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Abstract: A tree skeleton reflects the geometric and structural characteristics of a tree. Terrestrial
laser scanning (TLS) provides an effective means to construct tree skeletons that can capture the
surface and topological features of trees. However, it is difficult to construct a tree skeleton located at
the geometric centre of the tree with a detailed hierarchy of branches because of the natural intricate
topology of the tree and the defects of the tree point cloud scanned by TLS. In this study, we presented
a tree-skeletonization method based on density-based spatial clustering of applications with noise
(DBSCAN) using TLS data. First, outliers were removed using DBSCAN, and the point-traversal
order of each point was recorded. Next, a tree point cloud was divided into several tree slices using
contour planes, and several tree segments were obtained by applying DBSCAN to each tree slice. Tree
skeleton points were retrieved from each tree segment after the point-inversion transformation. Then,
the adjacent relationship between skeleton points and the flow weight of each skeleton point was
calculated based on the point-traversal order. After that, the skeleton points were classified into stems
and different levels of branch points using the flow weights of the skeleton points, and the branch
hierarchies were identified. Finally, the tree skeleton was optimized using the angle consistency.
The positional deviation d,, and directivity deviation d; were presented in this study to verify the
validity of the constructed tree skeleton. From the visualization results, the constructed tree skeleton
effectively reflected the geometrical structure and branch hierarchies of the tree. The averages of d,
and d; were 0.418 cm and 8.474 degrees, respectively. The results demonstrated the validity of the
presented method. It will help improve the visualization and accurate measurement of trees.

Keywords: TLS; tree skeleton; DBSCAN; stem; branch; branch hierarchy

1. Introduction
1.1. Background

Trees are common and vital objects with complex geometric structures in the natural
environment. Tree geometry modelling is beneficial to related fields, such as tree modelling
for parameter retrieval in forest inventory [1,2], tree morphology representation in computer
graphics, and digital urban planning management [3,4]. A tree skeleton is a kind of tree
geometry model that is usually represented by points and line segments connecting the
points. It represents the topology and geometry of a tree [5] and contains the essential data
for three-dimensional (3D) tree model reconstruction with interconnected 3D geometries [6].
Tree skeletonization has attracted the attention of many researchers because of its simplicity
and effectiveness. However, it is a challenge to construct a tree skeleton consistent with the
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actual geometry and composition of the tree, as the tree and its branches have naturally
complex topologies [4,7].

In recent years, terrestrial laser scanning (TLS) can be used to obtain 3D geometric
data of an object’s surface and can store the data as a point cloud. As a millimetre-level
measurement tool, TLS can provide an accurate approach for nondestructively acquiring
3D tree structural attributes [8,9], which opens up the possibility of constructing detailed
tree skeleton models. However, due to the complexity of the tree geometry structure and
the defects of the tree point cloud scanned with TLS, most of the existing methods focus
on the geometric topological structure of the tree and do not consider the composition
characteristics of the tree. In this study, we focus on these two aspects and present a
tree-skeletonization method that can construct an accurate tree skeleton with detailed
composition information.

1.2. Related Work

Many studies have focused on the construction of tree skeletons using TLS data.
Ref. [10] optimized a branch-structure graph similar to an input point cloud to represent a
tree skeleton. Ref. [11] segmented the cylindrical components and ramified regions based
on the variational k-means clustering algorithm and then extracted a skeleton based on
an adjacency graph built from the neighbourhood information of the components. Finally,
a B-spline surface representation was used to represent the tree. Ref. [12] reduced the
tree graph extracted from an octree organization of a tree point cloud to the tree skeleton.
Ref. [13] segmented the tree branches and estimated the tree skeleton vertices based on
the estimated neighbour domain and normal vector and then used a single-source path
to construct a skeleton graph of tree skeleton vertices. The smoothing tree curve skeleton
was obtained by utilizing the cubic Hermite curves. Ref. [14] trained a neural network to
generate a series of cylinders to represent the tree geometry under the assumption that the
local shape of branches is cylindrical. Ref. [4] first contracted 3D tree-shaped point clouds
to a graph as an initial skeleton by minimizing the sum of the graph geodesic distances of
the k-nearest geodesic neighbours and a topology term for preventing point clouds from
shrinking in the local principal direction. They then connected the skeleton points using the
confidence of the distance and the included angle of the principal directions. Ref. [5] filtered
noise and identified bifurcations using density-based spatial clustering of applications with
noise (DBSCAN) and then extracted a tree skeleton using space colonization. Ref. [15]
presented a fast tree skeleton extraction method that improved the skeleton connectivity
and completeness with a breakpoint connection after extracting a raw tree skeleton using
tree voxel thinning. The above studies achieved satisfactory results; however, there are
some issues worthy of attention, such as the centre location of skeleton points, the category
of skeleton points, and branch-level category determination.

The difficulty of tree skeletonization lies not only in the complexity of tree topology
but also in the defects of the tree point clouds scanned with TLS. The mutual occlusion
of branches and leaves makes the tree point cloud uneven, incomplete, and noisy. The
complexity of the tree topology and the defects of the tree point cloud are exactly where
the advantages of the DBSCAN algorithm can be exerted. In this study, we present a tree
skeletonization method using DBSCAN to extract tree skeletons, which are represented by
points and line segments with category labels. The specific objectives are (1) to accurately
calculate tree skeleton points using the inner points of a tree, (2) to classify skeleton points
and to identify the branch hierarchies of a tree, (3) to construct a tree skeleton located at
the geometrical centre with detailed branch hierarchy information, and (4) to present the
positional deviation and directivity deviation for evaluating a tree skeleton in the absence
of ground truth.
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2. Materials and Methods
2.1. Field Data Collection and Processing

Scanning was performed in a planted poplar plantation plot in Luoshan County, Henan
Province, China. The trees were scanned from nine TLS stations (stand centre, four cor-
ners, and centre of each border) using FARO X330. The scan quality was 4x (a scanning
parameter of the FARO TLS scanner), the scan speed was 122 kpts/s, the point spacing was
6.136 mm at 10 m, and reference spheres were used for registration. Point cloud registration
was performed using FARO Scene software (Figure 1). Afterwards, the tree points were
extracted according to the continuity of the stem in the vertical direction [16]. Ten trees
were extracted from the scanned plot, and their average stem diameter at breast height was
19.29 cm.

Figure 1. 2D and 3D views in FARO Scene software of a scanning station using FARO X330. (a) 2D
view. (b) 3D view.

The presented method was implemented using C++ with the Point Cloud Library [17],
Qt and VTK. The experimental results were obtained on a computer with Intel i7-8700K,
3.70 GHz CPU, 32 GB memory, and a 64-bit Windows 10 operating system.

2.2. DBSCAN

The core idea of DBSCAN [18] is that a point belongs to a cluster if it is close to many
points of that cluster. Two points are considered neighbours if the distance between them
is less than or equal to eps, and minPts specifies the minimum number of points to define
a cluster. A core point is a point that has at least minPts points (including itself) in its
neighbourhood based on eps. A border point is a point reachable from a core point and
that has fewer than minPts points in its neighbourhood. A point is noise if it is not a core
point and not reachable from any core points.

Each point needs to be traversed to calculate the number of neighbouring points in
the process of clustering. After a point has been traversed, its neighbourhood points can be
traversed to complete the discovery of a cluster. In this study, the point-traversal order is
calculated as follows. Once a point is directly traversed, that is, not from the neighbours
of other points, its predecessor is itself. Moreover, the predecessor of its neighbour point
whose predecessor has not been set is the current point. For example, in Figure 2, if point A
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is first traversed, that is, directly traversed, the predecessor of A is A, and the predecessor
of C, D, and E is A. When D is traversed, the predecessor of C, A, and E remains unchanged,
and the predecessor of F is D.

Figure 2. The diagram of DBSCAN clustering. The blue points are the core points. The yellow point
is a border point. The red point is noise. The black circles represent the neighbourhoods of points.
Here, minPts is 3.

2.3. Tree-Skeletonization Method
2.3.1. Outlier Removal and Recorded Traversal Order

Due to mutual occlusion and breeze disturbances, a tree point cloud scanned with
TLS has the following defects: the density of the tree point cloud is very uneven, outliers
are distributed throughout the tree point cloud, and some discontinuous points exist in
the tree point cloud. To eliminate these effects, outliers and discontinuous points were first
removed using DBSCAN.

The tree point cloud was clustered using DBSCAN with the parameters eps and minPts
using a bottom-up approach. Clustering started from the lowest point of the Z axis and
gradually expanded in ascending order of the Z axis. In the clustering process, the point-
traversal order of each point was recorded. The cluster with the largest number of points
was chosen as the major tree point cloud and the other clusters and noise were removed.

2.3.2. Tree Slice and Segment Generation

In this study, the tree skeleton points were mainly obtained from tree segments, which
were the clustering result from tree slicing applied to the major tree point cloud.

Tree slicing is similar to the stem slice partitioning in [19]. In this study, each tree slice
is formed by two contour planes, and the distance between the two planes is & cm. Then, m
(Formula (1)) tree slices are obtained (Figure 3a), and each tree slice contains one region or
several unconnected regions (Figure 3b). Then, each tree slice is clustered using DBSCAN
with parameters eps and minPts. In the clustering result, a slice consists of several clusters
and noise, and a cluster is a tree segment (Figure 3c).

_ (Zmax ; Zmin-| 1)

where z;4, and zy,;, are the maximum and minimum values of the z-axis of the major tree
point cloud, respectively.
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Figure 3. Diagrams of the tree-slice partitioning and DBSCAN results for a tree slice. (a) Partial view
of a major tree point after tree slice partitioning; adjacent slices are shown in different colours. (b) Top
view of a tree slice. (c) Top view of the clustering result of the tree slice in (b) from DBSCAN; different
clusters are shown in different colours, and noise is shown in red.

2.3.3. Tree Skeleton Point Calculation with Point-Inversion Transformations

Each tree segment represents a component of the tree. Therefore, each tree segment
is abstracted to a tree skeleton point. Similar to the geometric central point calculation
in [20], a tree skeleton point of each tree segment is the centroid of the convex polygon that
is formed from the planar projection point set, which is the resultant point set of the tree
segment points projecting onto its lower contour plane. However, the irregular shape of
the tree segment at the joint part of the stem and the branch causes a positional deviation
of the centroid point of the polygon. The tree segment in Figure 4b is the segment coloured
yellow in Figure 3c. The centroid of the stem segment in Figure 4b is not in the centre of the
stem due to the influence of branch points.

5 10
X (cm)

15 0 5 10 15 0 5 10 15 0 5 10 15
X (cm) X (cm) X (cm)

Figure 4. Diagrams of the point-inversion transformation and the centroid calculation before and
after the point-inversion transformation. The black points represent tree segment points, the red
points represent points found using the inversion transformation, the blue lines represent polygons,
and the green and blue diamond points represent the centroid of the polygon before and after the
point-inversion transformation, respectively. (a) Diagram of the point-inversion transformation. p'
is the inversion-transformed point of point p and the centre and radius of inversion are o and r,
respectively. (b) Centroid calculation directly based on the convex polygon formed by tree segment
points. (c) Tree segment points, corresponding inversion-transformed points, and their corresponding
polygons. (d) Tree segment points and the polygon of tree segment points corresponding to the
convex hull points of transformed points.
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Naturally, a point closer to the centre of the tree segment is preferred as a skeleton
point. To ensure that a point close to the centre is used, the point-inversion transformation
is used in this study. For a tree segment stem point set P, the centre of inversion o is
the centroid of the convex polygon of the tree segment stem point set, and the radius of
inversion r is the radius of the tree segment calculated by the closure Bézier curve fitting
with global convexity [21]. The inverse of point p is the unique point p, on the ray starting
from o and passing through p and it satisfies Formula (2).

op-op =1’ @)

Then, the inverse point set P’ of P is obtained (denoted by red points in Figure 4c), and the
convex hull points of the inverse point set P’ are calculated. According to the corresponding
relationship between P and P', several points in P corresponding to the convex hull points
of P’ are chosen and used to form a polygon (denoted by the blue polygon in Figure 4d).
The centroid of the polygon is the tree skeleton point in this study (denoted by the blue
diamond point in Figure 4d). It is obvious that the centroid after the point-inversion
transformation is closer to the centre of the segment than the centroid before the point-
inversion transformation.

2.3.4. Adjacent Relationship Construction

According to the point-traversal order of the major tree point set extracted in Section 2.3.1,
the adjacent relationship between tree skeleton points can be easily extracted by voting. If
the predecessor points of most points in tree segment S are in tree segment S, the parent
of Sy is Sy, that is, the parent of the skeleton point of Sy is the skeleton point of S;. Based
on this, the adjacent relationships between tree skeleton points, that is, the parent—child
relationships, are constructed. Obviously, a skeleton point has only one parent and at least
one child. The bottom-up approach of major tree point set extraction ensures the integrity
and correctness of the constructed adjacent relationship.

2.3.5. Skeleton Point Classification and Branch Hierarchy Identification

After adjacent relationship construction, the flow weights of the tree skeleton points
are calculated as follows. The flow weight of a skeleton point is the sum of the number of
its children and the sum of the flow weights of all its children. If a skeleton point has no
child, the flow weight of the skeleton point is zero (as shown in Figure 5).

Figure 5. Diagram of skeleton-point classification, branch hierarchy recognition, and the included
angle of the skeleton points. The numbers are the flow weights of the points. Black, blue, and green
represent stem skeleton points and first-level and second-level branch points, respectively. The
black, blue, and green lines represent the stem skeleton and first-level and second-level branches,
respectively. The included angle at point B is the angle formed by points A, B, and C.
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Obviously, the point with the largest flow weight must be the lowest tree skeleton
point, i.e., the root point of the constructed tree skeleton. From the root, the point type of a
point, i.e., a stem skeleton point or branch skeleton point, is classified as follows. If a point
has only one child, the type of the child is equal to the type of the point. If a point has more
than one child, the type of the child whose weight is closest to the weight of the point is
equal to the type of the point, and the types of all the other children are equal to the point’s
type plus one (the type of the stem skeleton point plus one is the type of the first-level
branch point, the type of the first-level branch point plus one is the type of the secondary
branch point, and so on). If the weights of the two children points are the same and both
are closest to the parent’s weight, a child is selected so that the angle formed by the child’s
growth direction and the parent’s growth direction is the smallest, the selected child’s point
type is equal to its parent’s point type, and the point types of all the other children are
equal to its parent’s point type plus one. The growth direction of a tree skeleton point here
is a vector formed by its coordinate minus its parental coordinate.

Based on the point type of a point, the procedure of branch hierarchy identification is
as follows. The skeleton lines connected with stem skeleton points are the stem skeleton,
the skeleton lines connected with a stem skeleton point and a first-level branch point or
connected with first-level branch points are the first-level branch, and so on (Figure 5).

2.3.6. Tree Skeleton Optimization

Affected by missing TLS data, especially in the middle and upper regions of the tree,
the calculated skeleton point may deviate from the centre of the stem segment (as shown by
the black skeleton lines of the tree-slice index of 166 and 167 in Figure 6a). Furthermore, the
joints of the stem and first-level branches are usually in the same cluster. This causes the
direction between the stem and first-level branches to be inaccurate (denoted by the yellow
skeleton lines of the slice index of 164, 167, 169 and 172 in Figure 6a). Therefore, some
tree skeleton points need to be optimized to ensure angle consistency. In this study, the
optimization consists of three processes in turn: position optimization of the stem skeleton
point, position optimization of the joint point between the stem and first-level branches,
and position optimization of the branch skeleton point.

@ 7 (b)

68 =

s
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85
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Figure 6. Diagrams of tree skeleton optimization. The lines represent the constructed tree skeleton;
different branch hierarchies are represented by different colours. (a) The unoptimized tree skeleton.
(b) The optimized tree skeleton. The yellow points represent the selected points for the position
optimization of the joint point.

The aim of position optimization of the stem skeleton point is for the stem growth
direction calculated by the constructed stem skeleton to be consistent with the actual stem
growth direction. If the included angle at a stem skeleton point (the three points involved
in the calculation are the stem skeleton points, as denoted by ZABC in Figure 5) is smaller
than 165 degrees, the stem skeleton point needs to be repositioned to match the actual
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growth direction. According to the relative stability of the growth direction of the stem for a
small length (no larger than 30 cm in this study), the new position was along the local stem
growth direction and at a distance / cm from its parent stem skeleton point. The local stem
growth direction is calculated from the k consecutive ancestors of the repositioned stem
skeleton point using principal component analysis (PCA) [19]. This optimization approach
is a bottom-up approach, which can ensure the correctness of the stem growth direction.

The aim of position optimization of the joint point is to make the angle between
the stem and a first-level branch from the constructed tree skeleton consistent with the
actual angle between the stem points and points of the first-level branch. Based on the
adjacent relationship construction in Section 2.3.4, the joint point between the stem and a
first-level branch is a stem skeleton point. The growth direction of a first-level branch is the
eigenvector corresponding to the largest eigenvalue using PCA for selected points with a
distance of & cm from the first point of the first-level branch (represented by yellow points
in Figure 6b). The new position of the joint point is in the stem skeleton for which the angle
between the growth direction of the first-level branch and the vector (the first point of the
first-level branch minus the repositioned joint point) is the smallest. This optimization
approach is a bottom-up approach and is executed after position optimization of the stem
skeleton point.

The aim of position optimization of the branch skeleton point is the same as that of
stem skeleton point optimization. Branches have more complex geometries than stems,
and branches may have relatively large bends in a short segment, especially in the last-level
branches. For a branch skeleton point, if its included angle (denoted by ZDEF in Figure 5)
is less than 120 degrees and the absolute value of the difference between its included angle
and its parent’s included angle is larger than 60 degrees, the position of the branch skeleton
point is optimized, and the optimization approach is the same as the position-optimization
approach for the stem skeleton point.

Based on the above, a flowchart of the presented tree-skeletonization method is shown
in Figure 7.

Tree Point Cloud

v
DBScan > Outliers
Maj Tv Poi
ajor Tree Point Weight of Tree
Cloud Skeleton Points
7
Stem Slices Partitioning Skeleton points classification
v v
Tree Sli Classification of
ree Shices Tree Skeleton Points
v
Branch Hierarchy
DBScan Identification
v v
Tree Segements Branch Level
_ v
Tree Skeleto.n Point Tree Skeleton Optimazation
Calculation
v
Tree Slfeleton Tree Skeleton with
Powts detailed branch
Adjacent relationship hierarchy information
construction

Figure 7. Flowchart of the presented tree-skeletonization method.

2.4. Assessment Indices

For artificially synthetic tree point clouds with a ground-truth skeleton, the Hausdorff
distance [22] and the Chamfer distance [23], which are calculated between the extracted
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tree skeleton and the ground-truth tree skeleton, can be used to perform quantitative
assessments. However, the ground-truth tree skeleton is unknown, as the tree point cloud
is scanned using TLS in this study. The root mean square error (RMSE) and R? of the
branch angle, tree skeleton length, and branch length are used to quantitatively assess the
accuracy of the skeleton [5]. However, the height of the branch is more than 10 m in this
study, and it is difficult to measure the branch angle and branch length at this height for
standing trees.

The extracted tree skeleton should be located at the centre of the tree point cloud,
and the direction between two adjacent tree skeleton points should be consistent with
the growth direction of the current tree part: stem or branch. Therefore, the two indices
are presented to evaluate the accuracy of the extracted tree skeleton in this study. (a) The
positional deviation dj, of the tree skeleton (Formula (3)) is the distance between the median
point of two adjacent tree skeleton points p; and p;;1 and the centroid of the constructed
tree segment p; ., which is between the two planes formed by the two adjacent tree skeleton
points with its direction (denoted by the zone between the two dotted lines in Figure 8).
(b) The directivity deviation d; of the tree skeleton (Formula (4)) is the included angle
pi+1 — pi between the direction of the two adjacent tree skeleton points p; and p; 1 (denoted
by the black arrows in Figure 8) and the growth direction of the constructed tree segment
Pig- It is obvious that the smaller the location deviation and the direction deviation are, the
higher the accuracy of the extracted tree skeleton.

dy = PP | ®)

dg =< piy1 — Pi,Pig > 4

In this study, the difference dy between the tree skeleton height and the tree point cloud
height and the maximum, minimum, and average of d, and d; are used as quantitative
assessments for a constructed tree skeleton. Then, the maximum maxgq,, minimum mindp,
and average avgy, of dp and the maximum max;,, minimum min,,, and average avg,, of dy
for all constructed tree skeletons are used to evaluate the performance of the presented tree-
skeletonization method in this study. The growth direction of the constructed tree segment
is calculated using PCA, which is closely related to the point distribution. Therefore, the
two indices dj, and d; are calculated based on the tree skeleton points that have only one
child skeleton point.

Figure 8. Diagrams of the accuracy evaluation. The round points represent tree skeleton points. The
diamond points A and B represent the median points of two adjacent tree skeleton points. The zone
between the two dotted lines around the diamond points represents the constructed tree segment.
The black arrows represent the direction calculated by the two adjacent tree skeleton points.
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3. Results
3.1. Results of the Constructed Tree Skeleton with Four Groups of Parameter Values

There are four parameters in the presented method: eps and minPts for the DBSCAN
method, & for tree slicing, and k for local stem growth direction calculation. The more tree
skeleton points there are, the finer the tree skeleton. In this study, a tree segment generates
a skeleton point. In other words, the smaller the value of / is, the denser the skeleton
points. Tree skeleton optimization is based on the local growth direction of the tree using
PCA, which requires at least three skeleton points. Furthermore, the calculation of the
local growth direction should be calculated on a tree segment whose length is not greater
than 30 cm. This means that k > 3 and the value of k x h should be less than 30 cm in
this study. The purpose of the DBSCAN algorithm is to cluster and determine the order
relationship between points. For a tree point cloud, the values of eps and minPts should
maximize the number of major tree point clouds and should be constant. In this study, four
group parameters of & and k were used for the experiments. The numerical results of the
assessment indices are shown in Table 1. The average values of the assessment indices are
shown in Table 2. The visualization effects of the four groups of parameters of a tree point
cloud are shown in Figures 9 and 10.
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Figure 9. Diagrams of a tree skeleton constructed from tree point cloud 0213 with eps = 1 cm and
minPts = 6. (a) The tree point cloud. (b) The tree skeleton with # =2 cm and k = 10. (c) The tree
skeleton with 1 = 3 cm and k = 8. (d) The tree skeleton with i =5 cm and k = 5. (e) The tree skeleton
with i = 8 cm and k = 3. The magenta points represent stem skeleton points. The black, blue, green,
and red lines represent the stem and first-, second-, and third-level branches, respectively.

According to Tables 1 and 2, the number of skeleton points increases as I decreases,
i.e., the parameter h can control the fineness of the tree skeleton. The height error between
the tree height and skeleton height decreases as h decreases. The maximum, minimum,
and average values of the height error are 0.119, 0.016, and 0.053 metres, respectively.
This demonstrates that the height of the constructed tree skeleton is close to the height
of the tree point cloud. The assessment index values based on d; demonstrate that most
of the tree skeleton points are very close to the centre points, there is indeed a certain
degree of deviation between the skeleton point and the geometric centre point of the tree,
and the deviation is not significantly affected by the parameters, which are related to the
geometric topology of the tree. The assessment index values based on d, demonstrate
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that there is an angular deviation between the local growth direction calculated from
the skeleton and the local growth direction calculated from the tree point cloud, and the
angular deviation tends to increase as h decreases. The values of max,, are approximately
50 degrees, and most of the values of avg,, are below 10 degrees, which means that there
are few large angular deviations. The average height error and avg,, increase as h increases,
and there is no obvious relationship between the other indices and /. Based on the above,
although the maximum values of d; and d,, are slightly high, the average values of d; and
d, are satisfactory.

From Figure 9, the constructed tree skeletons with different parameters are almost
replicas of the tree point cloud and can effectively reflect the geometric structure character-
istics of the tree point cloud. The difference is that the smaller & is, the denser the skeleton
points and the richer the details.

From Figure 10, the partially enlarged views clearly show the effect of different
parameters on skeleton construction. The rich details are reflected not only in the additional
branch skeletons, but also in the more delicate shapes of the branches. The number of
skeleton points decreases as & increases, and the complexity of the displayed tree structure
is weakened. Notably, the more skeleton points there are, the less smooth the tree skeleton,
and the larger the included angle. This is consistent with the numerical results that the
angle deviation tends to increase as 1 decreases. Based on the above results, the presented
tree-skeletonization method can control the density of skeleton points through parameters,
thereby controlling the output quality of the skeleton. However, this does not mean that
the more skeleton points there are, the better the tree skeleton quality.
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Figure 10. Partial enlarged views of the constructed tree skeleton in Figure 9. (a) Partial enlarged
tree point cloud. (b) Partial enlarged tree skeleton with # =2 cm and k = 10. (c) Partial enlarged
tree skeleton with & = 3 cm and k = 8. (d) Partial enlarged tree skeleton with & =5 ¢cm and k = 5.
(e) Partial enlarged tree skeleton with 1 = 8 cm and k = 3. The magenta points represent stem skeleton
points. The black, blue, green, and red lines represent the stem and first-, second-, and third-level
branches, respectively.
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Table 1. Numerical result for ten trees with four group parameters.

Tree Tree Height Point eps minPts K Skeleton Skeleton Point Num- Height Error max;, ming, avgg, maxg, mindp avgg,
ID (m) Number (cm) (cm) Height (m) ber (m) (cm) (cm) (cm) (o) (0) (0)
8 3 15.829 3473 0.099 4211 0.017 0.429 50.346 0.121 4.548
5 5 15.880 5574 0.048 7.766 0.006 0.320 50.089  0.055 6.130
0213 15927 2,289,875 1.0 6 3 8 15.891 9467 0.037 9.983 0.005 0.310 50.206  0.012 7.831
2 10 15.896 14445 0.031 6.431 0.008 0.288 54.609 0.015 11.169
8 3 15.840 1983 0.083 8.177 0.009 0.423 47506  0.090 4.025
5 5 15.884 3183 0.038 8.177 0.009 0.365 48.969 0.068 5.479
0111 15.922 1,349,179 1.0 6 3 8 15.894 5434 0.028 8.177 0.007 0.339 48.969 0.063 6.802
2 10 15.898 8290 0.024 8.538 0.005 0.354 54.232  0.045 8.860
8 3 10.049 992 0.058 7.226 0.016 0.424 49.142 0.041 6.817
5 5 10.050 1613 0.058 7.226 0.016 0.409 45.146 0.041 7.149
0510 10.108 833,913 1.0 6 3 8 10.075 2838 0.033 11.367  0.013 0.525 50.526  0.022 8.763
2 10 10.079 4444 0.029 6.711 0.008 0.430 54.415 0.018 13.802
8 3 17.746 3910 0.081 15.290 0.009 0.543 51.734 0.028 7.239
5 5 17.751 6186 0.077 15290  0.009 0.512 51.734  0.033 7.551
0406 17.827 3,027,495 15 6 3 8 17.759 10543 0.081 15.290 0.008 0.476 53.679 0.016 9.380
2 10 17.778 16035 0.049 15.290 0.008 0.444 53.679 0.007 12.311
8 3 17.038 5107 0.090 12.168  0.010 0.464 51.928  0.033 6.954
5 5 17.085 8285 0.043 12.168 0.010 0.444 48.858 0.046 7.443
0305 17.128 3,378,374 15 6 3 8 17.095 14107 0.033 12.168 0.008 0.415 52.264 0.022 9.324
2 10 17.097 21521 0.030 17.298  0.006 0.400 53.596  0.011 14.309
8 3 14.231 2989 0.119 13.366 0.006 0.426 53.806 0.019 11.750
5 5 14.301 4830 0.049 7.672 0.010 0.469 51.360 0.131 7.564
0407 14.350 2,192,439 15 6 3 8 14.310 8197 0.040 9.514 0.006 0.417 53.806 0.019 12.114
2 10 14.320 12446 0.030 7.672 0.006 0.398 53.806 0.019 13.061
8 3 15.596 1929 0.078 8.605 0.015 0.512 53.294 0.081 6.632
5 5 15.633 3175 0.041 8.605 0.015 0.512 53.294  0.150 7.692
0511 15.674 1,218,069 1.0 6 3 8 15.891 5406 0.037 9.983 0.005 0.310 50.206 0.012 7.831
2 10 15.896 8456 0.031 9.983 0.005 0.296 54.609 0.012 9.959
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Table 1. Cont.

Tree Tree Height Point eps minPts h X Skeleton Skeleton Point Num- Height Error max;, ming, avgg, maxg, mindp avgg,

ID (m) Number (cm) (cm) Height (m) ber (m) (cm) (cm) (cm) (o) (o) (o)
8 3 15.437 4252 0.114 8.709 0.007 0.409 53.984  0.046 6.253
5 5 15.495 6859 0.056 4.990 0.007 0.383 52.103  0.046 6.549

0617 15.551 2,825,789 10 6 3 8 15.530 11826 0.021 13.255  0.005 0.363 53984  0.025 0.025
2 10 15.535 18109 0.016 13.255  0.004 0.343 54.107  0.009 9.957
8 3 13.107 1913 0.087 17.298  0.008 0.417 50.521  0.040 6.876
5 5 13.098 3191 0.095 17.298  0.008 0.401 50.521  0.040 6.979

0514 13.193 1,208,242 10 6 3 8 13.137 5591 0.057 17.298  0.008 0.465 54.493  0.026 9.050
2 10 13.160 8610 0.033 17.298  0.008 0.468 53514 0.011 13.004
8 3 14.074 1436 0.096 9.448 0.006 0.444 48.738  0.097 7.199
5 5 14.1354 2394 0.035 9.448 0.010 0.451 48.738 0.097 7.947

0519 14.171 1,246,086 10 6 3 8 14.149 4108 0.021 12.644  0.005 0.507 49.850  0.027 9.817
2 10 14.154 6375 0.016 7.860 0.008 0.397 52.283  0.031 12.820

Table 2. Average values of different groups’ parameters values.
I (cm) K Average of height Average of max;, Average of min;, Average of avg,, Average of max;, Average of min;, Average of avg,,
error (m) (cm) (cm) (cm) () (0 (0)

2 10  0.029 11.034 0.007 0.382 53.885 0.018 11.925

3 8 0.039 11.968 0.007 0.413 51.798 0.024 8.094

5 5 0.054 9.864 0.010 0.427 50.081 0.071 7.048

8 3 0.090 10.450 0.010 0.449 51.100 0.060 6.829

- -4 0.053 10.829 0.008 0.418 51.716 0.043 8.474

@ all the values of i and k.
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3.2. Visualizations of Four Constructed Tree Skeletons with a Group of Parameter Values

To further demonstrate the visualization effect of tree skeleton construction, four
constructed tree skeletons from four trees with # = 5 cm and k = 5 are shown in Figure 11.
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Figure 11. Diagrams of four tree skeletons constructed from four tree point clouds. (a) Tree point
cloud of 0111. (b) Tree skeleton of 0111. (c) Tree point cloud of 0510. (d) Tree skeleton of 0510. (e) Tree
point cloud of 0406. (f) Tree skeleton of 0406. (g) Tree point cloud of 0305. (h) Tree skeleton of
0305. The black, blue, green, and red lines represent the stem and first-, second-, and third-level

branches, respectively.

The four trees in Figure 11 have different morphological characteristics. The height
of tree 0510 is the lowest; trees 0406 and 0305 are tall and have very complex geometries
with many scattered branches. The structures of the four skeletons are all consistent with
the structures of the four trees. According to the colours of the stems or branches, the vast
majority of the stem or branch levels are identified correctly, and only the upper stem of

tree 0406 is identified incorrectly.
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4. Discussion

A tree skeleton is an efficient graphical tool to express the geometric structure of a
tree. However, it is a challenge to construct a tree skeleton that is consistent with the tree
geometry. In this study, we present tree skeletonization with DBSCAN using TLS data.
The constructed stem skeleton can effectively reflect the geometrical structure of a tree,
i.e., the stem and branch hierarchy information. The heights of the study materials in [5]
were not more than 5 m (the height value is not explicitly given; it was reflected in figures),
and the first-level branches were not more than eight. The study materials in [4] included
artificially generated trees and raw-scan trees. It is difficult to create synthetic trees that
have geometries similar to those of actual trees. For raw-scan trees, the level of branch
complexity is based on the number of branching points, and the number of points for
the most complex branches ranges from 71 to 85. The complex geometric structure of a
tree does not appear in either of the above cases. In this study, the minimum number
of tree point clouds is 833,913, which is much higher than that of [4]. Compared with
the study in [4,5], the heights of our studied trees were much higher (Table 1) and the
geometry structure was much more complex (Figure 11). Even so, our constructed tree
skeleton can accurately output the tree geometry structure. Compared with the trees
studied in [15], our constructed tree skeletons are continuous, and the stems and branches
can be distinguished with detailed branch hierarchy information, which has not been
achieved by the existing research. Therefore, the presented method has clear advantages
over the recent existing methods.

DBSCAN is a density-based clustering algorithm that can discover clusters of any
shape without interference from noise. Trees are diverse and have natural geometric
topological complexity. Affected by wind disturbance and other factors, a tree point cloud
has noise. These unfavourable factors of the tree point cloud are exactly the advantages of
the DBSCAN algorithm. In this study, we make full use of the connectivity characteristics
of the DBSCAN algorithm to perform outlier removal, determine the point-traversal order,
create connections between skeleton points, and calculate the weight of skeleton points.
This is one of the advantages of our algorithm.

Accurate calculation of the tree skeleton points is another advantage of our algorithm.
For a tree section, there are some factors that prevent accurate calculation of the section’s
centre point, such as adjacent branch points (Figure 4b) and points in the joint part between
branches. In this study, a point-inversion transformation is used to calculate the tree
skeleton points. Points on the inside of the tree section are used to calculate the skeleton
position (Figure 4d) rather than points on the outside. Therefore, the aforementioned
disadvantages are overcome and the skeleton points can be accurately calculated.

How can the effectiveness of a tree skeleton be quantitatively evaluated? This question
is more challenging when the ground-truth skeleton is unknown. A tree skeleton point
should locate the centre position of the tree, and the direction between adjacent and
connected tree skeleton points should be consistent with the growth direction of the tree. It
is obvious that a constructed tree skeleton should meet these conditions. Based on this, the
positional deviation and directivity deviation are presented to quantitatively evaluate the
effectiveness of a tree skeleton in this study. The experimental results preliminarily verify
the effectiveness of these two parameters in this study; however, these two parameters still
need to be further verified.

According to the numerical results, max,, is 53.885 degrees; according to the visual-
ization results, there are few large angular deviations. This means that the method in this
study can be further improved. In this study, k consecutive skeleton points are used to
calculate the local stem growth direction with PCA in the tree-skeleton optimization. When
the number of points is insufficient, optimization will fail. This is also one of the reasons
for the large values of max,;,. Based on the geometric structure characteristics of trees,
improving the optimization method of skeleton points is one of the future research topics.

With the improvement in data accuracy, tree point clouds already have millimetre-
level data accuracy. The constructed tree skeleton can not only be applied to the field of tree
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visualization, but also should be able to be applied to the precise retrieval of tree parameters.
Skeleton visualization shows that the stem and branch hierarchies can be distinguished.
Then, the included angle between branches, the height and the length of branches, and the
crown width in multiple directions can be calculated based on the constructed tree skeleton.
Accurately retrieving the above parameters using a constructed tree skeleton is one of the
future research topics.

It is worth noting that the presented method is based on the tree point cloud from
TLS, which does not mean that the method can only use TLS as the data source. Other data
sources are also possible, such as the tree point cloud acquired by a backpack Lidar scanner,
as long as the preprocessed tree point cloud can reflect the geometric structure of the tree.

5. Conclusions

We presented a tree-skeletonization method based on the advantages of the DBSCAN
algorithm in this study. The visualization results showed that the constructed tree skeleton
can accurately represent the stem, and the branch hierarchy of a tree and is consistent
with the geometric characteristics of the tree. Experiments with ten trees showed that the
avgg, of dp was 0.01 cm and the avg,, of d; was 7.07 degrees, and the numerical results
demonstrated that most line segments of the constructed tree skeleton were in the centre of
the tree.

The presented tree-skeletonization method achieved satisfactory results, and this
method will facilitate the accurate extraction of tree parameters, tree modelling, and 3D
tree canopy modelling and analysis. In addition, the positional deviation and directivity de-
viation were presented to evaluate the validity of the tree skeleton. This provides a feasible
way to verify the validity of the tree skeleton in the absence of a ground-truth skeleton.
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