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Abstract

This thesis deals with tHgD modelingphaseof the asbuilt large BIM projecs. Among several

means oBIM data capturingsuch as photogrammetric @ngetools, kser scanners habeen

one of the most efficierdnd practical toolor a long time They can generate point clamith

high resolutiorfor 3D modelsthatme et nowadaysod mar ket demands.
projects of asuilt BIMs are mainly focused on using one type of laser scasaay; such as
Airborne or Terrestrial According to the literatures,onsignificant (few) efforts weremade

towards the fusion of heterogeneous laser scanner data despite its importance. The importance of
the fusion of heterogeneous data arises from the fact that no single type of laser data can provide
all the information about BIM, especially for larBéM projects thatare existing on a large area,

such as university buildings, or Heritage places. Terrestrial laser scanners are able to map facades
of buildings and other terrestriabjects. However, they lack the ability to map roofs or higher
parts inthe BIM project. Airborne laser scanner on the other hand, can map roofs of the buildings
efficiently and can map only small part of the facades.

Short range laser scanners can map the interiors &lMeprojects while long range scanners

are used fomapping wide exterior areasBIM projects.

In this thesis the long range laseasger data obtained in the StapdGo mapping mode, the

short range laser scanner data, obtained in a fully static mapping mode, and the airborne laser data
are all fusedogether to bring a complete effective solution ftargeBIM project.

Working towards the 3D modeling of BIM projects, the thesis framework starts with the

registration of the data, where a n&sgtautomatic registration algorithm were developed. The



next step is to recognize the different objects in the BIM project (classificatiotdpbtain 3D
models for the buildings. The last step is the development of an occlusion removal algorithm to
efficiently retain parts of the buildings occluded by surcbng objects such as trees, vehicles, or

streetpoles.
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Chapter lintroduction

1.1 Background

Over the past few years, 3D modeling and mapping solutions based on imagery or laser scanners
or both have been evolving. Terrestrial and airborne laser scanners are one of the most efficient
solutions for data acquisition systems because of their higt gensity (high resolution) and

their straightforward processing procedures for the production of registered and/or georeferenced
point clouds.

The Terrestrial Laser Scanners (TLS) and Airborne Laser Scanners (ALS) market is currently
seeing devices fronseveral manufacturers introduced every day. The efficiency, price, and
integrity of a systemdés mapping and model ing
choice.

TLS is a highresolution source of gity building point clouds. Moreovett, is an important part

of the currenBuilding Information ModelindBIM) industry. However, the point cloud generated

from TLS usually is incomplete due to missing segments of roofs of buildings or occluded regions
from surrounding trees or vehicles. e other hand, ALS can map building roofs but lacks-high
resolution point density and consequently does not provide enough points for building facades.
The accuracy of the ALS system point clouds therefore is generally lower than the TLS data
acquisitionsystem.

Traditional TLS and ALS fusion solutions can provide a complete outdoor scene but lack the
indoor view, which is currently of high importance to complete the modeling necessaryin BIM

required deliverables. If the data obtained from TLS/ALS &agen are combined with indoor



laser data for a complete indoor/outdoor modeling solution in BIM, then all the data points can be
georeferenced and a 3D model generated. The general proposed scheme for this solution is shown

in Figurel1-1.

[ Indoor TLS Data ] [Outdoor TLS Data ] [ ALS Data J

L A

Figure 1-1: Laser data fusion for indoor/outdoor building modeling

In the following subsection, an overview of the current Blbfl ALS systems is presented, which
could be useful when deciding on the system that best provides the complete modeling solution to

fulfill the indoor/outdoor BIM industrydéds nee



1.1.1Terrestrial Laser Scanner Systems

TLS systems are of two main types: 1) the Time of Flight (ToF) laser scanner, which is also known
as the Pulse laser scanner, and 2) the Phase Shift (PS) laser scanner. The PS laser scanners are
faster and provide higher resolution, but they have shaettafe ranges, while the ToF laser
scanner is slower with relatively low resolution and long effective ranges. Both systems have their
own applications. For example, ToF can map large areas from one fixed position oraad®top

Go mode(Elhabiby and Teskey, 2010pS can map indoor areas and can work efficiently with
mobile mapping systems which require very rapid mapping devices. However, the position
accuracy of the PS is limited to the Global Positioning System (GPS) anettial Measurement

Unit (IMU) used.

Over the past few years, the TLS market has grown rapidlyle 1-1 lists the many devices
introduced to market in only the last three years. Many other devices were updated in 2014. The
information in this table and Tabl&able1-2 andTable1-3 are based on information available at

http://www.geematching.combr t he manuf actureroés homepage (

corrected from the manufacturerds homepage).

Table 1-1;: Most recent inr-market terrestrial laser scanners

Product Range Measurement Manufacturer Picture

e~ = 7.
VZ-2000 2014 2.5~2050m Pulse (ToF) RIEGL li



http://www.geo-matching.com/

VZ-4000 2011 5~4000m Pulse (ToF) RIEGL
I-SITE 8200 2013 1~500m Pulse (ToF) MAPTEK (‘]L]g
X300 L 2014 2.5~180m Pulse (ToF) STONEX ! =
=
Pulse (ToF)
GLS-2000 2013 1~350m Topcon
and phase
|-Site 8820 2014 2.5~2000m Pulse (ToF) MAPTEK
ILRIS -LR 2010 3~3000m Pulse (ToF) Optech
ILRIS -HD 2008 3~2000 Pulse (ToF) Optech
Focus3D 2010 0.6~120m Phase Faro
n. ]
S-3180V 2013 0.3~187.3m Phase TI Asahi E”! |




Trimble TX8 2013 0.6~340m Pulse (ToF) Trimble
IMAGER Zoller und !"
2009 0.4~79m Phase - KE
5006EX Frohlich 'ﬁ
Z+F
Zoller und E P
PROFILER 2012 0.3~187.3m Phase 1 £ 4l
Frohlich
9012
RODEON scan 2012 0.5~250m Pulse (ToF) Clauss ﬁ
Surphaser Basis Software
2009 0.2~70m Phase = |
25HSX Inc. . :

1.1.2Airborne Laser Scanner (ALS) Systems

The ALS market has experienced a growth rate similar to the TLS market. Many ALS devices

were recently introduced which have different working altitudes and frequencies to achieve more

accurate and remote airborne mapping. ALS has many applications ite ieneing, agriculture,

urban planning, 3D city modeling, etc., making ALS a vital source of point cloud data. ALS data

are now available more than ever before. There are many web resources that offer free copies of

the ALS data for large cities and eveoamplete states in the USA. An example of these web

sources is the OpenTopography project availabfgtpt//www.opentopography.org/


http://www.opentopography.org/

Tablel-2 lists the ALS systems recently introduced, most of which came to market between 2012

and 2014.

Table 1-2: Most recent in-market airborne LIiDARS

Max
Product Year Characteristics Manufacturer Picture
Height
RIEGL Frequency
Scan :400 Hz \ ,
LMS- 2013 4700 m PRR:200~800kHz RIEGL
Measurement
Q1560 rotating multifacet
mirror
RIEGL Frequency e
2014 350m PRR:50~550kHz RIEGL §
VUX-1 Measurement .
ToF
AIRBORNE
HawkEye
2013 1500m Measurement L yvpROGRAPHY
m Oblique LIiDAR
AB
Frequency AIRBORNE
Chiroptera Scan:140Hz
2014 600m PRR:35kHz HYDROGRAPHY
Il Measurement
Oblique LIDAR AB
Optech Frequency
Scan:210Hz
Measurement

ALTM

Programmablscanner




Frequency AIRBORNE

Dual Scan:280Hz
2014 1600m  pRrR:400~1000kHz HYDROGRAPHY

DragonEye Measurement
Oblique LIDAR AB

Frequency

Scan:100Hz
Galaxy 2014 4700m PRR:35~550kHz OPTECH

Measurement
scanning galvo

Optech

ALTM

Frequency
Optech Scan:27Hz

Measurement
Circular prism scanning

CZMIL

RIEGL Frequency

2012 2500m PRR:138-520kHz RIEGL
VQ-820G Measurement

singleshot ToF
measurement

Frequency

Trimble Scan:400Hz _ 1
2014 4700m  PRR:200~800kHz TRIMBLE ﬁ 3
AX80 Measurement :

Rotating Polygon

Frequency

2009 2500m ~ PRRi400kH2 IGI P IS

6800400 Measurement N Y,
Rotating multifacet -
mirror

LiteMapper

1.1.3In-Market Mobile Mapping Systems.

Mobile mapping technology was introduced more than two decades ago based mainly on a multi

camera system with GPS/IMU onboard the vehicle. Most of the mobile mapping systems today



also are equipped with TLS onboard because TLS is an easier and moresasmunag of point

clouds than imaging (through photogrammetiyaala et al., 2008 nd(Haala, 2009)

The main drawback of a TL&quipped system is that its resolution and accuracy is inversely
proportional to the speed of the vehicle. In most cases, as shdvablml-3, shortrange laser

scanners are used because they are faster than long range scanners. Even in cases where the system
used longrange laser scanners, either thege was limited to sherange values or the resolution
(number of points) was I imited. The device inf
indicates either a range of 800m is used for mapping or one million points per seconds obtained.

The Streetmapper info sheet is availablehdty://www.igi.eu/streetmapper.htjml

Another drawback of mobile mapping systems is their dependence on moving GPS/IMU systems
for achieving certain accuracy, wh increases the cost of the system or decreasessiteoning
accuracy.

From the above discussion, it can be concluded that mobile mapping systems, although capable of
high-speed mapping of large areas, are less accurate and provide a lower retbalntsdatic TLS
systems or Stepnd-Go (SAG) systemgElhabiby and Teskey, 201@pd(Lin et al., 2013)

Table 1-3 lists the most recerdnd known mobile mapping systems along with the number of
cameras/TLS devicassed and their characteristics.

Table 1-3: Most recent in-market mobile mapping systems

Product (year) Laser Scanner Camera Manufacturer Picture

Lynx SG1 Number: Two Number: Five

Mobile Mapper Brand: Optech | Brand: Point Grey| OPTECH

(2013) Max range: 200m Ladybug/ JAI



http://www.igi.eu/streetmapper.html

Number: One

IP-S2 HD Number: Six
Brand: Velodyne TOPCON
(2010) Brand: Point Grey
Max range: 120m
Lynx MG1 Number: One i
Number: Six
Mobile Mapper| Brand: Optech OPTECH L
Brand: Point Grey %;ﬂ
(2013) Max range: 250m g
Number: Two
Streetmapper Number: Six m
Brand: Rieg| IGI , =B
(2000) Brand: Point Grey
Max range: 800m
Number: One ®
RIEGL VMZ- Number: 1
Brand: Riegl = .
40010002000 Brand: Nikon RIEGL I S
Max range: 600- j SO
(2014) DSLR =
14002050m  ic—n e
Number: 1
Imajbox (2014)| No Laser Scanne Imajing

Brand: Imajing

VISAT (1996)

No Laser Scanne

Number: 6~12

University of

Calgary




1.2 Problem Definition

Large BIM projects in urban areas are challenging in that several processes are involved. Among
these processes are data capturing, 3D object recognition, and digital model creation. In general,
digital building models of complex structures continue tpiodlematic as pointed out yHabib

et al., 2010) The challenges increase in urban areas where buildings are surrounded by trees,
vehicles, and other objects that make it difficult to collect data with a single mapping technique or
a single devicand require other efforts for the recognition of objects (buildings).

As shown in the previous section, TLS/ALS integratmutperformsother solution for 3D
modeling/mapping in urban areas, especially if the ToF SAG mode is integrated with the ALS
data.In fact, no significant efforts have been made toward the integration of ALS with ToF in
SAG mode to obtain asuilt large BIM projects.

In this context of integrating the ALS data with the ToF TLS SAG mode, the registration errors
are decreased, thegetdecreasing the number of scans to be registered and enhancing the accuracy
of ALS as well. Even with the decreased number of scans, however, a large BIM project requires
rapid processing of the data collected. At the registration stage, it is morergfficihave a fast
automatic registration algorithm that combines the SAG laser data efficiently.

Fusing the data of indoor LIDAR with that of the outdoor LIDAR to generate an indoor/outdoor
view for the asbuilt BIM is another challenge.

The focus of ths thesis is solving the problem of registration of data (homogenous and
heterogeneous) by creating/modifying registration algorithms as well as generating:

1 A classification model to discriminate buildings from other objects.

10



1 Planar models for building fades and roofs as well as indoor walls to work towards the

modellingpart of the BIM.

1.3 Objectives

The motivation of this thesis is tlecrease the amount of occlusanscans taken for a large BIM
projectat the 3D modelingtage This is achieved wa the fusion of different types of laser scanner
data (i.e. TLS and ALS). The amount of data to be processed is huge, which is another motivation
to implement dast and automatialgorithns for processingf suchhuge amount oflata
Combining all thedata together.@. TLS data with ALS data and outdoor TLS data with indoor
TLS data) is a challenging issue as well, which needs implementation of heterogeneous registration
algorithms.
The overall objective of the thesis is to build a complete 3D vmatadn model for a large BIM
with less occlusionThis is achieved in several steps, in which homogenous and heterogeneous
data are fused together to generate a complete 3D point cloud for the whole BIM project, a 3D
model forthe BIM project is obtainedindthe occlusionis removedrom the model The sub
objectives include:

1) Creating efficient (in terms of speed, robustness and accuracy) homogenous TLS data

registration algorithm
2) Integration of ALS data with outdoor/indoor TLS data.

3) Creation of 8D moctl of the BIM project

11



4) Occlusion removal from the 3D model of the BIM project.
The tasks accomplished towards fulfilling the above objectives include:

1) Developing a new algorithm and implementation for fast automatic registration between
homogeneous TLScans.

2) Developing a new implementation for Georeferencing TLS data and fusing TLS and ALS
data.

3) Developing an algorithm and implementation for the extraction of DTM from LIDAR
data.

4) Developing an implementation for the classification of@1M data LIDARdata.

5) Developing an implementation to create indoor/outdoor planar models.

6) Developing a new algorithm and implementation for fast occlusion detection and
removal.

All of the above tasks were accomplishediATLAB .

1.4 Thesis Outline

The remainder of tBithesis proceeds as follows

In Chapter 2 an overview of the laser scanner technology is presented with comparisons of the
laser scanner types and mapping modes. Common mathematical and Computer Science methods
used in laser scanner data processingdaeussed, such as the Least Square (LS) estimation
method, thek-D tree, the Iterative Closest Point (ICP) approach and the Principal Component

Analysis (PCA).

12



In Chapter 3 heterogeneous and homogenous data fusion are discussed in detail. Homogenous data
fusion means that the data are collected with the same device and same mapping mode.
Heterogeneous data are indoor data combined with the SAG mode or ALS combined with the TLS
data. Hence, the data collected indoors separately are homogenous datadataddbiected in

the SAG mode outdoors are homogenous data.

For homogenous data, a fast automatic registration algorithm was developed; and for
heterogeneous data, manual registration procedures were used. At the end of the chapter, all the
laser scannatata are georeferenced in one coordinate system to produce a complete 3D model for
BIM applications.

In Chapter 4 the data are processed to find the planar features. The process starts with the
developed PCA algorithm classifying the objects in the mappeal into a digital terrain model

(DTM), trees, and buildings. The buildings then are determined and occlusion detection is
performed.

The framework used in Chapters 2 through 4 is described in defégure1-2.

Chapter 5 discusses the results obtained by applying the registration, classification, and occlusion
algorithms with the focus on the new registration algorithm.

Chapter 6 presents a summary of the work, conclusions, and recommendations for future work.

13



Chapter (2) J Overview of Laser Scanner Technology
! — > | Homogenous TLS Fusion —
N
Chapter (3): > |y TLS Fust
Fusion of SAG, indoor and ALS data - ElRECIELS usion
S
L S ALS-TLS Fusion

' !

Georeferenced Laser Data

W

Chapter (4): Data Processing

Classification

\
< Buildings Trees
Vehicles

Buildings models with
occlusion removal

Figure 1-2: Framework of the work conducted.
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Chapter 20verview of Laser Scanning Technology for BIM Applications

In this chapteran overview of the laser scanning technology used for BIM first is presented. A
brief explanation of BIM then is provided, followed by an overviewaser scanner typesd
different mappingmodes. At the end of the chaptdrere is a dscussion of thenost common
mathematicahnd Computer Sciendeols used for laser scanner data processihgh areused

extensively in Chapters 3 and 4 in the laser data registration and processing.

2.1 Introduction to Building Information Modeling (BIM)

BIM as a concept has existed since 1970, howe
was first used in 1992 ifvan Nederveen and Tolman, 1992Zhe acronym BIM was introduced

by AutodeskBuilding Industry Solutions in 2003. BIM is defined by international standards as
Ashared digital representation of physical an
forms a reli abl(dolkletals 2084) f or deci si onso

BIM can be divided into aplanned BIM and abuilt BIM. As-planned BIM are models for nen

existing buildings, while abuilt BIM are modeldor existing buildings, such as heritage or old
buildings.

Since BIM addresses a variety of topics which cannot be covered in the scope of this thesis, only
the data capturing, object recognition, and modeling stages of BIM are discussed.

Data capturingechniques for BIM can be divided into two categories that are in turn divided into

sub-categoriegvan Nederveen and Tolman, 1992)
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a. Non-contact techniques such as imdigesed techniques as in photogrammetry and
videogrammetry and ranggsed techniques such as laser scanning.
b. Contact techniques such as tape measuremerdadiipers
Of course norcontact techniquesutperformthe conact techniques as they generate models that
are more accurate and close to reality. Point clouds can be obtained either from photogrammetric

methods (e.g., dense matching) or directly from the laser scanner device.

Figure 2-1: BIM data capturing techniques - Adapted from (Volk et al., 2014)

Data Capturing

\ 4 w

Non-Contact Techniques Contact Techniques
Image-Based Range-Based Tapes Calipers
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2.2 Sources of Point CloudGeneration.

As discussed in Section 2.1, laser scanners and photogrammetric tools are used to generate point
clouds for BIM. In this section LIDAR and photogrammetric tools for generating point cloud are

discussed in detail.

2.2.1ALS vs Airborne Photogrammeyr

Airborne photogrammetric tools (dense matching) can be obtained from satellite ifTagdret

al., 2012) or airborne images. The collinearity equation is solved to obtain a 3D point cloud fro
each pair of steremnagesThis method of obtaining point clouds is a passive mefRedondino

et al., 2009)which differs from the use of active sensors like LIiDAR.

LIDAR point cloud can be obtained from ALS, in which anrvahicle is equipped with a laser
scanner device as well as GPS/IMU. Data from the laser scanner, the GPS receiver, and the IMU
are fused to generate a georeferenced 3D point cloud.

According to(Madhavan et al., 2006photogrammetric techniques that utilize stareages

taken from airborne or satellite imagery matching are a weak tool for 3D modeling because they
are time onsuming and expensive. Moreover, tlseffer from occlusion and height

discontinuity in highly dense area3n the other hand, ALS has several advant@gaghavan

et al., 2006)1) it is a powerful tool fodense Digital Surface Models (DSMg) it is a rapid

tool for 3D urban GlSacquisition, and 3) its Las&XSMs provide a better measurement at step
edges.

Otherapplications that contribute to BIM 3D modeling incly®¥ehr and Lohr, 1999)
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1. DTM generation.
2. Road design and modeling.
3. Automaticbuilding extraction ath generation of 3D city models.
To summarize, ALS is an active sensor tool, faster and more accurate, and applicable for the

creation of point clouds than the passive image matchingogheth

2.2.2TLS vs Dynamical Stereo matching

One of the famous mobile mapping systems that used images is the VISAT project developed by
the Department of Geometrics Engineering at the University of Cal§ahyvarz et al., 1992)nd
(EI-Sheimy, 1996)In a typical mobile mapping project, thehicle was equipped with multi

cameras system, GPS, and IMU.

< GPS
ca.vl-elga / i I Antenna
& » < Inertial
8 CCD 4 . Platform
Cameras - - Y o - :
B ey 5 ——

Figure 2-2: ViSat mobile mapping vehicle(El-Sheimy, 1996)
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(Haala, 2009proved that @en with a high image rate and more accurate imaging sensors, image
matching is more errggronecompared td.iDAR dueto problems such as moving shadows and
varying geometric quality. As stated for the airborne/image matching, the collinearity equation is
used to create 3D points from images. However, the task is still a time consuming task, especially
if multi-images are used instead of steireages for matching.

TLS, on the other hand, provides very accurate measurements and is capable of collecting da
directly without the need for mathematical modeling and implementation efforts to extract the
point cloud. The point density of a point cloud from TLS can vary, depending on the device and

the applications.

2.3 Types of Laser Scanners

Laser scanners d#r with the technique of measurement usedhere are mainly two
types of hser scannemeasurements techniques: 1) Phase Shift (PS) for -isinge

laser scanners and 2) Time of Flight (ToF) for lwagge laser scanners. As discussed

in Chapter 1 both techniquesare used in many laser scanner devices provided by
different manufacturers. In the following subsections the two measurement techniques

are discussed briefly. Further information can be founiasselman and Maas 2010)
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2.3.1ToF measurement:

In the ToF technique the laser scanner sersit®tof laser to the object and recesveback after
a time of flightdenotedf . The rang€ between the laser scanner and the object is evaluated

using:

" E_T (2.1)

where¢ is the refractive index andlis the speed of light.

Some objects cause multiple returns for timtied laser beam (pulsesuch as vegetation. There
are characteristics for each returning putsech ashe pulse widthd hthe pulse rise timé pand
the pulse length . If the laser pulse results in two or more echoes, the corresponding aaeges
discriminated only if the echoes do not overlap. Mathematically spedkisgcan be written as

(Vosselman and Maas 2010

T T 0 (2.2)
or
oo By (2.3)
C
whered — . If the equations above ftwo pulses witha pulse width ofp s are applied,
then these pulses can discriminated if their distand@ " islarger tharL.5m.
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The range accuracy is an important factor for laser scanners,; tiencange uncertainty for a
pulse surrounded by white noise is computed for the ToF laser scanner using the formula:
w o0
SUYOD 'Y

(2.4)

where SNR is the sigthto noise ratio.
Since the ToF technique is based on sending pulses of laser and receiving them back, ToF laser

scanners are sometisealled Pulse laser scanners.

2.3.2PSmeasurement:

In the case athe PS measurement technique, instead of sending pfleesitted lasebeamso
the objectthe phase differena%o. of the projected and the collected laser beams is used to

find the delay timeandhencethe rangecan be computed from the equation:

3% _

t — = (2.5)
¢
wT
"= 2.6
T (26)
where_ is the wavelength.
The uncertainty in range is given by:
P _
—_— 2.7
1 Ty (2.7)
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The measured range with tR&S method has a problem with low frequencies calletbiguity
intervals. This problem occurs because the returned waveothe associated with a specific part

of the emitted signallTo showthe reason fothis, the computation of the phase shift is discussed

in detail

The phase shift between two outgoing and reflected sine waves is the result of averaging of their

productover the time intervalY (Bishop, 2002) which is given by:

R i i . “ il T“ ” i . " i
i E,%{ 03 - 0ef"a0 (2.8)

The result of this integration is given(Bishop, 2002and(Woodbury et al., 1993)s:

OAT 6— (2.9)
where,0 is the amplitude of the signal.
Now, since the cosine function is periodic, its value is repeated after a pegod\Wwhich means
that:
AT® % Al% (2.10)

Therefore, in equation (2.9), values of the rahgeustbe less than or equat . Otherwiseijf ”

—, it will be miscomputeds” — , i.e. the maximum value for the rangenust bewithin—.

That is:

c% ~ (2.11)

This is the reason why R&ser scanners are limitedgborter rangesvhich isopposite to the

case ofTOF laser scanners.
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2.4 Laser Scanner Mapping Modes

Mapping with laser scanners can be of three main maldedull static mode, the full kinematic
mode, and the Stefind-Go (SAG) mode. These modes differ from one to another in the
mechanisms and the devicedth which each s equipped. In the following subsections an

overview of these mapping magis presented

2.4.1Full Static Mode

In the full static modgthelaser scanner imountedon thetop of a tripod andnayor may notbe
connectedo a GPS receiverThis mapping mode isme consumingand expensive because it
usuallyrequiresmore labos to do thework (Lin et al., 2013) Moreover, ittypically can be used
only in small areas where shaange scanners are us&tie benefit fronstatic TLS mode is that
the mappingperformed in this modes very accurate compared ttee dynamicscanning mode
becaus¢he GPS receiver, or landmarkare fixed and no motiorthereforeaffectsthe positioning

information

Figure 2-3: Static scanning mode.

23



2.4.2Full Kinematic Mobile Laser Scanning(MLS) Mapping Mode

The nobile laser scanning mode is performed with a scarorarectedo a GPS/IMUsystem and
mounted orthetop of amovingvehicle. The GP$®eceiverallows for determining the position of
the laser scanner at each point, while the IMU detesheechange oforientation of thdaser
scanner caused by the motion of the vehitles mappingnodemight require less labpbutit
doesrequire the use o& highrend IMU systemin addition to aGPS receiver Orientation
determined by IMU must be accurdite accurate mappin@nd ahigh endIMU that has small
drift therefore should be used for better mapping

While the mosimportant application of MLS is 3D city modelinghere a vehicle can sweep
large areas, this systeamdergoesrroneoussNSSpositioning, especially in areas covered by
trees ottall buildings, wherehe GPSsignalis blocked(Haala and Kada, 2010y multiple paths
exist As mentioned earlier iChapter 1 shortrange scanners are suitalbbbework with MLS
because thecan times shorer than that of long range scanners and can cope with the speed of
the moving vehicleHowever, it comes at a price: thieortrange scannersay not be able to reach
tall buildings.Sparsityin scands another problerfacing MLS mode Sparsity occurslue tothe
variablespeedf the vehiclgLin et al., 2013)n which the point density changes from one region
to another as a sealt of speed chang€&igure 2-4 shows arexample of théfopcon Positioning

Systems, IncMLS system
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Figure 2-4: MLS from Topcon Positioning Systems, Inc.

2.4.3StopAnd-Go Mode

In StopAnd-Go (SAG) mode a scanner is mounted dmetop of a vehicle and collects data while
the vehicle ist acomplete stopthen the vehicle moves to arwr spotstops,and lesthe scanner
collectdata again; and the sequence continues until the wddne{Elhabiby and Teskey, 2010)
The system combines features fridmastatic TLS andhe dynamidLS, in which the resolutio

of the scanss high andthe laseidata are not sparse astle case of static TLSSimilar to MLS,
the scangover large areas the system can be operated Imyyooneperson and no IM$ are
requiredasthe vehicle isat acomplete stop whileollecting dataForthis scanning mode, the best
choice of scannemnsould bethe ToF longrange to cover large area8. comparisorof the three

scanning modeis shownin Table2-1 .

25



Table 2-1: Comparison between thanain scanning modes.

Static TLS MLS SAG
Short and long range
Range But more practical with Short range Short and long range
short range
GPS/IMU GPS only GPS and IMU GPS only
relatively low
High Resolution with no High resolution no
Data resolution resolution- with
sparsity sparsity
sparsity
Area coverage Small Large Large
Time and Short timei' less
Long time- expensive | Short time- expensive
expenses expensive
Georeferencing High accuracy Low accuracy High Accuracy

2.5 Terrestrial Laser Scanner Geometry

The terrestrial scanner is modeled in the spherical coordinate$ Rvifland—(Vosselman and

Maas 201D
” ®w 0 q (2.12)
— AC)AO(B&T (2.13)
e O ~
AOABALE O (2.14)
5 @ wo
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where the subscriptQteferto the object poiniin the scariQ & ho iy  arethe coordinates of
the object poinf] expressed in the scdoordinate system.

The relationship between the laser scanner space and the object sihateatedin Figure2-5

below.

n Z
pj(xij,yij, 2ij) = pi(X;i, Yi, Z;)
G (%, ¥, %)
Z r g
pij Oci Y
X
cxij
Osj y
x

Figure 2-5: Geometrical relation between the scanner space and objec

space.

This is mathematically written g¥osséman and Maas 20}0

W W
© W (2.15)
Q Q

S c: E:

With the rotation matrix in terms of the Euler angles$téil given by:
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4 4 14 %4 7 (2.16)

A point intheobject spaceanbedescribed n t wo d i flotaécooedimdte sgsterasrwgho
two different vectors. Each vector is described in terms of the bases oftbaselocal coordinate
systems.

Considettwo scansThe relation betwedhet wo slocacomdinate systems could itten

as:

g g: &

w w
& 41 Ml W (2.17)
@ a

The rotation matri¥ is a function of Euler angles. The rotation matrix formula in terms of

Euler angles can be found(@oldstein et al., 2002)t is given agollows:

AlA% A O AIQGO O O AIA Ok
Y1 el Al AlA A O AIG A A O%o (2.18)
o A%Q A A%

The"Yandd letters denote the sines and cosines of the angles, respedivelyector ciuit

is thetranslation vectgiwhichmeans that aector inthecoordinate systerf the first scanliffers

from the one in the coordinate systeinthe second scaby a rotation and a translation. The
components of the translation vegtotogether with the rotation angles (i.e. the

set ahufon el ), are known as the orientation parameters or registration parameters between

the scans.
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2.6 Tools for Laser Scanner Data Processing

In this section the most common mathematizad Computer Sciendeols used in LIDAR data
processin@re discussed.hese toolsreused in the subsequent chapters. The Least Squares (LS)
estimation method is important for estimatougrseorientation (registration) parameters between
two sets of LIDAR point cloud. Similarly, tHd-Tree algorithm for myanizing scan data is used

in the Iterative Closest Point (ICRJgorithm and several classification algorithms. Finatlye
standard ICP algorithmwhich is used in Chapter 3 to refine the registration parameters

summarized.

2.6.1Least Squareg&stimation for Registration Parameters

LS is the most common and important estimation algorithm for most engineering and physical
applications. It can be applied in many Geomatics fields of study, such as navigation,
photogrammetry, surveying, etc. Inghséection a brief overviewf LS applied to registration
parameters estimation ppesentedMore details about LS can be found(kKrakiwsky, 1990)
(Mikhail and Ackermann, 19829nd(Petovellg 2013)

LS equation fomulations depend on what is known as the mathematical model. The
mathematical model could @ implicit model,a condition modelor a parametric modelThe
implicit model is the general form of the mathematical model, in which the observation

(measurem@s) and the states are combined together. The equation of the implicit model is:
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l e T (2.19)

where» is the observation vector, af@d»he is the mathematical model describing the system in
terms of the state vecterand the observation vectdn the condition model the states do not

appear in the model equationgsitvritten as:

B = (2.20)

The parametric model is of the form:

» Qe (2.21)
where the states are separable from the observations.
In the context of estimating thliegistration parametersnly the parametric model is considered.
Normally, the observations (measurements) vector will differ from the mathematical model by an

error vector. So that the equation above has the general form:

» Qe © (2.22)

The function'Qe is generdly a nonlinear function of the state vector, unless otherwise stated.

Two variancecovariance matrices are associated with both the observations (measurements) and
the vector otheestimated states.

The variancecovariance matrix (or simplhe covariance matrix) of the measurements is given

by:
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8
Fo € €é é & (2.23)
8

Where the, is the covariance of two random variables (two measuremé®rsyl ‘@ The

covariance ratrix of the estimated statdsis related to the matrix, by the equation:

I 29k (2.24)

where 5 is the design matrix. This design matrix is simply the Jacobean matrix of the

measurements with respect to the states. It is given as:

10 £ rQ
O Ton
Aoh &€ E  eg (2.25)
1o & 1o
0T W Two

The matrixgy is an indication of the geometry at which the measurements are taken. From
Equation (2.19)it can be concluded that the covariance of the estimated states is dependent on
both theaccuracy of the measurements and the geometry at which the measurements were taken.
The smallethe valuesreof theentries of the matri>|:|-, the more accurate (reliabis)the obtained
solution.

The solution of the nonlinear LS problem is given bytthe following equations:
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te Alr a1 R (2.20)

° o e (2.27)

Where the vectot »is the misclosure vector; it is defined as the difference between the theoretical
value of the moddljand the observation(i.e.# » JJe ». The hat on the state vecter
denotes that this vector is the estimated state vector.

In the case of registration parameters estimation, the state werstor

N

o owhwhhohohy k 71 el hahuhy (2.28)

and the model igiven by:

) & w
® 4 ol © w (2.29)
W @ W
The observations of the model are matching po

systems Each tie point has coordinates in sc&@ ®hOhD and coordinates in scéfk
& hdhdd
Since six states are estimated, at least six observation equations are needed. To obtain this number
of equations, at lea#itreetie points in the two scans must be determined. The geometry constraint
is that the points must be naollinear. Otherwisga singularity will appear in the matrix. The
more matching points observed and the more geometrically distritngtgdre the more accurate

is the solution.
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The design matrix is given by:
T T T Td T T
Mo To To To Tw Tog
AMO TO TO Tw T Thx

7. Do To 1o To To Tox (2.30)
~&8 & & & & &g
O OTO 1O TR 1O 1H
Mo Tod To To To oo

wheret is the number of matching points.

For simplicity, the measurements of thatching points are considered to be uncorrelated. Hence,

the covariance matrix of the measurements is:

FO ” I= L] [l (231)
where, is the apriori variance factor to be set manually at the start of the LS solutiofiand

theidentity matrix.

2.6.2 K-D Tree

Thek-D tree is a data structure that can stedimensional dataThe kD-tree is a generalization

of the binary tree in which-D points are storedkD-tree is one of many spapartitioning trees
such afk-Tree, OctreeBSP (Binary Space p#ibning), etc

kD-tree is chosen, over other data structui@slaser scanner data processing because it is more
efficient in terms of the search speedch as range search adearest neighbourhoq&nn)
search, anthe simplicity of implementation. Of courseach type of data structures has its pros

and cons, but the choice depends on the nature of the data being processed.
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Comparison of k-D tree withR-tree for example, shows thiaD tree partitions the whole ape

into regions while in Rree only the subset of the points of interest are being partitiGDelee

is much simpler to implement théttree.R-tree is preferredvhen performingoperatiors other

than searchingsuch as insertion or changing of thatal because it is a balanced tr@dese
operations are not usually performed when working with laser scanner data.

To summarize; the main benefits of kD tree when working with laser scanner data, are: a)
simplicity of implementationb) the speed of rge search ankihhnsearch when working with low
dimensions (two or three dimensions in case of laser scaata) and c) the whole data are being
partitioned.

It is tempting to store data inkeD tree because the nodes are reached rapidly in this type of data
structure, and it can hottie data of any number of dimensions. Of course, the search algorithms
areslower with the increasing number of dimensidng as mentioned earlier, in casdLddAR
data,2D or 3D trees are the only ones of interest

A brief description of th&-D treefollows; for further information about-b trees, the reader is

referred taBentley, 1975)(Bentley, 1980)(Moore, 1990)and(Vosselman and Maas, 2010
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In 1-D trees, the data are divided at a middle point, called the raibie tght and left partitions,
with the condition that the data on the right larger values than the root, and the data on the left
are smaller values than the root. This pattern igatgal until the leaves are reached. This is

illustrated in the 4D tree example ifrigure2-6.

ea |22 |-7]|1 3116 [11]|30

Figure 2-6: One dimensional tree The circle with the number 2 is theroot

and therectangles are thdeaves.

It can be seen that the case otthe 1-D treg the middle point divdes the number line. The case

of the 2-D tree construction is similar but instead of having a point dividing the number line the
data are spread in a plane, and a vertical line passing by the root point divides the plane of data to
left and right partitios. Again, the pattern is repeated, and the tree is subdivided with two
horizontal lines normal to the vertical line passing by the root point, and so on until reaching the
leaf points which are represented by ordered pais. is shown irFigure2-7 below. Where the

orange point is the root point, the nodes are colored blue, and the leaves are in green.
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Figure 2-7: Two dimensional tree.The root point is in orange colorthe blue pointsare in

the middle of each partition, and the green pointsare the leaves.

In 3D space, the data points are spread irthihee dmensions. A plangassing through the root
point divides the points into left and right partitionSmilar to the case of 2D trees, two other
planesareperpendicular to the first plane, each partii®divided. This sequence continuggil

theleaf points are obtaie Thisprocesss illustrated inFigure2-8 below.
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Figure 2-8: 3D tree; red plane ispassing through theroot point and dividing the points into

two partitions.

2.6.3Principle Component Analysis (PCA)

The PCA technique is a common tool that is used with LIDAR data to extract planar, dinear
scattered features from the point cloud. The RGAceptis utilization ofthe geometry in which

the data points are spread in space to retain the features. This geometry can be described through
the covariance matrix of the data pojnighichis constructedrbm the spatial information of the

data pointand hencerovides information about the data points in space.

In 3D space, data pointanhave linear features (e,g@dges of buildings, poles, tree branches,

etc.), planar features (e.gvalls or roofs of buildings), or scattered features (¢rgeleaves and

glassy objects). Associated with each set of neighbouring peiatsovariance matrix that can

provide information about the geometry in which the data poaresspread in space. The
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covariance matrix is a square matrix ¢ , where¢ is the number of dimensions of the data

points. Inthecase of ® spacethe matrix g, has the form:

- e e (2.32)

The associated eigenvector and the eigenvalues associated with this matrix are obtained from the

following equation:

I

F L 1 (2.33)
where_is the eigenvalue associated with the eigenvektdss the identity matrix.

The solution of the eigenvalue problem yiettisee eigenvectors, anthree eigenvalues. The
eigenvalues are ordered such that _  _ . Then these three values are compared and three
possibilities for the geometry of the points are determined:

a) The points are spread along a plane (having planar features) if |

b) The points are spread randomly in three dimensions (hadatjered features) _if

c) The points are spread along a line (having linear features) if _
In Chapter 4 PCA is used to classify objects in LIDAR data. More débaitee PCA algorithm

can be found ifCarlberg et al., 2009nd(Shi and Zakhor, 2011)
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2.6.4lterative Closest Point Approach

The ICP algorithnrefines registration parameteasdis based on minimization of the square
distance between neighbouring points in the two previously roughly alimpiet Clousg (PCs9.

Suppose the 3D points in PC1 #e'Q plt 8 F¢ and the points in PC2 ate "'Q plgfB ha

where each point is described by three coordi
point in PC1 has a corresponding point in PC2. Theespondence between the two sets of points

is obtained by organizing the data usingkti2 tree algorithm, then for each point in PC1 a search

is performed to obtain its closest point in PC2. It is obvious now that the two point clouds must be
pre-aligned(at least roughly) before applying the ICP. The transformation equation of each point

0 in PC2 to its corresponding point in PC1 is given by:
K 9471 Ml £ o g (2.34)
Wheree t he transl ati on vect orssystensyiserotdtionenatixwo P C:

between the two PCandgis the error originating from the registration proce$te objective

of the ICP is to minimize the squareggfthat is:
- T4t e KT 470 (2.35)

The ICP algorithm that is used here is the standard ICP algorithm discugsegselman and

Maas, 201Q)This algorithmwasfir st proposed byBesl and McKay 1992fpr shapeaegistration
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of two PCs and is based on Horndés met hod f

(Horn 1987)

The first step is to compute the centroids of each point ¢lowmhd- :

o = K (2.36)
to ﬁ Lo
-ty -

Then the coordinates of each point in the two point cleudshifted such that the centroids are

at the origins.

Ki K K (2.38)

te to tg (2.39)

This allows separate estimation of rotation and translation. The square error is then written as:
- - NVE IRV FE TP
= 1t K KK el Kt (2.40)

The first andsecondterm do not depend on the registration parameters. Only the third term is
dependent on the rotation parameters appearing in the rotation matrix. So, mingirmies
the maximization of the last term askquation (240).
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K-'|=| L UVWw (2.41)

The rotation matrix is defined in terms of the quaternions to simplify the manipulation of the
equations.

The elements of the rotation matrix in terms of the quaternions is given as:

h n n A cnn AN ¢nn o nn
1 ¢chnA oAn A A A N ¢nn An (2.42)
¢chnn o nn ¢cnhn oAn A A NN

Where the unit quaternion is defined as:
A N 9 NN (2.43)

with the property that its norm is unity

n 1 n n p (2.44)

Using the quaternions, the tenﬁgggggﬁﬁmis simplified to be in the forrfHorn, 1987)

d J
ke g (2.45)
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where the matriX! is constructed from the elements of thess covariance matrix of the two

point clouds. The cross covariance matrix is given by:

Fo

4 is symmetric and is given by:

(2.46)

(2.47)

The quaternion vectoa that maximizes the terij 4 is the eigenvector associated with the

largest eigenvalue of the matdix

After estimating the quaternion, the rotation maﬁijs constructed fronfequation @.42), and

the equation below is used to estimate the translation vector.

1ts
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Chapter 3Heterogeneous LIDAR Data Fusion

The first and most importaptocessafterthe removal obutliersin theLIDAR data is registration
of the scanswhichcombiresall the LIDAR data to one specific coordinate system. The focus of
this chapter i®n the fusion oheterogeneous LIDAR data via automatic/manual registrafiais.
chapter discuss the registration of homogenous and heterogeneous LilaR More
specfically, the following types of LIDAR datareused as part of the registration process:

1. Airborne LIDAR data

2. Longrange TLS data (for outdoor scans)

3. Shortrange TLS data (for indoor scans)

Airborne LIDAR strip data are usually integrated into one paind they typically have relatively
large spatial error compared to TLS data. On the other, aolTLS scan neesito be registered
to a common coordinate system. Homogenous data registered automatically, while
heterogeneous TLS datae registered maually. TLS data are then georeferenced and fused

automatically with airborne data using the ICP algorithm discussed earlier.

3.1 Homogenous LIDAR data registration methods

The process of registration of of¥C to another is simply the process of transforming the

coordinate of the firsPC to the second one. The transformation parameters (also known as
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registration parameters) consist of three components of a translation vector and three rotation
angles. To egtate these registration parameteslieast three neoollinear matching pointé
Vosselman and Maas 201éndthe application oL.S for parameters estimati@ne needed
The registration process is called manual registration if the matching points are selected/manuall
andis automatic registration if the matching paistre selected automaticallyibthe registration
parameters are estimated via a different (automatic) melindmhth cases the estimation of the
registration parameters might be inaccurate if:
1. The matching poi nt s 0 sisaecurgemmatchiogpoingsr ocedur e
2. The number of matching points is small compared to the number of point cloud data points.
In order to enhance the registration procéiss, standard ICP algorithifdiscussed earlier in
Chapter 2) is used to decrease the relative distance betines@mrresponding points in the two
clouds.

In the following subsections the manual registra@omn automatic registration algorithsrare

discussed in more detailhe ICPalgorithm was discussed earlier in Chapter 2.

3.2 Manual Registration

The manual registratiosf two scanss based on the choice of at least threecmhnear matching

points in the two scans. Frotine three points, nine measuremewmfuations are geneeal, from

which the LS problem to estimate the transformation parameters (three rotation angles and three
translationstan be solved

Let the first point cloud be named PC1 and the second be named\P@&ching point)  will

have thecoordinates & hdfd  in P C 1 16cal coordinate system angill have the coordinates
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ORORD i n  Plecal&asordinate systenwherethe subscriptQ pheE refers to the first
matching point, the second matching point, atal¢ is the number of matching pa@m

The measurement equations imatrix form for each point are:

(3.1)

whered 1 [kl is the rotation matrix which defines the orientataiiPC2with respecto PC1

and is given by:

AlA% A O AIQ Ok OIG AlAR Ok (3.2)
47 ekl Akl AR  AQ O AIQ A Al Ok
o A% A A%o

The vector ahuhx s the translation vector between the two ®@®rdinate systems (which is
simply the coordinate of therigin of the PC2 coordinate systetescribedn the PC1 coordinate
system).

The above transformation equations can be writteagonany matching points as neestdeast
thre@ with theknown coordinates in the PC1 and PC2 coordinate systems.thbeS equations

are used to solve for the tisformation parameters using:

o R Almdr (33)

o o e (3.4)
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where
e is the vector otheunknowns (registration parameters) from iteratiéh
#e is the estimated correction o

Fu iS the covariance matrix of the measurements.

The measurements are considered to be uncorrelated, thergfoae be written as:

e » E. . (3.5)

where, is an gpriori variance factorSuppose in the procedure of manual selection of matching
points, thee wrong point is chosen instead of the correct one. The radius of all the neighbouring
points surrounding the correct matching point from all directions is considered to be the error
radius of the measurement. The numerical value of this radius is the same as the average point
spacing of the point cloud. Hence, the average point spacing can be considered as the most
probable error value in the measurement. Hemeeapriori variance faair can be choseasthe

value of the point spacing of the point cloud.

The matrixg is the design matrix, which is the Jacobean resulting from differentiating the

measurements with respect to the estimated states.
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In the Jacobean matrix derivatives of the rotatr@trix elementsthe rotation angles are non

linear. Table3-1 liststhe elements of the rotation matrix with respect to the rotation parameters:

Table 3-1: Derivatives of therotation matrix with respect to therotation angles

TT‘I_T Tt TTi T TTi % ATIO
TT‘IT i TTI—" | TTi %o ATlA
% i TT1|| | TTi %o ATIO
TT‘T . TT‘ L TT‘ _ ol

TT"W 1 TT'—" 1 TT‘ _ odi
TT‘T 1 TT'—" 1 TT‘ _ odi
TTiw m TTI i rITl‘_/ AT
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The elements iffable 31 can be used in establishing the elements of the design riadsx

shownin Appendix 1.

3.3 Automatic Registration

As discussed earlier in this chapter, the automation of the registration process can be achieved
either with automatic selection of the matching points or by using an automatic method to directly
estimate the registration parameters without matching peatestion.

A great deal of dvelopmenteffort has occurred in the last few yeds the sake of automating

the process of registratioBxamples of such development include the work conductd@ag

and Lichti, 2008)(Barnea and Filin, 2008{Forkuo and King, 2004fWeinmann et al., 2011)

In this section a new algorithm for fast automatic registration is introduced. Tieeeddes
between the new algorithm and other recent algorithms are presented and why the new algorithm

is more efficient.

3.3.1FastRegistration using PC tdPixels Mapping.

The proposedewalgorithm (nethod is faser than many other methosceit doesnot require
PC organizatior photogrammetriccollinearity,solutions. In the proposed methagyneto-one
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direct mapping from ofvir PC coordinates toow fto  image coordinatess performed The

image created could [RGB image utilizing canra information oranintensity image when a
camera is not attachédthe scanner. The ofie-one direct mapping is very simple in formulation

and does not require organizing the point cloud as in other algoriomstaryto algorithms

using photogrammat methods such as collinearity and coplanarity equatlmatsequire a large
overlapping areahe proposed algoritheoes natThe algorithm also wodwell with panoramic

and norpanoramic scans.

Contrary to the work done b{Weinmann and Jutzi, 2018nd (Weinmann et al., 2011}he
proposed algorithm does not require organization of the point cloud. It is known that organizing
of the point cloud will slow down the algorithniBarnea and Filin, 2008)sed a similar metlib

but they performed a transformation from tiidudtr coordinates to” fsfi— then used %6— to
generate a panoramic range image with intensity as range. Then they used an operator nramed max
min operator to detect corner features in the images pfoposed algorithm of creating an image

from the PC is on¢o-one (i.e. afuftr are directly mapped to image coordinates and no need to
use spherical coordinates). Moreover, in the work d@enea and Filin, 200&8he authors used

the range as pixel valueBhis is sometimes misleading when applying a general image matching
algorithm (such as SURF) because points with the same range will have the same pixel values
even though they are not identical in reality. In the new algorithm, the intensity or the RGB
information as stated above are used.

Compared to other methods in which photogrammetric techniques were used, the proposed method
is simpler. Some authors, such(&rkuo and King, 2004and (Moussa et al., 2012)sed the
collinearity equation to baegroject the 3D points in the point cloud to their 2D image points.

(Weinmann et al., 2011)sed the Efficient PerspectivePoint (EPnP) after using the scale
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invariant feature transfm (SIFT) matching algorithm to attain a 3D to 2D correspondence. Other
authors, such agAlavianasir and Fraser, 200&nd (Mohammed et al.,, 2014also used
photogramretry to estimate the initial relative orientation between point clouds. In general,
photogrammetric techniques require more complexities of the algorithm and require large
overlapped area in the images taken by the camera attached to the scanner.

The promsed algorithm is robust since it works with any type of laser scanner data with short
range and longange laser scanners and indoor and outdoor mapping.

In order to claim that the algorithm is fast, the average runtime for the coarse registration is
compared with the average runtime of other algorithms, which are known to be relatively fast.
The algorithm was tested on different types of data and showed to work efficiently in a total
runtime for the coarse registration ranging between 6 second$Ossetondson point clouds
consisting of hundreds of thousands or millions of points, accordindpetoscale usedin
(Weinmann et al., 2011lhe average runtime for registration is about 18 seconds on data consists

of 225,000 points.

3.3.2Registration algorithm

An illustration of the proposed automatic registration algorithm is showkigare 3-1. The
corresponding points in thtevo PCsare chosen using the PCRixel Mapping algorithm witha
SURF matching technique. These points are used as matching points for the determitiagion of
initial registration parameters atige initial alignment betweethe two PCsThe last step is to

apply the ICP algorithrto the two prealignedPCsto enhance the registration.
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Figure 3-1: Automatic registration algorithm.

3.3.2.1Creation of 2Dimageg~rom 3D Point Clouds.

Dependingn thelaser scanner used collect thelaser datathe 3D points are either of the form
N oftdBhYROD  orf) ohohoio. Where YR  stands respectively for thied, green andlue
values of the colour associated with each point, @iands for the intensity of the returnieder
beam Both RGB andntensity information arsometimesncluded in the point cloud.

The 3D points can be represented in a 2D image by excluding one of the coo(@zmizesg)

In fact, since the point clalis a mapping of surfaces of real objects in the space, the three
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coordinatecomponentf point ] ofudtr are not needetb determine such point. If only two
coordinatecomponentsre known the third component can be determined edmsilytilizing the
fact that for each twooordinatecomponentsf a point on a surface, the third component is unique.

Figure3-2 illustratesthis concept.

P3(x1, ¥3,21)

Py(%2,¥1,21)

A ()6.1_'_3_"1-_221) o

Figure 3-2: Uniqueness of thehird component on asurface.

Figure 3-2 illustrates that a point on the surface of an object can have only one unique third
component, if the first and second components are determined. This is true only on the surface of
the object, while insidéhe object the third component is changing in 3D space. Since in any
application including Terrestrial Laser Scanner (TLS) only surfaces are madppeasbnstraints

stated abovean be imposed

With this concept in mind, any 3D poican be mappetb a 2D point by choosing two of its

coordinatecomponerg and excluding the third one. the case of nospanoramic scans of TL.S
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the ofx or ofii componentgan be useth the proposedhappingalgorithmin order to shova
side view of the object instead @plan view.

In the case of panoramic scans, it is better to eliminat@&tt@nponent and show the plan view
of the scan as an imageliminating the z component is necesshgcause the scan points in
panoramic scanare divided into two half spheres irhigh each two vis-vis (points facing one
another) sharthe same i or ot components pair but never share the sashe pair.

The oftx hady or ahw coordinatesaremapped to the index of the image matrix and the value
of the pixel inthe image at that indag the RGB or intensity value. That the image pixel with

indices ot is written &:

Qo YOS (3.7)

More information about image representation can be fouff@onzalez and Woods, 2006)

3.3.2.2Scaling the point cloud data

Each @ o pair ofindicesin the image matrix must hagepair ofinteger valus. However the
ofudtr coordinates in theCare of decimal valuedt also can be sedhat these coordinates are
measured in meterso the values are in the range of tens or at most few hundredsters,

whereas an image of NIP resolution has aw o coordinate (indices) up to a value of 1,024

Hence, thé>Ccoordinatesre scaled to fit into an image with integer image coordinates that have

higher values than the PC coordinates. The paintise PCare multiplied by a scale factor and
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the result is rounded so that the mapped pikalge integer valueshe rounding errothenis

within the order of the point spacing (j.eill not be effective).

The scale factor value is chosen dependimghe point density of the point cloud and the accuracy
required. For example, if a poirst consideredvith one of its componest1.149 m. If the scale

factor is choseras 10, then the value of # component after roundinig 11m. This valueis
mappedo the pixelcoordinatesSuppose that that point was sel
selection algorithm (SURF). Thointt s p i x e | are thenrredarserapgpeddadts real

space coordinase The value of its component mentioned above (1.4B ppa after reverse
mapping, whictmeansthatt 8xb dwere lostduring the rounding procesSimilarly, the value of

one of the component equal to 1.151m is mapped in an image to a coordinate of 12 and is 1.2 m
after reverse mappingn other words, acale factor of 10 will lead to inaccuracie to the
rounding erroup to~5cm a scale factor of 100 will lead tnaccuracy due toounding erroup

to ~5mm,etc Maximizing the scale factor therefore will minimize the rounding errors.

The problem withincreasing the scale factor is that although it minimizes the rounding error, it
creates empty space (pixels with white values) between the pixels corresponding to the 3D points
These pixels are artificial (could be thought of as noise). In these pixels might lead to
inefficiency in the matching algorithm. Furthermore, usiigrger scalevould requirea larger

image size anddditionaltime for image creation. On the other harmyér scale values wuld

lead to aapidlycreated but coarsmage.Figure3-3 andFigure3-4 show thdlifference in images
created with scale factor=100 and, i€spectivelylt can beseenfrom the two figures that the
image with scale=100 is of high resolution but has empty white pixels (noise) among the coloured
pixels. On theother handthe image witlscale factor=10 has no empty pixels but its resolution is
low. A good technique for selecting the scale factor is to choose it as the reciprocal of the point
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density (point spacing) of the point cloud in order that the rounding error is less than the poin
spacing. For example, a scale fadtor p Tt eorresponds to a PC with point spacingco 8 As

discussed above the rounding error resulting from this scale factor is within 5mm.

Figure 3-3: 2D image createdrom the point cloudfor a scanned buildingwith TLS and

scale factor=100. The imagé&as fine resolution.

Figure 3-4: 2D image createdrom the point cloudfor a scanned buildingwith TL Sand

scale factor=10. The imagéas coarse resolution.
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3.3.2.3Shifting the point cloud data

The origin of the PC is normally the origin of the local coordinates system of the TLS. When
mapping these points to the imagdich usually aréocated at one of the corners of the image
with the ramainderof the image empty. In order to overcome this issue, thes Bfiftedso that

its origin is at the origin aheimage.

First, the centroidsre computedasshown in( Vosselman and Maas 2010

(3.8)
o £ o
3
(3.9)
o £ o
£
' o ' (3.10)
a — a
2 2 2
Then the coordinateare shiftedsuch that:
W W o (3.11)
W W W (3.12)
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a o « (3.13)

Figure3-5 shows an image created with@sghift in the 3D coordinates. It can be compared to

the one irFigure3-4 in which the shift in coordinates was applied.

Figure 3-5: Mapped 3D points to 2D image without origin correction.

3.3.2.4The Mapping Algorithm

The algorithm used to map the 3D paintey Ftohd  in the point cloud into a pixel in the 2D image

with a scald can be summarized with the following equations:

~ ~

0 ool 0 OO d (3.14)
(3.15)

0w 0
O O O (3.16)
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O @ a (3.17)

o g - (3.18)
C
W

o o & (3.19)
C

Qo Y6 (3.20)

where0 is the scaled 3D pointg o~ are the pixel coordinates,is the number of rows in the
image, andbis the number of columns. Equation2@. can be used with intensity values instead
of RGB colour.

The reversenapping from image pixels to 3D points is straightforwasithgthe above equations.
Only a 2D pointis obtainedrom these equations. A simple search in the point cloud will retain
the third coordinate of the 3D point. If multiple third coordinate valgse from this search

(whichmaybe very close), the average of these vainag be taken

3.3.2.5Surf Algorithm

After creating two images from two partially overlapped point clasddiscussed abowdetecing

the common features in both imagesecessaryl he pixelvalues of the features in the two images
are used to obtain the matching 3D points in the point clouds. SWipired by the Scale
Invariant Feature Transform (SIFT) algoritifbowe, 1999)and(Lowe, 2004)is the mostvidely

usedand efficient algorithm for image matchin§IFT and SURF both provide a scale and rotation
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invariant detectors for corresponding points in images. How#verSURF algorithm is much

faster than SIFT.

The corespondence between images can be obtained through three steps (detection, description,
and matching). Irthe SURF algorithm, a detector naméEast Hessiamrelies on the integral

images to reduce the computation time. Also the number of dimensions @s¢idfnis 64 instead

of the 128 used in SIETtherebyreduaeng the time while increasng the robustness. More
information about SURF can be found [{Bay et al., 2008and(Bay et al., 2006)

In this problem,it is obvious thathe orientatiorand the scalarenot fixed between the images
created fronthe point clouds to be registereahich iswhy SIFT and SURF are good choices.
However, since the process of registration is time consuming, a fast algorithiimefor

corresponding points detectigneededwhich males SURF a better choice over SIFT.

3.3.2.6Estimation of the registration parameters.

For the estimation of the registration parameters from the matching points, the same LS used in
the problem of manual registration is used noke only focuss the values ofheelements ofhe
variancecovariance matrix of measurements. The values selected are very dependent on the scale
factor used to map 3D points inBD image coordinates As discussed aboyéhe scale factor
determins the rounding error ahe point cloud. A scale factor of 1for example would lead to

a rounding error of 5 cm in each of the two dimensiofserefore,each pixelwould have a
roundingerrorQ 18t T @ L.

Another source of erreiin the measurements (matching pointesebn)arisesfrom theimage

matching algorithmWhena pixelin an images mistakenly matched with another pixel in the
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neighbourhood of theorrectcorresponding pixeh the otherextra measurement errcan occur

If the mistakenly matched pixel s pixels away from thecorrectpixel, then the errois 0
multiplied by thesquareroundng errorQ arisingfrom the scale factobecause each pixel is
associated with a rounding error as discussed earlier.

So if f, is the variance covariance matend, is a priori variance factor such that

o » & . (3.21)

Then, QU
Here¢ is the number of the matching points (observations).
The estimatd parameters will lead to a coarse alignment between the two PCs after applying the

transformation equatiomefining the registration parametédislows using the ICP algorithm.

3.4 Integration of ALS, Outdoor TLS and Indoor TLS.

In order toobtain afull view of 3DBIM models with less occlusioit,is necessary ttuse all the
possible data collected by different types of laser systems. Typit@lijulti-laser data fusign
indooroutdoor data fusiors first completedfollowed by airborne/terrestrialatia fusion which

is described in the next subsections.

3.4.1Registration of Indoor and Outdoor TLS data.

The indoor TLS data were collected with a shrarige TLS, while the outdoor data were collected

with a longrange TLS. The registration of indoor amatdoor PCs is accomplished in two steps:
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1. Manually select matching points in the overlapping areasrderto have a rough
estimation of the registration parameters.
2. Apply the ICP algorithmn orderto estimate bettaegistratiorresults.
The ICP algathm was discussed in detail in Chapter 2 and manual registration was discussed

earlier in this chapter.

3.4.2Georeferencing of TLS Data

Georeferencing transforsithe points in the TLS PC from the local coordinate system td/tB8

84 coordinate system. Tap this, the georeferencing proble&an be thought odis a registration
problem and finohg the points in the PC with known WGS 84 coordirsstéadtherebyfind the
transformation parameters to transform the PC to the WGS 84 coordinates system. The WGS 84
coordinates of the points selected can be determined using surveying techniguesa{esttion)

or GPS positioning. Thiarger the number of points, e more accurate is the georeferencing.
Consider the points in the Pi@vingthe coordinates@hwhy in the local frameof the laser

scannerand having coordinates® hd hd  in the WGS 84 coordinate system. The

transformation equation is:
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& o (3.22)
[A) 47 el @ A

As mentioned in the manual registration problenis the rotation matrix ardj is the translation
vector.This problem of transformation can be solwed similar way asthe registration process

by using LS where at lea#itreenon-collinear points mudbe selected.

3.4.3ALS and TLS Data Fusion

Since TLS data are georeferenced and ALS data are typically obtained georeferenced, the ideal
situation is that these two sets of data align perfectly. However, due to errors in the airborne
LIDAR data arising fronthe trajectory interpolation, range, and angles errors, which increase with
large distance, there can be a discrepancy between the sets of data. Therefore, the ICP algorithm

discussed earlier in Chapter 2 is used to accurately align the TLS PC and tRE€ALS
3.4.3.1Notes n Divergence in ICP and Singularity in LS.

Since the data are all georeferenced, the (N, E) coordinatedange values (typicallyn the
order ofp m). In general, this is not a problerout the standard ICP algorithm requires the
computation of the rotation matrix first atittencompuation ofthe translation vector from it and

the original point cloud as in the equation:
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K K dtg (3.23)

The term=| t is very sensitive since a small error in the rotation métriixmultiplied by a very
large value of the vectdy, . Thiswould magnify the errgrand the resultant translation veckor
would havean incorreciestimated valueThis incorrecttranslation vector can cause the error to
propagate with iterations such that the ICP algorithm diverges with time.

In fact, large numerical data are the source of another problem arising in the LS problem. When
working with large numerical values (e.@,register a PC to another georeferenced point cloud),
a singularity (or near singularity condition) will normally appear in the LS estimation and a
divergence will occur in the ICP method. ®iegularityappearance in the LS method is important
becausehe design matrixtherwise would beither sparse or incledlose to zero entries in the
diagonaland huswould hawe adeterminant equal or close to zero.

In order to overcome ¢habove tw@roblens, all the dataare shiftedsuch that the values of the
coordinates aren theorderof 10m or 100m. After solving for the registration parameters, the

earliertranslationcan be subtracted
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Chapter 41LIDAR DATA PROCESSING FOR 3D MODELING

This chapter is dedicated to the processing of registered fused LiDARfatathe sake of
generating a 3D building model. This process starts with the classification of LIDAR data to
identify ground, buildings, trees, and vehicles. A Digital Terrain Model (DTM) is first generated

in order to isolate the ground from other olbgeabove it, such as buildings, trees, or vehicles.
Then, the PCA is used to discriminate planar features (e.g., building facades) from linear features
(e.g., edges) and scattered features (e.g., trees). Since attaining a 3D model of buildings is the goal,
the plane equation is applied to identify each plane in the buildings. The last task is to remove

occlusion in the generated planes.

4.1 Framework of LIDAR Data Classification

In this section the framework for LIDAR data classification folldBadawy et al., 20143nd is
shown inFigure4-1. In this framework DTM generation starts the process to isolate the ground
points from the ofiground points. The ofDTM points are processed with the PCA algorithm

described in Chapter As discussed earlier, the algorithm is able to discriminate between planar

dat a, |l i near dat a, and scattered dat a. Pl anes

their edges, while the trees are identified by the scattered data.
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Processed LiDAR Point Cloud

l

DTM Filter

l

Off-DTM Data

4

PCA

— 1T

DTM Data Planes Edges Scattered Points

Figure 4-1: Classification framework.

4.2 DTM Generation

There are many filtering methods to obtain the DTM from a point cloud, which include
morphological filters, surfacbased filters, and segmedsed filters( Vosselman and Maas
2010. In this thesis, moropological filters were implemented according to the work of
(Vosselman, 2000and (Sithole, 2001) (Vosselman, 200Q)sed the difference in heighiQover

the euclidian distanc@to filter data. In order to compare the points within a specified distance,
the points had to be organizéd a Delaunay triangulation. I(Mosselman, 2000)A height

threshold was chosen so that the difference in height betweepoints with a distanc@should
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not exceed@Qto show that the slope changes thewith distance(Sithole, 2001)made some
modificaions to this filter in order to overcome its inefficiency with no gentle slopes. He modified
the filter such that the thresholdiried with respect to the slope of the terrain. His work was
efficient in the detection of DTMith a steep terrain. However, in urban areas, terrain areas have
gentle slopes between points and therefore his method, with its computational complexities, is not
needed in urban areas where gentle slopes occur.

In this thesis, the work qfVosselman, 2000} modified. The DTM is generated based on the
minimum height in the neighborhood. The point cloud in &dDtree is organized first. Then, a
search is conducted for the local minima in each neighborhood. The minimum height of each
neighborhood is found and compared to all the points in the neighborhood. If the difference
3 "Obetween the minimum height and theight of a point in the neighborhood is lower than a
certain threshold, then the point is considered a ground point (DTM point); otherwise, the point is

an offterrain point. This can be written mathematically as:

A ARG o8N NGde 0 (4.1)

oYO AnNG 68dQ 0 FQ Q1 (4.2)

Wherer) is the point with a minimum height in the neighborh@od) is a subset of the point
cloud 6hand the threshold height'Qis chosen to b&g Q It was found that threshold values
larger thanrm@ Q2 can misclassify some of the vehicles, outer buildings, stairs, and other small
objects as DTM. In order to obtain robust results, the radius étEh&ree search was chosen as

wide as possible ssdo combine the ground points with the neighborhood of wide area roofs.
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4.3 Classification of Off-DTM Data.

Using the PCA algorithm introduced in Chapter 2, the points in the point cloud are classified
depending on their geometrical behaviour. As discuss€&hapter 3, the ALS and TLS data are
fused, which leads to a difference in the density from one location to another. At the end of this
section, a solution for this problem is discussed.

The problem with variable density from one location to anothéaisit may lead to confusion in

the classification process if the neighbourhood search radius is not suitably chosen. The size of the
neighbourhood radius is chosen depending on the geometry of the data as well as their numbers.
For example, in the casetbie roofs of buildings, where data are solely from ALS (with relatively

low density), choosing a small radius may lead to misclassified points in planes as if they belong
to lines. Conversely, if the radius of the neighbourh@dery large, edge pointsnay be
mistakenly entered into the same group of planar points close to them. Hence, a large enough
(suitable) radius should be chosen. The problem with choosing a suitable radius is illustrated below
in Figure4-2.

The neighbourhood is determined with the same method used in the DTM filter (i.e., uding the

D tree data structures).

As shown earlier, the eigenvalugss det er mi n e s chgloep ofgpeirdsmfauxiliary of e
variables ¢ [Q are introduced and are defined as:

(4.3)

I | I
=«
I | I

67



Two threshold values, and| are defined (where the subscripts indicate the line and plane) for

which:
1. If| @ the points have linear features.
2. f® & Q ® , the points have planar features.

3. The points have scattering features otherwise.

> Linear edge points

Extra large radius mistakenly
include edge points with the

planar points \

Small Radius mistakenly
classify points as linear. Large Radius will classify

points as planar.

Figure 4-2: The consequences of choosing different sizes for theighborhood radius.

The following should be kept in mind while working with PCA:
1. PCA cannot be considered as a fully automatic algorithm for classifying LIDAR point
clouds. It depends on the parameterand and their thresholds; but if the sameides
and the same characteristics (e.g., point density and working range) are used for their point
clouds, then the thresholds would be the same because these threshold values are dependent
on the covariance matrix of the point cloud in a certain neigiioamad. The number of

points in a covariance matrix and their geometry decide what values of the threshold are
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used, but the number of points in the covariance matrix is dependent on the point density
and other characteristics (e.g., sparsity of the poaitf)e laser scanner device. In other
words, the threshold values of classification using PCA are dependent on the device and

the data generated for the same objects can be the same if the devices are identical.

. PCA will not have a 100 % correct class#tion result because the neighbourhood radius

contributes to the error in classification as showRigure4-2.

To correct the incorrectly classfil points, a neighbourhood similarity filter (similar to the region

growing filter) can be introduced. In this filter the linear and scatter points and their neighbouring

points are checked, and a decision for a point is made according to the followsg rul

1.

A point misclassified as scattered is considered linear if the majornigighboringooints

are planar (i.e., the point is an edge of a building).

If the number of planar points surrounding a scattered pointligP , then the point is an

edge point.

If the number of scattered points ) 76 and the rest of the points are planar, then the
point is a window point.

If the point is a scattered point and surrounded only with linear points, then the points are

tree leaves with the linear points being the branches of the tree.

4.4 Building Modeling Using Plane Equations.

Modeling the indoors and outdoors of a buildirgtst with determining the planes of the building.

After using PCA to distinguish the planar points from the linear and scattered points, it is necessary
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to form the plane equations for each plane (walls or roofs) of the building. The plane equation is

given by:

EW £ £ O (4.4)

This equation actually defines the normal to the plane, where the unit vgctore e R is
the normal vector on the plane, the parameteefines the shift of the plane from the origie
parameted is the scalar product of the normal veotgrwith the translation vector 6 fo fx

from the origin of the coordinates system to the plane. This is shokgure4-3 below.

(n.XI nyv nZ)

Figure 4-3: Plane equation and relation to the normal to the plane.
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The parameterst ¢ & define the parallel planes with different centers, and the parameters
¢ R & R define a unique exact plane. To determine a plane, at least three nonlinear points
are needed to determine the normal vectofe F¢ . The parametds is then determined from

the following equation:

EW €W €W O (4.5)

Where the pointd RdRD  is any point in the plane, possibly chosen from the points selected, but
it is recommended to be chosen as the center of a mass point.
The LSalgorithm is used to determine the parameterée R R . The mathematical model in

this case can be driven from Equation (4.4) as:

o Lo ta tao (4.6)
3
Or
O 7T 1 ® 7 4.7)
Where the parametdrs —1 — andl —.

The LS linearized form can be expressed as:

@ O © p T (4.8)
é € € € 7
W O O p T
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Where the design matrix is:

(4.9)

=l
8 ('D)S
€ o, E°
© MmO

After estimating the parametérsfi fi , the parameters R [ can be retrieed from the
following equations:
E & & (4.10)

In combination with the equationsfof andf and .

4.5Plane Edge Determination

In order to obtain a complete view of a wall or a roof of a building, it is not enough to determine
the plane equation for that buildingds wall
unlimited plane. To limit the plane to the real wall orfragomust be bound with their edges. One

way to do this is through deriving the linear equations of the edge points surrounding the plane as
in the case with plane equations. However, there is an easier method. Using the classified data, the
points can bdabeled with the planar, linear, and scattered features. Hence, for each determined
plane, a search is conducted in its vicinity for points belonging to the very close set of edge points

(illustrated inFigure4-4).
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Search radius of a point P; determines its Linear points (edges) surrounding the plane
surrounding linear points

Points forming a plane

Figure 4-4: Search for linear points in the vicinity of planar points.

Since there are linear points in the vicinity of a plane which define the eéigieis plane and

other linear points (also very close) but which belong to the edges of other neighboring planes,
these points must be excluded from the search results. So, the condition is imposed on that set of
neighboring linear point§ close to he plane poinfy by . The points in the sét are in a

radius] from the pointy . The set of edge poinfs consists of the point§ that belong taj

and satisfy the plane equation.

6 AN00sdRR AT (4.11)

O ANOOBH "0 ARG £/ 6 Q6 6 (4.12)
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Window edges

Figure 4-5: Linear points surrounding the plane. The lines in orange are lines in the
vicinity of the plane and define its edges while the lgs in red are in the vicinity of the

plane but define the edges of another plane.

Figure4-5illustrates an example where the plane in blue is surrounded by orange linesrthat w
determined by the equations above. The red nesdd are inside the neighborhoods of some
pointsin the plane, but only poinfs andn satisfy the plane (in blue) equation. Also, the edges

of windows or gaps in the plane are surrounded with lines. There are two advantages of this

algorithm to select the edge points in a certain plane:
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1. It candetect all types of linear features (edges) surrounding planes, such as circular or even
curved edges. This could be useful for detecting the bounds of walls that arsitapee in
which straight line equation fitting would fail to determine their cdredges.

2. It can detect interior and exterior linear features. For example, it can determine the edges of
wi ndows | ocated inside a wal/l (interior e dc

(exterior edges).

4.6 Occlusion Removal

After detecting buildings, it could happen that some significant parts of the building walls are
occluded by objects such as trees or vehicles. To retrieve these occluded parts, an algorithm similar
to the one used in the automatic registration procesassisd in Chapter 3 is used. The algorithm

is based on mapping 3D point cloud data to 2D images, then painting the occluded areas in 2D
images, and finally retrieving the third component of the newly introduced points with the same
algorithm as before.

(Salamanca et al., 200@yoposed a similar method for filling holes in complex objects like
sculptures. His work was an extension of the work don@&bth and Black, 2005yvho proposed

an algorithm named AMarkov Random Field I npai
(Salamanca et al., 20Q8his algorithm was extended to include 3D point clouds. The algorithm

of (Salamanca et al., 200@ps used in occlusioronstruction in(Xiong et al., 2013)

The difference between the proposed algorithm and the algooittiSalamanca et al., 200B)

that the depth information (third coordinate) was used as a numerical value for the pixels in the

generated 2D image, while in theoposed algorithm the pixel value is obtained from the RGB
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information or the intensity of the laser beam. The methogBalamanca et al., 2008an be
helpful in he construction of highly geometrically complex shapes (like sculptures) in which the
differences in depth can show differences in the image from one point to another. In the case of
planar objects, the depth information is insignificant as it is almessdame along the plane. In
the proposed algorithm, as shown earlier, the intensity or RGB information are used as pixel
values, which allow the retrieval of more realistic planar shapes.
The detection of gaps or occlusion could be done manually or autahyatin fact, these gaps
will have pixels with the same values as the background image (usually white pixels). Upon
selecting these gaps, performing pixel insertion in the 2D image follows. These pixels would have
the same values as their neighboringnfs For example, if part of the building is blue in color
with gaps white in color, the gaps are filled with blue pixels. The 3D point corresponding to these
points is generated with the inverse map (i.e., from the image pixels to the 3D point cleud). Th
third component can be determined by one of two solutions:

1. Averaging the third component of the neighboring points.

2. Applying the plane equation associated with this plane and solve for the third component.

The overall algorithm is shown below figure4-6.
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3D occluded plane 2D occluded image

f
.

3D plane with occlusion removal 2D image with occlusion removal

3D points to pixel mapping
R —

Reverse mapping

Figure 4-6: Occlusion removal algorithm.
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Chapter 5Results and Discussions

In this chapter the results of the laser data registration and processing are described and examined.
Each section consists of visual and numerical assessment of the obtainedAemsdtsiption of

the test datés providedin Section 5.1. Section 5.3 ia discussion of the results of homogenous
outdoor data registration, homogenous indoor data registranadnthe fusion of ALS/TLS data

which isthenused inthe fusion ofthe outdoor/indoor laser data. Section &3ledicated to the

results obtainedrom the DTM extraction algorithm. In Section 5.4 the segmentation and
classification results based on the PCA algorithmpaesented alongith visual assessments.

Plane models of buildings and occlusion removal are discussed in Section 5.5.

5.1 Test Data

The data used for testing the developed algorithms are of three different types; mainly ALS data,
longrange ToOFTLS dataandshortrange PS TLS data. The data were captured over an area of
abouto man ¢ matatthe University of Calgarya plan view ofwvhich is shown inFigure 5-1,

and the specifications of each of the data setprangded inTable5-1.
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Figure 5-1: Test site (image taken from Google Earth version7.1.2.204)

Table 5-1: LIDAR data specifications.

ALS ToF TLS PS TLS
Device | - ILRIS-HD FARO
Original Point Density ~p m Ofd& ~p TUTU I GFE ~C L TT TOJIORD
Range | - Up to 1250m ~ 80 m (effective 20m)
Range Accuracy | = - Amm7mm @ 100m +2mm
Subsampled Point Density| p m of& ~T TUNE OFé@ ~p TUTTIf GF6&
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5.2LiDAR Data Fusion

5.2.1Registration of Longrange TLS (Outdoor) Data.

The SAG data around the buildings the test site consist of ten scans; only seven of them were
chosen as the other scamare redundant in the test area. This subsection will include only a test
of the algorithm othe automatic registration of scang&igure5-2 shows thanatching features
between two images generated from the two point clouds at ab$sateb0.Figure5-3 shows the

actualbuilding (CCITBuilding at theUniversity of Calgary).

Figure 5-2: SURF algorithm for the RGB images using scale s=50.
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Figure 5-3: CCIT building at the University of Calgary.

The numler of matching points for the two images wasTable5-2 is a sample ofive selected

matching points in one image and their corresponding matchdbhe otherimage with
their & o . In Table5-3 the 3D points in PC1 and PC2 are listed with the estimated second

coordinatecomponentn red.
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Table 5-2: Pixel coordinates of matching pointsn the two test images.

e__coordinate of first | «_ccoordinate of first e__coordinate of « -coordinate of
image (pixels) image (pixels) second image (pixels)| second image (pixels)
511.64029 280.3762 378.658 260.066
312.63976 845.5428 226.236 833.6579
651.555448 269.605367 391.480 249.746
309.550779 888.4595 221.618 865.462596
625.66168 269.91819 361.5549 250.22252

Table 5-3: 3D PC points corresponding to the two images after reversmapping. Red

columns represents the estimated secomordinate component.

e of PC1 (M) | « of PC1 (m)| »of PC1 (m)| @ of PC2 (m)| « of PC2 (m)| » of PC2 (m)
5.5582 57.955 16.292 25.16258 53.6289 17.154
2.5097 63.760 4.8203 21.18257 55.40787 5.85084
5.8146 57.3890 16.4986 27.96088 53.24868 17.36959
24174 63.8561 4.1843 21.120787 54.91823 4.99250
5.2161 58.6698 16.489 27.44300 53.31944 17.3633

in Figure5-4.
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The LSsolutionfor the rough registration parametgrsldedthe registration parameters listed in
Table5-4. Theseparametersvere usedo roughly align the registered scan to the reference one.

Because these are rough registration parameters, misalignment between the tiscappament



Table 5-4: Coarseregistration parameters using PC to Pixel mapping algorithm.

o [ « O » O oJ |~ J a4 J
-54.8409| 48.2917| 2.4222| 2.7671| -1.3969| 53.8018

Figure 5-4: Rough registration results after estimation of the registration parameters.

After applying the ICP algorithm, a fine alignment between the scaas obtained. The
registration parameters obtained from the ICP are the errotheirestimated registration
parameters using the automatic registration algorithm (wheredistration parameters alied

from thelCP were used as a reference solution). The registration parameters of the ICP algorithm

areshownin Table5-5.
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Table 5-5: Errors in the estimated registration parameters of the automation algorithm

(ICP registration parameters)

o [ « O » O o J BN a4 J
-3.019 | 0.963 | -0.6745| -0.5649| 1.6653| 3.61917

The final registrationresuls are visually shownin Figure 5-5. The blue color represents the
reference point cloud, while thred colorrepresents the registered ohiecan be shown that the

data are perfectly aligned to each other.

Figure 5-5: Accurate registration after applying ICP algorithm.
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The same algorithm asapplied to theall thescans, leading to the complete modeling of the

buildings as shown iRigure5-6.

Figure 5-6: Full registration of the long-range outdoor TLS data using the automation

algorithm.

5.2.1.1Notes about ICH olerance

In the standard ICP algorithm, some authors use a value for the Root Mean Square Error (RMSE)
as a tolerance for the iteration. However, it was found that the RMSE is dependent on both the
point spacing of the point cloud and the search radiuhefkD tree used. Since a perfect

alignment is needed, no further translation of the registered point cloud was obtained; therefore,
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the values of the translation vector entries at each iteration then were compared against a certain

tolerance value, whitwas set to be as small@gt

5.2.2Registration of Shorrange TLS (Indoor)

The same PC to pixels mapping algorithm was applied on data colfectdek interior ofthe
CCIT Building at the University of Calgary using the Faro laser scarpt@tos of viich are

shownin Figure5-7.

Figure 5-7: Interior of the third floor of the CCIT building at the University of Calgary.
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Figure 5-8 shows the plan view of thenterior of the third floor of the CCIT Building with the
SURF matching algorithm ressalt Thee were 60matchingpoints however Table5-6 lists only

five selected matchingoints as an example to present the concept.

Figure 5-8: SURF result for indoor building (PLAN view).
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Table 5-6: Pixel coordinates of matching points in the two test images for thaterior scans

of the CCIT Building.

e_-coordinate of first
image (pixels)

« -coordinate of first
image (pixels)

e_-coordinate of
second image (pixels)

« -coordinate of
second image (pixels)

327.34438 347.544446 527.62679 300028
27814986 1674329298 491595765 107.930
3876917 246.903426 60030684 1966397
342.70289 584.348633 564.268945 5351477
319.98664 222.202763 537.3354 1620192

In Table5-7 the 3D points of the two point clouds retrie\aré shownThe red color indicage

the estimatethird components.

Table 5-7: 3D PC points corresponding to the two images after reverse mapping. Red

columns represents the estimatethird component.

e of PC1 (m)| « of PC1 (m)| »of PC1 (m)| e of PC2 (m)| « of PC2 (m)| » of PC2 (m)
-3.743266 | 10.086045 -1.00058 -2.830758 9.052452 -2.0312
-4.150516 8.07200 -1.24 -3.551378 12.8944 -1.1091
-3.862078 9.503 -1.1666 -1.377 11.12022 -1.402
-0.941867 5.981 -0.884 -2.097915 4.35 -1.773%

-1.0544 13.17535 -0.8007 -2.63658 11.8126 -1.726
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Figure 5-9 shows the visual resgltof the coarse registration using the rough registration
parameter®btainedfrom the automation algorithniigure 5-7 shows a photo of the scan area
taken with a normal camera.

In Figure5-9 the greycolor representthe reference point cloud, while the i@mor representthe

registered point cloud.

Figure 5-9: Coarseregistration using rough estimated parameters for indoor scanning.

In Table 5-8 the coarse registration parametars shownn black, while the fine registration
parameters afteapplying thelCP algorithmare in red.The fine registration parameters (in red)

are the ewors in the registration parameters using the automation algorithm compared to the ICP
result as a referencéhe fine registration results usirige ICP algorithmcan beseen in

Figure5-10.
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Table 5-8: Registration parameters with the automation algorithm and the corresponding

ones after ICP

o ] « O » O o J |~ J a4 J
1.5466| -8.44 | 0.028 | 0.78 | 1.055| -1.77
o[ « O » O o J| " J a4 J
-0.0036| -0.075| -0.0116| 0.23 | -1.57 | -1.14

1’;;:5 %

Figure 5-10: Fine registration using the ICP algorithm.

Comparison of the erroshown inFigure5-10 andTable5-8 shows thatheerrors are largefor

the exterior of the buildinthan theerrors for the interior. The reason is thae scan will align
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with another at their centers of masses and steetging when moving away from the centers of
masses, which means that areas scanned with-@dagg laser scanner (larger areas covered) will
have more divergence in alignment than areas scanned with aatgetlaser scanner (smaller
areas)However thewhole PC to pixel automatiadgorithmwasshown in this thesiso be robust

and efficient with different types of data.

5.2.3Limitations of the Registration Algorithm

Though the algorithm is shown to be fast, efficient and robust, like most of registbgarithm
it has some limitations and sometime constraints might be needed to obtain best results. The
limitations of the algorithm are:

1. Different scale factors affect the created image from the point cloud. For example, large
scale adds noise to the ige while small scale decreases the resolution of the image. In
turn these situations will affect the SURF feature matching algorithm. So the scale factor
should be properly chosen.

2. For the algorithm to work, a generated RGB or intensity must be attadtiethevpoints,
ot herwise the algorithm wondt wor k. Nowada
or intensity or both.

3. Outliers in matching points obtained by the SURF algorithm might exist. Therefore,

Random Sample Census (RANSAC) must be used touvethe outliers.

5.2.4Alignment of Georeferenced TLS and Airborne Data

As discusseearlier in Chapter ,3he accuracy of the alignment betweenAh& and TLS data

depenédon the georeferencing results of both data (which can reach 1m for the airborne data).
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Figure5-11 show the coarse alignment betwel@ALS and TLSdata. The ALS datare shown
in blue while the TLS datare shownn grey.Red circles highlight the visible misalignment at the

edges of the building.

Figure 5-11: Coarse alignment ofALS/TLS data (grey color representsTLS data and blue

color represents ALS data). The red circles highlight the misalignment at the edges.

Figure5-12shows theeasults after using the ICP algorithm for registration refinemeialite5-9
the ICP registration parameters are listed, which indicate the misalignment erroe in th

georeferenced data before ICP.

92



Figure 5-12: Accurate registration of ALS/TLS data using ICP.

Table 5-9: ICP registration parameters for ALS/TLS data.

el | «O O | 0 J | J| 43

-0.1%4 | 0.328 | -0.0056| 0.009 | -0.013| 0. 1

From Table 5-9, the positioning error in the ALS data in the Xpane isx & & hand the
positioning error in the elevation error B3t 1T LAY The error in orientation is almost zero.
Hence, the ALS system used for the data acquisition was shown to be efficient with low spatial
errors.

Figure5-13 shows he large BIM project on the University of Calgary campus, mapped using the

fused TLS and ALS dat&igure 5-14 shows the complete scene obtained by fusing stands for
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(Portion de Ciel Visible) was applied to the data to enhance the view. Thisnpkigvailable
with the Cloud Compare softwa(¥ersion: 2.6.1). This plugh shows a virtually reflected light

from the PC for a more realistic view.

Figure 5-13: Large BIM project mapped with fused LIDAR data (bluecolor for ALS data

and grey color for TLS data).
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Figure 5-14: Large area mapped with fused LIDAR data.

5.2.5Fusion of Indoor / Outdoor LIiDAR Data.

In Chapter 3 it was mentioned thiie indoor and outdoor TLS datautd only be manually
registered together. To accomplish this manual registration, corresponding points from the
windows werechoserand used in estimating the registration parameters usingHe®, the ICP

algorithmwasused to refine the registration.
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In Figure5-15 a plan view and a side vieare shown for part of the third floor of the CCIT
Building. Manually selected matching points in the interior of the building are highlighted with

red dots inFigure5-16.

Figure 5-15: Plan and side views of the third floor of the CCIT Building (interior).
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Figure 5-16: Manually selected matching points in the interior of the CCIT Building.

The manually selected points in the exterior of the building are highlighted with red dots in

Figure5-17.

Figure 5-17: Manually selected matching points in the exterior of the CCIT Building.
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These manually selected matching points are providédhie5-10 below. In order to avoid
singularity, the center of mass was subtracted from the georeferenced points, registration
parameters were obtained via LS, and then the center of mass was added agaanslation

vector to the interior data.

Table 5-10: Manually selected matching points in the exterior of the CCIT Building

(georeferenced), and the interior of the same building (local frame).

Matching points of exterior part of CCI1 Matching points of interior part of CCI1
700750.1589 5662671.46| 1126.477 -2.36 -0.369 -0.48
700750.216| 5662669.978 1126.50 -2.299 -1.86 -0.464
700750.28 | 662668.62 | 1126.47 -2.299 -3.31 -0.5
700750.39 | 5662667 1126.34 -2.296 -4.55 -0.5
700750.238| 5662670.07| 1125.3 -2.29 -1.86 -1.55
700750.288| 5662668.56| 1125.3 -2.299 -3.347 -1.55
700750.4 | 5662667.048 1125.2 -2.299 -4.576 -1.65

The rough registration parameters obtained from this manual registration method are shown in
Table5-11, andTable5-12lists the fine registration parameters using the ICP algorithm.
Table 5-11: Roughregistration parametersusing manual registration for indoor/outdoor

registration.

e [
-147.53486 700900

o J
1.1674

« 0
-28.12185662700

» O
1126.968

A J
2.45477

-0.126
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Table 5-12: Fine registration parametersusing ICP algorithm for indoor/outdoor

registration.

o[ «d » O o J . a4 J
0.008 | 0.0062| 0.0063 | -0.06668| 0.298569 0.35879

Visual assessment of the result are showkigire5-18 andFigure5-19, where the outdoor and

indoor laser data of the CCIT Building were fused together.

Figure 5-18: Fusion of indoor/outdoor TLS data (Plan View).
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Figure 5-19: Fusion of indoor/outdoor TLS data (Bird View).

5.3DTM Generation

TheDTM algorithmresultsdiscussed in Chapterade assessed here both visually and numerically

Figure5-19, Figure5-20, Figure5-21, andFigure5-22 showvisuallyhow the algorithm is efficient

in filtering DTM based on height gradient
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Figure 5-20: Off-DTM data generation using the height gradient.

Figure 5-21: DTM as generated using the height gradient algorithm.
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Figure 5-22. Combined DTM (green) data and offDTM data (grey).

Another assessmentdl that proved the efficiency of the DTM extraction algorithm is the

confusion (error) ma t r Kagpa eoeffitientThesconfusons ¢emar)at e d
matrix describes the amount of agreemiesiveen the ground truth and the classified objects

(Badawy et al., 2014)n this context, the classified objects are of two classes, namely, DTM and

Off-DTM.

Table 5-13. The Confusion (Error) Matrix of Classified Laser Data (DTM and OffDTM).

Classified Ground Truth
DTM Off-DTM
DTM (Ground) 317632 1984
Off-DTM (Buildings, trees, vehicles, etc.] 2744 181731
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Table5-13is the confusion matrix of the DTM and @XTM classification. This matrix was based
on two images. The first image is a capture image for the laser data in two colorsywhere
represent®TM and black represents GETM. The second image is a ground truth image based

on visual information from Google Earth. The two images are showigure5-23.

@) " B)

Figure 5-23: (A) Image for the LIiDAR data showing DTM (White) and Off-DTM
(Black) classification. (B) ground truth image baed on visual information from Google

Earth.

The value of Coheén Kappa coefficient associated with thenfusion matrixaboveis|i
1o X which implies anexcellent agreement between the classification and the gtouthd
More information about the confusion matrix and its assoclatdeerd Kappa coefficientan be

found in(Badawy et al., 2014)YMonserud and Leemank992)and(Cohen, 1960)
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5.4 Classification of Above-ground (Off-DTM) Objects Using PCA

Following the PCA algorithm discussed in Chapter 4, itpassible to discriminate objects above
the ground and classify them into buildings, trees, vehicles, and poleslassification results
using PCAareshown from different view angles Figure5-24, Figure5-25, andFigure5-26. In

these figures, the planes aleown inlight brown the tree lavesin green and all the linear
featuresn dark brownFor example, thegles and edges of the buildings kieeledn dark brown

to indicate linear features. Trees brarschee alsdabeled indark brownas they were identified

as |linearo #eee Abbi neafer to straight | ine

lines.

Figure 5-24: Full data classification results (scene 1).

104



Figure 5-25: Full data classification results (scene 2).

Figure 5-26: Full data classification results (scene 3).
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5.5Building Modeling

5.5.1Plane models

The first step toward building modeling was to isolate the planesrasdfrom the data, which
was easilydone as they were already classified using the PCA algorithRigure 5-27 the data
with linearfeatures are shown in dark r&dhe linear features representing the edges of the building

are important as they define the edge of each plane in the building, such that each plane was defined

with an equation and limited by its surrounding edges.

Figure 5-27: Linear features as obtained from PCA.

As discussed in Chapter 4, each plane is distinguished by a plane equation with unique plane

N

parametersahuhudiQ . For each plane, thiast three parametsrdetermine its orientation. In fact
they are the components of the normal to the plane. The fourth parameter determines the position

of the plane. For example, iRigure 5-28 the different planes were identified only with the
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components of their normal vectors (i.e., planes having the same normal (orientation) are labeled

with the same color).

Figure 5-28: Planes identified by their normal vectors.

To identify unigue walls or roofs, the fourth parameter of the plane equation was used, as

illustrated inFigure5-29.
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Figure 5-29: Planes identified by their normals and their positions.

5.5.20cclusion Removal

Occlusion removal is performed using PC to Pixel mapping algorithm as discussed in Chapter (4).
The first step is to identify the plane with occluded areas to be artificially removed. Second, using
the PC to image mapping algorithm, the laser data is mapme2D image. Example of a selected
occluded plane is shown gure5-30. This 3D plane was mapped into a 2D image to facilitate

the occlusiomemoval. InFigure5-31a 2D image is drawn for the 3D occluded plane.
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Figure 5-30: Selectedoccluded plane chaacterized by theparameters =

8h, 8

Figure 5-31: 3D Plane Mapped into 2D image.
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