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Abstract

An overhead power line (PL) corridor area, also known as Rigitay (ROW), is vulnerable to

risks that have dangerous consequencesility operators and their customeesfor example

the 2003 Northeast blackodto mitigate the risks3D modeling of building and PL objects in the
ROW has become a topic of increasing importafide reason is due to the fact that the 3D
models can provide large benefits @ffectively perfoming the PL risk managementFor
example the use of PL models allows us to easily determine a clearance quantity between PLs
and vegetation by simulating a conductor blowout using its sag and swing pasikounse of 3D
building models enables us to gaput more precise thermal rating by considering the effect of
electromagnetic field of PLs near residential arddse research objectives aimed to achieve
thorough the thesis are to develop methods for reconstructing the models of building and PL
object of interest in the PL corridor area framrborneLiDAR data. For this, it is mainly
concerned with the model selection problem for which model is more optimal in representing the
given data set. This means that the parametric relations and geometoject shapes are
unknowns and optimally determined by the verification of hypothetical models. Therefore, the
proposed method achieves high adaptability to the complex geometric forms of building and PL
objects.For the building modeling, the method of implicit geometric regularization is proposed to
rectify noisy building outline vectors which are due to the irregular distributitiD#fR data. A

cost function for the regularization process is designed basédinbmum Description Length
(MDL) theory which consists of two terms, model closeness and model complexity. The cost
function favours smaller deviation between a model and observation as well as orthogonal and
parallel properties between polylines. Nexthew approach, called Piecewise Model Growing

(PMG), is proposed for 3D PL model reconstruction using a catenary curve model. it piece



wisely grows to capture all PL points of interest and thus produces a full PL 3D model. However,
the proposed method isited to the PL scene complexity, which causes PL modeling errors
such as partial, undeand overmodeling errors. To correct the incompletion of PL models, the
inner and across span analysis are carried out, which leads to replace erroneous PL sggments b
precise PL models. The inner span analysis is performed based on the MDL theory to correct
under and overmodeling errors. The across span analysis is subsequently carried out to correct
partiakmodeling errors by finding start and end positions of Rltsch denotes Point Of
Attachment (POA)As a result, his thesis addresses not only geometrically describing building
and PL objects but also dealing with noisy data which causes the incompletion of rmtteds.
practical aspects, the results of PL dndlding modeling should bessential to effectively
analyze a PL scene and quickly alleviate the potentially hazardous scenarios jeopardizing the PL

system.



To God

And to Miyon and my family



Acknowledgement

| would like to thank from my heart to nsgpervisorDr. Gunho Sohn fogiving mehisvaluable
guidance and encouragement throughout this research, as well as funding me as graduate research
associatguring the graduate studilis academic passion hasjired me and showed the way to
where | should go. Most of alhs a great academic role modwed, taught me the scientific way of
thinking with creativeideas and great patience.

| would like to express my deep appreciationrty committee members DBaoxin Hy Dr.

Spiros PagiatakjDr. Norbert Pfeifer, Dr. Minas Spetsakis, and Dr. Regina Leprtniding all

the inspiration and critical guidance toward this dissertation in the limited time they spared for me.
| extend my heartfelt thanks to Dr. CasArmenakis who has always been sharing his expertise
and friendly throughout my research periodm appreciative to Dr. Woosug Cho for his never
ending support and encouragement.

I would like to acknowledgall faculty members, staff and studentsparticular the members of
Geospatial Information and Communication Technology (GeolCT)viab have helped me in
countless ways. Especially, | thank Brian, Bruce, Nakhyeon and Solomon as well as Eleni for
their support and help.

| wish to thankOntarioCentres of Excellence (OCE), Natural Sciences and Engineering Research
Council of Canada (NSERC) Discovery, Mitacs, d@adoDigitial International Inc (GDI), in
particular toAlastair JenkinsPaul Mrstik, Richard Pollock, Konstantin Lisitsyn, Doug Parent,
and Yulia Lazukova for advising me about a corridor mappinggiridg me airborne laser data

set as well aarrangingthe financial support for this research study.

Last but not least] wish to express the deepest gratitudemy beloved wifeMiyon and my

family. They give ma grealove, encouragement, and support for my fulfillment of this study.



Table of Contents

Abstract
Acknowledgements
Table of Contents
List of Tables

List of Figures

List of Abbreviations

sz

1 Introduction é é é é é é

1.1 Motivationé éééééééééeéeéeéeeéeeeeéececeé

1.2 Objectivesofthdhesisé € 6 6 ¢ é e éééé .éeééeéeeééeéé

1.3 Generalframeworké é é ¢ é éééééééée.eeeeeceeéee
14 Contributionse e éeeéeeeeeceeeeeeceeececeeeeceeccee

A

1.5 Thesisoutline é é

N

2 Backgroundé é é é é é

-
D~

eeeééeceeééeceééeccecete

2.1 Powerlinerisk managemené é e e ééeéeééeéeecéeéée.

eeeééeececeééeéeceeééeccece

oD
(¢}
[0
[¢)
(¢}
(¢}
[¢)
(¢}
D
D
(¢}
D
[¢)
(¢}
D
D
oD
[¢)
D

2.1.1 Scenecomplexity of power line corridorareaé é € é e ¢ é ¢ é é €

2.1.2 3D powerline model andits benefitsé é e é é ¢ .é€ é é é e é
2.1.3 3D huilding model andtsbenefitsé ¢ é ¢ € € é .6 € €€ é é é

2.2 Powerline modelingin literatureé ¢ € ¢ é 6 € 6 € 6 € .6 6 é é éé é
2.2.1 Powerline systemoverviewe é .e é e ééeéeeééeéeecée
222 Relatedwork é é é 6 éé e é éécéécéécéécééé.

2.3 Building modeling inliteratureé ¢ é é € € 6 é é € é¢é .ééeééééeé.

2.4 Airborne LIDAR systemoverviewé ¢ é 6 é 6 6 6 ééé éééeéééé.
2.4.1 Relatedfundamentalformulationsé é ¢ ¢ € € € é .6 é €6 é € é é

é

2.4.2 LiDAR errorsourcest é é é é é é

éeeeceececeecéee

vi

vi



Vii

3D building model reconstruction: implicit geometric regularization of noisy building

boundaryvectorsé ¢ ¢ e e e eéeéeeeeeeceeeceeceeceeeceeeeece

s 7z 7

3.1 Introductioné é é éééééééeéeéééécéééeeécéeeeceéecéece..

s 7z 7z 7z 7 z

32 Motivatoné é é éééééeécééééeécééeeéeeeeceéeecee

3.3 3D prismatic building modeling € ¢ e ¢ é € é e é e ééé ééééeéé
3.3.1 Mathematical formulationof MDIé é € é é 6 € é é 6 6 é é é é é
3.3.2 Initial vectorizationé é é € é é 6 6 6 é e ééé 6ééééeéé
3.3.3 Line direction quantizatiod é € ¢ 6 € 6 6 é e ééé é6ééééé
3.3.4 Hypothesisgeneratioh é € € € 6 6 € 6 € é € ééé . é6éééé
3.3.5 Optimal model selectioh ¢ € € 6 6 € 6 € é e éééé ..e6ééé

7

3.4 3D Polyhedral ooftopmodelingé é é é :
3.4.1.1 Roof dementclusteringé é e é e ééeéeéeéeeée

3.4.1.2 Linear nodelingcueextractioné é é é é é é é

3.4.1.3 BSPbasedpolyhedralbuilding model recontructl

3.4.1.4 Model regularizatiorusing MDLé é é é é é é

3.5 Experimentatesulise é e é ¢ e éé e éé .
3.5.1 Comparativestudyé é e é é e éeééecéeecéee.
3511 Datasetééééééééééééééééé.

3.5.1.2 Qualityassessmerd é ¢ €6 €6 € ééééé :

3.5.2 ISPRSbenchmarkesté é ¢ € é ¢ ééecéééé .ééeéé ééé
3.5.2.1 ISPRS éstdataé é é

(]
M-
D
[N
M-
M-
[N
M-
M-
[N
[N
(N
[}
(]
M-
M-

[}
(9]
[N
D
[}
[}
[N
[}
(¢
o :(D\ E‘D\ D (O} a D~
[N
[}
[N

0N
o
0N
o
o
o
0N
o
0N
o
o
o
D
0N
o
o

3.5.22 Qualityassessmerd é ¢ € € €€ e éeé . eeeééé..

3D power line model reconstruction: piecewise catenary curve modelgrowing é é ...

4.1 Introductioné é éé éeééééeééecéeéécéecéeéecé éeé
42 PLnmodelsé éééééééééééééeééeéeceéeecécee . éeé
4.3 Piecavise catenarycurve modelgrowingé é é e
4.3.1 ExtractingPL candidatepointse é € é é
4.3.1.1 CPdetectioné é é é é € €
4.3.1.2 CP orientationdeterminatioré
4.3.2 PL nodelinitializationé é é € é é é é
4.3.2.1 PL primitive pointsextractioné
4.3.2.2 Initial PL modelgeneratioré é
4.3.3 PL nodelreconstructiort ¢ é ¢ é 6 6 66 éé éééééé .éé
4.3.3.1 PL modelhypothesisgenerationé € € € € é € € é ..€ é ..

sz

4.3.3.2 Optimal PLmodelselectioné ¢ é ¢ é e ¢ é é é

s

D~
o
D~

4.3.3.3 Piecewise Plmodelgrowingé ¢ é ¢ ¢ é € é e é é é é
4.3.3.4 PLmodelvalidationé é é é ééécéééeeécé.éé
4.4 Experimentsandesultsé € 6 € éé éééééééééeéécec.eééé

D
D
D
D
D
D
D
o8
D
D

4.4.1 Overall PLmoddling performanceanalysisé
4.4.2 Subscenebased prformanceanalysisé € é

-
D
D
-
-
D
D
-
-
D

.51

94

95
. 96
99
100
101

. 102
..103

104

.. 107
.108

109

..110
.113
.115
L1117

..118

..121



s 7z 7z 9z

51 |Introductioné é € é ééééééécéécééecéeééeééce.
eéé
5.3 Methodologyé é € é ¢ € é € é é
5.3.1 InnerPL spananalysisé é € é é e é e éé e
5.3.1.1 MDL criteria formulationé é é é é
5.3.1.2 Wind blowing effectin PL corridor areae é € é ..
5.3.1.3 Wind adaptive parameterestimationé

5.2 Motivationé é é é é é é é é

7

z

z

z

z

é

s 7z £ £ £ £ 9z z z Z

eeeeeceecece

s s s 7 7

7

eeeéeeeé

5.3.1.4 Model glit processé € ¢ ¢ 6 € € é é € é é

5.3.1.5 Model nergeprocessé é

5.3.2 Across PLgpananalysisé e é e ééeéeéeeéeéé
5.3.2.1 Mathematial formulation for POAdetectioné é

5.3.2.2 PL oonnectivity analysisé é é é ¢ é é é ..

5.3.2.3 Pylon egion ofinterestdetectioné é

5.4 Experimentalresultsé é ¢ € 6 € é € € 6 é é é
5.4.1 Folsomdataé é é e ééeéeeé .
5.4.2 GDlinventorydataé é é e é e ééeéeecééeée.

sz

o
o8
D
o
o

5421 BD302PL corridorarcé é é é é .é é é é
5422 20023 PL corridorare@ é é é é ¢ é é é é
5423 20130PLcorridorare@ é é é é ¢ é é é é

5424 24051 PL corridorarea é é é .é é é é é .

6 Conclusions and fiture directions é

6.1 Conclusiong é ¢ ¢ ¢ é é é

-

é

é

e

é

e

é

e

D
D
D
D
D
D
D
D

éé

e

o}
o
o
D
o
o
D
o
o

6.1.1 3D building model reconstructicgh e ¢ é € é é € é é
6.1.2 3D power line model reconstructiéne é ¢ € é é é é
6.1.3 3D power line model rectificatioda € é € € é € € é é
6.2 Directions forfutureresearché ¢ é é é

Bibliography

[N
[N
o8
o8
[N
[N
[N
[}
(¢}

3D power line model rectification: inner and acrossspan analysisé é € é é é

sz 7z z

-
-
-
-
-
-

o @ o

D D D

viii

127

.. 128

éeeeéééééececee..
. 149

Dy D\ D

130
133
134
134
136
139

. 144

146

149

. 150

152

. 155

155

. 157
.161
. 163
. 165
. 168

172

172
LA72
.174
A

177

179



List of Tables

21
2.2
2.3

3.1
3.2
3.3

4.1
4.2

5.1

5.2

5.3

54

55

5.6

5.7

5.8

5.9
5.10

,,,,,,,

,,,,,,,,,,,,
,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,

,,,,,,,,,,,,

MDL terms total description lengthfl ), model closenegd$l $g , and model

////////////////////// A

complexityterm(fl ( éé ééééééeéeéeéeéeéeeceeceé . eé 148
Resuls of the3D PL modelreconstruction (a) before and (b) after the rectification of

incompletePL models¢ é é é éééééeééeéeeéeeéeéeeéeee ... 156

,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,

,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,,,

Quality of PL models and POAs evaluated by the utility company (&[#).€ € ... 171



List of Figures

1.1  Toronto city view before (City of Toronto, left) and after (National Post on August 14,

,,,,,,,,,,,,,,,,,,

1.2 Schematic workflow of proposed methods for 3D reconstruction of buildimgBLS in

2.1  Vegetation management in the PL corridor area with respect to certain regulations
2.2  PL networks distributed in a complex manner in the udvaa: PLs of various voltage
types and curvatures are placed closer together and go in different diregtimesPLs
2.3  Vegetationencroachmertb PL components in the PL voltage@% kV: points
representing PLs and vegetation are mixed, sattisatery hard to disceri®L points
from vegetationpointé é € € 6 € éeéééééeéécééeéééeééeééeé .. 19
2.4 Irregular distribution of PL points with varying point dégpsocclusions of PEparts by
themselves occur due to tistributionof dense arranged lines along the downward

,,,,,,,,,,,,,,,,,,,,,,,,,,,,

2.5  Schematic drawing of a general PL network (Shoemaker and MackG®#) é é 26

,,,,,,,,,,

2.6 Main components of a typical overhead rdtworké ¢ ¢ é e é e é e € ..é é é 26

2.7  The overall diagram of a typical airborne LIDAR systénd é ¢ é € é é .€ é é .37

2.8  The schematic diagram of airborne LIDAR sysieronfiguration and the principle of

,,,,,,,,,,,,,,,,,,

3.1  The schematic diagram of the proposegularizatiorprocess for prismatic modeling of
building rooftops8 8 8 8 8 8 88888 8.8888888888588

3.2 lllustration of CLF:A set of quantizetine directions with 22.58 é ..€ é € é é é 62

3.3  The possible alternative hypothesethate points (AP: Anchor Point, FP: Floating Point,
and GP: Guiding point) based on Compass Line Filter (CLF): (a)dwng6 , (b) by
moving6 , (c) by eliminatingd and movingg , (d) by eliminatingd and movingg

eeeeceeeececececeececececeececececececececeecececececéeé ..oa



Xi

34 Principal steps of the regularization of irregular buildimgindarylines: (a)initial shape,
(b) vectorization based on DouglBsucker approach, (c) rectmustion of lines within

,,,,,,,,,,

3.5 Level of detail of optimal prismatic models accordingh® change of weight valde

3.6  The wholeworkflow of polyhedrallike building rooftop modeling € é é é ..é é . 68

3.7 Possible alternative hypotheses by assigning three vertices as AP, FP; dayl GP
moving FL = {P2, P3}, (b) eliminating the line {P2, P3} and moving FL = {P2, P4}, (c)
eliminating tke line {P2, P3} and moving FL = {P2, P7} in clockwise and counter

3.8 Results in reconstructing an optimal rooftop model: (a) aerial image, (b) LIiDAR data, (c)
height clustering, (d) plane clustering) intersection line extraction, (f) step line
extraction, (g) BShhased building reconstruction with distortion errors indicated as
arrows, (h) MDl-based shape regularization, and (i) 3D polyhedral building néod&b

3.9  The results of regularizatiofrom building boundaryectors: (a) LIDAR data, (b)
building boundaryectors, (cDouglasPeuckerlgorithm (d) SampatkShan algorithm,
(e) Weidne#Forstner algorithm, and (f) the proposed implicit geometric regularization
€Eééeééecéécéecééceéecéecceeecéeeéeecéeecéeec .78

3.10 Test data set: (a) Raw LiDAR data and (b) digital map with 1:1000 size of topological

3.11 Performance evaluation @ur regulatorsw.r.t. four categories(a) Vertex Difference
(VD), (b) Inner AngleDifference {AD), (c) Area Difference AD) and(d) Centroid

3.12 3D prismaticbuilding modelgyeneratedased on the proposed implicit geometric
regularizationn the MDL framework over llsan test area in Kokeg é é é € é .. 82

3.13 Five ISPRStest data sefyellow colaur line): (a) Vaihingen in German and (b) Toronto
inCanad&é ¢ é eeééeééecéee.ééeéeéécéecéeééecée 83

3.14 The results on positional accuracy of the boundary polygon: (a) RMS of extracted
vertices w.r.t. reference and (RMS of referenceertices w.r.t. extracted verticés.. 85

3.15 Reconstructed building models with complex roof structureaif@prne images, (b)
LiDAR point clouds, and (c) perspective view of the reconstructed 3D building model

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, s

eeéeéecéecéecéecececeecéecececeencéecte . 6.9



3.16

3.17

4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8
4.9

4.10
411

412

51

Xii

Perspective view of 3D building reconstruction resifiy: (b), and (c)Vaihingen in

,,,,,,,,,,,,,,,,

//////////////

3D PL modeleometry (a) 3D perspective view of the PL model, (b) line form in the
horizontal projection, and (c) catenary curve form in the vertical proje@dchaughlin,
Proposed approach for automatic 3D reconstructi¢timbjectse € € é .€ € é .. 100
Allocating an initial PL orientation into ea€P based orthe Compass Line Filter (CLF)

eeééecececéececececececeececeececceceeecee 103

PL primitive points areextracted based ameoutlier tesing in the horizontal domain (a)

,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,

Possible liernative hypotheses froilVito 6 Nidetermined by moving the sag position
from bO to b4 at the current PL primitive (red color) and the selection of the optimal
Optimal PLmodel generation (black caled line) and its corresponding PL points (red
coloured points); (a) initial PL model, (b), (c), and (d) PL models from hypotizasis
test, (e), (f), (9), and (h) PL models from Aoypothesisandtest, (h) final PL

,,,,,,,,,,,,,,,,,,,,,,,,,,,,

,,,,,,,,

,,,,,,,,,,,,,

////////////////////////////

Examples of the limitations of 3BL reconstructiordue to(a) bundle wires(b) low

detection rate of power line candidate poiatg](c) low point density on PLé .. 126

Examples otypical errortypes (denoted by circl@) reconstructing®L modes: (a)

,,,,,,,,,,,,,,



5.2

5.3
54

5.5

5.6

5.7

5.8

59

5.10

511

5.12

5.13

Xiii

Schematic diagram of thener and acrosspan analysiproposed3D PL models and
Variations of PL modeling accuracy [cm] with respect to wind speed gnésg é 137
PL models with ovemodeling errors due to wind blowing: (a) highly irregular
distribution of PL points and (b) four PL model segments representingta. R .... 138
Plot of a relation betweemise scale factoy, § andratio of complete PL modeling
according t(RMSE of PL model orientations: (a) 0.014b) 0.092, (c) 0.18, and (d)
0.25°. The gray blocks denote the rangepfimal noise scal&actorhaving one in the
ratio between the number of PL models extraeted the number of reference PL442
Plot of the relation between noise scale fagtand RMSE of PL model orientatiod¥ .
The vertical badenotes theptimalrange of, at each RMSEThe relation is modeled as
PL modelcorrectionthroughsplit ((a) and (b)) and merge ((c) and (pipcess(a) and

(c) mean=  with the underand overmodeling errors(b) and (d) indicate =

T et e et e eeeteeeteeeiaeeeetteeaieetaieeeaateteaatetaarteeeateteearteeatteeearseees e 148
PL model rectification based on the PL connectivity analysis across spans: (a)
detemination of PL conjugate pairs and @ptimalPOA detection and PL model
correctionée é é e éééeééééeeéécéececéeéecéeeéécéeé 152
lllustration of POA detection using the pylon regi¢a) region growingprocess, (b)
determination of pylowrientationusing POAs detected, (c) extraction of new POA and

rectification of PL model with a partiahodeling error, (d) before and) @fterthe

,,,,,,,,,,,,,,,,,

,,,,,,,,,,,,,,,,,,,,,,

Testdata sets of PL corridor area with different voltage tyfef§ and the corresponding
pylon typeqright): (a) 138 kV (DB302) and steel pole type (b) 161 kV arfiathe type
(20023), (c) 345 kV and fotlegged rigid type (20130), (d) 345 kV and féegged rigid

///////////////////////////

Scatter plot of variations of PL orientations for four PL corridor test @&eas..€ ... 160



5.14

5.15

5.16

5.17

Xiv

Examples of establishing PL model netwatkhe BD302 corridar(a) raw LIiDAR data

of PL strudures within a span, (b) generation of PL models and POAs in a span, and (c)
PLmodelnetworlé ¢ ¢ é ¢ é é¢é .éeééeeéeééeéeééeéee 163
Examples of establishing PL model networkhe 20023 corridor(a) raw LIDAR data

of PL structures in a span, (b) genematof PL models and POAs in a span, and (c) PL
Examples of establishing PL model network in the 20130 corridor: (a) raw LiadR

of PL structures in a span, (b) generation of PL models and POAs in a span, and (c) PL
Examples of establishing PL model network in2d4@51corridor: (a) raw LiDAR data

of PL structures in goan, (b) generation of PL models and POAs in a span, and (c) PL

modelnetworle e ¢ e ¢ ¢ €éeé .¢eeeeeceeceeceeeeeeeé 170



List of Abbreviations

C/IA
CLF
CP
DD
DoD
FERC
GPS
HT
IMU
INS
KHz
kv
LiDAR
MDL
NAVSTAR
NERC
PL
PMG
POA
PP
PPM
PPS
PRF
PRN
ROW
SD
SPS

Coarse/Acquisition
Compass Line Filter

power line Candidate Point
Double Difference
Department of Defense
Federal Energy Regulatory Commission
Global Positioning System
Hough Transformation
Inertial Measurement Unit
Inertial NavigationSystem
KiloHertz

kiloV olt

Light Detection And Ranging
Minimum Description Length

NAVigation Satellite Timing and Ranging

North American Electric Reliability Corporation

Power Line

Piecewise Model Growing
Point of Attachment

power line Primitive Point
Parts PeMillion

Precise Positioning Service
Pulse Repetition Rate
PseuddRandomNoise

Right Of Way

Single Difference

Standard Positioning Service

XV



CHAPTER 1

| ntroduction

1.1 Motivation

An overhead power line (PLyorridor area also known asRightof-Way (ROW) is
vulnerable to risks that have dangerous consequences for utility operators and their customers.
Possible dangerous elements that threaten PL systems are mainly subjeatetassues:
vegetation encroachmentBL component anomaliegand unforeseen events. Vegetation is the
most hazardous object in ROW as it is possible for vegetation to comeimezicwith overhead
PLs by growing in and falling down within and outside ROW. Moreover, as PL structures wear
out over time,their inelastic deformations occur. These cause spatial displacements of PL
components which resuh malfunctions developing ithe whole PL network. The damage of PL
componentsan bealso affected by unexpected situatiossch asarge wind vibration, corona
effect, icing, lightning, contamination flashovers, earthquakes, forest fires and Aayoane of
these hazardous evennight result in a huge poweutage. The 2003 Northeast blackout was
mainly caused bythe interference of treesith overheadPLs, which affected more than 50
million people who had to rely on limited public services over the following w&hls power
outagecaused financial losses of about $6 bill{&gure 1.1) If the potential vegetatiorelated

risk factors had been identified in time, @necidentcould have been prevented.2805 theJava



Bali blackout occurred due tthe supplyds shortfall, afecting about 100 million people and
causing major traffic jams as well as interruption of electricity to homes and businesses
throughout the dayin this case, an accurate PL thermal rating analysis would have helped to
control the increase of the electl capacity, thereby avoiding the large blackout. In addition, in
2003, the blackout in Iltalyhat happenediue towindstormdamages left more than 55 million

people without normal electric services over several.days

Figure 1.1: Toronto city view before (City of Torontq) and after (National Post on August
14, 2003down) the2003 Northeast blackout.



NERC (North American Electric Reliability Corporationyhich is certified by the U.S.
Federal Energy Regulatory Congsion (FERC) and governmental authorities in Canada, was
established to ensure thadiability of the North American bulk power system in 1988 primary
duty is todevelopand enforce standards that are related to the connection, reliability, and
operdion of the electric PL systemt & failure to followthe NERC standards occurs, maximum
$1 million US per day is imposed &ssociateditility firms as a fine(Hurysz and Crider, 2009
To avoid the potential failure, utility firms should checthe condiion of the conductor and
insulator, conductor sagnsion,structurevibration and alignmenthe condition of theyuy wire
andstructurefootings, and other structures relatedhiePL system during the regular inspection
cycle. The NERC standardsalso significantly specify the regulation on vegetatielated
violations (i.e., vegetation encroachments) as the vegetation has the most potential to be a
hazardous object to the PL structure. Tihigrferencehas contributed to oved0% of service
interruptions which corresponds to the economic loss of approximately $40 blliSmper year
(Goodfellow and Petersp011).

Recently, the NERC decided to change the target PL voltages which are needed to be
monitoredaccording tats specific regulationfrom 200 kV and above to 100 kV and above. In
addition, the NERC standard related to vegetation management (Facilities Design, Connections,
and Maintenance, FAC003) was revised to enhance the reliability in managing vegetation located
near to PL systems I@god, 2011). In this context, utility firms are strongly demanded from the
regulations enforced by the NERC to precisely identify violations as much as possible and rapidly
eliminatethem to prevent potential power outages. To effectively meet the BER{Lirements,
many utility firms have recently changed from a conventional inspettichniqueto a new
automatic workflow using the staté-the-art data acquisition systenBhe conventional method

relies onaerial and grounebased human inspection withptical measuring devices to remove



potential hazardouslementsaround theROW. Snce the aforementioned large critical blackouts,
the existing workflow has been recognized as insufficient for monitoring theofi$kl systems.

In other words, it is coeffective, but is less accurate. In recent years, the new sya@tborne
LiDAR system using LiDAR, digitial cameras, and video sensors, has been introduced to
establish a new PL maintenance workflow taking into account a-tfadeetween cost and
accuacy. For instance, compared to the conventional methoairherne LiDAR systenased
inspection is approximately 1.5 times higher in cost per circuit mile, but more than 2 times higher
in accuracy for correctly detectingegetatiorrelated violationsMoreover, the cost cdirborne
LIiDAR equipment has continuously decreased since its ingediefor the ROW managemeirt

2007. This meansthat the airbornesystembased maintenancebecomesthe most effective
approach with respect to cost as well as accuracy (Nar2k)

In terms of industry needs, PL risk management works focus on three main tasks: vegetation
management, thermal rating, and asset management (Sohn and2@léh The® tasksare
performed through the evaluation of abuilt condition which corresponds t@omparing the
original design conditiomwith the current condition of ROWhereby identifying clearance issues.

In the vegetation clearance manageineince vegetatio is grown toall possible scale with
respect to its life cycle, it is not easy to precisely identify potentially hazardous vegetation to PL
structuresespecially usinghe conventional inspection techniques. The best way to assess the
necessary clearaneeea is temploya PL modebased inspection workflow. This means that the
clearancequantity can be easily determined t®ymulating a conductor blowoutased on its
maximum designed sag and swing positiblext, athermal rating of PLs is the process of
determining a certain conductor temperature pievent the unpredictable elongation of
conductorsThe conductorelongation causes the conductor sag positions to drop down and come

into contact with other objectsduas vegetation and buildings. This might result in a mechanical



failure of the PL systemAdditionally, in the residentiahrea, it is required to carry out more
precise thermal rating by taking into account the public safety which is closely relatmiterns
over potential adverse health effects. If the geometric PL models are ready, it allows us to
precisely estimate the PL sag positions by changing the operating temperatures which mostly
depend on the amount of electrical energy flowing through RL&ddition to the benefits
providedby PL models, if the information of 3D building models is colegpwith a PL corridor
map, safety zones with respect to the probables dak be accurately determined between PLs
and buildings. Based on the safety esispecified, the thermal rating is effectively performed by
adjusting the magnitude of the current flow of PLs. For the asset managerselts are
connected to the corresponding components such as a pylon and insBlatorsgdelsbecome
significant ineasily inspedhg any inelastic deformations ahe components which artesually
derived from positional movements of PLs over time

In the PL corridor area, as aforementioning, geometric informatioof PLs and buildings
ensures that éllows us to preisely identify violationsvhich should be clead between PLs and
other objectsin this regard, more detailed study and stronger research on modeling of PL and

building objects is needed to be tackled in the following issues

1 Accuracy. in practice, most utility firms simply generate PL models under the assumption
that conductors are isolatexhoughto separateeach other. However, the use of the
assumption mostly causes bundle conductors to besowgiified as for example one PL
model, where PLs in the bundle conductors are normally close to each other with the
orthogonal distance of about 30 cm. If the design accuracy of conductor which is
approximately 15 cm in the dmiilt condition is taken into accounty and Kieloch

2008, the aer-simplified model is not appropriate for the application of precise PL



management. Additionally, even though the accurate PL modeling is achieved, it is also
required topreciselydetermine start and end positions of PL models, called Point Of
Attachmen (POA). In mosiutility companies POAs are manually determined by dotting
points on the raw data, so that it is sometimes hard to obtain the acceptable positional
accuracy level of POAs (i.e., ~40 cm). To supplement the difficulty, PL models, if are
properly extracted, should be initially used for the detection of accurate POAs because
POAs are placed along the corresponding PLs in reality. Consequently, a PL model with
the accurate POAs helps to identify the accuckgarancearea based on the simulatiof
conductor motion using two POAs. In this study, tbguiredmodeling scheme has high
representational power for capturing PL shape details

Robustnessin recent yea the PL corridor mapping enables detailed capture of a 3D PL
scene with high pointdensity (more thar80 points/mi). However, the PL scene
complexityfrequently restricts the capability of recognizing PL objects fromLiDAR
data.The complexity can be derived fronanous factors such as object encroachments
and occlusions as well dlse complicate distribution ofthe PL network These factors
mostly cause high irregulariiy the distribution of PL points, resulting data gapfrom

a centimetreto meter level orPLs. To perform a robust PL modeling, the proposed
modeling scheme should be much Issssitiveto the presence of PL scene complexity
Automatiort Many utility firms have currently adopted a seautomatic approactor the
modeling of PLs and buildingsyhich is developed based on COTS (Commercial- Off
The-Shelf) softwaresuch as the weknown TerraScan softwarelhe use of the COTS
product obviously causeshe manual intervention® manipulateeach module of the
COTS software antience the rapi®L modeling foran immediate response to violations

to PL structuras hard to be achieved. In recent ygaome utility firms have been trying



to complete the total workflow for PL risk management within 72 hours (Neal 2009) to
prevent a hazardous situatiovhile minimizing humarbasedactivities To meet the
aimed timeline,developing anew automatic approacfor processing raw data and
modeling associated objecsems to be inevitable

1 Regularization The process ofdatadriven building modeling(i.e., gaeric building
modeling)usually relies on the geometric information collection in the form of modeling
cues/primitives (i.e., lines, corners, planesy observations (LIiDAR data) are inevitably
corrupted by noise and scene complexity, the sequencesnofiyes cause geometric
distortions in the final shape of building model. In practice, common building rooftops
show specific regularities between boundary lines or plane segments such as parallelity,
collinearity, and orthogonality. For this, a new shageonstruction scheme for building
rooftop modeling is required by imposing the geometric regularities to the noisy building

vectors.

1.2 Objectives ofthe thesis

The researchobjectives aimed to achieve through the thesis are to develop methods for
reconstructing the models of building and PL objects of interest in the PL corridor area from
Airborne LiDAR data. The resulting building rooftop and PL modelee also required tbe
satisfied with requirements addressed in the four issues, accuracy, robustness, aytanwtion
regularizationFor this, the thesis imainly concerned witlthe model selection problefor which
model isclose tooptimal in representing the given daget. Here, the terrmodelmeans the
hypotheticaldescription of a real objecthe models also used to denoteggometric modethat

explicitly expresses the structure of an object with a finite number of adjugaialmetersAs



data acquired bgensors contain random errors, a resulting model derived from the data is not
completely identical to its real shape. So, every model geukisto be hypotheticall he model
selectionis a process in which an appropriate model is determined amongc catdidate
models based on threodelselection criteriordefined. Where, the atlandidatemodels represent

the given data and are differently parameterized. The selection criterion is naramafiyisedof

two issueshow to optimally fit the model tohe dataand how to simply explain the data using

the model.The first criterioncan be easilyformulated based on the principle of maximum
likelihood. The maximum of the likelihood ithus achieved when the observed sequence is
represented by using as mamgrameters as possibldowever, thecriterion only followingthe
maximum likelihood principle definitely fails to produce aptimal modedue to theoccurrence

of overfitting problem The most common way to correct tmedel selectioproblem is to adat

a combined criterion bgonsideringthe second criteriora term of model complexityThis is
motivated by Ockhafs razor, a simple explanation of the facts is better than a complex one
(Hansen and Y,12001).In this sense, the best/optimal model requires the sirdpkariptionwith
respect to the model complexity and at the same time the higher gootHiefetween a model

and dataAs a resultproperly combining the criteria is vital for an optimal moskelectionin this

study Note that there is no guarantee that the use of combined criteria can sielsicedglobal
model, but it can give us an expectation that the selected model will be near to the best ideal

model



1.3 General framework

Figure 1.2schematically shows thehole workflow diagramof the proposed approach for
the automatic building and power line modeliAthe main data source used for this studwaser
point cloudsacquired bythe airborne LiDARsystem.For thebuilding modeling, the method of
implicit geometric regularization is proposed to rectify noisy building outline vectors. Due to the
use of datalriven approachhe research is mainly concerned with rectifying the irregular rooftop
shape under the assumption thatlding rooftops are comprised of generic plane surfaltds.
performed based ddinimum Description Length (MDL) theory, which is motivated by the study
on a local MDL:-based regularization of noisy building outlines (Weidner and Forst885).
Next, a new method, called Piecewise Model GrowirgMG), for the 3D PL model
reconstructionis proposed, which is anodelbased hypothesis verification and propagation
process.The proposed method starts by detecting PL candidate .pdhes an initial catengy
model generated over the candidate pgintsewisely grows to capture all PL points of interest
andthus converted into aull PL 3D model.However, the proposed methodlirsited to the PL
scene complexity, which causP& modeling errors such as pal, under and overmodeling
errors. To correct the incompletion of PL models, the inner and across span analysis are carried
out, which leads to repla@roneous PL segments by preciserfidels.The inner span analysis
is performed based on the MDLetbry to correct underand overmodelingerrors. The across
span analysis is subsequently carried out to correct pamdidéling errors by finding start and

end positions of PLE.e., POAS), thereby producing complete PL models.
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Figure 12: Schematic workflow of proposed methods for 3D reconstruction of buildimgBLs
in PL corridor area (ROW).
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1.4 Contributions

My main achievements of this study weredevelop a robust solution for the automatic
modeling of buildings and PLs froairborne LIDAR data in order to fulfill the effective pew
line risk management in the Riorridor areaAll the proposed algorithms are implemented and

their performances are evaluat&tie main contributions are itemit@s follows:

1 Introducing a new method, called implicit geometric regularization, for 3D shape
reconstruction obuilding rooftops from noisy airborneiDAR data. The innovational
aspect is thatredundantline segments which are frequently caused by -deaten
modeling approach are minimized with geometric regularities such as parallelity,
collinearity, and orthogonality. The regularities are ataplicitly represented to rooftop
models by a set of ruletefined during the regularization process without explicitly using
hard constraints.

1 Presenting a new methodalled Piecewise Model GrowingPMG), for 3D PL model
reconstruction using a catenary curve model. The key aspect is that the proposed PL
modelirg process is less sensitive to the lack of data information representing PL objects
which is caused by a PL scene complexity. Moreover, the PMG metfitoghces the
efficiency of PL modeling process by simultaneously capturing PL points and modeling
PLs.This is in contrast to the general approach ¢hptiori informationsuch adabelled
PL pointsin incorporated into the PL modeling process

1 Proposing a new method for rectifying 3D PL modeling errors using the inner and across
span analysisT he highlighted factis thatthe proposed method is capable of dealing with
noisy data corrupted under the winadnvironmentand predictingsuitable model

parametersresulting in the correction of PL modeling errors such as partiatler, and
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overmodeling errors. Thus, the proposed method produsesnising results in the
extraction of accurate PL model including associated POA information, which leads to
achieve the geometric and topological completion of PL maddteming the whole PL

network.

1.5 Thesis autline

An overviewof the chapters imtroduced as follows:

Chapter 1 an introduction to thenotivation of this study and the proposed approach for solving
research questions.

Chapter 2 a summary of the recent trends of PL risk management and the previous researches on
PL and building modeling. In addition, the background knowledge of airborne LiDAR
system is brieflyntroduced

Chapter 3 a development of a new method for regularizinoisy buildingvectors derived from
LiDAR points. A cost function for the regularization process is designed based on the MDL
theory.

Chapter 4 an introduction of a new algorithm for reconstructing 3Driddels using a catenary
curve model. Model param@t are estimated based @n modelbased hypothesis
verification and propagatigorocess.

Chapter 5 a suggestion of a new approach flectifying PL modelingerrors The rectification
process is performed by the inner and across span analysis. Additiomfaifmation on
POAs and pylon positions is extractedbgsproducts which aralso importanfactorsin
constituting the PL network

Chapter 6 a conclusion of this study and a direction of future works.
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CHAPTER 2

Background

In general, a Plcorridor area called Rightof-Ways (ROW),is comprisedof very extensive
transmission network$:or example, Cana@abulktransmission networls only the fifth largest
producer in the world, carrying 4 percent of the wégltbtal, yet this network coist of more
than160,000km of high voltagknes with above 50kV (Industry Canada, 2008¢cently,North
American Electric Transmission Investmehts announced a future plan t§a60 billion US

will be invested in the electric transmission includingenthan 30,000 km of new and upgraded
linesfrom 2012 to 2020. As the ROW\slnerable to risks that have dangerous consequences for
utility operators and their customeraonitoring and maintenance of extensive PL networks have
become a topic of increagj importance. Thishaptersummarizes the recent trends of PL risk
management and stabéthe art techniques in reconstructing PL and building models are

discussedln addition, the background knowledge of airborne LiDAR system is biirgfigduced
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2.1 Powerline risk management

The tasks ofPL risk management over a long PL corridae., ROW) include risk
monitoring, risk identification, risk assessment, and risk clearartue is for serving reliable
supply of electricity to customers at &ilhes The risk monitoring process commonly involves a
scheduled maintenance cyéte ROW inspections. For exampline detailed climbing inspection
for the highvoltage PLs is performed on ayBar cycle and aerial inspections are visually
completed seval times a year (Shoemaker and Ma2@11). While monitoring the ROW, the
identification of possible risk factors to PL systems is carried out. The potentially hazardous
scenarios jeopardizing PL systerase normally alleviated by identifying anomalies L
structure and vegetatiarlated Clearance 1 and Clearance 2 in ROW (StriniaB@Q Neal
2009. The firstviolation is related to thdamageof PL components by wind vibration (Diana et
al., 2005), the corona effect (Zhao et &P96), corrosiongnith and Hal|] 2011), icing (Ma et al.
2011),ambienttemperaturgearthquakes, lightning, contaminatigsiatedflashovers and so on.
During the regular inspection cycle, utility firms should check the condition of the conductor and
insulator, conductor sagnsion,structurevibration and alignment, the condition of the guy wire
andstructurefootings, and other sictures related to the PL system. Nélg second violation is
reported by a vegetati@ncroachmentVegetation is the most hazardous object in ROW as it is
possiblefor vegetation to come into contact witlrerhead PLs by growing in and falling down
within and outside ROW. Thisterferencehas contributed to ove30% of service interruptions
which corresponds to the economic loss of approximately $40 bllidra year Goodfellow and
Peterson, 2011 The risk assessment is a process fordéerminabn of clearance quantity
according to thelefinedclearancecriteria. Since measuring the clearance quantity is associated
with assessing a certain amount on the occurrence probability of dangerous situations, it can be

the most difficult task which redslin the most time&onsumingwork in the PL riskmanagement
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workflow. Lastly, the risk clearance is accomplished by eliminating the risk factors to the PL

systems based on the clearance quantity assessed

Typical 500 Ky Lattice Pylon
€ Pylon Width (arms) 27 to 29 meters -~ >

5ft (1.52m) l

<8 <«— Insulator —» <8°

Clearance 1
25ft (7.62m)

Clearance 1 Pylon Height
39 meters

Grour{d Line

Right-Of-Way Width 55 to 60 meters >

Figure 2.1: Vegetation management in the Plridor area with respect to certain

regulations (Clearance 1 and 2).

For the vegetation managemers,shownin Figure 2.1 the ground clearance around ROW is

first performed. Thigs done through the yeaound pruning, trimming, and removing of trees.

All trees as well as unddarush within a specific distance of overhead PLs should be removed.
The distance for clearance is normally determined to be a gap of at least 7.62)mii@8rfieach
conductor within ROWIf trees fall from the outside to the inside of ROW and come within
approximately 1.52 m (5 ft) of a conductor, they are categorized as danger trees and a cutting
operation is required to maintain the required minimunetgaériteria (Shoemaker and Mack

2011). As a result, if thenaintenance work with respect to thfsrementionediolations is not
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carried out at the appropriate tifreelot of complications includinincreased equipment failure,
higher maintenance cosisd a highefrequency of outagaway arise

In the fulfilment of PL monitoringand risk identificatiorwork, manyutility firms have
adopted a conventional inspectitathnique The techniqueelies on aerialand grounebased
human inspection with optitaneasuring devices to remove potential hazarétersentsaround
the ROW. However, since thdarge critical blackoutssuch as 2003 Northeast blackotig
conventional maintenance workflow has beestognized asan insufficient approach for
monitoring therisk situatiors of PL systems(ltuen and Sohn,2008. In other words,the
conventional workflow is costffective, but is less accuratdén recent yearsasstateof-the-art
data acquisition systenusing LIDAR, digital cameras, and video sensbes/ebeenintroduced
many researchers and utility compartiese beerrying to establish a new automatic workflow
for more effectivePL corridor managemerhrough a trad®ff between cost and accuracy. For
instance, ompared to the conventional methodn airborne LIDARbased inspection is
approximately 1.5 times higher in cost per circuit mile, but more than 2 times highesuracy
for correctly detecting vegetatiorelated violations.Moreover, the cost ohirborne LIDAR
equipment has continuously dewed since its initialusagein 2007, which indicates thdhe
airborne LIDARbasedmaintenances the most effective approach with respect to cost as well as
accuracy (Narolski, 2010)rhis shift is inevitablebecausethe limitaions of the conventional
approach (i.e., a timeonsuming worklarge gross inspection erraad so on) arbampering an
immediateresponse to undesirable events such as vegetticnoachmentBy using LIDAR
measurements, detecting and modeling objects of interest, for insRlm;epylons, insulators
and othePL components as well as buildings, tretesrain, and other neighboring features, are
required to establish geometrical relationships between them for the identification of violations.

As a result, it ensures that accurate and timeand costeffectivePL maintenance&an be carried
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out using the rapid mapping products. In this study, the main emphasis lies on 3D modeling of
manmade objects, PLand buildingsas main features in ROW. Their significance and benefits

for theeffective PL risk managemeatediscussedn greater detail in théollowing sections.

2.1.1 Scene omplexity of power line corridor area

In general, buildings are known age of the rost difficult for reconstructing 3D models
regardless ofvhere they are, foexamplea rural, urban, or PL corridor area. This is du¢ht®
high dimensional variations in the structure and shapeusions byeighbouringobjects such as
vegetation, insufficient data representation, and so on. Thus, the ifo¢bs section is on
addressing difficulties in modeling PL objects having even a simple linear shape due to a scene
complexity of ROW.

A PL is a geometrically distinguishable feature from the other objects in the PL #cene.
hangs over the underlyingrtain at a certain height and isolated from itsurrounding by a
certain distance at all directionBLs are also successively connected to one antitheugh
pylons running in a similar line direction. Although PLs are distinct and isolated objects, a
method inautomaticallyreconstructingBD PL modelsfor the rapid and accurate mapping has
been not establishehis isdue to the fact that PL scenes are comphdich creags obstacles
that hinder the robustness of ReconstructionThe complex factors of the PL scamepresented
by LiDAR datacan be grouped under several aspects: (a) the complexity offRliltasondition,
(b) objectencroachmermn ROW, and (c) variousatih quality.

The first complication with PL modeling is that PL networks are distributed in a complex
manner for example over urban areas as shown in Figure 2.2. PLs of various voltage types are
placed closer together, and go in different directions. S8bsecross over land, roads, railways,

pipelines, residential areas and other wires, often exhibiting a variety of curvatures and
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asymmetrical shapes. As a result, these complications cause difficulttéEenmentiating PL

points from the raw dataven tlough thesegmentation process done by a human operator.
Second, if the vegetation istegratedwith the PLs, as depicted in Figure82i is very hard to
discernPL points from vegetation pointdlthough points are labelled as a PL class in the #jcin

of vegetationjt is not guaranteedo be PL points due to the mixture of points representing PLs
and vegetation. This causes the degradation of PL modeling accuracyota failure of PL
modeling Third, LIDAR points representing PLs show irregufasint densities due to many
factors such as the effects of occlusjdls movementdy external forceat the data acquisition
epoch LiDAR systents systematic random erro@nd so forth Figure 2.4illustratesa typical

case ofPL point distribution in the densely arranged #in€he line arrangement causedarge
occlusion along the downward height direction, which results in the various average point
distances per PL ranged from dense (0.17 m) to sparse (1.83 timg. histogren derived from

the point distance factoPL points in the toghowa relatively regular distributiowith the high

point density in whichmore than 90%oints are placed with point distance of less than 0.6m.

the other hand, the distribution of PL pt# in the bottonshowsrather irregularin which its

range isvery broad(i.e., up to 3 mand only50 % points are positioned with point distance of
less than 0.5 m. Thus, due to the low point density, the linearity of PLs is rather not clear, so that
it can affectthe modeling success rate and the degree of modeling accitarefore, if PL
points are more regularly distributed with high point density, it surely helgacititate the

development of automatimodelingapproach and improve the modeligality.
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Figure 2.2PL networks distributed in a complex manner in the urban area: PLs of various
voltage types and curvatures are placed closer together and go in different dirSotie&Ls

cross over other objects such as vegetation and buildings.

Figure 2.3 Vegetationrencroachmeriio PL components in the PL voltageGd kV: points

representing PLs and vegetation are mixed, sattlsatery hard to discer®L points from

vegdation points
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Figure 2.4 Irregular distribution of PL points with varying point density: occlusions cpRits
by themselves occur due to tlistributionof dense arranged lines along the downward height

direction.

To alleviatethe difficulties in modeling PL objects due to the scene complexity, the technique of
data fusion usinglifferent data sources such as LIiDAR points and imagery éafecially
thermal imagewill be useful In practice,although thermal imageare sensitig to ambient
conditions such as air temperataned the impact of solar heating has been widely used as

priori knowledge for the recognition of PL components as well as the investigation of temperature

variance for the PL thermal ratingowever, theemperature differendeetween PLs and others
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is required to bat least morghan14°C for effectively detecting PL§Han et al. 2009) When
PLs are detected based gradiens on the image data, the performance of PL detection may be
also restrictedThis is becaus¢he contrast of pixel values between PLs and their backgrounds

varies according to the urban and rural area

2.1.2 3D power line model andits benefits

The PL shape can be approximated by fitting the survey data onto a parabalicdibech a
caenary curveas the PL cable is suspended between two support points and subjected to gravity
forces.In general, 3D PL models aextremely usefufor determining the abuilt condition of
PLs in order to deal with the clearance issuefROW. Where the evaluation of theasbuilt
condition identifies any changeae the PL by comparing the original design condition to the
current condition of ROWAccording to Sugden (1994), the catenanyve model for PLs is
suitable in performinga multifacetedanalysis for normal PLmaintenance operations. For
example the design accuracy of conduct sagasmally in the level ofipproximatelyl5 cm. If
the PL model is reconstructed withime accuracy level, its sag positi@an be enough used for
practical aplicationssuch assagtension calculations andianger tree analys{&u and Kieloch,
2008). Consequently to mitigate the risks caused lmjearance issueand keep theasbuilt
condition 3D PL models can provide large beneiiitderms ofthree main PLmaintenance tasks
vegetation management, thermal ratiagd asset management (Frank@003 Sohnand Ituen
2010)

Vegetation managementAs vegetation is spatimporally grown at all possible scales
according to its life cycle, it is not easy poeciselyidentify potentially hazardous vegetation to
PL structuresn ROW. For example, vegetation grows 11% faster after drought years compared to

pre-drought rates (Orwig and Abramk997). The best way tminimize vegetatiorcaused PL
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outages is tadd PL modelbasednspections intdhe regular monitoring cyclef PL system. If a
geometridPL model is readythe accurate clearance acza beeasily determined bgimulating a
conductor blowoubased on itmmaximum designed sag and swing position dsagethe potential
growth rate of vegetatiorThe simulationcan bemore robust when the accurate start and end
position of PL models.g., POA) is determinedThe reason is that the accurate swing position of
conductors depends on the accuracy of POAs

Thermal rating: A thermal rating of PLs ithe process of determining a certain conductor
temperature to prevent the unpredictable elongation of condulfttns. conductor sag position
drops down to the underlying terrain surface, it might cause a meah&ailure of the PL system
as the PLs come into contact with other features such as vegetation and builldéngenductor
elongation is affected bgtmospheric conditions as well @arious loads including elastic strain,
long-time creep strain anchérmal strain Among them, the thermal strain depending on the
amount of electric current flow is the most critical factor to the elongation. If the conductor
temperature remains high for a longer time period, the conductor strength and tension will
suddety decrease. Thisometimedeads to its physical damage which results in a huge power
outage when a high wind loading occure. avoid a situation like thisneasuring theccurate
temperature of conductois very helpful tcestimate the allowable amouoit current flow within
the required minimum safety criteria of PL systddased on the formulation derived from PL
temperature and line sag relationship (Rakinal, 2010),3D PL model can play a significant
role in estimating the PL sag position wighspect to the change of its operating temperature. In
addition, the thermal rating analysis ensutes costeffective maintenance of PLs by avoiding
constructing additional PLs to meet electrical power needs. For example, the cost of establishing a
new 15 kV steel pole double circuit is 30 times more than one of a therrnating per mile

(Franken, 2003)
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Asset managemenis a PL structure wears out over time hitsintenancehould becarried
out in a timely manner tprevent electric failuresFor instance, ashe corrosion ofa pylon
accelerates quickly after 30 years, older pylons should be inspected regularly Wwithitaditime
period to identify their inelastic deformatio(@mith and Hall, 2011)SincePLs are successively
connected to pylontsicturesas well as other PL components across the span, it is convenient to
inspect anyinelastic deformations of PL systeoy measuringmovements oPL positiors over
time. Therefore,PL modelsin which the data used for the modeling are collected enspiatio

temporal domain can teffectively usedo identify the geometrical anomalies of Bamponents.

2.1.3 3D building model andits benefits

Buildings as a marmade structure exhibit a range of rooftop types and a complex
combination of building parts including roof superstructufies.represent the various building
geometries, polyhedriike models areausually considered to be sufficient for many apptions
such as Google Earth anéhB Maps (Haala and Ka@da010). In terms of the modeling methods,
the building models are mainhgconstructed based @wo approachesmodeldriven and data
driven approach The modeldriven methodusing a parametric modieg schemeadopts pre
defined model typefor certain elements such as a gable and hip roof shége places some
limitations on representing more complex building structutesthe other hand, the dadaven
methodusinga generic modeling schenadlows the arbitrary representation of building shapes,
and thus is suitable for more detailed building modelira. the purpose gbrecisely analyzing
risks betweenPLs and buildings in ROWthe generic building modeling becomes a more
effective approach duto the detailed representation of building rooftops.

PLs are considered as a major source in forming an electromagnetic field at extremely low

frequencies such as 50/60 Hz. In recent years, the rapid increase of electric energy utilization has
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led to theinstallation of new PLs inside urban areas, which leads to the increase of the
electromagnetic field of PLs near residential areas. This causes public soovermotential
adverse health effects regardless of whether or not a direct link between riseadtiand
electromagnetic fields exists. To reduce the possible health risks from the magnetic field, various
regulations related to a minimum distance between PLs and buildmgsagnitude of PL
voltages near resident areave beeriormulated For example,in South Australia, the minimum
clearance distance of 20 m for 132 kV and 25 m for 275 kV lines is requir&tbrida, US, the
magnitude of the electromagnetic field is limited to a range of 15 mT (millitesla) for PLs with a
voltage of less than 230/, and 20 mT for 500 kV line@Bakhashwain et gl2003, Salameh and
Hassouua2010). Once 3D PL and building models are reconstructed in ROW, safety zones with
respect to the probabilistic riskan be formed between them, and then the clearance analysis is
carried outBased on the corresponding regulations for the public safety, the thermal ratstg is
carried out by adjusting the magnitude of the current flow of PLs. In addition to teat, th
extension of buildings are easily determined towHrel minimization of the impact of PIbs

electromagnetic effect on the corridor environment
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2.2 Powerline modeling in literature

2.2.1 Power line systemoverview

A PL system transports electrical energy frdmtribution facilities, where the energy is
derived from generating stations, through transmission line networks to end users such as
industries, schools, and homes shown in Figure 2.9he whole PL system is mainly divided
into transmission lines,ubstations, distributing stations and so on. Transmission lines send
electrical energy at voltages between 44 Kv and over 735 Kvttanaformer or distributing
station There are two types of PLsyerheadand underground transmission lineBxceptin
densely populated areas whawaderground linesire preparedto be placedpverhead linesre
normally used. The main reason is subject to a matter of cost, that is, the construction cost is
about5-10 timesto have underground transmission lin&sibstatioa provide a site for storing
reactors and capacitors for when they aeeded for power factor correctgorDistributing
stationsdeliver electrical service téocal electrical systemasnd most of those statioase served
at voltage levels of less than k0.

As depicted in Figure 2.6naoverhead PL network is mainly comprisedioke components:
conductors, insulators and pylors basic formation is thaa pylon supports three conductors
calledthreephase PL systeriiVhen threeconductorsre added tthe formation for extendintihe
electrical capacityit is calleda doublecircuit transmission lineA space between two pylons
denotesa spanand neighbouring spans are similar in lengilihe main components are

summarizeds follows (Shoemaker and Ma@o007):
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Conductors

Conductorgrovide electrical circuits betweenpply and ugegpoints. Theseonductorvary
in size according to the rated voltage and the number of conductors strung on a pole depends on
the type of circuits that are useficcording tothe electrical capacity atonductors, they are
divided into thredypes:transmissiorine, subtransmissionine, and distributiorline. Normally,
a transmission line delivers high voleagurrent in the rangieom 138 kV to more than 500 kV
and a subtransmission line medium voltadeetween34.5 kVand 161 kV. A distribution line
delivers low wltage current in théevel of less than 34.5 k¥nd is used mainly for distributing
electricity to public customergopper, aluminum and steel are usually usedHerconductor
material. Since copper is plentiful in nature, its cost is comparativelysotis very commonly
used for overhead line conductolsluminum conductors are algmopular due to their light
weights. Compared to copper conductors of samephysical size, alumima conductors have
only about 33%of the weight.However,their conductivity andtensile strengtis kept relatively
weak to 60% and 45%, respectively. Thadarge width of aluminunconductoris required for
the cross section to haveetBame resistance as copper conducBteel conductorare also used
because otheir high tensile strength (i.e., 3 timagyher than that of copper condugtarhich
are appropriate for a long span constructidowever, they are quick to rusiptheir endurance is

less than that of copper or aluminum

Insulators

Insulatos play an important rola isolatingconductors fronadjacent conductorss well as
from their supporting structur@heyare also designed t@ithstandheavy increases in tension or
compressioron the corresponding POAs. According to the methods of ctinggasulators to

conductorsthey can begeometricallydivided into three categoriepost, suspension, and dead
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end insulatorsPosttype insulators are vertically or horizontally mounted on the pylon structure
and designed to hold conductors with angbaThis type is effectively utilized for the relatively
low voltage transmission lines on tharrowROWSsof city streetsSuspension insulaterwhich
havea string ofmultiple discsare suspended from a pyland thus allowed foswingng. This

type is aksigned tosupport high voltage transmission lingg carryingthe more weight of the
conductorgplusthe force of the windDeadend insulators argesigned to withstand greatgress

and strainthan suspension insulatofor example, ifall the conductors on one side af span
break due tdeng ice-laden or winddriven,the insulators are able to retain balance of conductors
on the other side of the sparhis type of insulat@ thuspermits longer spans as well as high

voltagetransmissionines.

Pylon

Themainrole ofa pylonis to support conductors along straight stretches oftyriganging
the conductors a safe elevation above the groufithere are variety of towersn the size and
shape to suit various voltage typegminsmissionihesas well aghe terrain to be crosse@ihe
general shapes of pyl@aretubular, latticeandpoleswhich are made dfteel, concrete, or wood
For the low voltage lines, the structure designed to provide a symmetrical conductor
arrangement on single-pole structurewhichmakes it affordable to build and reliable to operate
in the urban aredl o support high voltage of transmission linpglons have more complicated

structures, such as double poles arfides

2.2.2 Related works

Researchof the kst decade intthe field of PL detectiorfocuses omutomatic PL scene

classification and modeling using 3D point clouds and imagery éatarding to the primary
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data sources used, the proposaethodscan be divided into two categorigg) 2D imagebased
and (b) 3D poinbased approaches

The 2D imagebased studieapply algorithms to optical images under the assumption that
PLs have uniform brightness, linear properties, and are parallel to each Tdtkemethod
proposed by Yan et al. (200Bggan tadetectPL candidate pixels based on line detectors using
mask and ratioTheytraced candidate lines and grouped line segments by linking each segment
usinga randa transform and a uselriven threshold of angle and distance, and finally applied
Kalman filter algorithm to extract an entire power liheet al. (20L0) suggested aew method
for PL detection from complex and noisy image textuwapturedby Unmanned Aerial Vehicles
(UAVs) through the application of@assic edge detectaheHough Transform (HT)To reduce
background noise and bring deL edgesa Pulse Coupled Neural Filter (PCNF) was developed
for preliminary detection oPLs. Finally, line clustering based oa priori information was
performed to refine the resslof line detection by using k-means algorithmThe reported
approachebased on 2D image analysis strondgpendon image gradiest that isthe contrast
of pixel valueshetween PLs and thdiackgroundThe algorithms are thus sensitive to noise and
testregions (i.e., rural versus urban areas), which leads to different comteast®Lsthereby
decreasingherobustness of results. In addition, due to the lack of 1D (k&xis} in 2D images,
occlusion occurs along the height direction, so it isdiffito detecoverlapping PLs

By using LIDAR data as a primary information source, the 3D pbaged approach
performs aclassification of PL points and theibsequenimodeling is based on several unique
propertienf the LIDAR data and thgeometricatharacteristics of the PIAn important property
of LIDAR data isthat itcan provide multecho information andives the intensity of the returned
laser.This property allows us to roughbeparatepoint clouds into each object class (i.e., PLs,

buildings, trees, etc.)based on height anthe differences in intensity between the pulses.
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Axelsson (1999) proposed a filteringchniquefor the classification of objects comprising 3D
city models. After detecting buildings and ground using MDL criterion amrd TtiN-based
elevation difference, power line points are extracted based on their geometrical properties and
data characteristicdn other words, since power lines hanging over the ground surface show
linear properties, their points provideultiple echoesderived from the PL and the ground. The
results are then refined by isolating the PL points using the Hough Transformation equation.
Clode and Rottensteiner (2005) suggdst method for the classification of trees and power lines
based on the theory ofdinpsterShaferusing only dual return airborrigDAR data witha point
density of abou0.8/nt. Three classification cues were usedfirst pulse laser intensity image
height differences between the first and last puasd,a local point density imagehe Dempster
Shafer theory was applied to classify input data into one of three classetged?Ls and
others) using the three classification cuesvielzer and Briese (2004) proposed a botigm
method for reconstructing PLs fromDAR data. An iterative Hough Transformation was used
for extracting line primitives, which are grouped based on a minimum linkage hierarchical
clustering method A PL model was reconstructedsing a catenary curve equation whose
parameters are estimateding RANSAC. McLaughlin (2006)presentsa twostage method to
extract transmission lines frodDAR data with 1.22.4 m point distance on a linaninitial
classification based on a Gaussian mixture moded, an estimation of the parameters of the
transmissin line spans using a catenary curve embedded local affine model. In the initial
classification stage, point clouds werassifiedinto three categories using eigenvalue analysis:
transmission lines, vegetation, and surf&eusing the classification farmation,the parameters

of the catenary curve are initially calculated based on their geometrical relalibes, the
parameters are estimated by fitting teenarycurveto the corresponding PL membpoints

using numerical methods such asinear guares regression process, thereby reconstructing PL
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models.Vale and GomeMota (2007)proposeda new real time solution for data segmentation

and anomaly identification algorithms. In eddBDAR sweep, the range data is assigned to one of
four different object classes PLs, obstacles, towers, and ground. If a geometrn@aimatch
happens due to variatioms the laser position, occlusion, orsufficient data resolution, line
interpolation occurs by taking into account previous geometrical informagéiithough the
proposed poinbased method demonstrated a success rate of more than 72% completeness for the
PL extraction rate, its results show an irregularity in data distribdtiento the effects of random

errors and occlusion, whiaksult invarious pint density and data gaps on PLhesesometimes

lead to failures in PL modeling completion

2.3 Building modeling inliterature

3D building modelsare a crucial extension of online mapping services such as Google
Eartf™ and MS Virtual EartA" since they provide enriching and interactive visual information
that works well withu s e eysb@ain cognitive pattern interpretat®rand visualizationsThis
leads that thehotarealistic 3D building modelare used for a variety of applications basaed
the online mappinglatform For example, environmental planning in support of decisiaking
(Scherer and Schapk2011, Yu et al.2010), noise modeling for telecommunication operators
(Wagen and Rizk2003), hazard mitigation for risk anagement (H and Augenbrqe2012),
visualizations for tourists (Glander and Dolln2009), interactive measurement faurrveyors
(Liang et al, 2011), magnetic interferences, flight simulations, cartography and map revision,
transportation planninglisasterassessent and so on. However, despite the growing demand for
3D building models, achieving the rapid and accurate creation of realistic 3D models from major

data sources such as aerial/space images and LIDAR data remains a challenge. This is mainly



32

caused by lintations of data representation as much of the data used includes systematic and
random errors caused in part by uncalibrated sensor systems, scene compleitiiastbeen
pointed outcomprehensive reviewan the extraction of objectmcluding buidings from image

and LiDAR data by many researchers (Ma@808 Rottensteingr2009;Haalaandkadg 2010).

Based on the reviews, this section explores research trantd®e building reconstruction,
especiallyregularization of noisy building vectors, frddiDAR data as a main data sourdering

the last decade.

Under the assumption theff-terrain points areletectedthe modeling process of building
objects begins with isolatingpuilding points, called builthg blob detection orbuilding
localization. Since the building rooftops aremprisedof the combination of planar facets above
terrain surface, most of building localization is subject to a plane detection based on e.g.
RANSAC (TarshaKurdi et al, 2008)and a height difference between neighboring plane patches
(TarshaKurdi et al, 2006). As LIDAR data with high point density in the range of up to 20
points/ nf emerge, for example, in the corridor mapping, the buildiilog detection techniques
have beerasy to be applied and produtdgh quality resultsBy using planar roof primitives as
modeling cues, building rooftop modeling is done by establishing topological relations between
planar patches and optimally fitting model hypotheses to the primitiwes. different basic
modeling schemes, parametric and generic modeling, are mostly used to represent rooftop shapes

The parametric building model uses a fixed set of standard model types, such as gable and
hip roof, in which the topological relations ofapar patches are pparameterizedut their
geometry is unknownThen, the extracted modeling cues are matched to predefined building
types and geometric properties of the models such as scale and orientation are estimated as the
output. Sincethis apprach relies on the bulk of the data rather than on a subset of building

segmentsthe representation of complex building shapes is also restricted to a composition of
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predefined building parts. On the other hand, generic building models allow for theahigfiion
of building types. This means that the parametric relations of planar segments and geometry of
rooftop shapes are unknown. Thus, this approach provides high adaptability to complex building
types. However, due to the minimum use of a priori kndgéeofbuilding shapes, the modeling
guality depends heavily on the detection processes of modelinglouls. automatienodeling
approach,it is difficult to completely reconstruct rooftop structures including detailed rooftop
components such afimneys and ventilation faithus, the two modeling techniques aseially
performed under thiactthat microstructuresn the rooftoparenot required to be modeled

In the past few decades, it has been pointed out by many researchers tbhgtiréezation
of noisy building boundaries is an essential step for the generic building modélengrocess of
regularization, known as line simplification is mostly used to extract the boundary vectors by
avoiding fragmented line segments and redundanicgsrtMoreover, geometric conditions such
as symmetry, parallelism, and perpendicular are imposed to the boundary vectors during the
regularization process. Various techniques related the regularization of buiditogshavebeen
proposed in the literate. In here, according tgegularization criterions usedepresentative
studiesare categorized and thenrveyed in detailTypical limitatiors in the studiesare not to
deal with areshape of polygoand teir outcomes are also sensitive to a pointsigmvhich is

shown along the boundary lines

DouglasPeuckerbased simplification

The classical DouglaBeucker (DP)algorithm has been widely recognized as the most
visually effective linesimplification algorithm(Ramer, 1972)This simple algorithnstarts by
constructinga polyline with edge segmexntwhich linka priori intial verticesselected from edge

points. The process recursively discards the subsequent vertices whose distance from the initial
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pol yline | alewng tistanae tolerece>lt abcepts the vadesas part of the new
simplified polyline if their distance from the line argreater thars, where it then becomehke

new initial vertcesfor furthersimplification. However, the performance of DP fully depends on
and intrirsic topological errors such as a gelersection are found, which is later improved
(Ebisch 2002;Wu and Marques2003). Cho et al. (2004) simply applied the DP algorithm to an
urban set of LIDAR data, which results in producing veatplified boundarylines without
considering geometriconstraintdetween the lines. Shan and Lee (2002) and Zhang et al. (2006)
extended the line simplification by imposing simple geometric constraints to the polylines derived
from the DP. After computing two main orietitans of a building, the most of outlines are forced

to be parallel and/oorthogonalbased on the dominant orientatioltsassumes that a building
polygon is basically formed asrectangular shapeoconsecutive polylines are perpendicular to
one anotbr (Alharthy and BetheP002;Ma, 2005). However, due to the simplicity of approaches,
their capability is sensitive to the presence of data noise along building bounbiagddition,

Lach and Kerekes (2008) and Lee et al. (2011) adopt a digawg algorithm (Zhao and Saalfeld
1997), which uses angle tolerancestead of distance tolerander simplifying irregularly

distributed polylines

Least squares adjustment with geometric constraints

The initial boundariesan beteratively rectified and fitted well to boundary poiats well as
imposed bygeometric constraints such as linearity, connectivity, and orthogobakd on the
least squares adjustmeAmeri (2000) introducethe Feature Based Model Verification (WB/)
for regularizing 3D polyhedral building shapes from DSM and imagery data. During the
regularization process, linearity for straightening consecutive lines, connectivity for establishing

topology betweenadjacent lines, and orthogonality for imposing tbrthogonal propertyo
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neighbouring lines as well as-ptanarity for growing a polygon are used as constraints. Then,
the weighted least squares minimization is adopted by incorporating the constraints in order to
produce a good regularized descriptanbuilding rooftop polygons. Sampath and Shan (2007)
parameterized a regular building model by the coefficients of a rectangular shape based on a least
squares adjustment with only a perpendicular constraint. This results in areguiarized
rooftop skape in the case of building polygon with more than two directions. Xu et al. (2010) and
Lee et al. (2011) considéne regularization with less use of orientation constraints as fixing the
dominant orientations limits the shapes of building polygons tamgalar shapes. However, this
often causeghe generation ofedundantline segments due to the irreguldistribution of
boundary points. With a similar approach, Neidhart and Sester (2008) propose -bageghh
vertex reduction method that is used tadfia polygon with a minimum perimeter, while
preserving the geometric properties such as orthogonality of consecutive polylwedinal
outlines with a set of straight lines are approximated based on RANSAC and least squares

adjustment

MDL -based veritation

According to Rissanen (1999), the basic conceg¥limimum Description LengthNIDL)
theoryis to find themostprobable modelith a global maximum likelihood in the set of possible
model classesWeidner and Forstner (1995)adoptedthe MDL concept to regularizeoisy
building outlines extracted from higlesolution DSM After determining theouilding boundary
points,four consecutive poinre selected to be the local unit of the line simplificatiéfith this
local point set, terdifferent hypothetical models are generateith respect to regularization
criteria. The criteria are defined bywoving two middle pointsremoving one of the middle points

as well as imposing orthogonal property on the consecutive lines. As a resuttyulaization
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process produces a good approximation of building outlines, but there are several limitations.
First, by generating many hypotheses at every vertex, a high computational cost is required.
Second, isce line simplification idocally performal, the methodmay produce different results
according tahe starting vertex. Moreover, due to the local adaptive regularization, it is difficult
to achievea global regularity for entire polyline3.hus, an additionabptimizationstep which
globally imposes the geometric constraints tolihgding model should be involved. Jwa et al.
(2008) extended the approach by solving some limitations, resulting in the generation of a global
optimal building polygon. Three geometric parametef building vectors line directionality,

inner angle, and number of vertices, are directly employed in the MDL framework. According to
regularization rulesdefined, the parameters are hypothesizedich results in a numbeof
regularizing model hypotsesA model minimizing the MDL cost functions finally selected as

a global rooftop model among the®imilar ideas are also presented by Taillandier and Deriche
(2004) in order to simplify the complex building rooftop shapes. From 3D plane primgoligss

of planes are extracted by intersecting all the planes. The possible arrangement of planes is then
hypothesizedn the form of 3D graphlopological and geometrical description with respect to the
number of planes, edges, vertices, and line direcii@also integrated with thdayesian
formulation.The hypothetical rooftop modeksre therefore verified based on the MDL framework.

In performing MDL:-based verification, a general problem is that a model witter or over
regularized form might be kted in the complex building scerEhis isnormally due to the
failure of keeping a balandgetween regularization terms in the MDL functidro avoid the
problems, weight values for each term arequired to be adaptivelpptimized to control

inferential power between the terms.
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2.4 Airborne Li DAR systemoverview

Light Detection And Ranging (LIDAR) is an active remote sensing technology. It uses an
artificial energy source, a laser, to sense the correspondiggtsby measuring time delay
between its emission and return pulse. Since the mid 1990s, a global positioning system (GPS)
technology has made it possible to determine the position of a person onvattjechigh degree
of accuracy, which has enabled the@epment of the LIDAR system for the direneasurement
of topographical terrain surfacéfckermann 1999). A typical LiDAR system produce3D
positional data in the&artesian (XYZ) coordinateystem byintegrating two main measuring

equipmentsa laser sanning system and a positiandorientation system.
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Figure 2.7 The overall diagram of a typical airborne LIDAR system.

As shown in Figure 2,7each of these systems can be divided inteusiis: a laser ranging and

optical scanning unit within thiaser scanning system, a GR®d an inertial measurement unit
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(IMU) within the position orientation systerihe associatedneasurements are recorded by a
computer unit mounted adjacent to the sensors. For further information, one can refer to literature

by Wehr and Lohr (1999), Baltsavias (1999), Shan and Toth (2808)Geist et al. (2009)

Laser ranging

Laser ranging sysis measure the distance between the survey platform and the ¢argets
the ground, and consisf three sukcomponents: laser transmitter, receiver, and time counter. The
laser transmitter continuously emits a number of pulses per second that are noeaallyed in
kilohertz (kHz), called as PRF (Pulse Repetition Ra®)rently, a typical airborne LIDAR
systems provided by main manufacturers (Optech, 2013; Riegl, 2013) can generate high PRF up
to 800 kHz which leads ta dense point spacingesultingin theincreaseof spatial resolution on
the groundHowever, the PRF is limited by the systismability to recharge a specific fraction of
the pulsés maximum amplitude after emitting a previous pulse. This time length is referred to as
pulse duration (dge width) and its common value approximately hanoseconds (ns) in most
LiDAR systems.The receiver has an optical detector, which senses backscatters from an emitted
pulse traveling at the speed of light. The pulse must be returned to the senshittaftean
object on the ground before the next pulse is emitted, otherwise it will not be recorded. The latest
commercial LiDAR system employghotorrcounting technology based on singlelse mult
photon / multipulse singlephoton detection, which rel¢si in the improvement of system

performancey increasinghe signal reception rate at lemergy

Scanning system
The primary role of scanning devices is to redistribute laser pulses to cover wider areas with

a higher point density. Various scan andles, Fields Of View), from 40to 75, can be adopted
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for different mapping purposes. A wider scanning angle reduces the time and costs required for
mapping. Howeverjt increasesocclusionsand error propagations in the rangemputation
towards the edgof scan lines. In typical practical operations, four types of reflective scanning
devices are usedlhey create different scanning patterns on the ground: oscillating mirror,
rotating mirror, nutating mirror (palmer scanner), and fiber scanfee. oscilating mirror
changes its scan direction at the end of each scan, which yields a zigzag line for a linear scanning
pattern.This leads thaits operation requires acceleration and deceleration. The rotating mirror
and nutating mirror move with a constanigalar speed, which produce parallel lines and
elliptical shapes (i.e., a ndmear scanning pattern), respectively. This allows for faster scans that
produce redundant raging measurements on the same groundnattea fiber scanner, laser
pulses are déctly sent into a circular glass fiber array and linearly transmitted to the ground,
which forms a parallel scanning pattern. As the scanner uses the small aperture of the fibers
without large mechanical movements, it achieves a high scaamatehighsample point density.

However, it requires a very sophistichtalibration procedure

Positioning and orientation system

Inertial Navigation System (INS) provides high quality navigation information derived from
inertial measurements of linear velocityda angular ratesn combinationwith GPSbased
positioning techniquednertial navigation is defined as navigation using Inertial Measurement
Units (I MU) based o nindéerermlitaroliSOcemptisasvaset af M@ismot i on .
accelerometerand gyro¥ the platform on which they are mounted, and the computer that
performs the calculations needed to transform sensed accelerations and angles into navigation
information: position, velocity, and attitudé&yroscopes measuring the angular ratethef

platform with respect to inertial space are divided into two types: mechanical and optical gyros.
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Mechanical gyros provide direction according to the angular momentum of a rapidly spinning
mass in inertial space analtionglonoten. Thi® devyte wt on d s
usually used for strategic military applications or hkegituracy space application, given its

accuracy, which is known to be better than 0.0001 %hr for bias and 50 ppm for scaleltféstor.

also expensive, compared to thetical/commercial grade, with bias stabilities in the range 0.1

10000%hr and scale factor larger than 100 g@ekeli 2001).Optical gyros are operated based
on the Sagnac effgawhich results in the apparent lengthening or shortening of light prtgzhga
in a closed circuit that is rotating with respect to inertial spalse.optical gyro is not suitable for
the local level stabilization of a platform because it does not use a spinning mass, but it is a valid
alternative to the mechanical gyros in eaptdown mechanizatiorin which a platform rigidly
attaches to the corresponding reference fralime accelerometer sensélse specific (applied)
force. In other wordsjt does notmeasure theacceleration associated with fredl in a
gravitational field but it does sense the reaction, such as the lift provided by a parachute. The
high performance accelerometer for military applicationsamaaccuracy of greater théman 1
eCfor bias and 2 ppm facale factar

The NAVigationSatellite Timing and Ranging (NAVSTAR) GPS is a sateligsed radio
positioning and timeransfer system, designed, financed, deployed and operated by the US
Department of Defense (DoD}t was designed as aall-weather, continuous, global radio
navigdion system (Wooden, 1985)he GPS satellites have nearly circular orbits with an altitude
of about 20,200 km above the earth and a period of approximately 12 sidereallheurarrent
constellation lovembey 2011) consists of32 operational satellite@ncluding IIF-1 which is a
new generation of updated GB&ellites, launched dviay. 2010) deployed in six evenly spaced
planes (A to F) with an inclination of approximately 55° and spacing of 60° intervals along the

equator (http:/tycho.usno.navy.mil/gpscurr.nimlThe GPS satellitedbasically transmit two
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microwave carrier signals, L1 (1575.42 MHz) and L2 (1227.60 MHz), derived from the
fundamental L band frequency (10.23¥). In recent years, L5 frequenc$1(76.45MHz) for
civilian-use signals has been made available to the IIF satellite according to the GPS
modernization process, which enhances reliability in receiving GPS signals. The smmgls
navigation messageshieh include satelliteclock corrections and ephemeris and pseudorandom
noise (PRN) codesThe PRN codes are divided into various typ€sarse/Acquisitiorcode
(C/A-code) Civillian L2-code (L2C),Precisioncode (Rcode) and Military-code (Mcode). The

C/A- and L2Ccode are normally used in the Standard Positioning Service (SPS) for civilian use
with a noise level range of less than 3 m, respectively. On the other handatige ®codes are
designed to be utilized by the Precise Positioning Service) (RIPA specialized user such as
military personnel with a range accuracy of less than 0.3 m, respecti@ypgnnWellenhof et

al.,, 200J).

The GPS/INSperformance usually depends on the qualittheilGPS measurements because
the longterm accuracy of atandalone INS ispoor, compaed to that of GPSOn top of the
navigational insufficiency of the staiadone INS, the GPS positioning errors derived from a
signal blockagemultipath, andthe effect of the sensor vibration while in motishould be
constdered.In a practical situation,iffierential positioning with GPS (DGPS) is be performed
by simultaneouslycollecting data atwo stations, a base and a rover, from each satlibbtain
better GPS/INS navigatiomformation The benefit of thedifferential technique is that it
facilitates the cancellation of common errors, such as the sateléfgendent and receiver
dependent erroré-or example, a satellite clock error is considersdtallitedependengerror and
can be removed by the singldference (SD) modeA receiver clock error and intehannel
biases, whichieceiverdependent errerare eliminated based on the double difference (DD) mode.

Table 21 shows the parameters characterizing a typical topographic LiDAR system. The next
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sectbns discuss the fundamental formulations related to airborne LiDAR mapping, and error

sources when producing 3D positional information

Table 2.1 Characteristics of a typical top@phic LiDAR system

Specification Typical values

Laser wavelength 700- 1400 nm, neafinfrared

Pulse repetition rate (PRF) ~800kHz

Pulse energy 100st J

Pulse width (Pulse duration) ~7ns

Beam divergence 0.2571 2.0 mrad

Scan angle (or Field Of View) |40J71 78]

Scan rate 251 90 Hz

GPS frequency 17 10 Hz

INS frequency 2007 300 Hz

Operating altitude 807 3500 m (6000 m maximum)
Footprint size 0.257 2.0 m (at 1000 m altitude AGL)
Number of returns ~ 4 orunlimited ull waveform)

Ground spacing 057 2.0m

Vertical accuracy 57 30 cm (at 1000 3000 m altitude AGL)
Horizontal accuracy 1/5500i 1/2000 of flight attitude (m/AGL)

2.4.1 Relatedfundamental formulations

Figure 28 depicts the configuration of the main components of airborne LIDAR systems and
the principle of laser point positioning derived from the LIDAR -geferencing equation

descibed in Equation 2.1 (Toth 2008iabib 2009).
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Figure 2.8 The schematic diagram of airborne LIDAR sysieonfiguration and the principle of

laser point positioning (Bang 2010).

In general, measurements derived from the main components are navigation solutions
including position and attitude information derived from the GPS/INS integration, and range
information produced from a laser unit. By incorporating the measurements atolDAR
equation, the positional information of the laser beam footprint is estimated based on the shift and
rotation of the associated vectors over the corresponding coordinate systems, where the coordinate
frames used in the LIDAR equation are compriséd ground coordinate frame and three local
coordinate frames (i.e., IMU body frame, laser unit frame, and laser beam frame). The LIDAR
equation is based on the summation of three shift vectors and the three corresponding rotations: (a)
® between the dgin of the mapping frame and the center of IMU body frame(P(t)everarm)
between the phase center GPS antenna and the center of IMU body frabgade) range)

between the laser firing point and its footprint, §l) between the mapping and IMU body frame,
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(e)'Y between the IMU and laser unit frame,f) between the laser unit and laser beam frame.
As a result, the LIDAR system determines the
® over the ground based on the spatial relationship between the used.sensors

In the previous research, sorhendamentalrelations and formulations are introduced as
major factors in the airborne laser scanning (Baltsavias,;1988n and Toth, 2009). Values
derived from these formulations can be used as the main input for the whole airborne laser
mapping taskwhich isrelated to the range fromplanninga flight mission to obtaining a final
product. At the level of flight planning, after selecting the appadpriLIDAR system, the main
parameters such as flight altitude and speed are determined by takiagdatmtthe quality of
the final product. This is due to the fact that the initial parameters in fllghhingcan directly
affect the positional accurg and resolution of LIDAR data. For instance, according to the
information provided by on@opularsystem manufaater (i.e., OPTECH ALTM seriesat a
flight altitude of 1200m the expected positional accuracy (1 sigma) of the point clouds is
approximatey 0.6m and 0.15m for the horizontal and vertical planes, respectively. However, if
flight height increases to 2000m, the accuracy will be downgraded to 1m and 0.25m. After
obtaining LIDAR data based on the custofeegiccuracy requirements, some fagtorsluding
the point density/spacing and the accuracy of point position, are also ws¢uli@s information
for LIDAR data filtering in order to extract the final products, such as DSM and obje&lsnod
(Pfeifer and Mandlburger, 20R9 Table 2.2 summarizesthe fundamental relations and

formulations of laser ranging and airborne laser scanning
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Table 2.2 Fundamental relations and formulations of airborne laser ranging.

Major Factor Geometry Formulation Description
Target
Laser . R : slantrange
Transmit Sgnal
Time Pulse ‘ ’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’ g e 2 O v: the speed of light
Method Receive Sgnal ¢ t: measured time
interval
<«—— Range —»
Laser . M: integer number of
Ranging Recelve it wavelengths
| .
Phase Laser | & the known value of
. Fl2 the wavelength
Comparisor ' a 17¥c | 3 1 the fractional part of
Method Transmit : B 32 4C p
the wavelength=3 ¥
|
— AN —> ! ¢A 1), where3 is
j«—— One Wavelength(A)———, the phase angle
Altitude above ( 2 maximum slant
Ground ~2.. . fange
Al OIg [ angularFOV
i 37 H: altitude
Swap Width ¢( DATTI |f:angularFOV
<
F: pulse rate (pulse
Number of Points pe N N=F//E repetition frequency,
Scan Line N PRF)
AE: scan rate

Scan Line
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3 H: altitude
T [ : angularFOV
Across . .
JQ7A1 QFc¢ |N: number of points in
one scanning line
Point
Spacing
" v: forward speed
Al FE
ong s . /AE: scan rate
0%
. ) p¥ 3 ,
Point Density o ol o » N: number of points
o 21 o N/n?
N O O

Nadir

Footprint
Diameter

Off-Nadir

r( H): distance betweel
laser sensor and
surface

3 [ laser beam
divergence

[: scan angle of the lasi
beam

1 : angle between surfac
normal and vertical

Overlapping Factor

“— SN —» -

SW: swath width
e: flight line separation

Horizontal Accuracy

Vertical Accuracy

Better than
1/2000CH

H: altitude

Approximately
15 cmat 1200m
25 cm at 2000m

1 sigma
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2.4.2 LIDAR error sources

Since the LiDARsystem shows complex and highly interconnected configurations of main
sensors (i.e., navigation sensors and laser scanning unit), errors derived from each sensor are
correlated, and thus it is difficult to clearly determine the source of those errougttheo
calibration process. The potential error sources affecting the quality of laser point clouds can be
divided into two categories: random and systematic errors. A random error which is assumed to
follow the normal distribution is a nepredictable ernosource and its impact depends heavily on
the precision of the measurements provided by each sensor. On the other hand, systematic errors
are mainly caused by biases due to thsufficient calibration of individual sensors and
misalignment between diffent sensors. Many studies of the LiDAR error budget were performed
early on in is development (Baltsavias, 19%chenk et al.2001;Csanyi and Toth2007;Bang

2010) and the summary of these studies is tabulated in Tal{edth, 2009)

Random errors

This type of error is propagated to the ground point position according to the law of error
propagation derived from the LIiDAR equation (Equation 2.1). The impact of random errors
should be investigated by examining system measurements such as the positiarientation
derived from GPS/INS integration and laser ranfyeposition noise randomly affectsoth of
horizontal and vertical coordinateegardless of flight height and scamgle However, an
orientation error contaminatéise horizontal coordinatmore than the verticabordinateand the
contaminated amountarieswith respect to flight height and scamgle The laser range error

normally affects the vertical component of the point in the nadir region
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Ranging error

The range error is caused by the malfunction and false adjustment of the time counter in
measuring the pulseansmissiortime. The atmospheric effect also affects the distortion of the
laser pulsé path. In other words, as a laser pulse travels to thendrand back from its laser
unit, the value of the laser range could be incorrectly calculated according to the atmospheric
status taking into account alensity and variations of pressure, humidity and temperature. In
addition, the degree of the intetysiof the laser signal witmespectto the reflectivity of the
surface influences the rar@gecomputation The error effect is usually corrected based on the
intensitybased calibration tables provided by a LIDAR manufacturing company. The effect of the
ranging error mainly shows in the vertical point coordinate ianteases in the horizontal point

component along the scan line

Scanning angle error

The scanning angle error occurs if an instantaneous angular position of the scan mirror
rotation is incorrectly measuretlhe error leads to an anomaly in the laser beam deflection vector
with respectto the encodemnyvhich causes horizontal and verticahift of the coordinate of the

laser point along the scan direction

Alignment error between sensors

The alignment error is related to a misalignment (i.e., bias) in two components: offsets and
boresight angularThe offsetsincluding the lever armmeanstranslation vectors between the
sensor frames related to GPS, INS and laser sésmboresight angular indicates rotation angle
between the INS body frame and laser frafitee bias in the boresight angular is more critical

than that in the offsets. This because thengular biasunlike linear bias derived from the offsets
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produces a naehinear form and thus providean unexpected and large impact on the point

positionaccording taflight altitude

Error in navigation solution

This error is derived from the navigation solution introduced by the GPS/INS integration
determining the position and attitude of the sensor platform. The position error is caused by
anomalies in GPS measurements, which are caused by cycle slipsaths)tipoppospheric and
ionospheric errors, integer ambiguities, and so Tme ground coordinates of the measured
LIDAR points are directly corrupted by the error, resultingamliscrepancybetween adjacent
strips. The accuracy of IMU measurements deriiemm the attitude of the aircraft is mainly
affected by initialization errors, mechanical misalignments, and gyro drifts. To mitigate errors in
the navigation solution, proper planning of the airborne survey as well as careful calibration of
sensors is ieplired. For example, it is important not to use very long baselines (i.e., more than 25

i 30 km) for the Differential GPS solution in order to reduce distalependent errors

Miscellaneous Errors

Besides the aforementioned main error sources, thereiaoe error types which should also
be considered in order to improve the positional accuracy of LiDAR data. A time synchronization
error occurs in the process of fusion of measurementddasiieedfrom the navigation and laser
sensors. Fluctuation of flig also causes complex 3D position errors of laser pamserror in
the coordinate/datum conversion (abotd tm) can occur when LIDAR datae converted into
userpreferred coordinate systems, like NAD83 being based on a GRS80 ellipsoid after gcquirin

LiDAR data based on a WGS84 ellipsoid. A mounting error is related to the rigidity of the
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mounting of sensors such as IMUs and laser sensors, and leads to orientation errorgh®uring

flight, some unexpected bending forces on the carrying plate arsezen cause mounting errors

Table 2.3 Major error sources and their impact on the accuracy of LiDAR point positioning (Toth
2009)

Components Errors Typical values

Errors in sensor platform position |A ,A :2-5cm
Navigation solution | (Shift errors) A:4-7cm
(GPS/INS) A ,K :10-30 arcsec

Errors in sensor platform attitude £ - 20- 60 arcsec

Range measurement error K:1-2cm

. .| Scan angle error A : 5 arcsec
Laser sensor calibratior 9

Error in reflectancédased range

calibration [-20-10]cm

Boresight misalignment betweenth¢A ,A ,A :<lcm
INS body and laser sensor frames |A ,A :10 arcsec
(shifts and angular errors) A 20 arcsec

Inter-sensor calibration .
Error in measured lever arm (vector

between GPS antenna and INS A K K :<lcm
reference point)

Effect of beam divergence (footprint <5 cm

Terrain and object characteristics -

Time synchronization -

Miscellaneous errors - :
Coordinate system transformations -

Atmospheric refraction -

Sensor mountinggidity -
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CHAPTER 3

3D building modeling:
| mplicit geometricregularization of noisy
building boundary vectors

This chapter introducesn implicit geometric regularizatiomethodfor 3D shape reconstruction

of building rooftops from noisy airborneDAR data. Inhere the regularization is a process in
which a model deformed by noises is refined by considering geometric regularities that indicate
dominant knowledge of rooftop shapedamheir patterns such gmarallelity, collinearity, and
orthogonality.The regularities are alsmplicitly represented to rooftop models by a set of rules
defined during the regularization process without explicitly using hard constrdihts.
regularization process is performed based/ammum Description Length (MDL) theorsind its

cost function is designed by two termsodel closeness and model complexitiius, a proper
tradeoff between two selection criteria is required for genegatan optimalmodel which

becomes a goodnes§fit model with simple and regular shape.
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3.1 Introduction

In recent years, as the use of electric energy rapidly increases in urban area, the installation
of new PLs has been urgently required. However, this leads timdtesaseof electromagnetic
field of PLs near residential area® that potential adversedhh effects from the magnetic filed
have become social issues. For the public safety in PL corridor area (RCidreasentionedh
Chapter 2, various regulations related to for example a minimum distance between PLs and
buildings at a certain PL voltagee already formulated all over the worfebr this an accurate
3D geometric representation of buildings plays an important role for the effective risk analysis on
magnetic interferences to residence buildings based on the regulations. Modeling building
rooftops (shape reconstruction) focuses on the physical quality of the reconstructed model
elements such as boundary lines, polygons, and volumes, so that local shape details should be
captured (Cheung et a2002). However, despite the demand for 3Dding models, achieving
accurate description of buildings from major data soucagguredthrough passive or active
sensors such as aerial images and LiDAR data is still a challenging work. This is mainly due to
the limitations of data representation aschof the data are normally corrupted by various error
sources such asystematic and random erraxs well as scene complexity. Thus, in the image
data, occlusion of rooftops or their partsrsighbourobjects and variation of brightness due to
the effet of shadows, noise, and low contrast usually occur. LIDAR point clouds also show
irregular distribution with varying point density and data gaps, which cause confusions in
interpreting detailed rooftop structures. In spite of aforementioned limitatidios,cé research
efforts have been made to reconstruct phieadistic 3D building models from the major data
sources andheir comprehensive reviews wepeovided by Rottensteiner (2009) and Haala and

Kada (2010).
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In practice, using LiDARJata for this thesis, modeling building roof structures begins with
geometric primitives detected as modeling cues which are derived fraermaiin points. Where,
the offterrain points are separated fromterrain points using an appropriate filteripgpcess.
The primitives mean a quantitative symbolic description transferred from qualitative knowledge
stored in raw data such as spatial behaviour of data, which are usually composed of corners, lines
and planes (Ameri2000;Belgiu and Thomas2013). As a result, the whole shape of building
rooftops is mostly approximated by establishing topological and geometric relationship between
primitives detected. However, as the primitives are inevitable to be corrupted by noisy data,
reconstructing fine buildgy rooftop models becomes a very difficult task. As mentioned in the
previous chapter, based on the use of the primitives, there are two basic modeling schemes,
parametric and generic modelinghe parametric modeling is performed by fitting a candidate
model derived from a fixed set of standard model types such as gable and hip shape to the
associated primitivesin this approach the topological relations of primitives are fpre
parameterized and their geometry is amhknown However, there is a limitatiom representing
complex building shapes if they are not available in a database of predifned buildingtyples.
other hand, reconstruction based on the generic modeling allows us to represent high variation of
building types.That is, as parametric lagionship between primitives and their geometry are
unknown, it is possible to express variation in the structure of objects based on a set of geometric
parameters that is not fixetHowever, there is a principal disadvantage of generic modeling
comparedio parametric modeling. Due to the minimum useagdriori knowledge of building
shapes, the modeling quality with a high level of detail is heavily subject to the result of detection
of primitives, resulting in thincreasedensitivity to data noise.

In the generic modeling approach, has been pointed out by many researchers that

regularizations essential step for the recovery of rooftop shapes with regular patterns from noisy
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primitives (Weidner and Forstnet995; Ameri, 2000;Ma, 2005; Sohn and Dawan, 2007, Lee

et al, 2011;Sohn et al.2013. The regularization is a process in which a model deformed by
noises is refined by considering geometric regularities that indicate dominant knowledge of
rooftop shapes and their patterns. Most of buildingftopps modeled as a wifeame structure

(i.e., CAD model) shows specific regularities between line or plane segments such as parallelity,
collinearity, and orthogonality. Besides, rooftop boundaries shouldebaeatedby avoiding
redundant fragmentednie segments and vertices (Brunn et 2995). Consequently, the final
shape of building rooftogsecomes a goodnes§fit modelwith simple and regular shape.

In this chapter, we adopted the ddtaven generic modeling to recover detailed rooftop
components from airborne LIDAR data with the purpose of performing the precise risk analysis in
ROW. For its regularization process, a new metioglicit geometriaegularization, is proposed
to achievedesired results of shape reconstruttd building rooftops from noisy primitives. The
implicit means that geometric regularities are represented to rooftop modelaphyitly
determining (datalriven) a set of rule during the regularization proceisstead ofexplicitly
using hard constraints. In the literature, many researchers have intrafiffessht regularization
techniques However, these research efforts have gained only limited sucices®nstrained
environments requiring many pspecified thresholds to control the geometric regulaoity
mainly focusing onminimising residuals between boundary observationsraodels Most of
problems considered in this chapter will be solved by performing the propegathrnization
process in the Minimum Description Length (MDL) framework, resulting in the generation of

polyhedraillike building models with geometric regularities.
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3.2 Motivation

It is discussed that a coarse generic rooftop model derived from noisy primitives is to be
refined based on a set of regularization rules defined. Wthereisedterm model denoteghe
hypothetical descriptioof a real objectTo rectify the coarse metl a model selection procedure
for determining which model is a best description of given data is requirisdalso inevitably
confronted with problems on what is an acceptable degree of models in representing a dominant
part of data. If anodelwhich only fits well to the data is selecteits overfitting is unavoidable
due to measurement errors, called model selection problem. This implies the need for hypothetical
representations capable oharacterizingglobal and universal description for the @ivdata
(Georgeff and Wallagel985).1n the case of prismatic modeling, a set of hypotheses with regular
shapes is prdetermined by using limited modehrametersso that the model selection problem
is manipulated by fitting each hypothesis to the gpoeding primitives based on the criterion
function. However, in thgenericmodeling, as the set of hypotheses is anvilable a set of
possible hypotheses in the different forms, instantiatsarfipl, is required to solve the model
selection problensaused by the regularization process

In this study, primitives used for the generation of instantiations are edge segimehtare
derived by a successive chain of noisy boungemts. Related concerns are that sequences of
primitives show very irregular forms and too redundant edge information exists. In order to deal
with these issues, model selection criteria should be defined in the regularization franidwork.
first useful crierion is relatedn measuring the degree bbw to fit well a model to data,
goodnes®f-fit, which can beformulated based on the principle of maximum likelihood. The
maximum of likelihood is achieved when the observed sequence is represented lag osng
parameters as possibléMyung, 2003. However, the criterion only following maximum

likelihood principle definitelyfails to produce the desiredsult due to the ovditting problem.
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The most common way to correct the problem is to adopt a comtiibedon by adding a term
of model complexity. This is motivated by Ockh@ammazor, a simple explanation of the facts is
better than a complex one (Hansen and 2@01). Therefore, a proper tragdf between two
selection criteria is required for genéngtan optimal model which becomes the higher goodness
of-fit model to the corresponding data and at the same the simpleidescriptionwith small
number of model parameters

Based on the two selection criteria, the theory of MDL is commonly used as a generic
solution to solve the model selection probl@Bmunwald,2005).The most benefit taken from the
MDL -basedregularizationis thatit is not to require explicit constrains usingre-specified
thresholdsn imposing geometric regularities on the modkidnerandForstner (1995pdopted
the theory of MDLto regularizenoisy building outlines extracted from highsolution DSM
using MATCHT. The wsed hypotheses thaekere created in accordance with the defined rules of
hypothesis generationere verified using a MDL cost function which is designed based on the
two selection criteriaAn optimized modelwasfinally selected among a set of hypothesds
minimizes the MDL cost function. Although timeethod wasuccessfully applietbr the building
shaperegularization two major limitations arebserved;(1) locality and (2) limited encoding
scheme for the model complexitfirst, snce the proceduref optimal model selection is
conductedover a local sequence of pointie regularizatiorresuls are subject to thstarting
local point set and their geometric regularities are not achieved in the entire solution. space
Second, as the modebmplexityis only governed byhe number othe verticeof hypotheses, a
hypothesis with the same number of vertices and different shape might be also selected as an
optimal model. To overcome the limitations, this study that is motivated by the st\dgidfier
and Forstner (1995)which is discussed in detail in the later sectwoposed a newly required

modeling regularization scheme in the MDL framewdrke following sections look inside the
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proposed MDLEbased regularization of noisy building vectors and gieil discussions on its

formulations

3.3 3D prismatic building modeling

In this section, the proposed method focuses on stemosstructiorof flat rooftops, called
prismatic building rooftop model, which is parallel to the ground level and its 3D vertices are
placed at the same heiglftigure 3.1 schematically represents the workflow of regularization

process for prismatic building modelifrgm noisy building outlines.

Qutlines

Initial Vectorization

<>

. Line Direction
Quantization

<~

Merging Hyothesis Generation

~

Optimal Model Selection

Reconstructing Optimal
Building Shape

Figure 3.1.The schematic diagram of the proposegularizatiorprocess for prismatic modeling

of building rooftops
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3.3.1 Mathematical formulation of MDL

The MDL theory has its root in measuririgformation for communication chael
introduced by Shannon (18¥and finding the best prediction for statistic and inductive inference
proposed by Solomonoff (1964). Due to the uncertainty of the information, it can be converted to
a probability of occuence. LetP(x) be the probability of occurrence by random selection of

wN P, the information], of x can be represented: as

) =11 €6—=- i ’x) (3.1)

Rissanen (1983 and 1999) developed the MDL principle for the optimal model selstanhon
several important aspectich asthe use of noa priori knowledge and the inference of
hypothetical model classes instead of a single speciimtkel. The basic concept of MDlLs that
an optimal model is selected by minimiziagcomputableesciption length(DL) with a bit unit,
which consists ofwo terms model closeness (i.e., goodnesdit) and model complexityThe
computation can ultimately provide a practical advantageatiaitls the searcbf an appropriate
test statistic fom validdion procesgBarron et al., 1998 The iss@ on how to express the MDL
termsin the mathematical form can be derived from a Bayesian framework (Vitanyi a2@00),

such that

0(ss —— (3.2)

Given a hypothesibl and observed dat@, 0 "C§0 denotes the posterior probability which is a

conditional probability oH on D. 0 ‘O30 means likelihood foD givenH.0 "O andd O is a
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prior probability of H and marginal probability oD, respectively. By taking the negative

logarithm at the both side &fg. (3.2, it is written as

1T C(s$ ITgsy 11¢g(C 11¢C$ (3.3)

At this points, naximizingd "Cg0 in the Bayesian framework is equivalent to minimizing the
negative log probability & ¢ IQ'C0 . As a hypothesis testings relatively performed in the
same data domaithe term ¢ Q0 becomes a constant valaad can be ignored.admparing

to the Bayesiaframework it alsoturns out that prior information far "O is not required in the
MDL framework. Therefore,a total description lengtth can be formulated by the summation

of two terms, & &€ 0SO and & € 'O, such that

fl =1 sy p 1Al (3.4)

The first termfl ‘OSO indicates model closerebetweerH and D, which measures the degree of
model suitability in the given dat® and quantified by & ¢ 0SO. The second terrfi "O
expresses the model complexity of characterizing a global representation using aneeelof
parameterandquantified by & ¢ 0. _andp _ are weight values for balancing the model
closeness and the model complexfgsuming that an optimal modedpresentinghe data is the
one minimizing its description lengthhe model selectionprocessallows amodel H to be
converged tahe optimal modeH* by achiewng a good tradeff between the two termas

follows:

(° AJCETL, M $g p 11l ( (3.5)
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Development of model closeness and model complexity

The first term, model closenesss optimized for thegood data attachment to the
corresponding models the datdD B o  representing measurements usualgxhibits
the irregular distribution due to random errors, the measurement errors can be assumed to be

following a Gaussiaddlistribution® 0 ° h, with expectation and variancg , and its density

functiond ?'Q . By using the statistical model of data, the degree of fit between a

model and data can be measured t@s h, , and then the term of model closeness becames

the form

. (3.6)
P D ¢ PO . .

¢l ¢ u

Where,' and, denotea priori information with respect to a PL modil. In the givenD, the
first criterion is éttermined by minimizing Eq3(6) with respecto’ . If all the hypotheses are
assumed to have the samethe last two terms as constant values can be ignored. This is because

they are independent en Thus, the term of model closenéis¥sO is to be simply rewritten as
——. Where, denotes the weighted sum of the squared residuals betweed D, O

e YO e inthe matrix form

flsy — (3.7)
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The second term, model complexiig, related to thelegree of shape complexignd its

associated term of model complexityc@mposed of three geometric factors;

{1 the number of vertice®
1 the repeatability of identical line directidn

{1 thequantizednner angle transitiot-

By using the three factors, an optimal model is chdgdts polygon vectorshave smaller
numbers of vertices, as many as possible identical line direction, and smoother or more
orthogonal inner angle between adjacent lines.

The probability for 0 can be formulated from that a vertex is randomly selected as a

member point of a model and thérb  —. Its description length becomést "0 based on

Eqg. (3.1). Since the optimal model has the number of minimum vertleasjs neredundant

vertices) , its description length is to he & ¢ "Q . Similarly, the probability fod , P(d),

can be— and its description lengthis ¢ "Q . By considering the required number of polylibes

directionsd , information for the line directionality is measuredtbyx ¢ "0 . In this study,
line directions—={0° O—0 180’} is quantizedby eight direction— i=1, é , 8} based on
Compass Line Filter (CLF) suggested by Sohn et al. (2808hown in Figure 3.2ote thatthe
first orientation of CLF is the horizontal direction, and from which the others are subsequently
displaced at a constant angle equaVddi.e., 22.5). Given line segments belongirig each
section of CLFthe representative directierr  is calculatedusing line$length as a weight.

Lastly, we also use thengleformation of CLF for the quantization of inner angles.iAmer

anglé” —at two consecutive line vectors is quantized by assigningrtainpenaltyvalueto one



62

of a set ofangle rangespecified. As depicted in Eg. (3.8het penalty values 5 are
heuristicallydeterminedo have the minimum value of O (i.e., favoured regularity)-fcloses to
90° or 18C, while the maximum value of 2 (i.e., dfimvoured regularity) is assigned to the very
acute inner angleThis is because theccurrenceof acute inner angles at the two consecutive

building vectors is rare in practicEherefore, the probability faF can be derived from that an
inner angle at a vertex is located in one of quantized angles and then —, and its
description legth isd ¢ "® . In the optimal model, the cost imposed by penalty valuess

B ' r and the description length for the inragletransitionis to bel- & € "G

As a result, the description length for term of model cexiptfl 'O is obtained by the

summation of three geometric factors as shown in Eq. (3.9).

<  EW& "d p@d )
[ hh p EpRR & "d XK dp A " d pogh (3.8)
n ExEx A Td prddp ofpd T d p YA

fl ( MNMic Mic NiTeq (3.9)

X
11.25 deg

Figure 3.2: lllustration of CLF:A set of quantizetine directions with 22.5°
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3.3.2 Initial vectorization

In the step ofinitial vectorization, #er ordering building boundary points by using a
modified convexhull method, an initial building outlines are reconstructed with linked edge

segments obtained BouglasPeuckemrlgorithm(Douglas and Peucker, 1973

3.3.3 Line direction quantization

Orientatons of polygon slopesre quantized using CLF (Figure 3.2)l line directions {d}
are measured by s ii y d o s dndassighed into one of eight CLF nhumbetsersd indicates
the angle betweea line segmenandx-axis, andd is the line distance from the origiRinally, the
representativdine directions with respect toeach CLF number are calculatedoy weight

averaging cumulative directiobelonging to the same CLF number

3.3.4 Hypothesisgeneration

For each vertexnany regulrizing model hypothes are generatedh four different ways
As illustrated in Figure 3, A Floating Line (FL) can move along the Guiding Line (GL) passing
through FP and GP by replacing thedsdirection with CLEs ones. By intersecting the FL and

GL, a new vertex is computed for hypothesizing a regularized model
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Figure 3.3 The possible alternative hypotheseshate points (AP: Anchor Point, FP: Floating
Point, and GP: Guiding point) based on Compass Line Filter (CLF): (adwng6 , (b) by

moving6 , (c) by eliminatingd and movings , (d) by eliminatingd and moving .

3.3.5 Optimal model selection

Figure 3.4(a) showsinitial closed polygorformed by using boundary points extracted based
on modifiedconvexhull algorithm after building detectioffrigure 3.4(b) is the initial simplified
polygon simplified by DP andinitial DL value for the null hypothesis is caldated. In the next
step (c), aftercomputing{DL} for the entire verticesthe optimal hypothesito produce the
minimum DL, which issmalker thanthe null hypothesis, is selectddee the dotted bdr Figure
3.4(c)). In Table 3.1 the null hypothesis ®L (Figure 3.4(b)) is larger tharthe one in Figre
3.4(c) because the configuration eliminating one waftices from building outlinesmainly

contributes to the optimal configuration.rgighboringl i ne 6 s d ihas thecsanie cChFa |

t

y
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value,a simplemergng procedure is performed as shownFigure 3.4(d). The last stepFigure
3.4(e)) presents the final optimalutlinesafterrecursively conducting the processes illustrated in
Figure3.4(c) and (d)until the minimum DLobtained at the current iteratidgs larger than the one

at the previous iteration

() (b) (©)

B 1] |

(d) (e)

Figure 3.4: Principal steps of the regularization of irregular buildiogindarylines: (a)

initial shape, (b) vectorization based on Doudtasickemapproach, (c) reconstruction of lines

within dotted line, (dmerge, (e) final optimal configuration

Table3.1 Thevaluesof DL elements in each stey Figure 3.4

~Step | Noe No Qpa LM) q /21 DL
(b) 12 4 333 3465 2261 57.26
©) 11 4 2.66 3055 23.62 54.17
(d) 4 311 2553 24.26 49.79
) 2 0.0 6.00 15.82 21.82

One of the keyssuesf the proposeanethodis its ability tochangethe regularizationevel
of irregular building polygoras illustrated in Figure 3.5This can beachieved by changing
weight valué in the MDL cost function (Eq. (3.4)Each optimal model is derived from the

same initial building polygofFigure 3.5(a)).
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Figure 3.5: Level of detail of optimal prismatic models accordingte change of weight valde

The initial model isextractedby DP algorithm as aommon linesimplification algorithm
resulting ina sequence of connected vertioggh geometric random errordrigure 3.5(b)
illustrates the regularized optimal shagi¢he default weight valué € 0.5). As the weight in the
model closenesmcreasesrom 0.6 to 0.9the level of detail in representing the building shape

increasesKigure 3.5(c) to3.5(f)). This means that the building shapes are optimized to data with
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more vertices and line directior®n the other handhe increase of weiglip 1) in the model
complexity from 0.7 to 0.9%llows more simple representation of théygon (Figure 3.5g) to
3.5(i)). In practice accordingto the user preferengethis modeling scheme can be useful for
various applicationsFor example, detail modeling for decistaraking onconstruction (Scherer

and Schapke2011) and coarseodeling for an tban planning (Yu et gl2010)

3.4 3D polyhedral rooftop modeling

Oncebuilding outlines argeneratedisingthe prismatic modeling discussadthe previous
section they can provide meaningful shape information for subsequent polyhiediding
rooftop modeling. That is, theutlines with geometric regularitissan be used as significant
primitives representing main attributes of rooftop structures such as orientations of rooftop
vectors. Thus, the use of primitives that are newly detestside building is constrained &
priori knowledge derived from the outlines. This leads that a rooftop structure with noisy vectors
is effectively converged to its optimal model with regular shape based on the proposed
regularization frameworkNote that this section mainly focuses on ge®@metricregularization of
noisy building rooftopmodels which are generated by the previous research (Sohn et al. 2008).
Figure 3.6 shows the whole workflow of 3D rooftop modeling process including the

regulaization step proposed.
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Figure3.6: The wholeworkflow of polyhedrailike building rooftop modeling.

3.4.1 Roof element clustering

Buildings exhibit a range of rooftop types and a complex combination of building parts
including roof superstructures. This places some limitations on extracting meaningful modelling
cues directly from buildingabelled point clouds. To reduce the compigxin feature extraction,
the first step is to partition building points into each homogeneous rooftop region based on two
similarities: height and plane similarity. In the height clusteringRlet{P; | i=1,2,én} rep
a rooftop region witm numbes of points and consists afi numbers of height segmenis=
{ S1, S2, He@ht difiérence at each point is computed from its neighbour points connected

in Triangular Irregular Network (TIN). it is less than a certain threshoRi,belongs to the sae

height cluster. As a result, the segmesasisfy with the properyR =z  “Yh'YZ'Y {},
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I "Q QOnce a set of height clusters is extracted, the plane clustering process is performed over
each height cluster, Svhich is decomposed &fnumbersof plane clusters” i B A . We

adopt random sample consensus (RANSAC) algorithm to obtain the best plane segments as
suggested isomeprevious studies (Ameri and Fritsc200Q Tarsha et al.2008). First, three

points are randomly selected. These points are used as seed points to generate an initial plane
segment. Then, more points are capadPaad by us
plane parameters (a,b,c) are updated realysi This process continues until each plane has the

maximum probable inlier points and all points that belong tseSassigned into plane clusters

3.4.2 Linear modelling cue extraction

After plane segments are detected, two different types of line primitives (intersection and
step lines) are extracted. The intersection line is simply generated by intersecting between
adjacent planar segments. To extract step lines, plane boundarygpeititzced. This process is
accomplished by using a modified conyaxdl method, in which the topology between member
points is defined based on TIN structure. Then a local height discontinuity is investigated to detect
step edge pixels among boundary p®ibetween adjacent planes. Then the process of initial
vectorization is performed to generate |inear
P,¥ a2 of n boundary points in the plane, the polyline segments are formed as a successive chain
C={00 B 0} The initial simplification of polylines is performed by obtaining a chaip
with m fewer segments. To achieve this goal, we adopt Dodrgasker (DP) algorithm which
has been recognized as an effective line simplification method (Rame). B37using a line

segmenf0={1 O i, j O n | i 10Qi}s, liefs st hteh anno rtno Iferroal

vertex is removed, while a vertex shows the maximum norm is determined as an inlier point to the

line segment . This proceduredomues until the norms of remaini
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that the degree of irregularity to be handl ed
eliminate erroneous vertices in a simple manner. However, it does not provide a mechanism to
make given polylires being regular shape pattertisat is maximizing Gestatic laws

(orthogonality, parallelity and symmetrigjtin addition to simplication

3.4.3 BSP-basedpolyhedral building model reconstruction

Once all modelling features (lines and planas extracted as described in the previous
sections, topological relations amongst modelling features for each height segment are
constructed wusing Sohn et al. (2008)086s algorit
construction with fragmentg modelling features. They proposed B®& as its solution to
globally recover modelling topology from incomplete features. A partitioning optimum is
achieved by maximizing planar homogeneity produced through a recursive intersection between
lines and asociate planes. The process generates a hierarchical binary tree, in which each node
(terminal) represents planar polygons that provides the information of topological relations among
its adjacent planar segments. A final model is produced to combinarsptanar segments in

BSPtree

3.4.4 Model regularization using MDL

A most bottleneck of BSP r ee f or rooftop model ling is cau
occurs in lineline intersection for constructing planar topological relations. That is, an arror i
line feature inherited from line extraction process might lead to errors in geometry and under
/overgeneration of vertices in rooftop models. Thus, it is required to rectify those errors. It could
be done by line simplication algorithm. However, ourlgeao make given rooftop vectors being

a regular shape pattern in addition to eliminating erroneous vertices; combining line simplication
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with regularization. A shape regularity is defined as being as shape pattern that shows orthogonal,
parallel and symmetric relations between lines as similar to Gastaltic laws. This prior knowledge

on shape regularity is often i mpl emelmHtEeNdd usi n
rules. However, in our approach, the shape regularity means more thspegpifed rules, but

implicitly derive rules (possible shape regularity) with given initial rooftop vectors. The proposed
method does not require pdetermined threshold constraining the regular shapes, rather

determining optimal shape through Milased modeledection process

Hypothesisgeneration

Figure 3.7 shows a situation where a number of model hypotheses is produ€ednaha
polygon ={P,, P, Ps;, Py, Ps, Ps}, to which another polygon ({Ps, P, P} ) is
connectedWe label three verticegP,, P;, P;} as Anchor Point (AP), Floating Point (FP), and
Guiding Point (GP). Using these vertices, we dtive basis lines, Floating Line (FL = [AP, FP])
and Guiding Line GL = {[GP, FP]N (X, Y)¥ A |” ®®é i o+ Q) i two different
orientations, clockwise and countdbckwise. Where—indicates the angle between a line
segment and-axis, and is the line distance from the origiRor each vertex, a number of model
hypotheses are generated by moving FP alongh&led ora set of line directions. These line
directions arequantizedglobally from given entire rooftop vectotsased on the CLF and refined
by the leastsquare adjustmentigure 3.7(b) and3.7(c) illustrate how another sets of model
hypotheses are produced when FP isgeg with adjacent vertices (R4 P7) belonging ta
Therefore, based on the rules defined, various hypothetic models are generatetbiagns

vertices produced cornedifBSee gradeatytelaninatela use so0 oc
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Figure3.7:Possible alternative hypotheses by assigning three vertices as AP, FP; éayl GP
moving FL = {P2, P3}, (b) eliminating the line {P2, P3} and moving FL ={P2, P4}, (c)
eliminating the line {P2, P3} and moving FL = {P2, P7} in clockwesed counteclockwise,

respectively.
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Optimal model selection

Figure 3.8 depicts an example of thehole procedure of polyhedral building rooftop
modeling The process starts with classified buildingpnfieom raw LiDAR data (Figire 3.8(b)).
Using this clasfied points, building point clouds are then sented into height clusters (Fige
3.8(c)) based on a height discontinuity, which is subsequently segmentediantr patches
using RANSAC (Figre 3.8(d)). Then, intersection (Fige 3.8(e)) and step (Fige 3.8(f)) lines
are extracted. The extracted linear modelling cues are introduced to tHeaB&Pmodelling to
prodice initial rooftop vectors (Fige 3.8(g)). Finally,the regularizationprocesss performed by
rectifying geometrical distortions betweadjacent plane/line segments (&ig 3.8(h)) based on
the MDL framework as depicted in Eqg. (3.5heTfine rooftop mdel is produced as shown in

Figure 3.8(i).
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@ | ()

© (d)

Figure 38: Results in reconstructing an optimal rooftop model: (a) aerial image, (b) LIDAR
data, (c) height clustering, (d) plane clustering, (e) intersection line extraction, (f) step line
extraction, (g) BShhased building reconstruction with distortion errors indicated as arrows, (h)

MDL -based shape regularization, and (i) 3D polyhedratiimgimodel
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3.5 Experimental results

3.5.1 Comparative study

Many geometric regularization approaches have been found in the literauwegst them,
we selectedhreerepresentative regulators from the literature for comparing their performance
over noisy building outlines. These include Douglas uc ker 6 s al gor it hm ( Dou
1973) for conventional regularization using hard constrain suokegslriven disance tolerange
Rule-based Rectification (Sampath and Shan, 208i)g perpendiculazorstraints which is pre
specified and Local Minimum Description Length (Weidner and Forstner, 1986)verifying
model hypothesidn this section, we briefly@scribethe selected techniquaghoseperformance

will be later compared to a new regularization method proposed in this study

Iterative Polyline Simplication

The classical DouglaBeucker (DP) linsimplicationalgorithm has been widely recognized
as the most visually effective line simplication algorithm (Ramer, 1972). This simple algorithm
stars to construct a polyline with edge segments which &ngrior initial vertex selected from
edge points. The processcursively discards the subsequent vertices whose distance from the
initial polyline | ess thédinarmvakie betwden lieerandopoint,oud | er ar
accepts the vertex as part of the new simplified polyline if it is farther awaytfrerine larger
than ¢, which becomes the new initial vertex
can be initial vertices, are vertices with maximum and minimum coordinate according to
horizontal direction. After detecting all initial vaxés, the process continues until the initial
polyline from all/l initial vertices are | ess t
simplified polyline are extracted from building boundary peipased on processing split and

merge step,ecursively. Note that the output polyline can have different shape according-to user
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dri ven tolerance. For exampl e, i f oy h-a s |
simplification
Rule-based Rectification

Sampathand Shan (2007) developed a rdiesed regularization for refining coarse building
boundaries extracted by segmentation between building artuiloimg, grouping, and tracing
building outlines from airborne LIiDAR point clouds. The method mainly consists ofteym
regularization processe The extracted building boundary points are grouped according to
existing on similar line segment§hen, he second step is to further rectifying outlying points
with perpendicular and parallel constraints which is-gpecified. In here, a coarse bing
boundary is obtained by DP, thereby eliminating noisy boundary points. After dividing slopes into
two groups in horizontal and vertical direction, a simple least square adjustment is performed to
regularize boundary lines with irregular shape. Sineeslbpe direction isnainly divided into
two directions, in case of the building polygon with more than two directions, the proposed
regularizing process is not working well. However, this approach can rapidly provide the good
solution for regularizatiomi the building with simple shape
Model HypothesisVerification

Weidner and Forstner (1995) regularized nosy building outlines extracted from high
resolution DSM using MATCH based on a local Minimum Description Length (LMDIhe
MDL principle is a well-known optimization theory to obtain a good balance between model
likelihood and model complexity based on Océ&mazor. Starting from the initial building
boundary obtained from the DP algorithm, the method selects four consecutive points as a local
unit of the polyline regularization. With this local point set, ten different hypothetical
regularization models are generatéeygre3.1). The hypotheses are generated in order to impose

the orthogonal regularity between consecutive lines, either byngndwo middle points or to
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enhance the simplicity by removing one of the middles polMsidner and Foérstner (1995)

suggestea cost function for the hypothesis verificatias
DL= -id ——1 A (3.10

In EQ.(3.10) q i s eddum of the squared residuals betwBeandH.H6 s compl exi ty
the last term of Eq.3(9) depends on the number of unknown pararsehér(i.e., the number of

vertices associated to generbtg and constraints\. (i.e., the number of parameters to constrain

the orthogonality. The optimal hypothedis, is determined by simultan:e
the number of vertices used to genetdteBecause of locadbased approach, this method can

produce different re#ts according to starting point among building boundary points when
regularization process is performed. That is, the shape of regularized polygon can be changed
according to the starting point of the procedure. In order to achieve the global geonwtidn rel

of resulting polygon, another global hypothesis such as orthogonality and parallelity is needed.

An example for the performance evaluation of four regulators including three existing
techniques and our proposed method shows in Fig@eBased on he initial vectorization
processi,nitial building boundary vectors (Figure 3.9 (b)) are extracted from raw LiDAR data
(Figure 3.9 (a)), which shows very irregular shapeom the initial vectors, the DP method
(Figure 3.9 (c)) mostly represeraisdetailedbuilding shape. However, since the method only
focuses on the linsimplification using predetermined thresholdts final shape is not able to
expresodther geometric regularities such as parallel and orthogonal propgéhe&SampatkhShan
approaclgererates avell-regularized building shape (Figure 3.9 (d)) because it is a very suitable
method forregularizinga rectangular shapbased on only two main direction8 small line
segment is observed in the boundary vector. It can be considered as d'lisise because its

length is less than average point distanceéhsaletailed representation of building polygonas
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meaningful That is, it is not a significant part of building polygdiNeidnerForstnermethod
produces a fully simplified buildinghape (Figure 3.9 (e)). However, due to the local
regularization process, its final shape is not able to express a parallel property amongQ@ectors.
the other hand,he proposed methorkconstructs a completely regularized building boundary

shape (Figur&.9 (f)).

(b) (c)

L N |

(d) (e) V)
Figure 3.9 The results of regularization from building boundeggtors: (a) LIDAR data, (b)

(@)

building boundaryectors, (cPouglasPeuckemlgorithm (d) SampatkShan algorithm, (e)

WeidnerForstner algorithm, and (fhe proposed implicit geometric regularization

3.5.1.1 Data set
The performance of the fouegulatorswas evaluatedising an urban area including 74

buildings, which is located ilsanof South KoreaAs shown in Figure 30 the test area (450m

550m) contains typical modetaoking buildings with various shapes such as rectangle, L, I,
and Tshape. Laser point data are acquired ftolme Op t e c3070 systehat anMiltitude
of about 1200 m above ground level ay 28,2005 An average point density is approximately
1.4 (points/nf) which is equato 0.84 m point spacing:he 3D positional accuracy of theint
clouds is approximately less th&h25 cm. Reference building vectors were manually captured
from a highresolution airborne imagetgkenf r om t he I ntergraph 2Z/1 I m
Mapping Camera) with the gund sampling distance of 0.20mesulting in the digital map with

1:1000 size of todogical features
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Figure3.10: Test data set: (a) Raw LiDAR data and (b) digital map with 1:1000 size of
topological features.

3.5.1.2 Quality assessment

In order to evaluate the quality of the reconstructed models produced by the four regulators,
an error matrix is developed for each building polygon as depicted in Table 3.2. The matrix is
composed of four factors which describe the difference betweenremeée(R) and extracted (E)
model with respect to (a) vertex (VD), (b) inner angle (IAD), (c) area (AD), and (d) centroid
(CD). The VD denotes the difference in the number of vertices. In the IAD, after angles in CLF
are quantized with 10 degree which tesin thegeneratiorof 18 bins, inner angles at a vertex
are allocated into each bin. The IAD thus expresses the difference in the number of bins allocated.
The AD is the difference in the area ofofygon Lastly, the CD indicates the difference in the
geometric center gbolygon For each factor of error matrix, scomeBich areused to judge the
qualitiesof modek regularized arealculatedas the average value of entire buildings. Note that

the scorecloser to zero indicatdke regularized shapes s#to the corresponding reference.
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Table 3.2: Error matrix

# Category

Vertex DifferencgVD)

1 | Difference between R and E modhel.t. the number of vertex

=S . ST.

Inner AngleDifference(lAD)

2 | Difference between R and E model.t. the number of allocated bins quantized by 18 an

=S ) s¥t.

Area DifferencgAD) [m°]
3 | Difference between R and E model.t. area of polygon

=9 Ps

Centroid DifferencgCD) [m]

4 | Difference between R and E model.t. geometric center of polygon
=#  #S

Figure 3.1 illustrates the results of performance evaluation for four regulators with respect
to four factors of error matrix over the test data. Theeffiigiently eliminated the most of noisy
polygon verticesvhen a threshold value properly determined (Figure 31{a)). Where, the
threshold value was determined by the summation of average point distance (~ 0.84 m) and
positional accuracy of LIiDAR data (~ 0.25 nijowever,the method failed to producghapes
with regular patterns that are controlled by geometric constraints such as repetitentictl
line direction, angles, and lengths, orthogonality, and parallelity (Figui€b3)1This is due to
the factthaDP 6 s r egul ar i ty o phtby mnimizang maximal dissance fromi e v e d
hypothesized model, but there is no mechanism to augment polygonal reglalikg other
regulators, DBs line vectors are also directly extracted by connecting consecutive boundary
points, so that final verticeme not governed by a set of adjustable parameters. This leads that the
centroid of DEs pylons is close to one of reference (Figurd@l)). The overall performance of

SampatkSharis method shows better than one of DP #eidnerForstner algorithm However,
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due to the use of piixed simple regulation rules, there are limitations to achieve more
regularized shapes governed by aforementioned geometric constrédieigdnerForstner
algorithmmostly suffers from the locality problem in applying regular@arules to polylines,

so that there is no guarantee that a final form has a global regular shape. This degrades the most
factors of error matrix. ie performance gdroposed methoi outstanding ampared to the other
regulators which can beslearly stown in Figure 3.1. It can be concluded th#te newly driven
regularization schemeefficiently contributed toremove noisy vertices and augment the
orthogonal and parallel properties between polylines in the global framework. FigRrgh8vis
prismatic liilding models generatedby the proposed methpdwhich are overlaid on the

corresponding 2D imagery
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o
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Inner Angle Difference (IAD)

Vertex Difference (VD)

o
=

D .
Douglas-Peucker ~ Sampath-Shan ~ Weidner-Forstner Proposed Method Douglas-Peucker ~ Sampath-Shan ~ Weidner-Forstner Proposed Method
T
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______________

Area Difference (AD)

Centroid Difference (CD)
b c e
o

Douglas-Peucker ~ Sampath-Shan ~ Weidner-Forstner Proposed Method 0 Douglas-Peucker ~ Sampath-Shan ~ Weidner-Forstner Proposed Method
(c) (d)
Figure 3.11 Performance evaluation fifur regulatorsw.r.t. four categories(a) Vertex

Difference (VD),(b) Inner AngleDifference (AD), (c) Area Difference AD) and(d) Centroid
Difference (CD).
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Figure 3.12 3D prismaticbuilding modelgyeneratedby the proposed implicit geometric

regularization in the MDL framework over lisan test area in Korea.

3.5.2 ISPRS benchmark test

3.5.2.1 ISPRS st data

The performance of the proposed method was evaluated and visualized with five real data
sets Figure 3.13 which areprovided from ISPRS Commission Ill, WG3&hd used for the
ISPRS test project on urban classification &@id building reconstruction. Fige 3.13a)
illustrates typical European building types showing various degrees of shapes includédpiga
roof, and their mixed structures, which is located in Vaihingen, Germdrhe area is divided into
three sukdata sets with respect fwrimary building typesArea 1 (120m 180m) contains
historic buildings with complex shapes. Area 2 (135n185m) is charactezed by long
connected buildings (i.e., ~ 65m length). Area 3 (140815m) includes a normal residential

area with various sizgi.e., from 35mMto 625n3). Figure 3.13b) shows Toronto urban area in
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Canada, where typical modern buildings containing vargituctures from a simple shape (i.e.,
rectangle, L, |, Tshape) tovery complex multista buildings are positioned. The region is
divided into two suksets: Area 4 (410m 535m) contains a mixture of low and high buildings
(i.e., from 5m to 145m abovén¢ ground level). Area 5 (410m550m) is distinguished by a

complex cluster of highise buildings (i.e., ~ 21,000%0f cluster area).

(@)

(b)

Figure 3.13:Five ISPRStest data sefgellow colaur line): (a) Vaihingen in German and (b)
Toronto in Canada.
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The Vaihingen LIDAR data set was acquired by Leica ALS50 system at an altitude of 500m
above ground level in August 2008. 10 strips are overlapped with 30% rate and an average point
density is aproximately 6.7/i( ~ 0. 39 m point spacing) . For t
ALTM-OPION M system was operated and the ALS data acquisition was carried out at an
altitude of 650m in February 2009. The test area includes 6 strips with abdutv@tage point

density (~0.41 m point spacing). Total 206 building objects are located in the test areas. The 3D
positional accuracy in both LiDAR data representing the buildings is approximately less than 15

cm provided from a mapping company

3.5.2.2 Quality assessment

For the quality assessment of proposed methual evaluation result on building rooftop
modeling is reported from the ISPRS Commission Ill, WG3f4comparingextracted models
with the correspondingeference. A more detaibd descriptionon theevaluationcan be found in

Rottensteineret al. 2012 and thewebsite, http://www. commission3.isprs. org/wg4The

evaluation is mainly performed by twniteria the analysis on (a) geometric errors of models and
(b) segmentation quality.
The first criterion is utilized to examine how well each extracted vértetose to its
reference6 . This is simply performed by measuring Euclidean distahéeht between
conjugate paired vertices i n roassatelegtablishadd{) r e f e r ¢

is less than a tolerance distaifeg(i.e., 3 m). The Root Mean Square (RMS) erdi) Y

B—, of a set ofd(p,q) is then calculatedsingthe number N of conjugated pair. Based on the

RMS value, two different evaluatiorsge used antheir results are shown in kige 3.14 (a)
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RMS from6 to6 ,'YD Y o , which denotes the near@stat each6 , (b) RMS from6 to

6,Y0"Y o ,whichindicates the closéstateach6 .
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Figure 314 The results on positional accuracy of the boundary polygon: (a) RMS of extracted
vertices w.r.t. reference and (RMS of referenceertices w.r.t. extracted vertices.
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As a result, results derived from the two evaluations mean the positional qualitytioks in
extracted polygons. If the extracted polygdihsvell to the corresponding reference models, the
accumulation rates in the histogram of RMS show the highesakithinsmall RMSs of distance
betweer6 and6 . Overall, more than 70% of extracted vertidesis locatedwith less tharl.0 m

RMS. If the positional accuracy of data (i.e., ~0.15m) and average point distance (i.e., ~0.4m) as
well as building scene aaplexity including occlusion are taken into account, the result can be

considered as a reasonable solutinrmost of test area, the result v Y o is better than
one ofYO Y o . The reason is that the proposed method provides simglified models

with redundantsertices compared to the reference. This leads that multiplmay correspond to
a6 , so that overall accuracy (i.e., RMS) can suffer.

Next, © evaluate overall building reconstructiperformance a confugson matrix which
consists of threecategories(i.e., completeness (CmgorrectnesgCr), and quality (Qa)) is
introduced and each category is formulated by three fade)r$P (True Positive) which is the
number of building objects that are found intbaohe reference and the result, (b) FN (False
Negative) which is the number of building objects that are found only in the reference, but not in
the result, (c) FP (False Positive) which is the number of building objects that are found only in
the result bt not in the referencdy using the ratio among the three factahg completeness
can be defined by TP and FN, which dendbesdetection rate of objecfEhe correctness can be
formulated by TP and FP, whidhowshow well the extracted modelsatchto the associated
referencemodels The qualityis derived bythree factorsand indicatesthe overallquality of

results.The threecategoriesare defined as
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Completeness (%) —— P T
Correctness (%) —— pPTT (3.11)
Quality (%) — pTT

The overall performance analyssstabulated in Tabl&8.3. The confusion matrix is applied
to three different geometries: (a) area of buildings, (b) number of polygons with more than 50%
overlap with reference, (c) number of polygons with morarthl0 i In the area levelthe
completeness and correctness of building models extracted show more than 90%. This means that
the most of resulting building models are properly overlapped to the corresponding reference
models with small portion of FPs €i, overall 1.9%). However, the results fail to describe
detailed boundaries of buildings when we observe the FN with relatively high portion of 9.8%.
This is mainly caused by the limitations of data in representing the structures of buildings due to
for example occlusions. Since the lasast return informations usually used for théuilding
modeling the extracted modelsotend to shrinkcompared to reference vectofgiditionally,
the regularization process sometimes causes errors such asingpiéfication of detailed
boundary lines.This is because the proposed method is performed under the assumption that
LiDAR data usually show irregular distribution. In the polygon levektlff, polygons with at
least 50% overlapping to their reference are considered for the evaluation, which results in 77.3%
completeness and 96.4% correctness. detail building models including superstructures in
reference are providedpn-matched polygos which are found ineference but not in resudre
found This leads to produce the relatively low completeness. Next, polygons covering an area of
more than 10fin reference compared with resulting polygons, resulting in 89.9% completeness

and 98.2% orrectness. This is vergromising results with highsuccesgate as LIiDAR data
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usually have a limitation in describing building parts including superstructures compared-to high

resolution images withentimetrelevel ground sampling distance

Table3.3: Overallquality of building rooftop modeling

Sub # # Area Polygor(50%overlap)| Polygor(10nfarea)
Set |Building|Plane| cm | cr | Qa | Cm | Cr | Qa | Cm| Cr | Qa

Areal| 38 288 | 88.8 | 995 884 | 882 | 985 | 87.0 | 89.9| 98.2 | 884

Area2| 15 69 | 90.2|99.8| 90.0 | 73.9| 100 | 73.9 | 90 | 100 90

Area3| 57 235 | 88.8|99.7| 885 | 84.7| 100 | 84.7 | 89 | 100 89

Area4| 58 967 | 895|982 881 | 755 | 975 | 741 | 835| 975 | 818

Area5| 38 640 | 93.8 | 935 88.1 | 644 | 858 | 58.2 | 86.1| 85.7 | 75.2

Total | 206 | 2199| 90.2 | 98.1| 88.6 | 77.3 | 964 | 756 | 89.9| 98.2 | 88.4

Figure 3.15visualizes a final outcome of the proposed regularization approach reconstructed
from the ISPRS test data setéie two representative buildings of each-dala set are selected:
complex roof shapes integrated with a gable structure for Areal-ctomgeted buildings for
Area2, typical resident buildings for Area3, complex modern buildings with multistory for Area4,
high layer buildings for Area5. Due to the presence of irregularity in the LIDAR data distribution,
the initial boundary edges dbuildings contain geometric distortionsdowever, the proposed
method successfullycorrectsthe most of thedistortionsby removingredundant edge segments
and imposing geometric constraints to line vectors in the Mamework as shownin Figure
3.15(c).Figure 3.16 shows all reconstructed building models overlaid on the corresponding aerial

images



89




90

@) (b) (©)

Figure 3.15Reconstructed building models with complex roof structureaitaprne images, (b)
LiDAR point clouds, and (c) perspective view of the reconstructed 3D building model.
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Figure 3.16:Perspective view of 3D building reconstruction resf: (b), and (cMVaihingen in
Germary and(d) and (e)Toronto in Canada
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Figure 3.17 illustrates limitations of the proposed methadich mainly occurfrom plane
clustering (Figire 3.17@) and 3.¥7(b)) and detailed representatiorof polygon (Figure 3.17(c))

includingarc segment@~igure 3.17(d)) irK-Y plane

(©) (d)

Figure 3.17:Examples of the limitations of 3D PL reconstruction dupléme clustering ((a) and

(b)), oversimplification (c), arc-segment extractiofd).

In Figure 3.17a), when the plane clustering process is performed using building points, the
detected polygon isoversegmentedby merging adjacent planes due ttee use of fixederror
tolerance The similar situation occurs in thieight clusteringas shown in Figure 3.17(df.the

height discontinuity between neighboring planes is smaller thanthteshold used the
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correspondingplanes are merged into one plaes depicted as Fige 3.17(c), extracting
polylines with small length (For instance, about 1 m)légachallenging taskThis is because the

guality of line extraction normally relies @xistence of sufficient data rather th@rformance of
algorithmsin the datedriven approach. Thughere is a limitation to accurately collect edge
evidencesnd it is hard to recover the polylines.Higure 3.17(d), since the proposed method is
carried out under the assumption that a polygon is composed of discrete line segments, there is a

limitation toextractarc segments, which are approximated by linear fragments in this study.
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Chapter 4

3D power line model reconstruction:
Piecewise catenary curve model growing

This chapterdescribes a new method for 3D power line (PL) model reconstruction, called
Piecewise Model Growing (PMGwhich isa hypothesis verification ands optimal model
propagatiorprocess. Therocess starts to detect PL candidate points from raw ALS data. Then,
an initial catenary model generated over the candidate easwisely grows to capture all PL
points of interest anthus converted into &ull PL 3D model. That is, abstract inforration of
irregularly distributed PL pointis to beconverted intdhe more geometric formisinga catenary

curve model The important issue in PMG is able to reduce the compléxifyrocessing PL
modeling byusing hypothetical PL models as guide lines. Furthermore, it enhances the efficiency
of the PL modeling process by simultaneously capturing PL points and modelin R&sgs in
contrast to the general approach thatpriori information such aslabelled PL points in

incorporated into the PL modeling process.
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4.1 Introduction

Threedimensional (3D) modkng of power lines (PLs) ione of the most critical processing
stepsin PL management. The main readon this is that PL models caansureaccurate and
time- and cost effective maintenanceof the safety operations of PL infrastructure. The 3D PL
modetbased management strategysipportedby the fact thapotentialy hazardous situations
including vegetation encroachmentahich often resit in electrical shock hazardéres and
outagesshouldbe manipulated at the appropriate time. At presentstdteof-art techniquesare
usedto reconstructPL models,and still require humanintervention which hindersthe rapid
responseneededfor effectively managingPL risks. Therefore, achieving thautomationof PL
modeling is one of mairgoalsfor the rapid PL risk monitoring. This chapter describes a new
method for automatic 3D PL reconstruction, called Piecewise Model Growing (PMG), from
airborne LiDAR data.The proposed method is developed based on a data driven approach, which
startsby detecting PL candidate poiné the point level.These points are converted into the
catenary curve modeivhich piecewisely grows to capture all PL points of interest and thus
produce a full PL 3D model.The important aspect of the PMG methodtssability to enhance
the efficiency of the PL reconstructigmocessby simultaneoushcapturingPL points fromthe
raw data set and modieg a PL feature. In most existing studielse tstepfor classifying PL
pointsis conducted prior to theL modelling processThis results in an increase in the processing
time and delays the rapid delivery of the clearancertagsed to detect and deal with dangerous
situations in the ROWIn addition,a priori information such as pylon position and PL voltage
type is not necessato support the PL modlang process, thus there are no constraattthe
beginningof the propesed approackwvhenthe airborne LiDARdata areobtained Consequently,
the modelbased geometrical informatioobtained from acatenary curve modetan provide

various benefitso improve the robustnes$the PL modHing process



96

In this chapter,tte definition ofaPL model is given first. Then, the whole workflow of PMG
method is briefly introduced and detail discussions are provided isutteequensections.An
evaluation of the proposed approach over an urban thegacontains acomplex PL scene

concludes this chapter.

4.2 PL modek

In general, a PL is modeled ascatenary curve that is defined by a hyperbolic cosine
function (McLaughlin, 2006)Figure 4.1(c)shows the geometry of the catenary curve that is
formed by generating a plane intettieg with a vector normal to the tangent vector derived from
positions such a8 andO . As this hyperbolic cosine function is projected in horizontalY(X
and vertical (XZ or Y-Z) planes respectivelywe define a PL model using two different
geometricforms line equation with implicit form) dh , in horizontal plane and a catenary

curve equation witlexplicit form, 6 AMAPA | in vertical plane as:

bdhy d 3 8AHOOEIT (4.1)

6 A : A A0Ed— (42)

where—ATAare the angl e of laxinamdtse distancerbeiweenthe ine o r
and the origin respectivelyg andb are parameters for translation of the originis a scaling
factor denoted as the ratio between the tension and the weight of theghiéexjble wire per unit
of length; X, Y and Z are the coordinates of the points in 3D spdate that Xcoordinate is

replaced by Ycoordinate when the angle closes to 90 degre@x{¥) in order to avoich
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singularity in estimating the model parameteAdditionally, the catenary curve is generated
along the line orientation calculated in horizontal plaraus, a PL model can propedgnerated
without its shape deformation which may occur by the use of data projected into a certain plane

(X orY plang in estimating parameters of catenary curve.
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Figure 4.13D PL modelgeometry (a) 3D perspective view of the PL model, (b) line form in the
horizontal projection, and (c) catenary curve form in the vertical proje@dchaughlin, 2006)

Compared to the use of two catenary candehA hA PA FA PA  in the previous researcthe use
of line and catenary curvelhy APARA has been found to be an effective way3orPL modeling

as follows: (a)t is able to reduce correlations among parameters, sthiéhatasonable positional
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accuracy of PL models on the order of 10 cm imimied (Chan and Lichti, 2011(b) As the
angle parameter isxplicitly estimated,information on the orientations of PLs is easy to be
obtained. It helps us teadily identify the existence of angxternal forces such as wind blowing
to PLsusing the vaation of the orientations(c) Due to the reduction of number afiodel
parameterst allows us to use smaller number of PL points in generating PL models.

To estimatethe parameters of the PL modé¢he line and catenary curve equatsoten be
written as statistical linear models basedtlom Gaus#arkov theoremin this regard, the two
residual vectors d} andU betweerairborne LiDARpoints andM(L, C) are describeth matrix

form as

U t's An Ax. Ko (4.3)

U !> An Ax. miXo (44)

Whereif mandn denote the number of parameters and observations respediivalygU are

¢ 1 observation vectors; and! are¢ & Jacobian matrix of. and C respectivelyys and

v AOREAN ET Tnx 11 parameter vectors df and C respectively;A andA are¢ 1
observation error vectors &f and C respectively, which follows a probability density function
with expectation, 0, and weight matrix, AT GANG is a variance of unit weight

If we lineaize Equatiod.1 and4.2 with respect to the parameters(d, |, a, b, ¢), and arrange
them as the form of the Gadgkarkov observation model (Equatidi8 and4.4), the linearization

form is expressed as follows

;] 8AHO9OEI -~ yd — Y (45)

A AARi OB — YA — YA — VA (4.6)
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The least squares method estimates unknownandu , which consist of the correction of
the model parameters in the linéd(¥}) and the catenary curv&4 YA YA. The solutions are
obtainedby minimizing the sum of the squares of the residuals derived from difference between
the model and its associated observations (Wolf and Ghilani, 1997). As a result, the optimal
model parameters,, for L andC can be obtained by applying the estimatederctions to initial

approximations d fj FA PA FA . The best estimates are the following formulations

10! 1OoOU 2 2 =3 4.7

4.3 Piecanise catenary curve model growing

The PMG can be described as a mdasded hypothesis verification and propagation
functionthat can be useth transfer discrete and abstract information of irregularly distrideited
points into thea moregeometric form.The important issuein PMG isthe early detection of PL
seed elements, and piesesely gathering unlabelled points from the elements by using
hypotheti@al PL models as guide lineshich reduces the complexity tife search and processing
steps for the PL reconstruction. As shown inurég4.2, the method starts to detectdaindidate
points (CPs) from raw ALS data whiare potentially located on wireShe detectedCPsare
convertedinto line segments and used as seed elemerirder to estimate the catenary curve
parameters ofhe initial power line modelProducing new hypothetical models successively
propagates the initial model, which is ddmechanginghe cat n a sag pants from the initial
parameterto a different locationA stochastic constrained néinear adjustment mbod with

added parameters is developiecestimae theoptimal parameters @ghe PL model which piece
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wisely grows by gathering alhe PL points of interest and thus produc&D model of thdull
PL. Finally, we also introduce atatisticaltest to diffeentiate actual power lines from linear

features extracteflom nonpower line objects

- @ =
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¢ PL Model DB
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CP Orientation
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Figure 4.2: Proposed approach for automailareconstruction of PL models

4.3.1 Extracting PL candidate points

The first step of PMG is to dete@Psthat potentially represent Plisom the given ALS
data. The CPs are used as seed points to form PL primitive models, which are allowed-to piece

wisely grow to reconstruct the final PL models. We assume that PLs raprised of a set of
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small straighine segments. Thus, a Céetected with high confidence possesses a strong
geometric property astraight line For extracting CPs, three different operators are used to
extract linear feature from the ALS points (i.equdh Transform, eigenvalue analysis, and point
density analysis) are combined to compensate for the limitations imposed by each aldorithm.
3D voxel space covering the given ALS point clouds is created. Each operator is applied to an
individual voxel. Thevoxel size is prespecified by taking into account the average point density

of ALS point clouds

4.3.1.1 CP detection

The first operator is the welinown HoughTransformation (HT). The HT is the one of the
most popular algorithms used to extract lindaatures due to its simplicity and global
optimization propertiesQuda and Hart, 1971 In order to speed up the operation, pveject
ALS points onto an X planeand applyheHT to each voxeto convertthe projeced pointsinto
the line parameter donma(i.e., slope and -ntercept). We take the maximum voting score
accumulated ithe HT space as indicating a degree of the presence of linear teattine voxel.

As the second operator for CP detection, the eigenvalues are calculated from thencevaria

matrix between x, Y, and z of the ALS points.
a2, a an wbmb&a&qrial measurement the eigenvalues suggests the type of features that a
point of interestbelongs tesucha s : 1 & o2 Ag o@Boifmtrs ,scalt,t ex2 >>

surfaces, and a1l >> Wecompaed 1é B 1al Bitomeasurdhes t r uct
degree of the presence of linear propémtthe voxel.Linear features might be found in néw

objects including buildingoof edges, fences and tree stems. To reduce the commission errors
caused by nofPL objects, we introduce a point density analysis as third additional criterion to

determine CPs. It is assumed that the point density of each voxel containing PL featwsea sh
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lower value, while higher values emerfir nonPL features. Once the linear properties are
calculated by using the three operators, we detect CPs by thresholding the three operator
measurements. The optimal threshold values used in three operetoestermined by training

sample data

4.3.1.2 CP orientation determination

After CPsare detected, the Compass Line Filter (CLF) suggested by Sohn et al. (2008)
calculates two attributes (i.e., line orientation angle and straightness) for eaéls €fown in
Figure 4.3, the CLF was designed to assign each line segment to one of eight discrete orientation
angles, dgE  pfB hp , where the orientation of the first compass line is horizontal, and from
which the others are displaced at an angle equal to 22.5° Fortdreng®tion of the initial PL
direction, a voxel is created from eaCl®, within which a set ofCP member pointsD, are
collected andDd6 s v acovaramce enatrixZ , is calculated.The member points are
horizontally projected. A hypothetical lineli, ( & pF8 hp ), where slope is given by CLF, is
fitted to the hori zont eh beyefiped asjthe sumeofdthe sriardde r  p
residuals between the hypothesis and observafions.modeled as linear by using line equation,
m DA OUBJ, wheredindicates the angle between the hypothesis aaxiskand is the
orthogonal distance from the origii.h e n , Ys are calculated for th
hypothesis with the | owest hyNothess, IHY whichisdefinedn al | y

as

("dw  AdJCGR (

O wh 48)

a( [D(1E [D(] (4.9)
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The line orientation information detected by fitting hypothetical quantized lines to local voxel
space plays an important role clusteringsimilar CPs with the same line orientation and
convering them into a PL line primitive which will be used as a seeded line for a complete PL

reconstruction.

[ A 1 3
8 v 2
O 25deg |
© LIDAR Point
A
~ @ Powerline candidate point
o 3D Searching Area <«—— Hypotheses in CLF (1-8)
® 7 } \\ <«— Initial Line Direction (8)

Figure 4.3:Allocating an initial PL orientation into ea€P based orthe Compass Line Filter
(CLF).

4.3.2 PL modelinitialization

Extracting a CP enables the identification of potential PL points. However, the CP does not
provide group information, which means it does not indicate which CPs belong to the same PL.
Moreover, a CP might be coarsely detected by the rather simply desigestolding method
described in the previous section. Thus, only relying on CPs for extracting PL primitives (i.e.,
segment of catenary curvejould be problematic. To address this problem, we describe the
segmentation method used to augment the CPtateteesults by grouping neighbouring points
from selected CPs which form a segment of the

PL model. We refer these newly detected points as PL Primitive Points, abbreviated to PP
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4.3.2.1 PL primitive points extraction

To detect PP, we adopt the emtlier testingtechnique(Snow and Schaffrin, 2003which
is one of the most commonly used outlier detection techniques for many applications
photogrammetry and image processjAbedini et al, 2008 Kersten and Besavias, 1994; Lu et
al., 2003).The oneoutliertesting assumes that only one outlier at a time is present in the data set,
and thus requires successive evaluations of the reduced dataset if an outlier is detected and
removed.The formula is based dhe linear modein Equation4.1 andis extended bydding &
outlier vector] , to the parameter listf the j-th observation itk numbers of the observations is

evaluated by means of hypothesis testing, the model for theubiner testing is as follows

U s du A A0 o+ (4.10)

wherell represents the hypothesized outlier quantity associated wifithhabservation and

is an n 1 unit vector which has only the naero element, 1, gt h posi t i on, t hat

0, é'. Thg corresponding quantity for the outlier vector ofjttlepointis computed by

AU 13 (4.11)
1 ) vt (4.12)
U 1 A (4.13)

where Aand1 are the predicted residual vector and its corresponding cofactor matrix,

respectively. For the outlier test of ti#h point, the associated test statistic,can be derived
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from the F distribution in which it is determined if the two data sets coone thhe same data set

by comparing the corresponding variances. TAus, leading to the following equation

4 X4 (4.14)

where?2 u 1 is a variance related to outlier quantity; A Ais the sum of the

squared residuals derived fromuadion 4.11 Therefore, the null hypothesis is accepted if the test
statistic is less than its associated critical value, that is,4 .

This approachs mainly composed of three steps: (a) ordering gssc(b) outlier testing in
the horizontal domain, and (c) outlier testing in the vertical domain. At the first stepPtare
sorted accor di n goffit) computedhby using/Heafion s Then ethelP with
the mini mum Y PHRdstectorAs eanthe sken finokite 44, starting from the
selectedt O(i.e., a green coloured dot), a 3D search window is generated wittan user
driven size; for example, a window that isrd(length) 2m (width) 8m (height), where length
andwidth are the values for line direction and its orthogonal direction, respectivehe search
window7 , there might be many PLs, not all of which are related to a PL of interest.uire Fig
44, there are four PLs captured7in . We are interestemh PL #1, including the selectetl Q
which has to be separately segmented from the other PLs in the next two steps.detliethe
testing in the horizontal domaias shown in Fig. .4(a) and 44(b), the data domain in s
projected onto aX-Y plare and the points, which have similar geometrical properties as the PL
#1in the X-Y domain, are clustered as the same group based on thwithiee testing method.
As depicted in Figre 44(a), a small search spacé, , is created with dimensionsmil

(length) 0.3m (width) 8m (height), for exampleln here, the width size is normally decided by
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taking into account the position accuracy of the ALS data because the performance of the
horizontalwise separation can be affected by the width value. Then, go@ldsging to/  are
assigned a€P member pointg) , (i.e., inliers) in order to compute the critical valuetofusing
Equation 4.14 for the acceptance @ . The oneoutlier test is performed using the iterative
method by adding one point from to the inliersand computing it4 . Thus, each point
satisfyingd 4 isaccepted a8 . As illustrated in Figre4.4(b), the proposed method enables

the separation of the member points from PL #1 and PL #3 (solid dots) from the ones belonging to
PL #2and PL #4 (empty triangles)

A similar process for the aforementioned horizontal outlier test is applied for the outlier
testing in the vertical domain. Once the horizontal outlier test is finished, a search window for
verticalwise separatiory , is created having dimensions of, for exampleml@ength) 1m
(width) 0.3m (height) (see Figire 4.4(c)). The height value af can also be determined by
considering the position accuracy of the ALS data for veritse separation with which the
critical value of4 for the outlier testing is determined. Points accepted during the previous
process are now tested te final 0 by comparingd to4 . In Figure 44(c) and4.4(d), the
outlier testing method in the vertical domain can separate line #d ¢gak) from line #3 (empty
rectangles). Finally, th@ of the PL of interest (i.e., PL #1) can be found, and then used as a
primitive for reconstructing the associated fPbdel. As it has been discussed so tiae,outlier
testing is essential for e&trting a reliablé®P, in particular to deal with a difficult situation where

multiple lines are present in given a search space
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Figure4.4: PL primitive points areextracted based ameoutlier tesing in the horizontatlomain
(a) and (b); in vertical domain (c) and (d).

4.3.2.2 Initial PL model generation

Once a PP is obtained by the amdlier testing process, the PP is converted into an initial
PL model,- ,# - dih¥ARA introducedin Equation4.l and4.2. However, if the P
includes aninsufficient number of observations for estimatitige parameter of M,a poor

estimation might occur due to the irregularity of point distribution with random noise, which
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causes the Pto grow in the wronglirection in thesuccessiveollection of CPssurrounding the
PP.To avoid this problem, sufficient redundant observations are needed toalewve accurate
estimation of the initial Plmodel Figure 4.5 schematically illustrates an example of the linear
model extensiono capture more EBs Letf ,. , and6 indicate line direction, PL points, and
the voxellike search space covering an initRP, respectively. Based dn, 6 is predicted for
the forward and backward direction fof, and for generating a new searching spatewith a
user specified length and dateven width. Then, the ne@P. , which is located withigNis
captured, and is used to estimate and rectify the new model pargmetedt . Consequently,

a new initial PL model is generated from a newtsef primitive pointd O , including the

new CP set{. h }if the number ofd 0 is more tharthepre-specified threshold

Y Oylﬂiﬁﬂ] Powerline Model
00, -
© 00 oogbd

g .-
O [ v,
o — =37, 7, 00
OOO OO (9| Prediction +\i P
O 2
LiDAR Points «—— ©00O O

Figure 4.5.Linear propagation ofoxel search space to increase redundancy of observatibn a
initial PL model extrated

4.3.3 PL model reconstruction

The proposed piecewise mdlitegy approach estimates the model paramettasting with
the smallesimeasurements available, which are progressively refined as the measurements used

for parameter adjustmemnincrease. An implicibssumptionmade inthis piecewise modéng is
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thatfismooth model transitian o ¢ which assumethat therds no large deviation betweehe
estimated model (i.e., current local model) #imeltargeted global model (i.e., true model). With

this assumptionwe can obtairthe correcD 0 by simply extendinghe physical dimensions of

M and thusproducingthe corresponding . Unfortunately, the assumption @mooth model
transitiorois not applicable to our case. As can be seen in Fggra very small number of ALS
measurements might be available for generating initial models at early growing iteration steps due
to the effects of occlusions, shadows, and system errors. In this case, the estimatedoamodel
deviated fronthe targetedjlobalmodel as shown in Figurea) and failed to capturthe correct

0 0 by simply extending physical dimensionshéf In the nextsection, we consider a PL model
verification and its optimal selection to mitigate limitations derived ftbeirregularity d data

distribution, thereby reconstructing a full PL madel

4.3.3.1 PL model hypothesisgeneration
To resolve the aforementioned locality problem, we propose incorporating a hypothesis

testing optimization into the piecewise model growing process. Insteaglyofg on a single

initial model, M, a set of different growing models,. | are hypothetically generated from M

and each model, , is hypothesized to approximate the targeted global model. Suppose that an
initial PL model- , R - [hvwiARA, is esablished with a given PP by Equatiéi and4 .2

and Moés paramet efrmblak 6\) with itsi vanarices estimates to (€4 (

A, Bk K, K ) by Equationd.7. Given M established with a PP, a hypothetical medd, ¥,

is generated by intentionally changing the initial sag position of the catenary Aureéong the

line direction of project curvg, . Note that Nin- Nis fixed as L (i.e.,N ,) and its initial

parameters,[ fw , are not altered in any of thgpothesized models. ThusNis produced only
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by hypothesizingtNand thus the parameters of the hypothetical catenary cukf¥efated by

changing the sag position of C is described as

A A A A - A
A A A An Axp mm A (4.15)
A A A A T A

Where we assume that the error vecthr, A A A |, has normal distribution, N, with the
statistical assumption, E(e)=0. In Equati5 A Ais a dummy term used to change the initial
sag position oA to generate a hypothetical catenary curve modéfitifat is given adA

E miplths . & E whereY is a constant value. Using Equatiéri5 N numbers of
hypothetical model,- N, are produced, where the null hypothesis is a PL modeliwith 1t

(i.e.,#N  #).

4.3.3.2 Optimal PL modelselection

Since the same PP is used for estimating the parameters of all the hypothesized models, the
ordinary leassquars method would not produce different estimation results for M even though
A is changed te NI To address this problem, we adopt a-tioear least squasestimation with
stochastic constraints to estimate the parameters™f . The GausMarkov linear model with
stochastic constraints is a waelhderstood theory used to integrate additionbservation
equations that come from another measurement (i.e., a different source than the original ones) in
the form of stochastic constraints (Cothren, 2005). In particular, the stochastically constrained
parameters are often used when the parametgss conform to some relationships arising from

geometric characteristics of the corresponding model (Mikhail and Ackerman, 1983); in our case,
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the adjusted parameters must conform to the overall geometric characteristics caused by changing
A . To adopt he stochastically constrained least square estimation, we modify the normal
catenary curve model by introducing two additional parametérsA (, to Equation4.2. For
convenience in notation, a hypothetical modéll is denoted as the modified catenaryrve

model #Wwithout model index subscript, i. Thugtan be described as

#NABMARM A A A AATOGE : AAk. miXoO (4.16)

Equation4.16 (¢foift) shows the stochastically constrained parameterst st , A and
(63,00 are introduced to estimate the corresponding supplementary quantity created by changing
& in Equation4.15 The arrangement of Equatiodsl5 and 4.16 in the form of the Gauss

Markov model with stochastic constraints can be expressed as the following matrix form

(4.17)

where| is the number of constrained parameterss thel 1 observation ector related to
constraintsK is thel | design matrix formed by the linear relationships between parameters and
constraint observations;;&nd A are the associated coefficient matrices of sizeandn (m -
1), respectivelyQ is thel 1 random error vector of constrained parameters with weight matrix
0 ;u andu are original and additional parameter vectors of kizeand (n-1) 1, respectively

The parameters of all hypothetigabdels, #N | are estimated by Equatidnl and4.16
An optimal model#™, is selected which gives the minimum residuals between the model and PP,

that is
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#° AJCET $#mDO (4.18)

whereD( ) is a function used to measure the average orthogonal distance between the model and
given points. Figure4.6 illustrates an example of selectimtfl from hypothetical models,
#NrNR NN | that are generated by moving the sag position 80O A Afrom A where

#Niis null hypothesis

[J Suniyu N N S
S i pE v N A Bem
-40—""’J; I | |
so} L
0 40 60 800 1000 120 140 160

(m]

Figure4.6: Possible alternative hypotheses froffto 6 Nidetermined by moving the sag position
from b0 to b4 at the current PL primitive (red color) and the selection of the optimal power line

model 6Ni= #®) with the minimum residual
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4.3.3.3 Piecewise PLmodel growing

The PMG is accomplished by generating multiple hypothetical models and selecting an
optimal model, which gives the best fitting result at each iteration step.dnisedetermined by
the optimal hypothesis selection process, a 3D voxeli.e.) is extended frond * based on its
estimated model parameter and prespecified voxel size, with which the new ALS {paints,
are obtainedd andd O are used as the null hypothesis for the next modelling growth. This
process continuesnless the null hypothesis (i.6.,) is not selected as the optimal model (i.e.,
0 °). If 0 is selected a8 *, the growing process based on the hypothesis testing is terminated. In
this case, new ALS points are collected as the model is grownginrthe extension of the
physical dimensions of the current model. The parameters of extended model are estimated using
the ordinary least square method from Equatib8sto 4.7. This norhypothesistesting process
continues until the extended model ecaps no additional ALS data. Figure74llustrates an
overall process of the progressive model growing. In Figufetde PL model is grown using a
hypothesigesting process that selects optimal models from (b) to (d). After (d), the non
hypothesigesing process begins to extend the models from (e) to (h). As thaypmthesis
testing process is terminated, a final PL model is reconstructed, in which the entire ALS points

belonging to the model are detected, as shown in Figue) 4
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Figure4.7: Optimal PL model generation (black cofed line) and its corresponding PL points
(red colared points); (a) initial PL model, (b), (c), and (d) PL models from hypotaesisest,
(e), (), (g), andh) PL models from nahypothesisandtest, (h) final PL reconstruction

4.3.3.4 PL modelvalidation

In PMG, the line primitive, PP, must grow from a CP to produce a complete PL model. Thus,
if a CP is wrongly detected from a néh object, it results in a commission error in the PL
modelling results. To resolve this problem, PMG incorporates a PL matightion process to
investigate if the PL model generated from a CP represents a true PL object. We create two
cylinders around the PL model where the inner cylinder has rad@s(@f5m) and is surrounded
by the outer cylinder, which has a radiu€of (1m) as shown in Figuré.8. These two cylinders
are used as searching spaces to capture the member points of each cylinder. In general, the PL is
isolated from its surroundings in all directions and thus most of the points found in the cylindrical
seach are located in the inner cylinder, while very few points are present in the outer cylinder.
However, this is not a valid assumption for ko objects that are spatially connected to their
surroundings in certain direction and thus the number of poapsured in the outer cylinder
increases relative to the PLO6s case. The mode
classes (i.e., PL and n®L primitive) is conducted by analyzing the different characteristics
between PL and naAL objects wih respect to the spatial distribution of ALS points captured in
two cylinders

In a way similar to that proposed by Kittler and lllingworth (898&ve measure the residuals
between the ALS points captured by the two cylinders and the PL model given. & rang
histogram is created in two parts, each of which is formed with the member points of two

cylinders respectively and modeled with a normal distribution. Then, we measure the probabilistic
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error, H, caused by modelling the residual histogram into two ndalis@ibutionsbased on the

following formulation

( —— NITIR¢c N TING m NITILC N 1 1AC (4.19)

where. , and. are the number of points that are captured by inner and outer cylindrical
search spaces respectively; q indicates probabfity; —, N —; 0 andld are

variances obtained by using the corresponding observation in each search spaceasiteng

H for the PL model, the PL is accepted as valid model if H is less thaspgedied,( |
otherwise it is rejected. is precomputed as 0.514 using Equat#i9 This value is obtained
based on the assumption that the points in cylindricatbew space are located with the same
accuracy in the inner and outer cylinder (i¢.=N andA =A )and considefi to have a
vertical accuracy of 15cm horizontally and 10cm vertically for the LIDAR data for the corridor

mapping (Ussyshkin and Smith, 2007)

LiDAR Points

\

i
Inner | A —F-————————————"——"—"—"—————————~—~—— E 1 m - Rout
Search ®
Space --1--f--pesfosessseaceaeaan- ..--.--.--. ------ Q... -{------9» PL model

CP Points 0.5 m - Rin
OQuter | |~~~ Tt )
Search

Space

Figure4.8: Two cylindrical search spaces generated for PL model validation
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4.4 Experiments andresults

The peformance of the proposed progressive model growing method was evaluated with real
ALS data. The test data contains a complex PL corridor scene which is located in the east of
Folsom, California, USA and covers 63&3length) x 117.61 (width). Figure4.9@) shows the
Folsomdata where the ALS points are colourized according to their corresponding object classes.
The classification was manually conducted using TerraSoétware to produce the reference
data for evaluating the performance of the proposed method. The PL systiwad-olsom data
showa high degree of scene complexityhich would cause difficulties in PL reconstruction. The
scene contains various PL \aie types (a mixture of low and high voltages), which include
transmission, sulransmission and distribution lines. Accordingly, the sceneahasad range of
PL lengths and distances between PLs and catenary curve characteristics. Moreover, some

different types of PLs run in parallel or some cross each other in different directions

Figure 4.9: (a) Rawairborne laser scannirtata set, (b) CP detection results (black color), and (c)

3D PL reconstruction (black coloi the wholeurban area
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The Folsomdata wasacquiredby Ri esd-M® Q560 laser scanner, which recorde8 4
multiple returns from a single shot in August, 2007. The ALS system was attached to a helicopter
borne platform at an altitude of 121.9m above ground Mitbla speed of 23.15m/andutilized
a scanning mechanism with rotating polygon mirror and a growmdeasuring pattern with
parallel scanning lines. Its swath width is 190 m and the sitteetdser beam foot print is 6.1cm
with 0.5mrad of laser beamwrgence. Approximately 1.8 million laser points at an average
point density of 16 (pointsi’) were collected andhe point distance on th@Ls rangesrom

sparse @.83n) to dense@.11n) with an average distance @B2m

4.4.1 Overall PL moddling performance analysis

We evaluated the detection rate of CP extraction by comparing the result with classified PL
points in Figire 4.9(a) The detection rate was measured oo criterig completeness and
correctness, by counting the following three factdeg TP (True Positives), which are the
number of CP points that are commonly found in both the reference and the(bg$tiit;(False
Negatives), which are the number of CP points that are found only in the reference, but not in the
result; (c) FP (Fale Positives), which are the number of CP points that are found only in the

result, but not in the reference data. These evaluation measures are described as

4.0

#1 1 D1 AGAT AA:%G&— pTUTT

#1 OOA ADI /Szeoe&—o pTT

(4.20

A total number 056,396 pointsverelabeledas PL points in the reference ddtggure 4.9()

presents the CP detection results, which dete23e803CP points using the proposed detection
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algorithm As we compared the reference data to the CP detection rEBUIEN, ad FP are
counted as 1982, 37214, and @21 points, respectivel\By Equation4.20 the completeness
was measured aglB% and the correctness was measuretba®6. As shown in the comparison
results the proposedCP detection methodntendsto producea higher rate of correctness by
producing fewer FP, while more FN leads to lower rate of completeness. The large amount of FNs
in CP detection is mitigated as PL models are properly grown. The relatively low amount of FP is
eliminated through the PL modefalidation procedure and contributes to speeding up the
modelling process

The results of PL reconstruction obtainedttsyPMG method are shown as thick black lines
(i.e., PL result) in Figurd.9(c) and its quantified success rate is presented in Babld51 PLs
alongthe main direction were manuallyetectedo produce a reference méw the PL models.
Relying on intensive visual inspection, we carefulgissify the modelling results produced by
PMG intofive different categories: completpartial, under over modelling and udetection A
PL model produced by PMG was considered esmplete modding if the model passes through
the location of POA (Point of Attachment) where the model is connected to its corresponding
insulator. An investigator sually checked the location of the POA. However, in many cases, it
was hard to find the exact | ocati on of the
based on our heuristic knowledge to judge if it passes at or around theARfgelling resul
wasrecognized as partial modelling if a reconstructed model reconstructed did not reach its POA
location, as undemodelling if two or more PLs were modelled as one model, asmedelling
if the actualPL was split into many models, or as ardaieced error if it was completely missed
by PMG.Table 1 shows the overall PMG performance with the five classes of modelling results

and shows that the PMG achieved a 96% complete modelling rate with a 4% error rate. All

P (
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models werageconstructed from PL olgjes and none of the models generated were frorPhon

objects

Table4.1:Overall PMG performance of PL reconstruction.

Complete Partial Under Over Un-
Total Moddling Moddling Modeling  Moddling Detection
(C™M) (PM) (UM) (OM) (UD)
Number | 151 145 2 0 3 1
Rate (%)| 100 96 1.3 0 2.0 0.7

We also evaluated the quality of the modelling results by comparing the PL points (56,396
points) that were manually classified to the ones captured by PL models reconstructed by PMG. A
total of 60,434 points wereollected by the 151 PL models generated, in which 56,100 points
were recognized as TP, while 296 and 4,335 points were recognized as FN and FP respectively.
Thus, a completeness of 99.5% and a correctness of 92.82% were measuredtion EQ0
These reults demonstrate that PMG is able to achieve a high success rate for both completeness
and correctness. A relatively high rate of FP detection compared to FN ocsumoedthe
complete models ovagrow beyond POA. FN detection was mainly caused by pantdelling
errors Another measure of the modelling performance that was investigated is thaeaot
square error (RMSE) of the residuals between manually classified PL points and PL models
produced by PMG. Ovet45 complete PL models were obtained, and the RMSE in theZX
(3D) plane was measured as 5.2cm, while RMSE-M (D) plane was measured as 2.9cm. The
maximum 3D RMSE found for each PL was measured as 7.8cm, whiessisharthe typical
positional accurey of the ALS data used for PL corridor mappitgggyshkinand Smith, 2007).

The high modelling accuracy obtained by PMG demonstrated its potential to automate the

modelling process
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4.4.2 Sub-scenebasedperformance analysis

The performance of a maddieg algoithm using remote sensing data usually varies in
accordance with sceneomplexity, higher performaneeare achieved over images with lower
complexity. To analyzethe sensitivity of PMG performance to scene complexitydialed the
Folsom test data intd subsceneseach of which represents one spam epecific voltage type
shown in Figuret.1Q The variety of voltage types ihsubscenesanges froma 7kv low voltage
distribution line toa 230kv high voltage transmission linghe span lengtof the test sitesary
from 62.4to 178.1mbetweenconsecutive pylag) and heights diffefrom 9 to 42mabove ground

level.

Figure4.10: Selected’ subscene®f Folsom test data

Figure 4.11 shows the side views dhe PLs in selectedtest sites andthe corresponding
reconstructiorresults. Tabl@ describeshe characteristics of each site with respect to PL length,
point distance, the number of wires and the number of bundle wires. The bundle wires consists of
several conductor cables connected foyrconducting spacers to reduce corona losses and
audible noise. A number of bundles are usually used for high voltage lineB.LElmemprising
of bundle wires are locatedloseto one another & distance ofess than 0.3m orthogonaf the
presence of random errors in ALS data is considered, the distance between PLs in a bundle wire
would be smaller than 0.3m. This short distance might cause difficulties for PMG in properly

separating individual PLs from each other within a bundie,wwhich resuls in the under
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modelling of PLs (i.e., representing two or more wires with one model) as shown ure-ig

4.12@).
# Original Sub-data Set PL Reconstruction
2

[m]

[m]

7 R

Figure4.11 Side views of 7 sulscenegleft) and corresponding PL modelling resudtdouredin
black (right).
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Table4.2: PL modelling results obtained by PMG.

Span Average Point cp
Dist PL
Site| Length > 2NCe PETPL | b tection BUNdle TORIT oy oy Um oM up
[m] Wire | Lines
[m] . (%)
Ave Min Max
1 |162.7| 045 0.37 0.85 79.5 0 7 6 1 0 0 0
2 | 162.9| 0.38 0.27 054 | 230 6 21 19 0 0 1 1
3 |178.1| 0.34 0.25 0.3 24.4 6 28 26 1 0 1 0
4 | 624|018 014 0.21 62.9 0 0 0 0 0
5| 165.8| 0.29 0.25 0.52 80.2 0 0 0 0 0
6 | 135.8| 0.30 0.17 0.83 19.3 6 36 35 0 0 1 0
7 | 112.4| 0.16 0.11 044 | 226 6 32 32 0 0 0 0

Table 4.2 also indicates that a negative correlation between the number of PLs and CP
detection rate. The decrease in the CP detection rate might be affected by occlusions that usually
occur more often as the number of PLs increases. If no CP idetktmer a PL, as shown in
Figure 4.120), the undermodelling error occurs, as there is no primitive existing to trigger the
model growing process. Also, a lower CP detection rate indicates a weaker presence of linear
properties, which might degrade theeaall performance of the PMG method. Tallg also
shows the range of point distances between consecutive points over PLs ftan{d®dse point
density) t00.85m (sparse point density). The average point distance ranges t6mt@. 045m.

Larger poin distances are normally detected in lower voltage PLs that run below high voltage

ones due to the occlusion effect. This might induce large data gaps within a PL, as can be seen in
Figure 4.12¢), which lead to the early termination of the model growirgcess due to the lack

of measurements detected by the extended growing model and this results in the partial modelling
error.

Tabled2 summari zes the evalwuation results of P M(

Figure 4.11, Site 1 shows the lowestene complexity, where only one voltage type of PL is
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present in the scene. The distribution of PLs in Site 1 is one of the simplest configurations, as it is
comprised of only 7 PLs and does not have a bundle wire. Similar characteristics to Site 1 can be
found in Site 4 and 5, which haver@Ls and only one voltage type. Due to this, Sites 1, 4 and 5,
which have the smallest number of PLs show a higher CP detectiénfrate 62.9 to 80.2%
compared to the other sites. The combined effects of the numbendlfe wires and occlusions
produced a relatively higher success rate of PL reconstruction over these sites and except for one
PL error in Site 1, all the modelling results were recognized as the complete model. The partial
modelling error in Site 1 was used by a large data gap of more than 7m present at the end of the
PL. The catenary curve of Site 1 shows a clear symmetric geometry, and almost straight lines
between the different types of pylons can be found in Site 4, whereas the catenary curve of the
PLsin Site 5isnois y mmet r i c . This suggests that the PMG
catenary curvature of the PLs

The PLs inSite 2 3, 6, and Hhave more complesstructure with various PL voltage types
anda number obundk wires which cased various types of modelling errohs these sites, the
subtransmission lines diverge different directions from one dhe pylonsand the dstribution
lines are locatedlose tothe vegetation are®.3% of modelling errors occurred over these four
sites, which corresponds to 83% of total modelling errors. The location of a large data gap of
more than 7m in PLs caused the partial modelling error if the data gap occurred at the end of PL
(Site 3) otherwise it produced owewdelling errors (Site 2 an8). In Site 2, one of the
distribution lines passes through a vegetation area. This caused the undetected error, since the
reconstructed model was rejected by the PL model validation process dudatgéhamount of
vegetation points contained in thecoastructed model. In Site 6, the over modelling error also

occurred when the parameters of an initial PL model were not correctly estimated due to data
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errors, which misled the PL model growing direction, and thus the rest of PL points were captured
by the new model

In all these sites, the transmission with 6 bundle wires aneraobmission lines run
together. However, all lines were well separated and no umdeéelling errors occurred. The
determination of optimal voxel size, particularly its widtll dreight,used for PL model growing
plays critical role in preventing the PMG from generating wmdedelling errors. In this study,
we used 0.5nfwidth)x0.5m(height)x5m(length) as the voxel size for model growing by taking
i nto account positionalAacc8racy fortPy gadrridoa mappingsEyshkinand
Smith 2007) and the distance between PLs in the bundle wire. Bablshows that this
assumption works effectively without producing underdelling errors. However, it would be
possible tacaug the under modelling error when an optimal value of the voxel size is hpré to
specify In Site 6, PLs are densely distributedthe subtransmission line levelThis causes a
large occlusion along a downward direction of heightthsd the averageomt distance over the
PLs range$rom densg0.17m) to sparsg1.83m). In Site 7, PLsare located immediately above
buildings and are distributed in different directios between spans in the loweoltage PL
structure Although these difficulties exist, able 4.2 indicates that PMG successfully

reconstructed PL models over Site 6 and 7
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CHAPTER 5

3D power line modelrectification:
Inner and across pan analysis

The previous chapter introduces the main aspect of PL model reconstruction. Hotvstikr,
provides modeling errorsuch as partial under and ovesrmodeling erros, which might be
insufficient for the precise PL risk analysi® move b correct thancompletion of PL models,

their rectification process is performed based on the innenemds span analysig the inner

span analysis, individual PL models of eapan are evaluatdohsed on the MDL theory and

then erroneous PL segments are repldnegrecise PL models, thereby correctungder and
overmodeling errorsAn important component of this process is the ability to estimate the degree
of corruption of PL points using regression analysis and predict suitable model parameters
especiallyunder the windy environment. In the acroggan analysisas asubsequent step,
detecting precisstart and end positiortd PL models, calledPoint Of Attachment (POAis the

most key issue to correct partial modeling errors as well as refine PL mbdelsis, connection

of PL models is evaluated by generating their intersection positions and selecting optimal
connections with minimum positional errors over the across spans. Consequently, the proposed
method is capable of achievitige geometric and topaaal completion of PL modelsver the

whole PL network.
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5.1 Introduction

In Chapter 4, we proposed an automated process to reconstruct power line (PL) models from
LiDAR point clouds. Although our method (PMG) has demonstrated promising perspectives in
wire modeling, resulting models still include modeling errors, which should be rectified in order
to increase its practicality in the PL risk management. In general, weatagorize PL modeling
errors into three groups: undeover and partialmodeling errors. Figure 5.1 illustrates examples
of each type of representative errors produced by PMG on real PL datasets. As shown in Figure
5.1, thefiundermodeling errors occuwhen PLs are reconstructed with a lower number of PL
models compared to their actual coussulting in prodcing oversimplified PL models (Figure
5.1(a)). Theiovermodeling) errors is the opposite of undelodeling errors, which are produced
if a PLis reconstructed with more than one model (Figure 5.1vgn though PLs are modeled
without under or overmodeling errorsthere is still a case where the modeling process converges
early. This leads that reconstructed model is not able to reaéh tRle end positions that are
associated with insulators and pylons, often called as POA (Point Of Attachment). This error
refers to theipartiatmodeling errors. In this chapter, we propose a sequentiatgrosessing
method, which rectifies the modedjrerrors by introducing two steps of span analysis; inner span
analysis and across span analysis. The inner span analysis aims to identify and rectify the under
and overimodeling errors produced within a span, while the across span analysis concentrates o
correcting the partial errors across linked spans. A final modeling outcome produced through the

sequential span analysis is an improvement of modeling accuracy tGsR&4alts.
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PL Model

@) (b) (©)

Figure5.1: Examples otypical errortypes (denoted by circlé) reconstructind’L modes: (a)
under (b) over, and(c) partial PL modeling error.

In practice, a POA is known to be important to the effective PLmiakagemeniThe main
reasonfor this is thatthe POA can be used as anchor positiorin the simulation of conductor
blowout for the identification of PL risks. If POAs are detected with an acceptable accuracy (in
practice, about 30 cm)t iallows us toprecisely assess a clearance quantity caused by
encroachments of natural and/or artificial objects to Altais, knowing the POA positions is
critical to conduct PL clearance analysis (Sohn and |theh0). POAs can usually be divided
into two types: CAP Cable Attachment Point) and IAP (Insulator Attachment Poirtig CAP
denotes a connection position between a PL and its associated insuéothe IAP indicates a
connection positiotbetween an insulator and therrespondingpylon structure In thisstudy, for
the purpose of PL model rectificatiathe POA is defined as an intersection position betwaen
consecutively lined PLs, which becomes either CAP or IAP according to insulator types. The
insulator types are usually categorized as tiferent geometrical structuresuspension and
deadend types. The suspension type which normally exhibits a line or V shape is designed to
allow two linked PLs to connect withan insulator atone point.In the deaeend type, the

consecutive PLs are comcted to different insulators and these insulators are to be connected each



130

other at one point. Therefore, the intersection point becomes the CAP in the suspension type and

the IAP in the dea@nd type.

5.2 Motivation

In the previous chapter, 3D PL modelsres reconstructed based tie proposed modeling
method of piecewise model growing (PMQ)sing the complex urban sulata set,PMG
demonstrated that it is able to achieve a high modslingessate ofabout 96% However, it
might be insufficient fom mmplete risk analysis of PL networks as the method still produced
some modeling errors. Even though the produced amount of errors may not be considered
significant, these errors should be minimized as any small failure in PL modeling might hinder
precise isk analysis and ultimately cause a critical massive power outage. We believe that the
potential error sources affecting the PL modeling arise from irregular distribution of laser points
reflected along PLs (PL points). The irregular distribution of Plntsois caused by several
factors. Habib (2009iscussedactors influencing the irregularity of laser point spacing (spatial
distribution) with two error types: systematic biases and random errors. The systematic biases are
mainly dueto the insufficient calibration of individual sensorassociated with point cloud
acquisition(e.g., laser sensor, IMU, GPS) amisalignment betweethose sensors. Thus its
positionalaccuracy is usually corrected through an appropriate sensor calibration process. On the
other hand, the random errors are considered as a white noise in a stationary process, which
follows a normal (Gaussian) distribution with identical means and variances. It is true that both
systematic and random errors are one of main causes affectingsitienal accuracy of laser
point clouds, which lead to the irregular distribution of point clouds. However, these errors are

usually much cared during sensor calibration process and the distribution characteristics of these
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errors is given aa priori knowledge of the data acquired after the calibration process is finished.

We believe that there are more factors causing the irregularity of spatial distribution of PL points
than the systematic and random errors, which also causes problems in PL modeéing. Th
because characteristics and amount of these errors are hard to be known in advance and are
usually unpredictableThese errors are related to the presence of occlusion, the nature of thin
linear objects, as well as the nature of moving objects {he.positions of PLs are changed by

wind speed). All these factors are associated withrtreaseof the irregular distribution of PL

points unexpectedly, which are explained in detail as follows:

Occlusion PL networks are constituted in a complex manner where many PLs delivering
different voltages are placed closer together in the same direction, but with different heights or
run in different directionsThe complex spatial configuration often occludesbilisy of some

parts of PL structure by themselves or by neighbouring structures like insulators or pylons, and
thus causes missing of laser returns along PL. This occlusion leads to a wide range of data gaps.
For example, average point distances per Bty yrom dense (0.17m) to sparse (1.83m), even

though PLs are located in the same span due to the occlusions (Jwa arD$ahn

Thin linear object As PLs are a thin object with a small diameter in the level of several
centimetresit is difficult to hit them with entire laser footprints. This leads that the strength of
return signals from PLs considerably decreases, which causes the missing of returned laser echoes.
For example, aluminum conductors usually have about 2 cm in diameter (Shoemdkéad,

2007). On the other hand, the diameter of laser beam footprint becomes at least 5 cm with 0.5
mrad of laser beam divergence at the flight height of 100 m. Where, in the PL corridor mapping,

the flight height of ALS is normally more than the 100 m abthe ground level because
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saturation effects in too strong return signals sometimes happandérGathen 1991). The

other important consideration is that PLs are linear features unlike area features such as the
surface of building rooftops or roads. Acding to Jelalian (1992), the strength of signal reflected
from a linear feature is inversely proportional to the third power of laser rafgeoRpared to

R? for the area features. As a result, the probability that energy of returning laser pulse is higher
than a detection threshold value predetermined decreases and thus PL points will be sparsely
recorded with the irregular distribution. Note that the thrieskialue plays an important role in

discretely counting the number of laser returns (Baltsat/&89).

Moving object PLs are moving objects as their locations vary due to dynamic load of external
forces such as winds, resulting in the occurrence ollatery. Statistically, if wind speed is over

40 km/h in the PL corridor area, power outages start to frequently occur due undisred
events such as vegetation encroachments (Betz, €08P).Under the situation of strong wind
blowing, PL points equired are plainly coupted by the movements of PLs. That is, the
movements cause tlsbapeadistortions of PLs, which original shape is formed with a straight line

in the horizontal plan and catenary curve in the vertical [arthermore, as the flowf evind is

not constantthe degree of the shape distortions varies ovesdhe corridor area as well as even
within the same span. It is an ideal situation to record weather conditions including wind speed
while PL point clouds are acquired using an \weaprobe mounted on airborne system or placed
on the ground. However, we have observed that the weather data is often not used in practice (like
the case of our current study) or its sampling rate is too low or its accuracy is not reliable. It is

hard toestimate wind speed and its effects to modeling accuracy in advance.



133

5.3 Methodology

Figure 5.2 illustrates the overall process of PL model rectification proposed, which is
comprised of two steps: inner span analysis and across span analysis. The basic idea of the inner
and across span analysis is closely related to solving the probleodef selection for rectifying
PL modeling errors produced by PMG method. An optimal model (thus recovering modeling
errors) is found in hypothetical model space that is implicitly generated with given initial models.
For the inner span analysis, the ogtirmodel is selected among candidate models as the best
representation to its inliers. Individual Phodelsof each span are thusvaluated with the
objective to correct undeand overmodeling errorsWhere, thecandidatemodels are generated
based on thwelkknown split and merge approach. We adopthieery of Minimum Description
Length MDL) for the verification of PLcandidate models. The process of MDBhased
verification favours how toptimally fit the model to the datnd also to simply explaithe data
with the model, resulting in the selection of optimal PL model. Note that all of PL models are
evaluated to detednd correct modelingerrors based on the MDBhased verificationin the
across span analysidetecting precis®OAs is the most keissue tocorrectpartial modeling
errorsas well asrefine PL models by finding their start and end positiofsr fulfilling this
purpose, we first identify a conjugate padsnsecutively connected over across spditeir
associated POAs are then estied based on a least squares adjustment. As a result, the proposed
method is capable of achieving the geometric and topological completion of PL models, thereby

correcting PL modeling errors.
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Figure5.2: Schematic diagram of thiener and acrosspan analysiproposed3D PL models and
inliers as well as nePL points are usedsaninput.

5.3.1 Inner PL span analysis

This section describes a method of correcting PL modeling errors,- amdkeoveimodeling
errors, in the inner PL span domaifhe important aspect of proposed method is the ability to
deal with noisy PL points corrupted by wind effects in correcting PL modeling errors based on a
regression analysis. The detailed description and a mathematicalldtion used in the inner

span analysis are discussed in the following setiions.

5.3.1.1 MDL criteria formulation

As we havediscussedin detail in Chapter 3, the MDL criterion function is basically
composed of two termspodel closeness and moaemplexity, which is to be optimized fahe
best model selection of objects of interest by solving model selection probl@imssection
discusses about how the criterion functioriosnulatedfor the selection of optimal PL model,

which leads tdhe carrecion of PL modeling errorsThe model closene$s $s is designed to
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measure aleviation(i.e., goodnes®f-fit) between a PL modé&ll and the corresponding daia
This deviationcan beassumed to follow a Gaussidistributiond ‘ h,  with expectation and

variance, . The descriptiotengthoffl $s is formulated as

fl s —— (5.1)

Where,q denotes thaveightedsum of the squared residuals betwdéandD, $ - 0$
M in the matrix form

The model complexitfl - is designed to measure how many PL modiétsare used to
represent the given data. OThis can be formulated by specifying minimum number of
observations on a model, if the moidength is known (Li 19925uppose thddmeans a spatial
resolution for epressing how close pointge distributed each othesver a PL modeM. The

probability that a point is randomly located on tewith a certain lengtkxis then“and its

description length becomési QE,J . Where,the resolution can be approximatadan average

distance between PL pointsthe given PL modeld-or the estimation of model parameters, the
minimum number of PL pointsiis required. Tierefore we canarite the model complexitft -

for expressing a PL modBm! in the following form:

fl - imc g (5.2)

As a result, based on the MDL theory, minimizing the cost of the criterion function combined by
two terms leads tthe selecton of an optimal modeM* given in thehypothetical model class

as
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St AN, sy fl- (5.3)

The minimization of Eq. (5.3) means that the MDL criterion function should favour two cases: (1)
the smallerdiscrepancy between PL modeMs and the given datédD, (2) the simple
representation dflsin the givenD. In the other cases, the criterion fuctipenalized/s, so that

its cost value increases. Therefore, undedeling errors that cause tharge discrepancy
betweenMs and D, and overmodeling errors that produce multiple model segments lead to the
increase of their description length. That isywin the MDL framework, incomplete PL models

converge to the optimal models by correcting thaedlesirednodeling errors.

5.3.1.2 Wind blowing effectin PL corridor area

A PL is a hanging object attached to its associated pylon structure and has a freedom to a
swing. Under the strong windy environmemtls dynamically mog due to high wind loading.
The wind blowing effecteads that measurements representing PL$naxétably corruptedoy
their movements during data acquisition from airborne LiDAR sysiBms causes the severe
noisy distribution of PL points and thus affects the performance of PL modeling as follows:

First, PL modeling accuradRMSE) measured athe discrepancy between PL models and
the corresponding data is sifjcantly degraded by the wind blowing effeth. the stationary case,
the typical 3D positional accuracy of data used for PL corridor mappiagpi®ximately 10~15
cm (Ussyshkinand Smith, 2007). In order to investigate how much the quality of PL data is
degraded according to wind blowing, the relation between wind speed and modeling asesracy
made as shown in Figure 5.3. Where, hese collectegpart of the wind information for three

corridors, 20023 for 161 kV, 20130 for 345 kV, and 24051 for 345 kV, from the wditypany
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Figure 5.3: Variations of PL modeling accuracy [cm] with respect to wind speed [m/s].

20 spans of each corrideveretested angarameters of each PL model westimated based on
Eq. (4.1) and (4.2) in Chapter 4 using PL points whielne manually segmented. In Figure 5.3,
as the average wind speed increases from 2.83 m/s to 6.05 m/s ovee¢heorridors, RMSE of
PL models suffers by going up to 25 cm for conductors and 40 cm for shield Wirese
measurendicatethat it is hard to collect precise airborne LiDAR data for PL corridor mapping
under the certain wind speefibr instance oer 24051 corridor in Figure 5.3hus, the strong
correlationbetween wind speed and modeling accuracy edistthe 20130 and 24051 corridor,
two corridorshave a similar PL structures (i.e., singlecuit with bundle conductor) supporting

345 Kv and tkir average wind speeds show only small different. However, the RMSE of PL
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models suddenly increases in the 24051 corridor compared to one of 20130 corridor (i.e., more
than 3 times in conductors and more than 6 times in shield wires). This is becaubewinery
dynamicallywith high strength and large variations of wind spespeciallyover the maximum

wind speed of 20130 corridor (6.3 m/s). This leads that the impacts of wind blowing to PLs vary
in various directions even at the constant wind spkeedddition, there might be a limitation in
measuring accurate wind speeds using a low cost wind sensor under the situation of a wide variety

of wind blowing.

Line-Segment_1 LE PL Model_1
0\ | | Segment 4

PL Model_4

LiDAR

V5| PLPoints | f
A
A i Line PL Model_3
AT\ * Segment_3 :
Wind Blowing

N
\ X
Line-Segment_2 PL Model_2

@) (b)

Figure 5.4: PL models witbvermodeling errors due to wind blowing effect: (a) highly

irregular distribution of PL points and (b) four PL model segments representing a PL.

Second, in the aforementioned error types, -ovedeling errors occur only due to large data

gaps, resultingn the generation of redundant line segments along dnPaddition to the large
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data gaps, the wind blowing effealisobecome a primary error source that mainly causes over
modeling errors due to the noisy distribution of PL points along PLs swifiggm side to side as
shown in Figure 5.4. Under the assumption that PLs are modeled using a linear basis function
such as Eq. (4.1) in Chapter 4, even without large data gaps in Figure 5.4, it is hard to avoid the
overmodeling error due to the wirllowing effect.

Third, the use of PL points corrupted by wilzdding also affects the performance of the
proposed posprocessing method using the aforementioned MDL criterion functidre
proposed methowill be discussed in detail later. In order to correetranodeling errors, the
associated PL model segments should be hypothesized as a single PL model and thus the
hypothesis (single model) is accepted in the MDL framework based on Eq. (5.3). However, due to
the wind blowing effect, irregularity of PL poimtistribution accelerates, which causes large
deviation between the hypothesized model and its PL points. As a tasulierm of model
closeness highly dominates over the MRInction and then the desired hypothesis might be
rejected, thereby selecting Pmodels with ovemodeling errors as an optimal model
configuration.

We have discussed with difficulties in modeling PL objects, which are mainly caused by
wind blowing effects. To overcome the difficulties, an approach, a wind adaptive parameter

estimaton, is proposed, which is discussed in detalil in the next section.

5.3.1.3 Wind adaptive parameter estimation

In general, standamdeviation, used inq of the term of model closenessEq. (5.1)can be
derived by measuring the deviation between an estimator aodsésvationsand expresses the
precision of a set of observations. In a stationary gasepredictable by considering observation

errorsas white noise andan beused as priori knowledge in themodeling process of objects
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such as buildingd-Hdowever, in the case of PLs as a dynamic object, LIDAR measurements are
corrupted by random errors as well as external fonesvariousquantitiessuch as wind loads

so, becomes unprediable. This means that it is difficult to determinein the range of
deterministic approximation value$n this study,, is called as anoise scale factorTo
approximate, as a predictable variable, the use of relationship between PL modeling accuracy
and wind speedi, -wind speed, as shown in Figure 5.3 becomesedfective way. However, as
mentioned in the previous sections, the infation of wind speed isot always &ailable and its
accuracy is not reliable. Therefore, we propose an alternatetbodfor measuring the wind

blowing effects instead of using the information of wind speed, which is discussed as follows:

Measuring the magnitude of data noise for PL pomt

The effects of wind blowing to PLs can be approximated by measuring the degree of noisy
distribution of PL points. This is because the more wind blows the more PL points are corrupted
by the wind blowing effectSuppose that PLs laid in a span are distributed siitlilar directions

each other and are modeled based on the PMG method proposed in Chpater 4. Where, the PL
models are generated with the high goodiodgi to the corresponding PL pointd PL points

are corrupted by wind blowing, their PL models are also oriented with various quantities. The
variation of PL orientationsan be measured by the wkiown rootmeansquare error (RMSE)

and thus reflects the wind blowing effect. Letge. pi8 i denote tle observed orientations of

PL models andl indicates heir mean value. The RMSE of orientations of PL mofieis

2-3p Y  — (5.4)
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Establishingrelation of G-YP

This step aims to establisirelation between noise scale factor and RMSE of orientations of
PL models,fiC-Y[ 6 instead offi, -wind speed. Our ultimate goalis to achieve the completeness
of PL models by correctg PL modeling errors. This means that the numibef PL models
reconstructeds equal to the real count of PDNs Where, the ratiR=n/N becomes one. The ratio
with more tharonethusindicates theccurrenceof overPL modeling errors, while the ratiwith
less than oneneanghe occurrenceof underPL modeling erra This indicates that theorrected
PL modelsshouldsatisfy the conditionR=1, and the used noise scale factor becomes an optimal
valueA under the current ambient situation (wind blowing)h a certainy[ . As a result, the
relation of £-Y] can be developed from the relatiofi(i-Y] . In the terms of correcting PL
modeling errorsthe use of approximated by the relation 6fY[ leads to correct PL modeling
errors with the conditiorR=1. To determine the optimal noise scale fadtothereare essential

processing steps proposed as follows:

1 Generate PL models usitige PMG method proposed in Chapter 4.

§  Calculate RMSHf orientations of PL modeld for aspan

1 Perform the rectification of PL modelshich is discussed lateaccording to discrete
values of, differentiated by, (10cm)

1 Examine the ratio having one (R=1) and find its associesdaesof, which become

optimal values of noise scale facfor

In the givenY| of each span as shown in Figure faBtsare uniform over the optimal values of
noise scale factpK, by satisfyingthat R=1. Where, the range including the optimal values

denoted as a gray blocks the RMSE of PL orientation¥ increases from low (0.02%to high
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(0.25°) degreethe plots exhibit wild oscillations and the resulting rangéA narrows. We can
expect that finding optimal noise scale factor is to be severely restricted by the high wind blowing

effect.
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Prediction of optimal noise scale factor

For the newly observed data, the valud & required to be predicted based on the relation
of A-Y[ . For this, the functional relation Y] should be formulatedWe adopta regression
analysis which is usually used for analyzing and modeling a relationship between associated
variables (Sen an&rivastava, 1990)Iin this study, 20 spans from two corridors were selected
with respect to the degree of variations of PL orientation and used to estimate parameters of
regression model. Figure 5.6 shows the plot of the regression model which is anfiofdti
conditioned orY[ . Where, a vertical bar denotes the range of optimal noise scalefattench
span and its mean valdids expressed as a solid point. Usifgjandy[ s derived from 20 spans,

the regression model is developed as a linear ifotleaving form:

9k MBIk A A 1 AA (5.5)

Where,r denotes unknown coefficients which consists of aesbopnd an intercepb which are
estimatedas142.0 and 0.5599, respectivelshe Rsquared (B of the regession modelwhich
indicates how well data fit the corresponding model with the range (4edlculated as 0.9838.
This means that the model fits the datdequatelyln Figure 5.6the linear prediction values éf
calculated by the regression model fall witHie range of optimal noise scale fadiertical bars)
only up to approximately 0%2of ¥ . This is due to the large fluctuations/oby suddenly going

up and dowrmore than 0.20f ¥J . As a result, the good prediction of optimal noise scale factor
for anew data set which is acquired under the strong wind blomiggt bedifficult even though

the regression model is formulated by more complex models with many pararhgbrerfer

nonlinear fitting).
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modeled as a linednnctionand denoted as a solid line.

5.3.1.4 Model split process

Using prior knowledgen the noise scale factor, the split process is performed by dividing
oversimplified PL models into single PL models, thereby correcting uneeleling errors. For
this, somesuccessiv@rocessing steps are proposed.

First, a segmentation process is required for the spatlorging of PL points. This is
because there is rpriori information about how many PL modd¥s are needed for rectifying

oversimplified PL modelsThe PL points grouped atbusused as seksegments fodetecting
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individual PL models. In this study, thregion growing approacts considered as an effective
method in grouping PL points using closeness property in spatial point distribthisrisdue to

the fact thatPL points belonging t@ PL model are closely distributed each other and mostly
isolated from other objectdhe region growing is performed by measurin@@ Euclidean
distancebetween pointsif the distance is less than the -gpecified tolerance, the associated
pointsare labelled as the same group.here, the value of distance threshold is determined as
about 20 cm by considering the normal positional accuracy of airborne LigphRs in PL
corridor mapping. As a resulthe region growing process continues untilpalints are assigned

to the corresponding segmen@8 O .

Secondthe processf combiningpotentialsegmentshat represent the same PL is required
to generatehe corresponding PL mod®l without undermodeling errorslt is performed based
on the lypothesis generation and verification proceBse first step is that ypothetical PL
models= s are generated usipgirs ofsegments. Then, for each hypothesisthe degree of line
significanceis measured by counting the numberseigmentshat lie spatially close to the
corresponding within 6. As a resulta= with the highest degree of line significarsdfirstly
selectedand its associated segments are labelled. Similarly, additioydtheses= are
subsequently generatagsing unlabelled segments. This procdssally producesa set ofn
hypotheseg= I f }.

Third, © far we have been careful to make redundant hypotheseto extend the
opportunity of findingan optimal configuration of PL models® for the correction of under
modeling errors. The verification process of is performed by evaluating the acceptance of
one of two possible sets, null and alternative , in the MDL framework. In here, the

becomes a PL model M before the splitqassas shown in Eq. (5.6)lhe= denotes a new
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configuration of PL models, that igiven = gp ,= are created by the combination ef

as illustrated as Eq. (5.7).

= - (5.6)

. - K h: & R BR- BRE BRE (5.7)

Note that theorder of indice®f = follows thedegree of line significanc&Ve are now interested

in making a decision for which ot is to be the best configuratiand whether it can be
replaced withe  or not The decision is carried out in ttaforementionedVIDL framework.
Therefore, nder the assumption that is an optimalepresentatioof the current PL points *,
its rejection process is performedtife DL value of is largerthan one of= , which is

defined by

= *zargmin {DLE ), DL(= )} (5.9

Consequently, PL models with und®odeling errors are corrected by selecting the alternative
hypothesis, that is one of . In the next section, ovenodeling errors are corrected through the

merge process which is described in detail.

5.3.1.5 Model mergeprocess

To correct the ovemodeling errors,redundantPL models should be merged into the
neighbour PL models. For this, similar to the split process, the hypothesis verification of PL
models is performed based on the aforementioned MDL critédimen a sebf PL modet Ms =

{M4, é, M}, a null hypothesis is formed byselecting two model$rom Ms, while its
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alternative hypothesis becomes a newly generated hypothetical PL model by merging the two
models, which take thiellowing forms

ho BE EEE (5.9
= - 9 BEEEEE (5.10

If the DL value of= is less than one of , the= is accepted aan optimal hypothesis *, so
that the ovemodeling errors are correctethis process is continued until is selected as *
over the all PL modelSis.

In Figure 57, we show a simple example of correcting underd overmodeling errors
through the proposed split and merge process usirgpl data set. As we can see - in
Figure 57(a) shows rather poor fitting it tthe PL points which causes thander modeling
errors On the other hand, - h R in Figure 5.7(c) is generated by fitting well them to
local segments of PL points, which causes dkiermodeling errorsFor the correction of the
errors, the split omerge technique mspplied tathe= by separatingpr combining its PL models.
This leads to produce alternative hypotheses = R  and= - illustrated in
Figure 57(b) and (d) respectivelyln addition, eactierm of MDL function is evaluated iffable
5.1 As the= s minimize thetotal cost of MDL functionfl , the= s are converted to the
corresponding s, so that the undeand overmmodeling errors are correctedlhere, RMSE of
PL orientatiors is observed as 0.092or the split process and31° for the merge procesBased
on the regression model of Figure 5.6 and RMSEs, optimal values of noise scale factors are

predicted af.74 m and 2.25 nrespectively.
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and (c) mean with the underand oveimodeling errors(b) and (d) indicate ==

Table5.1: MDL terms total description lengthfl ), model closenegdl $g , and model

complexityterm(fl (

Step #Line fl fl OO fl 'O
Split M 98.33 70.61 27.72
Merge M+M+Mj 48.08 0.067 48.01

Mi23 24.15 0.081 24.07
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5.3.2 Across PL span analysis

The main aim of our approach in ttgsction is to correct partiahodeling errors by fining
start and end positions of Plagross PL spans. This isostly related tahe process of POA
detection.If POAs are determined, the coriiect of partiakmodeling errorscan be readily
achieved byextendingPL models to the corresponding POMawever, @tectingthe POAs is a
very complex problem because geometric information such as size and position of insulators as
well as pylons is impoant to be known. To avoid the difficulties, in tlggidy, two heuristic
methods for the determination of POAs are proposed: (1) PL connectivity analysis and (2) pylon

region of interest detectiomhis issue igliscussedn more detail in the next sect®n

5.3.2.1 Mathematical formulation for POA detection

In general, points intersecting PL modtiat aresuccessively linke@cross spans become
POAs, which arequivalent tahe CAP in the suspension insulator type and the IAP in the-dead
end insulator type. In this study, we only consider such POAs for the rectification of PL nitodels.
assumes thatwo PL modelsMs = {M;, M} are in the conjugate pair relation if they are
successigly linked across spartheir intersectior) G can beestimated based on a
weighted least squares adjustmebte that &L modelM is formed by the combination of a line
(Equation 4.1) —H andcatenary curve (Equation 4.8)cfuito in 3D space. Given thenodel
parameters—H Ffihd and theirvariances i(e., Gy, g,,G,0 ,0 ) which are evaluated as
weights (i.e.0 ,0 ,0 ,0 ), the conjugate pad two PL modelsan providefour observation
equationdrom Eq. (5.12) ¢ (5.15).After replacing the nonlinear equations with their linearized

forms, 0 is to beestimatedbased orthe form of a Gauskslarkov linear model (see, Eq. 4.7)
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5.3.2.2 PL connectivity analysis

To define optimalconjugate pairs of PL models fromsuccessivelyconnected spans,
connectivity of PL modelscrossspans is required to be examing&tie basic idea for this is to
estimate possible POAs from hypothetic pairs of PL models and choose a POAimiitium
positional error among them. However, the use of thienple statistical selection criterion
sometimes causes the establishment of wrong conjugate pairs of PL models due to the complexity
of PL network configuration. Where, a PL networknrmally designedwith multiple layered
lines with the same orientatioin which PLs are overlappead the verticaldomain(i.e., X-Y
plane).From our heuristic observations, thedesiredPOAs are mostly isolated as positioned
away from pylonstructures. Therefore, the limitation can be easily solved by adding a geometric
constraint to the selectiocriterion The constraint is that aROAs should be placed near to a
pylon structure After creating a local search regivhat a POA with minimum positional error,
the existenceof unlabelled points which might represent pysbructures is examined. If theint
density PD of unlabelled points is equal to zero, the POA becomes an undesirable irdarsecti

point. As shown in Figure 5.8et - g denotes a set ah different PL models in the

neighbourspan. A PL modeM,; in the current span generatés associateccandidate POAS,

0/ ' gy having point density of more than zefD(POAs) > 0,and the corresponding
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accuracy i g . One of the candidates fimally selected as an optimal PO,/ “Tunder the

condition that it has ainimum position erroand itsPD is more than zero, which is defined by

0/1 AJCEIT 0 g (5.15

=3

In the real world,PLs are attached to theorresponding POAs without any geometrical
deviation.However, it is impossible to avoid the deviatibetween PLs and their POAghen
POAs are estimated by PL modelkich arederived from noisy datalo correct the deviation,
the parameters of PL models areagtimatedoy passing the corresponding POAsit&lthat the
accuracy of POAs varies according to the qualities of PL models used. This is why, it is required
to first fix the POA with the high positional accuracy and then sequentially perform the
adjustment of PL models over the whole PL network. Assalt, his leads to improvéhe quality

of PL modelswith low modeling accuracy.
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Figure 5.8 PL model rectification based on the PL connectivity analysis across spans: (a)

determination of PL conjugate pairs and @pjimalPOA detection and PL modebrrection

5.3.2.3 Pylon region of interest detection

As mentioned abové?OAsare generated by usimpnjugate pairs of PL modelslowever,
the relation of conjugate pairs is not always available due to the inequality in terms of the number
of PL models between subsequently linked spahs. inequality is mainly due ttwo causes:
original configuration bPLs and PL modeling errofse., undetectionerrors). In order to detect
POAs for PL models with neoonjugate pairsthe use of pylon region can be useful to
approximatehe correspondinfOAs The POAs are detected imgersecting PL models with the
pylon regiondetected.

As a pylon is also isolated objedike PLs, a region growing procesBecomes a suitable
method for detecting the pylon regidvote that a seed position for growing the region would be
one of POAs extractedDnce the pylon regiorsidetectedits orientation is required to be known

for computing accurate POAHK. is due to the fact that POAs are usually placed along the line
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vector with pyloms orientation which passes through the center of pylon-ih plane. Two
simple methods arepplicable tocomputethe pylors orientation the use of (agxisting POAs
and(b) direction of PL modeldFirst, if more than two POAs are already detected, parameters of
line vectors are easily calculated atfte pyloris orientationis determined.Note that the
distribution of POAs should be wide enough to the horizontal domain to avoid singular in the
matrix computation.To check the feasibilitythe geometric precision with respect to the
orientation parametecan be used. That i the distribution of POAs isenoughto be widen

along theorientationof pylon, the good precision of the paramefer(smaller value)s observed.
In the matrix form, it can be derived from tbevariancematrix$ = 0 ! ! 0 1 of the

bestestimatiors= [ hw which is rehited to the parameters of the line equation in the pfane.

Where, theelements of the cofactor matrix §e comprisedof ,;N,:f Etj : resulting inA

Ny ¢ The threshold of , in this study, is simulated based on a@&er displacement beeen
POAsin X-Y plane. Second, as two orientation vectors, PL and its pylon direction, are normally
orthogonal, the mean value dafrientations of PL modelsan be used to calculate the
corresponding orientation of pylon

After obtaining the proper orientation pylons using one of two methogda hyperplane with
the orientations generatedt the center of pylon regiohlew POAsfor the nonconjugate pair
PL models are finally determined by intersecting BL modelswith the hyperplane. Figure 5.9

depicts the whle process for the detection of pylon region and the approximation of POAs.
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Figure 5.9 lllustration of POA detection using the pylon regi¢am} region growingprocess, (b)
determination of pylowrientationusing POAs detected, (c) extraction of new POA and
rectification of PL model with a partishodeling error, (d) before arfd) afterthe rectification of

PL modeldgn the real data.
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5.4 Experimental results

5.4.1 Folsom dchta

To evaluate the performance of the proposed apprd@chmodeling results containing
modeling errors which are generated in pinevious chapteare used. As shown ihable5.2(a),
prior to the process of PL model rectificatidd5PL modelsout of total 151PLsbelonging to 9
spans wereompletely reconstructed which corresponds @6% succesgate.In contrast, the
aforementioned PL scene cplaxity caused 4% of the modeling errors which consigtasfial
modeling (1.3%) over modeling (2%), and wumhetection (0.%). Where thepartial and over
modelingerrors were due to tharge data gafi.e., ~10 meters) and tdetection was caused by a
vegetationencroachmentAs evaluated in Table Zb), except for urdetected PL modelshe
proposed approach corrects the incompletion of PL models, resulting98.8é success rate of
complete PL modelingAdditionally, we counted 125 POAB the datasd as depicted in table
Table 5.3 In theacrossspan analysis, the PL connectivity analysis achieves 90.4% POA detection
rate and then the result is improved u®84%using the pylon region of interest. Consequently,
the POAs detectednproves the quay of PL models by precisely determining their start and end
positions This results in the adjustment of total length of PL models #6861.6 m to 17711.3

m, which corresponds tan8.52%reductionrate Figure 5.10illustrates the final 3D view dhe

PL components including PLs, POAs, and pylons in the PL corridor network

Figure 5.103D PL network modeling containing 32L models(black color), POAs (red color),

and pylon models (green color).
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Table5.2 Resuls of the 3D PL modelreconstruction (a) before and (b) after the rectification of

incompletePL models

(a) PL modelreconstruction

Total Complete Partial Under Over Un-
Modeling Modeling  Modeling Modeling  Detection
Number 151 145 2 0 3 1
Rate (%) 100 96 1.3 0 2.0 0.7
(b) PL modelrectification
Number 151 150 0 0 0 1
Rate (%) 100 99.3 0 0 0 0.7

Table5.3: POA detection rate before and after pylon modeling.

Total Before Pylordetection After Pylondetection
Detection Un- Detection Un- Wrong
Detection Detection  Detection
Number 125 113 12 123 0 2
Rate (%) 100 90.4 9.6 98.4 0 16

In Table 53, even if the detection rate of POAs increase8#yusing the pylon region,
redundantPOAs which corresponds td.6% wrong-detectionare generatedThe main two
reasonsre illustrated in Figure 5.10. Firsty Figure 5.11(a), when more than two PLs converge
to a POA,one of them is only involved to the relationship of conjugate pair. This leads to
redundantly detect POAs for other PL models using the correspondingrpgion. Secondas
shown in Figure 5.11(byue to theun-detection of a PL modeh POA is wrongly generated by

attaching the PL model to the different pylon.
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Figure 5.11 Examples of théimitationsin detecting®? OAs due tonornconjugatepaired PL
models even in thaseof pylon region.

5.4.2 GDI inventory data

For the practical use of the proposed methaod, it is an important to test its performance using
long PL corridor data sets. We obtained a set of inventory dataafrotitity firm, GeoDigitial
International Inc (GDI), which comprises four different PL abori areas named as DB302,
20023, 20130 and 2405Eigure 5.12shows configurations of total corridor areas if¥>plane,
which is coloured from dark blue to dark red with respect to heliggtth corridor area contains
its major pylon type supporting thereesponding electrical power voltage, that is, steel pole type
supporting 138 kV for DB302, Htame type supporting 161 kV for 20023, and fmgged rigid
type supporting 345 kV for 20130 and 2409he detailed data specification is summarized in
Table 54. The data was acquired by RiégILMS Q560 laser scanner over about 138.5 km
corridor area in April and May 201Due to four to five multiple returns from a single pulse, a

high average point density with more than 16 ptésrobtained However, poirs representing
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PLs are sparsely distributed with about 2 ptsaverage point density which is equal to 0.7 m
average point distance on POdis is due to the fact that a PL is a thin object with the thickness
of degree oBeveralkentimetresso the proability of hitting a laser pulse to PLs lower than other
large objects such as building and trieeaddition,the thickness of PLs increases according to
voltage capacityFor example PLs for 345 kV are about 1.5 times thicker than ones for 138 kV in
a pipe-type conductor (Shoemaker altdck, 2007) This leads thathe average point distanoe

PLs slightly decreasdsom 0.71 m to 0.58 m which shows a proportion of about 1.2

Table5.4: Basic data specifications

Ave. Ave. Point Distance per
Length Bundle| Point Conductor Shield Wire[m]

[km] | Wires | Density
[pts/nt] Ave Min Max

Acquisition| Voltage
Corridor Date Type
[M/D/Y] [kV]

BD302 | 5/17/2011| 138 34.0 No >16 |0.71/0.97| 0.35/0.53| 1.1/1.44

20023 | 4/21/2011| 161 37.7 No >16 |0.67/0.87| 0.51/0.74| 0.79/1.05

20130 | 4/21/2011| 345 409 | Yes >16 | 0.58/0.79| 0.49/0.56 | 0.89/0.95

20145 | 4/16/2011| 345 259 | Yes >16 |0.77/0.69| 0.37/0.57 | 2.64/0.83
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Figure 5.12 Test data sets of PL corridor area with different voltage t{lpéysand the
corresponding pylon typgaght): (a) 138 kV (DB302) and steel pole type (b) 161 kV BRd
frame type (20023), (c) 345 kV and fdeigged rigid type (20130), (d) 345 kV and fdegged
rigid type (24051).
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Figure 5.B: Scatter plot of variations of PL orientations for four PL corridor test areas.

To roughly knowabout how much the data is corrupteddxyernal forcesuch as winds,
variations of PL orientatiorasre examinedor the four PL corridor areass shown in Figure 531
50 spans are randomly selected from each of four corridor areas and thermreébpoding RMS
errors with respect to PL orientations per span are calculBtggose that there are no systematic
errors and orthogonal laser beam arrdye averagevariation of PL models in thBD302 shows
very small 0f0.02°. We can &pect data to be collectedmostwithout wind effects. Compared to
the BD302, the next two corridor£0023 and 2013Ghow that their RMS errostightly increase
and are scatteredesulting in the average 0f054 and 0.0958. This means that the didiution of
PL points is somewhat affected by windis.the case of 24051 corridor ardhe distribution of
RMS errors shows large variations over the range from aboutdd26, resulting in the average
of 0.318. We surely make inferences that PL feiare extremely corrupted by strong winds.

Thus, the degradation of PL modeling accuracy is expected in the meter level fridiguitee5.3
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and Figure 5.5. As a resukpr the practical applications such as the PL risk management, the
models are not apppriate to precisely assess clearance quantities derived from object (usually

trees) encroachments

5.4.2.1 BD302 PL corridor area

This corridor is comprised of 198 spans which correspond to the length of 34 km and
contains the number of 594 conductors supporid@ kV and 198 shield wire$able 5.5shows
the results of PL modeling for conductorglashield wires before (Table %e5) and after (Table
55(b)) the PLmodel correctionConductors are initiallynodeled with thecomplete modeling
rate of 75.8% Modeling errors which consistf 9.9% for partial modeling, 13.8% for over
modeling, and 0.5% for udetectionalso occur.The modeling errors are mostly subject to the
low point density with a wide range of average point distance on PLs from 0.35 nntoNcte
thatthe PMG approach proposed in the previous chapter reqppsximatelyl pts/nf point
density for the estimation of PL model parameters. In the casehiefdswires the complete
modeling rate is relatively low witB7.9%due to the wider @nt distance in range [0.53, 1.44]
than the one of conductorBhe reason is that thaisld wiresare thinner than conductors, so that
the probability of hitting a laser pulse to PLs decreasesge modeling errors thus happen with
22.7% for partial moeling, 9.6% for over modeling, and 29.8% for-dtection. After
performing the PL model rectification, most of conductors and shield wires are completely
generated, resulting in the success rate of 99.4% andX€eptfor the undetection rate of 0.6%
and 29.8%, respectivelyFigure 5.14illustrates final result of the proposed approach for the
BD302 PL corridor aredach span is composed of three conductors and one shield wire and their

PL models are continuously connected one another byotinesponaohg POAs
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Table 5.5 Resuls of the 3D PL modelreconstruction (a) before and (b) after the rectification of

incompletePL models in the BD302 PL corridor area

(a) PL modelreconstruction

Total Complete Partial Under Over Un-
Modeling Modeling Modeling Modeling Detection
Number | 594 450 59 0 82 3
Conductor
Rate(%) 75.8 9.9 0 13.8 0.5
_ _ Number | 198 75 45 0 19 59
Shield Wiregj
Rate(%) 37.9 22.7 0 9.6 29.8
(b) PL modelrectification
Number | 594 591 0 0 0 3
Conductor
Rate (%) 994 0 0 0 0.6
) ) Number | 198 139 0 0 0 59
Shield Wire)
Rate (%) 70.2 0 0 0 29.8
Conductors U ‘_:r:_:* _
Shield wire e e I - ’_s.:‘ .
R Eb on
u ~165m
(a)
PL models
®  POAs

(b)



