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Abstract

Automatic 3D point cloudalignmentis a major research topic in photogrammetry,
compuer vision and computer graphids this researchiwo keypoint feature matching
approache$fiave been developed aptposedor the automatic alignment of 3D point
clouds which have been acquired fragifferent sensoplatformsand are in different 3D
conformal coordinate systems

Thefirst proposedapproach ivased or8BD keypointfeature matchingrirst, surface
curvature information is utilized for scailevariant 3D keypoint extraction Adaptive
norrmaxima suppressioANMS) is then applied to retain the most distinct and well
distributed set of keypoints. Afterwardsvery keypoint is characterized by a scale,
rotation and translation invariar8D surface descriptorcalled the Gadial geodesic
distanceslope histograi@ Similar keypoints descriptors on t®urce and target datasets
arethen matched using bipartite graph matchimgllowed bya modifiedRANSAC for
outlier removal

The second proposedethod is based on 2D keypbmatching performed on height
map images of th8D point clouds.Height map images are generated by projecting the
3D point clouds onto a planimetric pladterwards a multiscale wavele2D keypoint
detectorwith ANMS is proposedo extractkeypointson the height mapdhen, ascale,
rotation and translatiemvariant 2D descriptorreferred to as thé&Gabor, LogPolar
Rapid Transfornd descriptoris computed for all keypointdzinally, source and target
height map keypoint correspondences are determined usingdigedtional nearest

neighboumatching together withthe modifiedRANSAC for outlier removal



Each method is assessedn multisensor, urban and namban 3D pointcloud
datasetsResults show thainlike the 3Dbased methodhe height majbased approach
is able to align source and target dataseith differences inpoint density, point
distribution and missing pointlata. Findings also show that the 3basel method
obtained lower transformation ersmnda greater number aorrespondences whehne
source and targdtave similar point characteristic¥he 3Dbased approach attained
absolute meaalignment differences in the rangé0.23m to 2.81m, whereas the height
map approach haarangefrom 0.17m to 1.21mThese differences meet the proximity
requirement®f the data characteristics atiek further application of fine eegistration

approaches.
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1. Introduction

Automaticalignment (orco-registration of 3D point cloudds an active area of research
in numerous fields o$tudy including photogrammetrgomputer visionlaser scanning,
3D modellingand computer graphic€o-registration is the process aligning multiple
shapes(two or moe) in a common coordinate system. It is typically applied to
overlapping pairs of 2D images or 3dint cloudmodels. Thigesearcltconcentrates on
addressing the latter issue of automateg@bDwisepoint cloud ceregistration.

Typical registratiortasks usually require the alignment of 3D point clouds that are: i)

multi-temporal (i.e., collected at different epochs) and/or ii) acquired fvanous

sensors (e.g., aerial, terrestrial or mobile laser scanners, satellite systems and unmanned

aerial velicles (UAV)) and/or iii) acquired from different viewpoints of the same or
similar sensors. More specifically, the-gegistration of point cloud datasessrequired
for 3D surface completion or reconstruction from partially overlapDgointslocated
in different coordinate system@igure 11). Alignment of multi-sensory data has
numerous applications in 3D buildirzgnd terrairmodelling, change detection and map
revision in urban and nearban environmentssultural heritagecrime scene/aagent
reconstruction, and mapping of oppih mines.

The coregistration process is based on the mathematical mappingrthjattsthe
60sour ced teiotisntotcdroguedt 6 p o i n tmappihgs expressed h e
by the transformation relaionship (e.g., scale, rotation, translation and shape

deformationetween theoordinate systems of tiwo datasetsGenerally, there are

ma
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Figure 1.1: lllustration of the ceregistration problem for 3D point cldwatasets from

multiple sensor platforms

three categories of 3Doordinatetransformations which are commonly utilized for 3D
point cloud alignment: i) 3D conformal, ii) 3D rigidndiii) 3D non-rigid.

The 3D conformal transformatioaccounts foruniform scale, 3 rotations and 3
translat o n s . The 3D confor mal transformati on
transformationo, O0Hel-merramet rean stf roar meaft a romadt
2006). The 3D rigid transformation estimates 3 rotations3amanslations.tlassumes no
scale change between the two datasets. 3DBrigahtransformations such dke affine
transformationand spline functions (Jian and Vemuri, 200&)so model the shape
deformation between theource and targetThere are different types of 3D affine
trangormation solutions (Lehmann et al., 2014), which vary in terms of the number of
estimatedransformation parameters, for example: ijde#ameters (3 rotation angles, 3

translations, 3 skew factors (i.e., shearing along each axisylifiecent scale faabrs



along each axis), and ii}@arameters (3 rotation angles, 3 translationsdiffigkentscale
factors along each axis).

Traditionally, ceregistration is achievetdy the manual selection of usspecified
corresponding point features, which isrthesed as input to compute ttiansformation
parameters. However, this is a tedious process particularly when: i) there are a large
numberof datasets to be e@gisterediji) when datasets contain a large number of points
and iii) when the determinatioof corresponding features is difficult to establish between
two point cloud datasets. To overcome these difficulties, an automated process is highly
desirable The challenge in this process includabe automatic extraction and
correspondence dhe distinct point featuresThe extractionof point featuregelates to
theautomatedietectionof distinct&eypoint®(e.g.,points of shargopographicovariation
such as building cornersCorrespondenceelates to the automatic matching of source
keypoins to their corresponding target entities in the 3D spabéeh arethen used to
solve for the desired mapping parameté&/ben there is significant variatidretweerthe
two point clouddatasetso be alignedfor example, large differences in scale, rotation,
translation,and point characteristics (e.g., poirttensity andspatial distribution, it is
challenging to establistorrectcorrespondences

In this dissertation the source and target point cloddtasets to be aligned differ in
terms of a 3D conformaldisplacement(Equation 1.1) and in terms ofpoint

characteristics

YOI "QQO i 'YYEOi @0Q Y p®



where,
- i is the scaling factor,
- Yis a 3x3 orthogonal rotation matrix formed using the 3 rotation afigles, ) G
about thex, y andz-axesrespectively,

- "Yis a 3x1 translation vector with y andz components.

A minimum of three point correspondences are requoektermineghe scale, rotation
and translation 3D conformal parameters.e Tharameters areommonly estimated
through the use of a least squares solution which minimizesutineof squares of the
spatialdistance between the source to target point correslemces, thereby estimating
the parameters. The solution can be either linear, closed form (Horn, 1987}loreaan
iterative (Luhmann et al.,, 2006). Upon estimation of the 3D conformal mapping
parametersthe final stepfor the alignmentis to transform the source point clouds into

the coordinate system of the target point clouds using Equation 1.1.

1.1 Initial alignment versusrefined alignment

There are twamain phases forautomatedpairwise 3D point cloud ceegistrationas
illustratedin Figure 1.21) theinitial alignment, and ii) theefinedalignment.The former
casehandles the coegistration of point cloud datasets in different coordinate systems
and there is no proximate matching between the source and. tafgetlatter case

assumeshat an initial alignment has been appléed! there is an existingpproximate
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Figure 1.2: Distinction amongst various 3D point cloud alignmenti@gistration)

approaches (this work concentrates on the framework marked by the dashed outline).

co-registration between the source and tadgasetsBoth require the computation of a
mathematial mapping between two point cloud datasets.

For over two decades, the refined alignment problem has received considerable
attention since t he devel opment of t he
algorithm (Besl and McKay, 1992; Chen and Medioni, 1992). Rusinkiewicz and Levoy
(2001) providean overview of many ICP variants. Bouaziz et al. (2013) developed the
socal l ed O6Sparse |1 CP6 which is |l ess sensit

photogrammetric community, Gruen and Akca (2005) proposed an alternative to the ICP



referred toa s OLeast Squar es (I38D) Basemblag the IGPat c hi r
approach, LS3Malso iterativelyminimizes the sum of squares of Euclidean distances
between twagpoint cloud datasetdHowever, LS3D differs from ICP in if®@rmulation.

ICP computs the tansformation parametetss i ng Hor n 6 s res closeda r | e a
form solution (Horn, 1987), whereas LS3D uses the @mtized Gausdarkov
nonlinearmodel. Instead of usinghe closest pointonceptfor correspondences as done

in ICP, Bae and Lichti (2008 devel oped the 06Geomavhichi c Pr i
instead use the pointnormal vector information together with change in surface
curvature for point cloud matchingn more recent times, another classrefinement
techni ques ga rdent b algmrient approaches (Chui and Rangarajan
(2003yLi n et al .-baged Meth®ds assumeé thaCtRebsource and target differ in
terms of a 3D confor mal or 3Digiddbdtechns
also handles deformation clges between the pairwise point clouds to beegistered.

ORef i meamerdtd regi stration methods pantrongl )
cloud alignment with sufficient overlap betwetw source and target The &6r ef i ner
methods do notequire an intricate featwmatching step as they are typically based on
minimizing the Euclidean distance betwede closest points. If the initial alignment is
inaccurate, the refinemebtised approaches are prone to variousregsstration factors
swch as local minima solutions and exhaustive searching in the solution space, which
negatively affects computational efficiency. Motivated bgsehissueshis researctwork

concentrateon addressing the initi&D point cloud ceregistration problem.



1.2 Initial alignment: global versus local methods

As shown in Figurel.2, there are twdknown primary approaches for initiddD-to-3D
point cloud alignment: i) global techniques and ii) local techniques, (Castellani and
Bartoli, 2012). The globdbased initial alignment revolves around the use of the principal
component analysis (PCA) of the point clouds. The translation can be estimated by the
difference in centroids of the source and target ddtan, PCA is used to approximate
the rotation required to align the coordinate systems of the source angptangetouds
The global scale factor can be derived based on the ratio of the respedest la
distancedbetweerthe source and targeata

On the other hand, local techniques are based on the definition of local surface
properties(i.e., descriptorsjor automatically detected k ey ge o metomboth f eat 1
the source and target point clougéote: geometric features can include points, lines,
curves or planes)The similarities of the descriptors arthen assessedor the
determination ofcorrespondingkey geometric featuresThe global ceregistraton
approach suffers when there is partial overlap and/or shape deformation between the
source and target surfaces. For instance, the centroids of both shapes may differ due to
deformations or when the source and target have different coverage. This Hifect
estimation of translation parameters. Difference in shape creates similar problems when
attempting to estimatecale andotation parameters. Therefore, it can be argued that the
local alignment techniquarebetter suited for coegistering théstabledparts ofthe point
cloud surfacesfor instance, whemealing with natural terrain datasets which may have

undergone deformation, for example, landslides, flow of glaciers, etc.



1.3 Overview and objectives

3D point clouds have varying characteristics and be represented in variousihhays.
arerepresented i8D or 2Dformats such ad) asraw 3D points or asii) interpolated,

2D height(or depth)map raster image#s shown in Figurel.3, source and targgioint

cloud datasets can alddiffer in terms of characteristicsuch as: i) point densitye(q,

dense versus sparse point spacing), ii) point distribuog, (regular, gridded points
versus irregular, negridded points), and iii) mgng point data (i.e., data gaps/holes),
possibly caused by olusions or by different sensgrewpoint perspectives during data
acquisition. To handle these different cases (i.e., differences in data representation and
characteristics) two independent apgches for the automatic -cegistration of point
clouds in different 3D conformal coordinate systemsrarestigatecand explored.

Both of the implemented methods are local atignttypetechniques which follow an
automated feature matching pipeli that includes three main phases: fepture
extraction ii) feature descriptiorand iii) feature correspondenc&he proposed methods
are based on extracting and totang distinct point landmarks, i.ekeypointson the
source and targ@oint clouds

Although bothproposedapproaches adopt a similar feature matching workflow, their
inherent individual components araunique i.e., the techniques used for keypoint
extraction, keypoint descriptéormation and keypoint matchiragedifferent This stems
from the two different ways in whicthe point clouds can be representeé., eitheras

3D points or as interpolated, height n#ipraster images



Variation in point density
& distribution

Figure 1.3: Example of two point cloud datasets from different sensors (left: UAV, right:
Mobile laser scanner) with varying point characteristics such as different point density,

point distribution and point details.

In the first proposed approach, feature matching is performed entirely in the original
3D point cloud space, whilst in the second method, the feature matching process is
applied to the planimetric, height map projection (i.e., 2D image representatitg
3D point clouds. For the latter, even though feature matching is performed in the 2D
domain the resulting matched pus also have an associatedoZ depth component,

thereby facilitating 3D to 3D ceegistration The objectives of thidissertatio are:
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) To develop a 3Ebased feature matchirapproach for coegistering 3D point
clouds in different 3D conformal coordinate systems

i) To developa height magbased feature matching approach foiregistering
3D point clouds in different 3D conformebordinate systems.

i) To individually evaluate the experimental findingsezch approacbn urban
and nonurban datasetsith different point cloud characteristics

iv) To assess the performance of both methods relative to each agheell as

with existing,stateof-the-art approaches.

1.4 Contributions

This research work contributes to the alignment of 3D point clouds in the geomatics
fields of photogrammetry, remote sensing, lesmEnning andyeographic information
systems anthcorporaésmulti-sensor and niti-tempora) urban and nofurban datasets.

In this section, the main contributioms each of the two proposed 3D point cloud

alignment methodare listed

The contributionsn the 3D-basedco-registrationmethodare:
1 The development of a scalavariant 3D keypoint feature extraction method
using morphological properties, specifically the local surface curvature
1 Thedevelopment of acale, rotation and translation invari&m keypoint surface

descriptorreferred to ashe radial geodesic distans®pe histogram (RGSH).
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1 The use of bipartite graph descriptor matching for establishBig keypoint
feature correspondences without the nded userspecified thresholdsA
thresholdfree, RANSAC outlier detection algorithns then usedto filter

incorrectkeypoint correspondencése., outliers)

The contributionsn the Height mapbasedco-registrationmethodare:

1 The development of a mulsicale, wavelebased 20keypoint extractiormethod
on the height map image representations of the 3D point clouds.

1 The development of a scale, rotation and translation invariant 2D keypoint
descriptor referred to as the Gabor, t®glarRapid Transform (GLHRT)
descriptor.

1 Theuse ofbi-directional, neast neighbour descriptor matching for establishing
height map keypoint correspondencesgithout the need for usepecified

thresholds.

1.5 Organization

Theremaining chapters in thdissertatiorareorganized as follows:

Chapter 2. A literature review of relevant works related iatial 3D point cloud

alignment techniquess discussed. These include a survey of: i) 3D descrimsed
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point cloud ceregistration methods, ii) 3D nestescriptorbased point cloud eo

registration metbds and iii) 2Bimage based point cloud-cegistration methods.

Chapter 3: This chapter coverthe propose@D-basedpoint cloud alignment approach
An automated 3D feature matching approechresented. This is achievby extracting
scaleinvariant 3D keypoints and generating th&l local surface descriptors. To match
the 3D keypoints, a on®-one correspondence approach based on bipartite gimphs
used To filter outliers (i.e., incorrect keypoint correspondences)thresholeree
modifiedRANSAC is appliedFinally, the 3D conformal transformation parameters are

determined using the established correspondences.

Chapter 4: The secondproposed height mapasedautomatedapproach for 3D point

cloud alignment is deti@d in this chapter. Unlike the first method, whose feature
matching process is implemented entirely in the 3D domain, this approach instead uses
2D height map images of the 3D point clouds to find correspondences. Prior to co
registration, source and tgt height map images are generated directly from the source
and target 3D point cloud datasets respectively. This is achieved by projanting
interpolatingthe 3D point cloud datasento thex,y-plane Afterwards, 2D keypoints are
extracted on both hgiit map image pairs using a midtiale wavelet technique. This is
followed by generation of scale, rotation and translatwariant 2D keypoint
descriptors. Source and target descriptors are matched usinglir@dional nearest

neighbour search in théature spaceThen the modifiedRANSAC developed in
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Chapter 3 is applied to remove keypoint correspondence outkamally, the 3D
conformal transformation parameters are determined using the established

correspondences.

Chapter 5: This chapter presents experimental resigltseach of thewo proposed co
registrationapproachesThe methodsare evaluatedhrough comparisons witteference
datg reference 3D conformal transformation parametetperimens arealsocarried out
to drectly evaluate the performance lodth proposed methods with each oflzsrwell as

with existingstateof-the-art 3D point cloud ceregistration approaches

Chapter 6: A summary ofthe contributions andesearch findings are outlined in this

chapterAlso discussed arguggesbns forfuture work andgotential improvements.
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2. Related Workson Initial Point

Cloud Alignment

This chapter povidesan overview of existing workelated to thenitial 3D point cloud
alignmentproblem In particular,a review of methods used for solvingitial 3D point
cloud coregistrationis discussedrom Sections 2L to 23.

Automatic estimation of scale and the six 3D rigid parameters between point clouds is
a challenging problent-or initial point cloud alignmentit is assumd that there is no
prior knowledge of the 3D conformal transformation parameters (i.e., single global scale
factor, 3D rotation angles and 3D translations). However, in some of the reviewed
literature, the scale factor is assumed to be known and onlyxthigyisi parameters are
considered as the unknowns to be computed. Instaricescb casesor the reviewed
literaturewill be identifiedin this chapterlf scale is assumed to be known, the matching
(or correspondenceproblem is greatly simplified, sincgeometricelementssuch as
lengths, distance between features and surface area can all be utilized to find
correspondences.

There are various approaches one can apply to achieve initial source t@Dapgatt
cloud coregistration.These can be assifiedinto three categorie@~igure 2.1) i) 3D
descriptorbased methods, ii) 3D nadescriptorbased methods and iii) 2D imagkased
methods. There are three general step® solve the alignment problem:

detection/extraction of key geometric features, matching/correspondence of these features
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INITIAL POINT CLOUD ALIGNMI

3D Descriptor
based methods

3D Nondescriptof
based methods

2D image
based methods

- /

Figure 2.1: Different approachef®r the initial alignment of 3D point clouds.

and assessment of the correspondences. These tasks are explicit or implicit depending on

the coregistration approach utilized.

2.1 3D Descriptor-based methods

2.1.1 3D keypoint extraction

Descriptorbasedmethods are typically applied in 3D feature matchiragkflows. They
usually rely on the extraction of salient kimatures (e.g., 3D keypoints) on the point
cloud surface. For these keypoints, descriptors are formediliyng various types of
local neighbourhood shape attributes of the point cloudil&idescriptors on source and
target point clouds can then be matchesing a similarity cost function to find
corresponding keypoints.

Interest points or keypoisitare well utilized for matching and registration problems in

various 2D imagerocessing applications such as object recognition (Lowe, 1999; Azad
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et al., 2009) and scene reconstruction (Hartley and Zisserman, R@9@pint detectors
can be regarded &er as: i) a fixed scale detector, where the usetdasmnuallydefine

a local neighbourhood around candidatepoint to perform the requirecthecls for
keypoint detectionor i) a scalanvariant detector, where the local scale (i.e., local
neighbourhood of interest) around a keypoint is automatically defined by the algorithm.
The concept of@le invariances that the attribute or features of an object should not
change when the object is scaled by a multiplicative fadtoe. definition ofa similar
local scalefor a corresponding source and target keypmintnportant since iensures
that they both have the sarwoeal neighbourhoodegiors, which can then based for
computing comparablkeypoint descriptar (or attributes). Scaleinvariant detectors are
typically used for this purpose.

Automated scale selection mechanisms have peenlarly applied for 2D keypoint
detectors Examples include the&Scale Invariant Feature Transform (SIFT) detector
(Lowe, 2004) whichus es a 6dDGd d ® yDoa@)dré&amework for estimating
the local scale, whereamother detector, i.ethe HarrisLaplacian interest point operator
(Mikolajczyk and Schmid, 2004 uses Lindebergds automatic
(Lindeberg, 1998 The DoG approachsmoothesthe data with Gaussian kernel$ o
differing standard deviations and then takes the difference of smaomth@matsto build a
scalespace representatiom he det ail s of Lindebergbds app
Chapter 3.

With theincreasing use of point clouds for 3D object recognition and matching (Lai

and Fox, 2010; Tam et al., 2013), there are numerous 3D keypoint detectors including the
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intrinsic shape signatur@SS) (Zhong, 2009, the meskDifference of Gaussian@nesh
DoG) (Zaharescu etla 2009) Heat Kernel Signature (HKS$pun et al., 2009And Harris
3D (Sipiran and Bustos 20115S is a fixed scale detector. ISS uses the ratios of the
eigenvalues of the local neighbourhood to determine surface variation. Pointargeth
surface variations are marked as keypoints. The +Des}) HKS and Harris 3D detectors
operate on mesh representations of the point clouds. TheDo€shs a scaleinvariant
detectomwhich usesa DoG-basedscalespace representatioRor meskDoG, theratios of
eigenvaluesfrom the Hessian matrix othe local mesh neighbourhood are used for
keypoint definition.The HKS is related tdwe surface curvature of a point and is based on
the diffusion of heaton a surface mesh using the Lapl8mdtrami operator This
operator is extensively used in 3D shape analysis to describe physical processes such as
heat diffusion and wave propagation (Wetzler et al., 2&ypoints are determined by
searching for local maxima HKSs across the surface mesh (Trtdi@dohai). HKS is
not a scalenvariant detector, however, Bronstein and Kokkinos (2010) have presented
an approach to address this problé#arris 3D isa fixed scaledetector It fits a local
surface quadratic patch to the point data and computesotbea | | e d-r @ dH@o m$ s 6
(Harris and Stephens, 1988) for each mesh vertex. Query vertices with large responses
are classified as keypoints.

ISS, meskDoG, HKS and Harris3D are examples odletectorswhich utilize surface
geometry for the extraction of 3D keypoinihere arealsovolumebased methods which
utilize 3D voxel representations instead of direct point cloud fdatkeypoint detection

(Yu et al., 2013)These includea 3D extensiomf the SIFTmethod(Rusu and Cousins,
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2011; Hansch et al., 20143D-SIFT is scaleinvariant andut i | i zes -af- 6 Di f f
G a u s scalaspazeapproach, where a series of downsampling/smootbkiagplied to

the point data to determine keypaiaind their local scale.3D-SIFT encompasses both
keypoint detection, as well as keypoint description (Section 2.}a@lumebased
approaches operate on voxel representations of the 3D model, whenfeasgeometry

based methods uggometric attributes froraurface patches, noals or contours of the

3D point clouds

2.1.2 Matching of 3D keypoints using descriptors

Following the extraction phase, attributes (or descriptomgjst be assigned tothe
keypoints Then a search strategy is employed to find keypoint descriptors with high
similarities. The generation of uniquely discriminable descriptors is an impostapt
since it influences the keypoint matching success Escriptors can be represented in
various forms including: 1D vectors, 2D / 3D histograms or rdiftiensional arrays.
Volumebased 3D keypint descriptors such as the H)FT implementations have
been used for video sequences and 3D medical images (e.g., MRl and CT scans)
(Scovanner edl., 2007; Flitton et al., 2010). In these cases,3D data is first converted
into a 3D array of voxels containing data points and the descriptor is generated based on
the gradient magnitude and orientatafrthese voxels
There has also been vaus surface geometry 3D point cloud descriptors developed
over the years. Some of these include the Spin Images (Johnson and Hebert, 1999), Fast

Point Feature Histograms (FPFH) (Rusu et al., 2009) and Signature of Histograms of
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Orientations (SHOT) (Tombasat al., 2010)The HKS described in the previous section

canalsobeused as descriptofor surface keypoints (Section 21).

assigned t wla nddolWirsd dthheet esce from the keypoi
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Figure 2.2: Concept of Spin Image point cloud descriptor formation. Left: Keypoi
(red point) with its normal vectdd and tangent plane to this vector (blue region).

Right: Coordinate system of spin image where the coordinatelpair (b ) i s
the vector projecting from the keypoint (red point) teegghbouring point cloud

(yellow point).(Modified after: RuizCorrea et al., 2004
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Geometrybaseddescriptorssuch as Spin Image&PFH and SHOT require a local

point cloud neighbourhood to be defined around the keypoint. Aspssified distance



21

can beapplied to define local neighbourhoods when the source and target point clouds
have the same scaldowever, n situations where there is a scale differebetveen the
source and target datasets, the descriptors are notiscal@ant and will fail during the
feature matching process. As discussed earlier,-gozeance is typically provided by
local keypoint scales estimated from a freahd detector.Mellado et al. (2016)
developed an approach for scalgariant coeregistration of multisensor point clouds
based on a descriptor known as O0Growing

built in a logarihmic scale space by fitting algebraic spheres on the point cloud data.

Figure 2.4: Illustration of the SHOT descriptor. It is based on the partitioning of sectors

within a spherical grid structure around the keypoint. (From: Tombari et al., 2010).

Descriptorbased matching usually comprises of three main components: i) the design
of a cost (or similarity) function to assess the similarities of source and target keypoint
descriptors, ii) a searching mechanismef@iciently comparethe descriptors intheir

feature space (i.e., 1D, 2D, 3D or mutmensional feature spackr estabishingone

L €
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to-one keypoint correspondencasd iii) an approach to filter false (or outlier) keypoint
matches.

Weber et al. (2015) developed a descriitased pointmatching framework to
automatically align surface point clouds collected from a Microsoft Kinect sensor. The
method fuses multiple Kinedtased point clouds of an object or scene. Their approach
usesthe FPFHpoint cloud descriptoand does not extract points of interest or keypoints.
Instead, the descriptors are computed for every point cloud in the dataset. The local point
cloud neighbourhood used to compute the surface descriptors are defined &y a us
specified radius value. This indicates that the approach is notiseateant as the same
radius value is applied on both source and target point clouds. Thus, the approach is
unable to handle cases where the point clouds to fegtstered differ bya global scale
factor. The descriptabased point matching is determined using the nearest neighbour
distance ratigNNDR) (Szeliski, 2010 followed by the RANdom SAmple Consensus
(RANSAC) (Fischler and Bolles, 198%pr removal of correspondence outlieighe
combination oNNDR and RANSAC is a popular strategy for matching keypoints using
descriptors.

NNDR is based on searching for the target
a source keypoint within the descriptor feature space. Thestaagighbour is the target
keypoint with the minimum Euclidean distance to the source keypoint in the feature
space.In this case, the Euclidean distance metric is the similarity (or cost) function.
Efficient nearest neighbour searchingtygically achieved usingk-d trees (Bentley,

1975)
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It is possible that® and 2% nearest neighbour target matchease similar distances to
the source keypoint. NNDR compares the ratio of these two distances. A distance ratio
that tends to 1 indicates matchiambiguity and thus the source keypoint should not be
included in the final set of correspondences. RANSAC is used to furthervirtergy
matches. It is based on randomly sampling the minimum number of correspondences
required to compute the transformatiparameters. Then all the source keypoints are
backprojected onto the target domain using these parameters. Matches are then
established by searching for source to target keypoints which are in close proximity to
each other based on a thresholthe numbe of correspondences are then recorded.
RANSAC is iterative andhe final set of matches is the samplet which gives the
highest amount of correspondencé&le disadvantage of utilizing both ttNNDR and
RANSAC is that usedefined thresholds are requdréo filter potentially incorrect point
matches. If there is no information about the coordinate systems of the source and target
point clouds prior to matching, it becomes difficult to determine optimal threshold values
without some empirical analysis.

Zeng et al. (2016) proposed a 3D local volumetric patch descriptor algorithm referred
to as O03DMatchéo. The approach is based on
descriptors on large volumes of data. This can be-tomsuming and also depenois

the availability of training data.
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2.2 3D Non-descriptor-based methods

There are also descriptree approaches which address thdial 3D point cloud
alignment problenbased on the data and datrived geometric primitivesA common
approachfor global coeregstration is the utilization oPCA or SVD (Singular Value
Decomposition) PCA (or SVD)is used to approximate the rotation required to align the
coordinate systems of the source and target point clouds. The translation can be estimated
by the difference in centroids of the source and target data. However, when there is
partial overlap and/or shape deformation between the source and target surfaces this
approach does not provide the correct transformation paran(&eird et al., 2007
Cagellani and Bartoli, 2012

Other nondescriptor based methods utilize various geometric constraints and
relationships amongst points, lines or planes. In terms of the-pisesl methods, von
Hansen (2006) presented a framework for terrestrial aseming (TLS) caegistration.
Firstly, planes are extracted from point cloud data and this is followed by an exhaustive
search for corresponding planes. The method does not cater for scale differences between
the point clouds. Brenner et al. (B) derived two methods for thimitial co-registration
of TLS data: a planbased scoring approach and another which uses the normal
distributions transform (NDT) (Biber, 2003). In the first method, plane triplet
correspondences are scored using the similarityheir normal vector directions, in
combination with distances to the plane origin. The second method sliced the 3D scans
into 2D layers, and then used the 2D NDT algorithm foregpstration.NDT is an

optimizationbased o-registration algorithmwhich ties to maximize a probabilistic
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matching score between two 2D sca@sly the 3D rotetranslational parameters were
accounted for in their work.

Stamos and Leordeanu (2004) used both linear and planar features to align laser scans
of buildings. Propétes such as length of the lines, in addition to plane sizes were used to
discard possible erroneous matches, thus reducing the combinatorial correspondence
search space. This was accomplished using a variety of heuristically set thresholds. Their
method slved for the six rigid parameters. Yang et al. (2016) used semantic features
from urban scenes for automated TLS-registration. The point cloud dataas
segmented into ground and nground followed by the extraction of vertical linear
features. The vécal features were then triangulated to form a network. Then a hashing
table with triangular constraints were used to find matching source and target triangles.
The method used various Euclidean distan&gsed constraints and thresholds which can
only beapplied when source and target point clouds are of the same Ag@demetric
object approach was proposed by Chan et al. (2016) where a single, octagonal lamp pole
was used for the alignment of terrestrial laser scans in different coordinate systems (
different 3D position and orientation). The premise of the approach is to fit an octagonal
pyramid model to the raw point clouds. Then, virtual points from the lamp pole structure
are computed and used within an iterative matching strategy to esthmeategistration
parameters.

Linear features extracted from point clouds have been used to match Airborne Laser
Scanning (ALS) and TLS data (von Hansen et al., 2008). This method sequentially

computed the 3D rotation and translation parameters. Rotatas derived via the
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correlation of line orientation histograms. Afterwards, translation was determined using a
6generate and testd scheme, where the qual
assessed using the proximity of matching between &&GTLS line midpoints. Yang et
al. (2015) presented an approach for ALS to TLS alignment in urban scenes. They
employed a spectral graph correspondence approach for matching building outlines. The
graph matching utilized scalariant geometric constramtsuch as distances together
with several other spatial relations derived from the TLS and ALS building outlines.
Urban areas typically contain many other rich descriptive details such as road networks,
street furniture and vegetation. Therefore, the ntethay falter in urban datasets where
there is a lack of building structures.
Aiger (2008) -Rieivretl ofengrt thentd 4S aitiad rigil 4 PCS)
alignment of point clouds. The approach begins by samplingpgoit coplanar tuples
from the source point cloud, followed by a search based on an affine ratio to find
corresponding foupoint tuples in the target point cloud. The best transformation is then
selected from multiple candidate transformations formed by the set of matching quad
ruples. There have been several extensions/variations of 4PCS. Theiler et al. (2014)
combined 3D keypoints with the 4PCS for the alignment of terrestrial laser scans. In
other work, Mellado et al. (2014) developed a speeded up version of 4PCS. In cbntext o
full initial registration (i.e., solving for scale and rigid parameters), Corsini et al. (2013)
presented an extension of 4PCS which can handle scale changes between datasets.
Yang et al . (2013) developed an |l CIPCPwe.t h

This ICP approach does not require any initial alignment and is based on a branch and
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bound optimization search for optimal registration parameters. However, as mentioned in
Theiler et al. (2014), the globallyptimized ICP is not efficient when pied to large
scale data such as laser scans.

In comparison to nedescriptor based methods, descritependent approaches take
into account local data informatione., it considersneighbouring elements for attribute
definition. Descriptotbhasedmethods provide semantic context, thus strengthening the
matching process with richer information about the local keyfeat(foesexample,

enablingtheelimination of false matchdsy comparing descriptor similarity

2.3 2D imagebased methods

Another active branch of research which addressigisl point cloud alignment are
imagebased approaches. The concept revolves around the utilization of-lase
representations of the point cloud data collected from various sensor acquisition systems
One type of image representation can be obtained from optical cameras which are
mounted to and synchronised with the laser scanners during point cloud data collection. If
the transformation between the camera coordinate system and the laser scargnmg syst
is established prior to data collection, then the relative orientation of an image pair can be
used to derive the transformation parameters between the associated source and target
laser scans. Image representations can also be 2D reflectance inteagi®g formed

from the energy of the backscattered laser light on a laser scanning system. Another type
of image representation are 2D height maps or range images. The pixels of height maps

store the 3D coordinates of a point cloud. Usually each heightimage pixel is a



28

visualization of the point cloud surface elevation. However, depending on the application,
theotherax es di rect i on s3Dadordihateeystpnodamalso lelused @ 6 s
project the point clouds into the 2D height map/range indageain.

Manasir and Fraser (2006) used the relative orientation of optical image pairs to co
register multiple TLS datasets. However, a significant amount of work instead focuses on
TLS point cloud ceregistration using reflectance intensity imagBs$h{m and Becker,
2007; Wang and Brenner, 2008; Kang et al., 2009; Weinmann et al), 2biese works
all follow a similar alignment framework based on ZBypoint matching between
reflectance image pairs.

Various interest point operators can be uggdextracting 2D keypoints including the
Forstneroperator(Forstnerand Gulch, 1987, and Moravec and Harrigorner detectar
(Moravec, 1980; Harris and Stephens 9@ descriptorsuch as SIFT (Lowe, 2004)
and Speeded Up Robust Features (SUMgy et al., 2008)can then be used for
matching the 2D keypoint§he SURF descriptor is based on the computation of Haar
wavelet filter statistics in both the horizontal and vertical image directions.

The matched 2D feature poirftem the intensity imagealso have accompanying 3D
point cloud coordinates, therefore 3D transformations can be directly computed for 3D
pointcloudcer egi stration. A common trend in thes
keypoint detector and descriptor algoritieoupled withRANSAC. This due to the scale
and rotation invariance properties of SIFT. SIFT has also been applied to match 2D
keypoints on range images for the purposes of 3D point cloud alignment (Barnea and

Filin, 2007; Sehgal et al., 2010).
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Barnea and Filin (2008) proposed a combinatorial keypoint approach for terrestrial
point cloud matching using panoramic range images. Range image keypoints are
extracted usingasoal | e-thaX®i nnt erest point detector
subjectd to RANSAC. Firstly, a triplet of keypoints is randomly selected. Then
differences in 3D Euclidean distances between source and target keypoint pairs from the
sample set are used as a check for the verification step within RANSAC. Fesemstir
point douds which may have scale differences, this verification check will not suffice.
Additionally, depending on the amount of keypoints extracted from scene to scene, the
correspondence search space can significantly increase and be time consuming.

Novék and Schindler (2013) used height maps for theegistration of 3D laser
scanning and photogrammetric point clouds. Point clouds are firstly converted to height
maps by projecting onto a planimetrig y-plane. Then gradient information and
RANSAC are used to match points on source and target height mapsrwrds, ICP is

applied to réne the 3D point cloud registration accuracy.

24 Summary

From the reviewed literature, @nsiderable amount of 3D approaches (both descriptor

and nonrdescriptor based methods) are not scalariant and only consider the
estimation of 3D rigid transformation parametérkis work addresses the alignment of

3D point clouds which differ in tens of a 3D conformal transformatiolm. Chapter 3a

modified approachdf i ndeber gbés | ocal {Lindebeeg, 1998fore c t i o n

scale invariahextraction of 3D surface keypointsproposed
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In terms of 3D descriptors, ast currentmethods utilize geometric relatisrfe.qg.,
angles) between the 3D points. The propo3Bddescriptorusessurface morphology
characteristics for the local neighbouring region around the keypoints.

From the reviewedworks on 2D imagéased methods forB point cloud ce
registration, many of the current approaches utilim&ensitybased methoddor
extracting and matching 2D keypoint$he majorityo f  tuhseenrae ct angul ar
system for destni g£thampt def idni titiloes wraesd @&rt c h
space structure offckikefpohet gk tandap itt 0 mang e caa |
Vi siimaipi red grfioddismgpcandtiesa mpfiogg@ger at i ng t

2D descriptors

lden )
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3. A 3D-basedApproach for Point
Cloud Alignment

In this chapter a 3D keypointbased featurenatching frameworks proposedor co-
registering multitemporal multi-sensor, natural and anthropogenic (maade)3D point
clouds There arefour main componentsi) the development of a scalevariant 3D
keypoint feature extraction method using morphological properties, specifically the local
surface curvature, ii) the development ofaogation, translation and scale invari&id
keypoint surface descriptor balsen surface topography, iii) the application of a bipartite
graph descriptor matching method for establishing initial keypoint feature
correspondences without the need for sgercified thresholdsndiv) the development
of a thresholdree, RANSACIlike outlier detection algorithm to eliminaterrong
keypoint correspondences.

Once the final set of keypoint correspondences are foan@D conformal
transformations appliedto recover the seven parameters (aegjobal scale factor, three
rotation angles and threednslations), which will enablgource to targgboint cloudco-

registration.
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3.1 3D-basedPoint Cloud Alignment
Methodology

This work followsa surfacegeometrybased approachusing: i) 3D points for estimating
surface curvature in the keypoint extraction process and ii) point surface patches for
capturing local3D surface topography details which are utilized in the descriptor
generation proces3he propose@pproach uses automated featurmatching pipeline
which includes feature extraction, feature description and feature correspondence.

The presentethethod is based on extracting and matching dis@iBgboint landmarks
referred to akeypointson the source and tagpoint clouds A couple of the main
challenges lie in the establishment pfkeypoints which are scalavariant (i.e., point
features which can be used for matching source and target datasets which differ by a
global scale factor), and ii) keypoint steiptors, which must be invariant to scale,
rotations and translations as a result of the 3D conformal displacement between source
and targetlatasets

Figure3.1 is an illustration of the keypoint matching congeplere twopoint cloud
datasetsare given and differ by a rotation matr¥ translationT and scale factos.

Distinct keypoints (smalbluecircles) are extracted on bgplint cloud dataset#\ scale
invariant neighbourhood (large circles) is determined for each keypoint. This
neighbourhood is used to compute descripi(sr attributes) for the keypoints. Source
and target descriptor®dourc@nd Drarcey are matched using a similarity met™YQa 6 € i 0

to find corresponding keypoint§he descriptordfsourc@NdDrarcedre shown as 1D
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Figure 3.1: Concept of keypoint matching between source and target point clouds.

histograms ¥-axis show the descriptor frequency and #aaxis show the descriptor
dimensionality which is the descriptor size) for visual purposes. However, descriptors can
also be represented in higher orders (e.g., 2D or 3D histograms).

For photogrammetric anaiobile mapping applications, there is no guarantee of source
and target datasets being in the same coordinate system and in closetyitoxaach
other. For exampleyn-georeferenced sourgmint clouds versugecreferenced target
point clouds Common gamples of such instances are wi&obal Positioning System
(GP9 signals are lostluring a mobile laser scanning operation the generation of
photogrammetric point clouds from platforms suat UAVS using structurdrom-
motion.In both cases, the resinlg point data are in local coordinate systeRsnce this
work focuses on developing a coegistation frameworkwhich estimates the sewven

parameter 3D conformal transformation betwsenrce and target point cloudsthout
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any proximate matching assutigms The proposed 3D keypoint extraction and
descriptor methods utilize various terrain characteristics such as curvature, slope and
surfacedistances specifically for the ceaegistration of urban and naturpbint cloud
datasetsFigure 3.2 illustratesthe proposedegistration framework. In the following

sections, each component of the framework is presented.

3.2 Extraction of 3D Surface Keypoints

In this section the aim isto establish discrete, 3D, stable and repeatable keypoints on the
point cloud surfaceRepeatable keypoints are those points that can be detected at the
same location on both the source and target data, even in the presence of scale changes
and rigid moton. To achieve this aim, 3D detectorhas been developesghich utilizes

surface morphology, namely, the curvature of pént cloud surfaceto find points of
significance.The input datasets used tins 3D-basedco-registration pipeline comprise

of 3D point clouds with(x, y, z)coordinates. To classify 2D surface query point cloud

0 as a possible keypoint, the curvature Uat is computed. Given that
0 is centered ora circular neighbourhood of surface point clouds the local

surface curvature is estimated by utilizing the local covariance ntatéix0

comprises of thd -nearest point neighbouasoundd (Equation3.1).
o 1
[ 3 Iyl
hd 11907
118n (31)
1181

uqU



35

Source point cloud dataset Target point cloud dataset
I [

|

Extract scale-invariant keypoints on Source and Target point cloud datasets

'

Apply adaptive non-maximal suppression (ANMS) to

retain strongest, well-distributed keypoints on
Source and Target point cloud datasets

Y

Compute scale, rotation and translation invariant surface

descriptors for keypoints on Source and Target point cloud datasets

!

Find initial corresponding keypoints between the Source

and Target datasets using a bipartite graph matching approach

|

Remove incorrect keypoint correspondences using
a RANSAC-like outlier filtering technique

|

Apply a 3D conformal transformation using final set

of keypoint correspondences to obtain 1 scale, 3
rotation and 3 translation parameters

Figure 3.2: Workflow of the propose8D-based point cloudo-registration approach.

is thefocal pointof~ , from whichd ) is estimated using Equati@=2.
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Eigendecomposition of €0 provides three eigenvalues and corresponding
eigenvectorsw given in Equation3.3. w represents the three axes of the local, 3D
orthogonal coordinate frame for O . _ represents the magnitude of the three
axes and) is _ 0 srigin. The magnitde of_ is as a result of the dispersion of

in each of & 8 orthogonal axis directions.

5¢0 8 _ & (33)

x EAM®A pltiv EBRA OAATTACEAIAZERI ACT EOOAA

_ , is the minimum eigenvalue af ¢ 0 whose eigenvector ihe surface normal
for the local region around . The surface normal is the orthogonal axis direction,

which has the smallest variation relative to the local tangent plane quoittecloud

surface_ and_ indicate the deviation of 6 points in the other two axes directions on

the local neighbauhoodd6s tangent pl ane. Utilizing ¢t
at 0 is establishechs the ratio of the surface normal variationto the total
varianceB  _ (Equation3.4; Pauly et al., 2003Bae and Lichti, 2008

YO i "QO®IQU o T Q 5 = o8

A keypoint is a surface point that can be distinguished from its local neighbours

The surface curvature is used forstipurpose; however, an approach to determine the
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boundary extent of has yet to be established. These neighbouring points are critical
since they also serve as the local region for computing the subsequent keypoint
descriptors. A radius can be usgpredfied to define a circular local region around the
keypoint candidate and establish this local point neighbourhood. However, if the source
and targetpoint cloudsdiffer by an unknown global scale factor, a manually applied
radius value is not feasible for obtaining similar local regions (hence, similar descriptors),
which is an important criterion for finding corresponding source and target keypoints.
Therefore, ascaleinvariant keypoint extraction process applied based on ranges of
radii, to automatically delineate homogeneous source and target neighbourhood regions
under any apparent scale change between th@awmo cloud dataset® be ceregistered
(Figure 33). Every3D point belonging to the input source and target data is examined as
a possible keypoint location. For each point, multiple curvature vakgesomputedby
gradually increasing the size of point neighbourhoods based on a range of tedii, th

usinga O ssqalcee 6 representation.

3.2.1 Scale invariancefor 3D keypoints

SIFT (Lowe, 200% and its 3Dbased extensions use a 'Differelafgsaussian’ approach
for obtaining scalénvariant keypoints. The Harrisaplacian interest point operator has
been shown to have higher discriminative capabilities than DifferelkGaussiarbased

detectos (Mikolajczyk and Schmid, 2004; Grauman and Leibe, 2011). Haaptacian

uses Lindebergbs met hod (Lindeberg, 1998)

Lindebergbés method is based on selecting

t
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Estimate multiple curvature values for each
surface point across a range of radii (this is
done by incrementally increasing the radius of
local neighbourhood around each point)

l

For each surface point, search for a

Local maxima across _J distinct curvature maxima across this

radii scales radii ‘scale-space’

Y
If distinct maxima found, label point as
candidate keypoint and store the
associated local point neighbourhood at
which the curvature maxima was attained

=
Y
Classify a candidate keypoint as a ‘final’
Local maxima across keypoint if its curvature is greater than
neighbourhood those of the points in its local point
neighbourhood

l

Keep strongest keypoints using

adaptive non-maxima suppression

Figure 3.3: Workflow for the proposed 3D keypoint extraction process.

local neighbourhood of a keypoint candidate) as the strongest local maxima of a scale
parametedependent function (SPDF) across a range of scales. The proposed 3D scale
invariant keypoint extraction approach followssimilar framework to Harrikaplacian

by combining 3D curvature information with Lindeberg's automated scale estimation
method.For the presenteapproach in thiglissertationthe scale parameter is the radius,

which defines the concentric local neighbourhoods around possible keypointateadid
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The 3D point clouds within these neighbourhoods are then used to compute the surface
curvature of the local region around the keypoint candidate. Since the curvature of a local
region varies depending on the radii used, in this context, the curvadasire serves as

the SPDF.

The respective SPDF signals for a correspondence pair (i.e., matching source and
target keypoints) would have comparable shapes since the two keypoints are focal points
defining similar localpoint cloudregions. Howewve depending on the magnitude of the
gl obal scale factor 6s6é, the shapes of sou
stretched versions of each other (Fig8#). The SPDF signal may have several local
maximas. For a correspondence pair, thatirtit local maxima (i.e., global maxima) of
the curvature responses on both the source and target SPDF signals would give us the two
radii, i andi for obtaining the same local point neighbourhoods, regardless of
the scale difference between the source and taaet clouds The ratio ofi and
i is equivalent tad .

Scaleinvariant candidate keypoints are establishdakn the3D surface query point
cloud 0 exhibits a distinct local maxima across the range of curvature scales.
SPDF signals are shown in the plots of FigRwefor a source and target point cloud pair
which differ by a global scale factor. The signals exhibit similar shapes since the same
keypoint exists on botpoint cloud datasetsThe distinct SPDF maximas also establish
the same local regions around the keymoant boththe source and target poiclouds
Therefore these keypoint candidates would now also have an associated local

neighbourhood, thus ensuring their keypoint descriptors are alserscal@nt.
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Figure 3.4: Concept of obtaining scalavariant keypoints.

Both the input source and target point cloud coordinates are normalized bEiw#en

The step of normalized radius val(iesused for generating the neighbourhoods is set at

0.001 intervals, whefe k [ 0. 010, 0. 0,1.1 ,is stoppbcit 2 maxighum

outer radius bound. The value of has been empirically set as 10% of the maximum
extent m the point cloud surfaceThese are the default parameters set in all experiments,
however, theé range and its intervals can optionally be changed since they depend on
the point spacing resoluticof thepoint clouds datasete be ceregistered.

Until now, the initialset ofpoint cloudkeypointsarethosethat haea 6 di st i nct
maxi ma acr oss s c alseaxhperformed taidertifymes xd d isd teipn c t
maxi ma across the | ocsuifacencervamrmbtioeucandidated 6 , i

keypoint 0 0 is comparedwith the surface curvaturef the points inside its local
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neighbourhood. Thus, @oint cloudkeypoint,0 0 is retaned if this localmaxima criteria

is met (Equatior.5).

2A0AEBETNEAD | "QO®IQL GO B Q "YoiI "QO®IQU OO0 61 Qod

3.2.2 Keypoint refinement by adaptive nonmaxima

suppression

Thus far, the keypoints have been determined using a dominant local maxima approach
i.e., comparing the surface curvature strength of a candidate keypoint with respect to the
surface curvature strength of local neighbourhood points. However, these initial
detections can suffer from poor spatial localization, i.e., there may be multiple keypoint
detections which are close to each other. These unwanted additional points increase the
computational time for the featureatching phase and may also cause matching
ambiguity due to the closeness of multiple keypoints. To remove spurious keypoints and
retain the most distinctive and strongest ones onpthet cloud surfaceglobal non
maxima suppression is applied.

The¢ -th strongest keypoints can simply beosbn based on those with the greatest
surface curvature strength. However, this does not guarantee uniform distribution of
keypoints across thpoint cloud surfacesince the strongest features may be clustered
together in certain regions. Therefore, a keypoint suppression apphaactbeen
implemented. The approachssnilar to the adaptive nemaximal suppression (ANMS)

technique originally proposed by Brown et @005). ANMS compromises between the
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elimination of relatively weak keypoints and at the same time ensuring a regular

distribution of distinct keypointacrossthe point cloud surfaceln contrast to the 2D

corner strength function for image keypointsized by (Brown et al., 2005), the surface

curvatureisusedasthé st r engt h i ndi cat opointclowsurfacemt er est
The suppression process begins by letting

V0 ¢&06d pithsi O AIABD E'OBAT ¢ 'QBedthe initial set of detected

keypoints. For eachfQQ ®&X» 0 0 , a search is performed to find its closest

neighbouring keypointy 0, which is of greater curvature strength. The distances

between Q@1 £ @¥ 0 0 and their respectivé 0 are stored and sorted from the

largestto smalleske y poi nt s found to have a | arge di s

neighbour are then retainedA large distance represents a discré@ r"@&No

0 0 that isnot suppressed since iis0 is spatially far away. This criterion encourages

a final set of keypoints, which are weliistributed on theoint cloud surfaceTherefore

the accepted keypoints are those with the largesdistances. The remaining keypoints

are eliminated frond 0 hx E A O As the maximum number of final keypoints which

the user wishes to keep after suppression.!' Thearameter is dataset specific, depending

on the size and coveragepint cloud déasetaused. For th@oint clouddatasets used in

this dissertationthe parameter is set asp 1t f the total number of initially detected

keypoints. Figur&.5 illustrates sample results of keypoint extraction on a glacial icefield

(nonurban)pointcloud datasebefore and after ANMS is applied.
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Figure 3.5: Example of keypoint extraction gwoint cloud surfaces) Before ANMS b)

After ANMS.
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3.3 3D Surface Descriptors for Keypoints

In the previous section, a neighbourhood around 8BRdkeypointwas definedbased on

a scalespace approach. For every source keypoint, its best keypoint match on the target
point cloud surface must be obtainétence, neighbourhood attribui® usedo define
descriptors for the source and target keypoints. A corresponding source and target
keypoint would have closely matching descriptolrs. this section, adescriptoris
developedthat captures the local surface properties of the neighbourhood ateeind

keypoint to ensure uniqueness during the ptfgoint matching phase.

3.3.1 Rigid invariance for local 3D descriptors

The descriptors are computed using the local soabkriant neighbourhoods established

in Section 3.21. This means that the descriptors themselves are inherently scale
invariant. However, descriptor invariance with respect to3Deigid parameters (i.e.,

3D rotation and3D translation) isalso required. To achieve thige local orthogonal
coordinate fame_ (defined in Sectior.2) of each) Vis utilized The eigenvector with

the maximum eigenvalue is thieaxis of = and the eigenvector with the minimum
eigenvalue is thé-axis (in the direction of the local surface normal). Thexis is the
remaining eigenvector. However, the directions of the eigenvectors are not always
repeatable if the surface point clouds undergo a rotation (Tombari et al, 2010).

To overcome this ambiguous effect and ensure consistency in axes directions, the

directions between 0 ‘Q i Oh and U Qi '@-0 wQiare compared where
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)0 QaiOh are all the vectors formed from the Oto its neighbaring points

belonging t0 and i) U 'Q &1 "@-6 o "A$ the vector for one of the 3 major axes. This

is done by utilizing the sign of the dot product betweerQ @ioh  and

0 Qi "®-0 » QiFor instance, if the dot product betweei® ®i ®-0 »"Qénd a
vector,0 QmOR is negative, then they have opposite directions. Likewise, if their dot
product is positive, then they share similar directions. The idea behind the choice of axes
directions is that each eigenvector forming the local coordinate frame should be in the
samemain direction as the majority of keypoita-neighbourhood point vectors. Hence,
the number of positive and negative signs as a result of the dot product between
0 Qaidh and each of the three Qi @-0 » Qdre countedIf the amountof
positive signs is greater than the amount that are negative, then an eigenvector direction
remains as is, otherwise, the eigenveddtipped by changing its sign (i.e., positive to
negative or vice versaJhis procedurés appliedfor both thewaxis anda-axis of . The
unambigious, repeatabtéaxis is therefore the cross product of theaxis andg-axis,
whose directions have already been verified.

After forming the rotation and translatidmvariant, repeatable ,” is transformed
from its original, global coordinate frame to the loca{Equation3.6). This is to ensure
the subsequent descriptors are also rotation and transiatranant. First, the
coordinates of are translatedelative to the) G Then is rotated with regpect toyY ,
which is the 3x3 rotation matrix comprising the repeatable, direggoified

eigenvectors forming .
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Y (VIV} o
where,” is the scalénvariant and rigidnvariant local point neighbourhood used to

computeb s descriptor.

3.3.2 Local 3D surface description

The 3D surfacekeypoint descriptor must capture the local topographic morphology of the
surrounding surface structur@he descriptor is developed hytilizing point cloud
surface information. Specificallythe descriptoris referred toas the radial geodesic
distanceslope histogram (RGSH). RGSH encodes the joint distribution of: i) the
geodesic distance (i.e., shortest path travelled between two points algngrtheloud
surfacé from the keypoint to all othgyoints in the local neighbourhood, and ii) the slope
araund each point belonging to .

Delaunay triangulation (Li et al.,, 20033 appliedon the point cloud surfaceo
generate a mesh representation. Local keypoint descriptor regions now consist of points,
edges (pointo-point connections) and triangular faces (formed from three closed edges).
For a giverh Owith local region , the RGSHlescriptor is constructeas follows:

1. Geodesic distanceare computedcbetweenV Dand every point~ N~ using

Ki mmel and Sethianbés Fast Mar ching al gor
results in a set of geodesic paths resembling a radial pattern emanating from

0 O(Figure3.6).
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Keypoint
Local surface mesh \

neighbourhood with \ Geodesic path
points \\ #

Figure 3.6: Local keypoint neighbourhood on the surface mesh. Geodesic paths running

in radial pattern from keypoint (neighbourhdodal poin) to all its neighbouring points

(in black) are shown.

Qrr1
Qs

Figure 3.7: lllustration of tring mesh neighbourhood around a p@inbn the surface

mesh and the geometry for obtaining its slope
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2. For every~ , the slope around each of theirihg mesh neighbourhoods are
estimated. The-ting neighbourhood consists of the shefaces formed from the
surrounding point clouds hwhich share an edge with and also share edges

between themselves (Figuge?). "Ya € ) ‘Qis the magnitude of the-ring area

gradient (Equatio.7).
Ya € naQ no oX
where,
- 0. isthe %ring area,
- no . isthegradientod . relative to~ ,

-~ 7 is the magnitude.

0 . is the sum of each triangular mesh face anen. is computed using the

cotangents of the angles in the two triangles opposite the edge formeddnd its
neighbour, (where Q= 1, 2, 3, Jéring néighbtmdrhood pointeelonging © ~ )

(Equation3.8; Pinkall and Polthier, 1993; Desbrun et al., 1999).

no

N O
>
1
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>
O
c
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After obtaining a radial geodesic distance and slope measure foreyéagth pairs of
values are normalized relative to their maximum values within the local neighbourhoods
of each keypoint. Then both sets of valaes projectednto a 2D histograns . = is
divided into a space of uniford & bins (where bin intervals aréy pltf8 ).
Figure 3.8 is an example of the RGSH descriptor with 6 x 6 bthe Gize of0 is
determined experimentall y uprdvideg in@hapéet5i ni ngé

Section5.1.1).

Radial Geodesic Distance

= N W b~ OO D

N
n
(o)}
o - N w

Slope
Figure 3.8: lllustration of the 2D radial geodesic distarstepe histogram (the gray scale

shows binning frequency).

The Chisquare distance. (Berretti et al., 2013) is used to measure the similarity cost
"Y'Qa 6 bdtween a source histogram descriptorwith a target histograndescriptor
= (Equation3.9). Lower costs indicate higher similarity between a source and target

keypoint.
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3.3.3 3D Keypoint matching using RGSH descriptor

The objective here is to establistoptimal oneto-ong source to target

0 Ocorrespondences with a minimum total matching cost. This is a combinatorial
optimization problem, i.e., where bijective correspondences are sought at the lowest
possible costThe bipartite graph matching approashappliedto address this problem.

This method for finding pointo-point feature correspondences has been utilized in other
related point matching works such as by Belongie et al. (2002). Alternative approaches
for matching keypoints with descriptéors i n
(Szeliski, 201). However, unlike bipartite graph matching, nearesghbour based
descriptor matching methods are dependent on-defered matching acceptance
thresholds. To solve for the correspondences via bipartite graph mat€tstly, a

a & cost matrixY'Qa 6 ¢id farmedusingEquation3.10 for every permutation, i.e.,

everysource and targét Ocombination pair

G4'QE YQ&abEQ O o TO

Let 6 be the sourc® (s andd the target) (s, where'Q pf8 & and’Q pf8 &,

(& is the total number of sourde (s and¢ is the total number of targét 8). In cases
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whered &,06 s | éordkddu n)mgdés are used to ensure a sqUEi@a O & Each
entry into the’Y'Qda ¢ € matrix is essentially a weight associated with a bipartite graph
edge 6 v (Figure 3.9). To solve the bipartite graph matching optimization by
minimizing the total cost of EquatioB.10, the Hungarian algorithmBourgeois and
Lassalle, 19715 used (Appendix A)During the optimization, if a sourde Dhas a large
cost with respect to theargetd Q i.e., it has no existing point correspondence; it is

assigned to a dummy node and recorded as -anabch.

. KP
KPsource SimCosty, TARGET

u
™= SimCost,,,

Figure 3.9: Example of bipartite graph for keypoint point matching (Thick lines are the

bipartite edges which show the final etteone source to target correspondences).

3.3.4 Removal of3D keypoint correspondence outliers

The output of the Hungarian algorithmtiee point correspondences giving the least total
cost To coregister the sourcpoint cloudsto the targetpoint clouds transformation

parameters have to be computed via-l2 8onformal transformation. However, before
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the final transformation is computedalse source to targai Ocorrespondenceare
filtered (i.e., outliers). An approach similar to RANSAC (Fischler and Bolles, 1981) is
employed for this purpose. Howeves, slight modification is made to thiypical
RANSAC framework at the threshelthsd inlierchecking phaseéy instead employing

a thresholdree approach.

The classical RANSAC approach begins by randomly selecting the minimum number
of point matches required to compute the transformation parameters. This is the
Ohypothesis generationd phase. Afterwards,
via ad h yhpeosti s v er i Ihihe frdt stager @ hypothesis verification, all the
source points are projected into the target space using the estimated parameters. In the
second stage, correct/inlying matche® counted by checking the Euclidean distance
between target points and the projected source points. Inliers are accepted if the
Euclidean distance is less than a tiefined distance threshold.

Source and targgtoint cloudsmay be in different coordinate systems, andhis
researchno piior information about their respectie@ordinate systems assumed to be
known Therefore, it becomes difficult to manually set an appropriate user threshold for
inlier-checking. Additionally, thresholds used for inlier counting is subjective and an
6aecpxt abl ed threshold may vary from one user

Instead, this problens eliminatedby employing a thresholfiee, inlier consistency
check. The concept behiride proposednlier-checking is based on the verification of
initial descriptorbasedpoint matches using the spatial nearest neighbetween source

and target points. For example, consider a correct desebipsad matchY¢ 6 1 @'Q0 o
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Algorithm 3.1. REMOVAL OF OUTLYING KEYPOINT CORRESPONDENCES

1.

Randomly select a triplet of poicbrrespondences from the initial correspondence
acquired via descriptor matching.

Using the randomly sampled triplet segngute the 3D conformatkansformation
parameters i a Hor nés cl osed form solution

Project all source points the target dataset using the estimated parameters.

For all initial source to target point correspondences acquired from the des
matching phase, determine how many of these source points (when projectec
target) are also the spatial neamsighbours to their corresponding target points. 1
is recorded as the total inlier count.

Repeat steps 1 through 4 for a maximum of L iterations (L isrdéted using the
approach from Fischler and Bolles (1984t each iteration, check the totalier count.
Update the set of inliers if it is greater than those found at previous iterations.

After exiting the loop (steps 1 to 5),-estimate(i.e., refine)the 3D conformal
parameters by aonlinearleast squares adjustmghtthmann et al., 2006)sng all the
verified inliers.

and"Y®O1 "QQoMhen Y¢ 6 1 qifprajected to the targebint cloud datasethen the

transformedYé 61 w&md ¥ "QQshdutd also be nearest neighbours on the target

point cloud domain. Specifically, the transform&d¢ 6 i o ‘€houwdd have minimal

spatial distance withY®1 "QQ whed compared to the other target points. Therefore,

this consistency checkyhich utilizes both descriptor and spatial domains, will accept

inlying matches if estimated parameters generated via the random sabgdedy

hypothesis generation are correct. The overall procedure is presented in Algafithm

After step 6 in Algoritim 3.1 is completedthe source and target poirtoudsare co-

registeredaligned) using the estimated parameters
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3.4 Summary

A 3D approach for aligning 3D point clouds has bg@eoposed First, a method for
automatically extracting scalavariant keypoints wadeveloped The keypoint detector

used surface curvature as a measure to identify points of sharp topographic variation.
Surface attributes such as the local slope around poidtgentesics distances between
points were used to form a histogrdnrased keypoint descriptor. The descriptors provided

a unique identifier for the keypoints. The similarities of the descriptors were assessed and
matched using the Hungarian algorithm (bip@argraph matching). Outliers were filtered
using a thresholffee RANSAC. Inthe next chapter, an independent, alternatise
registrationapproach based on the 2D height map representation of the 3D point clouds is

presented.
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4. A Height Map-basedApproach for
Point Cloud Alignment

A 2D height map keypoint matching framewaskproposedo address the alignment of

3D point clouds from multiple data acquisition platformbe approachuses height map
image pais as input (i.e., a source and target height map). These height maps are
generated directly from 3D point cloud data. This is done by projecting the 3D point
cloud dataset along its theaxis direction onto thex,y-plane, followed by inverse
distance weighting interpolation (Childs, 2004).

Similar to the 3Bbased ceegistration method presented in Chapter 3, the following
2D approach does not require any approximate matching between the source and target
and t assumes that the point cloud datasets to be aligned are in different coordinate
systemsFirst, distinct2D keypoints on the source and target height napsextracted
using a multiscale wavelet approachfterwards, sale, rotation and translation enrant
height mapbased 2Ddescriptorsare generated and utilizédr keypoint matchingThe
proposed2D descriptor is inspired by the dense scale invariant descriptor (DSID)
originally developed by Kokkinos et al. (2012). It is based on two modificatmtise

DSID, which include the use of Gabor filter derivatives and the Rapid Transform.
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4.1 Height Map-basedPoint Cloud Alignment
Methodology

The height mapbased 2Dkeypoint correspondence pipeline has three main phases as
illustrated in Figure 4.1: iMulti-scale2D keypoint extractionwhere a wavelet transform

is adopted to create a muditale representation of the height niiayage This supports

the extraction of distincD keypoints across thieeight mapgmagescalespace using an
energy function. Adaptive hemaxima suppression is then applied to retain strong and
well-distributed keypoints. Extraction is performed on both th&ee and target height
maps, ii)Generation of scale, rotation and translatiamvariant 2D keypoint descriptors,

where attributes / descriptors are assigned to the detected keypoints. The descriptor for
each keypoint is generated in two phases. It begitislog-polar sampling and mapping

of derivatives computed from local height map patches around the keypoint. Fhe log
polar strategy enables scale and rotation invariance. However, corresponding source and
target logpolar descriptors are prone to cydicifts depending on the magnitude of their
scale and rotation differences. To make the descriptor transiatianant, the Rapid
Transform (Reitboeck and Brody, 1969) is utilized, andH&ight map image keypoint
matching wherea btdirectional (i.e. source to target and vice versa) descriptor matching

is used to find corresponding keypoints. Outliers are then filtered using the modified,
thresholdfree RANSAC method proposed in Chapter 3. Finally, the matched keypoints
are used to compute a 3D comf@l transformation for source to target point cloud

alignment.



57

Input Data (different coordinate systems and scale)

Interpolation used for
point cloud height map generation

/ Multi-scale Keypoint Extraction \

\Source height map Target heightmap/

/Scale, Rotation & Translation Invariant Keypoint Descriptor\

K Log-polar sampling & mapping of Rapid Transform /
height map derivatives

Figure 4.1: Overview of the height map image point matching approach foegistering

3D multi-sensor point clouds.
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4.2 Multi -scale2D keypoint extraction

In the first step of the height map matching framework k2Bpointsare automatically
extracted.The proposedmulti-scale keypoint extraction approach is based on the Dual
Tree Complex Wavelet Transform (DTCWT) (Kingsbury, 1998he utilization of the
DTCWT for extracting keypoints was inspired by the methoBanqueuret al. (2006).
They used a DTCW-based keypoint energy function to determine the points of interest
on images. Their function required two useecified scale spagelated parametershe
proposedkeypoint extraction framewori this dissertationis similar toFauqueuret al.
(2006). Havever, an alternative paramefege keypoint energy functiors utilized in
combinationwith an adaptive normaxima suppression (Brown et al., (200) acquire
salient, weldistributed keypoints on the height map images.

There are several existing scalgace extrembased keypoint detection methods one
can utilize.In addition to 'Differencef-Gau s si an' and -spacenmdthdo,e r g 6 s
wavelets also provide an approach for scqlace representation. Wavelets are well
developed in the field of scakpace theory for multiscale feature detection (Mallat and
Zhong, 1992).

For addressing feature matching problems, keypoint descriptors typically achieve
scaleinvariance (i.e., the capability to perform matching betwdatasets which differ
by a scalefactor) through the use of a froeihd keypoint detector such as SIFT or the
HarrisLaplacian operator. However, the estimation of local scales from-éraht
keypoint detectors such as SIFT can be unstélek$ and Scimid, 2006; Kokkinos and

Yuille, 2008).
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For typical image matching problems where methods such as SIFT are usually
employed, the general assumption is that the source and target images are captured from
the same sensor (i.e., cameras)wever, this disertation usesource and target point
clouds collected from different viewpoints (e.g., airborne vs. terregif@ormsg, as
well as with different point sampling densities and distributions to form the height map
image pairs via interpolatioriTherefae, the resultant source and tardatight map
images are heterogeneous since they have diffesgtire varation and noise from each
other This is caused by rasterization during the interpolation process and particularly
significant along object boundaedges (e.g., building boundaries) in the urban datasets.
Hence, source and targetybeints detected on identical structures (e.g., building
corners) may havedissimilar contextual details within their respective local regioins
interest as defined hiye local scale estimation procedure frafnont-end detectosuch
as SIFT This will negatively impact the descriptoratching process as the source and
target keypoint descriptorsill be different.

Instead, scale, as well as rotatiomarianceis achieveddirectly during the descriptor
generation phase through the use ofpotar sampling and mapping around the detected
keypoints (Sectiod.3). The primaryobjective during the keypoint detection phase is to
detect the most salient points of intresing multiscale image analysidulti-scale or
multi-resolution image analyses are particularly useful when trying to identify the
strongest interest points of the most prominent structures across the imaggpacale
(e.g., image pyramids)t is used for simulating the scalspace representation of real

world objects as typically perceived by human vision. That ignagphysically move
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away from an object, the finer details ar
features emain visible Wavelet transformareutilized because¢hese transforms provide

a natural, multiscale representation of an image through a series of smoothing and down
sampling. This supports the extraction of distinct keypoints across thespeaie using

the proposecenergy function.

4.2.1 2D keypoint extraction using DTCWT

Wavelet transforms are popular in the areas of computer vision (Mallat, 1996; Tang
2011) and remote sensing (Ranchin and Wald, 18R8tinezand Gilabert, 2009). The
discrete wavelet transform (DWT) (Mallat, 1989) is the most commonly applied wavelet
transform.The DWT is not shifinvariant and haBmited directional selectivity. At each
scale level, the 2D DWT provides directional detail$hree major directions: horizontal,
vertical and diagonal (Ranchin and Wald, 1993). However, images naturally contain
features in various random orientations and may not be optimally represented via the 2D
DWT. For keypoint extraction, it is critical thlobs and multoriented edge structures
which form corners are well defined. Kingsbury (1998) introduced the DTCWT to
overcome some of the disadvantages of DWT. The DTCWT comprises of six cemplex
valued wavelet functions defined at six different origates and is approximately shift
invariant. The increased angular resolution with the real and imaginary components
captures more image content than the regular 2D DWT (Hill et al., 2005).

As its name implies, the DTCWT uses two wavelet filteesreone tree produces real

coefficients and the other gives imaginary coefficients. However, this is for the one
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dimensional case (e.g., 1D signalBhe two-dimensional cases required For 2D image
decomposition, the 2IDTCWT has a pair of trees for gamating real coefficients
(Yl HYi ‘QQand another pair for imaginary coefficient§Yi( HYi ‘QQ In
combination, the two pairs of trees form a single set of complex coefficients. The size of
the trees is defined by the number of gealecomposition (i.e., scale) levels specified by
the user. Across the various levels on each tree, a series gfdsgtand lovpass filters
are used. At each level, the input image is deampled and the wavelet coefficients
generated by the highassand lowpass filters of the four trees are used to form six
complexvalued sukband imagesSelesnick et al., 2005)Yi Q&nd”Yi Qjoduce six
reatvalued sukbands, whereadYi Q&nhd"Yi ‘Qenerate six imaginatyalued sub
bands. Tk real and imaginary stiand images are combined to give the final six
complexvalued sukbands. Each suband image, corresponds to one of the six
directions of the wavelets, i.e., x uthJt vhJp vhd vhd vy v JCoria et al., 2008).

The number of demmposition levels used for the DTCWT depends on the size of the
height maps. At extremely low decomposition levels, structural details are lost due to the
continuous dowssampling of the heighthap and hence provide no benefit for the
keypoint extraction mcess. As a resulbo more than three levels of decompositeme
exceededi.e., the first level of decomposition dovsamples the height map at 50%, the
second level dowssamples at 25% and the final, thirevél downsamples at 12.5%.

Figure 4.2llustrates the result of DTCWT when applied to a point cloud height map.
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[ 2D point cloud height map]

Level 1, §
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Figure 4.2: Scalespace representation of a height map produced by the dual tree
complex wavelet transform at three levels of decomposition. Each level shows the six

subband images.
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Following the generation of DTCWT coefficients, a keypoint energy inap IS
computed using the harmonic mean of the sixIsafd images at each decomposition
level (Equation 4.1). Since three decomposition levels were applied, three keypoint
energymaps are generated. The use of the harmonic mean as a measure ishiestabl

keypoints has also been applied by Brown et al. (2005).

where,
- "Yis the number of suband images (i.e.)¥:6 at each decomposition level) and

® pltiof8 8Y

Figure 4.3 shows the keypoint energy maps generated for the three decomposition
levels. From each energy magp,searchis performed to determinthe various local
maxima (i.e., keypoints) using the roraxima suppression (NMS) algorithm (Neubeck
and Van Gool, 2006)The use of NMS for directly establishing interest points from a
saliency measure has also been applied in previous works by Tuytelaars and Van Gool
(2004) and Tombari and Di Stefano (2014). The concept of NMS is that a query location
on the energy map iselected as a keypoint if its 0 is greater than those of its
neighboursA 3x3 neighbourhood similar tBauqueutet al. (2006) is usetb define the

set of neighbours around the query pixel. A small neighbourhood was used to ensure that
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-

Figure 4.3: Keypoint energy maps generated at each of the three decomposition levels.
(a) Level 1, (b) Level 2, (c) Level 3. Colour bar indicates keypoint energy value for a

point on the energy map. Higher values indicate stronger keypoint candidate locations

local variation is captured as the closer points have higher influence in detecting salient
interest points.
After keypoints from all three energy maps have been acquired by NMS, the next step

is to retain the strongest keypoints based on their emesgpnses and remove spurious
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keypoints which are in very close spatial proximity or overlap with other keypoints. This

is done using an adaptive nroraxima suppression (ANMS) algorithm (Brown et al.,

2005). This algorithm prevents an uneven distributbtdrkeypoints by keeping those

whose energy (Equation 4.is greater than those of its neighbouring keypoints. ANMS

compromises between the elimination of relatively weak keypoints and at the same time

ensuring a regular distribution of distinct keypoititeoughout the height maRescaling

to the original image scale is applied to ensure keypoint locations from thesdowated

energy maps are in the same pixel coordinate system as the original height map image

before ANMS is appliedIn contrast to the2D corner strength function utilized by

(Brown et al., 2005)the0 0 measurdEquation 4.1)s usedastheANMS &éstr engt

indicatordo for filtering interest points o
To begin the ANMS process, letd ¢ 0 a pliefsl O1 AIAIDI E'OEA ¢ Q¢ o i

be the set of detected keypoints combined from all thiree maps. For each

VOwn & Do , a search is performed to find its closest neighbouring keypoint,

0 0 which is of greater energy strength. The distances bet@@mo | ¢ Q& { and

their respectivé) 0 are stored and sorted from the largest to smallést.algorithm then

retains thosekeypoints which have a large distance from their redre O6strong:

neighbour. A large distance represents a distifZQuE "Q¢0O0 that is not

suppressed since its 0 is spatially far away. This criterion encourages a final set of

keypoints which are wellistributed on the height map. Teéore, the accepted

keypoints are those with tie largest distancés E A ©® & the maximum number of

final keypoints which the user wishes to keep after suppression. The remaining keypoints
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are eliminated from) 0 . The parametey is dataset specific and depends on the size
and coverage of point cloud height map image. For the height map datasets used in the
experiments (Chapter 5)) ¢ 1 bof the total number of detected keypoints
accumulated from all three DTCWT leveKhis valueis used because it was empirically
observed that it led to higher true positive keypoint matching raigste 4.4 illustrates

sample results of keypoint extraction on a height map before and after ANMS is applied.

4.3 Scale, rotation and translation nvariant 2D

keypoint descriptor

In this section, &cale, rotation and translation invariant 2D keypoint descriptor referred
to as the Gabor, LeBolarRapid Transform (GLHRT) descriptoris proposed The

descriptor is inspired by the approaches developed in Tola et al. (2010) and Kokkinos et

Figure 4.4: Keypoint extraction results. (a) Initial keypoints (before ANMS).

(b) Final keypoints (after ANMS).
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al. (2012). Tola et al. (2010) used Gaussian kdmaskd directional derivatives sampled
on a polafgrid to efficiently computethespal | ed dense ODAI SYO des
the DAISY descriptor is not scale and rotation invariant. Kokkinos et(24112)
addressed this by applying local {pglar grid sampling and mapping of the DAISKe,
Gaussiarbased directional derivatives around image points to achieve scatetation
invariance.The logpolar transform of an image and its scaled andedtsaersion is the
same (Zokai and Wolberg, 2005). However, the magnitude of the scale and rotation
differences between the image and its scaled, rotated version are represented as a cyclical
translational shift between their respective-pmar images.Kokkinos et al. (2012)
utilized the Fast Fourier Transform (FFIGQooley and Tukey, 1968p achieve shift
invariance.

A similar descriptor frameworks utilized, with some variationsThe proposed
descriptor algorithm consists of the following two gexhesteps: i) logpolar sampling
and mapping of Gabor filtdsased directional derivatives, and ii) transformation of the
preliminary, scale and rotation invariant ipglarbased descriptors formed in i) into a
cyclic-shift invariant descriptor using theD2Rapid Transform(RT) (Reitboeck and
Brody, 1969). The following sections provide details on the construction of proposed
GLP-RT keypoint descriptor, as well ake motivationfor using the Gabor filtebased

derivatives and the 2D RT.
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4.3.1 Log-polar sampling and mapping for2D scale and

rotation invariance

In the first step of the descriptor formation, a-fmgar grid is applied around the local
neighbourhood of &eypointto determinedescriptors characterizing the keypolr@sed
on local height changekog-polar grid systems represent the height image information
with a spacevariant resolution inspired by the visual system of mammals (Traver and
Bernadino, 2010)The logpolar grid is a series of concentric rings with exponentially
increasing size which are split into various sectors by a set of radial rays projecting from
the keypoint.

For any scale and rotation differences between regions around corregpkeyinints
on the source and target height map, theplolgr transforms utilizedto form source and
target height maplescriptors which manifeghese differences as a translational shift
between the two descriptors. The Joglar transform is welknown for its scale and
rotation invariant characteristi€Zokai and Wolberg, 2005}t has been used for various
image processing applications such as automatic, global image registration (Reddy and
Chatterji, 1996), face detection and tracking (Jurie, 198%d imagebased texture
classification (Pun and Lee, 2003). Similar to Gabor filters, the use of thgolag
transform is also biologically motivated. Its logarithmic speagant sampling schemeg
reminiscent of the retina as represented in thealisortex of humans (Schwartz, 1994).

The logpolar transformation is done relative to the center point of theddey grid,

i.e., the keypoint. The legolar grid around the keypoint is defined by four parameters:
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the minimum ring radiusninR and maximum ring radiusnaxR (both in pixels), the
number of bisecting rays on the grid, as well as, the number of specified concentric
rings (. 0 logarithmically equally spaced radii values (where,¢ plgor8 &) are

computedbetween logdecales 10" and 18R These logarithmicalbgcaled radii

serve as the radius values used to generate eachibfctr@centric rings on the lggolar

grid. Each concentric ring is partitioned iniouniformly spaced radial rays with angles
| —(where,Q phtiot8 &) . Sampled points on the lgmlar grid are the points of

intersection formed by thi radial rays and concentric rings.

For each ring on the log polar grid, smoothed Gdilter based derivatives are
generated at four orientations- (where,t pltloft) and recorded for each sampled
point. Orientations are computed in the horizontal (180°), vertical (90°), positive (45°)
and negative-85°) diagonal directions. The number of orientations can be increased but
based on experimental analysis there are no significant benefits of incoessegbtor
performance. However, the tradffs are disadvantageous, with an increasgescriptor
dimensionality and longer computation times. Therefore, four derivative orientations (the
procedure for derivative computation is provided in the next sectom)used The
locally oriented derivatives of each sampled point on theplalgr gid are then mapped
to the logpolar descriptor domairEquation4.2, Kokkinos and Yuille, 2008; Kokkinos
et al., 2012). The logolar sampling is done on the Gallmased derivatives of the height
map and not the height map itself since the derivativesiggahe intensitynvariant

structural information which is usdfdfor the descriptor formationThe logpolar
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coordinate systenm~gure4.5, right) comprises of two axes, with each being defined by
0 rays and0 concentric rings. Therefore, the lpglar descriptor domaii® is a 2D
0 0 array. TheminR maxR 0 and 0 parameters are empirically determined in

Chapter 5Section5.2.2.

0 0 h 071 AIIO @ hOT OBl ® 8]

where,

‘O is the 2D logpolar descriptor,

‘Ois a directional derivative image for one of the 4 specific orientations,

w ho is the keypoint on the height map,

~ o~ ~

T is the logarithmicallyscaled radiust( plghof & |

| is the sector angle for the lgpplar grid Q phlot8 g .

Figure 4.5: Example of logpolar sampling and mapping. Left: Exponentialpgar grid
samplingthatis applied to height map derivatives. Right: mapping of gridded points ii
uniformly-spaced logpolar domain, forming a legolar descriptor (right diagram). Red

circles are grids located on thd 8ng and green circles are located on tHed).
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4.3.1.1 Generation of Gabor filter-based derivatives

The motivation for using Gabor filtdrased derivativess due to their robustness to
illumination changes, image noise and natural image background variations (Kamarainen

et al, 2009. This is important as the height map image pairs to be matched are generated
from the different data collection platforms and contain significant texture variations

from one dataset to another. The use of the Gabor filter is also mathematically motivated
The Gabor function has greater flexibilit)
which can be modified to define the function shape, in comparison to the Gaussian
function (Jones and Palmer, 1987; Zambanini and Kampel, ZDi82D Gabor filter h
(Equation4.3), is a sinusoidal plane wave with a defined wavelength and orientation that

is modulated by a Gaussian kerngafnamoto et al., 1998laghighat et al., 2013).

O 8

where,
- 0 WOl o4 Ende wi QEwwé,i —
- _ is the wavelength of the sinusoidal plane wave and controlsdfaency of
the: (where,_ ¢, asin Konishi et al. (2003) ),
- —is theorientation of. ,
- "Gs the imaginary unit,

- , Iisthe scale and is a function of the varying radii for each circle on the
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concentric logpolar grid (where, —: (¢ phgiofB &0 ). Note: this is

similar to the, setting in Tola et al. (2010).

The Gabor filter is a complex valued filter (i.e., the filter has a real and imaginary
component). In this work, the priority is to capture the structural details from edge
features in various orientations on the heigp to generate highly discriminative
descriptors for the keypoints. Therefore, the imaginary part of the Gabor filter (Equation
4.4) is used since it has been shown to efficiently provide robust edges (Jiang et al.,

2009).

s~ 8 LA
oo, Q OE+— 18

Two dimensionalGaborfilter derivatives are computed via convolution of the height
map image with cfuh-R, in each of the fout directions. For each of these

¥ oriented directions, a form of mulicale smoothing is applied to the derivatives
generated at each ring (Tola et al., 2010). With the increasing radius value for each ring
on the logpolar grid, the scalg of the Gabofilter is also incrementally increased as the
concentric rings become larger, i.e., smoothing increases as the ring size increases. This
low-pass filteringof the height map image is done to prevent any aliasing effects when
computing the derivatives amad ensure the source and target descriptors are as similar as
possible. Aliasing is caused by the rasterization of object boundaries (e.g., building edges

in urban datasets) as a result of the 3D point cloud to height map interpolation process.
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Aliasing ako arises due to the exponential spaaeant pattern of logpolar sampling

(Tabernero et al., 1999; Palander and Brandt, 2008).

4.3.2 Descriptor invariance to 2D cyclic-shifts using the Rapid

Transform

The logpolar descriptors generated in SectibB.1 convert scale and rotation changes
between local regions of corresponding keypoints on the source and target height maps
into a representation which differs by a cyclical translation (or cyclical sHiftls
translation difference between source -pmjar descriptors and target lpglar
descriptors can occur along the horizontal or vertical axes of thgolag domain and

will lead to incorrect point correspondences. Therefore, the cyclicishaiidessedoy
applying the translatieimvariant 2D Rapid Transformation (RVgrsus the FFT as used

by Kokkinos et al. (2012)The RT was developed by Reitboeck and Brody (1969) for
pattern recognition applications. They showed that the RT was computatiomaiy
efficient and 16100 times faster thathe translationinvariantFFT. RT was also able to
outperform FFT for hangrinted letter recognition in the presence ndlinations and

small rotationsIn more recent work, Li et al., (2014) developed anlid§ed descriptor

for texture classification again citing speed advantages over the FFT as the motivation for
its usage.ln terms of computatial efficiency, the RT variables are real numbers,
whereas FFT variables are complex numbers, therefore RT retyicesas less storage

capacity than FFT
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In this section, the 2D RT algorithm is applied to the 2D descriptors which were
initially formed in the logpolar domain igure4.6). Even though the RT is inherently a
onedimensional algorithmit is extended tdwo dimensions by applying 1D RT twice.
Specifically, the 1D RTis first appliedon each row ofO thereby generati
transformedd 2D coefficient array. The 1D
row-transformed 2D array. Ehoutput of the 2D RT is the final form &ie proposed
GLP-RT descriptor, which has a dimensionality similar to Kokkinos et al. (2012), i.e.,

number of derivative gradient orientation® 0.

Rapid Transform

; . ] Final descriptors after
Corresponding keypoints Log-polar descriptors J

@ Scale & rotation @ Cyclical shift Similar shift-invariant
: variation ; representations

change

Figure 4.6: Concept of applying Rapid Transform to correct cyclical shift between |

polar descriptors on corresponding keypoints (i.e., red dots emdesit figure).
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The FFT computation process can be represented in the form of a signal flow (or
0 b ut ) "rucfurle wiiich is based on a divide and conquer approach (Herman, 2013).
The computation of RT is also determined using a butterfly structure. An exanple
presentedllustrate the oncept of the 1D RT algorithnfor an input 1D data vector
® OROHOM 8O of sizeb, RT computes the transform coefficien®® =
[ B A MB&h using the signal flow structure similar to the steps illustrated in
Figure4.7. 0 is assumed to be of the foin ¢ wheren is a positive integer.

This requirement thai must be a power af does not limit the generality of the RT
algorithm, as a zerpadding (Stoica and Moses, 2005) is applied to the next power of
for data which requires it. Similarly to FFT, the RT algorithm comprises toted O
transformation stage@vhere,0 & ¢ (Q(Herman, 2013)}hat are required to convert
the original data into the transformed coefficients. Figureis an example of the RT
with ‘®@ comprisingof 8 data points (i.ey = 8) and a total o 3 transformation stages.

At each stage, a pair of commutative functiGh@Equation4.5) is applied on each data
element. In the first stage (i.€., 1), these operators are applied to the initial values of
the input data elements whereas, in theseguent stages (i.8), 2 and0 3), the

operators are applied to the output data elements from the previous stage.

™
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Figure 4.7: Computation steps of the 1D rapid transform based on the signal floy

Obutterflyodoy)y=&tructure

w h

76



77

As shown inFigure4.7, after the first stage, the valuelpfis continuously halved and
its value is updated at each of the remaining stages. This is due to divide and conquer
approach used in the signal flow process which splits the output data sequence at each

stage into two individual sequencésirther detail®n the RT are given in Appendix B.

4.3.3 2D keypoint matchingusing GLP-RT descriptor

For typical nearest neighbebased matching, a source keypoint is compared to all the
target keypoints by computing the Euclidean distance between their descriptors. The
Euclidean distance serves as a measure of descriptor similarity. The correspageing ta
keypoint (i.e., the nearest neighbour) is chosen as the one giving the smallest Euclidean
distance relative to the source keypoint descriptor. However, to increase the robustness of
descriptor correspondence determinatibie,nearest neighbour matcig is also applied
in the opposite direction to assess theibectional similarities of source and target GLP
RT descriptors. That is, a target descripsocomparedvith all source descriptors to find
its nearest neighbour matchA. check is then perfoned to determine theame point
correspondencewhich areobtained in both directions. Another alternative approach is
the Odnearest nei ghbour distance mwastnbtod ( Sz
utilized since it is dependent on a ushafined mnatching acceptance threshold, which can
vary amongst different datasets.

To illustrate the approach, assuméYé 61 @@nd "Y®1 "QQdre true point
correspondences. In the first step of the matching process, a nearest neighbous search

applied to obtain the closest target descriptor matdftoi "QQofor'Yé 61 @ Q
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Similarly, nearest neighbour search is applied raga obtain the closest source
descriptor matchYé 6 1 @ 'dor "Y®O1 "QQAA final point to point correspondence is
established if théY®1 "QQoand Y1 "QQare the same points and¥é 61 ®'Q
and"Y£16'Q are the same point§igure 4.8). This process is applied for all source

and target keypoints to determine a set of point correspondence pairs. However, outliers
(i.e. false correspondences) are a possibility. Therefore, to prune these poitial
matches,the RANSAC-basedoutlier detectionmethod (Algorithm 3.1) developed in
Chapter 3, SectioB.3.4 was appliedRecall that the 2D height map coordinates also have

an associated elevation (i.2.coordinatecomponent)Thus theinputs for Algorithm 3.1

are 3D keypoint coordinates (i.eX, YandZ) of the source and target correspondences

sincetheobjective is to find the most optimal 3D conformal transformation parameters.

(a b
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Figure 4.8: Concept of bidirectional keypoint descriptor matching showing a successful

correspondence (dashed arrows) and an unsuccessful correspondence (solid arrows).
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4.4 Summary

A 2D height magbased keypoint matching approdds been proposed for the alignment
of 3D point clouds.First, a Dual Tree Complex Wavelet Transfoipased keypoint
extraction method wasnplementedo detect salient interest points on the height maps.
After, a 2D keypoint descriptor was developed torabierize the keypoints with a
unique identifier. The descriptavas based ofog polar sampling and mappingnd the

2D Rapid Tansformatiorto bescale, raation and translation invarianA bi-directional
matching strategy was then employed to assedsnaaich keypoints based on their
descriptor similarities. The threshelilke RANSAC was used to filter outlierk the
next chapterthe results and analysis of the two proposedeggstration methods are

presented.
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5. Results andAnalysis

This chapterpresents the resulesd analysis ofhe two proposed point cloud alignment
approachesxperimentsare performean multisensor, urban and namban dataset®
individually assess the accuracy of eaththe two proposed methedA comparative
study on the two approaches is also dase well as comparisons with statethe-art
algorithms The source and targetatasetsiseddiffer in terms of scale, 3D rotation and
3D translation. Various experimengse also performed on soureed target dataset
with different overlapping coverage, point densipatial point distribution and point
details {.e., missing datagapg. Specifically, thedatasets are fronthree different
locations: two different urban areas in Ontario, Canada are norurban arean
WesternCanadd he t wo urban ar eogl® abodd ieéepeedi ¥ o
whilstthenorur ban area Losi denti fied as A

Also included areexperiments which are usdd selectthe respectiveparameter
settingsfor the developed 3asedRGSH keypoint descriptor and height mapsed
GLP-RT keypoint descriptorSection 5.Jprovides details othe experimentand analysis
for the 3Dbased alignment metho8ection 52 presentshe experimentand analysis for
the height mapbased alignment method. Finally, Section &aluateghe twoproposed
methodsrelative to each otheras well aswith stateof-the-art 3D keypointbased ce

registrationmethods.
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5.1 Resultsfor Method 1: 3D-based Point Cloud

Alignment

In this sectionresults from thdirst proposed matching framewodevelopedn Chapter
3 are presented.e., the 3D-based point cloud eregistrationapproach In particular,
resultsare illustratedrom the keypoint extraction and descriptor generagibasedor
datasets that vary in terms of scale, rotation and translattmn.capability ofthe co-
registration frameworks assessed n d e r two different cases:
setting wherethe source and targgtoint cloud datasetare from the same sensor
acquisition system and time period and also have the same point danditverlap and

i i) us i nsptting,whére the sbuecd @nd targetint cloud datasedre collected at
different time periods and generated from different sensor acquisition systems with
different point density, partial overlap and deformation. The quality of the @dald
rotation anglesx , )land3 wanslation (Tx, Ty, Tzparameters are analyzed by means
of: i) results provided by least squares adjustmesidualstatisticsfrom estimation of

3D conformal transformation parameteasd ii) differences in results obtained the
proposecautomated method versus those framown reference parameters.

The presentedpproach is assessed using data framan and nonurban digital
surface models (DSMsY.he 3D(x, y, z)point clouds from the DSMare directly used
Figure5.1illustrates a pair of urban DSMs representing coverage Yoe University,
Toronto, Ontario, Canad&oc2). The DSM in Figureb.1(a) was generated using aerial

photos acquired in 2005, whilst Figugel(b) shows a DSM produced from airborne
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LIDAR data wollected in 2009. Figuré.2 shows natural (nearban) DSMs of the
Columbia Icefield, situated along the border of Alberta and British Columbia, Canada
(Loc3). The DSM in Figurés.2(a) was generated using aerial photos from 1950 and the
DSM in Figure5.2(b) was produced using WorldVie® satellite imagery acquired in
2010.In addition to ceregistration experimentglso presented atbe empirical results
used for selecting the number of bins for the RGSH descriptoe. planimetric and
vertical positiommg accuracy of the urban dataset was in the range of 0.2m to 0.5m. The
planimetric and vertical positioning accuracy of the-nopan dataset was in the range of

2.0m to 5.0m.

5.1.1 Empirical selection of RGSH descriptor bin size

The bin sizéd is a critical parameter fahe co-registration experiments as it defines the

RGSH descriptords discriminability (i.e.,
The number of bingvas experimentally determineds i ng a o6t uningé dat a
bi partite graph descriptor matching. The u
3D feature detectors and descriptors has also been applied in similar works, such as Salti

et al. (2012)Thet uni ng dataset compr i siensi nogf6 4si arebsi
each of the 4 DSMs in Figurésland5.2(t hese sites are | abel ed
Training area 26, 60Training area 306 and ¢
manually defined transformation parameteese appliedo geneate scaled, rotated and

translated versions of the originadint clouds In this way, each of the 4 training sites
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Figure 5.1: Urban DSMs used for ecegistration experiments evaluate the proposed

3D-based alignment metho¢h) Aerialphoto DSM(b) Aerial LIDAR DSM.
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Figure 5.2: Icefield (NonUrban) DSMs used for eegistration experiments evaluate

the proposed 3asedalignment method(a) Aerial photo DSM (b) WorldViev2 DSM.
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has source and targebint cloudsto be used for matching. The manual parameters
applied to generate the respective tapgant cloud datasetlr Figures5.1(a), 5.1(b),
5.2(a) and5.2(b) are shown in Tablg.1.

A low value ofB (i.e., coarse bin resolution) can lower the discriminative power of the
descriptor. This would lead to wrong point matching results, since the descriptors would
lose some of their uniqueness due todbarse bin cell partitioning. On the other hand, a
dense bin resolution with fine bin cell pa
sensitized the descriptor, thus making it

target descriptors.

Table 5.1: Manually-defined transformation parameters used for generating target point

clouds of the 4 training sites in the tuning dataset.

Transformation| Training | Training | Training | Training
Parameter area 1l area 2 area 3 area 4
i 0.3 0.4 0.5 0.6
¥ (A) 3 5 7 9
a (A) 2 4 6 8
s (A) 1 4 7 10
Tx (m) 10 15 20 25
Ty (m) 12 14 16 18
Tz (m) 14 18 22 26

To measure the performance of various bi
matching performancegcall vs. precisiongraphs (Ke and Sukthankar, 2004¢gre
utlilized. Therecall (Y 2metric (Equatiorb.l) provides an indication of the number of

true positive (TP) matches found after matching relative to the total number of actual
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correct matches (the total number ofreat matches are manually checked and known a
priori). Thel-precision(p 0) metric (Equatiorb.2) is the number of false positive (FP)
matches relative to the total number of recovered point matches (including both TP and
FP matches). Highecall and lov 1-precisionwill indicate optimal bin sizeA TP is
consideredo be two matching keypoints from the same corresponding positions on the
source and targgioint cloud surfaced.ikewise, a FP is recorded when two matching

keypoints come from different positions on the source and tpoget cloud surfaces

£ 0 4 QOTYD Q¢ 6 HHWO KD 8CHDE "Q &
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The RGSH descriptowas evaluatedat the following coarséo-dense bin sizes:
6 chrhphyip 1P €p T Figure5.3 shows therecall vs. Iprecisiongraphs.individual
recall vs. lprecisiongraphswas generatefor the urban and neuarban training sites
respectively. In Figur®.3(a), the best performance was achieved at ¢ for the urban
training sites. For the nemrban training, the best performance was attaine@ aty
(Figure5.3(b)). However, this was cle$y followed byd . This was reflected upon
observation of the matching results from two furhan training sites, where there was
minimal disparity between the number of correspondences at both of these bin

resolutions. Whebd ), there were 147 TP mdttes and 4 FP matches. Whilst when
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descriptor across a range of coarse to dense bin resolutions using the DSM tuning dataset.

(a) Plot for 2 urban training sites. (b) Plot for 2 agban training sites. (c) Plot for entire

&

indication of a suitable bin size across urban and-urban scenes, eecall vs. %

Figure 5.3: Recall vs. iprecisiongraphs for selecting optimal bin size of the RGSH

@, 145 TP matches and 6 FP matches were found. Therefore, to get an overall

tuning datasetX urban and 2 nearban training sites combined).
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precision plotwas also generated, when the TPs and FPs of the urban anubaon
training sites are combined (FiguB3(c)). The highestecall rate and the lowest-
precisionrate occurred ab  @. Therefore, a histogram bin resolution of 6x6 was used
for the RGSH dscriptor in the experiments as this produced the highest matching

success rate based on empirical observations.

5.1.2 Case 1 Same sensor datasets, different codinate

systems

Themethodisassessedsi ng a o6écontr ol | e datargetrpeirntcoadh ment .
datasetvas generated by applying manually defined 3D conformal parametesstoce
point cloud dataset. Hence, both the source and tdegatto be coegistered are from
the same ensor with the same point density and overlap. In this way, the keypoint
extraction, descriptor correspondence andegpstration resultavere analyzetetween a
source dataset and target dataséhout the influence of data noises and artificial
geometic deformations/distortionsvhich may arise when trying to match migénsor
and multitemporal datasets.

To demonstrate a sample result of the keypoint extraction and descriptor matching
processes, the area | abekbk®Ib)wasusedThiswhan si t e
site is thesource point cloud datasahd comprises of two buildinggith a coverage of

44,055M. The target point clouds wergenerated by applying the following scale,
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rotation and translation parameters to gmurce point cloud dataset T, 5
pul@ omh Tt v,Jx=3m, Ty=5m, Tz=7nTThese arethér ef er enced par a
Keypoints were extracted on tlewurce and target datasetbeir descriptors were
generated and initial point correspondences@lwith 6 d u m matoheswere found.
The dummy matches were those keypoints that have no existing point correspondence,
and which were automatically determined by the bipartite graph matching. Outlying
matches were then automatically identified using the approach outlined irtiAg&:1
(Chapter 3, Sectiof.3.4). Figureb.4illustrates the final set of keypoint matching results.
In Figure 5.4, keypoints with circles and identical numbers indicate inlying matches.
Keypoints with the same numbers and triangles are the detecligtisolteypoints with
the squares are the dummy matches.
In Table5.2, the source descriptots , target descriptors , and the similarity score
"YQda 6 ¢ £ o o are shownfor various keypoint correspondences on soerce and
target pointcloudsof Figure5.4. Rows (a) and (b) of TabE2 show the results for two
inlying matches, i.e., keypoints with IDs 16 and 43 on botlstluece and target datasets
Row (c) of Tables.2 is an outlier match (keypoint ID 9). On visual inspection of Fgur
5.4(a) and (b), keypoint ID 9 on theource and targetre noncorresponding, different
keypoint locations. From another visual check, the true match should be keypoint ID 4 on
the source dataset and keypoint ID 9 on the target dataset (i.e., rowl @l@b.2). The

smaller the value oY'Qd& 6 ¢ £ dr , the greater the similarity between a source and

target keypoint. From Tabl2, the incorrect match is due to the similarity score of row

(d) being larger than the score of row (c). Keypoints 4 and 9 on the source point cloud
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Figure 5.4: Keypoint matching under scaling, rotation and translation. Same number IDs
on boththe source and target datagatlicate keypoint correspondences (a) Original
point clouds (source datasef)) Scale, rotated and translafemint clouds (target
dataset)(Note: surface points for (a) and (b) are: i) illustrated in ptakarviews for

visualization purposes, and ii) shown in thadividual coordinate systems

dataset were located on similar structures, thereby resulting in similar descriptors and
maching ambiguity.

Table 5.3 illustrates the results of transformation parameters obtained using the
proposed approach versus the reference parameters. Additionally, the difference between
the reference and proposed parametéfs ( ), the precision of the proposed
parameters ,,( ) and the root mean square erf®MSE) of least squame
adjustmentesidualsin the X, Y and Z directionare also reported in Tabte3. These
least squares adjustment statistics are derived tieradmputation of the 3D conformal
transformation parameters using inlying keypoint matches. After the outlier removal
algorithm (Algorithm3.1, Chapter 3, SectioB.3.9 is applied, 4 false point matches were
removed and 42 valid onesereretained forthis urban scene.

A simil ar éapistrattom expetingedt dvas caried out for the -odwan,

Icefield sceneTh e ar ea | abel ed d&ndgiguieb.gly was gsedisthe f or C
source point cloud dataset Manual | y d edcalenretdtionéandetrbnslatienn c e 0
values were applied to generatdaaget point cloud datasétee Tables.4). The site

chosen on the Columbia Icefield is the Dome Glacier with coveragkagkm?. Co-
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Table 5.2: Descriptor matching for various keypoints on Fighré
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Table5.3:Cor egi stration result for 6Case

Transformation | o . .| Proposed | Y
Parameter Approach
i 0.7 0.6893 0.051 0.0107
¥ (A) 15 14.93 0.137 0.0700
i (A) 30 29.93 0.087 0.0700
s (A) 45 44.85 0.045 0.1500
Tx (m) 3 3.0 0.030 -0.0300
Ty (m) 5 5.010 0.074 -0.0100
Tz (m) 7 7.0 0.049 -0.0200
RMSE (M) - 0.013 - -
RMSE, (m) - 0.147 - -
RMSE; (m) - 0.052 - -

Table5.4:Cor egi stration r esul-Urbdn)datasét.Case 16

Transformation | o . .| Proposed | Y
Parameter Approach
i 0.85 0.8514 0.019 -0.0014
¥ (A) 6 5.923 0.093 0.0770
i (A) 12 12.15 0.055 -0.1500
s (A) 18 18.14 0.068 -0.1400
Tx (m) 9 9.011 0.009 -0.0110
Ty (m) 18 17.89 0.005 0.1100
Tz (m) 27 26.87 0.010 0.1300
RMSE (M) - 1.539 - -
RMSE (m) - 1.963 - -
RMSE, (m) - 1.746 - -
urban datasetsthe ¥ changes are equivalent to absolute mean alignment

difference 0f0.23(x0.05)m and2.81(+0.16)m respectively Theabsolute mean rotational

error AMRE) (i.e., average value of the absolute differences between the automatically
derived and reference angular parameters), as well as the absolute mean translation error
(AMTE) (i.e., average value dhe absolute differences between the automatically

derived and reference translation parameters) foin dataset is given in Table 5Ehe
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urban scene had minimum and maximum residuat®.87m and 1.05m. The namban

scene had minimum and maximum cegils of-4.77m and 4.15m.

Table55:Average Angul ar and Transl ation er

Error Measure Urban Coregistration Glacier Ceregistration
AMRE (°) 0.097 0.122
AMTE (m) 0.020 0.084

5.1.3 Case2: Different sensor datasets, different coordinate

systems

Compared tothe 6 Ca s e 1tdis sechaos tutdizesmulti-sensor datasets, which
introduce new challenges to the-agistration process. These include matching points
betweensource and targgboint cloudswhich i) have been generated from different
sensor data sources, ii) have partial overlap, as a result of less coverage in case of the
urban scene or as a result of deformation in the glacial regions of the icefieldyéi) ha
been generated using mt#mporal datasets, iv) have been -geferenced using
different ground control points during the DSM generation process (causing mis
registration errors and requiring a refined alignment), and v) have different point density.
To assessthe developed coegistration method on the mufiensor datasetghe
respective regions | abel e8lands.2weEeaesedThas i t e f
is, the aerial photo point cloudse matcheavith the aerial LIDAR point clouds fahe

urban scene. Likewise, the aerial photo point clardgsmatchedavith the WorldView?2
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point clouds for the Icefield scenEhe observations used in tieast squares adjustment
wereof equal weight&issuming similar accuracies

The urban sceneontains buildings, trees, shrubs and bare terrain. The aerial photo
urban test site has an area of 56,43 6whilst the urban aerial LIDAR data covers
152,460mM. The urban aerial photdatasethas a point spacing of 1m and the airborne
LIDAR has a point gacing of 0.78m. The nearban test site is the Saskatchewan Glacier
located on the Columbia Icefield. Both of tpeint cloud dataset® be ceregistered
have an equivalent point spacing of 1m. The Saskatchewan glacier has an area of
53.5%m? and compries of the glacial ice cap in addition to surrounding snowy
mountainous regions. Given the -g@ar time lapse between the aerial photo and
WorldView-2 data collection periods, deformation has occurred on the icefield. The
glacier cap has been subjected évese ice ablation over time where some parts of the
upper mountains are snow accumulation areas. This dataset highlights the importance of
co-registration for possible change detection applications.

The source and targebint cloudsof the urban and nearban multisensor datasets
were already prprocessed by the data providers and referemcéoe same coordinate
system. Therefore, to validatlke approach, significant transformation parameters were
applied for scale, rotation artdanslation. These serve 82 0r ef er ence® par e
Tables5.6 and5.7 show the reference parameters in comparison to those estimated via
the proposedutomated method.

The automated keypoint matching resulted for the urban dataset resultefdlse 9

point correspondences, which were filtered via the outlier removal algorithm, as well as
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Table5.6:Cor egi stration result for 6Case
Transformation Pr Y
?’asr;me?ero Reference Ap%?gsgﬁ " y
i 0.5 0.4986 4.0ell 0.0014
¥ (A) 13 13.76 0.003 -0.7600
i (A) 17 18.51 0.012 -1.5100
8 (A) 21 21.28 0.009 -0.2800
Tx (m) 200 200.01 0.013 -0.0100
Ty (m) 400 400.03 0.020 -0.0300
Tz (m) 600 600.00 0.007 0.0000
RMSE (m) - 0.515 - -
RMSE (m) - 0.820 - -
RMSE; (m) - 0.682 - -

Transformation | o ... Proposed | Y
Parameter Approach
i 0.6 0.5998 2.3e09 0.0002
¥ (A) 30 30.12 6.3e04 -0.1200
i (A) 45 45.09 0.031 -0.0900
s (A) 60 59.99 9.6e03 0.0100
Tx (m) 1100 1100.01 4.4e04 -0.0100
Ty (m) 1500 1500.02 3.7e04 -0.0200
Tz (m) 1900 1899.99 0.001 -0.0100
RMSE (m) - 0.902 - -
RMSE, (m) - 0.934 - -
RMSE; (m) - 0.232 - -

Table5.7:Cor egi str at Casad rlecsalfl iUhdnjdatashito n

72 inlying, correct point correspondences. The inlying matches were used to compute the
final transformation parameters. For the Saskatchewan glacier dataset, 11 false
correspondences were eliminated by the outlier removal algorithm andcart

correspondences were used to compute the automated pararReters. t h2d aCha @

and norurban datasets, th& changes are equivalent to an absolute mean

alignment differenceof 1.35x0.299m and 1.88(x0.91)m respectively Table 5.8
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illustrates theAMRE and AMTE errorsrelative to the reference parametéos each
6Case 206 dataset.

Reldive to the coverage of the study areh®re is a dense network of keypoifits.,
approximatelyl point per28x28n’ for the urban dataset adpoints per 1km? for the
nonturban dataset)rhereforethedegrees of freedomare large resulting in estimating the
transformation parameters withigh precision(Tables 5.6 and 5)7The minimum and
maximumof the correspondepgesidualdrom the least squares adjunent for the urban
scene were3.05mand2.11mrespectivelywith mean of0.78m andstandard deviation of
1.19m Thenonurban scendadminimum and maximumesidualsof -2.89mand3.47m
with mean of0.22m andstandard deviation of 1.34nThe alignment errorsfrom the
proposed 3D coegistration methodmet the proximity requirements of the data
characteristics Specifically, for the urban dataset with planimetric and vertical
positioning accuracies in the rangie0.2 to 0.5m, the 3D approach obtained errors in the
range of 0.5 to 0.8m. For the nanban data with a positioning accuracies in the range
2.0 to 5.0m, the 3D approach obtained errors in the range of 0.2 to 0.9m.

Figures5.5 and 5.6 show the ceaegistration resultproduced by the developed 3D
based alignment methddr the urban and glacier scenes respectively. Noticeably, Figure
5.6(c) (dashed lines) shows an area of significant ice loss on the glacier after automated
alignment.Figure 5.6(c) is visualized from a stdew for illustration of alignment of the
glacier.Source and target point clouds Figures 5.5 and 5.8re shown at 1:1 scaling in

their individual coordinate systems and as triangulated meshes for visualizatioegsurp
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It is important to note that refinemebésed algorithms such as the ICP can now be
applied to possibly improve the-tegistration results and overall accuracy statistics.

Figure 5.7 illustrates the alignment differences (i.e., displacénietiveenthe
source and target dat as etrlman scames resphctivelp Ca s e
Figure 5.7 (b), the maximum distances of approximately 1&84due to thechanges of
the glacier (red and green areas), while the majority of displacements for the rigid
portions were several meters (blue areésNen gi dd refi nement al go

al., 2008) can bappliedto morph (or warp) the deformed regidos full alignment

Table5.8:Aver age Angul ar and Translation er

Error Measure Urban Caregistration Glacier Coregistration
AMRE (°) 0.850 0.073
AMTE (m) 0.013 0.013




Figure 5.5: Alignment of urban test sceiigrban, Loc3. (a) 2005 Aerial photo poin

cloud surface, (b) 2009 Airborne LIDAR point cloud surface, (cr&pstratiornresult.

99
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Figure 5.6: Alignment of Saskatchewan Glacier test g§NienUrban, Loc3. (a) 1950
Aerial photopoint cloud surfacg(b) 2010 WorldView?2 point cloud surface(c) Co

registration result (dotted line shows region of significant ice loss on glacier
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5.2 Results forMethod 2: Height Map-based
Point Cloud Alignment

In this section,results from thesecondproposedmatching frameworkdeveloped in
Chapter 4are presented.e., the height mapbased point cloud epegistration.Various
experimental results are used to evaluate the proposedstaiki keypoint detector and

the GLP-RT descriptor for height map point reshtng and 3D point cloud exegistration.

In the first experiment, the performancetioé 2D keypoint correspondence framework is
comparedwith existing 2D keypoint detection and descriptor methods including SURF
(Bay et al., 2008) and SIFT (Lowe, 2004). The second experiment assesses the quality of
the automatically estimated 3D conformal transformation parameters for source to target
point cloud ceregistraion. This is done by comparing against known, reference
transformation parameters. However, prior to any experiments, the evaluation datasets
are introduce@nd empirical tunings performedo determine the optimadarametersgor

the GLRRT descriptor.

5.2.1 Experimental datasets

To demonstrate the capability tfis matching and ceegistration framework, various
urban(Locl and Loc2) and norurban(Loc3), multi-sensor 3D point cloudsere used
Point cloud pairs used for matching: i) have diffeqgoint distributions €.g, the source
point clouds can be uniformly distributed while the target point clouds havamfomm

distribution), ii) have different overlapping coverage, iii) have varying point densities
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between them, and iv) are in differesdordinate systems (i.e., source and target point
clouds to be matched differ by a 3D conformal transformation). Three different datasets
(i.e., Figures5.8, 5.9 and 5.10 are used for experimental analysior to keypoint
extraction, descriptor generation and matching, point clouds are converted to 2D height

map images using inverse distance weighting interpolation (Childs, 2004).

5.2.1.1 Dataset 1(Urban, Locl)

The first datasetHigure5.8) includesnon-uniform point clouds generated from: i) aerial
images collected by a UAV platform, ii) a mobile laser scanner, and iii) a terrestrial laser
scanner. The study area is located in Toronto, Ontario, Cghada). This test site
comprises of a single bdihg surrounded by vegetation, bare land, paved roadways and
parking lot. Vertical (nadi#ooking) images (6000 x 4000 resolution) were acquirech

a 19mm Sony NeX camera mounted on a G¥8000 UAV. Afterwards, 657,829 pomt
(Figure 5.8(a)) weregenerated by structure from motion using the Agisoft Photoscan
(Agisoft, 2016) photogrammetric software. Mobile laser scanning (MLS) point clouds
(75,105,924 points) were also acquired fr
(Figure 5.8(b)) and an OptecHLRIS long range terrestrial laser sweer collected
57,338,771 point¢Figure5.8(c)). The UAVtbased point clouds are generated in & non
georeferenced, local image coordinate system, whilst both the mobile laser and terrestrial

point clouds are georefereed.
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Figure 5.8: Dataset {Urban, Loc) usedto evaluate the proposed height rigsed

point cloud alignment metho@a) UAV-based point clouds (points visualized with RGB
texture). (b) Mobile laser scanning (MLS) poahbuds. (c) Terrestrial laser scanning

(TLS) point clouds.

5.2.1.2 Dataset2 (Urban, Loc2)

The second dataseFigure5.9) comprises of point clouds derived from i) aerial images
acquired from a UAV platform, ii) aerial photos collected from a manned aircraft and iii)
an airborne laser scanner. This test site is locatetbrk University, Toronto, Ontario,

CanadglLoc?2). This dataset is mainly populated with buildings, pedestsalkways



105

Figure 5.9: Dataset ZUrban, Lo@) usedto evaluate the proposed height riEgsed
point cloud alignment metho@a) UAV-based point clouds (points visualiaedh RGB
texture). (b) Airborne laser scanning (ALS) point clouds. (c) Photogrammetric point

clouds from nad#ooking aerial images.

and vegetation. The namiform point clouds (7,144,275 points) in Figig®&(a) were
generated using a combination oflighe and nadiooking video images (640 x 480
resolution) captured from a Photo3S camereboard an Aeryon Scout UAV. Agisoft
Photoscan was used to generate the point clouds. The 57,911 points irbEig)revere
generated from nadlooking, vertica) aerial digital images captured at 0.15m digital
resolution and provided by First Base Solutions. The 76,226 points in E@(cewere

obtained from an Optech airborne LIDAR system (ALS) flown from an altitude of
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2300m and 0.78m grid spacing. SimilarRataset 1, the UAV point clouds are in anon
georeferenced local image coordinate system, whereas the other two datasets are

georeferenced.

5.2.1.3 Dataset3 (Non-Urban, Loc3)

In comparison to the first two datasets, this third dataset isuriman. The study site is

the Columbia Icefield situated in Western Canfda3). The icefield comprisesnowy

(b)

©
Figure 5.10: Dataset 3NonUrban, Loc3, the Columbia Icefieldusedto evaluate the

proposed height mapased point cloud alignment meth@dote: elevatiorbased colour
ramps are used here for visualization purposes). (a) Photogrammetric point cloud s
model from aerial photos of the icefield. (b) WorldVi&wointcloud surface modelf the

icefield. (c) Point cloud surface model from ASTER.
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mountainous regions, glaciers and rivers. The dataset consists of three gridded digital
surface models of the icefield, which were photogrammetrically generated frorarymag
data collected by different platforms and at different epdeigsire5.10(a) has 5,636,140
pointsand was generated using aerial photographs collected in 1950. The Bagjaren
5.10(b) was generated from 2010 WorldVi&v(WV-2) satellite imageryand contains
6,225,640 poireg The data inFigure 5.10(c) was acquired from theAdvanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global Digital
Elevation Model (GDEM) and has 9,484,360 points. The 1950 aerial photo point clouds
were refeenced in a local coordinate system, whilst the-2/%nd ASTER point clouds

were georeferenced.

5.2.1.4 Tuning and testing datasets

The three presented datasets are split into two separate categories: a tuning dataset group
and a testing dataset groufhe tuning dataset are source and target height map pairs
used to empirically select the optimal parameters for the-BLRlescriptor based on
sensitivity analysis performed in the next section. The testing dareetndependent
source and target heigimap pairs not included in the tuning process and are instead used
for evaluating the accuracies of the height map point matching and 3D point cloud co
registration. The tuning and testing datasets comprise of source and target height map
images which dir by scale and a rotation around thexis. The scale ranges from O to

1, for example an applied scale of 0.5 represents downsangblthg original image by

onehalf in each of the two respectivmage dimensions. There is only edieectional
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rotation sincethe simulated data are 2D Ighit map images. These images are rotated
around an axis perpendicular to the image plane and pakssdugh the image center.

Beside the real datasets, additional tuning and training height map datesetalso
gereratedto increase the sample size for: i) descriptor parameter selection, and ii)
evaluating the developed keypoint matching approach in comparison tefstaéeart
methods. The datasets are created by applying a rotation and scale change to a source
height map to produce a simulated target height map. Tablshows the respective
source and target combinations which were used for the empirical tuning.5Thbbee
the datasets used in the testing experiment. In thte arenine tuning height @p pairs
(i . e., t hrrecathtalets andhsixtfronetiied i mu datagets)didd six testing
height map pair s r iadhtésets and threeefom tidesa mut hé e @0

datasets).

5.2.2 Empirical tuning: Selection of GLP-RT descriptor

parameters

Empirical tuning for setting the parameter values of feature descriptors has been applied
in related works such as Guo et al. (2013) and Huang et al. (Z0EIBLP-RT keypoint
descriptor has four parameters: i) the minimum radwsRfor the logpolar sampling

area, ii) the maximum radiusaxRfor the logpolar sampling area, iii) the number of
subdividing raysb for the logpolar grid, and iv) the number of concentric ririg$or

the logpolar grid. In this section, thienpactof the individual descriptor parameters on



109

the keypoint matching processimwestigated This is done by varying the values of each

parameteacross heuristically set rangasd evaluating the descriptor on the nine tuning
datasets from Tabl8.9. The obective is to select the parameter values which yield the
best matching performance based on tleeall vs. ZXprecision metric (Ke and

Sukthankar, 2004jefined inEquation5.1andEquation5.2.

Table 5.9: Simulated and real source and target datasets which are used for the empirical
tuning. (Note: The simulated dataset column includes the rotation and scale values used

to generate the respective simulated target height maps).

Simulated tuning dataset Real tuning datase
(Source, Target (Source, Target
Dataset 1 i) UAV, UAV (otation=10°, scale=0.8 UAV, TLS
i) TLS, TLSrotation=15°, scale=0.75
Dataset 2| i) UAV, UAV rotation=20°, scale=0.7 UAV, Aerial image

i) Aerial image, Aerial imagetation=25°, scale=0.65

Dataset 3| i) Aerial photo, Aerial photetation=30°, scale=0.6 Aerial photo, ASTER
ii) ASTER, ASTERrotation=35°, scale=0.55

Table 5.10: Simulated and real source and target datasets which are used for the testing
experiment. (Note: The simulated dataset column includes the rotation and scale values

used to generate the respective simulated target height maps).

Simulated testing dataset | Real testing datase

(Source, Target (Source, Target
Dataset 1 i) MLS, MLS rotation=20°, scale=0.7 UAV, MLS
Dataset 2 i) ALS, ALS rotation=30°, scale=0.6 UAV, ALS

Dataset 3 i) WV-2, WV-2 rotation=40°,scale=0.5 Aerial photo, WV -2
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A TP is recorded when two matching keypoints are from the same corresponding
positions on the source and target height maps. Similarly, a FP occurs when two
matching keypoints are from different positions on the source and target height maps.

The recall vs. Xprecisiongraphs are generated by alternately varying one parameter
while keeping the others fixed. For the source and target height maps in each of the nine
tuning datasets, keypoints are extracted ugiegoroposeanulti-scale detection method,
their GLRRT descriptors are computed and correspondences are foundduiadtional
matching. Their combinerecall and 1-precisionresults are illustrated iRigure5.11 for
each GLPRT parameter. Optimal parameter values are those withréagil and low1-

precisionrates.

5.2.2.1 The minimum radius

The minRparameter is the radius value of the smallest concentric circle on tipelkgy
sampling grid. TheminR should ideally have a value (in pixels) to ensure important
features at smaller scales are modelled by the descripb@r.minR was testedin

following range: 0.4% to 1.8% of the maximum dimension of the height map image (in
pixels). Testing is done at @& intervals for this range. The height, width and cross
directional dimension of the height map image are considered when choosing the
maximum dimension. On observiriggure 5.11(a), when theminR values increase
beyond 1. 4%, t he ddegradesisipce aritic@l strugumformationma n c e

existing at finer scales is not captured / sampled by th@dtay grid. Therefore, the
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recall vs. Iprecisionplots inFigure5.11(a) indicate that the descriptor performs best at a

value ofminR=1.4% of tle maximum height map dimension (in pixels).

5.2.2.2 The maximum radius

ThemaxRparameter (in pixels) defines the radius of the outermost circle on tpelag

grid. If its value is too small, the descriptor will have insufficient contextual information
to disambiguate keypoints which exist on similar structures, for instanceargymil
shaped building corners. On the other hand, when there are keypoints in the vicinity of
the height map boundaries, exceedingly langeRvalues will go beyond the height map
image limits. This will cause the descriptor to include sampled grid pintsgions
where no useful information exists, thus, distorting the descripter maxR parameter
wastested between thanges of 15% to 50% of the maximum dimension of the height
map image (in pixels). Testing was done at 5% intervals for this r&ngee 5.11(b)
illustrates that from values 15% to 35%, there is a gradual rise in descriptor performance.
As the value increases from 35% to 50% there is degradation in the accuracy. On
analysing the point matching results, this is due to the lamgeR values, which cause

the majority of the sampled points on the-fmgar grid to be outside the height map
image, thus educing descriptords Eguebtd)maRat i ve

was set to b85% of the maximum height map dimensiongixels).
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5.2.2.3 The number of rays and number of rings

Both the 0 and 0O parameters influence the descriptor dimensionality and

di scriminability (i.e., the descriptorbés a
the number of rays and rings are too small
lowered, thus ncreasing the likelihood of wrong keypoint correspondences.
Alternatively, if the number of rays and rings are too large, the descriptor can become
Oovseernsi ti zedo, i . e. the descriptors wild.l
establish trueaurce to target point matches. In addition to this, there are also increased
computations with higher values of and0 . Thevalues ofd and( were testedor the

range: 20 to 40, over intervals of 4. Observikigure 5.11(c) and Figure 5.11(d)
respedtely, the descriptor is most optimal when=32 and( =36. Table5.11provides a

summary of the GLHRT parameter values found by empirical tuning. These descriptor

parameters are used for the remaining experiments condudherldissertation

Table 5.11: Optimal GLRRT descriptor parameters after tuning.

Parameter Value
Minimum radiusminR 1.4% (of max. height map dimension)
Maximum radiugnaxR 35% (of max. height map dimension)
Number of ray® 32
Number of rings) 36
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Figure 5.11: Recallvs. 1-precisiongraphs for selecting optimal GERT descriptor
parameters using the tuning datasets. (a) The minimum mrath&right plot is a
magnification of the rectangle in the left plot). (b) The maximum radasR(right plot
is a magnification of the rectangle in the left plot). (c) The number ofirayd) The

number of ring® .

5.2.3 Testing experiment: Assessment of the 2D height map
approachwith other 2D keypoint detectors and

descriptors

In this sectionthe performance dahe proposednulti-scale keypoint detector and GLP
RT descriptorare comparedo other statef-the-art 2D keypoint detectors, as well as,
with stateof-the-art scaléand rotatioiinvariant 2D descriptors. This is done using the
six simulated and real test height map datasets in Tah@ Table5.12 depicts the
various combinations of detectors and desargowhich are evahted For the source
and target height maps in each of the six test datasets, keypoints are extracted, their
descriptors are computed and correspondences are founddieadional matching. The
recall vs. Iprecisioncriterion is usd for evaluation.The plots of Figire 5.12 are the
results showing the average recall ahgrecision value of all 6 datasets for each
combination The proposed multscale keypoint detection with the GIHPT descriptor
(i.e., Combination 8) outperformedetiother combinations. The only instance of inferior

GLP-RT performance was in combination with the SURF detector (i.e., Combination 5),
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where DSID (i.e., Combination 3) achieved higher matching rates. In terms of keypoint
detection methoddt was also obsrved thatthe proposedvaveletbased detector has
comparablematching accuraciesvith the SIFT and SURF detectarHowever, this
occurs when the SIFT and SURF detectors are usednibination with the proposed
GLP-RT or the DSID descriptors.

Figure 5.12 reveals a noticeable disggr The descriptors (i.e., th8IFT and SURF
descriptors as used for Combinations 1, 2, 6 andelfjng on local keypoint scales
estimated from the detectdnave lower matching accuracies in comparison to those not
relying on scales from detectors (i.e., the GRFP and DSID descriptors assed for
Combinations 3, 4, 5 and 8). On examining the keypamatching resultsjt was
observedhatthe local estimated scales from tinent-end detectors negatively affedt
the matching accuracy due two main factors.

First, the estimated scales provideiasufficient level of local neighbourled context
to ensure descriptatiscriminability. That is, at the defined scales, the local descriptor
neighbourhoods were toonall and did not capture enouggital image content. Second,
matching between source and tar@etpoints could not be established because their
correspondingocal neighbourhoods, as defined by their respective keypoates, were
not consistent. Thatsj source and target descriptoeighbourhoods did not contain
similar local regions. The lack dfimilar local scales around keypoints to establish
correspondencevas associated with differences in texture variation and rmEsgeen
the source and targeanulti-sensor height map imageparticularly around object

boundaries (e.g., building corner$jisual point matching results for the thresal test
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datasets (fronTable5.10 based ornthe proposed feature matching framework sihewn

in Figures5.13, 514 and 5.5.

Table 5.12: Combinations oD keypoint detectors arZD descriptors evaluated on the

height map testing datasets.

Detector Descriptor
Combination 1 | Proposed muliscale approac SIFT
Combination 2 | Proposed muliscale approac SURF
Combination 3 | Proposed muliscale approac DSID
Combinatiord SIFT Proposed GLIRT
Combination5 SURF Proposed GLIRT
Combination6 SIFT SIFT
Combination7 SURF SURF
Combination8 | Proposed muliscale approac| Proposed GLHRT

Comparison of keypoint detectors and descriptors Comparison of keypoint detectors and descriptors (magnified)
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Figure 5.12: Recallvs. 1-precisiongraphs of the six test datasets using different keypoint
detectors/descriptor combinations from Tabl&2 (right plot is a magnification of the

square in the left plot).
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(b)

Figure 5.13: Height map point matching results f@al test dataset 1 using proposed
multi-scale keypoint extraction and GIEPT descriptor (Left: UAV height map, Right:

MLS height map). (a) After bdirectional matching. (b) After modifieRANSAC.
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(b)

Figure 5.14: Height map point matching results f@al test dataset 2 using proposed
multi-scale keypoint extraction and GIEPT descriptor (Left: UAV height map, Right:

ALS height map). (a) After bdirectional matching. (b) After modifieBRANSAC.
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(b)

Figure 5.15: Height map point matching results f@al test dataset 3 using proposed

multi-scale keypoint extraction and GIET descriptor (Top: Aerial photo height map,
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Bottom: WorldView2 height map). (a) After kdirectionalmatching. (b) After modified

RANSAC.

5.2.4 Accuracy analysis of2D height mapbased point cloud

co-registration

3D pointcloud coregistration resultdbased on the height map keypoint matching
approach fothe threeaeal test datasets from TabbelOarepresented and discussddhe
accuracy of the scal@), 3 rotation angles(, Yi and 3atranslation (Tx, Ty, Tz)
parameters are assessed in two wWagsed on thei) results provided by least squares
adjustment statistics and ii) differences between the seven transformation parameters
obtained usinghe propose@utomated point matching method versus those from known

6r ef er en c eThe rpference paramesefos the real datasetgere computedby
manuallyselecting distingtwell distributed corresponding landmark points on both the
source and target point clou¢ correspondences were selectedréal test datasets 1

and 2, whilst 27 correspondences wsetected foreal test dataset 3Afterwards, a 3D
conformal transformation least squares adjustment is used to obtain the seven parameters.
A larger numberof corresponding points than thminimum three points required to
estimate the 3D transformatiowas usedto ensureredundancy of feature point
observations in the nelmear least squares optimization. This #im@ar minimization

was initialized usform D cdrdormaléselutidn i(Hom,al®87)c | o s e

From the least squares adjustmeiné, precision of the parametety and the root mean
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square erro(RMSE) of the least squares adjustment point observation resiiuidis X,
Y and Z directionsvere computedt is noted that: i) when computing the aegistration
parameters, the pointouds in the local coordinate systems are set asdahece point
cloud, whilst the georeferenced point clouds are set as the target point cloud and ii) large
georeferenced O6X06 and O0YO6 coordinate wvalu
numerical instabilities during the least squares adjustmdet.observations used in the
least squares adjustment were of equal weights assuming similar accuracies

The minimum and maximunresiduals forreal test dataset 1 wa$.62mand 1.07m
with mean of 0.04m and standard deviation of 0.58wr real test dataset 2, the
maximum and minimum residuals wei@96m and 1.58m respectivelyith mean of
0.12m and standardeviation of 1.10m For real test dataset 3, the maximum and
minimum residuals weret.12m and 3.80rnwith mean of 0.26m and standard deviation
of 1.35m Theaignment errordrom the proposed height map-cegistration methodhet
the proximity requirementsf the data characteristicSpecifically, for the two urban
datasets with planimetric and vertical positioning accuracies in the range of 0.2 to 0.5m,
the proposed height map approach obtained errors in the range of 0.3 to 0.6m. For the
nonturban data wh positioning accuracies in the range 2.0 to 5.0m, the height map
method obtained errors in the range of 0.4 to 1.0m.

Tables 513 5.14and5.15contain results of the reference parameters in comparison to
those estimated using the automated approBuh difference between both are reflected
by ¥ . For real test datasets 1, 2 and the ¥ changs are equivalent t@n

absolute mean alignment differenoé 0.17(x0.09)m, 0.48(x0.13)mand 1.21(+0.37in
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respectivelyOn observing th&MSE in the three directional componentse automated
method obtained errordf approximately 1nifrom the three tested datasdtguress.16,
5.17 and 5.18 show the visual coegistration results for each of the thnesal tested

datasets.

Table 5.13:Co-registration result foreal test dataset (Urban, Loc).

formation Pr Y
Parameter | Reference) . Apovonch | y
i 45.17 0.065 45.25 0.043 0.080
¥ (A)| 39.25 0.026 38.94 0.012 0.310
i (A)| -2.86 0.019 -3.01 0.036 0.150
@ (A)| -3461 0.032 -34.45 0.005 0.160
Tx (m) 750.29 0.027 750.40 0.040 0.110
Ty (m) 418.75 | 0.031 418.72 0.009 0.030
Tz (m) 126.11 | 0.014 125.98 0.006 0.130
RMSE (m) 0.267 - 0.190 - -
RMSE (m) 0.458 - 0.243 - -
RMSE; (m) 0.509 - 0414 - -

Table 5.14:Co-registration result foreal testdataset ZUrban, Lo@).

nsformation Pr Y,
" oarameter | Reference , Aoproscn | y
i 5.74 0.033 5.73 0.048 0.010
¥ (A) 2.76 0.037 2.92 0.022 0.160
G (A)| -15.89 0.027 -16.32 0.031 0.430
a (A) 4.46 0.035 4.15 0.029 0.310
Tx (m) 170.92 0.049 171.31 0.022 0.390
Ty (m) 796.35 0.047 795.89 0.018 0.460
Tz (m) 162.57 0.059 162.21 0.030 0.360
RMSE, (m) 0.526 - 0.619 - -
RMSE, (m) 1.003 - 0.744 - -
RMSE; (m) 0.281 - 0.460 - -




Table 5.15:Co-registration result foreal testdataset INonUrban, Loc3.

Transformation

Proposed

(9]

Parameter Reference| , Approach " 4
i 1165 0.00L 11.63 1.4e03 0.019
¥ (A) -9.10 0.014 -9.09 0.011 0.009
G (A) 7.70 0.006 7.72 0.009 0.020
a (A)| 1845 0.005 18.44 0.004 0.009
Tx (m) 83559 0.209 836.72 0.138 1.130
Ty (m) 118433 0.183 1183.29 0.151 1.039
Tz (m) 2530.6 0.281 2531.05 0.096 0.400
RMSE (m) 0.326 - 0.391 - -
RMSE (m) 0.607 - 0.753 - -
RMSE; (m) 0.728 - 1.011 - -

Figure 5.8 illustrates the visual alignment differences (i.e., displacement) for points
which were common on both the source and target real test datasets. For Fgaje 5.1
the maximum distances of approximately 40@mre due to the unaligned deformation

areas existent on the icefield.



124

[ UAV point clouds } MLS point clouds

v

‘ Coregistration result ‘

Figure 5.16: Co-registration of point clouds foeal test dataset(Urban, Loc).



