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Abstract / Kivonat

The thesis introduces algorithnaieveloped by the authallowing highly automated
processing of terrestrial laser scanner data recorded in uageen temperate forests with
multiple canopy layers and undergrowth. The extoactf tree positions is achieved in
irregular as well as in regular data structures of two and three dimensionsauduggering
techniqueand the concept of disconnected image objects. Thedimwensional methods
deliver the parametric models of themte 6 -seactmrs while the thredimensional ones
reveal the complete tree structure through a regular grid model. The models provide means for
the estimation of essential tree metrics, such as stem diameter at breast height, tree height and
horizontal cown projection area. The algorithms were validated with laser scans captured in
stands of clos¢o-nature conditions. The algorithms provide a tool for tree locating and
parameter retrieval even in the presence of low vegetation; furthermore, the mzpping
extended to the juvenile trees within the regeneration patches. The algorithms have potential
in supporting forest inventories and in providing an objective data pool for scientific studies
on forest dynamics.

Az ®rtekez®s olyan saj 8§t fejleszt®sT el j §]
al jn°v®nyzettel rendel kezR fa8ll om8nyokban
felmért fak adatainak magas fokon automatizalt feldolgozasat. A faegyedakséasa
sikbeli és térbeli, valamint szabalyos és szabdlytalan adatmodelleken t@zémitatok
particionaldsavalvalamint nem folytonos képi objektumokmégzettalakfelismeréssel. A
sikbeli eljarasok az azonositott faegyedek torzsének keresztmetgzptgametrikus leirasat
szolgéltatjadk, mig a térbeliek a fa szerkezetének térbeli racsmodetljl modelleket) A

model l ek alapj8n a mell magass§8gi 8§t m®r R, a
faegyedek |l egf ontosabb mennyi s®gi ok apot j
esztel ®s allapatunf@&Bomanyokbanre keskilt felmérések adatain torgnt.

i 8r8sokkal a f8k t®rk®pez®se alij.
rieszthetR az Y%jul at] foltok

t e
j avasol t el
tov8bb8 kite ban
seg?2thetik az erdRlelt8roz8stpnakahamiemtd Rdbpn

vizsgalatokhoz.



1. Introduction

Tree maps depict the location of trees in a cartographic projection system and optionally
other attributes at an individual level, resulting in a combination of spatial and biophysical
features in a geogphic information system. Tree models can be regarded as the extension of
tree maps as they resemble the size and shape of the objects in addition to their positions,
allowing direct estimation of structurelated tree metrics. Tree maps and tree models a
increasingly used in fields of applications as diverse as forest inventory, forest monitoring,
civil engineering, as well as the simulation of forest dynamics. However, the surveying of
vegetation introduces many specific requirements, and thus datisiacg and processing is
still challenging over forested areas.

Terrestrial laser scanning is an active remote sensing technology that provides coordinates
of the surface of objects by laser range finding in a regular pattern with a high sampling
densiy. It has the ability to acquire some millions of surface point coordinates with positional
accuracy of a few millimetres within an area of @Dlhectare per scanning positioims
forested environmenBecause of 3D data acquisition principle, the prangssorkflow can
be automated to a high degree. Efficient data acquisition in combination with automatic
processing offers a powerful solution for tree mapping and parameter retrieval. Automated
processing protocols have the additional advantage of béjegtive and repeatable, which
makes them promising for forest inventory and monitoring systems of regional scale. As the
laser scans provide data on tree structure with high sampling density, structural parameters
can be achieved that exceed the postdsli of the present dendrometric devices.
Consequently, the use of terrestrial laser scanner data has good prospects for describing
complex forest structures, such as claseature stands, and forest reserves. Nevertheless,
commercially available softwarpackages have been developed for extracting models of
artificial objects within urbanized environments, but have limitations in processing the laser
scanner data recorded in forested areas. In order to expl@ttamtage®sf terrestrial laser
scanningin tree mapping, specific algorithms need to be optimised for the detection and
modelling of trees.

This thesis introduces algorithms developed by the author, which aim to automate tree
locating and individual tree parameter retrieval from terrestisarlacans. The algorithms are
optimized for diverse structural characteristics, such as uregyesh multlayered, mixed
stands including regrowth patches. In addition to the survey oefroldth trees and the
assessment of standard parameters (stem thamed tree height), algorithms for detecting
juvenile trees and for estimates of individual crown projection area are presented. The
algorithms resulted in 2D parametric models of stem esessons and 3D grid models of the
complete trees, from whicle positions and biophysical attributes can be directly estimated.
The performance of the algorithms in terms of detection reliability and estimation accuracy
was validated on test sites established in Hungarian forests with diverse stand structure.



2. Literature overview

2.1.Laser scanning

Laser scanning or LIDAR (Light Detection and Ranging) is an active remote sensing
technology using laser range findings regular patterrfor data capture. Lasdreamis
characterized by high emission power, narrow beam widibll-defined frequency
(monochromatic) and coherent radiation which allows for directional illumination and short
pulse duration. As a result, the range finding systems have the ability of high accuracy and
high measuring frequency. The wavelength usedtlie distance measurement is in the
domain of visible light and near infrared electromagnetic radiation. The |lzesam
illuminates the surface of the target objects in an elliptical area called footprint. The distance
between the instrument and the objean be calculated through the twath runtime of the
reflected signal. Measuring the polar and azimuthal direction of the emitted laser beam, the
3D coordinates of the reflection can be allo

Laser scanners adata capture devicemmposed ofwo principal components: thrange
finding system anthe beam deflection unit. In the course of the data acquisition, the scanner
samples the target object with high freque(@ 1000 kHz)measurements that resultedain
high density and spatially explicit description of the object surfaces. Spectral parameters (e.qg.
intensity, amplitude, beam width) can be recorded additionally that characterize the
reflectance properties of the target object. The platform of the seasdpe a fixed tripod,
motor vehicle, aircraft or satellite; upon which ground based or terrestrial (TL&)jem
airborne (ALS) and spaberre laser scanningystemsare distinguishedrjgure 2-1).

Laser scannig is subdivided further according to the ranging principle and the footprint
size.The sensor alternatively records the round trip time of the pulse, the incident phase of a
continuous wave, the full waveform of the reflected signal, or angles at widesed |
illumination upon which pulse ranging, phase comparison, waveform analysis and
triangulationbased ranging principles are distinguishBteifer andBriese, 200Y. In case of
small footprint laser scanning, the footprint sizeusually smaller than e surface of the
target object. At large footprint laser scannitigg footprint radius is in the order of some ten
meters so théaser beam illuminates multiple targelat cannot be separated. Spruree
laser scanning is characteriZegtypically full waveform and large footprint technique, while
airborne laser scanning utilizes small footprint and either pulse ranging or full waveform
recording. Terrestrial laser scanners generally belong to the group of small footprint sampling
instruments using psé ranging or phase comparison pringigléhough some recent sensor
digitize the full waveform as well Scanners using the triangulation principle are greund
based. As they are restricted in ranging to a few metres, they are used principally indoor. The
typical configurations of laser scanner systems regarding to the platform, ranging principle
and footprint size are given irable2-1.

Table2-1. Typical configurtéions of laser scanning systems.

Platform Ranging principle Footprint
Pulse ranging Phase shift Full-waveform Small Large
Spaceborne * *
Airborne * * *
Terrestrial * * *




Figure 2-1. Examples on laser scanning frapairborne and b) terrestrigblatforms.(vww.toposys.com
www.avf.forst.urgoettingen.de

The primay outputof laser scanning is referred to as point cldeigre 2-2) containing
3D coordinates and optionally descriptive data about the reflectance properties of the target
surface. The point cloud is defined inh e sensor 0s coordinate
measurements are required to be located igeadeticprojection system or the spatial
integration of data from different scans is needed, the transformation of the point cloud
becomes necessary. The point ddacks any kind of spatial structure or explicit thematic
information. The absence of the spatial structure means that the point cloud is stored as a
sequential list without any explicit information on the neighbourhood relations. As a result,
the numberthe shape and size of the surveyed objects are unknowthe labsence of
thematic informationthe semantic meaning cannot be specified i.e. what the object is from
which the laser beam was reflected. The point cloud is a kind of model that holds data on
every surveyed object without regarding its relevance for the mapping purpose. One of the
main goals in the data processing is to filter the members of the point cloud focusing on the
thematic class of the targets to be mapped. The modelling of the tdjgets takes place
following the classification procedure. The range of possible model types involves colour
coded point clouds, triangulated meshes, grid models, composition of parametric surface
patches, and 3D object models constructed of solid pvesit Due to the high sampling
density, the models are generated ordinarily through the approximation of the point
measurements. Beyond the surveying of topography, the accurate and spatially explicit
models allows for revealing the structure of complerstauctions and vegetated areas as
well as their temporal changes (eWjulder et al. (2007), Lovas et al., (20RQovas et al.
(2012) provide comprehensive overview on laser scanning and its applications in Hungarian.
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Figure 2-2. Point cloud from small fatprint airborne laser scanning. (Source data: Sopron, Hungad9,/2
Captured by GEOService Ltligure compiled by the author.)



Terrestrial laser scanning is an active remote sensing technique operatmdixed
ground based position and using laser range finding with high measuring frequency to obtain
directly 3D coordinates (and optionally reflectance data) of high spatial density and high
accuracyfrom object surfaces. The general processing of thet mboud data essentially
covers the georeferencing of the point measurements, filtering data with regard to the objects
to be mapped, and creation of spatially detailed models with high accuracy.

2.2.Terrestrial laser scanners

Terrestrial laser scanners coospd of two main parts: the laser range finding system and
the beam deflection unit. Concerning the measurement range, object scanners and surveying
scanners can be differentiated. Only the latter meets the requirements ocirappstg
purposes allowinganging in a distance of up to some hundred meters or even more.

The widely used surveying terrestrial laser scanners use either pulse ranging or phase
comparison as a range finding principle. Pulse ranging systems calculate the distance by the
time spanbetween the emission and the detection of the laser signal assuming constant
propagation of the laser light. At the phase comparison technique, the emitted laser signal is a
continuous wave modulated on frequency. The distance of the reflection withisntes of
the modulated wavelength is determined through measuring the incident phase. Range
measures exceeding the wavelength of modulation are ambiguous. Practically, the instruments
utilize multiple modulation wavelengths for the extension of the etiecinge: The incident
phase of the longer wavelengths is used to resolve the phase ambiguity of the shorter ones,
which resulted in accurate distance evehoat-rangemeasurements. The distinct ranging
principlesresulted indifferences in the effectiveange, precision, and scanning frequency.
Pulse ranging commonly provides longer effective ranging while the phase comparison
technique delivers higher precision and higher measurement frequency. However, the
performance of recent laser scanners usinigréifit ranging principles has been converging.
Waveform digitizatiorhas not become widespread in terrestrial laser scanners so far, although
a few examples are already exisi®aveform digitizing systems recorthe complete
backscattered waveform at caanst time intervals during the acquisitidhhas the advantage
that additional descriptive data can be derived from the reconstructed ($Magier, 200b
The temporal position of the target with respect to the transmitted pulse gives the absolute
targe range. The width of the echo provides information on the surface roughness or the
direction of the target surface, whil e the ¢
reflectanceWhenthe laser beam contacts withultiple targets, each ofém results a peak in
the recorded signal (multiple echoes).

Frolich (2004)distinguistest hr ee t ypes of beam defl ecti on
field of view (Figure 2-3). Present classification of the instnents is limited to théypical
constructions, althayh hybrid variants also exist.

1. Line scanners or profiling systems emit laser beams only in one direction and allocate
them by a rotating mirror in the plane round about the axis. To produce a 3D point
cloud, the sensor has to be moved along the direction of the axis so instruments of
these types are rather applicable at mobile mappiafiic security applications and
vehicle control systems

2. Camera view system$rame scannersyre equipped with twoseillating or rotating
mirrors, deflecting théaser light in horizontabnd in vertical plane with a field of
view about 60 degrees in both directiofhe allocation of the laser beam in the
vertical plane is calledine scanning while the horizontal onas called frame
scanning
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3. Devices used to date at static terrestrial data capture are of panoramic view. Scanners
of this type use similar technique for line scanning as#neera view systembut the
frame scanning is achieved by a slower rotatiorhefwhole sensor body round about
the polar instrument axis. The angle of view is fulluax® in horizontal plane and
2701 320 degree in vertical plane. Instruments having limited zenith angle enable the
polar axis to be tilt in order to capture data fronbiteary part of the upper
hemisphereFigure 2-4 illustrates the main components of@anoramic view)aser
scanner system on the example of Riegl LMS Z420i.

d)

A9

Figure2-3. Scannersdé field of view: (a) I|line scanner (b)
zenith angle (d) panoramic scanner with full view over the upper hemisphere. (lllustrated by the author)

Terrestrial laser scanners optionally recepectral data characterizing the reflectivity of
the target surface. The most common descriptive feature is the intensity of the reflected pulse.
Stateof-art instruments digitize the full waveform of the emitted and reflected laser signal.
Following the waveform decomposition, multiple returns can be distinguished and the
accuracy of the ranging can be enhanced by-mustessing analysing of the signal
waveform. In addition, the amplitude and echo width can be derived for each reflection.
Numerous scanmng capture RGB data simultaneously with the ranging. Some earlier devices
have mount points for external digital camex&jle the newer ones contanuilt-in camera.
External cameras generally deliver images of higher quality, although they are motei@ccen
relative to the laser sensdrhe range of the further optional exsappliesinvolves internal
memory for orboard data recording, GNSS receiver, biaxial inclination sensor and compass
for direct georeferencing, various standard interfaces (incAMW/IUSB, Firewire, etc.), and
colour touch screen.

. Ranging unit

. Laser beam

. Rotating / oscillating mirror

. Beam deflection unit

. TCP/IP interface

. Laptop

. High resolution digital camera

. Ethernet cable

O 0 9 N B W N ==

. Processing software

Figure 2-4. The main components of laser scanner system on the example of Riegl LMS Z420i (www.riegl.com).
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Table 2-2 introduces the technical parameters of thmesent TLS devices depicted in
Figure 2-5. The sample data for the evaluation of the algorithm described in this thesis were
collected using an instrument Riegl LMS120i that stood for a statd-art laser scanner
around 2005. The VZ 400 belongs to the subsequent generation of pulse ranging Riegl
scannersThe development of the past years can be notedhe example of these two
instruments through the extensioh full-waveform digitization capacityincrease of the
measurement ratin the order of one magnitudine reduction in weight by 40%nd the
integration of GNSS receiver as well as internal mem@he third instrument, the Leica
HDS 7000 is an example to ap-to-date scanner using phase comparison ranging technique.
Its technical parameters reflect the main characteristic features of the phase comparison
ranging principle: the higher scanning rate and the limited effective range. The precision is
slightly better as it is at the pulse ranging instruments. All the instruments usafeyelass
laser so no additional equipment for protection is needed for the operation.

<)

a)

Figure 2-5. Exanples on recent terrestrial laser scanners a) Riegl EEI&0i(pulse rangingp) Riegl VZ400
(pulse ranging with full waveform digitization) Leica HDS700@phase shift{www.riegl.com, www.leica
geosystems.com).

Table2-2. Examples on the technical parameters of recent terrestrial laser scanners (www.riegl.com,
www.leicageosystems.com

Riegl LMS 7420i Riegl VZ400 Leica HDS7000
Pulse ranging

Ranging method Pulse ranging (full-waveform) Phase shift
Max. Measurement range [m] 350 - 1000 280 - 600 187
Precision [mm] 4 3 1-3
Accuracy [mm] 10 5 5
Beam divergence [mrad] 0,25 0,3 <0,3
Footprint size at 100 m [mm] 25 30 <30
Measurement rate [kHz] 8-11 42 - 122 1016
Line scan angle range [deq] 80 100 320
Weight [kg] 16 9.6 9.8

1: Depending on target reflectivity
2: At 50 m distance, depending on target reflectivity
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From the viewpoint of forestryelated applications of terrestrial laser scanning, attention
should be paid for theeduction in the effective range by up to 50% resulting from the low
reflectivity and rough surface of tree bavkww.riegl.con). Scanners with effective range of
at least 50 meter are reqedl for individual tree lodang. Thin twigs and leaves may csel
multiple echoes that result invalid point measurements (ghost points) in the point cloud
(Bienert et al, 2006 In addition, the reflections from trees beyond the ambiguity interval of
the instruments using phase ngoarison ranging principle raise the proportion of
measuremenmnoise. Instruments with ranging accuracy in the order of 1 cm deemed
appropriate for forestry applications, which is fulfilled by almost any of the recent scanners. A
more crucial parameter the scanning rate: Trees from afar of the sensor can be interpreted
better as well as the tree tops can be located with higher accuracy in a dense point cloud data.
Furthermore, the higher scanning rate reduces the time of data collection that resalted in
ghost points at the tree crowns moved by the witeh(iing and Radtke, 2086 Ducey et al.
(2013)found that the smalleootprint sizeleads to better penetration through the understory
vegetationalthough the larger footprint size is better siiiter the identification otree tops.

To providecomplete sampling of the tree crown, instruments of those should be preferred that
enable data capture from the entire upper hemisphere without changing the tilt angle of the
polar axis. RGB data have thevantage at interpretation aiming at species classification.
Additionally, low weight, buikin power supply and compact design are necessary for the
effective and convenient use over rural circumstances.

Full-waveform laser scanning holds greatomise for forestry applications.Echo
amplitude was found to be diagnostic featurdull-waveformairbornelaser scans ahe
estimate of mixture rate of conifers and deciduous trees ifdsafstateRrolly andKiraly,

200%). It is expected that the spectdata of the terrestrial waveform recording systems can
be similarly sufficientin distinguishing groups of tree species. Beside the amplitude, the echo
width has potential in tree species classification through the quantification of bark roughness.
Multiple targets that are close to each other cause invalid (ghost) pec#ase the echoes

are superposed and their average range is returned. This issue mayegacdiess to the

type of laser ranging. Using fulVaveform digitization, the echo shape irat&s whethean

echo originates from a single targetaultiple targets, thus the number of ghost points can be
suppressedAs low vegetation produce multiple echaes wel| this capability can also be
efficient in their automatic filtering. Moreover, weform digitization enables the detection of
multiple echoes per pulse if the distance between the targets exceeds the minimum of multi
target resolutionWith regard tdforestry, multiple echo detection is prosperous for describing
the fine structure of dnanching in the canopy. Studies on the benefit of-Vialeform
digitization in the field of forestry are required to verify these assumptions.

2.3.Transformation of the point cloud

The point cloud is defined by spherical coordinatey ,f) in the scannérs o wn
coordinate systemwhere r denotes the rangg, and 7 describe the orientation of the

directed laser beam azimuthal and polar directions respectiv@fjgure 2-6). Although the
raw observablegleliver polar coordinatesmost software packages providectangular
coordinates (x,y,z) as output. The relationshipetween the raw observablesd the

rectangulacoordirates can be expressed as folloReghetyuk, 2009

13
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gz & sinf g
Each point c¢cloud is defined i rtransfdrneatiossc ann e

are needed toombine scans recordémm different positios andto locate the merged point
cloud in a superior coordinate system (éigngarian Projection SysteEOV). The process

of transforming each local coordinate system into a common coordinate system is generally
referred to as reteve orientation or specifically in case of terrestrial laser scans; registration.
The subsequent transfornuat of the combined point clouthto an eartHixed coordinate
system is achieved through the process of absolute orientation or georefe(Bfaifiegand

Briese, 200Y.

Figure 2-6. Raw observables in the sensords own cC (

Both type of orientations realized as congruertcgnsformationthat preservesthe
distance and angle between arfytlie point pairswithin the same scarnThe number of

parameters is six including &Dx, Dy, Dz) translation vector anc(W,j,k)rotation angles
around each axis of the local sensor coordinate system. Let denpigy;,z) local

coordinates of the-th elementn the point cloud,p; the coordinates in the target reference

system R the rotation matrix and the translation vector. Thermula for the transformation
is the following(Henning and Radtke, 2007)

p; =R®, +t (2-2)

In the course of registrationhd parameterf and t are computed by tie points i.e.
matching point pairs from the overlapping regions of the scans. The minimal number of tie
points is three, but th@ore points are included in the registration the higher reliability can be
achieved Theobject functionaccoding to the least squares adjustmenthe following

14



N 2
alpi-a| =MIN (2-3)
i=1

Where n(?2 3) denotes the number & point pairs and q, denotesthe i -th matched

point in the target coordinate system. Tie points are represented by artificial reflectors or
characteristic objecthat can be identifieoh differentpoint clouds.

Reflectors are special markers withircular, cylindrical or gherical shape and high
reflectivity (Figure 2-7). The measurements on ttedlectorscan bedetectecautomatically by
selectingthe points with extremely high intensi#lternatively, markers with spherical shape
are available that can beéentified automatically through their geometric featudgsplying
least squares surface fittinthe shape of theeflectorcan bemodelledaccuratelyallowing the
exact location of its centr&eflectorshave to beestablishedat the overlapping area of the
scansin evenly distributed arrangemepttior the data collectianRegistrationvia reflectors
can beappliedalmost under all circumstances including forest survélie drawback of this
method is that the reflectors arecassible only up to a few meters height above the ground,
thus they unable to guarantee alignment in the higher regions of the crown.

{)
\

A
W "\
Figure 2-7. Target object for registration of scans. (www.riegl.com)

The other group of registratiomethods extrastmatchingpoints automaticallyrom the
overlapping part of two point cloudg'he most popular algorithm for the calculation of the
registration parameters is the lIterative Closest Point Algorithm, (Kifure 2-8) that
minimizes the sum of squared distance between the closest gioints scangAgca, 2007).

The groups of corresponding points are unknown beforehand so coarse registra¢ietded

as an initialization The algorithm involes new matching point grouge each of the
iterations refines theregistration parameters then transforms the point cloud to be adjusted
using the updated parameters. The corresponding point gaoeigxtractedy searching for
planarsurfaces or similarities in the intensity valu&be recently used variants of the ICP
accomplishlocal plane fittingat first and continue minimizing the discrepancy between the
points and the corresponding planegsing hierarchic approaciby selecing the appropriate
planar surfaces in coarsefine manner speeds up the proceskhe ICP is a powerful
technique therefore; it is implemented in many of the point cloud processiigare
packages Although its use islimited in forested scenes, espaty at the height of tree
crowns due to the difficulties of extracting appropriate planar surfaces within the canopy.

Objectbasedregistrationprocedures arevolved from the ICP algorithm so they can be
regarded as its extension. These algorithms rezeghe correspondingpoint groups as
edges, corners, cylindrical, conicat spherical surfaces. The orientation parameters are
calculated through iterative alignmenttbe corresponding objects. Objelsased registration
can beutilized in scenes whermost of the scanned objects amtificial constructions with
smooth surfacand regular shape. Thise of classiobjectbasedegistration techniquehave
strong limitations over forested areas as the algorithm can not match the surface points of
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trees (piLine, 2009. Henning and Radtke (20Q7)@nd Huang et al (2011)developed
automatic objectbasedregistration methods optimized for forest scenes. The alga@ithm
detectpoint measurements from the stem surfanesach scanThe sem points weresplit
into 1 m height intervals, which resulted in horizorst®@mslice sections. A circle was fitted
by least squares adjustnteonto each stem slice sectiofhe matching circles were selected
upon the similarity in diameter. The orientation parameters weralatdd throughhe ICP
algorithm using the corresponding circle centassinput dataThis approach resulted in
preciseimage alignmentsip to approximately 20 meteabovethe ground, with an avage
postregistration error 00.16 cm.

o,
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Figure 2-8. Concept of the ICP algorithm illustrated in three iterative steps. (Adapted from Pfeifer, 2007)

The process of georeferencing is similar to that of the registration in the sense it computes
the parameters of a cgiuency transform as well. The indirect solution of georeferencing
needs control points with coordinates defined in the superior reference system. The control
points are marked in the field with the same type of reflectors as it was mentioned at the tie
points. Direct georeferencing can be appleth instruments that have the ability to locate
the absolute position, azimuth and inclination of the sensor. The position and attitude of the
scanner is measured by a GNSS receiver coupled with biaxial inctirsnsor. The azimuth
can be estimated by compass or using a pair of GNSS sensors equipped on a fixed base.
Deviation of the stand axis from the vertical, defined by the local gravity field, may be
observed and corrected with an electronic spirit le&tthough direct georeferencing has the
highest degree of automation, it has not conte wmide use so far because itd limited
accuracy Berényi, 201). However, this technique could lsenvenientfor applications in
forested areas where surveying basetgare usually not available near the scanner position.

2.4.Data structures

2.4.1.Dimensions and data types

Models represent objects with respect to relevant aspects. Our models aimed at describing
the components of a forest scene, typically the ground surfacehandtructure of the
vegetation with specific regard to the position, size and shape of the trees.

The expression data type refers to the storage @drthe geodata se¢hat can beeither
regular or irregularThe spatial information content is storedvastor coordinates in case of
irregular storage format. Point coordinates have no extent thus the distance between the
neighbours can be arbitrary allowing representation of irregular patterns. The regular spatial
structure resulted in wetlefined neighburhood relations as the data stored as an array of
small cells with identical size and shape. Both data type can have spatial extent in two or three
dimensions.

Most of the laser scans are stored with rectangular coordinates in irregular pattern so the
primary storage structure of the point cloud is a type of 3D vector. It is convenient to reduce
the number of dimensions from three to two by creating a thin horizontal subset where the
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height difference of the points is not significaftigure 2-9). In this case, the height
coordinates can be neglected in the course of processing that simplifies the algorithm and
saves computational time.

The regulawvariantof the 2D vector data type is called raster. It is compbgeghiform
cells of equal spacing with neither overlap nor gap between the adjacent elements. The shape
of the cells is squared in far the most cases, however rectangular or hexagonal structures are
also possible.

Extending horizontal squared cells in teight domain, the shape of the elements turns
to be cubic called voxels (volumetric pixel), while the corresponding 3D grid structure is
referred to as voxel spacé&igure 2-10). Voxel space can be interpreted asstack of
horizontal rasters of unit height. The inverse of the statement is also apprehensive: Raster is a
voxel space of unit height. Regular data composed of squared cells are also named as grid
structure in general including rasters and voxel spdged.data can be displayed as digital
images(Czimber, 199Y.

Grid data are arranged in columns, rows and planes indexdd Q%) nonnegative
integers. Each cell is located in this grid coordinate system and represented by a digital
number. The spatial resolution of the grid is expressed by the cell skeoint cloud given
with vectors of(x, y, z) coordinates can be stored as a grid composed nf n, cells, where

the symbolg g refers to theceil function:

n = é,Xmax = Xrin @’ n = é,ymax = Ynin ?’ n, = é,zmax = Zin 9 (2-4)
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Figure 2-9. Representation of laser scanned data a) 3D point cloud, b) horizontal subset of stem surface points
and c) their representation in a binargster. (Source data: Hidegviglgy Forest Reserve, Hungary, 2006.
Figure compiled by the author)
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Figure 2-10. The 3D voxel space is composed of a set of 2D rasters. The cells are identified by the indices of
columns (i), rows (j) and planes (k).

In a grid structure, the location afhy point measuremens represented by éhmidpoint
of the corresponding cell. If the top back left corner of the grid is georeferencgghYnlax
Zmay Coordinates and the rows hathee same orientation as the axis X, the cell indices of an
arbitrary point with(x, y, z) coordirates can be calculated by the following formulhere the

symbol é (] refers to thdloor functiorn

~

SO X U €Yt YU 62, - 20

€ d " & d d & d Y

The orresponding relations faralculating the(x, y, z) coordinates fronthe midpoint of
thecell (i, j,k) are as follows:

x=x_. +({+05@, y=y_ . -(j+05@, z=z_ - (k+05 @ (2-6)

k =

(2-5)

Midpoints of the grid cells retain the origingk, y, z) coordinates with an error o%at

the worst caseThe absolute error raised as the resultant of coordinate errors is up to

3

7d thatis reduced togd at raster data with the omission of the height component.

Points within the area of a given raster dellj,k) can be queried from the original point
cloud, as the corresponding points fullfie following system

i®|+Xmin ¢X<(i+1)®+xmin
Yoex - (J+D@Cy<y,, - @ (2-7)
z..- k+)@¢z<z - k@

The term oO0diABance@emferaellysreferred to th
midpoint hat is computed b{2-8):

de =y(Xg - Xp)2 +(Yg - Ya)? +(Zg - Z,)7 . (2-8)

The use of the Euclidian norm in a grid has the disadvantage that the neighbours of a cell
sharing common vertex, edge or face are at differenartiss. Calculating the distance in
Manhattan norm is often more convenient, as in this case, all the connected neighbours of a
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given cell are at the same distance irrespective to their relative pdsaiaret al., 1995 The
Manhattan norm (or citplock distance) of two voxels is computed 3<9j:

dM :|XB - XA|+|yB - yA|+|ZB - ZA| (2'9)

The use of Manhattan norm has the further advantage that its computation is less
complicate because the Manhattan norm of twtscwith integer grid coordinates yields
always integer resuliThe set ofpoints that are equidistant in Euchdi norm from a given
pointare located oa circle while in Manhattarnormthe points are on square.

The digital numberassignedto a gridcell is interpreted as a specific attribute of the
represented space or volumetric eleménthe simplestcase the attribute is a binary code
expressing the existence or the absence of a laser scanned point measwithimethie cell
by the constantd and O respectively. This kind of grid representation considers the location
and neighbourhood relations of the point measurements. Extendirdpth&n of binary
codesallows for the storage ofraduated data. For example, storing the counts of point
measirements for each cell resulted in a point density raster, or computing the average of the
intensity values per cells resulted in an intensity image. term range image refers to raster
that contain the distances of the scarpusitionand theclosestpoint measurementithin the
correspondinggrid cells (Figure 2-11) It may be confusing that the term range image was
used as synonym expression for the polaud in earlier studieShe colour of the reflecting
surfacess recorded by digital camera andan bedisplayedusing RGB code.

b X Wﬁi‘.‘;&
Tm 20 m ;

Figure 2-11. Range image: range data stored in a raster. Rows and columns represent constant scanner angle
values (Source data: ktlegvizvolgy Forest Reservéjungary,2006.Image compiled by the author
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2.4.2.Image objects

The main goal of tree mapping algorithms is to detect point measureménats stems in
the laser scanngubint cloud. This can be achieved based on general georf@sttures such
as shape and siz# the point patternsHowever, a single vector arcell is only a primary
element in the data set of the reflecting object @iodereveals nothing abouts geometric
features. To retrieve information on the shapdhef objectsan extendedulgroup of the
primary data has to be analysed with special regard to #tialslations of its elements.

Neighbourhood relations can be defined in straightforward way at grid data structure. A
raster cell has four neighbourstivcommon cell side additionally four others at the corners.

A voxel has six neighbours sharing comnface;twelve sharing common edge and eight at
the cornerg(Figure 2-12). A set of connected cells with similamlues compose region.
Delineation of regions is done according to a homogeneity criterion of cell values. A plenty of
homogeneity criterion has been defined in algorithms for segmentaticmmotely sensed
images(e.g.Benz et al., 2004, Czimber, 2009

The algorithms introduceid the present thesggocessondit( 6 b1 ac k himay whi t €
grids. Cells containing at least one laser point measurement are 'toded called signed
(foreground), while the complement set of cells are cddlexhd callel empty (background).

A set of signed cellsn connection to each other is called region in binary image processing.
Delineation of regions is achievetirough Connected Component Labellirggorithms
(CCL) that find all regions in an imagend assigra unque label to all cells in the same
region (Jain et al, 1996 Image objects are regions organized in data structure that ensures
unigue identification for each region and enables linking attributes. The size of the smallest
image object is one cell. Athutes of image objects relate to size, position, shape, and
neighbourhood relations that contribute to their thematic classification.

While connected image objects cover one contiguous region of a scene, disconnected
image objects can consist of severallased partgFigure 2-13). In case of disconnected
image objectsthe aggregation of single regions contains reasonable meaning; the coherent
objects represent one physical object. Image objects can be orgart@éderarchic levels,
where the totality of all image objects in each level covers the entire scene. This means that
all image objects on a lower level are compiet®ntained in exactly one image object of a
higher level Baatz et al, 2004 Objects onhigher levels are called aggregations (super
objects). Disconnected image objedtisould betreatedas aggregations as they contain
multiple continuous regions.

a)

b)

L | |
L] O

Figure 2-12. Neighbourhood relations of a rasteell (a, b), and of a voxel (d).
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Figure 2-13. Group of binary cells (a), regions (b) and objeeith unique labels A,B,C,D and &) composig
one disconacted image object labelled wigh(d).

Regionsof connected image objects atiee fundamental elements of binary image
processing, however connected image objects can further Ilhetspcomponents (sub
objects).Soille and Vogt (2008presented a morphologic segmentation method that can be
used for baracterising binary patterns with emphasis on connections between their parts. The
resulted components are classified to one of the seven categories (core region, islet, loop,
bridge, perforation, edge, and branch). the terms and idioms in relation wbjectbased
image analysis can be extended to 3D grid data.

2.5.Processing concepts

Three main concepts have been outlined in the literature focusing on the topic of
modelling trees from terrestrial laser scanner data. The concepts differ in objectiveo(ladat
modelled or estimated), scale (number of target trees), and modelling principle (physical or
stochastic approach). The border between the concepts is blurred as they overlap some times
to each other and there are some transient methods exist.

1. Tree mpping and estimation of attributes on individual levhe main motivations

are (1) tofind solutions for using TLS as an alternative technique for the automatic
retrieval of classic farst inventory parameters and (2) waden the range of
descriptive d&a that can be used for forest management applications and ecological
investigations. The data capture is typically involves several trees e.g. those that are
within a forest inventory sample plot. Due to economical reasons, the surveying is
often completd from a single vantage point so the algorithm should be able to
manage point clouds from single and multiple scanning positions as well. Specific
challenges are the filtering of vegetation points and their classification according to
the individuals. Thebiophysical attributes are estimated through relatively simple
structural models.

2. Reconstruction of tree structure. Tree models of this kewedalthe architecture of a

single tree including the crown structure with high level of details. Tree moalets h

to provide information on (Ithe start point andnd point of each branch ang (adii

at these points. In addition, topological models account for the branch hierarchy. To
ensure complete model, the sample tree is measured from multiple scannimgositi
The field of potential applications involves the reconstruction of especially valuable
trees and assessment of tree volume for the improvement of local volume tables. Time
series of tree models are ndastructive meant®r monitoring tree growth thuthey

suit for the purpose of ecological researches. Other studies have focused on tree
models to explain the impacts of the canopy structure on gas and water exchange and
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to improve the existing radiatiotransfer models Gote et al.,, 2000 Due to the
realistic structure and high level of details, these models can be utilized in software
packages developed for visualization and design.

3. Retrieval of forest stand attributes on plot level. Studies of this approach are
addressing the issue of parameter estondrom terrestrial laser scanner data without
distinguishing individual trees in the dataset. The models rakbseribethe spatial
distribution of the aggregated mass of wood and leaves throughout the sample space.
The methods used are dominated lmglsastic models and aimed at estimation of leaf
area index lenning andRadtke 2008, Strahler et al. 2008 gap fraction Danson et
al., 2007, and biomassu et al., 2012

Present dissertation istendedto dealwith tree mapping and estimation oéér metrics
on individual level Accordingly, theoverview presented in the following subsections is
primarily focusing onconcept 1 Furthermoreijt implies some studies from the field of tree
reconstruction (concept 2) that deemed prospective in foresated parameter retrieval.

The review is organized according to the main processing steps of the workflow aiming at
tree mapping and parameter estimates:
Generation of digital terrain model
Filtering of irrelevant data
Tree detection
Derivation oftreemodels andhttributes
a. Diameter and basal aréarea of stem crossection)
b. Stem models
c. Tree height
d. Crown structure

PwpnPR

The input data for tree mappingpsacticallythe registeredpoint cloud without thematic
classeslf the map is required to be locatedarprojection system, the point cloud should be
georeferencedThe digital terrain model (DTM) is necessary to make difference of point
measurements from the ground and the vegetadioth to transform height coordinates into
relative heights above the grmi Commercial software packages are available for the
calculation of high quality DTMs that simplifies to filter vegetation points in indirect way as a
complement set of terrain pointBoint measurements reflected from the low vegetation or
resulting fran measuremerdrrors ararrelevant from the viewpoint of tree detection, so they
should be eliminated through filteringhe filteringcan be regarded as a simplessiication
of points i ntto diematic dadsedZetedion dfnirees mea that all the
remaining vegetation points are classified so that only of those reflected from a given tree are
assigned in the same class. The classification is primarily based on the spatial arrangement of
data points thus the detection is closely eglab the creation of a structural model, which is
used for locating the position and quantifying the size and shape of the tree. The possibility
for the classification of point measurements according to tree species or even species groups
is strongly limted. AlthoughHaala (2004found differences in the point cloud with regard to
tree species using fusion of laser scan and digital ingatgga, the potential of the technique
is hardly enough for practical us€he increasingly spread of fulaveformtedinique in
terrestrial laser scanning is expectedbéoa step towards the tree species classification. Using
the descriptive fullvaveform information in relation to the reflectance properties and
roughness of the target surfatke automatic retrieval daxonomic groups or even health
conditions seems prospective but needs experimental supperguantitative description of
the target trees is based on the creation of their structural model. The simplest models are
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devoted to the estimation of stemrdigter or basal aresdt a given height. If the domain of the
models is extended in vertical range, stem models and stem metrics are revealed. Tree height
can be yielded by finding the tree tops and matching them with the corresponding tree
positions. Crownmodels generally account for thHeorizontal and vertical extent of the
crownsas well as théierarchic arrangemenf branches.

2.6.Generation of digital terrain models

The first step of the workflow is the creation of the digital terrain model (DTM) and the
related classification of points according to the reflecting surface as terrain atedraiff
measurements. Many different concepts for filtering terrain points have been proposed so far,
and some of them are available in commercial software packagesoriv@nience, the terrain
elevation is regarded as reference surface to normalize the heights of the point cloud. Hereby
the heights of the objects located at distinct elevation above the ground become comparative
throughout the scene. The DTM quality Ipagnary influence on the subsequent estimation of
stem diameters and tree heights. Filtering of terrain points has another aspect namely that off
terrain pointsaremeasurements from the vegetation in forested area. In fact, the complement
set of terrairpoints will be used as input data for the detection of trees.

Filtering concepts rely on the hypothesis that points with locally low elevation relative to
their neighbours are reflected from the ground because the laser light is unable to penetrate
below te terrain surface. The methods used in wide range of practice have been developed
for processing airborne laser scanner data; however, with some modification of their
parameters they are appropriate for TLS data as well.

The most frequently used filterirgpncepts for DTM generation over forested areas from
TLS data can be divided into three groups:

1. Filtering based on adaptive threshold
2. Progressive TIN densification
3. Surface interpolation of weighted points.

The earlier filtering methods calculate a timasl on the height coordinates upon which
the actual point is either accepted or rejected as a terrain point. Basic variants of these
procedurescan be implemented through short scripts writtenmathematicalprogram
packages. The efficiency of the adaptithresholding is restricted by sharp edges and
discontinuity of terrain points. Block minimum filters use a moving horizontal plane with a
corresponding upper buffer zone that defines a region in 3D space where terrain points are
expected to reside. Thalane is located at points with locally the lowest elevation. Points
above the buffer zone are deemed-teffain points. The thickness of the buffer zone is
needed as input data, but some more sophisticated routines consider the histogram of
elevations ad calculate it automaticallyA structure element, describing admissible height
differences depending on horizontal distance is used at morphologic filtering. The smaller the
distance between a ground point and its neighbouring points, the less heigrendif is
accepted between them. This structure element is placed at each poirtes@ivifpoints are
identified as those above the admissible height difference. The structure element itself could
be determined from terrain training data. For steepeasa higher admissible height
differences are allowed/psselman, 2000

The second group of filters works progressively, where more and more points are
classified as ground points. The classical routine of progressive TIN densification starts by
selectig some local low points as sure hits on the ground. The algorgsomes that any
areas bigger tmathe expected largest building have at least one hit on the ground and that the
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lowest point is a ground hit. An initial model from selected low pointseiated. Triangles in

this initial model are mostly below the ground with only the vertices touching ground. The
routine then starts refining the model upwards by iteratively adding new laser points to it.
Each added point makes the model follow the grosndace more closely. Iteration
parameters determine how close a point must be to a triangle plane so that the point can be
accepted to the model. Iteration angle is the maximum angle between point, its projection on
triangle plane and closest triangle tear (Figure 2-14). Iteration distance parameter makes

sure that the iteration does not make big jumps upwards when triangles are large. This helps
to keep low buildings out of the moddéxelson, 2000, Soininen, R6).
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Figure 2-14. Progressive TIN densification (Mandelburger, 2005).

The third group of algorithms is based on a surface model that iteratively approaches the
ground surface through the recalculation ofights for each point according to its height
difference relative to the model. The algorithm Robust Filtering computes the surface with
equal weights for all points (for all-measurements) in the first st€idraus and Pfeifer,

1998. This surface runs ian averaging way between terrain points and vegetation points.
The terrain points are more likely to have negative residuals, whereas the vegetation points
are more likely to have small negative or positive residuals. These residuals are used to
compute wights for each measuremgiigure 2-15). Now, the weights can be used for the

next computation (iteration) of the surface. Points with large negative residuals have
maximum weights and they attract the computedase, whereas points with medium
residuals have smaller weights and less influence on the computed surface. This algorithm has
been implemented within the program package S€&ORn SCOR+, the surface is
computed by subdividing it into several patchey. dbing so, parameters of the weight
function are set in an adaptive way for each patch. The method has been embedded in a
hierarchical approach to handle extended gaps in terrain data resulted from dense vegetation
or large buildingsKigure 2-16).

AD

Figure 2-15. Weight function for filtering terrain points.(Kraus and Pfeifer, 1998)
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Figure 2-16. Iterative refinement of thground surface by weighted points (Mandelburger, 2005).

The concept of Active Contours (Snakes) has its roots in the digital image processing. In
general, the shape of an active contour is the solution of parameterization that minimizes an
energy functio that includes internal energy and a potential field. The internal energy is
described using physical characteristics associated with the contour, usually material
properties like elasticity and rigidity. The potential field is given by the height da@a. T
contour used in this case acts like a sticky rubber cloth or a rubber band net that is being
pulled upwards from underneath. The net is attracted by the height data points and sticks to
points that are assumed to represent the true ground. The sldestioéts in the rubber band
stops the net from reaching points not representing the true ground. The solution is a net that
forms a continuous model of the ground surfagbng@vist et al. 200l Weinacker et al.

(2004) modified the concept to work in hiechic manner and implemented in software
TreesVis.

2.7.Filtering of irrelevant data

The shape of the trees can be visuallentified in the point cloudalthough the stem
surface points are surrounded by measurements of irregular p@tigune 2-17). Some of
the scatteredataare caused by range finding errors e.g. phase ambiguity or multiple echoes
generatedy partial interceptionThe remaining points around the trees are reflected from
small orthin components fovegetation for example leaves and twigs. Due to the sparse point
density relative to their extenhese reflecting objects can be interpreted neither visual nor
automatic manner. Measurements from unidentifiable objects are regandetdeaant from
the viewpoint of tree detectiorConsidering the irregular pattern and sparse arrangement,
these measuremerdappeaisolatedespecially as they are usually single points or small group
of points relative afar from the stem surface poitgslateddatacome into view as speckles
in regular data structurén the presence of thick undergrowth, the ratiesofated pointcan
exceed the ratio of stem surface measurementsragntcausehe failure of standard object
detection techniqued.heir filteringis necessary for automatic tree detection but it facilitates
the visual interpretation of forest stands as well.

Points reflected from beyond the efficient ranging distance of gdtaidbased
instruments appear as if they were within the ambiguity inteAalally, these ghost points
are reflected from afar so thentensity values are lower than thcme of the surface points
within the effective rangeGhost points from multiple echoes have alike lower intensity
because of the smaller area of reflection
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Figure 2-17. Stem surface points with significant amount of data reflected from other vegetation components.
(Source data: Pro Silva demonstration site, Pilis, Hungary, 2006. Figure compiled by the author.)

Filtering ghost points can be achieved thyesholding the minimum intensity value.
Schilling et al. (2011jound this technique effective, asnéduced the point number byi15
29% in advance a tree modelling procedufecording to the experience & monse et al
(2003),natural objects never have high intensity values. This means that a very high intensity
also indicateslatanoise when measuring in forest stands. Twigs and leaves reflect only a few
laser measurements resulted in isolated pantsmal group of pointsbeing relative afar
from their neighbours. Aingle point can be removed if it does not have enough neighbour
within a given search radius. Due to the viewing geometry, the search radius should be
increased with respect to the distanamfrthe sensor. A commonly usgdddingtechnique
for the elimination ofsolated points is tdill only thecells of thoséhat contairpoint counts
exceeding a given minimum valu@schoff and Spiecker (2004nhapped the horizontal
section of the point oud into a point count raster and removed isolated points by adaptive
thresholding of the minimum cell values. The routine considered the numiseinaying
points and summarized the potential point counts for each @Geite and Pfeifer (2004)
defined righbourhood operations and filteringeson object size (i.e. minimum cell counts)
to remove isolatedells from the voxel spaceSimonse et al. (2003)roposedfiltering for
range images assumirthat neighbouring cells contain point measurements wsiithilar
distances. If a cell value extremely deviabtesn the valie of its neighbours, it represents
isolateddata

Specificfiltering is needed to remoyaoint measurementeflected frombranches for the
estimation of stem diameter. This holds high im@aceespeciallyat conifers where dead
branches remain on the lower part of the bakbranch points are often arranged into sparse
groups of linear or amorphous pattern, their local context has to be also condfdaned. et
al. (2007)developed diltering routine for point count rasters to separate point measurements
from the bole and from the branches. It can be used for single scan data knowing the nominal
scan resolution and scanning positidsssuming regular scanning pattern, tiieoretical
maximumof point measurements can be calculated for each ceulbhyming upthe laser
beams passing throughe region of the cell. Comparing the maximand the actual point
counts, celldvelowa distinct valueavere assumed to contain smaller objects thercell size
andweretreated agrelevant speckles=gure 2-18).
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Figure 2-18. Filtering for single scans by elimination of cells with few measurements (Betrady2007). The
threshold of minimum point counts is 13 per cells in this example, which was computed upon the scanning
resolution and the target distance.

Litkey et al. (2008)ntroduceda filtering techniqudollowing the detection of tree points
for coniferswith vertical boles. A line was fitted to tree points along each vertical scan line
using a robust approximation technique. Points that deviated from the linear trend were
filtered out to remove branch points.

Although the removalof isolated poits is a prerequisite for stem detection especially in
the presece of undergrowth, intensive filtering might caudlse elimination of tree dat®ata
gaps degradehe level of details and so, they resultinaccurate modelsSpecial attention
should be pa at detecting young trees with small diameter othat removal of isolated
pointsin thecanopy;becausehe filteringtends tareducethedata from thin stems or twigs.

2.8.Tree detection

Detection of trees is the processdalineatingpoint measurementsf stem surfaces and
assigning them to classes according to the reflecting trees. Based on the classified data
individual tree models can be created as a basis for subsequent assessment of biophysical
attributes. The detection can be carried out in vemtagrid data structure of either twor
three dimensions.

The goal of the tree detection in 2D is the estimation of tree position and stem diameter at
the height of the horizontal data subset. Tree position is defined as the stem centre coordinates
at areference height being the same as the height of the diameter estimation. Practically, this
height is 1.30 meter above the ground level in the standardized forest inventories of European
countries. The object detection is carried out in the thin subskttaflocated at the reference
height thus the difference in the vertical (z) coordinates can be omitted. Pleasgtimaitites
value of the vertical coordinates are defined in terms of elevation above the ground. Point
measurements from stem surfacesrfapproximately circular arcs or closed circle in the
horizontal subset of data depending on the number and constellation of scanning positions
(Figure 2-19). The shadow effect from low vegetation and neighboutiags causes data
gaps or even occlusion of the tre€sg(re 2-20). Visual interpretation on horizontal point
cloud sections asused for the identification of trees and isolatioriref stem surface points
in ealy studieson forestryrelated processing of terrestrial laser sq&tegpkinson et al, 2004;

Watt and Donoghue, 20D5Thies andSpiecker (2004)as well asHenning andRadtke
(20064 fixed reflective tapes prior the data acquisition at the reference safhte stems

to be mapped. The intensity values of stem surface points were significantly higher than of
those reflected from other components of vegetation that allowed using a simple threshold for
filtering stem points.
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Figure 2-19. Stem surface points from multiple scanning positions in a 10 cm thick horizontal point cloud
section. Isolated points have been reflected from probably bran@msce data: Hidegwizodlgy Forest
Reserve, Hungary, 200Bigure compiled by the author.)

Figure 2-20. Shadow effects resulted from a) stems and b) bran(®estce data: Hidegvizolgy Forest
Reserve, Hungary, 2006. Figure compiled byahthor.)

Simonse et al. (2003%earched for the positions and diameters of horizontal stem slices
mapped into binary raster image as the parameters of circular arcs usingtkémsgbrm.
The Houghtransformis a standard tool in digital image processivigich uses a parametric
description of simple geometrical shapes in order to reduce the computational complexity of
their search in a binary imag&his is achieved by transforming each cell of the original
binary i mage i nto a 1/ definedbythe parpnreters of hedHapeitg h
be detected. The resulting coordinates of the transformation are binned in an accumulator grid
with as many dimensions as the number of unknown parameters. The parameters of the
shapes are obtained as local maximvalues in the accumulatdfigure 2-21).
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Figure 2-21. Concept of Hougiransformation for circle detection (Simonse et al., 2003).

Simonse et al. (2003)sed modied Houghtransform where only the positions of circle
centres corresponding to tree locations were sear@ezhuse theircle diameter i.e. stem
diameterwas not known before applying the algorithtimey stared with a value of 100 cm
and reduce it in smallincrementsSchilling et al. (2011)nade additional modifications on
Houghtransform so that the algorithm uses point count raster of horizontal point cloud
sections as input data and favours to the cells containing multiple points. Extractioresf ci
by Houghtransform and its variants have become widespread techniques for the detection of
stem slice sections, howeuéey require numerous and fiened parameters as input data.

Aschoff and Spiecker (2004)reated image objects from the cells the rasterized
horizontal point cloud section and calculated their inner and outer circles. Objects with inner
and outer circles with nearby centres and similar diameters were declared as stem slice
sections. They experienced that the reliability of tieensrecognition can be improved using
horizontal point cloud sections at multiple heights as #@res of overlaying stem cress
sections are aligned roughly along a vertical line and the diameters decrease in ascending
height. Bienert et al. (2007devebped a stem detecting algorithm that usestangular
moving window technique on point count raster. Cells with local measurement densities
exceeding a given threshold were considered as stem components. Stem components within
the moving window were labell with a unique ID resulting in disconnected image objects.
The position and diameter of the trees were obtained through a robust circle fit algorithm. The
main disadvantage of this method is that the steinBosebeing closer than the size of the
moving wi ndow cannot be separ at e(ldiraly ahdBeollyal gor i
2008 assumes point data from single scad amcular shape for stem cressctions. The
routine searches for the point measurements that represent the tangential point on the
horizontal stem slice sections viewing from the direction of the sensor position. Knowing the
two tangenti al points, the circlebs paramet e
the angular bisector. The three point positions can be furtiproved by averaging the point
coordinates in their close neighbourhoWdezyk et al. (2007yenerated TIN model from the
point measurements. Following the elimination of long edges, the point groups of stems and
low vegetation patches were representeduimets. To seléethose representing tree cross
sections, polar coordinates for the vertices were determined with respect to the subnet
centroid. In case of circular shapes, the standard deviation of the radial distances is relative
small and the distrition of polar angles is uniform so subnets meeting these criteria are
classified as tree stems.

Haala et al. (2004)etermined the fundamental surface type for each cell of a range
image by the calculation of mean and Gaussian curvature signs. The aodiagpcells were
combined to image objects, from which the ones having cylindrical shape were classified as
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tree trunks. The range images created.ikey et al. (2008)contined horizontal distances

thus the cell valuesf the stems with approximatetrtical attitude were in close arrangement.
Image objects were created based on the similarity of neighbouring cells. Stems are identified
as image objects with elongated shape in vertical direction. Range images contain one
distance value per cells, whichmits the fields of application to processing singtans.

Huang et al (2011napped thgoint cloud into a voxel space up to the 20% of total height to
reduce the influence of branchd@%e individual stem detection process is basedher8D

voxel histgram techniquesVertical columns composed by exclusively filled cells were
projected to a horizontal raster with identical resolution. The value of the raster cells depicted
the extent of the corresponding vertical column expressed in voxel cdurdisistering
algorithm based on Euclidiadistance was used to classifye cells ofindividual trees
followed by circle fitting to locate the position.

Methods for automatic tree detection are evaluated in terms of reliability and accuracy.
Reliability is quanfied concerning correct detections, omissions, and misclassifications. The
output of a stem detection algorithm contains correct detections and misclassifications.
Misclassifications are detection errors: findings without reference data ipréweously
specified proximity. The ratio of misclassification is the proportion of misclassifications
regarding all the output set. Omitted trees are those reference samples that have not been
recoquized in the laser scan. Theemll detection rates reported by thiged authors vary in
the range of 2204% usng single scans and betweeni 5.20% at multiple scans. These
intervals are wide however, there is high difference between study sites and stand conditions.
Care should be taken at the direct comparison ofdperted reliability of different methods,
as the detection rate is strongly influenced by several external factors. Those with the highest
relevance aras follows:

1. Number and constellation of scans (scan mode). The use of combined point clouds
originatedfrom multiple scanning positions enhances the detection rate, as trees are
measured from multiple directionshies and Spiecker (20p4eported 30%ncrease
in detection ratio by raising the number of scanning positions from one to five.

2. Stem density. Hjh stem density induces occlusions, which reduces the detection rate.
Watt and Donoghue (2005pund reduction in the effective range of ithéree
mappingmethodfrom 30 to 8 meters d@heincrease of stem dsity from 600 to 2800
treeghd *.

3. Density of bw vegetation and branching. Clusters of point measurements reflected
from the undergrowth or branches have pattern similar to tree stems that may cause
misclassificationsBienert et al. (2007pointed out the negative effect of branching in
conifer stand, where the rate of mitassification waseduced by 40100% through
the integration of a branch filtering routine in the stem detection procedure.

Furthermore, the reliability is affected by the radius of sample plots that varies in the
range of 10 to & meter among the cited studies. Each algorithm has been optimized to more
or less specific test site conditions so these shouldobsideredat the evaluation of the
performance. Accuracy is the degree of conformity of the estimated stem coordindses to i
actual (reference) position expressed in terms of Euclidian distance. Several studies have
proved that accuracy of detected stem positions is in the magnitude of some centimetres
irrespectively of the detection methoHdpkinson et al, 2004, Watnd Daoghue 2005,

Thies andSpiecker 200% This level of accuracy meets the requirements of the forestry
practice to identify the individual trees in the field.

3C



2.9.Tree models and attributes

2.9.1.Stem diameter and basal area

Stem diameter is the most important quatitre parameter with respect to the calculation
of tree volume by allometric equations. The diameter can be estimated in the same height
section as it was used for the 2D stem detection, while 3D models allow estimating the
diameter at arbitrary height tiie stem. The height of the diameter is determined relative to
the ground level, which implies the importance of the DTM quality. Thealed breast
height (1.30 m abovthe ground) has specific role as a standard height for the measurement
of stem diamatersreferred to as DBH, i.e. diameter at breast heighé crosssectional area
of the plane cutting the stem at breast height normal to its longitudinal axis is called basal area
(Husch et al., 2003 The basal area can be computed from the DBH arel wecsa. The
reliability of the diameter estimates refers to the robustness of the estimation method against
the effects of point measurements reflected from branches or other objects apart from the
stem. Accuracy means the conformity of the estimated a@temimto the reference
measurements. DBH is classically determined using calliper or tape measure.

Watt and Donoghue (200%Jigned circles manually to the point measurements of stem
slice sections. They found strong linear relationsR{p= 0.92 0.989 ammg the diameters of
aligned circles and diameters from field measurements. This study emphasized that high stem
density and intensive branching have negative influence on the reliability of DBH estimation.
Hopkinson et al. (2004)elineatedstem points mauelly to exclude the influence of branches
and estimated tree parameters by fitting a circle with least squares adjustment. Automatic
circle fitting is objective, reproducible and less labour intensive approach than manual circle
alignment although the k&t is less sensible to gross errdienning and Radtke (2006a
proposed the iterative refinement of fitted circles by removing the point measurement with the
largest residual in each step. The circle fitting procedure was being repeated until the root
mean squared error (RMSE) exceeded the limit of £5 mm. Compared to the reference data set,
the bias wa$0.2 cm with standard deviation (SD) of 2.1 d@renert et al (2007jtted circles
into stem slice sections at multiple heights. They developed a forfouleanking the
reliability of circle fit by considering the RMSE, the central angle of the directly measured
arc, the point density and the coherence in diameter with the overlaying circles. The DBH was
estimated using linear regression on the diametgamst their corresponding heights, which
enhanced the reliability. The bias wids6 cm, with SD of 2.5 cnHuang et al. (201 1efined
the parameters of circles combining Hotigdmsform and circle fit algorithm in iterative
manner. Hough circle has tlalvantage of being robust agaisitlying pointswhile the
circle fit provides more accurate diameter. In this way, the Hough circle had a role in the
selection of reliable data points as input for the subsequent circkRuéischel et al (2012)
implemented twoalgebraiccircle fit approaches in addition to the classic, geometn& and
investigated the effect of using multiple scaifiey found that the number of scanning
positions had higher impact on the DBH accuracy than the adjustment methodrusedd
fitting.

Modelling of stem crossections by circle is typically a 2D approach. By filtering the
stem surfacgoints in a thickness of 0i51 m, the stem modelling through cylinders becomes
possible that allows for the reduction of the influemfestem leaning on the diameter
estimation. However, the derivation of DBH from circles @ltsg multiple height sections was
found more accurate than fitting one cylinder to all data in the same height intBredly (
and Kiraly, 200%). The parametersf circle or cylinder can be estimated upon the point
measurements of a single scan, so the useitbér to model the stem cressction is
convenient and cost effective.
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Stem crossections surveyed from multiple scan positions can be modelled more
accuately by shapes with higher degree of freeddmchoff and Spiecker (2004)sed
ellipsefitting algorithm, Pfeifer et al. (2004applied free form (Bspline) curves for accurate
approximation of stem crosectionsKiraly andBrolly (2010 introduced a rathod for the
creation of concave polygons that reduces the effect of measurement errors by averaging the
point coordinates fothe calculation of the vertice®ezyk et al. (2007¥sed inner and outer
hulls of stem surface points for the direct estimatbrbasal area and ackiel estimation
accuracy of 0.3 2.1%. Examples on crossectional models are givenkigure 2-22.

Bias values wereeported in the range 6f2.37 1.9 cm that indicates the presence of
sydematic errors in the crosectional models. The overestimation of diameter can be traced
back probably tdhe outlying pointan the surroundingof the stem slice section that cause
distortion in the fitted shape®&rolly and Kiraly (200%9) found relatimship between the
degree of underestimation and roughness of the bark. The systematic error can be eliminated
by calibration based on sample trelégaly and Brolly (2010)alculated the totddasal area
of a stand of 118 trees usingcular, cylindricaland polygonal modeland found that the
maximum difference was 1.2%he DBH estimation accuracy (RMSE) achieved by using
laser scan is in the range of G.8.4 cm and is deemed to be competitive in most cases to
classic field measurement tools used hie forestry practice (e.ddopkinson et al., 2004
Thies and Spiecker, 200¢ It has to be emphasised that the result of diameter estimation
strongly depend on the stem detection method as it provides the data pool for the calculation.

Figure 2-22. Models ofstem crossections as a) circle, b) cylinder, c) frémm curve (Pfeifer et al., 2004), d)
concave polygon (Kiralgnd Brolly, 2010).
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2.9.2.Stem models

Laser scanner daenablesevaluating the stem form aneblume of standing trees. The
retrieval of exact quantitative stem attributes can be hardly achieved on standing trees above
some meter height using classical measurement tools. In this context, terrestrial laser scanning
allows for widening the range afaditional forest inventory parameters with additional stem
related attributes, such as stem profile, lean, sweep, and stem height. Stem profile is a graphed
diameter up the stem versus the corresponding heigiper of the log is defined as the
differene in diameter between the butt end and the upper end of the log, divided by the
distance between these two elemdhtasch et al., 2003 Taper of arbitrary part of the log
can be estimated considering the stem diameter profile. The preparation of gatincoer
products requires logs with limited taper, thus the stem profile provides essential information
for the wood quality assessment. Sweep is also a substantial quality index, vda@tihas as
the maximum pitch per metef the log(Thies et al.2004).

Aschoff et al. (2004¥ylescribed the stem profile up to 20 meter height using regression of
circle diameters that were fitted to stem slice sections in the point cloud at 0.5 m intervals up
the stemBienert et al. (2007)sed similar method to detmine stem profiles of 22 standing
conifer trees. The estimated stem profiles were validated against detailed diameter
measurements after falling. They fouir@l6 cm bias with RMSE of +2.5 cm up to a height of
8 meter. The accuracy was decreased abovehthigt due to the reduction in stem point
density in combination with the occlusion effect of heavy branchlinges et al. (2004)
reconstructed the brandtee stem of deciduous trees by means of successive cylinders in
telescopic arrangement. Cylinderrpaeters were estimated by least squares adjustment of
the consecutive stem slice sections in the point cloud with a thickness of 0.5 meter. The five
initial values (positions and orientations of the axis, cylinder radius) for the parameter
estimation werdakenfrom the previous cylinder, which ensured smooth connection. The
sweep was estimated by calculating the chord lengths along the connected cylinder axes and
the corresponding pitcheg-igure 2-23). To yield the learing of the stem, the centre
coordinate®f the first fitted cylinder werégakenasthe orign of a polar coordinate system
which thehorizontal distancefthec y | i rcehteepomtavasplotted

Thies and Spiecker (2004pnsideredhe length the stemequivalentto the height of
the crown base, which was defined as lilegght of the first branchThey used data from
multiple scans and applied cylingigting procedure ugo the crown The stem length was
estimated at the height where the RB)&e. the indicator of the goodness of fit, exceeded the
predefined threshold of +3 cm. The authors found their results unsatisfactory and explained
the fail of the method by crown overlap. Nevertheless, tree models with more detailed
description of therown structure perform better in estimating the stem leiggthilling et al.
(2012)created tree models in the voxel space and represented the generalized crown structure
as graph. Based on 37 samples, the estimation error of the stem length was th RMSE&
of £1.0 m.

Figure 2-23. Fitted cylinders in telescopic arrangement, the approximated tree axis as the connections of
cylinder axis centres, a chord (a) and the corresponding pitch (b). (Thies 2064)
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Thies et al (2004estimated the stem volume by summing the volume of the fitted
cylinders.Pueschel et al. (2012sed similar concept but approximated the stbape within
horizontal sectionsvith conic frustums up to 10 metre height. The relateeuracy of the
volume estimates wag 8% for multiple scans and 185% for single scan#schoff et al.
(2004) proposed generation dfiangulated irregular networkT(N) model over the height
interval of the automatically extracted cresectional ciras to interpolate the stem surface
and to derive its volumeKiraly and Brolly (2010) compared results of volumetric
calculations based on different body of revolutions and prisms. In addition, thegézens
classifiedbased on the formumbers and the ppopriate body of revolution for each partition
was assignedstem models are adequate for visualization purposes and attract the attention of
the public for the opportunities of terrestrial laser scanrfingute 2-24).

Figure 2-24. Stem models as a series of ckssstional circles (Kiralyand Brolly, 2007).

2.9.3.Tree height

Total tree height is the distance along the axis of the tree stem between the ground and the
tip of the tree. In case of leaning trees, the total height is approximated by the vertical
component of the axis. Tree height is one of the most important attribute of individual trees as
it is a necessary parameter of the allometric equations for volumeagstimand it is a
reliable indicator of the site conditions. Height measurements of trees are taken indirectly
with hypsometers, which are based on trigonometric principles although using this technique
is time consuming and labour intensive. Estimatiotred height using terrestrial laser scans
is still challenging as the identification of tree tips is restricted by the specific viewing
geometry, which resulted in reduced point density and occlusion of the neighbouring tree
crowns.

The simplest methodsearch for the highest point measurement within a given radius
around the tree position and consider that as tree tip. &ily technique has been
extensivelyusedup to nowadaygHopkinson et al. 2004, Bienert et al. 2006, Huang et al.
2011). The authorseported systematigiasin the range of 1.5 0.4 meter with random error
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of 0.8 1.1 meter. The estimation accuracy is comparable to that of hypsometers. The main
disadvantage of this sampligised height estimation method is that #earch radius
strorgly affects theresult; furthermorevertical stem ax®and radial symmetry of the crosvn
areassumedBrolly and Kiraly (2009) created rastdoased digital crown surface model with

cell size of 0.2 m by assigning the highest point measurement to ea(figle 2-25). Tree

tips were identified as local maxima using inverse watershed algorithm (blob detection)
followed by low pass filtering of the surface. The lower parts of the tree stems were modelled
by fitted cylinders thaindicatedthe main direction of tree leaning. The axes of the cylinders
were extended up to the crown surface and each stem was linked to the nearest tree tip.
Considering the main leaning direction the accuracy of the tree height estimatson
improved by 19% resulted in a biasi@.3 m and RMSE of +1.8 m.

The abovementioned techniques are not suitable for maitered forests.Thies,
Spieckern(2004) used the laselerived diameter profile and approximated the tree height by a
common tapr function. Input variables to the taper function are DBH, tree height and a set of
treespecies specific parameterss tree height is the parameter to be calculated and at the
same time part of the input variables, a direct fit cannot be realisedhiBaieason, they
iterated the tree height from 5 m to 50 m with a step size of 10 cm and calculated the
deviation of the resulting function versus the profile in each iteration step. The height with the
minimum RMSE was assumex$the tree height. This mebd yielded results with relative
accuracy of 7%, although the tree species should be known in advance to select the
appropriate speciespecific parameters. To avoid using these parametersoutee part of
the stem diameter profilevas created based time diameter estimatésom laser scanner data
andthe upper partwas extrapolated It was assumed that the diameter decrement is strictly
monotonic up the stem and the tree height can be assessed as the intercept of the taper
function Figure 2-26, Kiraly and Brolly, 2008. The method was validated on larch samples
and resulted in relative accuracy of 16%.

L A

Figure 2-25. Tree height estimation by means of cylindricahstmodels and crown surface model (Brolly and
Kiraly, 2009a).
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Figure 2-26. Tree height estimation through exprolation of the taper function. (Kiraly and Brolly, 2008)

Schilling et al.(2012)created tree odels in the voxel space and estimated the tree height
with the highest voxel within the object. The resulted bias was 1.75 meteRMS8E of
+1.49 meter. The reason of the significant underestimation is that the complete tree models
consisted of one coented image object. As the poineasurement density is reducedhe
upper region of the crown, the occlusion effect of the twigs causes the isolation of voxels.
Consequently, theseoxels should be integrated into the model to avoid underestimation of
tree height.

2.9.4.Crown structure

The size and the structure of thied crows show strong correlation witstemvolume,
vitality, growth and the competitive ability of the treeFurthermore the potential of the
canopyasecologic niche for animals and epipays also related to the crown structufée
crown is the main part of the tree that can be viewed by remote sensing techfrmues
groundbased and airborne platform$his fact accounts for the key role of the crown
structure in the integration of daieom different platforms because the crowns are identical
objects that were recorded in both data Séte. architecture of crowns is more complex than
that of the tree stem ashashierarchic structureomposedf multiple branches witharious
orientdion and size. As a result, modelling of crown strucheedsdata on higher resolution
than tree mapping applications, whigguiresdata capture from multiple scanning positions.
Tree models oPfeifer et al. (2004intended to provide information ohe start point anthe
end point of each branch, and the radii at these points. The stem and the main branches were
modelled by sequence of fitted cylinders. The base cylinder was described by the known
radius and an axis segment (i.e. the two axis endtg)oiShifting this cylinder forward (or
backward) in the axis direction, an approximate position for the néxidey was found.
Points beingclose to thisapproximatecylinder were selected forthe refinement of its
parameterslf the new parametersvere in accordance witthe predefinedjuality criteria, the
cylinder was accepted andthe tracking continuedFollowing the assignment ofhe
unclassifiedooints to the closest reconstructed branch, the outer hull of the crown was yielded
in the form of polgons in different heightShe study presents a demonstrative example on
the performance of the algorithm, but provides no validation on crown size paraiGeites.
and Pfeifer (20043egmented the point cloud according to branches. The point measurements
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were converted into the voxel space argkeletonizatiomoutine was applied which reduced
the stem and branches to single voxel thickness. Voxels of the skeleton were organized into a
graph wusing Dijkstrads mini mumthesbppeheswereg t r e
labelled with unique IDs followed by the establishment of the topologic datdbagee
2-27). Bienert et al (2010presented trewise segmentation procedure in the voxel space with
the goal ofderiving structural model$or meteorological simulations. They computed various
attributes for individual voxels. For instance, the main direction of the branches within a
voxel was specified as the eigenvector with the largest eigenvalue of the coyvamatnix
calculated from the 3D point coordinates. The crown structure was modelled by means of
disconnected image objects where the linking of corresponding objects was based on the
distance of object centroids. Data from thin twigs were eliminated inctliese of the
segmentation by deleting the voxeldéth few point measurements in order to reduce the
degree ofoverlappingbetween thecrowns. Presumably, this filtering lead to systematic
underestimation of the crown size, althougfamgitative evaluatio of the tree crown metrics
was not reported.

Bucksh and Fleck (2011detected branch dimensions of fruit tree canopies indiaf
state using thei(SKELTRES algorithm. The point cladi was subdivided by adaptive oex
algorithm. Octree is a data struatubased on the recursive subdivisions of the model space
into volumetric elements. The algorithm requires only one input parameter, which is the
minimum allowable cell size to terminate the subdivision process. The octree data structure
was converted to @raph, followed by the skeletonization procedure. The skeleton was
geometrically embedded into the point cloud. The median distance of point measurements
from the skeleton graph was taken as the branch radius allowing even the estimation of fine
brancheswith correlation coefficient of 0.92. The methodology proposeG e et al (2011
usedterrestrial laser scans combination withallometric relationships to define the total
amount of foliage in the crown and to build the toe@nching structurentensity information
of laser measuremenias also involvedo extract the stem and to separate the main branches
and foliage. Assumingorrelationbetween the availability of light and the mass of foliage
together with branching frequency, the fine branchsatgicture was reconstructed by a
dranch colonization routidet the crown regions whetke point densitywastoo sparsefor
the direct modellingThe validity of the proposed modehsevaluatedn five confer trees.
The error of leaf area estimatifor individual trees was ranged from 17 to 67 percent relative
to the reference leaf areas.

a) 4 b)

Figure 2-27. 3D crown stucture represented by a) contigus voxel objects and b) gendzal skeleton (Gorte
& Pfeifer, 2004).
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3. Aims and scope

The main objective of this thesis is to introduce novel algorithms for the automatic
processing of terrestrial laser scanner data recorded in temperate forests with special regard to
the challenges dfiverse stand structure. The algorithms address the following issues:

1. Filteringof irrelevantdata

2. Locating of tree stems (tree mapping)

3. Retrieval of individual tree metrics, such as
a. Diameter at breast height
b. Total tree height
c. Horizontal crown projectioarea

The primary data source of the algorithms is tgisteredpoint cloud with elevation
coordinates relative to the ground surface. The algorithms contain procedures for the
identification of data from individual trees by geometric feature detecwchniques.
Following the extraction of tree data, models of the stem @®st®ons or models of the
complete tree structure are created, upon which the stem centre position and the biophysical
attributes (diameter at breast height, tree height and croojection area) are estimated. The
algorithms make use of different data structures and dimensions of model spaces. The
objectives of the algorithms are specified in detail as follows:

1. Reduction ofirrelevantdata for processing of laser scans in 2D abdeéature space.
The interference of the laser beam with the low vegetainohtwigsresults inisolated
datathat adversely affects the performance of the tree mapping applications. The
filtering must highlight tree data and eliminate data of other therolasses.

2. Extraction of trees from the point cloud. The algorithm should have the capacity to
process point cloud data captured from single and multiple scanning positions. In
addition to the location of tree centres, the algorithm must provide ae@stinates
of stem diameters.

3. Stem mapping in the raster domain. The algorithm must enable the mapping of trees
using the merged laser scans otlee completearea offorest compartments with
closeto-nature stand structures. Special attention shoulgaimkto counteracting the
negative effects of low vegetation. In order to yield reliable stem diameter estimates, a
special routine should be included to sort out the data from branches apart from the
stem surface.

4. Detection of juvenile trees. As mosttbie classic tree detection algorithms are scale
dependent, i.e. they do not support the detection of small trees, a specific solution is
needed to take the advantage of the high scanning resolution by extracting the location
of juvenile trees composing thegrowth patches with DBH below 10 cm.

5. Extraction of tree data and creation of complete tree models in the 3D domain. The
algorithm should have the ability to classify the laser scanner data according to
individual trees and to create 3D models includihg individual tree crowns for
conifers and deciduous trees.
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6. Retrieval of quantitative tree metrics. Estimates on foresiated parameters (stem
diameter, tree height, and crown projection area) should be provided based on the
physical models as outocwes of the above described tree detection (modelling)
techniques. The parameter retrieval routines should be applicable under diverse site
conditions such as unevaged, multilayered and mixed stands with considerable
coverage of low vegetation in thersh storey.
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4. Materials and methods

The outline of this chapter is the following: The fisgictionscharacterize the materials
and the pregprocessing stages resulting in the data source fmethe development and
validation of thenew methodsThe next sctionsis theessentiapart of the dissertation: the
detailed description of th@lgorithms Methods foremoval of irrelevant pointneasurements
are presented at firsas the filtered data is used as input for the subsequent mapping and
modelling applcations. The introduction of thetheralgorithms takes place according to the
data structure used, beginning with 2D stem mapping algorithms, which is followed by 3D
tree detection and modelling techniques.

4.1.Study sites

4.1.1.Hidegviz-volgy Forest Reserve

The Hdegvizvolgy ForestReserve(N46.671, E16.44) is located in the Sopron hill, 10
km west from the towmf Sopronat altitude of 450 520 m(Figure 4-1). The core area is
19.7 ha, including the compartments of Qwpd85 B, C and 186 A, D. The climate bkt
area i s cl| as Fhefchamcterisicssoil Gypes are hoidic, 4paalzolic brown
forest soils with surface water gley, and colluvial soils, formed on gneiss and mica bedrock
(Horvath et al., 2012

The doublelayered, abandoned old beech stand was in the age of 83 years at the time of
the data acquisition according to the forest plAE$Z 2004. The main species of the upper
canopy are beechH@gus sylvatica21%) and sessile oak(@ercus petragal9% with a
mixture of larch Larix decidua 12%) and sprucd”{cea abies10%). The height ahe upper
layer variesin the range o24i 27 meter. The lower canopy layer is composécvenly
distributed 10i 22 meter high hornbeamCérpinus betulus and birch (Betula pendula
individuals.
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The core area has been withdrawn from management by law being left for natural
development and free ainy direct human interventiagince the year of 2000 his resulted
in intensive gap dynamics, involvirige ruination ofsuppressed birch individuals atite
perishingof spruceglestructed by bark beetle. The abundance of the regrowth and shrubs was
negigible at the time othe data capture, but considerable amount of lying deadwood was
presented in varying spatial distributiovit@lis, Zakarias, 208).

A grid network of permanent sampling poir{tsé F o r e 8 vas set @p+rt order to
retrieveinformaion about the pattern and dynamics of the tree populations and stand structure
(Kiraly, 2006. The density of permanent sampling points is four per hectare, which was set as
a regular grid of 50x50 m. The network was established with the contributioe dIMME
EMK Department of Surveying and Remote Sensing2@®5 2007. The diverse stand
structure and the geodetic level accuracy of the sampling network supported this forested site
to be the first one in Hungary that is surveyed by terrestrial laser sgafiiraly et al.,

2007).

4.1.2.Pro Silva demonstration site, Pilisszentlélek

The compartmerRilisszentlélek?5 A (N47.722, E18.860s located20 km in soutkeast
direction from the town of Esztergorii@ure 4-2). The total area of the compartment is 9.5
ha. A forestry road splits the compartment into two distinct parts. The altitude of the site
varies in the range of 4BBO0 meter above the Baltic Sea level. The valley of stream
Szentlélek structured the geomorpholdgyeastwest direction with slopes of soudittorth
aspects and inclination of 50 degrees.
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The foresthas beenmanaged by théilisi Par k e PLACRaccording to the Pro Silva
directivessince 1999which resulted in the enforcement of natural processes in the forest
dynamics.One of the main objectives in the demonstration site is the switchover to a selection
system that ensures spontaredorest renewal and forest demeinent, through moderate
single tree selection harvesting and the use of natural regenerdan Silva, 201p
According tothis objective, the stand is uneven aged with majtered canopgtructure The
main speciesni the dominant layer are beedRaQus sylvatica and sessile oakQuercus
petraeg with a mixture rate of 55% and 23%espectively. The mean age of the dominant
trees was 97 years at the time of data acquisition, while the age of hosn{§gaminus
betulis) composing the lower canopy varied in the interval of 460 yeardAESZ, 2002)

The regeneration layer contained beech regrowth witthpease distribution andib meter
height.

4.2.Data acquisition

4.2.1.Laser scanning in the Hidegvizvolgy Forest Reserve

The terrestrial lasescanswere recorded in the surroundings of the permanent sample
point No. 0511 on April 7 2006 (in le&éss state) using Riegl LM&420i instrument. The
survey was carried out from the sample point and three additional scanningnsoBigoire
4-3). In addition to the normal panoramic view, scans with titeahner headngle of +50°
were recorded from each scanning position. Furthermore, an axis tilt an@gl@°ofvas set in
the central scamng position in order to acquire point measurements from the complete upper
hemisphere around the sample point. This constellation ensured detailed survey of the ground,
stems and canopy within a radius of 30 meter. The scanning frequency was 24.1 KHz wit
angular step of 0.06° and 0.1#% azimuthal directionat the normal and tilted scanner
attitudesrespectively. The sum of the point measurements is 11.7 million.
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Figure 4-3. The Hidegviz/6lgy ForestRese v e wi t h ntehte Hd&mplestpoi nt s-11 Sampl e
was a TLS surveying point at the same time.
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The georeferencing was carried out using control targets along with the known
coordinates of the neighbouring permanent sample points of thet Ferest. The mean
linear error of the georeferencing is 0.01 meter, with a maximum error of 0.03 pikiee,(
2006. The surveying and the georeferencing were completed Ipyltime Ltd.

4.2.2.Laser scanning inthe Pro Silva demonstration site

The laser scaran survey was carried out in April 2009 with Riedi§-Z420i instrument
in the lealess state of the forest. Two scans were recorded from each 88 twanning
positionsusingazimuthalangular resolution of 0.06° arstanner headlt angle of +50° and
130°. The survey covering the area of the entire demonstration site was completed in four
days. The total number of recorded point measurements was 3.6 billion. The geodetic
reference network used for the georeferencing was surveyed by means of LeidaPI200
receivers Three base points were established using GNSS technique outside of the forest. The
network was surveyed by traversing across these base (yings total station Sokkia
Powerset 300QKiss 2009. Reflectors were used to mark the control poi@nd tie points at
the ground levelThe automatic registration of scans failed at higher elevation above the
ground as artificial targets were missing furthermore the bark surfaces and branches were not
feasible for feature extraction. This required enbme consuming visual interpretation of the
point clouds and manual assignment of tie poipikirte, 2009. The laser scanning and the
orientation were accomplished by th@lLine Ltd. The mean linear 3D error of the
georeferencing is.05 m, with a maxnum of 0.10 m

4.3.Sample plots

4.3.1.Sample plotsin the Hidegvizvolgy Forest Reserve

Two sample plots, denoted by H1 and H2, weraldisthed in the Hidegvizdlgy Forest
Reserve Figure 4-4). H1 is a circular sample pleotith 30-meterradius around the permanent
sample pointNo. 05-11. The radius of 30 meter corresponds to the approxinhaigttof a
dominant tree that is the proposed scale in the investigations on the pattern of forest stand
dynamics. H1 is used as sdmplot for locating individual tree positions and stem diameter
estimation using the data merely from the central scan position. Sample site H2 has
rectangular shape of 21 x 27 meters. This smaller sample plot is devoted to the analysis of
individual tree structures including crown metrics from the combined data of the four
scanning positions. All the trees, whose crown is completely within the sample plot, were
viewed from multiplesurveyingpoints. Tree crowns outside of the sample plot were cropped.
Both sample plots afecated on gentlslopes of 5°10°.

A Scanning position

Plot centre

Sample plot

meters

e
0 10 20 30 40

Figure 4-4. Sample plots H1 and H2 with scanning positions.
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4.3.2.Sample plots in the Pro Silva demonstration site

The area of thentire demonstration site idenoted as PO. It is for the validation of the
comprehensive stem map created with the combination of data from &B8tkeanning
positions. The minimum diameter of stems to be mapped is 10 cm. The detection of individual
trees in regeneration phase wamried out in three smaller sample quadrates of 10 x 10
meters with label of P1, P2, and PBigure 4-5). These quadratic sample plots were
distinguished according to the regeneration density and branchingtin{@able4-1). Both
factors were assumed to have potential impact on the performance of tree detection as tree
density determines the degree of occlusion larahches generatsolated pointsThe three
guadratesire located on slopes of 1a5° steepness.

Sample plot

A Scanning position

meters

0

Figure 4-5. Sample site PO including the sample plots P1, P2 and P3 with the scanning positions.

Table4-1. Stemdensity and branching frequency in sample plots P1, P2 and P3.
Sample quadrate Sample trees Branching intensity

P1 41 medium
P2 212 medium
P3 58 high

4.4 .Reference measurements

The performance of the new algorithms introduced in this tiesegarded as the result
of this study The grounetruth tree locations and substantive tree parameter represented
by the reference databaseontaining measurementffom field surveys and visual
interpretations. Visual interpretation does not imply the errors and fails of the data acquisition.
Therefore, the validation against the visually interpregddrence data is only applicable for
the evaluation of the automatic algorithms, but care should be taken in extending the findings
generally to the whole technology.
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4.4.1.Reference measurements the Hidegvizvolgy Forest Reserve

Individual tree positions &re surveyed by a Leica 1200 total station in the year of the
laser scanningBazsé 2008, Mokos 20D8or each tree exceeding the minimal DBH of 5 cm.
The resulting database contained the species, the stem centre coordinates and DBH for 211
individuals. Tle DBH was measured using tape. The input for the automatic stem mapping at
sample plot H1 was limited to the laser scanner data obtained from the central scanning
position. This restriction represented the test conditions at minimum costs of data amquisiti
Trees whose stem was occluded at breast height were excluded from the reference database.
As a result, the sum of trees used as reference in the course of the validation procedure was
173. The histogram of DBH is illustratedkingure 4-6.
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Figure 4-6. Histogram of DBH values in sample plot H1.

Reference data of tree height and crown projection area within the sample plot H2 was
measured by computer aided visudkmretation of the laser scanner point cloud. The point
cloud used for the interpretation was composed of the scans from all thecknming
positions The interpretation and measurements were carried out using the software package
Fusion v. 2.9, whichhas been developed by the US Forest Service especially for laser
scanning based forest inventory purposdeGaughey 2010 All together 41 treg were
identified at breast height within the sample plot. Of these trees, the total height was measured
for only 25 individuals being completely within the borders. The interpretation had to
consider at the location of the tree top measurements whether an isolated point above the
upper region of the crown had been reflected from a branch or gleasg point (dataoise)

As the branches are thin at the top of the canopy, partial reflection of the laser beam might
encounter in the upper region. To avoid the estimation errors caused by these ghost points, the
operator marked the top point measurement in accordartbe ttrown shapeF{gure 4-7).
Individual tree crowns were delineateding the specific measurement tool of theision
software, which is a senrtiansparent verticatylinder with elliptical base The horizontal
position of the ellipse, the length of the axes and the direction of the main axis is set by the
operatoriteratively viewing the model space from multiple directiofi$ie delineation is
complete,when all the crown points are completely within fhessiblesmallestcylinder.

Using this measurement tool, tbwnsfor that of15 trees reaching up the dominant canopy
layer were delineatedThe shape of thborizontalcrown projection was assumedliptical

and its area was calculated from the measured &kestrees in the lower canopy layer have

few branches resulting in amorphous crown shape so they were ignored. Stem centre
coordinates were taken over from the reference database of sample plot H1. Descriptive
statistics of tree heights and projected cr@angas are listed ihalde 4-2 andTable4-3.
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Figure 4-7. Example for tree height measurementia point cloudising the sftware package FusioiMarked
points wereconsideredasghost points(Data from sample plot H2)

Tabe 4-2. Statistics ofree heightpn] in sample plot H2.

Class Canopy layer Samples Mean SD Min Max

Conifer Upper 9 26.2 09 247 27.2
Deciduous Upper 6 235 18 229 25.6
Deciduous Lower 10 16.0 44 8.8 20.7

Total 25 215 55 8.8 27.2

Table4-3. Statistics of mwn projection areagm? in sample plot H2.

Class Canopy layer Samples Mean  SD Min Max
Conifer 9 13.6 5.8 5.2 20.8

: Upper
Deciduous 6 33.6 28.1 11.4 75.9
Total 15 21.6 20.1 5.2 75.9

4.4.2.Reference measurementms the Pro Silva demonstration site

Individual tree locations accepted as reference for the validation of the automatic stem
detection technique withimé study site PO were obtained from the laser scanner point clouds
through a semautomatic detection technique. The s@miomatic manner refers to the visual
identification and manual estimation of stem poasi@rior to using the methad Kiraly and
Brolly (2007 for the filtering of stem point measurements. The tree map used as reference
depicts the location of the individuals with minimum DBH of 10 cm. Tree positions were
validated and completed in the course ofitu revision withThales MobileMaper™ CE
GNSS receiver. In addition, the tree species were specified at the field revision. The revised
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reference map contains the position and species of 1561 trees. All the stems are assumed
visible from at least one of the scanning positions, so ndéuranalysis concerning the
visibility was performed. The DBH was yielded as the average of two calliper measurements
made from perpendicular directions in 201&lger, 2012 Due to the time span between the
laser scanning and the field survey, the mesbWBH of each tree was decremented by its
diameter growth approximated for 3 years. Knowing the site class, thesspedithe actual
DBH, the age of the tree and the corresponding increment in diameter can be estimated using
the yield tables published Bopp (1974) Thehistogramof DBH classes at the epoch of 2009
is presented irFigure 4-8. Tree locations within the sample quadrates P1, P2 and P3 were
estimated by visual interpretation of the point cloud. DiBH of the object trees watund
in the range 081 7 cm by manualpoint cloud measurementsollowing the manual selection
of stem surface points, each stem was approximated by a fitted 3D line segment. The tree
position was calculated as the point cboate on the line segment at height of 1.30 meter
aboveground.

Table 4-4 provides a summary on the sample plots and reference data along with the
corresponding experimental objectives.

300
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200 — 1 1

150 1 — — — —
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100 1 — — — — —

50 4 — — — — —

SN
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Diameter at breast height [cm]
Figure 4-8. Histogram of DBH values in sample site PO.

Table4-4. Summary othe reference data and experimental objectives in the corresponding sampléAtlots.
sample plots P1, P2 aref3 the number of scans refers to thanber oscanning positions within 40 metees
thefurther onesprovide negligible amount of daja.

Plot ID Area (m2) Trees Scans Reference Objective
. Tree mapping
H1 2827 173 1 Field survey DBH
. Tree mapping
H2 567 25 Field survey an Tree height
Interpretation .
Crown projection area
Field survey an Filtering
PO 95724 1561 38 y Tree mapping
Interpretation
DBH
Pl 100 41 1 Filtering

P2 100 212 2 Interpretation

P3 100 58 1 Detection of juvenile tree
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4.5.Methodological concepts

The developed algorithms contribute to the forestisited processing of terrestrial éas
sanner data in the fieddof (1) filtering of irrelevantmeasurements(2) automatic tree
detection and (Btree parameter retrieval. The latter two were encapsulated into a common
shell as the model having created at the detection phase was usdtk fparameter
estimation. The main features of the filtering methods are listédbfe4-5. The algorithms
aiming at stem detection and tree parameter retrieval make ugectwir and grid data
structureswith two as well asthree dimensionsThe presentation of the algorithms is
practically subdivided according to the dimension of the data structure. Specification of the
data structures, age of the target trees, biophysical attributes to be estimated anddimnerespe
sample plots for the validation are summarized Timble 4-6. Filtering has important
contributionin increasinghe reliability oftree detection at the sample plotsrered with low
vegetationn the Pro Sa demonstration site.

Table4-5. Filtering concepts

Dimension Structure Sample area Section
2 Raster PO 4.7.1
3 Voxel space P1,P2,P3 4.7.2

Table4-6. Concepts of tree mapping and tree parameter retrieval.
Dimension Structure Age class Sample area Attributes Section

5 Vector Mature H1 DBH 4.8.1
Raster PO DBH 4.8.2

3 Voxel space Matur_e H2 h, a 49.1
Juvenile P1, P2, P3 - 49.2

h: total height
a: crown projection area

4.6.Pre-processing

4.6.1.Generation of digtal terrain models

The DTM of the Hidegvizvolgy ForestReserve was created upon the merged scans from
all theinstrument setipsusing a coarseo-fine iterative methodKiraly and Brolly, 2007).
The initial surface was generated by TIN calculation wlelg the points with the lowest
elevation within a grid of 10 x 10 meters were taken into account. Points within a predefined
vertical difference to the surface were classified as terrain points and were used as data pool
in the next iteration. Dividinghe grid cells to half size and repeating the point selection at
smaller resolution were resulted in a finer TIN model with closer approximation of the ground
surface. Filtering oterrain points with cell size of 0.5 meter considered sufficient for the
representation of geomorphologic details. Point measurements with gross errors were
eliminated manually followed by visual inspectiortita# end of each iteration cycle

The DTM of the Pro Silva demonstration site was generated using the concept of active
corntours implemented in the commercial software TreesWisifacker et al. 2004The data
set contained high number of gross errors that seemingly reflected from below the ground
level (low points). Point measurements with the lowest elevation within aogridmeter
were removed, which proved to be efficient in large area of the compartment. The remaining
gross errors occurred typicalhearthe scanning positions, which were delineated manually.
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Changing the sign of the elevation coordinates (i.e. mépbn byi 1) within the delineated
subsets, low points appeared as if they had been reflected from high objects and could be
removed by the standard filtering routine of Trees®Bi®lly andKiraly, 200%). The sign of
the elevation coordinates were satk to positive following the filtering. The shaded model
of the terrains depicted irFigure 4-9.

Elevation coordinates of both dataset were converted to relative height above the ground
using the DTMs. The groansurface is considered as the reference éoordinates.
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Metre
— ™ |
0 250 500

Figure 4-9. Shaded relief display of the DTM &etPro Silva demonstration sitéllumination from south
Colour bar represents altitude in metabove the Baltic levil

4.6.2.Conversion of the point cloud into grid data structure

Most of thealgorithms presented in this thissoperate over raster or voxgbace that
requires the point cloud to be mapped into a regular grid structure. The spatialoesulat
grid data structure used for stem mapping should be specifiedegard to the spatial extent
of the desired model space, the required accuracy of the tree locations and the structural
characteristics of the stand. There is a taiffl@t chooang the spatial resolution between the
performance of object detection and the accuracy of the resulted models. The coordinates of
the original point measurements are preserved with higher accuracy using higher spatial
resolution, although the smaller csike is resulted in the fragmentation of the image regions,
which reduce the efficiency of the objdmsed shape detection. Grid structures of low
resolution require less memory but the large cell size causes the loss of the fine details of the
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object stucture and results in coarse models. The spatial resolution of the grids used in this
study was optimized following visual comparison of data samples. The poundscwere
converted into binargrid storage format. Cell values indicated the presencesalibence of
poi nt measurements with binary kRodebue®f 61Ha b
referr efilledd ooras 6 foowhikeg rtohuend 6 ompl ement set i s
0 b a ¢ k g Desaription@f data structures used at the ceraimpte sites is given imable
4-7.
Table4-7. Data structures and model space parameters.
Sample area Structure Vertical extent Resolution

[m] [cm]
H1 Vector 1-2 0.1
H2 Voxelspace 05-30 10 1 1
PO Grid 1.3-1.5 2.5 1
P1
P2 Voxel space 0.5-3.5 5 1T 5
P3

4.7.Filtering of irrelevant data

The goal of the filtering is to remove ilewant data such as ghost points and
measurements from low vegetation or twigs to support the tree detdotgdevantdata of
these kindsusuallyappear assolatedpoints orsmall groupof points with irregular pattern
Isolated points are primarily caused by the interference from twigs of low vegetation and
sometimeghey represerthe outstanding data amount. Althoublke clusteredarrangement of
irrelevant pointgs less common, it is more challenging to distinguish them fiteenclusters
of stem suface measurement€lustersof irrelevant pointsare introduced by dense regrowth
patches, thick branches, or twigs with withered leaves. Low vegetation and branches are
analogue source ahisclassificationat stem mapping as trees and buildings are at DTM
generation. Ghost points are usually single measurements; howev@mission of regular
sensor calibration may cause clustered data ndige.techniques have been developed for
filtering irrelevant measurements in binary grid data structures: omadtar and another for
the voxelspace As isolatedmeasurementappear as speckles in regular data structures, the
t erm lée pfeiclkt eri ngd i s also accepted. in the t

4.7.1.Filtering of irrelevant data in 2D grid structure

The input for the filtering istwo overlaying horizontal sections of the point cloud
converted into raster format. One of them should be at the height of mapping reference. The
supposed height difference of the sections i 80 cm, while the optimal thkness is 3 10
cm. It is assumed that the overlaying stem slice sections are close in position and similar in
pattern if the vertical difference is sufficiently smallontrarily, most of theirrelevant data
arearranged imandom pattern without spatiebrrelation between the overlaying rasters.

The point cloud sections are mapped into distinct binary rasters with identical
georeference and spatial resolution. The complete filtering routine hasteépsihowever
conducting only the first one oft@rovidesreasonable result. The first step is accomplished

by a celtwise AND logical operation between the cells. Let derptand c;' the cell values

{0, 1} at the locationi( j) in the height sectionisandll. The resulting new raster contains the
intersection of the foreground cells i.e. cells in the resulting rasters are filled only if both the
source cells are filled
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{c) =1 AND ¢! =1}. (4-1)

This operation eliminates the isolated cells but unfeasible when the irrelevant data are
arranged into small clustens the second step, the input for the logical operation is extended
to the local surrounding of each cell using anlkeémwith size of 5x5 cells. The return value of
the filtering is the sum of corresponding filled cells within the kernel that are in the same
position regarding both of the height sections. Let de(igtgy) the grid coordinates of the
filled central cdl The filter value is computed by the following formula:

jo+2
i0+2

F(io’ jo) = a a Ci} Cb:i;l (4'2)
i=i0- 2
j=jo-2

The filter valueF is a positive integer in the inter\[’b,QS], and it has higher value when

the samples are matchingFigure 4-10). Using a minimum threshold on the filter value
eliminates the clusters with irregular patterns. The optimal threshold can be specified on a
subset of sample data by visual comparisgnthe filtered results. Excessive filtering
threshold induce the reduction of stem measurements, which result in data loss mainly at the
endpoints of the crossectional arcs.

The filtering algorithm is demonstrated on the data at sample site Phekhdeights of
the horizontal sections are 1.30 and 1.50 meter aboveground. The thickness of the point cloud
sections is 0.1 meter. The minimum threshold for the filter value was set to 6.

Filter value " .

s

Figure 4-10. Filtering values in a height sectio@ells with warm colours indicate higher spatial correlations
between the overlapping height sectidiiata from sample plot P0)

4.7.2.Filtering of irrelevant datain 3D grid structure

The reduction of 3Drrelevantdata & also basd on local filtering however the cells of
the structuring element are composed of voxels resulteadlim&nsional shape. The filtering
value indicates the sum of voxels within the volume of space defined by the structuring
element in the surroundingdality of the central voxel. Stems have shape of solid body of
revolution elongated in vertical directidm. contrast to stems, the arrangement of voxels from
low vegetation and branches introduces no directional preferéheestructuring element
should be constructed in a way th#te filter returns high value for group of voxdts
vertically elongated pattesnin order to meethis requirement the following issuskould be
concerned:
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1. The filter has vertically anisotropic effect, thus the structurglement has to be

elorgated along the vertical axis.

2. The filtering has no preferred azimuthal direction, so the structuring element should be

radially symmetric around the vertical axis.

3. With regard to leaning stems, the structuring elencemsidersthe deviation from

vertical directiorresulted in incremental filter radiasvay from the centre

These theoretical findings leaddstructuring element with the design depictedrigure
4-11. The filtering haghree parameters: (1)elght of the structuring element (2)aximum
radius and(3) threshold on the minimal filter value i.e. the sumfitéd voxelswithin the
structuring elementFilled voxels with filtering value below the threshold are classified
irrelevant(Figure 4-12).

It has to be mentioned that this filtering operation canalse used alternatively to
highlight the voxelomposingstems with high probability. Using tlegructuring elemenn
highlighting node the minimum threshokhould beset to higher value to allow the selection
of voxels thasurely belong to stems

The filteringover the voxel spac&asconducted at the sample quadrates P1, P2 and P3.
Results from arious parameter setere evaluatedrom which the optimal onevas selected
through visual assessmenthese parameters aras follows: Height: 11, Diameter: 5,
Threshold5.

Figure 4-12. Operating scheme of anisotropic filteria), and its effect (b). (Parameters: height: 3, diameter:
3, threshold: 4)

52



4.8.Stem detection in 2Ddata structure

Two stem dedction algorithms are presented in this section resulting in the coordinates of
stem centre positions and stem diameter. The reference height of the stem mapping is 1.30 m
abovethe ground. The shape of the stem cresstions is assumed to be circles athiof the
methods so the diametef the circlesrepresentshe stemdiameter at breast height (DBH).

The firstmethod, introduced isection4.8.1detects the stems by delineating the clusters of
point measurements directly ithe point cloud. The algorithm presentedsection4.82

converts the point measurements into a raster and creates image objects from the regions of
stem crossections.

4.8.1.Detecting stems apoint clusters

Stem slice sectionsan be distinguished from point groups of low vegetation because the
stem surface points are arranged in groups with characteristic form and size. The distinctions
in size and shape are captured by two theoretical concepts resulting in two routinesstThe fi
one is the partitioning of the point cloud into clusters with an iterative method. The second
step is the classification of each cluster as either stem slice section or low vegetation. This
step includes a proposal for geometric circle fitting by mesnan iterative leastquares
adjustment that in contrast to the classic Newton numerical scheme requires less accurate
initial values for the parameters to be computed.

4.8.1.1. Partitioning the point cloud

Clustering is tool for data mining in statistics thasigss data into separate groups, i.e.
clusters, according to defined similarity criterion (Fogarasand Lukacs 200% In case of
point coordinates, the clustesBould bedelineated so that the sum of squaradial distance
of points within the clusterss minimal and, at the same time, the sum of distance across
cluster centres maximal. This method has beadaptecassumingeach stem crossection is
represented by a cluster, thile clusters describe the locations of the stérhse. clustering
expeced to assigrihe coherent stem surface points to identical clgst€here are various
clustering methods applied in the fields of digital image processing for unsupervised image
classification and segmentatioB@zimber, 199). The algorithm presented ihi¢ study isa
kind of partitioning technique becauaey givenpoint is assigned to only one cluster and
each cluster has to contain at least one point.

Clusters are described by their centre and radius. The centre is located in the centroid of
the memberpoints;the radius is the Euclidean distance between the centre and the farthest
member point. The distance between two clusters is identical to the Euclidean distance
between the corresponding cluster cent@ssters are the geometric representationthe
stem crossections, so theadius of the largest clustéR) must beidentical to the radius of
the largest stem. The algorithm needs a rough estimation on the radius of the expected largest
stem in the study area, which is a limitation to the maximnctluster siz€Figure 4-13). The
algorithm is unable to separate multiple stems within the same cluster. It follows that (1) Two
trees can be separated only if the distance between their centre eRceedsrwse the
centres are assigned to the same cluster. (2) The minimum distance among the clusters is
limited; therefore,the maximum number of clusters is also limited. As a result, there is no
need for the number of clusters as input.
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Figure 4-13. Stem point measurements within the maximum cluster radius are assumed to belong to the same
tree. The vertical thickness of the subset is 1 m@eata from sample plot H1)

The partitioning algorithm is iterative, wieethe initial number of clusters is zero. An
iteration cycé contains the following stepsThe point measurements are taken out
sequentially from a list. The cluster centres are queried around each point within the distance
of R. If the query was successfiihe point is assigned to the closesister; else,a new
clusteris created whose centre is identical to the location of the point. Finally, all the points
are assigned into a cluster and the list is empty. The cluster centres are recalculated as the
centroid of the member points. If any pairs of the recalculated centres are closer to each other
thanR, the corresponding clusters are merged and the new centre will be the centroid of the
member points. The points are took out from the clusters and eeldato thesequentialist.

The cycle is repeated iteratively, until the average change of cluster cexdtezsis the
thresholdof 1.0 mm In the last step, the points are queried within a distanBeaodund each
cluster centres and the unique labeltttg corresponding cluster is assigned to each of the
memberpoint. The clusters are considered as stem candidates, although some of them are
composed of point measurements from low vegetation and @snthe algorithm of
clustering was implemented usinmiadtree structure Gzimber, 199y as spatial index to
speed up the searching procedure of the closest cluster centroid

4.8.1.2. Classification of clusters

The filtering of stem clusters is achieved by analydimg point patternStem point
measurementare aranged along cylindricastem surfaces, which resulted icircles with
approximately identical radiugt horizontal crossections.In order tocheck the cylindrical
feature of the clustersorizontal circles are fit to the points located at the bottoiaicilenand
top height of each clust@figure 4-14).

If the number of data points exceeds thribse parameters of the circle are calculated
through geometric fit where the sum of squakeatlidiandistance of the ata points to the
circular arc is to be minimised. The calculation concept is referred to as least squares
adjustment ominimization inL2-norm In addition if the measurement erroh@ve normal
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distribution, the solution of least squares adjustncenesponddo the maximum likelihood
estimates(Zavoti, 200). The data points are of uniform weight. The parameters to be
estimated are the,f)) centre position an® radiusbeinganalogue to the tree centre position
and stem radiu@~igure 4-15). The goodness of fit is indicated by the rom¢ansquare error
(RMSE) with three degrees of freedom. A major concern in geometric circle fit is that the
respective minimization algorithms include Alamear equations withduexplicit formula
Thus, they usually require linearization and iterative numeric schemes such as the general
GaussNewton methodThe GaussNe wt on met hod needgnitiddsf i ci er
otherwise the routine converge to a local minimiienici, 1985. The accurate estimation
of initial valuescamot beguaranteedh our caseas the pattern aftemsurface poirgis often
asymmetric and covers merely a partial seofdhe circle Theproposedoutinerequires no
linearizationof the equatins usechence it is less sensible to the initial valugse procedure
refines the parameters of radius and position in separate steps resulting in convergent solution
but the calculation procedurés computationally more demandirthan the classic Gauss
Newton method. Running threutinewith input of some thousand poirtias no influence on
computation time from practical point of view.

A point pattern in a height section is accepted as circular if the RMSE of the circle fitting
is below a given toleranoatherwise the fitting is imprecisé given cluster is classified as
stem ifminimum two of its crossections are circular anle standat deviation of the circle
radii is belowthe predefined thresholds.

The results of the clusteridzpsed stem detéoh method were validated on the sample
plot H1 with the following usedefined parameters. The subset of points used as input for the
clustering was in the elevation interfabm 1.0 to 2.0 meter. The maximum cluster radius
(namely the largest tree raditio be expected) was 0.5 m. Clusters with less than 50 points
were omitted. The horizontal point cloud sections were cut from the point clusters at the
levels of 1.0, 1.5 and 2.0 meter, with thickness of 10 cm. A horizontal point cluster section
was conglered circular if the RMSE of the circle fit was below +3.0 cm. A cluster was
accepted as stem if at least two circle fits were reasonable and the maximum absolute
difference in radius was below 5 cm.

\/VVQJK

N
Clustering Checking circularity

Figure 4-14. Point slice used for the clustering and its sdgtions for checking the circularity of the clusters.
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Figure 4-15. Notations for the geometric circle fit.

4.8.1.3. Routine for geometric circle fitting

Let denoké n (n ©®3he number of inpupoints R (R>0) the circle radiusg the vector
pointing into the circle centre, amd(i = ) theé vector othei-th data point. The objective
function:

HR&JQ=5W>QWRf=WN (4-3)

The initial values of the circle cento®ordinateq x., y.) can beobtained as the average

of the point coordinates representithg centroid of the data pointstroducingthe notation
ri for theEuclideandistance of thé-th data point and the circléeldsthe following formula:

r=le- P =% - %)+ (Y, - ¥.)? (4-4)

In the first stepRis considered as variable resulting in the following object function:

F(R=3 (r - R =MIN (45)

i=1

This function may have its extreme whéedfirst derivative is set to zero:

Ué (r- RS
—= =0 (4-6)
IR

As (4-6) is summng up squared expressions, the extreme exists, and it is the minimum.
The value of R can be yielded as the average:of

Ar
R:EF— 4-7)

The goal of the second step Ietestimation of the coordinates of the corresponding
circle centre. This requires the orientation of the vedeop, expressed by the sine and

cosine functions of its azimuth:
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cosa, =% @9)

Sinai = u (4-9)
r

The objective function in the second sigp

f(xc,yc)=é [J(& - % - R@0sa)* +(y; - Y. - R@inai)Z] =MIN (4-10

As therooted expressiors a sum of two nomegative items, it can be simplified:

F(%.¥) =8 (% - % - R®0sa)? +(y, - ¥, - R&Bina,)|=MIN  (4-11)
i=1
The variables are separaie the function can be rewritten as:
F(X%¥) =8 (% - X, - R@osa;)’+@ (¥, - ¥, - RBing,)* =MIN (4-12)
i=1 i=1

The global minimum isachievedwhen both thesums ofsquaredexpressions arset to
zera

é (x - x,- R@osa,)=0 (4-13)

i=1

A (Y- y.- RGina,) =0 (4-14)

i=1

Solving the equations yields the refined centre coordinates:

A (x - Réosa,)
X, =~ (4-15)
n
é (y, - RGing,)
yC = i= - (4-16)

Step 1 and 2 are iterated until the change in any of the parameters exceeds 0.1 mm.

4.8.2.Stem detection by image objects

This technique was developed to detect trees in stands with high branching density and
significant coverage of low vegetation. As the amounsalated datanight be dominant, the
stem datacannotbe delineatedrom the point cloud using constant cluster radius. In order to
filter irrelevant vegetation components in the proximity of stems, analysis of neighbourhood
relations is necessary. Grictd structure is especially appropriate for such purposes as the
systematic spacing of grid cells directly implies neighbourhood relat®iem slice sections
have the following ppearance in grid structure:
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1. Stems located far from the scanner positiorss sampled with relative low data
density. The resulting data gaps fragment the esesson of stems into multiple
image regions. Trees captured from two diametric positions are often feature similar
discontinuity at thedges of the point patterns.

2. Some of the contiguous regions involve additional cells from branches or low
vegetation in addition to those representing the stem surface. The following algorithm
was developed with respectsomespecific issues that come to the front especially in
case ofstands with clos¢o-nature structure and surveying of trees from multiple
scans.

4.8.2.1. Filtering of stens as disconnected imagebjects

Data gaps in stem slices cause that the contiguous image regions represent only a
fragment of the stem. These fragments areappropriate input for objecetection,as they
have no characteristic forntherefore,it is desirable to use disconnected image objects for
the representation of each stem slice section. Disconnected image objects are defined in this
study as group ofells that are located within a given Manhattikstance and represent the
same physical objecB(olly andKiraly, 2010. This rule can be regarded as an extension of
the classic connectivity concept where the Manhaliatance for the aggregation ofdwells
is one.

The creation of disconnected image objects is implemented using a buffer zone with
radius equal to the desired aggregation distaftguie 4-16). The set of cells within the
same buffer zones ar®mbined into a disconnected image object. The buffer zone can be
removed following the arrangement of component cells into a data structure. As the buffer
radius should be limited to a few cells to prevent combining data from stems and from the
surroundinglow vegetation, many of the resulting disconnected image objects represent
incomplete parts of stem slice sectiobe laser measurements are reflected from the tree
surface thus the wood is representedaasata gap in the image of stem cressction.
Theoretically,data noisenight introduceoutlying measurementsside the wood budctually,
thiskind of gross errois rare As a result, the objects repratiag the stem surface contain an
approximately circular areven in the presence of branchiescase of multiplescansthe arc
may be enclosed to a circle. The following algorithm is aimed at selecting disconnected image
objects that featureurved(approximately circular) shape.

@ . (b) ©
R

i %
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Figure 4-16. lllustration on the aggregation of cells into disconnected image objects usiuglhduffer.
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Figure 4-17. Calculation of the filter value for the selection of circular objects.

Endpoint cells A, B) of the longesline segment composed of solely background cells are
searched in each disconnected image obfagu(fe 4-17). The midpoint of the line segment
is denoted byM andP is the closest cell to it. If the cell triplét, P, Bis not collinear, it
determines a circle with centre poidtand radiug. The line segmerAB represents a chord
in the circle that specifies two sectors with central angleand w, . Thecircular arc legth

of the corresponding central angles can be calculated as
i, =rdy  k={12 (4-17)

Filled cells of those are selected that lie in the neighbourho@dadfa distancefa with
a tolerance of +25%. The counts of the selected cellsNarand N, according to the
corresponding circular sector. The filter vakiés to be calculated for both sectors using the
following ratio:

— Ik —
=N K {12 (418

The decision rule of the filtering is based on the conformity in arc length AB (or BA)
estimated independently i§¢-17) and by the sum of cells composing the circumfereAse.
the measure of alengthiy is calculated in the unit of celhe ratioF with value close to 1
indicates circular shap€ircularimage objecthiavehigher probabilityto represena region
from the crossectionof a stem surface. The higher one is chosen from the tweoirfg
values to represent the significance of the investigated disconnected image object. If the value
F exceeds a minimal threshold, the image object is deemed to represent a complete or
considerable part of a stem and classified as stem object. dshdhdt is constant for the
entire scene. Its optimal value can be set in a smaller sample area by visual assessment of the
results with different thresholds.

Stems of mature trees are composed of multiple disconnected image objects from which
the one havig measured from the closest scanner position is the largest with significant
curvature while the others that are located on the opposing side of the stem, are small
fragments without characteristic shape. Many studies Thigs andSpicker 2004, Kiraly &
al. 2007 support that the integration of measurements from multiple scanner positions
facilitates the quality of the cros®ctional stem models even if the point density is different
at the certain parts of the tree. As only the largest disconnectegk iobject is classified as
stem object in most cases, the smaller ones have to be assigned to them to create a complete
model of the stem crossection and to improve the accuracy of diameter estimation. The
assignment is accomplished by selecting allabiés around the centre poiGtof each stem
object with the corresponding radius Objects with selected cells are encapsulated on a
higher object level into an aggregation (super object) that yields the completeaege
based representation of tsiem EFigure 4-18).
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Figure 4-18. Merging of image objects using a ring buffer into a higher object level to represent complete stem
slice sections.

4.8.2.2. Modelling the stem crosssections

The following objective is to estimate the stem centre position and stem diameter through
a parametric circle fit. As the objects often include measurements from the interference of
branches apart from the stem, stem surface cells wetich object have to be distinguished.
In this way, the outlying points can be discarded that enhances the robustness of the circle fit.
The approximate location of the stem ce@relefines the direction of the concave surface of
the stem. The laser beaines not penetrate into the wood, therefore point measurements are
not expected on thaner sideof the stem surface. The point measurements along the cells of
the concave surface of the stem are considered more reliable for the circle fit. These stem
suiface cells were selected by a query being similar to that is used at the ray tracing algorithm
(Czimber, 199Y. Using this analogy, the viewpoint is located at the stem centre and a ray is
drawn to each cell. Cells of those are selected that can be viemmedhe viewpoint along
the ray without being occluded by any other cElggre 4-19). The centre and the selected
cell are considered neighbours in this context, as no other foreground cells are located along
the shortest way between their midpointhe accuracy of the DBH estimatiaran be
enhanced by considering two aspects
1. The utilization of original point measurements is preferred for the -sextonal
circle fit as they provide higher accuracy dndhersampling density in comparison
to the midpoits of the stem surface cells.
2. It was found in our previous studiiat the underestimation &2 2.4 cm inDBH
calculationthrough circle fit relates to the bark roughn@solly andKiraly, 200%).
The beam drergence was 0.25 mrad corresponding to 25 mm increase in footprint
size per 100 m rangdt is assumed that significant proporti@f the laser points
represent the rifts leading to DBH underestimations relative to the results of the
calliper measuremesit The stem surface cells resemble the bottom of the rifts, thus
they represent the inner bark surface. This inherent takdive to the calliper
measurementsan be moderated by taking account the data reflected from the outer
bark surface.
A two-stageiterative procedurés proposedo comply with these consideratiorisrst, a
circle is fitted to the midpoints of the stem surface cells, whose diameter is assumed to
represent tb inner bark stem diameter. Thiscle is refined in the second step. Thicle
diameteris extended by a distance of a few centimetres in accordance withaiip@tude of
the representative bark roughness. The original point measurements are queried within the
extended radius that ensures the sampling of the outer bark sulfadbe extension is
limited to a few centimetreshe effect ofisolated measurementsflected from branches or
low vegetation is restricted’he final model of the stem cresection is created ascircle
fitted by the least squares adjustment of geected raw point measuremeassproposed in
4.8.1.3 Parameters of the fitted circle deliver the exact stem centre position and stem
diameter.
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Estimated stem centre

Cells visible from the centre
(representing the inner bark surface)

[
[
[l Cells not visible from the centre
[

(representing the outer bark surface)

Empty cells

O Model of stem the cross-section based on
inner bark measurements

O Model of stem the cross-section that contains
additional measurements from the outer bark surface

Figure 4-19. Moddling of stem crossection to estimate DBH. Measurements that are visible viewing from the
centre have been reflected from the inner bark surface. These points are considered reliable as they do not
contain data from branches. In order to avoid the unstémation of DBH, additional points from the outer bark
surface should be involved to the model.

Special attention was paid for the memory allocation issues at the implementation of this
algorithm. It was required to process data from multiple scannisgi@ts in one session
considering the limitation on the memory access under thbit3®/indows’ operation
systemsTo do so, the raster of the point cloud section was tiled during the file reading and
only the one under processing was loaded into a meinafgr. The processing of image
objects was ordered so that the amountimie-consumingreadfrom-file operations and
floating-pointroutines were minimized.

The performance of the algorithm was tested on the data of sample site PO. The height of
the hoizontal point cloud section was 1.30 m, with thickness of 10 cm. Grid resolution was
chosen to 2.5 cm. Preliminarfjitering of irrelevant datawas accomplished using the
algorithm introduced iM.7.1 The radius of the buffeeone was 3 cells. The minimal
threshold for the classification of stem objects @& whichwas specified on a test quadrate
of 100 x 100 meters. The search radius for the query of the stem points was equal to the inner
bark stem radius extended by 3 cm.

4.9.Detection and modelling of trees in 3rid structure

Tree detection and modelling techniques utilizing the 3D spatial data content of the point
cloud have the potential to deliver the most thorough structural attributes of the target trees. In
addition b the estimation of stem location, structural models open the door to retrieve tree
height, crown projection area and other crawiated features. The scope of 2D stem
detection methods is limited to trees with diameter exceedih@ &n, as below this gie the
data pattern does not resemble the characteristic shape of the horizontal steseati@ss
Algorithms based on 3D data have higher capacity to detect young trees as the model space is
extended in the vertical direction of the vegetation. Thewofig algorithms are operating in
the voxelspace thais especially appropriate data structure for the modelling of the complex
spatial neighbourhood relations within the tree crowns.
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4.9.1.Detection and modelling of mature trees

This algorithm contains two wbines. The first one detects the tree stems and their larger
branches as connected image objects. It is essential that the target trees are exceeding the size
of the low vegetation so their DBH has to be at least approximately 10 cm. The connected
image ®jects are appropriate to locate tree positions but they resulting in incomplete tree
models as the smaller twigs are usually fragmented into multiple image regions. The second
routine addresses the issue of assigning them to the detected stems andlisczatescted
tree models for the accurate retrieval of tree height and crown projection area.

4.9.1.1. Stem detection using anisotropic filtering

The most straightforward voxel model of a tree is composed of solely connected
elementsconsequentlythe tree is re@sented as a single and contiguous voxel object. The
main advantage of this concept is that each voxel object corresponds to a givenfaete.
the trees are spatially not isolated in natural stands as the branches in the canopy (even in leaf
less stee) might touch each other and multiple stems (shoots) have common root swelling.
Vegetation parts closer together than the resolution of the model space cause undesired bridge
of voxels between the distinct trees. When multiple individuals are mergedomuanon
object, ambiguity arises in the number of objects and of trees, which has to be resolved in the
course of stem detectioBienert et al (2010addressed this issue by the eliminatdwoxels
that contaied few laser points Their algorithm assumsethat the bridges are exclusively
caused by thin twigs in the canopy represented by small number of measurements. This
filtering has the drawback of reducing the crown size that would be necessary for the accurate
estimation of crowsrelated metrics and neither accounts for the common root swelling of
shoots.

The stem detection technique proposed in this study extracts stem voxels in a horizontal
subset of the voxel space. The vertical limits of the subset are specified so that the bridge
effect from twgs and low vegetation is excludeBidure 4-20). The top of the subset is
aligned to the canopy base, while the bottom is above the layer of low vegetation. The stem
voxels are arranged in vertically elongatedaag. The structuring element introduced at the
filtering of irrelevant datg4.7.2 is used to select the set of voxels composing such elongated
features. Voxels with low filtering value are not removed butaiaed deselected. Connected
objects were created from the selected voxels using the 3D variant of the classic CCL
algorithm. Objects with cell counts exceeding a minimal threshold are considered to represent
the seed regions (initials) of stenfiSgure 4-21). As the seed regions are limited to the subset,
the voxel objects are extended to the entire model spacerdgicargrowing algorithm. In
order to resolve the ambiguity caused by the bridges, the regionoaiegsimultaneously.

Each image object expands one voxel into the directions of its neighbours within one growing
cycle. The cycle is being repeated as long as there are unclassified voxels in the
neighbourhood of either stem objects. In this way, thie lesitgth from the closest seed region
determines the membership in case of the ambiguous voxels. The resulted contiguous voxel
objects represent individual stems at the end of the routine.

The algorithm was validated in the study site H2. The resolufidtineovoxel space was
10 cm. The subset of seed regions was set in the elevation rangé7o00 2r@ter. The ¢ight
of the structuring elementas 5 voxed with maximum radiusof 1 voxel. Threshold on the
minimal valuefor the selection of the central vdxeas 5. Seed regions composed of
minimum 50 voxels were accepted as representing a stem.

62



pq T/
Bridge Subset Seed regions

Figure 4-20. Potential bridges between voxel objects that should be eliminated for the delineation of trees.

Figure 4-21. Seed regions daitials for the region growing.ata from sample plot H2 evtical range of the
subset: 2.07.0 m Perspective view

4.9.1.2. Crown modelling by disconnected voxel objects

The viewing(polar) geanetry of the TLS provides decreasing sampling density up the
stem. The occlusion effect of branches further reduces the data density in the canopy. As a
result, the branches in the upper parts of the tree crowns are represented agpasate
voxel regios referred to as fragmenigoxel objects created in the tree detection routine are
of connected type thus the model of the crown is incomplete, as the fragments have not been
assigned to the identified tredsiqure 4-22). Following the integration of fragments into a
disconnected voxel objects, the resulted structural model is expected to be appropriate for the
estimation of tree height and crown projection area.
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Figure 4-22. Separatenbjects (green) representing fragments of the branches and the uppeCstetiggious
stem objects are brow(Data from sample plot H2. Perspective view)

Gorte and Pfeifer (2004)and Bienert et al (2010pssigned the fragments to teeem
objects utilizing the nearest neighbour search algorithm. This may cause misclassification in
multiple layer stands especially where the transition between the two canopy layer is
continual and the objects in the lower canopy layer are fragmentdd asd of the branches
are often closer to another tree than to the corresponding stem. This kind of misclassification
concerns the upper part of the crowns leading to inaccurate height estimation especially at the
subdominant trees. The proposed routimend to improve nearest neighbour sedrgh(1)
systematic selection eépresentative voxels among which the distance ofdbjects should
be specified (Rprogressive implementation of the assignment procedure.

Eachfragment isrepresente@dscontinuais voxel objectAssignment of fragments being
closer to the stem is considered more reliable than of those that are in the peripheral region of
the crown. Fragments are assigned to the stems in the order of ascending distance: the closer
fragments are paessed earlier. As the branches of deciduous trees are usually connected to
the stem at their endpoint of lowest elevation, the voxel with the minimum z value was
selected in each fragment to represent the location of the object for the distance measuremen
Soon after the closest fragment is being assigned to the stem, the fragment object is integrated
into the stem object as its disconnected component. That means the model of each tree is
being created progressively through the expansion of the stentsobjée maximum gap
distance can be limited by the user to prevent assigning data to the stem objects apart from the
tree (e.g. ghost points above the tree tops). This parameter has influence on the crown size so
a calibration against crown reference measients on a few samples is needed to set the
optimal value. The calibration can be based upon either tree height estimates or crown metrics
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such as crown diameter or projection. From practical viewpoint, the field measurement of tree
height is more convéent than the estimation of crown diameter. The tree height and the
crown projection area can be directly measured on the resulted disconnected tree models. The
tree height is obtained as the highest elevation difference within the component Vbogels.
crown projection waslelineatedoy the convex hull of the horizontal projection of the crown
voxels. In this study, the convex hull algorithm éindrew (1979)was implemented. The

crown projetion area was estimated by theea of thénorizontalconvex hull.

The stems detected by the anisotropic filtering in the sample aread.lA2) (were
completed by assigning the crown fragments. The maximum gap distance was specified
through the calibration against height estias of five sample trees (three deciduous and two
conifers) as references. The maximum gap distance of four voxels (40 cm) resulted in the
smallest bias at the calibration was set to the entire scene. The gap distance is defined as the
Manhattamnormofhhe voxel s6 mi dpoint s.

4.9.2.Detection of trees in regeneration phase

The scope of the algorithm introduced in this section is to detect trees with DBH in the
range of 210 cm automatically{Figure 4-23). Trees of this ge can not be distguished
from irrelevantisolated datan a horizontal point cloud section thus solely the algorithms of
those are capable to manage this issuecdbsider the vertical vegetation structure as.well
Reduction ofirrelevant datas of primary importance as thin branches ahé high stem
density generate significant amountisblated datavithin the regeneration patches. The 3D
filtering procedure4.7.2 is suggested foreducing the irreleant measurements through the
anisotropic removal of isolated data.

Figure 4-23. Regrowth as it appears in the photo and in the point clfidata from sample plot PO)
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4.9.2.1. Aggregation of voxetobjects

The tree defction is conducted in the binary voxel spathe detection procedure is
objectbasedtherefore;the woxels of contigous regions are organized ir8D® objects.The
trees are usually composed of multiple objects as they are partly occluded by theiousighb
Hence the single objects are representing tree fragments. In order to manage the discontinuity
of trees and aggregate the fragments into a disconnected model, the objects are generalized to
their vertical axis. The vertical axis is the shortest patlweerthe highest and lowest voxels
within the objectthat yields a one voxel thin regentation of the vertical exterand
orientation of the objec{Figure 4-24). The generalization was implemented with the
adaptation of oO0Dij kst r acoémethddfgrsalving themsinglelsaitce i s a
shortest path problemCormen et al, 1990 Each objecis represented as a graph whose
vertices and edges were corresponded to voxel midpointscauméctions irthe directions of
the neighbouring voxels respectively. The source node is the highest voxel and the traverse is
directed towards the lowest voxel. The objects are represented solely by their vertical axis
following the generalization. Objects of thoseosh vertical axis contained more than one
voxel in the same height level waemoved,as horizontal connectionare deemed atypical
for the axis of dree stem.

Most of the voxel objects in the model space represent fragments of stems and of
branches. The@bjective of the next step is to aggregate the voxel objects representing the
fragments of the same tree into a disconnected voxel object and to eliminate the branches
being irrelevant from the viewpoint of stem mapping. The hypothetical structurees has
three featurem the voxel pace:

1. Itis exiended to vertical direction

2. Its shapes approximately straight

3. The gap distances are shogetleen its composing fragments.

Figure 4-24. Detection of juvete trees: ab) contiguous voxel objects as tree componendy,generalized
objects. (Data from sample plot P1. Perspective view)
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The spatial alignment of arbitrary two fragments concerning to the above described three
features is revealed using threegraetersPg, Ps, and R; for the extentstraightnessandgap

distancerespectively. All the parameters are normalizef@1p. The degree of conformity of

the resulting disconnected voxel object to the hypothetical tree structurenisfigdausing
theaggregatiorfactorA yielded as the product of the three parameters:

A=P. P, ., [0]] (4-19

The computation oA for disconnected image objectsaishiesed by substituting the data
gaps withthe shortespath between the corresponding end voxels. That is, the assignment
routine treats objects regardless to their continuity.

The value of A is calculated inall the possible combinatisnof object pairs in he
initiation phase. Theggregationa are realized sequentially, in the order of descending
Therefore the objects of those are aggregated in each cycle, which results the maximum gain
in the value ofA (Figure 4-25). Following the aggregatiorA is updated for the resulted
disconnected voxel object and for its neighbours. As the verticaligxiefinitely one voxel
thick without horizontl connectios, the maximum size of the aggregated objects is limited to
the count of levels of the voxel space. The assignment procedure is being repeated until all the
possible pairs have been aggregated or the maximum valdeesteedsa user defined
threshold. This threshold pulimitation for distant objects to be aggreg@tthus it prevent
assigning objects of distinct trees.

Some of the disconnected voxel objects represent irrelevant vegemtionents, such
as branch pointarranged in linear pattern. It is assumed that the vertical extent of trees is in
excess of braches and any other linear patterns. To extract those objects that are representing
trees, a threshold is applied on thember of constituent voxels being proportional to the
vertical extentThis feature is simple to visualizeo the optimal thresholdan be set by real
time inspection on he the filtering results changaccording to the modification of the
filtering value. Alternatively, the filtering value can be set by calibration at a smaller sample

b) 0)
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Figure 4-25. Aggregation of generalized objects representing a juvenile tree stem and branches (a). The
procedure is accomplished in five steps where the objects of those are aggregated that resulted in the maximum
value of A (b). The largest disconnedtvoxel object represents the stem being reconstructed from four
fragments (c).
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The algorithm is validated on the data of P1, P2 and P3lsaguadrates. The voxel
space wagyenerated from the point cloud at the elevation range 6f3(5meterswith a
resolution of 5 cm The reductionof irrelevant datavas achieved by the 3D anisotropic
filtering, using the parameterization introduced4at.2 The threshold fothe aggregation
factor was 0.01. The filtering ltge (i.e. the minimal number of voxels composing the vertical
axis) was set to 20 by visual assessnoarthe resulted image objects.

4.9.2.2. Formula of the aggregation factor
Let denote ¥;, V.é ¥ the series of composing voxels in the vertical axis of a
contigwus object andl(V;, Vj) the Euclidiandistance between the voxels &hd V. As the
vertical axis is one voxel thickhére is only on@athbetween YandV;, whichis definedas

I\ !Vj )= Ja.l d(Vi: Vi) (4-20)

The fragments A and B are composed Af,{Aé A} and {B;, B¢ B} series of
voxels respectively as it is depictedRigure 4-26. A andB can be aggregated onlyA§ and
B; can be connected by througtseries of voxels thataveneither horizontal neighbourhood,
nor containvoxels from a thireparty object.

Euclidean distance !
d(A., Bu) 1 Shortest path
1 I(Al, BM)

1

1B,
ﬂ
@BM

Figure 4-26. Euclidian distance of the farthest end voxels of two generalized voxel objects ahdrthst path
between them.

The straightness of the vertical axis resulted from the aggregation of A and B is quantified
as the proportion of distance between its endpoints and the corresppattitegngth:

P, = d(A,By) (4-22)
(A, Ay) +d(A,,B) +1(B,,By)
Two voxels belong to identical vertical axis only if it is possible to get from either to
another through vertically and / or diagonally connected voxels. Bluadidian distance

betweentwo voxels that are in verticalerghbourlmod is 1, while the distands J2or /3
for diagonal neighboursharing common edge or corner respectivélye path betweentwo
voxels within a vertical axis never can be shorter than theatidiandistanced and can be
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. C 2
never longer thad3 ¢l . Consequently, the codomain Bf is in the interval ogg g that is
é a
to be normalized intt[)O,l] with the following formula:

1 4. 3
Po=—7= @ - — (4-22)
1- 3 33
3

|-OO0O

The size of the vertical axis composed by aggregats expressed by the extent
parameter that concerns the number of voxels but disregards the gap between the objects:

P.=N+M (4-23)

The maximum extent of a vertical axis is limited to Hheeight of the voxel space. Thus
the maximum extent of an axis resulted from the aggregation of two objétit$ &s a gap of
at leasione voxel size is presented between them. The minimum extent is 2 voxels when both
components are single voxels. The extent parameter is normalif@d twith the following
formula:

P -2
H-3

Object pairs of those are favoured at the aggregations that are close to each other as it has
higher probability that they represent the same tree. This preference is expressed by the gap
parameter that is the inverse to thelidian distance of the end voxels:

PCi :;
d(Ay,By)
The distance of the voxels is defined as the distance of the voxel midpoints, thus the

codomain of the gap parameter is in the interval [ﬁI\/i_BC'QH-l)]. Following the
normalization to the interve[D,l] the formulabelowis yielded:

J3@H - 1)- d(A,,B,)
J3@H - 1)- 2

The aggregationfactor is calculated as the produof the parameters for extent,
straightness and gajistancewith identical weights:

A=P, . &, [0]] (4-27)

p. =

(4-24)

(4-29

G

(4-26)
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5. Results and discussion

The essential results of this thesi® dhe package of algoritlsrand their validation
providing information on their applicability and limitationBhe introduced algorithmsvere
implemented as32 bit console applications developed by the authsing ANSI C
programming language that enablast processing speed and extensive control over the
memory allocations. The applications are of modular structure that holds the possibility of
subsequent integration. The point cloud data is read from and written to ASCII text files as
coordinate tripleg with relative heights. The exchange format of rasters is standard ERStorage
data type supported by many GIS software packages including ERDAS ERMapper
DigiTerra Maf® and ESRI ArcVieW. The display application for the rendering of the tree
models in thevoxel space was developed by Kornél Czimber using the MicfoBafectX
application programming interface@rigures in this study depicting perspective views of
voxel models were captured as screenshots from this applicalioe.performance of the
algorithms was validated through the results achieved by processing the laser scans captured
from the sample sites.

5.1.Filtering of irrelevant data

The filtering procedure is considered efficient in case it removes most of the irrelevant
point measurements (lowegetation, branches, and ghost points) without modifying the data
of tree to be mapped. The ratio of the eliminareelevant datas referred to as filtering
intensity. The preserved data of the target trees indicates the filtering reliability. Tlre is
inverse relationship between the filtering intensity and reliability, where the priority of either
feature is determined by the main purpose of the given application.

Data of sample sites located in Pilis (PO, P1, P2 and P3) meréed using the
introduced filtering procedures. The results achieved by the automatic stem mapping
algorithms at these sample siteger tothe efficiency of thdiltering as well.

5.1.1.Filtering of irrelevant datain 2D grid structure

The sample site PO was subject to theerasased filtering, which reduced the number of
data cells by 87%. The fact that only a slightly more than theteorth of all the grid data
have been preserved for the forthcoming stem detection indicates the high intensity of
filtering and, at the sam@me, it denotes the high coverage of low vegetation. The visual
inspection of the results shows that the filtering retained most of the stemFogliee(G-1).
The results of the first filtering phase (i.e. thdlB operation among the overlaying single
cells, designated by green) proved to be essential, which were improved slightly using the
local structuring element (green cells). An important feature of the filtering is that it has the
capacity to eliminatemal regions of irrelevant data addition toisolatedcells. Most of the
filtering errors were identified at leaning trees, where the patterns in the overlaying stem slice
sections were misaligned. The misalignment resulted in lower spatial correlatiaadsat
that the peripheral cells of the stems were classifidd@svant dataThis type of filtering
error induced eventual loss of stem data in case of the small trees with diameter legS than 4
cells or at larger stems when they were representindvery low data density.
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Figure 5-1. Examples offiltering of irrelevant dataBlack cells were retained; red cells were eliminated by
operation AND, while the green ones were eliminated by the structugngeet.(Mosaic, assembled of the data
from sample plot PO)

5.1.2.Filtering of irrelevant datain 3D grid structure

The quantitative results of the 3D anisotropic filtering achieved at the sample quadrates
P1, P2 and P3 are listedTable5-1. The filtering routine removed voxels up to a proportion
of 59%. This intensity seems lower than it was of the 2D filtering routine. It carddained,
as the objective of the rasteased stem mapping was to locate mature titethe sample site
PO, while the 3Dxiltering was aimed to prepare the mapping of juvenile trees in regrowth
patches. As theolv vegetation was irrelevant from the viewpointrater processing, the
regrowth patches were eliminated. The fEering routine performed high intensity in the
elimination of single voxels in irregular patteri#sgure 5-2). The anisotropic feature ensured
reliable filtering even in case of leaning stems. Using identical structuring relesnel
filtering parameters, the lowest intensity was achieved at the sample quadrate P2, where the
stem number was the highest thus most of the voxels represented tree stems. The high
branching density at the sample quadrate P3 did not reflected asfilighiag intensity. This
can be partially explained as the anisotropic filtering is optimized to preserve vertical
structures so the voxels of branches with close to the zenith orientation were retained.

Table5-1. Quantitative evaluation of 3D anisotropfidtering.

Quadrate Sample trees Point counts Voxel counts Voxel counts / tree
Original Preserved [%] Original Preserved
P1 41 15619 11806 58.0 288 121
P2 212 55080 38371 36.8 181 114
P3 58 34787 22020 58.8 380 156
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Figure 5-2. Voxel space generated from the original data of the sample quadrate P1 (a), ansuthefrde
filtering (b). (Data from samp plot P1 Perspective view

5.2.Tree detection

The result of tree mapping was evaluated by the comparison of stem centre coordinates of
reference trees with those located by the detection algorithm. Stem models with matching
reference position were considemmirect detections if the distance of the two tree positions
did not exceed a predefined tolerance. The tolerance in position was specified based on the
magnitude of mean stem radius in the sample area. Tolerance of 30 cm was chosen for mature
stands (HOH1 and P0O) and 10 cm for juvenile trees in regrowth patches. The matching had to
be unambiguous i.e. exactly one model position could be assigned to each reference position
and vice versa. Model positions without matching reference are referred to as
misdassification. The number of omissions is equal to the number of reference trees without
model positions within the tolerance; the algorithm failed to detect these Figase(5-3).

As the number of correct detems and of omissions is referred to the reference thaaum
of detection ratio and omissioratio is equal to 100%The misclassification ratio is
normalizedo the number of correct detections.

Reference Reconstruated

‘4—‘ Correct
o ®
Omission
o
Misclassification”
o4

*Tota correct = 100%

Figure 5-3. Graphical explanation of terms used for the evaluation of automatic tree deteuticeptable
assignments are marked with sdiites; dashed lines illustrate rejected assignments because of ambiguity.
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5.2.1.Tree detection by means of clustering the pointloud

The algorithm detected 133 (76.9%) out of 173 visible trees at the sample plot H1 based
on the single scan captured from the plot centre. The number of omissions and
misclassifications are 40 (23.1%) and 8 (4.6%) respectively regarding the wisése If the
occluded trees are accounted for, the detection rate falls to 63.0% and the omission raises to
37.0%. The low number of misclassifications relative to the number of correct detections is
ascribed to the absence of low vegetation. The misfisbsclusters mainly represent
branches. A visual inspection supported that the omitted trees were indeed visible from the
scanner position and they were represented in the point cloud.

The ratio of omitted trees is graphed versus the density of stencespdants inFigure
5-4. It can be stated that the omissions are especially frequent at point densities beléw 1 cm
Following this tendency, the ratio of omissions exceeds the ratio of correct detections when
the point density falls below 0.5 dfh On the other hand, the ratio of correct detections is
limited to about 80% throughout the upper range of data density. The visual interpretation of
the stem slice sections yielded that the point pattern within the dtesters often exhibits
deviation from the hypothetic circular shaggagre 5-5). The actual shape of stem cross
sections may introduce several types of distortion in the point cloud, especially when
branches ortabs are arisen from them. In case of such irregularities, the RMSE of the circle
fit indicates poor alignment, which resulted in the false rejection of the cluster. The evaluation
of the RMSE with respect to the entire cluster has limitation in tree tagtei€ point
measurements from brareshare included in the pattern.

100% -
80% -
60% A
40% -+
20% - B Omission []
B Correct
0% -

1-1,25 125 15 15- 25 25-5 - 10 -

Point density [counts/cm ]

Figure 5-4. Proportion of correct detections and omissions according to the density of stem surface points.

Another issue is the recogioin of stemsclose to each other as is the case at multiple
stems from a common root swellinffhe minimum cluster spacing is determined by the
cluster radius indirectly as multiple cluster centres cannot coexist within the cluster Hadius.
the stems a closer to each other than the minimum spacing of cluster centres, the individual
stemscannotbe separatedbecause they are merged in a common clugtbe shape of
clusters including point measurements from multiple stems usually strongly differ fadm th
of the circle. The rejection any of these clusters resulted in as many omissions as the number
of stems within the cluster.

The smallest detected tree had a DBH of 5.4 cm, while the maximum DBH was 52.8 cm.
This indicates that {1The DBH of 1 meter fothe expected largest tree was quiet inaccurate
as itis almost twice as large as the actual maxinf@nirhe algorithm has capacity to detect
trees in wide range of diameters. The performance of tree detection is correlated to the DBH
(Figure 5-6).
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Figure 5-5. Clusters of point measurementgth distinct colourdepict individual stem slice sections. Inset:
Clusters of multiple stems or branches have irregular shieta from sample plot H1, vertical range: 10 cm)

The majority of trees with DBH below 10 cm were omitted and the rate of correct
detections reaches its overall mean value starting around 20 cm. This is explained as the
smaller trees were sampled with fevmeeasurements thus the corresponding clusters contain
insufficient amount of data in the certain point cloud sections. In addition, the scattering of
point measurements at the stem surface has the same magnitude as the stem radius at trees
with DBH below 10 cm. The outline of these stem crgsstions are blurred and the pattern
of point measurements tends to be stochastic or amorphous. This scale seems to be the limit of
distinguishing stems and irrelevant isolated data through 2D point pattern analylsés a
present scan settings.

To the author knowledge, this was the first application of clustering with the goal of
partitioning a laser scanner point cloud for the extraction stem-seas®ns(Brolly, Kiraly
2009. The advantages of the technique biduthe attention of other researchers who
integrated the proposed algorithm with the corresponding parameter set into their own
developments (e.¢duang et al., 2001
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Figure 5-6. Performance of tree detecatiddased on clustering in different DBH classes.
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5.2.2.Tree detection by raster image objects

The algorithm yielded all together 1386 tree locations at the sample site PO from the
combined scans of 38 vantage points. 1100 trees were correctly detected (7035%9e80
were omitted (29.5%) and 286 image objects were misclassified (20.6%).

The change of detection rates according to the DBH is depictedjume 5-7. It can be
noticed that the ratio of misclassificationsraduces stronger correlation to the stem size as
those of omissions. The ratio of misclassifications is significantly higher (54%) at trees with
DBH below 20 cm (8 cells) than at the larger ones. Most of the misclassified objects represent
patches of lowvegetation. The reliability of the detection is proportional to the number of
cells characterizing the image object, as the redundancy consolidates the parametric
description of the shape. The smaller the diameter of a tree, the fewer cells represent its
surface at a constant viewing angle, which resulted in less reliable detection at the smaller
range of DBH.

The number of omissions is less dependent on the stem size, although the algorithm
skipped trees from the smallest DBH class with significantly highie (45%). The position
of the reference trees were estimated based on the laser scan. Consequently, completely
occluded trees have not been presented in the reference data set. The higher omission rate at
the smaller DBH range can be explained by thsatisfying definition of circularity. It is a
general side effect of tHdtering of isolated dat#hat a few cells areeleted at the ends of the
crosssectional point patterns. In case of small trees, the removal of a few cells causes
significant redution in the represented arc length, which lowers Ehdiltering value
considerably. Trees with diameter in excess of 15 cm (6 cells) are less prone to omission as
thecircularity of their stem crossections is better defined.

O Misclassification

proportion [%]

B Omission

@ Correct

DBH [cm]

Figure 5-7. Performance of tree detection based on 2D image objects in different DBH classes.

Figure 5-8 illustrates image objects (along with the raw point measurements and the fitted
circles)that were correctly recognized as stem slice sections. The stem slice sections surveyed
from multiple scanning positions are composed of multiple image objects but in spite of the
fragmentation, the fitted circle is aligned to all of them. This is astribethe precise
registrationof the point clouds and it impligs the efficiency of the aggregation procedure of
image objects. As the circle is fitted to the selected cells of those representing the stem
surface, the branches have no adverse effediodiameter even these points are included in
the image object. The main source of errors in terms of misclassificatiotherenage
regions composed of measurements from low vegetation, especially those t@viaye
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boundary because theiappearances very similarto that of stem crossections.If the
viewing angle is narrow and the corresponding central angle is of small measure in the circle,
the interpretation of stems becomes problematic even by visual inspection. A more restrictive
filtering threshold decreases the rate of misclassificatibogjever,the ratio of omissions is
expected to heighten especially in the range of smaller diameters. The issue of omissions is
more common at the trees located along the boundary of the scene as theyalye us
measured from one direction so only a part of the stem surface have been sampled.

The application was able to process the merged data from 38 scanning positions
throughout the entire study area of 9.5cthees in one session. The usk algorithms
developed for exclusively single scans may be time consuming at SO many scanning positions
and special care should be taken to resolve the ambiguity resulting from the multiple
detections of the identical trees.

The integration of data captured from multigslganning positions enhances the accuracy
of DBH estimates. The fragmentation of stem slice sections due to the occlusion effects or
multi-directional scanning was managed by a merging procedure that utilizes a buffer zone to
define the coherence among tineagments and yields disconnected image obj&wparate
image objects of smaller stem fragments are also involved into the modelling dlimtes
comprehensive and accteaepresentation of tree cressctions even in the presence of data

gaps.

Figure 5-8. Examples on disconnected image objects identified as tree fiéossaic, assembled ofth from
sample plot POCell size: 2.5 cin

5.2.3.Detection and modelling of mature trees in the voxel space

Voxel modés hold more spatial information than classic tree maps as they present the
tree structure in the vertical domain besides the stem position and attributes at a given
reference height. This section is about the results of the automatic detection andtarahite
characteristics of the tree models. The accuracy assessment of the derived tree metrics is
introduced irb.3.2and5.3.3

The outcomes of the tree detection routine are caedemage objects that represent
individual stemsAs the image objects are cont@us, the relation between the target trees
and image objects is unambiguous, thus the number of objects is equal to the number of target
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trees Figure 5-9). The routine detected 40 stems within the sample site H1 from the merged
data of four scans. Out of 41 reference trees, the centre position of 39 stems (95%) was
estimated within a horizontal tolerance of 30 cm at the referenghtha#i 1.30 m. Two trees

were omitted; both of them are thin shots sharing a common root with a larger stem. The
detection of these shots was fajled they composed of less voxels in the model space than
the defined threshold. There was misclassificabn; however,one tree was also detected

that was not involved in the reference data as it did not exceed the minimum DBH of 10 cm.

4
TP SR
’f"' Sl ),

wrLs

f

.y

ol

/

Lot h 8§ 3

.(‘
)
;
§
1
!
{
|
]

{
]
|
i

Figure 5-9. Stems were detected as connected voxel objects. (Data frone gdotl2. Perspective view.
Individual objects are filled with distinct colog)r

The complete tree structure, including the crown, was modelled by disconnected image
objects Figure 5-10). Each stem was represedtby one connected image object having been
extracted in the tree detection stage, to wisieparte objects of the crown fragments were
assigned in the subsequent step. From the viewpoint ofHirentopology, this model is an
aggregated type, namellye branches omlifferent hierarchic levelsannotbe distinguished if
they are represented by a common connected image obpe886 of the total number of
voxels could be assigned to the detected stems. Out of the 4thdckss,25 ones being
completely vithin the boundary of the sample plot were chosen for evaluating the distribution
of voxels. The mean number of image objects composing the complete model of conifers,
deciduous trees in the dominant canopy layer and deciduous trees in the lower cagopy lay
were 362, 501, and 12fespectively. The number of image objedépends oithe tree size
and the fragmentation degree of the tree model.
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Figure 5-10. The complete model of a tree is an aggregationasfynseparate voxel objects, which resulted in
accurate tree dimensions. (Data from sample plot H2. Perspectiveluividual objectsare filled with
distinct colour$

The size of the stem, crown and the complete tree is indicated by the mean counts of
voxels according to the tree classeégy(re 5-11). Please not¢hat the term 'size' or 'voxel
counts' is related to the volume that the tree model occupies in the model space and it has to
be differentiated to thiree metrics concerning tree parameter retrieval. It can be seen that the
stems of the dominant trees are approximately the same size. The crown size is the half of the
st emséo, but its proportion is slightwithy | arg
respect to the total tree size). Trees at the lower canopy layers have significantly smaller
crown rate (18%). The fragmentation of the models is expressed by the mean object size i.e.
the mean of the composing voxels. The most fragmented trees belaig dominant
deciduous class with 12.9 voxels per object, followed by the conifers (14.5) then the trees in
the lower canopy layer (20.1). The high degree of compactness of the small trees is ascribed
to the relative low crown proportion. The higheagmentation of dominant deciduous trees in
comparison to conifenmay have physiological reasons) lhe branches under lek&ss state
are generally thinnema (2 The conifers have narrower and denser crown structure.

From methodological point of viewhis algorithm succeeded in delineating crowns even
in multi-layered stands with mixture of conifers and deciduous trees in the dominant canopy
layer. The assignment of the objects representing the branches was based on the proximity of
the nodal end potrof the crown fragments. The validation of the models with respect to the
derived tree metrics is given n3.2and5.3.3
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