spaces in
the point cloud for volume estimation.

The high accuracy of the suggested approach and the result of comparison to the previously
reported methods in the literature confirmed the efficacity of the proposed biomass volume
estimation method. Unfortunately, some limitations are still present, such as the sensitivity of the
trunk modeling method, where the extended RANSAC paradigm sometimes does not provide
faithful results for detecting circler arcs. Moreover, the heterogenetic distribution of LiDAR points
may produce errors in biomass volume estimation. All these limitations present research questions
for future work. Finally, it is necessary to further test the proposed algorithm with wide datasets,
such as Unmanned Arial Vehicle (UAV) LiDAR data and Simultaneous Localization And Mapping
(SLAM) data.
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