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3D SIMULTANEOUS LOCALIZATION AND MAPPING METHODS IN
OUTDOOR AND LARGE-SCALE ENVIRONMENTS FOR AUTONOMOUS
ROBOT NAVIGATION

SUMMARY

The problem of concurrent localization and mapdorga fully autonomous system
in an unknown environment, where the external ezfee systems like Global
Navigation Satellite System (GNSS) or Global Positig System (GPS) is not
available, is known as Simultaneous Localizatiord aflap (SLAM) building
problem. This problem has been one of the most lpopasearch areas in mobile
robotics in the last two decades, and importanragghes have been proposed to
solve this problem. The SLAM problem is consideasd'chicken and egg” problem
since both localization and mapping are highly teslaand cannot be solved
individually for unknown and GPS-proof environments

The traditional SLAM methods using Extended Kalnfaliter (EKF) work without
any problem in indoor environments. However, outdaond large-scale SLAM is
very problematic and there is no perfect solutraplemented with actual systems. A
group of SLAM methods uses features extracted filoenhigh-volume data, which
can be obtained from either Light Detection and dgRam (LIDAR) measurement
system or stereo vision cameras. Another groupLdi& methods is based on scan
matching algorithms, which provides rigid body strmation parameters of the
robot motion. In this thesis, two groups of SLAM thneds are investigated, and
important contributions are made on both groupsstFia novel scan matching
method, ML-NDT, based on normal distribution tramsf is proposed. This method
uses a multi-layered structure with a new scoretfan definition and provides fast
and long-range measurement capability with respe¢he conventional methods.
Second, a new feature extraction method based arhasdtic plane detection is
proposed for outdoor and large-scale SLAM. Thishoeétis used in two ways; first,
the extracted plane features are used with in MLFNDan registration algorithm to
obtain more robust and fast scan matching methutisacond the extracted features
are used as landmarks for the feature based SLAMads. In scan matching based
SLAM algorithm, the Kalman filter (KF) is used tolge SLAM problem under the
assumption of Gaussian noise, and in the featusecb& LAM problem, traditional
filters are used in the solution of SLAM problenthvplanar features. Finally, a data
association algorithm based on the plane mergiitgrier is proposed for the planar-
feature based SLAM. For the experimental resultijad LIDAR datasets obtained
from the urban areas are used to show both scachimgtand feature extraction
methods performances. Finally, two benchmarking howt for 6D-SLAM is
evaluated and used to compare the performancegirtdposed feature based SLAM
methods. The results show that the proposed mettade used in outdoor and
large-scale SLAM problem successfully.
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OTONOM ROBOT NAV IGASYONU ICiN DIS VE GENiS-OLCEKL i
ORTAMLARDA 3D E § ZAMANLI KONUMLAMA VE HAR  ITALAMA
YONTEMLER 1

OZET

Otonom araclarin, Global Pozisyonlama Sistemi (GBI) harici bir referans
sistemi bilgisinin mevcut olmagh, bilinmeyen bir ortamda ilerlerken aracin bir
taraftan ortamin harita bilgisini ¢ikarirkengdr taraftan bu haritaya bakarak kendi
konum bilgisini tUretmesi £Zamanl Konumlama ve Haritalama (EZKH) problemi
olarak bilinir. Bu problem son yirmi yilda mobil botik ve insansiz araclar
alanindaki argtirmalarda en ©6nemli c¢amalardan biri  olmgtur. EZKH
probleminde, konumlama ve haritalama birbiringibdi sirecler oldgundan ve
ortamin haritasinin énceden bilinmgdya da GPS bilgisinin olmagh durumlarda
ayri ayri c¢ozulemedinden “tavuk-yumurta” problemi olarak da gorilmekte
Modelleme hatalari, sensorler tarafindargla@an bilgilerin belirsiz olmasi ve
deterministik yontemler yerine olasiliksal yonteraledayandii goérilmektedir.
Ancak olasiliksal yontemler, haritadaki imle¢ sayils karesel olarak artan bir
hesaplama karmeligina sahip oldgundan ¢6zimu deterministik yontemlere oranla
daha zor ve karmytir.

Onerilen bir olasiliksal EZKH yontemin bilimsel @miflandirma icerisinde nerede
oldugu giris kisminda detaylica aciklangtir. Kisaca bahsetmek gerekirse bu tezde
imle¢ (feature) ve hacimsel haritalama, iki grupklEEZyontemi igcinde kullanilmtir.
Ik olarak imle¢ tabanhh EZKH yontemlerinde imleckgima jlemi yapilirken,
tarama glestirme tabanli EZKH yodntemlerinde §an islemlerin old@gu hacimsel
veriler kullaniimstir. EZKH probleminin siniflandiriimasindagedir bir kavram da
veri egslestirmenin olup olmayaga konusudur. Bu ¢calmada yeni bir imleg ¢ikarma
yontemi onerildginden veri ilskilendirme problemine de yeni bir yaklenla ¢6ziim
Onerilmistir. Siniflandirma igerisinde bir ger kabul de 6nerilen yontemin galcas!
ortam tipi ile ilgilidir. Bu tezde onerilen yontesrl kentsel bir alanda toplangni
oldugundan ortamin dinamik ol@gu disuntlmektedir. Ayrica 6nemli khklardan
biri de cevrim kapama problemidir ki robotun goreévitamamladiktan sonra
baslangic noktasina geri gefdni algilama problemi olarak tanimlanimleg tabanli
EZKH probleminin ¢6zuminde, onerilen imle¢c cikarma buna yonelik veri
eslestirme yontemi cevrim kapamalémini otomatik olarak yaptindan yontemin
harici bir cevrim kapama yontemine ihtiyaci yoktdmcak, tarama gestirmeye
dayali EZKH problemlerinin kararli ve g calsabilmesi i¢in bir cevrim kapamaya
ihtiyac duyarlar. Bu tezde taramglegtirmeye yonelik yapilan ¢aimalarda ¢evrim
kapama problemi i¢in herhangi bir bilimsel katkr ygmamaktadir.

Mevcut EZKH yodntemleri genellikle ortamin kapali \gdrece sinirli bir alan
oldugunu varsayarlar. Bu tip ortamlarda, Ggetilmis Kalman Filtresi (GKF)
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kullanan Geleneksel EZKH yontemleri neredeyse hablemsiz cakabilmektedir.
Ancak, harici ve genio6lgekli ortamlarda EZKH problemin ¢6zimi daha xer
gercek zamanda kusursuz gahilen bir yontem bulunmamaktadir.

Bir grup EZKH ydntemi, LIDAR veya stereo kameraie elde edilen hacimsel
verilerden imle¢c c¢ikarma yontemleri ile imleclerkamrlar. Ds ortamda imleg

ctkarma surecinin temel problemi, ortamin dinanj&pisal olmayan ve 6nceden
tahmin edilemeyen gurtltl tipine sahip olmasidigdd bir grup EZKH yontemleri

eslestirme algoritmalarina dayanir. Bu tezde, her ikumgrEZKH ydntemi de

irdelenmg ve her iki alanda da 6nemli katkilarda bulunujtou

Ik olarak, Normal Dailim Donistimiine (NDD) dayanan yeni bir taramgegtirme
yontemi 6nerilmgtir. Bu yontem ¢ok katmanli bir yapiyi yeni bir nyat fonksiyonu
kullandgindan Cok Katmanl Normal [Rdim Doéngimi (CKNDD) olarak
adlandirimgtir ve klasik NDD’ ye nazaran daha hizli ve dahagudimiktardaki
donsim parametrelerini hesaplayabilme kabiliyetine ghi Bu ydntemde,
referans nokta bulutu Oncelikle her katmanda farklyni katmanda sé¢ hicre
blyuklukleri boltinerek ayrikkarilir. Daha sonra her bir hicre icerisindeki
noktalarin ortalama vektort ve kovaryans matrisubarak nokta bulutunun Normal
Dagilm Donlsimi (NDD) bulunms olur. Eslestirme slrecinde ise skestirme
yapilacak olan ikinci nokta bulutundan secilen atkin roélatif dongim
parametreleri ile modellengireferans nokta bulutu Uzerine izdind ile hangi
hiicreye kaglik geldigi bulunur ve bu nokta ile hiicre ortalama ve kovasya
deserlerine bgli olarak bir hata vektori tanimlanir. Bu hata delhin tim
noktalari kapsayan toplami Newton yontemi ile tiétair sekilde minimize edilerek
rolatif 6teleme ve donmeyi birlikte ifade eden dgiinia parametreleri hesaplanir.

ikinci bir katki olarak, harici ve genidlcek ortamlarda EZKH problemine yonelik
olarak olasiliksal bir algoritma ile dizlem algilaya dayanan yeni bir imle¢ ¢ikarma
yontemi Onerilmgtir. Bu imle¢ cikarma yonteminde olasiliksal duzlegilama
yontemi onerildginden yontem guriltt ve diortamda daha dayanikli sonuclar
vermektedir. Bu yontemde, nokta bulutu dncelikdg bacimli htcrelere bolinir ve
her bir hiicredeki noktalara varsa bir diizlem uytluriDaha sonra bu duzlemler iki
boyutlu ana eksenleri Uzerine izdiilUrler ve izdgimleri tzerinden duzlemlerin
disbikey noktalari bulunur ve bu noktalar tekrar lcyuta geri izdgimleri
gerceklatirilir. Son olarak, dolu hicredeki dizlem parcdark bu calgmada
Onerilen bir diazlem birkgirme yontemi ile birlgtirilerek daha buyik boyutlu
duzlemler ede edilir. Bu imle¢ cikarma yontemindkn sekilde faydalanilmstir.
Birincisi ¢ikarilan duzlemsel imlegler CKNDD tarameslestirme ydntemin
kullanilarak daha dayanikli ve hizlslestirme yapabilen imle¢ tabanli yeni bir
tarama gestirme yontemi onerilmtir. Ikincisi ise ¢ikarilan bu diizlemsel imlecler
imle¢ tabanlh EZKH probleminin ¢6zimuinde sdretci (landmark)” olarak
kullaniimistir.

Son olarak, onerilen taramaslestirme ve imlec cikarma yodntemlerinin EZKH
problemine nasil uygulanggasunulmgtur. Tarama gestirme yontemi, CKNDD,
Kalman Filtresi (KF) ile uyumlu hale getirilgjnive EZKH problemin ¢ézimunde
kullaniimistir. imleg cikarma yontemi de literatiirde onemli yerino@eniletilmis
KF (GKF), Kibik KF (KKF) gibi filtrelere uyarlanngive gecerlilgi gosterilmitir.
Bir sonraki aamada yeni bir filtre olan Rassalieulmis Sigma Nokta KF (RSNKF)
EZKH problemine uyarlanmive dizlemsel imlecler ile deneyler gercgkitdmi stir.
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Ancak bahsedilen filtre yontemleri, durum vektoériiniboyutunun artmasi ile
hesaplama karmgeklig1 arasinda karesel birgkinin olmasindan dolay! genolcekli
haritalamada 6nemli bir dezavantaja sahiplerdihaNiolarak bu tezde bu amacla,
dizlemsel imlecleri kullanan, ggnie harici ortamlarda EZKH probleminin ¢6zimu
icin, imle¢ sayisindan Bansiz hesaplama yapabilen Seyrek Getilmis Bilgi
Filtreleri (SGBF) onerilmgtir. SGBF’ leri aslinda Kalman filtrelerinin bir kanik
formu olan bilgi filtrelerinin seyreltiimesi ile agmaktadir. Robot ile pasif imlecler
arasindaki zayif g sahip olan k#antilar ortadan kaldirilarak bilgi matrisinin
seyreltiimesi gercekdgrilir. Bu sayede bilgi filtrelerinin 6nemli bir ezavantaji olan
Olgum guncelleme imle¢ sayisindangimsiz olarak sabit bir zaman igerisinde
cozumlenebilmektedir. Onerilen diizlemsel imleclesktasal imleclerden farkli
oldugundan olasiliksal veri gkilendirme yontemleri kullanilamaz; yerine imleg
clkarma yonteminden elde edilen dazlemleringedi 6zellikleri kullanilarak
ili skilendirme yapilir. Bu sayede bilgi filtreleriniratbgzazi olan veri ilgkilendirme
problemi de ¢ozimlenmlur.

Deneysel sonuclagehir ortaminda lazer tarayicilar kullanilarak towla gercek bir
veri seti Uzerinden gercekte@ilmistir. Bazi durumlarda yontem iygérme
calismalar icin simulasyon deneyleri de yapgmwve sonuglar tezin ilgili
bolumlerinde yer verilmgtir. Son olarak EZKH ydntemlerinin gerlendirilebilmesi
amaciyla literatiire mevcut olan iki yontemden fdgddmis ve imle¢ tabanli tim
filtre performanslar karlastiriimistir. Sonuclar dnerilen taramalestirme ve imleg
ctkarma yontemlerinin giortamda ve gegidlgcekli EZKH probleminin ¢ézimunde
basarili bir sekilde kullanilabilecgini gostermektedir.
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1. INTRODUCTION

The navigation of mobile robots and the unmanndudcles is a general concept of
the methods considering the environment conditeords avoiding from the obstacles
to be able to move from a starting point to thge¢apoint. Moreover, in autonomous
navigation, the unmanned vehicles eliminate the duwversight while the robot is
fulfilling the navigation tasks. In the literaturdiere have been important scientific
contributions for robot self-localization in the gpawo decades. In general, two
important throughputs are required for autonomaaggation. The first one is that
the information of the map where the robot travals] the second one is that the
information of the robot position and orientatiarglled localization. On the one
hand, robot extracts or learns the map of the enmient; on the other hand, it
computes its own localization information basedlonextracted map while moving
in an environment in which the map of the environtmie unknown. This “chicken
and egg” problem is known as the “Holy-Grail” prebl in the autonomous robotic

society and named as Simultaneous Localizationvageping (SLAM) problem.

In the literature, it is possible to see probatdisnethods rather than deterministic
methods in the solution of the SLAM problem. Thasen of this is that the

information coming from the sensors are not exadttae uncertainty factors due to
modeling errors and noises in the systems. By densig these effects, it can be
said that the probabilistic methods are more rothesh the deterministic methods.
However, the growth of computation time for solvitige problem is an important

issue for probabilistic methods. Especially, whiee size of the map increases, the
computation times increases quadratically. This aissignificant problem of

probabilistic methods since SLAM is applied to tieal-time systems. It has been
proposed various methods to solve this problenitenature, and they are discussed

in later of this chapter.

The solution of probabilistic SLAM methods is insfed in under a certain
taxonomy, which is accepted by the robotic comnyuniny method proposing a

solution to SLAM problem has to specify its classthis taxonomy. The SLAM



taxonomy and the place of proposed thesis in thiegory are summarized as

follows:

» Classification in terms of mapping:It can be volumetric or feature-based.
The volumetric maps allow us to obtain the map isgely, but it is not
preferred in real-time solutions due to high dimenal data storage and
processing time. Instead, the features are exttdoben the volumetric data
by applying signal processing techniques, and tlieatires are used for
SLAM. In this thesis, both volumetric and feature basegsrare used.

» Classification in terms of data associationData association is also known
as the correspondence decision where it asks #&& 3y no” question to the
observed feature: Did | observe this feature bé&fdviest of the probabilistic
SLAM studies do not deal with the data associgtiablem and assume that
it is already solvedn this thesis, a data association method is pregd®r
the feature extraction methods.

» Static or Dynamic Environment: While static SLAM methods assume that
the environment is static, dynamic SLAM methodswlfor changedn this
thesis, the environment is considered as dynanmcesthe experimental

datasets obtained in urban areas are used.

* Loop Closure: It comprisesthat an autonomous vehicle can come to its
starting point and can detect it after the longgeataskThis is similar to the
data association problem, and the solution is casgal by this thesis.

» Active or Passive SLAM:In passive algorithms, the SLAM algorithm only
observes and generates the localization informateomd the robot is
controlled by another algorithm. On the other handactive SLAM, the
robot actively explores the environment to be dbleyather accurate map
while restricting the robot motionThis thesis is in the class of passive
SLAM.

* Single-Robot or Multi-Robot SLAM: While single-robot SLAM is based
on one robot, the Multi-robot SLAM, including mothan one robot,
exploration gains more popularity in the SLAM commity. In this thesis,

the SLAM methods are proposed for a single-robot.



1.1 Problem Statement and Motivation

The existing methods for solving Simultaneous Laedion and Mapping (SLAM)
problem assume that the environment is indoor atadively small area. In this type
of environments, the conventional SLAM methods gdiixtended Kalman Filters
(EKF) works almost perfectly. However, SLAM in oottt and large-scale
environment is not as easy as in indoor, and istik an open problem in the
literature. The main difficulty for outdoor SLAM tbat the feature extraction is very
problematic due to unstructured, dynamic, and neisyironment. Therefore, scan
matching methods play an important role in 3D oatdSLAM since they do not
depend on the feature extraction. However, duedwarages of compact map
representation and improved mathematical backgraniridature based SLAM; the
researchers are looking for robust and fast feaxtection methods for outdoor and
large-scale SLAM. In addition, the traditional saaatching methods have several
drawbacks such as high data storage, long regmtrdimes, and loop closure
problem. First, the scan matching problem andpgsieation to SLAM is explained,
and secondly the feature extraction methods anmirfedased SLAM methods are

investigated.

1.1.1 Scan Matching and Volumetric SLAM

Scan matching is mostly applied to Light Detectaod Ranging (LIDAR) systems,
which is an optical remote sensing technology méaguhe distance to an object by
using laser beam and generates a point cloud afliterved scene with a range and
bearing information. In volumetric SLAM, scan matahis used to find the relative
transformation parameters of the robot motion bgnahg two consecutive scans.
Then these relative transformations generate aanktwhere the robot poses are
considered as the nodes of this network and ttaiveltransformation parameters
are the links. The solution of this network is am¢a by formulating a procedure
based on the maximum likelihood criterion to conebithese spatial relations
optimally [31]. There are two fundamental scan matching methedsl by the
researchers, which are iterative closest point XI2P and Normal Distribution
Transform (NDT)[3].

Conventional ICP method is based on minimizatiothef sum of all point-to-point
distances. There are also point-to-plane and plaupdane variants of ICP to



increase integrity. An important disadvantage ot@R algorithm is the requirement
of a nearest neighborhood searching (NNS) algotitiamich is the most time
consuming part of the algorithm, to find correspemzes between two scan points.
In addition, ICP does not release any surface strednformation; therefore, it is
considered as sensitive to noises and outliers.themoissue is the data storage
necessity, especially for large maps, since the3Bwpoint clouddave to be saved.
Therefore; the ICP seems inappropriate for largdesand outdoor SLAM; thus,
another method, Normal Distributions Transform (NDTs proposed as an

alternative to ICP.

Normal Distribution Transform (NDT) is initially gtied to 2D data by Biber and

Strasser and extended to 3D datg54. The main contribution in NDT is that the

point cloud is divided into regular cells, and therface is represented by the
probability density functions of each cell. Themefothe map is represented in a
much more compact form than ICP. This provides $asin matching performance
and less memory storage for large maps. Anotheardgege of the NDT over ICP is

that it helps to solve the detection of loop clesproblem due to it is compact form
of the surface by using appearance map based Skeahigqueg$32].

1.1.2 Feature Extraction and Feature Based SLAM

The second group of SLAM methods use landmarkseatufes in a probabilistic
framework to solve SLAM problenil4]. The landmarks can be either artificial
objects like reflectors or features which are eoted from the point cloufB9]. The
artificial objects based methods are restrictedesthey can solely be applied to the
well-known environments and must be distributedrexdty in the environment.
Therefore, the feature extraction methods are megdo find geometric features
such as line$5], corners[79], and curveq4(Q] in 2D and planes in 3[47]. Then
these landmarks and the marginalized robot poseacanbined into a state vector and
estimated statistically by using traditional filtegy methods such as Kalman Filter,
Information Filter, and Particle Filtefd4]. The main aim here is to estimate the

robot pose and landmark positions as possible ali smor uncertainty.

In feature based probabilistic SLAM, the most digant part is to find robust
features. These features must be represented ényacempact form since the state

vector is composed of these landmarks. The sizbeo$tate vector is a critical issue



if the number of features exceeds a few hundredgalthe difficulties on taking the
inverse of large matrices. The feature based SLAMpplied to indoor and 2D case
successfully recentl§dQ], [7]; however, large-scale and outdoor SLAM in 3D i# st
an open issue. If88], an appearance-based method for augmenting mapsgaior
urban environments is presented. The feature véctmympiled via combining both
3D geometrical features obtained from laser dath appearance features obtained
from camera with semantic labels. The existinguesaextraction methods work in
mostly structured environment. For unstructured sami-structured complex
environments like urban areas, a more robust astdféature detection algorithm is

needed.

Another prominent part of a feature based SLAM athms is the filtering method
used for solving the localization and mapping peail The most influential filtering
method in SLAM is the Extended Kalman Filter (EKRBpd EKF based SLAM
assumes that the robot motions and observationslvievGaussian noises. In
addition, the variance of the noise in the postesioould be relatively small for
tolerable linearization errors. For high-level msisand aggressive non-linear model
functions, Unscented Kalman Filter (UKF) approxiegthe true state vector and
covariance matrix better than EKF by applying thesaented transfornj23].
Recently, another filtering method Cubature Kalrrdter (CKF) has been proposed
instead of UKF for nonlinear state estimation un@aussian noise by Arasaratham
and Haykin[1], where it is shown that CKF provides more accufiftering results
than the existing Gaussian filters and solves lamectrum of nonlinear problems.
CKF is applied to point-feature based SLAM in 2Dansimulation environment
[43]; thus, more practical applications are necessarghbw its validity for 6D-
SLAM.

The ultimate purpose of this thesis is to propoS¢.AM method working long-time
in a large-scale and outdoor environment; therefibre traditional EKF, UKF, and
CKF cannot be used with the classical feature sgmtation due to large covariance
matrix, which grows constantly with new observasioithere are two well-known
filtering methods for solving SLAM problem, whichrea Extended Information
Filters (EIF) and Particle Filter (PF). Since thH& ks only a canonical representation
of the covariance form or Kalman form, it also hhg same quadratic time

complexity problem with EKF. PF is another filtegimethod in solving SLAM



problem and has the important difficulty of matahiof samples to the target
probability distribution. Since this issue become®re dominant with the
augmentation of the size of the map, it is notadilé for long-range tasks. Thus, EIF
and PF are not appropriate for the large-scale SLamd for this thesis, too.
However, it is shown that while the normalized atsace matrix in Kalman
representation is not sparse, the normalized irdtion matrix is sparse in nature. In
addition, the measurement update can be achievednistant time since the update
equations are in additional form. However, in thargmalization of the motion
update step, the information matrix loses the sass property and so does the
constant time solution. A solution is proposed byuh by introducing Sparse
Extended Information Filter (SEIf$8] which is based on deactivation of the weak

links between robot and passive features.

The last but not least issue in feature based Sli®\khe data association problem.
The data association is a fundamental problem @ntpfeatures in probabilistic
SLAM. The point features might be seem differentsometimes may not be even
seem from different viewpoints. The data assoamasitgorithm must decide on the
correct correspondence, and so the distance measunirdetween two features is a
crucial issue. The classical point feature basethods minimizes the conventional
Mahalanobis distance function for solving the cepandence problem. The wrong
data association may result in high errors or eligarge on estimations. Therefore,
more sophisticated feature extraction and datacags8m methods are required for
robust outdoor and large-scale 6D-SLAM.

1.2 Historical Review of Related Studies

The probabilistic SLAM problem is firstly broughtrivard in 1986 IEEE Robotics
and Automation Conference held in San Francifb§. Researchers had been
investigating solutions for mapping and localizatiby using estimation theory.
Durrant-Whyte[13] proposed a statistical method describing relakippss between

landmarks using uncertain geometry in 1987. In gaper, he shows that there is
high degree of correlation between estimated lamkngositions, and these
correlations increases with the new observatians. $hown that the reason of the
correlation is due to the common error in the estad robot locatiorf28]. This

means that a complete solution to the localizatind mapping problem requires a



joint state composed of the robot pose and landmasktions, which are updated
with the observation of each landmark. This stugdy niot interested in the
convergence problem of the map and assumed thastireated map errors do not

converge and perform irregular behavior with uitéa error growth.

A convergent solution was realized when the mappmd)localization problem were
combined into a single estimation problem, calledSanultaneous Localization and
Mapping problem (SLAM)15]. This framework brings to light a significant résu
that the more accurate solution is obtained whenctitrelations grows, which was
known conversely by then. The SLAM theory and mahyhe initial results were
developed by Dissanayake et HI1], and there are important groups working on
SLAM problem, which cannot be passed without menitig, at MIT[29], Zarogaza
[9], the ACFR at Sydnej2(Q] in the applications of indoor, outdoor, and su@-se

environments.

The main focus of this thesis is in the area addascale and outdoor SLAM. In this
regard, two different categories, which are scarichiag and features extraction
methods, for solving the large-scale and outdoacuoent localization and mapping

problem in 6D is extensively investigated in thetrehapter.

1.3 Contributions
The contributions provided by this thesis are giwethe following subsections.

1.3.1 A Novel Scan Matching Method

An improved version of the Normal Distribution Tedioarm (NDT) is proposed for
scan matching of two 3D point clouds (PCs). The gewt in NDT is to use fixed
cell sizes to discretize the PC. While the usagdaafe cell sizes makes the
algorithm fast, the convergence area becomes lavgeOn the other hand, the usage
of small cell sizes makes the process slower, batresult may become more
accurate if an adequate initial relative pose es®mrexists. Multi-Layered NDT
(ML-NDT) method assigning the cell sizes automdlychased on the point cloud
boundaries is proposed, and then the point clodiVided intog equal-sized cells in
thei™ layer. Here represents the layer index agdepresents the division constant
in this layer. The NDT is applied to each layerd @ime probability density functions
of each cell are stored for scan registration.elgigtration step, the algorithm starts



with the first layer having the largest cells amdtshes to the lower layers when the
number of iteration reaches to a threshold value.

In conventional NDT, the score function is choserGaussian probability function,
whereas the score function is chosen as Mahalardibiance in ML-NDT. In
addition, Newton and Levenberg-Marquardt optim@matmethods are integrated to
the proposed method, respectively. Another impompawerful part of the ML-NDT
is to work without using shifted cells as in NDThieh is used to minimize the
discretization error with the cost of five timestbriginal computation timg34).
Finally, we discuss the effect of subsampling styes in the performance
evaluations of the NDT and ML-NDT. Since there ise study proposing a
sophisticated sampling method for NDT so far, gtigdy will also be a leading study
in this area. As a result, an improved scan magchnethod having fast and long-
range measurement capability is proposed.

1.3.2 A Feature Extraction Method Based on Probahtic Plane Detection

While in 2D mostly line, corner, and single poiat®e used as features, in 3D the
favorite feature can be thought as the plane. Taeepextraction algorithms works
well in indoor and structured environments, butythave problems in outdoor and
especially in complex environments, where buildjnggees, and moving objects

exist.

As a second contribution of this thesis, a robasture extraction algorithm that is
particularly dedicated to outdoor and large-scal&M methods is proposed. In this
method, robust planar features are extracted g3linfor structured and indoor
environment; however, the proposed method in thissis works also for the
unstructured and outdoor environments. The meth@pplied in three steps. In the
first step, also known as the discretization oittapd step, the point cloud is divided
into regular cells. A fixed cell size is chosen d®n the point cloud distribution
and each point is placed to the corresponding Takn the plane segments of each
cell are found by using Random Sample Consensu8l§®&) algorithm[16]. Since
RANSAC algorithm is very robust to outliers, itnsuch more suitable than classic
plane fitting methods for outdoor applications. ékfextracting the plane segments,
they are projected -y plane using Principal Component Analysis (PCA) #ren

their convex hulls (or minimum rectangular boundbuaxes) are found to represent



the planes in a finite form. Then these segmerdgsnagrged by applying a plane-
merging algorithm. Weingarten and Siegwart uses dvitria in the merging step
for indoor implementation, but these are not sidfit for the outdoor case since the
environment is not structured and contains noisy fiél]. Therefore, we add one
extra condition based on pooled covariance matrbest the closeness of two planes
in complex environments. Finally, if a merged plaaésfies the area and number of
point’s criteria conditions, they are considered lasdmarks for feature based
SLAM. The data association based on the semante glavided by the proposed
method, and the applicability of the proposed mettm SLAM problem are also

discussed in the related section.

The proposed feature extraction method is usedwordifferent SLAM problems.
First, the extracted planar-features are used dbust and fast scan matching.
Second, the extracted planar-features are useiare based SLAM.

1.3.3 A Fast and Robust Feature based Scan Matchimdethod

The third contribution is a fast and robust scagisteation method using planar
features extracted from the PCs for 6D outdoor SLAMe method is composed of
two main parts which are feature extraction anch sonatching. In feature extraction,
a probabilistic plane extraction procedure is agpWia RANSAC algorithm to the

discretized point cloud. As a scan matching metodmproved version of the NDT
called Multi-Layered NDT (ML-NDT) is used. Concigethe feature extraction and
scan matching methods, explained in the previocisoses, are combined for fast and
robust scan matching method.

In generative phase of the algorithm, probabilignsity functions (pdfs) of each
scan in all layers are computed for the refereme@.sFor the input scan, which is
the one to be registered to the reference scampléme inlier points are extracted
with the stochastic plane detection method. In hiateprocess, instead of using the
all scan points (or sampled points) as in origiN®IT, or ML-NDT, these inlier
points are used. By doing so, the Feature basedNMII'F (FbML-NDT) algorithm is
possessed of several advantages. The first ohatishie registration processing time,
which is the most time consuming part of the scaching algorithms, is highly
reduced. The scan matching method is more robast tile conventional methods

since the matching is based on plane structureshvgnovides more consistent .



In this thesis, the effect of sampling strategike fandom sampling and grid based
sampling on the performance of NDT, ML-NDT are istigated, and the proposed
feature extraction method is considered as spsamapling method and compared to

these subsampling methods.

1.3.4 Scan Matching based SLAM with Kalman Filters

In this contribution, the ML-NDT and Kalman filteese combined to solve 6D robot
localization problem. To be able to implement arKah filter based SLAM, one has
to know the state space representation of the aldedr system and observation
models. This scan matching and Kalman filter beSeAM method is an extension
of the study on localization for rescue robots dasa NDT scan matching and
Kalman filter[22].

1.3.5 Planar-Feature Based SLAM

The representation of planar-features in stateoveist different from the point
features representation. While the positions ofuies are held in three dimensions
in the state vector for point features, for plafeatures, the infinite plane parameters
are held in four dimensions in the state vectorictvtrare normal vector in three

dimensions and a plane minimum distance parameteetorigin of global frame.

First, the proposed planar-features are used Vigh Bxtended Kalman Filer for
outdoor 6D-SLAM since it is the de facto standaltéring method in SLAM, and it
is used as a reference filter in the comparisohenTthe planar-features are applied
to more sophisticated filtering methods such ascented Kalman Filters (UKF),
Cubature Kalman Filter (CKF), and Randomized UngxérKalman Filter[12],
which is a quite new filter and has not been use8LAM before. Finally, SEIF, a
scalable filtering method, provides a constant tsotution for large-scale SLAM

problemg58] and is used with the planar-features proposekigtiesis.

1.3.6 Semantic Data Association for Planar-Features

The most of the data association methods are pedpfms point-features and they
are based on the minimization of the conventionahManobis distance function.
Since this thesis proposes a novel feature typmapl feature, the classical data
association methods cannot be used. The reasohaisthie planar-features are

represented as a infinite form in the state vedtmtead, extracted feature properties
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like plane convex-hull, plane area, plane covaeameatrix, and plane center point is
used. These enriched properties of the planar+fesatare considered as semantic

data and the data association method is calle@asantic Data Association”.

Next section outlines the organization of this ihes

1.4 Thesis Outline

Following the introductory part in this chapter, &AM methods based on LIiDAR
systems are explained in Chapter 2, where mordlsieta point cloud generation
methods, scan matching, feature extraction, anid dipplication to SLAM problem

are given.

In Chapter 3, the proposed scan matching algorittnaistheir application to SLAM
problem is elucidated. In this section, two relatedn matching method is proposed.
First, ML-NDT, an improved version of the normaktibution transform (NDT)
using multi-layered structure and different scaraction, is explained. Second, the
feature extraction method and a new feature basad matching method called
FbML-NDT, which is faster and more robust than MDN is presented.

The proposed feature extraction method in Chapisragiapted to the feature based
6D-SLAM in Chapter 4. The theory of the planar-teat extraction and its
application to the SLAM problem is explained in aktThe usage of the planar-
features with the following filters EKF, UKF, CKIRSPKF, and SEIF is given in
this chapter.

Experimental results and the performance evaluataoe given in Chapter 5 and in
Chapter 6, two benchmarking methods for the prapgdaenar-feature based 6D-
SLAM methods are utilized, and the results areudised for relatively large dataset.
Finally, Chapter 7 provides the concluding remarduding summary and future

directions.
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2. LIDAR BASED 6D SIMULTANEOUS LOCALIZATION AND MAPPIN G
METHODS

In LIDAR based Simultaneous Localization and Mapp{SBLAM), the initial step is
to generate the point clouds (PCs) or 3D data®fkthvironment in Euclidean space.
For this reason, firstly, the PC generation methads explained in the next
subsection. Then the two groups of SLAM methodshgisilifferent mapping
structures, which are based on scan matching atdréeextraction, in the literature

are discussed.

2.1 3D Point Cloud Generation Methods

2D laser range finders are commonly used for olstgirplane structure of the
environment. Although there are commercial 3D lasenge finders in the
marketplace, since their high cost and restrictexilility, they are not used by the
researchers. Instead, the third dimension is obtlby rotating one or two 2D laser
scanners in a particular axis depending on theiagn type as shown in Figure
2.1. In the literature, there are various 3D las=mnning methods depending on the
configuration of the actuator, which is mostly aveedrive or a step motor, and 2D
scanners. These methods allow different scan plandsrotation axis leading to
different views. Moreover, high measurement degesitlose to an axis are obtained
by rotating around this axis. The density propagatnay become intensive for a

certain area, and this may lead to a misuse ag¢hening ability.

The scanning time in three dimensions mostly takese than 5 seconds and the
memory storage can reach to several gigabytes éwersmall areas. Fast 3D
scanning methods and data acquisition systemsiscasged irf72]. In this study,
three basic combinations of the servo drive and&&er scanner are investigated to
gather 3D scanning data or point cloud as showfigare 2.2. Roll scan mode can
be used for safety applications, and pitch scanbmamised for object recognition

applications. On the other hand, yaw scan can ée ios outdoor implementations.
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Figure 2.1: 3D LIDAR measurement system consisting of two 2&&faange
sensor and a servo drive.

(a)

Figure 2.2: Scanning methods: (a)Pitch scan. (b)Roll scan.ga)¥can.

The distribution of the point cloud in LIDAR systens not homogeneous as it is in
camera based systems. The measurement densityxisnama for beams which
parallel to the rotation axis, and it is minimunr farthogonal to rotation axis. In
Figure 2.3, the 2D scanner is rotated from -9090 degrees with 0.2 degree steps
around the pitch axigH{axis), and it is rotated from -90 to 90 degreesiad the roll
axis §-axis) in Figure 2.4. As seen from the figures hagnsity occurs on edges
with respect to scanner for the pitch scan modethenother hand high density
occurs only in front of the 2D scanner for the sdan mode.
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Figure 2.4 Point cloud distribution of the pitch scan.

According to this information, it can be designedustom hardware by using two
scanners mounted back to back with 90-degree dogleutdoor and large-scale
applications as shown in Figure 2.5. A commerctanging system including two
2D scanners mounted back to back with 90 degreke amglesigned by Fraunhofer
IAIS [17]. Based on this set up, the 3D point cloud is nfmmogenous than the
other setups as shown in Figure 2.5.
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Figure 2.5: Point cloud distribution of the custom design.
2.2 Scan Matching Methods and Dense Mapping

After point clouds are generated, they are geop#dlyialigned with a scan matching
algorithm to obtain relative transformation paraenget Then these relative
transformation parameters are put into a netwosdotee SLAM problem with graph
realization methodg31]. lterative Closest Point (ICP) and Normal Disttibao
Transform (NDT) are well-known methods for 2D arial &an matchingg], and the

next section introduce the ICP scan matching method

2.2.1 Iterative Closest Point (ICP)

The conventional ICP is based on point-to-point soindistance minimization;
therefore, it requires high computation time onraseaneighborhood search (NNS)
for finding corresponding points. Typically, the SNtakesO[MN] computation
time, and this time can be reduced up QfNlog(M)] by using kd-tree space
guantization methoflLl9]. On the other hand, there are important improvésnen
ICP such as point-to-plane, plane-to-plane, andl gemeralized variant proposed by
Segal et al[52]. The main idea in Generalized ICP is to use plaparoximations to
apply a plane-to-plane minimization by utilizingetlstructure of the environment.
Moreover, a visually bootstrapped method using geized ICP method is proposed

by Pandey{45]. In order to improve the performance of the ICieré are some
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methods using geometric metric like Metric based IbICP) in 2D and its

generalized version in 3[R9]. In [50], the efficient ICP variants and sampling
strategies are discussed. They enumerate andfglasany of these variants and
evaluate their effect on the speed and accuraagy also propose a new high-speed
method by combining the ICP variants. Recentlyaléernative method to ICP called

Normal Distribution Transform is introduced.

2.2.2 Normal Distribution Transform (NDT)

Normal Distribution Transform (NDT) was introducbyg Biber and Strass¢8] for
the 2D scan matching. The main idea in NDT is foresent the point cloud as the
sum of normal distributions. This is achieved byiding the surface into regular
cells and calculating the mean vectors and covegiamatrices of each cell. Since the
3D point cloud maps require large amount of menspgce, the surface of the point
cloud should be represented in a compact form. fdri: should hold important
surface characteristics such as orientation andogmess. ICP method does not
include any information about the surface structureerefore, the NDT can be
considered as a powerful alternative method to f@P3D scan registration in
outdoor. NDT has become very popular due to iteefasonvergence time, compact
map representation, and appropriateness of signifiSLAM problems such as loop
closure[32]. The main advantage of the NDT over ICP is thatghs no need to
compare each point to find the correspondencess,Ttine most time consuming
phase of ICP, the NNS, is not necessary in NDTielw the reference scan is first
discretized (divided into regular cells) and prabgbdensity functions (pdfs) of
each cell is computed. Then a score function idnopeéd by using Newton
optimization method for each point of the inputrscAnother important advantage
of NDT is that the memory storage is very less ti@R because NDT only stores
the mean and covariance information while ICP lastore all point clouds for
mapping. Consequently, NDT based SLAM methods carcdnsidered as more
suitable than ICP based methods for large scaleoatabor environments. The ICP
and NDT algorithms are comprehensively comparedeims of their accuracy,
success rate, and the convergence speed in the glalgkagnusson et a[34]. The
paper concludes that NDT can converge from a laiaygge of initial pose estimates
than ICP and perform faster. Recently, there haenbmportant improvements in

traditional NDT to increase accuracy and speed.afker free registration is adapted
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to 3D laser scan by dividing the point cloud intaltiple slices and applying 2D
NDT algorithm [10]. They proposed three modifications on the origiN®IT: a
rough to fine strategy, multiple slices, and LewengeMarquardt algorithm as
optimization method. In54], an improved 3D NDT for 3D scan matching is
proposed. The main contribution of this study isnodify the 2D NDT to 3D NDT.
They used two different cell sizes for dual resoluto accelerate the method. They
start with large cell size, and after the convecgeaf the score function, they use
small cell sizes. An interesting convergence calooth method of the NDT based
high resolution grid map for 2D NDT is introduced [R6]. They used small cell
sizes for high-resolution grid map representatiod applied eigenvalue expansion
to speed up the convergence time. A similar reptasien is also used for sub-grid

object recognition by Takuldé5|.

2.2.3 Data Sampling Methods for Fast and EfficienScan Matching

Selection of a subset from all points in point clas a critical issue for a fast and
robust scan matching. In general, there are segampling strategies implemented

with ICP[50] and can be categorized as follows;

* Always using all points

* Uniform subsampling

* Random subsampling in each iteration

» Selection of points with high intensity gradient

» Selection of points from the one scan or both scan

» Selection points such that the distribution of nalsramong selected points is
as large as possible.

From the SLAM with NDT point of view, if the all ni@ods are considered, we can
conclude that the first method is not suitablet¥aw reasons. The obvious one is that
the number of points to be matched might be so miidrefore, the convergence
time may take so long. The second reason is tlegbdimt cloud might be very noisy
or unstructured due to the nature of the envirorinoerthe uncertainty of sensing
devices. Therefore, a sampling strategy must beedaout. The second sampling
strategy, which is uniform subsampling, is also maybe suitable if the point cloud
is not uniformly distributed, which is mostly encaered in 3D outdoor scanning
due to hardware configuration. The third strateggndom subsampling in each
iteration, seems reasonable, but again due to ndormn distribution the dense
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regions will have more points. Since we do not hamg intensity information in
LIDAR only systems, the fourth strategy, selectmnpoints with high intensity
gradient, cannot be considered for NDT. The fiftetihod, selection of points from
both scan, can be applied; in addition, since tatgloud is represented by sum of
Gaussians, in NDT generative process, the samplyld be dense enough for
good modeling. For that reason, we recommend venysel sampling for the
reference scan. Finally, the last strategy is atsmaningful for the input scan;
however, finding the large normal distributions &®lected points is not easy for

outdoor 3D case and requires extra computations.

Grid Based Sampling Strategy In addition to mentioned sampling methods, the

grid based sampling (GBS) strategy is proposedowitlany extra computational

cost. In GBS, the reference point cloud is firgitiied by dividing the point cloud
into fixed cells as in the ML-NDT splitting processhen the equal-number of points
are sampled randomly from each cell of the inputnscWith this way, the
distribution of the sampled point cloud becomes enbomogeneous than the
convention random sampling. The splitting procelsMb-NDT algorithm and the
discretization process of the Grid Based Sampl®BSg) strategy are the common
procedures. The only difference is that they aggdieg to the different scans. If we
look at the ML-NDT algorithm given in Table 1, theference scan is first
discretized (splitting process), and then the mestors and the covariance matrices
are computed for each cell of all layers (geneeafivocess). In the registration step
of the algorithm, the points are sampled from tmgut scan and registered on the
reference scan. The GBS strategy is based on the splitting process, but it is
applied to the input scan. However, if we consitter consecutive nature of the
problem, the input scan in timtewill be the reference scan in tintg,. For that
reason, the splitting process of the ML-NDT is gldg in timetj;; since it is already
obtained in time;. Obviously, this is not true for the timg and the two scans are
discretized at the beginning of the robot motiowdver, this initial case can be

ignored if we consider the overall robot motionqass.

In Figure 2.6(a), the point cloud is subsampledioanly. As it is seen, the regions
close to the origin is highly emphasized. There tatally 18738 points in this
illustration, and it is almost equal to 25% of thkginal data. On the other hand,
when the grid based sampling (GBS) is applied;Rigeire 2.6(b) is obtained. The
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cell size is chosen as 1 meter and if the numb@oufts in a cell is more than five,
only five points are picked from this cell randomlfthere are less than five and
greater than two points, all points are takenhla tigure, there are totally 3396 cells
containing 16619 points. It is almost equal to 2@%the original data. It is possible
to conclude that the point distribution becomedarm when GBS is used. Finally,
each part of the point cloud has the equal weightsegistration. If the sensor
measurements have large errors on distant redgio@syeights of the distant cells to
the origin can be reduced, but we did not condidisr case in our experiments and

behave equal to each cell.

(@)

Figure 2.6: (a)The point cloud44]. (b)Subsampled with GBS strategy.

2.2.4 Scan Matching Based SLAM

From the SLAM point of view, ICP cannot be directlyged to solve SLAM

problems, but it is a very important tool. For thigrpose, the graph SLAM methods
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proposed by Lu and Millos are used in 2D SLABM]. In 3D, Nichter presents
linear and closed form solutions to the glolmakcan registration problem by
applying ICP successfulljg]. Also, Ohno proposed a modified ICP method for 3D
mapping in real time systen2]. Pathak introduced a fast 3D mapping method by
matching planes extracted from range-sensor ptwats[48] and[47].

Biber introducedn-scan matching method for simultaneous matching of mldti
scans and application to SLAM with NO%]. A recent 3D-SLAM implementation
based on 3D NDT is introduced by Magnus$88]. He uses 3D NDT for scan
registration for autonomous mining vehicles andligtsi on loop closure problem by
using NDT [32]. A newsworthy study that combines NDT and Kalmaterf is
introduced in[22] for 2D SLAM. Based on NDT scan matching, the NDRFE
carries out rapid and accurate localization by gisodometry data and scan
matching. Ulas and Temeltas introduced the primitrersion of ML-NDT[60] and
its application to 3D SLAM problem with a combirati of Kalman filter[59]. The
details of the ML-NDT and its application to SLAMittv Kalman filter is given in
Chapter 3.

2.3 Feature Extraction and Feature Based SLAM Methods

While some SLAM methods use raw data with a scatchrag algorithm to obtain
the rigid body transformationf], the others use feature extraction algorithms to
obtain landmarks from the point clouf. The feature extraction from the LiDAR
data is preferred for two main reasons. The feason is that the number of matched
points for scan matching is reduced efficiently afigctively as stated if62] and
[46]. The other important reason is that the featul#aimed from the LIiDAR data
can be further processed to obtain landmarks fatufe based SLAM[39].
Weingarten and Siegwart proposed an indoor 3D feaxtraction method for EKF
based 3D SLAM70]. The method estimates the 6D robot position andehthe
environment with plane representation. Their methedrks for the indoor
environments and solely estimates the robot posentiuthe plane parameters. In
plane-feature based representation, the map iscaenpact, and the environment is
modeled by certain geometric characteristics ssdnfanite plane parameters, plane
convex hull points, center of gravity, area, coaace matrix, and the number of

inliers as it is achieved in this thesis.
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Feature based probabilistic SLAM methods introdubgdThrun have a powerful
theoretical background applied to indoor and 2Deagccessfully in the last decade
[51]. Neito et al. used artificial landmarks and ndttgatures like tree for 2D SLAM
using particle filters[39]. They also present the results of the algorithnth wi
unknown data association. In their study, botHfieii and tree features, which are
the center of the trunk, are represented by poiAtother method for feature
extraction is to convert 3D point cloud into 2D genimages and then apply
computer vision techniques. Yangming and Olson ggefd a general purpose edge-
feature detector using computer vision techniqeesbth 2D and 3D LIDAR data
applicable to virtually any environmen75]. Steder et al. has used a similar
methodology to propose a point feature extractiethad called Normal Aligned
Radial Feature (NARF) very recen{h3]. The method exploits an interest key point
extraction method operating on range images, weighicitly considers the borders

of the objects identified by transitions from foregnd to background.

Conventional feature extraction in outdoor 3D SLAM problematic due to the
complex nature of the environment, where the rangodistributed data sets
representing the irregular objects like bushesteaebs disturb the feature extraction.
The difficulties of feature extraction in outdooitivrespect to indoor is discussed in
[76]. The planes are used as rigid objects to incrdaseperformance of SLAM
methods, which are mostly preferred as geometrape for 3D environment
modeling and scan matching. A plane extraction peflor scan matching purpose
is introduced for indoor and structured environmbgt Pathak[49]. In addition,
Symmetries and Perturbations Map (SPMap) for enwrent modeling is firstly
proposed by Castellanos for 2D c8f and its extension to EKF based 3D SLAM
is presented by Weingart¢rn0]. Newman et al. combined both camera and LIDAR
systems for feature extractidB88]. In their work, they propose a six-degree-of-
freedom outdoor navigation system based on visiwh laser ranging. Moreover,
they explain how their work applied to the topotmji- metric mapping and pose
estimation. With the vision and LIDAR combined frawork, they achieved long

range SLAM in real time.

Another substantial problem in feature based SLAMthat the vehicle and
measurement models are mostly nonlinear. Thusexttended versions of the filters

are used for linearization purposes such as Extemdt@man Filters (EKF) and
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Extended Information Filters (EIHb1]. The Unscented Kalman Filters (UKF) is
another filtering technique using unscented tramsfaather than linearizatiof24).
This provides better results than EKF if the nosdin functions are in aggressive
fashion[35]. Another important advantage of the UKF is thataés not require any
computations of Jacobians, which are the indisg#asstep for EKF or EIF filters.
The filters EKF, EIF, and UKF are known as Gausdiliars since they provide
optimum solution under the Gaussian noise. Martinamd Castellanos
experimentally validated the usage of UKF for lasgale outdoor environments for
point featureg35]. For very large scale environments, due to thareadf the EKF
and UKF, the state space grows with time and ater® methods like submapping
[29] and the usage of sparse filters such as exadlgs@xtended information filters
(ESEIF) by Matthew67] and unscented information filteB0] are preferred.

Due to the complexity and unstructured nature efdabtdoor environments, it is very
difficult to solve data association problem for mcieatures. On the other hand, the
appearance based data association using semafaimation is recently getting
popular since it is more robust and easier thanhdahpoint-feature based counterpart.
In [38], an appearance based SLAM method using seman#ddrdarmation for the
data association problem is proposed for camera @R combination. Since the
all camera based systems suffers from the illunangiroblem, McManus show that
the successful appearance-based methods tradyiaisald with cameras can also be
applied to only LIDAR[36].

2.4 Discussions

In this section, a history of the SLAM problem isen. The main concepts on scan

matching and feature extraction for 6D-SLAM areaduced.

In the first part of this thesis, a scan matchirgthnd based on normal distribution
transform and its fast and robust version usingufeaextraction is introduced. Then
an application of the scan matching method to SLABNg Kalman filter is

introduced.

In the second part of this thesis, two main contrdns in feature based SLAM are
proposed. Firstly, a reliable landmark detectiqgpathm based on plane extraction

from LIDAR data is introduced. Secondly, these laadks are used in feature based
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3D outdoor SLAM methods, which are based on Lodkérs such as EKF, UKF
and their variants. In this representation, the BlLposterior composed of the 6D
robot pose and the 4D plane parameters, whichh&relane normal (3D) and its
minimum distance to origin (1D). The main difficplith this kind of representation
Is to solve data association problem since thegglame considered as infinite in the
state vector. Thus, the conventional data assoniatigorithms based on statistical
methods cannot be used. Instead, the other platerés are used to determine if
they belong to the same surface. After the measemerapdate step, all of the
landmark properties are also updated based onstiveaged robot pose. Then the

associated landmarks are merged to increase tsestamcy.
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3. SCAN MATCHING METHODS AND THEIR APPLICATION TO SLAM

In this chapter, the scan matching methods and &pgilication to SLAM problem is
explained. Firstly, Normal Distribution TransforrNPT) based scan matching
method proposed by Peter is introdu¢@d Secondly, an improved version of NDT
using multi-layer structure, ML-NDT, is elucidatedhich is presented by Ulas and
Temeltas[59]. Thirdly, further improvements on ML-NDT results a robust and
fast scan matching method called Feature based RIL-§FbML-NDT), which uses
planar feature$62], Fourthly, performance evaluations and samplimgtegies are
discussed for scan matching [#d]. Finally, the application of the ML-NDT with
scan matching Kalman filter to 3D SLAM problem regented60].

3.1 Normal Distribution Transform

Normal Distribution Transform (NDT) is described asset of local probability
density functions (pdfs); therefore, a point clocan be represented in a very
compact form. The first step in NDT is to divideethoint cloud in to regular cells.
Then the mean and covariance values are calcutaiedstored for each cell. Thus,
the point cloud is represented as a sum of norisaillitions. If the first and second
moments of the discretized reference scan is caedpy aD-dimensional normal
random process, then the probability density di@sen pointyx, is computed as

(=) M)

_ 1 2
p(x) = (27T)D/2\/|?| € (3.1

whereu andC represent the mean vector and covariance mattixeofeference scan
points within a cell including the point. Each pdf can be considered as an
approximation of the local surface describing tlesifoon of the surface with its
orientation and smoothness. The surface orientatmoihsmoothness is determined by
the eigenvectors and eigenvalues of the covariane&ix. Depending on the
eigenvalues and eigenvectors, the distribution loara point, line, ellipsoid, and
circle shaped in 2D. In 3D, if two eigenvalues egeal and the one eigenvalue is too
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small with respect to others, the point cloud dsition denotes a plane. With the
similar idea, it is possible to represent otherongnt geometric surfaces like sphere
and 3D ellipsoid by normal distribution transfof&2).

The mean) and covariance(() of each cell is defined as follows;

1 N
HEN L (32)
=1 5@ -u)E -4
'_N—ljZ:;‘ B ~H)(G A (3.3)

wherei represents the cell index, ahdepresents point index in each clldenotes

the number of points in a cell, ar§i; collects all 3D point positions contained in

the cell (box). Thus, each cell has the pdfs desggithe point cloud in a piecewise
smooth representation with continuous derivativeskFigure 3.1, one can see the
normal distributions for a real dataset in 2D. Tuwnt cloud has 361 points taken
from the experimental Navlab SLAMMOT data$@g]. In this illustration, the point
cloud is divided into 16 equal-sized cells (boxem)d the mean and covariance
values of each cell are computed if a cell has riwaa three points. Finally, the 2D
normal distribution function is computed withouethormalization constant for all
points based on (3.1), and the brighter pointscetei higher probabilities. It should
be noted that this representation also correspdadthe second layer normal
distribution transform of ML-NDT.

The vital part of the NDT method is the discreti@atprocess of the point clouds.
This discretization artifacts coming from the swiglon process leads to
discontinuities in the surface representation aadl foe problematic in some cases.
There are two possible reasons that cause disatietizerrors. The first one is the
selection of the cell size, which describes theltg®n. The lower the cell size, the
smaller the modeling error is obtained. Thereftie,small sizes should be selected
to minimize this kind of discretization or modeliagors. An example of this type of
error is seen in the cell centered in (300,-200Figlire 3.1. The model in this cell
contains considerable errors since it does noesgmt the actual distribution. If the
cell sizes are reduces, this error is highly elmtsa. Another discretization error
occurs at the borders of the cells. Therefores passible to encounter that the pdf

for a cell might be non-zero even at points outsideborders of cells as seen in the
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cell centered in (100,200) in Figure 3.1. In thenwntional 2D NDT
implementation, this type of discretization effeést minimized by using four
overlapping 2D cell grids with bilinear interpolai[3]. A similar approach is also
used by Magnusson in 3D NDT by using eight reguBr cells with trilinear
interpolation [34]. It is shown that this kind of interpolation inases the

computations at most eight times.
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Figure 3.1: The point cloud (red spots) and its NDT repredemia

In the registration process, the algorithm starigh whe initial transformation
parameters, which are obtained from Odometry or IMWUen the input scan is
transformed with these parameters by using (3.d)the corresponding cell is found

for each point in the input scan. The sum of norpatilis computed as

X'=H(X) = Rx+ t (3.4)
§=X—K (3.5)
scord p = iZ:l:exr)(—&z_(‘a) (3.6)

whereM is the number of points ands its index, sax;’ represents the" point of
the transformed input scahl is the transformation function, which includes tbot

translation,t, and rotation,R. The covariance matrixC, and the meary, of the

corresponding normal distribution to poixt

27



For more information about the 2D NDT and 3D NDE refer the reader {8], and
[32]. An improved version of the NDT, ML-NDT scan matap algorithm, is

explained in the next section.

3.2 Multi-Layered Normal Distribution Transform

Choosing the correct cell size is very importamtN®T algorithm. For big cells, the
convergence time is low; however, the convergerrea & large. Therefore, the
system mostly results in wrong parameter estimatibmwever, for the small cell
sizes, the convergence time is high, but the acguisabetter for small amount of

transformations.

In this paper, a multi-layered structure contaimiagious cell sizes in each layer is
proposed. A cell size of a layer is computed frdra point cloud (PC) boundary
automatically. The point cloud is divided ingbequal sized cells wheie=1, 2,..n.
Heren represents the number of layeggjenotes the division constant in that layer,
andi is the layer index. The user initially determine tfivision and layer numbers
like g=8 andn=4. The division numbeq and number of layera affect the cell
volume in each layer. Therefore, to be able tod#ivthe point cloud in a reasonable
cell size in each layer, these values must be nedd®, as well. If the value of is
chosen so small, then the valuenafieed to be increased, so this increases the data
storage and convergence time. In order to keepltarithm simple, the values df
and n are fixed to 8 and 4 respectively in our experitaerBased on these
parameters, the point cloud is divided irBoequal-sized cell in each layer. The
approach is similar to the octree representatiahtie mean vector and covariance
matrix of each cell is stored in all layers if theare more than 4 points in a cell.
Roughly, the idea is based on the human behavimt, Bvo objects are compared
by looking at the big picture to speed up the pafoa process and the details are
investigated with a fine-tuning by decreasing tlearehing window. If the PC
distribution is similar along the y, andz axes, then the PC is divided into fixed cell
sizes by dividing each axis int8 easily. However, especially in outdoor
environments, since there is not much data digegtwlong thez-axis, the data
collected from measurement system is restrictedgatbis axis. Therefore, the PC
cannot be divided int8 along thez-axis. Assume that a point cloud is distributed

along thex andy axes from -50 m to 50 m and along thaxis from 0 to 20 m. The
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enclosed volume of the PC is computed as 100*10€220000 mi. In the second
layer (=2) the point cloud must be divided intd 8 64 cells where we want all the
cells to have the same volume. Namely, the volufmena cell is computed as
200000/64 = 3125 ™ Then the one edge of a cube is obtained as
k=3125" = 14.62m. Thus, the point cloud is divided ic®il(100/14.62) = 7 parts
along thex andy axis, andceil(20/14.62)=2 part along theaxis. As a result, the
point cloud is totally divided into 7*7*2=98 equatlume cells instead of 64.

The disadvantage part of the algorithm may seemheaslata storage; however, the
number of cell in the first three layers (8+8° =584) is almost ten percent of the
only fourth layer, which has®8 4096 cells. If the point cloud contains large amto
of data points, the division constaptan be made to 10, and the layer number can
be increased to five to increase the resolution. vserved that four layers are
sufficient in practice. However, to be able to decwhich layer to start with for a
given initial parameters, we performed an experinmard a guideline is proposed
Chapter 5. This guideline recommends that the tradgiisn process should starts
from the second layer if there is no initial ddfahere is odometry data, but it is not
in a good quality, then the algorithm should stiantn the third layer. If the odometry
data provides a good initial estimation on the ¢farmation parameters then the
algorithm should be started with the forth (or thet layer). Thus, the algorithm

becomes more fast and accurate, and it gains ‘lange” measurement ability.

The ability of the “long-range scan matching” medmst the method can estimate
large amount of rotations and translations witlpees to traditional methods. While
the conventional NDT can estimate small paramelamges, the ML-NDT can
estimate large amount of changes. There are twamnsabehind this, which are the
multi-layered structure and the proposed scoretiomcChoosing the large cell sizes
result in better convergence speed but less acguaacthe other hand using the
small cell sizes make the algorithm more accurate sower. The multi-layered
structure combines the advantage of both sidesmfortant question arises, what is
the criterion of switching to the next layer havimjgher resolutions? In our
experiments, we run the algorithm three times chdavel, and then go to the next
layers except the last layer. In the last layee #igorithm is run until the
convergence occurs or the number of iteration limmeached. On the other hand, it

would be nice to propose a sophisticated switcmeghod based on the behavior
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(derivative) of the score function. However, in thgeriments it is observed that the
score function variation is not always monotonigaécreasing. Therefore, it is not
plausible to propose a switching criterion basedhenscore function; therefore, for
the sake of simplicity each layer runs three tiragsept the last layer. Since this
switching mechanism does not depend on the scoraifum, the information flow
between the layers is isolated. The only informrasbared by the layers is the point
cloud, and there is no direct relation among tlyers In the last layer where it has
the highest resolution, the algorithm runs untd tonvergence criteria are met. The
convergence criteria depend on two factors thatre@orm of the amount of update
and the number of iteration. Another reason is WhyNDT outperforms the NDT
is the score functions used for optimization. kdttional NDT, the score function
given by (3.1) is optimized by increasing the pimbgy of input scan points
matched on the reference model, on the other hizwedML-NDT score function
given by (3.6) is optimized by decreasing the disgaof input scan points matched
on the reference model. As a result, the multiflegestructure with the optimization
of Mahalanobis distance score function outperfotims conventional NDT. The
performance of the long-range measurement abifitthe ML-NDT over NDT is
discussed in Chapter 5.

To illustrate the multi-layered structure, theffitisree layer cell boundaries and their
normal distribution transform are depicted for 2&inp cloud in Figure 3.2. In each
layer, the point cloud is subdivided intbequal parts, whereis layer index with
i=1, 2, 3. Each layer is drawn with a different line typelawlor.

+ Point Cloud
— 15! Layer NDT Rep.
"""" 2" Layer NDT Rep.
4001 - 3" | ayer NDT Rep,
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200
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Figure 3.2: Multi-Layered NDT representations.

30



—

e
@
¥

probablity

Q =2 0
N R o
£

800

Figure 3.3: 2" layer surface representation of the probabilityction (3.1).

While the first layer has the largest cells, theditayer has the smallest cells. Since
this representation in 2D, there are 4 cells infits¢ layer,4°=16 cell in the second
layer, and4®=64 cell in the third layerFigure 3.2, the cell boundaries are drawn only

for occupied cells and they are only for illustoats.

A surface representation of the point cloud showirigure 3.1 is given in Figure
3.3. Here, the second layer normal distributionicthincludesl6 cells, is computed
for illustration. The ML-NDT algorithm and its stepwhich are splitting process,
generative process, and registration process, &en gn Table 3.1. Before the
splitting process, a layer number must be defingdhle operator. Then the point
cloud limits are calculated, and left-down and igtvr corners of each cell in all
layers are computed. In the splitting process fibrlayers, the point cloud is
distributed to equal sized cells. In generativecpss, for all layers and each cell,
covariance matrices and mean vectors are calcutatddstored td3 cell array if a
cell contains more thad points. Finally, in registration process, the aion is
initialized with a starting layes and the conventional NDT is applied to this layer.
The algorithm runs three times in this layer, and iswitched to next layer. The
same procedure is applied to each intermediaterdayad finally the algorithm

returns relative transformation parameterahen the convergence criteria are met.
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Table 3.1: Multi-Layered Normal Distribution Transform (ML-ND Algorithm.

Algorithm (¢) =ML -NDT (R, S,q,n,s)

Inputs:
R Reference Scan
S Input Scan
g: Division constant
n: Number of layers
s. Starting layer

Outputs:
¢: Relative transformation parameters (translatems rotations)

Splitting Process
1: for all layerd; (i=1,2,..n)do
2:  Divide the point cloud intq cells.
3: forallr,e Rdo ¢ is thei™ point)

4: Find the cedj; that includes;, then store; in ¢
5: end for
6: end for

Generative Process
1. for all layerd; (i=1,2,..n)do
2:  forall cellxj e Cdo

3 if number of points ig > 4

4. Calculate the covariance and meanesabf each cedj andstore toB.
5 end if

6: end for

7: end for

Registration Process

1. Start with the layes

2: Wait for the convergence

3 for each point ig ¢ Sdo (s is thei™ point)
4 find the corresponding cell in the refeze modeB
5: Update by following equations (6) through (17).
6: Switch to the next layer in evenyete iterations.
7 end for
8: return¢

In the algorithm S denotes the input scan points used in the matcHingrefore S
represents the subsampled of points from the isgan. In practice, up to 10% of the

input scan is sufficient for successful convergendee problem of choosing the
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subsamples is discussed in and the effect of sagptrategies on the performance
is given in Chapter 5.

To show 3D ML-NDT generative process, an experi@niobtained point cloud
from Ford Datasefd4] is used. The point cloud including 74951 pointd &a fifth
layer NDT representation is given in Figure 3.4da)l Figure 3.4 (b), respectively.
That is, the point cloud is divided into 100.000scand occupied cells are shown for
better illustration.

(@)

(b)

Figure 3.4 : (a)A 3D scan. (b)lts fifth layer NDT representatio

There are important differences in our formulatinesn the original NDT since we
use Mahalanobis distance score function instead pfobabilistic one. Thus, the
formulations become easier; hence, it takes lesgpatation time. In addition, the
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algorithm can estimate long-range transformati@esivations of equations for ML-
NDT are explained as follows.

The equation given by (3.4) is rewritten in (3.@) €onvenience. HerR represents
the rotation matrix containing the Euler anglesfy) in (3.8). The translation

vectort is given by (3.9).

X'= Rx+t (3_7)
1 0 Oflcs O Blly -y O
R=|0 o -@|| O 1 Oy ¢ O (3.8)
0 s wl|-¢¥ 0 0|0 O 1
tX
=t (3.9)

where x =(X, Y, 2 is an input scan point and is the transformed point based on

the initial parameters provided by the odometryitidh values of rotations and
translations are accepted as zero if there is wonetty or IMU sensor information.
In fact, all scan matching algorithms, ICP, NDTdaviL-NDT requires these initial
values. However, we observed that in some casesMitNDT converges to the

correct transformation parameters without anyahgiarameters.

Let e be the error vector between transformed point #mel mean of the
corresponding cell. The Mahalanobis distance sbametion based on this errer
and the covariancg is described by (3.11).

e= X4 (3.10)
M
Score:Z & Ct (3.11)
k=1 )

Another important issue is to get rid of singuiaston the covariance mati@& The
computation of the score function (3.11) requiresihverse oC. The matrixC may
easily become singular in case the point distrdyutn a cell is perfectly collinear or
coplanar. A solution is proposed by Magnusson, slightly inflated the covariance
matrix (C) whenever it is found to be nearly singul@®). If the largest eigenvalue of

C is more than 100 times greater thawherej=1,2 represents the other eigenvalue
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indices, then the eigenvalues are replaced Witk [5;/100. The new covariance
matrix is replaced witiC’ = VA'V, with V containing the eigenvectors @f and
A =diag(l},15,15).

Rigid body transformation parameters searchedr®callected in a vector as given

in (3.12) and estimated iteratively by using Newtand Levenberg—Marquardt

optimization methods, respectively.
&=ttt aByT (3.12)

The rest of derivations of the formulations dependthe optimization method. For
this reason, this section is subdivided into twdgan order to explain both methods.
In the next two subsections, the optimization méshased by the algorithm are

given, which are Newton and Levenberg-Marquardaitee optimization methods.

3.2.1 Optimization with Newton Method

To be able to minimize the score function, the grnaidvector g,, and the Hessian

matrix H, of the summand of the score functiap is written as the following

equations.
%x=€Che (3.13)
%9 "oeoe ¢ c o0& (3.14)
0°s, de) . de e
H = =| 57| C o7 +€Cl—— (3.15)
0508, | 9¢ o0& 0&0¢E
de

Y 2
For derivations opartial deriatives of% and aae , one can look af32]. The
i06]

transformation parametegs are updated iteratively as

&=6,-Hg (3.16)

whereg andH are computed b{B3.17)and(3.18) respectively.
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9= o (3.17)

H =) H (3.18)

In some case$] might be very close to singularity, or it might hegative definite.
However, it has to be positive definite and norgalar for a successful
optimization. IfH is positive definite, the score function will dezse in the direction
of A& =& — & 4. If this is not the case] is replaced byl = H + yI, with y chosen

such thaH is safely positive definite. One can $8ffor more details.

3.2.2 Optimization with Levenberg-Marquardt Method

Levenberg-Marquardt (LM) method combines the adaged of the steepest decent
and Gauss-Newton methods. Therefore, it might plevaster convergence time.

The method is integrated to ML-NDT in this section.

The score values of each point is represented, hyand the score vect&consists

of this score values;

S=[$ S...... S.... s]" (3.19)

J ==X ="% 7 =d —_—
Y08 de d¢, o0& (3.20)

In Gauss-Newton method, Hessian matrix {g@dmated byl'J, and step size
A is used in steepest descent method. The LM ahgor@ombines these two methods

into one form. As a result, the time update is aggisshed as
¢, :r,zt_l—(JTJ'f'/]l)_lJTS (3.21)

where A is initially chosen as Idtimes the average of the diagonal elements of
approximated Hessian matrix. Th&nis updated depending on the variations of the
score function. If the error becomes smalléris divided by a constant (typically,

10), else it is multiplied by this constant.
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In the next section, an improved version of the MDT for fast and robust scan
matching is presented.

3.3 A Fast and Robust Feature Based Scan Matching Algithm

In this section, the details of the feature-basmhsnatching method, FoML-NDT,
are explained. First, the scan matching and theepleature extraction methods for
3D SLAM are explained separately. Then using thészure points in the
registration process of the scan matching algorithrfeature based scan matching
method is obtained. Finally, the extracted plargrants are merged in a dynamic
region-growing algorithm to obtain planar landmarks feature based SLAM
methods. As a result, a combined method that mehgescan matching and feature
extraction methods into a single algorithm is atedi This study is published in

[61], which is proposed by Ulas and Temeltas.

3.3.1 Feature Extraction

The steps of the 3D robust feature extraction é@lgorare explained in this section.
The method starts with point cloud discretizatigndividing the point cloud into

regular cells and assigning each point into thesdls.cThis step is also known as
splitting process. The well-known and simple disze¢ion method is to use fixed
cells; however, there are other methods such as fepresentations, iterative
discretization, and adaptive clustering. Fixed scedfe used for the sake of its
simplicity; however, using other methods might ba&eiesting. Since main
contribution is not in this part, we refer the reatb the literature.

3.3.1.1Probabilistic Plane Fitting

After the discretization process, planar segmengsdatected by first finding the
inliers of a plane via RANSAC algorithfa6]. Then if the number of inliers in a cell
exceeds a threshold value (practically 10), thestleaean square plane fitting is

applied to these inliers to obtain parametric repngation of the plane.

A general plane equation can be written as follow;

B.x+ By+ B.z+ 5,=0 (3.22)
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where B vector represents the infinite plane parameterfiléNthe first three
elements ofp3 vector denote to normal vectom), the distance to origin is
represented by the last element of gheector. The constraint matrix is composed of

as follow;

A=[r,r,r.1] (3.23)

whereI" indicates the columns of the plane data pointcwis given in X, y, and z
axes. Last column of the constraint mathixis filled by ones, and then singular
value decomposition (SVD) oA yields the plane parameters. As a result, thel thir

column of the eigenvectov OR? is equal thep vector.
A=UEV' (3.24)
B=Vis  (51.2.3) (3.25)
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Figure 3.5: Feature points extracted from the point cloud.

If there are large point sets and the outliersteiiss method becomes defective in
terms of computational burden and accuracy. Insteedcipal Component Analysis
(PCA) can be used. The covariance matrix of alh{sobelonging to the plane is
found. Then SVD is applied to covariance matrixe Tast column corresponding to

smallest variation axis gives the normal vectoitref plane. The parametgs, is

found by putting any plane point into the (3.22heTextracted plane points from the
point cloud provided by Hannover dataset are showifigure 3.5. The size of the

points to be matched is almost 10% of the origpmaht cloud.
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3.3.1.2Projection and Convex Hull Computation

After finding the infinite plane parameters, theneex hull or the minimum

rectangular bounding box of the planes is compueth convex hull and minimum
bounding box computation is based on the projeaticime inlier plane points into a
2D space. In literature, the projection methodggatahe plane points onto x-y axis
[26]. However, since the orientation of the plam@ngs in the space might be
various, we propose a PCA based projection methbe.plane points are projected
into their principal components by finding the tata matrix and translation vector.

The projection and convex hull computation metl®éxplained as follows;
The rotation matrixR) and the translation vectoF)(can be computed as follows;

First the plane points is translated to the filgiment position by the following

subtraction,

B=I-T, (3.26)

where I',, is the first point of the point cloud and it is statered as the translation

vector (T). The mean vectoy, and covariance matrix; of the plane points are

computed as follows;
1R
p= 2B (3.27)
Y GIE Gy .28)
N-145 :
The SVD is applied to the covariance matri,

C=UEV' (3.29)

The rotation matrixR) becomes the normalized first two columns of tigemvector

matrix,V = [\7l v, v3] , which are the principal axes of the plane points.

R=[Y Y] (3.30)
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The translated plane poinBis projected to the principal axis plane by usihig
rotation matrix R). The 3D plane points are now in 2D space andesgmted as

A, OR?.

Axy =RB (3.31)

Then the convex hull of the projected plane poisfs [35] or minimum rectangle-

bounding box is found. Then the convex hull poirtts, are translated back to 3D

space with the following expression and represeasatl,,, (1R®.

AXYZ =H pR'+ ro (332)

Figure 3.6 (a) shows the 3D plane points and asslated and projected views and
they are transformed back to the 3D space as shofuigure 3.6 (b).
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Figure 3.6: Convex hull computation: (a)Plane and its prog@tto principal axis
plane. (b)Convex hull computation in 2D and baadfijgetion to 3D.

To show an application of the plane extraction roétim outdoor, Ford datasgt4]
iIs used. The extracted plane segments of the emagat are given in Figure 3.7.
The camera images of the environment and its pdoud representation that is

projected to these camera images are shown ind-Ry8r

3.3.1.3Feature Based Multi-Layered Normal Distribution Transform

In this part, a novel scan matching method using-WRT algorithm based on
extracted features, called FbML-NDT, is introducéar the reference scan, the

regular ML-NDT is applied to each layer, and foe thput scan, which is the one to
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be aligned to reference scan, the plane inlierseateacted as explained in the
previous section. Then for each plane points, #gular registration process is

applied as given in Table 3.1.

Figure 3.8: Camera Vision: (a)Ladybug camera vision of theiremment. (b)The
point cloud projection into the corresponding inmge
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Table 3.2: FOML-NDT Algorithm.

Algorithm (¢} = FbML - NDT (R, S,q,n,s)

Inputs:
R: Reference Scan
S: Input Scan
g: Division constant
n: Number of layers
s: Starting layer
Outputs:
& : Relative transformation parameters (translatemms rotations)

Splitting Process(C) = Split(R,q,n)

1: for all layerd; (i=1,2,..n)do
2:  Divide the point cloud intq cells.

3: forallrie Rdo ¢ is thei™ point)

4. Find the cell that includes;, then store; in ¢
5:  end for

6: end for

Generative Procesg B) = GeneratePDHC,n)|

1: for all layerd; (i=1,2,..n)do
2:  for all cellx; e Cdo

3 if number of points ig > 4

4: Calculate the covariance and meanegabf each ceti andstore toB.
5: end if

6: end for

7: end for

Feature Extraction Process(F) = FeatureExtraction(S)
1:(C) = split (S, ¢,n)

2: Apply RANSAC algorithm and obtain plainger points
3: Call this inlier points &5

Registration Process(¢) = Registration (B, F's)

1: Start with the layes

2: Wait for the convergence

3 for each point ify ¢ F do  is thei™ point)

4 find the corresponding cell in the refeze modeB
5 Updatef by following equations (4) through (12).
6: Switch to the next layer in evenyete iterations.
7 end for
8: returné
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The feature based ML-NDT (FbML-NDT) algorithm given Table 3.2 consists of

the four phases: the splitting process, the geweratocess, feature extraction, and
the registration process. In the splitting proctss reference scan is divided into
fixed cells, and in the generative process the mesctor and the covariance
matrices of each cell is computed as in ML-NDT fdature extraction process, the
input scan is also discretized and the plane cambebdare detected via RANSAC
algorithm[16)].

If the number of inliers in a plane is greater tlaathreshold value, these plane inlier
points are considered as feature poiR)sfr registration process. In the registration
process, the extracted feature points are uselerroptimization step of the ML-
NDT algorithm; thus, the number of matching poirgsreduced effectively and

efficiently. The rigid body transformation paramstef are obtained from the

proposed algorithm.

The feature extraction for scan matching can besidened as a special case of
subsampling method. This is true in terms of pogduction in the registration
process of the scan matching methods. Howevere she feature extraction based
scan matching utilizing the geometric structureiclv are planes in this study, they
are more robust than the conventional methods éubey are sampled with GBS
strategy. Another issue is that GBS method samggesal number of points from all
cells and does not take the importance of a cédl account. In Chapter 5, the
performance analysis of the feature based scanhingtand the effect of sampling

strategies is given.

3.4 Application of Scan Matching to SLAM Problem

In this section, an application of a scan matcmreghod to solve SLAM problem is

explained. The proposed Multi-Layered NDT scan mmatg algorithm is used to

match two consecutive scans to find relative rigadly transformation parameters,
which are then used to estimate robot path andiémse map of the environment.
One has to note that only the last robot posetimated and updated as in online
SLAM and the state vector size is constant andlsqaahe number of robot poses.
If the initial pose (position and orientation) ofrebile robot is known, one can find
the next pose of the mobile robot by using thetiredatransformation parameters

obtained by the ML-NDT scan matching algorithm. sTipart does not use any
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sophisticated filtering methods, such as Kalmaerfilparticle filters, or information
filters. Therefore, the path obtained by the pregoslgorithm here contains

cumulative error.

The combination of ML-NDT with Kalman filter prowes$ better results for

estimating the robot pose. The proposed methoxhbkamed as follows;

Let the initial pose of the robot is given as

%=[xyz ] (3.33)

wherex, y, z are the position of the robot, amdr, r, are the Euler angles, which

represent the orientation of the mobile robot ie tilobal frame. If the relative
transformation, combination of rotatioR)and translationT), is known, the next

pose of the vehicle in global frame can be fountbhsws;
X = Transd ( x,§)= Rx+ 1 (3.34)

This is applied recursively to find the consecupeses of the mobile robot. Théh t

scanscarf in local frame () is projected to worldW) frame asscarf’ if the global

robot posex, is known.

scarf’ = Tran8 [ scan X% (3.35)

The dense map can be obtained by putting togédtleealt projected scans into global
frame.

"scar}’ ]
scar)’

Map = (3.36)

scarf/

3.4.1 Application of Scan Matching to SLAM Problemin 2D

As a vehicle, Ackermann wheel model is used andotheervation is based on the
relative transformation parameters obtained froransmatching. The kinematic

motion model and observation model of the mobilmtare defined as follows;
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Kinematic Model The vehicle motion model shown in is giver{3r87).

Xuq = X TV dtcogb, +),)
You = ¥ T\ dtsing, +),)

37
V. dt (3:37)

6,, =4,

Vit

sin(y,)

L

Figure 3.9: Discrete Time Vehicle Motion Model.

Jacobian matrix of the motion model and control eledwhich are shown b,

and G, , respectively, is found from the kinematic modeB{) as

1 0 -V dtsin@, +y,)
G, =0 1 Vdtcogp, +y,) (3.38)
00 -1

dicogd, +y,) -\ dtsitg, +y,)
G, =| dtsing, +y,) \ dtos, +y,) (3.39)
V, dt

Lsiny) cogyy)

Measurement unit provides the robot relative tramsition parameters from scan

matching as given (3.40). Therefore, we can fireddhservation modef as

¢=lt. t, ¥ T (3.40)
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_ . [cot8) ~si@))(t,
s =X (swm@> 00$d)j , (3.41)

6.,.=6+y (3.42)

wheret, and t, are the relative translations, agdis the relative orientation. They

are extracted from (3.41) and (3.42) as
t,) _(cos(§) -sin4) N [ co$8) sifg))(ox
) o) o ) o) e

| [txj:[ Axcos(@)+Aysir(6{)]

t,) | -Axsin(g)+Aycogd) (3.44)
y=6..-6. (3.45)
Observation Model The observation model is given as
t Axcoq8,) +A ysif6))
£=|1, |=| -Axsin(8,) + Aycogd) (3.46)
y 9t+1 - Bt

Jacobian matrix of the observation model is foundfthe observation model.

~cos(g) ~sir(8) -4 xsifg)+A yoo)
H=| sin(§) -codf) -Axcoff)+A ysit]) (3.47)
0 0 -1

Motion Update The state and covariance updates are given as

Xuq = % TV dtcogb, + ;)
Yeu = ¥V dtsintg, +y,)

(3.48)
.0 =0, 2% singy,)
k+1 k L
2. =G,ZG +G QG (3.49)

where,Q is the control noise ang, is the covariance matrix at tinhe

Measurement Update Update equations requires the computations of Kalgaan,

and it is found by

46



K=5,H (HE,H +R)™ (3.50)

whereR is the measurement noise obtained from the ML-Nilgbrithm by taking

the inverse of the hessian matrix given in (3.18% H™, and the proof is given in
[4]. The reader should be careful with the notationHefssian matrix and the
Jacobian of the observation model represented gy shme symbol. The

measurement update equations of the state veadaraariance matrix is given by

A

X = Xt K(z,- 2 (3.51)
2a= (I ~KH ) 2 (3.52)

3.4.2 Application of Scan Matching to SLAM Problemin 3D

The idea is principally is the same as the 2D eamskits extension to 3D. Here only

the differences and the assumptions are discuss&Dfcase.

To be able to implement a Kalman filter based SLAMe has to know the state
space representation of the controlled system &sdroation models as well as the
noise levels with their covariance values. The skttamight provide odometry data
in three dimensions as y, andd. This odometry data, which provides the robot
position in every time stamps, is used to derive tiontrol signal. Hence, the
kinematic model can be considered as linear in tipaate phase of the KF, so there
IS no need to compute Jacobian matrices becaugeateadentity matrices. Again,
the datasets mostly does not provide the covariaratex of the noise of the control
signal, and it is assumed that each diagonal eleafeéhe error covariance matrix of
the odometry is assumed as a fixed value and ahiegies are zero. Although the
measurement method, ML-NDT, provides relative hoemoys transformation
between two successive scans, this roto-translatenm be used as positioning
technique. Since scan registration method providesnext position of the vehicle
based on its previous position, the observationehodn be considered as a linear
model. The control signal is obtained from the odosnand used in KF time update
step as shown in Table 3.3.

47



Table 3.3: Kalman Filter time update and measurement updeps s

Time Update Measurement Update
X(k+1lk)= (KR + U B X(k+1]k+1)=k(k+ 1|k)+ Ke
P(k+1lk)= P(HK)+Q P(k+1k+1)=(1- K) P(k+ 1K)

—_—>
Control signal obtained from Innovation (), Innovation Matrix
odometry: (S), and Kalman GainK):
u(k)=x (K- x( k-1) e=z(k+1)- A k+1 R
Measurement prediction: S=Px+ R K=PxS*
2(k+11K)= x (¥ P(k+1K) = P(K+Q

3.5Discussions

In this chapter, first, a novel scan matching meéthdL-NDT, based on Normal

Distribution Transform is introduced. This algonthuses multi-layered structure
that automatically calculates the cell size from point cloud boundaries instead of
assigning a fixed cell size. Then an extension bfNDT using planar features for a
fast and robust scan registration is proposed. eSitis method uses certain
geometric shapes in registration, the performanicéhe algorithm significantly

increases. Finally, the application of the proposedn matching methods to 6D
SLAM problem is explained. The experimental reswoltdoth scan matching and

scan matching based SLAM is given and discussé#tkitChapter 5.
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4. A PLANE-FEATURE EXTRACTION METHOD AND ITS APPLICATI ON
TO 6D SLAM

This chapter is divided into two sections: Firbg planar feature extraction method
is introduced. Second, the feature based SLAM mmgeof planar features is
proposed. The work comprising of the feature exitvaamethods and its application
to SLAM with local filters is also published if66] and [64], respectively. In
addition, the method is combined with Cubature Kainkilters (CKF) and semantic
perception for outdoor environments and publisield3]. Moreover, a novel filter,
Randomized Sigma Point Kalman Filter (RSPKF) faatfiee based 6D-SLAM is
published by Ulas and Temeltggd]. Finally, sparse extended information filters are
adapted to planar-feature extraction algorithmléoge-scale SLAM. The details of

the proposed methods are given in this section.

4.1 Plane-Feature Extraction Method

In this section, the steps of the 3D landmark exiwma algorithm are explained. A
fundamental part of the landmark extraction aldponitis presented in the Chapter 3
and Section 3.1.1 for fast and robust scan matchitege, the feature extraction
algorithm is improved for planar feature based SLAMthod. After the projection
and convex hull computation step, the plane segsard merged to obtain large

plane structures. The merging step is given asvdl

Merging Step After finding the convex hull points of the plandbe plane
segments are merged if they pass the three metgstg. These tests are given as

follows,

« Orientation test C, = cos'l{niTnj} Kt
« Translationtest  C =n'(c —¢)Kt
—_ T -1
» Closenesstest C,=(c;i—¢;) Z,7(c; —¢)) <t
whereC is the center of the gravity of a plark,is the pooled covariance matrix as

defined by
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SHRL TSP TS
p ki +kj i ki +kj j (453)

andk; , k, are the number of inliers in a plane, andx,; are the covariance matrices

of the plane points.

The orientation and translation tests are alreadypgsed by Weingartefv1] for
indoor applications. However, for the outdoor eomiments the closeness test is
crucial. In Figure 4.1, two planes satisfy the tfito conditions, namely, their
normal vectors seem parallel, and they are almoghe same 2D space. However,
they are actually far away from each other and sdagtonging to different surfaces.
Therefore, the third constraint checks if they dose& enough before merging. For
that purpose, the Mahalanobis distance with poaedariance is computed to

measure the stochastic distance.

In this study, the threshold parameters are keptstamt such thatt, =15°,

t; =75 cm, and t, =10 cm throughout the experiments. To be able to propose a

good set of threshold parameters, the datasetalyzed with these values, and they
are kept invariable throughout the experimentgehl time implementations, before
starting the SLAM, a calibration process, consiugrithe sensor system and

environment conditions, is necessary to obtain @réfireshold parameters.

Figure 4.1: Merging problem.

In this study, an automatic or adaptive method a$ investigated for parameter
optimization for simplicity but we believe thatntay increase the performance of the
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feature extraction method. In order to clarify trenefit of using stochastic distance,
we have generated three planes and tested thedei@os for two cases. In case 1,
three planes, described below, lie on the sameiiafplane with different ranges as

shown in Figure 4.2 (a).

Plane ¥ n= [0 1 0], d=N(0,0.2) bounded within the region of x=0,2,.. 10 and
y=0,2,..10.

Plane 2 n= [0 1 0], d=N(0,0.2) bounded within the region of x=15,16,.. 25 and
y=0,1,..10.

Plane 3 n= [0 1 0], d=N(0,0.2) bounded within the region of x=15,16,.. 45 and
y=0,1,..10.

Table 4.1: Merging tests in two cases.

Cases Merging Tests Between PlanesCo G G de

Case 1 1and 2 4,28 0,19 5,14 15,20
1and 3 2,51 0,86 2,38 26,24

Case 2 1land?2 4,32 4,64 44,77 15,07
1and 3 1,62 4,86 141,74 25,88

whered. is defined as the Euclidean distande= \/(cl - cj)T((;— ¢) and N(po?)
represents the normal distributed noise with a mpeand variance?

From the Table 4.1, one can see the differencetathastic distanceC, and

Euclidean distanced; in Case 1. Although the distance of two planes raot

changing, the Euclidean distance increases signifig, since it is based on the
measure of the center of gravity of two planes. tha other hand, the stochastic
distance decreases significantly to force two @atte be merged. In Case 2, the
Plane 2andPlane 3are shifted along thg-axis with five units as shown in Figure
4.2 (b). As seen, the Euclidean distances are althessame with Case 1; however,
the stochastic distance increases significanthcestwo planes do not belong to the
same plane. This shows that the measure of staclistance does not only check
the closeness of two planes but also check whetherplanes are in the same

infinite plane or not.

The large finite plane patches are obtained bygu#iiis procedure and they are

accepted as landmarks if their area is larger éhdmeshold value.
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Figure 4.2: Generated Planes for merging tests: (a)Case la¢e)Z.

As a result, each landmark has the properties ohalbvectorn , center of gravity
G, convex hull pointsd,,,;, covariance matrix of inliers;, number of inliersk,

and the plane ared, where i is the index of the landmarks. The pldaadmarks

extracted from the first scan of the Hannover ddf@s] are shown in Figure 4.3. In
addition, two triangular planes do not belong tg huilding walls and roofs, so this
shows that the plane-feature based SLAM does rietysdepend on the building

structures but requires local planar structures.

Figure 4.3: Demonstration of the extracted features.
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4.2 Plane-Feature Based SLAM with Gaussian Filters

In this section, the extracted plane features faarthe previous section are used in
feature based SLAM. The SLAM algorithm uses thaité plane parameters, which
are normal vector and its minimum distance to arigipresented in global frame.
However, semantic data information of the plandsiciv are covariance matrix of
the plane inliers and plane center of gravity, fbim merging step is stored and is
used when solving the data association problenms ktarted with defining the

vehicle, landmark, and sensor models. Then theaplatures are adapted to EKF,
UKF, CKF, RSPKF, and SEIF based SLAM methods.

Vehicle Model The vehicle model is given by, = f(x, ,u, )+w,, wherew_

denote the zero mean Gaussian distribution nois®mreandu is the control signal.
Here,f denotes the vehicle model function. In this thethe model functiorf is
obtained from the odometry data which is provided tbe dataset. Since the
odometry provides the rotation and translation nmfation of the vehicle motion, it

can be used instead of the kinematic model.

Landmark Model The planar landmarks obtained from the fea@xteaction are

assumed to be stationary, =x,, . These landmarks are augmented in SLAM map

with the following state vector representation,
X, =[BT ] (4.54)
Xoa =[x, X, ] ORF™. (4.55)
Observation Model Sensor measuremergsare given by
2 =[ne) o] (4.56)

wheren; andd; are the plane normal and its minimum distancerigiroin local

frame, respectively. In the formulations, supeggsrWW andL indicate the world
frame and the local frame, and is the transpose. Since the proposed feature
extraction method provides the plane propertieaal frame as shown in Figure

4.4, the plane parameters are transformed to thiel fvame by
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ne =Roi(x) it (4.57)
df =de = ()" x, (4.58)

where Rot matrix represent the three successive rotatioriimetke by the Euler

angles of the robot orientatioq inX, y, andz axes.

A

Z

Figure 4.4 Infinite Plane representation in local and worlahfie.

The other plane properties such as center of gra¥ithe planesG;, the covariance

matrix C. of the plane points, and convex hull poirm§yZ g are also transferred to

the world frame by using the estimated robot larat, and orientationx, .

Cf' =Ro(x) G (4.59)
Gf =Rol(%) G+ ¥ (4.60)

AY  —=Rot(x A% -+
xyz F X, Xyz F X, (4.61)

In the next subsection, the EKF SLAM based on psed@lane-feature extraction is
introduced.
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4.2.1 EKF Based 6D-SLAM with Planar-Features

Kalman filters are the de facto filters for proldmbic SLAM as in many

applications. Therefore, the planar-feature exiwacimethod is first adapted to
Extended Kalman Filters (EKF). The reason of udimg extended version of the
Kalman filter is that the motion and observationdals are nonlinear functions, and

they are approximated to linear with Taylor expan$bl].

To be able to apply the feature extraction mettmdhe EKF based 6D-SLAM
method, the Jacobian matrices of the vehicle matimh measurement functions has
to be found. Then the traditional EKF time and rueasient update procedures are

carried out.

Motion Update The motion update depends on finding the Jacobj of the

vehicle modef and computed by

F, =0f (x, ,u, )/dx, . (4.62)

Then the Kalman time update step is applied as,

Xy =EX, TUy

i, 4.63
P, =EP_F, +Q,. ( )

where X, represents the predicted state vector Bnts the predicted covariance

matrix in thek™ step Q, denotes the noise covariance matrix of the vehiuion

model.

Measurement Update The sensor measurement model is previouslyigedvby

(4.56) and rewritten below for convenience.

Zk = r(xk—l’ uk—l) + Vk—l

:[nﬂ _| Rof (x)f oy (4.64)
de | R ()%, | 7

The Jacobian matrix of the measurement functibnis obtained by (4.65) and the

EKF measurement update equations are given by)(4é@reR, is the covariance
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matrix of the measurement noise. Kalman innovatimatrix and Kalman gain is

denoted byS, andK, , respectively.

HX :ah(Xk,uk)/GXk. (4.65)

Sk = HkPl:H-:; + Rk
K, =PHS,

Xy = X;k +Kk(zk _Hkx:;‘)

Vic

P =(I -KH,)P,

(4.66)

State Augmentation The projected landmarks are added to the stateovest
described in (4.55). The Jacobian matrices of thgmentation function are

computed by
G, =0x,/0x,, G,=0x./0z (4.67)

and the state covariance matrix is augmented by

Pk,mm:G\PKV\GTv+ Gszz
Pl;r,vm:Pk,mv:G?kw (468)
Pl;r,Lm:PKmLZG\kaL

wherev represents the vehicle indices in state vectochvls 1 to 6m represents the
last added landmark indices, ahds the whole landmark indices starting from 7

through last index.

4.2.2 UKF Based 6D-SLAM with Planar-Features

Unscented Kalman Filter (UKF) are firstly propoded nonlinear systems by Julier
et al[23]. Since the motion and observation models usediirS&AM representation
are nonlinear, UKF is more suitable than EKF siitca@pproximates the nonlinear
functions better than EKF. The complexity of the RJI§ the same as the EKF but
does not require any computation of Jacobians. bEsed SLAM depend on the
unscented transform and applied to point featusedthe&SLAM problem for large-
scale outdoor SLAM by Martinez and Castellaf8%.

The UKF based 6D-SLAM algorithm with planar-featuie given by Algorithm 1
and Algorithm 2 in Table 4.2 and Table 4.3, respebt. Algorithm 1 shows the
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prediction and measurement update steps, and therithm 2 explains the state
augmentation step. In the prediction step, theestattor is augmented with control
signal and sigma points are computed. After profiagdhe sigma points through
vehicle model the state vector and correspondingri@nce matrix is predicted.
Then in measurement update step, again, the signméspare evaluated from the
predicted values, and they are propagated thraugmieasurement model. Finally,
estimated values of the state vector and correspgndovariance matrix are

obtained by the Kalman update equations.

EKF requires the computation of Jacobians but stheemotion and measurement
models are time invariant, they are fixed equatems found by offline. On the other
hand, UKF has a vital advantage over EKF if thdwatéon of the Jacobian matrix is
non-trivial and lead to implementation difficultig5)].

Huang et al. addresses two key limitations of UKAB problem: the cubic
computational complexity related to number of satnd the inconsistency of the
state estimateqd21]. In particular, they introduce a new samplingatgtgy
minimizing the linearization error with constantngoutational complexity. They
also explore the observability properties of timedr regression based model used by
the UKF, and introduce an algorithm, called Obskititg-Constrained (OC)-UKF,

which improves the consistency of the state es@mat

Table 4.2: Algorithm 1. UKF SLAM with prediction and updatteps.

Algorithm 1 (xk,Pk) = UKF_SLAM (x 1P gl k_l)

Prediction

1: Augment the state vector and covariance matrix

T
k17 [Xvk_l ! k—l}

P, 0
P —| k-1
|t |

2: Predict the state vector and covariance matrix

[le PI: ] = ukf_cald f( x’k—l’ u"k—l)’_xk‘l' Py
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function [x,P] =ukf_caldg, x P
1: Evaluate the sigma points frommand P using unscented transform
X (i=01,..2)
2: Propagate the sigma points through the givenefrgpd
X =9(x)
3: Estimate the state vector and covariance matrix

2n
x =3 WX,

i=0 !

2n
i=

Measurement Update

1: Evaluate the sigma points using unscented toamsf

_ -
)(i,k (i=0)

)(i_k =Y_+{‘/<n+A>Pk‘}i (i=12,..n)
e i NCE o0 R (CURERSE)

2: Propagate the sigma points in observation mawielpredict the measurement

|
1

Z7 =h(y" .
PRLCARLY

2n
= _ m
2= oM Cik

3: Estimate innovative and the cross covarianceioest

p= =Wz -7z -z  +R
22k= 2oV ki TZWE TE TRy

P = S Wex~ —z)x~ ~z0)T
xz k= Zg Wk T2 T2

4: Estimate the updated state and covariance matrix

_p~ (p= 31
Kk_sz,R(PzzIz

Y; =YE +K k(z k—ZI()

o = T
Pe =P ~ KPPz Kk
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Table 4.3: Algorithm 2. UKF state augmentation.

Algorithm 2 [xﬁ1 PE] :State_Augmentatior( X Pk)

Augmentation
1: Augment the state vector and covariance matrix

T
Xk :[Xk Zk]

Pk 0
P =
k 0 R

2: Evaluate the state vector and covariance matrix

a T
= X X
% [ Y ”‘k}
[XE Plﬂ = ukf_caldgf(‘, X0 Pk)

4.2.2.1Cubature Theory

The key point of the Cubature thedfy is to find multi-dimensional integrals using
cubature rules since its integrands are in the formonlinear functionx Gaussian
Distribution. Thus, the Bayesian filter solution is approxindatey the help of
cubature theory.

Cubature Rule The cubature rule is used to approximatenatimensional

Gaussian weighted integral as

[ fOV(xpP) dx~2—1nzn f(u+N P (4.69)

i=1
whereN is the normal distribution ok with mean, i, and covariance matrixp .

The relation for covariance matfx= \/I_D\/I_DT is satisfied. The2n set of cubature

array set is defined by , and, thei™ element of the sef ,

1 0) (-1 0

Indl o e (4.70)

¢
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4.2 .2 2Feature Based CKF SLAM

The usage of extracted features in CKF SLAM is ax@d in this section. Feature
based CKF-SLAM algorithm uses the infinite planerapaeters as features.
However, other semantic data information of thengtafound in landmark extraction
is used when solving the data association problEnus, every plane feature is
considered as an infinite plane in SLAM posterioowever, in fact they are plane
patches in the correspondence decision. Firstye¢héecle, landmark, and the sensor
models are elucidated as follows. Then CKF-SLAM ioroand measurement update

steps are explained.

Vehicle Model The vehicle model is given by
e =y e Wi (4.71)

where w,_,denotes the zero mean Gaussian distribution noesgon with the
covariance matrix Q, and the control signal or odtwgn data is provided as
u=[0x0Y,0z0da,dB,dy]. The vehicle state vector is represente(kpy[xvp x,]
where X, =[x vy, 4 and X,, =[a, B, y] denote the robot position and the orientation,

respectively. The vehicle model function givenfland can be disclosed as in (4.71)
for the odometry data having the relative rigid body transforma@wameters.

%] [ %] O%es

Yie | =] Vi | T ROUX, )| O Vi

L4 ] [ & 07,

o] [aw] [doa (4.72)
Be |=| Bea | ] By

L] W] [

where Rot matrix represent the three successive rotations defined by the Euler
angles in x, y, and z axes. The motion and measurement updateottiye CKF

SLAM are explained as follows.

Motion Update Motion update step is based on the vehicle model (4Ig)state

and covariance matrix is augmented as
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T
X =X u
k-1 [ Vie k—1j|

o - [Pko—l g} (4.73)

wherex, _, is the state vector in the (k-1)th time step apd is the applied control
signal at this timer _, denotes the state covariance matrix. The cubatuag .(, is
evaluated with (4.70), and the square root of theafix is obtained with Cholesky
decomposition, > =chol (P)" . For the sake of simplicity, the time indek) (s

reduced from the following equations. Cubature fsoare evaluated by

2n
w XD (4.74)
Then2n cubature points are propagated through the vemolgel as follows,

X, = f(K,i_,u). (4.75)
The estimated state and corresponding state vector is obtained by

1 2n
X =—
2n =

(4.76)
:—ZX -(x)E)T

After the motion update, measurement update stappBed as follows.

Measurement Update The measurement update step is based on geFvalion

model (4.64). The cubature points are evaluatedth®y estimated state and
covariance matrix as; =x ++/P¢;, and then they are propagated through the

observation model as
Z =h(k, U ) + . (4.77)

where v, is the zero mean measurement Gaussian noiseRaitivariance matrix.

The predicted measurement mean vector is compsted a
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o1&

==Y Z
4 on< (4.78)

and the cross covariance matrices are obtained by

_1& T _ (5 \(5-\T
P =20 Ei:l,zizi (Z)(z) +R
(4.79)

1 2n
P ==—NSXZ-x)z)"
e = o X2 @)

The Kalman Gain (G), updated state vector and cawvee matrix are evaluated by

G= szP;z1
X" =x"+G(z-2) (4.80)
P=P-GP,G

If a new landmark is observed, it is added to tkmtesvector with the state

augmentation model.

State Augmentation The state augmentation is based on the lardmadel
definition (4.54) and the augmentation given byp%4. The state augmentation is
applied in two steps. Firstly, the state vector apglariance matrix is augmented

with the new observations as follows.

X =[x, z]T
Pz[z IORJ (4.81)

The augmented state modgf =[x, x,] is constructed, and then the augmented

state vector and covariance matrix are computefblbywing the same procedure in
motion update step with (4.74) , (4.75), and (4.76)

4.2.3 RSPKF Based 6D-SLAM with Planar-Features

The sigma point filters provides an approximateiSohs to the nonlinear functions.
However, these approximations are biased, and gbeegrate systematic errors. To
keep the equations more certain, we elucidate sftisation on the Unscented

Transform (UT). The error is expressed by meanthefTaylor expansion of the

actual meary and the approximate megt .
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The Taylor expansion of the true mearyafin be written as

o & - PG ) Dpd(X) , Dag()
ALUIPDIS D"J“'”E[ a e (4.82)
where
0f9= o 9(%) b= Do9 _ L > (x.—i.)ikg(x”x
YT ox0x, ok 4~ T gy (4.83)

Based on the sigma points and the correspondinghtgethe approximate mean is

written by the Julier et aJ24] as follows

n

n+ n ..

V= P y Dz

y 96()+2(n+/() i:l; (10,0
2 ( D8 (4.84)

N i 5906) | Do o),
2(n+k) p=1 4! 6!
where

Lo _1(n o o a )

0 e 260X F o 0 (459

is thek™ term of the Taylor series expansion of [ﬁbﬁigma pointg(x,) and x,(i) is

thei™ element ofy, .

The systematic error can be written as

6
ot = E{ D290 , DagM , }

41 6!
1 i Dfpg(,vp) .\ Dfpg(,vp)+ (4.86)
2n+Kk)5| & 6!

The errore™ is different from zero if the function g is nopalynomial of degreén.
This systematic error is also appears in the coatjouis of the covariance matrices
in a similar fashion. The randomized sigma pointinkan filter is proposed to
eliminate the mentioned systematic error. Randoth@gma Point Kalman Filter
(RSPKF) proposed by Dunik et 4lL2] uses the stochastic integration rule (SIR)
introduced by Genz and Monohdd8]. The SIR is summarized in the next

subsection.
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4.2.3.1Stochastic Integration Rule

SIR is appropriate for solving the integral of them

_ 1 n/2 —%XTX
H=1,96 py e (4.87)

This relation can be considered as a computatiothefexpected value of the
function g where x is a random variable wifi{x) = N(x; X,P). The algorithm to
solve the integral based on SIR is given by theoAtgm 3 in Table 4.4. The matrix
Q can be generated using a product of appropriatedgen random reflection$8§)].

It is claimed in the paper that the SIR providegesior performance with respect to

conventional methods in cases where the fung@his not approximately constant.

Table 4.4: Algorithm 3. Stochastic Integration Rule.
Algorithm 3 =SI(X, P,g(x))

1: DefineNmax

2: Sety =0 and computey, =g(X)

3: fori=1 toNmaxdo

4 Generate a uniformly random orthogonalrima® 0 R™ and

generate a random numpdéorm Chi-distribution withn+2 degrees

of freedom.
5: Compute a set of poirgs and corresponding weightg from
X = —p\/BQQ
Xnoi = PVPQe
n 1
WO =1__2! Wi :Wn+i = sz

wheré=1,2...nands is thei™ column of the identity matrix.
6: Compute the valug of the integral at current iteration

S=-X, +i(g(xi) + g(Ximx))Cq

and use it to update the approximate megan
H=p+(S—p)i
7: end for
8: return u
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4.2.3.2Randomized Sigma Point Kalman Filter

The time update and the measurement update stegsmsed on the SIR algorithm

and are given as follows.

Time Update = RSPKFs computes the predicted mgaand covariance matrig
depending on the transformation.

X = B[ T (Xpep Upg) + Wiy | Dy (4.88)

where D,_, denotes the history of the input and measurement pairs up .t&ikde
w,_, IS assumed to be zero mean and independent of the measurement semeence,
can write

X, = E[f(X)opU) | Dy ]

IR" f (X Upe) P(X oy | D) X

(4.89)
= IRn f (X U N (X3 X Py dX
The corresponding error covariance matrix can be written as
Pk_ = E[(Xk '?;)(Xk'ii)T |Z|<-1 ]
= o f U)Kl (4.90)
X N(X g 1 Xq Prcy) Xy = T(k—ly(-ll—(—l-'_ Qe
Here the integrals are solved by the SIR algorithm.
x, =Sl ()_(k’ P, fix k))
(4.91)

P :SI()_(k'Pkl(fk(xk)_)_(k)(fk(xk)_)_( k)T)+QI

Measurement Update  The predicted measurements vector, the canekpg
covariance and cross covariance matrices are giyen

7, = [ hOGI NG Xy, Py i,
P = [ OGO (X ON(X Ry P ) =2 7+ R, (4.92)

Pk = IRH X D (XN X g P yy) =X 70
The integrals in the measurement step are obtdipéide SIR algorithm by

7, =SI(%,,P; . h,(x,))
P =SI (%Pl (0 ) =) (h(x ) -2 )T )+ R, (4.93)
Pk =S1(X1 P, & =% ) (hyfx ) =2 )+ R,

After new z, measurements are obtained, the sigma point Kafittanupdates the
state vector and covariance matrix as

65



X; =%+ Kk(zk_zk)

Ro=FR — KPP, K (4.94)
where theKyis the Kalman gain given by

Ki =Py Por (4.95)

4.2.3.3SLAM Based on RSPKF

The conventional feature based SLAM representationsists of three models,
which are vehicle moddi, observation modeh, and the augmentation modgl
Although these representations given in the pres/grctions, they rewritten here for

consistency.

Vehicle Model The vehicle model is given by

XVk =1 (Xvk—l U k—l) + Wk—l (496)

where w,_,denotes the zero mean Gaussian distribution noesgonr with the
covariance matrixQ, and the control signal.

Landmark Model The landmarks are assumed as stationg[y=x, and

represented in worldW)) frame. The SLAM map is augmented with the follogyi

State vector representation )

R6+4N

X% :[ka x%] 0 (4.97)

Observation Model Measurement or observation model parameierare
provided by the feature extraction method and dtase

Z. = h(x,u ;) +vy (4.98)

where h is the measurement model &pgis the zero mean observation noise with R

error covariance matrix.

Motion Update Motion update step is based on the vehicle mod@&Rj4 The state

and covariance matrix is augmented as

66



o T
Xy = [Xvk Uk}

. {pk 0} (4.99)
k 0 Q

where %, is the state vector in tHd" time step and is the applied control signal at
this time. P, denotes the state covariance matrix and augmersted (4.99). The
square root S of the covariance matfxis obtained by the Cholesky decomposition
S=chol(R, ). Then the time prediction step of the RSPKF athor is applied to the

augmented vectors as

%, =SI(%,,P,. f,(x,)

P = SI(%0 P (Ful) = X)(F0) =% )T) + Q, (4.100)

Measurement Update The measurement update step is based on the otigerva
model (4.64) and the state and covariance estimatioe obtained using the SIR as
in (4.93).

—+

X, =X+ K (z,—Z))

k' zz

where theK, is the Kalman gain given by

Ki = PPz (4.102)

State Augmentation The state augmentation is based on the augmenttien by
(4.97) and operated in every new landmark obsemstiThe state augmentation is
applied in two steps. Firstly, the state vector apslariance matrix is augmented

with the new observations as follows.

} (4.103)

The augmented state modgf =[x, x,] is constructed, and then the augmented

state vector and covariance matrix are computefblbywing the same procedure in
motion update step with (4.99) and (4.100).
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4.2.4 SEIF Based 6D-SLAM with Planar-Features

The classical filtering methods like EKF and UKF fsolving SLAM problem
require quadratic update time depending on the rurdamdmarks in map. For that
reason, a scalable algorithm is necessary for lscgke SLAM, where its update time
does not depend on the number landmarks. Rec&ybtse Extended Information
Filters (SEIF) are proposed for this purpose byrasgnting maps through local,
web-like networks of featurefb6]. Thus, SLAM updates can be performed in
constant time without regard to number of landmamkthe map. In addition, due to
the nature of spares structure, SEIF filters b&ie&M requires less memory storage
than the mentioned Kalman filters based SLAM. Mes¥o since the information
form, which is canonical representation of the c@mrece form, is more suitable for
multiple platforms and multi-sensor fusion framekgran advantageous method for
long range SLAM is obtained. Before explaining gparse extended information
filters, the fundamental part of the method, whglhe extended information filters

are summarized in the next subsection.
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Figure 4.5: Representation of the robot and feature positi(a)&eatures and robot
positions with their uncertainty ellipsoids) The information Matrix.

4.2.4.1Extended Information Filters

Extended Information Filter (EIFs) forms the basighe Sparse Information Filters
(SEIF) and are computationally equivalent to EKHAswever, they represent the
information in a canonical form: instead of usihg tovariance matrix, the EIF uses
the inverse covariance matrix called informationtnrma Similar to EKF, the word

“extend” represent the extension of the filter tm#inear form. For consistency, we
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use the same notation as in the original paperillAstrative simulation result is
shown in Figure 4.5, where the normalized infororatinatrix is naturally sparse and
the relations (links) close to diagonal axis arerenstrength than that of the off-
diagonal elements. In this figure, it is also shdhatt the state vector is augmented in
the order of the observations and the brightnedisates low values andots show
the non-zero but small values. The EIF for featbesed SLAM in terms of

probabilistic representation is explained as foow

The SLAM posterior p(&,, Z, U) is conditioned on the past sensor measurements
Z =2z,..,z and past controlal' =u,...,y. The multivariate normal distribution
over the state vectadf, is given in (4.104) with the mean of this distributipn and

covariance matrix, .

p(ci,Z‘,U)DeXP{—%(é -u) T2 (¢& -M)} (4.104)

The information filter represents the same posterior imitbrmation matrixH, and

information vectory as follows,

PE 2 ) Denp| -3 & HE + | (4.105

where the following relation exists between the covariance and informfatims.
H,=%" and h =4'H, (4.106)

The information matrixH, is symmetric and positive-definite and each element in it
constraints one (on the main diagonal) or two (off the main diagelehents in the
state vector. The off-diagonal elementsHin matrix are considered &isks, which

meansH, | links the robot pose estimate and the specific feature locatiomaést

Yn

Measurement Update The measurement update of the EIF is given by the additive

rule as

H
n=B+(2-7+ GH) 7 ¢ (410
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where Z is the covariance matrix of the noise variable dzenean) on the

measurement and the Jacobignis given in (4.108) which is a sparse matrix since
it only have non-zero elements corresponding tadbet posex, and the featursy,

observed at timé The reason of the sparseness is that the measusemere only

function of the relative distance and orientatibthe robot to the observed feature.

Xe Vi Vo Vs Dy

—— new link X
X, 4 T !
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Figure 4.6: The effect of a first measurement update in tfi@imation matrix.

Xo Vo Vo Vs Wy

X
X, !
i = .
yZ \§ new link 4
V3 W J‘Xy
3
¥4 Ny M

Figure 4.7 : The effect of a second measurement update imtbamation matrix.

In Figure 4.6, mobile robot observes the featyrewhich makes a modification on
the information matrix elementsl, ., and in Figure 4.7, the robot observes the
second featurey,, which particularly affectsHXt,yz. In Figure 4.7, it is also shown
that, the reobvserved featusg increases its stregth through measurment update.

The key point of EIF is that this measurment updatperformed in constant time

due to the nature of the information filters.
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The motion update step of the EIF is given below.

Motion Update The second step of SLAM is the update of the fittecause of the
robot motion. The effect of the robot motion on tinbormation matrix is more
complicated than that of measurements. Since thisome non-deterministic, the
motion update introduce new links or enhance exgslinks between any two active
features, while weakens the links between the rabdtthose features as shown in
Figure 4.8. This is a consequence of marginalinatiorobot pose, and the details are
discussed irf56]. The motion update equations in terms of infororatiorm are

given as

S=[(+A)Z (1 +A) +S U, s{]

=[ (+A W3 (+AJ+SUS |
h=pF"H =4, +A] A, [ [_llhT_ﬁAt] H, (4.109)
[q H‘1+AT] H,

where A, is the predicted motion effect arfy is the projection matrix of the form
S =(10...0) ,wherel is the identity matrix of the same dimension as the robot
pose vectorl, denotes the covariance matrix of the zero mean noise variable on the

motion of the robotA is the Jacobian of the vehicle model function.

4.2.4.2Sparse Extended Information Filters

In general, the complexity of the EIF is cubic in the size efstiate space. Therefore,
the number of landmarks increases the computational complexitg &lkhfilters as
in EKF. However, if the information matrix is sparse or can beersshrse, the
update time is achieved in constant time. The results of the 8Elfiven with three

lemmas below and the sparsification approach is explained in thearéx

Lemma 1: The measurement update requires constant time, irrespective of the
number of landmarks in the state vector. This lemma does not regansesess of

the information matrix and it is a well-known property of the iinfation filters in
SLAM.
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Figure 4.8: The effect of motion update process.

Lemma 2: If the information matrix is sparse and the Jacolm&the pose change
with respect to the absolute robot pose is zemntbtion update requires constant
time. This is the case for robots with linear mewbs, and generally, this is not the
case since-y update depends on the robot orientation. This isasensidered in the

next lemma.

Lemma 3: If the information matrix is sparse and the mganis available for the

robot pose and all active landmarks, the motionatgdequires constant time. The
mean of the robot pose and all active landmarksxatabe maintained by the
information filter, and extracting it via (4.106 not constant time. For that reason

the approximatel, is computed by transforming the problem into atinozation

problem[56].

4.2.4.3Sparsification

The final step in SEIFs is the sparsification oé timformation matrixH,. The
sparseness is achieved by removing links (deactyjabetween the robot pose and
individual features in the map as shown in Figu # this is achieved correctly, it
also limits the number of links between pairs dtiges. Removing a link in the
network corresponds to setting the related elenrent, to zero. However, this
requires the manipulation of the other links betwelee robot and other active
features, so the resulting network is the approkonaof the original one. The
details of the sparsification technique is giverj56]. Here, we only give the result
of the sparsification. All the landmarks are patied to three subsets which are
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active landmarksy®, passive landmarksy”, and the ones that is sought to

deactivatedy’ .
X V1 Vo Vs V4 X
'xt+l
Yi Yo
Vs Ya
M3 =
y e
! Y V2
Figure 4.9 Sparsifications by deactivating the link betweles tobot and the
featurey;.
y=y oyoy (4.110)

If y" O yincludes all active features, the posterior isdeet as

px. ylZ,0)= (% ¥, ¥, VI'z
=p(x|y.Y.¥y.2,0) gy, ¥, yl'z (4.111)
=p(x|y.,¥,y=02,0) (Y, ¥ yI'z'Y
In the last step of (4.111), it is exploited thetfthat if one know the active features

y* and y°, the variablex, does not depend on the passive featyresTherefore,
y  can be set to an arbitrary value like =0 without affecting the conditional
posterior overx, p(x|Yy,Y,Yy,Z,U). To sparsify the information matrix, the

posterior is approximated by the following distribution, whéxe dependence of°

is dropped in the first term. This posterior is computed in tamtgime and the

details are given below.

P, ylZ2,0)= (% ¥, 9 ¥y=0Z" g% °% “y|'z'0
_POGY LYy =0,2,4) o s g (4.112)
oy 1y =0.2.8) Py, Y.y 12, 4)
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The matrixH, is obtained by extracting the sub-matrix of statgablesy” and y°.

Here theS-matrices are the projection matrices.

H=S, Sy v HS s Sy (4.113)

As a result, the sparsified update equations ardal as follows.
H =H-HS, (S HS)™ § H

tHS, (S, HSY Sy - HE S HF 'S, (4.114)
B =4 Ho+ 4 (H, - H) =R+ 4 (A - H)

The vehicle model, landmark model, and measuremmentel given in Section 4.2
are used in the SEIF based SLAM.

SEIF provides an approximate solution to SLAM peob] and the improvements on
SEIF are proposed by Eustice et al. First, thesypthiced exactly delay state filters
for view-based systems using scan matching. SedMadter presented a provably
consistent filtering method for imposing sparsigyd called this method Exactly
Sparse Extended Information Filters for featureedadSLAM [67].

The bottleneck of the information filters includifgEIF or ESEIF is that the
localization and data association requires the trqgimse during the navigation.
Therefore, Thrun et al. propose the usage of Marianket by computing the
conditional distribution instead of solving robatsition directly from (4.106), which
iIs an expensive wafs7]. In this thesis, a solution to data associatioimgishe

semantic properties of the planar features is dsadiin the next section.

4.2.5 Semantic Data Association with Properties ¢flanar Features

The data association is the fundamental and drppaet of any SLAM method. The
conventional data association methods for pointufeas are based on statistical
measurement methods. For the planar features, am@ot use the classical
approaches since the features are representedifuteiplane parameters. Therefore,
other plane parameters, considered as semanti¢cnd@tanation, such as convex hull
points, number of plane points, and covariance imatr the plane inlier points,
which are not stated in the state vector, can lesl Us decide correspondence
decision. In our experiments, the same criterigppsed in the merging step are also
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used in data association as well. Namely, firsttthe conditions, translations and
orientations tests, are investigated. Then if thests are satisfied, the closeness test
is checked. In this approach, there is no needoi@ iny neighboring cell structure

or tree.

4.3 Discussions

A planar-feature detection algorithm and its agglon to outdoor 6D-SLAM is
introduced. The conventional plane extraction atgors are based on two merging
tests, which are the normal and the translatioor @wherency. Although this is valid
for indoor structured environments, for outdoor aymmplex environments, it is
added one more constraint to decide whether twoegl®elong to the same surface.
These criteria are also used in the data assatiptiablem, which is the bottleneck
of the point-feature based SLAM. The method is &ethpo local filters EKF, UKF,
CKF, RSPKF, and SEIF based SLAM. The main diffeeehetween the UKF and
CKF is the approximations used to solve the giveagrals. While the UKF filters
uses unscented transform, CKF uses the cubatur&dran for solving the integrals.
In addition, a new filtering method, RSPKF, basead randomized sigma point
sampling is introduced for localization mapping ldem. The advantage of the
proposed method is that the estimations are unbiasel does not yield the
systematic error that is always the case of thesaal filtering approaches. Although
this approximation takes more computational timecan be used accurately in
SLAM problems without systematic error. Then SEI€ proposed for planar feature
based 6D-SLAM. SEIF uses the information form tte#esspace representation and
it provides an scalable algoritm for large-scaléABLby keeping the motion update
in a constant time, which is problematic for cori@mal information filters. Finally,

a solution to the data association problem for gmdeatures by utilizing its semantic
properties is introduced. Since the conventioné dasociation methods require the
computation of the covariance matrix of the featutbeir computation time grows

as the state vector size increases.

75



76



5. EXPERIMENTAL RESULTS

This chapter is dedicated to the experimental tesafl scan matching and feature
based SLAM methods. Totally, three different datmsehich are Kvarntorp Mine,
Hannover[73], and Ford[44] datasets, are used in the experiments for several
reasons. Kvarntorp Mine dataset are used for thii@limesults and performance
analysis, and since it does not provide the grdruttl data, the detailed performance
analysis covering the whole dataset that belongedddannover University campus
is used. The most of the analysis of the proposesh snatching methods, scan
matching based SLAM performances, and feature b&e&M performances are
based on the Hannover dataset. In addition to tliedaset, the Ford dataset,
generated in 2011, is used in the analysis of ttupgsed feature based scan
matching method. Ford dataset provides the laser data, camera images, and the
ground truth data. This dataset is used to illtstcarrespondence of the projection

of the extracted features on the camera images.

5.1 Performance Evaluations of Scan Matching Based SLANVlethods

This section is divided into two parts. Firstlyetperformance of the scan matching
methods is given, and secondly the scan matchisgdo&LAM performances are

investigated.

5.1.1 Evaluation of Multi-Layered NDT

In order to test the performance of the ML-NDT, twaperimentally datasets,
obtained from the Kvarntorp Mine and Hannover Ursity Campus, are used. Both
datasets can be obtained from 3D data repositavyiged by Andreas Nucht§r3)].

The Kvarntorp mine is no longer in production, iMais once used to mine limestone.
The mine consists of around 40 km of tunnels, rathpproximately one plane. The
resolution of a 3D scan is 361 x 226 data pointgedng the area of about 180° x
116.3° in front of the robot, and 3D scanning pext in a drive-scan-and-go

fashion. Another experimental dataset, Hannoverpcenprovided by Oliver Wulf
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is used[73]. This dataset including 468 3D scans, each wifhr@aimately 20,000
data points, was recorded at the Leibniz UniverSigmpus. One scan is given by

three columns ix, y, andz axes. We use a part of the map and its size is>366m.

Performance analyses are divided into three phurtthis first part, NDT and ML-
NDT are compared in terms of their convergencegoerance. In addition, the ML-
NDT performances with Newton and Levenberg-Marquapg@timizations are
discussed. In the second part, the overall perfocem@ut of the first 100 scan in the
Hannover dataset, and the effect of sampling sfiedeon the methods are evaluated.
Finally, the effect of parameter and starting layéralizations are analyzed, and the

results are given.

5.1.1.1ML-NDT and NDT Performance Comparison

A part of the input scan is used from the dataggained from Kvarntorp Mine.
Since the point clouds are so close to the eachr dddimost zero translation and
rotation), the input scan is artificially transldteand rotated as illustrated in

Figure 5.1.

-100

Figure 5.1: Reference and input scans.

Two 3D point clouds are matched by using ML-NDT ahd result is shown in
Figure 5.2. The rigid body transformation paransetee successfully estimated even
for a long way off movements without any initialimans. However, it cannot be said
that the algorithm always converges without initiations; therefore, for complex

scans the initialization play important role, whishdiscussed in detail later on.
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Figure 5.2: Multi-Layered NDT scan matching result after aliggmh
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Figure 5.3: Parameter update of the original NDT.

Parameter update steps in conventional NDT fois#imee scans are shown in Figure
5.3, where a cell volume is 1/64 times of the vauoh point cloud and, B, andy

are in degrees, others are in metric unit. The wellme is chosen as 64 times
smaller than the volume of point cloud, which cepends to the second layer

representation in ML-NDT.

The related score function variation can be sedfigare 5.4. To be able to estimate
the transformation parameters, they need to bel smatiginal NDT. Otherwise, it
does not converge and becomes unstable after &dmations. To be able to obtain

better result in NDT, cell size must be changedrial and error or initial values

79



must be close enough to actual ones. Namely, if®noeance is highly correlated
with the quality of odometry or IMU.

The score function becomes steady after 25 iteratior the NDT as seen in Figure
5.4. However, convergence occurs in a few iteratitor ML-NDT by using LM

method as shown in Figure 5.5.

In addition to the fast convergence property, tlagformation parameters can be
estimated better than the traditional NDT for laagge variations. While NDT can

detect translation up to -10 to 10 units and rotatip to 5 degrees, ML-NDT can

detect translations up to 25 units and rotationstapl5 degrees without any

initializations. This performance shows the longga scan matching ability of the

ML-NDT with respect to NDT.

_10 -

score

_15 -

_25 -

_30 | | | | | | |
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time (iteration)

Figure 5.4 Variation score function of the original NDT verdirse (iteration).

During the experiments, it is observed that in sa@ases, the ML-NDT method can
detect up to 45° rotations successfully, which isignificant performance. The
normalized score functions of ML-NDT with NewtondaML-NDT with LM are

compared in Figure 5.6. ML-NDT with Newton and LNbpides very similar result

but LM is a little faster, and Newton is more s&hbfter convergence.
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Figure 5.5: Parameter update of the ML-NDT with LM.
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Figure 5.6: The comparison of ML-NDT with Newton and LM methods

In the next part, the overall perfomace evaluatimmd the effect sampling strategies

on scan matching methods are investiageted.

5.1.1.20verall Performance Evaluations and the Effect of 8mpling Strategies

In this part, the performance of ML-NDT and convenaél NDT is compared by
using the first 100 consecutive scans in the Haenohataset. Then, the effect of
sampling strategies on the algorithm performancgiven. For this purpose, this
section is divided into two parts, and in the fpatt, the scan matching methods are
compared based on the random sampling. In the depart, they are compared
based on the grid based sampling (GBS) strategighw presented In Chapter 2.
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A. Overall Scan Matching Performance Comparisons

In this part, the relative transformation errorgaifred from Odometry, NDT, and
ML-NDT are presented. In Hannover 1 dataset, farainvalues odometry data is
provided in 3D. Namely, two relative translationg.andt, and one rotation for
heading angled is available. The aim is to get the relative rolpasition and
orientation in 6D space. Fortunately, the datakset laas the ground truth data in 6D,
So it is possible to compare the errors betweawdnted methods and the ground
truth.

In Figure 5.7, the error variation between the odtmynand ground truth for three

relative transformation parameters is shown.
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Figure 5.7: Odometry error variation for the first 100 scamslataset: (a)Relative
translation error variation. (b)Relativeatidn error variation.
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As seen, after the #0scan, the error variation is around 80 cm, arithit two pick

values at 68 and 68 scans, which makes the scan matching very diffictie

statistical information of the error variation grins of mean, standard deviation, and

maximum values is given in Table 5.1.

Table 5.1: Error statistics of odometry (N.A: Not Available).

ty[em] t,[cm] t,[cm] a[deg] B[deg] ¥ [deg]
Mean | 77.52 N.A 16.96 N.A 0.50 N.A
Std. 22.91 N.A 12.678 N.A 0.61541 N.A
Max. | 178.61 N.A 53.938 N.A 2.5508 N.A
Table 5.2: Error statistics of NDT.
ty[cm] ty[cm] t,[cm] a[deg] B [deg] v [deg]
Mean | 19.83 -0.76 1.87 0.09 0.19 0.19
Std. 28.45 2.92 11.68 0. 40 0.72 0.57
Max 125.26 7.59 42.59 1.32 2.70 2.46
Table 5.3: Error statistics of ML-NDT.
ty[cm] ty[cm] ¢t,[cm] a[deg] B[deg] v [deg]
Mean 0.97 2.00 -2.25 0.09 0.072 0.19
Std. 17.17 4.60 12.91 0.49 0.42 0.64
Max 90.89 17.68 33.39 1.32 1.01 2.83

As a second analysis, the conventional NDT andrgtdruth data is compared. The

translational and rotational errors are shown guFa 5.8. If we compare the errors

between NDT and the actual values, it is seenitlwdviously provides better results

than odometry. The mean of translational errorsradeiced up to four times

axis and almost ten times maxis. Rotations are also estimated with almost 0.2

degree errors. However, if we consider that thesledion errors less than 50 cm are

successful, we conclude that the success rateeafdhventional NDT is about 90%
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More statistics on the error variation betweermugd truth and

percent, which is a similar result of the Magnussd@P and NDT comparison

study [34].
conventional NDT are given in Table 5.2.
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Figure 5.8: Error variation of NDT: (a)Translation error. (lftion error.

In order to show the performance improvement ofMiieNDT over NDT, the error
reduced up to 2 cm and rotational error is redugetb 0.1 degree angle. The mean

variation based on ground truth data is given guFé 5.9. As seen from the figures
and the related tables, the results are very aat@fy. The translational error is

of standard deviations of the translational eremmss about 15 cm.
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Figure 5.9: Error variation of ML-NDT: (a)Translation errob)Rotation error.

Therefore, the method cannot converge to corrdoegeon these scans. As a result,
since only two estimations have more than 50 crorewe conclude that the success
rate of the ML-NDT based scan matching is about 98Rdre statistics on the error

variation statistics between ground truth and MLIN&e given in Table 5.3.

If we consider, Magnusson’s ICP and NDT comparistuay[34], this success rate
is almost same as the NDT with tri-linear interpiola. However, tri-linear
interpolation almost takes five times computatiomet, but it is shown that ML-NDT
takes less time even than NDT since the algoritbnverges faster and the number
of iteration almost half of it.
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Figure 5.10: Error variations of ML-NDT, NDT, and odometry: (aghslation

In Figure 5.10, as an overall performance comparisthree methods, which are

odometry, NDT, and ML-NDT, a bar chart showing #werage values of the errors

error. (b)Rotation error.

of the estimated parameters over the first 100ssoéthe dataset is shown.

The NDT and ML-NDT use Newton optimization methadan iterative manner.
Therefore, for iterative approaches, one cannotraguee the computation time.
However, by limiting the number of iterations arttecking the amount of update on
the estimated transformation parameters in two essi¢e iterations, one can
compare the computation times of two methods utitersame assumptions. This
kind of comparison is given in Table 5.4. As iseen, the computation time of ML-
NDT is about a quarter of NDT. Since these expemieare implemented in

MATLAB, the computation times can be reduced effegy if they are implemented

in a real-time system.

Table 5.4: Computationatomparisons of ML-NDT and NDT.

Conventional NDT

ML-NDT

Mean of comp. time
Std. of comp. time

Mean of iterations

25

39.81 seconds

9.39 seconds

9.43 seconds

3.90 seconds

12.77
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B. The Effect of Sampling Strategy on Performance

Sampling method has a great importance on the speddthe robustness of the
algorithm. The grid based sampling (GBS) stratgggposed in Chapter 2, was used
in the previous experiments, and here its advarisagmphasized by comparing with
conventional sampling methods. In this part, the-NIDT performance is given for
the method of uniform random sampling. However,gbmt is that, even though we
use uniform random sampling, the sampled datatisiméormly distributed since the

point cloud distribution is inhomogeneous.

In Figure 5.11, the error variation is given for NNDT with random sampling. We
see that the success rate, based on 50 cm translaérror, is about 94%. One can
see more statistics on the average of the absedltes of error variation in Table
5.5, where the failed registrations are not takirig account since their errors, which
are obvious in the M and 92" scan index, artificially increase the standard

deviations.

Table 5.5: Error statistics of the ML-NDT in case of unifomandom sampling.

t,[cm] ty[cm] t,[cm] a[deg] P [deg] ¥ [deg]

Mean | 5.90 12.77 1.87 0.09 0.28 0.77
Std. 42.89 22.70 28.75 1.21 2.99 4.62

Max | 303.22 28.76 166.66 9.42 28.69 41.30

Table 5.6: Error statistics of the NDT in case of uniformdam sampling.

te[em]  ty[em] ¢, [cm] a[deg] P [deg] v [deg]

Mean 34.82 2.49 26.39 0.39 1.13 0.55
Std. 24.57 1.72 19.44 0.31 1.07 0.44

Max 132.45 6.15 82.41 1.38 4.98 2.22

Although, there is no figure is given for NDT witandom sampling, the error

statistics can be seen in Table 5.6 for a compariso
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Figure 5.11: Error variation of ML-NDT with uniform random saim.
(a)Translation error (b) Rotation error.

The norm of translational error of the ML-NDT baseeéthod is almost two times
better than the NDT based method. The successofatee NDT with random
sampling is about 64%, which is 27% worse than MDINcounterpart is. Although
there is no separate table is given, the similsulte given in Table 5.4 are obtained
in terms of the computation times. These resultsvstine robustness, swiftness, and
accurateness of the ML-NDT in case of uniform randsampling. In Table 5.7, to

compare random sampling and grid based samplingtegies, an emotional
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illustration is given based on the statistics om thrrors obtained from the

experimental results.

Table 5.7: NDT and ML-NDT comparison based on sampling stiiateg

NDT ML-NDT
Random Sampling @ @
Grid Based Sampling e @

Another important issue of the initialization oflatve transformation parameters

and the selection of the starting layer is inveggd in the next subsection.

5.1.1.3The Effect of Parameter and Starting Layer Initializations

The performance of the scan matching algorithnigghly depend on the odometry
or IMU sensor measurements since this informatonsed as a starting point in the
algorithm. This issue is also known as the init@ion problem in scan matching
literature. The conventional scan matching algarghrequires a quality odometry
data; otherwise, the algorithm tends to divergethe amount of relative
transformation is more than the tolerable amowis.performed an experiment to
be able to analyze the ML-NDT performance basedhenknowledge of initial
parameters. In the first case, we assume thatdbenetry data is not available, so
the norm of initial parameters are takerZa€). In the second case, the initialization
parameters is brought closer to ground truth t@nshtion with 30% and chosen as
Zi=0.3Zy. In the third and fourth case, norm of initial paeters are chosen as
Zi=0.6Zy and Z=0.9Z, respectively. Another important point is what starting

layer of the algorithm will be.

For this purpose, we combined the analysis ofalutation problem and the effect of
starting layer on the performance. For the all satiee algorithm is started from the
second, third, and fourth layer and run three timmesach layer. The performance
analysis of the twelve combinations is given in [€al8. The results show that if the
relative transformation parameters obtained by ddemetry data is very close,
representing the fourth case, to the actual tramsfbon parameters, the algorithm

can be started from the last j4layer due to low fail rate and high speed. The
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average translation-error seems about 1 cm bettehé starting layer 3; however,
the main criteria here are the fail rate and thgsteation time, which is 60% better.
Similarly, in the third case, where the initialiwat is performed witlZ;=0.6Z, the
algorithm again should be started with the foudkel due to the same reasons.
However, when the initializations are getting wonsamelyZ;=0.3Z, the algorithm
should be started with the third layer due to la fate. For the worst case, where
no odometry data is available, the algorithm carstiaeted from third or the second

layer.

Table 5.8: The effect of initializations of parameter and stay layer.

ZilZg Working Fail rate Registration time Error Norm
Layers (%) () (cm)

2,34 7 21.65 5.53
0.9 3,4 2 16.05 3.18
4 1 9.59 4.22
2,34 11 20.88 4.57
0.6 3,4 4 16.63 3.90
4 2 12.58 3.58
2,34 15 21.13 4.66
0.3 3,4 9 21.37 3.47
4 17 13.70 4.86
2,34 17 21.23 6.61
0 3,4 18 17.83 3.29
4 45 14.00 4.31

In real-time SLAM problem, the ground truth datand available, so the user might
not be able to decide the quality of the odometitadTo solve this problem, we
recommend an automatic decision mechanism basékeofailure rate. The failure
rate is based on the computation of the norm okther between the estimated and
odometry transformation parameters. If this ersogieater than a threshold value
such as 1 meter for translation and 15 degreectation error, then the algorithm is
considered as it is failed. Initially, the algonthis started with the last layer by
assuming that the odometry data is satisfactony,ifatine failure rate increases up to
5% then the algorithm is started from the thirdelayf it still increases up to 20%,
the algorithm can be started either from the seamnftom the third layer. This
approach can be easily modified to an adaptivectsire to make the scan matching
algorithm more robust to the broad range of odoyneteasurements. This is very

important for outdoor and large-scale SLAM probleramice the odometry
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measurements are obtained from the encoders ptatéde vehicle wheels, which
might slip easily in some cases. This kind of aWapstructure is planned as a

feature study.

5.1.2 Evaluation of Feature Based Scan Matching (RL-NDT)

This section includes the performance analysisheffeature based scan matching
method, FOML-NDT, and the experimental results. Tdifterent datasets, which are

the Ford datasdd4] and the Hannover dataddtl], are used for this purpose. This
section is mainly divided into two parts. In thesfipart, an analysis of the feature
based scan matching algorithm and the performahtteegarameter update step are
given. In the second part, the feature extracti@thiwd is considered as a special
case of sampling strategy and compared to otheplsanstrategies, which are

regular sampling, random sampling, and GBS intredun this study.

5.1.2.1Performance of the FbML-NDT

To show the convergence speed of the FOML-NDT é&lgor without any initial

transformation, the parameter update steps arershofigure 5.12.
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Figure 5.12: Parameter update steps for Ford dataset [44].

In this registration, the ground truth transforraatiobtained by GPS and Applanix
POS LV sensor is known as 2 metersyimirection. During this path, the laser
scanner collected five scans, and each scan igebtapproximately with 0.4 meter

intervals. These scans are indexed as %1000004" scans in datasdt4]. It is
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observed that the algorithm successfully estimaéecbrrect transformation with a
few centimeter error in three iterations. In thegistration, no initial transformation
parameters are used like odometry and assumedadimvever, the algorithm may
fail if long-range transformations exist. Therefome odometry data for initialization

improve the system robustness and speed.

Comprehensive results showing the performanceefdhture-based scan matching

method are given with the comparisons of the samgpBtrategies in the next

subsection.
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(b)Rotation error.
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5.1.2.2Comparisons of Sampling Strategies with Feature Exraction

As a further analysis, the feature extraction metl® considered as a special
sampling method, and the performance of the feataction method is compared
with the sampling strategies. For this analysisnitdever dataset is used, and the
odometry data given by the dataset is in two dinmgrsswith three parameters,

namely, the translation ir-z axes and rotatio(@) about yaxis The Odometry

error variation with respect to ground truth isypoeisly shown in Figure 5.7. In our

representations, heading angle correspongs tond the all error variations are given

with respect to ground truth data provided by tataset.

The scan matching rotation and translation erratatians of the FbML-NDT
algorithm is given in Figure 5.13. The odometryadiatused as an initial point for all
sampling strategies. As it is seen, the mean oftréneslation and rotation error is
very close to zero and the performance is muchebdtan odometry. It is also
possible to say that the measurement error caotadered as zero mean Gaussian
distribution. The comparisons of all sampling s with respect to their
translation and rotation angle errors are giverFigure 5.14. As seen from the
charts, the performance of the proposed sampliagesiies, GBS and FBS, provides
satisfactory results. The mean of translation eégdess than 2 cm and rotation error
is less than 0.3 degree, while the translationrag@bout 50 cm in odometry and
about 7 cm in random sampling case. Furthermore, eiror variation can be
modeled as normal distribution since it is not eéthsas in the odometry error.
Therefore, Gaussian filters like Kalman and Infotiora filters can be successfully

used with the proposed method since they are optiomder the Gaussian noise.

10 Regular Sampling

g Random Sampling 05 Regular Sampling
v 2 e e Random Sampling
(Tl id Based S.Ill?plll]h. 0,4 Grid Based Sampling
6 MHexture Hayed S:Implmg M Feature Based Sampling
0,3
4 0,2
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’ i Ml i
L HE AR R 1
ty [em] ty [em] t; [em] « [deg] p [deg] y [deg]
(a) (b)

Figure 5.14: Performance comparisons of all sampling strate@ésverage
translation errors. (b)Average rotation errors
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A more important aspect of the comparisons of tlehods is given in Table 5.9.
The methods are compared with their other propgriach as the average iteration
number, the percentage of matched points, conveegime, and success rate out of

100 scans.

Table 5.9: Performance comparison of sampling strategies.

Num. of Matched Matching Success

iteration  points(%)  time (sec) Rate (%)
Regular Sampling 17.27 12.17 44.70 97
Random Sampling 17.24 12.16 43.84 97
Grid Based Sampling 14.29 9.16 7.46 99
Feature Based Sampling 12.67 3.19 2.51 100

In success rate computations, it is assumed tlagldorithm is successful if the
translation errors are less than 200 cm and roialtierrors are less than 10 degree,
otherwise it is assumed that the algorithm diverged is not dependable. As it is
seen from table, the success rate is 100%, anceogence time is about 2.5 seconds
in MATLAB. These show that the proposed featureamtton method is more robust
and faster than the other sampling strategies. @ysidering the total processing
time, it is seen that the feature extraction preagesjuires approximately 1 seconds

and grid based sampling requires about 0.1 seconds.

5.1.3 Evaluation of Scan Matching based SLAM

FoOML-NDT and odometry localization performances haiit using any filtering
method out of 100 scans are shown in Figure 5.139r(&igure 5.15 (b), the error
norm of the robot position with respect to groundft is shown. While the odometry
based navigation is very poor due to biased etiher FoML-NDT based navigation
is fairly good. At the end of the path, the abselatror is more than 60 meters for
odometry based localization. On the other hand,ehior is about 7 meters if FoML-
NDT is used.
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Figure 5.15: (a) FboML-NDT robot localization performance: (bghorm of the
robot position(x,y,z)error.
The above SLAM method does not utilize a filteringethod, so it generates
cumulative error. However, this error can be reduté is combined with a filtering
method like EKF. The details of the EKF and scartcimag based SLAM are
explained in Chapter 3. In next subsection, EKF &md-NDT based SLAM

implementation is simulated in 2D.

5.1.3.1EKF and ML-NDT Based SLAM Performance in 2D Space

The method is implemented in 2D simulation envirenin Figure 5.16 shows the
2D rectangular map with a circle inside. This mapgenerated artificially for

simulation purpose. The robot is shown as triarrgoitgect and its ground truth path
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is given. The aim of this simulation is to tracle tftobot position and orientation by
using ML-NDT with EKF.
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Figure 5.17: Scan matching result at robot position given iguiFé 5.16.

The measurement unit is based on the scan matdhung}; a scan matching result is
shown in Figure 5.17 at the robot position giverfrigure 5.16. In this simulation, it

is assumed that the mobile robot can scan 360 eggfats surrounding. Figure 5.18
shows the estimated path after the robot travetstimves the environment. The lag

between the real and actual position is seen franfigure.
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5.1.3.2EKF and ML-NDT Based SLAM Performance in 3D Space

The experimental results of EKF and ML-NDT based\BlLfor the first 60 scan of
the Hannover Campus Dataset is given in this secBD Odometry (blue spots) and
3D proposed method navigation with its exaggerateeariance plots at specific
positions, which are 1% 3d", 458" and 68 positions.

The overall system performance show that 2D odonmaisition data seems as the
projection of the 3D proposed position as shownFigure 5.20. In case of
disagreement of ML-NDT and odometry positions, &rm flag is raised and the
odometry position is accepted as correct. We erteouhis kind of case only once
throughout the experiment. The performance compasi®f the NDT and ML-NDT
scan matching methods have already been givendtiofes.1.1.1. For this reason,
the comparasions of the NDT and ML-NDT based SLABtfgrmances are not
investigated. However, more comprehensive perfoomamalyses of the NDT and
ML-NDT based SLAM methods are left as a featurelgtu

Performance evaluations of the feauture based Slak&l explained in the next
section, which is the second main contributionhas thesis.
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Figure 5.20: ML-NDT and KF based SLAM performance.
5.2 Performance Evaluation of Feature Based SLAM

We will show the performance of the algorithm #or experimental dataset. The
dataset obtained from the Hannover Campus [31keéslwand has the ground truth
data. The dataset has totally 468 3D scans haypgaimately 20.000 points.

As described in Section 3, firstly, the point cloigd discretized, and the plane
parameters are found by using the RANSAC algoritiithe number of inlier points

is more than the threshold value, the planes anjegied to their main principal axes,
and their convex hull points are computed and aediormed to 3D space. The
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extracted plane segments are shown in Figure %idite planes are obtained by
founding their convex hull. This point cloud belani the first scan of the dataset.
Then the horizontal planes are discarded to elitaitlae ground effect since the

planes belong to the ground does not satisfy thindtiveness property.

Figure 5.21: Extracted plane segments.

Figure 5.22: Merged plane segments of the first scan. Detedtgd features.
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The plane segments are merged by using the propoeseging algorithm and shown

in Figure 5.22. There are totally eight featuresaoted from the point cloud.

With the same conditions, the features are extiatten the second scan and shown
in Figure 5.23 for a comparison. There is a triviabot motion between these two
scans. The data association procedure is appletihe available three features are
corresponded successfully. In this data associasote the movement is trivial,

there is no need an odometry data for an alignment.

’

Figure 5.23: Merged plane segments of the second scan.

However, this is not always the case. Sometimesaihet movement is very extreme
as between theBand 4" scan. The rigid body transformation parametersvéen

these two scans are given as follows;
Rotation (Euler) angles (x,y,zp.18, -51.5, 0.37 [degree].
Translations (x,y,z)35.4, -3.37, 93.75 [cm].

Robot turns around about 51.5 degrees, and thisotdre dealt without an initial
guess of the robot motion. Since we have the graurntl data, and by using this
information, it is obtained the Table 5.10 for twresponded features. In real-time
implementations, since the ground truth data de¢®xist, the predicted robot pose
information is used. The merging conditions shdagdrelaxed in data association as

well.
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Table 5.10: Data association performance between tharg 4" scans.

feat. c,(deg) c, (cm) ¢ (cm)

1 2.5 195 10
2 1.05 4.4 7
3 0.61 15 5
4 1.21 3.42 8

The criteria proposed in the merging phase arewded in the data association of the
3% and the % scan features. One of the features of both scariesponded as
shown in Figure 5.24. Finally, the map with plarattires and the robot path based
on ground truth data is show in Figure 5.25.

Figure 5.24: Correspondence of two features.

Figure 5.25: Map and the extracted plane features. The robagp@sue dots).
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5.2.1 Performance Evaluations of Feature Based SLAMethods

In this section, for the performance analysis & fflanar-feature based SLAM
method for Hannover dataset generated by Oliverf WWuwised. The single 3D scans

as well as initial pose estimates are given in &,, y,, and ¢,. The ground truth

pose data is available in 6D r:lsx\,:[)gp x,], where x,p:[x, y,Z] and

x, =[a, B, y]. The vehicle motion, observation, and augmentatiodels are given.

Vehicle Model The vehicle model functiohis given by (3.1)and it can be
disclosed explicitly as in (5.2) for the odomettal having the relative rigid body

transformation parameters.

XVk =1 (Xvk—l ’u‘@fl) + Wk_l = Fx Ve tu Y1 + Wk‘l (51)

The odometry data is provided by the relationsuct[JX, 0Y,dzda,d5,dy]. The

vehicle state vector is represented lay:[xvp x,] where X, =[xy, 4 and

X, =[a, B, ¥l denote the robot position and the orientation, eegypely.

X | [ %] 0%y
Y [ =] Yia | T ROUX, )| O Vi

L4 ] | %] 07,

o] [a.] [, (5-2)
B |=| Bea | F] B

K] W] [Hia

whereRot matrix represent the three successive rotatiofisetkby the Euler angles

In X, y, andz axes as

Rot( X,) =| cosa siny + simr siff cog cas cps &n Sn gin- @in £
singsiny— cogr siff cog cos sth g+  &n gos  @os [£ds

COSo. COSY —cosp siy sing
(5.3)
Observation Model  The observation model is based on the featwteaction
method proposed in Chapter 4. The plane featuresused as landmarks and are
encoded in the state vector with their infiniterq@aepresentations. The observation

modelh is given by
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z, =h(X,U,_) +Viy
M | _| Rot (x,)ng

Zk - L = w WY T WV
de | | de +(ne) %,

where ntk is the plane normal vector represented in the Idcaframe, anddFLk IS

(5.4)

the plane minimum distance to the robot Iocatihs(yp]k provided by the feature

extraction method. The reader is referred[Gd] for more information about the

feature extraction method. Based on the robontateon x, and locationx, the

plane patch parameters are transformed to the w@W frame for state

augmentation.
State Augmentation Model The state augmentation model is given by

ne = Ro(x) i

d = de-(i)"x, &9
The infinite plane representations in local andld/name are shown in Figure 5.26.

For the data association purpose, the other plesgegies such as center of gravity

of the planesG¢, the covariance matriXCy of the plane points and convex hull

points A, . are also transferred to the world frame by usime éstimated robot

position.
2 A ~
N
\\
nF
) n
AN
AN
N gﬁ b
< N
IS ¢ ~
z, NS AN
r N
R
Xp Y
w .

Figure 5.26: Infinite Plane representation in local and workhfie.
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Ce' =Rot(x) G
G: =Ro(x) G+ ¥ (5.6)
Dz e = RO(X)A 7 e+ X,

In the next section, the performance of two cotieaal filtering methods, EKF and
UKF based SLAM, are given.

5.2.1.1Comparison of EKF and UKF Based SLAM

The filter consistency is measured by the errommaiith respect to the ground truth
data. The comparisons of the EKF, UKF, and Odometsylts are shown in Figure
5.27. Altogether, we observe that both SLAM methpdsvide much better results

than Odometry data. The process noise covariandexma diag(axv,ayv,aw) is

set byaxV =0y, =50cm anda@ =1°.

2500~ =7 I et
| | A ~4 EKF SLAM
| | -~ . | =% UKFSLAM
20007 -===~1 o T |-~ Odometry |
E | | C |
‘2' 1500 | L | 1 |
£
o
<
5 1000
o
500

Figure 5.27: Comparisons of error norms of the vehicle position

The covariance matrix measurement noiRe diag(anx,any,anz,arb) is set by
%, =10 cm and Ty =%ny =0, = 0.001. These assumptions are related to the noise

type and its level of the process and measuremenrtse The maximum error norm
is seen in the 4bscan about 22 m for Odometry, in thé"68can about 8 m for EKF
SLAM, and in the 38scan about 4 m for UKF SLAM.

The comparisons are extended, and the EKF, UKF, @K&F based SLAM

performances are given in the next part.
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5.2.1.2Comparison of EKF, UKF, and CKF Based SLAM

In this section, particularly, the CKF based SLAMrformance is given and it is
compared to EKF and UKF methods. The vehicle argkeitation models are the

same with previous step.

In Figure 5.28, the absolute error norm of theotgiosition in three dimensions is
given under high level Gaussian, where the progesise covariance matrix
Q=diag(cy,€%,07,6%,0,.%)is set by, =0,=50 cm and 0, =1°. The state
covariance matrix is initialized by f&times identity matrix. As seen, the CKF and
UKF based SLAM methods provide almost the sameopmdnces. EKF based
SLAM method yields inconsistent state estimatiansame cases as in the"sime
stamp. The error increases up to 2 meters betweerstan. In the 80scan, the
error norm and the size of their uncertainty eblids decrease notably since the
landmarks observed at the beginning of the loap-Bbserved.

800

—6 - EKF
—o— UKF
|| -~ ckF
700 oDO
6001
g 500
g 20
e é sePy ﬁ
S 400t A il
£ DArGA [ BS LA
g 300" Eaa o \“
g
80,
mEDBDZ{E
100+

1 1
0 10 20 30 40 50 60 70
time (scan index)

Figure 5.28: Comparisons of error norms of the vehicle position.

Actual odometry based absolute position error n@gmshown in Figure 5.29. As
seen, the odometry error norm reaches to 23 mates,UKF and CKF SLAM
performances are superior to the EKF. The erromnoever reaches 3 meters for
UKF and CKF SLAM and 5 meters for EKF SLAM.
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Figure 5.29: Actual odometry based position error norm.

Figure 5.30: Estimated planar map of the environment. The esticheobot
positions with their uncertainty ellipsoids agrdund truth path.

In Figure 5.30, the planar map constructed formShAM and the actual robot path
is given. In addition, the robot 3D position unearty ellipsoids with the mean are
shown on the map. Here the point cloud is regidtbesed on the ground truth as the

reference.

Finally, UKF and CKF performances are compared dasethe initial value of the

state covariance matrix. When the size is chosérih@s greater than the above
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initialization, UKF generates inaccurate resultssaewn in Figure 5.31. If this is
increased more than this value, the UKF loses tsitipe definiteness and the state

covariance matrix cannot be invertible.

Furthermore, the map is increased more than twestinand the vehicle motion
model is modeled by the relative transformationjcivhis a better assumption than
the linear model. The vehicle model function gin®nf is disclosed in (5.2) for the

odometry data having the relative rigid body transfation parameters.

1200+
—<— UKF T@
-~ CKF T
1000 &\@
g |
S, 800+ R
S ! %,
: i
g 600+ SN
[} A A
5 Trey, 2 et YN AN B
2 400- e g 285
o A L\Qﬁ*\ “\ J“
200l WW
0 | | | | |
30 40 50 60 70

time (scanindex)
Figure 5.31: Initialization problem of UKF.

As seen from the Figure 5.32, the odometry digbaovided by the data set is neither
Gaussian nor the zero mean. Therefore, we usedsithelated odometry data
produced from the ground truth by adding normatican noise with zero mean and
20 cm standard deviation to the relative transfatrector and 1° error to relative

rotation vector.
The covariance matrix measurement noRe diag(anx,any,anz,arh) is set by
%, =10cm and Ty =%ny =, =0.001. These assumptions are constant, and they

are related to the noise type and its level ofgieeess and measurement errors. In
Figure 5.33, the maximum error norm is seen at20@” scan about 22 m for
Odometry, and between the™7and 198 scan about 5 m for EKF and UKF SLAM
out of 211 scans, covering the 160m x 60m areath@nother hand, EKF based
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SLAM occasionally becomes inconsistent and itsamispose might have large errors
than UKF although they have very similar performeanc

300*777777777777777777777777777777777777777777777777
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© | |
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-200, tfeml[ . 1 ”””” T 1
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_300 I I Il I I
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Figure 5.32: Odometry relative translation error.

T
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--5--0Odometry

error norm [cm]

time (scan index)

Figure 5.33: Comparisons of EKF and UKé&rror norms of the vehicle position.

In Figure 5.34, the estimated robot trajectory, mdtyy, and ground truth data is
shown. The results show that UKF and EKF basediiateon provides less than 50
cm absolute error at the end of a long loop whiggozmean odometry based

localization error is about 20 m.
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5.2.1.3Performance Evaluations of the RSPKF Based SLAM

Randomized Sigma Point Kalman Filters (RSPKFs)spexial form of UKF filters
using stochastic integration rule (SIR) in theipagximations. In this part, the
SLAM performance of the RSPKF is compared to cotiveal Gaussian filters.
This section is divided into two part: First, thenglation results in 2D are given.
Second, the 3D experiemental results are preseldgddre the simulation results, the
vehicle motion, observation, and augmentation neodee explianed in the next

section.
A. Simulation Results in 2D

In this section, an artificial environment contamilandmark position in 2D is
generated and the robot waypoints are defined.aitheof the SLAM algorithm is to
estimate the landmark positions and last robot paeemation using the range and

bearing observation model.

Vehicle Model The explicit vehicle model is given by

)g/k = x’k—l + thC0$yk_1 + ¢\4(_1) + V¥-1
ka = ka_1 + thSIr(yk_l + ¢V<—1) + V\Q‘l (5'7)
@k = @H +th5ir(yk_1)/ L+ \%,1

whereV and y are the control input representing the constaltcity and steering

angle with zero mean Gaussian noisgespectively.

Observation Model The range and bearing observation model isngbye

r =06 =% )2+ (Y= V)2 +V,

b=tan™ (—Q : Yy )-@, +v, (5.8)

where r is the range andb represents the bearing measurements, and the
measurements are with zero mean Gaussian paise

State Augmentation Model The state augmentation modeg| is given by

Xn = X, trcos@, +b,)

yrr\( = ka + rSln(wvK + bk) (59)
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Figure 5.34: Estimated robot trajectory: ¢a)view. (b)xz view.

The Monte Carlo simulations are carried out andatferage position and orientation
error norms for UKF and RSPKF SLAM methods are gham Figure 5.35. The
control noise is 1 meter in speed and 1 degreeteariag angle. Similarly, the
measurement noise in range and bearing is assumsied raeter and 1 degree,
respectively. Therefore, the process covarianceixm&=R=diag(1, n/180). The
vehicle speed is taken as 2 m/s and time intereal/den two control signals is set
by 0.05 seconds. The time interval between thediservations is assumed as 2.5
seconds. The feature map and the estimated patlbs loa the filtering methods are

shown in Figure 5.36.
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Figure 5.35: Average position error norm.
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Figure 5.36: The feature map and the estimated robot path.

part experimental results of the RSRIKE their comparison to UKF is

B. Experimental Results in 3D

on, Hannover dataset is used andrdpeties are previously discussed.
The proposed RPSKF-SLAM method requires the Gawss@se; however, the
relative Odometry error variation is neither zerean nor Gaussian as shown in

Figure 5.32. Therefore, the problem becomes moadlestging with respect to the
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Gaussian case. The vehicle model, observation maddlthe augmentation models

are presented in the previous section, so thegargiven in this section.
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Figure 5.37: Average position error norm.

The error norm of the robot position and orientaiio three dimensions are shown in

Figure 5.37 and Figure 5.38, where the process enaevariance matrix
Q=diag(c;,£%,07,6%0,,£%)is set by og,=0,=25cm and 0,=01°. The
measurement noise covariance mafix diag(ay, ,0, ,0;,,0;) is taken as constant

and is set byg? =0.001and g; =10 cm.
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Figure 5.38: Average rotation error norm
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The results show that UKF and CKF based SLAM satisé similar results with a
maximum position error around 6.5 meters (in theid® index). On the other hand,
the RSPKF based SLAM has a maximum of 4 meter ipasérror norm and more
accurate than the conventional sigma point appexaciihe rotation error norm

looks similar for all filter types.

In the next section, planar-feature based SLAM dffarse Extended Information
Filters (SEIF) is given.

5.2.1.4Performance Evaluations of the SEIF Based SLAM

Due to the dual representations of the covariamceimformation forms, while the
time update is complex for information filters, theeasurement update is complex
for Kalman filters. For this reason, the informationatrix is sparsified by
deactivating the passive features links, and spafsemation filters are obtained.
Therefore, a scalable method for large scale SLAMhtained since a constant time
solution is obtained for the motion update stepthaf information filters. In this
section, first, the measurement and update timeSEF filters are investigated.

Then the position error norms of the SEIF based8lake given.

The measurement and motion updates process timgwe GEIF based SLAM are
given in Figure 5.39 and Figure 5.40, respectively.

25 ‘
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Figure 5.39: SEIF measurement updates processing time.
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Figure 5.40: SEIF motion updates processing time.

For comparisons, the update times of the EKF §ilre also given in Figure 5.41
and Figure 5.42. If the measurment and motion @sdatocessing times of EKF and
SEIF are compared, the significant improvementh&ioed. In conventional point
feature based SLAM, the measurment update timeSKdf filter is quadratically

proportional to the size of the state vector. Hosveln plane-feature based SLAM,
it is observed the update times are decreasedfisggrtly during the loop closure.

The reason of this is that the planes are mergeehwhey associated after the

measurment updated.
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Figure 5.41: EKF measurement updates processing time.
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It can also be obvious said that the motion upgateessing times of SEIF and EKF
has some difference, but when compared to meastirapelate processing times,
they can be ignored. The position error variatior6BIF based SLAM is given in
Figure 5.43. At the end of the movement, which esponds to 468scan index, the
error on the position of the SEIF based SLAM is whb80 cm, which is very

satisfactory when compared to odometry based error.
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Figure 5.42: EKF motion updates processing time.
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Figure 5.43: Position error norm of SEIF based SLAM.

115



In Figure 5.44, the estimated robot trajectory V@8tiF based SLAM and EKF based
SLAM are shown and compared to ground truth. Tisalte show that SEIF based
SLAM outperforms the EKF as seen in the left-bottomthe map. A second
illustration on the SEIF is that the image of im@tion matrix with and without

sparsification.

8000y

—+— Ground Truth
6000 | -~ EKF
--A-- SEIF

4000

2000

(a) (b)
Figure 5.45: An illustration of a small information matrix:)@thout
sparsification. (b)with sparsification.
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Figure 5.46: Sparse information matrix including 743 features.

In Figure 5.45(a) shows an image of a small infdiroma matrix without
sparsification, which includes the robot pose ah8@ features. Here, the information
matrix size is 478x478. Figure 5.45(b) shows theagen of a small information
matrix with sparsification, which also holds theBlfeéatures as in the previous case.

As seen, the week links are eliminated, and a spaggrix is obtained.

For the whole map, holding 743 planar-featureshenHannover dataset, the sparse
information matrix with the features and robot p@sshown Figure 5.46. The size of

the information matrix in this case is 2976x2976.

5.3 Discussions

In this section, the experiment results are given doth the scan matching and
feature based SLAM methods. In the first part, gegformance of a new scan

matching method based on normal distribution ti@msf ML-NDT, is elucidated.
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Then the performance of FbML-NDT, which combines ghanar-feature extraction
method with scan matching in a framework, is pre=g@nin the second part, the
planar-feature based SLAM methods are investigaldte performance of the
Gaussian filters, which are EKF, UKF, CKF, RSPKEJSare analyzed. The results
show that planar-feature extraction method imprabesperformance of both scan
matching and 6D-SLAM considerably.

118



6. BENCHMARKING METHODS IN 6D SLAM

In this chapter, two SLAM benchmarking methods diseussed, and the results are
given for the introduced filtering method in Chapt The first benchmarking
method is proposed by Wulf et 4I/4], and the second method is proposed by
Kimmerle et al[27]. Firstly, the methods are elucidated, and therbdrehmarking

results are given for the feature based SLAM.

6.1 Benchmarking Method 1

Large number of studies is proposed to solve SLAWblem by now. However,
since the ground truth data is not available, isignificant to compare different
SLAM approaches objectively. For that purpose, Vtléal. present a benchmarking
method for generating the ground truth data basedeterence mapg/4]. This
method is based on the final SLAM results and a&regfce position obtained
independently of the SLAM algorithm under test. cgirthe RTK-GPS receivers
cannot be used in urban outdoor environments, fgreposed a technique that is
based on surveyed maps, which can be obtaineddroegistry office of the country
land, where the country is German in the seminpépal’ he process of obtaining the
reference positions of ground truth data has twepsst Firstly, Monte Carlo
Localization (MCL) step matching the sensor datah®e highly accurate map is
applied. Secondly, a manual quality control is iegrrout to validate the MCL

results.

The benchmarking criteria is based on the objegietdormance given by (6.1) for

position and orientation independently.

R
T =4[ 2.8 (6.1)

where g can be either position or orientation as in (&id (6.3) .
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epOSi =\/( )ﬂ'SLAM _ XREF)Z +( ySLAM_ yREI52+( zSLAM_ iZRE)CZ (62)

eori’i :\/(aiSLAM _qREF)Z +(ﬁ SLAM_[}) REF}Z +(JI/ SLAM_J( R%Z (63)

In the next section, the second benchmarking mephoposed by Kimmerle et al. is
explained.

6.2 Benchmarking Method 2

In this section, a benchmarking metric introducegd Kimmerle is used for
measuring the performance of SLAM approaches notdigparing the map itself
but by considering the poses of the robot durirgdata acquisitiof27]. Thus, the
method has two important advantages: First, itwalacomparing the results of
algorithms generating different types of map metap representations. Second, the
method is invariant to sensor setup of the vehiclehis way, a result of a graph-
based SLAM approach working on laser range datebearompared with the result
of vision-based FastSLAM. The only required propéastthat the SLAM algorithm
estimates the trajectory of the robot given by tac$goses where the observations
are made. All benchmark computations are perforamethis set of poses.

Let x.; be the poses of the robot estimated by a SLAM élgarfrom time step 1 to
T. The reference poses of the robot is denoted by An error metric can be defined
as
N *
E(Xn) =D %O X (6.4)
i=1
where [0 is the motion composition operator amd its inverse. The relative
transformation is defined a§; = x, © x which moves the robot from position to
X; . Based on this definition, (6.4) can be rewrittsn
N . 2
£(4) =2 ((%06,,0...0 8,_1,)0 (%,00,,0 .08, y)) (6.5)
i=1

In the paper, it is claimed that this metric is gotimal for comparing the result of a
SLAM algorithm. For example, consider a 1D examplere a robot moves along a
straight line and let the robot makes a translali@trore during the first motion,
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d.,=0,,+e, and exact estimates at all the remaining motiahs, = J,.,. Hence,
the error £(x,,), will be T.e since J,, is contained in every pose estimate.

However, if the robot makes an error at the enthefmotion,d,_, \, =y, +€ and

the all others are exact estimates, then it isioétaan error ofe only. For this
reason, this metric is suboptimal for comparing thsult of SLAM algorithms.
Instead, a novel metric based on the relative dcgrhent between robot poses is

proposed as

O-Kummerle(a) = \/%ZtranS(Jj j® J: j)2 + rot(Ji,j © 5I*J )2 (66)
1)

where trang[)] and rot()] are used to separate and weight the translatieh an

rotational components, and practically they shdadevaluated individually.

Again, the true relative displacements between ase obtained by using the
information recorded by the mobile robot and thekigpound knowledge of the

human recording the dataset, which requires theualamork.

6.3 Evaluation of Benchmarking Methods For Online SLAM

In this section, the benchmarking methods propdsethe previous sections are
evaluated for online planar feature based SLAM. @& able to compare two

methods, they are investigated by using two sireglemples in 1D and 2D.

In 1D example, assume that the robot has threerdiit cases as shown in Figure
6.1. In this example, robot travels along t#axis with 4 units intervals with three
movements, and the true position is denotedbyin Case 1, the robot only makes 3
units error at the beginning of the motion anddktieer estimates are exactly true. In
Case 2, the robot only makes 1 unit error during $econd motion and other
estimates are perfect. Finally, the robot makesifLerror at the end of motion, and
the others are true. For the three cases, the tetdas are computed and the results

are given in Table 6.1.

The metrico,,,, is computed as
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10 4 8 12
Case3:x° |0 4 8 13
%

Figure 6.1: 1D Example for benchmarking comparisons

O :\/211(02+32+ 0*+0%)= 1.k

O :\/211(02+12+ 0°+ (0?)= 0.F

O :\/211(02+02+ 0°+1)= 0.

The metrico,mere

51k|2 = 52,3 = 53,4: 4
0,=4,0,,=7,03,=4
3,=50;,=30;,=4

&, =4,57,= 4,63,=5

The metricg,,,, is found as

oiKUmmerIe:\/:_]g-((4_1)2 + (7_ 4)2+ 02)) = 2.4

0.2

lop!

Kimmerle —

Ki]mmerle:\/%((5_4)2 + (3_ 4)2+ 02» = 08:

\/%((4—4)% (4- 47+ (5- 4F ) = 0.5¢

122

(6.7)

(6.8)

(6.9)

is based on relative transformations and thexangputed as

(6.10)

(6.11)

(6.12)

(6.13)

(6.14)

(6.15)

(6.16)



As seen from the Table 6.1, although the robot mdke same error in the second
and third motion, which is one-third of the errdrtioe first motion, the Kimmerle

Metric O, ;.mere Produces inconsistent result.

Table 6.1: Comparison of benchmarking methods in 1D.

aWqu aKUmmerIe
Casdl : )I% 15 2.45
Case2: X’ 0.5 0.82
Case3: )? 0.5 0.58

The second example is in 2D, and two cases are giv€igure 6.2. In Case 1, the
robot makes a large error at the first movement@ndects it in the second one to
robot true position. In Case 2, robot makes haibrein the estimation of second

motion with respect to Case 1.

Case 1:

Case 2:

Figure 6.2: 2D example for benchmarking comparisons

The computations for the metriz,,, are given as

il ol of} o] e

123



ol

G = 3508 =00 = 051+ 27+ (5 )

1> d? _ [#
:\/;\/(Xz_xz i =\/;=\/:3:2.31

The computations for the, e IS diven as

0.2 o[l e 2] 5]

sl o
o[ ur

O-Iii]mmerle = \/% z (5: j - Ji, j)2 = \/% ((OIZ - 51,2)2 + (52,3_ 52,Q2 )

i=1

_\/(5;2 B 51,2)2 + (52,3_ 52,:)2 _ \/d21,2+ d22l3— 4
2 2

The computations ofr,, . for the Case 2,

GRRPIES MRS HIRSER
i

i = e 3508 =00 = (050 #4207+ (5 )
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The comparisons of both benchmarking method is deeifable 6.2. In two
examples, it is seen that the Kimmerle metric plewilarge values with respect to
Wulf metric. A possible reason of this phenomensrhat when a robot makes a
large relative error when estimating the robot pasiat the previous motions, then it
has to make large relative transformations to cbiiee robot position since the main
goal is to track the robot position. Thus, the Kienle metric mostly generate large
values when this kind of situations occurs. As eguence of this phenomenon, the
individual error variations producing the metric stip have large values while

closing the loops.

Table 6.2: Comparison of benchmarking methods in 2D.

UWqu O-KUmmerIe
Casel:x 2.31 4
Case2:x* 1.15 2

6.4 Benchmarking Results

In this section, the results of planar-feature daSeAM algorithms based on two
metrics, Kimmerle and Wulf, are given. The Hannadataset, containing 468 3D
scans is used for benchmarking. The datfsgt are also used for performance
comparisons in the previous section, and the saateset is used in benchmarking

for consistency.

The next two sections present the benchmarkingltsesdi planar- feature based
SLAM methods.
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6.4.1 Benchmarking Results with Wulf Metric

In this section, the feature based SLAM methods eveluated and their
benchmarking results are given. EKF based SLAMraraniations for 468 scans are
shown in Figure 6.3 for translations and rotatioasd the Wulf metric for both
rotation and translation is computed. The Wulf meeis computed for translation

o, and rotationo, independently and shown on the same figure.
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Figure 6.3: EKF translation and rotation error norms and Witric.

H
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Similarly, the UKF based SLAM error variations fine same number of scans are
shown in Figure 6.4 for translations and rotatioasd the Wulf metric for both

rotation and translation is calculated.
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Figure 6.4: UKF translation and rotation error norms and Wuitric.

CKF based SLAM error variations for the same nundfescans are shown in Figure
6.5 for translations and rotations, and the Woulftrinefor both rotation and

translation is found.
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Figure 6.5: CKF translation and rotation error norms and Vidtric.

Finally, SEIF based SLAM error variations for thersee number of scans are shown
in Figure 6.6 for translations and rotations, amel\Wulf metric for both rotation and

translation is calculated.
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Figure 6.6: SEIF translation and rotation error norms and Vhatric.

The results show that the best performance is mddaby EKF for rotations and
SEIF for translation. However, since the erroratation estimation is already small,
the SEIF performance is very satisfactory wheroiter advantages are taken into

consideration.

In the next section the benchmarking results ofpfl@ar-feature based SLAM with
Kimmerle metric is discussed.

6.4.2 Benchmarking Results with Kimmerle Metric

First, EKF based SLAM relative error variations #88 scans are shown in Figure

6.7 for translations and rotations, and the Kimenenktric for both rotation and

translation is computed. The Kiimmerle metric is pated for translationo; and

rotation o, independently and shown on the same figure.
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UKF based SLAM relative error variations for theneanumber of scans are shown
in Figure 6.8 for translations and rotations, ahd Kimmerle metric for both

rotation and translation is found.
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Figure 6.8: UKF translation and rotation error norms and Kiiretn.

Likewise, the CKF based SLAM relative error vaoats for the same number of
scans are shown in Figure 6.9 for translations @mdtions, and the Kimmerle

metric for both rotation and translation is obtaine
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Figure 6.9: CKF translation and rotation error norms and Kiretri.
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Finally, SEIF based SLAM relative error variatidos the same number of scans are
shown in Figure 6.10 for translations and rotatjcasd the Kimmerle metric for

both rotation and translation is computed.
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Figure 6.10: SEIF translation and rotation error norms and Kimatric.

The results show that the best performance is médaby SEIF for translations and
EKF for rotations. An important property of the Kimarle metric should be noted
that the relative translation error variations significantly increases while the loop

is being closed, where they can be seen at thezo", 350", and the 460 scans.

6.5 Discussions

In this section, two existing benchmarking meth@dsposed by Kimmerle and
Wulf is introduced and based on these methodspibeosed feature based SLAM
performances by this study are compared. From xperanents, it can be inferred
that the benchmarking method of Wulf is more su@alior measuring the
performance of SLAM methods since Kimmerle methgdeerates high errors
when loop closing. For online feature based SLANs thigh relative errors are
normal while loop closing since the mobile robotct itself to catch the true
position by re-observing and associating the festun the map. On the other hand,
the Wulf's method specifically measures the ermottlee position estimate, and thus;
his metric provides better benchmarking performatiean Kiimmerle’s metric for

online feature based SLAM.
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7. CONCLUDING REMARKS

This dissertation is concluded with a summary @&f Work and suggestions for the

future research.

7.1 Summary

The research presented in this thesis providewsrsolutions to simultaneous
localization and mapping problem. First, a scanistegfion algorithm based on
Normal Distribution Transform is introduced. Thifg@ithm uses multi-layered
structure that automatically calculates the celé drom the point cloud boundaries
instead of assigning a fixed cell size. In eactetathe point cloud is divided intg
cells, wheren is the layer number amglis the division constant. Then for each cell,
the conventional NDT generative process is apptieelmean and covariance values
of each cell containing more than four points alkewdated and stored. Moreover, a
different score function than the original methedused, and Levenberg-Marquardt
optimization method is adapted to the algorithnaddition to Newton method. An
extended comparison of the NDT and ML-NDT, espécial 3D outdoor, is given
for the experimental datasets. The performancéebptimization methods are also
compared with each other. In addition, the effexftdhe sampling strategies are
analyzed, and an easy to use sampling method, wtite®tra computation, is
proposed. The results show that the proposed megtionides fast convergence rate
and long-range measurement capabilities than NDW&lll, the application of ML-
NDT to the SLAM problem in terms of 2D simulatioatd and 3D experimental data

IS given.

Second, a 3D robust feature extraction method @itdanr and large scale SLAM is
proposed. In this method, after discretizing théfpoloud into regular cell, plane
segments are found. Then horizontal planes arareied to discard ground effect.
At the end, the filtered planes are merged usinglame-merging algorithm. In
merging step, an additional condition is addedatitsf/ the closeness of two planes

with respect to conventional methods. In additiore proposed a PCA based
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projection method. The extracted plane properties the opportunity to solve data

association problem easily. Since the obtainedufeatare planar, the conventional
data association methods for point features cabeatsed. There, the semantic data
obtained from the feature extraction method is alsed in the correspondence

decision.

Third, a fast and robust scan matching method basedhe proposed feature
extraction is proposed, and the effect of samptitrgtegies on feature based scan
matching is investigated. The scan matching pabased on multi-layered Normal
Distribution Transform, and the feature extractpant is based on a plane detection
method. These two methods are combined in suchyathed the extracted plane
inlier points are used in the registration procesthe scan matching algorithm. In
this way, it is obtained a robust and fast botmstetching and feature extraction
algorithms. From the scan matching point of vidwg this method is robust because
the matching is based on the certain geometrictsires like planar surfaces and
faster with respect to the conventional methodsesthe number of matching points
is reduced effectively and efficiently, which isryamportant due to the iterative

structure of the scan matching method.

Forth, the extracted planar-features are proposedefature based SLAM and its
application to 3D outdoor SLAM is presented. Theahuod is adapted to filters EKF,
UKF, CKF, RSPKF, and SEIF to solve feature basedNslproblem for large-scale
and outdoor environments. The performance resutss @mpared for the
experimentally obtained dataset. The results shaw all these filters can be used

with the planar features successfully.

Finally, a data association method for the pldeatures is proposed. The method is
based on the rich plane properties, consideredeamrgtic data, obtained by the
feature extraction method. The data associatiomodetises the same criteria used in
the plane merging criteria for the decision of espondence of features. This is an
important contribution since the conventional dadaociation methods are for point
features and its computational complexity increasgqsonentially with the number

of feature, while the semantic data associatiorpgsed in this thesis has linear
complexity. In addition, the traditional data asatbon methods cannot be used for

planar features since planes are encoded in the\gator in infinite form, so they
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cannot be distinguished with the simple mean andamance values of the

parameters of plane normal and minimum distan@eigmn.

7.2 Future Directions

The main purpose of this dissertation was to preosix-dimensional simultaneous
localization and map building method for large-scahd outdoor environments;
therefore, the development of methodology was #réral objective of this thesis.
The implementation of the proposed methods in ktiea system, which is under
construction in the Robotic Laboratory of Contraigiheering Department of the
Istanbul Technical University, is the primary faatdirection. Next, there might be a
few improvements on the proposed methods seen éyatithor, and they are

discussed below.

Lu and Milios [31] presented a globally consistent solution to thmuffaneous
localization and mapping problem in 2D with thresgkes of freedom poses, and its
extension to 3D SLAM problem using lterative Cldsesint (ICP) algorithm with
six degrees of freedom is proposedah Therefore, the performance of the proposed
scan matching methods, ML-NDT and FbML-NDT, sholld tested with this
globally consistent 3D mapping algorithm.

In general, it is seen that the SLAM methods apassed into two parts in terms of
their mapping model, such as feature or volumelaia, which can be laser scan or
camera image depending on the sensor technologl U$e difficult part of the
feature based SLAM is to obtain robust and limiteshmber of features for large-
scale and outdoor SLAM. In this thesis, a planattfee extraction method was
proposed for this purpose. On the other hand, iffieudt part of the scan matching
based SLAM methods is the “loop closure” or “loogtettion” problem, and the
detection of the loop cannot be achieved with fidvidual scans since they contain
very dense data. For that reason, the SLAM methiitizing scan matching, also
require an independent loop detection mechanisnchaMs mostly based on other
type of measurement system like camera and a &detection method, to be able
to obtain globally consistent solution. As anotheature study, the proposed scan
matching methods can be integrated to planar-fediased SLAM method. In this
framework, the scan matching method, which providese accurate result than the

odometry and inertial measurement unit sensorsuldhbe used to find the
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prediction of robot pose in the motion update stéphe feature based SLAM
method. This is also useful for semantic data agBon proposed by this thesis
since it depends on the robot current location, ialcdn be obtained by using rigid
body transformation parameters from the scan magchMost importantly, the

feature extraction and feature based scan matehetgod (FOML-NDT), which is

robust and fast in nature, have very common parterms of computations. In this
regard, the combination of both methods does natodnce a significant

computational complexity. Therefore, a more aceueatd high-speed hybrid SLAM
algorithm can be obtained, which has been neveliesppefore, according to the
authors knowledge.

In Chapter 4, the planar feature extraction meibgaoposed, and it is application to
feature based SLAM methods are given for seveltar$i which are all known as
Gaussian filters. Since the proposed feature extraenethod will be working on
outdoor environments, one can never guaranteeyfpie df the noise but assume;
therefore, this study can be extended for non-Gamdgters. A well-known non-
Gaussian filters in the solution of feature baseédM is Particle Filters (PFs)
proposed by Montemerl{87]. However, when the problems of particle filters in
large-scale SLAM is considered, a combined metf&8jl using Sparse Extended

Information Filters (SEIF) and PFs can be applied.

In the experimental results, it was shown that3B#F provides faster computation
than the other types of filters. However, it hasrbshown that SEIF sparsification
procedure vyields overconfident error estimates wiespressed in the global
reference frame. Matthew proposed Exactly Sparsenged Information Filters
(ESEIF) [67] as an improved scalable method, which maintairth bparsity and
consistency in large-scale SLAM problems. Therefthis thesis can be extended as

the basis of the development of a framework forEB&IF based SLAM.
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