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DESIGN, IMPLEMENTATION AND COMPARISON OF
SENSOR FUSION METHODS FOR OBJECT DETECTION AND TRACKING
BASED ON MULTIPLE 3D LIDAR SENSORS

SUMMARY

The automotive industry is a significant social and financial power around the
world. This industry is constantly changing with the technological developments to
meet customer needs such as better performance, safety driving etc. Today, many
automotive companies are bringing their vehicles to a certain level of autonomy with
Advanced Driver Assistant Systems (ADAS) to provide safe and comfortable vehicles.
The increasing demand in this area and the investments of automotive companies
make the subject of autonomous driving more attractive. In order to increase the
autonomy of the vehicle, human intervention from the system should be removed
and the vehicle must do everything which the driver does. Thus, researchers and
automotive companies focus on completely eliminating human intervention from these
autonomous systems.

Autonomous systems require a complete perception of the surroundings and
understanding the behaviour of objects around the vehicle. Accordingly, it is extremely
important to detecting and tracking the objects on the environment in order to decide
the motion of the vehicle.

The reliable, verified environmental perception is provided by the use of multiple
sensors with the correct combination. Information coming from multiple sensors is
combined with two different strategies in literature; low level fusion and high level
fusion. The low level fusion strategy is used for fusing unprocessed raw data of the
sensors. The merged raw data is examined for object detection and tracking. On the
other hand, the high level fusion strategy first collects predictions about objects from
the sensors and then, sends the tracked objects to the fusion algorithm.

Our study is focused on the usage of multiple 3D LIDAR sensors for detecting and
tracking objects in real time.

The first contribution of this work is proposing and implementing “high level
track-to-track fusion” method on multiple 3D LIDAR sensors. In the presented high
level fusion, tracked objects from each LIDAR sensor are combined with Covariance
Intersection fusion method. To the best of our knowledge, this is the first automotive
application of track-to-track fusion method on multiple 3D LIDARs.

Within the research we have also applied and tested well known and studied low
level fusion of multiple 3D LIDARs. In the low-level fusion approach, the raw point
cloud data from each LIDAR sensor is directly fused and object detection and tracking
algorithms are applied on this fused data.

These two real-time fusion strategies are implemented in the experimental test truck
which is instrumented with two 3D LIDAR sensors and the performance of the fusion
strategies are tested under three different driving scenarios. Additionally, the ground
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truth data is collected with the help of global navigation satellite system (GNSS) in
high accuracy for performance evaluation. The test results are analyzed in terms of
defined performance criteria and the benefits & weaknesses of the proposed approach
are discussed in this work.

To sum up in this thesis, the first part gives the overall picture of the thesis aim.
Then, literature review is summarized. Afterwards, the object detection and tracking
strategies will introduce at the Chapter-3. In Chapter-4, the fusion approaches will
be summarized with their mathematical backgrounds. The proposed high-level fusion
methodology will present in this Chapter. Chapter-5 will cover the experimental setup
to test the fusion approaches’ results. Accordingly, the real test results of these two
approaches through the scenarios and the comparisons of the approaches will discussed
in Section-6. Finally, the conclusion and planning future works on these topics will
represent at the last part.
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COKLU 3D LIDAR SENSORLERI UZERINDE
NESNE ALGILAMA VE TAKIBI ICIN SENSOR FUZYON YONTEMLERININ
TASARIMI, UYGULAMASI VE KARSILASTIRILMASI

OZET

Otomotiv endiistrisi, sosyal ve finansal acidan diinya ¢apinda 6nemli bir giictiir. Bu
endiistri, miisteri ihtiyaglarini karsilamak icin emniyetli siiriis ve daha iyi performans
gibi teknolojik gelismelerle birlikte siirekli degismektedir. Giliniimiizde, miisterinin
artan talebiyle, bircok otomotiv sirketi giivenli ve rahat bir siiriis saglamak icin
Geligmis Siiriicii Asistan Sistemleri (ADAS) ile araglarin belirli bir otonom seviyesine
getirmektedir. Bu alanda artan talep ve otomotiv sirketlerinin yatirimlari ise otonom
slirlis konusunu daha cazip hale getirmistir.

Aracin otonom Ozelliklerini artirmak icin sistemden insan miidahalesi kaldirilmali
ve arag¢ siirliciiniin yaptigi her seyi yapabilmelidir. Bu nedenle, bu alandaki
arastirmacilarin ve otomotiv sirketlerinin odak calismalari ara¢ sistemlerinden insan
miidahalesini tamamen ortadan kaldirmak iizerinedir. Insan etkisini kaldirmanin
en biliyliilk adimi ise insamin algiladigi kadar aracin da c¢evresini algilamasim
ve anlamlandirmasim1 saglamaktir.  Aracin kendini saghikli bir sekilde kontrol
edebilmesi ve uygun hamleleri yapabilmesi icin ¢evresindeki diger ara¢ ve insanlarin
hareketlerini/ durumlarim algilamali ve bunlan takip edip gelecek durumlari i¢in
tahminde bulunmalidir.

Bahsettigimiz bu cevre algilama, sensorler ile miimkiindiir. Giiniimiizde otomotiv
endiistrisi icin iiretilen ve otonom ara¢ ¢alismalarinda kullanilan bir¢cok cesit sensor
bulunmaktadir. Aracin etrafindaki nesneleri algilamak icin kullanilan sensorlerden
baslicalari; Kamera, Radar ve LIDAR sensorleridir. Aracin lizerine farkli konumlarda
bu gibi sensorler yerlestirerek, aracin etrafindan bilgi toplanmasi saglanir. Giivenilir
ve dogrulanmig cevresel algi, genellikle birden fazla sensoriin birlikte kullanilmasiyla
olusur. Bunun nedeni, hi¢ bir sensoriin tek basina yeterli ve kesin bilgi verememesidir.
Her sensoriin belirli bir goriis alan1 bulunur ve her sensor ¢evre hakkinda farkli bilgiler
saglar. Ornegin, kamera sensorii 2 boyutlu goriintiiyii bilgi olarak verirken bu goriintii
hakkinda uzaklik bilgisi veremez. Diger yandan, radar sensoOrii mesafe bilgisini
radyo sinyalleri kullanarak saglayabilir ama objeyi siniflandirma konusunda zayif kalir
ve yan yana olan birka¢ nesneyi birbirinden ayirmasi zordur. Ne var ki, Radar’in
kullanim alan1 ¢ok genistir, zorlu hava kosullarinda bile verimli ¢alisabilir. LIDAR
sensOrii ise lazer 1sinlarin1 360 derece etrafa gonderip toplayarak yiiksek coziiniirliikli
ve yogun bilgi saglamaktadir. Lidar ¢ok iyi bir sekilde ylizey analizi yapabildigi
icin nesnelerin sekillerini algilama ve bu gsekilleri birbirinden ayirma yetenegine
cok yiiksek diizeyde sahiptir. LIDAR sensoriiniin dezavantaji olarak da olumsuz
hava kosullarindan etkilenmesi gosterilebilir. Bu cesitli sensorlerin tek bir cevre
bilgisini olusturabilmesi i¢in dogru bir kombinasyonla ve yorumlamayla birlestirilmesi
gerekmektedir. Boylelikle her bir sensoriin avantajli yam birlikte kullanilabilir.
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Birden fazla sensorden gelen bilgiler, literatiirde iki farkli strateji ile birlestirilir.
Bunlar; diisiik seviyeli veri fiizyonu ve yiiksek seviyeli veri fiizyonudur. Bu sensor
flizyon yontemleri, sensor verilerini hangi seviyede kullandigina gore degismektedir.
Eger sensor verisi hi¢ islenilmemis ya da sadece on bir islemden gecirilip belli
ozellikleri ¢ikartilmigsa bu veriye diisiik seviye sensor verisi denir.  Diisiik
seviyeli flizyon stratejisi, sensorlerin iglenmemis ham verilerinin birlestirilmesine
dayanmaktadir. Birlestirilen ham veriler, nesne algilama ve takip islemine girer. Ote
yandan, sensor verileri islenerek obje bilgileri elde edilirse ve kestirim yontemleriyle
tahminleri ¢ikarilirsa bu sensor ¢iktist yiiksek seviyede sensor verisi olarak adlandirilir.
Yiiksek seviyeli fiizyon stratejisi once sensorlerden nesneler hakkinda tahminler toplar
ve ardindan nesnelerin kestirimlerini flizyon metodu kullanarak birlestirir.

Biz de bu calismada, aracin ¢evresindeki nesneleri gercek zamanli olarak tespit etmek
ve izlemek icin coklu 3D LIDAR sensorlerinin kullanimima odaklandik. Coklu
LIDAR sensorlerini birlestirmedeki amag, daha kesin obje tespitleri ve tahminleri elde
etmektir. Cevre algisi icin ¢oklu 3D LIDAR sensorlerde iki ¢esit (diisiik seviye ve
yiiksek seviye) gercek zamanli sensor fiizyon yaklasimi uygulanip test edilmistir. 11k
olarak diisiik seviyeli fiizyon yaklasiminda, her bir LIDAR sensoriinden alinan ham
nokta bulutu verileri dogrudan birlestirilir ve bu birlestirilmis verilere nesne algilama
ve izleme algoritmalart uygulanir. Literatiirde yer alan ¢alismalara gore bu yontem 3D
LIDAR sensorleri igin cesitli uygulamalarda kullanilmigtir. Tez ¢alismasinda da ilk
olarak bu yontem uygulanmistir.

Bu tez calismasinin ilk katkisi, coklu 3D LIDAR sensorlerininin verilerini birlestirmek
icin “yiiksek seviyede obje tahminlerinin fiizyonu” yaklasimini 6nermek ve sensorler
tizerinde bu yaklasimi uygulamaktir. Sunulan yiiksek diizey fiizyonda, her bir LIDAR
sensoriinden nesne tespitleri ve bu nesnelere ait kestirimler toplanir ve bu kestirimler
literaturde gecen ‘Covariance Intersection’ fiizyon yontemiyle birlestirilir.

Iki fiizyon yontemi de aymi nesne tespit ve takip algoritmalarin1 kullanmaktadir.
Kullanilan nesne tespit algoritmasi 3D LIDAR sensoriiniin nokta bulutu seklinde
verisinden nesnelerin ¢ikarilmasini saglamaktadir. Genel olarak iic asamada nesne
verisi ¢ikartilir. [lk olarak yere ait olan noktalar tespit edilir ve egim bazl bir algoritma
ile noktalar arasindaki yiikseklik farkina bakilir. Yiikseklik farki az olan noktalar
yer noktas1 olarak isaretlenerek nokta bulutundan c¢ikarilir. ikinci olarak, kalan nokta
bulutu i¢indeki noktalar incelenir ve bir yakinlik tanimi yapilarak, birbirine yakin olan
noktalar gruplandirilir. Son olarak da bu gruplan ifade etmek icin etrafina kutular
cizilir ve her bir kutu bir nesneyi temsil eder.

Nesne tespit algoritmasindan elde edilen nesnelerin merkez noktalar1 Kalman
filtresi tabanli bir takip algoritmasiyla takip edilmeye baslanir. Nesnelerin
onceki konumlarindan ve hareket modelleri kullanilarak cikartilan hiz ve yonelim
bilgilerinden simdiki zamana ait tahminleri c¢ikartilir. Bu noktada Onemli olan
hareketleri yansitabilecek hareket modelini se¢cmektir. Bu calismanin igerisinde ii¢
hareket modeli ayn1 anda kullanilmaktadir. Bunun i¢in, ¢coklu hareket modellerinin
birlikte kullanilmasini saglayan ‘Interacting Multiple Model (IMM)’ yontemi Kalman
filtresiyle birlestirilerek kullanilmistir. Bu tahminler yeni elde edilen sensor verileriyle
karsilastiithp dogru sensor bilgisiyle giincellenir.  1ki fiizyon yaklagimmin da
cikisindan elde edilen sonuglar; takip edilmis nesnenin pozisyon bilgisi, hiz bilgisi,
yon acis1 ve yon agisin degisimi bilgileridir.
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Bu iki gercek zamanl fiizyon stratejisini test etmek i¢in Ford F-Max tir1 test araci
olarak kullamlmugtir. ki 3D LIDAR sensorii tirin 6n koselerine yerlestirilmistir. Bu
sekilde sensor yerlesimi test aracinin On tarafini her iki sensoriin de ortak goriig alani
olarak elde edilmesini saglamaktadir. Fiizyon algoritmalarinin sonuglari bu ortak alan
icerisinde degerlendirilmektedir. Uygulanan stratejilerinin performans: ii¢ farkl siiriis
senaryosu altinda test edilmistir. Senaryolar hedef aracin yanal ve dikey pozisyonlarini
ve hizin1 degerlendirmek icin tasarlanmistir. Ek olarak, performans degerlendirmesi
icin yliksek dogrulukta veriler kiiresel navigasyon uydu sistemi (GNSS) yardimiyla
toplanmustir.

Gercek zamanh test sonuglar1 toplandiktan sonra bu sonuglari degerlendirmek
icin iic performans kriteri tanmimlanmustir.  Ilk olarak bu algoritmalarin islem
stirelerine bakilmistir. Siireler incelendiginde aralarinda farklilik olsa da iki fiizyon
algoritmasinin da iglem siiresi LIDAR sensoriiniin gonderme siire araligindan az
cikmaktadir. Diger iki performans metrikleri ise Ortalama Kare Hatas1 (MSE) ve
Standart Sapma (SD)’dir. Ortalama Kare Hatasi nesne tahminlerinin dogrulugu
hakkinda bilgi saglar. Standart sapma ise sonuclarin gercek verilere gore dagilimini
gosterir. Senorya sonuglarindan elde edilen tahminler gercek verilerle karsilastirilarak
bu degerler elde edilir. Onerilen yaklagimin yararlari ve zayifliklar1 tanimlanan
performans kriterlerine gore analiz edilerek tartistlmistir. Sonuclar incelendiginde
Onerilen yeni yontemin nesne takibindeki hatalar1 iyilestirdigi goriilmiistiir.

Ozetlemek gerekirse bu tezde; ilk boliim, tez amacimi ve calismanin genel resmini
vermektedir. Daha sonra, Boliim-3’te nesne tespit ve takip stratejileri tamtilacaktir.
Boliim-4’te secilen obje tespit ve takip mimarisi agiklanarak fiizyon yaklasimlari
matematiksel dayanaklar ile ozetlenecektir. Ayrica bu boliimde Onerilen iist diizey
flizyon metodolojisi de sunulacaktir. Boliim-5, fiizyon yaklagimlarinin sonuglarini test
etmek icin deney diizenegini ele almaktadir. B6liim-6’da ise tasarlanan senaryolardaki
bu iki yaklagimin test sonuclar1 ve yaklasimlarin gercek verilerle karsilastiriimasi
bulunmaktadir. Son olarak, sonuglar kisminda, elde edilen sonuglar ve bu sonuclara
iliskin gelecekteki calismalarin planlanmasi tartisilacaktir.
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1. INTRODUCTION

The automotive industry is a significant social and financial power around the
world. This industry is constantly changing with the technological developments to
meet customer needs such as better performance, safety driving etc. Today, many
automotive companies are bringing their vehicles to a certain level of autonomy with
Advanced Driver Assistant Systems (ADAS) to provide safe and comfortable vehicles.
The increasing demand in this area and the investments of automotive companies make
the subject of autonomous driving more attractive. Autonomous driving means that the

vehicle can go anywhere without human intervention, in general.

Autonomous driving is defined by the The Society of Automotive Engineer (SAE)
Internationals as six levels, depending on their usage and the degree of human

participation. Figure 1.1 shows the determined autonomous levels. As can be

LEVELO J LEVEL1 LEVEL 2 LEVEL 4 J LEVELS
You are driving whenever these driver support features You are not driving when these automated driving
are engaged - even if your feet are off the pedals and features are engaged - even if you are seated in
“;:‘at do*?s ::e you are not steering “the driver’s seat”
uman in the
dr:;\‘r;rtsos;:; You must constantly supervise these support features; When the feature These automated driving features
: you must steer, brake or accelerate as needed to requests, will not require you to take
maintain safety you must drive over driving
These are driver support features These are automated driving features
These features These features These features These features can drive the vehicle This feature
are limited provide provide under limited conditions and will can drive the
What do th to providing steering steering not operate unless all required vehicle under
f: . 0 gsg warnings and OR brake/ AND brake/ conditions are met all conditions
LIRS HO: momentary acceleration acceleration
assistance support to support to
the driver the driver
+automatic +lane centering »lane centering «traffic jam +local driverless [ »same as
emergency OR AND chauffeur taxi level 4,
braking S Hedals] but feature
Example <blind ¢ +adaptive cruise | «adaptive cruise pte a9 can drive
Features g 5RO control control at the atering everywhere
warning i wheel may or i
may not be 5
+lane departure Ferila conditions
warning

Figure 1.1: SAE J3016 Levels of Driving Automation [2].

understood from the figure, as the level increases, the vehicle’s level of autonomy
increases. For example, Level O vehicles are the traditional vehicles which manually

controlled by driver. On the other hand, Level 5 represents full automation vehicles
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which do not require driver. According to this classification, commercially available
systems such as Adaptive Cruise Control, Park Assists are part of autonomous systems
to some extent. In order to increase the autonomy of the vehicle, human intervention
from the system should be removed and the vehicle must do everything which
the driver does. Thus, researchers and automotive companies focus on completely
eliminating human intervention from these autonomous systems. This requires a
complete perception of the surroundings and understanding the behavior of objects
around the vehicle. Accordingly, it is extremely important to detecting and tracking
the objects on the environment in order to understand the behavior of objects and to
decide the motion of the vehicle. The solution for this perception problem is directly

related to the developments on sensor technology.

In autonomous vehicle studies, Radar and Camera are the most used sensors in
recent years. The camera sensor provides vision like the human eye, but gives 2D
images from its field of view. The 3D camera sensors are developed to display
detailed information about the images with extra depth information. The Radar (Radio
Detection and Range) sensor sends radio waves and calculates the distance and speed
from the return waves. Thus, radar sensor provides position and speed information of
objects by the Doppler shift effect. Since the radar and camera sensors complement
each other, it is generally attempted to make environmental perception with their
fusion. However, some drawbacks still remain such as the sunlight effects, limited

field of view etc.

Recently, the Light Detector and Range (LIDAR) sensor offers an alternative solution
that has been used for a long time in the defense industry.The main idea under this
sensor is to send laser beams and measure time of flights from the returned beams
with the same principle of operation of the radar sensor. LIDAR sensors can be 1D,
2D and 3D, depending on scanning technology and number of beams. In autonomous
vehicles, spinning 3D LIDAR sensors are mostly used due to the its 360° field of
view with high resolution. The 3D properties of objects can be achieved with the
advantage of high-resolution data, and the LIDAR sensor operates both day and night.
These 3D Lidar sensors are widely used as mounting on the top of the vehicle LIDAR
sensor fusion has been studied by creating different combinations with other sensors.

Since, reliable environmental perception is provided by the use of multiple sensors



and the correct combination of these sensors. The main focus of this combination
is to obtain reliable, stable and verified information from several sensors. Different
fusion strategies have been studied for different data abstraction of the original sensor
data and for different sensor types. Generally, fusion strategies are gathered under two
categories; low level fusion and high level fusion [7]. The low level fusion strategy is
used for fusing unprocessed raw data of the sensors. The huge raw data is examined
for object detection and tracking. On the other hand, the high level fusion strategy
first collects predictions about objects from the sensors and then, sends the tracked
objects to the fusion algorithm. At last step of high level fusion method, sensor tracked
objects need to be combined. In high level fusion strategy, tracking outputs from
the sensors are considered as measurements of the fusion algorithm. These fusion

strategies construct the main focus of the thesis.

This thesis are involved autonomous track developments of Ford Otosan and funded

by European Project, Prystine.






2. LITERATURE REVIEW

In literature, LIDAR data fusion has been studied with different type of sensors such
as radar, camera or 2D Lidar scanners [8]. In [8], LIDAR and camera sensors’ raw
data are combined after synchronization. 3D LiDAR point cloud data is projected to
the camera image and then, the colored point cloud is used for object detection. The
paper [9] proposes combining Lidar-Camera data with their complementary features.
This fusion also starts with projection of point cloud data into the camera image. These
papers use the raw data fusion strategy. In the 2007 DARPA Urban Challenge, the
Stanford team also proposes low level fusion of 3D Lidar sensor with six 2D lidar
scanners for object detection and tracking [10]. In [11] one 3D Lidar and five 2D Lidar
scanners are processed in real time. Most of the studies include single 3D lidar sensor

and rely on fusing it with the other sensors.

Our study is focused on the usage of multiple 3D LIDAR sensors for Object Detection
and Tracking (ODT) in real time. The ODT based on multiple 3D LIDARs has been
studied in [12] which point cloud data from each LIDAR sensor were merged and then
applied ODT. Similarly, [13] uses the same method only for the pedestrian detection.
These proposed [12] and [13] methods are called low level fusion since raw point cloud
data is directly combined. On the other hand, track to track fusion strategy is another
common approach for multiple sensor fusion. The tracking results are get from single
3D LiDAR sensor and these tracks are fused with other sensors’ tracks. An example of
track-to-track fusion which fuses 3D LIDAR and Radar sensors’ tracked objects can

be found in [14].

However, considering the papers that have been published so far, none of the
authors have proposed fusing multiple 3D LIDAR sensors with track-to-track fusion
strategy. The first contribution of this work is proposing and implementing “high level

track-to-track fusion” method on multiple 3D LIDAR sensors.

The other contribution is the analysis and comparison of track-to-track fusion

performance with the well-studied low-level fusion method. For this aim, both low
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level fusion and the track-to-track fusion approaches are implemented using multiple
3D LIDAR sensors for object detection and tracking. The tracking results of both
methods are analyzed and their performances are evaluated using the ground truth data.
Experiments are performed in proving ground using a heavy duty test truck which is
equipped with multiple 3D LIDAR sensors. Three different driving scenarios are used

to evaluate implemented two fusion approaches.

The thesis is organized as follows. Until this chapter, a brief overview of autonomous
vehicle levels and autonomous vehicle sensors are given and the purpose of the thesis
is introduced. In the next section, the Lidar sensor and the object detection and
tracking processes of LIDAR sensor that are frequently used in the literature will be
explained in detail. In Chapter 3, selected object detection and tracking architecture
will be summarized and the technical approaches to combine more than one Lidar
will be explained. Accordingly, these approaches and their results regarding the test
environment will be discussed in Chapter 4. Finally, the conclusion and future work

will be in the final chapter.



3. MULTIPLE-OBJECT DETECTION AND TRACKING

This chapter aims to give an overview of the object detection and tracking processes.
The detection problem is defined as the finding objects which are in the field of view
of the sensor. The objects in the environment can be moving objects such as cars,
pedestrians or standing objects such as buildings and trees. It is important to decide
which objects will be detected with the object detection algorithm. In this thesis,

pedestrians and cars are the main focus of the detection process.

Object detection occurs each scan and does not include the concept of time and
continuity. Thus, when detecting an object, these algorithms treat it as a new object
each time. The tracking process is necessary to understand the history of the objects.
Since, if the object is tracked, the future position of the object can be predicted based
on the current position and the velocity which is computed from previous scans. As
a result, object tracking algorithms provide the understanding the behavior of the
detected objects. These two process which are called as Object Detection and Tracking
(ODT) in this study are generally implemented together and the detected objects are fed
to the tracking process in each cycle. Generalized workflow of the ODT is represented
in the following figure.

Raw Object I::: D;Ltéct*:d Object :r\l/gzskef
g ec . ec
Data Detection Lijst Tracking Lijst

Figure 3.1: Generalized workflow of the ODT.

The detection algorithm is customized for each sensor according to its data. In order
to implement proper algorithms, it is important to understand LIDAR sensor data.
Therefore, technical details of the LIDAR sensor will be given in the next section.
Then, detection and tracking processes which are used on LIDAR data in literature

will be explained.



3.1 3D LIDAR Scanner

LIDAR sensor is an active remote laser scanning sensor. The basic operating concept
is the same as the radar but the difference is that LIDAR uses light beams instead of
radio waves. LIDAR sensor basically generates the laser beams and transmits them.
Then, the travel time of returned beam is measured to calculate the distance of the
object [15]. The distance calculation of the object is done by using the speed of light

as in (3.1). Figure 3.2 represents basically the LIDAR pulses.
Distance = (Speed of light * Travel time) /2 (3.1)

These laser beams are sent from transmitter and received by receiver. There are

b Distance -
WA Y A /
Reflected Transmitted

Lidar pulse Lidar pulse

Figure 3.2: LIDAR pulses and distance.

two main components in LIDAR systems; transmitter and receiver. When these
two components are placed in the center and rotated around the center, this system
measures around 360 degrees. Spinning 3D LIDAR sensors work based on this
principle. Most modern 3D LIDAR scanners use a rotating mechanism and mirrors

to get point cloud data from 360 degree of environment.

Velodyne is the popular LIDAR technology company which provides LIDAR solutions
for autonomous vehicles. Also, Velodyne 3D LIDAR sensors are available product
on the market. Accordingly, most of the autonomous vehicles studies have been done
with using Velodyne’s 3D LIDAR sensors as a reference sensor [16]. In this thesis,
Velodyne VLP-16 LIDAR sensors are used. The 3D Scanner rotation mechanism and
the image of VLP-16 LIDAR sensor are given in the Figure 3.3. Velodyne VLP-16
LIDAR sensor includes 16 transmitter and receiver pairs on the vertical direction and
and measures 360° of surround with its rotating mechanism. In the vertical direction,

there is 2° between each beam so its vertical field of view is 30°. Rotation frequency
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Figure 3.3: 3D LIDAR mechanism [3] and Velodyne VLP-16 3D LIDAR Sensor [4].
is adjustable between 5 Hz and 20 Hz. At the maximum rate VLP-16 LIDAR gives

300.000 points per second. The points are returned up to 100 meters [1]. The
specifications of this LIDAR are given in the Table 3.1. The VLP-16 LIDAR outputs

Table 3.1: VLP-16 Specifications [1]

Attributes Value
Channel Number 16

Vertical FOV 30°
Horizontal FOV 360°
Angular Resolution 0.1°-0.4°
Measurement Range 100m
Range Accuracy 3cm
Rotation Rate SHz - 20 Hz

are get via Ethernet. Ethernet packets are parsed with using driver packages. The
output of the VLP-16 driver is represented with the Point Cloud Data which includes
X,y,z positions and the intensity of the points. The visualization of an example point
cloud data is given in the Figure 3.4. The color of the points changes according to
the intensity. Intensity comes from texture applied to material which laser beam hits.
When laser beam hits the texture it returns RGB color format then, converts this RGB
value to gray-scale (0..255) and uses this number as intensity. The number of point in
the cloud is extremely high and it makes the data processing very challenging. There
are many multi object detection algorithms proposed in the literature for point cloud
data. The algorithms in this paper involves two successive steps; object detection and

tracking as explained above. The details will be given in the following sections.



Figure 3.4: Point cloud data.
3.2 3D LIDAR Multi-Object Detection

In this section, the object detection techniques and the used detection strategies for
LIDAR sensor are presented. Getting object information from point cloud data has
very common steps; ground extraction, point cloud clustering and the bounding box
fitting. Figure 3.5 provides an overview of the steps followed in point cloud processing

for object detection.

3D Point Cloud

>

Detection

Ground Extraction

Clustering

Bounding Box Fitting

-

Detected Object List

Figure 3.5: Detection process overview.
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3.2.1 Ground removal

The first step in the detection algorithm is to separate 3D point cloud data into ground
points and non-ground points. Then, the founded ground points are extracted from the
point cloud data. The main idea of the extraction is that working on ground points
is unnecessary to find the objects. The ground point extraction helps to decrease

computational work with decreasing the point number.

The ground points can be found using different geometrical approaches. The first
approach is the height threshold method [17] which assumes that ground points are
located under some height value. Point’s height from the ground is calculated using
the known location of the sensor. This height value of the point is compared with
the threshold if it is lower than the threshold, point is removed from data-set. This
method very useful to find ground clearly if the exact location of the LIDAR is known.

However, any movement or orientation on the LIDAR can cause a problem.

The most of the remaining methods starts by projecting points into the grid cells.
Generally, 2D grid maps which include x, y information are generated. If the height
information is added, these grids build 2.5D elevation map. The underlying reason
for this projection is that grid cells reduce the run-time of the search algorithms.
The common methods searching ground points in this way are: slope-based methods,
scan-based methods and surface-based methods. In the slope based method, the height
differences between the cells are computed [18]. The key point of this method is
that the height difference of the cells will be small, if the points are belong to ground
surface. The surface based methods are iteratively taking into account the distance and
the angle of the cells as well as the heights of them [19]. A surface model is used
to define ground and points which are above this surface become non-ground points.
The most important part of this method is the selecting surface model. The scan-based
methods attempt to fit a plane as a ground and RANSAC based algorithms are used for

the accurate plane extraction.

On the other hand, learning based methods are also used for finding ground points.

However, these algorithms need huge data-set for training.
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3.2.2 Point cloud clustering

The next step of the object detection algorithm is the investigating non-ground points
to find the object clusters. The clustering means that group the points which are close
to each other. The reason for using the proximity is that the points of the same object
are expected to be close to each other as a location. There are many ways how to do this
grouping, but only the four most used clustering methods for point cloud data will be
explained closely. The first grouping method is the hierarchical based clustering that
organized clusters as a tree. These tree can be constructed with two ways; bottom-up
(Agglomerative) or top-down (Divisive). In the bottom-up approach, grouping starts
with a point / cluster and is combined by looking at the distance of the nearby clusters
until it is above the threshold. The top-down approach starts with a large cluster
containing every clusters, and then divides this cluster into small clusters [20]. The
agglomerative approach between these two hierarchical clustering methods is the most

common way for LIDAR point cloud data clustering [21].

In order to implement clustering algorithm, proximity between data points must be
defined. The different algorithms choose different proximity definition. Euclidean
distance is often used to measure the proximity between points. The hierarchical
clustering starts with a one point or with multiple points. The distance of neighboring
points with this starting point is calculated and if they are close to each other, that is,
the distance is lower than the threshold value, the algorithm labels them as the same
cluster. The distance threshold and linkage criteria are used to determine the number
of iterations to form a cluster. The main advantage of this clustering method is the

number of clusters are not determined before initializing the algorithm.

The second grouping method is centroid-based or partitioning-based clustering
algorithm. The algorithm starts with the specific number of k partition with their initial
center points. The closest points of these centers are assigned as the clusters. Then, the
mean of clusters is computed again and clustering algorithm runs according to these
new mean values. This method includes algorithms such as K-means, Fuzzy c-mean,
K-moloid to do optimal clustering [22]. The final results depend on the selection of

initial center points.
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Moreover, Density-based clustering methods assume that clusters can be separated
by considering their densities, because point cloud data is a mixture of high and low
densities [23]. High density regions indicate the clusters. Density connected points are
searched for every directions to increase density. This searching method only depends
on the density, so, clusters in the point cloud data can have arbitrary shapes. The
different shapes provides clustering the different objects such as pedestrians, cars etc.
There are two popular algorithm for density based clustering; euclidean clustering
and DBSCAN(density-based spatial clustering of applications with noise). These
methods are successful in discovering random shaped objects and giving effective
results in large databases [24]. The DBSCAN method includes two parameters which
are the searching radius and minimum number of points. However, it is difficult
to adjust the searching radius since different radius values give the different cluster
results. Therefore, DBSCAN algorithms make a difference in finding method of this

parameter [25].

The other grouping method is model based clustering which is also called distribution
based clustering. Model-based algorithm tries to fit each cluster one probabilistic
distribution model. [26]. Firstly, distribution parameters (mean, variance) for each
cluster are initialized and then, each points probability of being a same cluster is
calculated according to the distance of the distribution mean. The maximum likelihood

is computed for maximize the probability of the cluster.

3.2.3 Bounding box fitting

Clustering algorithms groups the points but does not give the exact information for
tracking. In order to get the object information such as volume of the object, center
positions of the object etc., bounding box fitting is applied. There are three main ways
to fit a box in the clusters. One of them is model based estimation which try to fit these
boxes into a known geometrical model. For the vehicle detection, cuboid or rectangular
models are preferred. The rectangular shape is not sufficient to define the 3D object
so generally cuboid model is used. In order to find best fit cuboid shape, optimization
methods or extra algorithms are used. [27] fits one cuboid box at the center of the
cluster. Then, Iterative Closest Point (ICP) algorithm changes the pose and dimension

of the box each iteration to find best fit. [28] proposes to fit rectangular shape because
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the height of the vehicle is not used on tracking. The rectangular shape is fitted on the
center of cluster then position of the center changes over time. These methods finds

the boxes and the center of the box with the used iteration methods.

Minimum-area-rectangular method is implemented to fit unrelated boxes. However,
orientation is also needed for define the bounding box in a correct way. In order to find
orientation, vehicle features are used. On the other hand, in order to fit bounding box
the edge features can be used firstly. The focus of this method is to find edge of the
targets from clusters and fit the box according to the edges. Edge lines are found from
the dominant line on the cluster. These edges also can be a specific shape like L-shape,
corners. The Figure 3.6 represents an example study of L-shape fitting. First, two
points are determined from within the cluster that will form a line of maximum length.
Then, the third point with maximum distance perpendicular to this point is found and

L shape is obtained. These points also form the three corners of the box.

Figure 3.6: L-shape fitting example [5].

3.2.4 3D LiDAR multi-object detection architectures in literature

Multi Object Detection algorithms are combination of different solutions of these three
main detection steps mentioned above. For instance, [29] uses RANSAC algorithm for
fitting the plane on ground. Non-ground part is downsampled and voxel grid filtering
is applied to find objects. Comparison between two point clouds on two different
timestamps provides detection of dynamic objects. In [30], authors use Jump Distance
Feature to find the feature segments and group them into the clusters. Bounding points
of clusters are fitted into polyline. This polylines represent the bounding boxes at end

of the algorithm.
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In [3,5, 12], ground is found with slope based classification and 3D point cloud
is projected to occupancy grid. After that, the hierarchical Connected Component
Clustering method is used for detecting objects. Finally, the combination of minimum
area rectangle algorithm and L-Shape fitting method are used for feature based

bounding box fitting.

3.3 Multi-Object Tracking

The multi-objects tracking algorithm is the second part of the ODT process. The object
tracking cycle includes state estimation, data association and state update steps which
are seen in the Figure 3.7. The state estimation computes the expected evolution of
the objects’ states over time, data association is to find the right sensor measurement
for the tracked object and state update corrects states of the objects with the associated

measurement. As can be seen from the workflows, the outputs of the detection process

Detected Object List

>

Tracking

State Estimation

Data Association

State Update

8-

Tracked Object List

Figure 3.7: Detection process overview.

are the inputs of the tracking process. Bayesian methods are used on the detected
objects’ state estimation. The typical bayesian methods which are used tracking are
Linear Kalman Filter (LKF), Extended Kalman Filter (EKF) and Unscented Kalman
Filter (UKF). The choice of Kalman filter depends on the linearity of the motion model
[31]. For multi object tracking, linear and non-linear models are usually used together.
The reason for using multiple models is that the objects do not move in accordance
with a specific model in the environment. Moreover, the tracked object may change its

movement model during the tracking process.
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Interacting Multiple Model (IMM) provides a switching mechanism between different
motion models according to the sensor measurements [32]. For the advantage
of the multiple models, IMM based state estimation algorithm is implemented for

multi-object tracking.

After state estimation, due to the background noises and clutter in the environment, it
is not easy to decide which of the measurements belong to which tracked object. For
this reason, a data association is required as middle step among the state estimation
and the state update. There are several approaches for associating the measurements
such as; Nearest Neighborhood (NN), Probabilistic Data Association (PDA), Joint
Probabilistic Data Association (JPDA) and Multiple Hypothesis Theorem (MHT) [33]
[34]. The association method is selected the density of the data and complexity of the

environment.

In the following subsections, the details of these steps will be given. In the first
subsection, the basic concepts of Kalman filter and implemented Unscented Kalman
Filter are introduced to understand the state estimation. Then, usage of multiple models
in the state estimation is explained. In the final subsection, data association methods
are represented. The end of this section, overall understanding of the tracking part will

be finished.

3.3.1 State estimation

3.3.1.1 Kalman filter

Kalman filter is invented as a filtering and estimating technique for linear systems [6].
The filter starts with the initial belief of the states which must be Gaussian distributed
with mean and covariance. The mean value of the belief is called the states and
dynamic model is used for the evolution of the states. Then, states are combined with
the measurements with the gain computed from the uncertainties. Basically, Kalman
filter calculates the best estimation for the states by using sensor measurements and
model predictions. Two phases are involved in per each cycle of the filter algorithm;
state prediction and measurement update/correction. The states which are corrected
from previous timestamp are used in the state prediction part. Then, the predicted

output states and the sensor measurements are used on the correction part. Therefore,
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these steps are build a cycle. The state prediction and correction cycle is similar to

Figure 3.8. In the prediction, previous cycle’s output states are multiplied by system

[MeasurementJ
State Prediction Measurement
Update

Figure 3.8: Kalman filter cycle.

matrix which depends on the system model. The system model are designed or selected
from a designer according to the motion of the object. However, system model cannot
reflect the motion exactly and there should be uncertainty on the transition. This
uncertainty is added as Gaussian noises on the state prediction and as model error
’Covariance Matrix’ on the propagation of the state covariance prediction. Thus, the
error covariance of the states are also evaluated each cycle to understand the output

states’ uncertainty. The prediction step equations are given in (3.2).

Xi = A X;—1 + By,

P =AP_ Al 10, (32)

Z; = H X;.
X; and X;_| represent the state vector at current time t and previous time t-1. The
state covariance’s are F; and P, , respectively . A; and B; are the state transition
matrices. The uncertainty of the state transition model is added to state covariance as
O in the prediction state. H; which is the measurement model is used for measurement
prediction according to the predicted state. The optimal Kalman gain (W;) is computed
as in (3.3).

W, = PH! (H,PHT +R)) (3.3)

where R; represents the measurement error covariance which can be obtained from the

sensor error characteristics.
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The predicted state and covariance are updated with Kalman gain and the
measurements as in (3.4).
X =X +W(Z-2,),

(3.4)
P, = (I—W,H,)P.

The Kalman filter is an optimal filter when the Gaussian distribution will never change.
All models must be linear in order to keep this distribution. However, the linear
models are not sufficient to express all motions in practice. So, non-linear models must
be implemented for transition of the states. For nonlinear system models, different
applications of Kalman filter algorithms have been developed to handle this situation,
such as Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF). The
comparison of Kalman filters are represented in the Figure 3.9. In this figure the
outputs of the each Kalman methods are illustrated with the same non-linear transition

model. In the EKF algorithm, nonlinear models are linearized via Taylor Expansion [6]
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Figure 3.9: Comparison of LKF, EKF, UKF [6].

in order to use these models directly in the Kalman Filter equations. Before the

prediction step in each cycle, Taylor expansion provides linear approximation of the
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non-linear function. However, this linearization may not be preferred due to the some
drawbacks. The first drawback is that the cost of the calculation increase the total
run time. The other main disadvantage is that the highly nonlinear models cannot be

linearized properly.

The second extension of the Kalman Filter, UKF, works on non-linear models without
using linearization methods. The key idea of UKF is based on approximation with
sigma points. The sigma point are selected around the mean and are propagated
through non-linear function. Then, best fit Gaussian is found from transformed sigma
points. The UKF gives the best solution when highly non-linear models are used. It
is also the most used type of the Kalman filter on multi-object tracking [3, 5, 12, 29].
Because of this, UKF algorithm steps will be detailed in the below. The UKF algorithm
starts with the selecting sigma points around the mean and the sigma points have the

equal weights in the beginning.
0
Xt—1|t—1 e Xt—l\t—l,
ti71|t71 :XHyH+(\/(L+1)sz1|zf1), i=1,..,L (3.5)

ti71|tfl =X 1)1 — (\/(L—I—A)P,,H,,l), i=L+1,...,2L

where L and A are design parameters. L value decides the number of sigma points
and A decides how much spread these points. The weights of 2L+ 1 sigma points are

defined both states and covariance’s.

A
0 —
W“_L+/l’
A
0__ 2
WC——L+/1+(1 o +B), (3.6)
wiowio —*

S ¢ 2(L+A)
where o and fB are scaling parameters. After sigma points determined, they are

propagated directly with non-linear transition function as equation given in (3.7).

L =fX ) =0, (3.7)
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Propagated sigma points are combined again to produce the one predicted state matrix

and covariance matrix.

2L o
_ iyi
Xl\t—l - 2 ,Wth|[71>
i=0

2L
Pz\t—l = ZM[X;\t_l - z\t—l][le\;_l - t|l—l]T +Qz—1|z—1-
i=0

(3.8)

After prediction step, measurement is predicted for the update state with the same way
on state prediction part. The set of sigma points are obtained from predicted state (??)

and then, predicted measurement is calculated by observation function (3.10).
0
Xt\t—l = Xt\t—l y
Xy =Xg—1+(JL+D)Py1),  i=1,.,L (3.9)

X1 = X1 — ( L+A)Py_y),  i=L+1,...2L.
li‘t—l :h( tl|[—1) i=0,..,2L (3.10)

Predicted measurements are combined to form one predicted measurement (3.11).
2L _
Zyj—1 =Y WZt|t—1', (3.11)
i=0
The variance of the residual which is named as residual covariance and the cross

covariance between prediction and the measurement are computed to get UKF gain

as given (3.12).

2L
Pz,z = ZWCI[ tz|[71 _Zz\t—l][ztlp—l _Zt|z—l]T7
i=0

2L . (3.12)
Px,Z = Zch [th\tfl - t\t—l][Ztl|tfl _Zt|z—l]T7
i=0

K =P..P.

The state and covariance matrices are updated with UKF gain as equation (3.13).

X = Xz\t—l +Kt(z _Zt|t—1>7

’ (3.13)

b =P 1 —KXK .
3.3.1.2 Interacting multiple model
The other main part of the state estimation is determine the motion model of the object
for prediction step. As mentioned above, using multiple models provides improved

estimations. Interacting Multiple Model (IMM) provides a switching mechanism
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between different motion models according to the sensor measurements [32]. This

subsection will give information about the IMM process.

In the beginning of the algorithm, the object motion models are defined with equal
probability for all objects. The probabilities change over time according to the received
measurement. This probability is called as a mode probability (1) which means the
probability of being right motion model of tracked object. Mode probability is updated
each cycle with the update state. The steps of IMM process are given in the Figure 3.10.

As seen in the figure, IMM algorithm starts with computation of initial states of each

X1k Pl,k State and mode
probability
update

~

fj,k ) Pj,k State and mode

Previous State * *
o e Xk, Py
Estimation, Covariance
and Mode Probabilities

State
Prediction
model 1

State

initialization for
each model

State
Prediction

. probability
J*k ’ Pj*k model) update
f M h model
Tracking erge each mode . "
Output update with mode : J.k k Hjk
probabilities :

X1k Pk, M1k

Figure 3.10: IMM workflow.
model. In this step which is called as mixing step [32], the initial state and covariance

of track for each model j are computed as in 3.14. The total number of the selected

model is shown as r.

.
Xjr—1j—1= Zu(ﬂz‘),t—lXi,t—la

] ) (3.14)
P -1 Z i—1i—1+ X1 = Xjr—1) Kig—1 = Xjo—1)" M jjiy =1

where [i(j;),—1 represents the conditional mode probability which implies the

probability of transition model i’ model to j" model and is computed as:
Kty —1 = Tjilkje—1/ i efe—1)

(3.15)
Hi (t)e—1) Zﬂjl.ult 1
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At the end of the mixing step, the initial states and covariance of each model are
predicted with associated transition model. The prediction and update algorithms are
implemented according to the selected Kalman filter method. After update step, model

probabilities are updated.

Hi ) = (Ni,t|t—1Li,t)/(Z .uj.,t\t—le,t) (3.16)
j=1

Lj; is the model likelihood with calculated from measurement and measurement
residual covariance. In the final step of the IMM algorithm, there are updated states
and covariance for each model and they are needed to be merged by mode probabilities

to form the state estimation output as is done in mixing step.

3.3.2 Data association

Multi-object tracking not only predicts states but also deals with choosing the right
measurement for state updates. This measurement selection process is called the data
association is required either tracking with one sensor or multiple sensors. The reason
why this process is required is that the number of objects is not known for many cases
in the environment, and the source of sensor measurements is affected by noise, weak
signals, and nearby targets. The cluttered environment causes multiple measurements
to be associated for the tracked object. Also, different tracked objects can associated
with the same measurements. The Figure 3.11 can be an example for the association
problem. Two targets in the figure are going to close each other during tracking so

measurements are close. Therefore, it is important to choose the right measurement

* Measurements

B % " @

Figure 3.11: Data association problem example.
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among them to track the target correctly because if the wrong measurement is used for

the update, it will cause inconsistent results or even losing the target.

There are several approaches in the literature to solve the data association
uncertainty and the common methods are Nearest Neighborhood(NN), Global Nearest
Neighborhood(GNN), Probabilistic Data Association Filter(PDAF), Joint Probabilistic
Data Association Filter (JPDAF) and Multiple Hypothesis Theorem (MHT) [35-37].

The NN method associates the measurement closest to the tracked object, and the
GNN-based approach is an expanded version of the NN approach for multiple objects.
This approach is one of the most common solutions for multiple target tracking
problems because it is much easier to implement compared to many other methods.
In this method, briefly, objects are associated with the closest measurement in a
region that is determined around the object, the distance between measurements in
the validation region and the tracks are calculated. Measurements are selected to
minimize the sum of the distance for all tracked objects [37]. In the GNN, the same
measurement is not shared with multiple objects, and each object is associated with
only one measurement. However, these algorithms will fail if the targets are too close
together [37]. Since the measurements of both targets are very close to each other,

incorrect assignment can be made, which causes invalid state estimation.

One way to solve the data association problem is to calculate the probabilities that
correspond to the relationship between the candidate measurements and the target.
Probabilistic methods are based on using all measurements in the validation region
instead of the best matched measurement. This logic is applied in PDAF algorithm [38]
which details of the algorithm are explained through a single target tracking. This data

association approach is applied for multiple objects in this thesis.

PDAF algorithm runs at the end of the prediction part. The observed measurements
are evaluated with the target’s predicted states. The calculation of the probability
of the association between target and measurements is performed by using only the
observations inside the validation region. Since ignoring the measurements outside of
the validation region of a track reduces the complexity and computational effort. First

of all, the Mahalanobis distance [39] between the measurements and the predicted
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measurement is calculated by using the residual covariance (S;).
d= [Z_Zz\tfl]TS;l[Z_Zt|zfl] (3.17)

The validation region is determined comparing gate threshold corresponding to the
gate probability and Mahalanobis distances [40]. The set of validated measurements
(m) are determined after this comparison. The association probability f3; between
each validated measurements and the target is calculated. The probability By which

represents the none of the measurement is related to the target is also calculated (3.18).

B - =1
= i=1,....m
C1-PoPe+ Y L

L PyPe (3.18)
Bo i=0

1 -PoPo+ Y L

where Pp is the target detection probability. It is assumed that this probability is
known constant and independent over time. L; represents the likelihood ratio of the
measurement originating from the target. The computation of the likelihood based on

the normal distribution around the predicted measurement (3.19).
Li =Nz, zy—1,S:|Pp/ A (3.19)

where A is the density of Poisson process. The association probabilities are used
to combine validated measurements. At the end of the algorithm one combined

innovation is computed for updating the states of each track.
m
V=Y Bwi (3.20)
i=1

3.3.3 Multi-object tracking architectures in literature

Different combinations of the tracking methods can be found in literature. The
[41] uses IMM-UKF-PDA and [42] uses IMM-UKF-MHT for multi object tracking.
The JPDA-IMM-UKF combination is applied in [5] and [12]. The most used
tracking algorithms for multi-object consist of IMM-UKEF based state estimation and

probabilistic data association.
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4. FUSION APPROACHES FOR MULTIPLE 3D LIDAR SENSORS

In this thesis work, our problem is to decide how to fuse Multiple LIDAR sensors to
get more precise detecting and tracking objects. Data fusion is a large research area
which has various applications for multiple sensors. In order to decide the data fusion
approach, the type of data used from the sensors must be decided. We can express the

sensor data on three types as given in the Figure 4.1. The sensor outputs obtained
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Figure 4.1: Sensor data abstraction levels.

without any operation are called raw sensor data. If any processing algorithms such as
signal processing, clustering etc. are applied to the sensor raw data, this output is called
detected features or clusters. When the Bayesian algorithm is applied to the cluster
outputs, they are called track data. These tracks mean predictions of objects. The
fusion algorithm varies according to which level of this sensor data will be combined.
In general, two basic approaches to sensor fusion have been studied; low level data

fusion and high level data fusion.
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Low-level sensor data includes unprocessed raw data and features. Fusing low-level
information is performed as combining raw data and then processing this combined
raw data. After fusion algorithm, Bayesian estimator is used to get tracking outputs.
This approach minimize the information loss but increase the data so increase the
complexity. Object estimations are obtained by applying Bayes estimator to the
processed sensor data and then fusion algorithms are applied to these estimates. This
fusion approach is called a high level data fusion or track-to-track fusion. High
level fusion is the most popular way of multisensory data fusion for autonomous
driving. The most general form of the track-to-track fusion is combining tracked

objects without using any correlation information between the tracks.

In this study, these two fundamental fusion approaches are implemented to the multiple
3D LIDAR sensors. As a low-level fusion approach, the point cloud data from each
sensor is combined and ODT is applied on the merged cloud. The low-level fusion of
multiple LIDAR sensors is already studied well-known process in the literature. On
the other hand, this thesis is proposing and implementing “high level track-to-track
fusion” method on multiple 3D LIDAR sensors. The proposed method evaluated is
to find objects separately from each sensor data and to implement high level track to
track fusion method. These two approaches are investigated for the appropriate one by
evaluating the results. In the following section the implemented ODT algorithm will

be explained in detail. Next, applied fusion approaches will be given.

4.1 Selected Multi-Object Detection and Tracking Architecture

The detection and the tracking algorithms are implemented in the same way for both
sensor fusion approaches which used in the thesis. The implemented algorithms for the

detection process and the tracking process are represented in Figure 4.2. The object

Point Cloud Detected
Data Objects

Connected Minimum Area
Component Rectangular Filtering
Clustering L-Shape Fitting

Slope-based

Ground
Extraction

Figure 4.2: Detection workflow.
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detection workflow starts with ground extraction. Ground points are removed firstly
with slope-based ground extraction algorithm. This algorithm uses height values of
the points. The known sensor height decides the minimum and maximum threshold to
decide which points are checked. Then, each point’s height value is compared with the
adjacent points. If the height difference or slope between two points is lower than the
defined threshold, these points are evaluated as the ground points. A sudden increase of
height shows the non-ground points [18]. The Figure 4.3 displays the point cloud data
by combining the bird’s-eye view of three different times for the same scenario after
the ground points have been removed. This figure also helps to understand the points

falling on vehicles when their target vehicles move and their location changes. Non

Truck

Figure 4.3: Bird’s-eye view of point cloud data after ground is extracted. The scenario
includes two vehicles that move straight on either side of the truck.

ground point cloud data is projected to occupancy grid. Empty grids are labelled as (0)
and occupied grids are (-1). Then, the occupied grids are iteratively checked with all
adjacent grids, and if they are close to each other, they are labeled as a same cluster ID
as seen in the Figure 4.4. This process is repeated until all occupied grids are labelled
with a cluster ID. Next, Minimum Area Rectangle (MAR) and L-shape fitting methods
are applied to each cluster to obtain the bounding boxes. MAR algorithm firstly finds
a rectangular shape from clusters in 2D grid cells. But this rectangular does not always
fit the objects, L-Shape fitting corrects the orientation of the rectangular. After getting

2D rectangular shapes, the height values of the points construct the 3D boxes.
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Figure 4.4: Clustering with occupancy grid.
The last step of the detection workflow is the filtering. The bounding boxes are filtered
to get rid of unrelated objects such as buildings trees etc. The filter algorithm checks

the following properties of the bounding boxes;

— number of points into the box
— the volume of the box

— the width-height ratio of the box

After filtering, the obtained objects from the point cloud data is illustrated in the
Figure 4.5. The output of the detection process provides the corner points of the
bounding boxes. The center point is calculated from the corner points for tracking
process. Detection algorithm finds the objects in each scan and does not include the
history information. More than two states can be found with the help of the previous
measurements and the history of the object. The tracking algorithms provide a detailed
object information. In the tracking algorithm, objects are represented by state vector.
The state of the objects at time stamp k includes relative positions x; y, velocity vy,
yaw Y} and yaw rate y/; information. Thus the state vector is defined as illustrated in

(4.1). In this thesis, ISO coordinate system was used.

Xe=[ w v W wl (4.1)

The flow chart of the tracker algorithm is given in Figure 4.6. Multi-object

tracking includes Interactive Motion Model (IMM) to estimate the dynamic behavior
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Figure 4.5: Bird’s-eye view image of point cloud and bounding boxes of objects for
the three different times of the same scenario ( t is for time representation
and t; < tp < 13).

of the object, Unscented Kalman Filter (UKF) as a state estimator to process
nonlinear motion models, and Probabilistic Data Association (PDA) filter to obtain the
appropriate measurement for update. In the IMM estimation three motion models are
used; Constant Velocity Model (CVM), Constant Turn Rate Velocity Model (CTRVM)
and the Random Motion Model (RMM). In CV model, the velocity of the vehicle
is assumed constant and the turn rate is assumed as zero. So, the motion model is

obtained from the equations in (4.2).
X = Xp—1 + Atvesin(y;),

Vi = Vi—1 + Atvicos (),

Vi = Vi1, 4.2)
YV = Yr—1,
v, = 0.

This model is sufficient when vehicle does not turn but if a target turns, CVM is
not enough for tracking process. So, the CTRV model is selected to express turning

cases which assumes target turns with constant turn rate and velocity. The transition
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Figure 4.6: Tracking workflow.
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equiations are given in (4.2).
Xt = Xp—1 + v /Yisin(Wr) — vi [ Wrsin(Y—1),
Yo = Yi—1 = Ve / Wrcos(Yr) +vi [ isin(Wi—1),
Vi =Vi_1, 4.3)
Vi = Y1 + ANy,
Ve = V1.
The last model which is named as random motion model, assumes there is no motion
on the target object. This model is used for represents the static objects. Three
estimations are always calculated separately with these motion models at each time

stamp, as shown in (4.4).
Xio=fi(X} 1u)+wi,  j=0,12.r (4.4)

where j represents the model number, w is the noise. Each model has the mode
probability t;, which changes over time according to the measurement. In order to do
prediction, each model’s initial state is calculated using conditional mode probabilities

M j)—1 and the previous cycle updated state X;,; as given equations (4.5).

-

Il
—_

*
i1 = 2 M) a—1Xig—1,

4.5)

-

I
_

j*,t—l = Milj).e—1 [Pi,tfl + (Xi,lfl _X;'F.,t—l)(Xi,t*l _X;'it—l)T]

UKEF prediction steps which is mentioned in Chapter 3 are followed for each model
prediction. After prediction part, measurements are evaluated for update part of the
UKEF. The PDA algorithm is used for data association. The workflow of the algorithm
is given in Figure 3.11. This data association method computes the probability of each
measurement in the validation region of the predicted state [38]. In this algorithm,
the mahalanobis distance between the measurements and the predicted measurement
is calculated using measurement covariance. The validation region is determined
by a threshold, depending on the number of states. If the measurement distance is
lower than the threshold, the probability of being right measurement is computed. By
combining the innovations of these measurements with the probability of associating

them, a single innovation value is created for update.

The predicted state and covariance of each model is updated with the combined

innovation by UKF updated steps. Model probabilities are also updated by comparing
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Figure 4.7: Probabilistic Data Association workflow.
with the associated measurement. In the final step of the cycle, updated states and
covariances of each model are combined with the mode probabilities in order to obtain

single verified information of the object.

4.2 Low-Level Fusion Approach of Multiple 3D LIDAR

This section describes the first solution approach which is Detection and Tracking
After Merging Raw Data (DTAMR) method and its architecture is shown in Figure

4.8. DTAMR algorithm starts with the frame transformation of each point cloud data

- N
LIDAR Point (0DT
Cloud Data
\_ v

Detection Tracked
Object
Tracking List

Transform
& Merge

. N
LIDAR Point

Cloud Data
\ Y,

i

Figure 4.8: DTAMR architecture.

to the vehicle frame. Two point cloud data are merged with using Point Cloud Library

(PCL) after transformation. End of the merging part, single dense point cloud data
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is obtained as seen in the Figure 4.9. This data is fed to the detection and tracking

algorithm.

M1

N

Figure 4.9: Birds-eye view of point cloud data before transformation (1) and after
transformation and merge (2).

4.3 High-Level Fusion Approach of Multiple 3D LIDAR

The proposed approach is Track-to-Track Fusion of Multiple LIDAR (T2TFML)
which is based on getting two tracking results from each LIDAR sensor and combining
them with the track-to-track fusion algorithm. The proposed architecture is illustrated
in Figure 4.10. The detection and the tracking algorithms are implemented for each
LIDAR point cloud data. After ODT operations, two point cloud data gives tracked
object states on LIDAR frame and the covariances of the object states. Then, tracked
objects are transformed to the vehicle frame. There are two object detection and
tracking outputs which are obtained from each LIDAR ODT algorithms. The example
fusion inputs for one target vehicle is represented in the Figure 4.11. The center points
of the objects are sent to the fusion. The fusion block which is shown in the last

part of the workflow consists of three main parts, state estimation,data association
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and track-to-track fusion method. At the beginning of the algorithm, a global tracked

object list is created. This object list is predicted to the current time for each timestamp

1
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LIDAR 2 Object
Bounding Box

~ Truck

Figure 4.11: Birds-eye view point cloud data of two ODT output from each LIDAR
sensor for target vehicle within intersection area (Black box represents
the 1** LIDAR sensor output and green box represents the 2¢ LIDAR
sensor output).

with CTRVM based UKF estimation. Next, sensor measurements are compared with
the predicted object states. The association method is used to decide which tracks
are fused. Nearest Neighbor algorithm is used for data association and so the closest

tracked object is associated with the global object.
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Then, associated tracked object is fused with Covariance Intersection (CI)

track-to-track fusion method as given equations in (4.6) [43].

Pl =wsP 4+ (1—w)xPy !

(4.6)

Xp=Pr(wxP X1+ (1—w)* Py ' X0)
where X; and X; are sensor track states coming from two LIDARs, Xy represents
fused state of the object, P; and P, are the state covariances of the object, Py is the
fused object covariance. Notice that, the covariances are combined first, then states
are combined with this fused covariance. The sensor track states are multiplied with
the weights which are seen as (w) and (1 —w) in the equations. The selection of the

weight parameter is based on the lateral distance of the object to LIDARs. Different

choices of weights can be used to optimise the fusion outputs.
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5. EXPERIMENTAL SETUP

In this study, in order to test and compare the algorithms; measurements and the ground
truth data are collected directly by mounting sensors on Ford F-Max heavy duty truck.
Two Velodyne 16-channel (VLP-16) LIDARs are positioned on the front corners of
the truck at the same height as the top of the passenger car (about 1.8 meters height).

The locations of LIDAR sensors on truck are illustrated in the Figure 5.1. Each sensor

Figure 5.1: LIDAR locations and LIDAR sensor setup on truck.

covers around 270 degrees field of view. The front of the the vehicle, there is common
area where both of the LIDARSs’ field of view intersects. The algorithms are tested

and compared in this area. Figure 5.2 represents the LIDARs’ field of views. LIDAR
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Figure 5.2: LIDAR sensor FOVs.

sensor generates 3D point cloud data with respect to their reference frame. The point
cloud includes 300.000 points at each scan and works at 10 Hz frequency. Points store
X, ¥, z position information and the intensity values. The implementation is written by
using C++ programming language. The fusion applications run real-time on NVIDIA
Jetson TX2 embedded platform. Operating System based on LINUX is used on this
embedded platform. The Robot Operating System (ROS) is a middleware which rund
on LINUX operating systems. ROS which is an open-source program provides a
communication infrastructure. Also, there are open-source Velodyne LIDAR sensor
drivers in ROS. These drivers captures the LIDAR data and publish in a topic as
a ROS messages. The implemented algorithms subscribe this topic and obtain raw
sensor data. The tracking outputs of the fusion algorithms are also published as a

ROS messages. The Figure 5.3 shows the ROS communication architecture. Oxford
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/velodyne
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Algorithm

Velodyne
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/tracked
objects

Package Package

N N

Figure 5.3: ROS communication architecture.

Technical Solutions’(OxTS) GNSS/INS systems are used in order to collect ground
truth data. RT3000 GNSS/INS is placed on the truck and this sensor gives the position,
orientation with high speed and with high accuracy. RT-Range is mounted to the target
vehicle to get the accurate relative positions, relative velocities and orientations with

respect to the RT3000. In Inonii-Eskisehir, Turkey, there is a private and fully-equipped
38



testing ground that is within the factory and is closed to regular traffic. This proving
ground is facilitated with base stations for GNSS which provides 1 cm accuracy for

ground truth measurements.
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6. REAL-WORLD TESTING & RESULTS

This section provides description of test cases and analysis of test results.

Three

different scenarios are tested on the proving ground to evaluate the applied sensor

fusion methods. The scenarios are illustrated and described in Figure 6.1. In order

S$1

" S2

i

~
~

\

t
0

S3

————

Figure 6.1: Scenario 1: Target vehicle moves from 5Sm to 25m on the front of the truck,
Scenario 2: Target vehicle moves around the truck on circle with a radius
of 5 meters, Scenario 3: Target vehicle moves around the truck on circle

with a radius of 10 meters.

to get more accurate fusion results, adaptive weight (w) parameter which is given in

equation (4.6) was tuned. During our tests, the value of weight parameter is selected

between 0.3; 0.5 and 0.7.

The comparison of the estimated object states (relative longitudinal distance, lateral

distance and velocity) for two fusion approaches with ground truth are shown for three

scenarios. Figure 6.2.shows the state results for the Scenario 1. The detailed analysis

of Figure 6.2 is given as follows.

In the beginning of the test, it can be seen from

Figure 6.2 that T2TFML method has delayed around 1 second because of additional

spent time to run the ODT algorithm before the fusion starts.
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Figure 6.2: Relative states of the object with ground truth data for Scenario 1.
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In order to achieve a fair comparison, DTAMR and T2TFML fusion results are
evaluated in the intersection area of FOVs which can be seen in Figure 5.2. The
track-to-track fusion provides more stable characteristic of velocity estimation than

the low level fusion in that specific region.

At the end of the test (after 8 seconds), it can be seen in Figure 6.2 that T2TMLF
approach has lost the object detection and tracking earlier than the DTAMR approach.
DTAMR approach is using the merged point cloud data which are denser than the
single LIDAR point cloud data used in T2TFML. In our test although the object moves
far away, the number of points on the object does not decrease very quickly with
merged point cloud data used in DTAMR. So, this allow DTAMR approach to continue
and keeps tracking longer (until the end of the test). The Figure 6.3 gives the absolute
errors of estimated object states for Scenario 1. The state estimates and absolute errors
of the states for Scenario 2 is shown in Figure 6.4 and Figure 6.5, respectively. The
results are compared after the target vehicle enters the intersection area completely.
The target vehicle often makes lateral movements throughout the scenario. Even if the
results give values close to each other, in the lateral direction estimates, track-to-track
fusion approach gives results closer to ground truth values. In the velocity state, it
is seen that the proposed method provides improvements on accuracy by increasing
stability and reducing the error. On the other hand, the low-level fusion is better

estimates than the track-to-track fusion on longitudinal position state.

Scenario 3 is also designed to test lateral state estimates, and this scenario involves
tracking a target vehicle that moves farther than the target on Scenario 2. Thus, this
test aims to show us whether the distance is effective in improving lateral estimates.
When the results are evaluated, the same improvements in lateral position and velocity
accuracy in Scenario 3 are seen with the track-to-track fusion approach. The state
estimations and the absolute error graphs are given in Appendix A.1. The performance
criteria for evaluating the two fusion approaches are execution time, mean square error,
and standard deviation. The average execution time of the DTAMR is 27ms and the
T2TFML is 36ms. Even if the execution time of T2TFML approach is 10ms longer,
this does not cause any delay in the obtained results because of the working cycle
of VLP-16 LIDAR which is 100ms. In order to evaluate all test scenarios, Table

1 contains a detailed comparison of the two approaches with the two performance
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Figure 6.3: Absolute errors of estimated object states for Scenario 1.
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metrics; Mean Square Error (MSE) and Standard Deviation (SD). MSE equation is
given in (6.1) and provides information about the accuracy of the prediction. Standard

deviation represents the distribution of results according to actual data (6.2).

1,
MSE = ~
w L

t=1

(6.1)

(6.2)

In Scenario 1, test is used for analysis of fusion tracking performance on longitudinal

Table 6.1: MSE and SD results of Scenarios

Mean Square Error Standard Deviation
Long. Lat. Long. Lat.
Scenario | Approach | Dis- Dis- Vel. (v) Dis- Dis- Vel. (v)
tance tance tance tance
(x) ) (x) )
Scenario DTAMR | 0,2230 0.0011 | 0.2185 | 0.4723 | 0.0340 | 0.4675
1
T2TFML | 0.0302 | 0.012 0.0267 | 0.1738 | 0.1112 | 0.1634
Scenario DTAMR | 0.0288 | 0.0645 | 0.1581 | 0.1698 | 0.2541 | 0.3977
2
T2TFML | 0.0291 | 0.0286 | 0.1511 | 0.1706 | 0.1693 | 0.3887
Scenario DTAMR | 0.1107 | 0.2165 | 0.0144 | 0.3327 | 0.4653 | 0.1201
3
T2TFML | 0.1245 | 0.1668 | 0.0130 | 0.3528 | 0.4084 | 0.1140
direction. The proposed algorithm follows the object in a shorter time than the

low-level fusion approach. However, in specific region the accuracy of longitudinal
position and the amplitude of the velocity of the object are increased by %86 and
%88, respectively. Scenario 2 and 3 are used for analysis of tracking performance on
lateral states. The results from the table show that the proposed approach improved
accuracy on the tracked object lateral position estimation around %22 to %55 and
vehicle velocity estimation around %4 to %10. The accuracy of the longitudinal

position estimation is reduced within negligible range.
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7. CONCLUSION AND DISCUSSION

Environment perception is a critical part of autonomous driving which requires to
get a reliable and accurate object information from surround. LIDAR sensors are
thought to be key enablers for autonomous cars through their significant advantages on
wide field-of-view and high-resolution capabilities. Automotive companies’ interest in

LIDAR sensors is also thought to increase with slashed sensor prices over the years.

Our main aim in this research is to get more precise object detection and tracking
(ODT) results using multiple LIDAR sensors in real time for autonomous vehicles. In
the first part of the thesis the detection and tracking algorithms for LIDAR sensor are
explained in detail. Then, the selected methods of ODT algorithm are explained and
the results are represented. The output of the ODT algorithm provides bounding boxes
of the objects and the tracked states of these boxes. The sensor fusion methods are

studied in the rest of this work.

During this thesis, we have developed, applied and tested two different (low and
high level) real-time sensor fusion methods on multiple 3D LIDAR sensors for
object detection and tracking. The first contribution of this work is proposing
and implementing ‘“high level track-to-track fusion” method on multiple 3D LIDAR
sensors. In the presented high level fusion, tracked objects from each LIDAR
sensor are combined with Covariance Intersection fusion method. To the best of our
knowledge, this is the first automotive application of track-to-track fusion method on
multiple 3D LIDARs. Within the research we have also applied and tested well known
and studied low level fusion of multiple 3D LIDARs.

In the low-level fusion approach, the raw point cloud data from each LIDAR sensor is
directly fused and ODT algorithms are applied on this fused data. These two fusion
approaches include the object detection and tracking algorithm which is explained in
detail. Another contribution is the analysis and comparison of track-to-track fusion
method performance with the well-studied low-level real-time fusion method. These

two real-time fusion strategies are implemented in the experimental test truck which

49



is instrumented with two 3D LIDAR sensors. The front of the vehicle is adjusted
as an intersection area for testing fusion approaches. The performance of the fusion
strategies are tested under three different driving scenarios which are designed for
testing lateral and longitudinal states. Additionally, the ground truth data is collected
with the help of the global navigation satellite system (GNSS) in high accuracy for
performance evaluation. The test results are analyzed in terms of defined performance
criteria and the benefits & weaknesses of the proposed approach are discussed in this

work.

In order to make a comparison, three performance metrics are defined. The first one
is the execution time of the sensor fusion approaches. When we consider the sensor
frequency, the two fusion approaches do not have a significant advantage in terms of

the execution time compared to the other.

The other performance metrics are mean square error and standard deviation. These
metrics, calculated for each state, help to understand the accuracy. From the test
results, in the specific regions, it is seen that track-to-track fusion approach improves
the accuracy. On the other hand, the low-level fusion approach tracks the target longer

than the proposed method when the target vehicle moves away.

In future work, we intend to extend test scenarios including complex traffic conditions
such as urban driving to increase the assessment of our proposed method. Also, in
order to increase the performance of the track-to-track fusion, the value of the weight

factor can be optimized.
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Figure A.1 : Relative longitudinal position of the object with ground truth data for Scenario
3.
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Figure A.2 : Relative lateral position of the object with ground truth data for Scenario 3.
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Figure A.3 : Relative velocity of the object with ground truth data for Scenario 3.
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Figure A.4 : Absolute error of estimated object longitudinal position state for Scenario 3.
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