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ABSTRACT

The warming climate, biodiversity loss, and escalating natural disturbances emphasize the
need for sustainable forest management, which relies on understanding tree growth and
competition. Laser scanning has opened new possibilities for measuring these processes. This
thesis aims to develop approaches to evaluate stem and crown growth and competition using
laser scanning point clouds, exploring their utility in assessing and quantifying competition
dynamics and growth patterns in forest stands.

Study I developed approaches for assessing stem and crown competition using terrestrial
laser scanning (TLS) point clouds and investigated the effect of different thinning treatments
on competition in Scots pine (Pinus sylvestris L.)-dominated forests. The results indicated
that TLS-derived competition decreased across different thinning methods compared to the
control plots for both moderate and intensive thinning. Thinning from below showed the
greatest reduction in competition, followed by thinning from above and systematic thinning.
Study | demonstrates that TLS provides an advanced solution for assessing tree crown
characteristics and growing space, highlighting a novel approach to understanding
competition between trees.

Study Il investigated the use of bi-temporal TLS and low-altitude airborne laser scanning
(ALS), individually and in combination, to assess the relationship between tree stem volume
growth (AV) and crown structure, including its change (AC), over a 7-year monitoring period.
The results showed a strong correlation between AV and crown metrics (top height,
projection area, and perimeter) for Scots pine. For Norway spruce, AV weakly correlated
with 3D crown area (CAsp), volume (CV), and its change (ACV). Birch AV showed weak to
moderate correlations with CAzp, crown perimeter, and ACV. Random Forest (RF) analyses
revealed that changes in crown structure were important for explaining AV variations for
Norway spruce and birch, while top height (CHmax) was the key metric for Scots pine. In
conclusion, Study Il showed that multisensor laser scanning data can serve to evaluate the
relationships between AV and tree crown structure.

Study 111 examined the utility of TLS and low-altitude ALS data in describing the
competitive stress of individual trees using two approaches. The object-based approach
quantified competition by identifying and characterizing neighboring trees, while the point
cloud-based approach evaluated competition through point cloud structures representing
competitive vegetation around a target tree. The results showed that object-based competition
indices (CIs) correlated more strongly with in situ-based Cls compared to point cloud-based
Cls and were more consistent between TLS and ALS. Overall, Study 111 demonstrated that
TLS is effective for small-scale competition assessments, while low-altitude ALS has similar
potential for describing competition on a large scale.

This thesis demonstrates the capability of the developed laser scanning-based approaches
to assess stem and crown growth and competition. It shows how TLS and ALS enhance our
understanding of tree growth and their responses to neighboring trees, helping identify
processes driving changes in forest dynamics. These findings offer concrete steps toward
more precise and efficient forest management, although further refinement of the
methodologies is needed to optimize their use across varying forest ecosystems.

Keywords: Boreal forests, Terrestrial laser scanning (TLS), Airborne laser scanning (ALS),
Forest monitoring, Point cloud.
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1 INTRODUCTION

1.1 Background

The increasing impacts of climate change, biodiversity decline, and the rising occurrence of
natural disturbances have emphasized the importance of sustainable forest utilization. This
necessitates a deep understanding of tree growth and competition for resources. Forests are
one of the most valuable terrestrial ecosystems, and studying them is essential to ensure their
effective management and high productivity. Trees require key resources for growth,
including sunlight, soil nutrients, water, appropriate temperatures, and growing space
(Burkhart and Tomé 2012; Tomé and Burkhart 1989). Limited growth resources lead to
competition between trees (Burkhart and Tomé 2012). Competition is the main driver of
growth in forest stands and for individual trees. It can be quantified using traditional in situ-
based competition indices (Cls) by considering the dimensions and positions (i.e., diameter
at breast height [dbh] and height) of neighboring trees.

Quantifying competition using in situ-based Cls is time-consuming and labor-intensive.
In addition, the range of suitable tree attributes available for calculating in situ-based Cls is
quite restricted (Burkhart and Tomé 2012; Tompalski et al. 2016). Crown structure is one of
the most critical attributes, but its characteristics are practically impossible to measure
accurately (Ma et al. 2018; Weiskittel et al. 2011), requiring destructive sampling in some
cases. Therefore, developing alternative approaches to quantifying competition between trees
is crucial for enhancing our understanding of tree and forest growth dynamics (Ma et al.
2018; Olivier et al. 2016). The use of laser scanning technology is an effective approach to
overcoming these limitations.

Laser scanning has been utilized extensively over the past three decades to collect forest
resource information and investigate tree and forest structures by obtaining three-
dimensional (3D) information (Fassnhacht et al. 2024; Su et al. 2016; Wulder and Franklin
2003). It has also been used to quantify competition between trees in several studies (Metz
et al. 2013; Olivier et al. 2016; Pedersen et al. 2012, 2013; Seidel et al. 2015; Yrttimaa et al.
2022a). Nonetheless, quantifying competition through laser scanning is still in its infancy and
requires further research and understanding (Ma et al. 2018; Pedersen et al. 2012). On the
other hand, laser scanning is anticipated to present alternative solutions for describing the
competition between trees by generating highly detailed 3D point clouds. Therefore,
accurately quantifying competition using laser scanning point clouds will enhance growth
modeling (Bollandsas and Neesset 2009; Twery and Weiskittel 2013). It will also enable
forest managers to make more informed and practical decisions regarding activities such as
thinning, harvesting, and planning sustainable forest management strategies (Tomé and
Burkhart 1989).

1.2 Quantifying competition between trees using in situ data

Using in situ data in forest stands, competition between trees has traditionally been quantified
using two main types of Cls, namely distance-dependent and distance-independent (Pont et
al. 2021; Versace et al. 2019). Distance-dependent Cls quantify the competitive stress of trees
by considering the distance between a target tree and its neighboring trees, while distance-
independent Cls do not rely on the spatial arrangement of individual trees (Burkhart and
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Tomé 2012). Both distance-dependent and distance-independent Cls utilize in situ
measurement information, such as dbh and the height of individual trees, to quantify
competition.

Field measurements are needed to describe the competitive stress of trees using in situ
data and traditional Cls. However, measuring tree attributes, especially for a large number of
stands, is time-consuming and labor-intensive. Furthermore, this method is primarily suitable
for measuring stem characteristics, such as dbh and tree height, and cannot capture crown
structure information, which is essential for accurately quantifying competition among trees.
Crown structure plays a significant role in tree interactions and influences overall forest
dynamics (Ma et al. 2018). Crown structure refers to the three-dimensional arrangement of
foliage and branches within a tree's crown. Key parameters describing crown structure
include crown diameter, crown length, crown base height, crown volume, and crown surface
area (Zhu et al. 2021). Forest structure, on the other hand, encompasses the spatial
organization and vertical layering of trees and vegetation within a stand. It is typically
characterized using variables such as tree density, basal area, canopy cover, canopy height,
and vertical foliage distribution (Latham et al. 1998). These structural attributes are critical
for understanding competition, light availability, and ecosystem functioning (LaRue et al.
2019).

To overcome these limitations, an alternative approach that can accurately and
comprehensively capture tree and forest structures is needed. In this regard, laser scanning
technology has proven to be a viable approach to the 3D characterization of trees and forests
(Tempel et al. 2015; Wulder and Franklin 2003). Laser scanning allows for accurate
measurements of tree dimensions, spatial distribution, and crown structures, establishing
itself as a promising tool for assessing competition in forest stands (Ma et al. 2018; Olivier
etal. 2016).

1.3 Characterizing competition using point clouds
1.3.1 Laser scanning to characterize trees and forests

Laser scanning is an active remote sensing technology that operates based on light detection
and ranging (LiDAR) principles, wherein laser light, typically at a specific wavelength, is
emitted toward a target and reflected back to the sensor. The sensor records this back-
scattered energy and determines the distance to the target using either the phase difference
between emitted and received signals (phase-shift approach) or the time it takes for the pulse
to travel to the target and back (time-of-flight approach). By repeating this process hundreds
of thousands of times per second, laser scanning rapidly reconstructs the 3D structure of
objects of interest. This non-destructive technology generates a point cloud—a detailed 3D
reconstruction of tree and forest structures—using reflected laser pulses from surfaces such
as tree stems and crowns (Tempel et al. 2015; Wulder and Franklin 2003). To ensure accurate
georeferencing of the scanned data, the system also incorporates Global Navigation Satellite
System (GNSS) and Inertial Measurement Unit (IMU) sensors, which together with the Scan
Origin Coordinate System (SOCS), provide the necessary positional and orientation
information during data acquisition (Maltamo et al. 2014).

Two important types of laser scanning systems, namely terrestrial laser scanning (TLS)
and airborne laser scanning (ALS), have been developed, offering unique potential for
studying forest ecosystems (Dassot et al. 2011; Vauhkonen et al. 2014).
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TLS is a ground-based LiDAR system important for addressing key ecological questions,
enabling us to advance our understanding of fundamental ecological processes (Calders et al.
2020). Itis a close-range sensing system that can capture detailed information from tree stems
and crown structures (Maas et al. 2008; Muhojoki et al. 2024). TLS point clouds have been
successfully applied in various forest inventory measurements, canopy characterization, and
aspects of ecology (Dassot et al. 2011). Some of these studies focus on key parameters such
as volume (Lefsky and McHale 2008) and biomass (Holopainen et al. 2012; Kaasalainen et
al. 2014), wood properties (Pyorala et al. 2019), and forest inventory (Liang et al. 2016;
Newnham et al. 2015).

ALS data is collected from above the canopy using scanners mounted on aerial platforms
(e.g., airplanes, helicopters, and drones). These platforms transmit multiple laser pulses from
various angles, enabling the acquisition of detailed 3D point clouds of the target. ALS is
optimal for studying trees and forests in larger areas to measure canopy height and tree
density. It has been used more frequently than TLS for growth and competition studies due
to its earlier development. One limitation of the current generation of ALS data is its inability
to capture under-canopy details, such as tree stem structure (Terryn et al. 2022).

In general, the differences between TLS and ALS arise from their scanning geometries:
TLS favors horizontal forest characterization with high-resolution detail, while ALS provides
vertical characterization suitable for large-scale assessments. Thus, they offer
complementary approaches to forest measurement.

1.3.2 Utilizing point clouds to characterize competition between trees

In contrast to conventional in situ-based methods, point cloud data from TLS and ALS
provide more precise measurements of tree space occupancy, allowing for a more accurate
estimation of competitive pressure by analyzing the spatial arrangement and proximity of
neighboring trees. Point cloud-based approaches, such as the upside-down search cone
method, enable the identification of competitive interactions by quantifying the space around
each tree, providing a clearer understanding of how competition affects tree growth. These
techniques offer an advantage in assessing a large number of forest stands, as traditional
methods often lack spatial continuity and are limited by the absence of area-wide data,
making it difficult to capture fine-grained competition dynamics.

In recent years, several studies have implemented ALS data to describe tree growth and
the competition between trees. For example, Pedersen et al. (2012) quantified individual tree-
level competition using ALS data and revealed that these data are preferable to field data. Ma
et al. (2018) used bi-temporal ALS data to quantify individual tree growth and competition.
Their study showed that ALS is an accurate and robust tool on large scales. Versace et al.
(2019) utilized ALS data to predict Cls and concluded that they have a high capacity for
quantifying competition at the individual tree level. A few studies have also implemented
TLS to describe the competition between trees. For example, Seidel et al. (2015) used TLS
point clouds to investigate the effects of competition on tree diameter increment,
demonstrating the potential of TLS data. Pitk&nen et al. (2022) also showed that TLS is an
appropriate technology for quantifying the effects of competition on Scots pine and Norway
spruce crown dimensions. Olivier et al. (2016) also used TLS point clouds to examine the
effect of competition on sugar maple tree crown growth.
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1.4 Thesis objectives

The main objective of this thesis is to develop methodologies for assessing (a) tree growth
and (b) the competition between trees using laser scanning data. This is particularly valuable
because measuring tree crown structure and dimensions accurately through traditional in situ-
based methods is challenging and labor-intensive. To accomplish this, the thesis is structured
into three interrelated studies that investigate different aspects of competition, growth, and
structural characteristics using TLS and ALS point clouds.

The main objective of Study I is to develop approaches for assessing crown and stem
competition using TLS point clouds and evaluate how different thinning treatments, varying
in type (i.e., thinning from below, thinning from above, and systematic thinning) and intensity
(i.e., moderate and intensive) affect stem- and crown-based competition between trees. The
study aims to answer the following question:

- How do different thinning types and intensities influence the stem and crown
competition of Scots pine trees?

Study Il investigates how bi-temporal TLS and ALS point clouds and their combination
can be used to assess the relationship between tree stem volume growth and crown structural
changes. In this study, we assume that the combined use of TLS and ALS data will improve
tree growth monitoring compared to the use of single-sensor data. The study aims to answer
the following question:

- To what extent can a combination of bi-temporal TLS and ALS point clouds reveal
the variation in stem volume growth, explained by stem and crown metrics, along
with their changes?

Study 111 complements the previous studies by evaluating the capacity of TLS and ALS
data to characterize the competitive stress of individual trees. This study addresses how these
two data sources can be used to accurately quantify competition through object-based and
point cloud-based Cls. The study aims to answer the following question:

- How can the competitive stress of individual trees be described using TLS and ALS
data?

Overall, these three studies provide a comprehensive evaluation of tree growth and
competition between trees using laser scanning data. Study | develops approaches for
assessing stem and crown competition using TLS point clouds and examines how thinning
treatments with different types and intensities influence stem- and crown-based competition
between trees. Study 11 uses bi-temporal TLS and ALS data and their combination to examine
the relationship between crown structure changes and stem volume growth. Finally, Study
111 examines the potential of TLS and ALS point clouds in describing the competitive stress
of individual trees. The findings from these three studies enhance our understanding of tree
dynamics in boreal forests by utilizing different sources of laser scanning 3D point clouds.
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2 MATERIALS

2.1 Study sites and field inventory data

Study I was carried out in three forest locations: Palomaki (62°3.6'N 24°19.9'E), Pollari
(62°4.4'N 24°30.1'E), and Vesijako (61°21.8'N 25°6.3’E) located in the southern boreal
forest zone in the municipalities of Mantta-Vilppula and Padasjoki (Figure 1). The Palomaki
study site was established in 2005, and the Pollari and Vesijako study sites were established
in 2006 to evaluate the effects of different thinning treatments on Scots pine trees. The
Natural Resources Institute Finland (Luke) established and manages all these study sites. The
dominant species in these three sites is Scots pine (Pinus sylvestris L.), and the stands are
considered even-aged, approximately 50 years old. All these forests have relatively flat
terrain, and the mean elevation above sea level in Palomaki, Pollari, and Vesijako is 135 m,
155 m, and 120 m, respectively.

A total of 27 rectangular sample plots with varying sizes (1000 m? to 1200 m?) were used
to conduct this study (Figure 1). Each of the three study sites had nine sample plots. The
thinning experimental design in Study | for each study site included three thinning types and
two thinning intensities, resulting in six different thinning treatments: (1) moderate thinning
from above (four plots), (2) moderate thinning from below (three plots), (3) moderate
systematic thinning from above (five plots), (4) intensive thinning from below (three plots),
(5) intensive thinning from above (four plots), and (6) intensive systematic thinning from
above (five plots). In addition, one un-thinned sample plot (three plots in total without
thinning treatment) was established at each study site as a control.

20°0'0"E 28°0'0"E 36°0'0"E

oK | q

66°0'0"N 66°0'0"N

Palomiiki (I)
=Pollari (I)
:Vesijak

vo (I1 & I1I
X :_5%—/ 60°0'0"N
ekl -

20°0'0"E 28°0'0"E

60°0"0" N+

Figure 1. Location of Evo forest (Studies Il and Ill), along with the Palomé&ki, Pollari, and
Vesijako study sites (Study ).
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Trees to be removed in each thinning treatment were selected as follows. In thinning from
below, co-dominant and suppressed trees were removed, whereas, in thinning from above,
mostly dominant trees were considered for removal. In systematic thinning from above, only
dominant trees were removed, while small and suppressed trees were left to grow. Moderate
thinning resulted in the removal of 32% of the initial basal area, while intensive thinning led
to the removal of 66% of the initial basal area. The post-thinning period for evaluating
competition response in the remaining trees was 13 years at the Paloméki site and 12 years
at the Pollari and Vesijako sites. Table 1 presents a plot-level comparison of different
thinning treatment characteristics, including control plots, both before (2005-2006) and after
(2005-2006) thinning treatments, as well as after the growth period (2018-2019).

Studies 11 and 111 were conducted in the Evo study site (61°19.6’ N, 25°10.8' E), located
in the southern boreal forest of Finland (Figure 1). Scots pine and Norway spruce (Picea
abies (L.) H. Karst.) are the two dominant species in this study site. The altitude in the study
area ranges from 125 m to 182 m above sea level. The experimental design of Studies 11 and
1 included 22 rectangular sample plots, each measuring 32 m x 32 m, established in 2014
as part of the TLS benchmarking project (Liang et al. 2018). The sample plots were selected
to capture a range of stand conditions typical of boreal forests. As a result, they encompass a
variety of forest structures, comprising both managed and single-layered forests, as well as
unmanaged and multi-layered forests. Field measurements were conducted in situ during the
summer of 2014. In each sample plot, the dbh, height, and species of all trees with a dbh
exceeding 5 cm were measured and recorded. The dbh and height of trees were measured
using a caliper and electronic clinometer, respectively. Table 2 summarizes the structural
characteristics of the sample plots derived from the in situ measurements for the years 2014
(T1) and 2021 (T2).
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Table 1. Mean plot-level characteristics before thinning treatments (2005-2006), following
thinning treatments (2005-2006), and after the growth period (2018-2019). G = basal area
(m2/ha), N = stem number per hectare, V = volume (m3/ha), Dg = mean diameter weighted
by basal area (cm), Hg = mean height weighted by basal area (m).

Before Thinning (2005-2006)

No Thinning from Below Thinning from Above  Systematic Thinning
Treatment (Moderate/Intensive) (Moderate/Intensive)  (Moderate/Intensive)
G (m?/ha) 27.6 26.9/26.9 27.8/24.7 25.4/26.0
N/ha 1336 1285/1260 1417/1201 1256/1218
V (m¥ha) 224.4 215.4/216.6 216.9/191.0 199.7/210.6
Dg (cm) 17.8 17.5/18.0 17.3/17.6 17.5/18.0
Hg (M) 16.1 16.1/16.3 15.9/15.6 15.9/16.2
After Thinning (2005-2006)
No Thinning from Below Thinning from Above Systematic Thinning
Treatment (Moderate/Intensive) (Moderate/Intensive)  (Moderate/Intensive)
G (m?ha) 27.6 18.3/8.9 18.5/9.1 18.2/8.7
N/ha 1336 719/292 955/479 988/522
V (m¥ha) 224.4 148.8/72.9 144.0/69.1 141.3/67.3
Dg (cm) 17.8 18.7/20.4 16.9/16.5 16.5/15.7
Hg (M) 16.1 16.5/16.9 15.7/15.3 15.6/15.5
After the Growth Period (2018-2019)
No Thinning from Below Thinning from Above Systematic Thinning
Treatment (Moderate/Intensive) (Moderate/Intensive) (Moderate/Intensive)
G (m?ha) 37.1 28.4/15.9 28.3/16.1 27.6/15.9
N/ha 1249 705/286 915/446 937/466
V (m%ha) 380.3 291.8/160.8 282.3/150.5 267.9/150.4
Dy (cm) 21.2 23.5/27.5 21.2/22.3 20.7/22.2
Hg (M) 21.3 21.7/21.6 21.0/19.5 20.3/20.0

Table 2. Summary statistics of the structural characteristics of the plots based on in situ
measurements for Studies Il and Ill, 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 (Dg), and mean height weighted by basal area (Hg).

Study Year Attribute N (n/ha) V (m®ha) Dg (cm) Hg (m)
Min 430 110.64 13.91 13.03

2014 Mean 1238 297.24 25.93 21.01

&1l Max 3008 482.33 41.58 27.04
Std. 731 115.21 9.10 4.14

Min 430 143.89 16.08 14.80

2021 Mean 1197 356.42 27.91 22.50

1] Max 2568 537.24 42.41 28.14

Std. 674 117.14 8.79 3.80
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2.2 Laser scanning data acquisition
2.2.1 Laser scanning data in Study |

TLS data in Study | were acquired using a Trimble TX5 3D (Trimble Inc., Sunnyvale,
California, USA) phase-shift laser scanner between September and October 2018 (Table 3).
This scanner operates at a wavelength of 905 nm and can measure up to 976,000 points per
second, with a beam divergence of 0.19 mrad. Each scan covers 360 degrees horizontally and
300 degrees vertically. A multi-scan approach was used for TLS data acquisition to ensure
that the point clouds characterized all trees. The scanner was positioned at eight distinct
locations evenly distributed around each sample plot to collect point clouds. Two of these
locations (referred to as central scans) were near the center of the plot, a few meters apart,
while the remaining six (referred to as auxiliary scans) were evenly distributed around the
perimeter of the plot, favoring positions near the plot borders. Point clouds from the various
scan locations were registered using artificial reference targets—white spheres with a
diameter of 198 mm-—mounted on tripods and distributed around the sample plot. The
maximum horizontal distance between the scanner and a tree was about 7 m. At this distance,
the scanning parameters used produced a point spacing of 2.7 mm in the point cloud from a
single scan. Depending on the structure of the sample plot, the resulting overall point density
ranged from 52,000 to 91,000 pts/m? (Table 3).

2.2.2 Laser scanning data in Study |1

TLS data in Study Il were acquired in 2014 (T1) and 2021 (T2) across the studied sample
plots (Table 3). The T1-TLS data were collected by a Leica HDS6100 (Leica Geosystems,
St. Gallen, Switzerland) phase-shift scanner in April-May 2014. The scanner operated at a
wavelength of 690 nm and could capture high-density point clouds with a scanning rate of
508,000 points per second. The resulting point cloud from a single scan exhibited
hemispherical (360° horizontal x 310° vertical) coverage, providing detailed 3D information
in both the horizontal and vertical directions, with an angular resolution of 0.018° (Table 3).
To obtain a comprehensive point cloud for each sample plot, five individual scans were
performed from different locations. The scan configuration included a central scan positioned
at the plot center, along with four auxiliary scans strategically placed in the quadrant
directions (northeast, southeast, southwest, and northwest), each approximately 11 m from
the center. Different individual scans were co-registered using artificial reference targets as
control points in Z + F LaserControl (Zoller + Frohlich GmbH, Wangen im Allgéu, Germany)
point cloud processing software to generate a unified point cloud.

A Leica RTC360 3D time-of-flight scanner (Leica Geosystems, St. Gallen, Switzerland)
acquired the T2-TLS data in April-May 2021 (Table 3). The scan setup was different from
that for T1-TLS, and in addition to the central scan, eight auxiliary scans were performed
approximately at the plot borders (angular resolution of 0.009°); see Table 3. The same co-
registration process with a similar level of accuracy was applied to the T2-TLS point clouds
using Leica Cyclone 3D point cloud processing software (Leica Geosystems AG, Heerbrugg,
Switzerland). The existing tree maps were updated to include trees that had reached the
measurement threshold (dbh of at least 5 cm). Additionally, trees that had been harvested or
had fallen during the monitoring period were removed from the tree maps.

The low-altitude ALS data in Study Il were also acquired in 2014 (T1) and 2021 (T2)
across the study area (Table 3). The T1-ALS data in Study Il were acquired using a Riegl
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VQ-480-U scanner (RIEGL Laser Measurement Systems GmbH, Horn, Austria) from a
helicopter flying at an altitude of 75 m. A constant flight speed of 50 km/h was maintained.
The ground footprint size was about 2.3 cm. In addition, on-ground pulse spacing along the
scan line and between scan lines was approximately 4.7 cm and 9.3 cm, respectively. To
ensure data quality, erroneous points were manually removed. This involved carefully
identifying and eliminating points that originated from incorrect returns, such as isolated
points in the sky or below ground level. The ALS point clouds were captured with a high
level of detail and precision, resulting in a point density of approximately 450 pts/m?

The T2-ALS data were acquired using a multi-sensorial system carried by a helicopter
with a target flying speed of 50 km/h in June 2021. The implemented scanners included three
Riegl laser scanners: the VUX-1HA, the MiniVUX-3UAV, and the VQ-840-G (RIEGL Laser
Measurement Systems GmbH, Horn, Austria). The flight height was approximately 80 m
above ground level, resulting in a point density of 3200 pts/m? and a point spacing of 2.0 cm
on the ground (Table 3).

2.2.3 Laser scanning data in Study 11
The data used in Study 111 were the same T1-TLS (2014) and T1-ALS (2014) data used in
Study Il (Table 3).

Table 3. Acquisition setup of laser scanning datasets, including terrestrial laser scanning
(TLS) and airborne laser scanning (ALS), performed in 2014, 2018, and 2021.

2014 2018 2021
Spec|f|cat|on (StUdleS & ”|) (Study |) (Study “)
TLS ALS TLS TLS ALS
. . Riegl VUX-1HA /
Sensor Leica RIEIIVQ " qiimble TX5 3D Leica RTC3603D  MiniVUX-3UAV /
HDS6100 480-U
VQ-840-G
Wavelength 690 nm 1550 nm 905 nm 1550 nm 1550/905/532 nm
_Beam 0.22 mrad 0.3 mrad 0.19 mrad 0.16 mrad 0-5/0.5 x 1.6/1
divergence mrad
310° vertically 300° vertically 300° vertically
Field of view and 360° 60° and 360° and 360° 360°/120°/40°
horizontally horizontally horizontally
Pulse 508 kHz 550 kHz 976 kHz 2000 kHz 1017, 300, 200
repetition rate kHz
. Low-altitude . . Low-altitude
Platform Tripod helicopter Tripod Tripod helicopter
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2.3 Deriving individual tree structural metrics from point clouds

In this section, the methods for deriving individual tree structural metrics from TLS and ALS
point clouds from the three studies were integrated to characterize tree structure. The first
step in the analysis involved classifying point clouds into ground and non-ground points. TLS
and ALS data were processed using LAStools software (rapidlasso GmbH, Gilching,
Germany). Using the lidR package, triangulated irregular network models were created to
generate TLS- and ALS-based digital terrain models (DTMs) with a resolution of 0.5 m
(Roussel and Auty 2018). Subsequently, the TLS and ALS point clouds were normalized
using their respective DTMs, and only the points representing vegetation were selected for
further analysis. TLS- and ALS-derived canopy height models (CHMs) were created from
the height-normalized TLS and ALS point clouds using the pit-free algorithm (Khosravipour
et al. 2016) in LAStools. This algorithm combines a standard CHM with partial surface
models generated from the highest return points near pits. This study produced partial CHMs
using height thresholds of 2, 5, 10, 15, 20, 25, 30, 35, and 40 m. The normalized point clouds
were thinned to half the pixel size for this process. A near-ground surface model was created
to address potential holes by excluding points above 10 cm (Isenburg 2019). Finally, the
CHM and partial surface models were combined into a single CHM with a 0.5 m pixel size,
using the highest values from all the CHM or partial surface models. In Study I, the resolution
of the CHM obtained was 0.2 m.

To analyze individual trees, the local maxima filter algorithm was applied to the final
CHM of the sample plot using the lidR package in R. A fixed window size of 3 x 3 pixels,
determined through experimental testing, was used to identify the treetops. An exception to
this approach can be found in Study I, where a variable window size was used for segmenting
trees from TLS data. In the next step, the final CHM was segmented into individual tree
crowns (i.e., 2D crown segments) utilizing a marker-controlled watershed segmentation
algorithm (Meyer and Beucher 1990). The identified tree crown segments were used to clip
out the points corresponding to each tree using a point-in-polygon approach applied to the
XY plane. Moreover, TLS-derived individual tree point clouds were classified per the
methodology developed by Yrttimaa et al. (2020). It is based on separating points originating
from the stem and crown. It applies surface normal filtering and random sample consensus
(RANSAC)-cylinder filtering across height intervals to identify point cloud clusters that
formed smooth, vertical, and cylindrical structures representing the tree stem. An alpha shape
was then generated to enclose these points, while any points outside the alpha shape were
assumed to represent the tree crown. In the ALS point clouds, points delineated by individual
trees were classified as crown points if they fell outside the alpha shape but remained within
the 2D crown segment. Ultimately, individual tree locations were identified from the TLS
point clouds as the center points (XY coordinates) of the RANSAC cylinders fitted to the
stem points at breast height. For the ALS point clouds, the tree location was derived as the
mean XY coordinates of all points within each 2D crown segment.

Table 4 presents the computed attributes used to characterize individual trees based on
the TLS and ALS point clouds. Tree height was determined using the highest point return
within each tree segment. Additionally, to extract the crown structure and relevant geometric
features, a 2D convex hull was employed to enclose the crown points from both TLS and
ALS data using the rLiDAR package. This approach allowed for the characterization of
crown morphology using two key attributes: the 2D crown area (CA2p) and the maximum
crown diameter (MCD); see Table 4.
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The dbh of individual trees was either directly measured (TLS) or predicted based on tree
height (ALS). In the case of TLS, the dbh was calculated by fitting RANSAC cylinders to
stem points collected from various heights around breast height (specifically at height
intervals of 1.25-1.30 m and 1.30-1.35 m). The average of these diameter measurements
from different heights was then used as the dbh estimate (Table 4). For trees where the dbh
measurement was either unreasonable (i.e., not falling within the range of approximately 5
cm to 65 cm) or could not be obtained, the dbh was estimated based on tree height using
allometric models (Kalliovirta and Tokola 2005). This approach was necessary due to the
limitations in characterizing all trees through TLS measurement in this study. For instance,
some trees were not fully scanned from all perspectives, resulting in incomplete point cloud
representations, which could lead to an overestimation of dbh when derived from point cloud
measurements. Similarly, for ALS data, the dbh was estimated using the same allometric
equation based on tree height (Kalliovirta and Tokola 2005).

Table 4. Description of metrics characterizing the stem and crown derived from terrestrial
laser scanning (TLS), airborne laser scanning (ALS), and a combination of TLS and ALS. In
Study I, metrics were extracted at two time points in 2014 (T1) and 2021 (T2), while in Study
lll, only T1 (2014) was used. In addition, the change in these metrics over the monitoring
period of Study Il was calculated by subtracting T1 measures from the respective T2 measures
(A =T2 - T1). dbh: diameter at breast height, H: tree height, MCD: maximum crown diameter,
CA:zp: crown area 2D, CAsp: crown area 3D, CV: crown volume, CS: crown surface area, V:
stem volume, CP: crown perimeter, CP/CAzp: crown perimeter-to-projection area ratio,
CAsp/CV: crown surface area-to-volume ratio, CHmin: crown base height, CHmax (m): crown
top height.

Characteristic

Study (Unit) Description/Calculation
Diameter at breast height (1.30 m) of the individual trees obtained
I, 1 dbh (cm) by fitting a RANSAC cylinder in TLS/predicted using allometry
(Kalliovirta and Tokola 2005) with tree height for ALS.
L H (m) Maximum height (Z value) of individual tree point clouds for TLS
' and/or ALS.
Maximum crown diameter based on the 2D convex hull for TLS
I, 1 MCD (m)
and/or ALS.
R Choo (M?) Area of the crown 2D convex hull projected onto an XY plane for
o 0 TLS and/or ALS.
1] CAsp (M®) Area of a 3D convex hull enveloping crown points.
3 Volume of the 3D convex hull enveloping crown points calculated
I, 1l CV (m3) . -
as the sum of the volumes of 0.1 m voxels occupied by crown points.
| CS (m?) Surface area enveloping crown points based on the 3D convex hull.
3 Calculated by considering the stem as a sequence of vertical
Il V (dm?) }
cylinders.
Il CP (m) Perimeter of a 2D convex hull enveloping crown points.
I CP/CA2p (m/m?) Ratio of CP to CAgp,

CA3p/CV (m 2Im 3)

Ratio of CAsp to CV.

CHmin (m)

Height at which the 3D convex hull enveloping crown points reaches
its lowest points.

CHmax (M)

Highest point within the crown segment; represents tree height.
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2.4 Describing the competitive stress of individual trees using laser scanning data
2.4.1 Object-based approach

In Studies | and 111, a distance-dependent object-based approach was used to quantify
the competitive stress of each target tree within the plot. In this approach, the size and
locations of the target tree and its neighbors are considered. To find the neighboring trees of
each target tree, a fixed 8 m distance search zone was defined, as proposed by previous
studies (Pedersen et al. 2012; Pont et al. 2021; Zhou et al. 2022). In Study I, six different
stem- and crown-based Cls were computed for each target tree as a sum of inverse distances
to the neighboring trees weighted by the dbh (Clgpn), tree height (Cly), tree maximum crown
diameter (Clmcp), crown projection area (Clca), crown volume (Cly), and crown surface area
(Clgs) following the Hegyi equation (Hegyi 1974); see Equation (1). In Study 111, only the
first three CIs (Clgoh, Cln, and Cluep) were utilized.

CI = i, (Xi/ (X x dist;)) @)

where ClI indicates the competition index for a given individual target tree; n represents
the total number of neighboring trees located within an 8 m search zone; X; represents the
dbh, height, maximum crown diameter (MCD), crown projection area (CA), crown volume
(CV), and crown surface area (CS) of the it neighboring tree; X refers to the corresponding
attributes of the target tree; and dist; indicates the horizontal distance between the target tree
and the i-th neighboring tree.

To avoid edge effects, trees located within 8 m of the plot border were excluded from the
computation of Cls. However, in Study I, a larger buffer of 11 m was applied for this
exclusion. This also ensured that the TLS scan setup provided a complete, multi-viewpoint
reconstruction of the trees (Yrttimaa et al. 2019). In addition, non-normalized tree height was
restored via DTMs to consider the effect of topography on Cls based on tree height.

2.4.2 Point cloud-based approach

In Study 111, a point cloud-based approach was used to quantify competition as an alternative
to the object-based approach. In this approach, the competitive stress of the target trees was
quantified based on canopy occupancy within the crown neighborhood and the geometric
relationships between the target tree and its neighbors. Here, two methods were used to
identify the vegetative structures of neighboring trees that contribute to competition. This
included (1) a search-cone method that determined the competitive space as an upside-down
cone with an opening angle of 60° positioned at a 60% relative tree height (Seidel et al.
2015)and (2) a search-cylinder method that determined the competitive space as a vertical
cylinder expanding around the target tree with a radius of 4 m. To account for the impact of
topography on the quantified Cls, non-normalized TLS and ALS point clouds were utilized
for this point cloud-based approach. Notably, Cls were not calculated for trees located within
8 m of the plot boundary to minimize edge effects, consistent with the object-based approach.

In the search-cone method, the search cone was first established based on tree
dimensions. The cone was set to extend from the 60% relative height to the top of the tree.
The small-end diameter of the search cone at the 60% relative tree height was defined as the
corresponding crown diameter. This was derived by enveloping a horizontal cross-section of
the non-stem points of each target tree with a 2D convex hull. After establishing the search
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cone, points that were located within the search cone but outside the 3D convex hull of the
target tree crown were delineated utilizing the non-normalized point clouds from the sample
plots. These points were classified as neighboring points and considered to represent
competing vegetative structures. These points were further voxelized intoa 0.1 m x 0.1 m x
0.1 m grid, with each voxel indicating 0.001 m? of vegetation-occupied space around the
crown of the target tree.

Using three elements, namely neighboring point clouds, the search cone’s geometry, and
the target tree’s crown characteristics, the canopy density index (CDI) and competitive
pressure index (CPI) were calculated. The initial step consisted of a volumetric analysis to
assess the presence of vegetative structures within the competitive space. The volume of
space occupied by neighboring point clouds (CV) was calculated by multiplying the number
of neighboring points (with Z < the height of the target tree) by their representative volume
of 0.001 m3. The relative volume of the space occupied by neighboring trees (i.e., CDI) was
defined 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 (Verown). Veone Was calculated using the geometric equation for the
volume of a truncated cone. A 3D version of the CPI was utilized to consider the distance of
the neighboring trees. Hence, the CPI was computed as a mean inverse Euclidean distance
between the neighboring points and the surface of the 3D convex hull of the target tree crown
(Figure 2).

As mentioned before, thesearch cylinder method was also used to quantify
the competitive stress of target trees. Calculating the filling of the cylindrical space was
significantly more straightforward with this method than with the conical filling method, as
it did not require conversion into spherical coordinates (Seidel et al. 2015). Consequently,
the number of 1 dm3 voxels with centers located within a 4 m radius of the search cylinder
were counted, which allowed for determining the corresponding vegetation-occupied
volume, referred to as Clcyiinder (Figure 2). In line with Seidel et al. (2015), the 4 m radius
search cylinder was utilized due to its better performance compared to larger or smaller
search cylinders, according to our initial experiments.

(a) (b)

Figure 2. Depiction of (a) the search-cone method and (b) the cylinder-based method to
describe the competitive stress of target trees. The target tree is highlighted in green, while
the point cloud structures identified as competing neighbors are represented in purple.
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2.5 Quantifying the competitive stress of individual trees using in situ data

In Study 111, Cls derived from in situ data were used to evaluate the reliability of the
competition between trees quantified from laser scanning techniques. In the same way as the
object-based Cls (Section 2.4.1), the Hegyi equation was calculated using dbh (Claoh-in sit)
and height (Clu.in sins) to compute the magnitude of competition affecting each in situ target
tree. Like before, the computed in situ-based Cls for trees closer than 8 m from the plot border
were excluded to mitigate the edge effect. It is important to note that Cly.in sis Was solely
utilized to evaluate the accuracy of the predicted Cly, while the other Cls were compared
against Clgsh-insiww. In addition, based on findings from previous studies (Contreras et al. 2011;
Pedersen et al. 2013; Seidel et al. 2015), relative basal area increment was used to evaluate
the reliability of Cls. Hence, in Study Ill, our predicted laser scanning-based Cls were
assessed against relative basal area increment, calculated by subtracting the in situ basal area
in 2014 from the corresponding measure in 2021 and dividing the result by the initial basal
area in 2014.

2.6 Tree-to-tree matching

A tree-to-tree matching process was used to link field-measured trees with point cloud-
derived trees. Hence, the geospatial locations of the trees were initially used to identify
potential counterpart candidates within a defined search range. If multiple candidates were
found within the search range, tree characteristic similarity was used as the criterion to
determine the correct match. Specifically, in Studies | (Table 5) and 111 (Table 7), a search
range maximum distance of 2 m was considered. If multiple detected or in situ trees fell
within this search radius, correspondences were established based on the similarity of their
heights. This matching procedure in Study 111, along with the applied constraints, resulted in
the inclusion of a total of 225 TLS trees and 213 ALS trees in the analysis. In Study 111, the
same approach was used to match TLS and ALS trees, allowing the evaluation of the
consistency of the Cls derived from both methods. This process resulted in the inclusion of
126 trees in both datasets. In Study I, 2076 TLS-derived trees were matched with field-
measured trees and used for further analysis. In Study Il, species information for each
extracted tree was determined by identifying the corresponding field-measured tree within a
1.5 m search range around each T1-TLS-measured tree. A similar approach was also used to
link T1-TLS measurements with T2-TLS measurements. In both scenarios, if multiple
candidates were identified within the search range, tree metrics similarity was used to validate
matches, both between field measurements and T1-TLS data and between T1-TLS and T2-
TLS measurements. To focus the analysis on trees with adequate point cloud reconstruction
at both T1 and T2, the following thresholds for acceptable variability in tree metrics between
the subsequent measurements were applied: difference in the field-measured and TLS-
derived dbh < 3 cm, difference in TLS-derived diameter at 6 m height < 4 cm, difference in
TLS-derived crown volume < 70%, and difference in TLS-derived tree height <6 m. These
thresholds were set based on prior experience with the accuracy and variability of TLS-based
tree characterization in the sample plots. The matched trees were categorized by species:
Scots pine, Norway spruce, and birch. Summary statistics for the matched trees from the field
plots are shown in Table 6.
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Table 5. Summary statistics of sample trees in each treatment measured by TLS data in
Study .

Thinning Thinning Systematic

No from Below from Above Thinning

Attribute Statistic Treatment

(n = 129) Moderate Intensive Moderate Intensive Moderate Intensive
n=76) (n=34) (n=141) (n=62) (n=183) (n=95)

Min 9.75 14.25 17.9 11 14.3 9 11.75

DBH Mean 16.56 21.77 26.19 19.05 21.87 19.03 21.1
(cm) Max 34.4 31.35 34.65 32.25 28.35 28.8 29.1
Std. 4.76 3.81 4.04 4.15 2.96 3.74 3.96

Min 14.94 16.98 18.2 16.7 14.9 13.7 13.9

Height  Mean 20.76 21.13 21.18 20.38 19.28 19.7 19.14
(m) Max 30.3 25.2 24.8 24.7 22.7 24.9 23.3
Std. 3.06 2.24 1.66 1.47 1.49 1.85 2.24

Min 0.06 0.13 0.23 0.08 0.12 0.04 0.07

Volume  Mean 0.33 0.39 0.56 0.3 0.36 0.29 0.34
(m?3) Max 1.27 0.89 1.03 0.92 0.66 0.73 0.72
Std. 0.2 0.16 0.19 0.14 0.11 0.12 0.14

Table 6. Summary statistics of the matched trees measured in the field plots by tree species
in the years 2014 (T1) and 2021 (T2) for Study Il. The minimum (Min), maximum (Max), mean,
and standard deviation (Std.) of the diameter at breast height (dbh), volume, and height have
been reported.

Attributes/ Scots Pine Norway Spruce Birch

Species Group (n =219) (n =112) (n=77)
2014 2021 2014 2021 2014 2021
Min 5.45 5.20 6.35 6.20 6.50 6.45
Dbh Max 57.10 58.60 50.70 54.00 29.75 32.50
(cm) Mean 19.10 20.76 21.54 23.04 16.60 18.10
Std. 7.77 8.36 10.02 10.43 5.63 6.04
Min 0.01 0.01 0.01 0.01 0.01 0.01
Volume Max 3.34 3.87 2.78 3.38 0.77 1.02
(m3) Mean 0.31 0.40 0.52 0.62 0.24 0.31
Std. 0.37 0.44 0.51 0.59 0.20 0.24
Min 5.80 6.00 5.30 5.40 7.60 7.10
Height Max 34.30 36.00 34.40 37.40 29.70 29.50
(m) Mean 16.75 18.75 19.74 21.23 19.18 20.76

Std. 4.65 5.09 7.49 7.70 4.66 4.81
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Table 7. Minimum (Min), mean, maximum (Max), and standard deviation (Std.) values of
structural attributes and competition indices (Cls) for the matched trees of terrestrial laser
scanning (TLS) and airborne laser scanning (ALS), along with their in situ correspondence for
Study Ill. dbh, H, and MCD indicate tree diameter at breast height, height, and maximum
crown diameter, respectively. Clabh, Cln, and Clumcp are the object-based Cls 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 Cls. From the TLS point
clouds, 225 trees could be identified and matched with in situ trees, while the corresponding
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

index (Cl) Dataset Min Mean Max Std.
In situ 5.25 20.03 38.80 7.17
TLS 8.25 21.61 36.24 5.95
dbh (cm) In situ 5.25 20.32 38.80 6.76
ALS 13.32 24.27 35.04 4.97
In situ 10.40 20.50 30.20 4.62
H (m) 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
TLS 2.92 5.21 7.72 6.89
MCD (m) ALS 2.31 5.21 8.53 1.21
In situ 0.63 1.84 7.95 1.06
Clabn TLS 0.95 241 4.60 0.77
In situ 0.63 1.70 2.93 0.51
ALS 0.63 1.95 3.56 0.73
In situ 0.83 1.82 2.77 0.45
Chu 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
Clueo 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

Cleyinder TLS 6322 64949 124297 27151.59
ALS 0 4935 11352 2872

2.7 Assessments of growth and competition

In Study I, a mixed-effects model was applied to assess whether Cls varied across different
thinning treatments, as it is suitable for analyzing multiple observations that are often
correlated within independent sampling units (Mehtdtalo and Lappi 2020). Given that
different thinning treatments were applied across multiple plots at three study sites, a nested
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two-level linear mixed-effects model was used, fitted with Restricted Maximum Likelihood,
as implemented in the nlme package in R (Pinheiro et al. 2014); see Equation (2). Tukey’s
honest significance test was utilized to identify statistically significant differences in Cls
resulting from the different thinning treatments.

yij = P1No treatment, + B, Moderate below; + B;Intensive below; +
+Moderate above; + f5Intensive above; + ffgModerate systematic; +
y
BrIntensive systematic; + a; + ¢;; +€;; (2)

where y;; is each competition index at a time; S, ..., B, refers to fixed parameters; i = 1,
..., M are study sites; j = 1, ..., n; refers to a sample plot; «; and c;; are normally distributed
random effects for study site i and sample plot j within study site i, respectively, with mean
zero and an unknown, unrestricted variance—covariance matrix; and €;; is a residual error
with mean zero and unknown variance.

In Study 11, first outliers—defined as values more than three times the interquartile range
from the first and third quartiles of AV—were removed, resulting in the inclusion of 219
Scots pine, 112 Norway spruce, and 77 birch trees in the analysis. Then, the reliability of
measurements derived from bi-temporal, multisensor point clouds was assessed by
examining the consistency of tree attributes (e.g., stem volume and crown structure metrics)
between T1 and T2. This was done using Pearson’s correlation coefficient (r) and visual
inspection with scatterplots to validate the use of the applied methodologies for observing
changes in tree structures. The linear relationships between AV and crown structural metrics
at T1, along with AC, were subsequently examined using r to gauge relationship strength.
Statistical significance was assessed through p-values (p), with a 95% confidence level.
These analyses were conducted across various tree species to identify growth dependencies
unique to each species.

To further explore species-specific relationships between AV, crown structure, and AC,
a random forest (RF) model was used. This approach enabled the exploration of potential
non-linearities in the relationships, especially regarding the distribution of AV. Additionally,
the RF model is ideal for handling complex predictor interactions and can mitigate
collinearity to some extent, owing to its ensemble structure of decision trees (Breiman 2001).
The full sample size was used to build the RF model to leverage all available data for
identifying tree growth dependencies, ensuring that the model captured the complete
variability present. To address collinearity among crown metrics, only the most strongly
correlating crown metrics at T1 (with r > 0.8) were retained, while redundant ones were
removed. This step minimized excessive correlation among predictors, reducing the risk of
multicollinearity impacting model performance. The Gini index was then applied to calculate
the relative importance of each selected predictor, quantifying the extent to which each metric
contributes to reducing node impurity in the decision trees (Hapfelmeier et al. 2014). These
importance values were scaled to a 0-100 range for easier comparison.

In Study 11, r was utilized to assess the relationships between laser scanning-derived and
in situ-based Cls. It was also used to evaluate which Clgpn/Cly or basal area increment had a
stronger association with the laser scanning-based Cls. The consistency between the TLS-
based and their corresponding ALS-based Cls was evaluated using r. In Study 111, the
potential difference between the laser scanning-derived Cls and in situ-based Cls was also
analyzed, along with the effects of forest structural variability in the observed differences
(ACIs). This was done to improve our knowledge of the performance of the implemented
methodologies in boreal forest conditions. Hence, for the object-based Cls, the corresponding



26

ACIs were calculated by subtracting the in situ-based Clgsn values from those based on laser
scanning. For the point cloud-based Cls, the initial CI values were first normalized by
dividing them by the maximum observed values. The ACIs were then calculated by
subtracting the rescaled in situ-based Clann values from the laser scanning-based CI values.

According to existing knowledge, increased tree density and complexity decrease the
potential of current-generation laser scanning technology to detect all trees (Maltamo et al.
2004; Yrttimaa et al. 2019). The object-based and point cloud-based Cls implemented in this
thesis must account for all vegetative structures around the target tree. Failure to include these
structures may result in inaccurate Cl predictions. Given these considerations, it can be
assumed that as the number of surrounding trees in the field competing with the target tree
increases, the uncertainty in laser scanning-based CI estimates will also rise. To investigate
this, initially, the relationship between ACIs and the number of competitor trees, as identified
through in situ measurements, was examined, using r to assess the strength of this
relationship. Additionally, the relationship between the plot-level tree detection rate and tree
density within the sample plots was explored to better understand how forest structure affects
the ability of laser scanning point clouds to characterize tree competition. Accurate detection
of trees is critical for reliable Cl prediction, making it essential for assessing competitive
stress. It is important to note that the relationships mentioned above were also evaluated for
statistical significance using p-values.

3 RESULTS AND DISCUSSION

3.1 Influence of thinning treatments on stem and crown Cls derived from TLS (Study

N

The results of Study I showed that overall, as anticipated, competition levels were highest in
the control plots (without thinning); see Figure 3. This aligns with studies by Baniya and
Mandal (2018) and del Rio et al. (2017) and can be explained by limited tree growth space.
In addition, the results showed that competition magnitudes, as identified by Cls, were 12.8—
52.7% smaller under moderate thinning treatments and 63.1-82.5% smaller under intensive
thinning treatments compared to the control plots (no thinning). This declining trend was
evident for both stem- and crown-based Cls (Figure 3). Moreover, intensive thinning from
below, followed by intensive thinning from above, mainly led to a smaller mean and standard
deviation compared to other thinning treatments of varying types and intensities (Figure 3).
For moderate and intensive thinning from below, the magnitude of competition was 50.7%
to 52.7% and 81.6% to 82.5%, respectively, smaller compared to the control plots when
measured by Cls based on stem characteristics (Clgn and Cly). In contrast, for moderate and
intensive thinning from above, the magnitude of competition was 23% to 25% and 71.2% to
73.2%, respectively, smaller compared to the control plots when measured by Cls based on
stem characteristics.

As mentioned above, most thinning treatments reduced competition, except systematic
treatment and moderate-intensity thinning from above (Figure 3). These treatments produced
a competition magnitude comparable to that of the control plots in terms of both mean and
standard deviation. In general, more intensive thinning treatments resulted in greater
reductions in competition as measured by the Cls compared to moderate thinning treatments.
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As a result, we anticipate greater availability of growth resources, including space, nutrients,
water, and sunlight, following intensive thinning treatments as they increase the space
available for individual trees (Pretzsch 2009). In addition, thinning from below greatly
reduced competition magnitude compared to thinning from above and systematic thinning
(Figure 3). This can be attributed to the removal of smaller trees, which play a substantial
role in taking up available growth resources, in the thinning from below treatment (Thorpe
et al. 2010).

The findings from the nested two-level linear mixed-effects model provide quantitative
insights into the differences in Cls across various thinning treatments and intensities.
Moderate and intensive thinning from below, intensive thinning from above, and intensive
systematic thinning all showed statistically significant differences from the control plots
across all crown- and stem-based Cls (p < 0.05). However, only the stem-based Cls in
moderate thinning from above differed significantly from control plots at the 95% confidence
level. In contrast, there was no significant difference between control plots and moderate
systematic thinning regarding all Cls (p > 0.05). There was also no statistically significant
difference in competition between moderate thinning from above and systematic thinning
treatments. This similarity could stem from both treatments’ focus on removing larger
individual trees (Saarinen et al. 2020). Although moderate-intensity systematic thinning
created additional growing space for remaining trees, it did not significantly impact
competition responses among individual Scots pine trees.

Through Study I, we found that TLS is an effective tool for quantifying competition by
characterizing stem and crown structure in great detail. The ability to quantify both stem-
based and crown-based Cls with TLS allowed us to distinguish subtle differences in tree
competition under varying thinning treatments. However, it is important to note that the
sample plots of this study are managed forest stands (the TLS tree detection rate was 98.8%),
where structural characteristics are often influenced by silvicultural interventions and do not
fully represent the complexity of unmanaged or natural forest ecosystems.
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Figure 3. Variation in competition indices resulting from seven thinning treatments applied
during 2005-2006. The treatments are as follows: 1 = control plots, 2 = moderate thinning
from below, 3 = intensive thinning from below, 4 = moderate thinning from above, 5 = intensive
thinning from above, 6 = moderate systematic thinning from above, and 7 = intensive

systematic thinning from above.
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3.2 Feasibility of using point clouds to detect crown metric increments and explain
species-specific stem volume growth (Study I1)

The assessment of consistency between individual tree characteristics measured at T1 and T2
showed that CHmax had the most consistent change over time (r > 0.97). In addition, CV
showed an increasing trend over time, with correlations of 0.85 for Scots pine, 0.82 for
Norway spruce, and 0.74 for birch trees, although there was a moderate degree of variability.
Other crown metrics showed more variability around the 1:1 line. The least consistency was
noted for CAsp/CV in Scots pine, Norway spruce, and birch trees, with correlations of 0.65,
0.56, and 0.40, respectively.

The results also showed that both initial crown metrics and their changes had a significant
relationship with AV, with explanatory power varying across different tree species, although
it may reflect dynamics that differ from those observed over a longer period. Moreover,
depending on internal tree characteristics and the stem itself, beyond the crown structure,
growth allocation might vary (Pretzsch 2020), an aspect that was not addressed in our study.
Other factors such as site conditions, tree age, mean tree size of the stand, and provenance
could also influence the observed relationships (Pretzsch et al. 2022). Further research is
required to explore how multisensor point clouds can contribute to understanding the growth
distribution of various tree species.

Crown metrics at T1 demonstrated a stronger linear correlation with AV than metrics
related to crown changes, which is consistent with the work of Yrttimaa et al. (2022b). This
suggests that trees might initially expand their crowns, with larger crown sizes contributing
to a higher AV. A strong relationship was observed between the AV of Scots pine and various
crown metrics, such as CHmax, CA2p, and CP. Additionally, the two 2D crown metrics, CAzp
and CP, demonstrated a significant correlation with the AV in birch. In contrast to pine trees,
the volume change AV in Norway spruce showed the strongest correlations with 3D crown
metrics, such as CAsp, CV, and ACV.

By incorporating crown structural metrics and their AC into the RF model, we could
explain 50%, 20%, and 6% of the variation in AV of Scots pine, Norway spruce, and birch,
respectively (Figure 4). Based on the scaled mean decrease in the Gini index, CHmax Was the
most important metric for determining Scots pine AV, with CP and CAsp also being
important metrics. When predicting Norway spruce AV, ACV emerged as the most effective
metric, followed by CV and ACAsp as the second and third most influential metrics,
respectively. For birch AV, ACV was identified as the primary predictor, with CP and CAsp
ranking as the next two most important metrics.
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Figure 4. Scatter plot illustrating the relationship between observed and predicted stem
volume growth (AV, in dm?) for Scots pine, Norway spruce, and birch trees. The dashed line
indicates the 1:1 relationship.

The similarity in key metrics for predicting AV of Norway spruce and birch indicates that
both species continue to develop their crowns to sustain their growth rates. CHmax Was also
identified as one of the most important metrics for Norway spruces and birches, albeit with
a lesser impact. This implies that trees with a higher CHmax may possess a competitive
advantage, contributing to an increase in AV. In particular, the importance of CHmax in
explaining the stem volume growth of Scots pine emphasizes the species’ need for light, as
it grows rapidly in height to optimize light acquisition (Givnish 1988). As seen above, CP
was also an important metric for explaining the AV of Scots pine and birch. This can be
attributed to the fact that a larger CP allows for greater light capture, which enhances
photosynthetic activity and subsequently boosts the tree’s growth, leading to an increase in
AV (Poorter et al. 2012). The findings of this study must be interpreted with caution, as the
relationships observed are inherently complex and may be influenced by a range of factors,
such as stand density, site conditions, tree age, and mean tree size (Pretzsch et al. 2022). For
example, Valentine et al. (2012) showed that higher stand density can limit crown expansion,
with the reduced crown size potentially restricting the tree’s ability to capture light and
ultimately slowing its growth. Such complexities underscore the importance of considering
these results in the broader context of forest dynamics and management practices.

3.3 Ability of TLS and ALS data to describe stem and crown competition (Study 111)

The results of Study 111 showed that the effectiveness of laser scanning point clouds in
reflecting individual trees’ competitive status differed based on the competition index used,
with correlations reaching up to 0.44 for TLS and 0.48 for ALS. However, object-based Cls
were better correlated (r = 0.33 to 0.48) with in situ-based Cls than point cloud-based Cls (r
= —0.22 to 0.37). This difference can arise from the distinct methodologies of the two CI
types in characterizing competition compared to the in situ-based Cls. While object-based
Cls were calculated using the Hegyi equation, similar to in situ-based Cls, with the main
difference being the use of tree attributes derived from TLS and ALS point clouds as input
data, point cloud-based Cls focused on assessing competitive stress by measuring the extent
of vegetative structures within the target tree’s estimated growing space, which was assumed
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to better characterize competition. Unlike point cloud-based Cls, neither object-based nor in
situ Cls considered the shape of neighboring tree crowns or their shading impact, which may
partly explain the varying correlations observed between point cloud-based and in situ Cls.

Regarding consistency between predicted TLS Cls and the corresponding ALS Cls,
object-based Cls (r = 0.65 to 0.71, p < 0.001) were more consistent than point cloud-based
Cls (r = 0.29 to 0.53, p < 0.001). Within the object-based Cls, Cly exhibited the strongest
correlation between TLS and ALS, while among the point cloud-based Cls, CDI showed the
strongest correlation between TLS and ALS (r = 0.53), followed by Clcyiinder (r = 0.45, p <
0.001) and CPI (r =0.29, p < 0.001). Inconsistency between the same Cls derived from TLS
and ALS most likely originates from the distinct viewing angles and acquisition geometry of
each system (Hilker et al. 2012; Kiikenbrink et al. 2017). In other words, TLS produces a
distinct point cloud reconstruction of trees compared to low-altitude ALS data. Consequently,
it is reasonable to anticipate that point cloud-based Cls may vary depending on the type of
point cloud data utilized. For example, the inconsistency between CPlr s and CPlaLs can be
attributed to varying occlusion effects caused by their distinct measurement geometries. In
TLS, occlusion primarily affects the upper and middle parts of the tree crown (Béland et al.
2011, 2014)whereas ALS tends to capture treetops with less occlusion but may overlook
lower canopy layers, especially in dense canopies (Kikenbrink et al. 2017).
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Figure 5. An example of the relationship between plot-level tree detection rate and difference
(A) in competition indices (Cls) derived from terrestrial laser scanning (TLS) and airborne laser
scanning (ALS) in comparison to in situ data. The analyzed Cls were based on diameter at
breast height (Cldsh) and canopy density index (CDI).



32

Based on the results, as the number of neighboring trees increased and the tree detection
rate decreased, the difference between laser scanning-based Cls and in situ-based CIs (ACIs)
increased (Figure 5). Overall, object-based Cls were more influenced (r = 0.68 to 0.84, p <
0.001) by detection rate than point cloud-based Cls (r = 0.25 to 0.49, p < 0.001). The number
of neighboring trees in the field representing the complexity of the forest structure had a
negative effect on the accuracy of estimations, especially for object-based Cls (r = —-0.79 to
—0.96, p <0.001). In this study, both TLS and ALS tended to underestimate trees’ competitive
status relative to in situ-based Cls, primarily because they could not detect all competitive
neighboring trees surrounding the target trees. In practice, the tree detection rate is linked to
the complexity of the forest structure, often due to the omission of intermediate and
suppressed trees (Wang et al. 2016). Vauhkonen et al. (2012) reported that forest structure
significantly impacts detection accuracy, with complex structures negatively affecting
detection rates. In this study, neither TLS nor ALS could detect all trees, leading to an
underestimation of the resulting competitive stress. Figure 5 illustrates an example of the
relationship between the plot-level tree detection rate and ACIs, comparing both TLS- and
ALS-based object-based and point cloud-based Cls.

3.4 Constraints and future research

In Study I, we aimed to develop approaches for assessing stem and crown competition using
TLS data to evaluate the effects of different types and intensities of thinning treatments on
stem- and crown-based Cls in Scots pine stands. Although this study yielded promising
results in describing stem- and crown-based competition between trees, further research is
needed due to its limitations. The scanning setup, tree delineation, and segmentation
algorithms could create uncertainties, such as point cloud occlusion and inaccurate
delineation of tree crowns, in this study. However, advances in laser scanning technologies
such as TLS, ALS, and multisensor approaches, along with methodological improvements
(e.g., in crown segmentation algorithms), are expected to enhance the accuracy of results in
similar studies in the future. With the availability of time series of laser scanning point cloud
data, monitoring the impact of thinning treatments on competition between trees, especially
by employing point cloud-based Cls, is recommended for future research.

The objective of Study Il was to understand the dependencies between individual tree
stem volume growth (AV) and crown structure, including its change (AC), using TLS and
ALS point clouds. This study revealed some negative AV values, likely due to inaccurate
taper curve estimation due to point cloud occlusion. The co-registration accuracy between
the terrestrial and aerial point clouds and the discrepancy in the methods used at T1 and T2
are also sources of uncertainty that may have affected the results. These uncertainties could
have led to a spatial mismatch between the trees identified at T1 and T2, which could have
decreased the reliability of the tree-to-tree matching. In addition, our data in Study Il were
mostly collected during leaf-off conditions, likely resulting in an underestimation of the
crown characteristics of the birch trees. Incorporating partial dependency plots or using
Generalized Additive Models could enhance the interpretability of the results. For future
studies, a deeper investigation into the role of multisensor point clouds in analyzing growth
allocation patterns for different tree species is recommended. One possibility can be focusing
on understanding appropriate time intervals to filter out excessive noise and reveal genuine
patterns in forest change detection, especially in slow-growth boreal forests.
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In Study IIl, we investigated the capacity of TLS and ALS data to characterize
competitive stress affecting individual trees. Based on the results of this study, the predicted
competition through laser scanning data was subject to underestimation compared to in situ-
based competition. The primary reason for this underestimation is that the laser scanning
systems used in this study could not capture all the competitive neighbor trees surrounding
the target trees, especially in complex forest stands. Hence, point cloud occlusion was an
uncertainty source. This limitation can be addressed in future studies through careful
planning of the data acquisition campaign, with a focus on obtaining a comprehensive point
cloud reconstruction of all individual trees and capturing the full extent of vegetative
structures within the competitive neighborhood of the target trees. One alternative approach
to overcoming the challenge of point cloud occlusion is the fusion of terrestrial and aerial
point clouds, as each system offers different viewpoints. Automatic segmentation of point
clouds often faces issues such as data omissions and the inaccurate delineation of tree crowns
in aerial point clouds or stems in terrestrial point clouds (Kwak et al. 2007), which can lead
to errors in the prediction of object-based Cls. Thus, methodological improvements are
needed to enhance tree characterization for more accurate competition assessments. Since the
laser scanning datasets for Studies Il and Ill are identical, the limitations and
recommendations outlined for Study I11 are largely applicable to Study Il as well.

4 CONCLUSIONS

In recent decades, laser scanning has become an increasingly important tool in forest mapping
due to its capability to provide highly detailed 3D information on trees and forest stands. This
thesis emphasizes the feasibility of using laser scanning point clouds to understand forest
dynamics, particularly in the context of competition, tree growth, and forest management
strategies in boreal forests.

Study | highlighted the utility of TLS technology in deriving both stem and crown metrics,
allowing for a more comprehensive assessment of how different thinning treatments affect
competition between trees at both stem and crown levels. This approach increased our
understanding of how thinning influences tree growth dynamics. In addition, this study
demonstrated the impact of various thinning treatments on TLS-derived stem and crown Cls,
offering insights for optimizing forest management practices. For example, it showed that
intensive thinning from below significantly reduced competition by up to 82.5% compared
with other treatments. In contrast, moderate thinning treatments showed limited effects,
underscoring the need for management strategies. This study also emphasized the importance
of TLS point clouds in characterizing crown metrics for competition assessments, which are
often overlooked in traditional methods.

Study 11 underscored the potential of bi-temporal, multisensor point clouds from TLS and
ALS in linking crown structural changes to stem volume growth across three important
species in boreal forests. The results of Study Il revealed species-specific variations in how
crown metrics and their changes influence growth, with Scots pine showing the strongest
correlations (explaining 50% of AV), while Norway spruce and birch trees had a AV of 20%
and 6%, respectively. In addition, we found that crown structural metrics at T1 exhibited a
stronger correlation with species-specific AV compared to AC-related metrics at a 95%
confidence interval. The study highlighted the potential of detailed point cloud data in
monitoring tree growth and inventorying forests on larger scales, although operational
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challenges, such as the cost of data collection, remain significant barriers to large-scale
application.

Study 111 confirmed the ability of TLS and low-altitude ALS point clouds to effectively
quantify the competitive stress of individual trees. However, it also identified challenges,
such as point cloud occlusion and the subsequent non-detection of all relevant neighboring
trees, including both individual trees and vegetative structures. Overall, the competition
effects described using low-altitude ALS and TLS data were very similar. This finding opens
pathways for integrating competition assessments into operational forest management
workflows, such as determining thinning priorities.

Together, the findings of these three studies underscore the value of laser scanning
technologies in advancing forest ecology research and informing sustainable forest
management practices. By bridging gaps in competition assessment, growth prediction, and
large-scale inventory methods, this research provides valuable insights for developing
sustainable forest management strategies, particularly in the boreal context. Future
advancements in sensor technology and data affordability could further enhance the practical
applications of these methodologies.
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