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ABSTRACT

The competitive stress of individual trees can be quantified by considering their positions and dimensions such as
diameter at breast height (dbh) and height with respect to their neighbor trees. However, measurements of these
attributes in the field limit the number of trees and stands that can be assessed with given resources. In recent
years, terrestrial laser scanning (TLS) and airborne laser scanning (ALS) data have become prominent in char-
acterizing three-dimensional forest structures. These data could also provide efficient and reliable tools to assess
the competitive stress of trees within a stand. Therefore, we aimed to investigate the capability of TLS and low-
altitude ALS in characterizing the competitive stress affecting individual trees in boreal forests. We compared: a)
an object-based approach that quantified competition through the identification and characterization of
competing neighbor trees from the TLS and ALS point clouds, and b) a point cloud-based approach where the
presence of point cloud structures representing competitive vegetation around a target tree was considered.
Accordingly, three object-based competition indices (CIs) utilizing dbh (Clgpp), height (Cly), and maximum
crown diameter (Clycp) as weights were calculated using the Hegyi equation. For the point cloud-based
approach, the canopy density index (CDI), and the competitive pressure index (CPI) were derived using an
upside-down search cone set at 60 % relative tree height, while the Clcylinder was calculated by counting the
number of voxels occupied by the competitive vegetation inside a fixed-radius cylinder. These laser scanning-
based CIs were assessed against in situ-based CIs where dbh and height were used as weights in the Hegyi
equation. The results showed that the object-based CIs were more correlated (r = 0.33-0.48, p-value < 0.001)
with the in situ-based Cls in comparison with the point cloud-based CIs (r = —0.22-0.37). The object-based Cls
showed a high correlation (r = 0.65-0.71, p-value < 0.001) when compared between TLS and ALS, while a
greater variation was observed for the point cloud-based CIs (r = 0.29-0.53, p-value < 0.001). Tree detection rate
and the number of neighboring trees in the field affected how well the ClIs derived from the TLS and ALS data
were in line with the in situ-based Cls, especially when the competitive stress was assessed using the object-based
CIs. In conclusion, the object-based CIs derived using TLS and ALS provided consistent characterization of
competition in managed boreal forests compared to the in situ-based CIs. While TLS is ideal for small-scale as-
sessments, low-altitude ALS offers a rather similar capacity for assessing competition but with broader coverage.
In complex forest structures, reliable tree detection is essential to avoid underestimating the competitive stress of
trees.

1. Introduction

functional traits, human-induced harvest, forest management, and
competitive interaction between individual trees (Burkhart and Tomeé,

Forests are dynamic and complex ecosystems, and their growth de- 2012; Fichtner and Hardtle, 2021; Stephenson et al., 2014). Competition
pends on a variety of biotic and abiotic factors such as macro- and between individuals is a crucial factor, affecting how individual trees

microclimate conditions, soil fertility,
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grow (Hui et al., 2018; Perry, 1985). Trees that outcompete others can
benefit more from resources such as growing space, water, sunlight, and
soil nutrients (Tomé and Burkhart, 1989). Hence, monitoring competi-
tion between individuals can provide ecological insights for forest
managers and stakeholders (Pedersen et al., 2013). The magnitude of
competition is also an effective input parameter for a variety of models
describing forest development such as basal area growth (Bollandsas
and Nasset, 2009), recruitment (Lexergd and Eid, 2005), and mortality
(Eid and Tuhus, 2001). Therefore, competition must be quantified to
understand its effects on tree growth and forest ecosystem dynamics
(Pitkanen et al., 2022; Twery and Weiskittel, 2013).

Competition between trees is typically quantified using competition
indices (CIs) such as the Hegyi index, which are based on the size and
location of a target tree relative to its neighboring trees (Burkhart and
Tomeé, 2012). A target tree refers to an individual tree within a forest
stand that competes with its neighboring trees for resources and is
influenced by the negative impact of neighboring trees. The use of Cls to
describe the competition between trees has proven to be robust but often
requires in situ data which can be labor-intensive and time-consuming to
acquire. In addition, the number of feasible tree attributes to be used for
computing CIs is rather limited (Burkhart and Tomé, 2012; Tompalski
et al.,, 2016; Wensel et al., 1987). Especially for characterizing tree
crown expansion, accurately measuring the crown size in the field using
conventional mensuration tools is practically impossible (Ma et al.,
2018; Weiskittel et al., 2011). The crown size, instead, can be estimated
by using allometric models based on dbh and height, but it is prone to
uncertainty (Wensel et al., 1987). In addition, measuring crown struc-
ture by in situ measurements needs destructive sampling. Therefore, it is
necessary to develop alternative approaches to assess competition be-
tween trees to improve understanding of tree and forest growth pro-
cesses (Ma et al., 2018; Olivier et al., 2016).

Laser scanning offers methods to collect three-dimensional (3D) in-
formation on forests at a wide range of scales (Bazezew et al., 2018;
Giannetti et al., 2018; Su et al., 2016; Tempel et al., 2015; Wulder and
Franklin, 2003). Laser scanning characterizes trees and forests by
emitting laser pulses from a sensor, which bounce off surfaces like tree
crowns and stems, with the returning signals used to create point cloud
enabling 3D reconstruction of the forest structure. Terrestrial laser
scanning (TLS) is a close-range sensing technique that, besides the stem
dimensions, can obtain detailed information about tree crown structures
(Maas et al., 2008; Muhojoki et al., 2024; Rocha et al., 2023). TLS is most
effective when collecting information on individual trees, sample plots,
or a limited number of stands. TLS data is acquired through static
measurements from a tripod. From a single scanning location, it is only
possible to measure such trees that are directly visible to the scanner.
Still, it can provide detailed information about the measured trees,
including the dimensions of the stem and branches (Raumonen et al.,
2013). When collecting data from a sample plot or a stand, TLS mea-
surements from multiple scanning locations are used. This allows for a
more complete reconstruction of the trees to be characterized, though
the process is labor-intensive and thus costly (Liang et al., 2016; White
et al.,, 2016). On the other hand, airborne laser scanning (ALS) is a
powerful technique that can capture tree and forest structures on a large
scale (Axelsson et al., 2023; Maltamo et al., 2006; Su et al., 2016). One
ALS survey can cover hundreds of thousands of hectares, making it
suitable for gathering data supporting forest planning and operations.
ALS data are collected from above the canopy and thus it is best suited
for measuring canopy height and tree density. In contrast to TLS mea-
surements, ALS does not (yet) provide detailed information on tree
stems due to considerably lower point density (Casas et al., 2016;
Hyyppa et al., 2012; Poorazimy et al., 2022; Su et al., 2016; Vauhkonen
et al., 2014). Considering the above capabilities, TLS and ALS present
new opportunities also for describing the competition among trees.
Previous studies have shown the potential of point cloud-based assess-
ment of competition between trees by identifying and characterizing the
target trees and their neighboring trees considered as competitors (Lin
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et al., 2016; Pont et al., 2021; Ronoud et al., 2022). This approach is
called the object-based approach as the identification and character-
ization of competitors occurs at the object level (i.e., the individual tree
level). Like in situ-based CIs, the size and location of neighboring trees
relative to the target tree are used for computing CIs (Ma et al., 2018).
On the other hand, laser scanning point clouds can be directly used to
estimate competition between trees (Metz et al., 2013; Olivier et al.,
2016; Pedersen et al., 2013, 2012; Seidel et al., 2015; Yrttimaa et al.,
2022). In this approach, hereafter referred to as the point cloud-based
approach, the competitive stress is characterized based on the
co-existence of vegetative structures around the target tree (Metz et al.,
2013). For instance, Olivier et al. (2016) used TLS point clouds to
investigate the response of sugar maple (Acer saccharum Marshall)
crowns to competition and highlighted the capability of point
cloud-based CIs in describing space occupancy. In a recent study, Yrt-
timaa et al. (2022) investigated the effect of interactions between indi-
vidual trees and their neighbors on stem growth, suggesting the
potential of point cloud-based CIs. Nevertheless, the characterization of
competition using point clouds is still in the early stage and remains a
topic that necessitates further investigation and understanding (Lo and
Lin, 2013; Ma et al., 2018; Metz et al., 2013; Pedersen et al., 2012;
Yrttimaa et al., 2022).

Laser scanning technologies are widely used to collect forest resource
information in many countries to collect forest resource information,
supporting especially silviculture, forest planning, and timber procure-
ment (Fassnacht et al., 2024). Additionally, various laser scanning
techniques are being increasingly employed to support forest science
research (Calders et al., 2020). Detecting and describing the competition
between trees is one thematic area where laser scanning is expected to
provide solutions, both in research and practical forestry. For this
reason, understanding how competition can be described using ALS and
TLS data, and how well these descriptions align with each other and with
traditional approaches with in-situ measurements, will help forest re-
searchers identify the best ways to describe competition. It will also
assist end-users in understanding the strengths and weaknesses of
competition described through point clouds, enabling them to make
informed decisions.

Therefore, this study aimed to provide insights into the capability of
TLS and low-altitude ALS in characterizing competitive stress affecting
individual trees. Specifically, we addressed three research questions: (1)
How well do object-based and point cloud-based CIs characterize
competition between trees when compared to competition as charac-
terized using in situ data? (2) Are competition assessments derived using
TLS and ALS data consistent? and (3) how does the number of neigh-
boring trees in the field around the target tree and the tree detection rate
affect the estimation errors of Cls assessed using laser scanning?

2. Materials and methods
2.1. Site description and in situ data

This study was carried out in the Evo study site (61°19.6'N, 25° 10.8'
E), located in the southern boreal forest of Finland (Fig. 1). The study
site covers approximately 2000 ha of mainly Scots pine (Pinus sylvestris,
L.), and Norway spruce (Picea abies (L.) H. Karst.) dominated forests with
elevation in the study area ranging from 125 m to 182 m above sea level.

The experimental design of this study consists of 22 rectangular
sample plots with a size of 32 m x 32 m (Fig. 1) that were established in
2014 to support the TLS benchmarking project that aimed to investigate
various TLS approaches for forest inventory and assess the effect of
forest structure on the accuracy and completeness of tree attribute
extraction using TLS data (Liang et al., 2018). The sample plots were
selected to represent a range of stand conditions typical of boreal forests,
considering factors such as development stage, stem density, sub-canopy
vegetation density, and species composition (Liang et al., 2018).
Therefore, the selected plots encompass a variety of forest structures,
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Fig. 1. A map showing the location of the study area in Evo, Finland, and the distribution of the sample plots on top of aerial imagery.

comprising both managed and single-layered, as well as unmanaged and
multi-layered forests (Fig. 2). In situ measurements in the field were
carried out during the summer of 2014. The location of each sample plot
was defined by utilizing the geographic coordinates of the plot center
and its four corners. Plot center coordinates were recorded using a
Trimble 5602 DR200 + total station which was oriented to the local
coordinate system using ground control points. The Trimble R8 Global
Navigation Satellite System (GNSS) receiver (Trimble Inc., CA, USA) was
implemented to measure ground control points in open areas, close to
the plot.

In each sample plot, all trees with a dbh greater than 5 cm were
measured and recorded. The dbh of trees was measured with calipers as
an average of two measurements from two directions perpendicular to
each other. Tree height was measured with an electronic clinometer.
During the measurements, tree species were recorded for each tree.

Table 1

Summary statistics of the structural characteristics of the sample plot based on in
situ measurements including the Minimum (Min), Mean, Maximum (Max), and
Standard deviation (std.) of the number of trees per hectare (N), mean volume
(V), mean diameter weighted by basal area (D), and mean height weighted by
basal area (Hy).

Attribute N (n/ha) V (m®/ha) Dy (cm) Hg (m)
Min 430 110.64 13.91 13.03
Mean 1238 297.24 25.93 21.01
Max 3008 482.33 41.58 27.04
Std. 731 115.21 9.10 4.14

Fig. 2. Illustration of the spectrum of boreal forest stand conditions investigated in this study: managed and single-layered (left) and unmanaged and multi-layered

(right) structures.
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Table 1 summarizes the structural characteristics of the sample plots
based on the in situ measurements.

2.2. Laser scanning data acquisition

2.2.1. Low dltitude airborne laser scanning (ALS)

In December 2014, the acquisition of ALS point clouds was con-
ducted using a Riegl VQ-480-U scanner (RIEGL Laser Measurement
Systems GmbH, Austria) from a helicopter flying at an altitude of 75 m
to acquire high-density point clouds. The Riegl VQ-480-U scanner pro-
vides a field of view of 60° and operates at a laser beam wavelength of
1550 nm featuring a beam divergence of 0.3 mrad. During the data
acquisition, the scan speed was set to 150 Hz and pulse repetition rate to
550 kHz. The flight speed was kept constant at 50 km/h. The ground
footprint size, on-ground pulse spacing along the scan line, and on-
ground pulse spacing between scan lines were approximately 2.3 cm,
4.7 cm, and 9.3 cm, respectively. To ensure data quality, manual
removal of error points was performed. Points originating from erro-
neous returns, such as isolated points in the sky or below the ground
level, were carefully identified and eliminated from the dataset. The
resulting ALS point clouds exhibited a point density of approximately
450 points/mz, indicating high detail and precision in the captured in-
formation (Table 2).

2.2.2. Terrestrial laser scanning (TLS)

The TLS point cloud data acquisition was conducted during the
spring of 2014 using a Leica HDS6100 (Leica Geosystems, St. Gallen,
Switzerland) phase-shift scanner. The scanner operated at a wavelength
of 690 nm and was capable of capturing high-density point clouds with a
scanning rate of 508,000 points per second. The resulting point cloud
from a single scan exhibited a hemispherical (310° vertical x 360°
horizontal) coverage, providing detailed information in both the vertical
and horizontal directions, with an angular resolution of 0.018°
(Table 2). A multi-scan approach was employed to acquire compre-
hensive point clouds for each sample plot. This approach involved
conducting five individual scans from distinct locations. The scan
configuration consisted of a center scan positioned at the plot’s center,
supplemented by four auxiliary scans strategically placed at the quad-
rant directions (i.e., northeast, southeast, southwest, and northwest),
approximately 11 m away from the plot center. A co-registration process
was performed to integrate the individual scans and generate a unified
point cloud. This process involved aligning the scans using artificial
reference targets as control points. The Z + F LaserControl point cloud
processing software was utilized in this co-registration procedure.
Following successfully merging the scans, the resulting point clouds
were utilized to locate trees within each sample plot. Tree maps were
subsequently created by manually identifying the cross-sections of in-
dividual trees from horizontal slices of the TLS point clouds. The tree
maps were verified in the field and augmented with missing trees
(mostly small in diameter) not identified from the point cloud slices.

2.3. Detecting and characterizing trees using TLS and ALS

The TLS and ALS were classified into ground and non-ground points
using LAStools software. Using the lidR package, triangulated irregular

Table 2
Summary of terrestrial laser scanning (TLS) and airborne laser scanning (ALS)
acquisition characteristics.

Characteristic TLS Helicopter-borne ALS
Scanner Leica HDS6100 Riegl VQ—480-U
Wavelength 690 nm 1550 nm

Beam divergence 0.22 mrad 0.3 mrad

Field of view 310° vertical x 360° horizontal 60°
Date Spring, 2014 Winter, 2014
Platform Tripod Low-altitude helicopter
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network (TIN) models were created to generate TLS and ALS-based
digital terrain models (DTMs) with a resolution of 0.5 m (Roussel and
Auty, 2018). Then, the TLS and ALS point clouds were normalized using
the respective DTMs, and only points representing vegetation were
chosen for further analysis.

The TLS and ALS-derived canopy height models (CHMs) were
generated from the height-normalized TLS and ALS point clouds using
the pit-free algorithm (Khosravipour et al., 2016) in the LAStools soft-
ware. The pit-free algorithm operates by utilizing respectively a stan-
dard CHM and partial surface models generated from all and the highest
return points close to pits. In this study, to obtain partial CHMs, a set of
2,5,10,15, 20, 25, 30, 35, and 40 m height thresholds were considered.
For this task, the normalized point clouds were thinned with half of the
pixel size. To fill potential holes, a near-ground surface model was also
generated by excluding points above 10 cm (Isenburg, 2019). Finally,
the generated CHM and partial surface models were aggregated as one,
final CHM with a pixel size of 0.5 m based on the highest values selected
from all the CHM or partial surface models.

To perform the analysis at the level of individual trees, a local
maxima filter (LMF) algorithm with an experimentally checked fixed
window size of 3 x 3 pixels, was implemented to the final CHM of a
sample plot to find the treetops using the lidR package of R. Then, using
a marker-controlled watershed segmentation algorithm (Meyer and
Beucher, 1990) the final CHM was segmented into individual tree
crowns (i.e., 2D crown segments). Obtained tree crown segments were
used to clip out the points belonging to each tree using a
point-in-polygon approach applied to the XY plane.

The classification of TLS-derived individual tree point clouds was
conducted using the methodology initially developed by Yrttimaa et al.
(2020). It is based on the separation of points originating from a stem
and crown. It was completed by applying surface normal filtering and
random sample consensus (RANSAC)-cylinder filtering procedures to
finally identify point cloud clusters forming smooth, vertical, and cy-
lindrical structures considered to represent a tree stem. An alpha shape
was created to envelop these points, while points remaining outside the
alpha shape were assumed to represent the tree crown. ALS point clouds
delineated by individual trees were classified as crown points if they
existed outside the alpha-shape and within the 2D crown segment.
Finally, individual tree locations from the TLS point clouds were
determined by calculating the center points of RANSAC cylinders fitted
into the stem points at the breast height (i.e., XY coordinates), and for
ALS, the mean XY coordinates of all points within each 2D crown
segment were used.

Tree height was determined based on the highest point return within
each tree segment. Moreover, to derive the crown structure and relevant
geometric features, a 2D convex hull object was employed to enclose the

Table 3

Stem and crown attributes derived from terrestrial laser scanning (TLS) and/or
airborne laser scanning (ALS) point clouds. dbhyig: diameter at breast height
(dbh) derived from TLS point clouds; dbhy;s: the dbh predicted based on ALS-
derived tree height; Hys: The tree height derived from TLS point clouds;
Hars: The tree height derived from ALS point clouds; MCDyys: Maximum crown
diameter derived from TLS point clouds; MCDaps: Maximum crown diameter
derived from ALS point clouds; CAap.tis: the Crown area derived from TLS point
clouds; CAzp.ars: the Crown area derived from ALS point clouds.

Attribute (unit)

dbhrig /dbhygs (cm)

Description/ Calculation

The diameter at breast height (1.30 m) of the individual trees

obtained by fitting a RANSAC cylinder/dbh was predicted

using allometry (Kalliovirta and Tokola, 2005) with tree

height.

The maximum height (Z value) of individual tree point

clouds for TLS and ALS.

MCDqs and MCDprs Maximum crown diameter based on the 2D convex hull for
(m) TLS and ALS.

CAsp.t1s and CAap. Area of the crown 2D convex hull projected onto XY plane for
as (m?) TLS and ALS.

Hrprs and Haps (m)
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crown points of TLS and ALS using the rLiDAR package. This enabled the
characterization of the crown morphology based on the two key crown
attributes, namely 2D crown area (CAgp) and maximum crown diameter
(MCD) (Table 3). Table 3 shows the computed attributes characterizing
individual trees using the TLS and ALS point clouds.

The dbh of individual trees was either directly measured (TLS) or
predicted based on tree height (ALS). With TLS, the dbh was derived by
fitting RANSAC cylinders into stem points delineated from multiple
heights around the breast height (i.e., at height intervals of 1.25-1.30 m
and 1.30-1.35 m). Finally, the mean of these consecutive diameter ob-
servations at the different heights around the breast height was
considered as the dbh estimate (Table 3). For those trees that the dbh
measurement was not logical (i.e., did not fall between ~5cm to
~65 cm) or could not be obtained at all, then the dbh was predicted
based on tree height using allometric models (Kalliovirta and Tokola,
2005). This was done due to the limited capacity of characterizing all the
trees by TLS acquisition in this study. For example, some trees had not
fully been scanned from all directions, leading to an incomplete point
cloud characterization which tends to lead to overestimating dbh based
on the point cloud-based diameter measurements. With ALS, the dbh
was predicted using the same equation based on tree height (Kalliovirta
and Tokola, 2005).

2.4. Quantifying competitive stress of individual trees using TLS and ALS

2.4.1. Object-based approach

In the object-based approach, competitive stress for each target tree
within the plot was quantified based on the size and locations of their
neighboring trees. We used a fixed 8 m distance around each target tree
as a search radius for determining neighboring trees affecting compe-
tition, as suggested by previous studies (Pedersen et al., 2012; Pont
et al., 2021; Zhou et al., 2022). Three spatially explicit CIs were calcu-
lated for each target tree as a sum of inverse distances to the neighboring
trees weighted by the i) dbh (Clgpp), ii) tree height (Cly), and iii) tree
maximum crown diameter (Clyicp) according to the Hegyi equation
(Hegyi, 1974) (Eq. 1).

ar=>3" (X/(X x dist;)) €8]

where the competition index for a given individual target tree is denoted
as CI, n represents the total number of neighboring trees located within
the search radius; X; represents the dbh, height, and maximum crown
diameter (MCD) of the i neighboring tree, X refers to the corresponding
dbh, height, and MCD of the target tree, and dist; denotes the horizontal
distance (m) between the target tree and the ith neighboring tree. To
account for the effect of topography on CIs based on tree height, non-
normalized height was restored via DTMs. It is worth mentioning that

(a)
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the computation of CIs for trees located closer than 8 m distance from
the plot border was excluded to avoid edge effects. This also allowed us
to ensure that the TLS scan setup provides a complete, multi-viewpoint
reconstruction of the trees (Yrttimaa et al., 2019).

2.4.2. Point cloud-based approach

In the point cloud-based approach, the competitive stress affecting
target trees was computed using two different approaches for finding the
vegetative structures of neighboring trees causing competition: 1) a
search-cone method which includes canopy density index (CDI) and
competitive pressure index (CPI), and 2) a search cylinder method.
Because of the topography effect on the estimated CIs, the non-
normalized TLS and ALS point clouds were used in our study
(Yrttimaa et al., 2022). Of importance, the CIs were not computed for
the trees closer than 8 m distance from the plot border to avoid the edge
effect as applied in the object-based approach.

The CDI and CPI were determined based on canopy occupancy
within the crown neighborhood and the geometric relationship between
the target tree and its neighbors. To this end, according to Seidel et al.
(2015), an upside-down cone with an opening angle of 60° and a vertical
orientation was positioned at a height corresponding to 60 % relative
tree height (Fig. 3). By enveloping a horizontal cross-section of non-stem
points of each target tree with a 2D convex hull, we determined the
small-end diameter of the search cone at that height. Using the
non-normalized point clouds of the sample plots, we delineated points
that fell inside the search cone but remained outside the 3D convex hull
of the target tree crown and considered them as the neighboring points.
In the next step, these neighboring points were voxelized to a 0.1 m X
0.1 m x 0.1 m grid. Therefore, each point in this voxelized neighboring
point cloud represented 0.001 m® of vegetation-occupied space around
the target tree’s crown. The CDI and CPI were computed using the
neighboring point clouds, the search cone’s geometry, and the target
tree’s crown characteristics. The first step involved volumetric analysis
of the occurrence of vegetative structures within the competitive space.
We considered the volume of the space occupied by the neighboring
point clouds (CV) as the number of neighboring points (with Z < height
of the target tree) multiplied by their representative volume of
0.001 m®. The CDI (i.e., the relative volume of the space occupied by
neighboring trees) was calculated as the ratio between the CV and the
volume of the search cone whose top surface was constrained to the
height corresponding to the tree height (Vcone) excluding the volume of
the target tree’s crown (V¢rown). The geometric equation of a truncated
cone volume was used to compute the V¢one. To consider the distance of
the neighboring trees, a 3D version of the CPI (2D version of CPI pro-
posed by Olivier et al. (2016) was implemented. Here, the CPI was
calculated as a mean inverse Euclidean distance between the neigh-
boring points and the surface of the 3D convex hull of the target tree

(b)

Fig. 3. Illustration of (a) the Search-cone method and (b) the Cylinder-based method to describe the competition between trees. The target tree is shown as green,
while point cloud structures considered to represent the competing neighbors are shown in purple.
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crown (Fig. 3).

In the search cylinder method, determining the filling of cylindrical
space was notably simpler compared to conical filling due to the absence
of the necessity for conversion into spherical coordinates (Seidel et al.,
2015). Therefore, the number of 1 dm?® voxels with centers located
within a 4 m radius search cylinder were counted and the respective
vegetation-occupied volume was determined, Clcylinder (Fig. 3).
Following Seidel et al. (2015), we used the 4 m radius search cylinder
due to its better performance compared to smaller or larger-sized search
cylinders according to our initial experiments. This choice was influ-
enced by the findings that smaller cylinders failed to encompass an
adequate amount of vegetative to effectively replicate competitive stress
affecting target trees, while larger cylinders potentially included vege-
tative structures no longer relevant for contributing to the competitive
stress (Seidel et al., 2015).

2.5. Quantifying competitive stress of individual trees using in situ data

The reliability of the CIs derived from laser scanning techniques and
different approaches was assessed based on competition indices derived
from in situ data. The Hegyi equation using dbh (Clgph.r sin) and height
(Cly.In siy) Was implemented in the same way as the object-based CIs to
compute the magnitude of competition affecting each in situ target tree
(Sections 2-4-1). The edge effect was also considered by excluding the
computed in situ-based CIs for trees closer than 8 m distance from the
plot border. It is worth mentioning that Cly.j, sir, was only used to assess
the accuracy of estimated Cly, while other CIs were assessed against
Clgbh-In site- Based on findings obtained in previous studies, relative basal
area increment has also been used to assess the reliability of CIs
(Contreras et al., 2011; Hui et al., 2018; Pedersen et al., 2013; Rivas
et al., 2005; Seidel et al., 2015; Szwagrzyk et al., 2012) and thus it was
also included as an in situ CI in this study. The basal area increment was
calculated by subtracting the in situ basal area in 2014 from the
respective measure in 2021 and dividing the result by the initial basal
area in 2014.

2.6. Tree-to-tree matching

Tree-to-tree matching was needed to assess the accuracy of Cls
derived from TLS and ALS relative to their corresponding in situ-based
CIs. This involved finding the corresponding field-measured tree for
each tree derived from the TLS point clouds (i.e., TLS trees) and the ALS
point clouds (ALS trees). The matching process aimed to minimize both
geospatial error and tree height error between the point cloud-derived
and in situ measured tree attributes. For this purpose, the similarity in
the geospatial locations of TLS and ALS trees with the in situ trees within
a maximum 2 m distance was considered. In case multiple detected or in
situ trees were located within the applied search distance, the corre-
spondences were determined based on similarity in their tree height.
This matching procedure and applied constraints resulted in a total
number of 225 TLS and 213 ALS trees to be analyzed (Table 4). Due to
the systematic acquisitions of point clouds, it is assumed that these trees
are representative of trees that can be characterized by laser scanning
point clouds in varying boreal forest conditions. For the matched trees,
the correlation between dbh derived from TLS and in situ measurements
was 0.77, and for height, it was 0.94. Similarly, the correlation between
dbh derived from ALS and in situ measurements was 0.68, while for
height, it was 0.96. Table 4 summarizes their structural attributes and
CIs. The TLS and ALS trees were also matched using the above-
mentioned tree-to-tree matching methodology to assess the consis-
tency of TLS- and ALS-derived ClIs, resulting in 126 trees being included
in both datasets.
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Table 4

Minimum (Min), Mean, Maximum (Max), and Standard deviation (Std.) of
structural attributes and competition indices (CIs) for the matched trees of
terrestrial laser scanning (TLS) and airborne laser scanning (ALS) as well as their
in situ correspondence. The dbh, H, and MCD indicate tree diameter at breast
height, height, and maximum crown diameter. Clgpn, Cly, and Clycp are the
object-based ClIs based on dbh, H, and MCD respectively. The canopy density
index (CDI), competitive pressure index (CPI), and Clcyiinder (i.€. vegetation-
occupied volume) are point cloud-based CIs. From the TLS point clouds, 225
trees could be identified and matched with the in situ trees, while the corre-
sponding number for the ALS point clouds was 213. This accounts for the small
differences in the characteristics of the in situ trees between the TLS and ALS
datasets.

Attribute / Competition Dataset  Min Mean Max Std
index (CI)
dbh (cm) In situ 5.25 20.03 38.80 7.17
TLS 8.25 21.61 36.24 5.95
In situ 5.25 20.32 38.80 6.76
ALS 13.32 24.27 35.04 4.97
H (m) In situ 10.40 20.50 30.20 4.62
TLS 12.57 20.95 29.45 3.94
In situ 10.50 20.92 30.20 4.38
ALS 11.58 21.03 30.32 4.29
MCD (m) TLS 2.92 5.21 7.72 6.89
ALS 2.31 5.21 8.53 1.21
Clabh In situ 0.63 1.84 7.95 1.06
TLS 0.95 2.41 4.60 0.77
In situ 0.63 1.70 2.93 0.51
ALS 0.63 1.95 3.56 0.73
Cly In situ 0.83 1.82 2.77 0.45
TLS 1.27 2.39 3.56 0.55
In situ 0.83 1.82 2.77 0.45
ALS 0.52 1.93 3.47 0.71
Clyep TLS 0.74 2.37 4.16 0.77
ALS 0.34 2 4.03 0.74
CDI TLS 0.0005  0.03 0.08 0.02
ALS 0 0.006 0.015 0.004
CPI TLS 0.5 89.51 242.82 57.68
ALS 0 16.10 54.58 11.99
Cleylinder TLS 6322 64949 124297  27151.59
ALS 0 4935 11352 2872

2.7. Assessment of the capability of point clouds in characterizing
competitive stress in trees

The relationships between the laser scanning-derived object-based
and the point cloud-based ClIs and the in situ-based CIs were assessed
using Pearson’s correlation coefficient (r). It is important to note that
Cly.pn siy Was used solely to evaluate the accuracy of the estimated Cly,
while the other CIs were evaluated against Clgph-;n siti- Based on the
correlation analysis, it was also assessed which of the in situ-based Cls,
the Clgph/Cly or the basal area increment, had a stronger association
with the laser scanning-based CIs. A high value for r implies a strong
relationship between the ALS/TLS-based and in situ-based CIs, which
would indicate the feasibility of using point clouds to assess the
competitive stress of individual trees. Notably, the TLS-based CIs were
assessed with n = 225, while the ALS-based CIs were assessed with n =
213.

Consistency between the TLS-based CIs and respective ALS-based Cls
was assessed for the 162 trees that were included in both datasets using r
as a measure of the level of consistency. A high value for r implying a
strong relationship between the ALS-based and the TLS-based CIs would
indicate that the measures derived from terrestrial point cloud data are
consistent with the measures derived from aerial point cloud data.

To better understand the performance of the applied methodologies
in boreal forest conditions, we further analyzed possible differences
between the TLS/ALS-based and in situ-based CIs and investigated the
effects of forest structural variability in the observed differences (ACIs).
As the object-based CIs — both laser scanning-based and in situ-based —
were computed using the Hegyi equation, the respective CI values were
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directly comparable while the point cloud-based CIs were represented
by different scales than the in situ-based CIs (see Table 4). Thus, for the
object-based ClIs the respective ACIs were computed by subtracting the
in situ-based Clgph values from the laser scanning-based CI values. For
the point cloud-based ClIs, the original CI values were first rescaled by
dividing with the maximum observed values. The ACIs were then
computed by subtracting the rescaled in situ-based Clgpp, values from the
laser scanning-based CI values.

Based on current knowledge, it is known that the capacity of laser
scanning to detect trees decreases as the density of a forest stand in-
creases (Maltamo et al., 2004; Yrttimaa et al., 2019). Considering the
definition of the spatially explicit CIs based on the Hegyi equation, an
incomplete tree detection within the competitive neighborhood of a
target tree (i.e., within an 8-m distance) would lead to an erroneous CI
estimate. All this considered, it can be assumed that the more trees there
are surrounding and competing with the target tree, the more uncer-
tainty can be expected for the laser scanning-based CI estimates. To find
this out, we first assessed the relationship between ACIs and the number
of competitor trees as identified based on the in situ measurements using
r as the measure of the strength of the relationship. In addition, we also
investigated the association between the plot-level tree detection rate
and the density of trees within the sample plot to better understand the
effect of forest structure on the capacity of laser scanning point clouds to
characterize the competitive stress of trees, where the detection of trees
is of importance for accurate CI estimation. It is worth mentioning that
the above-mentioned relationships were also assessed for statistical
significance using p-values.

3. Results

3.1. The relationship of object-based and point cloud-based CIs with the in
situ-based ClIs

The results of correlation analysis between the laser scanning-
derived object-based and the point cloud-based CIs and the in situ-
based CIs are presented in Table 5. In most cases, the CIs based on the in
situ data were more correlated with the laser scanning-based CIs than the
in situ relative basal area increment (Table 5). The CDIy g was the only
index that was more correlated with the in situ relative basal area
increment (r = 0.25 and p-value < 0.001). The capacity of the laser
scanning point clouds to capture the competitive status of trees varied
depending on the applied CI with correlations up to 0.44 and 0.48
recorded with TLS and ALS, respectively (Table 5). The strongest rela-
tionship was recorded between the Clgpy, of TLS and the Clgph-in siey CI (7
= 0.48 with p-value < 0.01). Generally, the object-based ClIs derived
from laser scanning were more correlated with the in situ-based CI (r =

Table 5
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0.33-0.48) than the point cloud-based CIs (r = —0.22-0.37). The Clcy.
linder of TLS (r = 0.37) and ALS (r = 0.23) was the highest correlated
point cloud-based CIs with the Clgph.in siy- While the CDItrg showed a
weak correlation with the in situ-based CI (r = 0.18 with p-value < 0.01),
there was no correlation found between the CDIa;s and Clgph.-in siw r =
—0.03, p-value > 0.05). The CPIp;s was negatively associated with the
Clgbhein siw With r = —0.22 (p-value < 0.05).

3.2. The consistency of object- and point cloud-based CIs derived from
TLS and ALS data

Fig. 4 shows the correlation between the TLS CIs and the respective
ALS CIs as a measure of consistency. The object-based CIs had a higher
correlation between TLS and ALS (r = 0.65-0.71, p-value < 0.001) than
the point cloud-based CIs (r = 0.29-0.53, p-value < 0.001). Among the
object-based CIs, the CIy showed the highest correlation of 0.71 between
TLS and ALS. In terms of point cloud-based CIs, the CDI had the highest
correlation between TLS and ALS (r = 0.53), followed by Clcyinder (r =
0.45, p-value < 0.001) and the CPI (r = 0.29, p-value < 0.001).

3.3. The effect of forest structure on the TLS and ALS CIs

The effects of forest structure on the capacity of TLS and ALS point
clouds for describing the competition between individual trees are
depicted in Figs. 5 and 6. The difference between the laser scanning-
based CIs and the in situ-based CIs (ACIs) increased as the number of
neighboring trees around the target in the field tree increased, especially
for the object-based CIs (r = —0.79 to —0.96, p-value < 0.001) (Fig. 5).
This was also observed for the CDI, with both TLS (r = —0.42, p-value <
0.001) and ALS (r = —0.57, p-value < 0.001), as well as for the TLS (r =
—0.56, p-value < 0.001) and ALS-based (r = —0.72, p-value < 0.001) CPI
(Fig. 5). Among all object and point cloud-based CIs, the Clcyiinder
showed the lowest correlation with the number of neighboring trees
around the target in the field, with a correlation of —0.32 for TLS (p-
value < 0.001) and —0.33 for ALS (p-value < 0.001) (Fig. 5).

Respectively, the ACIs decreased and approached zero as the plot-
level tree detection rate increased (Fig. 6). In general, the object-based
CIs were more affected by the detection rate (r = 0.68-0.84, p-value <
0.001) compared to point cloud-based CIs (r = 0.25-0.49, p-value <
0.001). The Clcylinder showed the lowest correlation with the plot-level
tree detection rate, with a correlation of 0.25 for TLS (p-value <
0.001) and 0.28 for ALS (p-value < 0.001) (Fig. 6). The relationship
between plot-level detection rate of TLS and ALS data and plot-level in
situ tree density has been provided in Fig. 7. As shown, both TLS and ALS
plot-level tree detection rates were highly correlated with plot-level tree
density in the field (r = > 0.8, p-value < 0.001).

Pearson’s correlation coefficients (r) and p-value measuring the statistical significance of the relationship between the competition indices (CIs) derived from terrestrial
(TLS) and airborne laser scanning (ALS) and the in situ data. Clgpp, Cly, and Clycp are object-based CIs based on tree diameter at breast height, height, and maximum
crown diameter, respectively. The canopy density index (CDI), competitive pressure index (CPI), and Clcyiinder (i.€. vegetation-occupied volume) are point cloud-based
CIs. The in situ-based CIs include the Clgph.pn sin, fOr assessing all ALS and TLS-derived ClIs except Cly, which was assessed using Cly.p, sin. The statistical significance
denoted as ns (not significant): p-value > 0.05, *: p-value < 0.05, **: p-value < 0.01, and ***: p-value < 0.001.

Type of competition index Competition index (CI) Dataset In situ-based CI In situ relative basal area increment
Correlation (1) p_value Correlation (r) p_value
Object-based Clabh TLS 0.48 4.47x107 14 —0.09 0.22"
ALS 0.44 1.58x107 11" 0.13 0.07"
Cly TLS 0.40 3.95x10710""" -0.14 0.037*
ALS 0.43 6.7x1071 0.13 0.06™
Clyep TLS 0.33 4.33x1077"" —-0.15 0.02*
ALS 0.44 1.72x107 11" 0.09 0.221
Point cloud-based CDI TLS 0.18 8.5x1073" 0.25 2.09x10°*""
ALS -0.03 0.72™ 0.04 0.55"
CPI TLS 0.03 0.65™ 0.03 0.67™
ALS -0.22 1.41x107%"" -0.18 9.46x1073"
Cleylinder TLS 0.37 1.72x1078"" -0.18 9.37x10%"
ALS 0.23 9.94x10~4" —0.06 0.4™




G. Ronoud et al.

Forest Ecology and Management 572 (2024) 122305

4 . 4 : :
8 r=065 o * o | o 4
- sy ° r=071 R AN "
3 @ . 3 ol 1
& 22 137 32 3::‘, -5 g
= o . Voo o - o, *o , = 2
L O :j!;..'..' o Dol 3]
8 C AN . ’.‘5 i
o—
3 0 0
0 2 4 6 0 2 4 6
Clabh-ms Clyns
|
] 0.02 B
5 <| re04s et "
v o .
3 1% lhems
w» e LIRS v o
s = : -,
a 0.01 2 S e
"? 8 . 3 .0 ‘l.'. 6. R
= o 2 #, .
=1 .+ | O T I
=] X A
3 : S R
- 0.00 S
g 0.00 100 200 300 0 1e+05
[~} CPIT,_S CICylinder—TLs
|

Fig. 4. Scatterplots and Pearson’s correlation coefficients (r) show the consistency between competition indices (CIs) derived from terrestrial laser scanning (TLS)
and airborne laser scanning (ALS). The investigated CIs were based on diameter at breast height (Clgpy), height (Cly), maximum crown diameter (Clycp) as well as
canopy density index (CDI), competitive pressure index (CPI), and Clcylinder (i.€. vegetation-occupied volume). All relationships were statistically significant with p-

value < 0.001.

4. Discussion

This study aimed to investigate the capability of alternative laser
scanning approaches for characterizing competitive stress affecting in-
dividual trees in boreal forests. Specifically, we characterized competi-
tion among individual trees using the point clouds directly (Point
clouds-based CIs) and compared them to the more common object-
based CIs. Our results showed that the object-based CIs derived from
the TLS and low-altitude ALS point clouds had a higher correlation with
the in situ-based CIs than the point cloud-based CIs. Additionally, we
found that the CIs derived from the TLS and low-altitude ALS point
clouds, particularly the object-based CIS, were correlated with each
other. We observed, however, that the forest structure, particularly the
number of neighboring trees and how well the trees were detected,
affected how well the competition could be described. When the number
of trees that were not detected from the point clouds was high, the
competitive effects were underestimated. This impact was especially
noticeable with the object-based CIs.

Some studies have found the current in situ relative basal area
increment to be well correlated with competition (Pedersen et al., 2013;
Seidel et al., 2015). Based on this study, the in situ relative basal area
increment from 2014 to 2021 was less correlated with the TLS and ALS
CIs than the in situ-based CIs computed by the Hegyi equation. There-
fore, we compared the CIs (i.e. the competitive stress affecting the target
trees in our study) derived from the TLS and ALS point clouds with the in
situ-based Cls.

These point cloud-based CIs had lower correlations with the in situ
CIs, which can be attributed to their different approach in characterizing
competition compared to the in situ ClIs. The object-based CIs were
computed using the Hegyi equation, similar to the in situ-based CIs, with
the only difference being the input data (i.e. tree attributes derived from
TLS and ALS point clouds) used for the computations. The point cloud-
based CIs aimed at quantifying the competitive stress through the
magnitude of competitive vegetative structures occupying the assumed
growing space of the target tree, which was assumed to better charac-
terize the competition. Unlike the point cloud-based CIs, the shape of the

crowns of the neighboring trees and how much they contributed to
shading was not considered by the object-based CIs nor the in situ-based
CIs, which could at least partly explain the differences in the correlations
recorded between the point cloud-based and the in situ-based CIs. The
simplified way of the Hegyi equation characterizing competition (i.e.
considering the sum of inverse distances to all of its neighboring trees,
weighted by their size) originates from the times when conventional in
situ measurements were available. Based on our results, it appears that
while describing competition using point cloud-based methods seems
more appealing as point clouds characterize open and closed-space
rather directly, competition effects described using object-based
methods still align better with in-situ competition indicators. This rai-
ses the question of whether in-situ measurements represent the actual
competition as well as possible, but we were unable to investigate this
with our research setup and it remains to be explored in the future.

The Clgpp, provided the highest correlations with the in situ-based Cls,
especially for TLS (Table 5). This difference could be attributed to the
higher capability of TLS point clouds in characterizing tree stems rather
than tree height or crown structure, especially in complex stands
(Calders et al., 2020). However, tree height was also appropriate for
describing competition using TLS and ALS point clouds because the CIs
based on this attribute were significantly correlated with the corre-
sponding Cly.; siy (Table 5). In a study conducted by Versace et al.
(2019), Clgpy and ClIy showed comparable levels of correlation with in
situ-based competition, with R* values of 0.66 and 0.68, respectively.
Contrary to our study, they estimated competition using ALS attributes
by modeling with ordinary least square regression. Generally, the
capability of ALS in characterizing the upper parts of tree crowns,
especially in dense stands, is more effective than TLS due to their
different point cloud acquisition geometries (Novotny et al., 2021).
Hence, ALS performed slightly better than TLS to describe competition
based on MCD (Table 5).

In terms of the point cloud-based CIs, the Clcylinder exhibited a
greater correlation with the Clgpp.in sir, than the search-cone CIs (i.e. CDI
and CPI) (Table 5). This was likely due to the contribution of the entire
architecture of the neighboring trees to the competitive stress affecting
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Fig. 5. Scatterplots and Pearson’s correlation coefficients (r) illustrate the effect of the number of neighboring trees per target tree in the field on the difference (A) of
competition indices (CIs) derived from terrestrial laser scanning (TLS) and airborne laser scanning (ALS) compared to the in situ data. The investigated CIs were based
on diameter at breast height (Clgpp), height (Cly), maximum crown diameter (Clycp) as well as canopy density index (CDI), competitive pressure index (CPI), and
Clcylinder (i-e. vegetation-occupied volume). All relationships were statistically significant with p-value < 0.001.

the target trees that the Clcylinder was able to characterize instead of the Kiikenbrink et al., 2017). In other words, TLS provides a different point
upper canopy structures considered by the CDI and CPI. Seidel et al. cloud reconstruction of the trees compared to respective low-altitude
(2015) obtained similar conclusions when comparing cylinder and ALS acquisition. Therefore, it could be worthwhile to expect that point
search cone methods to describe competition against in situ relative cloud-based CIs differ depending on the point cloud type used. For
basal area increment. In the search cone methods, the CDI described instance, inconsistency between the CPlrps and the CPlpig can be
competition between trees more effectively with TLS than with ALS, attributed to the different occlusion effects due to measurement geom-
whereas the CPI did not show a similar relationship with the in-situ CIs etries (Fig. 4). With TLS, most of the occlusion occurs at the top and
(Table 5). In contrast, Olivier et al. (2016) found that the CDI derived middle parts of the tree crown (Béland et al., 2014, 2011), while ALS
from TLS point clouds was less important in explaining crown attributes provides a less-occluded view towards tree tops while being prone to

compared to the CPIL neglecting lower canopy layers through dense canopies (Kiikenbrink
TLS and ALS observe the forest differently because of the distinct et al., 2017). The Clcylinder-TLs Was more correlated with the magnitude
viewing angles and acquisition geometry (Hilker et al., 2012, 2010; of the competition explained by in situ data than Clcyiinder-aLs. This is
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Fig. 6. Scatterplots and Pearson’s correlation coefficients (r) illustrate the effect of plot-level tree detection rate on the difference (A) of competition indices (CIs)
derived from terrestrial laser scanning (TLS) and airborne laser scanning (ALS) compared to the in situ data. The investigated CIs were based on diameter at breast
height (Clgph), height (CIy), maximum crown diameter (Clyicp) as well as canopy density index (CDI), competitive pressure index (CPI), and Clcyiinger (i.€. vegetation-
occupied volume). All relationships were statistically significant with p-value < 0.001.

likely caused due to the above-canopy viewpoint of ALS which cannot
provide as detailed information on the horizontal structure of individual
trees as TLS (Terryn et al., 2022). In other words, more voxels originated
from tree stems in the TLS point clouds than in ALS point clouds due to
the top-down viewing geometry, fewer observation angles, and smaller
scan angle range of ALS (Kiikenbrink et al., 2017). This comparison
between the point cloud-based CIs of TLS and ALS revealed that TLS
could generate a wider range of CI values compared to ALS (Fig. 4). This
is likely due to the better capacity of TLS to capture the details of in-
dividual tree structures, especially in the lower parts of the crown and
stem. This aspect became evident in the point cloud-based Cls associated

10

with the number of voxels occupied by competitive vegetation. An
adequate scan number and precisely determined scan positions can
minimize crown occlusion in TLS acquisitions (Hilker et al., 2010). On
the other hand, the object-based CIs derived using TLS and ALS were
more closely associated with each other than point cloud-based CIs
(Fig. 4). This rather high consistency resulted from the object-based
nature of these indices to quantify competition.

In our study, both TLS and ALS underestimated the competitive
status of trees compared to the in situ CIs, mainly due to their incapa-
bility of detecting all the competitive neighbor trees surrounding the
target trees (Fig. 6). While our experimental setup included a limited
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Fig. 7. Scatterplots of plot-level terrestrial laser scanning (TLS) and airborne laser scanning (ALS) tree detection rate vs. plot-level in situ tree density. All re-

lationships were statistically significant with p-value < 0.001.

number of sample plots and trees to be investigated, the sampling was
initially planned to feature a multitude of boreal forest structures. This
enabled us to evaluate the assessment of laser scanning-based CIs within
varying competitive conditions. We found out that in complex stands
with multilayered canopies, mixed tree species, and dense understory,
large trees are reliably identified, whereas small trees remain under-
represented (Maltamo et al., 2004; Yrttimaa et al., 2019). Under such
circumstances, the precision of detecting trees using laser scanning is
likely to be limited (Maltamo et al., 2004; Persson et al., 2002; Wang
et al., 2016). The negative effect of forest structure as a primary factor
on the accurate detection rate has been reported by Vauhkonen et al.
(2012) when they compared six different methods across five sites of
boreal forests for individual tree detection using ALS point clouds. Wang
etal. (2016) also concluded that the lower detection rate arises from the
complex forest structure due to the omission of intermediate and sup-
pressed trees. They stated that the probability of correctly detecting
intermediate and suppressed trees depends on the canopy morphology
of neighboring trees as well as height variance (Wang et al., 2016).
Neither of the applied laser scanning techniques (i.e. TLS and ALS) was
able to detect all the trees (Fig. 7), which resulted in an underestimation
of the affected competitive stress (Fig. 6).

Considering the definition of the applied CIs, it was crucial to iden-
tify all the neighboring trees when object-based CIs were used, as these
CIs were computed as the sum of inverse distances to all neighboring
trees within a search radius (here 8 m), weighted by their sizes in dbh,
height, and MCD. And, neglecting even some of the trees considered as
competing neighbors resulted in an underestimation of the competitive
stress affecting the target tree. It is important to note that it is difficult to
associate the estimation error of point cloud-based CIs such as CPI and
Clcylinder With the tree detection rate. This is because the detection rate
does not necessarily reflect how well the surroundings of each target tree
were characterized.

The novelty of this work lies in the comparison of point cloud-based
and object-based CIs derived from TLS and low-altitude ALS for char-
acterizing competition between individual trees. Specifically for object-
based methods, we found that forest structure, especially the number of
neighboring trees and the success of tree detection, influenced how well
competition was described. Trees were not as well detected in dense
forests, and when trees were not detected, the competitive effects were
underestimated. This impact was particularly evident with the object-
based approach. Importantly, the research underscores the limitations
of the laser scanning-based approaches in complex forest environments
where the dense and multi-story vegetation generates point cloud
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occlusion, resulting in the non-detection of competing neighbors sur-
rounding the target trees. This challenge can be mitigated by careful
planning of the data acquisition campaign where efforts should be put in
acquiring complete point cloud reconstruction of all the tree individuals
and to capture the full extent of vegetative structures within the
competitive neighborhood of the target trees. It should be noted that the
applied low-altitude ALS data acquired using a helicopter is still
considered rather experimental and thus the related findings should be
interpreted cautiously. However, it is anticipated that such data will
become more operationally available in the future along with the
development of sensor technology and the carrying capacity of alter-
native platforms such as unmanned aerial vehicles. Considering the
complementary viewpoints of TLS and ALS, the fusion of terrestrial and
aerial point clouds has been shown to benefit the characterization of
individual trees (Dai et al., 2019) and it might provide a solution for CI
estimation accuracy enhancement as well. Of importance, the automatic
segmentation of point clouds is also prone to omission and inaccurate
delineation of tree crowns from aerial point clouds or stems from
terrestrial point clouds (Kwak et al., 2007), leading to estimation error
with the object-based CIs. Hence, methodological improvements in this
area would benefit the detailed characterization of individual trees in
general and the competitive stress in particular.

It is shown in this study that by using close-range terrestrial and low-
altitude aerial point clouds, the competitive stress of trees can be
quantified by characterizing its surroundings: the distance and the size
of the neighboring trees considered as competitors (i.e., the object-based
approach) or the magnitude of vegetation occupying the growing space
around the tree (i.e., the point cloud-based approach). According to the
assessments carried out in this study, accurate CI estimates were ob-
tained in simple forest structures where the applied point clouds can
characterize all the competing neighbor trees and their vegetative
structures causing competition for resources. The findings of this study
can improve forest management by providing tools to monitor the
competitive stress of trees and how it evolves over time, which is needed
for determining the timing of thinning or final cutting. It should be noted
that such point cloud data that was used in this study to characterize
competition can also be used to characterize increments in the stem
dimensions and crown architecture if bitemporal data is available
(Luoma et al., 2021; Sheppard et al., 2017; Yrttimaa et al., 2022).
Having tools to measure the characteristics of the competitive envi-
ronment and how it changes over time would be valuable input data for
growth modeling (Weiskittel et al., 2011). With increased knowledge of
how the dynamics of surrounding vegetation affect the allocation of
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growth into different parts of the tree, it may be possible to develop
silviculture further and to control the quality of harvested wood more
precisely.

5. Conclusion

Studying competitive stress affecting individual trees is beneficial for
understanding the process of tree growth which ultimately determines
its architectural characteristics as well as wood properties. Therefore,
assessing the magnitude of competition targeted at tree individuals is of
interest for forest inventories and management planning. However,
competition assessments based on in situ measurements are usually
limited in terms of the spatiotemporal coverage and the level of detail
incorporated in such observations, including the location and tree di-
mensions. Laser scanning technologies such as TLS and low-altitude ALS
can accurately characterize the 3D structure of individual trees and
forest stands, providing complimentary viewpoints for tree character-
ization. Hence, we assessed the capability of TLS and low-altitude ALS
characterizing the competitive stress affecting individual trees in boreal
forests using the object-based CIs to quantify the competitive status of a
tree concerning its neighbor trees as well as the point cloud-based Cls to
quantify the competitive status of a tree concerning the free space
available on its surroundings. Comparison of these laser scanning-based
CIs with the in situ-based Cls confirmed their potential but revealed some
challenges related to accurate CI estimation using the point clouds. Point
cloud occlusion and subsequent non-detection of all relevant neigh-
boring trees — either tree individuals or vegetative structures — were the
main obstacles in achieving accurate estimates for competition between
trees. Overall, the competition effects described using low-altitude ALS
and TLS data were very similar. This result suggests that although TLS
can describe tree and canopy structures in much greater detail, low-
altitude ALS data can provide similar results in describing competi-
tion. However, it is important to note that we used very detailed ALS
data obtained from the flying altitude of 75 m, which is not available
over large areas. Nonetheless, similar competition-describing metrics
can be derived from sparser ALS data with a point density of 5 or more
points per square meter. This kind of ALS dataset is widely available and
mainly collected to support forest management and timber procure-
ment. Thus, we presume that when forest resource data is collected
using traditional ALS (i.e. flying altitudes hundreds or thousands of
meters), tree competition could also be described using object-based
methods. This could enable, for example, the timing of thinning oper-
ations and help prioritize the urgency of forest management activities.
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