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Annotation

In the last two decades, novel terrestbaked laser scanning technologies have been
introduced for the thredimensional capture of forest states. These technologies allow us to
measure and reconstruct different parts of forest ecosystems in-dithegesional space on a sub
twig scale.Achievablehigh accuracy and details provide us with many possibilities for forestry
research and practice. However, the accuracy of mapping sdiectststructural indicators by
means of terrestrial and mobile laseanning is needed to investigatelunderstand the benefits

of these technologies.

Terrestrial laser scanning (T)L.8nd mobile laser scanning (MLBaveshown potential in
mapping individual tree dimensions (diameter at breast height (DBH), tree height, biomass) of
living, standingtrees Automatedtools are available for mapping individual trees at maximum
accuracy. However, the benchmarking of these toedsid4o be done to encompass variousput
parameterselated to the applicatian forestry. The 100 % tree detection rate using TLS and MLS
is also in the queue to be solved, especially concerning the different forest structures and
complexity leves. The total time and cost associated with TLS and MLS devices have a lot of
impact on the quality and quantity of the data. There is a lack of protocol for the data acquisition
and processing using TLS and MLS in the forest ecosystem. Also, TLS hasrbeem jo solve

the biomass saturation problem at the plot level by integrating with other datasets.

Thereforethis study focused on different aspects of data acquisition using TLS and MLS
Automated point cloud processing tools were compared, and a user guide and manual were
preparedA methodology was developéalcreate a database of existing processing solutions and
benchmark their accuracy regarding forest parameters extrasttmmparative analysis was also
conducted on th@LS and MLS devices. Later, a methodology was developed to showcase the
significance of DBH and different tree species. Fertimalysis was done to overcome the biomass
saturation problem witimtegratingTLS and ALOS PALSAR data and achieved gitemising

accuracy for abovground biomass mapping.

Further research is needed to explore more complex forest environments to check the
applicability of the developed methodologies on a larger scale. The benchmarking of automated

point cloud processing tools needs to be revised timely as new tools weldlepled. Othefiorest



structural indicators should be checked with the developed approaches, and further analysis and
relations need to be finalized to see the effect of modern technologiprest ecosystem

monitoring and management.

Keywords: terrestrial laser scanning, mobile laser scanning, diameter at breast height, tree species,
tree height, biomassgcclusion, point cloud
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1. Introduction
1.1 State ofthe art and motivation

Forest resource information is collected at various scales, i.e., stand level, regional level, and
countrywide, to plan and manage various ecosystem services and improve forest management
(Toivonen et al., 2023)Potential information on timber harvesting is also important for the
regional and forest levels. Also, understanding terrestrial ecosystems functioning and physical
changes due to climate change and monitoring leads to the quest for 3D informatioasbn for
structure (Verbeeck et al., 2019). Forest structural indicators are measures used to describe the
distribution and arrangement of vegetation and the physical attributes within the Karesh et

al., 2022) The forest structural indicators are tree heidiatmeter at breast heigli2BH), canopy

cover, basal area, stem volume, biomass, species composition, etc. Forest structure as a 3D
complex can be described in two sections: vertical and horizontal structures. The vertical structure
describes the vertical distribution of vegetation infdrest ecosystem. The vertical profile of the

forest provides very hiepth information on the inteelation of forest ecosystems and
biodiversity, whereas horizontalrgtture defines the horizontal profile of the vegetation in the

forest ecosysterfPalace et al., 2016).

Forest structural indicators play an important role in the regulation and presence of biodiversity
and in maintaining the microclimate of the forest ecosystem. They provide approximately 80% of
global terrestrial biodiversity and fundamental ecosystemricgs¥o society, such as recreation,
climate regulation, and timb@alvanera et al., 2014forest structure also significantly regulates

the occurrence and distribution of species and provides breeding sites. Also, it provides resources,
niches, and shelter from predat@velin et al., 2014)However, the more significant number and
variability of niches are directly proportional to the presence of a greater diversity of species
present in the fore¢btein et al., 2014 Extracting such detailed and fine scale information requires

a high precision of measurement.

The measurement of such a large scale and fine scale is critical armbtimening. The ground
sampling method for the reconstruction eD3vegetation characteristics is a cumbersome and
resourcedemanding procedure; furthermore, it may compromise poectie to the possibility



of manual measurement errors. However, current remote sensing methods include both active and
passive sensors, which provides a possibility to measure the assessment of biodiversity of forests

at a large scal€Turner et al., 2003)Light detection and rangin@-iDAR), as an active sensor,

provides the measurement of vertical and horizontal vegetation structure of the forest at the
landscape scal@Bergen et al., 2009)Previously, the qualitative representation of 3D forest
structures was explicitly available. The hairawn tree archetypes were used as a representation
(Hall ® et al ., 1978), and the conventional me t
tools such as calipers and clinometers. The traditional methods areintmive and

cumbersome.

Later, the development of therrestrial laser scannérl(S) provided 3D information on trees and
forests, which provides idepth information. Initially, the research was focused on tree parameter
retrievals, such as tree height and DBH. However, the focus later diverted to tree volumetric
assessment and abovegnd biomass estimation (Gonzalez de Tanago et al., 2018). Currently, the
applications also include the modeling aspects of branch architecture (Lau et al., 2018), habitat
assessment (Ashcroftat, 2014), forest fire modeling, or the quantification of fuel load (Y. Chen

et al., 2016).

The forest structural indicators are an inseparable entity in forest management and proteztion.
ecological insights from the 3D measurements challenge the potential of TuSaodild laser
scanner NILS). A study by (Verbeeck et al., 2019) showed that TLS can be used as a structural
information source to understand the descriptive orientation of the axis of structural traits in woody
plants. LIDAR has also been used to profile forests to understandicsititn and its role in the
balance of the forest ecosystem. LIDAR application is of wide ranges. Starting from habitat
selection, such as the specific pattern and ecological niche decided by the mammals in the forest
ecosystem. It has also been usedewolve the unsaid truth about the habitat requirements of
mammals (StobaVilson et al., 2021). Also, biodiversity population monitoring can be done using
TLS. In this regard, a study has been done on butterfly population monitoring (Hristov et al., 2019).
Due to pollution, slight changes have been observed in the physiological patterns of the plants and
trees. So, (Hofman et al., 2014, 2016) have done modeling of particulate deposition on the leaf and

its consequences.



The multitemporal TLS or MLS data can also provide the 4D data for canopy structural dynamics
to understand the canopy structure of the tree. Combiningimealmonitoring with spectral
information can be used to analyze relationships between struahddunctional tratbased
analysis (Calders et al., 2020).

The environmental changes can be assessed using continuous monitoring of different ecological
indicators, helping to identify actual ecosystem conditions and changes that can potentially lead to
irreversible transformation (Dale & Beyeler, 2001; Ratajcetlal., 2018).Here, the role of
modern data acquisition technologies has started to be increasingly recognized and appreciated.
For exampl e, forest Ahealtho and resilience
functional diversity of the ecosysh (Espelta et al., 2020), and many of these features can be
derived using advanced data acquisition methods such as TLS and MLS. The use of TLS and MLS
in forestry is a revolution in lidar technology. This technology is more affordable and faster. It can
provide autonomous observations which creates a possibility of forest inventory from stand level
to regional level. It also identifies the statiethe-art methods for various applications in ecology

and projects on their various current issues and bettkenThe Spectral Variation Hypothesis

says that spectral heterogeneity over the different pixel units of a spatial grid reflects a higher niche
heterogeneity, allowing more organisms to coexist (Rocchini et al., 2021), suggesting an
interesting link between neote sensingpased data and ecological properties. The-reelbgnized
relationship between an indicator and indicandum (e.g., the indicated characteristics of
biodiversity; Bastianoni et al. (2012)) suggests that, for example, deadwood volume and/diversit
and saproxylic beetle species richness are closely correlated (Gao et al., 2015). However, options
for high-resolution mapping of deadwood parameters remain largely unresolved (Marchi et al.,
2018). Therefore, research is required to understand the exitgpbf the interaction between

forest dynamics, ecosystem services, and humarbeglh (Carpenter et al., 2009).

Generally, three fundamental aspects are considered to shape the adaptation of any new
technology. Firstly, the overall time requirement for the data acquisition, equipment cost, and data
postprocessing. Secondly, the significance of the data collected from the fielldl $feosimilar,

surpass the conventional method, or provide some added advantages. Lastly, the tree attribute
information should be precise enough to support the deeamsaking in forest management
(Knoke et al., 2010)There is an intimate relation between thdsee aspects. The question

remains regarding the potential use of MLSs in forest ecosystem applications. But it also has shown



the possibility of improving the quality and quantity of the reference data collection in the forest

inventories because it is faster and provides a level of detail of tree strustiiough literature

review was done considering all the sections of this chapter, arstatistics on the number of

publications focused on forestry and tree metrics using TLS and MLS are shbigaral and

Figure2. The keywords used to search in the Web of Sciences are mentidradxeiri.

Tablel: The Keywords used to searchWweb of Sciences

Technology | Search code Focused No. of
area Publication
MLS TS = ("mobile laser scann*" OR "personal laser star®R "handheld laser| Forestry 334
scann*' OR "backpack laser scann*"* OR "backpack lidar" OR " mobile lidar")A
TS= ("forest” OR "tree" OR "forestry" )
TLS TS = ("terrestrial laser scann*" OR "terrestrial lidar" OR "TLS" ) AND TS Forestry 1637
("forest" OR "tree" OR "forestry")
TLS (TS = ("terrestrial laser scann*" OR "terrestrial lidar" OR "TLS" ) AND T§ Tree metrics| 392
("diameter at breast height" OR "dbh" OR "tree height")
MLS TS = ("mobile laser scafhOR "MLS" OR "personal laser scann*" OR "hahéld | Tree metrics| 86
laser scann*") AND TS = ("diameter at breast height" OR "dbh" OR "tree hei
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Figurel: No. of publications in the preceding yebetween Januar3004 toJanuary 2024ocused on

forestry using TLS and MLS
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Figure2: No. of publications in the preceding yebetweenlanuary2004 b January2024 focused on
tree metrics retrieval in forestry using TLS and MLS

1.2 Hypothesis

The study focused on the following hypothesis:

1. The use of static and mobile laser scanning will significantly advance mainly in the field of

mapping trees' positions and dimensiolts contrast,mapping of features such awee

parametersemainsunderstudied.

2. Options for mapping the parameters can be substantially improved by the fusion of different

data sources (e.g., point clouds with images)

3. Terrestrial laser scanning will provide more accurate and reliable data with lower estimation

errors when compared to mobile laser scanning.
4. Mobile laser scanning will be mosedficient during the data acquisition and will provide the

required accuracy.

1.3 Objectives

This dissertation aims to develop new methodologies for measuring different trees and stand

parameters, which can be instrumental in furfloeest ecologyresearch. We mainly focus on



using Terrestrialand a mobile laser scanner and the fusion of acquired data with other data sources.

The following objectives will be addressed:

1. To review existing scientific literature asgnthesizeéhe current option for mapping variables
of forest parametersising terrestrialand mobile laser scanners and identify the major
knowledge gaps.

2. To establish experiments focusing extraction ofindividual tree dimensions of livingnd
standingreesfrom point clouds of terrestrial amdobile laser scanneasnd fusion with other
data sources

3. Tocreate a database of existing processing solutions and benchmark their accuracy regarding
the forest parameters extraction

4. To explore options for estimating tree heights and diameters, aboveground forest biomass,
and other parameters and formulate recommenddomstegration intaforest practice and

research.

1.4 Thesis structure

The structure of the thesis is compiled in the form of chapters. The first chapter is a literature
review and consists of an-@epth description of the previous and current work done using TLS
and MLS. The second chapter is a methodology that entaifsitfioemation on the study areas

used in this thesis and a description of the basic conceptual and methodological framework. This
chapter also includes an overview of the statistical methods used for the evaluation of the results
in all the papers related this thesis. This chapter is further elaborated in the individual sections
where each paper is described in detail. The other chapter includes results, all the papers included
as an output of this thesis objectives are mentioned and described irsdgtehce. There is
another chapter on the discussion; this chapter includes an overall discussion of all the paper
outcomes focusing on the key findings, knowledge gaps, and methodology limitations.
Furthermore, the thesis also compriseschdpters on iternational collaborations and additional
achievements during the study. Lastly, the Conclusion and recommendation is included to

summarize the overall concept, findings, and future scope of the thesis.

2. Literature Review
This chapter includes the basic principle of TLS and MLS devices in section 2.1.1, and different

data acquisition methods are explained in section 2Th@.processing@f point cloud data is

6



divided into two subsections; section 2.1.3 describes thprpoessing and data analysis of TLS,
whereas the prprocessing and data analysis of MLS is described in section 2.1.4. The post
processing steps are explained in section 2.1.5 and itsestitns. Thereafter, LIDAR data
technology at various scales is explained in section 2.2. Furthermore, an emphasis is done on the
LiDAR data fusion with other data; later, it is focused on the potential of synthetic aperture radar
(SAR) data fusion with TLS.

2.1 TLS and MLS principle, Sensors, and Systems

TLS is based on the laser range measurement technique and measures its surroundings using
LiDAR and angular measurements using the optical beam deflection method to acquire 3D points
from the surface of the tree in the forest and other objects. Unlike TLS, MLS is used for mobile
data collection fitted with LiDARcamerasand other remote sensofidie principle for range
detection is based on two principles. The two main techniques involved in the measurement of
range using a laser are tiroéflight (TOF) and phase shift (PS). The main difference between
these two distance measurement technologiethat PS measures distance more accurately;
however |t is subjecto noise in the data, whereas TOF provides a greater data measurement range
(Magaszek .et al ., 2022)

In the PS technique, the range is discerned at high frequency through amplitude modulation and
the continuous illumination of the laser. In contrast, the TOF measures the range with the precise
timing from the pulse time of flight and speed of light. In H/Ghe emitted radiation is
backscattered and recorded as a single return at the receiver end, but it could be recorded as several
returns (single, last, and intermediate) by exceeding the detection threshold. A single return
provides less information abbthe interacted object. In contrast, the multiple returns provide
dense point cloud data and information, especially in the vegetation, because the backscattered
signal interacted with the target inside or behind vegetation. The signal returns anete tism,

but they could be digitized at the receiver end resulting in waveform data. The waveform includes
additional information on the interaction between the target and the laser pulse concerning the
discrete form(Petrie & Toth, 2017).

In MLS, there are terrestrial and airborne laser scanners. Most terrbag@d laser scanners are

enabled with the SLAM (Simultaneous Localization and Mapping). SLAM is explained in detalil



in section 2.1.1. It offers precise positioning of the scanner in the forest bgt@haenavigation
satellite system@GNSS is inaccurate inside the forest. MLS system is often associated with one
or more laser scanners, iaertial measurement unitMU ), and GNSS, which offers the rdahe
positioning of the scanndr For s man et al ., 2016; Kukko et
Several types of MLS have been used to estimate forest parameters, such-dmpbdiseanning,
vehiclebased scanng, backpack MLSynmanned aerial vehicl&AV)-based, hantield mobile

laser scanner, etc.

In handheld mobile laser scanner (HMLS), various other terms were used, such deeldhlaser
scanning (HLS), hanteld personal laser scanner-piS), wearable laser scanning (WLS), or
personal laser scanning (PL&ollob et al., 2020)Furthermore, the vehicles need more access

due to inaccessible areas in the forest, which hinders data acquisition. This limitation motivates
the invention of something that can be carried by humans as operators and referred to as PLS. So,
the first PLSwas invented andas large and heavy (~30 k@jukko et al., 2012; Liang et al.,
2018)rhere are several HMLS systems available in the market (ZEB1,;REBBO, ZEBREVO-

RT, ZEB-HORIZON) and evaluated in forest conditions.

In backpack MLS, there are different methods for data collectibyg.y p p 2 et al
demonstrated a method based on a poéseed 2D laser scanner tilted from the vertical and
mounted on a backpack. However, there is a major drawback with MLS, which is mapping the
point cloud that has already been mapped in the previous steps, therebgimgthe positioning
errors. So, SLAM corrections were also used to reduce positioning errors. Basically, in the forest
area, the tree occlusion often deterioratesGNSS signal and causes an interruption in forest
mapping. So, the SLAM problem arises due to the requirement of estimation of the location of the

MLS point clouds while mapping in the fordSthao et al., 2020)

2.1.1 Simultaneous Localization and Mapping (SLAM)

A SLAM is acomplex algorithm used for the mapping of an unknown environment and localizing
and mapping a device in that environment. SLAM was initially incorporated in robotics; the
movement guess was initially based on wheel odometry, and the corrections wereitmae w
help of cameras and lidar sens(Zbheng et al., 20233LAM technique was incorporated into the

MLS mapping system to compensate forriegpping issuem the forest ecosysteni&uan et al.,
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2013) There are various types of SLAM algorithms and approaches available, such as Graph
SLAM, EKF SLAM, Fast SLAM, Topological SLAM, Visual, 2D LiDAR, 3D LIiDAR, and ORB
SLAM. Also, the filterbased and grapbased methods are common SLAM techniques. In the
filter-based method, the common filters usediaeextended Kalman filter (EK) (Kohlbrecher et

al., 2011) andhe Particle filter (PF) (Grisetti et al., 2007). The examples are Hector SLAM and
G-mapping respectively. The two methods are related and rely on the assumptions of the robot
motion modeland sensor noise and usuallgonsider the motion relationship between adjacent
data.

There arafew issues with the filtebased methods while violating the assumption and execution
of loop closure. There is difficulty in addressing this method. Additionally, it also increases
memory consumption and computation. So, another method tiaéigchph method became very
populatr which worksby combining all the poses of the scanner at diffetemésandexecuting

loop closure and then the elimination of cumulative error is done by optimization of poses. For
example KartoSLAM (Konolige et al., 2010) and Cartographer (Hess et al., 2016). It also
resolves memory consumption and computational issues by combiningapdsggimization in
reaktime. Apart from this, it also has some limitatioimsproviding highly accurate positioning
and mapping results which makes it unfit Eomapping environment like forest. However, the
bundle adjustment (BAnethod has alsbeen widely used to correct SLAptoblems In this
method, nonlinear optimization is perform@doptimize the features and poses of the scanner

simultaneously

The nonlinear optimizatiorelieson the matched features apwbducesmaps of high accuracy.

The lidar odometry and mapping ieattime LOAM) methodis a verygood examplein this

context (J. Zhang & Singh, 2014yhich selects the line and plane features on objetaceshat

consist of stable and distinct features to estimate the motion of a scanner and obtains highly
accurate mapping results indoor and urban scenarios. Howeveristhecertainty in the forest
mapping because of the presence of highly similar objsotdt is difficult to extract reliable
features from the object surface. Also, the scan match can falthetocal optimum due to
inaccurate corresponding pairs. Moreover, the challengeseasxrendingas another hurdle in

SLAM occurs while data acquisition by considering global optimizaaod it ischallengingto

avoid error accumulatiotdowever there are other methods availathiiatwork on multiple loop
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closure detections to maintain global positioning accuracy{Mtal et al., 2015). Alsoin other

studies related to gragiased SLAM to correct the GNSBIU trajectory drift, the initial
movement guess is made with the trajectory calculated from GNSS and IMU measurements. In
this technique, the GNSS maintains the global position accuracy, whigyx@dMU provides
altitude information, which ikelpful for the orientation of the laser scanner. The drift is gradual
and can be measured or corrected using the initial trajectory to extract tree stems from the point
cloud whenever the trajectory drifts away from the real trajectory that is measurediinpesbd.

The initial trajectory could also have an error, so the trajectory loops enable the correction options

as trees are static objects (Kukko et al., 2017).

2.1.2 Data Acquisition Methods

In the TLS instrument scanning mechanism, the instrument scans stepwise in a horizontal and
vertical direction. The instrument measures vertically using a fast mirror rotation and slow
horizontal instrument movement. The instrument starts the laser beaveitical direction from

the scanner zenith and rotates to the lowest scanning position below the horizontal plane of the
instrument. Then, the instrument scans continuously to the scanner zethithotimerside The

i nstrument scans at 180A in the horizontal
mechanism and the point cloud of the forest are showigure3 (Liang et al., 2016).
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Figure3: The TLS data acquisition mechanism and point cloud data. Source: (Liang et al., 2016)

TLS has been used to acquire tree attributes and forest parameters. The data acquisition scheme is
reliable on the two basic principles, i.e., TOF and PS. The scheme encompasses the three types of
dataacquiring methods, i.e., single scan, mattan, andanulti-single scan, shown fFigure4. The

single scan approach is performed to place the scanner at the center of the plot and acquire the full
(360 x 310) view of the plot. In the muKtan, the scanner is placed at the caartidthe different

corners of the plot to acquire the point cloud at every direction and, therefore, minimizes the
occlusion effect. The muiBinglescan approach relies on multiple single scans performed in all

plot directions Acquiring a plot using a muiscan or multisinglescan approach leads to very

good data quality, but it is tirr@onsuming. All the mentioned approaches are showigimre4.

() (b) (©)
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Figure4: Scanning scheme of the plots (a) single scan approach, (b) multiple scan approach.-(c) multi
single scan approach (Liang et al., 2016).

In MLS, the acquisition of 3D data is possibly ddayeemploying several laser scanners mounted

on a mobile platform. The main goal of mobile laser scanning is to record the 3D data of object
surfaces. The expected requirements could be the high resolution and high accuracy of the
registered data, automaticgrstration of 3D data in a common coordinate system, and time
efficient data acquisition in expanded target areas. The MLS instrumenb@aoth with IMU or

global positioning systenGPS. The IMU or GPS measures the exact posiéindorientation of

the mobile platform within the geodetic systarmrld geodetic systemINGS84. There are two

main components of a differential GPS system, a stationary base station and a rover on the mobile
platform. It alschas at least one laser scanner, providi@ line scan mode. The platform should

be rigid andshockabsorbing It could have been mounted with an optional synchronized digital
photo camera. The scanning scheme varies depending on the instrument and the type of forest.
The most often scanning scheme used is the serpentine which is shBignram5. The main

purpose is to reduce the occlusion of the trees and solve the time constraint due to the mobility of
the device (Hyypp? et al., 2020b)

Moreover researchers have used different scanning schemes in previouststadies the entire

plot and each tree. The serpentine scanning approach by (S. Chen et al., 2019) lasted approximately
5 minutes,including the system initialization. There are alternative approaches have been tested
(Bauwens et al., 2016) have acquired an approastarmingn a circular pattern and took 24 min

per plot, and Ryding et al. (2015) acquireftese-walking approach to form a closed loop by
starting and ending at the same point. It took them ~4m to complete the plot having a 15 m radius.
The average time required to scan plots of 30m, 15m, and 10m was also estimated (Del Perugia et

al., 2019). The descriptioof scanning schemes is showrkigure5.
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Figure5: Examples of scanning trajectories acquired by recent studies using HMLS. $oBreel eno v i |
et al., 2021)

2.1.3 Preprocessing and data analysis for TLS

Currently, the hour of need is the automation of the 3D data; due to the large size and time
consuming processing, new and robust algorithms are required to switch to automation in the 3D
world from manual dependencies. The need for automating algorithnexttact structural
information from an object is equally important, as is sensor development concerning forest
monitoring from different perspectives. Generally, the plot is extracted from the mergectplot,
registered point cloud of multiple scans in different directions. Theegistration is possible
because of the available4p®ints in different directions. These are highly reflective objects which
are easy to differentiate. However, a new rangestfuments, such as Leica BLK360 and RIEGL
VZi-series, does not require this manual practice oefegestration. They provide onboard

registration (Calders et al., 2020). Then, the individual tree is extracted from the merged plot, and
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noise filtration is done to avoid unwanted objects. Then, all the necessaipreposdsing is
performed accordingly. TLS has alsllowngood potentiain the crownvertical profile model in
one studythecrown radius was measured and compé#odtereference crown radius and found
to beR? of 0.93 whichshows a great potential to extract informatiothatrown level using TLS
(F. Wang et al., 2023).

2.1.4Pre-processing and data analysis approach for MLS

The preprocessing and data analysis for MLS is different from the TLS. Thegistration of

point clouds is done using a SLAM algorithm where alignment and match of pair scans are done.
This process is known as point cloud registration. The data drifting from the real trajectory is
maintained in this step using SLAM. Since it is difficult to apply any automated modeling without
further geometric improvement (Liang et al., 2012). The graphMbbAtimization method was
implemented in detail by (Kukko et al., 2017); the graph represents the features (tree stems) and
the trajectory. Furthermore, the positional accuracy of MLS was also tested under the forest
canopy, and it was found that the SLAM algorithm integrated with IMU showed a planer
positioning error of less than 15 cm and a vertical error €8A06m. This concluded a netat a

better GNS$hased global positioning inside the for@duhojoki et al., 2024)

2.1.5 Postprocessing

Postprocessing includes measuring the tree parameters in the forest regions with the Lidar

technique, which is explained in the followingcsons

2.1.5.1 DTM Generation

The DTM is the 3D representation of terrain elevation on the earth's surface. In theopessing

of Lidar data, the first step igenerating DTM, an important information source in forest
management planning amaventory. While measuring the forest parameters, the analysis also
includes finding the ground level necessary as the reference level in further computation and
analysis. DTM is considered the reference level. The generation of DTM is done successfully by
using Airborne Laser scanning (ALS), but TLS and MLS are still emerging in this field (Murino

& Puppo, 2015). The extraction of DTM in forestry involves several steps. Firstly, the separation

of ground and canopy is required before fine DTM extractidonested terrain. Then, detection
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of the ground points and interpolationtofal ground points from neighboring ground points is
done (Xi et al., 2016).

Additionally, different algorithms and methods are emerging using TLS to improve the generation
of DTM. The accuracy of DTM in dens®restsis questionablebut (Guarnieri et al., 2012)
demonstratethe potential of TLS to provide DTM in dense vegetation using ftarget
capability. Recently therehas beera trend of the fusion of datasets ahe collective use of
several devices for the improvisatiohthe results. So, in this context (Jurjevic et al., 2021) used
TLS, handheld personal laser scanning (PLShh, GeoSLAM Horizom) other devices for DTM
generation. The results provedachieve< 15 cm of RMSE anad normalized median absolute
deviationof <10 cm. Since TLS acquired data with more precision and accuracy, its spatial
coverage is limitedwhich was improvised using MLS. In the other contéatimprovethe
accuracy of stem detectipa voxelbased method was used for the generation of DTM using
backpack MLS ( HyThgstpdy (Piotti etall, 2013) shdv2ddhat. TLS has always
been used extensively for the generation of terrain and surface models, since the research in the
field of LIDAR started.

2.1.5.2 Automatic Tree reconstruction

The automatic tree reconstruction requires geomeimcaleling So, a single tree imodeledin

steps, a small piece of a tree trunk is reconstructed, and themexietedin the direction of the

tree growth. Generallytree modelingapproaches include skeleton, circle, cylinder, or another
geometric primitive (Liang et al., 2016). In this approach, the 3D structure of the tree is exploited.
The software and algorithms are available to do the same. For example, Treeseg is usdd by (Bur
et al., 2019) with a different approadnd theyconsidered the stem pointkseto the ground
instead of dividing it into clusters as a possible tree. Generic point cloud processing techniques
such as principal component analysis, rediased segmentation, Euclidean clustering, shape
fitting, and connectivity testing were followed &xtract the tree. The segmented point cloud is
shown inFigure6. These methods generally require manual intervention and quality control. The
more complex the ecosystem is, the more manual assistance will be required.

Moreover, the QSM algorithm can also be used to model the tree point cloud after extracting the
tree. However, QSM quality depends on the quality of point clouds. In a few cases, the QSM fails,

such as in buttressed trees in tropical forests (Disney 204B), so insteaof meshbased models
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advised (Liski et al., 2014), QSM was also tested with the MLS, but the resolution was not
sufficient to generate QSMhe QSM generated with TLS and MLS point clouds are shown in
Figure8. The estimation of DBH using cylinder fitting produced a 3.7 cm standard deviation for

a treeshown inFigure7 (Bienert et al., 2018).

An automatic opefsource package is available to determine basic tree structural metrics such as
DBH, tree height, projected crown area, and diameter above buttresses. This tool works with
QSMs (Terryn et al., 2023). The combination of point cloud acguisgources and QSMs has
shown great potential for understanding the forest structures; in this context, Tree QSM and
AdQSM methods were used to make 3D tree madds et al., 2024)

The extraction parameters also include leaf segregation from the tree point cloud. The current
stateof-the-art for leafwood separation requires machine learning (ML) and other computer
vi sion approaches (B®Il and e 202@) tried,uns@pérnliséd MLBe |l t o
algorithms over supervised for the leaf wood separation or classification in a tree.

The skeletonizing method is also used to derive the tree structural metrics, which are mainly
focused on the branching architecture. The method mainly derives a graph comprising geometric
information of the vertices and edges from the point cloud (Budkddhdenbergh, 2008). Other
software and algorithms are available to deal with the same, such as TreeQSM (Calders et al.,
2015) and Simpletree (Hackenberg et al., 2015) to extract tree structural metrics, tree volume, and
topology. Both techniques rely ditting the cylinders. Additionally, CloudCompare (Girardeau
Montaut, 2015) and 3D Forest (Trochta et al., 2017; Yurtseven et al., 2019) are also available and
are opersource software to extract tree structural parameters.

There are various other algorithms available for tree skeletonization, such as DBSCAN, a
clustering algorithm used to make tree skeletons using TLS \aiteet al., 2028 To understand

the physiological function of trees, it is important to segregate leaves and wood. Also, to measure
accurate individual tree biomass. LWSNet was proposed in a study to segment leaves from the
trees and found an F1 score of 97.2@%ng et al., 2023)
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(b)

Figure6: (a) and (c) show an above view of the forest point cloud, (b) and (d) show a side view of the tree
point cloud. Source: (Calders et al., 2015)
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Figure7: (a) A comparison of DBH measurement using TLS and MLS and DBH manually, (b)
comparison of tree height using TLS and MLS. SoufBinert et al., 2018)
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Figure8: (a) and (c) point cloud of the leaf off and leaf on@arpinus betulusFagus sylvaticaand
QSM using TLS, respectively. (b) and @bint cloud of the leaf off and leaf on fGarpinus betulus
Fagus sylvaticaand QSM using MLS, respectively. Sour(@ienert et al., 2018)

2.1.5.3 Forest Metrics Retrieval

Forest metricsonsistof measuremerdf DBH, tree height, stem volume, stem quality, stem curve,
stem detection, stem density, and biomass. Earlier, the focus ofatagzlevice applications

the forest was to measure tree attributes. The measurement of tree attributes is performed with the
TLS, MLS, and other related devices. However, tree speagegificationandchangedetection

over time are equally important these days.
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2.1.5.3.1 Stem detection, stem quality and density

The stem detection in a plot is an integral part of the plot measure@antsdetection is highly
correlated with steam density and forest typke higher the density of the forest, the more
uncertairthe detectiomf thestem. So, it varies with the type of plot and its stem density. The type

of forest could be generally oft@pes: sparsalense, and very dense. In the sparse forest, the tree
allocation probability could be 80 % with a stem density 0f200 stems/ha. For the forest type

of very high density, it may be around 70 % with a stem density of 1000 stems/ha. With the support
of thesetests 28 circular plots with a radius of ZZb m were performedt has been concluded
that the average stem detection rate was 42%
(2012) have also done a test for 9 circular plots with a 10 m raolida 73 % stem detection rate

was reportedand usinga 5 m radiusit has been improved to 85 %. This concluded ttain
detection accuracy is a function of range in the single. dnaanother study, it has been proven

that the most accurate range for stem detection is 6 m (Astrup et al., 2014). The detection rate
decreased as wecreasedhe distance of the scanner from the tree in a single scan (Olofsson et
al., 2014). Hence, the range is a functiorthaf stem detection rate. In the multiscan mode, the
stem detection accuracy could be between 62.1% to 100%, provided the type of forest and scanning
setup needs to be considered (Maas et al., 2008). MLS also proved to be an efficient device for
stem detectionS. Xu et al. (2018) exhausted MLS data for stem detection in residential
environments and achieved completeness of 94a2déorrectness of 95.7 %.

Similarly, stem quality is also an important tree attribute. It shows the health status of the tree. The
stem quality check can be regulated based on the status of fungal infextipnesence of fungus,

rotten branches, etc. TLS proved to be a fundamental device for this purpose and has shown its
potential for the identification of stem form (taper, sweep, and lean) (Liang et al., 2013)and bark
character i st iOt43. It arbalsd e gdedefor the classification a2 wood defects. The
trees were also classified based on their timber quality into 3 clagsesighquality timber,

timber, and pulpwoadvith an accuracy of 95 % to 83.6% (Kankare et al., 2014)

The measurement of tree stems is important not only for commercial purposes but also for
biological purposes. A comparative study was done using mobile and terrestrial laser scanners for
the modeling of tree stem taper. The results showed that MLS was$fiom@nt for taper models

but worked well for sampling DBH and reconstruction of stem nj&fmsvall, MacFarlane, et al.,

2023.
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2.1.5.3.2 DBH and Tree Height

DBH and tree height measurement is the most crucial part of tree attribute retrieval. There could

be any possibilityof error being commissioneduring the measurementhe most reliable
instrument needed to be deployed onboard to reduce this uncerfdi8tand MLS proved to be

the most accurate devices for this purposdot of studies have been dome support this

argument. In support of this, (Yao et al., 2011) have done the DBH estimation using TLS for 28
plots at tree level and mean plot level. The RMSE obtained for the estimation was 7.6 cm and 2.4
cm, respectivel y. Anetah2I2wasdonedtytree(leval eamhrgeyp Hy y p p
with the RMSE of 1.3 cirand the bias recorded was 0.2 cm. There is the same process to measure
DBH and stenturves Stem curve detection is also a very significant part of forest inventory. In
support of this context, (Henning & Radtke, 2006) studied 9 pine &megshe spruce tree.

Different modesof scanplay a very vital role in this context. The single scan TLS data has been

used and observed that the RMSE of the stem curve measurement was 4.7 cm (Maas et al., 2008).
Regardingthe tree height measurements, there is uncertainty with the accuracy because of the
improper visibility of the treetops in the TLS data. The tree heigatemeasuregand the RMSE

obtained was 0.75 m #tetree level (Moskal & Zheng, 2012) There is evidence for the accuracy
improvement in the sparse forest (Fleck et al.,, 2011; Huang et al.,, 2@hapsit is still
guestionable in the dense forest because of the tall and dense canopy trees provide a tindrance
measure the treetops of short trees in dense forest accu@abidering the slant range effect,

there could still be some possibility for the argum&hie reliable point spacing should b& tm

level at the treetops to capture the smallest branches at the top. With the multiscan approach, the
possibility can be enhanced to a remarkable point or with the integration of ALS data.

MLS is also used for the DBH measurement, and several studies have supported this new
technology. So, a comparative study has been done to perform the field reference data collection
using HMLSandbackpack laser scanner in the boreal forests and compared the RMSE of MLS
andUAVof28 % f or DBH measurements (Hyypp?2 et al .,
performed on an individual tree to extract biophysical information such as tree heightefaB

using MLS and TLS (Zhong et al., 201 An automatic approach was tried using algorithms
(cylinder, circle, ellipse fitting) and machine learning models (e.g., random forest classifier) for

the estimation of DBH and number of trees and found that 92.5% of 292 trunks were correctly
classified (#ybek & Vatandaxkl ar |, 2021) . The automat
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provide a better understanding of the analysis of point clouds. In the process of making automatic
processing tools, deep learning plays a very important role, Pointnet ++ is a deep learning semantic
algorithm that is used for the segmentation of the tiessudy was conducted using Pointnet++
segmentation and concluded that this algorithm works well with tree segmentation (Krisanski et
al., 2021).

2.1.5.3.3The estimation of stem volume

The stem volume estimation is very significant in terms of forest biomass estimation. Several
studies focused on the automated and manual methods for stem volume estimation. The stem
detection and its accuracy are highly dependent on the scan mode. Awstsigyerformed
(Pueschel et al., 2013) to compare the radéin angingle scanapproachthemultiscan approach

on 6 beech trees for volume estimation reported deviations ranged from 2%wihé&8éas with

the single scan results observed deviation was 34 % to 44 %. Also, in a study (Astrup et al., 2014)
a single scan was performed for spruce, yanéd birchtrees andthereported bias was 68.0, 14.9

and 24.1 di Stem volume was also estimated using allometric equations which are the function
of DBH and tree height.

The studies performed using TLS showed that stem volume estimation is as accurate as destructive
measurement methods and allometric volume models. TLS does not rely on any predictor variables
for volume estimation. Also, the estimation of height at thelelel is difficult using conventional
measuring deviced.he DBH estimation model was developed using Airborne Laser Scanning
(ALS) and TLS data. Allometric models were combined, and the spectral attributes were derived
using Landsat and ALS data. The result was evaluated with four forest growth environneents, an

different regression models were used to compare accuracy (Y. Wu et al., 2023).

Moreover, the irregularity of the stem is usually ignored while the estimation of stem volume, the
tetrahedron model was used with stem segments for the estimation of stem volume (Using et al.,
2023). The tree specispecific allometric equation modelingas done using a negestructive
method using TLS, and the results concluded that TLS biomass estimates with RMSE ~ 19 % were
more precise than the nation scale allometry (RMSE ~39%) (Stovall, Vorster, et al., 2023).
Another study was conducted on a raestructive approach for the estimation of individual tree
volume using TLS data. Comparison of QSM with 60 trees references allometric models, TLS
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based geometric parameters of the stem, coarse wood, and fine branches was considered. The
results showed that the integration of crown parameters in allometric models can improve the
branch wood volume (Bornand et al., 2023). Considering the MLS datspd¢lee and accuracy

of the device make it more reliable for forest inventory. The device was tested for the estimation
of hardwood volume and concluded that SLAM based MLS systems are suitable for forest
inventory and support igitu measurements of tre@g&andendaele et al., 2022). MLS devices are

also capable of tree detection in complex forest environments such as the Mediterranean mixed
forest region due to the variability in the tree allometries and spacing and the presence of natural

regeneration (Tupn a f8b gn»es et al ., 2023) .

2.1.5.3.4 Biomass estimation

Biomass is a function of DBH, tree heighnd tree specieéllometric models are extensively

used for the estimation of biomass and completely relyemstructure parameters. Most of the
allometric models are specispecific. Howeverthere is a question to establish an automated
method to estimate biomass that is completely based on the structure of the tree and not the species.
TLS has been extensively used to automate this process. The research continuously approaches
sharpening thaboveground biomass models. In this context, (Yu et al., 2013) developed a model

to predict the stem biomass and compared it witHi¢he-estimatedralues. The RMSE obtained

for the prediction model using TLS was 12.5Whereas the RMSE obtained using the fieésed

biomass equation was 17.9 %. This study also says that the branch biomass can be evaluated in
the same manner if the branch point claidense.

Additionally, (Kankare et al., 2013) showed results for the branch biomass estimation using
metrics derivedrom TLS point cloud data and obtained overall accuracy was 12.9 % and 11.9 %.
Also, Hauglin et al. (2013) confirmed this finding. To further increase the accuracy of biomass
estimation integration of datasets and deviegsequired. So, another study is performetiich

is focused on the integration of the TLS akdS-derivedbiomass components to improve the
accuracy of the biomass in ti¢.S-basedbranch biomass model. The outcome reveals a 3 %
increase in the accuracy of the crown biomass. So, TLS can béouseskssree biomass with

high automation and increased accuraconsequently, aew method has been proposed to
estimate treattributeswhich are known as the concave hull by slices method. Tipisigento
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obtainbetter accuracy than the existing methods, espetiedlyackpack lidar scanner proved its

flexibility to collect data in a definite time (Xu et al., 2021)

2.1.5.3.5 Change detection

Change detection of the forest structura imajor concern to researchers nowadegssidering

the fluctuation in the environment. The losses in terms of insect attacks, degradation due to human
intervention, etc., also leave a concern anestfor forestmonitoring. The use of TLS data in
change detection has not been reported in det
a single scan of pindominated plots for a consecutive 3 years gap and estimated biomass using a
nationatlevel allometic equationwith a function of DBH. Another study has also reported the
change detection using the automated method over a time of forest structure and has accounted for
90 % of the tree stem changes in 5 plots using single scan TLS data. The bias for the estimated
DBH wasalso calculated and found to be 0.2 cm, and the RMSE calculated was 1.3 cm (Srinivasan
et al., 2014).

The total tree volume increment over the year can be assessed using TLS, and this has been proved
in a study. The mean increase in the total tree volume was estimated and compared. They
concluded that the difference in the average tree volume incremdnttivet conventional
measurement was 6.0 % (4.8 fha) when only trees captured by the scanner were compared,; it
increased to 8.1% (7.0%vha) when all the trees in the plot were considered (Mengesha et al.,
2015). The multtemporal TLS data is quiteelpful for the study, which focuses on the change in

forest productivity and structure. However, many more outcomes are still needed to support this
hypothesis.

MLS is still in the pipeline to detect changes in the forest. Change detection requires static and
continuous observation, and MLS is mtéatic, and observations could be changed after a certain

period. This is still on the list of challenges faced by MLS in forest inventory.

2.1.5.3.6 Tree Species Classification

Tree species classification is nowadays a vital topic among researchers, especially the hassle in the
classification of tree species in tropical forests. It is important to better understand the functional
behavior of the forest ecosystem. Initially, apent was required to identify the tree species, which

limited the field surveys. These days, researchers are trying and testing an automatic approach for
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this purpose. In this context, the pointNet++ model was used for tree species classification using
a backpack laser scanner. The results showed that the tree height feature is not important for point

cloud deep learning methods for tree species classuincg@tiu et al., 2022)

2.2 Role ofactive remote sensingnethodsin the mapping of forest structural indicators

The application of different remote sensing methods, such asreloge, satellite, and airborne,

in forestry is depicted iRigure9. The advancement of different remote sensing methods at various
scales, from terrestrial to spalserne introduces the possibility of observing forests from the stand

to the global level. The global impact of ecology and biodiversity can be made possible by
combining the large footprint spaberne GEDI missions (Marselis et al., 2018)n-situ
measurement techniques are costly and labor intersidebias is more likely to be introduded

manual measurements. These biases propagate with the fusion or integration of reference data to
other remote sensing daiacreasinghe error and bias level in the outcome. Therefore, €lose
range technology is more reliable because it can reach the level of detail in the forest, which is
difficult to perform manually (Liang et al., 2022). Furthermore, the role of satellite remobegsens

and the possibility ofntegratingdifferent remote sensing technologies to get a fine level of
observation is discusséere with particularemphasis on SAR data.

SAR is an active remote sensing technology. It illuminates the objects on the ground by sending
microwave signals from the sensor platform to the ground and receives backscattered signals from
the ground object. It can also operate in any weather corglifitie potential role of SAR in
assessinfprest AGB has been proven in many previous stddiesvever a detailed analysis of

the possibilities needed to be considered. Various SAR datasets with X, C, P, and L band
polarizations have been used for mapping AGB with different methodological approaches over the
years (Cartus et al., 2022; Choi et al., 202tdinho Cassol et al., 2021; Ji et al., 2020; Karila et

al ., 2019; Khati & Singh, 2022; Narvaes et al
2022; T. Zhang et al., 2023). SAR datasets such as ALOS PALSK&hd have been analyzed

and conclude to achieve the possible accuracyédstimatingforest biophysical parameters such

as forest height; hence, it was important to investigate the potential and correlation of different
polarization of SAR datasets with the forest height. This approach was then extended with the
fusion or integration of SR datasets with other senspssich as optical and LiDAR. While

measuring the forest structure, the forest canopy density is highly affecting the sensitivity of the
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L-band to the mean height of the foreshich wasreported using TanDEM InSAR data that

the vegetation density change is more correlated with the height change of fareatéd Jesus

& Kuplich, 2020; Sinha et al., 2020; Tamiminia et al., 2022; Velasco Pereira et al., 2023)
Theprimarypurpose was to investigate the variability in the accuracy while addressing AGB with
or without the fusion of SAR to other sensors and come up with methodological advarnbatnent
can be used for the AGB estimation. The fusion of SAR with other seisdorsher extended
incorporating LiDARat different platforms (terrestrial, aerial, and sphoee) which enhances

the performance of already established AGB models and opens the possibility of AGB estimation
ataglobal scale. In this context, a study claims the increase in correlaBipvalRe from 0.64 to

0.74, whereas RMSE obtained was 39.3 Mg/ha (Mohite et al., 2024; Solberg et al., 2024; Z. Wu
et al., 2024).

Satellite Remote Sensing
Region/Country/Continental/
Global Scale
Ed ° s
o .
)' N .

Airborne Remote Sensing

Region/Country Scale '

Close-Range Remote Sensing /’ s —_—
Plot/Stand Scale o S

. . Aerial Systems
i . Laser Scanning
> | | Multispectral Imagery
," *. Hyperspectral Imagery
. . Radar

Terrestrial Systems I

Mobile Mapping Global Navigation Image-Based Point
System Satellite System Clouds/Imagery

Laser Scanning

Figure9: An overview of different remote sensing method application scenarios in foflestng et al.,
2022).
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3. Material and Methods

In the followingsulchaptes, we will establish the basisthieresearclexperiments that were done

by the PhD candidate. The&periments were done at three different locations in Ir8layakia,

and Czechia. The details of the study sites and statistical analysis will be explained. However, the
PhD candidate also did research work that was not dependent on a study size. These focused on
reviews of processing solutions for forest point cloudsaareview of LIDAR fusion. More details

on these are within chapters 4.2.2 and 4.4.2

3.1 Study areas and materials

This dissertation aims at methodological advanaedit is notsituated in one regiohe field
data collection covera variety of forest stand structuresThe datasets used in the study were

acquired at three places.

3.1.1Barkot Forest (India)

The first study area selected from India was the Barkot Forest Range of the Dehradun Forest
division. 1t lies at a latitude of 30A036520
78A176090 E. The t & Waéstailishedd3ptots.dhe éomest fype is BopicaD 6 k r
moist, and deciduous. It is dominated3iyorea robustéSal), with ceassociated tree species such
asMallotus philippensigRohini). The study area is shownkiigure10. The study is explained in

detail in papers Ill andM.
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FigurelQ: Study area 1

The field data was collected using a measuring tape, rangefinder, and handheld GPS. A total of 13

plots of 31.5 x 31.5 m area were selected. The field sampling was done at the LIDAR footprint

with a stratified random sampling method. The tree parametassdeved were tree height and

DBH. DBH was calculated by measuring the circumference at breast height (CBH). The point
cloud of the plots was acquired using TLS (Riegh4QD), and ALOS PALSAR iband data was

used for the spatial distribution of abegeund biomass (AGB). The ABG was estimated using

the stem volume, specific wood gravity, and biomass expansion factor. The details of the datasets

are mentioned ifable 2.
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Table2: Specification of the datasets used inpager and IIl and IV

ALOS PALSAR Terrestrial Laser Scanner (TLS)
Product ALOS2-HBQR1_1_AORBIT_ALOS2157270590| Product Riegl VZ-400
170421

Product Type HBOR 1.1 Range Up to 600m

Mission ALOS2 Minimum Range 15m

Wavelength 23.6 cm Measurement rate 122000 pts/sec

Frequency 1.27 Hz

Orbit 15727 Field of View 100x360

Polarization HH, HV, VH, VV Accuracy 5mm

SampleType Complex Precision 3 mm

Pass Ascending Laser Type Class 1
Laser Wavelength Nearlnfrared (1553 nm)
Laser BeamDivergence 0.35 mrad
Weight Approx. 9.6 kg

3.1.2Kremnica Mountains (Slovakia)

The second study location was in Kremnidauntains, Slovakia. This study area is explained in

papers V and VI. The dominant tree species were European beegls Sylvaticayvith a mixture

of European oak(@uercus robuy, Silver fir (Abies alb3, Norway spruce Ricea abiey and

European hornbeantérpinus betulus The study area is depictedkigurel11.

The field data was collected using Topcon GPT3000M, and the tree's circumference was measured
by measuring tape. We established eight research plots with varying tree densities of 25 x 25 m.
The details of the field data inventory are explained in pap€&hd point cloud was acquired using

TLS (Faro Focus s70), a hahdld personal laser scanner (R)SGeoSLAM Horizon Scanner),

an iPad Pro 2020 tablet, and a mulimera prototype. Data acquisition by mobile

photogrammetry was done by the multi camerdqtype (MultiCam). Sony a6300 cameras with

28



Sony 1018 mm F4 OSS lenses were used. Further details are availablepaptird. The other

devices used are described in detail @&ble 3.

Beech (98) ® Oak (24) ® Fir (7) ® Spruce (7) ® Hornbeam (3) 3

7Y 4
7 ;

Czechia ;
Ukraine

Slovakia

Austria Hungary

62.5 125
1 L |

Romania
250 Km
|

| 1

Figurell: Study Area 2

Table3: Specification of the devices used in the paper Il

Specifications TLS (Faro Focus s70) PLShh (GeoSLAM Horizon iPad Pro 2020 tablet
Scanner)
Range 0.57 70 m 100 m 5m
Accuracy N2 mm on 10 m 1-3cm
25m
Resolution (point spacing) 6.14 mm/10 m
Scan time 2 min and 24 sec
Laser Type Laser Class 1 Laser Class 1
Laser Wavelength 1550nm 903 nm
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Measurement rate

614m upto 500,000 pts/sec

300,000 pts/sec

weight

4.2 kg

1.3 kg

495 gm

3.1.3Czech University of Life Sciences (Czechia)

In the third research location, we scanned nearby tretse campusof the Czech University of

Life Sciences, Prague. We selected six tree species, and for each of them, 20 individual trees were

selected. The following tree species were selectBihus sylvestriqPine), Fagus sylvatica

(Beech),Quercus robur(Oak), Carpinus betulugHornbeam)Abies alba(Fir), andPicea abies

(Spruce). The study area used paperVIl. The tree species' bark image was captured using an
iPhone 12 Protherange is 5 m and depictedfigure 12. Using a measuring tape, the DBH was
estimated at 1.3 m above the ground for evaluation of the estimated DBH using three software

tools. In total, 120 trees were selected for DBH estimation. The mean DBH varies between 24.7

and 42.4 cm, and the standaeVdtion varies between 6.08 and 10.27, as showiale 4.The
detailed methodology considered in the research is explainedpaplee VI

Table4: Statistical representatiaf BDH for each tree species

Tree species Average_DBH (cm) Range of DBH (cm) Standard deviation
Pine 42.4 30.5-50.9 6.08
Oak 38.7 25.4-60.8 10.27
Beech 30.8 18.1-46.1 7.37
Hornbeam 24.7 14-445 6.67
Spruce 35 17.1-51.5 8.35
Fir 421 32.8-66.2 8.13
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(d) (€) (f)

Figure12 Bark images captured with iPhone 12 Pro of (a) Beech, (b) Fir, (c) Hornbeam, (d) Oak, (e)
Pine, (f) Spruce

3.2 Statistical analysis

The diameter was estimated using all three different methods and was evaluated using two
different statistical parameters: Root Mean Squared Error (RMSE) and relative Root Mean
Squared Error (rRMSE). These statistical parameters were used to compagetdifiethods for

the estimation of DBH, as shown in equations 1 and 2.

1 (Eq. 1)

144 r 58
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4 AL 1

v (Eq. 2)

WhereJL;i;g;is the actual observation time seriess the estimated time serieandN is the total

number of observations.
The rootmean square error of cregalidation ¢ 1 4| 47 was calculated to evaluate the predictive
accuracy of the regression models (random forest &Ré Jartificial neural network (ANN)). The

mathematical expression is mentioned in equation 3.

Il L

(Eq.3)

andis the true

value for the4th data point in theth fold.
th fold.

A paired ttest was performed to check the statistical significance of ForestScanner and RANSAC

s the predicted value for theh data point in the

for the measurement of DBH. To identify the significance of using different DBH measurement
methods. This test was performed in R software. The formula fewlayopANOVA is mentioned

in Equationd. This test was performed in R software.

24

3 T (Eq.4)
Where F is the Anova coefficient, {| d|s the mean sum of squares due to treatment! ahdjs
the mean sum of squares due to error. Then, the Tukeshpodest was performed using the

formula mentioned ifEquation5.
—
I o = (Eq.5)

Where%| is the HSD statisticais aitical value for the chosen significance level (often 0.05).

U4 s the mean sum siquaresiue to error anel is the number of observations in each group.

4. Results

Theresults of the dissertation thesis are presented in the form of seven original publications. The
publications are elaborated briefly in the subsections of this chapter. Subsection 4.1, entitled
Revolutionary Devices for Measuring DBH, which comprises majp@nd VI. This subsection is
focused on the potential use of the application of iPfBaddevices in DBH measurement and

its comparison with the other available devices such as TLS, MLS, and acaméra prototype).
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This subsectiorfocusedon the objectives 2, 3, and 4. The sdation 4.2 describes the
benchmarking of algorithms for point cloud processing; this includes papers Il and VII. This
elaborates an approach for tree volume estimation using RHT and RANSAC algorithms and
further anintense review of the point cloud processing software solutions. This subdectised

on objectives 3 and 4. The sséction 4.3 comprises paper V and describes the methodology for
the detection of canopy top points using défgrcombinations of TLS scan positions and reveals
the status of occlusion at the canopy top. Thesadbion 4.4 isocusedon LIDAR data fusion and

future perspectives in forestry and encompasses papers | and IV. This subsection includes a
thorough review of the LIiDAR data fusion with other datasets and is followed by methodology for
the estimation of AGB using the integratiof TLS and ALOS PALSAR iband datasets. This
subsectiorfocusedon objective 1.

4.1 Revolutionary devices (iPhone 1Pro and iPad Pro) for measuring DBH
4.1.1 Tree parameter extraction with iPhone point cloud data using multiple algorithms

published asThis paper iscceptedn the International Journal of Remote Sensing currently

under pubikhing process

Extended summary:

In this paperthe DBH was estimated using iPhone 12 pro point cloud using three software tools
(rTLS- R package, RANSAGCloudCompare plugin, ForestScanner). In this context, the scanning

of 123 trees comprising six species: pine, oak, beech, hornbeam, spruce vaasldone. The
scanning of each treeas donavith the iPhone 12 Prdhis smartphone has a tiroé-flight sensor

with a maximum range of 5 m. This sensor is incorporated in newer versions of iPhones within
Pro and Pro Max and is also a part of the iPad Pro (2021 and newer). The ForestScanner application
(Mapry) was used toollect the point clouds of trees. ForestScanner can estimate DBH directly in
the application in redime. It is based on a circldting algorithm using a crossection at a

particular height. The detailed conceptual framework is showigure 13.
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Figurel3: Conceptual workflow

The three software tools were compared and analyzed. In the first software tool, the iPhone 12

Pro-based application ForestScanner was used to estivBiieand statistical analysis was done
to evaluate the DBH values obtained with the fiestimated DBH values. The RMSE value
recorded for this method was 2.58 cm, and the rRMSE obtained 7.25 %? FaledRobtained for
this method was 0.976. The other method used was the CloudCeasa pluginRANSAC.
RMSE obtained for this tool was 2.19 cm, and tRMBE obtained was 6.25 %. Thé Rlue
obtained was 0.976. This strongly correlatesh the observed (fieldstimated DBH) and
predicted (RANSAC DBH ForestScanner DBHvalue of DBH The scatter plot is shown in

Figure 4.
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Figurel4: Scatter plots of fieleestimated DBH with (a) ForestScanner (Lidar DBH), (b) RANSAC DBH
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Significance of DBH estimation for tree species

A comparative analysis of the ForestScanner and RANSAC algorithms was done to test the
significance of the DBH estimation for different tree species. The statistical comparison was done
using RMSE and rRMSE % for each tree species. The RMSE varies framo 307 cm, whereas

the rRMSE % varies within the range of 4.67 to 9.2 % for ForestScanner. The RMSE observed for
RANSAC is in the range of 1.3 to 2.85 cm. The rRMSE % is observed to range from 5.15 to 7.82
%. The detailed information is mentionedTiable 5, and the graphical representation is depicted

in Figure 15. The biases and outliers are showkigare 16.
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Figurel5: Comparison of the performance of iPhone 12 pro in estimating DBH among 6 tree species

36



60‘ ° . .
£50] ;
%40_ . . £ ForestScanner
L EH = RANSAC
o 30+ | L
20 | ’ | |

Beech Fir Hornbeam Oak Pine Sprﬁce
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Table5: Comparing the statistical significance between ForestScanner and RANSAC in the context of
tree species.

Tree_species ForestScanner ForestScanner RANSAC RANSAC
RMSE (cm) rRMSE%

RMSE (cm) rRMSE%
Pine 2.02 4.76 2.18 5.15
Beech 2.83 9.2 24 7.82
Oak 2.08 5.38 2.04 5.27
Hornbeam 1.22 4.95 1.3 5.28
Fir 3.77 8.94 2.85 6.77
Spruce 2.72 7.79 2 5.74

The Tukey poshoc test was performed for the multiple comparisons of means for-aawo
ANOVA with a confidence level of 95%. It shows the difference in means, the associated
confidence intervals, and thevplue for different combinations of groups (Althm, species,

and DBH). Inferences confirmed by ANOVA and Tukey post tests show that species
significantly influence DBH. A more detailed analyarsd descriptionf the results is mentioned

in the papewI.
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4.1.2 Novel lowcost mobile mapping systems for forest inventories as terrestrial laser scanning
alternatives.

published asMo k r o g, M. , Mi kita, T., Singh, A., Toma
X. (2021). Novel lowcost mobile mapping systems for forest inventories as terrestrial laser
scanning alternatives. International Journal of Applied Earth Observation esidf@mation,

104, 102512.

Extended summary:

A comparative analysis was done using+owst devices (mobile laser scanning, personal laser
scanning (handheld or in a backpack), photogrammetry, or even smart devices with-ofime
Flight sensors) and TLS and conceptualized in paper Il. The compar&odome to assess the
performance of the capability of le@ost technologies to generate point clouds and their accuracy

of tree detection and DBH estimation. A mudéimera prototype (MultiCam) was also tested.

The MultiCam prototype is capable of capturing images from four cameras simultaneously and
with exact synchronization during mobile data acquisition. The focus was on individual tree
detection and DBH estimation by cylindesised algorithm across eightttees with dimensions

25 x 25m. Altogether, 301 trees were located on test sites, and 268 were considered for the analysis

and comparisons (DBH > 7 cm).

TLS provided the most accurate data. Across all test sites, we achieved the highest accuracy
(rRMSE ranged from 3.7% to 6.4%) and tree detection ratei(®0086). When we considered

only trees with DBH higher than 20 cm, the tree detection rate was 10@%s adl test sites
(altogether 159 trees). When the threshold of trees considered in the evaluation was changed to 10
cm and then to 20 cm (from 7 cm), the accuracy (rRMSE) and tree detection rate increased for all

devices significantly.
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Figurel7: Tree detection rate of all devices used across eight plots

Results achieved (DBH > 7 cm) by iPad Pro were closest to TLS results. The rRMSE ranged across
test sites from 8.6% to 12.9% and tree detection from 64.5% to 87.5%, &idSMultiCam, the

rRMSE ranged from 13.1% to 24.9% and 14% to 38.2%, respectively. The tree detection rate
ranged from 55.6% to 75% and 57.1% to 71.9%, respectiVllg.graphical representation is
shown inFigure17. The time needed to condud&ta collection on a test site was fastest using
MultiCam (approx. 8 min) and slowest using T{&pprox. 40 min). The DBH estimated from

TLS, iPad and MultiCam underestimated the conventional DBH measurements. For TLS and iPad,
the underestimation was statistically significant. In the case ofnRth& DBH is significantly

overestimated, as shownHkigure 18.

TLS o-l eeo

iPad m
|
MultiCam .‘ [ |

Errorsv(cm)

Figure18: Boxplots of absolute errors (cm), where boxplots correspond to the 25th and 75th percentiles
and whiskers are 1.5 * interquartile range. The line inside the box plots corresponds to the median. Dots

represent outliers.
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Results showed that DBH estimation from TLS point clouds is achieving the most accurate results
with the highest tree detection rate across all test sites\ardll, when compared to the other
three mobile devices, as showrHgure 1.
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Figurel9: Scatter plot visualizing tree detection rate and rRMSE grouped by used devices. Each device

60

has eight filled points (representing test sites) with one data ellipse and one crossed circle representing an

overall tree detection rate and rRMSE of trees WiliH larger than 7 cm.

Conclusion:

The experimental analysis using iPhone 12 pro and HPagvas done in subsections 4.1.1 and
4.1.2. iPhone 12 pro and iP&do showed potential fothe estimation oDBH and detection of

trees in the foresin subsection 4.1.1, The DBH estimated using ForestScanner and RANSAC
showed same correlation value with the referenced DBH values. This shows that the ForestScanner
application can be used for the estimation of DBH. Moreover, a significant relation wak fo
between DBH, and tree species anfitrencesvereconfirmed by ANOVA and Tukey pos$toc

tests This shows that trespecies significantly influence DBHh subsection 4.1.2, iPad was tested
against other devices for estimation of tree detection rate and PiBH:esults showed that the

TLS point clouds achieved most accurate results with the highest tree detection rate and DBH

estimation accuracy, whereas iPad Pro showed the closet results accuracy to TLS.
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Tree Parameter Estimation with iPhone Point Cloud Data Using Multiple Algorithms
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Abstract: LiDAR technology introduced the possibility of indirectly estimating various tree parameters. In
2020, Apple incorporated LiDAR sensors into their iPhone 12 Pro. This brings an opportunity to make data
collection and plot scanning incredibly convenient. The main aim is to search for a tool and software to estimate
the most accurate Diameter at BreastHeight(DBH) for individual trees. Therefore, this study focuses on using an
iPhone 12 Pro for data collection of individual trees. The performance of three software tools (ForestScanner,
rTLS, RANSAC) for the estimation of DBH with field-estimated DBH was compared. The investigation of the
significance of the estimation of DBH for each tree species was performed using the three algorithms. In this
context, the scanning of 123 trees comprising six species: pine, oak, beech, hornbeam, spruce, and fir was done.
DBH was estimated of the scanned tree point cloud using a built-in algorithm of ForestScanner application in the
iPhone 12 Pro, RANSAC (CloudCompare plugin), and rTLS (an R-based package). In this study, ForestScanner
showed the best results. Therefore, ForestScanner can be used as a reliable tool for measuring DBH. Inferences
confirmed by ANOVA and Tukey post-hoc tests show that species significantly influence DBH. Accurate DBH
estimation is crucial, and using lightweight devices like the iPhone can revolutionize the forestinventory sector
in terms of the estimation of DBH.

Keywords: DBH (Diameter at Breast Height), RANSAC (Random Sample Consensus),rTLS, tree parameters,
iPhone.

1. Introduction

Conventional forest inventory measurements are costly, labor-intensive, and time-consuming. This
motivated the forest researchers to focus on the applications of Close-Range Sensing as an alternative
mode of forest inventory measurements. In recent years, with the modem developments and
miniaturization of lidar sensors, they have become very compactly available. The latest iPhones and
iPads have been integrated with LIDAR sensors. The range and accuracy of these LIDAR sensors are
not comparable with high-end LIDAR systems; however, they are user-friendly and cost-effective ways
of estimation and 3D data acquisition when the objectsin focus are on shorterrange (Liang et al., 2022).

In contrast, photogrammetry uses 2D images to create 3D point clouds using the structure from the
motion algorithm, which is a low-cost alternative to costly LiDAR systems to produce 3D models.
However, the post-processing is very demanding, especially for computational power. Also, therate of
failing to process the images to sufficient point cloud or model is relatively high in practice. Another
alternative has been available recently using Time of Flight sensors within smartphones. Apple’s
iPhones (Pro and Pro Max) and iPads Pro have integrated ToF sensors since 2021. It is an opportunity
to create 3D models using just a smartphone. The point cloud and model are ready right away onsite. It
saves much time and is also great for quality checks directly in the field. Photogrammetry, on the other
hand, requires images to be transferred from on-site to the lab and processed in high-end computers.
This ease of 3D model generation has also helped in geometric research and reproduction of cultural
heritage sites (Vlachos et al., 2022). The relative accuracy of the iPhone in 3D map generation by
estimating its relative orientation, position, and navigation around the study area also needs to be studied
thoroughly (Tamimi, 2022). iPhone 12 Pro LiDAR was also tested for its efficiency in measuring
different roughness variations over 24 surface profiles. The results were also compared with
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photogrammetry-based Structure from Motion (SFM), and a significant correlation (R?) of 0.70 was
observed (Alijani et al., 2022).

The point cloud quality obtained is also important to test through these recently developed Lidar-
integrated smartphones. The test used three smartphones (Huawei P30 Pro, iPhone 12 Pro, and iPAD
2021 Pro) based on planarity, surface variation, and omnivariance. Some issues were observed in the
point cloud generated through these devices, such as loss of planarity, surface splitting, and drift
problems with the Inertial Navigation System (INS) (Costantino et al., 2022).

Previous studies have proven that the point cloud derived from SfM is of little less quality than the
high precision TLS. However, due toits cost efficiency, SfM is still deployed in many research studies.
Recently developed iPhone LiDAR played a crucial role as an intermediate point cloud generation
technology source. This also showed promising results in the rock mass characterization through
geometrical analysis of the point cloud generated through iPhone-based LiDAR compared with TLS
and SfM (Riquelme et al., 2021). Rapid scanningis essential when acquiring data at unstable surfaces
of slopes and tunnels (Torkan et al., 2023).

iPhone 12 Pro’s effectiveness was evaluated based on its geolocation accuracy, Inertial
Measurement Unit (IMU), magnetometer for data collection orientation, and depth perception with its
LiDAR sensor. The results demonstrated that theiPhone's geolocation is acceptable for geological and
other field applications (Tavani et al., 2022). The reduction in the sensor size has allowed 3D to
document the cultural heritage sites. Aslanli fountain in Ickale of the Centre Sur district of Diyarbakir
province was 3D documented using iPhone 13 Pro photographs and LIDAR data (Aslan & Polat, 2022).
Three i0S-based point cloud-generating apps were tested with iPad Pro in the Cultural Heritage
application. The apps were compared in different conditions because of overall accuracy, acquisition
pattern, and operational limitations (Teppati Losé et al., 2022). An experiment was carried out to
accurately monitor the snow depth variation over 75 days using iPhone LiDAR. Daily changes in the
snow depth were compared with the snow ruler measurements, and a high correlation of 0.99 was
observed with an RMSE of approximately 6mm. The authors also proposed that a mobile application
can be developed to monitor the snow depth before, during, and after the snowfall. This can be handy
and easy for all users (King et al., 2022) The research was conducted to evaluate the application of the
iPhone 12 pro attachedto a DJI Phantom 4 quadcopter for snow depth estimation. The iPhone 12 pro
was attached to the UAV with a special 3D-printed mount for this specific purpose. The implementation
was done on 3 study sites, and it was observed that the results were quiterecommendable (King et al.,
2023). Similarly, a study was conducted to test the iPhone 12 Pro LiDAR 3D modeling application and
analysis of a coastal cliff in Denmark (Luetzenburg et al., 2021).

Moreover, researchers have already used Terrestrial Laser Scanners (TLS) in forest plots for
accurate, detailed measurements and conveyed that TLS is very efficient in forest plot measurements
(Kushwahaet al., 2022; A Singh et al., 2022; Singh et al., 2022). Tree parameters are crucial to calculate
the Above Ground Biomass (AGB) and health of the tree growth (Singh et al., 2023). DBH is a vital
forest inventory parameter with a very high correlation with tree height, volume, and biomass. Thus,
the effective calculation of DBH is one of the main factors in forest measurements. Individual tree stem
modeling is required to get themost accurate DBH. Tree stem modeling was done using an automated
algorithm with a cylinder fit approach and found an accuracy better than 4 cm (Tarsha Kurdi et al.,
2024). Modeling trees using point clouds could be difficult, so an algorithm was proposed to simulate
tree models by rotating the surfaces. The test was evaluated with multiple trees with an overall accuracy
between 0.3 to 0.89 m (Kurdi et al., 2024). The Lidar sensor generates the point cloud and estimates the
depth using themotion sensors, camera exposure, and feature extractions. The maximum range of data
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acquisition is limited to 5 m. So, the operators must move closely around the tree stemsto get sufficient
points for DBH estimation. Multiple applications have been designed and made available on the online
platform that estimates depth using these LIDAR sensors. A researcher has evaluated the use of iPad
Pro 2020 to estimatethe DBH of 101 urban trees. They compared three different scanning resolutions
with two different confidence levels and two scanning modes (Wang et al., 2021). The availability and
applicability of low-cost solutions such as the iPhone 12 Pro in the forest environment must be explored
more. Evaluating the accuracy and efficiency of the iPhone 12 Pro for DBH estimation can be an easy
and low-cost solution for forest inventory purposes. Also, it is important to see the significance of DBH
measurement on individual tree species. So, in this research, 123 trees of different species were scanned
using an iPhone 12 Pro. The stem regions were effectively acquired to estimate DBH. The DBH was
estimated and compared through three different algorithms to evaluate the effective method for DBH
estimation. An experiment was also done to find the significant relevance of tree species with DBH
estimation using these three different algorithms.

2. Material and methods
2.1 Test Sites and Conventional in-situ measurements

The trees were collected within forest stands near the Czech University of Life Sciences,
Prague, in the Czech Republic. In total, six tree species, and for each of them, 20 individual trees
were selected. The following tree species were selected: Pinus sylvestris (Pine), Fagus sylvatica
(Beech), Quercus robur (0Oak), Carpinus betulus (Hornbeam), Abies alba (Fir), and Picea abies
(Spruce). The tree species' bark image was captured using an iPhone 12 Pro and depicted in Figure
1 to show the different textures of the bark of each tree species. Using a measuring tape, the DBH
was estimated at 1.3 m above the ground for evaluation of the estimated DBH using three software
tools. In total, 120 trees were selected for DBH estimation. The mean DBH varies between 24.7 to
42.4 cm, and the standard deviation varies between 6.08 and 10.27 (Table 1).

Table 1: Statistical representation of DBH for each tree species

Tree species | Average DBH (cm) | Range of DBH (cm) Standard deviation
Pine 424 30.5-50.9 6.08
Oak 387 25.4-60.8 10.27
Beech 30.8 18.1-46.1 7.37
Hornbeam 24.7 14 -445 6.67
Spruce 35 17.1-51.5 8.35
Fir 42.1 32.8-66.2 8.13
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Figure 1: Bark images captured with iPhone 12 Pro of (a) Beech, (b) Fir, (c) Hommbeam, (d) Oak, (e) Pine,
(f) Spruce

2.2 Data acquisition and pre-processing

The scanning of each tree with the iPhone 12 Pro was done. This smartphone has a time-
of-flight sensor with a maximum range of 5 m. This sensor is incorporated in newer versions of
iPhones within Pro and Pro Max and is also a part of the iPad Pro (2021 and newer). The
ForestScanner application (Mapry) was used to collect the point clouds of trees. ForestScanner can
estimate DBH directly in the application in real time. It is based on a circle-fitting algorithm using
a cross-section at a particular height (Tatsumi et al., 2023). This application can collect the point
clouds but also estimate the DBH right away in the application.

The data collection was done with the depicted trajectory (Figure 2). Each tree was
acquired individually to avoid the unnecessary surrounding information. Forest Scanner scans the
tree surfaces moving around the tree with the device. The real-time scanned surface recognition
was done as it provides the point cloud and 3D triangle meshes on the phone screen in real-time.
The point clouds were colorized with RGB information collected using the device's camera.
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The relative coordinates were tracked from the starting point as it has IMU (Inertial
Measurement Unit). The GNSS receiver built into the iPhone determined the starting point's
absolute position. The real-time scanning and measurement of the tree stem were done, and the
information was stored in the .csv file. This information was used for further statistical analysis.
The scanned trees are shown in Figure 3.
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{d) Hornbeam (e) Fir (f) Spruce

Figure 3: Point cloud of individual tree using iPhone 12 pro of (a) Pine, (b) Beech, (c) oak,
(d) Hornbeam, (e) Fir, (f) Spruce (https:/sketchfab.com/arunima92/models)
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2.3 Post-Processing of Point Cloud

The DBH assessment was conducted using three software tools. The first was done using
theForestScanner application for iPhone 12 Pro directly on the iPhone in the field. For the Second,
1TLS (R-based library) and the RANSAC algorithms (a plugin within CloudCompare) (Schnabel et
al., 2007) was used as a third tool. For each approach, point clouds captured by the ForestScanner
app were utilized, so the estimation by RANSAC and rTLS were based on the same data.

The point cloud obtained with the iPhone 12 pro containsnoise. The point cloud was used
without noise filtering in all three software tools to compare the potential of DBH estimation.

The iPhone 12 Pro-based ForestScanner application version 1.0.3 was used to estimate
DBH. Thisapplication obtains single tree information and savesit to .csv file format. ForestScanner
estimate DBH in real time using instance segmentation followed by the application of the
Levenberg-Marquardt (LM) algorithm, which is used for the circle fitting method (Tatsumi et al.,
2023). Secondly, an R-based r'TLS library was used. The tree_metrics function wasused to estimate
DBH for each tree (Guzman et al., 2021). The tree_metrics function incorporated the RANSAC
algorithm for the estimation of DBH. This library only works with single tree point cloud input and
not on the plot level.

Lastly, the RANSAC plugin is a CloudCompare (Girardeau-Montaut, 2015) based 2D
circle fitting algorithm, which provides the best-fitted cylinder based on the random sample of the
points on the tree trunk. The CloudCompare plugin provides theradius and height of the cylinder,
which was later used to estimate the DBH for the individual trees. This algorithm was used in the
CloudCompare-based plugin. After estimating the diameters of all the trees, statistical analysis was
done to ensurethe results' authenticity. The detailed workflow of the methodology used is depicted
in Figure 4.
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Figure 4: Workflow of the methodology
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2.4 Statistical Analysis

The diameter was estimated using all three different methods and was evaluated using two
different statistical parameters: Root Mean Squared Error (RMSE) and relative Root Mean Squared
Error 1RMSE). These statistical parameters were used to compare different methods for the
estimation of DBH, as shown in equations 1 and 2.

RMSE = [L3¥,(¥; — 1) (Eq. 1)
LR
rRMSE = E X 100 (Eq. 2)

v

Where Y; is the actual observation time series,
¥ is estimated time series,
N is the total number of observations.

A paired t-test was performed to check the statistical significance of ForestScanner and
RANSAC for the measurement of DBH. To identify the significance of using different DBH
measurement methods. This test was performed in R software. The formula for two-way ANOVA
is mentioned in Equation 3. This test was performed in R software.

MST

F = E (Eq 3)
Where F is the Anova coefficient, MST is themean sum of squares due to treatment, and MSE is
the mean sum of squares due to error. Then, the Tukey post-hoc test was performed using the
formula mentioned in Equation 4.

T=gqx /% (Eq.4)

Where, T is the HSD statistics, q is Critical value for the chosen significance level (often 0.05).
MSE is themean sum of square due to error, and n is the number of observations in each group.

Results

The three software tools were compared and analyzed. In the first software tool, the iPhone
12 Pro-based application ForestScanner was used to estimate DBH and statistical analysis was done
to evaluate the DBH values obtained with the field-estimated DBH values. The RMSE value
recorded for thismethod was 2.58 cm, and therRMSE obtained as 7.25 %. All the error values are
shown in Table 2. The DBH obtained for all the trees using this method was correlated with the
field-estimated DBH values to observe the accuracy of the method. So, the R? value obtained for
thismethod was 0.976, which shows a promising correlation between the field-estimated DBH and
DBH estimated using the ForestScanner application. The Scatter Plot is shown in Figure 5 (a).

The other method used was the CloudCompare-based plugin- RANSAC. The estimation of
diameter using this tool was most accurate, precise, and close to the field-estimated DBH. The error
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value (RMSE) obtained for this tool was 2.19 cm, and the IRMSE obtained was 6.25 %. The error
values are shown in Table 2. The DBH values estimated with this tool were visualized as scatter
plots versus field-estimated DBH. The R?value obtained was 0.976. This strongly correlates with
the observed (field-estimated DBH) and predicted (RANSAC DBH). The scatter plot is shown in
Figure 5 (b).
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Figure 5: Scatter plots of field-estimated DBH with (a) ForestScanner (Lidar DBH), (b)
RANSAC DBH

In the R-based library rTLS, the diameter estimation was not promising. The error analysis depicted
that therTLS #ree_metrics function is not accurate to estimate the diameter of the tree. The RMSE
of the estimated diameter obtained using this tool was 132.61 cm, and the IRMSE obtained was
371.18 %. The results were visualized as scatterplots of field-estimated DBH versus 1TLS-estimated
DBH, and a weak correlation (R2) of 0.025 was found. The results from rTLS were not promising
enough to be included in further analysis. Therefore, it was excluded from further statistical
analysis.
Table 2: Statistical error analysis

Type RMSE (%) | RMSE(cm)
Field estimated DBH & ForestScanner DBH 7:25 2.58
Field estimated DBH & RANSAC DBH 6.15 2.19

A comparative analysis of the ForestScanner and RANSAC algorithms was done to test the
significance of the DBH estimation for different tree species. The statistical comparison was done
using RMSE and IRMSE % for each tree species. The RMSE varies from 2.02 to 3.77 cm, whereas
1RMSE % varies within the range of 4.67 to 9.2 % for ForestScanner. The RMSE observed for
RANSAC is in therange of 1.3 to 2.85 cm. The IRMSE % is observed to range from 5.15 to 7.82
%. The detailed information is mentioned in Table 3. The biases and outliers are shown in Figure
7. The graphical representation of RMSE and tRMSE% for ForestScanner and RANSAC for each
tree species is depicted in Figures 8 and 9.
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Figure 6: Comparison of the performance of iPhone 12 pro in estimating DBH among 6 tree

species

Moreover, a comparative analysis was done between the estimated DBH of each tree species and
the field-estimated DBH. The highest correlation (R2) found for ForestScanner was for hornbeam,
oak, and pine and ranged from 0.95 to 0.99. Whereas R? obtained for RANSAC was highest for
hornbeam, oak, and spruce and range from 0.94 to 0.99. For visual interpretation, the correlation
plots for all 6 species are shown in Figure 6.

Table 3: Comparing the statistical significance between ForestScanner and RANSAC in the
context of tree species.

Tree_species ForestScanner | ForestScanner | RANSAC RANSAC
- RMSE (cm) rRMSE % RMSE (cm) rRMSE %
Pine 2.02 4.76 2.18 5.15
Beech 2.83 9:2 2.4 7.82
Oak 2.08 5.38 2.04 5.27
Hornbeam 1.22 4.95 1.3 5.28
Fir 377 8.94 2.85 6.77
Spruce 2.72 7.79 2 5.74
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Figure 7: Boxplot of errors for each tree species and both approaches (ForestScanner and
RANSAC).

The paired t-test results show a significant difference between the DBH measured with the
ForestScanner and RANSAC. Out of the three algorithms used, RANSAC and ForestScanner
application-based estimates were very close to the field-estimated DBH values. The statistical error
evaluation was done. The RMSE obtained ranges from 2.19 to 132.61 cm, whereas IRMSE varies
between 6.15 to 372.18 %. The higher variation in the error values is due to the i'TLS algorithm.
The estimated DBH values from the 1TLS algorithm are insignificant and irrelevant to the field-
estimated DBH values.
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Figure 8: Graphical representation of RMSE (cm) for each tree species for ForestScanner and
RANSAC
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After the error calculation, a paired t-test was performed to see the statistical significance of the
ForestScanner and RANSAC for the DBH estimation. The P-value is lower than the significance
level, which is 0.05. This shows a significant difference between the means of ForestScanner and
RANSAC. The summary of the t-test is shown in Table 4.

Table 4: Paired t-test observations

statisti

daf

p_value

mean_differenc
e

confidence_interval lowe
r

confidence_interval uppe
r

-4.15

122

6.14E-05

-0.512

-0.75

-0.26

Based on the RMSE and tRMSE % evaluation, a significant difference is observed in the tree species and
DBH. So, the ANOVA test was performed, and the detailed analysis description is shown in Table 5. The
F-value notedis 29.72, and the p-value obtained is close to zero (2.47E-23), indicating that the species factor
is statistically significant. Meanwhile, the algorithm and interaction between the algorithm and species are
not statistically significant. This shows that the species significantly impact DBH, and the data has a
significant amount of variation. The interaction between the DBH, Algorithm, and species is clearly shown
in Figure 10.
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Table 5: ANOVA observations

Df Sum Sq Mean Sq F value Pr(>F)
Algorithm 1 16.12936 16.12936 0.278 0.599
Species 5 8627.396 1725.479 29.72 2.47E-23
Algorithm:Species 5 12.07765 2.415531 0.0416 0.99
Residuals 234 13584.3 58.05255 NA NA

Signif. codes: 0 “***>0.001 “**>0.01 “*> 0.05°.> 0.1 ‘1

- a Species

40 1 " |~*- Beech
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| - Pine

‘ +  Spruce

35
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30 1

251

Forest Scanner Ransac
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Figure 10: Interaction plot between the DBH, algorithm, and species
Tukey Post-Hoc test:

The Tukey Post-Hoc test was performed for the multiple comparisons of means for a two-way ANOVA
with a confidence level of 95%. It shows the difference in means, the associated confidence intervals, and
the p-value for different combinations of groups (Algorithm, species, and DBH). The analysis showed that
the comparison RANSAC-Forest Scanner for the algorithm group does not show a significant difference (p
adj = 0.598619), indicating no significant difference between these two algorithm levels. The graphical
representation of the means of the species and interaction of algorithms is shown in Figure 11 and Figure
12. The further inferences are mentioned as:

1. For the Beech tree species, the p-value for the algorithm effect is 0.5986, which is greater than a
typical significance level of 0.05. This suggests no significant difference between the algorithms
(ForestScanner and Ransac) for the Beech tree species regarding their effects on the variable DBH.
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