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Abstract

Terrestrial laser scanners (TLS) are active remote sensing sensors that use light to measure distances
between the sensor and objects generating a three-dimensional dataset. This technology has been
used in a diverse range of ecological studies measuring plant and vegetation properties. In the present
dissertation, | used three-dimensional modelling algorithms on TLS derived point-clouds to assess
plant structural parameters, plant competition, and the effects of plant phenological processes on tree
structure.

Chapter 2 uses the Quantitative structure Model (QSM) to assess lianas and host-trees structural
metrics in three different lianas infestation scenarios. The findings reveal that liana infestation impacts
hosting trees differently. Lifeform structural metrics showed that lianas wood elements can reach
much longer lengths than the elements of the host trees indicating a better space distribution. Also,
the total wood volume proportion presented by each lifeform varies with the tree size and the level of
liana infestation. In the end, two QSM derived metrics were proposed to evaluate liana infestation on
trees of different sizes and ecosystems.

In chapter 3, fractal analysis was used to identify structural differences between trees living in forested
and open-field environments. This study showed that the competition against neighboring plants in
forested areas affects tree development and space occupancy. Trees living in open-field conditions
occupy the space more efficiently and present more symmetric architecture than trees living in the
forest, indicating less environmental stress.

The presence of leaves has a great impact on plant three-dimensional modelling, space occupancy,
and tree architecture. In chapter 4, fractal analysis was used to explore the effect of the change of
leave coverage on temperate broad-leaf tree species during the winter and spring seasons on tree
architecture. The findings showed that trees occupy the space more efficiently during the leafed
season. Last, Chapter 5 presents the summary of this thesis findings and provides directions for future

research on three-dimensional modelling of plants using TLS point-clouds.



Preface

The chapters of this thesis are unpublished work. Chapters 2, 3 and 4 are being prepared for
publication. | did the conceptualization of the research with the support of Dr. Arturo Sanchez-Azofeifa.
| performed the data collection with the support of different field assistants. The data processing and
analysis was performed by me. Antonio Jose Guzman Quesada provided text editions in the chapter
3. Dr. Arturo Sanchez-Azofeifa provided supervisory support and text editing during all the research
process for the development of this dissertation. This research was partially funded by CAPES —

Brazilian Education Agency.



Contents

Y 01 1 =T SO ii
1= 7= T = iii
IS o = ] USSP vii
LIST Of FIQUIES ...ttt et e e e e e e e e e ettt e e e e eeeeeessaaaaaaeeaaaeeasnnes viii
GlOSSANY OF TOIMINIS ...ttt X
L0 F=T o] (=Y g R Vo | o To [ 1[4 o o RSO 1
L I U o 5 7= Y (o) s APPSO PSSP 1
1.2 = ODJECLVES ...coeiiiiii ittt e e et e e e e e e e e e e e e 3
1.3 - Scientific BaCKgroUNd ............oiiiiiic e 4
1.4 - TRESIS OUIINE ..o e et e e e e e e e e e e e et a e e e e e e e eeeraraaeeeeeeeas 8
Chapter 2 — Using Terrestrial Laser Scanner to analyze liana and hosting trees woody contribution.
....................................................................................................................................................... 11
A 1Y/ 11 { T T - PR 13
2.2 SHUAY St 13
2.2.2 Data CoOllECHON ... 14
2.2.2.2) Tree SEIBCHON ... 14
2.2.2.b) TLS data COIECHON ......coi i 15
2.2.3- ReGISIAION. ... 16
2.2.4- Pre-processing steps for Quantitative Structure Model (QSM) .........coooeiiiiiiiiiiiiiiiinnnnns 16
2.2.5- Implementation of the Quantitative Structure Model (QSM) .........ccceviiiiiiiiiiiiiieeees 17
2.2.6- Estimation of the liana’s relative volume and load ..., 19
2.3.1 - QSM performance on a complex vegetation point-cloud ...............ccooeeeiiiiiiii . 20
2.3.2 Quantitative Structure Model (QSM) MELriCS .....ccoeeieiiieeee e, 20
2.3.3 Relative volume and llana [0ad.............cooiiiiiiiiii e 22
A = o] 1= (o ) o PP 23
2.4.1 Impact of plant lifeform interaction on dataset quality and QSMs modeling ..................... 23
2.4.2 QSM metrics to estimate RV and LL as tools for ecological assessment of infested trees
................................................................................................................................................ 25
2.4.3 Limitations and UNCertainties ............coi i 28
P2 T O o T 11 13 o o 29
Chapter 3 Fractal Analysis on Forested and Open Field Trees ...........covveiiiiiiiiiiiiiiiiiie e, 31
B T B 1o 10T LT 4o o SR 31
B0 T 1V = 4 e T PSR 33



3.2.1 = St AESCIIPLION ... et e e e e e e e e e e e e a e e e e 33

3.2.2 — Dat@ COllECHION ...ttt 33
3.2.3 = ReGISIatiON ... 34
3.2.4 — Pre-processing PrOCEAUIES ........ouuuuiiii e et e e e et ttea e e e e e e e eeaea e e e e e e e e eeesennaaaeeaeeas 34
3.2.5 — Fractal diMeNSION ..........uuiiiiiiiiee e e e 36
3.8 mRESUIES ... e e e as 37
3.3.1- Fractal diMENSION. ......uuuuiiiiiiiiiiii e 37
R I 101 (=Y (1= o PP PO SRR 40
3.3.3 — Coefficient of determination.................uuuiuiiiiiiii e 41
3.4 — DISCUSSION ...ttt ettt e e 41
3.4.1 - Fractal diMENSION. ......uuuuiiiiiiiiiiiiiiiii e 42
3.4.2 — Coefficient of determination and developmental instability ...............c..ooiii 43
K T |01 =T o1 o ) S 45
3.4.4 — Light Competition and Tree ArchiteCture ..., 45
3.4.5 — Advantages and weaknesses of the method ... 46
3.5 = CONCIUSION ...ttt 47
Chapter 4 — Using TLS and Fractal Analysis to Detect Structural Changes Caused by Phenology in

D =TedTo (8o 10 ES T I =T PP PP 48
4. — INEFOTUGCTION ...ttt 48
4.2, - IMIEBENOTS. ...ttt 50
g B I =Y =T 1= Yo [ PP 50
4.2.2 —Data COIECHION. ... 52
4.2.3 -Pre-processing PrOCEAUIES .........i it e e e e et et a e e e e e e e e eeatan e e e e eeeeeeeannnaaaeeeaeeeennnes 53
4.2.4 —Fractal @nalySis .........coooiiiiiiiii 56
Sl B = = 1= 1 F= 1] USSP 57
G Tl =TT U | 57
4.3.1 — Fractal diMenSION .........ooii i 57
4.3.2 — Coefficient of determination (R square) ... 58
G TR B ] (= o7 =T o | USRS 59
4.4 — DISCUSSION ...ttt 60
4.4.1 - Fractal dimeNSION.........oooi oo 60
4.4.2 - Coefficient of determination........... ..o 61
4.4.3 - INtErCEP. . 62



4.4.4 - Methods advantages and limitations ..o 62

4.5 = CONCIUSION ...ttt 64
Chapter 5 — Concluding Remarks and Future Work..............cooiiiiiiiiccc e 66
5.1 - Thesis Key fiINAINGS .......cooiiiiiiiiiii e 66
5.2 — Future directions for three-dimensional modelling of vegetation ................cccoooooiiiiinnnn.n. 67
5.2.1 - Lianas INfestation.........c.uuiiiiiie e 67
5.2.2 - Fractal Analysis of forested vs open field trees ...............uuuuiiiiiiiiiiiiiiiiis 68
5.2.3 — Fractal analysis of the phenological process in deciduous temperate trees.................. 69
REFEIENCES ...ttt ettt ettt ettt ettt ettt et e e e e e e e e eeeeeeees 71

Vi



List of Tables

Table 2.1 - QSM Metrics derived for Tree and Liana components in the three study plots. Values in
brackets represent DBH field measurements on trees and liana modelling values without the

adjustments. All remaining values are derived from modeling after adjustments. ........................ 21
Table 3.1. Fractal Metrics of Forest Trees atthe RSNP-EMSS............ s 38
Table 3.2. Fractal Metrics of Open Field Trees at the RSNP-EMSS ..., 38
Table 4.1 Fractal analysis metrics for leaf-on and leaf-off tree point-clouds. .............................. 57

vii



List of Figures

Figure 2.1: Location of Santa Rosa National Park — Environmental Monitoring Super Site............ 14

Figure 2.2: Liana Infestation based on traditional approaches (number of liana stems, basal area, and
canopy coverage). In red is presented the liana's wood elements TLS point-cloud segmentation,
whereas in green is presented the hosting tree TLS point-cloud. The segmentation between liana and
tree datasets reached 12.2 meters for hosting tree 1; 11.5 for hosting tree 2; and 11.9 for hosting tree
T o= 0 T 15

Figure 2.3: Sub-divided lianas datasets (Blue, red and green) from infested tree number 3. The QSM

reconstructed individually in each subsection point-cloud and the metrics were combined to retrieve
the total liana contribution. ... ... 18

Figure 2.4: Lianas modeled using the QSM from tree number 3. Liana Stem diameter inconsistencies
are indicated by red circles and were minimized by maintaining higher cylinder diameters within each
OS]V Y=Y T4 =Y o | PPN 19

Figure 2.5: Host tree number 1 presenting stem irregularities that caused QSM underestimation of
tree DBH, and total wood volume. (A) In blue buttress; and (B) point-cloud horizontal cut on the trunk
at DBH with non-cylindrical. Point to point calculations (72.5; and 73.1 centimeters) corroborate field
measurement and contrast the model (72.5 VS 54.1). ..., 22

Figure 2.6: Liana infestation evaluation based on the liana load supported by each hosting tree...23

Figure 2.7: Tree and liana modelled elements distribution. It is possible to observe the hosting tree on
plot 2 leaning towards the liana climbing elements, indicating structural stress due to the high liana
0= PP PPPPP 27

Figure 3.1: Forested trees merged point-clouds with a spatial resolution of 0.01 meter. Tree colours
represent the same living environment since the species was not gathered. Forested individuals were
dominant emergent trees. The scale below each tree measures 10 meters. ....................oooei 35

Figure 3.2: Open-field trees merged point-clouds with a spatial resolution of 0.01 meters. In this figure,
tree colors represent the same tree species. The scale below each tree measures 10 meters.

Figure 3.3: Plot values of fractal dimension (top); intercept (centre); and coefficient of determination
(down) of forested trees (green) and open-field trees (blue). ..o, 40

Figure 3.4: Tree point-clouds divided in quarters using the trunk base and crown edges as reference
and limits. Open-field trees (A to D) present higher symmetry than forested trees (E to H). Forested
trees E and H present cells with rectangular shapes instead of the most commonly found square
format. Open-field trees present their crown highest point aligned with their trunks. This behaviour is
observed even when X, Y, and Z axes positions are dislocated (Open-field tree B), whereas in the
forested trees F, G, and H the crown highest point is dislocated from the trunk center. The scale bar
bellow trees represent 10 Meters. ... 41

viii



Figure 4.1: Leaf-off tree point-clouds. Trees 1, 3, 5, and 7 present smaller size, and irregular crown
shape due to their spatial arrangement with less sun light availability than trees 2, 4, 6, and 8. The
former show a more symmetrical crown shape. Tree 9 is considerably larger than the other trees due
163X= 1o [ TS PP 52

Figure 4.2: Methodological procedures adopted in this study. In blue is the data acquisition, in orange
the pre-processing procedures and in green the post-processing steps. ......cccooviiiiiiiiiiiinn, 53

Figure 4.3: Structural differences between leaf-off (A, grey) and leaf-on (B, green) tree point-clouds.
The leaf-off point-clouds permit the identification of individual branches, while the leaf-on datasets
present higher point density on the crown region, hampering branch identification. 1A and 1B present
a juvenile tree located on shadowed line (Tree number 1) with an irregular crown; in 1A is possible to
observe disconnected points due to obstruction caused by the leaves on the top right of the crown.
2A and 2B presented juvenile tree from the illuminated line (tree number 4) with regular elliptical
crown; the leafed point-cloud (2B) also showed some occlusion observed by the difference in point
density on the top of the canopy. 3A and 3B present the mature tree (number 9) with prominent
difference on the gap size on crowns of the two datasets. All leafed point-clouds (1B, 2B, and 3B)
present leaf structures on the lower part of their trunks that were not detectable on the leaf-off
(0 = = <= £ 55

Figure 4.4: Violin graph representing the variability of fractal dimension values derived from TLS trees
acquired during the leaf-on and leaf-off seasons. Points represent the values calculated for the two
seasons. Mean for the leaf-off is 0.66 while the mean for the leaf-onis 0.68. ............................ 58

Figure 4.5: Violin graph representing the variability of the coefficient of determination values derived
from TLS trees acquired during the leaf-on and leaf-off seasons. Points represent the values obtained
for the two seasons. Mean for the leaf-off is 0.99 while the mean for the leaf-onis 0.98. ............. 59

Figure 4.6: Violin graph graph representing the variability of intercept values derived from TLS trees
acquired during the leaf-on and leaf-off seasons. Points represent the values for the two seasons.
Mean for the leaf-off is 2.25 while the mean for the leaf-on is 2.32. ...l 60



Glossary of Terms

ACG — Area de Conservacion Guanacaste
ALS — Airborne Laser Scanner

DBH — Diameter at Breast Height

dHB — Fractal Dimension from fractal geometry
FOV - Field of View

GLAS - Geoscience Laser Altimeter System
LiDAR- Light detection and Ranging

LL — Liana Load

NIR — Near InfraRed

PAI — Plant Area Index

PAVD - Plant Area Volume Density

QSM - Quantitative Structure Model

RMSE —Root Mean Square Error

R? — Coefficient of determination

SE — Standard Error

SOR - Statistical outlier removal

SRNP — EMSS - Santa Rosa National Park — Environmental Monitoring Super Site
SRTM — Shuttle Radar Topography Mission
TDF — Tropical Dry Forest

TLS- Terrestrial Laser Scanner

UAV — Unmanned Aerial Vehicle

3D- Three-Dimensional



Chapter 1 - Introduction

1.1 - Motivation

Forests are an important component of Earth’s biosphere as they have a major influence on
water, carbon, and energy cycles, affecting the global and regional climate (Rodriguez-Veiga et al.,
2019; DellaSala, 2020, Fan et al., 2020). Forested ecosystems cover approximately one-third of the
world’s land surface (Rodriguez-Veiga et al., 2019; DellaSala, 2020). These environments provide
food and shelter to wildlife while supporting biodiversity (Fan et al., 2020). More than 40% of global
forests are located in the tropics; temperate and boreal forests occupy around 25% each; and sub-
tropical forests represent around 8% of the planet forested area (DellaSala, 2020). These ecosystems
provide humans with food, wood for energy, shelter and tools. Humanity benefits economically from
varied forest products as they also have important socio-cultural value with a myriad of uses from

recreational to spiritual activities (Rodriguez-Veiga et al., 2019; DellaSala, 2020, Fan et al., 2020).

Forest ecosystems are composed of different elements, but one of the most important is their
structure. Forest structure refers to the three-dimensional arrangement of plant elements (Kay et al.,
2021; Annighofer et al., 2022). It reflects the environment complexity and influences forest productivity
and dynamics, biodiversity, above and below carbon stocks, evapotranspiration, and forest resilience
(Ali et al., 2020; Rago et al., 2021; Reich et al., 2021; Kay et al., 2021; Annighofer et al., 2022; Shimizu
et al., 2022). Forest structure is affected by solar radiation, water availability, altitude, latitude, soil
properties, human and natural disturbances (Candel-Perez et al., 2021, Rago et al., 2021). The effect
of human interventions is reflected by different forest structure patterns that can be observed in the
different successional stages after human interference (Kappelle et al., 1996; Gerwing, 2001; Faria et
al., 2009; Sanchez-Azofeifa et al., 2009; Rodig et al., 2017; Sanchez-Azofeifa et al., 2017). Changes
in atmospheric composition caused by human activities can affect forest dynamics leading to
modification of the forest structure (Zotz et al., 2006). The increasing dominance of lianas in tropical
forests is an example of these occurrences (Phillips et al, 2002; Zotz et al., 2006; Schnitzer and
Bongers, 2011). The assessment of forest structure can be done by evaluating parameters such as
basal area, canopy height, plant area index, number of forest strata, canopy openness, among others

(Culvenor et al., 2014; Reyes-Palomeque et al., 2021).

At the tree level, structural complexity is known as tree architecture and reflects how each

plant occupies a given space (Seidel et al., 2018; Seidel et al., 2019; Verbeeck et al., 2019; Shenkin



et al., 2020). Structural complexity is an important component in understanding leaves organizational
arrangement which affects photosynthesis and gas exchange (Pickett and Kempf, 1980; Seidel et al.,
2018; Rago et al., 2021). The tree height, the crown area, the branch order, the stem length, the
diameter at the breast height (DBH), and leaf area are metrics commonly used to characterize tree
architecture (Pickett and Kempf, 1980; Cote et al., 2011; Gulci et al., 2021). Tree basic metrics such
as tree height and trunk diameter have been assessed to measure wood stock and forest growth
since the beginning of rational use of forests to manage stock in forested areas (Andersen et al., 2006;
Bragg, 2008). Throughout history, different methods and multiple tools were used to collect these
parameters (Luoma et al., 2017; Wang et al., 2019; Jurjevic et al., 2020). Telescopic height poles and
measuring ropes are examples to directly measure tree height that are still used (Wang et al., 2019;
Jurjevic et al., 2020). Poles are manipulated from the ground whereas the ropes must be launched
from the top of the tree until they reach the ground. These methods are time-consuming, inaccurate
for tall trees, and involve some degree of risk for the survey team (Andersen et al., 2006; Jurjevic et
al., 2020). Popular indirect field-based methods use trigonometric relationships between the distance
and tangent angles formed by the observer and the measured tree crown top and stem base
(Andersen et al., 2006; Luoma et al., 2017; Wang et al., 2019; Jurjevic et al., 2020). These indirect
methods employ rangefinders, calipers and clinometers as tools to increase time efficiency compared
to direct measuring methods (Andersen et al., 2006; Luoma et al., 2017; Wang et al., 2019; Jurjevic
et al., 2020). Although these classic methods improve productivity over time, the intensive inventory
on vast areas continues to be time-consuming and costly (Andersen et al., 2006, Shimizu et al., 2022).
For this reason, the use of samples to model the population is an important strategy to understand
forest behaviour (Wiant et al., 1996; Jurjevic et al., 2020).

Remote sensing has emerged as a fundamental technology to measure extensive forested
areas since it can operate from diverse platforms, collecting data with different spatial and temporal
resolutions in local and global scales (Lefsky et al., 2005; Sun et al., 2008; Sanchez-Azofeifa et al.,
2017). LiDAR sensors produce high detailed three-dimensional information generated from a single
or multiple points of illumination (Lefsky et al., 2002; Sun et al., 2008; Culvenor et al., 2014; Wilkes et
al, 2017; Kay et al., 2021; Wang et al., 2021). In the past decades, LIiDAR systems have been used
extensively to assess tree and forest metrics from orbital platforms to field measurements (Lefsky et
al., 2005; Calders et al., 2015; Brede et al., 2019; Wu et al., 2019; Kay et al., 2021; Zhang et al.,
2022). Terrestrial laser scanners (TLS) have proved to measure plant structural metrics with

unprecedented accuracy enabling great advances in tree and forest measurement and modelling



(Hosoi and Omasa, 2007; Raumonen et al., 2013; Calders et al., 2015; Seidel et al., 2018; Seidel et
al., 2019; Brede et al., 2019).

1.2 - Objectives

The ability of Terrestrial Laser Scanners (TLS) to accurately assess tree and forest metrics in
natural areas brings the opportunity to investigate plant structure in detail. In this thesis, | use TLS
technology to understand how plants respond structurally to forest competition and environmental

changes. The objectives of the present study are to address the following questions:

1 — What are the liana and host tree wood contributions in different degrees of parasitism in a

liana-infested tropical dry forest?;

2 - Is fractal analysis capable of identifying structural differences in tree architecture of

individuals living in the tropical dry forest and open-field environments?; and

3 — Is fractal analysis able of identifying structural differences caused by phenological

processes in temperate deciduous trees?

To answer the first question, a group of liana-infested trees in the Santa Rosa National Park
Environmental Monitoring Super Site SRNP-EMSS tropical dry forest was selected. | used a multiple
point-of-view scan dataset and Quantitative Structural Model (QSMs) to assess liana and host tree
structural metrics and space occupancy of each lifeform. | analyzed hosting trees and lianas
segmented datasets individually to compare the different scenarios of infestation and its effects on

the hosting trees.

For the second question, fractal analysis on TLS point-clouds generated from trees living in
forested and open-field environments was employed to test the ability of voxels to identify

modifications on the tree architecture caused by competition with neighbours’ plants.

Last, | used two TLS datasets from a group of temperate deciduous trees, collected on two
sequential phenological seasons. Fractal analysis was applied to the tree point-clouds with and
without the presence of leaves to identify structural differences on these trees during one phenological

cycle.



1.3 - Scientific Background

LiDAR (Light Detection and Ranging) is an active remote sensing method that uses laser light
to measure the distance between the sensor and the objects. LIDAR uses the return travel time of
light to define the range or distance between the sensor and the target. The range is half the return
travel time multiplied by the speed of light (approximately 300,000 kilometers per second) (Dubayar
and Dranke, 2000). The accuracy of this technology gives it a broad spectrum of uses in ecological,
environmental, and forest structure studies. (Drake et al., 2002; Hopkinson et al., 2004; Castillo-Nufiez
et al. 2011; Rosell et al., 2012; Yang et al., 2013; Portillo-Quintero et al. 2014; Calders et al., 2015;
Akerblom et al., 2017; Verbeeck et al., 2019).

There are two different measuring methods used today. The most commonly used in forestry
is Time-of-Flight LIDAR which measures the distance using the time of the return of each laser signal
emitted by the sensor (Drake et al. 2002). It can use discrete return systems, which record only the
position of one contact between the laser beam and the target (Beland et al.,2014B), or full waveform
systems, which record the full-time trace of the laser beam that is reflected by the object (Cifuentes
et al., 2014 2014). The analysis of forest attributes using waveform LiDAR data can be done by
decomposing the waveform into points and estimating structural metrics, analyzing the proportion of
each forest strata present in the waveform dataset (Anderson et al., 2015; Disney et al., 2016). Both,
high-density discrete return and full-waveform systems have been shown to provide similar forestry
structural metrics (Van Leeuwen et al., 2010). The second method, the Phase-Based sensors, uses
a constant laser with intensity-modulated at different frequencies, these systems can record with
higher accuracy, but they are limited by the range that they can work, usually less than 100 meters
(Cifuentes et al., 2014). They also have very high levels of data noise. For this reason, those systems

are not commonly used for forestry and environmental studies (Cifuentes et al., 2014).

Since the 1930s, forestry was one the first disciplines to generate three-dimensional
information from remote sensing data, mostly by using aerial photographs and stereoscopy to map
vast areas of forest and also for measuring individual trees (Rosell et al., 2009). The use of LiDAR to
study forestry was initially airborne, or Airborne Laser Scanning (ALS). Early studies that used ALS
for forestry applications dated from the beginning of the 1980s. At the time, the Canadian Forest
Service demonstrated the capacity of these sensors to measure stand heights, plant cover density
and ground elevation (Lim et al., 2003). At the same time, LiDAR was used to map tropical forests in
Central America (Lim et al., 2003). Most ALS research on forest environments focuses on ground and

surface modelling to measure tree and forests heights (Hollaus et al, 2006; Klober et al., 2007;



Morsdorf et al., 2010, Wang et al., 2019). More recently studies are assessing detailed forest metrics
(Yaoetal., 2012; Pearse et al., 2018; Novotny et al., 2021), forest biomass (Nelson et al., 2017; Laurin
et al., 2020), forest carbon storage (Hopkinson et al., 2016; Coomes et al., 2017; Jucker et al., 2018),

and understory structural features (Jarron et al., 2020) on diverse forest environments.

LiDAR became an important tool for analyzing vegetation structure at various scales (Beland
et al., 2014B). In 2003 NASA launched the Ice, Cloud and Land Elevation Satellite (ICESat) with its
mounted sensor, the Geoscience Laser Altimeter System (GLAS). This LiDAR instrument is a full
waveform system with a circular footprint of approximately 65 meters and a temporal resolution of 183
days. GLAS is the first LIDAR sensor for continuous global observation of the planet (Van Leeuwen
et al. 2010). Lefsky et al. (2005) estimated tree height and forest biomass in temperate coniferous
and deciduous forests in North America and tropical forests at the Amazon basin attesting the capacity
of this data to assess forest structural metrics on different biomes. Boudreau et al. (2008) found that
GLAS data can be used to access above-ground biomass at global scales. Sun et al. (2008) attested
the geolocation and canopy height accuracies of this sensor by comparing GLAS data with radar
(SRTM) and airborne LiDAR (LVIS) derived models. Nelson (2010) pointed out issues with GLAS
heights and biomass calculations in areas with a low plant density in the Canadian boreal forest. The
integration of GLAS with different remote sensing datasets was used to calculate mangrove height
and biomass in Africa (Fatyinbo and Simard, 2013), and to estimate the amount and distribution of
boreal forest biomass in North America (Margolis et al., 2015). Hajj et al. (2017) pointed out that
integrating GLAS data with optical imagery increased the precision of biomass calculations in forests
with high biomass concentration. The sensor is out of service since 2010, but its data are still being

used to generate forest structure attributes (Kay et al., 2021).

From macro to micro scale, the use of Unmanned Aerial Vehicle (UAV) based LiDAR sensors
to assess forest metrics at local scale became popular in the past decade (Wallace et al., 2012;
Guerra-Hernandez et al., 2017; Wu et al., 2019; Lin et al., 2021, Zhang et al., 2022). LIDAR sensors
operating from a UAV platform produce highly detailed point-clouds from above the forest canopy at
a much lower cost than ALS and Satellites derived datasets (Wallace et al., 2012; Li et al., 2019; Hu
et al., 2021; Zhang et al. 2022). The lower costs and high mobility of UAV-based LIDAR systems
provide the possibility of temporal analysis of forest structure (Wallace et al., 2011; Guerra-Hernandez
et al., 2017; Shrestha et al., 2021; Zhang et al., 2022).

Contemplating a reversed perspective from the LIDAR systems above, Terrestrial Laser

Scanners (TLS) operate below the forest canopy (Liang et al., 2018; Shimizu et al., 2022) from the



ground and often stationary platform (Beland et al., 2011; Liang et al., 2018). TLS systems have a
similar performance to ALS regarding operational wavelength, operational ranging and accuracy and
pulse repetition frequency. TLS has the advantage of lower operational cost and freedom from
limitations associated with ALS real-time georeferencing (Coveney and Fotheringham, 2011).
Regarding the spatial resolution, airborne LIDAR systems present an average resolution varying
between 0.1 and 1.0 meter. Ground-based scanners or terrestrial laser scanning (TLS) have a
resolution that varies with the model and type of the equipment between 0.005 and 0.10 meter (Yang
etal., 2013). For these characteristics, TLS sensors have great potential for describing forest structure
with an unprecedented level of detail, while providing unique 3D fine-scale information of the
distribution of plant elements (Van der Zande et al., 2009; Hosoi et al., 2013; Beland et al., 2014;
Akerblom et al., 2017; Liang et al., 2018; Fan et al., 2020).

Point density and the field of view are essential characteristics of the sensor. Culvenor et al.
(2014) developed an instrument that accesses forest structural properties with a scan geometry of
360° azimuths at a constant zenith angle (57.5°) that makes only 920 measurements. The field of
view (FOV) of the instrument is what defines the space that will be scanned. Sensors with
hemispherical FOV, such as TLS systems, can create a 3D point cloud of their surroundings from a
static station and are fully automated; these datasets can have millions of measurements (Lichti and
Jamtsho, 2006; Abbas et al., 2013; Shimizu et al., 2022). On the other hand, the point density of those
point clouds is negatively correlated with the range, which means that objects closer to the sensor will
be represented by a higher point density than objects located further, resulting in density differences
in the representation of the 3D scene (Van der Zande et al., 2006, Lichti and Jamtsho, 2006; Beland
et al., 2011; Cifuentes et al., 2014). Most sensors used in ecological and environmental applications
have measure rates between 50,000 to 200,000 points per second (Abbas et al., 2013), generating

datasets with tens of millions of points.

The intensity of the reflected laser signal is an important part of the information provided by
TLS systems. It is related to the inclination at which the laser beam hits a target as well as the material
interaction with the wavelength of the laser for a given instrument (Beland et al., 2011; Sun et al.,
2014; Disney et al.,2015). For forestry studies, it is preferable to use near-infrared (NIR) lasers
because in the NIR it is possible to separate wood and leaves (Rosell et al., 2012; Beland et al., 2014;
Beland et al.,2014B). Thirty-two bands hyperspectral LIDAR sensors ranging from 309 to 914
nanometers proved to have the capacity to reveal biochemical parameters of the vegetation (Sun et

al., 2014). There are many different TLS systems available on the market with different characteristics,



such as FOV, point density, laser wavelength, range and price. Understanding the advantages and

limitations of them are important to help select the better one for each type of application.

Some limitations present in all TLS and other LIDAR systems are related to atmospheric
conditions such as dust, wind, and humidity that can create ghost points, which are points without
connection to any plant structure (Rosell et al., 2012; Beland et al., 2014B). Occlusion, or shadow
effect, is another important issue of TLS measurements. This problem is related to plant density, and
it is more prominent in forest environments with tall trees, high density of leaves, branches, and

understory (Beland et al., 2011; Coveney and Fotheringham, 2011; Beland et al., 2014).

The use of data from multiple points of illumination created by positioning the TLS instrument
at different locations in the forest, and merging the scans into a single dataset can create highly
complex representations of vegetation structure (Beland et al., 2014, Wilkes et al., 2017, Liang et al.,
2018). The process of merging point clouds from different stations is called registration. This
procedure generates a complete three-dimensional dataset and helps minimize the occlusion effect
improving the quality of the data. The negative effect is the accumulation of errors such as ghost
points generated on individual scans (Van der Zande et al., 2006; Cifuentes et al., 2014; Wilkes et al.,
2017). The point-cloud merging process can also generate undesirable consequences. Burt et al.
(2013) found that a registration global error of 0.01 meter can lead to an error of 8.8% in biomass

volume calculation.

The analysis of the TLS data for extracting forestry metrics has three main approaches: Voxel-
based, Gap Probability-based vertical profile density methods, and Quantitative Structure Models.
The voxel-based approach consists of the conversion of a LiDAR point cloud into voxel elements in a
3D arrangement to reproduce the plant features as a voxel model (Hosoi et al., 2013). Voxels are
three-dimensional representations of a given volume such as pixels are the two-dimensional
representation of a specific area. Voxel-based TLS models have been successfully used to calculate
forestry parameters such as Leaf Area Density (Hosoi and Osama 2006; Hosoi and Osama 2007)
and canopy gap fraction (Cifuentes et al., 2014). This method was also used to accurately estimate
tree volume (Hosoi et al., 2013). The use of voxels is also employed in studies using fractal analysis
of TLS point-clouds to retrieve plant structural information. These studies assessed the tree and stand
volume and other structural metrics (Guzman et al., 2020), determining tree structural complexity
(Seidel et al., 2018), and explored how environmental conditions affect tree architecture (Seidel et al.,
2019).



The second approach, vertical profile density analysis, uses a Gap Probability theory, a similar
approach to the full waveform LIiDAR systems. This approach uses TLS point cloud data to model the
forest structure by measuring plant density along with the forest vertical profile (Culvenor et al., 2014;
Sanchez-Azofeifa et al., 2017). This methodology has been used to estimate Plant Area Volume
Density (PAVD) which is a function of the vertical plant profile per volume unit and Plant Area Index
(PAI) using data from different TLS sensors (Culvenor et al., 2014; Sanchez-Azofeifa et al., 2015;
Rodriguez-Ronderos et al., 2016; Sanchez-Azofeifa et al., 2017). This approach has been used to
understand the structural effects of liana removal on the forest (Rodriguez-Ronderos et al., 2016), to
assess the effect of phenological processes on forest structure (Portillo-Quintero et al., 2014), and to
identify structural differences on forests caused by local environmental conditions (Sanchez-Azofeifa
et al., 2015; Sanchez-Azofeifa et al., 2017).

Quantitative Structure Models use a cylinder fitting approach to reconstruct tree woody
elements retrieving structural metrics (Raumonen et al., 2013; Calders et al., 2015; Brede et al., 2019).
It performs over single tree TLS datasets generated by multiple point-clouds from different illumination
angles to create a complete three-dimensional view of the modelled tree (Burt et al., 2013; Raumonen
et al., 2013; Calders et al 2015; Akerblom et al., 2017). From the QSMs one can compute tree height,
diameter at the breast height (DBH), tree and trunk volumes and additional metrics fundamental to
characterize tree architecture and complexity such as branch order, number of branches among
others (Raumonen et al., 2013). Studies have shown its ability to accurately calculate tree wood
volume and biomass (Burt et al., 2013; Raumonen et al., 2013; Kaasalainen et al., 2014; Calders et
al., 2015; Brede et al., 2019) and tree species identification based on tree architectural parameters
(Akerblom et al, 2017).

For its intrinsic characteristics and the variety of data analysis approaches available, TLS
technology is an important tool for forestry and environmental research with proven ability in a myriad
of plant structure assessment studies (Rosell et al., 2009; Palleja et al., 2010; Burt et al., 2013; Hosoi
et al., 2013, Culvenor et al, 2014; Cifuentes et al., 2014; Calders et al., 2015; Sanchez-Azofeifa et al.,
2015; Akerblom et al., 2017; Brede et al., 2019).

1.4 - Thesis outline

The chapters in this thesis use different three-dimensional modelling approaches to measure
plant structure, plant competition, and the effect of plant phenology in tree structure. The chapters in

this thesis dissertation were designed to be self-contained for publication in scientific journals;



therefore, some level of repetition should be expected. This redundancy is more present in chapters
three and four since they use a similar methodology. Below is presented a summary of each chapter

methodology and its relevance for the development of scientific knowledge of forest structure.

The interaction between two competing tropical forest plant lifeforms is explored in chapter 2.
QSMs were used to measure structural metrics of lianas and host trees. This chapter investigated
liana infestation in three different scenarios, from minor to high degrees of liana infestation. The woody
material structural metrics were analyzed for each lifeform and infestation level to understand the
dynamics and space occupancy and distribution pattern between lianas and host trees. The
importance of this study relates to the increase of liana infestation on tropical forests (Phillips et al.,
2002; Schnitzer, 2005; Ingwell et al., 2010; Schnitzer and Bongers, 2011), and its implications to forest
ecology (Schnitzer and Bongers, 2002; Hilje et al., 2017; Mohandass et al., 2017; Schnitzer, 2018),
to forest structure (Sanchez-Azofeifa et al., 2009; Lobo-Catalan and Jimenez-Castillo, 2014;
Rodriguez-Rondero et al., 2016; Sanchez-Azofeifa et al., 2017; Schnitzer, 2018), and to forest growth
(Gerwing, 2001; Schnitzer, 2005; Meunier et al., 2020). Moreover, the comprehension of liana
infestation dynamics, its effects on host trees, and the outcome in the infested ecosystems are
fundamental since liana increasing dominance on tropical forests was described as an important

fingerprint of climate change (Lewis et al., 2004).

In chapter 3, | used fractal analysis to identify structural differences in trees living in forested
and open-field environments. The voxel size versus the number of voxels necessary to characterize
a TLS point-cloud of single trees and linear regression is the key aspect of the methodology used in
this chapter. Fractal analysis derived metrics reveal space occupancy, symmetry, and size of the
analyzed organisms (Escos et al., 1995; Alados et al., 1996; Alados et al., 1999; Escos et al., 2000;
Alados et al., 2008; Seidel et al., 2018; Seidel et al., 2019, Guzman et al., 2020). This information
permits the understanding of the complexity of the trees (Escos et al., 1995; Alados et al., 1996;
Alados et al., 1999; Escos et al., 2000; Alados et al., 2008; Seidel et al., 2019; Seidel et al., 2019) and
developmental stability of the environments they are living in (Freeman et al., 1993; Escos et al., 1995;
Escos et al., 2000; Alados et al., 2008; Seidel et al., 2018; Guzman et al., 2020). The goal of this
chapter is to test the ability of a new TLS fractal dimension analysis tool to assess the structural
differences of these two groups. The significance of this study is to understand structural differences

between open-field individuals and trees living in the light-permeable tropical dry forest.

In chapter 4, | used the same fractal analysis method to detect structural differences caused

by the presence of leaves on temperate deciduous trees during one phenological cycle. Plant



phenology is essential to tree development, competition and survival (Ghelardini et al., 2014; Richards
et al., 2020, Fu et al., 2020). This process is especially important in environments that present
fluctuation on the availability of plant vital resources, such as nutrients, water, photoperiod, solar
radiation intensity, and/or temperature (Ghelardini et al., 2014; Peaucelle et al., 2019; Fu et al., 2020).
The main aspect of this chapter was to test if fractal analysis is capable to identify the structural
modification on trees caused by the presence of leaves as a consequence of their phenological cycle.
The importance of this study is to understand the structural transformation observed in dormant and

growing seasons, and how those changes reflect on tree space occupancy efficiency.

In chapter 5, the thesis dissertation findings are summarized, while a set of new questions that
emerged from our research are presented. Directions to new studies regarding plant modelling were
also presented in this final chapter to improve the knowledge, the use, and the accuracy of TLS

derived three-dimensional modelling of the vegetation.
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Chapter 2 — Using Terrestrial Laser Scanner to analyze liana and

hosting trees woody contribution.

2.1 - Introduction.

Lianas are a non-structural plant lifeform that parasitize trees by using them as structural
support to reach the top of the forest canopy, while at the same time competing for resources and
nutrients above and below the ground (Schnitzer et al., 2002). The abundance and diversity of lianas
are driven by climate seasonality and forest disturbance (Schnitzer and Bongers, 2002; Schnitzer,
2005, Parolari et al., 2020; Waite et al, 2023). Recent studies have shown that lianas are extending
their dominance in tropical forests (Phillips et al., 2002, Schnitzer and Bongers, 2011; Reis et al.,
2020). Moreover, liana stems can represent approximately 25% of the total woody stems in many
tropical forests (Schnitzer and Bongers, 2002). This dominance has been identified as one of ten key

environmental change fingerprints in tropical environments (Lewis et al., 2004).

The detrimental effects of liana infestation on trees are well documented. Lianas are known to
increase tree mortality, decrease tree growth and leaf productivity, impact forest structure along the
path of ecological succession, and change tree architecture (Laurance et al., 2014; Matthews et al.,
2016; Sanchez-Azofeifa et al. 2017; da Cunha Vargas et al., 2021). Recently, liana removal
experiments conducted to understand this lifeform's contribution to forest structure found that lianas
represent approximately 20% of the forest Plant Area Index (PAIl) (Rodriguez-Rondero et al. 2016).
The impact of lianas on host trees is also observable at the stand level. Liana infestation is responsible
for increasing forest gaps by inducing tree mortality and decreasing forest regeneration. (Schnitzer
and Bongers, 2002; Meunier et al., 2021; da Cunha Vargas et al., 2021 ; Estrada-Villegas et al., 2022).
Lianas are also more dominant in disturbed areas of the forests such as forest borders and canopy
gaps (Gerwing, 2001; Waite et al.,2023), therefore changing their environment’'s dynamics by
reducing the forest net growth, carbon uptake and biomass accumulation (Van der Heijden et al.,
2015; Estrada-Villegas et al., 2020; Meunier et al., 2021; da Cunha Vargas et al., 2021; Estrada-
Villegas et al., 2022; Waite et al., 2023). Despite these adverse impacts, the presence of lianas also
provides benefits to tropical ecosystems. Lianas provide food and shelter to local fauna by attracting
animals to infested areas (Hilje et al., 2017; Mohandass et al., 2017) and create connections between
tree crowns, increasing wildlife mobility (Hilje et al., 2017). The quantification of liana infestation is

challenging due to its structural arrangement and the connectivity to the host trees. Most methods
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use manual approaches to measure stem frequency, liana basal area and host tree crown coverage
by lianas (Perez-Salicrup and Meijere, 2005; Visser et al., 2018; Reis et al., 2020).

Since lianas do not invest in support structures to reach the top of the canopy, their stems
rarely reach diameters with more than 10 centimeters (Schnitzer et al., 2012), and lianas with stem
diameters inferior of 2 centimeters are able to reach the superior strata of the forest (Kurzel et al.,
2006). Using trees as support structure to access the forest canopy allows lianas to present less
Although lianas have fewer leaf layers, they often present a larger leaf area/stem diameter relation
than trees (Medina-Vega et al., 2021). These unique morphologic characteristics of lianas make this
plant lifeform difficult to study using traditional ground-based methods (van der Heijden et al., 2022).
In the past decade, the use of a myriad of remote sensing instruments and methodologies are being
used to expand our understanding about this important plant lifeform (van der Heijden et al., 2022).
Recent advances brought relevant information about canopy infestation by lianas and spectral
differences between trees and lianas leaves (Guzman et al., 2018; Visser et al., 2021). New non-
destructive approaches are allowing measurements of lianas structure on single liana stem (Moorthy
et al., 2020).

The Quantitative Structure Model (QSMs) is a recognized approach to process Terrestrial
Laser Scanner (TLS) derived point-clouds. QSMs reconstruct single trees to assess structural metrics
such as volume, tree height, diameter at breast height (DBH), branch order, and wood elements' total
length (Raumonen et al. 2013). The QSM uses cylinders to build plant wood elements since this
geometrical form resembles tree trunks and branches (Raumonen et al., 2013). The implementation
of a QSM follows two steps: 1) the algorithm segments the tree point cloud into the stem and branches,
and 2) it fits cylinders over these wood elements, calculating the volume and other structural metrics.
QSMs have been used successfully to calculate tree metrics in several studies (see Calders et al.,
2014; Akerblon et al., 2017; Brete et al., 2019).

Until today, the use of TLS applied to lianas systems has focused more on the extraction of
liana stems from their host trees (Moorty et al. 2019, 2020,), without focusing on the use of this
information to characterize how much volume lianas are occupying on a given tree and the total length
of woody biomass in comparison with its host tree. As such, the objective of this study is to use QSMs
derived from TLS point-clouds to compare structural metrics values from lianas and their host trees
on competitive tropical forest environment. | hypothesize that in cases of high liana infestation, this

lifeform stems can present similar values of the hosting tree's structural elements.
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2.2 - Methods
2.2.1 Study Site

Data collection for this study was conducted at the Santa Rosa National Park Environmental
Monitoring Super Site (SRNP-EMSS) (10°48'53" N, 85°36'54" W). Today the SRNP-EMSS is part of
a mosaic of protected areas that makes up the Area de Conservacion Guanacaste (ACG),
Guanacaste, Costa Rica (Figure 2.1). The climate is characterized by rainfall seasonality with annual
precipitation varying from 900 to 2500 millimeters (mean of approximately 1750 mm). The dry season
extends from November to May (Kalacska et al., 2007; Castro et al.,, 2018). The dry season is
characterized by high temperatures, low relative humidity, and the incidence of intense air movements
causing frequent wind gusts (Claudino-Sales, 2018). The park’s ecological importance is reflected in
its biodiversity of plants and wildlife dispersed over nine habitats characterized by different forest
structures and species compositions, such as evergreen forest, deciduous forest, tropical dry forest,

and mangroves (Kalacska et al., 2007; Claudino-Sales, 2018).
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Figure 2.1: Location of the Santa Rosa National Park — Environmental Monitoring Super Site.

2.2.2 Data Collection
2.2.2.a) Tree selection

Studies at SRNP-EMSS have found that liana infestation is more prevalent on trees living in
intermediate successional stages than in the early and late stages (Sanchez-Azofeifa et al., 2009;
Sanchez-Azofeifa et al., 2017). For this reason, set of liana-infested trees was selected in areas of
intermediate forests following the land cover classification of Kalacska et al. (2007). This classification
is based on forest structure and plant diversity. Three trees with different levels of infestation were
selected for the analysis. These trees represent the range of liana infestation for this type of forest;
therefore, our results can be interpreted in a broader context. The level of liana infestation on the
selected trees varied from a single stem climbing the host tree to reach the canopy, to over 20 liana
stems climbing the host tree in the higher infestation scenario (Figure 2.2). The selected trees were

located in low-density forest understory to minimize occlusion in the point cloud.
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Figure 2.2: Liana Infestation based traditional approaches (number of liana stems, basal area and canopy coverage). In red
is presented the liana’s wood elements TLS point-cloud segmentation, whereas in green is presented the hosting tree TLS
point-cloud. The segmentation between liana and tree datasets reached 12.2 meters for hosting tree 1; 11.5 for hosting tree
2; and 11.9 for hosting tree number 3.

2.2.2.b) TLS data collection

The TLS data was collected at the end of the dry season (May/June 2015) when trees were
without leaves. The data collection was done to minimize the occlusion effect caused by leaves and
maximize scan coverage of the lianas and wood elements as well as the architecture of the host trees.
Point cloud datasets were collected using a Leica C10, a single return TLS system that operates with
visible green light at 532 nanometers (Green LiDAR) and presents a field-of-view of 360° azimuth and
270° zenith. Resolution was set to medium, producing 0.1-meter resolution datasets of objects located

100 meters from the sensor (Abbas et al., 2013).

The plot design positioned the infested target tree in the center with four scan stations on the
corners approximately ten meters distant from it. Six to eight retro-reflective targets were placed in
each plot for the co-registration of the point clouds. The number of reflective targets exceeds the
minimum number of control points (four) suggested by Wilkes et al (2017) to ensure a full three-
dimensional coverage of the target feature. the scan measurements were conducted on sunny, clear
days with minimal wind to minimize the presence of ghost points caused by dust, aerosols and plant

movement that negatively affect TLS derived tree metrics (Vaaja et al., 2016). The Diameter at Breast
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Height (DBH) of the infested trees was measured to compare against the DBH (1.3 m) calculated by
the QSM.

2.2.3- Registration

The co-registration of the individual point clouds, collected for each tree (4 per tree), was done
using the retro-reflective targets placed in the field as control points and an automatic registration tool
contained in the Leica Cyclone® (2021) software. Following co-registration, the four-point clouds for
each infested tree were merged into a single point cloud. This process produces a highly detailed
three-dimensional representation of vegetation structure for each tree, thus improving data quality
and minimizing the occlusion effect (Beland et al., 2014, Cifuentes et al., 2014). The mean absolute
error of the individual point cloud for the low, intermediate, and high infested trees were 0.002 meters,

0.005 meters, and 0.003 meters, respectively.

2.2.4- Pre-processing steps for Quantitative Structure Model (QSM)

The first step after the point-cloud registration was the extraction of the dataset to be modelled
by the algorithm started with the liana infested tree extraction from the merged point-clouds. Next,
since | selected dominant trees living in complex forest environment, the dense understory plant
elements (forest regeneration, suppressed trees, shrubs, grass, and other plants) were manually

cleaned to produce a point-cloud containing only elements from lianas and the analyzed trees.

The segmentation of lianas and the infested tree elements were also done manually to
produce point-clouds of each plant lifeform. Since there are no existing algorithms for automatic liana
segmentation due to the complexity of liana-infested point cloud, a manual segmentation of woody
elements of the liana and tree system was conducted. Furthermore, since the mixture of woody
elements from trees (branches) and lianas (stems) in the upper part of the canopy are quite similar
making it impossible to separate liana stems and tree branches, | had to limit the segmentation to a
height of 12.2 m out of 17.7 m for tree one, 11.5 m out of 14.9 m for tree two, and tree 11.9 m out of
19.3 m for tree three. Finally, since a three-dimensional modelling requires a dataset with an equal
point density, and due to changes in TLS spatial resolution as a function of distance from the laser
source, | subsampled the point clouds to a 0.01m spatial resolution. Last, a Statistical Outlier Removal
(SOR, k-nearest neighbor of 10 and the standard deviation of 2) was used on each tree point cloud

to eliminate isolated ghost points (Guzman et al., 2020).

16



2.2.5- Implementation of the Quantitative Structure Model (QSM)

The QSM of the woody component of the liana and tree point-clouds was done using TreeQSM
in the Computree® software. The Minimum Diameter Path parameter was set as 1 centimeter as the
point-clouds were subsampled to this spatial resolution. The Maximum Diameter Path was set as the
DBH value measured for each tree. | created a minimum of five models of each infested tree, and the

best model was chosen by visual comparison with the merged point-clouds.

Since TreeQSM was developed to follow a more deterministic stem/branch segmentation and
sub-segmentation, the algorithm performed well on datasets that follow this architectural
arrangement. Lianas, which present a more stochastic architectural arrangement, are a challenge for
the model. To address some of the issues observed when the liana point clouds were implemented
in the TreeQSM algorithm, several adjustments were made. First, | subdivided the liana dataset from
tree number two into three sub-datasets due to the high number of liana stems (Figure 2.3). The
former allowed for each portion of the point-cloud to be modelled individually, and the resultant models
were merged and their metrics combined. The second adjustment was to keep constant the diameter
of cylinders contained in the same segment. This approach was adopted after | observed undesirable
variation of cylinder diameter within the modelled segments. This behavior was not consistent with
either direct observation of the point cloud or the natural morphology of a given liana individual (Figure
2.4). For this adjustment, | used the largest diameter observed on a given segment and applied the

same value to all the neighbor cylinders within the same segment.
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Figure 2.3: Sub-divided lianas datasets (Blue, red and green) from infested tree number 3. The QSM reconstructed
individually in each subsection point-cloud and the metrics were combined to retrieve the total liana contribution.
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Figure 2.4: Lianas modeled using the QSM from tree number 3. Liana Stem diameter inconsistencies are indicated by red
circles and were minimized by maintaining higher cylinder diameters within each QSM segment.

2.2.6- Estimation of the liana’s relative volume and load

To compare the severity of liana infestation and wood volume/biomass contribution two
metrics were used to quantify the liana occupancy of the three-dimensional space, and the degree of
liana infestation of each tree: 1) the Relative Volume (RV) occupied by each lifeform on the three-
dimensional space, and 2) the liana load (LL) as the ratio between the liana wood volume to tree wood
volume calculated by the QSM algorithm. The Liana Load (LL), measures the ratio of liana wood
elements that are supported by the hosting tree in function of its size, therefore normalizing the volume
of liana infestation. The former allows a better understanding of the relation between host and parasite

at the tree level.

Because the modelling ended at the intermediate strata of the liana infested tree crown (See
section 2.2.4), | used the point-cloud cutting height and the crown projection of each analyzed tree to
estimate the total occupied volume and from there the RV for each tree and liana system was
estimated. The LL was estimated here as the percentage of liana's wood elements in relation to the
wood volume for the hosting tree. This metric helps us better understand the level of liana infestation

in each tree and to compare liana infested trees of different sizes and areas.
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2.3 — Results

2.3.1 - QSM performance on a complex vegetation point-cloud

Cylinders, the basic unit of QSMs, are grouped into segments that are then connected to form
stems and branches. Plants with multiple branches, bifurcations, and curved stems require more and
smaller cylinders and segments to be reconstructed. As a result, the number of cylinders and number
of segments reflect the complexity to build the model. Tree 1 was the only place where the model
presented higher building complexity than the model generated for the parasitizing liana. For this tree,
the QSM algorithm used 295 segments formed by 1360 cylinders to build the hosting tree, whereas
the single liana parasitizing it needed 81 segments from 432 cylinders. Tree number 2 needed 218
segments from 932 cylinders to build the hosting tree, and 568 segments created by 2773 cylinders
to reconstruct the lianas wood component. In tree number 3, the supporting tree was modelled by 136
segments generated from 705 cylinders, while the infesting lianas wood elements were reconstructed

by 6255 segments integrated by a total of 29351 cylinders.

2.3.2 Quantitative Structure Model (QSM) metrics

Tree wood volume was estimated to be 2.60 m3, 0.4 m?, and 2.46 m? for tree 1, 2 and 3,
respectively. The liana’s volume before cylinder diameter adjustments was estimated to be 0.06 m3,
0.28 m?, and 0.91 m?3for trees 1, 2 and 3 respectively. After adjusting the diameter values for the
cylinders forming the same segment, these values changed to 0.07 m?, 0.35 m?, and 1.17 m3for trees
1, 2 and 3, respectively (Table 2.1). A comparison of QSMpgH vs field measurements indicates values
0.54 m vs 0.72 m, and 0.20 vs 0.47, and 0.55 m vs. 0.56 m for trees 1, 2 and 3 respectively with a
sub estimation of the QSMpgn for trees 1 and 2. Figure 2.5 shows DBH miscalculation derived from

the QSMs model caused by irregular shape of the tree trunk.

The liana total length was obtained by the sum of all lianas’ elements infesting each host tree.
The three samples used in this study presented great variation on this metric due to the different
degree of infestation. The total length of the liana woody elements, estimated as the sum of stems
and branches, indicate that tree 1 is the only one where this amount is lower than the length of the
woody elements of the host tree. (37.3 m vs 147.1 m). Tree 2 shows a medium level of infestation
(238.2 m vs 97.8), while Tree 3 shows a significant large amount of liana woody material than the

host tree (2391.1 m vs 71.6 m). These values show that the amount of lianas stem using a single tree
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as support can have enormous variation; and lianas stems can present higher total length values than

their host trees even in intermediate liana infestation, such as tree number 2.

Table 2.1 - QSM Metrics derived for Tree and Liana components in the three study plots. Values in brackets
represent DBH field measurements on trees and liana modelling values without the adjustments. All remaining

values are derived from modeling after adjustments.

Plot | Lifeform | Volume | Length | DBH Crown Area [Total Relative |Liana
(m?3) (m) (cm) (m?) Space [Volume |Load
(m?) (%)
1 Tree 2.6 147 1 541 140.16 1,709.9 1|0.152 0.03
(72.5)
Liana 0.07 37.3 NA NA 0.004
(0.06)
2 Tree 0.4 97.8 20.6 17.85 205.3 0.195 0.88
(47.5)
Liana 0.35 238.2 NA NA 0.17
(0.28)
3 Tree 2.46 71.6 55.1 156.39 1,861.0 |0.132 0.46
(55.5)
Liana 1.17 2,391.1 NA NA 0.063
(0.91)
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Figure 2.5: Host tree number 1 presenting stem irregularities that caused QSM underestimation of tree DBH, and total wood
volume. (A) In blue buttress; and (B) point-cloud horizontal cut on the trunk at DBH with non-cylindrical. Point to point
calculations (72.5; and 73.1 centimeters) corroborate field measurement and contrast the model (72.5 vs 54.1).

2.3.3 Relative volume and liana load

Since the relative volume (RV) is a function of the tree dimension, which in turn is especially
affected by the host tree crown area, this variable was estimated for each tree at the cut-off height.
As such, crown areas for our selected trees were estimated to be 140.2 m2, 17.8 m?, and 156.4 m?
for trees 1, 2 and 3 respectively. Next, the total volume (V:) available for each infested tree was
1,709.9 m3, 205.3 m3, and 1,861.0 m?® for trees 1, 2 and 3 respectively. As such RV; results for the
QSM reconstructed trees are 0.15%; 0.19%; and 0.13%; for trees 1, 2 and 3 respectively. The QSM
modelling of the lianas wood elements presented RV, values of 0.004%, 0.170%, and 0.063% for trees

number 1, 2 and 3 respectively.

Our results of LL were 0.03, 0.88, and 0.46 for trees number 1, 2 and 3 respectively. The
former means that tree 3 supports half of its volume in lianas wood elements while tree 2 supports a
higher degree of liana infestation of the trees analyzed in this study. This occurs due to the size of
tree 2, which is considerably smaller than the other trees analyzed in this study. Therefore, the tree 2
supports a liana woody material representing almost 90% of its total volume. Figure 2.6 presents the

liana load affecting the analyzed hosting trees.
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Figure 2.6: Liana infestation evaluation based on the liana load supported by each hosting tree.

2.4 Discussion
2.4.1 Impact of plant lifeform interaction on dataset quality and QSMs modeling

The ability of the QSM algorithm to assess structural metrics from TLS single tree point-clouds
has been documented by numerous studies (Burt et al., 2013; Raumonen et al., 2013; Calders et al.,
2014; Kaasalainen et al., 2014; Akerblom et al., 2017; Malhi et al., 2018; Brede et al., 2019). Its
cylinder-fitting approach was developed based on the tree architecture elementary design of stem
sub-dividing into branches of different orders that form the tree crown (Raumonen et al., 2013; Calders
et al., 2014). Lianas present a dissimilar structural pattern where usually multiple liana stems climb
the hosting tree (Gerwing, 2001; Schnitzer and Bongers, 2002; Perez-Salicrup and Meijere, 2005;
Campanello et al., 2016; Smith-Martin et al., 2019), with their branches being arranged according to
the local availability of light using the host tree as support (Schnitzer and Bongers, 2002; Meunier et
al., 2021; Medina-Vargas et al., 2021). These characteristics created some challenges for modelling
both lifeforms, and the errors occurred mainly for the following reasons: lianas have multiple stems;
lianas have a diffuse spatial pattern; some liana stems climbing the hosting tree were attached to

each other; and the parasite/host multiple contact points and proximity.
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The interaction between parasite and host plant lifeforms affected the quality of the TLS point-
clouds. The high density of liana stems climbing the same host tree increased the presence of
occlusion of both lianas and tree point clouds. The presence of occlusion caused by plant elements
is a common problem in TLS point-clouds from densely forested areas (Beland et al., 2011; Coveney
et al., 2011; Beland et al., 2014), and it is known for decreased accuracy on the derived models (Burt
et al., 2013; Kaasalainen et al., 2014, Malhi et al., 2018; Hu et al., 2021). The relation host/parasite
increased the presence of occluded regions on both datasets due to the proximity between the two
lifeforms. On the host trees, this issue was more problematic for trees 2 and 3 where the liana

infestation was more intense.

The location of the liana elements also plays an important role in the modelling of the hosting
trees, since in the infested tree 2, where the liana stems were located closest to the tree, the occlusion
area occurs on the tree stem, affecting its volume calculation. In this case, the DBH calculation was
less than half of the field measurement (table 2.1), corroborating the volumetric underestimation. On
tree number 3 the inaccuracy was caused by the irregular form of the host tree’s trunk, which presents
buttresses and other irregularities at the DBH region (Figure 2.5), contrasting with the cylinder form
used by the modelling algorithm. Since the algorithm reads the most external points on a stem as
outliers, it fitted the stem cylinders based on the most internal points of the trunk (Raumonen et al.,
2013; Hu et al., 2021), generating a DBH error of more than 15 cm, which certainly also affected the

volumetric calculation accuracy for this tree.

The prolific liana abundance in tree number 2 created some distortion of this lifeform model,
related to the contrast between its spatial arrangement and the tree architecture pattern used by the
QSM algorithm. The QSM started modelling a given stem from the point cloud and merged the
elements from other co-existing individuals as they were in contact with previously modelled elements.
In this case, where multiple liana stems climb the host tree connected from the ground level, the model
grouped these individuals to form the stem, which possibly caused an overestimation of the volume

on this region of the model.

Since QSMs algorithms use cylinder fitting structure to model plant wood elements
(Raumonen et al. 2013), the liana characteristics and morphology created some challenges. The high
variation of cylinder diameters within the same modelled segment (illustrated in Figure 2.5) were
adjusted to better depict the elongated liana stems with low variation in their diameter characteristics
of this lifeform below the canopy level (Chen et al., 2015; Ichihashi and Tateno, 2015; Smith-Martin

et al., 2019). This adjustment was done on all liana modelled segments by maintaining the higher
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diameter value for all cylinders within each modelled segment for this lifeform as pointed out in the
methods section. The number of cylinders necessary to model lianas elements was significantly
higher than the number used to model the hosting trees in a high infestation scenario. The algorithm
needed 433 cylinders to model the single liana stem infesting tree number 1, and 1,360 were used to
model the tree that presented the lowest liana infestation level. On the other trees that presented a
higher infestation (trees number 2 and 3) the number of cylinders used to model liana elements was
superior to the cylinders needed to model the hosting trees. On host tree number 2, the model used
2,774 cylinders for the liana dataset and 932 cylinders for the tree point cloud. For tree number 3, the
individual with the highest liana infestation, the algorithm used more than 29,351 cylinders to calculate
the liana wood volume and 705 cylinders to calculate the tree volume. The high number of cylinders

used by the QSMs to model the liana point-clouds expresses the complexity of modeling this lifeform.

2.4.2 QSM metrics to estimate RV and LL as tools for ecological assessment of infested trees

Our results corroborate Smith-Martin et al. (2019) findings that suggest lianas invest more in
stems than previously assumed, and Sanchez-Azofeifa et al. (2009) found that liana presence
increases Wood Area Index (WAI) in Tropical Dry Forest sites. On the other hand, liana volume and
length values are much higher than those measured by Castellanos et al. (1992) on trees infested by
single liana stems. This was expected since Castellanos et al. (1992) measured lianas infestation
using traditional methods. They also focused on smaller trees (with canopies less than ten meters)
where their measurements were more achievable. Using LIDAR and QSM, this study achieved

measurements of liana infestation on trees over 15 meters high.

In this study, the liana infestation degree experienced by each host tree were different.
Although the trees have similar height, the length of lianas stems infesting each host tree varied from
37.3 to 2391 meters. Previous studies that measured lianas stem lengths reported smaller values.
Using a traditional field approach, Castellanos et al. (1992) measured lianas stem length values
varying from 10 to 16 meters on single liana steam infestation on smaller trees. Moorthy et al. (2020)
used a similar methodology with QSMs metrics derived from TLS point-clouds, and measure liana
stem lengths varying from 25 to 135 meters infesting trees taller than the ones used in this study (van
der Heijden et al., 2022).

The immense length values measured in this paper can be partially explained by the fact that

| investigate hosting trees with multiple liana stems on highly infested trees, while previous studies
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focused on single liana infestation scenarios; and by the fact that lianas stems can grow their stems
between two to seven times more than trees in tropical dry forest (Schnitzer, 2005). These findings
also bring light to the amount of liana stems that can be infesting individual trees can be much higher
than previous studies have shown, and the implications of such high degree of infestation can

generate on the infested tree structure.

The examination of the QSM derived metrics showed hosting trees suffering different levels of
liana infestation, with LL ranging from 0.03 to 0.88. The fluctuation on the QSM values indicates a
completely different relationship between the two lifeforms in our plots. Since lianas invest more in
leaves than in stems and support structures compared with trees (Schnitzer and Bongers, 2002; Chen
etal., 2015; Medina-Vega et al., 2021), | can infer that the liana infestation on these tree crowns would
reflect the same pattern of the liana wood elements incidence with higher intensity. It is known that
liana infestation decreases tree growth (Lobo-Catalan and Jimenez-Castillo, 2014; Schnitzer, 2018;
Meunier et al., 2021), increases tree mortality (Ingwell et al, 2010; Schnitzer, 2018), affecting the
carbon uptake by the forest (Schnitzer and Bongers, 2002; Van der Heidjen et al., 2013; Schnitzer et
al., 2014; Meunier et al., 2021). In fact, hosting trees presenting highly liana infested crowns have a

100% higher mortality risk compared to trees that are not parasitized by lianas (Ingwell et al., 2010).

To better understand space occupancy efficiency of each lifeform, it is also necessary to
observe its spatial configuration using variables such as the RV. Biological systems and organisms,
in general, follow the same basic structural pattern (Stahl, 1962; Alados et al., 1996; Henkel et al.,
2018). Regarding the spatial configuration of the liana and tree dynamics, | have noticed similarities
with other biological arrangements. This arrangement is better observed for trees 2 and 3 (Figure 2.7),
where the liana infestation was more severe, and it relates to how lianas use the hosting trees as
support. Instead of the delivery of nutrients resembling our vascular system, lianas are efficiently
competing with the parasitized tree for the same vital resources (Schnitzer et al., 2005; Alvares-
Cansino et al., 2015; Collins et al., 2016; Dias et al., 2019; Meunier et al., 2021). The efficiency to
better assess the available resources in the forest, by their capacity to better explore the three-
dimensional space (Medina-Vargas et al., 2021), combined with their physiological traits (Andrade et
al., 2005; Chen et al., 2015; Campanello et al, 2016; Collins et al., 2016; Chen et al., 2017; Marechaux
et al., 2017; Schnitzer et al., 2018), is what provides lianas with their ability to efficiently compete with

other lifeforms.
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Figure 2.7: Tree and liana modelled elements distribution. It is possible to observe the hosting tree on plot 2 leaning towards
the liana climbing elements, indicating structural stress due to the high liana load.

The second metric used, the liana load (LL), corroborates that the host tree number 2 is
suffering the highest liana infestation. This tree was supporting almost its own wood volume in lianas
stems, whereas the hosting tree number 3, where the abundance of liana stems was prolific,
supported less than 50 percent of its own volume in liana wood elements. This occurs because of the
dimensions of the trees and the total amount of infesting lianas supported by them. The tree number
3 presents higher total volume of lianas elements (1.17 cubic meters), while tree number 2 present
significantly lower volume of liana wood material (0.35 cubic meters). Since tree 2 is much smaller
than tree 3 (0.4 cubic meters vs 2.46 cubic meters), the amount of liana supported by this tree is
proportionately superior to the amount supported by tree number 3. Therefore, the LL on tree number
two is higher than the other two trees (0.88 for tree 2; 0.46 for tree 3 and 0.03 for tree 1). This degree
of liana infestation generates structural responses from the host tree. It is possible to observe the tree
with the highest liana load (tree number 2) leaning in the direction where most of the lianas wood
elements are located (Figure 2.8). This behavior illustrates the conclusions by Schnitzer and Bongers
(2002), that high liana infestation can mechanically affect the hosting trees due to its weight; leading

to structural changes in their architecture to adapt to the high liana parasitism (Dias et al., 2017).

The liana load quantification allows a deep understanding of the relationship between parasite

and host tree, predicting tree mortality and permitting the comparison of the liana infestation level on
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trees of different sizes, living in any ecosystem. | found LL was the most efficient approach to evaluate
liana infestation and parasitizing level on trees since it is unbiased by the infested tree size or by the
number of liana stem climbing the hosting tree. The association between liana load and biomass and
carbon accumulation from the two lifeforms is possible, but it is necessary to consider the lower
density of liana stems in comparison with trees (Van der Sande et al., 2019) and wood compositional

characteristics of each species.

2.4.3 Limitations and uncertainties

The QSMs are known to generate models of single trees that can have biomass and volumetric
metrics calculated with accuracy above 90% (Burt et al., 2013; Calders et al., 2015; Brede et al., 2019;
Damol et al., 2022). Lau et al. (2018) achieved volumetric accuracy of 97% when compared with
traditional destructive measurements. This accuracy is not distributed uniformly along the tree point-
cloud. The volume derived from modeled trunk is more accurate than the volume extracted from the
reconstructed branches (Burt et al., 2013). This miscalculation can be caused by the presence of
abnormal outliers that generate overestimation of the metric, or occlusion caused by the presence of
leaves, high density of woody material at the tree crown area’ and branch misalignment (Malhi et al.,
2018; Disney et al., 2019; Hu et al., 2021; Demol et al., 2022). Moreover, the model accuracy varies
with branch thickness (Lau et al., 2018; Demol et al., 2022). Lau et al. (2018) found that QSMs can
rebuild more than 95% of the branches with diameters superior to 30 centimeters, while in the
branches with diameters between 10 to 30 centimeters, the success rate was below 60%. The
accuracy level decreases in the smaller diameter branches usually causing overestimation of the
diameters and volume (Lau et al., 2018; Disney et al., 2019; Demol et al., 2022). This issue can cause
branches with diameters below five centimeters to be accounted for more than 80% of the model
volumetric miscalculation of trees (Demol et al., 2022). Since Lianas are characterized by their thin
stems that usually do not reach more than ten centimeters (Schnitzer et al., 2012), the volumetric
calculation of this plant lifeform needs to be accessed by field measurements to validate the values

found in the present study.

The model also performs distinctly when reconstructing the length of branches of different
diameter classes. The model underestimates lengths of branches with diameters inferior to 50
centimeters, and this misfit can lead to branch absolute underestimation of up 30% (Lau et al., 2018).
In this context, it is possible to infer that liana total length values presented in this study is

underestimated. It was measured more than two kilometers of lianas infesting a single tree in the site

28



used, and because of this model fitting issues, the total length extension of the liana infestation on the

analyzed host trees might be greater than what was reported.

Our analysis was based on a small sample size of three liana infested trees located at SRNP-
EMSS. This sample size does not allow us to understand or characterize the broad spectrum of liana
relation with hosting trees and further studies are necessary for a better comprehension of the
dynamics and competition of these key elements of tropical environments. Although this sample size
is not sufficient to characterize the liana infestation in the TDF, it provides an example on how lianas
parasite trees with different intensity. Our study also showed that liana infestation presents different
spatial arrangement depending on the infestation level which generates diverse structural effect on
the host trees. The proposed two metrics derived from three dimensional datasets provided important
information about the liana infestation level on a host tree, and the space occupancy of each lifeform

making it possible the comparison of the liana infestation on trees of different sizes.

2.5 — Conclusion

| used TreeQSM to calculate wood contribution and space occupancy of two plant lifeforms
with different levels of liana parasitism on hosting. | found that despite common knowledge liana wood
elements can reach space occupancy and wood volume close to tree wood volume in high infestation
scenarios. | also found that due to their spatial arrangement, liana stems can extend to almost three
kilometers long on a single hosting tree. This highlights the importance of a better understanding of
this parameter and its importance for the forest structure and the dynamics between the host and

parasite.

| proposed two QSMs derived metrics to evaluate liana infestation on trees of different sizes
and environmental conditions. Space occupancy measures the proportion of the available three-
dimensional space occupied by each lifeform. The liana load measures the ratio between the liana
wood volume and the wood volume of the host tree. These metrics can be used to compare trees with
different characteristics, sites, and infestation levels, or to monitor the infestation dynamics on trees

along the time.

QSMs modelling of both lifeforms is challenging due to the parasite/host dynamics and
proximity between the two lifeforms that increased occlusion and noise on the dataset. Further efforts

need to be made to increase point-cloud segmentation to separate liana and tree datasets. The
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modelling of the liana wood elements needs improvement since the single stem approach used by

the QSM algorithm does not contemplate the liana natural occurrence.
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Chapter 3 Fractal Analysis on Forested and Open Field Trees

3.1 - Introduction

The effects of plant density on trees and plant populations have been debated from different
perspectives depending on the focus of interest. Several studies have explored the optimum tree
density and spatial arrangement for maximizing stand wood (Alcorn et al., 2007, Antony et al., 2012)
and tree fruit production (Paltineanu et al., 2016). In natural highly diverse and populated forested
environments, light is the main factor driving tree growth and forest structure (Lang et al., 2010; Jucker
et al., 2014, Ford, 2014), and the competition for water and nutrients happens underground while
above-ground plants compete for canopy space that provides leaf surface used in photosynthesis and
gas exchange processes (Nambiar et al., 1993; Grams and Andersen, 2007; Madsen et al., 2021). To
survive and succeed in these environments, plants are capable of morphological changes in their
architecture to adapt to the variation in space and illumination due to competition with neighbouring
trees (Rouvinen et al., 1997; Thorpe et al., 2010; lang et al., 2010; Madsen et al., 2021). For example,
Pickett and Kempf (1980) found that trees and shrubs in the understory of the forest have a branching
rate inferior to the one without light restrictions. Morphological plasticity is the mechanism that allows
broad-leaf tree species to shape their crowns according to the local environment and competition.
Conifers trees on the other hand have their crown shape more stable reflected by their crown
symmetry (Rouvinen et al., 1997). On broad-leaf tree species the crown shape is driven by abiotic
factors (Rouvinen et al., 1997; Thorpe et al., 2010; Del Rio et al., 2014; Madsen et al. 2021). Sun light
and competition are the main variable defining the shape of this group (Lang et al., 2010; Seidel et
al., 2011; Jucker et al., 2014; MacFarlane and Kane 2017; Madsen et al., 2021). Light dependence
varies by the species and successional group. Pioneer trees need a great amount of light to grow,
whereas climax species are more shade tolerant and can be developed with much less sun light

availability (Grams-Andersen et al. 2007).

Tree density and competition are important factors leading to morphological changes on crown
structure (Del Rio et al., 2014; Ford, 2014; Seidel et al., 2017; Madsen et al., 2021). These variables,
sunlight, competition, and plant density along with the morphological plasticity cause an irregular
growth of the canopy and other plant structures, driven by the tree necessity to reach areas richer in
vital resources, creating and irregular crown (Lang et al., 2010; Del Rio et al., 2024; Jucker et al.,
2014; Condonnier et al., 2015; MacFarlane and Kane 2017; Madsen et al., 2021). Recent studies
found that crown plasticity resulting from light competition is asymmetric, leading tree crowns to have
irregular shapes (Lang et al., 2010; Siedel et al., 2011; Del Rio et al., 2014; Condonnier et al., 2015).
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This phenomenon occurs because the light opportunities in the forest strata are dynamic, and plants
must respond fast to occupy recently open gaps or find other light windows available, causing irregular

branching patterns.

Plant growth and development are function of the availability of resources and environmental
conditions of the site where they live (Grams and Andersen, 2007; Ford, 2014). Studies on plant
developmental stability indicate that tree productivity peaks under a balance between ideal
environmental conditions with the availability of resources, and a beneficial degree of competition that
will vary accordingly with the specific demands of each species (Freeman et al., 1993, Escos et al.,
2000, Alados et al.,2002 Seidel et al., 2019; Conn et al., 2019). Because of that knowledge, ideal
densities on pure populations of fruit trees (Paltineanu et al., 2016) and trees for wood production
(Arista et al., 1996; Alcorn et al., 2007, Antony et al., 2012) have been calculated based on the species
demands and site characteristics aiming to improve volume and quality production. Also, forestry
treatments such as thinning and liana removal have been developed to increase the productivity and
use of resources based on the support capacity of the site and species demands (Gerwing, 2001;
Xue et al., 2011; Cabon et al., 2018).

Fractals have been used to analyze trees (Seidel et al., 2011; Dorji et al., 2019; Guzman et
al., 2020) and forest stand metrics (Guzman et al., 2020) from TLS derived point-clouds. Fractal
analysis is the study of how the representation of an object behaves under the scale change of this
object (Mandelbrot, 1983). The fractal dimension relates to how an object occupies the space
measuring its structural complexity, which biologically is usually a beneficial trait (Alados et al., 1996;
Escos et al., 2000; Seidel et al., 2017; Doriji et al., 2019). On plants, fractal analysis has been done
to assess disease infestation on plants (Escos et al., 1995), plant stress (Alados et al., 1996; Alados
et al., 2008), plant identification (Bruno et al., 2008), ecological succession (Alados et al., 2003), tree
architecture (Alados et al., 1999; Seidel et al., 2017; Conn et al., 2019; Seidel et al., 2019),
developmental stability (Freeman et al., 1993; Escos et al., 2000; Alados et al., 2002) and tree and
stand metrics (Guzman et al., 2020). These studies have shown that under optimum conditions, plants
have maximum space occupancy possible for their genotype; consequently, the degradation of these
conditions due to environmental factors, disease or competition would cause the values of fractal

dimension in these plants to decrease.

In this context, the objective of this study is to analyze the ability of fractal analysis to identify

differences in tree architecture between trees living in open field conditions, without the presence of
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other trees competing for light and other resources and trees living on a highly competitive but light-

permeable tropical dry forest in Santa Rosa National Park, Guanacaste, Costa Rica.

3.2 - Methods
3.2.1 - Site description

This study was conducted at the Santa Rosa National Park — Environmental Monitoring
Supersite, Costa Rica— SRNP-EMSS (10°48" N, 85°36" W), and The Guanacaste Conservation Area
(Area de Conservacion Guanacaste - ACG) in Costa Rica. The ACG is located in the north portion of
the Pacific coast and covers over 1630 km? of a mosaic of natural protected areas. The ACG extends
from the sea level in the west to altitudes of 2000 meters on the volcanoes area in the east. The
climate is tropical, with a dry and wet season with 1400 mm of average annual precipitation. It contains
a high diversity of plant communities and forested habitats that includes mangroves, tropical wet
forests, tropical dry forest and mountain cloud forest (Claudino-Sales et al., 2019).This study was
conducted in the Tropical Dry Forest (TDF), which is a highly threatened ecosystem that in the
Americas, occupies less than 35% of its original area (Portillo Quintero and Sanchez-Azofeifa, 2010).
TDFs present high biodiversity of species as most of the tropical plant communities, and they also
have high floristic endemism (Gentry, 1988; Kalacska et al. 2004). TDFs cover many different types
of plant communities, which lead them to have different structural characteristics. Generally, they are
smaller and less structurally complex than wet tropical forests. Canopy height is about half that of wet
tropical forests, and basal area varies around 30 to 70% of what is commonly found in wet tropical
forests (Murphy and Lugo, 1986). Also, tropical rain forests have at least three canopy strata, while

many dry forests have only one or two (Murphy and Lugo, 1986).

3.2.2 - Data Collection

Three different TLS datasets were collected using a Riegl Vz400i and a Leica C10 TLS
system. The open field trees dataset was collected in the dry season of 2017 using the Riegl VZ400i
sensor. A total of nineteen trees were scanned using multiple scan positions. The data collection
detailed description and open-field group dataset are available in Guzman et al. (2020). All five
forested trees were collected in areas of late successional stage according to site classification
proposed by Kalacska et al., (2007), and Li et al., (2018). One forest tree was scanned in the dry
season of 2019 using the same instrument. The final four forest trees were scanned in May 2015
using the Leica C10 TLS system. All trees scanned as part of the forest group presented some degree
of liana parasitism. Differently from the open-field trees, | did not gather information regarding tree

species and genus in the forest group, but the trees are from different species. All five trees from the
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forested environment were dominant individuals, presenting their crowns above the forest canopy.
Both datasets, forested and open field were collected according to Wilkes et al., (2017). Each tree
was scanned using a minimum of four scan positions located on cardinal coordinates between 5 to
15 meters from the interest tree. Retro-reflective targets were placed on the scan area to be used as
control points on the registration process. This lack of species identification of the forest trees does
not allow the present study to analyse the effects of the environment in individual species, but the
study was designed to increase the understanding of the populations rather than individual tree

species.

3.2.3 - Registration

The open field and the forest tree point-clouds collected using the Riegl sensor were registered
on the RIEGL’s RiISCAN PROesoftware by applying the coarse co-registration using the common
retro-reflective targets. Next, a multi-station adjustment procedure was used to correct rotation and
translation errors on the single point-clouds until the accuracy of the registration was below five
millimetres. When this accuracy was reached, a common coordinate system was applied to all point-
clouds, and a file containing the merged information of all point-clouds was created and exported as
a text file. The trees scanned using the Leica C10 sensor were registered using the Leica Cyclonee
software, where on each tree project, all individual scan position point-cloud had its coordinate system
adjusted for the first scan performed on the project. This approach generated registration accuracy
below 5 millimetres on the four trees. A merged point-cloud containing all information on the project

was created and exported as a text file.

3.2.4 - Pre-processing procedures

Subsequently to the registration, | performed a manual segmentation of the point-clouds to
extract the trees of interest. This step was more complex on the forest dataset since the crown of
these trees merged with other tree crowns, creating confusion in these regions and increasing the
time of the segmentation. After the tree segmentation, a Statistical Outlier Removal (SOR) was
performed on each remaining point-cloud using a k-nearest neighbour of 10 and the standard
deviation of 2 to eliminate noise caused by ghost points not connected to the tree elements (Guzman
et al., 2020). TLS tree modelling presents better performance using a dataset with equal point density
(Brede et al., 2019). Therefore, the last pre-processing procedure was to subsample the data to a one
centimeter spatial resolution to eliminate different spatial resolutions between the datasets caused by
differences in the instruments or in the data collection procedures. This step was necessary since the

two instruments used different spatial resolutions but also because in hemispherical field-of-view
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instruments the spatial resolution decreases with the distance of the sensor, generating diverse spatial
resolutions within the dataset (Lichti and Jamtsho, 2006). The manual segmentation of the trees, the
application of the statistical outlier removal, and the subsampling of the point-clouds were executed
on the CloudCompare® software (2021). The individual point-clouds generated after the pre-
processing procedures are presented in figure 3.1 with the forested trees and in figure 3.2 with the

individuals living in an open-field environment.

1

10 10

Figure 3.1: Forested trees merged point-clouds with a spatial resolution of 0.01 meter. Tree colours represent the same
living environment since the species was not gathered. Forested individuals were dominant emergent trees. The scale below
each tree measures 10 meters.
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Figure 3.2: Open-field trees merged point-clouds with a spatial resolution of 0.01 meters. In this figure, tree colors represent
the same tree species. The scale below each tree measures 10 meters.

3.2.5 - Fractal dimension

The fractal dimension measures the structural complexity of objects analyzing how it fills the
space (Escos et al., 1995; Alados et al., 1996; Escos et al., 2000). In general, structural complexity is
biologically beneficial (Alados et al., 1996) and on plants represents tree architecture (Siedel et al.,
2019), This concept is related to the plant light exposure area, and photosynthetically active surface,
which also regards to the plant area available to gas exchange processes (Escos et al., 1995; Seidel
et. al, 2017). For this reason, the fractal dimension can be used as an important indicator of plant
productivity, health and functionality (Alados et al., 2006; Seidel et al., 2017).

In this study, the fractal dimension was calculated for the tree point-clouds to analyze how the
change on the scale affects the Euclidean distances between points, which represent the architectural
structure of trees (Seidel et al., 2017; Guzman et al., 2020). | used the box-counting method,
developed by Minkowski-Bouligand, where the algorithm counts the number of pixels needed to cover
an image along with the variation of the number versus the size of the pixels when changing the scale
of the image (Guzman et al., 2020). Since | was working with a three-dimensional dataset, voxels

were used instead of pixels to evaluate the fractal dimension. | used a fixed grid of cubes to generate
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the voxels and applied it on the tree point-clouds calculating the number of voxels necessary to cover

each tree while changing the spatial resolution (Guzman et al., 2020).

For each tree point-cloud the voxels were created and analyzed using the “voxel-counting”
function from the rTLS package (Guzman et al., 2020a) that analyzes how a given point-cloud can be
covered using voxels of different sizes, the full description of the methods is presented in Guzman et
al., (2020); and Guzman et al., (2020a). In summary, as the number of voxels increases as a power
function, a positive fractal dimension (dHB) can be calculated using a linear model where the dMB is
the slope of the model. The coefficient of determination reflects the self-similarity of the point-cloud
(Guzman et al., 2020) and self-similarity on tree architecture (Seidel et al., 2017). The rTLS presents
values of dHB between 0 and 1, where values increase with the structural complexity; for example, a
tree with a single stem and no branches would present a lower dMB in comparison with a multi-layered
canopy tree. | set up the minimum distance (Emin or cutoff) where voxels could be created at 0.01
meter, the same subsampled distance on the point-cloud) to avoid quantization errors generated when

Emin is lower than the spatial resolution of the dataset.

To analyze the differences and compare the forested and open-field datasets | performed a t-
test in each fractal dimension derived metrics. The use of large samples to understand differences
between groups is always preferential over small samples since the second might not embrace all
diversity of a population. Despite this preference, due to the finite nature of time and resources
available to collect data, the t-test is a valid tool to differentiate populations in uneven sample sizes;
unequal variances, and skewed population distribution even when applied on extremely small sample
scenarios (N < 5) (de Winter, 2013). In this study, a fixed significance level of 95% to analyze all

metrics was used.

3.3 —-Results

3.3.1- Fractal dimension

The fractal dimension reflects the structural complexity of tree architecture. In our study, the
point-clouds derived from forested and open field trees presented a different range of fractal
dimension values. Of the five trees living in forested environment, the values of fractal dimension
varied from 0.55 to 0.62 (Table 3.1, Figure 3), with a mean value of 0.59. Of the trees located in open
areas without direct competition from other trees the fractal dimension values ranged between 0.64
to 0.73 (Table 3.2), a mean value of 0.69. The p-value measured for the fractal dimension for the two

groups was 3.55E-08 confirming that the open field and forested trees are two statistically different
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groups. According to Muff et al. (2022), p-values lower than 0,001 provide very strong evidence of the

statistical difference of populations.

Table 3.1. Fractal Metrics of Forest Trees at the RSNP-EMSS

Forested intercept slope R2 Height (m)
Tree ID

1 2.27 0.59 0.98 15.9

2 2.99 0.62 0.94 18.7

3 2.66 0.59 0.96 17.6

4 2.77 0.61 0.96 19.3

5 1.99 0.55 0.97 14.5

Table 3.2. Fractal Metrics of Open Field Trees at the RSNP-EMSS

Open Field | intercept | slope | R2 | Height (m) [ Genus
Tree ID

1 3143|071 |0.98]16.1 Ateleia
2 263 |068 |0.99|16.9 Ateleia
3 349 071 |0.99]20.1 Cedrela
4 3.21 0.73 |0.98 | 17.1 Cedrela
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2.11 0.68 |0.99|7.0 Crescentia
6 257 |0.71 |0.99 |82 Crescentia
! 179 | 0.69 |0.99]55 Curatella
8 300 |067 |0.99]|186 Enterolobium
9 247  |0.68 |099|9.0 Gliricidia
10 3.01 0.69 |0.99 | 14.6 Guazuma
11 2.86 0.72 10.99|14.3 Guazuma
12 249  |0.70 |0.99 |84 Psidium
13 265 |0.69 099|135 Psidium
14 2.85 0.71 |10.99]12.1 Quercus
15 210 |o064 |0.99]10.8 Simarouba
16 245 |065 |0.99]14.7 Trichilia
7 213 |071 |0.99]|6.7 Swietenia
18 205 |0.73 |0.99 6.1 Swietenia
19 337  |072 |0.99]11.8 Ficus
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Figure 3.3: Plot values of fractal dimension (top); intercept (centre); and coefficient of determination (down) of forested trees
(green) and open-field trees (blue)

3.3.2 - Intercept

The intercept of linear regression on the fractal analysis has proven to be a good predictor of
tree size metrics (Dorji et al., 2019; Guzman et al., 2020). In our study, both tree groups presented
similar values. The TLS point-clouds from the open field trees presented interceptMD variation
between 1.79 and 3.49 (Table 3.2, Figure 3.3) with a mean value of 2.65, whereas the values obtained
by the point-clouds of the forested trees ranged from 1.99 to 2.99 (Table 3.1, Figure 3.1) presenting
a mean value of 2.53. The p-value calculated for this metric was 0.63, which indicates that the two

populations are statistically similar.
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3.3.3 - Coefficient of determination

The two datasets presented different ranges of the coefficient of determination. The tree from
forested areas had values ranging from 0.94 to 0.98 (Table 3.1 and Figure 3.1) with a mean value of
0.96, while the trees from open areas presented values between 0.98 and 0.99 (table 3.2 and Figure
3.3), and a mean value of 0.99. The p-value for this metric was 2.54E-08 indicating a statistical
difference between the two groups. This parameter reflects the self-similarity of objects (Seidel et al.,
2017), which is related to plant developmental stress ( Escos et al., 2000; Alados et al., 2008; Doriji
et al., 2019). Figure 3.4 highlights some examples of the self-similarity differences observed on the

forest and open-field trees.

B

A

Figure 3.4:Tree point-clouds divided in quarters using the trunk base and crown edges as reference and limits. Open-field
trees (A to D) present higher symmetry than forested trees (E to H). Forested trees E and H present cells with rectangular
shapes instead of the most commonly found square format. Open-field trees present their crown highest point aligned with
their trunks. This behaviour is observed even when X, Y, and Z axes positions are dislocated (Open-field tree B), whereas
in the forested trees F, G, and H the crown highest point is dislocated from the trunk center. The scale bar bellow trees
represent 10 meters.

3.4 - Discussion

Tree species can be classified by their functional, regeneration growing characteristics,
strategies, and dynamics in the tropical forest (Poorter et al., 2006; Apgaua et al., 2017; Rubio and
Swenson, 2022). Species from these functional groups present similar structural pattern adapted to
take most advantage of the resources available in the guild that they are more efficient (Apgaua et

al., 2017; Rubio and Swenson, 2022; Rubio and Swenson, 2023). Light demanding groups, including
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pioneers that thrives in disturbed forests, are characterized by straight trunks, large leaves and usually
monolayered canopies, while shade tolerant groups present multilayered wider crowns that allow
these understory habitants capture light on the intermediate strata of the forest (Poorter et al., 2006;
Adame et al., 2014). The study design of the present chapter did not contemplate the species
identification of the forested trees. Although all forest trees used in this study are forest canopy
dominant trees, the lack of species identification of this group of trees does not allow the analyse and
comparison of the environment effect in a given species or functional group. For this reason, this
chapter was designed to increase the understanding on how tree populations rather than individual
tree species respond structurally to their diverse environments.

In the present chapter | found that open field trees presented higher fractal dimension values
in comparison with the trees living in the forest. The higher values of the open-field group indicates
that they have a more efficient space occupancy than the forested trees at the SRNP-EMSS. Our
results show fractal analysis can detect tree architecture variation on trees living in an open field and
forested environments at Santa Rosa National Park. The fractal analysis showed that trees in these
two groups allocate plant structures differently and they present different fractal dimensions and
coefficients of determination. These differences occur due to the differences in the tree architecture.
Due to the small sample size used in this study, our findings are an indication of the behaviour of the
two populations in the SRNP — EMSS only.

3.4.1 - Fractal dimension

Our results showed the open field trees and the forested trees are two different populations
regarding the fractal dimension. This metric reflects how efficiently an object occupies the space,
measuring its structural complexity (Alados et al., 1996; Escos et al., 2000; Seidel et al., 2017; Doriji
et al., 2019). In plants, it measures the ability of branches, leaves and other structures to fill the space
and indirectly reflects biomass production (Alados et al., 2008). The fractal dimension based on a box
counting method used in this study is a powerful tool to measure tree architecture sensitive to tree
shape and crown structures. In this approach, trees with a single steam and pole shape present low
values of fractal dimension, while trees with a multi-layered wide, and spread crowns will present
values approaching 1 (Seidel et al., 2017; Seidel et al. 2019, Guzman et al., 2020). The open field
trees presented a higher fractal dimension than trees living in a forested environment indicating an

effective occupancy of the space.
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The capacity of filling the space reflects on the physiological processes of the trees and also
reflect tree functional group characteristics (Apgaua et al., 2017; Rubio and Swenson, 2022). The
branch structures increase contact between the tree and atmosphere allowing gases exchange and
solar illumination (Escos et al., 1995, Alados et al. 1996, Escos et al., 2000; Ford 2014), therefore
plants with larger fractal dimensions, such as our open field trees, are more efficient on the
evapotranspiration process and to capture carbon dioxide (Alados et al., 1999; Seidel et al., 2017;
Lau et al.,, 2018). Due to the more complex tree architecture indicated by the fractal analysis,
individuals living in open field locations have more surface exposure to light, increasing
photosynthesis efficiency (Escos et al., 1995; Ford, 2014). The main limitation for space-filling and
consequently the increase of fractal dimension in trees living without competition for light and space
is related to self-shading (Seidel et al., 2017), since it is not advantageous to trees to invest in

structures that will not be functional and efficient (Grams and Andersen, 2007; Ford, 2014).

In tropical regions, forests have intense competition for resources and space due to the high
density of individuals, where the competition for light is the main determinant for tree structure and
growth (Lang et al., 2010; Jucker et al., 2014). Seidel et al. (2019) found that fractal dimension is
affected by the light gradient. But the light is not the single factor affecting the fractal dimension of
trees. Stress caused by diseases (Escos et al., 1995), lack of water (Escos et al., 2000; Alados et al.,
2008), vegetation disturbance (Alados et al., 2005), and plant predation (Alados et al., 2008) are

associated with change in plant structural development that affects their fractal dimension.

Also, it is important to point out that the SRNP-EMSS tropical dry forest is characterized by a
high degree of liana infestation (Sanchez Azofeifa et al., 2009; Sanchez-Azofeifa et al., 2017). Liana
parasitism is known to cause changes in tree architecture (Schnitzer and Bongers, 2002; Lobo-
Catalan and Jimenez-Castillo, 2014) affecting the fractal dimension in the forested trees since all the

individuals in this group presented some level of liana infestation.

3.4.2 - Coefficient of determination and developmental instability

In our fractal analysis, open field trees presented a higher coefficient of determination than the
trees in a forested environment. This metric reflects the self-similarity of tree architecture; plants with
a higher degree of architecture self-similarity present a higher coefficient of determination than plants
with lower self-similarity (Escos et al., 1995; Alados et al., 2008; Seidel et al., 2017; Dorji et al., 2019).

Developmental stability relates to the conditions in which an organism’s grows. It is at a

maximum under an ideal resourceful environment and decreases under suboptimum conditions or
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disturbance of the previous scenario (Freeman et al., 1996). In our trees this reflects the higher values
obtained by the open field trees living without direct competition from neighbours. The presence of
environmental fluctuation, high level of competition, environmental disturbances and stress caused
by lack of water and nutrients create a developmental instability stage in plants (Escos et al. 1995;
Escos et al., 2000; Alados et al., 2008; Dorji et al., 2019).

This instability leads to morphological responses to the environmental conditions causing
changes in plant symmetry (Escos et al. 1995; Alados et al., 2008, Ford, 2014; Jucker et al., 2015;
Madsen et al., 2021). Under competition, there are two groups of morphological responses used by
plants: first, size-symmetric competition occurs when the intake of resources is not dependent on the
size of the plant, and second, size-asymmetric competition occurs where the intake of resources will
depend on the size of the plant (Del Rio et al., 2014; Condonnier et al., 2015). Our forested trees live
in a dynamic and competitive environment forcing them to adapt their shape constantly, which affect
their self-similarity, reflecting on their lower coefficient of determination values. It is also Important to
consider that trees respond differently to competition and environmental disturbance accordingly to
their functional group traits, and some tree species more tolerant light restriction than others that need
plenty of sunlight to be able to strive and develop (Apgaua et al., 2017; Rubio and Swenson, 2022).
In this study the forested trees used were dominant top of canopy trees with more light availability

than the ones in the understory strata.

Forests are highly dynamic environments where the competition for resources (Nambiar and
Rogers, 1993; Grams and Andersen, 2007) and space (Thorpe et al., 2010; Madsen et al., 2021) is
intense and constant, where light is the main driver for tree growth and structure (Lang et al., 2010;
Jucker et al., 2014). Dispute for light induces size-symmetric competition since taller trees tend to
overshadow smaller ones and trees can grow branches in recently open gaps in the forest (Lang et
al., 2010; Seidel et al., 2011; Del Rio et al., 2014; Condonnier et al., 2015; Madsen et al., 2021)
whereas competition for underground resources usually is size symmetric (Del Rio et al., 2014).In this
study, since the open field trees are growing without competitors, their size hasn’t been affected by
the availability of light. This condition has enabled the symmetrical development of their crowns, which
is demonstrated by their higher coefficient of determination values. The forested trees, on the other
hand, are under competition with their neighbours, forcing them into a size-asymmetric growth (Figure
3.4). The developmental instability of the Santa Rosa National Park Forest is reflected in the lower
coefficient of determination values of the group of trees living in this environment. These results
corroborate the findings of Seidel et al. (2019) that light gradient affects the coefficient of

determination. Moreover, the findings of this research support studies relating competitive and
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instable environments with trees presenting higher degree of architectural asymmetry (Escos et al.,
1995; Aldados et al., 1996; Rouvinen et al., 1997; Escos et al., 2000; Alados et al., 2002 Alados et
al., 2008; Lang et al., 2010; Pretzsch et al., 2010; Seidel et al., 2011; Del Rio et al., 2014; Madsen et
al., 2021).

3.4.3 - Intercept

In our study, the intercept of the fractal analysis presented similar values for trees living in both
environments. The intercept is a predictor of the tree metrics related to size and crown dimensions
(Dorji et al., 2019; Guzman et al., 2020). To conduct this study, | selected tree individuals with crowns
above the forest canopy. Therefore, most of them were big dominant trees. The forested trees were
dominant emergent trees. The open field individuals were prominent, long-living trees in pastures.
These individuals were used as shadow refuge by cattle, and as food and rest resources by the local
wildlife. The exceptions in this group were psidium trees (Trees 12, and 13) that were antique
specimens but did not have an imposing stature due to their genotype, and juvenile individuals of the
Swietenia genus (trees 17, and 18). Our results indicate that the trees used in this study have the
same structural dimension, or same size. This behaviour can be explained by the fact that open-field
trees presented the minimum (5.6 meters) and maximum (20.1 meters) tree height values. This is
reflected in the intercept values of the open-field trees being more elastic and encompasses forested

trees values that range from 14.5 to 19.3 meters in height.

3.4.4 - Light Competition and Tree Architecture

Light is acknowledged as one of the main factors influencing forest growth and tree
architecture (Lang et al., 2010; Jucker et al., 2014; Poorter et al., 2021; Joshi et al., 2023). Light
availability is unregular along the forest vertical profile (Thorpe et al., 2010; Fagundes et al., 2021),
and presents temporal variability caused by constant changes on the environment, such as forest
succession, disturbance, competition, and phenological process (Poorter et al., 2021; Matsu et al.,
2021; Joshi et al., 2023). This dynamic mold the forest structure and species composition (Fagundes
et al., 2021; Matsu et al., 2021), and shape tree architecture (Seidel et al., 2017; Matsu et al., 2021).
Plant plasticity is what allow trees and other lifeforms to adapt to the changes on their environment
(Jucker et al., 2015; Cushman and Machado, 2020), and tree functional groups respond differently to
the conditions presented by the environment (Matsu et al., 2021; Rubio and Swenson, 2022). The
results presented in this study corroborate the whole played by light availability in the tree architecture.
The superior fractal dimension values achieved by the open field group of trees show that this category

is occupying the space more efficiently than the forest group. The main limitation for the open-field
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trees to increase their fractal dimension is self-shadowing (Seidel et al., 2017). The forested group,
on the other hand, must compete with neighbour trees along the forest vertical profile to reach the
available light (Fagundes et al., 2021; Matsuo et al., 2021) restricting their occupancy of the space

and consequently their fractal dimension.

The coefficient of determination values presented in this study reflected how the different
environmental condition where the groups life impacts their development and structure. Since this
metric is affected by the physiologic challenges and instability that plants faced during their
development (Alados and El Aich, 2008; Seidel et al., 2017). The open-field trees showed higher
coefficient of determination numbers confirming that this group experienced less environmental stress
than the forested group. It is important to note that in tropical dry forests, such as the SRNP, the
drought is also an important factor of developmental instability that affects tree growth and architecture

(Poorter et al., 2021), and influenced the coefficient of determination of both groups.

3.4.5 - Advantages and weaknesses of the method

In comparison with other remote sensing approaches to analyze plant structure and growth
such as Leaf Area Indexes (LAls), Plant Area Indexes (PAls). and visual detection, the advantages
of metrics derived from fractal analysis include the simplicity of the methods that uses the tree TLS
merged point-cloud without the need of further point-cloud preparation such as classification of leaf
and wood elements by algorithms or multitemporal measurements required on LAls tools (Campo-
Taberner et al., 2016; Bauer et al., 2019). It is also more practical and can be automated retrieve data
fast from a great number of tree point-clouds with a minimum human interference, while the visual
inspection requires detailed and time-consuming human manipulation, which make visual inspection
methods difficult to be used in large TLS datasets. Moreover, the fractal analysis metrics bring
knowledge of how efficiently trees occupy the space (Seidel et al., 2017; Dorji et a., 2019); information
about self-similarity that reflects the environmental conditions that the plant have grown (Alados and
El Aich, 2008; Doriji et al., 2029); and tree dimensions (Dorji et al., 2019; Guzman et al., 2020). These
different aspects of plant structure bring the possibility of a much robust analysis of the tree, the
environment where those plants live; and the developmental stress observed by individual trees or
the population with same characteristics (Alados and El Aich, 2008; Seidel et al., 2017; Doriji et a.,
2019; Guzman et al., 2020).

Some limitations of the fractal dimension that uses box counting regression-based methods is
related to TLS point density. This approach is very sensitive to point-density along the TLS tree point-

cloud (Brede et al., 2019; Liu et al., 2022), Differences in point coverage along the point cloud have
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caused variation lower than 10% of fractal dimension values but is an important source of
inconsistency on the methodology that needs to be assessed during the data collection with dense
number of scanning positions per each tree, and pre-processing filtering to make the point-cloud
density homogeneous on the point-cloud. These two possible sources of error were assessed and

contemplated on the methodology of this study.

3.5 - Conclusion

This study showed that fractal analysis algorithm can identify structural differences in the
architecture of forested and open-field trees in the Guanacaste Conservation Area. Since SRNP
TDF s are high light permeable forested environment, the capacity to differentiate the tree architecture
of trees living in open and forested and open-field habitat indicated that fractal analysis is an important

tool to measure and understand plant competition in different environmental conditions.

As expected, the open-field group presented higher fractal dimension values than the forest
group, indicating that the first group occupies the space more efficiently in comparison to the group
of trees living in the forested environment. This is because the only light limitation for trees in open-
field environment condition was self-shadowing. On the other hand, trees growing in the forested
environment are limited not only by self-shadowing but mainly by their neighbour competitors, which

restrict their fractal dimension development.

The results also indicated that trees grown without neighbour competitors have better
structural development than trees growing in a competitive forest environment. This is indicated by
the higher coefficient of determination values presented by the open-field tree group which is
characterized by more symmetric structures. This occurs since plant development in forests is limited
by competition for resources and physical barrier by neighbours. This leads trees living in this

environment to present crowns with more irregular shape than the trees living in open-field condition.

The small sample size especially in the forested group needs to be considered when
interpreting our findings since only five trees were analyzed in this group in contrast with nineteen for

the open-field group.

47



Chapter 4 — Using TLS and Fractal Analysis to Detect Structural

Changes Caused by Phenology in Deciduous Trees

4.1 - Introduction

Trees are organisms that present irregular shape, and from the over three billion estimated
individuals, it is unlikely that two trees are identical (Seidel et al., 2019). The crown structure is
developed by the serial repetition of organs such as branches and leaves (Rouvinen et al., 1997). The
tree architecture is the result of the plant’s genetic heritage and environmental conditions where the
individual is located (Rouvinen et al., 1997; Thorpe et al., 2010; Seidel et al., 2017; MacFarlane and
Kane 2017; Madsen et al., 2021). Different groups of trees present diverse strategies to succeed in
challenging environments. Coniferous trees tend to keep their crown shape independent of the
environmental conditions of their sites (Del Rio et al., 2014; Condonnier et al., 2015), whereas broad
leaf species present a higher degree of morphological plasticity and can mold and adapt their shape
to maximize resources intake (Del Rio et al., 2014; Condonnier et al., 2015). Pioneer tree species
usually have low tolerance to shadow leading to an irregular growth of their crown under high
competition of neighbour plants (O'Brien et al., 1995). Climax tree species, on the other hand, are
much more shadow tolerant, and would keep their crown shape regular until they reach the forest
canopy where they could use their morphological plasticity to explore the higher strata of the forest
(O'Brien et al., 1995)

Perennial plants present growth and dormant periods to respond to seasonal changes in their
environment caused by the annual climatic variation and seasons of the year (Ghelardini et al., 2014;
Richards et al., 2020). This pattern of growth and dormancy is important for a plant to maximize growth
in favorable periods when vital resources are available and minimize the risk of death in periods of
extreme cold or drought, being essential for long term survival and plant competition (Ghelardini et
al., 2014; Richards et al., 2020, Fu et al., 2020). Broad leaf trees use the deciduousness as strategy
to survive during adverse periods of the year in tropical and temperate regions (Kikuzawa 1995, Fadon
et al., 2020; Fu et al., 2020) These plants have adapted to pause or minimize their physiological
activity during periods when the environmental conditions are extreme due to low temperature or lack
of water, and could cause damage to plant tissue or result in death of the plant (Ghelardini et al.,
2014; Richards et al., 2020).

Plant phenology is the study of the seasonal life cycle events driven by the periodic and annual

variation in the climate (Ghelardini et al., 2014; Fu et al., 2020). Phenology analyzes the timing of
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recurrent events in plants and plant communities, and the causes and intensity of these events
regarding abiotic and biotic factors (Badeck et al., 2004). In individuals or at the species level,
phenology describes the flowering and fruiting season, seed and leaf production timing (Manakasen
et al. 1998; Bonnet, 2013). For commercial species, the understanding of their phenology is essential
to guide planting of trees under ideal environmental conditions, and to predict harvest time and

production volume and quality (Manakasen et al. 1998; Bonnet, 2013).

Since different environments present distinctive challenges for the plant community living in
them, plant phenology is affected by diverse factors (Badeck et al., 2004; Polgar and Primack, 2011;
Fu etal., 2020). In temperate regions, plant phenology is mainly affected by temperature, photoperiod,
and sunlight intensity (Ghelardini et al., 2014; Peaucelle et al., 2019; Fu et al., 2020). Temperature
variation is pointed to be the most influent factor affecting leaf production in these regions (Badeck et
al., 2004; Ghelardini et al., 2014; Peaucelle et al., 2019; Fu et al., 2020). Photoperiod is another
important driver to trigger phenological processes, such as leaf production and senescence in high
latitudes (Polgar and Primack, 2011; Ghelardini et al., 2014, Chen et al., 2018; Fu et al., 2020),
Peaucelle et al. (2019) argued that leaf production is more affected by solar radiation intensity than
the change in the photoperiod in these regions. In tropical areas, the plant phenology is controlled by
other factors, since solar radiation, temperature, and photoperiod do not present intense variation
along the year (Badeck et al., 2004; Chen et al., 2018; Fu et al., 2020). The phenology of tropical plant

species and communities is driven mainly by water availability (Fu et al., 2020).

Because of its importance for plant communities, plant phenology affects function and
structure of terrestrial ecosystems by responding to seasonal climatic variations (Fu et al., 2020, Yang
et al.,, 2022). In temperate regions, the carbon exchange between the broad-leaf forest and
atmosphere is mainly controlled by deciduous trees phenology (Xia and Wan, 2012; Fu et al., 2020;
Yang et al., 2022). The water cycle is also influenced by phenology due to plant evapotranspiration
(Fu et al., 2020). The relations between plant and wildlife communities are deeply influenced by timing
and intensity of phenological processes, since wildlife uses plants as food and shelter resources
(Polgar and Primack, 2011). Due to the importance for ecosystems and human activities, phenological
processes and timing have been well documented along the history, especially in temperate regions
(Badeck et al., 2004). The predictability of phenology, and the long-term data available, make the
study of the shift in the timing of phenological processes an important fingerprint of climate change
(Badeck et al., 2004; Polgar and Primack, 2011; Li et al., 2019).

49



Fractal analysis examines how an object behaves under the change of its scale. Fractal
dimension has been used over the past decades to assess plant structure, competition, and
developmental stability (Escos et al., 1995; Alados et al., 1999; Escos et al., 2000; Alados et al., 2008;
Seidel et al., 2017; Seidel et al., 2019). More recently, fractal analysis was employed to assess tree
and forest stand metrics (Guzman et al., 2020). The main metric derived from fractal analysis, the
fractal dimension, reveals the structural complexity of an organism and how efficiently it occupies
space, being a good descriptor of tree architecture (Seidel et al., 2019). The structural complexity of
plants is important since branch structure allows the contact between the tree and the atmosphere
which provides sunlight and gases vital for them (Escos et al., 1995, Alados et al., 1999; Seidel et al.,
2017). Another key metric extracted from fractal analysis is the coefficient of determination, since it
reflects self-similarity which can be related to the environmental conditions affecting the plants, such
as drought, disease, competition, and other stresses (Escos et al., 1995; Escos et al., 2000; Alados
et al., 2008; Seidel et al., 2017).

In this chapter, | used terrestrial laser scanner (TLS) tree point-clouds to test the ability of
fractal analysis to detect structural changes caused by phenological processes in deciduous trees. |

also aimed to understand/explain the effects and causes of these structural changes.

4.2. - Methods

4.2.1 Tree species

To conduct this study, | selected a group of isolated young individuals of American elms
(Ulmus americana) located at the University of Alberta campus. This species naturally occurs along
the east coast of the United States and Canada spanning central west from Texas to Saskatchewan
and Alberta (Bey, 1990). The precipitation across this area varies from 380 mm in its northwestern
range to 1520 mm in the south of the US. Annual snow fluctuates from zero cm in Florida to 200 cm
in some regions of Canada, and temperature can vary from -40”C in winter to +40°C in summer. They
are more commonly found in areas with smooth topography and grow best on well-drained rich soils
but they can be found in established communities on mountainous terrains and water-saturated soils
(Bey, 1990). To survive across this diverse geographic area, the American elm needs to adapt to
different climate and ecological conditions. A fundamental survival strategy to succeed in various
biomes across North America, and explain its broad distribution is the deciduousness which allows

the species to conserve energy during the winter months (Bey, 1990).

The American elm usually occurs in association with other species in mixed forests having an

important ecological contribution to these ecosystems. It produces a great number of leaves annually
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and its litter decomposes faster than most other species. Furthermore, it has a complex root system
that can reach up to six meters deep. Although it is classified as an intermediate species, it has a long
life cycle (>300 years). On a favourable site, it can reach heights of 35 to 40 meters with a diameter
at breast height over 1.50 m. Its wood is moderately heavy and hard, presenting an interlocked fibre
arrangement that is difficult to split. Its wood is prized for furniture, construction, flooring, and other
noble uses (Bey, 1990).

| selected the American elm for this study because it shows strong deciduous and structural
attributes such as broad crown and intense branch ramification. The former allows us to scan the
same trees over a short period with the presence and absence of leaves, as well as with a variety in
canopy structural complexity. Nine trees were selected in this study of which eight were juvenile
individuals with ages ranging from 15 to 25 years. The ninth tree was a mature individual of over 50
years old. The ages of the studied trees are estimated based on their size and the age of the gardens
where they are planted. The selected trees showed little variation in structure (other than variability
associated with the presence/absence of leaves), such as branches lost, throughout the study period.
The trees used in this study live in an urban/park environment without competition from other species.
The spatial arrangement of the juvenile group affected the growth and tree architecture of the
individuals. The eight juvenile trees were planted in two rows where one row has plenty of light while
suppressing the second line. This condition caused the trees in the suppressed line (trees 1, 3, 5, and
7) to have lower stature and more irregular crown shape than the trees in the sunlight exposed row
(trees 2, 4, 6, and 8) (Figure 4.1).
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Figure 4.1: Leaf-off tree point-clouds. Trees 1, 3, 5, and 7 present smaller size, and irregular crown shape due to their
spatial arrangement with less sun light availability than trees 2, 4, 6, and 8. The former show a more symmetrical crown
shape. Tree 9 is considerably larger than the other trees due its age.

4.2.2 - Data collection

To produce the leaf-on/leaf-off datasets | had two data collections. The first took place on
November 14, 2018 (leaf-off) and the second was on June 14, 2019 (leaf-on). | conducted the data
collection on clear days to avoid ghost points caused by rain, snow, fog, dust, and aerosols. The scans
were also performed without intense wind to minimize inaccuracies since wind can cause both

underestimation and overestimation of TLS metrics in a single scan point-cloud (Vaaja et al., 2016).

In this study, | used a Riegl VZ 400i ® TLS sensor operating a near-infrared 1550nm laser
beam. This instrument produces highly accurate data able to perform well when gaps are present in
the canopy (Newnham et al., 2012), so it is commonly used for vegetation structure studies
(Raumonen et al., 2013, Calders et al., 2014; Akerblom et al., 2017; Brede et al., 2019; Guzman et
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al., 2020). The instrument operates at frequencies between 100kHz and 1200kHz and has a maximal
effective measurement rate fluctuating from 42,000 to 500,000 points per second, and a maximum
distance ranging from 250 to 800 meters. This sensor presents accuracies between 3 and 5 mm and
operates at a 360° azimuth and 100° zenith field-of-view. | used the 600 kHz frequency set up, which

measures up to 250,000 points per second with a maximum range of 350 meters.

Scans with multiple field-of-views were conducted around the targeted trees. A total of 12
positions were performed on the perimeter and on the inside of the areas of interest. The data
collection layout was designed to maximize the number of trees each scan could assess. This
approach provided a complete three-dimensional point-cloud of all scanned trees with at least three
scans on each side of every tree. To minimize gaps in measurements due to the instrument’s zenith
field-of-view, | conducted two measurements at each scan location; the first scan was done with the
instrument in the vertical position, and on the second measurement | placed the sensor in the
horizontal position to invert the zenith and azimuth field-of-view angles permitting full coverage of all
trees of interest. This data collection design is similar to that of other TLS studies using the same
instrument (Calders et al., (2014); Liang et al., (2016); Akerblom et al., (2017); Saarinen et al., (2017);
Lau et al., (2018); Guzman et al., (2019); Brede et al., (2019)). Retro-reflective cylinder targets were
mounted on metal poles at different heights and distributed throughout the area of interest. A minimum
of four common targets are usually necessary to co-register each point-cloud with a high precision

(Wilkes et al. 2017), therefore for each scan, | aimed to have a minimum of six retro-reflective targets.

4.2.3 -Pre-processing procedures

The order of all the pre- and post-processing methodological procedures performed in this

study is presented in figure 4.2.

Algorithm - -

Figure 4.2: Methodological procedures adopted in this study. In blue is the data acquisition, in orange the pre-processing
procedures and in green the post-processing steps.

53



The co-registration of the point-clouds was done using the Riegl RiscanPro software. |
performed the semi-automatic registration using the reflective targets, and the sharp angles of the
buildings surrounding the area of interest as control points. In this process, the software searches for
the retro-reflective targets and urban features on the multiple point-clouds, giving them the same
values on all point-clouds in a common coordinate system (Raumonen et al. 2013; Wilkes et al., 2017).
The final procedure of this process is to adjust values of maximum distances for the same features to

be located in the multiple point-clouds.

After the co-registration, all point-clouds of each tree were merged to create a single file. Here,
| combined the information contained in each point-cloud to generate a full three-dimensional dataset
of the selected trees (Wilkes et al., 2017; Lau et al. 2018). In this process, the final output contains all
points detected in the single point-clouds. This resulting dataset can be assessed from all angles,

permitting the three-dimensional modelling of the selected trees.

The following procedure was used to extract each tree point-cloud from the merged dataset.
Segmentation of the trees was necessary since the fractal algorithm used in this study requires that
each object (tree) be modelled as an individual dataset (Guzman et al., 2020), similarly to other
algorithms used for three-dimensional modeling of trees that have the same prerequisite (Roumanen
et al., 2013, Calders et al., 2014; Brede et al., 2019). Therefore, from the merged point-clouds from
both, leaf-on and leaf-off datasets, | clipped the data of each tree manually in the CloudCompare

software producing nine point-clouds from each season.

The next step was to subsample the point-clouds of each tree in the two periods. | selected a
1-centimeter-grid spatial resolution subsampling in the point-cloud. This step was fundamental to
eliminate different spatial resolutions of the dataset, especially differences in the vertical profile
caused by the sensor's hemispherical field-of-view and scan distances (Lichti and Jamtsho, 2006).
This step was also important to minimize redundant information and noise generated by the multiple
scans. Lastly, a statistical outlier removal (SOR) was applied using a k-nearest neighbour of 10 and
standard deviation of 2. This procedure was performed to eliminate non-connected points, and to
avoid ghost points caused by dust and aerosols (Guzman et al., 2020). Figure 4.3 presents some

examples of structural differences observed in the two datasets after all pre-processing procedures.
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Figure 4.3: Structural differences between leaf-off (A, grey) and leaf-on (B, green) tree point-clouds. The leaf-off point-clouds
permit the identification of individual branches, while the leaf-on datasets present higher point density on the crown region,
hampering branch identification. 1A and 1B present a juvenile tree located on shadowed line (Tree number 1) with an
irregular crown; in 1A is possible to observe disconnected points due to obstruction caused by the leaves on the top right of
the crown. 2A and 2B presented juvenile tree from the illuminated line (tree number 4) with regular elliptical crown; the leafed
point-cloud (2B) also showed some occlusion observed by the difference in point density on the top of the canopy. 3A and
3B present the mature tree (number 9) with prominent difference on the gap size on crowns of the two datasets. All leafed
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point-clouds (1B, 2B, and 3B) present leaf structures on the lower part of their trunks that were not detectable on the leaf-
off datasets.

4.2.4 - Fractal analysis

The fractal dimension reflects the structural complexity of objects describing how it fills the
space (Escos et al., 1995; Alados et al., 1996; Escos et al., 2000). To biological organisms, structural
complexity is often advantageous (Alados et al., 1996), and for trees it is reflected in their architecture
(Siedel et al., 2019), The structural complexity is also associated with sun exposure, photosynthesis
(Escos et al., 1995; Seidel et. al, 2017), and the capacity to exchange gas (Escos et al., 2000; Seidel
et al., 2017). In this chapter, | used the fractal dimension from the tree point-clouds to analyze how
the change in scale affects the Euclidean distance between points, which represent the architectural
structure of trees (Guzman et al., 2020). | used the box-counting method, established by Minkowski-
Bouligand, where the algorithm counts the number of pixels needed to cover an image along with the
variation of the number versus the size of the pixels when changing the scale of the image (Guzman
et al., 2020). Because | was working with a three-dimensional dataset, | used voxels instead of pixels
to evaluate the fractal dimension. A fixed grid of cubes was used to generate the voxels and applied
to the tree point-clouds of each season. This approach allowed measurement of the number of voxels

necessary to cover each tree while changing the spatial resolution (Guzman et al., 2020).

The fractal analysis was done using the voxel-counting function from the rTLS package
(Guzman et al., 2020a) where the point-cloud of each tree was analyzed, and metrics produced. This
algorithm analyzes how a given point-cloud can be covered using voxels of different sizes. A full
description of the method is presented in Guzman et al., (2020a); and Guzman et al., (2020). In
essence, as the number of voxels increases as a power function, a positive fractal dimension (dHB)
can be calculated using a linear model, where the dHB is the slope of the model. The rTLS presents

values of dHB between 0 and 1, where values increase with the structural complexity.

The other two metrics derived from the linear model, the intercept and the coefficient of
determination, are also important to understand the plant growing process. The intercept of the linear
regression in the fractal analysis is an important predictor of tree metrics (Guzman et al., 2020). The
coefficient of determination in fractal analysis reflects the self-similarity of the studied organism (Seidel
et al., 2017), being an important parameter to assess the plant developmental stress (Escos et al.,
1995; Escos et al., 2000; Alados et al., 2008).
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In this fractal analysis | set up the minimum distance parameter for creating voxels (Emin or
cutoff) to 0.01 meter to match the subsampled distance performed on the point-clouds, and avoid

errors generated when Emin is lower than the spatial resolution of the dataset.

4.2.5 - Data analysis

To compare the leaf-on and leaf-off datasets and understand the effect of the phenology on
the tree architecture | choose to use a t-test since the sample size used in this study is small (de
Winter, 2013). | performed a paired t-test to compare single metrics derived from the fractal analysis
of the leaf-on and leaf-off datasets. A t-test is commonly used to compare groups and identify different
populations within the sample and can be used in extremely small sample scenarios (de Winter,
2013). The paired t-test is recommended when comparing differences between treatments when the
samples were collected in pairs (Hsu and Lachenbruch, 2014; Hedberg and Ayers, 2015). In this

study, | used a 95% of significance level for all metrics analyzed.

4.3 - Results

4.3.1 - Fractal dimension
In this study the point-clouds of the leaf-on trees presented a fractal dimension ranging from 0.65 to

0.70 with a mean of 0.68, median of 0.67, and a standard deviation of 0.014 (Table 4.1, Figure 4.4).
The leaf-off trees presented a fractal dimension varying from 0.64 to 0.68 (Table 4.1, Figure 4.4) with
a mean of 0.66, median of 0.65, and a standard deviation of 0.013. Tree number nine (mature tree)
presents the lowest fractal dimension value for both phenological seasons. The two-tailed p-value
calculated for the paired t-test was 0.0065 indicating statistical differences between the two datasets

collected in differing phenological conditions.

Table 4.1 — Fractal analysis metrics for leaf-on and leaf-off tree point-clouds.

Fractal Fractal R Square R Square Intercept Intercept
Tree ID Leaf-On Leaf-Off Leaf-On Leaf-Off Leaf-On Leaf-Off
1 0.68 0.66 0.99 0.99 2.14 2.08
2 0.68 0.68 0.98 0.99 2.40 2.27
3 0.67 0.67 0.99 0.99 2.01 2.03
4 0.70 0.66 0.99 0.99 2.41 2.26
5 0.68 0.66 0.99 0.99 2.16 2.08
6 0.69 0.68 0.98 0.99 2.36 2.25
7 0.67 0.65 0.99 0.99 1.86 1.82
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8 0.68 0.67 0.98 0.99 2.37 2.26

9 -Mature 0.65 0.64 0.97 0.97 3.19 3.15

Mean 0.68 0.66 0.98 0.99 2.32 2.25

Median 0.67 0.65 0.986 0.991 2.36 2.25

St Dev 0.014 0.013 0.006 0.006 0.376 0.371
0.70
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Figure 4.4: Violin graph representing the variability of fractal dimension values derived from TLS trees acquired during the
leaf-on and leaf-off seasons. Points represent the values calculated for the two seasons. Mean for the leaf-off is 0.66 while
the mean for the leaf-on is 0.68.

4.3.2 - Coefficient of determination (R square)

The point-clouds collected during the leaf-off season presented higher coefficient of
determination values. The leaf-off values ranged from 0.97 to 0.99 with a mean and median of 0.99,

and standard deviation of 0.006 (Table 4.1, Figure 4.5). Only the biggest and mature tree presented

58



a coefficient of determination lower than 0.99, which indicates a high degree of self-similarity. The
point-clouds of the leaf-on season had coefficient of determination values ranging from the same
absolute values (0.97 to 0.99) but the mean and median values for this group was 0.98, with a
standard deviation of 0.006 (Table 4.1, Figure 4.5). The two-tailed p-value for this metric was 0.013

indicating that the two samples (leaf-on and leaf-off) are different.
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Figure 4.5: Violin graph representing the variability of the coefficient of determination values derived from TLS trees acquired
during the leaf-on and leaf-off seasons. Points represent the values obtained for the two seasons. Mean for the leaf-off is
0.99 while the mean for the leaf-on is 0.98.

4.3.3 - Intercept

The point-clouds of trees presenting leaves have higher intercept values in comparison with
the point-clouds of the same trees without leaves. The intercept for the leaf-on dataset ranged from
1.86 to 3.19 with a mean of 2.32, median of 2.36, and a standard deviation of 0.37 (Table 4.1. figure
4.6); while the leaf-off dataset presented values between 1.82 to 3.15 (Table 4.1, Figure 4.6) with a

mean and median value of 2.25, and a standard deviation of 0.37. It is possible to observe from the
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violin graph (Figure 4.6) that this metric presents a similar behavior during the leaf-off and leaf-on
conditions. The two-tailed p-value for this metric was 0.007 indicating that the two datasets are
statistically different.
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Figure 4.6: Violin graph graph representing the variability of intercept values derived from TLS trees acquired during the
leaf-on and leaf-off seasons. Points represent the values for the two seasons. Mean for the leaf-off is 2.25 while the mean
for the leaf-on is 2.32.

4.4 - Discussion

4.4.1 - Fractal dimension
In this study, the analyzed trees presented higher fractal dimension values in the leaf-on

season in comparison with the leaf-off period. The fractal dimension measures the capacity of an
organism to efficiently occupy the space reflecting its structural complexity (Alados et al., 1996; Escos
et al., 2000; Seidel et al., 2017). This difference in fractal dimension between the two seasons
demonstrates that fractal dimension is capable to detect structural differences in trees caused by the

presence or absence of leaves driven by tree phenological processes.
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The increase of the fractal dimension observed in the leaf-on season shows that trees can fill
more efficiently the available space during this season. This occurs because plants have to maximize
the use of the resources available in the growing season (Ghelardini et al., 2014; Fu et al., 2020;
Richards et al., 2020). In temperate regions, temperature, photoperiod, and solar radiation intensity
are the main factors triggering phenological processes because of their importance for plant growth
and their uneven distribution along the year (Ghelardini et al., 2014; Peaucelle et al., 2019; Fu et al.,
2020). The role of capturing light and gas exchange played by the leaves requires that the tree invest
in them, modifying its structural arrangement to improve leaf surface exposure. These changes allow
the trees to exploit these vital seasonal resources more efficiently (Ghelardini et al., 2014; Fu et al.,
2020; Richards et al., 2020). Also, the decrease of fractal dimension of plants under stress has been

reported (Alados et al., 1994; Escos et al., 1995), which corroborates the findings of the present study.

The spatial arrangement of the trees has influenced individual fractal dimension values. Trees
located in areas of less sunlight availability (trees 1, 3, 5, 7) presented lower fractal dimension values
than the other trees planted at the same time and place (trees 2, 4, 6, 8). The mature tree (tree 9)
presented the lowest fractal dimension value in both scenarios. This lower fractal dimension value
obtained by the mature tree may reflect the structural interventions on this tree over the years such
as branches extraction due to its location in an urban park. Because their age and size, the juvenile
trees suffered less structural interventions along their lives, what might reflect their higher fractal

dimension in comparison with the mature tree.

4.4.2 - Coefficient of determination
The coefficient of determination is an important metric derived from the fractal analysis. It

reflects the symmetry of the studied organisms (Escos et al., 1995; Alados et al., 2008; Seidel et al.,
2017). In plants the study of this metric indicates developmental stress experienced by the individuals.
In this study, the leaf-off dataset presented higher coefficient of determination values in comparison
with the leaf-on. | hypothesise that this occurred because in the dormant period trees present their
woody elements structure. This plant life stage is more stable than the dynamic growing season, when
deciduous trees produce leaves, flowers and fruits and the changes occurs intensely and fast specially
in high latitudes. (Fadon et al., 2020). This hypothesis needs to be better explored using multiple TLS

measurements and fractal analysis during the growing season.

The mature tree presented the lowest coefficient of determination value from all analyzed
individuals in both scenarios, behaving as an outlier in the group. This tree was also the only tree that
maintained the same value for this metric in the leaf-on and leaf-off seasons. The smallest trees (1,

3, 5, 7) on the other hand, presented higher values than that of other trees from the same age. Since
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this metric is related to self-similarity (Escos et al., 1995; Alados et al., 2008; Seidel et al., 2017), |
interpret the lower coefficient of determination of the bigger trees to be due attributed to symmetry
differences between the superior hemisphere (crown region) and the inferior hemisphere (trunk
region). Also, the mature tree had been subject to many structural interventions in the past, such as
branch removal, which changed its natural architecture. These structural interventions are common

in trees living in park/garden environments, and they occurred mainly in the inferior branches.

| explain the fact of the mature tree maintain coefficient of determination value stable during
the two seasons by its great dimensions. Its large size made the leaf coverage unable to modify its
overall form. The juvenile trees present lower stature and their leaf coverage during the growing
season was able to change the tree proportions, influencing its self-similarity and crown shape. This
behavior observed for juvenile trees caused the decrease of the coefficient of determination values in

the leaf-on season.

4.4.3 - Intercept

The intercept derived from the linear regression of the fractal analysis is related with the size
and predictor of tree metrics (Guzman et al., 2020). This study showed the increase of intercept values
during the leaf-on season. The presence of leaves in the trees generates an increase in space
occupancy (increase in the fractal dimension), and increase of the individual volume, reflected in their
intercept value. Also, for this metric the big mature tree presented outlier behaviour producing the
highest intercept value. The trees positioned without light restrictions (2, 4, 6, and 8) showed higher
values than the ones growing with light restrictions (1, 3, 5, and 7). These findings reinforce the

relationship between the intercept of the linear regression and the tree size.

For both scenarios the two tree groups behave similarly. The violin graphic (figure 4.6)
presents similar shape for the two seasons, with values increasing in the leaf-on period | hypothesise
that this occurred due to the uniform leaf coverage on the trees due to the single species, and age of

the studied group.

4.4.4 - Methods advantages and limitations

TLS point-clouds and tree 3-Dimensional modeling present multiple challenges and source of
error's and inaccuracies (Wilkes et al., 2017; Brede et al., 2019). Some of these issues is derived
from data collection issues such and the target characteristics. Highly dense vegetation generates
higher level of occlusion on the dataset. This can be partly addressed by increasing the number of

scan positions to generate a better cover of the interested feature to achieve more homogeneous
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point density along the point-cloud (Wilkes et al., 2017). Wind is also an important source of error's
by creating ghost point. All these inconsistencies cumulate in the point-cloud once you register
multiple point-clouds into one merged dataset. Some of these error's can be fixed such as the outliers
ghost points using neighbourhood geometry filters (Guzman et al., 2020). Others, such as occlusion
caused by highly dense vegetation or poor scan coverage presenting challenging solutions for
modelling algorithms (Wilkes et al., 2017; Brede at al., 2019; Liu et al., 2022).

Different modelling algorithms respond to these dataset problems and characteristics
according to how they were built. QSMs, for example, need that tree woody elements have full point
coverage of their surface to perform (Calders et al., 2015; Brede ate al., 2019). Errors caused by lack
of scan coverage and misfit of cylinder diameters are source of great under and over estimation of
tree volume and other derived metrics (Burt et al., 2013; Brede et al., 2019) Fractal analysis methods
do not require that high level of detail on all the plant point-cloud to generate valid results (Seidel et
al., 2017; Dorji et al., 2019; Liu et al., 2022). Fractal dimension methods that are box-counting based
methods present modest variation on their metrics due to point density change (Liu et al., 2022), This
trait is an advantage of these algorithms in dense vegetated areas such as tropical forests and on the

upper crown region of the trees where the occlusion is more problematic.

On the past decades, fractal have been used to address plant structure and developmental
condition of the environment where they live. The methods are simple to apply, and their metrics are
strong predictors of plant efficiency in filling the available space (Seidel et al.,2017; Guzman et
al.,2020); developmental stress (Alados and El Aich, 2008; Seidel et al., 2017); and tree size (Dorji et
al., 2019; Guzman et al., 2020). More recently, fractals are expanding their function and are being
used to correct clumping effect in Leaf Area Indexes measurements. (Li and Mu, 2021; Liu et al.,
2022). Moreover, due to its simplicity, fractal dimension analysis can be automated to measure large
datasets, and on multi temporal data to compare the effects of the seasons or a new environmental
condition experienced by the plants. Future efforts should be made to understand the relation
between fractal dimension metrics and other structural parameters such as branch order and branch

length.

The present study was conducted using a limited sample of only 9 individuals. A small sample
is generally regarded as one size n<30. Small sample sizes are problematic to identify patterns
(Vabalas et al., 2019), reducing the chance of detecting a real effect (Button et al., 2013). Another
issue of concern with small sample size studies is that once a true effect is uncovered, they tend to

overestimate the dimension of this effect, and the results can be difficult to reproduce (Button et al,
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2013). Despite these problems, studies using a small number of samples are common (Button et al.,
2013; Bacchelle, 2013; Vabalas et al., 2019), and there are situations when it is necessary to work
with extremely small population (n<5) (Winter, 2013). In these scenarios, the t-test is an important tool
to assess and identify patterns and differences (Winter, 2013; Poncet et al., 2016). Poncet at al. (2016)
simulated normality and sample size concluding that they are not important when comparing two
groups of the same size and variance. Winter (2013) attested that t-tests produce valid data analysis
even in extremely small sample sizes (n=2). In this study a temporal comparison of the same
individuals during two consecutive phenological seasons was performed, generating a similar dataset,
which pointed to the use of the t-test (Winter, 2013; Poncet et al., 2016). Moreover, the paired t-test
was used since the dataset was collected in pairs (Hsu and Lachenbruch, 2014; Hedberg and Ayers,
2015).

4.5 - Conclusion

The novelty of this study was to test the ability of fractal analysis to detect structural differences
caused by deciduous phenology in trees in temperate region. My findings showed that this analysis
can detect structural changes caused by annual phenological process in deciduous trees. This
discovery is important since it shows that fractal dimension analysis can be used as a tool to measure
plant phenological variation in time in each tree population. This finding allows the use of fractal
dimension to compare the effects of phenology on the structure of different species of trees and plant

communities.

This research showed that the presence of leaves increased the fractal dimension of trees,
which indicates that during the growing season trees occupy the space more efficiently. This increase
in fractal dimension values on leafed trees occurs due to their necessity to capture sunlight and gas
during the growing season. The results of this study had the juvenile individuals presenting higher
fractal dimension values than the mature tree. The coefficient of determination values of the two
phenological seasons indicated that trees during the leaf-on period presented lower self-similarity

indicating a higher developmental stress during the growing season.

Future efforts should focus on measuring the temporal variability/variation of the phenological
process of deciduous trees. This effort will help to bring a better understanding of which climatic and
environmental variables are more influent on the temporal variability of the phenology in plants, and

plant communities. Another focus should be put on measuring how the fractal dimension varies along
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the tree species life cycle, from seedling to its senescence, through the juvenile and mature forms, to

understand which plant life stage is more efficient in occupying space.
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Chapter 5 — Concluding Remarks and Future Work

5.1 - Thesis key findings

This dissertation explored three-dimensional modelling and quantification of plant structure
using Terrestrial Laser Scanner derived point-clouds. A comparison of the structural metrics and
dynamics between lianas and host trees was presented in chapter 2. Chapter 3 analyzed the structural
differences between trees living in a competitive forested environment and trees growing without
competition in open field habitats. Chapter 4 explored the structural differences generated by the
presence/absence of leaves caused by plant phenology. The paragraphs below present the main

achievements of this dissertation and their implications.

The structural dynamics of the competition for the three-dimensional space between lianas
and hosting trees in Santa Rosa National Park was assessed in chapter 2. This chapter compared
structural metrics derived from TLS point-cloud quantitative structural models from three liana-infested
trees and described the relationship between lianas and host trees as a function of the infestation
level. The trees presented different degrees of liana infestation. The chapter present metrics related
to wood components of each lifeform and found that lianas can intensely invest in structural elements
in high infestation scenarios. Here, | proposed new metrics to evaluate and compare liana infestation
in trees that avoid biases present in popular methods that use liana stem abundancy, basal area and

canopy/crown coverage.

Forests are environments where the competition for available resources is intense. In chapter
3, fractal analysis of TLS point-clouds was used to seek tree architectural differences caused by
neighbourhood competition. | analyzed datasets of trees living in forested and open-field
environments. Due to competition, trees living in forested areas are less symmetric and are less
efficient in occupying the space than the individuals living in open-field habitats without the direct
presence of competitors. The asymmetry observed in the forested trees was associated with
developmental instability during the plant growth caused by light-related competition, while the
superior efficiency to occupy the space by the open-field individuals was related to the unlimited space

availability to trees living in these environments.

Plant phenology is essential to tree broad-leaf species in temperate environments. Chapter 4

used fractal analysis to investigate the structural effect of the presence/absence of leaves on
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temperate deciduous trees caused by plant seasonal phenology process. The fractal analysis derived
metrics from a group of trees during dormant and growing season were compared to test the ability
of fractals to capture how plant structure changes as a consequence of plant phenology. During the
leafed period, trees increased their fractal dimension indicating that they occupy space more efficiently
during the growing season than in the dormant season. Plant symmetry is greater during the leaf-off

season, indicating a higher developmental instability during the growing season.

5.2 - Future directions for three-dimensional modelling of vegetation

As with any doctoral thesis, during the development of each chapter, the observations
generated a set of new questions. Here, these queries are presented along with possible approaches
to solving some of the constraints encountered during this work. The observations presented in this
section may or may not be exposed in each related chapter. Moreover, some of this future work might
help to improve the accuracy and efficiency of TLS derived three-dimensional modelling, contributing
to improve the quantification of plant biomass, and the understanding of plant competition dynamics,

and its implication for forest structure and tree architecture.

5.2.1 - Lianas Infestation

As structural parasites, the dynamics of lianas and their host trees generate challenges for the
point-cloud segmentation of each lifeform. In chapter 2 this segmentation was done manually and it
was limited to the lower part of the hosting tree crowns. This process was time-consuming and
computer power demanding since a very large number of files were created and merged until the final
segmentation was achieved. Moorthy et al. (2019) presented a semi-automatic extraction of liana
stems from TLS point-clouds, but it requires up to 30% of manual segmentation of liana wood
elements mainly concentrated on the hosting tree crown region. This is the region where the manual
segmentation is more time consuming and inaccurate due to occlusion and the dynamic between
lifeforms. Therefore, an efficient and accurate automatic extraction of liana elements from TLS derived
point-clouds is necessary to improve the three-dimensional modelling of this important lifeform. This
liana segmentation tool will need to perform efficiently on TLS point-clouds of areas presenting dense
understory since lianas are more prevalent in disturbed forests (Gerwing, 2001; Schnizer and
Bongers, 2002; Schnitzer, 2005; Campbell et al., 2018).

In densely forested areas LIDAR sensors positioned at the ground level or under the forest
understory such as Terrestrial Laser Scanners (TLS) are not able to reach the top of the canopy

properly to make detailed measurements due to occlusion (Calders et al., 2015; Novotny et al., 2021).
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The integration of TLS data with datasets from sensors positioned above the forest canopy such as
drones can provide the coverage of the occluded regions. This combination of datasets assessing the
forest from opposite perspectives would provide a complete three-dimensional view of the forest,
minimizing occlusions caused by plant density and sensor positioning characteristics of datasets

collected under or over the canopy.

The liana modelling using Quantitative Structure Model (QSMs) is challenging especially in
tree infestation caused by multiple liana stems. Moorthy et al (2020) demonstrated the capacity of
QSM metrics to assess liana single stem volume and biomass. The natural occurrence of liana
infestation usually presents multiple lianas stems climbing hosting trees (Gerwing, 2001; Schnitzer
and Bongers, 2002; Smith-Martin et al., 2019). This multiple stem occurrence characteristic of lianas
is problematic for the QSM algorithm to solve since it was developed for a single stem modelling. A
possible solution would be to segment the liana point-clouds into individual liana's stem point-cloud.
Another possibility would be analyzing TLS datasets containing only lianas using the voxel approach
to evaluate the lifeform volume and structural contribution. Due to morphological characteristics, liana
stems don't present a great variation in stem diameter before reaching the top of the canopy
(Castellanos et al., 1992; Chen et al., 2014). This constant stem diameter feature would increase the
voxel modelling accuracy since the homogeneity of diameters would fit voxels more efficiently than in

plants with more variable stem and branch diameters.

5.2.2 - Fractal Analysis of forested vs open field trees

The fractal analysis was able to identify structural differences in tree architecture of individuals
of different species living in forested environments and open areas. These differences can be
explained by the developmental instability experienced by trees in the forest caused by plant
competition (Alados et al., 1996; Escos et al., 2000; Alados et al., 2002; Seidel et al., 2019). The
Santa Rosa National Park Environmental Super Site (SRNP-EMSS) and the Area de Conservacion
Guanacaste are a mosaic of ecosystems with diverse plant communities that present dissimilar
structures varying from savannas to dry, wet and cloud forests (Claudino-Sales, 2019). Understanding
the effect of plant density and abiotic factors on forest structure and tree architecture in each of these

rich and diverse habitats is the next step | would take using the same approach used in chapter 3.

The liana infestation of tropical forested environments is well documented in the literature
(Gerwing, 2001, Schnitzer and Bongers, 2002; Phillips et al., 2002; Ingwell et al., 2010; Marshall et
al., 2020; Parolari et al., 2020; Reis et al., 2020). This phenomenon is more intense in tropical dry

environments, and the SRNP-EMSS dry forest is an example of this infestation (Sanchez-Azofeifa et
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al., 2009; Sanchez-Azofeifa et al., 2015; Sanchez-Azofeifa et al., 2017). The fractal analysis provides
metrics related to the space occupancy and symmetry of objects. These metrics are associated to the
organism structural complexity and developmental stability (Escos et al., 1995; Alados et al., 1996;
Escos et al., 2000; Alados et al., 2002; Seidel et al., 2019). A further investigation would explore how
liana infestation is affecting tree architecture and if the stress caused by lianas is increasing the

developmental instability in the already demanding and competitive forested environments.

5.2.3 - Fractal analysis of the phenological process in deciduous temperate trees

The fractal analysis algorithm used in chapter 4 was able to detect the structural modification
caused by the phenological process. Plant phenology is driven by environmental abiotic factors
including climatic and plant nutritional variables (Ghelardini et al., 2014; Peaucelle et al., 2019; Fu et
al., 2020). The dynamic of plant phenology has effects on energy, water, and carbon fluxes (Peaucelle
et al., 2019; Richards et al., 2020; Yang et al., 2022). A further study would focus on understanding
the temporal variability of temperate deciduous trees phenology by measuring annually the intensity
of this process. Fractal analysis showed to be an important tool to measure the intensity of
phenological process and it can be used to measure phenological variation caused by a given climatic

anomaly at the tree and stand level.

Another study would explore whether the life stage of trees and other plant lifeform influences
their structural arrangement and biomass allocation (McConnaughay and Coleman, 1999; Smith-
Martin et al., 2019; Hu et al., 2020). From seedling to tree senescence, plants modify their structure
to adapt to environmental changes in their habitat, such as gap opening; or to respond to their
biological cycles (Jucker et al., 2014; Cabon et al., 2018; Madsen et al., 2021). How structural changes
caused by plant phenology vary along tree life stages would be another crucial question to be
answered using fractal analysis. Therefore, understand how plant life stage affect plant space

occupancy is an interesting question to be assessed using fractal analysis.

The emerging outcome of this thesis dissertation is to display different TLS methodologies and
applications for ecological analysis. The analysis and quantification of liana infestation in tropical
forests using TLS point-clouds and QSMs was presented in chapter 2. In this chapter two main metrics
were extracted from the analysis to compare different degrees of liana infestation. The structural effect
of plant competition in trees was investigated in chapter 3 using fractal dimension and comparing
trees living in forested and open-field environments in the Neo-tropics. Lastly, chapter 4 attests the

ability of fractal analysis to detect structural changes caused by the phenological process in temperate
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regions. All those findings would be useful to bring new remote sensing tools and a better

understanding of tree architecture, forest structure, and forest ecological processes.
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