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Abstract— Discriminating leaf and wood components in
terrestrial laser scanning (TLS) point clouds is a prerequisite for
accurately estimating 3-D structural and biophysical attributes of
both individual trees and entire forests. However, most existing
separation methods are conducted at local (i.e., individual or plot)
level. The local level separation methods need a presegmentation
of the acquired point clouds, and the separation accuracy and
reliability are greatly influenced by forest occlusion effect and
point cloud qualities. A new generalized method merely based
on differences in geometric features, including curvature, density,
and salient features, is proposed in this study for separating leaf
and wood components at the TLS single-scan level. A preliminary
separation is conducted using the quantity of normal change rate
(i.e., surface variation) given that leaf points often demonstrate
sharp local curvature changes. Then, separation is continually
conducted on the basis of calibrated density data (i.e., number
of points in a given radius) because of the scattered orientations
and small sizes of leaves. Finally, a new self-adjusting connectivity
segmentation algorithm is proposed to group remaining points
into different clusters. Leaf and wood clusters are separated
in accordance with salient features and sizes simultaneously.
Results indicate that derived geometric quantities from cur-
vature, density, and salient features of individual points and
segmented clusters can be jointly used to discriminate leaf and
wood components effectively and robustly in single-scan TLS
point clouds with a mean overall accuracy of approximately
93%. In addition, results show good performance in terms of
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the insensitivity to distance, instrument type, occlusion effect,
and forest composition of the proposed method.

Index Terms—Density calibration, geometric features, leaf
and wood separation, point cloud classification, terrestrial laser
scanning (TLS).

I. INTRODUCTION

ORESTS play a unique role in global climate regulation,

carbon cycling and balance, and ecosystem evolution
[1]-[3]. Retrieving forest structural and spatial distribution
metrics can provide new insights into indicators for forest
growth status and trends [4]—-[7], and facilitate the understand-
ing and simulation of biophysical and biochemical processes
[8]-[10]. However, the acquisition of forest structural para-
meters and tree architectures is extremely time-consuming,
labor intensive, and technique unintelligent for traditional
methods that rely on on-site manual measurements and field
investigations. Terrestrial laser scanning (TLS), also known as
ground-based light detection and ranging (LiDAR), is a revolu-
tionary technology for deriving forest structural attributes and
ecological variables. TLS is characterized by rapid and non-
destructive data acquisition, high-precision and high-resolution
data quality, and 3-D data visualization and analysis in forest
investigation [11]-[16]. TLS has been extensively used as a
reference to validate and calibrate forest products of airborne,
spaceborne, and unmanned aerial vehicle (UAV)-borne optical
remote sensing and LiDAR systems given that TLS can reflect
very detailed and accurate 3-D spatial properties at branch and
leaf scales using high-density points.

Forests are composed of photosynthetically (i.e., leaves) and
nonphotosynthetically (i.e., woods) active materials. Hence,
discriminating leaf and wood components in the point cloud
acquired by TLS is an essential prerequisite in accurately esti-
mating forest structural attributes and quantitatively simulating
biophysical and biochemical processes [17]-[19]. However,
the separation of mixed and overlapped leaf and wood points
is technically challenging because initial point clouds acquired
by TLS are enormous and unorganized [20], [21]. Many
algorithms have been developed in recent years to solve this
issue [22]-[30]. Existing separation methods can be divided
into the following major categories: 1) methods based on geo-
metric features of point clouds; 2) methods with backscattered
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intensity as a major or complementary data source; and
3) methods with machine learning algorithms.

Fundamental data provided by TLS are 3-D coordinates
(x,y,z). Various geometric quantities (e.g., density, curva-
ture, roughness, eigenentropy, anisotropy, planarity, linearity,
scattering, sphericity, and verticality) can be derived on the
basis of 3-D coordinates of a point and the nearest neighbors.
Derived geometric quantities characterize spatial structures
and topological features of each point from different perspec-
tives quantitatively. Leaf and wood points can then be differ-
entiated by utilizing these derived geometric quantities. For
example, an automated separation method based on density-
based spatial clustering of application with noise (DBSCAN)
algorithm that considers the remarkable difference in densities
of leaf and wood points for individual trees was proposed [31].
Similarly, a portion of leaf points was separated via k-means
clustering of density data on the basis of differences of leaf
and wood points in density [32]. A method that combines
k-means and random sampling consistency (RANSAC) algo-
rithms based on different geometric features was proposed
to extract wood points of individual trees given that wood
components have cylindrical geometric shapes [25]. However,
the method in [25] is unsuitable for irregular stems. A method
that uses x-, y-, and z-coordinates was proposed to extract
wood points from each horizontally sliced skeleton using the
modified Hough-transform, shortest-path, and kd-tree range
searching algorithms in accordance with observations that
boundaries of wood slices appear circular or circle-like shapes
and boundaries of leaf slices can be abstracted as line seg-
ments [26]. A geometric-based automatic forest point classifi-
cation algorithm was used to separate leaf, wood, and ground
points on the basis of geometrical spatial distribution patterns
(i.e., salient features) of the three components and six other
different geometrical filters [17].

Leaf and wood materials show different reflectance charac-
teristics to the emitted laser [32]. Therefore, intensity data
or intensity-based variables that are proxies of reflectance
characteristics can be used to discriminate leaf and wood com-
ponents. However, the original intensity data are influenced
by multiple factors and must be individually corrected for
different TLS instruments [33]-[36]. Even after correction,
the corrected intensity data cannot be robustly used to dis-
criminate all leaf points from the wood ones [32]. Moreover,
obtaining a unique threshold of the corrected intensity data
between leaf and wood materials for different tree species is
difficult when multiple kinds of trees are contained in point
clouds. Hence, intensity data may only be suitable for leaf
and wood separation for single-tree species and only a portion
of leaf points can be separated by intensity data even after
prudential correction. That is why some studies have attempted
to combine intensity data with geometric features to improve
the separation accuracy and robustness [32].

Some studies have recently focused on the use of machine
learning classifiers, such as support vector machine (SVM),
Gaussian mixture model (GMM), deep learning (DL), gradient
boosting machines (GBMs), and random forest (RF), for leaf
and wood classification [15], [23], [37], [38]. These meth-
ods can automatically achieve very high accuracy separation
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results. However, these methods require the careful selection
of a large number of samples to cover different parts of a tree
(e.g., main stems, small branches, and leaves) and various trees
with differing species, sizes, and shapes. The selected samples
are used to train the model for the iteration and optimization of
model parameters. Sample selection, model construction, and
parameter training are extremely tedious, time-consuming, and
computational demanding and require considerable manual
intervention and interaction, especially when many different
trees are contained in the point cloud.

Due to the mutual occlusion effect of different trees and
range capability of the adopted TLS, a number of scans
at different perspectives are needed to complete the data
collection of a forest. As such, there are two different solutions
to separate leaf and wood components. One solution is that
separation is conducted after co-registration of different single
scans. However, the volume of the entire forest point cloud
is very large after co-registration. The co-registration point
clouds need to be segmented into individual trees or small
regions for separation and, finally, the separation results need
to be merged again. At this circumstance, leaf and wood
separation may be technically difficult. Another fundamental
solution is that leaf and wood components are discriminated
for each scan individually before co-registration. There are
two approaches to realize this solution: local level and single-
scan level approaches. The local level approaches are that
point clouds of a single-scan are segmented into individual
trees (individual level) or small regions (plot level) and then
separation is conducted on each segment. However, a large
number of trees are incompletely scanned in single-scan mode
due to occlusion effect. Neither reliable presegmentation nor
accurate separation can be ensured for local level methods.
In contrast, the single-scan level approaches are that separation
is directly conducted for all the scanned points in an individual
scan without a presegmentation. Moreover, the single-scan
level approaches can be applied for all trees regardless of
the scanned shapes due to occlusion effect. In summary,
the optimal approach for leaf and wood discrimination in
forests is that separation is directly conducted at the single-
scan level before co-registration. Therefore, a new method to
realize the single-scan level separation is urgently needed.

Although point clouds are unorganized and mixed, woods
are essentially different from leaves in both shape and size
(diameter). These differences can be appropriately reflected
by constructing some geometric variables. A new method is
proposed in this study to separate leaf and wood components
in single-scan TLS point clouds based on geometric features.
The curvature, density, and salient features are successively
used to separate leaf points from wood ones in three steps.
First, local curvature features are used to separate a part of
leaf points. Second, density data are calibrated for the distance
effect to separate another part of leaf points. Third, a clustering
algorithm based on the connectivity of points is adopted to
group the remaining points into different segments, while leaf
segments are recognized using both salient features and sizes.
Unlike existing methods that aim to separate leaf and wood
points at the individual or plot level, the major innovation of
the study is that the proposed method can realize the goal
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Geometric features of wood and leaf points and effect of divergence angle on point spacing. (a) NCR of leaves and woods. (b) Densities of leaves

and woods. (c) Point spacing with respect to distance. (d) Densities of near and distant points. (e) Densities of core, wood edge, and leaf points. (f) Distances

of wood edge and leaf points to core points.

at the single-scan level on the basis of geometric features
of point clouds. In addition, the proposed calibration method
of density data and the consideration of the point spacing in
data processing provide valuable reference solutions for point
cloud classification and extraction at other scenes apart from
forests. To the best of the authors’ knowledge, it is the first
study that can separate leaf and wood components at TLS
single-scan level, which significantly facilitates the large-area
point cloud processing in forestry and benefits the compressive
studies of forest structural and biochemical metrics using TLS
technology.

II. METHODS AND MATERIALS
A. Separation by Local Curvature Features

The spatial distribution characteristics of woods and leaves
are geometrically different. Leaves are thin faceted slices,
which are often morphologically scattered and demonstrate
random orientation with respect to the TLS instrument. TLS
can only scan components that directly face the instrument
in the single-scan mode, wherein only a part of leaves
can be scanned. Consequently, leaf points are usually dis-
organized and dispersed with large local curvature changes
[Fig. 1(a)]. On the contrary, the shapes of woods are typically
cylindrical/columnar. The complete scanning of wood parts
that directly face the TLS instrument in the single-scan mode
enhances the regularity and continuity of the distribution of
wood points in the point cloud. As a consequent, wood
points exhibit gradual curvature changes [Fig. 1(a)]. Therefore,
curvature features can be used to separate leaf and wood
points.

The surface normal at a point is a vector perpendicular to
the tangent plane passing through this point. Thus, the surface

normal depends on the local geometric fluctuation (curvature)
features and surface normal change rate (NCR) can be used
as a proxy for local curvature change features. NCR, also
known as surface variation, is calculated on the basis of
eigenvalues. Let the point clouds of a forest acquired by TLS
after filtering ground points be represented by the point set
P = {pi,i = 1,2,...,N}, where N is the total number
of points. The three eigenvalues of p; are represented by
e1(pi), ea(pi), and e3(p;), which are calculated by the nearest
n-neighbors of p;. Let e;(p;) > e2(p;) > e3(p;) and NCR(p;)
for point p; is expressed as follows:

e3(pi)
e1(pi) + ea(pi) + es(pi)

Notably, points in the fixed radius around the interest
point are adopted to calculate NCR in existing studies [39].
However, at least three neighbor points are needed to calculate
NCR. This study aims to separate leaf and wood points at the
single-scan level rather than the individual level. Neighboring
points in a fixed radius for points far from the TLS instrument
may be insufficient to calculate NCR because the point spac-
ing increases with distance. Therefore, constant n-neighbors
instead of searching neighbors in a given radius are adopted
in the proposed method.

Equation (1) demonstrates the limited range of NCR from
0 to 1/3 for any point. Surface normal of leaf points changes
significantly and NCR is large [Fig. 1(a)]. By comparison,
NCR is relatively small for stem and branch points. However,
some leaf points (e.g., points from leaves that directly face
the TLS instrument) may have similar NCR values with wood
points because of the complicated spatial distribution of leaf
points. Thus, only a part of leaf points with large local

NCR(pi) = ey
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curvature changes can be separated from wood points when
the threshold (7ncr) of NCR is set. If NCR(p;) < Tncr,
then p; is a candidate wood point and classified into set M
(mixture of leaf and wood points); otherwise, p; is a leaf point
and classified into set L;. L; contains leaf points separated by
local curvature features, and calibrated density data are used
to separate leaf points in M further.

B. Separation by Calibrated Density Data

As stated in Section II-A, the point cloud of trees after
separation by NCR is M| = {p;,i =1,2,..., N, N; < N}.
Points in a given radius r around the interest point p; are
represented by the following set [32]:

R(pi,r)={p;} (2)

where p; € My, j # i, and d(p;, pj) < r. d(pi, pj) is the
Euclidean distance between points p; and p;. Let the density
of points p; be represented by D(p;,r). D(p;,r) is defined
as the total number of points in R(p;, r) in this study.

Due to the scattered orientation, canopy gaps, and mutual
occlusion of leaves, densities of leaf points are smaller than
that of wood points [Fig. 1(b)]. In addition, large diameters
of woods commonly increase the density of wood points
compared with that of leaf points when r is defined as an
appropriate radius. Moreover, the initial leaf separation by
NCR further enlarges the differences in densities of leaf and
wood points. In conclusion, the densities of wood points are
generally larger than that of leaf points. Density data can
be used to separate leaf and wood points in M. However,
the density of a certain point depends on not only the given
radius and spatial geometric features of the interest point
but also the distance of this point to the center of the TLS.
Therefore, the distance effect on density must be calibrated.
The detailed calibration principles are introduced as follows.

The emitted laser demonstrates a constant divergence angle
[Fig. 1(c)]. The theoretical spacing As; from point p; to the
nearest neighbor (i.e., diameter of laser footprint) is

AS,‘ = di -0 (3)

where 6 is the laser beam divergence angle (or angular
resolution) and d; is the distance of point p;. 6 is a constant
for a specific TLS instrument and thus 6 is the same for all
acquired points. The distance can be calculated as follows:

di = \/(xi —x0)” + (vi — y0)> + (2 — 20)° 4)

where (x;, vi,z;) and (xo, yo,20) are 3-D coordinates of
the interest point p; and the scanner center, respectively.
(x0, Y0, z0) defaults to (0, 0, 0) in the single-scan mode.

The density is defined as the total number of neighbor points
in a sphere with a searching radius r as shown by (2), and
thus the volume of the searching sphere is theoretically equal
to (4wr3/3). However, only points directly facing the TLS
can be scanned in the single-scan mode. The actual neighbor
searching is conducted in a circle with radius r. Therefore,
the density of point p; is approximately equal to

2 zrr 1

r

oy~ @ ©

D(pi’r)z
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Theoretically, the density is inversely proportional to the
square of the distance to the TLS center as shown by (5),
i.e., the point density decreases with the distance to the TLS
center [Fig. 1(d)]. Therefore, original density data cannot be
reliably used to characterize differences of geometric char-
acteristics between leaves and woods. The distance effect on
original density data must be calibrated as follows:

d?
De(pi,r) = D(pi,r) - d_,2
0
where D.(p;, r) is the calibrated density of point p; and dj is
the reference distance that can be arbitrarily defined (minimum
distance of points in M in this study). Equation (6) indicates
that D.(p;, r) is independent of the distance anymore. After
calibration, D.(p;,r) is merely related to spatial geometric
features of the interest point and can be used to discriminate
leaf and wood points in M;. The specific principles and
procedures are as follows.

Since leaf and wood points have significant differences
in density, leaf points can be theoretically removed through
k-means clustering of D.(p;, r) [32]. The k-means clustering
is an unsupervised learning algorithm. The algorithm works
iteratively and can automatically divide the dataset into k
groups. In this study, k is set as 2 (i.e., candidate leaf cluster
and core wood cluster). By conducting k-means clustering of
D.(pi, r), two clusters can be automatically formed and the
boundary value between the two groups is Dr. If D.(p;,r) <
Dr, then point p; is a candidate leaf point and p; is classified
into M, = {p;,i = 1,2,...,N>, N, < N;}; otherwise, p;
is considered a core point and p; is classified into M3 =
{pi,i = 1,2,...,N3, N3 < N;}. However, the difference
between the density of wood edge and leaf points is minimal
[Fig. 1(e)]. These edge points will mix with leaf points if only
k-means clustering is conducted on D.(p;, r), that is, wood
edge points will be classified into M,. Notably, wood edge
points are spatially closer to core (wood nonedge) points than
leaf points, thereby indicating that wood edge points are within
the » neighbor of core points [Fig. 1(f)]. Therefore, distances
between points in M, and M3 are calculated as a criterion to
remove wood edge points from leaf points in M>.

Distances d,, (p;) of a certain point p; in M3 to all points
in M3 are calculated, where p; € M3 and j =1,2,...,N3.
Let dpin(p;) be the minimum value in d, (pi). dmin(pi) is
then compared with r to separate wood edge points from
leaf points [32]. However, (3) shows that the point spacing
increases with the distance. This finding indicates that the dis-
tance dpin(p;) will be larger than r if p; is a wood edge point
far from the TLS. Therefore, the distance threshold should be
loose for distant points, i.e.,  should be compensated for the
difference caused by point spacing in separating wood edge
points from leaf points in M,. The adjusted distance threshold
according to (3) is

T(pl) =r+ (dPi

(6)

- dmin) -0 (7

where d,, is the distance of p; and dpy;, is the minimum
distance of points in M. T (p;) is used to divide M, into two
sets. If dmin(pi) < T(p;), then p; is within the neighborhood
of radius r around the point p;; p; is classified under set
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Example of cluster generating, expanding, and merging. Clusters R and G are two existing clusters. The position of the TLS instrument is at the

triangle. Points A, B, and C are judged in turn. The distances of the three points satisfy dp < da < dc and the adjusted distance thresholds of the three
points meet 7'(B) < T(A) < T(C). (a) Point A is judged. (b) Point A is added to Cluster R and Point B is judged. (c) Point B does not belong to any
cluster and Point B is added to a newly established Cluster Y. Point C is judged (Point C can be added to either Cluster R or G). (d) Point C is added to
Cluster R and Cluster G is merged with Cluster R. (e) Point C is added to Cluster G and Cluster R is merged with Cluster G.

My = {pi,i = 1,2,...,Na, Ny < No}. If din(pi) >
T(p;i), then p; is classified under set L, = {p;,i =
1,2,...,Ns, Ns < N}. L; is the set of leaf points separated
by calibrated density data. M4 includes wood edge points and
a small portion of leaf points. M3 contains wood points and
a part of leaf points. M3 and M4 are merged to separate the
remaining leaf points from the wood ones further.

C. Self-Adjusting Connectivity Clustering

Although NCR and calibrated density data have succes-
sively been used for separation, a small portion of leaf points
with small NCR and large densities are still mixed with wood
points. Different pieces or clusters of leaves are mutually
and spatially disconnected. In addition, the majority of leaf
points have been removed after separation via the NCR
and calibrated density data. Connections of different leaves
have been weakened and connections between leaf and wood
points have been destroyed. Therefore, the remaining leaf
and wood points have latent spatial structures and patterns.
Spatial clustering can be conducted to group the remaining
points into pure individual leaf and wood clusters. Let M5
be the union set of M3 and M4 (i.e., Ms = M3 U M4 =
{pi,i =1,2,...,Ng, N6 = N3 + N4}). A modified clustering
algorithm of [32] based on point connectivity is proposed to
group points into different clusters in this study. The searching
radius r is used as the criterion for connectivity clustering.
The hypothesis here is that: 1) two points belong to the
same cluster if their distance is less than or equal to r or
2) the distance between a third (connecting) point and the
two points is both less than or equal to r. Similarly, the self-
adjusted distance threshold T (p;) is used to substitute r while
considering variations in point spacing. 7 (p;) is calculated
using (7), where d,, is the distance of p; in M5 and dp, is
the minimum distance of points in M. The specific principles
of self-adjusting connectivity clustering are as follows.

Let V = {pi,i = 1,2,..., N7, N; < Ng, pieMs} be the
set of visited points. All points in M5 are initially labeled
unvisited and V is an empty set. p; in M5 is then classified
under Cluster 1 and labeled “visited” after adding it to V.
Points in M5 are assessed in turn. The distance d, (p;)
for point p; (i > 1) is calculated, where p; € M5 and
p;j € V. If d,(p)) = T(pi), then p; is added to the

cluster where p; belongs and then labeled “visited” [e.g., Point
A in Fig. 2(a) and (b)]. Notably, more than one point p;
that satisfies d) (p;) < T(p;) may exist in V. p; can be
added to any of the clusters where point p; belongs in this
circumstance. Other clusters are merged with the selected
cluster [e.g., Point C in Fig. 2(c)—(e)]. p; is labeled “visited”
and the assessment is continued for the next point p;;;. If no
points in V satisfy d,, (p;) < T(p;), then p; does not belong
to any existing cluster. A new cluster is established in this
instance and p; is added to this new cluster before being
labeled “visited” [e.g., Point B in Fig. 2(b) and (c)]. The
next point p;;; is continued for clustering. This procedure
is repeated until the last point in M5 is classified under a
certain cluster and a total of N¢ clusters are formed. Clusters
are continuously generated, expanded, and merged through the
point-by-point judgment, and mutually connected points will
gather to form a large segment (Fig. 2). Leaf, branch, and
stem points eventually form a number of spatially isolated
pure segments, i.e., either leaf or wood points are contained
in a certain segment. These formed individual leaf and wood
segments are distinguished using salient features and cluster
sizes (total number of points in segments). The algorithm is
discussed in Section II-D.

D. Cluster Discrimination by Salient Features and Sizes

Salient features describe the dominant geometry and spatial
distribution pattern of a set of points (i.e., cluster or segment),
which has been extensively used as an effective data source
in existing studies for discriminating different components in
TLS point clouds [3], [15], [17], [39], [40]. Salient features of
a segment can be decomposed into three components, namely,
linear, planar, and scatter features. The three subfeatures can
be quantitatively described by the following variables on the
basis of eigenvalues of the segment:

ver—ve

T
P = \/_2\/21\/_? (8)
oo

Ve
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Fig. 3. Differences in eigenvalues and salient features of leaf and wood
clusters. Different colors indicate different clusters.

3
sob L+(1=-L)xGL-1)

L+(1—-L)x (2L -1)

Fig. 4. Linear features (L) with respect to SoD.

where L, P, and S refer to linear, planar, and scattered
features, respectively; L+ P+ S = l; and ¢; (i = 1,2,3)
(e1 = ey > e3) is the eigenvalue of the segment.

Branches and stems are usually slender and cylindri-
cal/columnar in shape. Therefore, stem and branch segments
are dominated by the linear feature, that is, e; > e, ~ e3 and
L— 1, P — 0,and S — 0 (Fig. 3). By comparison, dominant
features are absent in leaf clusters, that is, e; ~ e,~ e3 and
no certain laws exist for L, P, and § (Fig. 3). An index,
i.e., the significance of difference (SoD), is constructed to eval-
uate the significance of linear, planar, and scattered features
among the three salient features as follows [22]:

SoD=L+ (1 —-L)x[L—max(P,S)]. )

Equation (8) shows that P +S =1 — L; thus, (1 —L)/2 <
max(P, S) < (1 — L). The relationship between L and SoD
is illustrated in Fig. 4 in which SoD can be an arbitrary value
between the red and blue curves with a fixed value of L.
The range of SoD is from —1 to 1. A large value of SoD
hypothetically indicates that large differences exist between L
and the two other values and the linear feature likely dominates
a cluster. Therefore, a threshold 7s,p of SoD can be set to
differentiate leaf and wood clusters [22].

However, merely the salient features are insufficient to
accurately discriminate the wood and leaf clusters. A num-
ber of truncated clusters of stems and branches may form,
particularly for trees far from the TLS instrument, in the
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(a) (b)
L:0.34
P:0.47 L:0.37
$:0.19 P:0.51
SoD: 0.25 5:0.13
SoD: 0.28
(©) (d)
L:0.14 L:0.78
P:0.60 P:0.07
5:0.26 $:0.15
SoD:—0.27 SoD: 0.92
Fig. 5. (a) Multibranch wood cluster without significant linear feature.

(b) “V”-shaped wood cluster without significant linear feature. (c) Truncated
wood cluster without significant linear feature. (d) Leaf cluster with significant
linear feature.

TLS single-scan mode because of severe occlusion effects.
Occlusion effects can lead to the emergence of some irreg-
ularly shaped wood clusters without significant linear fea-
tures [e.g., “V”-shaped stem clusters and multibranch clusters,
Fig. 5(a) and (b)] or truncated wood clusters indistinguishable
from leaf clusters in appearance [Fig. 5(c)]. These clusters
are misclassified as leaf clusters when SoD is used alone.
In addition, a part of a leaf is removed in the first and second
steps. The remaining part of this leaf may also demonstrate
significant linear features [Fig. 5(d)]. Therefore, the cluster
size (i.e., total number of points) is further adopted to reduce
the misclassification of large irregular wood clusters and small
linear leaf clusters. Most leaf points are removed by NCR and
calibrated density data, whereas the number of wood points
in P and M5 is basically unchanged. Consequently, wood
clusters are generally larger than leaf clusters.

The total number of points in Cluster x is denoted by
E, (x = 1,2,..., N. where N, is the number of clusters
formed in self-adjusting connectivity clustering). Points in
Cluster x are denoted by Cluster, = {p;,i =1,2,...,E,}.
Considering that point spacing increases with distance, E,
is insufficient to be used as a proxy for cluster size. The
areas of laser beam footprints of the point with the minimum
distance dp;, and point p; in Ms are 7 - ((dmin - 0)/2)?
and 7 - ((d,; - 0) /2)?, respectively. Therefore, the equivalent
number of points for point p; with a distance d,; should be
[7 - ((d,; - 6)/2)*)/[7 - (dmin - 0)/2)*] = (dp,)*/(dmin)*. The
equivalent/calibrated total number of points in Cluster x is

E

Ee=Y"[(dp)/in)?].

i=1

=

(10)

Z?: is calibrated for the effect of point spacing and can be
used as a proxy to characterize the cluster size. According
to (10), the equivalent total number of points in Ms is
Ne =" E,. N
__SoD demonstrates higher priority than E,. SoD is small but
E is very large for irregular wood clusters. In contrast, SoD
is large but only a few points exist in linear leaf clusters (E is
very small). Two thresholds 7} and 7, (T} < T,) with respect
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Fig. 6. Overall technical flow of the proposed method.
to their sizes are set to identify nonlinear wood and linear leaf
clusters further as follows.

1) If SoD > Tsop and E; > ]/\7\6 . Tl,/then Clgster x is a
wood cluster. If SoD > Tsop but E, < Ng - T, then
Cluster x is a linear leaf cluster with only a few points.

2) If SoD < Tsop and Eyx < Ne - T>, then Cluster x is a leaf
cluster. If SoD < Tsop but E, > Ng - T, then Cluster x
is an irregular large wood cluster.

3) The number of leaf and wood clusters is Np and Nw
(NL+ Nw = Nc¢), respectively. All points of leaf clusters
are added to L3 and all points of wood clusters are added
to W, while L3 UW = M.

Leaf points in this study are separated from wood points
by successively using curvature features, calibrated density
information, and salient features. Leaf points are represented
by set L = L{UL,U L3, whereas wood points are represented
by set W. The overall technical flow of the proposed method
is shown in Fig. 6.

E. Instrument and Materials

A Z + F Imager 5010c TLS and a Riegl VZ-4000 TLS are
used in this study [Fig. 7(b)]. The Z + F Imager 5010c is a

5701517

TABLE I
PARAMETERS OF THE TWO TLS SYSTEMS

Z+F Imager Riegl VZ-4000
5010c
Type Phase shift Time-of-flight
Wavelength 1,500 nm 1,550 nm
Field of view 360°x320° 360°%60°
Beam divergence 0.30 mrad 0.15 mrad
Range scale 0.3-187 m 5-4,000 m

phase shift TLS system that accurately obtains the distance
by measuring the phase shift between emitted and received
signals. The range scale is from 0.3 to 187 m (middle
range). The wavelength and beam divergence of the emitted
laser are 1500 nm and 0.30 mrad, respectively. The Riegl
VZ-4000 is a time-of-flight TLS system that measures the
time delay between emitted and received signals to obtain the
distance. The Riegl VZ-4000 demonstrates remarkable long-
range capability from 5 to 4000 m. The wavelength is 1550 nm
and the beam divergence is 0.15 mrad. Detailed parameters of
the two systems are listed in Table I.

The Z + F Imager 5010c was used to scan a nursery
forest in Qingpu District, Shanghai, China (Site 1 in Fig. 7).
Tree species of Site 1 include Sapindus mukorossi Gaertn.,
Cinnamomum camphora, and Cedrus deodara (Roxb.) G. Don.
Distributions and heights of trees are even and regular. The
density is approximately 1000 stems/ha, and the average height
is approximately 8-9 m. The Riegl VZ-4000 was used to
scan a forest on the shores of a river in a campus (East
China Normal University) in Minhang District, Shanghai,
China (Site 2 in Fig. 7). The forest is mainly composed of
Platanus orientalis Linn., Ginkgo biloba L., Cinnamomum
camphora, Populus L., and some sporadic unknown trees.
Heights and sizes of different kinds of trees vary. The density
is approximately 200 stems/ha, with the tallest tree around
24 m. Notably, the maximum distance measuring capability
of the TLS instrument is achieved under some specific ideal
conditions [42]. The maximum measured distance in actual
scans is considerably discounted, especially in forest scenes
where the height of the instrument is very limited and mutual
occlusion is extremely severe. TLS instruments were set up
at the position of the black circles in Fig. 7. Data with a
maximum distance of approximately 40 and 400 m around the
TLS instruments were adopted for Sites 1 and 2, respectively,
given the quality and density of the point cloud. Ground
points were automatically filtered using cloth simulation filter
algorithm [41], and nontree off-ground points (e.g., buildings
and artificial facilities) were manually removed. The final
obtained tree point clouds for Sites 1 and 2 are shown
in Fig. 7(c) and (d), respectively.

Theoretically, the number of neighbors should be self-
adaptively determined based on the local geometric features
of the interest point to calculate the NCR. The constant
nearest six points were empirically adopted to avoid under-
fitting or overfitting in this study. The optimal number of
neighbors should be further deeply investigated in future work.
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Fig. 7. (a) Locations of Sites 1 and 2. (b) TLS instruments. (Left) Z + F Imager 5010c. (Right) Riegl VZ-4000. Forest point clouds after filtering

for (c) Site 1 and (d) Site 2, where black circles denote the positions of TLS instruments.

NCR can be empirically divided into low (0-1/9), moderate
(1/9-2/9), and high (2/9-1/3) levels. We assume that wood
points correspond to the low-level NCR; thus, Tncr Was empir-
ically set to be 1/9 in this study. Ts,p was empirically set to
be 0.75 for retaining the wood segments as much as possible,
similar to the method in [22]. 7} and 7, were empirically set
to be 0.01% and 1%, respectively. The parameter r depends
on the average size of branches and the average point spacing
of the point cloud. The values of » were empirically set to be
0.08 and 0.12 m for Sites 1 and 2, respectively.

III. RESULTS

Point clouds of Sites 1 and 2 colored by NCR are depicted in
Fig. 8. NCR is independent of the distance from the instrument
and the point neighbor spacing. In contrast, NCR is only
related to local curvature features. Notably, NCR values of
wood points were smaller and more centralized than that
of leaf points regardless of the distance. This rule was also
suitable to near leaf and distant wood points. Nearly all wood
points demonstrated NCR values smaller than 1/9, whereas
NCR of leaf points was randomly distributed from 0 to 1/3.
This finding indicated that NCR of some leaf points is mixed
with that of wood points. Around 50% and 39% of leaf
points (Lj) can be removed in the first step via NCR when
Tncr is set to be 1/9. This result indicated that curvature
features are a very effective data source for discriminating
leaf and wood components. Moreover, NCR can be used as
a proxy to remove a large part of the points and significantly
reduce the computational workload and algorithm complexity
in the second and third steps.

The remaining points colored by the original density data
after separation via NCR are shown in Fig. 9. The original
density decreases significantly with the increase of distance
from the instrument and enlargement of the point spacing.
Original density data are simultaneously influenced by the
distance and geometric structure feature, where the former
factor outweighs the latter. Huge overlapping exists in the
original density data of leaf and wood points. Leaf points
near the instrument demonstrate a large density, whereas wood
points far from the instrument exhibit an extremely small
density. By conducting k-means clustering of the original
density, we can hardly separate any leaf points from the
wood points, i.e., leaf and wood points are almost completely
indistinguishable. Consequently, the distance effect on density
data must be calibrated. Calibrated density data obtained using
the proposed method (6) for the two sites are illustrated in
Fig. 10. Compared with Fig. 9, calibrated density data are
independent of the distance. Density data of wood points
after calibration are homogeneous and uniform throughout
the entire site. An evident difference was observed between
calibrated density data of wood and leaf points. Calibrated
density data of wood points are generally larger than that of
leaf points regardless of the distance of the wood point from
the TLS instrument. After calibration, leaf and wood points
become distinguishable. Approximately 18% and 31% pure
leaf points of the total point clouds can be removed for Sites
1 and 2, respectively, according to calibrated density data in
the second step.

A total of 4039 and 17144 clusters were formed in the
connectivity clustering process for Sites 1 and 2, respectively,
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Fig. 8. Point clouds colored using NCR. (a) Site 1. (b) Site 2.

as shown in Fig. 11. The trunk and branches of a tree are
disconnected and its wood component is segmented into a
number of clusters rather than an entire one, particularly for
distant trees, due to the serious occlusion effect. However,
the segmentation minimally influenced the self-adjusting con-
nectivity clustering process and the majority of segmented
wood components formed individual linear clusters. Naturally,
leaf points distribute randomly and are spatially unconnected.
Moreover, the majority of leaf points were removed after
separation via the NCR and calibrated density data. Thus,
the remaining leaf points will form numerous small clusters
without significant linear features. A total of 3163 (78%)
and 9318 (54%) clusters were recognized as leaf clusters on
the basis of SoD and E, for the two sites. Approximately,
19% of leaf points were removed in the third step for both
sites.

The final extracted wood points via the proposed method
are shown in Fig. 12. Around 87% and 89% of points were
recognized as leaf points for Sites 1 and 2, respectively, by suc-
cessively conducting the three steps. Nearly all the main stems
and branches can be obtained using the proposed method.
In addition, a part of small wood components far from the
instrument can be detected. This finding indicated the feasi-
bility and robustness of the proposed method. Since almost all
existing methods can only conduct leaf and wood separation
at individual or plot levels, direct parallel comparison between
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the proposed method and the state-of-the-art methods in terms
of accuracy and efficiency is infeasible. We randomly selected
ten individual trees from each of the two sites to analyze
the separation results of the proposed method quantitatively
(Table II). We manually separated leaf and wood parts of
selected trees, and the separation results were considered true
references. Since wood components are more regular and
identifiable in the point cloud, the wood points were manually
extracted based on the combination of TLS intensity data
and on-site photographs and investigation in this study; the
remaining points were, therefore, leaf points. Compared with
the manual separation results, the mean overall accuracies of
the proposed method for the selected trees were 94% and 92%
for Sites 1 and 2, respectively. Although separation accuracies
of different trees differ slightly from 91% to 97% and 90%
to 96% for Sites 1 and 2, respectively, constant laws were
absent between the overall accuracies and distances to the TLS
instrument. This finding indicated that the proposed method
can accurately separate leaf and wood components of trees
at the single-scan level regardless of their distance to the
instrument. The average overall accuracy of Site 1 is higher
than that of Site 2 likely because forest structures in Site 1 are
regular and the tree species are simple. It is reported that
overall accuracies of the existing individual/plot level state-of-
the-art methods can reach about 85%-95% [3], [15], [17], [18],
[201-[23], [25]-[27], [32]. Results indicate that the proposed
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Fig. 9. Point clouds colored using the original density data. (a) Site 1. (b) Site 2.

method can separate leaf and wood components at single-scan
level with overall accuracy (93%) equivalent to the existing
individual/plot level state-of-the-art methods.

Although the proposed method is aiming to leaf and wood
separation at single-scan level, it can also be conducted at indi-
vidual or plot levels. The separation accuracy and efficiency
of the proposed method were investigated when it was applied
for separation at individual and plot levels. At individual level,
DBSCAN was compared with the proposed method using the
20 selected trees from the two sites in this study. DBSCAN
is a widely used density-based algorithm for individual-level
leaf and wood separation. DBSCAN requires two global
input parameters: the neighborhood radius Eps and density
threshold MinPts. These two parameters need to be empirically
determined. In this study, Eps and MinPts of the DBSCAN
algorithm were set equal to » and Dt of the proposed
method, respectively. The top ten largest clusters formed by the
DBSCAN algorithm were empirically considered wood points.
Compared with the manual separation results, the mean overall
accuracy of DBSCAN was approximately 82%. The overall
accuracies of DBSCAN ranged from 76% to 94% and 73%
to 88% for Sites 1 and 2, respectively. The overall accuracies
of DBSCAN varied considerably for different trees. Generally,
the overall accuracies of the near trees (complete) were higher
than that of the distant trees (incomplete). This phenomenon
indicated that the separation accuracy of DBSCAN is closely

related to the completeness of the trees (i.e., occlusion effect).
The comparison with DBSCAN indicated that the overall
accuracy of the proposed method is higher than that of
DBSCAN. Meanwhile, the proposed method can conduct at
single-scan level and is insensitive to the occlusion effect.
The efficiency was tested on a laptop (CPU: 2.80 GHz and
RAM: 32 GB). The averaged running time was approximately
0.6 and 2.8 s per tree for the proposed method and DBSCAN
algorithm, respectively. As a percentage of 45% points were
separated by NCR in the first step which took very little time,
the separation speed of the proposed method was increased
by 3.67 times compared with DBSCAN. In addition, a plot
with ten trees close to the TLS instrument was manually
selected from each of the two sites. The trees were completely
scanned and point cloud density was relatively high for the two
plots. The method in [22] was compared with the proposed
method at plot level using the two selected plots. The local
curvature feature, connected component labeling algorithm,
and segment-wise geometric features were used for leaf and
wood points separation at plot level in [22]. The overall
accuracies were 95% and 92% and the averaged running time
was approximately 4.5 and 4.8 s for the proposed method and
the method in [22], respectively. Most of the running time of
the proposed method was spent on neighbor points searching
and connectivity clustering. We can conclude that the accuracy
and efficiency of the proposed method are higher or equivalent
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Fig. 10. Point clouds colored using the calibrated density data. (a) Site 1. (b) Site 2.

to that of the state-of-the-art methods when it is used for leaf
and wood separation at individual or plot levels.

IV. DISCUSSION

The search radius r is the only parameter required to be
determined in the proposed method. r is used to construct
the density information of each point and separate leaf and
wood edge points in the second step. In contrast, r is used as
the distance criterion for connectivity clustering in the third
step. If r is either extremely small or large, then significant
differences are absent between calibrated densities of wood
and leaf points in the second step; hence, k-means clustering
of calibrated density data is invalidated. Moreover, accurately
isolating wood edge points from leaf points in the set M,
is technically impossible. Leaf points are connected to wood
points in the third step if r is excessively large. Conversely,
two neighboring points hardly cluster together and numerous
clusters are formed in the third step if r is extremely small.
Therefore, the search radius r is a vital variable that can ensure
the feasibility and accuracy of the proposed method. r should
be individually determined for different forest point clouds.
The principle for estimating r should consider the average
branch size of trees and the average neighbor point spacing of
the point cloud. An appropriate r can ensure the concentration
of calibrated density data of wood points in a small dynamic
range, and all wood points, except wood edge points, can
be classified into M3 when k-means clustering is conducted.

In-depth theoretical derivation of r is not conducted in this
study. r is empirically determined as 0.08 and 0.12 m for
Sites 1 and 2, respectively. Additional comprehensive studies
and analyses are urgently needed to address the criterion for
optimal selection and the adaptive estimation of r in future
work.

Apart from r, the other parameters of the proposed method
include Tncr, Tsop, 11, and T5. These four thresholds are
independent of the characteristics of the acquired point clouds
and the scanned forest. Tycr is a threshold of local curvature
change features. If Tycr is too large, then only a very small
part of leaf points can be removed in the first step, which
would increase the complexity in the second and third steps
[Fig. 13(a)]. Conversely, a large part of wood points would
be misclassified into leaf points and this would lead to the
invalidation of the proposed method if Tncg is too small
[Fig. 13(a)]. Tsop is a threshold to distinguish linear feature
dominated clusters. If Tsop is too large, then some wood
clusters with inconspicuous linear features would be recog-
nized as leaf clusters [Fig. 13(b)]. Though some large wood
clusters could be reclassified into branches in the subsequent
discrimination step by cluster sizes, some small wood clusters
are permanently misclassified as leaves. If Tg,p is too small,
then most leaf clusters would be classified as wood clusters
[Fig. 13(b)]. In the subsequent discrimination step by sizes,
the misclassified tiny leaf clusters could be removed, whereas
the large leaf clusters would be permanently misclassified
as woods. 77 and 7, are two thresholds that describe the
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Fig. 11.  Point clouds colored using the cluster number. (a) Site 1. (b) Site 2.

percentage of the number of points in a certain cluster to the
total number of points. If 7} is too large, then some wood
clusters with dominated linear clusters would be misclassified
as leaf clusters [Fig. 13(c)]. If T is too small, then linear
leaf cluster with only a few points would be mixed with
wood clusters [Fig. 13(c)]. If 75 is too large, then irregular
large wood clusters with no dominated linear clusters would
be unrecognizable from leaf clusters [Fig. 13(d)]. If 75 is
too small, then most leaf clusters would be recognized as
wood clusters [Fig. 13(d)]. There are no strictly mathemat-
ically deduced values of Tncr, Tsop, 1, and T. These four
thresholds can be set as constants and are generic for any point
cloud acquired by any TLS instrument. By repeatedly testing
in this study, Tnxcr, Tsop, 11, and T, are empirically set as 1/9,
0.75, 0.01%, and 1% to obtain the optimal separation results,
respectively. Although empirically estimated, these settings are
recommended and can be directly used by other researchers
in other forest point clouds.

Using calibrated density data in leaf and wood separation
is the major highlight of this work. A similar method based
on density data is proposed by Tan et al. [32]. The major dif-
ference between the previous and present methods is whether
the laser beam divergence [or distance according to (3)] effect
is considered. Laser beam divergence/distance has a crucial
effect on both point spacing and density data. Theoretically,
distance effect on density data and point spacing should be
considered even at individual level. However, distances of

different points differ slightly at a relatively small region
(e.g., individual tree). The effects of distance on density and
point spacing are subtle in this circumstance. Hence, original
density data without distance effect calibration are used to
separate leaf and wood points and the searching radius r
without point spacing calibration is directly adopted in sep-
arating wood edge and leaf points and connectivity clustering
in [32] for individual trees. In this work, we make a significant
improvement of the method in [32]. First, the original density
data are calibrated for the distance effect. The calibrated
density rather than the original density is used for leaf and
wood separation at single-scan level. Second, r is substituted
by T(pi) = r + (dp, — dmin) in wood edge and leaf points
separation and connectivity clustering considering variations
in point spacing. In summary, the previous method in [32] is
only one special case of the present method and the present
method can substitute the previous method.

A possible hypothesis may be that the connectivity clus-
tering can be directly carried on the raw point cloud to
form segmented clusters without the conduction of the first
and second steps. However, it is almost impossible to obtain an
effective segmentation result only by a connectivity clustering
algorithm because of the very high density of the raw point
clouds and the tight connections between the wood and
leaf points. The first and second steps can break the point
connections to ensure the feasibility and robustness of the
connectivity clustering. The three steps are interlocked to
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Fig. 12.  Wood points extracted using the proposed method. (a) Site 1. (b) Site 2.

(a) (b)
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Fig. 13.  Sensitivity analysis of the thresholds of the proposed method.

(a) Sensitivity analysis of Tncr. (b) Sensitivity analysis of Tsop where
Tner = 1/9, Tt = 0.01%, and T, = 1%. (c) Sensitivity analysis of T}
where Tncr = 1/9, Tsop = 0.75, and T, = 1%. (d) Sensitivity analysis of 7,
where TNCR = 1/9, TSoD = 0.75, and T1 = 0.01%.

ensure the robustness and universality of the proposed method.
The removal of 45% of average leaf points using NCR in the
first step significantly dilutes leaf points. Therefore, densities
of leaf points decrease significantly and the connectivity
weakens. These phenomena ensure the successful and robust

implementation of the second and third steps. The second
step removes approximately 25% of leaf points. Leaf points
are further diluted, and the connectivity among different leaf
clusters is significantly reduced. As a result, leaf points form
small nonlinear clusters in the third step. The first and second
steps remove 70% of points using the NCR and calibrated
density data, respectively. However, a small part of leaf points
still remains. Separating the remaining leaf points is difficult
when the single point-based separation strategy is used at this
time. Thus, the separation turns into a holistic perspective.
Leaf and wood points are discriminated using holistic features
of the pure segments which are constituted by only one kind
of points (i.e., leaf or wood) through connectivity clustering.
The results indicate that single variables and information fail
to achieve accurate leaf and wood separation results. The
proposed method shows satisfactory accuracy and robustness
when geometric quantities derived from different features of
the single point and individual segment are combined.
Occlusion effects are inevitable in single-scan mode in
both planted and natural forests, i.e., the planted forests are
also significantly influenced by occlusion effects. Whether the
forest is planted or natural, most leaves and woods cannot
be completely scanned due to mutual occlusion in single-
scan mode. Occlusion effects have a big influence on the
completeness of leaves and woods in single-scan mode, but
occlusion effects cannot change the curvature, density, and
salient features which are inherent attributes of leaves and

Authorized licensed use limited to: East China Normal University. Downloaded on March 17,2022 at 08:37:43 UTC from IEEE Xplore. Restrictions apply.



5701517

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

TABLE 11
RESULTS OF SELECTED TREES USING THE PROPOSED METHOD AND MANUAL SEPARATION

Site 1 Tree 1 Tree 2 Tree 3 Tree 4 Tree 5

Tree 6 Tree 7 Tree 8 Tree 9 Tree 10

Proposed

Manual

Mean
distance

(m)

5.75 5.80 8.47

10.67 10.90 12.84 16.32 21.06

Overall
accuracy
(94.16%)

97.44% 96.31% 95.06% 90.66% 94.82%

95.18% 96.05% 94.38% 90.40% 91.34%

Site 2 Tree 1 Tree 2 Tree 3 Tree 4 Tree 5

Tree 6 Tree 7 Tree 8 Tree 9 Tree 10

Proposed

Manual

Mean
distance

(m)

23.16 24.80 26.30 32.20 33.63

38.98 44.16 54.45 55.46 61.18

Overall
accuracy
(92.12%)

92.29% 90.78% 93.09% 89.61% 95.59%

92.73% 92.54% 92.07% 92.17% 90.36%

woods. Once scanned, leaf and wood points have differences
in curvature, density, and salient features whether the entire
leaves or woods are scanned completely or not. However,
the two test sites in this study are both planted forests.
Although the proposed method is theoretically insensitive to
occlusion effects and the results from the two sites show
good performance at restraining the occlusion effects, com-
plex natural forests with severer occlusion effects or some
simulated experiments are still needed to better prove the
robustness of the proposed method to the occlusion effect
in future work. Heights, structures, leaf sizes, and branch
sizes vary significantly within and between the two forests.
The satisfactory overall separation accuracies suggest that

the proposed method is robust and can be used for various
trees and forests regardless of internal compositions and spe-
cific geometric features. Two kinds of TLS instruments with
different measuring principles (i.e., phase shift and time-of-
flight), distancing capabilities (i.e., middle and long ranges),
and measuring accuracies are adopted in this study. The
proposed method only uses geometric features derived from
3-D coordinates of the point cloud that can be provided by
any existing TLS instrument. Therefore, the proposed method
demonstrates satisfactory robustness and universality and can
be applied to different kinds of TLS instruments. In addition,
the 3-D coordinates are fundamental data provided by all
LiDAR systems. Although geometric features of point clouds
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in airborne or mobile LiDAR show differences to that acquired
in single-scan TLS, woods are still essentially different from
leaves in curvature features, calibrated density, and salient
features. Thus, the proposed method provides a generic solu-
tion of leaf and wood points separation for LiDAR systems
on various platforms rather than TLS. The application of the
proposed method to LiDAR systems on other platforms should
be further investigated in future study.

Only a very small part of wood components of some distant
trees can be scanned due to the serious occlusion effect. The
near neighbors (>3) may be insufficient for calculating the
precise value of NCR because these wood components contain
very limited points. These wood points may be misclassified
as leaf points (L) because they demonstrate similar curvature
features with leaf points, thereby causing some errors in the
results of the proposed method. No significant differences exist
in sizes between very tiny twigs (or incompletely scanned
stems due to the occlusion effect) and leaves. Therefore, some
tiny twigs and fragmentary stems can be classified into L,
by conducting k-means clustering of calibrated density data.
Although clusters are discriminated simultaneously by salient
features and the total number of points in the third step, a part
of tiny wood clusters from distant trees without significant
linear features may be recognized as leaf clusters; in contrast,
very few large linear leaf clusters may be classified as wood
clusters. Notably, it is difficult to accurately mark the leaf and
wood points by manual methods in single-scan point clouds,
especially for the incomplete trees far from the TLS center.
The twenty trees selected for accuracy evaluation are relatively
complete in this study. The errors in manual separation are
ignored. The accuracy evaluation method should be further
improved in future work. The reference wood and leaf points
marked in the co-registered TLS data before splitting into
single scans may be a possible alternative solution.

This study aims to separate leaf and wood points acquired
by TLS in forests. However, the use of NCR, calibrated density
data, and salient features alone or in combination can be
referred to point cloud interpretation at other scenes. Particu-
larly, various targets have different sizes. The proposed density
calibration method is based on the discrepancies in sizes of
different targets and can discriminate targets at single-scan
level, which can be adopted as a highly potential and effective
data source for target classification and extraction in TLS point
cloud at other scenes. In addition, the consideration of the
effect of laser beam divergence angle on point spacing, self-
adjusting distance threshold, and virtual point number statistics
provides valuable reference solutions for TLS point cloud data
processing. Notably, the proposed method can also be applied
for leaf and wood separation at individual or plot levels. The
densities of the overlapping areas from different single-scans
are changed after co-registration. Therefore, separation should
be conducted before co-registration when the proposed method
is used for leaf and wood separation at individual or plot levels.

V. CONCLUSION

A new method for separating leaf and wood points of trees
at the TLS single-scan level that only uses geometric data
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of the point cloud is proposed in this study. Leaf points
are removed from wood points by successively using derived
geometric quantities from curvature features, calibrated den-
sity, and salient features. The proposed method can benefit
and promote the application of forest structural metrics and
spatial distribution status estimation using TLS technology.
Two different TLS instruments are used to scan two forests
with different tree species, heights, and structures. The average
overall accuracy is approximately 93%. The results signify
that leaf and wood components intrinsically possess differ-
ences in geometric features and a combination of selected
geometric quantities in the proposed method obtains supe-
rior performance in efficiency, accuracy, and robustness. The
proposed method provides a generic solution for point cloud
interpretation and can be popularized to forest inventory using
various LiDAR systems. r is related to the size of branches and
neighbor spacing of the point cloud and it is the only parameter
required for estimation in the proposed method. Future studies
are recommended to address the adaptive estimation of r to
improve the automatic and unsupervised performance of the
proposed method.
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