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Abstract

LiDAR and camera haveomplementary data characteristics. iflfe@mbined usage
allows for achieving better accuracy and enhanced inference about the environment than
through the isolated use of the data of one sensor Golyegistrationis the process of
spatial alignment afiatafrom different types of sensois enablesrossaidedsensorand
datacalibration andhe combined wye of the dataAutomatic o-registrdion of airborne
optical imagery and LIDAR datiiom largearea surveyfias not beeaddressedunless
the daasets come with metadata or some prior knowledge about the soeheamne been
pre-processed ancbnverted into data with similalensity andstructure

In this dissertation, rinnovativeco-registrationconceptthat usesmage tie points
projected into object spacand Lidar pointsjs proposedand researched. Since 3D tie
points are generated automatically wittentimetedevel precision within the
photogrammetric block adjustment, this approach has the potent@mbviding high
accuracy and full automatiohlowever it must address thédrge aregphotogrammetric
tie points provideextremelylow point densitycompared to laser point clouds, amhey
describe different aspects of the scanned suréaweetie pointscoincide withradiometric
corner locations on the visual surface whereas laser dordage anywhere osurface
objectsand on theyround

This research provides the following contributionBirstly, the use of 3D
photogrammetric tie points for e@gistrationof largeformat sensor data proposed and
analyzed Secondly new methodsfor coarse andfine registrationin space domaiare
presenteénd evaluatedrhirdly, five methods for caegistration in frequency domain are
researched.astly, the novel Quasi LeBolar Fourier Mellin Transform (QAFMT) method
is suggested as tool for automatic coarseegpstration of large area datasethe
learnings and potential use for other applmagarediscussed in the entlhe performance
of the QAFMT andits competingmethodss analyzedisingone simulated and two real
world datasetsWhile existing algorithms estimatel5 of 144 ceregistration parameter
pairscorrectly (31% success)Yhe QAFMT vyieletd a 7% improvement (50/144ccurate
pairs 38% succegs
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1.0 Introduction

1.1 Motivation

Accurateco-registration of optical images and LIDAR datamportant in many remote sensing
applications such as (ARuzouq, 2004Huanget al, 2021; Mishra and Zhang, 201Building
extraction, image classification, 3D City modelling, canopy modelling, and object reconstruction
in street side indoor mapping and UAV applications. Registration of imagery and surface scans
is also important in automotiwasionapplications.

Over the past decade, new sensors emerged in thepgtal markethat made data acquisition
more user friendly and cheaper tharerebefore. The market of higdnd airborne and streside
sensors has been augmented by a segment afdetMJAV-, backpack and cell phone devices.

At the same time, the market segment of fast response applications and change detegtion, e.g.
impact d flooding, hurricanes, and forest fires has become stronger than ever before (Armenakis
and Nirupama, 2014, Dilley, 2005). There is also a growing tendency to overlay and compare data
from different sources and epochs for map revision (Armenakis, 200®) amonitor and interpret

effects of climate change and natural disasters (Bszukalski, 204f7allp2004). These are just a

few examples as to why there is a strong need for methods that allow for fast, aodusily
automated coarse gegistraton, so that wtrained operators can quickly conduct overlap checks

and overlay and evaluate largmountsof data from different sources.

1.2 Problem Definition

Airborne imagery offers highlensity and visually clear information content whil2AR data
provides irregular, accuratel3 geometric surface information which hetpginterpreation and
classifcation offeatures on the ground. CombinibdpAR and caneradatais desirable since the
combined information allows fdbetterquality surface information than each data source can
provide by itself An example is the color coding bfDAR datawhich makes classification for
the human operator easier. Anotherampk is the high-density surface informen in



homogenous areas and lal@nsity surfacenformation elsewhereprovided byLiDAR whilst
detailed information igrovidedalong object boundariesverywhereby optical imagery The
prerequisite of usingoth data sources together is girecisealignmentin a common reference
frame.

The process of geometrically aligning two or more datdeats different sensoraith respect
to each other is referred &sco-registration. Often t h e -tegdr Mma tidic @ niesources s
regi str atataln2021){s Heedato gmphasize that datasets from differemtcesare
superi mposed whilst the term Aregistrationo i
is spatially aligned. In most ses, it is desirable to align the datasets with high preciSiois
process igeferred to as fineo-registration To work successfully, most fineo-registration
algorithms require an initial estimate of relative pose, referred to as -globaloarseco-
registration.

According toAl-Durgham(2014)andAl-Ruzouq (2004)the process afo-registration needs

to address four matters:

(1) Selection of the registration elements
(2) The matching strategy
(3) The transformation parameters for relating taference frames

(4) The similarity measure describing the coincidence of conjugate elements after registration

RE (1): Typical registration elements are points, lines, planes, higher order primitives, certain
objects of interest within the scermmint clusters,or a mixture of these. RE (2): In terrestrial
applications, typically a -parameter Helmertonformaltransformation (three rotations, three
translations, and one scale) or a rigid body transformation (three rotations and three translations)
are used to relate the coordinate sgst. When registeringlevationimagery and2.5D digital

surface models} pamameters (two translations, or@ation, and one scale) are a popular choice

for the transformation model. RE (3): The similarity measure is the mathematical constraint that
describes the coincidence of conjugate elements after registration. Typicaleseastihe spatial
discrepancy between tie elements, the differential volume between registered surfaces, the

magnitude of a correlation peak, or the mean of the square sum of the residuals of all tie elements.



RE (2): The matching strategy represents filaenework (AtDurgham, 2014) for the automatic
co-registration process.

The large volume of research activities in the fieldefegistration demonstrates how relevant
this topic is.The challenges of creating a matching strategy capable of ektaglcorrespondence
between datasets with a high reliability and without the input of an opeyatoalso without
inferring restrictions or preonditions for the datasetsan be summarized two categories:

1 The scenery is acquireddifferent times, from different viewpoints, aodwith different

sensor equipment. Thus, the data setsliffer in alignmentoverlapand/or scal&ut come
with different geometric and/or radiometric resolutiand/or with different levels of
residuals

1 Variancesn the data may also be caused by occlusion, moving objects, or partial coverage

I some scenery may be visible in one dataset yet not in the other because the view was
obstructedor because onsensor did not collect data over teeactsame agas and he

areas of interest may have changed due to urban development or deformations over time.

Challenges of point cloud
co-registration

~

[ Noise and outliers } [ Partial overlap [Densi'q,:r difference} [ Scale difference J

v

Figure 1.1: Challenges of ceregistration methods.Drawing after Huang et al (2021)

Lastly, overcoming thesémitations will increase the computation cost, howesanatching
algorithm must be efficient numerically (Kim and De Araujo, 208@anget al, 202).
Althoughmanymethodologietave been presented that deal with the problem of automated coarse
and fine registration fAaut omati ¢ and acc WLiDAR and camsegaidatd r at i
remains an open problem. No techniques have been found that can registeriropgeal and
LIDARdat a automatically with the required accur
(Mishra and Zhang, 201Zitova and Flusser, 2003Vodzinski and Skalski, 2021While the

class of ICP algorithms can be considered a good solution for automatiedisgation in many



applications, there are situatiohss for examplerossaided sensor calibratidnwhere ICP is
not the optimal toofAkca, 2007, Gruen and Akca, ZIb;, Makadiaet al.,, 2006) In case of coarse
registration, there is still nefficient method available that can automatically coatggp datasets
or deliver a quick overlap check for large amounts of airborne surveyataent algorithms
require either input from an operator, application of metadatagaparic assumptionsy they
involve computationallyintenseprocesses. Furthermore, most existing registratigarithms
consider datasets of similar point density ditlyanget al, 2021 Maiseliet al, 2017 Zhuet al,
2019) These circumstances call for more researatogegistration of airborne survey data with
the focus on full automation.

Addressing these challengdsistresearch will propose, systematically reseant develop a
fully automaticand numericallyefficient registration paradignThe topic of this research lunged
out from discussions with Dr. Peter Friess, chief of the LMS LIiDAR software team at Teledyne
Optech (Friess, 2006; Lindenttetlal, 2011; Lindenthaét al, 2015). While looking at a platf
3D tie points, Dr. Friess realized that they could potentially be used {fi@gesiration, and the
idea for the topic of this dissertation was born.

While it is common knowledge that photogrammetric software generates 2D tie points to stitch
a cdlection of images together to one coherent image block, the 2D tie points are also projected
from image space on the ground, as illustrated conceptudfigime 1.2, and the respective 3D
coordinates are calculateditomaticallyduring the block adjustment (Grafarend and Krumm,
2001). These 3D poinisoften many thousands of pointsare mostly supixel accurate and are
traditionally only used as temporary figure and have historically not been used for anything other

than blunder detection and generation of a coarse surface model.

/
INZA

Figure 1.2: Spatial forward intersection of 2D tie points into object space



If 3D photogrammetric tie points could be used for automaticegestration of camera and
LiDAR data, it would imply a drastic reduction in computational efforts that are typically
associated with existing aegistration methods. For example, existinghnds either convert the
camera data into a dengeint cloud, so that they can match twoint cloud with similar
characteristics, or they convert the LIDAR data into intensityelevation imagery, so that they
can conduct image matchingontrary 3D photogrammetric tie points are created automatically
per default.

For thesetwo pointdata setshoweverwe cannot define the correspondence of anchor points
for performingthe caregistration transformation. If we use each point cloud separateiylikely
we end up with twdaifferentsurface representations of the same topographic su@aeessurface
representation, the one derived from lidar based on the high density and quality approximates the
topographic surface very well. The other one ahe based on the photogrammetric tie points due
to their sparsity is a more generalised (down sampled) representation of the same topographic
surface Further the photogrammetric tie points give a digital surface representation while the lidar
points givea mix of surface and terrain (ground) surface representdtitor. example, we had
bold earth the problem would be simpler as both type of points would lie on the same surface (both

surfaces would have the same trend).

1.3 ThesisObjectives

The objective of this study is to analyze how photogrammetric tie points can be used for
automated coegistration of airborne imagery andDAR data from traditional largearea
mapping Theinitial phase of tfs researclproposes new matching strategiespace domain, first
for coarse registration of optical and lapemt cloud, and then for fine registratiamd respective
crossaided sensor calibratiarsingphotogrammetric tie poisndLiDAR extracted planess tie
primitives The second phase tiis thesis aalyzeswhatfrequencydomainrbasedalgorithms can
be usedor robustautomaticcoregistration While exploring these avenuehjd studyprovides a
detailed description of the mathematical componehthie proposeghotoLiDAR registration
methodologes, including generation and selection of the tie elements, transformation function,

similarity measure, and matching strateg



1.4 Research Contributions

The main contribution of thidissertations the proposalof a newco-registrationparadigm
where photogrammetric tie points are usesldregistration features with Lidar dagnd the
systematic researdiow theseelementscan beused besfor co-registration.Through analyzing
existing methodologies and thrdugeploying new algorithms, thigesearch generates a better
understanding of how the different characteristics of photogrammetric tie points and airborne
LiDAR datacome to play in the context of cegistration.

Summarized, this dissertation proggthe following major contributions: (A) Proposal and
systematic research of a nemd powerful concept for coegistration of airborn&iDAR and
camera datato the best knowledge of the author this is the first time ever someone has considered
extremely sparse tie points as tie features feregstration (B) Systematic research of space
domain based concepts typically not used for coarse registratipRrd¢@osal andtady of four
novel spacedomain based fine registratioand integrationalgorithns, (D) Isolation of
fundamental gteria which limit the use of tie points for fine registratiand crossaided sensor
calibration providing a new and deepanderstanding of tie points the context oforegistration
(E) Application ofthe Phase Only Matched FiltePOMPF andFourier Mellin TransformEMT)
to unclassifiedairbornepoint cloud, (F) Detailed description of th@nalytical Fourier Mellin
Transform AFMT) andits applicationfor co-registation ofairborneLiDAR andcamera data
and @) introduction of thenewQuasi LogPolar Analytical Fourier Mellin TransfornQAFMT)
as optimal method to coarsely-oegistedarge areairborne photogramatric tiepoint clouds and
LiDAR data.

1.5 Thesis Outline

This dissertatiorconsists okix chapters, which are briefly explained below:

Chapter Twaeviews previousvorksrelevant taco-registration obpticaland laser data, primarily

for the case dfraditionallargeformatairborne applications but also for a few seleclederange



terrestriad and UAV casesThe methodologiesregrouped primarily by the components of the

registration model.

ChapterThreedescribes the datasetow they compare againgatafrom the OEEPE test site
and what mathematical models were chosen to support eaaséne registration.

Chapter Four presentssevan spacedomainbasedmethoalogies that did not surfacduring
literature review butould be used focoarseco-registrationand overlap checht also proposed
novel methods for fine registration and cremded sensor calibration in space domain, using

photogrammetric tie points as tie elements.

Chapter Fivepresentsevenmethods of coarse registrationfrequency domairmand yields the
QAMFT as a novel method foloaegistrationof extremely sparse tipointswith large format

airborne laser datét also discusses why fine registraticemnot occur in frequency domain.
ChapterSixprovidesthe conclusions and recommendations for future work.

The following appendices include tables, graphs, and more informatipporing the claims

made in the main bodyppendixA reviews theexisting Al -relatedco-registration methodand

their relaion and contrasto the proposed registration primitive8ppendixB covers the use,
generation, and characteristics of photogrammetric tie points and airborne Lidar data, including
their respective advantages and disadvantagmgsendixC provides adetailed description of the

test dataAppendixD presents the results thfe fine registration using unclassified tie points and
unclassified laser points using ICRppendixE describes the design of experiments, reduction of
design space, and refinexdperiments with simulated da@&ppendiX- describes the interpretation

of FMT experiments with reakorld data;AppendixG describeghe precise alignment of point
clouds to establish the reference datagd AppendixH explains the change of data footpramd

entropy when estimating data shifts using POMF
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2.0 Literature Review

2.1 Introduction

This chapter reviews the literatuo@ the coregistration of laser and camera data. Fifs,
elements of a registration paradigm will be described. Then, differeeigesiration methods are
reviewed. Finally, an analysis of a few studies that sleolwsimilarity to the proposed €o

registraton approach wilbe provided at the end tis chapter.

2.2 Registration Paradigm and Categorization of Registration

Algorithms

The efficient registration of geospatial data has been an active field of research over the past
few decades and manyethodologies have been presented. These methods can be categorized
based on what tie elements they use, what optimization strategy theymem| the domain in
which they worki as for example computer vision and pattern recognitioedical image
analysisor remotely sensed data processing (Brown, 199 type of data which they register
i imagery and/or point clouds the geometricransformation function which they implement,
whether they consider statistical data or meta data or only geometric elements during the
registration process, or whether they align datasets coarsely or with high accuracy.

How to categorizeegistration approachealsodepends on the scientific domain, the type of
applications, and the academic surroundings in which the authors dwell. Prof. Ayman mthbib a
his teamfor exampleshowed a strong focus on thegistrationand segmentatioof static and
mobie LIDAR and camera data over the past dedq@deDurghamet al, 2011;Al-Durgham,

2014; AFRuzouq, 2004Bang, 2010Canaz, 2012Habibet al, 2006; Habiket al, 2007a; Habib
et al, 2010a; Habib, 201Xwak, 2013;Kwak and Habib 2014, Renaudiret al, 201). Their
work postulated the following fotgroblemoriented(co-)registration paradigrin o r stefii® as

referred to by Fonseca and Manjun@i®96 and Wyawahareet al (2009, or fichoices for



compnent® as referred to by Brow(1.992) mat 8 hi ng sRuzoaqt 20@yCanaZ, A |
2012; AkDurgham, 2014) which the process afo-registration must address:

(1) Selection oto-registrationprimitives After data acquisition and dapaeprocessing, it is
necessary to decide which types of primitives will be deethe alignmentThiscan be
identified manually or automatically with higlertainty With airborne data, common tie
features are salient points or distinctive geometritufea such as photogrammetric tie
points, lines, line intersection points, planar patches, homogenous regions, curved edges,
contours, object boundaries, ettichare manually or automatically detected from optical

images andLiDAR data.

(2) Feature matchig (Zitova and Flusser, 2008/ishra and Zhang2012, also referred as
matching strateg{Habibet al., 200§: Establishing the correspondence between conjugate
tie features, as for example detected in optical imagery andol@iseicloud (Al-Ruzouq,

2004). Various feature descriptors and similarity measures along with spatial relationships
are used for matchg the feature@Mishra and Zhang, 20)2

(3) A transformation functionOnce the correspondence between the matched features has
been established, the transformation parameters can be computed. The mathematical
transformation model must accurately refldat geometric relationship of reference and
moving data. Examples of frequently used mapping functions aregamrmeter Helmert
transformation (3 rotations, 3 translations, 1 scale) for overlay gfdm cloud and the
2D rigid body transformation (btation, 2 translations, 1 scafej registration ofirborne

imagery or elevation maps.

(4) A similarity measureAfter a decision is made on the type of registration primitives and
the transformation function, a mathematical constraint, which is necdesangure the
correspondence of the conjugate primitives-RAlzouq, 2004)must be selectedThe
formulation of the similarity merit depends on the type of registration elements and the

mathematical representation of the respective optimization functamag, 2012;

10



Renaudiret al, 201). In somecases, this componeruld beexpressed through a certain

expectancy level of the magnitudecorrelation peak

There are two more components thmty appeaiself-evidentbut are worthwhilalefining

1 Transforming and resamplin@:his component is mentioned as explicit step only by
Fonseca and Manjunatfi996 and Zitova and Flussef2003). Thee authors simply
assumd that source dataeretransformed onto the target data after the transformation
parameters lthbeen determinedror example to co-regiser LIDAR and camera data, the
imagery is projected onto tHeDAR elevation map by means of the mapping fungtion

and positionsn noninteger coordinates are computed by means of interpolation.

1 The ®arch spaceThis component was highlighted by (Brown, 1992): A decisiothe
spatial extent of the comparative data analysis must be made. The assumptions of the
underlying transformation model determine whether all dataconsidered (global
registration approach) or if the search for correspondence should occur omtyangbal

proximity (fine registration approach).

The nextchaptemwill discuss howhese sixcomponentfiave beemaddressed bthecurrentco-

registration techniques

2.3 Registration Primitives and Matching Strategies

The matchingstrategy comprises the overall scheme of the solution of the matching problem
(Al-Durgham, 2014)Ilt compisesthe selected primitives, transformation functions and similarity
measures for automatically solving the registration problemR{#doq, 2004; Sank, 1999).
Matching strategies for coarseo-registration do not require approximate values for the
trarsformation parameters and fubyitomated approaches can derive an estimate of initial pose

without any geometric preonditions.However, fne co-registration approaches require an initial

11



estimate of the transformation parameters to successfully superimpose datasets with high

precision

2.3.1 Existing Co-Registration Methods

As mentioned in the previous chapter, there are many attributes that can be used to classify

registration algorithmsrThe classification schemesn begrouped as followgAl-Durgham, M.,

2014 Fonseca and Manjutig 1996 and (Mishra and Zhang, 2012): (1) direct geterencing

(DG), (2)thetargetbased, (3}he pointbased, (4}he featurebased’ which can be categorized
further into methods that use (4a) lines, planes,jm@tedsectiorpoints, and methods that use (4b)
freeformprimitivesi , (5) the mutual information(MI) -based,(6) salient pointbased(7) the
frequencybased and the Artificial Intelligence (Al) -based methodsThe last categoryof co-
registeringoverlapping multisensor daté described irdetail in APPENDIXA; the following

sections summarize their limitations:

1) Direct Georeferencing DG is a weltestablished method to coarsely position the raw camera
and LIiDAR data, as it infers geodetic projection to the data. However, as outlined in the thesis
statement, coarse ¢egistration should be able to register datasets without knowledgethbout

map projection and units in which the data have been referenced. Furthermore, most UAV and
low- cost airborne mobile mapping systems operate with a lower grade navigation device. These

factors create the need for algorithms that can achieve coagtadeuracies without specific DG.

2) Target-based methodsThey rely on measuring targets in the survey site. Whilst ground targets
provide a means to achieve high registration accuracy, they may not always be available in every
data set. Since identifyjj and measuring ground targets typically requires a human operator,

targetbased approaches do not lend themselves for automaggisbration.
3) Point-based methodsThey have been proven to be accurate in many applications. However,

information abotthe initial position of the datasets must be available. Furthermore, for the fine

registratiorand optional crosaided sensor calibratida occur with high precision, pohtb-point
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and pointto-plane algorithms requingoint cloud with strong elevabin contrast and similar point

density, or some sort of classification and-precessing, which goes against the thesis statement.

4) Feature-based methodsin this dissertationco-registration algorithms that use lines, planes,

line intersectionpoint D s hapes, and free forms as tie pri
algorithms. The featurbased methods that use lines, planes, and line intersection points rely on

the existence of human made structures in the scehileey. also require ample pi in object

space and similar point densities. In the proposed airborne application, these conditions are not
met. The featurebased methods that involve that use 3D shapes, and free forms are suited to
function with both natural scenes and built aréasyever they require feature extraction and/or
classification with visual interpretation of an operator and do therefore not fall within the category

of fully automated, robust registration approaches.

5) Mutual Information-based methodsMI methodologies are ardzased and tend to perform

better with low resolution geodetic elevation data than feddased methods, since they consider

not only one type of geometric element during tteeregistration process, but statistica
information of all common surface data. Unfor:
and/or scale differences, Ml methods either fail or become extremely time expensive. Also, they

are ineffective for nowrban scenery since informatitimeorgéic methods require well
pronounced structures, and some sort of prior knowledge about the datasets and their relation and

cannot be applied to natural scenery.

6) Salient point-based methods:Salient point algorithms that use a combination of multiscale

image analysis can be helpful to improve overall registration accuracy, especially in suburban
areas and natural scenery. Here, salient point matching will fail since it cannot find the feature
footprints of human made structures implemented in its featapedata baséloweverii s al i en't
pointbased methodo not address the problem of relief displacemment &its complexity and

high computational requirements make it problematic forweald applicatones ( Mi shr a an
Zhang, 2012)
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7) Frequency analysisbased methods: Frequency methods promise to be the most effective
approachfor coarse registration since they consider all information of the data input at once.
Existing frequencynalysismethods provednableto produce accurate registration results. Thus,

in this dissertation co-registration algorithms will be applied to elevation maps only, and not to
intensity imagesAs will be shown in Chapteb.0, the FMT and AFMT and thereof derived
frequency algorithms will be used to correlate the elevation maps. To daperfoemance of

FMT and AFMT with lowresolution airborngoint cloud is still unknown sice the numerical
examples irexistingpublications used imagand laser data of same resolution.

8) Artificial Intelligence(Al) -basedmethods: APPENDIXA provides an overview of the most
recent Atbased methods for registration andregistration ofpoint clougd and shows how these
methods relate to the use of traditional airborne lased photogrammetric tie points as tie

features.

For the point cloud used inthe optimizationbased and dedparningbased registration
methodsit is typicalto have a lot ofnformation about thdepth, and to sample the same surface
elements than their counter patso, they differ in point density onlytapprox.1:100So,often,
the research community refers todbpoint cloud withthel ower poi nt demsi ty
clouds o . Gy, rni¢ poatr cloud from traditional large and mediurrformat airborne
applications result point densities appr6;00610,000 timesdwerthan their counterpart.

As deep learning is a technique to implement machine learning and machine learning is an
approach to achieve artificial intelligende,h e i $gna alogde uwsed in the Al community
allow for feature extraction and learning of lopalnt cloudcharacteristicd=romthe experiments
givenin Chapters, t he HfAext r epoid tloud tmrpgeted im thig framéwerk pick up
different surface characteristiaaddescribe the surface withsufficient detail to extract features
that would be compatible to dbe extracted from the respective Lidar dataresolution and
information contentConsequentlythe current Al methods cannot be used with the proposed
intake ofpoint cloud. Likewise,the application of Al methodso imagery, for examplethe
application of Convolutional Neural Networks (CNN) to condugimage or patch matching,

will not work with the elevation mapsrgeted in thislissertationeither.

14

c



An alternative way to categorizbe existing co-registrationmethodsis to group them into
information theoretidased methods anuiobability-based methodZbu et al, 2019).

2.3.2 Co-Registration Methods of Special Interest

Fromliterature reviewfive publications surfacedhichfollowedsimilar strateges as proposed
in this dissertationT his sectionpays special attention to thesee co-registration methodologies.

(1) As mentionedn Chapterl.0, the researchopic of this dissertation surfaced #01Q In
2013,photogrammetric tie poinend laser pointarere useds registration primitives a
closerange application (Zhengt al, 2013), in whichdata froma staticterrestriallaser
scannerand a cameraat different exposure locatiorvgere used to map stone statue
(Figure2.1).

Figure 2.1: Dense tiepoint cloud from an image pair of a stone statue Source:
Zhenget al.(2013)

This multi-modal arrangement@ppearedsimilar at first sight; however the closer

examination reveab crucialdifferences:
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1 The sensors sampleéhe surface approximatefyom the same location witthe
similar field of view. This apriori knowledge about thdocation, scenery,
coordinate system, and units aiedhe coarse registration unnecessary

1 The point densiés of the laser and tipoint cloud were similar,i.e., thar point
ratiowasapprox. 1:10-1:10Q yet specificallyapprox. 110,000in thisdissertation

1 The scanned objetiada convex surfacwith large changes idepthresultingin
point cloud without occlusions

1 The statue providehomogenous surface characteristics. Thostetwere only
single returns in the laser data
The tie and lasempoint cloud were ofequal accuracy
Ther co-registration algorithnwas based om least squares adjustmeantspace
domainsubject tominimizing the sum of the squaretistancesbetweenthe tie
pointsandthe LIDAR surface.The statuefill ed most of the image space, which
allowed toadditionally estimathe effects of lens distortioasing the laser points
asthegroundtruth

1 The ratio of the surface elevation of the scanstatlieand the distancbetween
the sensorandthe statuewas much biggethan in airborne applicationallowing
for an exceptionaldepthresolution The resultwas a truly 3D point cloud with
ampledepth andstrongchanges in direction of surfanermak rather than airly
flat 2.5D surfacepoint cloudwith smallchanges in elevation

(2) Another similar co-registration strategyvas proposedby Choi et al. (2013) which
suggestd using 3D photogrammetric points and automaticallpAR -extracted planar
patches a#s registration primitivesHowever, he roof peak points in the imagegere
manuallymeasured toandthe roof peak linesvere derivedrom these pointsThe oof
peak lines weralsoextracted from the laser data by intersectimgroof patcheswhich
were extractedutomatically Correspondingoof peakline pairs weraused for horizontal
registration. In additiorthetie points were measured manually on planar surface areas and
the vertical pointo-plane discrepancy was minimized to solve for the vertical registration
ambiguity. Moreover, he horizontal and vertical discrepancies were minimized

simultaneously in &SA. Figurative examples of the registration steppezsentedelow.
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Figure 2.2: Extraction of roof peak lines. Source:Choi et al.(2013)

In Figure2.2, (8 showsthe roof peak points derived fromme stereo photogrammetry
measuremenigb) displays the overlay afieLIDAR points andheimage derived poinfs
and(c) displays the roof planes and peak lines before andlaétadjustment in green and
red, respectively.

Although this registation methodology usesimilar registration primitivesas the
proposed fine registration methoid8SD photogrammetric pots andLIDAR planesi it

differs from the fine registration approach presentedacation4.4.2in the followingtwo

aspects:
1 The image points used for registratiorere measured manually using stereo
photogrammetry
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1 Rather than utilizing th&iDAR patches themselvethe tie lineswere extracted

from theLiDAR data

(3) Another closely relatedvork was provided by Makadiat al (2006, which usedthe
spherical harmonics anthe Extended GaussiarHistograms (EGI) for the coarse
registration of 3Dpoint cloud of closerange laser scans as shoimnFigure 2.3. This
approachutilized spherical harmonic$o fit into the data ando compute thesurface
normalsto derive the surface orientations.tked of correlang the imagesia thesurface
curvaures, the surface orientations reecompounded irthe spherical histograms$o
determine the 3D misalignment parametknsasproved of beingmore robustvith it than

with the ICP for close ranggoint clouds with little overlap and coarse initial orientation

parameters.

(@) (b) () (d) (d)

Figure 2.3: Registration of afiHappy Buddhad s t. SourceeMakadia et al (2006)

In Figure 2.3, (4) showsthe scans inther initial positionsand orientationsinput to
Ma k adi a0 s codcayi@diby ekpbsuyé€d) shows therudealignment of ten point
setsfrom the fronf(c) s h o ws gnmentofyalhsaadndramlithie sideafter ICP wa
run, (d) shows a pair ofe-projectedeGIs from two of the scans, ang) Ehows a slice of
the correlation grid G(R) at tHecation of the estimated rotation.

The surfaces ofnost airborne datare remote from the sensing device atiir
elevation changes are comparatively snidius therespectiveorientation histogramare
broad and small imagnitude making successful crossrrelation difficult. Nevertheless,

combining the use a$phericalharmonics and histograms of surface orientations is an
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interesting idea that could perhaps be used to characterize datas¢dblish a metridhat

allows b dstinguish betweethe mountainouand flat datasets.

(4) An outstandingvork in the realm of ceoegistration is the dissertation of Dr. Devrim Akca
(2007).Gruen (1996) eencedthe least squares 2D matching technique of images for 2.5D
and 3D surfacedAkca achievel a co-registration accurgcsuperior to those gained with
ICP. Like | CP, dastSuardsB D LS3D) surfacematching algorithm evaluade
Euclidean distances rather thtre height differences, which would be saptimal for
terrain surface applications hisdissertationAkca appliedhis caregistration method to
thecloserange 3Dpoint cloud as well asheairborne survey data.

As can be seen frofaigure2.4, the LS3Dmethodology requires only small overlap for
successful coegistration.He also introducd the least squares matching of ffeem
curves and surface models. Recognizing that quire clouds may not contain dticient
surface informationhe integratel the intensity and the color information of the object
surfacelLike Friess (2006) and Lindenthetial (2011, Akca generatda colorcoded map
of the height differences before and att&A for quick and intuitive quality analysis of
the co-registration resuit An example of such a height difference plogigenin Figure
2.4.

(1.34 m)

| Geomagic Studio
P (1.42 m)

Figure 2.4: Registered surface models and respective height difference mapthe
overlap area Source:Akca (2007)
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Akca (2007)alsoused dense photogrammetric DSMs and LiDgdit cloud for ce
registration. Rotogrammetric dengmoint cloud tend to shovihigh noise on flat surface
areas compared tbe LIDAR point cloud However,LIDAR point cloud have irregular
and often lower point density than the respective photogrammetric pemseloud. To
minimize the impact of these opposing characteristiesapplied a median filter for
smoothingthe LIDAR dataprior to matching.
Despite thesergat contributionsA k ¢ a 6 4200V)showedhe followingsignificant
limitations
1 The LS3D method relies aime photogrammetric surface modeighich require
computationallyexpensivaelense point matching (Haala, 2013) and are large in data
volume For many airborne photogrammetry applicatipgeneratingorthophote
as eneproductis sufficient anddense point matching is not part of tHata
processing workflow. Thusy coregistrationrequiringa photogrammetric DSM
runsat a high costunless th®SM is already available on file

1 The LS3D approach may work with orthophotéfowever, depending on the
application, the deliverable may just be a sdhefcolor-balanced photos pluke
refined EO parameterBom aerial triangulation The omputatiomlly intense
orthophoto generatioii which typically requires another software module in
addition to theaerial triangulatioomodulei is not always part of the deliverable.

1 Matching intensities, color information, and surface geas®tr a combined. SA
may work withthedense point surface models but also with orthophotos. However,
such an estimation processo u | @arkdwith the photogrammetric tigoint
clouds sincethetraditional photogrammetrisoftwaredoesnot report the average
color information otthe generatetie points.

1 LS3D could be extended and used for 3D sparse points, such as ground control
points, in combination with a 3D surfadénfortunately ground control points may
not always be availadl Moreover this extension mght also work with
photogrammetric tie points. However, the concept of using LS3D for sparse points
has only been presented as fAf yhasnbter con

been implemented and tested.
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1 With the conceptof integrating additional functional constraintshis LSA, such
constraints typically require some sort of ar@wledge that is unique to the
dataset. Ahough aitomatic classification of lasgyoint cloud and denseoint
clouds into ground and air pints is possible (Soininen and Burman, 2005;
Soininen, 2018 Haala, 2013) and might Beway to introduce such constraints
automatically thetie point cloud are too sparse and too random in distribution for
these algorithms to work reliablyRefer tothe next sectiormnd Chaptert.O for
more details

1 The stochastic properties of the local surface normals and uncertainty of the points
due to the incidence angkeer € n e g | e c twerkl(Grantet a R0OdA23 6 s

1 A k ¢ a éthod dohnot address the problem of relief displacemieat,the fact that
LiDAR data is orthometric per default, but optical imagiennless converted into
an orthophotd shows effects of perspective geoméitishra and Zhang, 2012)

1 Although a gloll matching strategy has been mentioned in (Gruen and Akca,
2005), it was unclear from thir publicatiors how accurate theinitial
approximationsneed to beor the LS3D adjustment to converge to the correct
maximum.As Akca compard his LS3D results primarily against ICP resuttse

LS3D isseeminglya method intended primarily for fine registration.

In summay, even thoughAk c a6 s w o rdka pawerful newdaregistration
algorithm, it isunclearhow well this method would workvhen used for coarse co
registrationwith extremely sparsaunclassified photogrammetric tie poimtghout color

information.

(5) Two yearslater after we started this researclGneenisset al. (2014) presented a
methodology forfine registration androssaided sensor calibration of airborh@édAR
and cameradata using the LIDAR point cloudsas the ground truth Their research
methodologyshowed parallel$o the fineregistrationand crossaided sensor calibration
method(summarizedn Chapte#.4.2), whichl proposed in 201Z'heirapproach used 3D
photogrammetric tie points for @egistration and crossided sensor calibratipandalso

considered theiDAR asreference against whictamera calibration and validation can be
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performed. The also used a 3D surface matching method uidjzhe tie-point-to-laser
plane matchesA high-level overview of Gn e e ncoegstration methodology is

illustrated inFigure2.5.
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Extraction of reference
(©) lidar control points (LCPs)

Y

Aerial triangulation and
camera calibration using LCPs

(d)

Figure 2.5: Main logical components of the ceregistration and crossaided sensor
calibration method suggested by Gneeniss al.(2015)

The methodology of Gneenissal.(2015)can be broken down in@®steps:
(1) Automatically generate 2D tie points
(2) Project the tigpoints on the ground using ISO
(3) Filter the 3D tie points into
1 ground model points, describing the déaarth surface,
1 points describing vegetation (trees)d buildingsand
1 and aply a thematic image mask to isolate points that fall in between
ground and vegetaticandsatisfy a certain vertical threshold
(4) Automatically extrackey modelground model points (DTM) frorhiDAR.
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(Componenta) in Figure 2.5 abovecoverssteps 14)
(5) Co-register ground model tie points abdAR key pointDTM surface using
a refined version of the LS3D surface matching method (Akca, 2007; liller
al., 2008) anda 3D conformal transformation model,e, a Helmert
transformatior(componentb) in Figure 2.5 above)
(6) Assess thequality of the registration results by evaluating the elevation
difference between the photogrammetric DTM anduiBAR terrain model
(7) If the quality test indicates that tsarface matchingan be improved further:
Identify 3D image tie points that meée followingcriteria
1 be located over planar arghst
1 show little slope
1 be defined by more than 3 image rays
1 beinareas with low surface roughness
1 pass a accuracyandblunder test, and
1 support homogenous spatial distribution across the survey area
and use them as ALiIi DAR Cokgure2®d). Poi nt o
(8) Estimate camera calibration parameters by minimizing the 3D distance between
theLCPs and the locdliDAR surface block (d) in Figure2.5). As can be seen
from Figure2.6, this will lead to an improved fit of the camera &mdAR data.
The process of ceegistration and selfalibration can also be conducted
simultaneously in one combined LSA that estimates the camera calibration
parameters while synchronously the 3D distasdeeing minimizedetween
the tie points and resptive localLiDAR surface.
(9) Repeat step t 9and reassess the vertical difference of the refined alignment

between the photogrammetric DTM and thBAR terrain model.

To validate this method, the authors used two datasetkar to thetestdatasets used
in this dissertation One of their datasets was captured over the OEEPE test site in
Vaihingen/Enzand an OptecALTM 2050 LiDAR and aApplanix DSScamera were used
for data collectior(refer to Sectior8.2and APPENDIXC for details).Figure2.6 below

displays some d& n e e masearshboutcome.
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Rows (@) and (b)in Figure 2.6 presenthe results from the DSS camera flight before

and afterthe self-calibration, respectivelyfeven afterthe self-calibration of the DSS data,

the coregistered datasets showed a remngirvertical offset of about 20cm which the
authorsattributedto the differences in surface characteristics and weak block layout

leading to limited ability to retrieve the camera calibration parameters reliably.

G n e e mproseduéeshowed commonalities with the ecegistration and calibration

methodology presented @hapted.4.2
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Both assume theiDAR to haveundergone geometric refinement and prodide
superior geometric quality.

Both usethe photogrammetric tie points dise tie elementsn the co-registration
and minimize thesum of the squaredistance from the tie points to theiDAR
surface in proximity

Both allow for separatg theco-registration andhe camera calibration or fahe
simultaneous coegistration and camera calibration in a combined bundle block
adjustmentn their workflows

The data from the DSS medium format camera benefitedfggntly from their
calibrationi as can be seen frofigure 2.6, as theco-registration alone did not
provide the desired level of dauetric or centimetric registration accuradype
DIMAC cameradata used in thisdissertationwas affectedsimilarly by the
boresighs and camera intrinsic offsetshich will be shown in APPENIX C and

G. It is suggested tminimizesuch effectluringthecrossaidedsensorcalibration
Even after the calibration of theDSS camera, the coegistration showed a
remaining vertical offset aibout20cm. The authors attributed this relatively large
remaining offset to the poor layout of the flight blpgkhich may or may not be
true The magnitude of this offsebuld be taken teserve as an indicator of what
accuracies to expect when-agisteringoptical andlaser point cloud in this
dissertation

Despite these si mil ar isomesgsificanGlifferensesnand s 6 s

limitationscompared to our methods

T

G n e e satgorithssdelyonthedensdie point cloud as their datasetpossessed

a point densityl0-100 times higher than the tiepoint clouds used in this
dissertation

Gneesnissleveloped a sophisticated filter for the @&d laser points to increase
the reliability and accuracy of the registration resulis. the classification into
ground, vegetation, and roof pointsvasexecuted automatically, the authors also
deployed a BZm vertical mask to eliminatide chimneys,trees and unwanted

effects of avineyard The application oftis mask allowed to distill a selection of
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suitable points that yieldetie robust registration results. However, this filteas
dataspecific and tunedfor the Vaihingen/Enzdataset which went against the
principle of generaty andfull automatiorproposed in this dissertation

1 Gneeni s sddnat atiize teepoof plane patcheas registration primitive
which could provide a higher level of redundancy and accuracy tharocal
surface mests

1 Since the authors ud&.S3D for co-registration, their methodas affected by the

drawbacksmentionecdkarlier, too.

As the above discussionshowed, theco-registration methods presentedin these five
publicationsshared similarities with the proposedco-registrationmethoalogy. However, he
analysisalsorevealedhat thesenethod had need ogithersubstantiatlatapre-processing or pre
knowledge about the datasetdoreover, the conducted tests werenly with point cloud

associated witkimilar surface characteristics, whictthgir most prominerghortcoming

2.4 Summary

This chaptereviewed the relevantstateof-the-art co-registrationtechniques in the fusioof
airborne laserand camera dat@espite the large diversity of ideas and concepts, many of the
publishedco-registrationtechniques requitethe coarse EOPs and I0Ps whiotade themmot
practical (Liet al, 2012). Somelepenéd on selecting conjugate pairs interactively, which may
lead to unreliable and inaccurate resaltdworkedagainst the principle of full automatiod ost
methodswvere deginedfor the computer vision applications amgsumd to have thdiigh point
density,strongvariation in elevationsimilar footprint, large overlap,same coordinate systems
Besides, they demandetmesort of classification ocomputationally intensere-processing
Only one machine learniAgasel co-registrationmethod has been presented socfauld work

directly ontherawi s p a® miataloud. The most importantrawbackhowever is that none

1The research community concerned withb A s ed r egi st r at i paintclosdds t he ter m
point cloud that stem from a closeinge scenery and are roughly 100 times less dense tlcanitgrpartThe
point cloudwith the lower (or higher) density often stems from clomgge photogrammetry (a laser scanner).
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of the existing methods was designedfor and validated withthe fiextremelysparsé @
photogrammetripoint cloud.

The ensuingchapters will investigate lmat can be done outside these boundafiks.focus
will be directed towarsifinding innovativemethodghat ancope with thestarkdifference in point

densityandestablishing a novétamework in which they will deliver reliable results.

2 Tie point cloud from traditional largeand mediurformat airborne mapping applications resaufioint

densiy of approx. 5,000L0,000 times less than the respective LIDAR data. To discern the tie points targeted in this
framewor k f r o-mangépoiptalous.e dh ey | avd & | be referred t theiras fAext
difference needs to beemphasisk
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3.0 TestData and Assumptions

3.1 Introduction

In this frameworkiwo pairs ofrealworld datasetandtwo simulated datasets were used for
testing. To address the question, to what deg
airborne survey applications, the characteristics of a popular test site are highlighted, for

comparison, first.

3.2 Reference Dataset

One of the worl dbés most f 1 andvmediambosmiat digitalt e s f ¢
airborne sensors is the test field in VaihingenderEnz, BadenrWurttembergGermany While
no dataset of this are@@as usedn this studytheterraincharacteristicef this area caserve as a
guideline for the simulated dataset andtf@comparison against the reabrld datasets used in
this thesis.
The Vaihingen test site provides the followilegitures:
High density ground contrelalmost 200 control pointsave beespread across the area
Mostly gently sloped terrain. Few areas with steep slopes
A mixture of urban scenery and farmland

Small areas with forest

= =4 4 A -

Small waterbodies, whidlypically create a challenge for LIDAR and photogrammetric tie
point matching

Thetest sitas enclosed with the red lina Figure3.1 andFigure3.2.

28



Figure 3.1: Aerial view of the OEEPE test site in Vaihingeran der Enz, Germany. The

dark green areas depict forest and water bodiesSource:IFP (2017)

Figure 3.2: Digital terrain mod el of the Vaihingenand der Enz test site. The terrain

variations are exaggerated by factotwo. Source:IFP (2017)

The centrabreai enclosedvith a purpldine in Figure3.17 possesses dense distribution of
GCPs and haabout5050m (eastvest) by 2750m (nortBouth)in size The entire test area
enclosed with a red lina Figure3.17 is about 7400m (eastest) by 4700m (nortBouth)in size
The terrainelevationsrange between 193m and 356m above sea levebtal, 275 GCPsre

available.
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3.3 RealWorld Datasets

This chapter introduces the rembrld datasets that will be used for testind?PENDIX C
presentdhiow these datasets were generated, and a detailed description of their characteristics.

3.3.1 Oshawa Dataset

The Oshawalata wasicquired at three flying heights (850m, 600m, 400ova ground level
Only thedatacollected from thdlight lines at an altitude of 850m and 600gh &ere selectetbr
co-registration The fight lines flown with large overlap result in higher laser and tie point
densities thatheareas with small overlap. The resulting image block comprised 105 pB64ds,
tie points aftetheoutlier removal, and 51 measured control points.

A surfae grid was fit into the tie points using MATLAB software (MathWorks, 20E@ure
3.3 below displays the tipoint cloudoverlaid with a naturafit surface grid. For the average point
density of 35 tie points per image, MATLAB considered a cell size of 40m by 40m to be optimal.

Figure3.4 displays the respective grid, rendered to an image file.

Oshawa Dataset, Tie Points in National Coordinates (UTM)

1 MaxTie

105

100

9

)
=R E=]
S S S

190

Elevation (m)
=y

48645
4864
x10° 48635

4.863

4.8625

+ Northing (m) 6.675

4.862

4.8615 — Easting (m) MinTie
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Oshawa tie point grid, 81x115 plxel
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Figure 3.4: The Oshawatie point grid with 81x11540m cells

The full resolutionpoint cloudhad approximagly 63 million pointsand coveredn area of
approximatelyt 5-by-4.5km, yielding anaverage point densityf 4 pts/nt. The laser points were
down sampledo 8775 pointfAPPENDIX C) i.e, a point density slightly higher than twice that
of the tiepoint cloud Figure3.5 displays the lasgroint cloudoverlaid with a naturallfit surface

grid (MathWorks, 2019)Figure3.6 displays the respective grid, rendered to an image file.
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Oshawa Dataset, Laser Points in National Coordinates (UTM)
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Oshawa laser point grid, 117x138 pixel
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The Oshawa tie and laser points showed a ratio of 3,700/63,000,000 = 1:17,000, which
confirmed the approximate ratio of 1/10,000 that one would typically obtain from regular survey
data.Details on the quality of fit can be found ilPRENDIXG.

Figure3.7 belowdisplays the caegisteregoint cloud on top of the surface meshhe laser
points coveed an area of approx.5km-by-4.5km whereas the tie points cogdran area of

approx.3.2km-by-3.2km.

Figure 3.7: Overlay of the Oshawalaser- and tie point cloud and the surface mesh

3.3.2 Keyworth-Nottingham Dataset

The KeyworthNottingham (KN)was collected at two flying heights (1250m and 88g).
The resulting image block comprised 64 photos, 2705 tie points before and 1871 tie points after

blunder removal, and 38 measured control points. 38 ground control pathbeen measured.
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