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ABSTRACT

Unmanned Aerial Vehicles (UAVSequire precise pose estimation whevigating in indoor
and GNS&denied/ GNSSdegradedutdoor environments The poswility of crashing in these
environments is high, as spaces are confined, with many moving obstddlese are many
solutions forlocalizationin GNSSdenied environments, and manyferent technologies are
used. Common solutions involve setting up osing existing infrastructure, such as beacons,
Wi-Fi, or surveyed targets These solutions were avoidedbecause the cost shouloe
proportional to the number of usert the coverage areadeavy and expensiveensorsfor
example a higlend IMU, were also avoided Given these requirements, camerabased
localization solution was selected for the sensor pose estimation. Sewvarakrabased
localization approaches were investigatddap-basedlocalizationmethodswere showrto be
themost efficientbecause they close loops using agxesting map, thus the amount of data and
the amount of time spent ¢etting data are reduced tere is no need to 4@serve the same
areas multiple timesThis dissertation proposes a solution to address theotdaky localizing

a monocular camera onboard a UAV with respect to a known environment (i.e., it is assumed
that a 3D model of the environment is available) far plarpose of navigation for UAVS in

structured environments.

Incremental majbased locakiation involvegrackinga map through an image sequence. When

the map is a 3D model, this task is referrecasomodebased tracking. A bproduct of the

tracker is the relative 3D poggosition and orientatiorf)etween the camera and the object being
tracked. Statef-the-art solutionsadvocatethat tracking geometry is more robust than tracking
image texture because edges are more invariant to changes in object appearance and lighting.
However, modelbased trackers have been limited to trackingllssimple objects in small
environments An assessment was performedracking largermore complex building models,

in larger environments.A stateof-the art modebased tracker called VISP (Visual Servoing
Platform) was applieth tracking outdoorad i ndoor bui | di fa@sscamesm.i ng a
The assessment revealed weaknesses at large scales. Specifically, ViSRharienlacking

was lost, and needed to be manuallynigalized. Failureoccurred when there was a lack of

model featuresnn t he cameradés field of vi evxperimentt becal



revealed that VISP achieved positional accuracies similar to single point positioning solutions
obtained from singldérequency (L1) GPS observationsstandard deviations aroud® metres.

These errors were considered to be large, considering the geometric accuracy of the 3D model
used in the experiments was 10 to 40 cm. The first contribution of this dissertation proposes to
increase the performance of the localization systgmcombining VISP with magpuilding
incremental localization, also referred to as simultaneous localization and mapping (SLAM).
Experimental results in both indoor and outdoor environments shownstrb positional
accuracies were achieved, while reducihg number of tracking losses throughout the image
sequence. It is shown that by integrating mdmbeded tracking with SLAMnpot only does

SLAM improve model tracking performance, buthe modelbased tracker alleviates the
computational expense & L A Midap closingprocedure to improveuntime performance.
Experiments also revealed that VISP was unable to handle occlusions when a complete 3D
building model was used, resulting in large errors in its pose estimates. The second contribution
of this dissetation is a novel mapased incremental localization algorithm that improves
tracking performance, and increases pose estimation accuracies from \i8Rové&lty of this
algorithm is theimplemenation of an efficient matching process that identifiesresponding

linearf eat ures from t he UAarfgesonplexBand umextudd moadl.a an d
The proposed modélased tracker improved positional accuracies from 10 m (obtained with
ViSP) to 46 cm in outdoor environments, and improved fromrattainable result using VISP

to 2 cm positional accuracies in large indoor environments.

The main disadvantage of aimcrementalalgorithm is that it requires the camera pose of the
first frame Initializationis oftena manual processrlhe third cotribution of this dissertation is

a mapbased absolute localization algorithm thatomatically estimagthe camera pose when
no prior pose information is availableThe method benefits from vertical line matching to
accomplish a registration procedusé the reference model views with a set of initial input
images via geometric hashing. Results demonstrate thahsubpositional accuraciesere
achieved and a proposed enhancernoénbnventionageometric hashim produced more correct
matches 75% of the correct matchesese identified, compared to 11%. Furtiiee number of

incorrect matches was reduced by 80%.
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CONVENTIONS

Vectors. Vectors are shown using bold lowercase letters and symbols. Position vectors,
i ndi canded hlawed a s uper sc e supetscrigindidatesthe soordingate r i pt .
frame of the vector. The subscript specifies

The starting point of the vector is not shown if it is the origin of the coordinate frame in which

the vector isn. Forexampler;,i s t he vector from pointababd to

is the origin ggidrief ibed HhHaimeqgs hthiedodofr adme.

Matrices: Matrices are shown using ugpase letters and symbols. Rotation matrices between
coordinate sysRde msh,aviendai csautpeedr shcyr iopt and a suct

the coordinate system before the rotation, and the superscript indicates the coordinate system

after he rotation. ForexampldR?i s t he rotation matrix that ro

t h e franh &The rotation matricé®, , R, , andR, indicate rotations about the x, and z

axes, respectively.
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DEFINITION OF TERMS

I n his chapter prevalent technical terms fo
for technical terms frequently used in the fieldnafvigation In the literature, the prosse of
determining a location is described by a number of different technical terms with slightly
different meanings The following definitions primarily reflect their usage in this work and

might be definedlghtly differently elsewhere.

Positioning
Pasitioning is the general term for determination of a position of an object or a peltsan

particularly used to emphasize that the target object has been moved to a new location.

Tracking

The process of repeated positioning of a moving object opperger time is called tracking
Object trackingis also referred toas target tracking, path tracking, location tracking, mobile
tracking, deice tracking or asset trackingrarticular to this work izideo tracking (alsalenoted
asvisualZ optical, plotogrammetric, fiducial mark&or image feature tracking)Video tracking

involves digital cameras and recognition of target dbjetconsecutive video frames.

Absolute and relative position

A distinction must be made between absolute and relativiegmss Absolutepositionrefers to

a global or large area reference grid with its realization in the form of markers, landmarks or
GNSS satellites Absolute coordinate positions referdalobal reference systemin contrast,
relative positions depermh a local frame of reference, e.goordinates within a small coverage

area are given in delta positions to a local realization of reference.

Localization

Localization is the problem of estimating the pdpesition and orientationdf the sensor
relative to a map. Typically, one distinguishes between pose trackimigere the initial pose is
known, global localization, in which no a priori knowledge about the starting position is,given

and relocalization, where the pose estimate is incorrect or asking is lost and recovered

XXili
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Geolocation
Geolocation is used for locating interfEinnected devices where the determined location is

descriptive or context based rather than a set of geographic coordinates.

Navigation

Navigation comprises 1) determination of position, spaadattitudeof a subject or object, 2)
finding of the optinal path (in the sense of the fastest, shortest, or cheapest route) from a start to
an end location, and 3) guidance along a given path and control of the difference between the

current position and the planned path.
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1 INTRODUCTION

Commercialunmanned ael vehicles (UAW) are presently used for numerous applications.
Aerial photography and video applicationsaccount for 34% of usagewith construction,
industrial, and real estate applicatidraling as the second largg$tAA, 2017). Commercial

UAVs typically carry cameras to capture aerial footage. That aerial footage typically includes

weddings, sports, and outdoor family activitiegy(rel.1).

Insurance 5
Emergency Management a
Agriculture 21
Construction, Industrial... 26
Real Estate el
Aerial Photography 34
0 10 20 30 40

Percent

Figurel.1. Applications of commercial small UAFAA, 2017).

1.1 Current state of UAV navigation

Figurel1l.2 shows that & of April 2016, DJI has 38 of the UAV market share in North America

of U.S. 3D Roboticscomes in second place with 786 share, trailedby Yuneec(Skylogic
Research2016). The UAVs sold by the companieksted in Figure 1.2 are equipped with
similar systems that are used to help the pilot keep the aircraft stable, and allow the aircraft to
aubmatically navigate GPS waypoints. These systems are called flight controllers and

autopilots, respectivelyTablel1.1 provides a list of common flight controllers and autopilots.

An autopilot is a complete system that enalalddAV to navigate waypoints or return to home
(RTH) for example A flight controller is the system that keeps the UAV stable. Different
systems have been developed for different types of flying. Namely, there are three different
types of flying: 1) FPV(first person view) racing and freestyle, 2) aerial photography and



videography, and 3) autonomous missiongight controllers and autopilots are designed to
perform well at one specific flight styleThe flight controllerusesthe sensor datt caculate

the commands to send tee UAV in order for it to fly. Flight controllers are used for flight
stabilization in the first two types of flying, namely FPV racing and aerial photography, where a
pilot is always in control of the UAV. Autopilots are tgplly used in autonomous missions

such as surveillance, inspection, and magpi

n=647

m DJI

® 3D Robotics
Yuneec

® Blade

® Parrot

m Event 38

® Hubsan

m FreeFly Systems

®m Syma

m Custom
Others (<2%)

Source: Skylogic Research

Figurel.2. UAVs registered by the FAA in 2@81(Skylogic Researc2016)

Flight controllers for racing or freestylmr examplethe Flyduino KISS and the Lumenier LUX,

are designed to recover from very fast roll rates, hold any angle, and beifegble The cost

of these systems is low because they break frequent collisions Flight controllers designed

for aerid photography and videsuch asthe DJI NAZAM V2 and DJI A3, produce clear
images and smooth videoThe flight characteristics are smooth and the control stick rates are
slow, resulting in slowmanoeuvrability Autonomous flying allows the pilot to flg UAV

without havingto touch any of the controls An autopilot usedor autonomous flying has
features like automatic tal@df and landing, waypoint flying and data telemetryHight
controllersand autopilotsvith opensource firmware allow users tadandimprove features.

DJI 6s NAZA f1light cthancarmat bel neodifed imhanwveay Hy itsrusersa r e



Alternatively, the 3R Pixhawk from 3D Robotics is an autopildesigned specifically for

Autonomous flying. The firmware is opaoure, allowing the user to add features.

A typical autopilot consists of a processor, a power module, a data logging unit, R/C (remote
control) inputs and outputs, telemetry amground station, a sensor suite, and software (PID
controller, sensor driverspavigation system, etc.). The sensor suite can consist of any
combination of the following sensors: a GBSISSmodule, an IMU (inertial measurement unit)
consisting of a triad of accelerometers and gyroscopes, a compass (magnetometer), an optical

cameraa barometer, an airspeed sensor, a distancersansioan optical flow sensor.

Tablel.1. Common autopilots and fight controllers.

Autopilot/Flight controller Flying type Price
Flyduino KISS(kiss.flyduiro.net) Racing or freestyle US$45
Lumenier LUX(lumenier.com/products/flight

controllerg Racing or freestyle US$40
DJI NAZA-M V2 (dji.com/nazam-v2) General use or photography | US$300
DJI A3 (dji.com/a3 Professional photography | US$900
3DR PixHawk(pixhawk.org/modules/pixhawk | DIY and autonomous US$204

1.2 Problem statement

Figure 1.2 showsthatthe majority 84%) of commercialUAV usage in the United States is for
photography and video applications, typicalty fveddings, sports, and outdoor activities. The
need for precise and reliable navigation is increased in these populated urban environments,
where the possibility of crashing is high, as UAVs fly at low altitudes among buildings, avoid
obstacles, and perm sharp manoeuvres This need further increasem GNSSdenied
environments, and in den&&NSSsignal multipath environments such as indoors and in urban
canyons. In these environments, the positioning accuracy providedGHSS degrades
significantly because of cycle slips, signal blockage and multipath, and poor satellite geometry
(HofmanrWellenhof et al., 2001).



Regarding attitude estimation, errors are propagated from gyroscope, accelerometer, and
magnetometer measurements. The attitude solgbotains systematic errors, such as biases

and scaling errors, and magnetometer soft iron and hard iron errors, which are due to nearby
magnetic fields from permanent magnets, electric currents, or large iron .bodegzorted
attitudeaccuracies of loveost MEMS sensors are 0.0® 5°. Notably, the accuracy of these
sensors is dependent on temperature, and the accuracy decreases as the tilt angle increases.
However, this error is limited since the roll and pitch for stabiligk®Vs are not likely to

exeeed +20°. The second limitation is that the magnetometer operates at a lower sampling
interval than the IMU, so the azimutipdates ardessfrequent Lastly, the attitude can be
determined only i f the-thp dceeterfornetenbdesve grawityalone.t y i s
More accurate and reliable attitude estimation may be required when navigating in dense urban

environments in order to reliably avoid obstacesd navigate waypoints

In the most reent developments to address thisseies, industry leadeDJI revealed its Vision
Positioning System (VPS) in 201 VPS is a technology that helps a quadcopter UAV hover
while flying indoors without a&GNSSsignal By usingdual downwarefacing cameras and dual
ultrasonic distance sensdhge systentan scan the ground beldwp to 10 metresand helps the

drone hold its psition while inside a building.This technology is targeted for filming indoors,
where the user controls the camera and while the drone hovers on it legvapecifications for

DJI 6s top selling drones, providedin Pdblaeln?2t Although and
these UAVs can precisely hover in one locationGNSSdenied environments, the effective
range ofthe VPS is limited 2.5 metres for the Inspire 1 &rl0 metres for the Phantom 4).

However there isstill no capability to fly autonomously withoGNSS

Maut z6s 2012 Jdactbral)ldisser@attompmvides (apdetailéd list obcalization
technologies designedor GNSSlimited and GNSSdenied environments, along with
applications, and each with technical and user requirements. Further, a description of
technologies and meag i ng pri nci pl es li@ratere review sonchlides that Ma u
current solutios cannot cope with the performance level that significant applications require.
Apart from insufficiency in position accuracy, coverage and availability, the need for extensive

infrastructure deployment and maintenance is the main reason why systememialgons are



not sufficiently economical A good fraction of research approaches are also missing appealing
usability to enablewidd c al e consumer adopti on. Mi crosoft
2016 concluded wit h: rai@doa localizdtien tethaaotogies have bgema r s
proposed and experimented by both academia and industry, but we have yet to see large scale
depl oymentso (Microsoft, 2016).

1.3 Researchmotivation

According to Mautz (2012), film and photography is categorizedler mass market
applications Other mass market applications include pedestrian navigation, robot navigation,
augmented reality, and other locatibased servicesFigure 1.3 provides common applications

alongwith their accuacy and coverage requirements.

Tablel.2. Comparing the DJI Phanto4 and the Inspire 1 (DJI, 20117

DJI Inspire 1 DJI Phantom 4

Price US$2900 US$1400

Number of rotors 4 4

Applications Film and Photography Film and Photography

Maximum flight time 18 minutes 28 minutes

Still camera resolution 12 megapixels 12 megapixels

Weight 2935 grams 1380 grams

Payload capacity 1700 grams 462 grams

Maximum speed 22 m/s 20 m/s

Maximum flying alttude 4500 metre 6000 metre

Battery capacity 4500 mAh 5350 mAh

Battery weight 570 grams 462 grams

Battery type Lithium polymer 6S (22V)| Lithium polymer 4S (15.2V)

Vision positioning maximum | 5 metres 10 metrs

altitude

Vision positioning maximum | 2.5 metrs 10 metres

range

Vision positioning maximum | 8 m/s 10 m/s

velocity

Vertical hovering accuracy | +/-0.5m +/- 0.1 m (when Vision
Positioning is active) or +0.5 m.

Horizontal hovering accuracy| +/-2.5 m +/- 0.3 m (when Vision
Positioning is active) ot/-1.5 m.
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Figurel.3. Overview of user requirements in terms of accuracy and coverage (Mautz, 2012).

The general user requirements for massketlocalization have been provided by Wirola et al.
(2010 Mass market applications for navigation BNSSIlimited and GNSSdenied
environments require the use of standard devices without supplementary physical components

Further requirements include:

Horizontal accuracy of about 1 metre.
Update rate of 1 Hz

No perceivable latency.

Scalable without loss of accuracy.
Functional within all types of buildings.
Stability against environmental changes.
No coverage gaps.

Greater than 99 % availability.

Moderate costs (s&ip, per user device, per room, maintemarand training).

=4 =/ =4 4 A4 A4 -4 -5 -2 -

No or little infrastructure (e.gmarkers, passive tags, active beacons).



Mautz (2012) advocates that solutions not requiring a fixed infrastructure should be preferred.
The monetary cost should be proportional to the number of us¢hngr than to the coverage
area Further, the environment is constantly changing as new structures, modules and
equipment, furniture are installed@hese environmental changes introdadelitional challenges

to all fingerprinting techniquese., thosethat are based on comparing the properties of magnetic

field, radio signal propagation, soundscape or other signals to a predefined map of such signals.

The objective of thisdissertatiorareto 1) improve thdocalizationaccuracy for UAVdlying in
GNSSlimited environments, and 2) providelacalizationsolution for UAVsflying in GNSS
denied environments. THecalizationsolution will enableautomaticway-point navigation in
GNSSlimited and GNSSdenied environmentand satisfy the mass marketquaements
specified by Wirola et al. (2010)Thelocalizationsolutionmay also be used to provide pilots
with the telemetry data required for beyond visual line of sight (BVLOS) UAV flighGNISS

denied environments.

1.4 Research contributions

Among thesolutions presentely Mautz (2012) the general consensus is that canrbesed
indoor localization solutions have the most potential to serve the mass market.-castw
cameras achieve accura@véls between tens of micrometres and decimetidse coveage
areas of th systems reviewed range fronm# to large room sizes, but can be scaled arbitrarily
High update rates of typically more than 10 Hz allow for kinematic applications such as

precisiohavigation, reatime mapping and pose estimation.

Chapter 4 explores the multitude of approachesto camerebased localization Mapless
localization using optical flow to produce visual odometry for example, is subject to drift. But
this drift is eliminated usig mapbuilding techniques like visual SLAMas it distributes this
error using loop closures, this task is however computationally expendiap-based methods
are moreefficient because they close loops using agxiing map, thus the amount of datada

the amount of time spent collecting dat@reduced because there is no need {observe the

same areas multiple timeslowever, @ s pi t e bei ng 1 n devmaphagede nt



localizationtechniques have only been applied to ussntpll and simplemaps in small and
uncluttered environmentd gdhdenoja et al., 2015 This dissertation first assess#sstateof-
the-art mapbasedlocalizationtechniques in larger environments, using larger, more complex
maps. Specificallythe stateof-the-art mapbasedincrementallocalizationis appliedin two

scenarios

1) UAV navigationin GNSSdenied outdoor environments usiagyeoreferenced 3D building
model.

2) UAV navigationin indoor environments usirggeoreferenced 3ibdoorbuilding model.

In bothsituations, thdocalizationsolution outputd he camer adés pose for ea
respect to the 3D model 6s geor ef eoffteenreseltd coor
revealedhe shortcoming®f the stée-of-the-artin mapbasedocalization which explained why
the maps usednd the working environmentsin previousliterature were limited in size and

complexity.

Thefirst contribution of this work isin incremental localization solution that combinesmap-

basedand map-building localization. This solution leverages the complementary nature of the

two localization techniques to obtain improved performance in termgaxe accuracy and

trackingmaintenance

The secondcontribution of this work i« map-based incrementallocalization algorithm that

overcomes thaleficienciesof the stateof-theart The experimest demonstratédwo novel

applications:

1) A UAV localizationtechnology for bridgingsNSSgaps and aiding other navigation sensors
(GNSSINS) in outdoor environments
2) A building-scak indoorlocalization solutiorfor UAVS.

Lahdenoja et al. (2015) identified that the initialization and recovery phaenapbased

incrementallocalization techniquesis often done manually. However, when this process is



automated viamapbased absolue localization methods, also referred to dasackingby-
detection either fiducials (e.gl andmar ks or mar kers) or thtdhe o0b]

contribution of this work i2_map-based absolutdocalization algorithm_that is based purely

on nadural geometric featuresusing geometric features (i.e., point, linpslygons, etc.) is more
robust solution than textwigased features (i,eSIFT (Lowe, 2004), SURF (Bay et al., 2008),
etc.) becauseshadows, changing illuminationorditions, changig colaurs, etc, have less
influence onlocalizationperformance Further, by using natural features (e.tines present in
the environment) there is no need to install and maiméiastructure otargets throughout the
environment.The experimerst cemonstratehe application of mapasedabsolutdocalization in

both indoor and outdoor environments

1.5 Dissertation outline

Chapter2 details the geometric modalsed in this work. Additionally, theoordinate systems
are defined. Chapter3 explains the fundamentals of UAV navigation, specifically detail is
provided about the autopilot technologies that are used on most@o UAV platforms. The
focus is on thesensors and software used to process the sensor datavide a navigation
solution. Chager 4 provides an overview of camebasedlocalizationsolutions that may be
used to increase the accuracy aedormanceof UAV localizationin GNSSlimited andGNSS

denied environments.

Chapters presents the first contribution of thdgssertation An incrementalocalizationsolution
is proposed that combines mbased ad mapbuilding localizationtechniques. The chapter
first introduces the statef-the-art in mapbasedlocalization then magbuilding localization
The chaptethen demonstratdsow these twdocalizationtechniques are complementary dhd

performane of the integrated solution is superior

Chapter6 presents the second contribution of thiissertation A mapbased incremental
localizationalgorithmis proposed. The results demonstrate an improvement over the-gtate

the-art in terms otLamergpose estimation accuracy in both outdoor and indoor environments.



Chapter7 provides the third contribution of thdissertabn. A mapbased absolut®calization
algorithmis presented. This solution is usedatdomaticallyinitialize mapbasedincremental
localization methods. Initialization is often done manually,ub when it has been automated,
targets and textusbasednatural features have been used. The proposed algorithm is based on
matchingnatural geometric features, specificallgrtical lines appearing in the environment.
The results demonstrate the advantage of geometric features over targets anebdsgtlire
features in terms of robustness in changing environmental conditions (e.g., lighting and
shadows), cosbf preparation and maintenanceqnally, Chapter8 provides a summary of

conclusions an@ proposeguture work.
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2 COORDINATE SYSTEMS AND GEOMETRIC
MODELS

This chapter details the coordinate systems, geometric models, and convémtagkout this
dissertation Traditional photogrammetry camonly uses two coordinate systems, one in the
camera frame and the other in object space or mapping framihird coordinate systerns
requiredfor the navigation system, referred to as the bodgasigation, coordinate system.

2.1 Object coordinate ystem

The objectspace, or mapping coordinate systesngefined in the locdevel (LL) frame, also
known as the NorttastDown (NED) or locaitangent frame. This is a rightinded coordinate
system with an origin at some position within tleerse, defied in the EarttCented-Earth
Fixed (ECEF) geodetic codinate system The X and Y axegoint along the North and East
directions respectively, and form a plane tangent to the surface WdHd Geodetic System
1984 WGS8) Earth ellipsoid The Zaxis is normal to the ellipsoid, completing the right
handed system, as illustrated-igure2.1.

ZECEF

North

-
-

YECEF

xECEF

Figure2.1. ECEF and local level coordinate systems
Several geodet transformations are commonly usedUAV navigation Positioning provided
by GNSSis usually given in latitude, longitude and height above the ellipsoid. To convert these
values to the locdevel frame, it is first necessary to express @MSS posiion in ECEF

coordinates using:
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2.1)

e 2
Xog g(N +h, )cos¢,)cos( , )]
gYP 3 = é(N +h )cos(P)sm(/ )u
Z N e 3 u
eZ-H é @'\E+h 8SIn(f ) U
6 ¢ v

where (f,,/,,h,) are the geodetic coordinates (latitutbegitude, height) of poinP. N is the
called the Normal, whicfs the radius of curvature of the prime vertjedpressed as
(2.2)

a

J1- €sin’(f,)

N =

The WGS84 ellipsoid parameters are giueable2.1.

Table2.1. WGS84 ellipsoid paragters (NIMA, 2000

Parameter

Notation

Value

Semtimajor axis

a

6378137.000 m

Semiminor axis

b

6356752.314245 n

Eccentricity

e

1/298.257223563

The ECEF coordinaseare then converted to lodalvel north-eastdown (NED)coordinates by

rigid body transformation:

(2.3)
éN gLL eX XOﬂECEF
gEPH = RII;IEZEFgY Yo 3
€D: 8Z,- Z,
(2.4)
. N e— sin(f,)cos(,) - sin(f,)sin(/,) cosf,) @
5 ¢
Rier =Ruo - PR (1)=¢ -sin() cos(,) o U

@- cosf,)cos(,) - cosf,)sin(/,) - sin(f,)H
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where R, is the rotation matrix relating the ECEF frame to the keaél frame,and (Xo,

Yo, Zo)E°FFis the originof the locallevel frame,defined in ECEF coordinates\otably, in this
dissertationthe X, Y, and Z axes ararranged to the form the righdndedNED coordinate
systeminstead of the eastorth-up (ENU) system. The NED convention is more prevalent in
research, especially in aerial applications, where down is defined as positive because in an aerial
survey mosobjects of interest are below the mapping sensarther, the NEDaxes coincide

with the vehiclefixed roll-pitch-yaw axes when the vehicle is level and pointing north.

A common alternative uses a conformal mapping projection such as Universal Tsansve
Mercator (UTM) for the object space coordinate system to reduce the computation cost of
generating output magkegat, 2006).However, the curvature of the earth and the vertical relief

of the terrain introduce erminto the solution Ressl, 2002) To avoid this complication, the
geometry is reconstructed in a lo¢tavel coordimte system defined at the centfethe scene,

and subsequently transforming to a mapping projection using geodetic metBkd®ud and

Legat (2007), Legat (2006), and Re&002) examin®f the problems associated with using a
conformal mapping projection. In general, these effects are minimal over small land areas when

the terrain is essentially at sea level.

2.2 Body coordinate ystem

The body(b), or navigation, coordate system is defined by the body frame composed of the
sensing axes of the IMU This system is idealized in the sense that the accelerometer and
gyroscope triads are not perfectly aligned in space and are nobtthbgonal (Schwarz and

Wei, 2000) The origin is defined at the convergence of these axes, and is illustrakeguire

2.2. The origin is denoted in the object spacerfy= [Xb Y, Zb]T.
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Figure2.2. IMU body frame

Two righthanded axiglefinitions are common in navigation; one with thexds down and the
X-axis to the front of thelevice (Titterton and Weston, 1997), and the other with th&iZ up
and the Yaxis directed forward (Swarand Wei, 2000). Iboth cases, orientations about the
longitudinal, transversal, and vertical axes are defined using,r9Jl ditch (¢), and yaw § )
angles, respectively. As it is more iritueé to have the roll about th¥-axis, the former

convention was chosen, as seehigure2.3.

Figure2.3. Axial orientationin the body frame
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The equivalent dection cosine matrix (DCM) is given by:

(2.5)
Ry =R (FR,(@)R,()
where
(2.6)
& 0 0
R,()=Q codj) sinfj);
@ -sinj) cod/ )y
2.7)
&odg) 0 -sin(g)e
R()=¢ 0 1 0
sinfg) 0 codo)
(2.8)
ecody) sinfy) Og
R,(v)=g sinly) cody) 0
g 0 0 1y
Equation(2.5) becomes:
(2.9)
e cos@)cosy ) cos@)sin(y ) -sin(@) o

RY, :gsin(f)sin(q) cosy ) - cosf)sin() sin(f)sin(g)sin(/ ) +cos()cosy ) sin(f)cos@)g
gcos()sin(g) cosf ) +sin(f)sinf/) cosf)sin(@)sin( ) - sin(f)cosg) cosf)cos@)y

It should be notethat although the axes of the lodavel frame used as the mapping frame are
assumed to be exactly parallel and have the same direction as the axes of flegdbbame
defined bya levelIMU pointing north this situation is never the casen{ess tle origins of the

two exactly coincidgbecause different points on the ellipsoid will have different normal vectors
and different directions to North. Fortunately, the error from this misalignment is negligible and
can be ignored when the two origins aftese. However, this error can be significant if the

survey area is large, in this case the ldeaél mapping frame should not be used, alternatively
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multiple locatlevel frames could be used in order to keep the origins of the mapping and body

frames vithin acceptable proximity.

2.3 Cameracoordinate system

The cameracoordinate system igght-handedand defined with anorigin at the perspective

centreof the camera The X and Y axes define a plane parallel to the imaging sensor and
correspond to theghtward and upward directions, respectiveifpen holding the camera as if

taking a picture The Zaxis of the image coordinate system completes the-higihd coordinate

system and extends positively in the direction of the photogragimer intersectio of the Zaxis

of the imaging coordinate system (the O&6optice
principal point To avoid the complication of dealing with an inverted image, the image sensor is
virtually | oc perspecite@eaentne, ak seenriigude2.4 fThe pdsitorvector of

the perspective centd the camera in the object space is defias rcM :[XC Y, ZC]T and a
position vector for any feature in the object spapejnt P, is r/' =[XP Yy ZP]T,
corresponding to a feature in the camera franjes [xp Y, - f]T, wheref is the calibrated

focal length,which is the distance from the rear nodal point of the lens to the principal. point,
Notably, image points ameasured in the image (i) frame, where the origin is the top left corner

of the image and the wunits are in pixels. T
column (c) and row (r), respectively. Image measurements are transformed from the image
coordinate system to the camera coordinate system using:

(2.10

where (@, 0,) are the pixel coordinates of the principal poin§, &) are the effective pixel

horizontal and vertal dimensions.

Theorientations of the image coordinate system watpect to the object coordinate system can

be defined equivalently by Euler angles, DCM, or quaternions (Kuipers,.1988)convention
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commonly used in photogrammetry is the ompbiakappa, where the rotations are expressed
using Euler angles and computed using a DCM. Thus, the rotation matrix from the object
coordinate system to the camera coordinate system is denofefj bgind is given by:
(2.11)
RS, =R, (KR, (R, (W)

Using the rotation matrices from Equati@@6) to Equation(2.8), the rotation matrix becomes:
(2.12
(‘?cosé‘ )cosk)  sin(w)sin(f) cosk) + cos@)sintk) - cosfr)sin(f) cosk) +sin(w) sin(k)g
R}, = g- cosf)sin(k) - sin(w)sin(f)sin(k) +cos{) cosk) cos)sin(f)sin(k) + sin(w) cosk) ﬂ
g sin(f) - sin(w) cosf) cosv) cos() g

2.4 Camera geometry

The camera geometry is described by a perspective projective trarnsorveolf and Dewitt,
2000). The model, shown ifrigure2.4, assumes the camera is anaideinhole cameraith an
infinitesimally small lens. A single ray of light from every visible point in the object space

passes through the lens, onto the image plane.

Image frame _
(i-frame) X!

Mapping frame
(M-frame)

Figure2.4. The central perspectiyaojection
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In this model, a seveparameter conformal transformation relates mapping coordinates

(XP,YP,ZP)M with its camera coordinate(xp, Yor f)C, as giverby:

(213)
N C < M
&, o X, - X0
e u _ e u
&You = MugYe- Yoy
& fH gzP - Zc H

where m is the scale between the mapping frame and camera foanpeint P, and R}, is the

rotation matrix between the mapping frame and the camera frame as giZqnaition(2.11).
Rearranging the thirdquation in(2.13):
(2.149)
- f

m=
rSl(XP B xc)+r32(YP B Yc)+r33(ZP - Zc)

Substituting this into the first and secosguations of Equatiof2.13) yields:

(2.15)
X =-f i (Xp - Xo) +1,(Ye - Yo) +15(Zp - Z,)
P rSl(XP - xc) +r32(YP - Yc) + r33(ZP - Zc)
f r21(XP B Xc) +r22(YP B Yc) + f23(Zp B Zc)
r31(XP - Xc) + r32(YP - Yc) + rss(zp - Zc)

Yp =+

These equations assume that an object point, the corresponding mnaigamd the perspective
centreof the camera are collinear, hertbey are termed the collinearity equations. In reality,

the pinhole lens is replaced by a compound lens system to reduce the exposure time of the film
or CCD chip. Due to manufacturing imperfections, the lenses cause distortions and the image
plane is rither perfectly flat nor perpendicular to the optical axis. Fortunately, these deviations
can be modelled through geometric camera calibration. Accurately determining the values for
these parameters is important because they affect the object coaadihptents derived from

the images.
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2.4.1Interior orientation parameters

The camerads interior orientation parameters
offsets (%, Yo), and the lens distortion parameters of the camera. The principabffsets are

the physical offsets between the geometric centre of the sensor and the optical axis of the lens
(Clarke et al., 1998) They are used to translate image points from the image coordinate system

to the camera coordinate system. Radial lgistortion is the result of imperfections in the
grinding of the cameréenses This distortion is common and issually the largest source of

error among the image coordinate dependent errors fomedrnc cameras (Wackrow, 2008).

The two types of radi lensdistortion are commonly known as barrel and pincushion distortion,

as seen ifrigure2.5.

Figure2.5: Types of radial lens distortioBarrd distortion (left), pincushion disrtion (right)
(Ellum, 2002.

Typically, radial lens distortiont is modelled with a Seidel (oelatdered polynomial) series
truncatedat the secad or third term (Fraser, 1997)

(2.16)
o =%
r
_d
Wr =y—
r
a =kr®+Kr®+kr’ +...
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where k are the coefficients of radial distortiog and yare the distances from the principal

point, calculated ax=X- X,andy=Y- Y., respectively Notably, the radialens distortion
parametershange as the focal length changes.

Decentréng, or tangential, distortion is caused by the misalignment of the axes of the individual

lenses, and when the image plane is not pegpeé c ul ar to the camer ads

1966) Thedistortion effects on the image as illustratedFigure2.6.

mE

Figure2.6. Decentring distortionEllum, 2001).

This distortion is often moded as the Conradgrown model:

2.17)
&, = p,(r? +2x%)+2p,xy

&, = p,(r? +2y%)+2pxy

where pare the decentring distortion parameteighe collinerity equations are extended to
include treinterior orientation and takée form:

(2.18)
X, =X, +a&k- f Ly (Xp - X)) +1,(Ye - Y) +15(Zp - Z,)
i fa(Xp = X))+ 10(Yo - Y.) +15(Zp - Z.)
y. =y +dy- f rzl(xp - Xc) + I’22(YP - Yc) + rzs(zp B Zc)
P M3 (Xp = Xo) +15,(Yp - Vo) +155(Z - Z,)

where the combined lens distortion is expressed as:
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(2.19)
A&k =k, Xr? +k,Xr* +k,xr® + pl(r2 +2>‘<2)+2p2x_y
&=k Jr? +h,yr +koyre + p,(r2 +2y%)+ 2p.xy

2.4.2Exterior orientation parameters

The camera pose, also referred to as exterior orientation parante@®s Ef an image (% Yo,

Z, Y, a, 3) a r e phdtagtarametrigspace desettibrn, whicly requires image
observations oht least threea priori GCPs(ground control points)which arepoints in the
object space with known coordinateEhe resulting EOPs are expressedhi@ same coordinate

system as the GCPs.

Traditionally, GCPswere generally classified as horizontal control (the position of the point in
object space is known with respect to a horizontal datum) or vertical control (the elevation of the
point is knownwith respect to a vertical datum). Separate classifications of horizontal and
vertical control have resulted because of differences in horizontal and vertical datums, and
because of differences in surveying techniques for establishing horizontal awcdl\eatitrol.
However,currentlyboth the horizontal and vertical coordinates of a GCP are often knBam.
accurate resultshé images of GCPs must be sharp, well defined, and positively identified on the
images. They must also be even distributeduthinout the image and located at favourable
locations on the image. Specifically, the images of the control points should ideally form a large
equilateral triangle. A detailed explanationptfotogrammetric spaaesectionis provided in
Section6.5.
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3 FUNDAMENTALS OF UAV NAVIGATION

Autopilots useonboard navigation sensors and kinematic modelling to determine the position
and attitudg(i.e., pose)f the UAV. A proven solution is an integrated navigatgystem that
combinesGlobal Navigation SatelliteyStems (GNSSand an Inertial Measuremedtit (IMU)
(Chatfield, 1997). Additional sensors such as magnetometers are often used to augment the
navigation performance The following chapter explains tiandamentals of UAV navigation,
specifically detall is provided about the autopilot technologies that areamsetbst common

UAV platforms. The chapteotusson the sensors and software used to process the sensor data

to provide a navigation solution.

3.1 Kinematic modelling

Kinematic modelling iIis the determination of
relative toa reference coordinate frame. A rigid body is a body with finite dimensions, which
maintains the property that the relatpesitionsof all its points, defined in a coordinate frame

within the body, remain the same under rotation and translation (Goldstein, FaB@xample,

the Paprazzi (viki.paparazziuav.ong a ut ankmowrostat® sector, given in Equati(il),

includes the position in the mapping frarffe=[X Y Z[, the bodwelocity v* =[u v w[',
the quaternion representation of the attit@fe = [qo q O q3]T, which is the rotation from

the mapping frame tthe body frame, and the gyroscope biaBgs [ng by, ngJT. These

parameters are determined by solving the following system of differential equations.

(3.1)
é#Mﬂ é (Rb)TVb 4]
€p U €, M U
6% q_& +Ryg" - (a ¥v"u
b u é b u
gg?”u ¢ @pen
é% o é 0 ¢

whered xand q ,x are the skew symmetric matrices shown in the following equations:
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(3.2)

(3.3)
20 - - -

Qx=1d8 O & &

o206k -k 0 kU
gk & -& 0y

where@, IEV LE are the angular rate measurements from the gyroscope, corrected for gyroscope
bias using:
(3.4
Sk o o &0
2@322%3' : gys

ey evd .l

To solve the system, the IMU acceleratia@ls and angular rates ”, are needed as well as the

gravity vector g" :[O 0 g]T, where g is 9.81 mfis The quaternion method to represent

attitude is preferred over both Euler angle anddihection cosine methag as it offers accurate
and efficient computation methods without singularities. Kong (2000) desailogditernion
approach of the INS algorithm for leeost IMUs. APPENDIX A provides a description of
guaternims and the transformations between quaternions Euler angles, and the DCM matrix.

Finally, the gyroscope biasés, are included in the state to correct the gyroscope measurements.

Theyare modelled as random constants, an unprediatabteom quantity with a constant value

and covariance (Jekeli, 200
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3.2 Inertial measurement unit (IMU)

The Inertial Measurement Unit (IMU) consists of a triad of accelerometers and a triad of
gyroscopes. Gyroscopes are used to sense angular vedBG'rtLWX W, WZ]T , Which describes

the rotation of the #rame with respect to thefiame, coordinated in thefoame. The-frame is

an inertial reference frame in the Newtonian sense, meaning it is not accelerating nor rotating.
These measurementseaintegrated to provide orientation changes of the body relative to its
initial orientation. Although gyroscopes alone are capable of accurately estimating orientation,
they are prone to bias and random walk errors resulting from the integration diandenoise.
Further, the bias stability of the gyro decreases as its cost decr&aesluctuations caushe
time-dependenattitude and positional errors to increase without bound and quickly exceed the
accuracy specifications for many trajectoryadtmination applications. This is the case with the
low-cost MEMS gyroscope being used, thus an augmentation system is required to measure
attitude and frequently update tHeS state Accelerometers are used to sense specific force

a® = [aX a, aZ]T, which describes the specific force of thdréme relative to the-frame

coordinated in the frame. These measurements are used for two purposes. Firstly, they are
used to estimate driftee roll and pitch in the body frame to aid the gyroscopiitude
Secondly, they are used to derive body accelerations which, after double integration with respect
to time, give position differences relative to an initial position. However, this double integration
of acceleration data will quickly increase thesitional error without bound. Similar to the
attitude, frequent updating from external sources, sudBNSSS is needed to bound the error
growth. The next section describes the augmentation systems for both attitude and positioning

determination.

The most accurate IMUs use Ring Laser Gyroscopes (RLG), however they are the most
expensive. Fibre Optic Gyroscopes (FCQ(B@ often preferrebecause they are less expensive
and offer comparable accuracies. Finally, Micro Electidechanical Systems (MEMS)
gyroscopes are the least expensive; however, their accuraciesoamiitable for many
applications. Widely usedGNSSIMU navigation systems include the Applafi®X-15 UAV
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and AP20 systems Applanix, 2017, which usea MEMS IMU, or the POS LV200 systens
which useanRLG IMU, while IGI TERRAcontrol usea FOGIMU (IGl, 2017).

3.3 Sensor augmentation

The first section describes the position augmentagigstemusedto limit the accelerometer
deri ved posi t.i Toesécendsection describgdie @attitudd augmentation system
used tdimit the gyroscopel er i v e d atgrowth Thk &dinsan fdtering algorithm used

to optimally estimate the navigation solution is then detailed.

3.3.1Position augmentation

As mentioned in the previous sectigmgsition is estimated through doulgegration of the
IMU accelerometer measurements. Dotibtegration of the accelerometer measurement errors
causes the error in position to increase without bound. Position estimates from other sensors are

used to ntigate this drift. The following sections describe viable sensors.

3.3.1.1 Global navigation satellite systems (GNSS)

Global navigation satellite systems (GNSS), including Global Positioning System (GPS),
GLONASS, and Galileo, ar®@utdoor positioning system dh can be used for trajectory
determination GNSS receivers use signals sent by GNSS satellites in orbit around Earth to
estimate the geographic location of a GNSS antemmarder to estimate a GNSS position, the
GNSS receiver should receive data frainleast four satellites, and increasing the number of
satellites will increase the positional accuracy. In addition, the GPS recaiveutput precise

clock signal, 1 pulse per seconds (PP8)at can be used for synchronization of the system

componats.
No other positioning technology offers the same accuracy, long term stability, and flexibility at
the same cost. Consequently, GPS is widely accepted and used throughout the world. However,

GPS is prone to cycle slips, signal blockage, and nailtjpvhich significantly redusethe GPS
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data quality. The accuracy is also subject to environmental conditions, such as poor satellite
geometry, atmospheric effects and sigmalltipath. Themodels that relate the position and
velocity with GPS measurents are well known (HofmarAwellenhof et al., 2001).

The most widely used autopilot$able 1.1) use commerciagjrade single frequency (L1) GPS
receivers. Howeverspecialized hardware, specificalijpatfrequerty, or geodetiggrade GPS

or GNSS receivey may be usedo determine thdJAV position more accurately Many
companies offer such receivers, such as Trimble, Topcon, Leica, and NovAtel. The receiver
operates in differential mode relative to a local bsts¢ion; however, a global DGPS service
such as OmniSTAR or national monitoring networks (such as CORS) are replacing the use of

local base stations.

Ellum and E{Sheimy (2002 list several modes of Retine Kinematic (RTK)GPS operation
that are potamlly applicable to a lowcost UAV, their accuracies are provided Table 3.1.
Precise point positioning (PPP) (Zumberge et al., 1997), an enhaimggel point positioning
technique, is also a viable option base a GPS base station is not required to collect
simultaneous observationsThe accuracy estimates for PPP are providedispath andGao
(2008.

Table3.1. GPS operation modes (10 km baseline)

GPS soluion Position accuracy
Horizontal (2D RMS) | Vertical (RMS)
L1 carrierphase RTK (float ambiguities) 0.18 m 0.25m
L1/L2 carrierphase RTK (fixed ambiguities) 0.03m 0.05m
L1 and L1/L2 postmission kinematic 0.02 m 0.03m
L1 reattime PPP (no base) 050 m 0.70 m
L1/L2 reattime PPP (no base) 0.10 m 0.15m

Duaklfrequency receivers with firmware supporting RGPS are very expensive compared to
singlefrequency receivers However, they have the advantage nofich shorter times for
ambiguity resolution

For the PPP solution, error corrections are broadcasted from globally acting services, like the

International GNSSService [GS, 2017 (GNSS satellite orbits and clocks errors), or regional
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GNSS service providersofiosphereand troposphere delays) toobile PPPenabled receivers

through an Internet link (e,gcellular network). By eliminating the base station, PPP saves time,
resources and data volumes, and does not limit the high accuracy region to a certain area.
However, an initialization time isequired: Less than 5 minutes fod 8m accuracy, 360

minutes for 5cm accuracyand 24 hours to 0.5 cm accura@eepersad and Bisnath, 2013
Coordinate convergengeeriods have been reported to take up to 2 hours. Ambiguity resolution
using undiferenced GPS observations is also an issue because of the presence of code and phase
biases in the ambiguity estimates (Collins et al., 2010).

The L1 carrieiphase Realime Kinematic (RTK) GPS solution is the most applicable option for
low-cost UAV appliations because the hardware is portable and-dost, and it provides the
accurate positioning in reéime, thus ensuring a high quality solution at the image exposure
times. The pseudorange and carplease observations are logged for pussion praessing to
further improve the positional accuracy. With a siFfgigiuency receiver, at least a few minutes
are necessary to obtain a first fixed solutiohakasu (2009)levelopedan opersource RTK

GPS software package called RTKLIB and obtainedleral positioning accuracy from L1
RTK-GPS. For carrierbased relative positioning with a short length baseline (less than 15 km)

between the kinematic rover and static basstation s, Equations(3.5) and (3.6) are the

measurement models for double differenced capiimseF ', and pseudorang®! . In these

s
eguations, satellite and receiver cldakses, and atmospheric effects armglated by through

doubledifferencing.

(35)
Fi=ri+/(B,-Bl)+re
(356)
P=rlve,
37)
ri=lr - riH,r‘S: r,- riH
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where( )” and( ),b represent singldifference between satellitesindj, and receivers ands,

respectively./ is the carrier wavelength,is the geometr range, B is the singledifference
carrierphase float ambiguity between receivesind s for satellitei, and U is the me
error of these observables. The positioning algorithm uses L1 pseudorange aneplcaseer
measurements to solve for the unknown state vector ixi@méed Kalman Filter (EKF)

(3.8)
x=(r7.BT)

(3.9)

—[pl p2 T

BLl - (Brs7 Brs""’Brr:)

wherel, i s the rover antennaos Hmsihe singlaifferencedt he EC
L1 float anbiguities. The positioning accuracy is increased by resolvin§idaecarrierphase

ambiguities into their truenteger values using the wédhown LAMBDA algorithm (Teunissen,

2005), its extension MLAMBDA (Chang et al., 2005) is also used to impr@&vedmputational

efficiency. The integer ambiguities are then used#si mat e t he rover és posi
The combination of the two complementary measuring systems offers a number of advantages.
The IMU provides dense and precise sftertn positional dat, while GPS provides accurate

positioning with longterm stability.

3.3.1.2 Auxiliary sensors

The following sensors may al so be used to aug

system However they are not as widely used, nor as integral as GNiS8rse

Barometer

Since atmospheric pressure decreases as the height above sea level increases, a pressure sensor
can be used to esti mat.eMostliight cotrdliérstakd ieputdrom |, or
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both the pressure sensor and GPS altitudestonate height above sea leveCovering the

barometer with a piece of foam diminishes the pressure changes caused by wind over the sensor.
Airspeed sensor

An airspeed sensor is a type of pressure sensor that measures how fast the movement of the air
passing the aircraft is by calculating the dynamic and static pressure through the pitattiigbe

is commonly used on fixed wing aircraft.
Optical flow sensor

A downward optical flow sensor helps maintain
textured environment.This sensor is used when flying indoors, or in thick tree cover, when it is
not always possible to obtain a reliable GPS signal. Currently optical flow is still an

experimental feature for most UAV autopilots.

3.3.2Attitude augmentation

As mentioned in the previous section, attitude is estimated through integration of the IMU
gyroscope measurements. Integration of the gyroscope measurement errors causes the error in
attitude to increase without bound. Attitude estimates from othsoseare used to mitigate

this drift. The following sections describe viable sensors.

3.3.2.1 Muli -antenna GNSS

Ellum and EI{Sheimy (2002 list possible sensors for attitude determination and provide the
advantages and disadvantages of eadfititude determintion using a GPS mulantenna

system is a viable choice, where three antennas determine the three attitude angles, or two
antennas determine two angles. One drawback to this method is that the accuracy of the attitude
is proportional to the baseline diste between the antennas. Szarmes et al. (1997) stwted

with a sufficient number of GPS satellites and good satellite geometry, &€Gracies in
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attitude are attainable with baselines over half a metre. However, using three antennas is not

suitable for a lowcost, lowweight, portable system.

3.3.2.2 Attitude and heading reference system

A mor e

axis accelerometer to estimate roll and pitch, andaai$8 magnetometeptmeasure magnetic
heading, this is referred to as an Attitude and Heading Reference System (AHRS). Notably, the
magnet omet er 6 s tramdoantd to geognraphsctheading by adding the magnetic

declination at that locationThe value for magnetideclination is freely available from various

sources.

appropriate sol

observations offer better accuratyRCAN, 2017.

ut i

on

n

terms of

Global models are accurate to better tfamut regions with denser magnetic

S

Equation(3.10) is the modkeused by the AHRS to relate attitude, expressed in Euler angles roll

J , pitch g, and yaw , that rotate the local level frame to the IMU body frame, with the

accelerometer and magnetometer meaments (Ozyagcilar, 2011).

where m, my, m, are the magnetometer measurements, an@&aa, are the accelerometer

measurements.
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The attitude from this met hod,

unl

k e

t he

gyr

integration involved; however, there are several limitations. Firstly, error is propagated from the

accelerometer anoh a

gnet omet er measur ement s,

SO

t he

att

attitude(Figure3.1). The solution also contains systematic errors, such as accelerometer biases

and scaling errors, and magnetometdt son and hard iron erroysvhich are due to nearby

magnetic fields from permanent magnets, electric currents, or large iron bodies. Caruso (2000)

gives a general introduction to digital compasses and magnetic disturbariRegorted

accuracies of loveost MEMS sensors are 00® 0.5, with accuracy increasing with the cost of

the sensor. A magnetometer can determine heading with accuracies ufy to@&ver he

magnetometer operates at a lower sampling interval than the IMU, so the azimuthlésga is

dense Notably, the accuracy of these sensors is dependent on temperature, and the accuracy

decreases as the tilt angle increases. However, this error is limited since the roll and pitch for

terrestrial vehicles are not likely to exceel Lastly, the attitude can be determined only if the

pl atfor més

v e th@acdelergmeters observengsavity alane.

The combination of these two complementary measuring systems offers a number of advantages.

The gyroscope providesigh frequeng and precise shoterm attitude data, while the

accelerometer and magnetometer provide-emm stability.
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3.3.30ptimal state estimation

A Kalman filter (Kalman, 1960) is commonly used in navigation applicatiotmsoptimally
estimate the navigation stat®r example,the position, velocity, attitude, and the gyroscope
biases. This filter combines the measuremé&ots the GPSthe IMU, and the magnetometer.
Hasan et al. (2009) presented a comparative study of various Kalman filter configurations
applied to air, land and marine navigation applications. Skaloud (1999) presented and analysed
different Kalman filterimplementations used to estimate the state vector. The vdili@us

configurations are detailed in the following section.

The Kalman filterincludes a system model (also called the dynamic model) that describes how
the state propagates in time, anth@asurement model that expresses the state as a function of

the measurements and updates the state using new measurements. The filter also uses some
initial conditions and probabilistic assumptions for the ssaié observations. In op&ource
autopilds, such as thé&aparazzi Wiki.paparazziuav.ong the system model is based on the
differential navigation equations, together with stochastic error models for the gyroscope biases.
The measurement model relates the measured GPS position and measudedaaiti heading

from the accelerometer amdagnetometemrespectively, to the statdue to the nonlinearity of

system and measuremt models, the weknown EKF (Jazwinski, 19703 implemented under

the assumption that the state behaves as Gauss@omavariables The EKF approximategr

linearizes) the nonlinear functions in the system and measurement models usingradirst

Taylor approximation, and thus transforms the nonlinear system into a linear model, similarly to
what was done inthe pree ous chapteroés | east squares adj

(closedloop estimation) is an optimal recius data processing algorithm

Sensor integration can be done in a looselypled (decentralized) or tightboupled
(centralized) system. Im@a looselycoupled system, processed data from the augmentation
systems are used to improve the performance of thedsivINS. Figure 3.2 shows the data

flow for a looselycoupled system. Each system has all@itar to optimally process sensor
observations and provide solutions that are subsequently combined in a global filter. In this
figure, the local GPS processor generates position and velocity estimates using only GPS

32



observations, the INS processoratstimates the position and velocity from the IMU, the global
filter then uses the GPS position and velocity to calibrate and filter the INS positional errors. In
a similar manner, another local filter processes accelerometer and magnetometer measurement
to provide the attitude solution that corrects the INS attitude errors.

g —- e ——

( Augmentation Systems A Global

Y X Kalman
ES—— T > R

X
'_ﬁ" Local Filter Iy >

Figure3.2. Looselycoupled sensor integration

In the tightlycoupled system, the sensors are integrated into a single sy$terobservations

from all of the sensors, usually complementary in nature, are processed simultaneously and
optimally to enhance the function of individual sensor components. In this case, the global
processor uses GPS observations, such as pseudorahgaraerphase, along with inertial
measurements to estimate the navigation paraméliensr€ 3.3). This filter is more robust than

the looselycoupled solution because the GPS continues to provide measurepuatesu
regardless of whether or not there is a GPS solutishen there is less than four satellites.
However, the centralized filter has a higher computational load and complexity.

Y
INS
- Global

Kalman e

Filter
e —

Figure3.3. Tightly-coupled sensor integration
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It should be nota for completeness, in an uktightly-coupled filter thdMU measurementare
used as external inputs to a GPS filter to aid ingmstioning calculations for faster signal

acquisition and in interferencejection during signal tracking (Ahmed et al., 2009).

3.4 Alternative navigation olutions for GNSSdenied
environments

There are many literature surveys of existing navigation solutiesgyned forGNSSdenied
environments (Mautz, 2012), (Doiphode et.aR016), (Helle et al., 2013), (TorrSwlis et al.,
2010), and (Borenstein et al., 1996kigure 3.4 and Table 3.2 provide a summary othese
navigation systems. Detad descriptions of each measuring principle and technology a
provided in (Mautz, 2012).

3.4.1Interoceptive and exteroceptive measurement sensors

Navigation systems can be divided into two general classes of sensor measurements:
Interoceptive and exterocépg measuremergystems (Foxlin, 2005)Interoceptive systems are

used for dead reckoning. Measurementsnaade without reference to any elements external to

the sensor.This class includes inertial measurements (Jekeli, 2001) and relative displacement
measurements (e.g., from wheel encoders or optical flow sensors (Maye et al., 2006)). Other
sensors that measure rannelude ultrasonic sensors (Mautz and Ochieng, 2007), LIDAR (Light
Detection and Ranging) (Khoshelham, 2018)d RADAR (Radio Detectio and Ranging
(www.symeo.com Laser scannersinear CCD (Charg€oupled 2vice) sensors, and phased
array sensors can be used to measuredonensional bearingngles Imaging sensors, PSD
(Position ®nsitve Device) sensors, quadcelnd pan/tiltservos can be used to measure-two
dimensional bearing angleopplerRADAR (Yokoo et al., 2009) anghasecoherent acoustic
sensors can be ub¢o detect range ratesTDOA (Time Difference of Arival) RF or acoustic
sensors $chweinzer and Syafrudin, 20) can be usg to measure range differences.ctive

source magnetic trackers and electric field track@epps, 2001) cabe used to measure dipole

field components.
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Exteroceptive measurements provide measurements between the sensor and elemeht® extern

it. Within this class, some measurements are r1el
measurements). For example, processed GPS/GNSS signals and altimeters can be used to
measure Cartesian positions and velocitiddagnetic compasses drgyrocompasses can be

used to measure headingslagnetometers and gravitometers can be used to measure fields that

vary by location in the environmentSuch measurements are made with respect to physical

properties of the environment.
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Figure3.4. Overviewof indoor technologies in dependence on accuracy and ceverag

Other sensor measurements are related to pairs of sensors and targets that are fixed to the vehicle
and targets or sensors fixed in thexei r o n memd f  fiemagpe d 0 measur ement
sensors includeameras and microphoneg&xamples of targets include target images (&ar

codes (Mulloni et al., 2009), and retreflective targets (Lee and Song, 2007)) and active
beacons (Atsumi and Sano, 2010)it is not necessary that the sensor be fixed to the vehicle and
targets fixed in the environmentFor example, sensors may also be fixed in the environment

such as tracking cameras fixed in a factory environment that track moveoienghicles
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moving on the factory floor. Tgets may be active or passiv&n example of an active target is

an ultrasound speaker that emits ultrasound signals (Filonenko et al., Z01@xample of a

passive target is a circular marking pasted enctiling of a room, or a natural landmark such as

a corner of a building, or rocks in a terrain.

Table 3.2. Overview of indoor navigation technologiesCoverage refers to ranges of single
nodes (Mautz, 2@).

Typical Typical Typical measuring
Technology accuracy | coverage (m) principle Typical application
Angle measurements fron Metrology, robot
Cameras 0.1mmdm | 1-10 images navigation
Thermal imaging, active | People detection,
Infrared cmm 1-5 beacon tracking
Tactile & polar Mechanical,
systems € mmm 3-2000 interferometry Automotive, metrology
Distances from time of
Sound cm 2-10 arrival Hospitals, tracking
High sensitivity Parallel correlation, Locationbased services
GNSS 10m 60 gl ob a|assistant GPS (LBS)
Pedestrian navigation,
WLAN/WiFi m 20-50 Fingerprinting LBS
Proximity detection,
RFID dmm 1-50 fingerprinting Pedestrian navigation
Body reflection, time of
Ultra-wideband | cmm 1-50 arrival Robotics, automation
GNSS challenged pit
Pseudolites cm-dm 10-1000 Carrier plase ranging mines
Other radio
frequencies m 10-1000 Fingerprinting, proximity | Person tracking
Inertial
navigation 1% 10-100 Dead reckoning Pedestrian navigation
Magnetic
systems mm-cm 1-20 Fingerprinting and rangin¢ Hospitals, mines
Infrastructure Fingerprinting,
systems cmm building capacitance Ambient assisted living
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4 CAMERA -BASED LOCALIZATION

Among thelocalizationsolutionspresented in the previous chaptiéeconsensuss that camera
basedocalizationsolutions have # most potential to serve the mass market. -cost cameras
achieve accuracy levels between tensnafrometres and decimeste The covered areas ofeh
systems reviewed range fromm¥ to large room sizes, but can be scaled arbitraiiligh update
rates of typicadly more than 1(Hz allow for kinematic applications such as precigawigation,

realdime mapping and pose estimation.
DeSouza and Kak (2002escribevisual localizatiorapproaches where a camera is the only or

the main sensor. They catege the literature into three classésgy(re4.1): 1) Mapbased, 2)
map-building, and 3) rapless.

Absolute localization

(Structured) Incremental
Map-Based localization
5 k tracki
Indoor Map-Building Fedmare ki
Mapless Optic flow
Navigation (Unstructured) Appearance based
Object
recognition

Structured
Outdoor<
Unstructured
Figure4.1l. Types of camerbasedocalizationsolutions (DeSouza and Kak002).

4.1 Map-basedlocalization

Map-basedlocalizationassumes a model of the environment is availableese models may
contain different degrees of detail, varying from a com@&eAD model of the environment

to a simple graph of interconnections mterrelationships between the elements in the
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environment. Since the central ided mapbasedlocalization is to provide, directly or
indirectly, a sequence of landmarks expected to be found during navigation, the task of the vision
system is then toesrch and identify the landmarks observed in an ima@ace they are
identified, thesensor pose can be estimated by udimg provided map by matching the
observation (image) against the expectation (landmark description in the databBse)
computatims involved in visiorbased localization can be divided into the following four steps
(Borenstein et al., 1996):

1) Acquire sensory information For visionbasedlocalization this involves acquiring and
digitizing camera images.

2) Detect landmarks Usually this involves extracting edges, smoothing, filtering, and
segmenting regions on the basis of differences in gray levelsy cd&pth, or motion.

3) Establish matches between observationtaedmap In this step, the system tries to identify
the observedandmarks by searching in the database for possible matches according to some
measurement criteria.

4) Calculate camera posénce a match (or a set of matches) is obtained, the system calculate

the camera pose as a function of the observed landmarks arub#igons in the database.

The third step aboeestablishing matches between observation apécatiod is the most
difficult, as e main challengés achievingrealdime capability Often, this steprequires a

search that can usually be constrained by prior knowledge about the landmarks and by any
bounds that can be placed on the uncertainties in thegbdhe sensor The key advantage of

these methods is thatette is no requirement for installation of local infrastructure such as

deployment of sensor beacons or targets whose positions need to be surveyed beforehand.

For the identification of image correspondences the compn#dtioad is particularly high
(Mautz, 2012). Different solutions have been proposed to thee-image matching problem,
Treiber (2010), Chin and Dyer (1986), and Besl and Jain (1985) pravimemprehensive
survey. Map-basedocalizationis divided into three categories: iticrementhlocalization 2)
absolute localization and 3)localization derived from landmarkatking. The following

sections explain each category.
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4.1.1Map-based ncremental localization

In a large number of practical situations, the initial position ofdlmerais known at least
approximately from the previous r ame 6 s caimle e a a p bavigation eysténfer
example In such cases, thecalization algorithm track the uncertainties in thposeas it
traverseshe environmenand, when the uncertdgies exceed a bound, ssts sensors for a new
fix on its pose This problem can be handled by either direahstimatingthe pose or by
estimatingthe displacement from an image to the next. oBy determining correspondences
between the 2D visual feaes and the 3D representation of the object, the 3D rigid
transformation between the camera and the object caoputed Notably, certain factors
may affectthe visual features and trackinmerformanceacross the image sequencdhese
factorscan beillumination changes, background clutter, occlusion of some parts of the object in
theimage, image noise, image blur, eto.order to properhaddresghe problem, several issues
specific to pose estimation by frarbg-frame tracking should be considelr

1 It is assumed thathé camera motioetween successive frame=spressed in the world
coordinate systemis small This assumption permits the application of varidosal
estimation framework&Sectiord.1.1.].

1 Given gior knowledge on the object and its representation, attention has to be paid on the
type of visual features which can be tracked between two successive frames, and on the way
the correspondences between these features and the representation of theanbjext
determinedSection4.1.1.3.

1 The robustness deaturetracking regarding théactors affecting thevisual consistency of

the features frononeimage to the nextSection4.1.1.3.

4.1.1.1 Pose esmation process

Estimating the3D transformation between the camera anchapfrom one image to the next
image can beaccomplished usingwo different approachesa deterministicapproachand a
probabilisticapproach Probabilistic techniqueare thepreferred approach faepresentingand

updating thgposeuncertainties as theameramoves Kalman filters (BatShalom and Li, 1993)
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have been widely used for tracking and pose estimati@Daifigid objects(Kosaka and Kak
(1992), Gennery (1992), Harri§1992), Koller et al. (198), and Yoon et al. (2008)) More
recently, particle filters (Isard and Blake, 1998) have been used for visual 3D tracking (Klein and
Murray (2006), Teuliére et al. (2010), Choi and Christensen (20E2))such methods, a set of
hypotheses on the camera pose is propagated with respect to a dynamic Thedsdse is then
estimated by evaluating the likelihood of the hypotheses in the infaggrministic nonlinear
minimization techniquessuch as Gauddewton or Levenberilarquardt, lave also been
proposed (Lowe (192), Drummondand Cipolla (202), Tamadaztet al.,(2010)). The method
presented byvlarchandand Chaumetté2002), Conportet al. (2@3), andComportet al. (2008
turn the minimization problem into an equivalamual servoing problem by introducing the
Virtual Visual Servoing framework Others have studied a combination of filtegnand
deterministic approache$duliereet al. (2@.0), Choiand Christensen (2@)).

Both deterministic and probabilistic methodave theirstrengths and weaknesselerative
nonlinear techniques such as Gadsswvton or Levenberiylarquardtarefast fequiringonly a

few iterations) and accuratbut need to be initialized properly to avaidnvergence tdocal
minima. Alternatively, Kalman filtering which are also fast, ugemotion modeto predict the

state. The motion modatabilizes the estimation an@ccounts fomoisy measurementsnd
underdetermined systems of equatiom$owever,oversimplifying themotion modelcan esult

in lag errors Further, measurement and state noise parameters need to be properly determined
and tuned Hnally, the considered visual features and observations can be highlyneanwith

respect to the pose parameters, making the computdtibe &xtended Kalman filtaunstable

Particle filters, by representing the state by a set of weighted hypotheses can instead deal with
highly nonlinear problems and more general distributions of both states and observadigns

particle filters may sffer from heavy computational cagiPetit, 2014)

4.1.1.2 Visual features

Whatever the optimization approach, a large set of visual features describing the object and
tracked across successive frarteas been studied, acduld be divided into two categories:

local geometrical features agtbbal templatébased features.
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4.1.1.2.1 Local geometrical features

A commonapproachof 3D object tracking and pose estimation is to rely on edge feafares,
instancebased on the knowledgé the CAD 3D model of the targetedgefeatures offer a good
invariance to illumination changemnd image noiseand are particularly suitable with poorly
textured environments The objective is to estimate the pose that aligns the edge points
generated from the projection of the 3D modelhwtheir corresponding edgeipts extracted

from the image. Various edgéased geometrical features have been proposed to compute the
distancemetric to minimize. An early approach (Brown, 1971fhose the pointo-point
Euclidean distanceAlternatively Wuest and Stricker (200isedperpendicular distansérom

the projected model edge to a corresponding image @€lgare 4.2). Other studies match
geometrical primitives such as straighnes or segments, circles, etdq ocorresponding
primitives extracted in the image-or exampleYoon et al. 008) groupedges extracted in the
image into segments which are matched to the projected lines of the CAD 3D. miuel
matching can be based on the Mahalanobis distance of digraent attributes, such a@se
midpoint the orientation and the length of the segniKotler et al., 1993) Oncematches have
been found, a global error function, computed according to the Malahobnis distance between the

projected segments and the egtea ones is also minimized to retrieve the pose.

Figure4.2. Example of edgdased trackingsing a toy truckWuest and Stricker, 200.7

4.1.1.2.2 Interest point features

Instead of edgexther approaches relpn the detection and tracking or matching of interest
points It relies on matching individualeatures across images These features can be

automatically detected using feeg pointdetection techniques, for instance the popular Harris
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corner detectofHarris and Stephens, 1988)These features caihen be represented by local
patches around the detected poiktatching a point from a frame to a corresponding point in the
next frame can beegpoformed through searching onregion surroundingthe pointthrough a
similarity measure like th&eromean Normalized Cross CorrelatioBNCC) (Zhanget al.,
1995. Alternatively, the KanadéucasTomasi (KLT) (Shi and Tomasi, 1994) algorithm
estimats translation parameters of a point from drameto the next Pose estimation can then

be addressed through 3D correspondences between 3D points lying on a known 3D model of
the targg since the 3D coordinates of an image poant be retrieved by back projecting to the
3D model(Petit, 2014)

4.1.1.2.3 Template-basedfeatures

Templatebased featuresstimate the displacement of tfeaturefrom one frame to the next
based on a sinality measure between pixel intensite@dsthe referenceetrplateand the image

To account for changes in pixel intensity due to thgeptmn of 3D points to the image, the
similarity criteria is often minimized withespect tca considered transformation, through a 2D
transformation of the template in the image. For example, Benhimane and Malis (2004)
minimizedthe Sum of Squared Diffence §SD) similarity metricto estimate the homography
transformation. Delabarre and Marchand (20d®yimize the Mutual Information similarity
metricto estimatea 3D transformationOptical flow, the 2D motion of pixels lying on the object

in the imaye,has also been used in 3D track{Rgessigouand Marchand, 2004)

4.1.1.2.4 Hybrid methods

In order to cope with advantaggand drawbacks of different types fefstures some researches
have focused on combining therbifferent ways of handling thmtegraton can be considered
Some studies propose a sequential irdggn of edge and textureatures Marchandet al.
(1999) computeddominantmotionto providea prediction of the projected edges in the image,
improving edje-based registratian Brox et al.(2006) uses optical flow of pixels lying on the
projected object to initialize a maximization procedsthe separatiorbetween object and
background along the object contours using wolor luminance probabilities, sinait to
Prisacariu and Rie®012)
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4.1.1.3 Robust estimation

As previously mentioned|lumination changs and image noise or bloanaffect the extraction
of some visual features and their matching processes, leading to outliers that can impact the
guality of the pose estimation procesSomestatistical tools have been used with the objective

of reducing the sensitivity of the process to outliers.

4.1.1.3.1 RANSAC

The Random Saple ConsensusRANSAC) method(Fischler and Bolles, 1981% a general
iterative method to estimate parameters of a modei & set of observed data which cotssis
“inliers" and "outliers!” Hschler and Bolles (1981demonstratedts use in pose estimation
Triplets of 2D3D point correspondences are randomly seleatetiprocessed to compute the
resulting set of pose pyptheses For each pose, all the 3D points areprejected in the image

and the ones which are sufficiently close to their corresponding 2D points in the image are
considered as inliers and the pose with the highest number of inliers is chosen asthmoaet

Choi and Christensen (2012) applied ttéshniquefor modetbased tracking.Armstrong and
Zimmerman (195) usedRANSAC for 2D-3D line correspondences.

4.1.1.3.2 M-estimators

M-estimators also performterative minimization of an objective function vipiving
measurements, with respect to some parametdise influence of potential outliers in the
observations on the estimation procassreducedby assigning adaptive weights to the
observations involved in the objective functiorWuest and Sticker (7) appliedan M-

estimatordor pose estimation.

4.1.2Map-based dsolute localization

Absolute localization is to be contrasted with incremental localization in which it is assumed that
the location of the&eamerais known approximately at the beginning ohavigation session and

that the goal is to refine thpose parametersin incremental localizatioran expectation vievs
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generatedusing the appraimately known posef the camera A more precise camera pose
estimate is obtained lvendata fromthe expectation view areassociatedvith the cameradata

Since in absolute localization the initiehmerapose is unknown, the navigation systemst

find a match between the observations and the expectations from the entire datbbase
example, Petit (2014yeneratedsyntheic views on a view sphere ceatt oneach3D model
(Figure 4.3). Among the literature that addresses this problem, two main categories could be
distinguished: global template matching approaches, and locardeatu descriptor based
approaches.

Figure4.3. Generation of synthie views on a view sphere cead on the 3D model at regularly
sampled viewpointéPetit, 2014.

4.1.2.1 Global template matching

A trainingset of images or views of the objéfirst acquired fronmany different posesThese
viewsare commonly called templateéat runtime, a similarity measure between the input image
and the templates is computed@he template with the highest or lowssbre, depending on the
similarity measure, is selected as the best match, whmehretrieves the camergosewith
respect to the object This very earlyapproachof absolute localizatiomas the advantage of
being simple but suffers from two majmesknessesits computational costs and its sensitivity
to appearance changes due to illumination conditions, occlusions or viewpoint chdfges

decades, many researches have thus focused on efficiently acquiring, organizmgtemdg
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the templates.Common methods of 3D object recognitibased a global template matching
usenatural training templates of the objec@ome of them consider appearand®Z(ysalet al.,
2007), (Hinterstoisseet al., 2A0), (Guand Ren, 2010)), or shap@iblzeret al., 209), (Payet
and Todorovic, 2011)p represent the object.

4.1.2.2 Local feature-based approaches

These approaches aimratognizinglocal or region features from training images or views, and
matching them with 2D features in the imag&nowing the 3D relabnship between the
recognizedfeatures, using the 3D model storedspatial relationships, some methods use the
resulting 2D3D correspondems to directlyestimate the pose. tkersuse the matches in a
voting process over the pose parameters spaceler to determine the most likely viewpoint
and image transformation and finally the p@¥éolfson and Rigoutsos, 1988)Though these
featurescan handle variatiors in certain conditions, i.e., scale, affine transformationgnd
illumination changes, ahallengeremains in the invariance to viewpoint changes. Example of
approache based orrecognizinglocal features descrdal by descriptorextracted from natural
training images of the object inclu@®FT (Lowe, 2004) or SURF (Baet al., 2008 contour
descriptors (Ferrari et al., 200&ndregion descriptors such as HOBalal and Triggs, 2005)
The online recognition phase can then provide pose estimates, through a pose computation step
based on 2EBD point corespondences with the 3D mod@zuysalet al., 2QL0), using a voting
process method (Rodriguetal, 2016)

4.1.2.3 Approaches using a 3D model

Templates are generated using 3D CAD modelof the environment Liebelt (2008) extracted
SURF local featured from photorealistic rendered views of ther®del. Different viewing
conditions accounted for variations in viewpoint and illuminatiodatching was performed
through Hough style voting. 3D positions of each SURF feature provided th@D2D
correspondenceequired for pose estimation.Edge feattes and gradient orientations are
preferred overfeaturebased approaches because they invariant to illumination changes.
Matching edge features (Canny, 198@®tweenmodel templates and theput imageusing
Hausdorff Olsonand Huttenlocherl997) aad Chamfer $hottonet al., 2005)measures has been
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proposed However, these measures are sensitive to occlusidhigh (2009)usednormalized
dot producto matchtemplate and image gradient vectoPyramid resolution levels foroth the
templates ad input images were used in eoarseto-fine search over the similarity
transformation parameters (translation, scale, and rotation). To optimize the seavsttan
be clustered mto a hierarchical view graphK-mean clusteringGravilla (1999),Hinterstoisser
(2010) was initially suggested, but Affinity Propagatidarédy 007) Reinbacher(2010) has
been shown to perform better on large sets of dalang et al. (2016) demonstrated the
efficiency of ggometric hashingWolfson and Rigoutsqd.997) in modetto-image matching.

Starket al. (2010)matchel edge informatiorbetween model templates and the input image by
using the Shape Context descriptBelongie et al, 2002)Dalal and Triggs(2005) used the
HOG feature, and Hinterstoissest al. (2010) achieved redlme performance using the

Dominant Oriatation Template (DOT) feature

On account of the uncertainties associated with the observations, it is possible for the same set of
observations to match multiple expectationghe resulting amiguities in localization may be
resolved by methods su@s: Markov localization (Thrun, 2000), partially observable Markov
processes (Simmons and Koenig, 1995), Monte Carlo localization (Isard and Blake (1998),
Dellaert et al. (1999)), multiple hypothed{@lman filtering based on a mixture of Gaussians
(Cox, 1994), using intervals for representing uncertainfdiyg and Hager (1993gnd Krotko

(1989)), and by deterministic triangulation (Sugihara, 1988).

4.1.3Localization derived from target tracking

Optical positioning systems that rely entirely on natural features in images lack robustness, in
particular under conditions with varying illuminationin order to increase robustness and
improve accuracy of reference points, coded mankeg beused for syems with demanding
requirements for positioningThe markers serve three purposes: a) simplification of automatic
detection of corresponding points, k@stablishingthe system scale, c¢) distinction and

identification of targets by using a unique codedach marker.
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Localizationmay be performedy targettracking when both the approximaiese of the camera
and the identity of théargetseen in the camera image are known and can be track@dmon
types of targets include concentric rings, barcagsattens consisting of coloed dots Figure
4.4). There are retieflective and nogeflective versions Targettracking iscommonlycarried

out by using simple template matchinghe cameras are usually mounted on plegform so
that they look sideways at the walls where the landmarks are mourdediot the flor where

a special tape may be glued (Tsumura, 198&Yhen cameras are not mounted sideways
(Kabuka and Arena, 1987), properties of the shapes used fargeesallow simple algorithms

to be used for the localization Sdewaysmounted cameras simplifthe problem oftarget
detectionby eliminatingscale and perspective effectdoweverthey also constrain the freedom

regarding where theameracan move.

Figure4.4. Three examples of coded targased for point identification and camera calibration
(Mautz, 2012).

For some applicationsnountingtargetsis undesirable or not feasibléptionally, infrared light

can be projected to attaumobtrusivenesso the user In contrast to systems relyingnly on
natural image features, the detection of projecsderence point opatternds facilitated due to
distinct colar, shape and brightness of the projected featur@éise principle of an inverse
camera (or active triangulation) can beed wherehe central light projection replaces the
optical path of a camerarhe main disadvantage of active light based systems is that camera and

light source require direct view on the same surface (Mautz, 2012).
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4.2 Map-building localization

The visionrbasedocdization approaches discussed so far have all required a map (or a model)
of the environment However,model descriptions are not always easy to generate, especially if
one also has to provide metrinformation Therefore, many researchers have proposed
aubmated or sermutomated robotic platformthat could explore their environment and build
an nternal represntation of it. Simultaneous localization and mapping (SLAM) and concurrent
mapping anddcalization (CML) techniques search fstrategies tcexplore, map and self
localize simultaneasly in unknown environmentsDavison and Kita (2001discusssequential
localization and map building, review the state of the art and expose the future dirdwions
this trend should take Furthermore, they nesent a tutorial of firsbrder relative positio
uncertainty propagation argbftware to perform sequential mapping and localizatibarther
detail about SLAM is provided in SectioB® and5.3.

4.3 Maplesslocalization

In this category, navigation is achieved without any prior description of the enviranment
Contrasting with majbuilding localization, m mapless localizatignno maps are ever created

The cameramotions are determined by obsexy and extracting relevant information about the
elements in the environmenfThese elements can be the walls, objects such as desks, doorways,
etc It is not necessary that absolute (or even relative) positions of these elements of the
environment be kown However, navigation can only be carried out with respect to these
elements Of the techniques that have been tried for this, the prominent ones are: thpical
basedappearancbasedand object recognitiechased.

4.3.10ptical flow

Opticatlow-based solutions estimate the motion of objects or features within a sequence of
images Researchers compute optical flow mostly using (or improviaeghniguesoriginating

from Horn andSchunck (1981)and Lu@s and Kanade (1981%reen et al. (2003)evebpeda

UAV platform called Closed Quarter Aerial Robot (CQAR) that flies into buildings, takes off
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and lands controlled by an insecspired optical flowbased systemLater, Green et a(2004)
extended higptical flow-based navigtion system for UAVso fly in near ground environments
such as tunnels, caves, mhsibuildings or among treesHrabar et al (2005) presergd in a
navigation technique for UAVSs to fly in between urban canyofise authorcombinedstereo
forward-looking cameras for obsta&clavoidance and two sidewalg®king cameras for stable
canyonnavigation The system projecte8D stereo data onto a 2D map and performs a region
growingprocess to exact obstaclesTheUAV triedto balance the optical flow from both sides,
moving tothe direction of larger optitlow magnitude The main disadvantage of optical flow
based navigatiosystems is that thpositionalerror accumulates without bound, continuously

degrading the accuracy as time passes.

4.3.2Appearancebased

Appearancéasedmatching techniques are based on the storage of images in a previous
recording phase These images are then used as templat€se cameranavigates in the
environmenby matching the current viewed frame with the stored templdianyples of these
appoaches areMatsumoto et al(1996) VSRR (View &quenced Route Representation), Jones

et al. (1997), an®dhno et ad o lowst 1(01ln9 9i6s) si mi |l ar but f ast
vertical lines from templates and -tine images to do the matchinglt saves memory and
computation time.Nakamura and Asada (1998)ovide behaviar-based approaches to vision

basedocalization

4.3.30Dbject recognition

Techniques for tracking movinglementgcorners, lines, object outlines or specific regions) in a
video segence have becomebust enough so as to be useful for navigati®he tracking aisk

is commonly dividednto two subproblems (Trucco and Plakas, 2006)ysE motion detection,
which, given a feature to be tracked, identifies a region in the next twvhiere it is likely to find
such a feature, and second, feature matching, by which the feature tracked igdesttiin the
identified region Although video tracking and mobilembot navigation belong to separate

research communities, some authorsntleo bridge them to motivate the development of new
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navigationstrategies Some authors centriieir research imetecting and tracking the ground
space across consecutive images, and steering the robot towards free Rgsseand Liang
(2001) use homographies to track ground plane corners in indoor environments, with a new
navigation algorithm called Hased Tracker Liang and Pears (2002xtendthis work using

also homographies to calculate height of tracked features or obstacles above the lgnmoaind p
during the navigation proceshe accuracy of the navigation strategy must be a strategic point
in aerial motion where the speed is high, the processing time must be reduced and the tracking
process needs to be more accurdero et al (2004)maintain an estimate of tHeomography
matrix to compensate the UAV motiamd detect objectsSaeedi et al. (2006) usgereo vision

to navigate in unstructured indoor/outdoor environmentsDetected corner features are
positionedin 3D and tracked usinghormalized meassquared differences and correlation
measurements Supporing vision information with GNSS data in outdoor environments is
another possibility of increasing reliability in position estimatidviejias et & (2005)combinel

a feature trackig algorithm withGNSSpositioningin the navigation system tfie autonomous
helicopterAVATAR. The vision process combingthage segmentation and binarization to
identify predefined features, such as house windows, and a Kalmanbigsd algorithmat
match and track these windowsThe Scale Invariant Featurerdnsform (SIF) method,
developed byLowe (1999) stands out among other image feature or relevant points detection
techniques, and has become a method commonly used in landmark detecteatiappliSFT-
based methods extract features that are invariaimidge scaling, rotation, and illumination or
camera viewpoint changes During the UAV navigation processSIFT features are used as
landmarks to be tracked for namigpn, global localiation Se et al., 2006and vison-based
SLAM (Se et al., 2002)

4.4 Qutdoor localization in structured environments

In general, outdoor navigation in structured environmardss roadfollowing techniques
Roadfollowing implies an ability to recognize thiknes that separate the lanes or separate the
road from the berm, the texture of the road surface, and the adjoining surfacds, ®tstems

that carry out road following, the models of the environment are usually simple, containing only

information seh as vanishing points, road and lane widths, éoadfollowing for outdoor
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robots can be like hallwaipllowing for indoor robots, except for the problems caused by

shadows, changing illumination conditions, changingus|cetc. Desouza and Kak, 2@0.

4.5 Unstructured outdoor localization

An outdoor environment with no regular properties that could be perceived and tracked for
navigation may be referred to as unstructured environmerguch cases, the vision system can
make use of at most a genedbaracterization of the possible obstacles in the environment
Unstructuredenvironments arise in cressuntry navigation as, for example, in planetary
(lunar/martiarlike) terrain navigation (Matthies et al., 2007 theseapplications, the robot is

often wandes around, exploring the vicinity of the robot withouspecificgoal However, in

other applications, the task to be performed requires that the robot follow a specific path to a goal
position In those cases, a map of the traversed araastdbe created and a localization

algorithm has to be implemented in order to carry out-gaaén navigation.
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5 COMBINING MAP -BASED AND MAP-
BULDING INCREMENTAL LOCALIZATION

This chapter describes in more detail the stétie art in magbasedand magbuilding
incrementallocalization Map-basedlocalizationf ocuses on estimating th
and orientation (pose) whennaap of the environment is availableA branch of thisfield of

research is called modbhased trackingvhenthe map is a 3D modelCommon applications of
modetbased tracking include augmented reality (AR), robot navigation égpmotive), and

robotic object manipulation. Lahdenoja et al. (2015) reviewed the advances of magnocular
modetbasedtracking fom 2005 to 2014 Lepetit and Fu(2005) reviewed the status of
monoculay modetbasedrigid bady tracking from 1990 to 2005.

Section5.2 describedwo stateof-the-art mapbuilding localizationtechnques: First, a method
called Structurdrom-Motion (SfM) uses an RGB camera to perform simultaneous localization
and mapping (SLAM). SfM has been widely used by UAVs in outdoor environments. However,
the data processing strategy fails in indoor environments because trachitgnisost due to
rapid camera motions, small sensor footprints, and prevalent homogetestwes in the
environment. Algorithms like RGBD SLAM (Endres et al., 2014)ave shown moreuccess in
indoor environments An RGB-D sensor is used to perfornb M. The addition of 3D depth
sensor data in the feature tracking algorithm improves the tracking performance by gemerating
larger number ofeatures, especially in homogeneous ardéaurther, omputational efficiency is

increased by directly measuriB® geometry instead of computing it photograminatty.

Map-basedocalizationf ai | s when the map i s not oowhensent i
landmarks cannot be matched between the image and the map. Failures can occur often if the
environmentas few features to matches or the map has few featunesttd, i.e., the map has

a low Levelof-Detail (LoD). For this reasorthe first contribution of thislissertatiorproposes

to fibridge the (¢ a fpaseédlochlieationepdates sitp(laghes equerey)
mapbuilding localizationupdates, i.¢.SLAM updates. Further this dissertationproposes that
map-basedocalizationcan be used to overcome the weaknesses ofmidgting localization |If

loop-closures are not performed / detectidebre will be large drift errors in the mdypilding
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localization solution. Additionally, the memory and computational requirements of +nap

building algorithms increases significantly as the mapped area ghmeause of the large

amount of data being ptessed simultaneously. Méjasedocalizationicl oses | ocopso o
existing map, this removes the need in SLAM to maintain the entire map for the pusposes
removing drift with loopclosures. Instead the SLAM process can be restarted every time the

loop is closed on the pexisting map (with a mapasedlocalizationupdate). For example,

Figure 5.1 is a schematic diagram of a mobile camera traversing from a start position
(symbolizedby a star) to an end positidgeymbolizel by a tri angl e) . Each
position is shown wusing a <circle. The camer
radius. Thaunboundederrorfrom SLAM in the absence of loop closuisseduced by the map
basedlocalizationupdates. In this exampledoorsappearingn the cameraimage are matched

with doorsin the 3D CAD model. The error is reduced by estimating the 3D transformation that
aligns thedoor extracted from the image toehdoorfrom the 3D CAD model. Similarly,

Tamaazosti et al. 011 used points from a partial 3D model, and Prisacariu et al. (2013) used
shape information from a very coarse 3D model in a SLAM system, to simultaneously
reconstruct the whole scene or refine the 3D model, with pose estimation beneditmthis

reconstruction.

Figure5.1. Combining magbased and mapuilding localization techniques.
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5.1 Introduction to model-based tracking

A typical workflow of modelbased tracking is:

1) In the initializaton phase, corresponding points or lines between the image and the 3D model
are found either manually by the useror automatically using a mapbased absolute
localizationapproach.

2) In the tracking phase, pose is updat@gh frameyy maintaining the correspdences when
the camera moves.The pose is resolved from the correspondences, for example using

photogrammetric space resection via the collinearity equations.

The following sections provide more detail on each step of this workflow.

5.1.1 Initialization an d recovery

Initialization is performed when the tracking starts; the initial pose of the system is estimated
without knowledge of the previous states of the syst@mse recovery refers to estimating the
pose when tracking is lostLahdenoja et al. (2@) andLepetit and FU2005) mention that
initialization and recovery is mostly done manually. Automated techniques, referras
tracking-by-detection fall under the definition of mapasedabsolutelocalization(DeSouza et

al., 2002. Theyare diviced into two categories:

1) View-based, are edgmased techniques, where edges extracted from current frame are
matched with 2D views of the wireframed target object previously obtained from different
positions and orientation¥\fedemann and Steget008).

2) Keypointbased, where keypoints (i.@mage features invariant to scale, viewpoint and
illumination changes) extracted from the current frame are matched against a database of
keypoints extracted from images of the object taken at different positionsrientabons
(Skrypnyk and Lowe, 2004).
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In both cases, the matches provide-ZID correspondences needed for pose estimation. The
difficulty in implementing such approaches comes from the fact that the database images and the
input ones may have been aggdi from verydifferent viewpoints. The socalled wide baseline
matching problem becomes a critical issue that must be addregsedore comprehensive

survey of modebased initialization can be found in Euranto et al. (2014).

Lahdenoja et al. (2015) edtified that trackindy-detection techniqgues commonly use either
fiducials (i.,e,| andmar ks or mar ker s) o r fourth eontrdobtipneot t 0 s
this dissertation (Chaptéi) is amapbased absolute locaktionalgorithm that is based solely

on natural geometric features.

5.1.2 The tracking phase

In modetbased tracking, two categories of features are imsedacking

1) Edgebased, where camera pose is estimated by matching a wireframe 3D model ottn obje
with the real world image edge information. These methods can be grouped into two
categories:

a. Gradientbased, whereanodel edges are matches with strong gradients in the
image, without explicitly extracting the image primitives (ilmes or polygons)
(Wuest et al., 2005).

b. Contourbased, where image contours are extracted, such as straight line segments
and the model outlines are fit to these image contours (Lowe, 1992).

2) Texturebased techniques rely on information provided by pixels inside the obgect
projection. These are dsified in three subategories:

a. Opticalflow, which estimates the relative movement of the object projection onto
the image (Basu et al., 1996).

b. Template matching, which applies a distortion model to a reference image to
recower rigid object movement (Jurie and Dhone, 2001);

c. Keypointbased, which takes into account localized features in the camera pose
estimation (Vacchetti et al., 2004).
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Lahdenoja et al. (2015) suggest that the current-efatee-art, and most widely usedethod, of
modelbased tracking is the edpased methods. Eddmased methods are both computationally
efficient, and relatively easy to implemenThey are also naturally stabie lighting changes,
even for specular materials, which is not necessamig of texturebased methods. Liu and
Huang (1991) also identified some advantages of using lines rather than point febitsths
lines are often easier &xtract from a noisy image than point featur&condly, the orientation
of a line may beesstimated with sulpixel accuracy Thirdly, lines have simple mathematical
representation Fourthly, image lines can easily be found structured indoor and outdoor

environments.

5.1.3Visual Servoing PackageV\iSP)

The Visual Ser v oi nagopénboarteimplenmrdasion Of\aist&®-the-ait s
modelbased tracker. It provides registration techniques that continuously track and align
features extracted from the video image and the 3D model @nfieonment (Marchand and
Chaumette, 2002 Amin and Govilkar (2015) provide a comparative study of Augmented
Real ity SDKOos that of f ¥i8P wasclohsehover dtemativeimodgl capab
based trackers, such ashose offered by Vuforia (www.vuforia.con), Wikitude
(www.wikitude.com), ARnedia (www.armedia.it}and ARToolkit (www.artoolkit.org because

it tracks geometry and does not rely on 3filemodel having textureViSP was chosen oveahe
othermodelbased trackermentioned in Lahdenoja et al. (2015), for exanipdID (Harris,

199), becauseét employs the widely used moving edges tracker (Wuest et al., 2005), (Reitmayr
and Drummond, 2006), (Comport et al., 2006), (Choi and Christensen, 2010), (Kyrki and Kragic,
2011), (Seo et al implenkritatidh was proféssatlyteteaited andvma®&P 6 s
available in an opemource format, which allows users to understand the functionality, and
provides the capability to add and improve features. Finally, \6SfRe only modebased
tracker availablefor use with ROS (Robot Opating System)(www.ros.org, a robotics
middleware that facilitates system integratiofihe contributions proposed in thiissertation

were implemented and integrated using ROS.
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Vi SP6s tracking techni qu e s-based ahdnddetbased gagking nt o t
Thefirst approach focuses on tracking 2D geometric primitives in the image, such as points (Shi
and Tomasi, 1994), straight line segments (Smith et al., 2006), circles or ellipses (Vincze, 2001),

or object contours (Blake and Isaf®98). However, VISP does not provide a means to match

these tracked image features with the 3D model, wikicbquired in the georeferencing process

The second method is more suitable because it explicitly uses a 3D model of the object in the
tracking algorithm. Further, a bgroduct of this tracking method is the 3D camera pose, which

is the main objective. This second class of methods usually provides a more robust solution (for

example, it handles partial occlusiof the objects, and shadows).

ViSP has demonstrated its capabilities in applications such as augmented reality, visual servoing,
medical imaging, and industriapplications YiSP, 2017. These demonstrations involved
terrestrial robots and robotic arms, equipped with cameras, tgrmieeoand manipulate small

objects (e.g.boxes, tools, and cups) in cluttered indoor environm@idggires.2).

A) B) C)

e = =
— i

Figure5.2. Sample frames demonstnaty Vi S P -based mnacke®iSP, 2013)

The overall workflow is shown irFigure 5.3. Firstly, a moving éges Tracker identifies
corresponding features between an image sequence and a 3D model. The algorithm requires the
camera pose of the first imagem the user Secondly, Virtual Visual Servoing (VVS) uses the
corresponding features to estimate the camer a
camera pose is fed back into the moving edgasker. To initialize ViSP, the camera pose of

the first image frame is estimated via VVS after the user manually selects 4 points minimum in

the first image frame that correspond to-ppecified points in the 3D moddtigure5.4). The

following sections explain the algoritlnin more detail.
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Figure54. Ex ampl e of Vi SP 06 s. Left)4 prespadifiedB@A pointsmthep r oc e s s
wireframe model. Right) The user selects the 4 corresponding points on the Vi@Beuses

these corresponding points to estimate the first camera pose.
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5.1.3.1 The moving edgesracker

The moving edges algorithnBgutemy, 1989) matches image edgeshm video image frames
to the 3D model 6s edges, iwNiBR hTheareqairedcimtiall e d m
approximation of the camera posan beprovidedmanually, orby theUAV&6s aut opi |l ot

positioningand orientation from the ARIS, if available

Model contours are sampled at a user specified distance intEryatg5.5A). At these sample

points (e.g.p'), a onedimensional search is performed along the normal directiprof(the

contour for corresponding image edg&sg(re 5.5B). An oriented gradient mask is used to
detect edges (e,grigure5.5 C and D) One of the advantages of this method is that it only
searchegor image edgeswhich are oriented in the same direction as the model contour. An
array of 180 rasks is generated elfhie thatis indexed according to the contamngle. The run

time is limited only by the efficiency of the convolution, which leadseta-time performance
(Comport et al., 2003). Line segments are favourable features to track because the choice of the
convolution mask is simplgnade using the slope of the contour linEhere are tradeffs to be

made between reéime performance anoloth mask size and search distance.

A) C)

0 -100 | -100

100 0 -100

100 | 100 0

D)
100 | 100 | 100

4 -100 | -100 | -100

Figure5.5. Determining point position in the next image using the oriented gradient algorithm:
A) calculating the normal at sampdeints, B) Sampling along the noainC)D) 2 out of the
180 3x3 predetermined masks, C) 44D) 45 (Modified from Comport et al., 2003).
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The process consists of searching for the correspondinggtiim the imagd ™** for each point

p'. A 1D search interval {Q  j-J, J§ is fletermined in the directiodi of the normal to the

contour. For each positon@Qyi ng t he direct i Mygrorgspondingtméehe Kk ¢ on
square root of aleg i k el i h ¢ie domputad ds @ similarity measurdhus the rew

position p' is given by:

(5.1)
0° AOCIi-\g
v h
where
(5.2
- ( z0 N z D
whereg ( . ) is the neighbourhood of the consi der

(Comport et al., 2003).

5.1.3.2 Virtual Visual Servoing

VISP treats pose estimation ag visual servoing problem as proposed in (Sesaaran and

Behringer, 1998).Once each pointds search along i1ts n
point via the moving edges tracker, the distance betweertwihecorresponding points is
minimized using a nofinear optimization technique called Virtual Visual Servoing (VV#).

contr ol |l aw adjusts a virtual camerabds pose tc
the errors, between the observed dat@.es., the positions of a set of features in the image) and

s(r), the positions of the same features computed by forpramjection of the 3D featureB.

For instance in Equatio(6.3),Par e the 3D coordinates of the
frame, according to the current extrinsiantrinsic camera parameters:

(5.3)

D«

v
J‘

X
=

wheren* o | i s the projection model according to

poser, expressed in the object framé# is assumed the intrinsic parameters are available, but
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VVS can estimate them along with the extrinsic parameters. An iterativelgighted least
squares (IRLS) implementation of thedMs t i mat or i s wused to minimiz

chosen over other Mstimators because it is capable of statisticajgcteng outliers.

Comport et al. (2003) provideshe deri vati on of Vi SP6s contrc
features are well chosen, there is only one camera pose that allowsnih@zation to be

achieved.Conversely, convergence may not be oladif the error is too large.

5.1.4TIN to polygon 3D model

ViSP specifies that a 3D model of the object to track should be represented using VRML (Virtual

Reality Modeling Language). The model needs to respect two conditions:

1) The faces of the modelled objdtave to be oriented so that their normal goes out of the
object. The tracker uses the normal to determine if a face is visible.
2) The faces of the model are not systematically modelled by triangles. The lines that appear in

the model must match image edges

Due to the second condition, the 3D building models used in the experiments must to be
converted from TIN to 3D polygon model3he algorithm developed to solve this problem is as

follows:

1) Region growing that groups connected triangles with parailehals.

2) Extract the outline of each group to use as the new polygon faces.

The region growing algorithm was implemented as a recursive function. A seed triangle
(selected arbitrarily from the TIN model) searches for its neighbouring triangles, thiainiglets

that share a side with it, and have parallel normals. The neighbouring triangles are added to the
seedbdbs group. Then each n e iThglubcoon termihates ikadl f or
the neighbours have been visited or a side doetianat a neighbour. For example, the blue
triangles inFigure 5.6 belong to one groupOnce all of the triangles have been grouped, the

61



outline of each group is determined (the black lind-igure 5.6). Firstly, all of edges that

belong to only one triangle are identified, these are the outlining edges. These unshared edges
are then ordered so the end of one edge connects to the start of anotherst €dgdiis chosen
arbitrarily. Figure 5.7A) shows the 3D TIN model of or k Uni ver siulldng.s L ass

Figure5.7B) shows the resulting polygon model of the sami&ling.

———

.

Figure5.6. An exampleof region growing and outline detection: The blue triangles belong to a
group because one triangle is connected to at least one other triangle with a parallel normal. The
outline of the group (black line) consists of the edges that belong only taamgdr

20

20

40 40 Y [m]

X [m]

Figure5.7. Converting TIN building models to polygon models. A) The original TIN model of
the Yor k Uni ver si.tByTheresultag3fpolygdnenodiwoi tHe dlassorgle
Building.
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5.2Incremental map-building localization using structure
from motion

Structure from motion (SfM) is an incremental r@aplding localizationtechnique. tlis built

on the concept ophotogrammetric triangulation (Gini et al., 2013). Lightweigh&Vs and

heaw winds caise unstable flight conditionsAs a result,vision-based navigation foAV's

must consider larger than average alnagk and crossrack overlaps, (e.g., 80% and 60%,
respectively), and in turn much more images and processing resoufepoint generation
between successive overlapping imalgas been performed using many techniques, for example
dense multview stereopsis (Furukawa and Ponce, 2010) and image matching using SIFT
(Lowe, 2004), SURF (Bay et al., 2008), ASIFT (Morel and YWQ9OLDAHash (Strecha et al.,
2012, and the SemGlobal Matching (SGM) based dense matching SURE (Rothermel et al.,
2012) algorithms. The centimetre level spatial resolution achieved by the image sersors on
board the UAV make#t possible to obtain vergense 3D point cloud@-igure 5.8) which are

comparable to those generated by laser scanners.

VisualSFM

Figure5.8. Dense point dud generation frodAV imagery

Dense multimage matchmgis used to generate a 3D point cloud representing the surface of the
mapped area from a series of oblique video imagi®e position and orientation of the image
framesarealso estimated in the proces3$he video images captured from the onboard came
are reconstructed based on an incremental Structure from Mot&fM)ibundle adjustment
approachusing VisualSFM (Wu, 2014)Using the SfM approach, the image connectivity of this
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bundle adjustment solution estimates relative campes#&ionsandorientationelements. Figure

5.9 (left) shows the SfM workflow The point densitys increased using the multiew stereo
approach Figure 59 (right)). A final step is neessary to geceference the relative
photogrammetric network with the geodeterrain coordinate systemThe lterative Closest
Point (ICP) (Besl and McKay, 1992) procedurased on a 3D similarity transformatioray be
used torefine the registration b@eenthe photgrammetrically derived 3D pointloud with
existing 3D building models The following sections describe each component of the SfM

workflow.
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Figure5.9. SM software workflow (left) and demspoint cloud generation (right).

5.2.1Incremental Structure from Motion (iISfM)

In iSTM (Wu, 2013), a tweview reconstruction is first determined by triangulating successful
feature matches between tiwmages Incoming images are then repeatedly matchedlz@D

model is extended from the twaew reconstruction One image is added at each iteratidn

order alleviate error accumulation, partial bundle adjustments (BAs) can be run using a constant

number of recently added images (e.g., about 20) andabsociated 3D points. Following the
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BA step, filtering removes the points that have largprogection errors or small triangulation

angles Fnally, the next iteration starts or atreanguation occurs $ection5.2.1.3.

Thecamera pose, or exterior orientatiand the 3D point estimations typically converge quickly
during reconstruction, thus full BAs (on all cameras and 3D points) are performed when the size
of a model increases by a certain rati@.(eabout 5%).Although the latter added cameras are
optimized by fewer full BAs, there are normally no accuracy problems because full BAs improve
less accurate parts. Notably, as the photogrammetric model gets larger, more cameras are added
before runmg a full BA (Wu, 2013). As SfM produces sparse point cloudsyliitview gereo

(MVS) algorithms, such as CMVS (Sectiér2.2 and PMVS (Sectio®.2.3, may beused to

increase the point densityCMVS takes the output from the SfM software and produces image
clusters. PMVS runs significantly faster and produces more accuralis regh the produced

clusters.

5.2.1.1 Image matching

Image matching is one of the most thtensuming steps of SfM Due tothe wide range of
viewpoints in a large collection of photos, Wu (2013) states that the majority of image pairs do
not match (~75% 98%). A large portion of matching time is saved by identifying the good
pairs robustly and efficiently For instance, theapproximateGNSStags are used to match
images only to the nearby ones (Frahm et al., 20E®ther, preemptive feature matching (Wu,

2013) filters correspondence candidates based on the scales of SIFT features (Lowe, 2004), as
the chances of correctlgnatching the tofscale features is higher than matching randomly
selected features Fnally, increases in matching speed can be achieved by parallelizing the
search with multiple machines (Agarwal et al., 2009) andipd@lGPUs (Frahm et al., 2010).

5.2.1.2 Bundle adjustment

A set of measured image feature locations and correspondences are input into a bundle
adjustment, with the goal of finding triangulated 3D point positions and camera parameters that
minimize the bundle reprojection err¢friggs et al., 999) This optimization problem is

treated as a nelmear least squares problem, where the error is the squared norm of the
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difference between the observed feature location and the reprojection of the corresponding 3D
point on the image plane of the came The LevenbergMarquardt (LM) algorithm (Nocedal

and Wright, 2000) is used for solving nbnear least squares problem3iMu et al. (2011)
demonstrated a CRblased BA that is up to 10 times faster, and a ®BB&kd system that is up

to 30 times fastethan the2011 stateof-the-art BA.

When GPS is not available, the iSfM solution is prone to drift because of the accumulated errors
of relative camera posedhe initially estimated poses and even the poses after a partial BA may
not be accurate enougind this may result in some correct feature matches failing the quality
test. As the drift is attributed mainly to the accumulated loss of correct feature matches, failed
feature matches are-teangulated (Wu, 2013) when the model size increases (B.®25%).

After re-triangulating, a full BA and poiriltering is run to improve the reconstruction. This

strategy of reducing the drifs analogous to loaplosing.

5.2.2 Clustering Views for Multi -View Stereo (CMVS)

Multi-view stereo (MVS) algorithms airto correlate measurements from a collection of images

to derive 3D surface information. Many MVS algorithms reconstruct a single 3D model by
using all the images available simultaneousfs the number of images grows the processing
time and memory regements become infeasible To solve this problem, subsets of
overlapping images are clustered into managepiBlees that are processed in parallel, and the
resulting reconstructions are merged (Furukawa et al., 20Ije clustering algorithm is
desigred to satisfy the following three constraints: 1) redundant images are excluded from the
clusters, 2) each cluster is small enough for an MVS reconstruction (a size constraint determined
by computational resources), and 3) MVS reconstructions from thestersl result in minimal

loss of content and detail compared to that obtained by processing the full imaddasiiy
extracted image clusters, a patw@sed MVS software (PMVS) is used to reconstruct 3D points
for each cluster independently. CMVS inases the performance of PMVS by removing images

that insignificantly and negatively jpact the resulting point cloud.
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5.2.3Patch-Based Multi-View Stereo (PMVS)

The PatckBasedMulti-View Stereo (PMVS) algorithm (Furukawa and Ponce, 2010) represents
scene sudces through collections of small oriented 3D rectangular patches (essentially local

tangent planes)The algorithm consists of a simple match, expand, and filter procedure:

1) Matching: Features found by Harris and Stepheb888) and differencef-Gausgans
operators (Lowe, 2004) afiest matched within each cluster of pictures, yielding a sparse set
of patches associated with salient image regiohsnatching patch is considered to be an
inlier if the search along the epipolar lines of other imageddyi low photometric
discrepancies (one minus the normalized cross correlation score) in a minimum number of
images (e.g2 or 3). Given these initial matches, the following two steps are repeated.

2) Expansion: The initial matches are spread to neartslpand obtain a dense set of patches.

3) Filtering: Visibility constraints are used to eliminate incorrect matches lying either inofront

behind the observed surface.

5.2.4 Photogrammetric Surface Reconstruction

The SURE densenage matching algorithrfRothemel et al., 2012§ensifies a point cloud by
using the oriented images generated from the bundle adjustfieede images are first rectified

to generate epipolar images and dense disparities areatattacross stereo pairs using Semi
Global Matching(SGM) (Hirschmiiller, 2008) Briefly, the SGM algorithm performs the image
alignment required to estimate disparities by the maximizing of the mutual information (i.e.,
minimizing the joint entropy) between two overlapping imagdestead of using the erd
image in this calculation (global matching), 16 ahemensional directional patl@se constructed

to approximate the image (semlbbal matching). 3D points or depth images are then
triangulated from the stereo model&nally, redundant depth measorents are used to remove

outliers and increase the accuracy of thetldeneasurements.
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Figure5.10. Segmentation of the Lassonde@iiling model [eft) and corresponding point cloud
generated fronthe UAV data (ight). Points are segmented into three groups based on their
normal veadr: Group 1 (red triangles): dimals pointing in the positive Y direction (35
Group 2 (green triangles): ddmals pointing in the negative X direction (Bt5and Group3

(blue triangles): normal pointing in the positive X direction (345

5.2.5lterative Closest Compatible Point (ICCP)

The lterative Closest Compatible Point (ICCP) algoritmaly beused to improvehe geodetic
position of the point cloud ICCP, anICP varant, iteratively refinesthe rigidtbody
transformation between the SfM point cloud angoint cloud sampled from the 3D model

Given two point clouds that are roughly aligned, ICP uses all of the points to refine their relative
3D similarity transformatin. Correspondence is established by pairing points in one point cloud
with the closest points in the other and the relative transformation between the two point clouds
is refined by minimizing t he Tpeonitiad dlghdentbayc | | d e a
be provided bya modetbased tracker o6GPS positioningfor example Several additional
heuristics have been developed to address the problem of not knowing the extent of overlap and
avoiding false pointmatches For example,the Iterative Cleest Compatible Point (ICCP)
algorithm (Godin et al., 1994) matches poiotdy if their associated feature (colour, normal

vector, etc.) are within a given threshollCCP can be interpreted as a set of rigidly coupled ICP
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subproblems between subsetsmiitually compatible points ICCP is equivalent to ICP when

all points have compatible attributes:or example Figure 5.10 shows the faces of a building
model (left) and a point cloud (right) segmented into three etdsssedon the normal vector
Further,the pointplane (Chen and Medioni, 1992) methiothbroved uporthe original point

point ICP as it converges an order of magnitude faster, it is more robust against outliers, and

produces moraccurate results (Pulli, 1999).

5.3Incremental map-building localization using RGB-D
SLAM

RGB-D SLAM (Endres et al., 20)4follows the general grapbased SLAM approach The

system consists of a freehd module and a ba&nd module Kigure 5.11). The frontend
processes the sensor data,tehe sequence of RGB and depth im
motion relative to detected landmarksA landmark is composed of a higdimensional

descriptor vector extracted from the RGB image, such as SIFT (Lowe, 19S9)RF (Bay et

al., 2008) descriptorsaand its 3D location relative to the camera pose of the depth .imEge

relative motion between two image frames is computed via photogrammetric bundle adjustment
using landmarks appearing in both images as obsengtildentifying a landmark in two

images is accomplished by matching landmark descriptors, typically through a negtasbur

search in the descriptor space.

Continuously applying this pose estimation procedure on consecutive frames provides visual
odometry information However, the individual estimations are noisy, especially when there are
few features or when most features are far aw
range Combining several motion estimates, by additionally egtimgathe transformation to

frames other than the direct predecessor, commonly referred to as loop closures, increases
accuracy and reduces the drift Notably, searching for loop closures can become
computationally expensive, as the cost grows linearly whe number of candidate frames.

Thus RGBD SLAM employs strategies to efficiently identify potential candigldte frameto-

frame matching.
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The backend of the SLAM system constructs a graph that represents the camera poses (nodes)
and the transforntmns between frames (edgesPptimization of this graph structure is used to
obtain a globally optimal solution for the camera trajectdRB-D SLAM uses the g2o graph

solver (Kimmerle et al., 2011), a general epearce framework for optimizing grajidased
nonlinear error functions RGB-D SLAM outputs a globally consister8D model of the

perceived environment, represented as a coloured point ¢fapd€5.12).

?

RGB-Depth
frame

Extract keypoints
(image features +
descriptors)

¥ ¥

Estimate Create map and
camera pose I trajectory
Front-end Back-end
Figure5.11. RGB-D SLAM6s wor kfl ow fnapcreptors e est i mat

Add camera pose to
pose graph

Figure5.12. Sreen capture of RGB SLAM. The top window shows the map (RGB point
cloud) being created. The bottom right and left windel®w the SIFT image feature (red dots)
and their scalegreen circles), respectively.
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5.4 Combining incremental map-based and mapbuilding
localization

Thisdissertatorms sessed the performance of Visual Ser
algorithm Experimentation revealetthat ViSPfailed when tracking was lost, and needed to be
manually reinitialized (Section5.5). This occurred when there was a lack of model features in
the camerabds f i el dapafcamera motign Tha first corttributicsnef this o f r
dissertatiorproposeghat the tracking performanad incremental magpased localization (e.g.,

the VISP modebased trackeimproves whemapbuilding localization(e.g., RGBD SLAM)

concurrently provdes camera pose estimates.

Further experimenting with standlone RGBD SLAM revealed that drift was often present in
g2006s gl obal ly (®eptibns.Gi Theralwere twa jeasans forrthys: Firstly, data
were not collected that enabled a loop closure, i.e., not returning to a previously occupied
vantage point Secondly, the loop closure was not detected by HISBLAM. That is, the user

is able to configure various parameters that affect the probability of idgtectoop closure, for

the reason that reducing this probability increases computational efficiency of the overall system
Since it is infeasible to compare every frame with every other frame, the user is able to specify
the number of framéo-frame comprisons to sequential frames, random frames, and graph
neighbour frames.Al t er nati vel y, Vi SP6s pose estimatio
closing on the 3D wireframe model instead of RBB S L A M 6. sThisredlqws the RGHED
SLAMG6s | oo p metelsaosba seeverp law, assentially turning RBEBLAM into a
computationally efficient visual odometry system, without sacrificing the accuraeydpd by

large loop closures.

In summary, by integrating the two systems, not only does-RGR.AM improve Vi SP6s
tracking performance, but ViSP substitutes RGB SLAMG6s | oop <c¢cl osing,
runtime performance The proposed integrated solution is analogous to GPS/INS integration,
where VISP provides a lofvequency and driffree pose estimate thas registered to a

(georeferenced) 3D model, similar to GPSComplementarily, the RGB® SLAM visual
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odometry solution provides a high frequency pose estimate that drifts over time, similar to the

behaviour of an INS

Figure 5.13 shows the strategy for integratimyapbased €.9., modetbased tracking (MBT))

and mapbuilding (e€.g9., SLAM) localization Firstly, the modelbased tracker is initializebdy
receiving corresponding features between the first image frame(s) and thed&D m set of
matching features are detecteither manually by the user or automatically by using a-map
based absolute localization algorittior example. The MBT uses theserresponding image
model matches to estimate tfiest camera pose with resgietot he model 6s coor di n
The SLAM systemthen begins mapping and tracking the camera pose, and confintilethe

MBT detects corresponding image and model feature poifite MBT then corrects the camera
pose and SLAM is reset ath e  MdBoVided pose Upon resetting, SLAM saves each frame,
with its correspondindgeatures andcamerapose, whichwere collected since the last reset.
Saving this data allows the map to be incrementally built, without burdening the SLAM system

by processingao much data simultaneously.

Initialize MBT

Matching image@
model features

Start/Reset SLAM {;_
with MBT ’
No

camera pose
S <:I
Camera pose
with drift

Figure5.13. Modelbased tracker SLAM integration workflow.
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5.5Results A UAV application of state-of-the-art map-
based incremental localization

This dissertation first preses results from the application of #ateof-the-art modelbased
tracker in larger environments, tracking larger, more complex objects. SpecifidaBR

(Visual Servoing Packag®)asappliedin two situations:

1) Tracking t he pos etraoking tiae fadadles 6f 2 georafenencadool3y
building model.
2) Tracking the pose o frackng dgeoredesencén@Br3xnaodet r a by

Given an initial approximationof the camera pose, VISP automatically establishes and
continuously traks corresponding features between an image sequence and a 3D wireframe
model of the environment. As ViSP has been demonstrated to perform well in small and
cluttered indoor environment#his work explores the application of VISP in mapping large
outdoor environments by UAVs, and tracking larger objects ,(ibuilding models) The
presented experiments demonstrate the dat a

processing strategies, and evaluateghrformance of the tracker.

The following sectia provides experimental results from the assessment of ViSP in tracking
large, complex objects using an RGB camera onboard a UAV. tltersdemonstrated that
tracking accuracy and maintenance is improved iftggrating RGB-D SLAM into the

localization sgtem.

5.5.1The UAV

This sectionpresents the develop@&adoor/outdoomavigationsystem based on the Arducopter
quadrotor UAV The Arducopter is equipped with a Pixhawk autopilot, a small forhaoking
0.3MP camera and an Occipital Structure sensamw.occipital.com), which is a 0.3 MBepth

camera, capable of measuring ranges up todites+ 10%.
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5.5.2The Pixhawk autopilot

The Pixhawk autopilotomprised of a GPS sensor that provides positioning accuracies of about
3 m, and an Attitude and Heading RefarerSystem (AHRS) that estimates attitude to about 3°
The Pixhawk processes the sensor datatwo stages, attitude determination, followed by
position determination. Attitude is optimally estimated using a loasmlpled filtering
solution, which intetates the gyroscopic attitude solution with the accelerometer and
magnetometer attitude and headinthis system is called the Attitude and Heading Reference
System (AHRS). Position estimation is based on sindlequency GPSingle point position
solutions looselycoupled in a Kalman filter with the IMU. As shownhigure5.15, the AHRS

attitude R?, is used to transform the body accate®ons into the mapping frame.

5.5.3Data collection and processing

In testirg, the UAV flew over York University, up to approximately 40 metres above the ground,

while its onboard camera focused on buildings, walkways, and trE&gire 5.16 shows the
UAVG6s flight p at Rkperimantr The Bl virtpat euddma moelel of &ork
Universityds Keele Campus (Armenakis and Sohi
The model consists of photorealistic 3D TIN (Triangulated Irregular Network) reconstructions of
buildings, trees, ancetrain fFigure 5.17). The model was generated from building footprint

vector data, Digital Surface Model (DSM) with 0.75 metre ground spacing, corresponding
orthophotos at 0.15 metre spatial resolution and teiakeshages. The 3D building models were

further refined with airborne LIDAR data having a point density of 1.9 points per square metre
(CorratSoto et al., 2012) This 3D CAD model serves two purposes in the proposed approach
Firstly, it provides thenecessary level of detail such that individual buildings can be uniquely
identified via Vi SP @sutemmo 1089 Scoedy,gtpmvidesiggpund i t h m
control points to photogrammetrically estimate the camera pose. The geometric acctinacy of

building models is in the order of 10 to déntimetres
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Figure5.16. Th e U Alighd math over the Lassondeulding.

The <camerads intrinsic parameters were <calidob
estimation process. The image framere tested at 480p, 720p, and 1080p resolutions. The

trials revealed that, at 40 metres above ground level, 480p video performed the best in terms of
processing speed and tracking performance. The tracking performance improved bexause t
noisy edges dected by the moving edgestker at higher resolutions were removed at lower

resolutions, leaving only the strger edge responses.

76



Figure5.17. York University's 3D campus model

Figure5.18 A) to F) showsseveral results from the tracking along the West ardeNorth side

of the Lassonde Wlding. The red lines are the projections of the 3D building model onto the
image plane using the respective camera pose. It is ettftEnalthough the tracker does not
diverge, there is misalignment between the image and the projected model; this is dueittio err

the camera poseFigure5.19 A) to F) shows results from the ViSP along the East sidédef t
Lassonde Bilding. Notably, from frame E) to F) in boffigure5.18 andFigure5.19, Vi SPO s
robust control law decreases the misalignment between the image and rhiodedver, these

same frames revealadhViSPis unable to handle occlusions. That is, parts of the 3D model that
cannot be seen in the image are being projected onto the image. This causes errors in the camera
pose when VISP tries to match théses with lines in the image.

Figure520s hows a comparison between the UAVOs trz:
versus Vi SP6s solution. 1137 fr aFigereS.2wWA@¢C)e pr oc
shows the positional coordinatesthe X, Y, and Z axes, respectively, from the GPS solution

and Vi SPokigurem2lD)shows the coordinate differences between the two solutions,
andTable5.1 provides the average coordinatéfetience, along with the standard deviatidrhe

average 3D difference between GPS and VISP i87Irh +15.51 m. With the L1 GPS noise

around 3 metreghese errors are high considering the geometric accwfathe model is 10 to

40 cm. Figure5.21showsgaps i n Vi SPé6s traject avagesufofaom wh e
l ack of model features in the camerabds field
unstabilized camera.
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Figure518. Sampl e fr ames de mo nikased taatkern ghe WestSsRié® mo d e |

and North side (EF) o f Yor k Uni ver dldng waé deind absesvedn thee 3D B
building model is projected onto the image plane (red lines) usingesipective camera intrinsic

and extrinsic parameters. Harris corners (red crosses with IDs) are also being tracked.

Figure519. Addi t i onal sampl e fr ame$asat ¢ranken sTheeSat | n g
side o f Yor k Uni v er dlding ysobeing lolzsened) thd 8D bBilding model is
projected onto the image plane (red lines) using the respective camera intrinsic and extrinsic

parameters. Harris corners (red crosses with IDs) are also beaikegdra
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Figure5.20. An over head view of the UAVO6s tgmeen) ect or )
and VISP solution (red).
Table5.1. Mean and standarddevi i on f or the difference in thi
from its onboard GPS and ViSP.
Mean Standard Deviation

&eX | 8.78 +9.23

&Y | -1.19 +12.16

®eZ | 6.65 +2.73

@3 pn] 11.07 +15.51

2yT 0.15 +13.87

The camera was attached the UAV using a-fdammount, so the camera pitched and yawed
UAV. €6 dié moteafign with the t he A
both the AHRSS®

sequences are ZYX, thus theiaXes are parallelThe camera did not pan throughout the flight,

independently from the

camer a frame. However , and !

so there was a constant offset between théR8Hind camera yaw angles (60.925Figure
5.22A) shows the yaw angles, after removing the offset,Fagdre5.22B) shows the difference.
evident that Vi SPO6s

|t i s ySaselution.s The jomaps mtha g r e e s
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data again show where tracking was lost and rdsdtle 5.1 provides the mean difference in

yaw (@Y, alongwith its standard deviation.
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5.6 Results Combining VISP and RGB-D SLAM

The previousxperiment yielded larger than expected pose standard deviations, and tracking was
often lost throughout the image sequence. The following experiments demonstrate that the
|l ocal i zati on s ysnpevadisterpseof dcaunaay aml traekingimtenance,

by combiningincremental majbased YiSP) with mapbuilding RGB-D SLAM) localization

Two experiments are presented in thestion The first experiment demonstrates the ability of

the combined VISP/RGB SLAM syst em t wackimgwhantthe BDwwirdfranseP 6 s
mod el i's not in the <c¢amer aod dsahmatteniptdo demonstratee w .
that the combined ViSP / RGB SLAM system is capable of accurately mapping large areas
without RGBD SLAM performing loop closws. As previously discussed $ection5.4 this
provides two benefits: Firstly, by closing loops on the 3D wireframe model instead of the RGB
D SLAM map, the amount of data and the amount of time spent collecting data iededuc
because there is no need teoleserve the same areas multiple times to generate large loop
closures Secondly, and consequently, without the need for HLBSL AM6s | oop <cl os
computationally expensive frante-frame comparisons to random framesnd to graph
neighbour frames can be set to zero, thus turning-RGR.AM into a computationally efficient
visual odometry system. Notablyearches for small loop closures betw#en current frame
andits previous 10 framewere performed This haseen shown to reduce the drift in the pose

estimate without much computational cost (Endres et al., 2014).

Figure 5.23 shows the strategy for integratingSP and RGBD SLAM. Firstly, the user

initializes ViSP by manually seleog at least 4 points in the first image frame that correspond to
prespecified points in the 3D wireframe modeVi SP6s VVS algorithm wus
measurements to estimate the camera pose in
RGB-D SLAMthenbegi ns mapping and tracking the came
ME algorithm detects corresponding image and model feature pouitsSP6s VVS al gor
then corrects the camera pose and HGB SLAM i1 s reset at. UWonSPO6s
resetting RGB-D SLAM saves each depth frame, with its corresponding camera pose, that was

collected since the last reset.
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Figure5.23. ViSP / RGBD SLAM integration workflow.
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Most recent transform: 54.238 ( 0.036 sec old)
Buffer length: 4.926 sec

object_position

Broadcaster: /my_file_2_tf

Average rate: 10.202 Hz
Most recent transform: 54.220 ( 0.054 sec old)
Buffer length: 4.803 sec

object_positionQ

Most recent transform: 54.371 (-0.097 sec old)

IMost recent transform: 54.347 ( -0.073 sec old)  [Most recent transform: 54.361 ( -0.087 sec old)

Figure5.24. VISP/RGBD SLAM tree of <coord

tf/view_frames

nat e

transf
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The Robot Operating System (RO8as used to run and integrate the Freenect Kinect driver,

RGB-D SLAM, and ViSP. Thevisp_trackerp a ¢ k a g e opc obe@ $osition_hintvas

used to supply VISPwithRGB S L AMOGSs ¢ amer aThiptopicalloned \tiSProat e s
maintain tracking when it was not able to estimate its own camera pasestom ROS package

was developed to provide RE@B SLAM with the camera poses estimated by ViSP, allowing

RGBD SLAM to start/reset in the 3DThavROSef r ame
transform tf) tree is showmn Figure5.24, wheremy file_2_tfgenerates the transformation from
the3Dwi r ef rame model 6s coordi natl2 SlyAsMésn d odrj ckic

system (vodom).

5.6.1Experiment 1: Improving tracking maintenance

The first experiment was performed in the Bergeron Entrepreneurs in Science and Technology
(BEST) lab The 3Dwireframe model consisted of the rectangular outline of the door, simown
greenon the right ofFigure5.25. The geometric accuracy of theodel was 2 to 5 centimetres.

For testing purposes, a Microsoft Kinect Sensor for Wivela517 was used to collect the data

The Kinectcomprises on RGB camera producing images of 640x480 pixels at 30 frames per
second, and an infrared (IR) emitter and an IR depth sensor, which use a structured light

approach to output depth images 008480pixels at 30 frames per second.

Figure5.25. Initializing VISP in the first experiment using tf@ur corners of the door to the
BEST lab The 3D wireframe model of the door is projected onto th&gie (green lines)sing

the estimated camera pose.
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Figure 526. Sampl e frames from the first ebage@ r i me n
tracker aided by RGB® SLAM. The door of Yor k bUeavevtherfisld df y 6 s B
view in B) and E). The door +enters the field of view in Frames C) and F), showing that

tracking the pose was not lost.

Figure5.26 shows the tracking in progress, where the model of the door (redisnasjble in

A). In B), the model leaves the field of view as the camera rotates towards the left, but because
RGBD-SLAM is concurrently providing pose estimates to VISP, ViSP doe$anas it would

while running alone In C), the model reappearsonthe field of view as the camera rotates
towards the right, showing that tracking the pose was never |@&3t to F) repeat the
demonstration, butirst moving right, then left. The pose estimates retrieved from VISP were
used to alignthe RGBD SLAM point cloud with the model in redgime (Figure 5.27A).
CloudGomparewas usedo measure the spatial distance between the model and point cloud
(Figure5.27C). Focusing on the doarhere VISP performs therift correction, 3cm mapping
accuracywas achievedHigure5.27D). This was an acceptable results considering the geometric

accuracy of the 3D model is 2to 5 cm.
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Mean: 3.0 cm
Std. Dev: 1.5 cm

0015 003 0045 006 0075
Cloud2Cloud Differences [m]

Figure5.27. A) RGB-D SLAM point cloud aligned with the 3D model using the pose estimates
from ViISP. B) 3D model of a door (shown in red) used to generate the simplified rectangular
model used in the first experimentC) Cl o ud Co mptaaoedt(€2C)cdifferanel
measurement between the 3D model of the door and the-IRGBAM point cloud. D)

Histogram of C2C differences, with mean and standard deviation.

5.6.2Experiment 2: Tracking poseacross large areas

Thesecondexperimentwasperformed on the second flooroby k Uni ver si tydos Ber
for Engineering ExcellenceThe 3D CAD design plan of the Bergeron Centre of Engineering
Excellence was used as the known 3D map of the environment. It is a TIN model consisting of
the buil ding6s anwalsiwindows, doorsa ¢tc.),candratpucturat cormpeonents

(concrete slabs and pillars, etclhe geometric accuracy of theodel was 2 to 5 centimetres.

Figure5.28 shows the 3D wireframe model that was used in this experinléns model was
extracted from the full 3D model of the Bergeron Centk8SP was initialized using thiour
corners of the red doorThe Kinect then travelled down the hallway towards the green door, and
finally to the blue door. Notably, the greenodas the entrance to the BEST lab, the door used

in the first experiment. Figure 5.29 shows 6 sample frames that were captured during the
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traverse The red door is visible in A) and B). The green door appears in B).torbg blue

door can be seen in E) and F).

Figure5.28. Left) The 3D indoor model of the second floor in the Bergeron Cerdine area of
interest of the second experiment is outlined by the red lght) The 3D wireframe model

used in the second experiment.

This experiment revealed that increases in the frequency of ViSP camera pose corrections
resulted in trajectories with less drift, and increased overall processing speeds. Conversely, the
computer slowed down when RGB SLAM ran for extended periods of time without resetting

This was due to the large amounts of data being processed simultanebdlasiply, Figure

5.29B) shows a slight misalignment between the iagd the projected 3D modeThis is due

to drift in the pose generated by REBSLAM. However, RGBD SLAM often corrected this

error by closing small loops in every 10 frames.

The main disadvantage of VISP is evidenFigure5.29 C) and E): The portion of the 3D model
that is behind the camera is inverted @nojected onto the image plane, causing langers in
pose estimation when the ME tracker matches thdges with edges in the imagélthough
VISP is designed teecognize these point as outliers, it is not foolpro@fius, future workmay

involve supresmg ViSP from projecting parts of the model that are behind the camera.
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Figure 5.29. Sample frames fromthe econd exper i ment de-besenist r at i
tracker aided by RGB® SLAM. B) shows a misalignment between the image and the projected

3D model. This is due to error in the pose generated by-BGRAM. However, RGBD

SLAM often corrected this errdy closing small loops in every 10 frameS) and E) show the

portion of the 3D model that is behind the camera is inverted and projected onto the image plane.
Tracking was not lost as ViSP is designed t@geize these poists outliers.

5.7 Concluding remarks

The performance of ViSRas assessad tracking a building model in an outdoor environment

from the camera of a UAV. Throughout the image sequence, ViSP oftaéraldghgas aresult

ofa | ack of model f eat ur andbecaose of apid nootonseduedodte f i e
unstabilized cameraFurther, he average 3D difference between GPS and \8i@&tions was

11.07m £1551 m. With theL1l GPS noise around 3 metrdsese errors are high considering

the geometric accurgof the malel is 10 to 40 cm The presented sample frames showed that

VISP was unable to handle occlusions. That is, parts of the 3D model that cannot be seen in the

image are being projected onto the image. Poor occlusion handling caused large errors in the
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camea pose when VISP trietb match these lines with lines in the imagé maintained
misalignment between the image and the model throughout the image sequence also added a bias
in the camera poseThe work in thissectionhas contribugd to(Li-CheeMing and Armenakis,

2015.

The experiments suggested that ViSP can provide only an initial approximation for camera pose
because the moving edgesdker is a local matching algorithm. A simultaneous bundle
adjustment will globally optimize the camera podesding to an inct&se in the accuracies.
Figure5.18 and Figure 5.19 showred points that are labelled with their ID numbers, these are
Harris corners being tracked using a KLT tracker (Lucas and Kah88&). They may be used

as tie points in the bundle adjustment to further optimize the camera poses and generate a sparse
point cloud. Dense matching (Rother mel et al
density. The Iterative Closesobift (ICP) algorithm (Besl and McKay, 1992) may then be used

to refine the alignment between the point cloud and the 3D building modeshibugd further

increase the camera pose accuracies. As-trgle bundle adjustment, dense matching, and ICP
arecomputationally intensive, they should be don a posprocessing stage (further explained

in Section9.1).

Therealt i me camera pose accuracies can be i mprove
another pose estimatih sy st em. For Il nstance, one <coul
positional and orientation data from the UAVD®

Kalman filter, toincrease the accuracy of the pose and bridge GPS gap

It was then demonsitedthat by integrating ViSRvith RGB-D SLAM, not only does RGH

SLAM improve Vi SP6s tracking perfor maibceSLAMés VYVioSB
closing, while improving runtime performanceSoecifically, 3 cm mapping accuracies were
achievedn an indor environmenand ViSP did not failwhen there were no model features in

the image as it would while running alondé-urther,Vi SPO&s pos eocessdan beat i on
thought of as looglosing on the3D model ConsequentlyRGB-D SLAM6s | oop cl
paraneters may be set to low valyglus gaining computational efficiency without sacrificing

localization accuracy.Unfortunately,an implementation issue was encountered wisng a
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larger 3D model. That isapts of the 3D model thaterebehind the canra wereinverted and
projected onto the image plane, caudage errors in the pose when the tracker matched these
model lines with lines in the imageAs a resultof this behaviouryeasonable pose estimates
could not be obtained In conclsion, ViSP cannot be used when the model surrounds the

camera.The work in thissectionhas contribwgd to(Li-CheeMing and Armenakis, 2016
The limitations of VISP revealed in the presented experiments led to the second contribution of

this dissertation: A mapased in;emental localization algorithm, which aimed to building upon

Vi SP6s weaknesses.
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6 A MAP-BASED INCREMENTAL
LOCALIZATION ALGORITHM

The previous chapterssessed the performance of stdtéhe-art modelbased trackers in larger

environments, tracking larger and more complex objects. Specifically, an open source software

implementation of a statef-the-art edgebased model tracker, called ViSP (Visual Servoing
Package) (Marchand and Chaumette, 2002), was used to track the dathmes of a 3D

building model using the RGB camera of a UABection5.5 showed tha¥iSP wasalsoused

to track a 3D indoor model using the RGB camera of a UAV. In both situations, the tracker

generated thercaemehadomapeséeraame with respect

coordinate systemThe results revealed Vi SP0s shortcomi

objects and working environments in previous work were limited in size and compléakity.

expeaiments provided in Sectiorb.5 revealed gaps in the trajectory where tracking was lost.

Losttrackingwasiue t o a | ack of model features in
of rapid camera motionFurther, the pse estimate was biasdde to incorrect edge matches.

This chapter presentthe second contribution of this dissertation: wproved modebased
tracker tlat overcomeshe aforementionedeficienciesof the stateof-the-art The experiments
demonstrag two novel applications of throposed mdelbased tracker

1) An outdoor localization solutiofor bridging GNSSgaps and aiding the navigation sensors
(GNSSINS) using only one RGB camera.
2) An indoorlocalization solutiorfor UAVs using only one RGB casna.

The proposednapbased incrementdbcalization systemuses the Gazebo Robot Platform
Simulator (Open Source RobotiE®undation, 201)7for occlusion handling. Gazehs a 3D

simulator with a physics engipeapable of simulating robots and a variet sensors in complex

t

and realistic indoor and outdoor environments. It is typically used to test algorithms and design

robots(Figure 6.1). An additional contribution of thiglissertations utilizing Gazebo in real

time appications
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As the modebased tracker operates, the pose of a simulated camera is dynamically updated in
the Gazebo simulator using the previously estimated (feigare 6.2). The proposed model

based tracker automatically matshieatures from the real camera image with features in the
simulated camera image, referred to herein as a synthetic image, to estimate the current pose.

The following section describes the wdldw of the proposed tracker in more detail.

‘ el | ]
Figure6.1. Simulated quadcoptar Gazebts virtual environmenfOpenSource Robotics
Foundation, 2017

Figure6.2. The trajectory of the UAV within theD CAD modelof the building.

6.1 Pose Estimation Workflow

This section presents a visuatalizationalgorithmthat automatically identifies corresponding
features between the images streamed from a UAV flying in an urban environment and a 3D

model of the environment The camera pose resolved from the corresponding feature points
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provides a precistajectory estimatevi t h r espect to the 3D .envi

The following section, accompanied Bigure6.3, descriles the posestimation process.

UAV Synthetic
Image Image

1) Extract straight Extract straight
line segments line segments

select and sort
2 horizontal and

select and sort
2 horizontal and

2 vertical lines 2 vertical lines

Lines meet criteria? Lines meet criteria?

— ' Yes Yes' -
No No

3) Line-to-line space resection

¥

All 4 correspondinglines are inliers?

No ,w Yes No
Lin

4) e-to-point space resection

& Corresponding start and end points

5) Point-to-point space resection
j

¥

Output: Camera pose

Figure6.3. The proposethcremental maybased localization algorithm

1) The user must provide an initial approximation of the camera pose for the first fBraight

ro

line segmets are then extracted from the image. These lines are referred to as real image lines.

The very simple and efficient line extraction techniques present&htiy et al. 2009, such
the length, midpoint, quarter point and Bresenham walk checks, are Uibéglline extraction

method was selected because it was designed to function #timealand it is capable of
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extracting long, uninterrupted lines, and merging lines based on proximity and parall&hsm
extracted lines are then matched with limegs t r act ed from a virtual C i
using the same line extraction approach; these are referred to as virtual image lines. This virtual

camera is positioned in Gazebodbds envi Bothn ment

real and vitual image lines are representedthgir 2D start and end points.

2) In the matching phasew® horizontal lines and two vertical lines are randomly selected from
both the real and virtual image lines until the lines satisfy the following conditioal:lipes

must be longer than a user specified length, ii) the vertical separation across the image between
the two horizontal lines must be largdran a user specified distanand iii) similarly, the
horizontal separation between the two verticaldinaust be largeghan a user specified distance.
These three conditions aim to yield the minimum number of lines that can be used to accurately
and reliably estimate the camera pose. For both the real and virtual lines, the two horizontal
lines are sore top to bottom, and the two vertical lines are sorted left to right. The top real
horizontal line is then paired with the top virtual horizontal line. Similarly, the bottom real
horizontal line is paired with the bottom virtual horizontal line, therkst vertical lines and the

left virtual vertical lines are paired, and finally the right real vertical line is paired withgthie

virtual vertical line.

3) Thecorrespondence of these four rgatual line pairs is tested by a lisie-line (L2L) space
resection (Meierhold et al., 2008)This method of space resection estimates the camera pose
given corresponding 2D image lines and 3D object lines. 3D object lines are referred to in this
work as virtual object lines and are represented by thest&D and end pointsin this case, the

3D start and end points of a virtual object line are calculated viaasting, that is, by casting a

ray starting from the virtual camera, through its respective 2D image point, and determining
where it intersectwith the 3D model. The real and virtual image lines are considered correctly
matched if the pose covariances from the space resection are within a user defined tolerance and
if the estimated camera pose is within the error ellipsoid of the camera @oketqn by the
Kalman filter of the navigation system. If either condition is not met, four new lines are
randomly sampled from the sets of real and virtual lin&&atching lines via this lingo-line

resection was chosen because it does not requirethesponding lines to have cesponding
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start and end points; a condition whichseddom metdue to occlusions for instanceection

6.5.2.3elaborates on this point.

4) Meierhold et al. (2008) demonstrate that a npeeise pose estimate can be obtained by a
pointto-line (P2L) space resection. This approach is interesting because it not only solves for
the camera pose, but also estimates the 3D coordinates of the corresponding object point for each

real I maagt and end poatS, snore detsilprovided in Sectios.5.2.2

5) Finally, because corresponding image and object points are now available (from the P2L
resection), a traditional pohto-point (P2P) space resection is don&his provides a more
preciseestimate for the camera pose than the pwHiine approach because the measurement
redundancy is higherthe pointto-point resection only estimates the 6 camera pose parameters
while the pointto-line space resection asiates the 6 camera pose parameters plus one
additional parameter for every 2D image point measurement. As described later in @Bction

this parameter (t) identifies the point on the 3D model wheree r ay f r oamerd, he UA
passing through the real image point, intersects the 3D virtual object line (Meierhold et al.,
2008).

For exampleFigure64A) shows a sampl e i mage <captFignreed by
6.4B) shows its corresponding synthetic image in the Gazebo simul@her lines labelled 1 and

2 are two randomly sampled horizontal lines, sorted top to bottom. The lines labelled 3 and 4 are
two randomly sampled vertical lines, sorted left to rigbespitenot having corresponding start

and end points, these four line pairs correspond according to the-line space resection test.

Figure 6.4C) shows the image projections of the 3D virtual object lines that were estimated by
the pointto-line space resectionlt is evident that the start and end points of each real and
virtual image line now correspond. These start and end points are then used iRte:aimtt

space resection to yiel dmerdaposef i nal estimate f

Notably, an assumption is made that vertical lines in the environment remain approximately
vertical in the image, implying that horizontal to oblique (not vertical/nadir) imagery is captured
from the UAV.
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Figure 6.4. Line matching example: Real image (A) and corresponding synthetic image (B),

each with 2 randomly sampled horizontal lines, sorted top to bottom (labelled 1 and 2) and 2
randomly sampled vertical lines, sorted left to right (ledaeB and 4) C) shows the real image

l inesé corresponding virtual i ma g-o-pdint sgpaee st art

resection.

The following sections provide a justification and methodology for extracting lines, and the
mathematical éscriptions of the pose estimation methods, napeilyt-to-point space resection
(Section 6.5.1), pointto-line space resectiorSéction6.5.2.93 and lineto-line space resection
(Section 6.5.2.3. Section 6.6 provides experimental results demonstrateny increase in
performance, in terms of accuracy aptcecision of the proposedncremental majpased

localizationcompared to the statd#-the-art in both indoor and outdoor environments.

6.2 Feature selection

It is evident inFigure6.5 that he textures of the building models hditée correlation with the
UAV & imagery because of changes in illumination and weatbaditions, along with the
presence of shadowsFurther, the colours of buildings mahange with time, for example,
when roofs are repaired or walls are painted. However, the shape of the building remains
relatively stablein time and is more suitabller matching Thus, this work focuses towards
matching geometric features (points, lines, polygons, etc.), as opposedutebased features

such as using SIF{Lowe, 1999) and SURF (Bay et al., 20G8Yyorithms. Further, natching
geometryis convenent as 3D models generally provide a database of georeferenced vertices

(points), edges (lines), and faces (polygons).
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Figure6.5. Real image (left) and correspondisgnthetic imagéright).

Extractirg feature points with a corner detector, such as Harris corHarsi and Stephens,
1988),would yield many unwanted points from objects surrounding the building such as trees
for instance which are not included in the moddio consider matching polygs, a robust
solution is required that could handle a variety of noise, occlusions, and incomplete or unclosed

figures. Such a method would increase the complexity antimanof the system.

Matching silhouettes has been proposkdtdcki et al., 200Q)but are limited as they ignore
internal contours and are difficult to extract freeal images. More promising approaches are
the matching of edges based, for example, on the Hausdodhdes{Huttenlocher et al. (1993),
Valtkamp and Hagedoori999) or the Distance Transform (Gavrilla and Philomin, 1999). A
drawback for this application is that the method does not returgruent features between the
image and the modé@Belongie et al., 2002).

Linear features were chosen to establish correspwedbetween the model and the image. Line
matching approaches are divided into algorithms that match individual line segments and
algorithms that match groups of line segments. Matching single lines is based on geometric
properties, such as orientatiolength, and extent of overlap, and thus lines contain richer
semantic information than point featureMatching groups of lines takes away the ambiguity
involved by providing both pattern associations and geometric informa@oaphmatching is a
comma approach, as graphs capture relationships such as left of and right of, and topological

96



connectedness (Baillard et al., 1999arious approaches may be used to extract lines from
images. Leung et al. (2008) use vanishing point analysis to extrazomiatiand vertical lines
from an imagehowever,they demonstrate thaxtractirg vanishing pointsrequires a lot of
processing power to realize a réiahe system. Other line extraction techniques may also be
used, such as the Hough Line Transform (Dadd Hart, 1972), the Progressive Probabilistic
Hough Transform (Matas et al., 2000), or the Line Segment Detector (Von Gioi et al., 2010).

6.3 Extracting lines

The chosen linear feature, referred tdhis work as thé/ertical Line Featurgconsists of two
corners connected by a vertical line. In agreement with Cham et al.)(20df@ical Line
Features were chosen ovether featuresbecause they commonly appears in structured
environments, and the gystabilized camera enables vertical lines to be ifiedtefficiently

and reliably, as vertical lines in the object space are highly probable to be vertical or close to in

the image space.

The following process was developedexitract Vertical line Featuresfrom images Firstly,

corners are extracted frothe Canny edge image and classified according to their orientation
into one of the following types: 1) Top Left, 2) Bottom Left, 3) Top Right, or 4) Bottom Right.

For example, the Topeft Corner Templates iRigure6.6A) are used to classify top left corners

via 2D crosscorrelation (Lewis, 1995 Rotated versions of these templates are used to classify

the remaining corner types in a similar fashion,, itke Top Right Corner Templates are
obtained by rotatip the Top Left Corner Templates clockwise by 90 degre&s.shown in
Figure6.7,many o6f al se cornersd were detected in the
to objects surrounding the building and are not present iBDheodel, such as trees and signs.

To narrow the search space for correspondence, detected corners are rejected if they do not meet
a condition that forms ®ertical Line Feature That is, all of the following conditions should be

met:

1) A Left/Right Vettical Line Feature is a continuous line of pixels that connect a Top
Left/Right Corner to a Bottom Left/Right Corner.
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2) Given the camera is kept level by the gimbal system, the slope of the line should be within a
tolerable range of the vertical definedtonhe i mageds verti cal axes.
3) The Top Left/Right Corner should be higher in the image than the Bottom Left/Right Corner.

All the combinations of Top Left/Right Corners and Bottom Left/Right Corners are sequentially
tested against the various conditiorita Top Left/Right Corner and Bottom Left/Right Corner

do not meet a condition, the pair of points is discarded and the next combination of points is
tested Tests are performed in increasing order according to computational complexity to
increase effiiency Figure 6.7 shows Left (red) and Right (green) Vertical Line Features
extracted from the sample UAV image. Usthg samemethod,Vertical Line Featurewere
extracted from t he synt hwereiclassifiednacagreling to cdriee 3 D
type, and vertical edgesgere classified as either Left or Right Vertical Lindsgure6.8 shows

the Left Vertical Line Features (red) and Right Vertical Line Features (green) that areimisible
the synthetic image.Top and Bottom Horizontal Lines Features are extracted in a similar
fashion A Top Horizontal Line is composed of a Top Left Corner amg Right Corner,
connected by a horizontahage line. Likewisea Bottom Horizontal Linesicomposed of a

Bottom Left Corner and Bottom Right Corpeonnected by a horizontahage line.

Figure6.6. (A) Top Left Corner templates, (B) Left Vertical Line Feature,
(C) Right Vertical Line Featax
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¥ Top Lef Bottom Left % Top Right Battom Right
Left “ertical Line Feature Fight “ertical Line Feature

Figure6.7. The extracted corners and Vertical Line Features from the edge image of the video

frame.

Figure6.8. Left (red) and Right (greeNertical Line Featureextracted fronthe synthetic

image
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6.4 Narrowing the search space in feature matching

Given the scales of the synthetic image and the video frame are similar, the horizontal spacing
between the vertical lines should be similar as .wélhus, a horizontal shift should align both

sets of vertical lines. This shift is evidentrigure6.9, where for eackertical ling the column

value of the Iinebds centroid i s rqgdkevidstignifiesagai n
the lines extracted from the video frame, and the green series corresponds to the lines from the
synthetic image. The triangles symbolize Left Vertical Line Features, and squares symbolize

Right Vertical Line Features.

The maximum glue of the cross correlation of the red (video) series and green (model) series
provides the numerical value of the horizontal shift. Vésical linesfrom the synthetic image

are shifted and matched with thertical linesfrom the video frame baseah @roximity and line
length. Figure 6.9 shows the lines from the video images with the shifted lines from the
synthetic image. Potential Vertical Line Feature matches are circleidure6.10. Matching
Vertical Line Featuresia correlation between the video image and synthetic inhagé&een

successful with the orientation angles difig by as much as 11 degrees.

160
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Horizontal Shift

Line Length [pixels)
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Figure6.9. Horizontal shift betwen the Vertical Line Featusefthe video frame (red) and

synthetic image (green).
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Figure6.10. Corresponding Vertical Line Features between the video frame (redyatitktic

image (green) are circled

6.5 Pose estimatiorvia space resection

Once correspondence between the sensor data and the map is established, through either absolute
or incremental techniques, different forms of space resection may be used to estimate the camera
pose from the correspoimg) features.For example, VVS uses a poipased space resection. By

using a linebased space resection, it is not necesgargientify congruenpoints in the image

and the 3D model Of the major works covering the concept of implementing straigbslas an
alternative or a complementary to point featum®e could refer to the orientation of images on

the basis of inidect lines (Mulawa and Mikhail1988), space resection, and image orientation
based a coplanarity equations (Habib et al. (2008n den Heuvel (1999))mage orientation

using collinearity equationd ¢mmaselli and Lugnar{il998), SchenkK2004), Habib and Kelley

(2001)), aeral triangulation (Habib et a[2000, Habib et al. 2002), and determination of the
calibration parametersf aerial camerasBfown (1971), (Habib et al.(2002), as well as
coreferencing $haker (2004, Habib et al.(2004), Habib and Aluzouq 004) and the
geometrical corrdmon of satellite images (Long et a2011). Nonethelessio research hasbn

acomplished, to the auth@ knowledge, about the utilization dihear features irreattime
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UAV-based photogrammetryThe following sections describe the pose estimation strategies

used in this dissertation.

6.5.1Point-based image orientation

A single photoresection is used to determine the interior and exterior orientation parameters of
an i mage. The exterior orientation panpameter
and the positionXy, Yo, Zo) of the perspective centre in relatitmthe olject reference system.
The EOPs aralso referred to in literature as camera pos$hke interior orientation parameters
(1 OPs) includes t heprincipahpeint acdrdinatesy,oop &nd tadiahlgns h
distortion @x, dy. The resectio is accomplished by measuring the image coordinates of object
features When these object features have known 3D coordinates in the object reference system,
they are known as control point3he applied collinearity model (Equati¢®.1)) describes the
projection of an object point tmthe image plane of a camera:

(6.2)

Qw

S:| E: &:| &
S:| & &:| E:
e:E: E:| E:
g e & &
€| & E:| Ex
E:| & E:| Ex

where r;; = elements of rotation matrix
X, Yy = image coordinates
X, Y, Z = object oordinates

In this work, the lens distortion is limited to the radial distortiBmown (197) providesthe

radiallens distortion correction as:

(6.2
Qo 0wz Qz | i Nz i i Nz ie i
QW 0wz Qz i i Nz i i Nz iee i
i e o
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where p = sensor specific parameters (zéistortion radius)

x06 yo6 = i ma glateddoahe prohdipal adine s

At least three nowollinear control points are required to calculate the exterior orientation
parameters.A nontlinear least squares adjustment is possible with the use of more points. The
overdetermined system of equa@is is solved by iteratively minimizing the sum of the squared
deviations between the projected object features and their corresponding image measurements
If a sufficient number of suit&pdistributed control points aravailable, the parameters of the
interior orientation and of the lens distortion can be estimated simultanedastiynating the

interior orientations mainly useful for photos taken with a Roretric camera because the focal

length and principal poimhay vary throughout the images.

6.5.2Line-based image orientation

Kubik (1991) presented an approach to perform a single photo resection using straight 3D lines
in the object space and the measurement of points on the corresponding lines in the image, in
other words pointo-line correspondeces Schwermann (1995) presented an approach to
perform a single photo resection using straight 3D lines in the object space and the measurement
of corresponding lines in the image, in other words-1oakne correspondences. The following

sections degibe both the pointo-line resection and the lirte-line, respectively.

6.5.2.1 3D line representation

There are different methods for describing straight lines in Euclidean 3D. spdeee, a
description with four parameters is chosen, which was publish&bberts (1988) antesumed

and varied by Schenk (2004)his line representation was chosen because it is simple and free
of singularities, so no special cases have to be considéwather, the number of parameters
used to represent the line is eqtalthe degree of freedom of a 3D line (i.4). The two

positional parameters (XY9) and t he orientation figwrefhet er s
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The azimuth U and the zenith angle d can be
direction vectord of the line Figure 6.11 (left)). A unique representation of the line results

when the angles are | i<midt e<d, ®idtine B restrictédl tothe 3 6 0 A
hemisphere of the positive-akis. The following matrix describes the rotation about trexi&

byangl e U and the subsegaxs@eYdotmyi amgladodit t he

Figure 6.11. The fourparameter represeiion of a line in object spaceTwo positional
parameters define he | i neds intersection wiYy) andawo pl ane
orientation parameters define the directionoflide ( d) ( Mei er hol d et al .,
(6.3)
ATIGAT-O0ERAT-©6 OEL
Y OFI ATlO Tt
AI|GOE+ OBEROEF AT-©

The resulting X6 and YO axis reside on a pl
perpendicular to the lineThe two positional parameters result from the intéiseof the line
with this plane Figure6.11 (right)). The intersection point corresponds to the closest point on
the line to the origin.
(6.9)

w
— A =|ij—
0
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The rotation of any poimi=(X, Y, Z)" on the line from the object coordinate system to the new
coordinate systemEuation(6.4)) leads to the same planimetric coordinateg (%), but ©
differer coor di n at e sexpaekssedby tha parametériihe aguation of the line in
the object space can be recovered by inversidgaation(6.4):
(6.5)
G2ATIGAT-O 02081 GATGOET
- dlprem OZOETZAT-O OZAIIOGOEROES
»2O0EL GAT-O

6.5.2.2 The point-to-line space resection

The 3D lines are described by 4rameters (X Y, U, d) aSectipn6.6.2inthed i n
physical interpretation, rays projecting from the camera perspective centre through the image
points should intersect the corresponding object linégufe 6.12). The pointto-line
correspondence can be described mathematically by modifying the collinearity equations
Where the object coordinateX, (Y, 4 are replaced with the respective row of the line equation
in Equation(6.5):
(6.6)
6 0:AIOAI-0 0:08] GAIIOOEL
with & c’bZOEEIZAI—G),(I)’ZAAIA|C~)._OZ,OEEIZOE—I-
@ OzZOE+ GAI-©

As in the pure poirbased method, the parameters of the exterior orientaipiy, Zo, ¥, «, ) ©

are estimated in an iterative process, where the residuals of the observed image coordinates are
minimized. Additionally, one degree of freedom is added for every point measurement as the
line parametet has to be estimated for everydge point When measuring two image points

per object line, at least three known farallel object lines are required for determination of the
exterior orientation: 6 unknown EOPs + 6 unknowns line parameters (t) = 12 unknowns; 6 point
measurements 2 image coordinate measurements peintpg 12 measurement equations.
Notably, the EOPs estimated by the pdaitine resection are identical to the EOPs estimated by

the pointto-point resection. The increase in measurement redundancy from thégpowet to

the pointto-point resection yields a respective decrease in estimatedta@dard deviatian
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The parameters of the interior orientatio, (yo, f) as well as the parameters of the radial
distortion ki, k, k3) can be calculated from at leasx known spatially distributed object lines

(e.g, in planes with different levels of depth) with two corresponding image poirfis
increasing the redundancy and consequently improving the accuracy of the adjustment, the
number of image points pebject line can be increased.

Notably, the pointo-line resection yields 3D object coordinates of image measurethantsre
not necessarily present in the 3D modds a result, this technique could be consdeas a
map-building algorithm.

Figure6.12. Point-to-line collinearity approach to establish relationships between object space
lines and their partial projectionsimages (Meierhold et al., 2008).

6.5.2.3 The line-to-line space resection

The equationsf the image lines are defined as:
(6.7)
W dzw ¢

W a0 Zw tee

where m, mé = sl ope

n, n érsectioniwithtappropriate axis
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Schwermann (1995) used this type of line equations for the descripitithe object lines as

well. However, this representation is only applicable for straight lines with small slopes. To
avoid special cases with respect to appropriate axes, Meierhold et al. (2008) modified the method
by applying the 4arameter line eqiions presented iBection6.5.2.1

This lineto-line correspondence can be described mathematically by modification of the
collinearity equations in such a way that the image line parametery are dependent on the
paraneters of the object line &X, Y 9 and the pamimeters of the exterior and interior
orientation. The unknown line parametewas eliminated because points are no longer

considered The resuing equations are shown below:

(6.8)
5 WZW W2
YZw YZw
s g (bzoon WZw Yz Yz
Yz Yz YZzw YZw
where
(6.9
Y i zATIGOE+ i zOEIZOEF 1 zAT-06
w 1 zZATIGOE+ i zOEIZOEF 1 zAT-0
w 1 zZAIIGOE+ i1 zOKEIZOE+ 1 zAT-©
Y o1 zo O 1 zO6 O 1 zO6 O
w 1 206 & 1 206 O 1 206 O
® 1 20 ® 1 206 ® 1 206 @
with
(6.10)

0 OzZAIIGAT-O ®zO0E1
6 OzOERAT-O OzZAI10O
o) »zO0E+

In the special case of a vertical image line, the inverse relatioks|uation(6.8) have to be

consideed as observations in the nlimear adjustment process.
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(6.11)

. P
a -
a
€
a

The exterior orientation parameters of an image can be estimated from at least three straight lines
defined inthe object spaceThe observation model does not include lens distortion because the
correction model ifEquation(6.1) is not applicable Thus, a ditortion model that is dependent

on the image line (m, n) has to be developatternatively, the lens distortion can be calibrated

and removed from the image before the imagentation process The measurement of the
image lines would then be performed in the resampled image. Meierhold et al. (2008) suggested
an integrated oentation procedure using elements from pldmb calibration (Lerma and
Cabrelles, 2007 Brown (1971) firstdeveloped the plumb line methad seli-calibration in
closerange photogrammetry Using images containing straight lines, Brown evaluated the
extent of the deviation of these lines from a straight direction to estimate the radial and
decentring distortion of the lens, as well as the coordinates of the principal Noktatbly, it has

been demonstratdtiat it is possible to use straight lines éamera calibration (i.eestimation

of image interior orientation parameters) for both fragpe fsan den Heuve|1999, Wang and
Tsai(1990) and puk-broom (Habib, et al2003) images Most recentlyBabapour et al2017)
presented aacobi Fourig (JF) combined orthogonal modtiat used for sekcalibration of

digital cameras using a standalone pugsion process They showed an improvement in
correcting the complex camera distortions compared with the traditionaiagibifation methods
(Babapouret al, 2016) This is particularly important in UA\based photogrammetry, where

images derived from nemetric cameras require more advanced manipulations.

6.6 Results: A novel map-based incremental localization
algorithm

The following experiments deonstrate two novel applications tife proposed moddlased

tracker
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1) A UAV localization solutionfor bridging GNSSgaps and aiding other navigation sensors
(GNSSINS) using only one RGB camera.
2) An indoorlocalization solutiorfor UAVs using only one RGHE camera.

The results show tham iterms of accuracy and trackingaintenancethe proposed moddbased
trackerdemonstrad a significant improvemermompared to the statd-the-art. In both the
outdoor and indoor experimentsyaue of one quartgl/) of the image width (12 pixelsgiven

a 640 x 480 pixel (480p) image resolufiamas used for all three threshol@able6.1). This
thresholdwas chosen becaugeeduced the number ofindidate lineso an adequate amount fo
reattime matchingonboard the UAY while yielding lines with adequate length to estimate the
camera pos&ith a precisionless than 3 times the geometric accuracy of the 3D moteé

pose estimated from the poitakpoint resection was acceptedtife estimated 3D positional
standard deviation was less than 50 cm in the outdoor environment and 10 cm in the indoor
environment. Thesthresholdvalues were chosen based on the geometric accuracy of the 3D

model used in the experiment.

Table6.1. Threshold values used in thatdoor and indoogxperiments

Threshold parameter Threshold value

Line length Ya image width

Vertical line separation Ya image width

Horizontal line separation Ya image width
3D standad deviation (outdoor) 50 cm
3D standard deviation (indoor) 10 cm

6.6.1Experiment 1: Map-based incremental localization in outdoor
environments

This experiment assessed the proposed rwaldd tracker in tracking a georeferenced 3D
building model using th&kGB camera of a UAV for the purpose of UAavigationin GPS
denied outdoor environments Previous modebased trackers have been demonstrated to
perform well in tracking small, simple objects in small and cluttered indoor environmémts
sectiondenonstrates a novel modbhsed tracker capable of tracking larger, complex objects
(i.e., building models) in largeutdoor environments by UAVs. This experiment specifically
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aimed to show improvement, in terms of accuracy and tracking maintenance, &oestitts
obtained in SectioB.5 where improper model projection and maintained misaligninetwteen
the image and the modehused larger than expectagderage B positional standard deviations
(11.07 mz 15.51 n) andlosttracking.

The 3D virtual buil ding model of York Univers
was used as a known environment, this is the same model used in the expemsented in
Section5.5. The 3D CAD model se&ed two purposes in the proposed approaéirstly, it

provided the necessary level of detail such that individual buildings could be uniquely identified

by the modebased tracker Secondly, it provided ground control points to photogrammetyic

estimate the camera pose.

The samell37 frameghat were processeth the experiment presented in Sectio® were
processedh this experimentThe camer ads i ntrinsic parameters
held fixed in the pse estimation process. The image frames were tested at 480p, 720p, and
1080p resolutions. Trials revealed that, at 40 metres above ground level, the 480p video
performed the best in terms of processing speed and tracking performdiee tracking
perfaomance improved because the noisy edges detected at higher resolutions were removed at
lower resolutions, leaving only the stronger edge responghs. following sections provide a
guantitative analysis of the obtainable precision and accuracy of tHeatioa algorithm in

outdoorenvironments

6.6.1.1 Precisionassessment

Figure6.13 shows the five frames from the outdoatatasewhere the drift correction occurred

The top row shows the real i mavwg each dnaagetiuitsed by
corresponding synthetic image. The red lines show the two horizontal lines (labelled 1 and 2)

and two vertical lines (labelled 3 and 4) that were matched usingoliiiee space resection.

Table 6.2 shows the average and standard deviation of the pose standard deviations from the

least squares adjustment for the 5 sample framiegime6.13.
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Figure6.13. Outdoor experiment: Trking a 3D building model using the camera of a UAV.

Table6.2. Qutdoor experiment:. Average X and standard deviatior) () of the pose standard

deviations from the least squares adjustmenti®iStsample frames Figure6.13.

Q@ Jo | @ Juw | Ju |0 o |G g | & Co | Tg Qg

[m] [m] [m] [m] [ U] [ U] [ U]
1.980 1.0257 1.155 2.511 1.765 2.517 1.036

L2L +1.755 + 0.493 + 0.698 +1.951 +0.762 +2.394 + 0.440
1.264 1.077 0.885 1.881 1.706 1.661 0.974

P2L +1.319 = 0.600 +0.375 +1.496 + 0.650 +1.774 + 0.570
0.219 0.3322 0.252 0.471 0.476 0.321 0.267

P2P | +0.049 + 0.067 + 0.020 +0.085 +0.110 + 0.089 +0.100

Table6.3. Gut door

the differences between ground truth model coordinates and object coordinate calculated by the

e X ek paintrstatisticé. sTheaverages and standard deviations of

point-to-line resection for horizontéilnes and verticdines.

Number Y&  Qpe yL  Qpu YL Qu | Y 1 G
of lines [m] [m] [m] [m]
Horizontal 0.01 -0.221 0.026 0.222
lines 19 +0.24 +0.44 +0.221 + 0.547
Vertical 0.001 -0.006 -0.117 0.117
lines 21 +0.03 +0.05 +1.065 +1.067
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As expectd, the lineto-line (L2L) space resection yielded the least accurate pose estimates,
followed by the pointo-line (P2L) space resection. The peiofpoint (P2P) space resection
provided the most accurate estima#s cm3D positioning accuracies werelaeveal from the

P2P space resection. This is acceptable considering the geometric accuracy of the 3D model is
10 to 40 cm.

The green circles iRkigure6.13 indicate check pointsThe 3D object coordinates of these points

were estimated by the poitib-line resection and compared with the ground truth coordinates
(manually extract ed). fThecerwere 10 eheck pains Ifréns horizantalt | ¢ e s
lines and 21 check points for vertical lines for outdoor scen@eble 6.3 provides the check

point statistics The Z component of the vertical lines was the noigee4t065m). This could

be due to the distribution ofertical lines across the images, outliers, or inaccesaof the 3D

model. Theaverage 3D difference from the point cloud to the 3D (020547 m and 0.11F

1.067m for horizontal and vertical lines, respectivalsg within the accuracies tife 3D model

(10 to 40 cm)suggesting that the proposed tracker effectively identdadesponding featuse

and rejected outlier matches.

6.6.1.2 Accuracy assessment

The 113Aideo imagegaptured in the outdoor dataset presented in SegttoBwere processed

with VisualSFM and SURHKFigure 6.14). The reconstruction system integratéde map
building incremental localizatioalgorithmsdescribed in SectioB.2 Explicitly, a GPUbased

SIFT module parallelized matching, a multicore and dfeded SfM module estated the
camera parameters and generated a sparse point cloud, and the PMV&CRE® ol chain
efficiently densfied the sparse point cloud. The reconstruction system resulted in one point

cloud, implying that incremental tracking was nevet tbsoudhout the image sequence.

The camera poses estimated from the proposed nimaedd trackewere used to transform the
photogrammetrically derived 3D point cloudttch e 3 D model 6 s Fgwedbisyi nat e
Check points wereised to assess the accuracy of the georeferenced 8Dcpmid generated

from the UAVGs sensor dataHigure6.16). The ground truth@ordinates were extracted from the
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3D building model. Te results from manually comparing sponding points between the

UAV & point cloudand building model are ihable6.4.

Figure6.14. VisualSFM and SURE used to generaterse point cloud of the Lassonde
Building from the UAVs video imagery.

Figure6.16. Check points (ré circles) for accuracgssessment of the point cloud.
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Registering the UAYS point cloud with the 3D builing model resulted 6 cm mapping
accuraciesrpot mean squa error (RMSE)).The registratioraccuracywas also evaluated using
the CloudComparewivw.danielgm.net/c¢/software. The Multiscale Model to Model Cloud
Comparison (M3C2) algorithmLégue et al., 2013)vas usedo statistically detect significant
changes bet ween t heapdiA\lousdsampted from the nadel d3C2Aa n d
computes the local distance between two point clouds along the normal surface direction.
Distances larger than a user defined threshveliceconsidered outliersThe estimated points not
belonging to the model were segmented based on this thresfAbley mainy consisted of
vegetation surrounding the buildjr{white points inFigure6.17). A threshold value of 0.56 m
was used because this was the estimated {BiMSEsp) calculated from the check points
(Table6.4).

Table6.4. Accuracy assessment of the generated point clouds
Building # Check mints RMSE3p [M] Average 3D eror [m]
Lassonde 13 0.56 0.61

Figure6.17. Detecting the estlmated points belonging (red) and eloinging (white) to the

model.
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The remaining points (red points gure 6.17) were used to evaluate the r&gation quality
between the UAX point cloud and théuilding model(Figure 6.18). The average pointo

point difference between UAX point cloudand the model for the LassondeilBing was-
23.1cm +£43.2cm This was acceptable given the geometric accuracy of the 3D modebiglQ0 t
cm. It is evident fromFigure6.18 that the larger differences correspond to vegetation points that
still reman after the filtering process.

M3C2 distance [m]

1.523554
1.333110

1.142666
0.952221
0.761777
0.571333
0.3808891
0.190444
0.000000

4 -0.190444

-0.380889
-0.571333
-0.761777
-0.952221
-1.142666

- -1333110
Mean Difference: -23.1 cm -1.523554
Standard Deviation: £ 43.2 cm

Figure6.18. Registration quaty between the UAE point cloud and the model.

6.6.2Experiment 2: Map-based incremental localizationin indoor
environments

The secondexperiment assessed the proposed mbdséd tracker in tracking a 3D indoor

model using th&RGB-D camera of a UAV for th@urpose of UAVnhavigationin GNSSdenied

indoor environmentsThe experi ment was performed on the
Bergeron Centre for Engineering Excellenttee same model that was used in the experiments
presented in Sectidh5. The experiment began with the user providing an initiaf@gmation

of the camera pose. o@espondingstraight linesbetween the image sequence and the 3D indoor
model were then automatically identified. At each frame, theespondindineswere used in a

space resection to estimate the camera pbggpire6.19 shows the trajectory of the UAV within

the3D CAD model of the buildingvith standalone RGBD SLAM (left), andwith the proposed
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modeltbasel tracker(MBT) integrated with RGHD SLAM (right). Notably, RGB-D SLAM

was functioning as a visual odometer, thatasp closuredetection was disabledt is evident

that the drift present in the staatbne RGBD SLAM solution is mitigated by the pposed
modelbased tracker.The following sections provide a quantitative analysis of the obtainable

precision and accuracy of the localization algorithrmdoorenvironments.

RGB-D SLAM (no loop closures) MBT + RGB-D SLAM (no loop closures)

Figure6.19. The trajectoy of the UAV (red circles)n the indoor environmentithout model

based tracking (left) and with modehsed tracking (right)

6.6.2.1 Precisionassessment

Figure6.20 shows five frames from the indoatatasewhere the drift correatn occurred The
top row shows the real i mage <captured by th
corresponding synthetic image. The red lines show the two horizontal lines (labelled 1 and 2)

and two vertical lines (labelled 3 and 4) that were matciset lineto-line space resection.

Table6.5 show the average and standard deviation of the pose standard deviations from the least
squares adjustment for the 5 sample framdsidgnre 6.20. As expectd, the lineto-line (L2L)

space resection yielded the least accurate pose estimates, followed by tkHe-lpmen{P2L)

space resection. The poiatpoint (P2P) space resection provided the most accurate estimates
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1.4 cm 3D positioning accuracies werachievel from the P2P space resection. This was

acceptable considering the geometric accuracy of the 3D model is 2 to 5 cm.

Figure6.20. Indoor experiment: Tracking a 3D indoor model using the camexdJaiV .

Table6.5. Indoor experiment: Average X and standard deviatior) () of the pose standard

deviations from the least squares adjustment for the 5 sample frafigare6.20.

Q@ Jo | @ du @ du |0, o, |0 O |4 Co | Gg Og
[m] [m] [m] [m] [ U] [ U] [ U]
0.127 0.127 0.149 0.233 2.416 1.435 1.671

L2L +0.123 +0.127 +0.120 +0.213 + 2.576 +1.205 + 1.905
0.085 0.102 0.093 0.162 1.831 1.048 1.540

P2L +0.042 + 0.069 + 0.0 + 0.085 +1.298 + 0.601 +1.342
0.007 0.006 0.011 0.014 0.240 0.100 0.181

P2P | +0.005 + 0.003 + 0.007 + 0.009 +0.182 + 0.081 +0.143

The green circles iRigure6.20 indicate check pointsThe 3D obgct coordinates of these points
were estimated by the poita-line resection and compared with the ground truth coordinates
t he

(manuallyextrat ed f r om

mo d e O éheck pomts from tiaizontal linesT her e
and 10 check points for verticaides for outdoor scenarioTable 6.6 provides the check point
statistics The Z component of the vertical lines was the noisiest. This could be due to the

distribution of vertical lines across the images, outliers, acdarages of the 3D model. Ae
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standard deviations are within the accuracies of their respective 3D models, suggesting that the

proposed tracker effectively identified corresponding featarel rejected outlier matches.

The Z component of the vertical linesasvthe noisiestt 0.090 m) This could be due to the
distribution of vertical lines across the images, outliers, or inaccuracies of the 3D nibdel.
average 3D difference from the point cloud to the 3D (00607043 m and 0.011 = 0.093m for
horizontaland vertical lines, respectivelgre within the accuracies tiie 3D models(0.02 to

0.05 m) suggesting that the proposed tracker effectively identified corresponding $eatute

rejected outlier matches.

Table6.6. Indoor

the differences between ground truth model coordinates and object coordinate calculated by the

experimentdés check point statistic

point-to-line resection for horizontal lines and vertibaés

Number | Y& Quo | YL QG | ¥ Qu | Y ¢ G
of lines [m] [m] [m] [m]
-0.007 0.001 -0.001 0.007
Horizontal lines 9 +0.04 +0.017 +0.005 +0.043
-0.001 -0.009 0.007 0.011
Vertical lines 10 +0.01 +0.022 +0.090 +0.093
6.6.2.2 Accuracy assessment
RGBD SLAM was initialized i n tab epposcdtarocall el 6 s

(odometry) coordinate system where the originih e camer abds pfahedirpptect i ve
3D bui kodrdimag systend el 0 s

(Figure6.21 (top right) using its corresponding camera pose.

frame Thus each depth frame was transformed intb e

To assess the quality of the generdt poi nt cl oud loud®imesh q2Md)mp ar e 6
comparison toolas used to measure the distances betweeoditected point cloud and the 3D
C2M

a A distaoceipaasigeed @ evarid poimteansthe reference

indoor model, i.e.the meshKigure6.21 (top left). Th e function takes

point c¢cloud and
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cloudfrom itself, along its normal vector to the intersection of the mé&ferring toTable6.7,

the C2M results revealed that 57.5% of the points collected were within 10 cm of the 3D model,
76.9% within 20 cm, 93.5% within 50 crand 95.7% within 1 m The mean C2M distance for

the points that were within 10 cm of the model was Gc2nhcm  The means for the points that
were within 20 cm, 50 cm, and 1 m of the 3D model were 8 cm + 4 cm, 8 cm + 4 c8 and

+ 13 cm, respectivgl These results were expected given the geometric accuracy of the model is

2to5cm.

Figure6.21. Top left) 3D Indoor model of the second floor of the study buildiffigp right)
Point cloud capturedsing the integrated ViSP / RGB SLAM system Bottom left) The
collected point cloud overlaid on top dfet 3D model Bottom right) The cloudo-mesh (C2M)

distances (with 20 cm) between the collected point cloud and the 3D model.
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