ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE

ENGINEERING AND TECHNOLOGY

MULTI-SENSOR LANE TRACKING AND LANE DEPARTURE WARNING
SYSTEM DESIGN

M.Sc. THESIS

Baris OZCAN

Department of Mechatronics Engineering

Mechatronics Engineering Programme

MAY 2014






ISTANBUL TECHNICAL UNIVERSITY * GRADUATE SCHOOL OF SCIENCE

ENGINEERING AND TECHNOLOGY

MULTI-SENSOR LANE TRACKING AND LANE DEPARTURE WARNING
SYSTEM DESIGN

M.Sc. THESIS

Baris OZCAN
(518111004)

Department of Mechatronics Engineering

Mechatronics Engineering Programme

Thesis Advisor: Asst. Prof. Dr. Pinar BOYRAZ

MAY 2014






ISTANBUL TEKNIK UNIiVERSITESI % FEN BiLIMLERI ENSTITUSU

COK-SENSORLU SERIT TAKIP VE SERITTEN AYRILMA UYARI SISTEMI
TASARIMI

YUKSEK LiSANS TEZi

Baris OZCAN
(518111004)

Mekatronik Miihendisligi Anabilim Dal

Mekatronik Miihendisligi Program

Tez Damismani: Yrd. Do¢. Dr. Pinar BOYRAZ

MAYIS 2014






Baris Ozcan, a M.Sc. student of ITU Graduate School of Mechatronics
Engineering student ID 518111004, successfully defended the thesis entitled
“MULTI-SENSOR LANE TRACKING AND LANE DEPARTURE WARNING
SYSTEM DESIGN”, which he prepared after fulfilling the requirements specified in
the associated legislations, before the jury whose signatures are below.

Thesis Advisor : Asst. Prof. Dr. Pmar BOYRAZ ...,
Istanbul Technical University

Jury Members : Prof. Dr. Seniz Ertugrul .
Istanbul Technical University

Asst. Prof. Dr. Figen Ozen ...
Hali¢ University

Date of Submission : 5 May 2014
Date of Defense : 29 May 2014



Vi



To the dreamers and those who put faith in dreams as in the only realities,

vii



viii



FOREWORD

Before all, 1 would like to thank my thesis advisor Ass. Prof. Dr. Pinar BOYRAZ for
giving me an opportunity to work under her guidance. Also, | would like to thank to
OTOKAR and Ministry of Science, Industry and Technology for financing my thesis.
Additionally, I would like to thank to my family and to those who have always
supported me throughout my life. Particularly Cihat Bora YIGIT and Ekim
YURTSEVER motivated me with their sarcastic comments on my pschopathology
during rough times. Lastly, 1 would like to give my sincere gratitudes to Ziya ERCAN
and Ertugrul BAYRAKTAR for their encouragement.

May 2014 Baris OZCAN
Mechatronics Engineer






TABLE OF CONTENTS

Page

FOREWORD ...ttt sttt te st sbenreeneane s iX
TABLE OF CONTENTS ..ottt Xi
ABBREVIATIONS ... .ottt nneens Xiii
LIST OF FIGURES ......coooiieee et XV
SUMMARY et e e e e e st e e s e e et e e e nnt e e e naeeeneeeanns Xvii
OZET ... ettt ettt ettt Xix
1. INTRODUCTION. ...ttt sttt ettt sne e nae s e e 1
1.1 PUIPOSE OF TRESIS ..eoveeieeie ettt sae e nne s 3
1.2 LItErature REVIEW .......cocueeiiciie ettt sttt nneas 3
2. IMAGE PROGCESSING........coct ittt 7
2.1 Region of Interest (ROI) Extraction and Segmentation ...........c.ccccevevvveieienen. 8
2.2 Lane Feature EXIraCtioN .........coiviiiieieieie e 10
2.3 Outlier Removal and Parameter EStimation...........cccccvovevivenieiinsinseeie s, 18
3. LANE TRACKING......coiiiie et 25
3.1 Kalman Filter and Extended Kalman Filter (EKF) ..o 25
3.2 Motion Model for EKF Algorithm on Image Stream-Only Case .................... 29
3.3 Measurement MO L............coierieciee e 32
3.4 FUSION WItN TIMU L. e 38
4, EXPERIMENTAL RESULTS ...ttt 43
4.1 EXPEriMENT DALA........cciiiiiieiie ettt ere s 43
4.2 EXPerimental RESUILS........c.ooi i 45
5. CONCLUSIONS AND FUTURE WORK ..ottt 53
REFERENGCES. ..ottt sttt 57
CURRICULUM VITAE ...ttt 61

Xi



Xii



ABBREVIATIONS

ADAS : Advanced Driver Assistance Systems
LDW : Lane Driver Warning

PNG : Positive Negative Gradients

EKF : Extended Kalman Filter

ROI : Region of Interest

IPM . Inverse Perspective Mapping

SLAM : Simultaneous Localization and Mapping

Xiii



Xiv



Figure 2.1 :
Figure 2.2 :
Figure 2.3 :
Figure 2.4 :
Figure 2.5 :
Figure 2.6 :
Figure 2.7 :
Figure 2.8 :
Figure 2.9 :

Figure 2.10 :

Figure 2.11 :
Figure 2.12 :
Figure 2.13:
Figure 2.14 :
Figure 2.15:
Figure 2.16 :
Figure 2.17 :
Figure 2.18 :
Figure 2.19 :
Figure 2.20 :

Figure 3.1 :
Figure 3.2 :
Figure 3.3 :
Figure 3.4 :
Figure 3.5 :
Figure 3.6 :
Figure 3.7 :
Figure 4.1 :
Figure 4.2 :
Figure 4.3 :
Figure 4.4 :
Figure 4.5 :
Figure 4.6 :
Figure 4.7 :
Figure 4.8 :
Figure 4.9 :
Figure 4.10

Figure 4.11
Figure 4.12

LIST OF FIGURES

Page
Flow chart of the image processing module. ..........ccccccevvvevviieieennenne, 7
Image of the formed Gaussian mask. ...........cccceeeieiiniiniiiecee, 8
Resulting ROI after the masking operation. ..........ccccccevvvevviieieennene, 8
Segmentation of the INPUt IMAJE. ........cccevvviieiiiie e 9
Block diagram of steerable filtering algorithm [33].........ccccccvenenen. 11
Result of equations 2.1, 2.2 and 2.3 from left to right....................... 12
Input image obtained from webcam. .............cccooeiiiiici i 13
Steerable FIlter OULPUL. .......coveiviiiiiiee e 13
Filter output after thresholding. .........cccoceiveiieie i 13
Binary image after the intensity value check, note that some false
POSILIVES Are FEMOVEM. .....eccveeiieiieeiieee e 14
Binary image before the intensity check. ...........ccccocviniiniiiicnnnn 14
Binary image after the intensity check. ...........cccocoveiiviiiiccieeenee 14
Four trackable directions on the image. .........cccoceeerenenininieienenn, 16
Gradient values and the gradient direction of the center pixel. ....... 17
Output of the Canny Edge Detection algorithm. ..........cccccceevrnrnnen. 17
Passing lines from a single point. ...........ccccooevieie s 18
Point (x1, y1) in (M, ¢) dOMAIN. .......coocvrieiieeie e 19
‘n’ number of points represented in (1, ¢) domain..........c.cccceevnee. 19
Hough Space representation of an image. ..........cccoccevvveveiicie e 20
Hough Transform angle ¢ for left and right lane. .............cccceee... 21
Kalman Filter Cycle obtained from [40]. .......ccccoeviiviiieiieeceee, 27
IMAQE FrAME AXES. ... veiviiiiieiiiieiieee e 28
WOrId Plane @XES. ........coveiuiiieiieccie e 29
Geometric model of a pinhole camera obtained from [42]. .............. 33
World plane axes and camera frame axes...........cccocvevvevvereeeeieennnnn, 34
Control point position vectors on camera frame and world plane..... 36
Block diagram of the lane tracking system. ........c.cccoeoveveiiiiiiiieenen, 42
Mti-10 IMU @XiS [43]. ..voovvoreereeeeseeieeeeeeeeseeseseessessse s 44
World plane and Mti-10 @X€S. .......covvvivueeiieiiiieiie e 44
Data SIIEAIM. ... .eieiiiie ettt 45
Measurement vector of the MTi-10. ..o, 45
Successful results of tracking algorithm...........ccocovciiiicicien, 46
Output of the algorithm when no measurements are received. ......... 46
Tracking algorithm results for curved roads..........cccccoeevevveieieennnn, 47
Failure cases of the algorithm...........ccccoovviiiiiii i, 48

Lateral position estimates of EKF according to the initial position. . 49

: Measurements, EKF estimations and ground truth of lane slope on
IMAgE PIANE. ..o 49
. Lateral position of the control points belonging to the left lane...... 50

- Lateral position of the control points belonging to the right lane. .. 50

XV



XVi



MULTI-SENSOR LANE TRACKINF AND LANE DEPARTURE WARNING
SYSTEM DESIGN

SUMMARY

Reports by World Health Organization claim that a large portion of the traffic
accidents caused by human errors. In order to avoid these accidents advanced driver
assistance systems (ADAS) such as lane departure warning systems are widely
researched in the recent decades. Lane departure warning systems utilize computer
vision algorithms in order to find and track lanes. Different algorithms for edge
detection, outlier removal, road models and model fitting methods are used with
various combinations of tracking algorithms such as Kalman filter or particle filter.
However, most common approach in the literature is to track the vehicle inside a lane
and assume that vehicle is stationary and lanes are moving which is practically not
true.

In this thesis, a lane tracking system approaching the problem as a mapping problem
meaning that the vehicle is moving in a previously unknown environment is
developed. The proposed algorithm can be divided into two main sections, the image
processing module and the tracking algorithm. In the image, processing module an
adaptive region of interest (ROI) creation by using the estimations provided by the
tracking algorithm is introduced. In addition, a simple solution for the perspective
problem while using the steerable filters are presented. The orientation of the steerable
filter is vital for edge detection and in order to obtain results that are more robust, the
orientation of the steerable filter is developed to be adaptive according to the estimates
from the tracking algorithm. Outliers in the obtained image after the filtering process
Hough transform is applied to each segment to remove the outliers. Than a first order
polynomial is fit the do features on the image in least squares sense. Extended Kalman
Filter (EKF) is used in order to track the found lanes via the image processing module.
Tracking is applied approaching the problem as a mapping and localization problem.
However, the localization problem is simplified into localizing the vehicle laterally on
the road according to the initial position. Tracking algorithm can be divided into two
main parts, the motion model and the measurement model. While developing the
motion model only the lateral position of the vehicle is considered. The vehicle is
modelled with regard to the constant velocity model in the literature. Each tracked lane
is represented with five control points at pre-determined distances ahead of the vehicle
in the motion model. Motion of the control points are modelled as if they have a
constant position according to the world plane. In the measurement model, lateral
position of the each control point on the world plane is regarded as measurements.
However, since the control points are measured on image plane the measurement
model is developed as the projection of the control points from the image plane to
world plane. In order to achieve this, pinhole camera model is used to project the
control points from the image plane to camera frame. Next, with an assumption of
constant yaw, pitch and roll between the camera frame and the world plane a rotation

Xvii



matrix and translation vector is defined to project the control points from the camera
frame to world plane. Additionally an altered version of the proposed tracking
algorithm is presented. This altered version utilizes fusion of IMU and computer
vision. The previously proposed model is altered with two new states, which are yaw
and the yaw rate of the camera frame. Adding these two states discards the assumption
of constant yaw between the world plane and the camera frame. Two new states are
also modelled with regard to constant velocity model. In the measurement model,
measurements of yaw rate provided by the IMU is added to the model.

In order to make experiments with the algorithms, synchronized data of camera and
IMU is collected with a test vehicle. The collected data is synchronized and stored in
MATLAB. Experiments are made offline on MATLAB with the previously collected
data. Tracking results of the control points are given along with the measurements on
the image plane during various scenarios such as when no measurement is received or
during curvature roads. Localization results of the vehicle is tested with a test similar
to the loop closure test, which is a commonly used test in SLAM algorithms. The
results of the loop closure tests claim that the tracking algorithm can successfully track
the lateral position of the vehicle with an acceptable error.

In this thesis, the main objective is to propose an alternative lane tracking system
capable laterally localizing the vehicle and map the lanes according to the initial
position. Additionally this proposed system provides a very versatile basis for sensor
fusion with various sensors such as GPS or LiDAR.
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COK-SENSORLU SERIT TAKIP VE SERITTEN AYRILMA UYARI
SISTEMI TASARIMI

OZET

2010 yilindaki raporlara gore trafikte 1 milyarin iistiinde tagit bulunmakta ve giinlik
hayatta hem sehir i¢i hem sehir disi ulasim i¢in ¢ok yogun bir sekilde tasit kullaniliyor.
Bu durum g6z 6niine alindiginda, kullandigimiz tasitlarin giivenligi can giivenligimiz
icin 6nemli bir role sahip. Diinya Saglik Kurulusu (WHO) tarafindan 2013 yilinda
yayinlanan raporda trafik kazalarinin insan o6liimlerinin nedenleri siralamasinda
sekizinci sirada oldugu ifade edilmistir. Ayni raporda yapilan arastirmalarda bu trafik
kazalarinin %90°1 siiriicii hatalarindan kaynaklandig1 sonucuna varilmistir. Bu stirticii
kazalarini engellemek amaci ile arag giivenligi sistemlerini zorunlu kilan yasa tasarilari
hazirlayarak hiikiimetler arac¢ giivenligi sistemlerini son yillarda daha yaygin hale
getirmeye caligsmaktadir.

Arac giiveligi sistemleri aktif ve pasif olarak ikiye ayrilir, aktif arac¢ giivenlik
sistemlerinin tasarim amaci trafik kazalarini engellemek amaciyla tasarlanmig
sistemlerdir. Diger yanda pasif ara¢ gilivenligi sistemleri ise, trafik kazalarmnin
etkilerini azaltmak {lizerine tasarlanmig sistemlerdir. Aktif ara¢ glivenlik sistemlerine
kilitlenme karsit1 frenleme sistemi, ¢ekis kontrol sistemleri veya serit takip sistemleri
ornek olarak verilebilir. Ote yandan emniyet kemeri, hava yastig1 ve koltuk basliklar:
pasif ara¢ giivenligindeki ilk akla gelen 6rneklerden bazilaridir.

Bu tez c¢alismasinda, IMU ile desteklenmis yapay gorii ile serit takip sistemi
tasarlanmis ve test edilmigstir. Serit takip sistemleri bir ¢ok alt algoritmay1 yapisinda
bulundurmasi nedeniyle ge¢cmiste bu alanda yapilan ¢aligsmalar bes baslik altinda
anlatilabilir. Bu bagliklar su sekilde isimlendirilebilir , yapay goriide seritleri bulma
yontemleri, serit modelleri, seritlere ait olmayan ornekleri ayirma, takip ve sisteme
destek olacak yapay gorii harici algilayicilar eklenmesi.

Kameradan elde edilen goriintiiler genelde, goriintiideki kdse veya kenarlar1 6n plana
cikaracak ,’steerable’ filtre veya ‘sobel’ filtresi gibi filterelerden gegirilir. Bu
filterelerden gecen goriintii belli bir esik degerine gore kestrim uygulanip iki rakamli
goriintliye yani sadece birlerden ve sifirlardan olusan bir goriintiiye cevrilir. Bu
filterden bazilar1 , 6rnegin ‘steerable’ filtre sabit bir serit isareti genisligi icin dogru
sonuclar verebilir. Fakat kamera aracin oniindeki yola baktig1 i¢in perspektif sebebi ile
seritler aragtan uzaklastik¢a serit isareti genisligi azalir. Bu problemi agmak i¢in
litaratiirde, ters perpektif haritalama uygulamasi 6nerilmistir. Bu haritalama methodu
sayesinde goriintii kus bakisina cevrilir ve perspektif problemi ortadan kalkar.

Seritin kullanilan modeli ile , geritlere ait olmayan 6rnekleri ayirma islemleri birbirleri
ile dogrudan baglantilidir. Serit veya yol modeli , sistemin tahmini ¢alisma kosullar
g6z Oniine alinarak belirmesi gerekir. Ornegin, yiiksek hizlarda galisacak bir serit takip
sistemi i¢in serit veya yol modelinin daha diislik hizlar i¢in tasarlanmis sistemlere gore
aracin Onilindeki daha uzun bir mesafede yolu dogru temsil edebilmesi gerekir. Aym
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zamanda yol modelleri islem giicii gereksinimini dogrudan belirleyen bir faktor oldugu
icin cok ayrintili bir model de gercek zamanli ¢alisma durumunda problemler
yaratabilir. Seritlere ait olmayan 6rnekleri ayirma veya filtreleme isleminde elde edilen
veriye dnceden blirlenmis bir model uydurma iglemi yapay gorii sisteminin serit bulma
asamasindaki son adimidir. Bu adim sonucunda belirlenmis bir modelin bilinmeyen
katsayilari elde edilen verilere gore tahmin edilir. Litaratiirde bu islem i¢in , RANSAC,
en az kareler veya metropolis algoritmasi gibi yontemler kullanilmistir.

Yapay gorii sayesinde bulunan seritler hem sadece yapay gorii sistemi biinyesinde hem
de baska algilayicilar ile birlikte kullanilarak takip edilebilir. Serit takibi i¢in en sik
kullanilan yontemlerden dogrusal sistemler i¢in bir uyarlamali kestrim algoritmasi
olan Kalman filtresidir. Fakat, serit takip sistemleri ancak gercek ile oldukca g¢elisen
ciddi varsayimlar yapilarak dogrusal bir sistem haline getirilebilir. Bu nedenle Kalman
filtresi temel alinarak dogrusal olmayan sistemler i¢in gelistirilmis olan genisletilmis
Kalman filtresi ve yine dogrusal olmayan sistemler i¢in uygun olan parcacik filtresi
litaratiirde kullanilmustir.

Litaratiirde serit takip sistemleri genellikle , aracin serit icindeki hareketini takip etmek
lizere tasarlanmisir. Ayrica, goriintii lizerinden yola ¢ikilmasi sebebi ile, yapay gorii
ve serit takip sisteminde arag¢ sabit kabul edilip seritler hareketli kabul edilmistir ki bu
pratikte kesinlikle yanlistir. Bu tez ¢alismasinda serit takip sisteminin ¢aligtig1 tasitin
onceden bilinmeyen bir ortamda ¢alistig1 var sayilarak probleme haritalama mantigi
ile yaklasilmistir. Bu yaklagim kapsaminda litaratiirden farkli olarak, seritlerin
hareketli aracin sabit olma kabulu yerine seritlerin diinya diizleminde sabit fakat aracin
hareketli oldugu kabul edilmistir. Ayrica ortaya ¢ikarilan sistem baska algilayicilar ile
kolayca etkilesim halinde modifiye edilebilecek sekilde tasarlanmig ve IMU ile birlikte
calismasi incelenmistir.

Sunulan sistem yapay gorii modiili ve serit takip sistemi olarak iki parcaya
boliinmiistiir. Yapay gorii sisteminde takip algoritmasindan elde edilen seritlerin
tahmini konumlarinin oldugu bdlgede kameradan alinan goriintii kirpilarak filtereleme
islemi i¢in hazirlanir. Ardindan perspektif problemini agmak i¢in goriintii bes parcaya
ayirip her parca icin onceden belirlenmis boyuttaki ‘steerable’ filtreler sayesinde
seritleri ait yerlerde 1 ait olmayan yerlerde O degerlerine sahip goriintii Canny kose
bulma algoritmasina beslenir. Goriintiideki her boliimde Hough transformu
uygulanarak seritlere ait ¢izgiler bulunduktan her parca i¢in bulunan ¢izgiler en az
kareler yontemine beslenerek seritlere ait birinci derecen polinom modelinin
katsayilar1 bulunmustur.

Takip algoritmasinda genisletilmis Kalman filtresi kullanilmigtir ve iki bdliimden
olugmaktadir, 6l¢iim modeli ve sistem modeli. Takip algoritmasi aracin ve seritlerin
sadece yatay eksendeki pozisyonlarinin takip etmek iizere tasarlanmistir. Islem giiciinii
sadece bir noktanin yatay eksende takibine indirgemek icin her seriti temsil edecek bes
kontrol noktas1 kullanilmistir. Modelde arag ile kameranin koordinat diizlemi eslenik
kabul edilip diinya koordinat diizlemi ile arasinda sabit bir rotasyon oldugu kabul
edilmistir. Modelde kullanilan durum vektoriinde aracin yatay pozisyonu ve yatay
hizinin yanisira her kontrol noktasinin yatay pozisyonu da eklenmistir. Arag sabit hiz
modeli kontol noktalari i¢in sabit pozisyon modeli baz alinarak modellenmistir.

Olgiim modelinde ise goriintii diizlemindeki kontrol noktalarinin diinya koordinat
diizlemine iz diistimii 6l¢iim modeli olarak alinmistir. Bu islem iki asamalidir, 6nce
goriintii diizleminden kamera koordinat diizlemine iz diistimii alinmasinin ardindan
kamera koordinat diizleminden diinya koordinat diizlemine iz diistimii alinir. Analitik
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olarak goriintii ile kamera koordinat diizlemi arasindaki iz diisiimiinii tanimlamak i¢in
igne deligi kamera modeli kullanilmistir. Kamera koordinat diizlemi ile diinya diizlemi
arasinda ise, Euler agilar1 ile elde edilen rotasyon matrisi ve oteleme vektori
kullanilmistir. Onerilen sisteme IMU verisini ekleyebilme amaci ile nceki modele iki
yeni durum eklenmistir. Bu iki yeni durum yalpa agis1 ve yalpanin agisal hiz1 olarak
belirlenmigtir. IMU’nun ilk asama olarak sadece ciroskop verisi O0l¢iim modeline
eklenmistir.

Onerilen algoritma &nceden bir test araci ile toplanilmis senkronize IMU ve kamera
verisi lizerinde bilgisayar tizerinde test edilmistir. Veri toplama aracindaki sistemdeki
senkronizasyon MATLAB iizerinden IMU’nun yapisinda var olan ara bellek
kullanilarak basarilmistir. IMU 90Hz kamera is 9Hz frekansinda senkronize bir sekilde
Ol¢iim almigtir. Algoritma toplanan MATLAB aracilig1 ile dnceden toplanan veri
tizerinde farkli senaryolar i¢in test edilmistir. Sonuclar kisminda oncelikle goriintii
diizlemindeki kontrol noktalarinin takip algoritmasi kestrimleri ve yapay gori
modiiliinden alinan Slgiimleri sunulmustur. Ayrica haritalama algoritmalarinda sik
kullanilan bir test olan ‘loop closure’ testine benzer bir test uygulanmistir. Bu test bir
haritalama algoritmasinin bir ortamda dolastiktan sonra tekrar ayni yere getirerek
uygulanir. Bu duruma benzer olarak Onceden toplanan veri lizerinde aracin yatay
olarak baslangi¢ noktasina geri geldigi bir video sekansi iizerinde algoritma test edilip
sonuglar verilmistir. Sonuglar algoritmanin aracin ayn1 noktaya geri geldigini kabul
edilebilir bir hata ile tahmin ettigini géstermistir.

Onerilen algoritmanin ileriki calismalar bir kag farkli acidan ele almabilir. Yapay gérii
modiiliinde kullanilan serit modeli ve model katsayilari tahmin eden algoritmalar igin
litaratiirdeki farkli yontemler uygulanabilir. Ayrica serit takip sistemi i¢in ise, daha
fazla algilayicidan elde edilen veri bir arada kullanilacak sekilde sistem gelistirilebilir
veya genisletilmis Kalman filtresi yerine parcacik filtresi uygulanabilir.
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1. INTRODUCTION

The number of active commercial and personal vehicles in traffic in all around have
surpassed 1 billion-unit mark in 2010 according to the report of Ward, which equates
roughly to a ratio of 1:6.75 vehicles to people among a world population of 6.9 billion
[1]. The number of vehicles refer to the number of cars, light-, medium- and heavy-
duty trucks and busses registered worldwide, excluding the off-road vehicles. VVehicles
are used in personal and public transportations, logistics and many more areas. As
vehicles become a vital part of our daily lives, preventing vehicle accidents became a

priority all around the world.

Global Status Report on Road Safety of 2013 published by World Health Organization
(WHO) [2] claim that road traffic injuries are estimated to be the eighth leading cause
of death globally also is the leading cause of death for young people aged between 15-
29 years. If an estimation to be made from current trends, by 2030 road traffic deaths
will become the fifth leading cause death unless any action is taken. Reports also claim
that 1.2 million people are killed in transport accidents each year; moreover, 90% of
those are caused by human errors alone. Some examples for leading causes of human

errors are drowsiness, driver distraction and intoxicated driving.

In recent years, governments start to implement road safety strategies in order to
prevent vehicle accidents. This road safety strategy includes laws against driver
behaviors that endanger road safety and technical requirements for vehicles that assist
drivers to prevent accidents. An example for this technical requirement regulation
particularly on Lane Departure Warning Systems (LDWS) is European Unions (EU)

commission regulation no 351/2012 [3].

The rising trend in traffic accidents in the recent years led to a wider and more through
research on vehicle safety systems in the recent decades. One of the first formal
academic studies into improving vehicle safety was by Cornell Aeronautical Labs of
Buffalo, New York, which pointed out the importance of seat belts and padded



dashboards. Vehicle Safety Systems can be divided into two main streams, Active and
Passive Vehicle Safety Systems, which are to be explained herein.

First, Passive Vehicle Safety is defined as the systems that reduce the effect of the
accident on the individuals during or after the accident. Some examples for Passive
Safety Systems can be listed as crumple zones, seatbelts or headrests. For example the
crumple zone is an on-purpose crush space which is a physical feature of the car that
absorbs the energy with a controlled deformation during a crash, whereas seat belts
that keep the occupants in their place when an accident happen. Furthermore, headrests
can be considered as passive safety systems with mitigation effect, which because
they are designed to prevent whiplash injuries in people by supporting the head during

emergency stops or collisions.

Active Vehicle Safety (AVS) Systems are designed to prevent accidents from
happening. Until recent years. Active Vehicle Systems was referred to non — complex
safety precautions such as good visibility or low interior noise levels. However, in the
last two decades, complex Active Vehicle Safety Systems became more prominent.
For example, anti-lock breaking system (ABS) in an AVS system that allows the
wheels on a motor vehicle to maintain tractive contact with to road surface [4].
Furthermore, Electronic Stability Control (ESC) system is an AV'S system that applies
breaking automatically to help steering by detecting and reducing lateral skidding [5].
Furthermore, Traction Control Systems (TCS) which is similar to ESC however TCS

consider vertical skidding instead of lateral skidding [6][7].

Among Active Vehicle Safety Systems, Advanced Driver Assistance Systems
(ADAS) are also included and they try to include the human driver in the loop. ADAS
is to act as a virtual co-pilot for the driver, assisting the driving process. Some
examples of these systems can be given as follows: Adaptive Cruise Control System
adjusts the speed to maintain the safety distance according to travelling speed with the
vehicle ahead [8]. Adaptive Light Control (ALC) is designed to improve nighttime
safety. ALC controls the headlamp illumination according to the current driving
situation and environment [9]. Another common ADAS nowadays is Blind Spot
Information System (BLIS), which is developed by Volvo [10]. Vehicles have blind
spots from drivers’ point of view; even though these blind spots can be removed with
proper side view mirror adjustment it is commonly overlooked. BLIS warns the driver

if a car enters the blind spots of the Vehicle. Driver Drowsiness Detection is another



example for ADAS. Some examples from companies that have Driver Drowsiness
Detection System are as follows ; Ford’s Driver Alert , Mercedes-Benz’s Attention
Assist, Volkswagen’s Fatigue Detection System and Volvo’s Driver Alert Control
[11]. Finally, Lane Departure Warning Systems (LDWS), which is the focus of this
thesis among the ADAS systems. LDWS warns the driver when the vehicle begin to

move out of its lane. LDWS’ are explained particularly in Section 1.2.

As explained previously, ADAS are widely researched topic in the recent decade, with
its complexity, human machine interface problems and a transition basis to semi-
autonomous vehicles ADAS researches yields results to many solutions for futuristic
Vehicles.

1.1 Purpose of Thesis

With the increasing death toll due to traffic accidents in the recent decades there is a
strong demand in active vehicle safety systems from the industry, moreover
governments started to mandate inclusion of this systems in vehicles as explained
previously. Despite there are various LDWS in the literature and industry, most of
them are only capable of working in well-maintained roads and better weather
conditions. Moreover, almost every application involves either only cameras or
concept cars that possess high end and expensive equipment. These concept cars are
not feasible for the industry at the moment due to expensive sensors such as LIDAR
or stereo cameras. Additionally, methods and algorithms are used in LDWS are made
particularly for the car that is the LDWS is to be applied. Regarding to these problems,
the purpose of this thesis is to construct a more robust LDWS system that is car

independent using fusion of image processing and IMU.

1.2 Literature Review

Majority of the LDW systems in the literature use computer vision for lane detection
and tracking. The computer vision system is, even though it is not common, supported
with peripheral sensors in order to reduce the limitations of LDW because, computer
vision systems are vulnerable to noise in the environment. Some of the supporting
sensors usually used in literature are, Global Positioning System (GPS), and Light
Detection and Ranging (LIDAR).



Computer vision system of a LDWS often employs an algorithm with three main steps;
lane feature detection, lane model parameter estimation and tracking. There are various
combinations of lane feature detection, lane modelling. All these steps can be
performed using various combinations of several algorithms for each. In this part for
the sake of clarity, literature is overviewed five separate parts; lane feature extraction,
lane modelling, post processing, sensor fusion and tracking.

Lane feature extraction is the core of the LDW system. Lane features are extracted via
various edge finding filters applied on the image. These filters exploit the geometric
and photometric features such as brightness of the lanes in order to detect them. Each
of these filters have their particular drawbacks and benefits. In addition, the feature
extractor should be chosen according to the working environment of the LDWS and it

might not be necessary to extract all the possible variations of the lanes.

One of these methods is called positive — negative gradients extractor (PNG). The
method is mainly based on the width of the feature. PNG extractor algorithm first
computes gradients on the image and thresholds the gradients and then searches for a
pair of positive and negative gradients within a range [12]. PNG has a width constraint
on the feature by definition. This constraint is handled with two approaches and both
of them rely on a planar road assumption and the knowledge of the horizon line [13].

The first approach used in PNG depends on the Inverse Perspective Mapping (IPM) to
re-create the top-view image of the road to rule out the width change on the lanes due
to perspective of the image [14]. Second method assumes that the marking width
decreases linearly as the lane goes from the bottom of the image to horizon line and
has a zero width on the horizon line [15]. Second algorithm is preferred because of its

fast response in practice.

In contrast to PNG steerable filters considers continuity of the lanes assuming they are
stripes on the road. This is a big advantage when the lanes are eroded or have less
visible parts on the image due to various reasons such as illumination or poor road
marking. Steerable filters is applied for lane detection in one recent study [16].
Steerable filters which are used for lane feature extraction has a base of second
derivation of 2D Gaussians. Benefit of this approach is that this filter is a linear
combination of three base filters, which enables it to be computed separately at the

same time. With exploiting this advantage, the filter can be applied to the image for



any orientation. As PNG, steerable filters also have a feature width constraint;
steerable filters can only extract features with constant width. In most of the
applications of steerable filters, this constraint is overcome with IPM transformation
[17].

The top-hat filter on the other hand proposed in [13] is to extract lanes in a large width
range; however, top-hat filter only considers vertical lines on the image while
resolving the IPM requirement. Top- hat filter is applied at many scales to the image

in order to overcome the width constraint when IPM is not applied.

Roads or lanes in particular are modelled in the literature. Modelling greatly effects,
the system performance as it helps the outlier removal. Road and lane models should
be chosen considering the working environment of LDWS. For example, for highway
scenarios, due to high speed of vehicles accurate road modelling up to 30m or more
may be required therefore a more detailed road model would be more suitable. On the
other hand, on high-speed roads such as highways the road can be assumed to have
relatively less curvature. There are many types of road and lane modelling in the
literature. In the proposed thesis lanes are modelled rather than the road, therefore in

the following paragraphs most common lane models are discussed.

The simplest lane model is straight lines [18]. Although it is an oversimplified
assumption by segmenting the image in to parts and assuming that the lane is straight
inside these segments, straight-line model becomes acceptable. Moreover, in highways

and high speeds the lanes are relatively straight to a distance from the vehicle.

As straight lines cannot model the curved lanes, third order parabolas or splines [19]
are used to approach curved roads/lanes more accurately. In [19] two lane markings
are considered as symmetric and converging to the same vanishing point. Using this
assumption two lanes are modelled together and they reduced the parameters on the

model to be estimated.

In order to avoid abrupt changes in steering angle while transition from straight to
circular road section and vice versa, a special type of curve called clothoids is
commonly used in highway construction [20]. An example of lane tracking with

clothoid models can be seen in a recent study [21].

Extracted features regarding to the lanes may contain outliers due to noise in the

environment. Therefore, outlier removal or post processing is necessary. These



estimates can be regarded as the a priori estimates of the parameters of the model that
is used.

One such post-processing method employs Hough transform [22]. The original Hough
Transform is used for straight lines and circles however, generalized Hough transform
that is proposed in [23] can be used for arbitrary shapes even parallel lines in the future.
Another method that is commonly used in computer vision systems is random sample
and consensus (RANSAC) proposed which is proposed in [24]. RANSAC is actively

used in [25] to fit a model to the extracted data.

Supporting computer vision system with LIDAR, GPS is the most common approach
in the literature. In [16], GPS and LIDAR is used to support the proposed LDWS. In
[26] LIDAR and GPS is also used however, rather than a monocular camera a stereo
and Omni-directional camera is used. Another interesting application in the literature
can be seen in [27]. Instead of using LIDAR and GPS as in conventional approach,

accelerometer and gyroscope is used to support computer vision system.

Algorithms tracking the lanes can achieve this using only the outputs of computer
vision system or the very same algorithms with some modification can track the lanes
with a fusion of sensors. In [28], Kalman filter is applied to track the lanes. Since
Kalman Filter is applicable to linear systems, for non- linear models Extended Kalman
Filter (EKF) is used [29]. Another trending method for tracking is Particle Filters [30],
[31], [32]. Computation cost of these algorithms and the nature of the problem is the
main factor for the selection of the tracking algorithm. While Particle Filter is easy to
implement in sensor fusion, the computational complexity increases exponentially as
the number of dimensions increase in the state space. On the other hand, Kalman
filter’s complexity does not increase exponentially due to increase in the dimensions
of state space; however, it may not be suitable for systems having nonlinear behavior

and abrupt changes.

Most of the lane tracking methods does not include vehicle or camera model inside
model for Kalman Filtering and even if the vehicle model is included, vehicle
movement models do not use a constant velocity model. Moreover, almost each one
of LDW systems track the vehicle inside a lane or according to lanes not on the whole
road the vehicle is travelling.



2. IMAGE PROCESSING

In order to track the lanes and assess the deviation of the vehicle from the lanes, the
system must first detect the lanes on the image. In this section, image processing part
explains the processing made on one frame alone to detect the lanes on the current
image. The processing flow chart is illustrated on Figure 2.1. All the steps in the flow
chart is explained in this section. Input of the flow chart is a greyscale image and the
output refers to the lane model parameters. Image processing part is explained in three
sections. First ROI extraction, Gaussian blurring process and segmentation is
explained. Secondly, lane features extraction is explained which refers to the steerable
filters, thresholding and Canny edge detection inside the flow chart. Lastly, outlier
removal and model parameter estimation is explained. Outlier removal and model

parameter estimation is indicated as name of the algorithms used, Hough Transform
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Figure 2.1 : Flow chart of the image processing module.




2.1 Region of Interest (ROI) Extraction and Segmentation

Extracting a reliable ROI from the given image dramatically increases the performance
by removing unnecessary and wrong features from the road area in the image during
the feature extraction in addition it causes the reduction of the computational cost. The
size of ROl is determined by the covariance values of the lateral position of the control
points obtained from extended Kalman Filter (EKF). Control points and the covariance
values that are used in ROI calculation process are explained in detail in the section
3.2. The mask that is used to define the ROI on the image is formed via applying a
two-dimensional Gaussian distribution on the control points. Two-dimensional
Gaussian’s mean is calculated and assigned to control points and the covariance is the
values obtained from EKF. This type mask is illustrated in Figure 2.2. In order to

calculate the ROI, the mask and the input image is multiplied element wise. The

resulting ROI after multiplication is shown in Figure 2.3.

Figure 2.2 : Image of the formed Gaussian mask.

Figure 2.3 : Resulting ROI after the masking operation.



By using the covariance values obtained from EKF, the ROI’s size is changed
according to the measurements. Covariance values increase when no measurements
are obtained which leads to a larger ROI to be calculated. On the other hand, as
measurements are obtained consecutively, the covariance becomes smaller and the

ROI starts contracting, reducing computational cost.

Because, the steerable filters used in feature extraction part is applicable to lanes with
constant width. The input image is divided into five segments horizontally assuming
the lane width is constant in each segment. Due to the perspective on the image, the
lane’s width gets smaller as the lanes get further away in the field of view. There is
two ways to resolve this perspective transform. First is converting the input image to
a bird eye view using inverse perspective mapping (IPM). However, this method
implies that one should know the exact position of the camera according to the world
frame. Because, the system is aimed to be a module that can be mounted on different
vehicles it is assumed that there will be no such information available for the
algorithm. Therefore, the image is divided into five segments where the lanes have
relatively constant width. Lowest point on the image plane is the closest to the vehicle
given, as the segments go up on the image plane the size of the segments decreases.
This is because the rate of change on the lane width increases as segments refer to

places that are more distant from the vehicle due to the perspective effect. The

segments on the input image is demonstrated in Figure 2.4.

Figure 2.4 : Segmentation of the input image.



2.2 Lane Feature Extraction

After the segmentation and the ROI is formed and the lane features are extracted. Lane
features are extracted in two steps. First, steerable filters are applied to the image and
then Canny Edge detection is performed. Because of its computational speed and
robustness in filtering performance, steerable filters are chosen among the many
alternative methods for filtering and the Canny edge detection is performed to suppress
the found edges to one pixel width. This property increases the Hough transform

performance because it reduces the number of peaks in the Hough space.

In image processing tasks, such as texture analysis, edge detection, motion analysis
and image enhancement, oriented filters are widely used. Using oriented filters for
texture analysis enables the algorithm to extract features in particular orientations.
Adaptively updating the orientation of the filter the algorithm becomes able to track
the lanes. Steerable filters are defined as a class of filters that any of arbitrary
orientation can be constructed as a linear combination of a set of “basis filters” [33].

As indicated in [33], a function must satisfy Equation 2.1 in order to be steerable.

100y = ) kOF % ) @Y
j=1

Proving if a function f(x,y) is steerable, finding which number must M assume is
required to define the rotation of the function. It also needs to be defined what the
interpolation functions k;(68) must be. These steerability requirements are explained
in detail in [33]. The Steerable filters that are used in this thesis for lane feature
extraction is constructed from the second derivatives of 2D Gaussians. However,
steerable filters can be constructed from arbitrary functions, which should satisfy 2.1.

Steerable filters that are constructed via second derivatives of the 2D Gaussians have
numerous aspects that makes this filter desirable for lane tracking applications. First,
as mentioned previously steerable filters are constructed by a linear sum of a number
of basis filters multiplied by interpolation functions k;(8). Second, three basis filters
and some particular interpolation functions can construct the derivative of two-
dimensional Gaussians steerable filter k;(8), which is used to define the rotation of
the filter. Therefore, the basis filters can be constructed separately in order to speed up

the computation in a real time system. In addition to creating basis filters separately,
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the output image after filtering via steerable filters can be computed by taking
convolution of the input image with basis filters at the same time and calculating the

linear sum of the output with interpolation functions. This process is illustrated in the

Figure 2.5.
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Figure 2.5 : Block diagram of steerable filtering algorithm [33].

In Figure 2.5, the second important aspect of steerable filters is also illustrated. From
three basis filters with certain gain maps, the lanes at any orientation on the image can
be filtered. The gain maps on Figure 2.5 refers to the orientation values of the steerable

filters. The formulation of Steerable filters are given in Equations 2.2, 2.3 and 2.4 [33].

92 -(=*+y?) 2x2 2 —(x*+y?)
Gxx(x: y) = ﬁe a? = - < 1)—6 a? (2.2)
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Gt =556 T T (23)
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Equation 2.2 is the partial derivative of the two dimensional Gaussian with respect to
x and Equation 2.3 features the partial derivative of the two dimensional Gaussian with
respect to x and y. Lastly Equation 2.4 is the partial derivative of the two dimensional

Gaussian with respect to y. In Figure 2.6 the image intensity representations of
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Equations 2.2, 2.3 and 2.4, which are the basis set for the steerable filters, are
illustrated.

Figure 2.6 : Result of equations 2.1, 2.2 and 2.3 from left to right.

In [33], it has been shown that the response in any rotation of the filter can be
calculated using Equations 2.2, 2.3 and 2.4. Equation 2.5 defines the filter response in

any rotation 6.
G29(x,y) = Gyy c0s%(8) + Gy, sin%(8) + Gyycos(8)sin(6) (2.5)

Application of steerable filters on the input image requires two controllable
parameters: (i) rotation of the filter 6 and (ii) the kernel size of the Gaussian o. As
explained previously, the steerable filters are by nature are tuned to find lane features
with a certain width. This property depends on the variance o. For each segment
created in the previous step, a particular steerable filter according to the expected
average width of the lanes is used by defining a certain o for each filter. For detecting
the lanes, we use the knowledge that the filter response in the direction of the lane
should be near maximum and the filter response in the vertical direction should be
relatively much lower. While applying steerable filters, directions of the estimated
lanes are obtained from EKF algorithm as explained in section 3. Steerable filter is
applied in two directions one: (i) is in the estimated lane direction and the other is (ii)
vertical to the estimated lane direction. The difference between two filtered images
should be high where lanes in the estimated direction is located on the image.
Therefore, by thresholding the difference image, the lane features are obtained. Lastly,
the estimated feature points regarding to the lanes respective intensity values are
checked on the grey scale input image. Knowing that lanes are always painted in high
intensity paints such as white or yellow, secondary threshold is applied, in this manner;

under a certain intensity valued feature pixels are suppressed to zero in black and white
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image. This last thresholding removes the false features detected due to their gradient
intensity values. Figures, 2.7, 2.8, 2.9 and 2.10 illustrate the input image, steerable

filter output, the thresholded image and lastly, the resulting image after intensity value

check respectively.

Figure 2.7 : Input image obtained from webcam.

Figure 2.8 : Steerable filter output.

Figure 2.9 : Filter output after thresholding.
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Figure 2.10 : Binary image after the intensity value check, note that some false
positives are removed.

The steerable filter output is normalized during the process for thresholding. However,
if there is no line in the orientation of the filter is apparent the filter output yields to an
Image containing close to minimum values. Normalizing this filter output result in an
image containing intensity values close to the maximum even though no line is
apparent. In these cases, checking the intensity values have greater effects on the
performance of the system. This phenomenon is shown in the figures 2.11 and 2.12,
the binary images before intensity check and after intensity check respectively.

Figure 2.12 : Binary image after the intensity check.
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In order to obtain more robust results from Hough transform due to previously
explained reasons Canny edge detection is applied to the filtered image. Canny Edge
detector is a very common method for finding edges on an image, it is first proposed
in 1983 by Canny [34]. Since it is a very common method, there are packages in
MATLAB or OpenCV that apply Canny Edge Detection on images. Every one of these
packages apply the same steps with some variations that will be explained in the

following paragraphs.

Canny edge detection is a multi-stage algorithm that utilizes the edge gradients and
gradient directions calculated via Sobel Operator [35]. Initially a Gaussian smoothing
is applied to reduce noise on the image before calculating the edge gradients. The edge
strength is calculated by taking the gradient of the image via Sobel Operator. Two
different 3x3 masks are used in the Sobel Operator that calculates the gradient in the
x-direction (columns) and in y-direction (rows). These masks are given in Equations
2.6 and 2.7.

-1 0 1

Gsober, =|—2 0 2 (2.6)
-1 0 2
1 2 1

Gsobely: 0 0 O (2.7)
-1 2 -1

Using Equations 2.6 and 2.7, the edge strength or in other words the gradient of the
image is calculated using the Equation 2.8.

|Sgradient| = |Gsobelx| + Gsobely (2.8)

The third step is to calculate the edge direction, which is calculated by taking the
inverse of the tangent of the calculated gradients as shown in Equation 2.9. Equation
2.9 will give an error if both gradients are 0, therefore a hard constraint is made. While

Gsobet,, 1S €qual to zero, if Gsobel, is zero the gradient is set to O degrees otherwise it

is set to 90 degrees in order to neutralize this error.

G
Ogope = tan™? [ 22 (2.9)
Gsobelx
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After the gradient direction is calculated, the direction of the gradient is rounded to a
value that can be traced on the image. Since images are pixel arrays, there are four
possible directions that the gradient direction can be rounded to some specific values

as illustrated in the Figure 2.13.
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Figure 2.13 : Four trackable directions on the image.

The gradients of each pixel are rounded as follows, edge directions between 0 to 22.5
and 157.5 to 180 degrees is set to 0 degrees, the red direction on Figure 2.13. Edge
directions between 22.5 to 67.5 is set to 45 degrees, the yellow direction on Figure
2.13. Edge directions between 67.5 to 112.5 degrees is set to 90 degrees , the green
direction on Figure 2.13 and finally edge directions between 112.5 to 157.5 is set to
135 degrees which is the blue direction on Figure 2.13.

After the edge directions are rounded to trackable directions on the image, non-
maximum suppression algorithm is applied. The gradient directions in trackable
directions on image and the magnitudes, which represent the edge strength, are given,
the non-maximum suppression algorithm searches for the maximum in the gradient
direction of the pixel. If the gradient magnitude of the center pixel is not greater than
the two neighbors in the gradient direction it is suppressed to zero. For example in
Figure 2.14, the arrow indicates the gradient directions, red value the center pixel has
a gradient magnitude of 5 and its two neighbors gradient magnitude along the gradient
direction are 25 and 35. The reason for that can be explained considering that the center
pixel does not have a gradient magnitude greater than the two neighbors along the

gradient direction it is suppressed to 0.
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Figure 2.14 : Gradient values and the gradient direction of the center pixel.

Edge contours can sometimes be broken, creating dashed lines on the edges because
of the operator output fluctuating above and below the threshold, this phenomenon is
called streaking. Streaking is eliminated by applying two different thresholds on the
image defined as T; and T,. Ty is the threshold with a greater value and T, is the
threshold with a lower smaller value. In order to assume a pixel is an edge as a starting
point, the pixel must have a gradient magnitude higher than T, than any pixel that is
connected to the starting pixel is assumed to be an edge until a pixel that has a gradient
magnitude lower or equal to the low threshold T, is come across in the search
algorithm. An example result of Canny Edge Detection after the steerable filter step is

illustrated in Figure 2.15.

Figure 2.15 : Output of the Canny Edge Detection algorithm.
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2.3 Outlier Removal and Parameter Estimation

Outlier removal and model parameter estimation is the final stage of the detection
algorithm. The estimated lane parameters are fed to the EKF system as measurements.
Hough Transform is used for the outlier removal process it is applied separately on
each segment on the image. This produces fractal lines on the whole image. After
applying Hough Transform, the parameters of the lane model are estimated via Least

Squares algorithm performed on the found fractal lines.

Hough Transform was originally developed to make an analysis of bubble chamber
photographs in 1959, which is initially developed to find lines on an image [36]. A line
equation as in Equation 2.10, has parameters x and, and constants slope m and zero

crossing point c.
y=mx-+c (2.10)

It is known that from a single point infinite numbers of lines pass as illustrated in
Figure 2.16.

(M osCoo)

Figure 2.16 : Passing lines from a single point.

The Hough Transform changes the parameter space and defines the line in terms of
slope (m) and zero crossing (c) point instead of x and y. If a simple modification is

made on Equation 2.10, the line Equation 2.11 in (m, c¢) domain is obtained for the

pOInt ('xll Y1)

c=y, —mx; (2.11)
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The graph of the Equation 2.11 is shown in Figure 2.17. It can be seen that a single
point that has infinite number of passing lines in (x, y) domain refer to a single line in
(m, ¢) domain. Using this property of Hough transform, any lines with the same slope

and offset (i.e. orientation) values could be identified on the image.

C
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Figure 2.17 : Point (x4, y;) in (m, ¢) domain.

In order to find lines on the image, Hough Transform needs the input image to be a
binary image. After every pixel is transformed in the (m, c) domain as illustrated in
Figure 2.18, a histogram is made for the crossing points for of the lines in (m, c)
domain. Histogram bins that have more votes than a previously defined threshold
correspond to the strong lines on the image. However, the initially proposed method
fails when there is vertical lines on the image. Vertical lines makes the method unable
to transform the line to the (m, ¢) domain because of the infinite m value for a vertical

line.
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Figure 2.18 : ‘n’ number of points represented in (m, ¢) domain.

In order to solve this problem caused by vertical lines on the image, the line is defined

on the polar coordinates rather than the cartesian coordinates. Polar coordinates defines
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a point with the distance from the origin r and the angle of the direction of the distance
¢. Transformation between cartesian coordinates and the polar coordinates are given
in Equations 2.12 and 2.13.

x =rcos(¢) (2.12)

y =rsin(¢) (2.13)

A line on polar coordinates are defined by the distance r between the closest point of
the line to the origin and the angle ¢ which is the angle of the orthogonal vector from
origin to the line pointing towards upper half plane. ¢ is the angle of the vector
pointing to the closest point of the line to the origin if the line is located in the positive
half of the coordinates. By using normal parameterization, described thoroughly in
[37] the line equation can be written as seen in Equation 2.14.

r = xcos(¢) + ysin(¢) (2.14)

Using this parameterization in Equation 2.14, one can project the image from cartesian
coordinate system to polar coordinates (r, ¢p) system, which now contain harmonics
instead of line in the projected space. This also solves the vertical line problem on the
image. An example result of Hough Transform in polar coordinates are illustrated in
the Figure 2.19.
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Figure 2.19 : Hough Space representation of an image.
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In Hough Space, the horizontal axis ¢ is between -90 and 90 if no restriction is made.
However, ¢ can be restricted between particular values in order to find lines in certain
angles on the image. This restriction is made regarding to some previously known
geometric properties of lanes on the image plane. According to this, expected lane

positions on the image plane are illustrated in Figure 2.20.
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Figure 2.20 : Hough Transform angle ¢ for left and right lane.

By assuming that lanes cannot be horizontal on the image plane while the camera is
looking in the direction of the road and left and right lanes are approximately
symmetrical to each other according to a virtual vertical line indicated by dashed lines
on Figure 2.20, the constraint on ¢ is defined. Regarding to these assumptions ¢ is
fixed between -70 degrees and 70 degrees. With this constraint, Hough Transform

searches for the peaks in Hough Space only between -70 degrees and 70 degrees.

Fractal lines regarding to the lanes for each segment is found via Hough transform,
however a model is need to fit into this fractal lines in order to represent the lane on
the whole image. The fitting of the detected parameters on the lane model is achieved
by using the Least Squares method. The Least Squares is a method that fits a model to
a set of measurements by minimizing the squared differences between the

measurements and the model prediction.

Linear Least Squares method is used to fit a model to the data available. In order to

explain Least Squares method in more detail some basic concepts about statistics need
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to be defined. If a sequence of data x4, x,, ..., xy given, the mean (expected value) is

defined as in Equation 2.15.

1 N
%= Nz %, (2.15)

Mean of a data set x is denoted as x. Data sets of same mean can have different
variations about the mean of the data; in order to denote this the concept of variance is

introduced. The variance of a data is defined for data set x in Equation 2.16.

N
»_1 -2
Oy = NZ(xn —X) (2.16)
n=1

In addition to mean and variance, the standard deviation is the square root of the
variance as given in Equation 2.17.

Gy = %Z(xn —%)? 2.17)

A model have to be defined for the lanes in order to apply Least Squares method. The

lanes are modelled as first order polynomials as given in Equation 2.18.
y=ax+b (2.18)

When the data set, {(xq,v1), (x2,¥5), ..., (xy,yy)}that is obtained from Hough

Transform, is given, the squared error can be defined as seen in Equation 2.19.

E(a,b) = Z(yn — (ax, + b))? 2.19)

In order to find the values a and b, that minimizes the error E(a, b), there is a pre-

condition that a and b values should satisfy the Equation 2.20 and 2.21.

0E

9z _ 2.20
= 0 (2.20)
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— = 2.21
ab 0 (2.21)
Equations 2.22 and 2.23 are obtained by differentiating E(a, b).
IE  ~
= D 20 = (axy + b). (~x) (2.22)
n=1
N
0E
= = Z 20y, — (ax, + b)) 1 (2.23)
n=1

If Equations 2.23 and 2.22 are re-defined by using 2.20 and 2.21, Equation 2.24 and
2.25 are obtained.

Z(yn — (axp +b)). (=) = 0 (2.24)
Z(yn — (ax, +b)).1=0 (2.25)

Equations 2.24 and 2.25 may be rewritten as in Equation 2.26 and 2.27.

<2N: x’%> a+ (i Xn ) b= i XnYn (2.26)

n=1 n=1 n=1

(S )er($)o-$on

N N
I n=1

5o 2
S 30

n=1 n=1

| (2.28)
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The values of a and b which minimizes the error E(a, b) can be obtained by solving

the Equation 2.29. Note that the matrix should be invertible, the proof can be found in

[38] for further reading.

(2

n=1

()

2 L,
3]

n=1

N N
Zl ben
n=1 n=1

The procedure of detecting and locating the lanes on image procedure is completed by

obtaining the model parameters a and b. Briefly, process starts by creating a ROI

around the expected position of lanes then segmenting the image. Next, steerable filters

are applied and the filter response is thresholded. Canny Edge detector is used to find

edges on the resulting binary image. After the edges are found on the image, Hough

Transform is applied and lines referring to the lanes are found for each segment. Lastly,

the Least Squares method is applied in order to fit a first order polynomial to the data

obtained from Hough Transform.
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3. LANE TRACKING

In order to track the lanes the problem is considered as a localization problem as
explained in [39]. In our case, we are only interested in lateral localization of the
vehicle on the road according to the initial position. In order to achieve this a version
of Kalman Filter, the Extended Kalman Filter (EKF), which is for non-linear systems
is utilized to track vehicle and lane position. Tracking is made in two phases, first
phase involves only the image processing and second phase concerns the fusion image
processing with vehicle angular velocity data obtained via IMU. The fusion with IMU
is explained in Section 3.4 along with the motion model and measurement model of
the fusion algorithm.

3.1 Kalman Filter and Extended Kalman Filter (EKF)

Kalman filter is first proposed in 1960 as a solution for the linear-quadratic problem
by R.E Kalman [40]. The linear-quadratic problem is defined as the problem of
estimating the state of a system that is exposed to white noise. This problem can also
be stated as estimating state of a linear stochastic system by using measurements that
are linear functions of the state. A stochastic system is a system that is defined by the
collection random variables. Even though, Kalman Filter is particularly for linear
systems, an altered version of Kalman Filter, the Extended Kalman Filter (EKF) can

be implemented on non-linear systems.

Knowledge of state space modelling is mandatory in order to understand how the
Kalman Filter works and guarantees better measurement results. Representing a higher
order system by a set of first order differential equations is called the state space
representation of a dynamic system [41]. State equations for a linear stochastic system
including process model and measurement model are given in Equations 3.1 and 3.2

respectively.

X1 — Akxk + Bkuk + Wi (31)
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Zy = Hkxk + Uk (32)

Where, x is the state vector, u is the input or control vector and z is the measurement
vector. A is the state transition matrix, B is the control or input matrix and H is the
measurement matrix. The random variables w;, and v, represent the process and
measurement noise respectively. They are assumed to be independent random
variables with normal probability distributions as given in Equations 3.3 and 3.4.

p(wW)~N(0,Q) (3.4)
p(v)~N(O,R) (3.5)

In Equation 3.4, it is defined that the random variable w has a normal distribution with
zero mean and a covariance of Q. Similarly, in Equation 3.5, the random variable v
has normal distribution with a mean of zero and a covariance of R. Q and R are the
matrices such that their size depends on the order of the process and measurement
model. Kalman Filter is a recursive filter that has two main stages, time update
(prediction) and measurement update (correction). The algorithm consists of two Time
Update Equations and three Measurement Update Equations. Time Update Equations
are given in Equations 3.6 and 3.7. Measurement update Equations are given in 3.8 3.9
and 3.10.

Xiey1 = ApXy + Brug (3.6)
Pir1 = AxPiAf + Q. (3.7)

Ky = Pg Hi (H P Hi + R)™" (3.8)
X = X + K (2, — HiXy) (3.9
P, = (I — K H)P; (3.10)

Equation 3.6 and 3.7 are called the predicted state estimate and predicted covariance
estimate respectively. Optimal Kalman gain is calculated in Equation 3.8, the last term,
which is, (HiP;HY + R,)~! is the inverse of the residual covariance matrix S.

Diagonal values of this matrix refers to the covariance for the indicated state by that
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row. Equation 3.9 is the calculation of the updated state estimates using the
measurements. Lastly, updated covariance estimate is calculated for the next cycle in

equation 3.11. Figure 3.1 illustrates the Kalman Filter cycle.

Initial estimates for ¥, and P}

Measurement Update (“Correct”)

T pate ( Tredict) (1) Compute the Kalman gain

(1) Project the state ahead s s - -1
e e K, = P,H(H,P;HT +R))
X,., = A%, +Bu,

. g £ (2) Update estimate with measurement z;,

(2) Project the error covariance ahead ’%k = Q;\ + K(Zk = HI‘%;‘)
Pk oy 5 AkPkAI{ g Qk (3) Update the error covariance
P, = (I-K,H)P;

Figure 3.1 : Kalman Filter Cycle obtained from [40].

EKF is the altered version of the Kalman Filter aiming to estimate states in a non-
linear system. Equations for EKF algorithm are given in the following equations [40].

The Predicted State Estimate:

Xierr = f (X, uk) (3.11)
Predicted Covariance Estimate:
Pir1 = Piyr = FiPeFy + Q. (3.12)
Near-Optimal Kalman Gain:
Ky, = P HI (H,P  Hl + R;)™! (3.13)

In Equations, 3.12 and 3.13 the terms F and H are the Jacobians of the process and
measurement functions f(x,u) and h(x), given in the equations 3.14 and 3.15

respectively.

_of

F =
0x

(3.14)
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H=2 (3.15)
Updated State Estimate:
Rp = X + K (2, — h(%5)) (3.16)
Updated Covariance Estimate:
P, = — KyH,)Py (3.17)

EKF cycle is almost same as the Kalman filter cycle. Only difference is the EKF
equations are inserted into the cycle for calculating predicted state estimate and
measurement residual along with calculating the Jacobians of state transition and

measurement matrices.

Motion and measurement models for EKF algorithm is explained in sections 3.2 and
3.3 respectively. In the motion model, section the constant velocity and position
models are explained. In the measurement model section the pinhole camera model
and the projection between the image frame and the world plane are explained. Image
plane is illustrated in Figure 3.2 where u refers to the columns on the image and v
refers to the rows on the image. The world plane is illustrated in Figure 3.3 where, z,,

refers to the axis in the direciton of the road and x,, indicates horizontal axis.

>

U

Image Frame

Figure 3.2 : Image frame axes.
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Zw

Xw

vehicle

Figure 3.3 : World plane axes.
3.2 Motion Model for EKF Algorithm on Image Stream-Only Case

The motion model of the EKF algorithm can be divided into smaller parts. These parts
involve the vehicle’s motion model and the lanes motion model. In order to model the
vehicle, the constant velocity model is preferred. Constant velocity approach does not
necessarily mean that the motion is always on constant velocity [39]. It is assumed that
the unknown accelerations occur in a Gaussian profile. In other words, accelerations
are considered as noise signal in EKF algorithm. While modelling the vehicle motion
it is assumed that the vehicle and the camera moves identically, meaning there is no
relative movement between the camera and the vehicle. Additionally, for the sake of
simplicity and considering that our data is on high-speed, it is assumed that the camera
has a constant yaw, pitch and roll with respect to the world plane. The yaw, pitch and
roll between the world plane and camera frame is calibrated on a known test frame.
On high-speed ignoring camera yaw according to world plane might not cause
distortions on the model however, on low speeds lane changing can induce significant
yaw in the camera motion. This is because, as the vehicle gets slower more steering
angle is to be induced in order to move laterally which results in inducing yaw to the
system. States regarding to the motion of the vehicle is given in Equation 3.18 where,
x denotes the lateral position of the vehicle on the road and x denotes the lateral

velocity of the vehicle.

Xvehicle = [i] (3.18)
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Motion the lanes are modelled by the motion of representative control points referring
to the lanes. These control points are sampled from the extracted lanes by the image
processing algorithm. Five control points are sampled for each lane, which are at pre-
determined distances of 5m, 10m, 15m, 20m and 25m ahead of the vehicle on the
world plane. Number of control points are chosen considering the real time
computation limitations. State vector regarding to the control points sampled from the

lanes are given in Equation 3.19.
Py,
Xcontrol points = l ‘ (3.19)
P5nx

In Equation 3.19, B, denotes the m" control point in the P’s x axis position

according to the world plane and n refers to the number of tracked lanes. For example,

if the algorithms is tracking two lanes the vector in Equation 3.19 will have ten

elements. If states in Equations 3.18 and 3.19 is combined the state vector of the whole

motion model is obtained which is given in Equation 3.20.

— x -
X
Py

X

I=
Il

(3.20)

_PSnx_

The constant velocity model of the vehicle’s state update functions are given in

Equations 3.21 and 3.22:
f1 = Xg4+1 — Xk + (.Xk + a)At (321)
fo =%k =X+ a (3.22)

The term « in Equations 3.21 and 3.22 refers to the lateral acceleration, which provides
the introduction of lateral acceleration in to the constant velocity model as noise. Step
time At is chosen as 1/fps of the image stream in the experimental data. State update
functions of the control points are defined according to the constant position model.

Assuming that the lanes have constant position on world plane is practically true.
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Moreover, even though the constant position model is applied to the control points, all
the control points are updated according to the measurements in EKF independent of
the initial values. The state update function of control points are given in Equation
3.23.

firz =Py, =Py, 1=12..5n (3.23)

State update functions in Equations 3.21, 3.22 and 3.23 are linear. However,
measurement model is a non-linear model therefore; EKF is applied to track the lanes
and vehicle position. The state transition matrix is obtained by calculating the Jacobian
of the state update functions according to the state vector, which is given in Equation

3.24. The resulting matrix of the calculation in Equation 3.24 is given in Equation 3.25.

oh oh ofh Ofi
ox ox opP; . 0Py s .
o o O . o
5x 5% 5Py, Prs,,
F = _ - _ (3.24)
6f(nx5)+2 6f(nx5)+2 6f(nx5)+2 . 5f(nx5)+2
5x 5% 8P, 8Pprs,
1 At O 0
[0 ]
F=|: : (3.25)
: 0
0 0 0 1 (5n+2)x(5n+2)

From EKF equations, we know that EKF uses Q in order to calculate the predicted
covariance estimate P~. Predicted covariance estimate is used to calculate the Kalman
Gain K, which is used to update the states. In the definition of process noise covariance
matrix Q, previously mentioned assumption on the existence of undetermined lateral
accelerations in a Gaussian profile is introduced. The calculation in order to obtain Q

is given in Equation 3.26.

Q =GPG" (3.26)
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Covariance of the noise vector B, defines the rate of growth of uncertainty in the
model. As B, increases, the uncertainty in the system increases meaning that the camera
is exposed to higher accelerations. Setting B, small is suitable while travelling inside
a lane; however, setting a very small B, may result in failures during lane changes. For
setting B,, an empirical approach is taken after examining the experimental data of
more than 10hrs of highway driving containing at least 250 lane-change events. In
Equation 3.26, the matrix G is calculated by the Jacobian of the state update equations
according to the noise vector. In our case, the noise vector only consist of the lateral
noise on velocity a. Therefore, the Jacobian calculation is given in Equation 3.27

yields to a column vector.

ofi
Jda
f
G = Oa (3.27)

af(nx5)+2
Ja

The result of the calculation in Equation 3.27 is given in Equation 3.28.

>

t

1]
H

O -

G (3.28)

(5n+2)x1

3.3 Measurement Model

The control points mentioned in previous section are regarded as the measurements of
the system. The control points found by the image processing module are defined on
the image plane however; the measurements have to be in the same plane as the system
mode. Since the system model is defined with respect to the world plane, the control
points are required to be projected from image plane to world plane. This is achieved
in two steps, first projection from image plane to camera frame is performed then,
projection from camera frame to world plane is calculated. In order to achieve the

projection form image frame to camera frame, pinhole camera model is used and the
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projection between the camera frame and the world frame is made by rotation and

translation calculations.

Pinhole camera model is the simplest and most common camera model [42]. In this
model, a point Q on the camera frame O, is projected on to an image frame as

illustrated in Figure 3.4.

Ve

~o Q=XY,2)

Zc

Figure 3.4 : Geometric model of a pinhole camera obtained from [42].

In Figure 3.4, camera frame origin is defined as O,. The z axis of the camera frame is
known as the principal axis. The point where the principal axis intersects the image
plane is known as principal point and denoted as p. The translation between the origin
of the camera frame O, and the principal point p is called the focal length and denoted
as f. The principal point and focal length are called the intrinsic parameters and can
be found via camera calibration. Principle point p is not always located at the center
of the image plane because the center of the image sensor is not usually on the camera
frame origin O.. Therefore it has a u and v axis coordinates on image plane denoted
by C, and C,, respectively. The focal length is denoted as only one value on the Figure
3.4, however focal length has two different. This is because , the the imaging elements
are often rectangular and the focal length is calculated as the product of the physical
focal length F and the size of the corresping edge every imager element s, and s,,. The

equations regarding to focal lengths are given in Equations 3.29 and 3.30.
fr = Fsy (3.29)

fy = Fs, (3.30)
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It should be noted that s, and s,, cannot be measured individually by any calibration
method. Only the f, and £, can be derived via calibration which is enough to project a

point from image plane to camera frame or inverse. The Equations to project a point

Q to image plane is given in Equations 3.31 and 3.32.

x=F, (;) +C, (3.31)

y=1J (;) +C, (3.32)

In Equations 3.31 and 3.32, X, Y and Z denotes the coordinates of the point Q on
camera frame. Terms x and y denotes the coordinates of the point g, which is the
projection of the point Q on to the image plane. This projection is also illustrated in

Figure 3.4.

Second step of the measurement model is to project the point on camera frame O, to
world plane 0,,. In order to achieve this a world plane axis have to be defined. At
initialization, the world plane is assigned to where the camera plane is and a constant
yaw, pitch and roll between the camera frame O, and the world plane 0, is assumed.

The geometry of the two frames at initializations is illustrated in Figure 3.5.

Z /Z =

/ 3

Figure 3.5 : World plane axes and camera frame axes

In Figure 3.5, z, and x,, denotes the world frame axes and z. and x. denotes the
camera frame axes. In the world plane, z,, axis is carried with the camera frame z,
axis since we are only interested in lateral localization of the vehicle. This means that

world plane (0,, ) and camera frame ( O, ) origins split from each other only in x-axis
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meaning that it only happens when the vehicle moves laterally. In order to project the
control points from camera frame O, to world plane 0,, , a translation vector and a

rotation matrix have to be defined.

In order to obtain Rotation matrix between the world plane 0,, and camera frame O, ,
the order of three main rotations (yaw pitch and roll) have to be defined. In this thesis,
the order of rotations is defined as pitch, yaw and roll. Because the mounting position
of the camera has to be included in the measurement model, this order of rotation is
selected. Yaw, pitch and roll values between the world plane 0,, and the camera frame
0. is obtained by making a calibration on a known frame. Particular rotation matrices
for pitch (B), roll (¢) and yaw (6) are given in Equations 3.33, 3.34 and 3.35

respectively.

1 0 0 7

Ryieh = [O cos(B) —sin(p) (3.33)
0 sin(B) cos(B) |
cos(¢p) —sin(¢) 0]

Ryou = [sin((j)) cos(¢p) 0 (3.34)
0 0 1]

0 1 0 (3.35)
—sin(8) 0 cos(6)]

Ryaw

[cos(@) 0 sin(0)]

Consistency of order of the rotations is vital for projection, creating a rotation matrix
by two different order in multiplications for same yaw, pitch and roll values will not
yield to same rotation matrix. The order of rotations are defined while creating the
rotation matrix by multiplication of the Equations 3.33, 3.34 and 3.35 as given in
Equation 3.36.

RY = RpitchRyaeroll (3.36)

In Equation 3.36, the term RY denote that the rotation matrix from world plane to
camera frame. The resulting matrix of the Equation 3.36 is given in Equation 3.37,
where s stands for sin() and c stands for cos(). Angles 8 , ¢ and S stands for yaw,

roll and pitch respectively.
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cOcep cBsep + cpsfsO  sfs¢p — cPcpsO
RY =|—cOs¢p cfcep —sPsOsp copsf + cfsOs¢ (3.37)
s6 —cOsf cfco

In order to project the control points from camera frame to world frame , the rotation
matrix from camera frame to world plane is required which is defined as the inverse
of the rotation matrix from world plane to camera frame. Since rotation matrices are
orthogonal matrices, inverse of a rotation matrix is equal to its transpose as given in
Equation 3.38.

RS, =R¥ ' =RVT (3.39)

A translation vector is required along with the rotation matrix in order to project the
control points to world frame correctly. Translation vector is obtained according to
the control points extracted from image processing algorithm. The position vectors
according to the world plane and camera frame of a control point P after a lane change

is illustrated in Figure 3.6.

C

v

X -

Figure 3.6 : Control point position vectors on camera frame and world plane.

In Figure 3.6, vectors 7" and 7,y denotes the position vectors according to the world
plane and the camera frame respectively. The vector, 7V denotes the translation vector
between the world plane and the camera frame. Position vectors are defined as follows
in Equations 3.40, 3.41 and 3.42.

Py
7= |P (3.40)
174
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(3.41)

D
Ss
Il

SO U ST

X
o (3.42)
|z

In the measurement model, projection of the control point’s only the u axis on the
image plane is considered to simplify the problem. This is applicable since only the
lateral position of the vehicle is to be estimated.The measurement model for each

control point can be defined as follows:

P,
h = f, (ﬁ) +C, i=1,2,3...nx5 (3.43)

lz

The terms P;_ and P; can be obtained with multplication of the rotation matrix Ry,

with the difference of the vectors 7" and 72" as given in Equation 3.44.
= RL(% — 1Y) (3.44)
For the sake of simplicity the rotation matrix R¢, is denoted as follows:
Ri R; R
Ry, = [R4 Rs Re] (3.45)
R7 R8 R9

From Equation 3.44 the equations of P; and P, is obtained:

P, = Ry(Pi, = X) + Ry (P, = Y) + Ry(Pi, - 2) 2.6

i=1,2,3...nx5

Pi, = Ry(P, = X) + Ry (P, = Y) + Ro(Pi, — Z) .

i=1,2,3...nx5

The completed measurement model is obtained by inserting Equations 3.46 and 3.47

into Equation 3.43, which is given in Equation 3.48.
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i x

Ry(Pi, = X) + Ry (P, = Y) + Ra(Py, — Z) iy
Ry(Piy—X)+Rg(P,—Y)+Ro(P,—2) |~ (3.48)

i=1,2,3...nx5

The linearized observation matrix H used in EKF is calculated by the partial
derivatives of measurement model with respect to the states. The definition of the

observation matrix His given in Equation 3.49.

[ ahl ahl ahl . ahl i
0x ax aplx aanSx
H=| | ; . (3.50)
0 hnxS d hnxS d hnx5
| Ox 0x aansx

“(5n)x(5n+2)

The linearized Observation Matrix H is given in 3.50, defining H as the projection
allowing us to feed EKF algorithm directly with the extracted control points on the
image frame. The structure of EKF calculates the projection and back projection inside
its own iteration cycle. The observation covariance matrix R is set to constant value
between 50 and 200 after observing the performance of the algorithm. Observation
covariance affects the minimum value of the innovation covariance, which is used to
create region of interest (ROI) in the input image, extraction part of the system. Thus,
setting it low range causes the ROI to get smaller than desired value and setting it high

range will result in unwanted features in detection.

3.4 Fusion with IMU

In fusion phase of the system, a sub-module of the IMU and the gyroscope is used to
support the computer vision module. IMU that is used in the system has inherent
Kalman Filter algorithm embedded in its own DSP, which cannot be reached from
outer algorithms however, measurements from sub-modules can be obtained along
with the orientation values. The sub-modules are accelerometer, gyroscope and
magnetometer. Orientation output of the IMU is not used in the fusion part because of
the embedded Kalman Filter, which cannot be modified. Therefore, as a first step of

the fusion only gyroscope is fused with the computer vision module.
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In order to add gyroscope to the computer vision system explained in sections 3.2 and
3.3, two new states are required because the gyroscope measures angular velocity. The
two new states added to the system model are, (i) yaw denoted as 6 and (ii) yaw rate
denoted as 6. Adding these states means that the assumption of the constant yaw
between the world plane and the camera frame is no longer valid. The new state vector

with the additions is given in Equations 3.51.

DD R R

Xnew = | P, (3.51)

X

_P5nx_

Exactly the same procedure is applied to the system with new states as previously

explained in sections 3.2 and 3.3. The definitions of the state update functions of yaw

(6) and yaw rate () are given in Equations 3.52 and 3.53 respectively.
fo=0+(0+vy)At (3.52)
fo=6+y (3.53)

State update functions in Equations 3.52 and 3.53 are derived with regard to constant
velocity model, which is used to define the state updates of lateral position x and
velocity x in Equations 3.21 and 3.22. The term y refers to the noise in Gaussian profile
similar to « inside the lateral position model. The Jacobian of the state update functions

according to the new state vector is defined in Equation 3.54.

Sho 8L o S
5x 5% a0 a0 Ly,
F= (3.54)
5f(5n)+4 6f(5n)+4 af(5n)+4 af(Sn)+4— 8f(5n)+4
5x 5% 0 6 8Psp,, |

The bold terms inside the matrix F are the only newly added terms to the state

transition matrix defined in Equation 3.24. The noise covariance matrix Q also need
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to be updated with regard to the new noise vector. The new noise vector w and the

updated G matrix, which is used in Equation 3.26, are given in Equations 3.55 and 3.56

respectively. The calculation in Equation 3.56 yields to the G matrix given in Equation

3.57.

w=[ay]”
da dy
0 0f

G = a‘a 6‘)/

afSn+4 afSn+4
| Jda ay

>
~
o

00 O R
_

af5n+4 af5n+4
| Jda ay

(3.55)

(3.56)

(3.57)

Adding a new sensor means that new measurements are introduced to the system,

therefore the measurement model also need to be updated. The two new states are

defined as yaw 6 and yaw rate 8. In the measurement model only yaw rate from the

two states are included, which is the measurements obtained from the gyroscope. Since

the gyroscope directly gives the angular velocity, yaw rate can be added as soon as the

velocity measurements are received to the measurement matrix. The new measurement

matrix is given in Equation 3.58.

- 0 0 0 1 0

dh, h, @0h, dh, Oh,

ox  0x a0 a6 0P,

ah:5n aAsn a’;'Sn a};'Sn aﬁSn

ox 0% 96 9§ 0P
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Bold terms inside the measurement matrix H are new terms included because of the
new state matrix of the model. The first row is calculated via the partial derivative of
the gyroscope measurement model with respect to state vector. First row in the
measurement matrix H is the Jacobian of the Equation 3.59 according to the new state

vector.
hyaw rate = 6 (3.59)

From the previously explained rotation matrix from camera frame to world plane R,
definition in Equation 3.36 and the measurement function definition in Equation 3.48,
the bold terms inside the measurement matrix H are calculated. The measurement

matrix H is linearized in every step of the algorithm around the estimated new states.

EKF algorithm provides some useful information about the states, which can be used
to increase the performance of the image processing module. Position estimates of the
control points on image plane is used along with the covariance values for each states
provided by EKF is used to create an adaptive ROIl. Moreover, from the estimated
positions of the control points the estimated slope of the lanes on the image can be
extracted via simple slope calculation between two points. The orientation of the
steerable filters’ is updated adaptively by the estimated slope. The estimated slope

calculation is given in Equation 3.60 for the two control points P;(x;,y;) and

Py (x3,¥2).

Y2—W1
Xy —Xq

Estimated Slope = (3.60)

The algorithm is initialized with the initial values for the state vector. Initial values
are defined by taking, the approximate lane width of the roads where the test data is
collected. At initialization, it is assumed that the vehicle is at the center of the lane and
each lane width is approximately 4m and the vehicle is at zero position laterally. In
addition, initial values for the covariance for control points need to be defined in order
to initialize the image processing module. Since the covariance are used to create a
ROI in image processing module , at initialization the covariance are set to image

width to enable the image processing module to check whole image for lanes. The
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diagram relation between the image processing module and the tracking module is
illustrated in Figure 3.7.

+ Estimated coordinates of the control points

+ Estimated steerable filter orientation
+ Covariances for each control point

+ Initial values for state
vector — Image Processing Module Tracking Module(EKF)
+ Initial state covariances

Control points
coordinates on image
plane

Figure 3.7 : Block diagram of the lane tracking system.
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4. EXPERIMENTAL RESULTS

Experiments are made offline on a previously collected data with a test vehicle
provided by OTOKAR. Both, the stand-alone computer vision module and computer
vision supported with IMU is experimented on same data in order to make a reasonable
comparison between the two algorithms. In this section, the collected data and the
sensors used are explained in section 4.1, in section 4.2 the experimental results of the

proposed algorithm is explained.

4.1 Experiment Data

Approximately 10 hours of synchronous image and IMU data is collected on intercity
roads. Data collecting vehicle was OTOKAR M-2010 equipped with a forward-
looking Logitech C270 camera attached on the front glass and Xsens Mti-10 series
IMU fixed on the center of gravity of the vehicle. Mti-10 is an IMU composed of three
sub-modules comprising an accelerometer, a gyroscope and a magnetometer. Along
with the IMU output in Euler angles or Quaternions, outputs of sub-modules can be
also recorded. Mti-10 can provide raw data and calibrated data from accelerometer,
gyroscope and magnetometer based on the application. Additionally, Mti-10 has a built
in Kalman Filter fusing the sub-modules to provide a more robust orientation
information as sensor output. The collected data consists of gyroscope and
accelerometer recordings in 90Hz synchronized with 9Hz image data. Frequencies of
both sensors are defined by the maximum reliable frequency of Logitech C270. Even
though, C270 is capable of working at 15fps, while recording data through MATLAB,
maximum fps with no frame skipping reduces to 9fps. Synchronization is made on
software rather than hardware-level because of the webcam limitations. In order to
achieve hardware synchronization applying hardware trigger on both sensors is more
preferable because it eliminates the additional processing step for synchronization in
the software. However, C270 has no input for a hardware trigger; therefore,
synchronization is made in MATLAB for data collecting purposes only. This is
achieved by the built in buffer of the MTi-10 and MATLAB’s frame buffer for
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cameras. With initialization, both buffers are triggered to collect 9 samples and 90
samples for the webcam and IMU respectively. Axis of the IMU is illustrated in Figure
4.1.

Figure 4.1 : Mti-10 IMU axis [43].

Mti-10 is mounted in such a way so that x axis would be pointing at the direction of
the vehicle. The relation between the assigned world plane at the initialization and the
Mti-10 axes is demonstrated in Figure 4.2. It can be seen that x,,;; axis of the Mti-10

refers to z,, axis of the world plane and y,,,; refers to x,, axes of the world plane.
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Figure 4.2 : World plane and Mti-10 axes.

The illustration of the synchronized data stream is in Figure 4.3. Every box in Figure
4.3 represents the received data in each time step At , it should be noticed that in every

10 received data of IMU, one camera frame is received. Time step of the data stream

is defined by Mti-10’s measurement period, which is 9—105.
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Figure 4.3 : Data stream.

The buffers are triggered every second allowing the buffer of the camera and Mti-10
to hold up 9 frames and 90 measurements respectively. At every second, images are
logged into a video object inside MATLAB and the received data from IMU is logged
into an array inside MATLAB. Mti-10 provides the data to MATLAB as a vector
containing accelerometer and gyroscope measurements, the measurement vector is

illustrated in Figure 4.4.

Acc.x Acc.y Acc.z

Figure 4.4 : Measurement vector of the MTi-10.

In Figure 4.4, Acc. X, y and z denotes the accelerations in along the x ,y and z axes of
the IMU and Gyro X, y and z denotes the angular velocities around X, y and z axes.
Accelerations and angular velocities are received are in m/s?’s and rad/s’s

respectively.

4.2 Experimental Results

The developed algorithm is applied to previously collected data on MATLAB. Some
of the built in functions make MATLAB easier to apply the algorithm offline to test
main algorithm before it is applied in real-time in C-code or any other lower-level
language. While applying the image processing algorithm, ‘polyfit” function of the
MATLAB which applies Least Squares method to fit a polynomial to data is used.
Additionally, image processing toolbox of MATLAB is used to process the input
images to be fused with IMU outputs. MATLAB image processing toolbox has built
in functions for Canny Edge Detection and Hough Transform which is used in the
application. However, all the other parts of the algorithm such as steerable filters, ROI
creation and EKF are developed function by function for easy use in the future. Frames
on the collected data are marked manually to detect lane positions and it is used for
benchmarking different algorithms or measuring the performances of algorithms

providing the ground truth for comparison.
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In Figure 4.5, successful results of tracking of the control points on image plane are
represented. Green points refer to the measurements of the control points obtained
from the image processing module and red points refer to the tracking estimations of

the control points on the image plane.

Figure 4.5 : Successful results of tracking algorithm.

Once the algorithm solves the problem of tracking the control points referring to the
lanes, it is able to track the control points even when no measurements are received
from the image processing module of the algorithm as illustrated in Figure 4.6.
Therefore, this algorithm is able to work robustly even if the image is not available for
a limited period. This situation is quite possible in intercity roads when the image
quality is impaired by weather conditions or when the lane marks do not exist

Figure 4.6 : Output of the algorithm when no measurements are received.
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In section 2.3 it is mentioned that a first order polynomial is fit the onto feature points
corresponding to the lanes. This assumption is made for highway scenarios considering
that on highways curvature of the road decreases allowing us to represent the lanes

with a first order polynomial up to a distance 20 meters from the vehicle. The results

on curved roads are illustrated in Figure 4.7.

Figure 4.7 : Tracking algorithm results for curved roads.

The tracking algorithm fails in various scenarios such as bad initialization or long
periods where no measurements are received meaning that there is either no image is
received or image processing algorithm is unable to detect any lanes. Initialization is
vital for the system performance because, if the tracking algorithm cannot detect any
control points regarding to the lanes at initialization it is likely to lose the track of the
lanes completely. This happens because of a failure in the estimation of the
coordinates, covariance of control points and the steerable filter orientations are used
in the image processing module or poor lane markings at initialization. If image
processing module is initialized with inaccurate initial values, the image processing
module will be unable to detect lane features due to wrong ROI position of the image
and wrong steerable filter orientation. In addition to this, when no measurements are
received for a long periods of time two cases of failure happens according to the lateral
velocity state of the system. First, if the lateral velocity of the system is close to zero
before the long period that no measurements are received, the coordinates control
points’ coordinates stay constant as if vehicle does not move laterally. Second case is
when the lateral velocity state is different from zero. In this case, the algorithm
estimates as if the vehicle is moving in the direction of the lateral velocity during the
period when no measurements are received. Lastly, it may be that the estimates are
correct at the initialization; however, image processing module is unable to locate any

lane features due to various reasons such as poor lane markings or obstruction by other
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road objects or shadows. These cases arise no problems besides; the algorithm can
track the lanes when no measurements are received. However, algorithm fails when

no measurements are received for consecutive time steps. Failures of the algorithm

due to bad initializations are illustrated in Figure 4.8.

Figure 4.8 : Failure cases of the algorithm.

Even though, it is seen that one of the lanes are found at the initialization , the other
lane does not exists because the image processing module cannot locate any lane
feature.

In Figure 4.9 graph of a test similar to loop closure tests used in SLAM [44] is
illustrated. During the 180 frames, the vehicle switches lanes and then switches back
to the previous lane. The lane switching process starts at around 45th frame and
switching back starts at around 125th frame. Moreover, when the vehicle is switched
back to previous lane, the result indicates a value that is very close to zero, which
shows that the algorithm localizes the vehicle correctly. Considering this test is made
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with a human driver, it is unreasonable to expect the lateral position to be exactly zero
at the end of the process. The lateral deviations inside the lane can also be observed.

5 T T T

According to Initial Position

Lateral Position of the Vehicle

J I I I I 1 I L |
50 20 40 60 80 100 120 140 160 180

Frame Number
Figure 4.9 : Lateral position estimates of EKF according to the initial position.

Estimated lane slope on image plane is used to create steerable filters in estimated
orientations. If the estimated orientations are wrong, steerable filters will be unable to
extract lane features for the future steps of the image processing module. Therefore, a
comparison of the ground truth, measurements, and algorithm estimates of the lane
slope on image plane is represented in figure 4.10.

Measurements , EKF Estimation and Ground Truth of the Slope of the Lane on the Image Plane

2*
+ EKF Estimations
1.5 + Measurements
—Ground Truth

Slope of the Lane on the Image Plane

E | l | | \ ks
2D 10 20 30 40 50 60 70 80 90 100

Frame Number

Figure 4.10 : Measurements, EKF estimations and ground truth of lane slope on
image plane.
Results indicate that 85% success rate is present considering 0.2 error between the
ground truth and estimation as a threshold for success. RMS of the error is calculated
as 0.1706. The lane is changing starts around 45th frame. It can be seen that even if

there is no measurement exists for consecutive frames and even if the estimation of
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the slope deviates from the ground truth, as measurements start to recover the slope is
started to be estimated within error tolerance, which is less than 5 frames. This is a
tolerable error because, error in the estimated orientations of the steerable filters can

be compensated with the tracking algorithm for five 5 frames.

In section 3.2, it is mentioned that even though the constant position model for control
points regarding to the lanes is used, tracking algorithm converges control points to
their real positions on world plane according to the measurements received. The lateral
positions of the control points referring to left and right lanes over 100 Frames are

illustrated in Figure 4.11 4.12 respectively.

Lateral position of the control points belonging to the left lane
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Figure 4.11 : Lateral position of the control points belonging to the left lane.
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Figure 4.12 : Lateral position of the control points belonging to the right lane.
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In Figure 4.11 and 4.12, it can be seen that even though the initialization of the lateral
position of the control points are 1.9 meters to left and to right of the initial position of

the vehicle , as the measurements received lateral positions of the control points are

updated are updated.

o1
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5. CONCLUSIONS AND FUTURE WORK

In this thesis work, a multi sensor lane departure warning system is proposed with a
mapping and localization approach to the problem. First, existing methods of lane
feature extraction, lane modelling, post processing, sensor fusion and tracking used in
LDW systems in literature is explained. Then the proposed lane tracking algorithm is

explained along with the experimental results.

Proposed lane tracking algorithm is explained in two sections, image processing
module and lane tracking. In image, processing the general flow chart of the image
processing module is presented. Next, ROl extracting benefiting from the information
provided by the proposed tracking algorithm is explained. Presented ROI has an
adaptive structure, thus size of the ROI depends on the covariance estimates of the
control points. Lane features are extracted by filtering the input image with steerable
filters, again the orientation of the steerable filters are adaptively updated by the
estimations provided by the tracking algorithm. Steerable filters are applied to the
segmented image in order to overcome the perspective problem and Canny edge
detection is applied for results that are more robust. Assumptions for the lane structures
on the image for highway scenarios are introduced. Then, relying on the assumptions
outliers in the extracted lane features are removed by applying Hough Transform and
finding peaks in the Hough space for each segment on the image. Least squares method
is applied to the found lines via Hough transform in order to fit a first order polynomial

representing the lane extracted from the image processing module.

Outputs obtained from the image processing module is fed to the tracking algorithm.
In lane tracking section, Kalman filter and its variation for non-linear cases the
Extended Kalman Filter is explained briefly. Then the motion model for lane tracking
system is introduced along with the state vector. In the motion model, control points,
which are used to represent the lanes in pre-determined distances ahead of the vehicle,
are explained. Only the lateral position and velocity of the vehicle in addition to lateral
coordinates of the control points regarding to the lanes are included in the state vector.
Five control points are used to represent each lane for more effective processing. Then

the constant lateral velocity model for the vehicle and constant position model for the
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control points are presented. The pinhole camera model that is used in measurement
model in the tracking algorithm is explained and the assumption on the world plane
and the camera frame is introduced. Between the world plane and the camera frame,
constant yaw, roll and pitch are assumed in the model. In order to define the
measurement model, position vectors for control points are defined for the world plane
and the camera frame. Moreover, extracting covariance of lateral position for each
control point and the estimated steerable filter orientation is explained which is used
to feed the image processing module in the process. An altered version for the
proposed measurement and motion model are also explained in order to benefit from
the IMU data available. In this altered model two new states, yaw and yaw rate is added
to the state vector and constant angular velocity model is applied. By adding yaw and
yaw rate to the model, the constant yaw between the world plane and camera frame
assumption is discarded. As a first step for the fusion of the IMU, a sub module of the
IMU, the gyroscope measurements of the yaw rate is incorporated into the system in

the measurement model.

Experiments are made on previously collected data offline. A method for
synchronization of the IMU and the camera on MATLAB by exploiting the data buffer
provided by the IMU is presented. The structure of the synchronized data stream and
the received data vector from the IMU is explained. In addition, the relation between
the IMU coordinate system and the world plane assigned at initialization is given.
Proposed algorithm is tested on MATLAB, the experiment results contain outputs on
the image plane on various scenarios such as curved roads or when no data is received.
Experiments on the image processing module with various initial estimates show that
poor initial estimates cause the system to fail. In addition, a test similar to loop closure
test, which is a commonly used technique in SLAM algorithms, is made. Result of the
loop closure test show that the algorithm can successfully estimate the lateral position
of the vehicle with an acceptable error when reliable data is received. Another
illustrated result is that the estimated slope of the lanes on the image plane, which are
used to define steerable filter orientations on the image plane. It is seen that the
algorithm can track the slope of the lanes on the image plane even though no

measurements are received for consecutive time steps.

Proposed image processing and lane tracking module are very versatile bases for both

sensor fusion and testing with other lane feature extraction methods. In addition, it
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should be noted that the presented algorithm is more a mapping and localization
algorithm rather than lane tracking algorithm in unknown environments. Therefore,

the algorithm is a potential sub-module of a future autonomous car.

In future studies, there are several tracks to follow in order to upgrade the proposed
system. First track is to upgrade the image processing module of the system in order
to obtain more versatile and robust results. This may be achieved by expanding several
features of the image processing module. Firstly, introducing a more advanced model
for the lanes such as clothoids can be applied. Secondly, a generalized Hough
Transform can be derived in order to modify the transform to find parallel curves on
the image. Third, a more sophisticated method than the least squares to fit the model
to obtained data can be applied. Second track is to focus on the fusion of the IMU’s
sub-modules to the tracking algorithm. Using, gyroscope, accelerometer and
magnetometer together inside the tracking may increase the performance of the system
where lanes markings are poor or they may not even exists. Fusing these sensors can
be achieved by using a cascaded system of Kalman filters or adding them directly to
the proposed tracking algorithm. Third track and last track is to use the same motion
and measurement models and apply other tracking algorithms such as Particle Filters
instead of EKF and compare the results.
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