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Abstract

In my thesis, I focused on developing an assisted driving system for the
tramway industry using Light Detection and Ranging (LiDAR). Research
objectives include identifying, and localizing objects and then, estimating
tram position in unknown environments. Regarding the first objective,
the proposed methodology involves background subtraction, pose estima-
tion, and 3D bounding box fitting for detailed state analysis, aiming to
assess collision risks and alert drivers. An approach balancing speed and
accuracy is proposed to overcome hardware limitations in processing high-
performance LiDAR data. The solution is tested on real data sets col-
lected on a city road with a 360° LiDAR. The effectiveness of this solution
is compared with the most widely cited solutions. The second objective
introduces two approaches for estimating tram position and orientation.
For the tram position, a sensor fusion approach is suggested, enhancing
accuracy and reliability and ensuring continuous localization despite sen-
sor malfunctions. Unlike several alternatives, the considered one operates
without dynamic or error models, offering a low computational burden.
Performance analysis is conducted in a simulation environment replicat-
ing an architecture with four kinematic sensors. The adopted method
maintains the error in position measurement, derived indirectly from an
accelerometer with a 1 ppm offset on the full scale, within a few ppm of
the full-scale position. Instead, estimating orientation involves integrating
gyroscope measurements, but integrating over extended periods accumu-
lates errors, often addressed using complementary filters to fuse data from
accelerometers and gyroscopes, refining the orientation estimate. To avoid
accelerometer-related errors, a method to fusion point clouds and gyro-
scope measurements is proposed. Real data is utilized to evaluate the

effectiveness of all proposed strategies in a real case study.

Keywords: LiDAR, IMU, attitude, SLAM, object detection, bounding box.






Sintesi in lingua italiana

Nella mia tesi, mi sono concentrata sullo sviluppo di un sistema di guida
assistita per l'industria tranviaria utilizzando il Light Detection and Ranging
(LiDAR). Gli obiettivi di ricerca includono l'identificazione e la localizzazione di
oggetti e successivamente la stima della posizione del tram in ambienti sconosciuti.
Per quanto riguarda il primo obiettivo, la metodologia proposta prevede la sot-
trazione dello sfondo, la stima della posizione e 'adattamento di una riquadro
3D per un’analisi dettagliata dello stato, mirando a valutare i rischi di collisione
e avvisare i conducenti. Un approccio che bilancia la velocitad e I'accuratezza é
proposto cosi da superare le limitazioni hardware nel processare dati LIDAR ad
alte prestazioni. La soluzione viene testata su set di dati reali raccolti su una
strada cittadina con un LiDAR a 360°. L’efficacia di questa soluzione viene con-
frontata con le soluzioni pitt ampiamente citate. Il secondo obiettivo introduce
due approcci, uno per stimare la posizione e ’altro per l'orientamento del tram.
Per la posizione del tram, viene suggerito un approccio di fusione dei sensori cosi
da migliorare ’accuratezza e 'affidabilita e garantendo la localizzazione anche in
presenza di eventuali malfunzionamenti di un sensore. A differenza delle alterna-
tive, la soluzione considerata opera senza modelli dinamici o di errore, offrendo un
basso carico computazionale. L’analisi delle prestazioni viene effettuata in un am-
biente di simulazione che replica un’architettura con quattro sensori cinematici.
Il metodo adottato mostra un errore sulla posizione (ottenuta indirettamente
da un accelerometro con un offset pari a 1 ppm del fondo scala) all’incirca di
una ppm dalla posizione massima. Invece, la stima dell’orientamento coinvolge
Iintegrazione delle misurazioni del giroscopio, ma l'integrazione nel tempo porta
ad accumulo di errori, spesso risolti utilizzando filtri complementari per fondere
i dati dagli accelerometri e dai giroscopi, migliorando la stima dell’orientamento.
Per evitare errori legati agli accelerometri, viene proposto un metodo per la fu-
sione di misurazioni del giroscopio e dati LiDAR. Dati reali vengono utilizzati

per valutare Defficacia di tutte le strategie proposte in uno studio di caso reale.

Parole chiave: LiDAR, IMU, attitude, SLAM, object detection, bound-

ing box.
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Chapter

Introduction

Ezxperience is the hardest kind of
teacher: it gives you the test first and
the lesson afterward.

Oscar Wilde

1.1 Motivation

In the coming decades, the demand for global mobility is poised to
surge predominantly within urban centers. The epicenter of this surge is
anticipated to be the expansive metropolitan regions of emerging nations,
notably in countries like China and India, as well as specific areas in Africa
and South America. This surge, however, comes at a considerable cost,
manifesting in heightened pollution levels and congestion issues [5].

Governments worldwide are increasingly gravitating towards a sustain-
able solution to address these challenges, with a particular emphasis on
developing a public transport network centered around electric carriers.
Among the available options, the tram specifically emerges as a highly
sustainable solution for urban environments.

The tram system is not only environmentally friendly, characterized
by its green credentials, but also boasts remarkably low operational costs.
Moreover, its implementation requires significantly smaller infrastructure
investments when compared to more extensive metro projects.

This makes the tram system a well-integrated and economically viable
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solution. Trams could be placed on the existing urban landscape, however
it is important to enhance safety measures and seamless integration within
urban environments. The tram operates in a mixed setting, sharing spaces
with pedestrians, cyclists, various vehicles, and other road users.

Nowadays, it is beginning a transition into smart cities, characterized
by the coexistence of traditional and autonomous vehicles equipped with
increasingly sophisticated self-driving systems. In this futuristic urban en-
vironment, an augmentation of driver assistance systems in trams becomes
a logical progression. Parallel to advancements in the automotive indus-
try, which has defined and implemented new services and technologies to
develop indispensable Advanced Driver Assistance Systems (ADAS)s for
vehicular safety, a similar trajectory can be thought for the tramway sec-
tor. This involves defining functional and technological platforms for the
creation of a Tram Advanced Driver Assistance System (T-ADAS), ensur-
ing both adaptability and safety in the evolving urban landscape [6, 7].

Nevertheless, despite advanced research and prototypes dedicated to
autonomous driving vehicles, including driverless ones, the tramway sector
is still in its early days [8, 9, 10, 11, 12].

As a consequence, the tram industry for the development of T-ADASs
should take cues from technological solutions already existing in the au-
tomotive. The calibration of these advancements to suit the distinctive
needs of tramways is crucial for the integration of advanced automation.

1.2 Analysis of urban context

A growing emphasis on electric mobility and ecological attributes of
tram systems has given the widespread adoption of trams in recent years
[13].

Nowadays, tramways are intricately woven into the infrastructure of
cities, often sharing roads with both cars and pedestrians, lacking dedi-
cated lanes. Conversely, constructing dedicated paths for trams encounters
huge architectural and urban challenges due to space constraints within
cities and is often avoided [14].

The absence of dedicated lanes contributes to a growth in the frequency
of accidents, predominantly minor in nature respect with to vehicle ones
[15, 16].




1.3. AUTOMATION LEVELS

Total 108
Intersection 59
Roundabout 3

Level crossing | 2
Straight 39
Curve 5

Table 1.1. Number of accidents involving trams in Italy from 2022 report of
ISTAT

Statistical evidence from The Italian National Institute of Statistics
(ISTAT), in its 2022 annual report on road accidents in Italy, underscores
that a substantial of incidents involving trams occur at intersections and
straight sections. One of the issues, is the unforeseen behavior of cars,
motorcycles, and pedestrians, leaving tram drivers with minimal reaction
time. All these elements have a substantial impact on the drivers’ behavior
working at challenging driving scenarios [17].

The difficulties grow particularly in speed control and adjustment within
the tumultuous urban scenario. Skills of tram drivers need heightened vig-
ilance and a keen ability to anticipate potential road events [18].

A Tram Advanced Driver Assistance System (T-ADAS) should pro-
vide support in managing these driving tasks. Effective T-ADAS solutions
mandate a fusion among the requirements of the railway domain to which
trams belong and technologies ADAS of automotive.

1.3 Automation levels

Autonomous driving finds applications also in the railway sector, in
fact, Automatic Train Operation (ATO) is a high level of automation ex-
tensively employed in driverless metro systems. ATO oversees all opera-
tions of a train, managing tasks such as acceleration, cruising, emergency
braking, and precise stopping at designated locations.

The fundamental objective of integrating assisted and autonomous
driving into the railway domain is to enhance train safety. This is es-
pecially critical due to the substantial braking distances required due to
the adhesion coefficient between the wheel and rail, and the elevated speed
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and mass characteristic of trains. Modern trains are equipped with Auto-
matic Train Protection (ATP) systems activating braking in the event of
no safety. Moreover, some ones also incorporate Automatic Train Control
(ATC) systems that, in addition to ATP functions, restrict speed if the
train operator fails when necessary [19].

Grades of Automation (GoA) in the railway sector refer to a classifi-
cation system that delineates the extent of automation in the operation of
trains. The International Association of Public Transport (UITP) defines
ATO, ATC, and ATP as GoA, each specifying the operational responsibili-
ties allocated either to an automatic system or human intervention. There
are five distinct GoA levels:

e GoA 0:This level involves train operations wherein the driver relies on
direct line-of-sight, comparable to a tram system navigating through
street traffic. The safety of the system is entirely dependent on the
train driver.

e GoA 1: Known as Non-automated Train Operation (NTO), this level
features a driver in the cabin while the automatic system prevents
unsafe operations in violation of speed limit signals (ATP).

e GoA 2: Designated as Semi-automated Train Operation (STO), at
this level, the ATO system controls train movement through accel-
eration and deceleration commands. The ATP system supervises
the train’s movement, while the driver in the cabin monitors the
guideway, stopping the train in hazardous situations. The automatic
opening and closing of doors may be managed either automatically
or by the driver.

e GoA 3: Referred to as Driverless Train Operation (DTO), GoA 3
involves a fully automated system that handles train movement, in-
cluding acceleration, deceleration, and door operations. However, a
staff member may be present for customer service and emergencies.

e GoA 4: This level signifies Unattended Train Operation (UTO),
where the train operates fully autonomously without any onboard
staff. External control centers manage the train’s entire operation,
including passenger services and emergency responses.
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These Grades of Automation provide a standardized framework for under-
standing the level of automation and human involvement in the operation
of trains within the railway sector.

ADAS (Advanced Driver Assistance Systems) levels refer to a classifica-
tion system that categorizes the degree of automation and autonomy in
vehicles based on the capabilities of their driver-assistance features. These
levels range from basic assistance systems to fully autonomous driving, de-
lineating the extent of support provided by the technology to the driving
experience. The levels are defined by the Society of Automotive Engineers
(SAE) in the J3016 standard and are:

Level 0 (No Automation): The vehicle has no automation, and the
driver is solely responsible for all aspects of driving.

Level 1 (Driver Assistance): The vehicle can assist with either steer-
ing or acceleration/deceleration, but not both simultaneously. Exam-
ples include Adaptive Cruise Control (ACC) or Lane-Keeping Assist.

Level 2 (Partial Automation): The vehicle can control both steer-
ing and acceleration/deceleration simultaneously under certain con-
ditions. The driver must remain engaged and monitor the driving
environment. Examples include systems like Tesla’s Autopilot and
GM’s Super Cruise.

Level 3 (Conditional Automation): The vehicle can handle certain
driving tasks under specific conditions. The driver can disengage
from active control but must be ready to intervene if prompted by
the system. At this level, the vehicle is capable of handling most
driving scenarios within certain domains. As of my last update,
there were limited deployments of Level 3 systems.

Level 4 (High Automation): The vehicle can perform most driving
tasks autonomously within predefined conditions and environments.
The driver may not need to intervene in certain scenarios. Level 4
vehicles are often used in specific applications like ride-sharing or
controlled environments.

Level 5 (Full Automation): The vehicle is fully autonomous and
can handle all driving tasks in all conditions without any human
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intervention. There is no need for a steering wheel or driver’s seat.
Level 5 autonomy represents full, hands-off automation.

1.4 An overview on sensors for ADAS

Advanced Driver Assistance Systems (ADAS) are currently experi-
encing widespread adoption in all recently manufactured vehicles. They
present significant opportunities for enhancing road safety by assisting
both the perceptual abilities of the driver and the decision-making process
in various driving scenarios [20]. This serves as a tangible illustration of
an Intelligent Transportation System (ITS). ADAS implementations ded-
icated to automotive safety and autonomous driving rely on standalone
sensor devices (camera, RADAR, LIDAR, ultrasonic, etc.) integrated into
the vehicles. These devices aim to enhance the driver’s awareness of the
surrounding environment [21].

1.4.1 Automotive Radar

Radar stands as an electronic device designed to detect targets through
electromagnetic waves. Based on bandwidth, radar can be categorized into
narrow band and wide band, with the latter providing enhanced range res-
olution. Two predominant frequency bands are 24 GHz and 77 GHz: the
former facilitates short and medium-range detection within 5-70m, while
the latter primarily supports medium to long-range detection spanning
100-250m. As precision requirements for automotive radar systems con-
tinue to rise, the ultra-high frequency band of 77 GHz is expected to dom-
inate [22].

Radar can further be segmented into short-range radar (SRR), medium-
range radar (MRR), and long-range radar (LRR) based on the covered
area. SRR, characterized by higher range resolution and a broader field
of view (FoV £65° =+80°), is deployed for collision avoidance and object
detection. Typical applications include blind-spot surveillance, parking
assistance, and Adaptive Cruise Control (ACC) support. MRR (typical
FoV £40° +50°) finds use in Lane Change Assist (LCA). LRR, featuring
high gain and a narrow beam for extended detection range and precise di-
rection measurement, possesses a smaller FoV of around +10° and greater
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range resolution tolerance [23|. It is primarily employed for functions such
as ACC, Forward Collision Warning (FCW), and Automatic Emergency
Braking (AEB) .

Leading global radar sensor manufacturers encompass Bosch, Delphi,
Continental, Denso, Valeo, and ZF-TRW, among others. Key chip suppli-
ers include Freescale, Infineon, ST, Texas Instruments, and ADI [24].

1.4.2 Ultrasonic sensors

Ultrasonic sensors possess a limited detection range (0.15-6m), show-
casing exceptional capabilities in very close-range 3D mapping. Their pre-
cision and resolution are heightened owing to the slow propagation of sound
waves [25]. Notably, these sensors perform reliably in adverse weather
conditions such as snow, fog, rain, and dust, thanks to their short-range
nature. Despite being compact and cost-effective, they lack suitability for
gauging speed due to their restricted range and are vulnerable to influ-
ences like temperature variations, humidity, wind, and Electromagnetic
Interference (EMI) [26]. As a result, sensors necessitate compensations for
temperature and humidity. Ultrasonic sensors possess a limited detection
range (0.15-6m), showcasing exceptional capabilities in very close-range 3D
mapping. Their precision and resolution are heightened owing to the slow
propagation of sound waves [27|. Notably, these sensors perform reliably
in adverse weather conditions such as snow, fog, rain, and dust, thanks to
their short-range nature. Despite being compact and cost-effective, they
lack suitability for gauging speed due to their restricted range and are
vulnerable to influences like temperature variations, humidity, wind, and
Electromagnetic Interference (EMI). As a result, sensors necessitate com-
pensations for temperature and humidity.

Primarily utilized in applications such as space detection, parallel park-
ing, reverse parking, blind-spot detection, and kick-to-open liftgates |28,
29|. Within this domain, Bosch Gen 6 Ultrasonic Sensors emerge as lead-
ing representatives, offering three mechanically compatible sensor variants.

1.4.3 LiDAR

LiDAR functions as an integrated optical detection and measurement
system operating within the optical frequency band. The current sensor
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performance encompasses a range of 100 to 300 meters, with an accuracy
range of £2.0 to 5.0 centimeters. It boasts a Horizontal Field of View
(FoV) spanning 120 to 360 degrees and a Vertical FoV of 25 to 120 degrees.
The angular resolution is finely tuned, ranging from 0.1 to 0.4 degrees
horizontally and 0.4 to 2.0 degrees vertically.

Its strengths lie in its capacity to generate high-resolution 3D images,
provide accurate depth information and target discrimination, and offer
a wide FoV with high angular resolution. Additionally, LiDAR operates
independently of light conditions and is adept at detecting lane markers
and street signs. However, it faces limitations as it cannot transmit in ad-
verse weather conditions such as rain, snow, fog, or dust. Presently, it falls
short of meeting the combined performance, size, and cost requirements
for mass-produced autonomous vehicles at the industrial level.

Typical applications for LIDAR encompass mapping and navigation,
obstacle detection, and in-cabin monitoring, demonstrating its versatility
in enhancing various aspects of automotive technology. See Chapter 2 for
a detailed discussion of LiDAR, sensors.

1.4.4 Camera

The camera serves to transform an optical image into electronic sig-
nals, employing technologies such as CCD (Charge-Coupled Device) and
CMOS (Complementary Metal-Oxide-Semiconductor) [30]. CCD operates
by sequentially transferring each pixel’s charge packet to a shared output
structure for charge-to-voltage conversion. This method results in lower
noise levels and generally yields higher-quality images, especially in low-
light conditions. It excels in providing a high dynamic range, enhanced
depth of color, higher resolution, and improved light sensitivity [31, 32].

On the other hand, CMOS conducts charge-to-voltage conversion within
each pixel. It offers advantages such as lower power consumption, high in-
tegration, reduced size, ease of manufacture, and a more budget-friendly
price point [33]. The quality of images has seen improvement since the
widespread adoption of CMOS technology [34].

Automotive cameras are categorized into front-view cameras, surround-
view cameras, rear-view cameras, and in-cabin cameras. Major players in
the Tier 1 camera manufacturing sector include Bosch, Aptiv, Continen-
tal, Denso, and Valeo. Key suppliers of image sensors include Infineon,
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Freescale, Texas Instruments, ST, and Panasonic, among others. Addi-
tionally, significant optics suppliers encompass Sony, Panasonic, Sharp,
Konica Minolta, Omron, and various other enterprises.

1.4.5 Thesis overview

The primary objective of this thesis is to develop and evaluate the
potential of ADAS in enhancing the performance, safety, and overall ef-
fectiveness of tram operations within urban environments. While ADAS
has gained widespread recognition in the context of conventional auto-
mobiles, its application in the tram sector remains an underexplored and
promising avenue. ADAS encompasses a range of technologies designed
to assist drivers in their tasks, improve situational awareness, and mit-
igate the risk of accidents. More specifically in this thesis, the focus is
on emerging lidar technology to develop a Advanced Assisted Driving in
Tramway Sector. The proposed ADAS functions as a vigilant compan-
ion to the driver, continuously monitoring the surrounding environment.
Upon detecting moving objects or potential obstacles, the system triggers
timely alerts to notify the driver, providing crucial information for proac-
tive decision-making and accident prevention.

Furthermore, Chapter 1 has introduced the motivation and existing
literature on ADAS implementations in other transportation modes, draw-
ing insights and lessons that can be applied to the tram environment. By
examining successful case studies and identifying potential hurdles, this
thesis endeavors to provide a roadmap for the successful integration and
adoption of ADAS within tram networks.

Chapter 2 presents the general overview of LiDAR technology and in-
vestigates its role in shaping the future of autonomous transportation.
Through an in-depth analysis of LIDAR’s technical aspects, ranging from
hardware design to internal signal processing algorithms, this introduction
aims to provide a holistic understanding of its functionalities and limita-
tions.

The primary objective of Chapter 3 is to show a LiDAR object de-
tection algorithm delving into its underlying principles, design considera-
tions, and real-world performance. Through a meticulous analysis of the
algorithm’s architecture, feature extraction methods, and decision-making
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processes, this research aims to elucidate the key factors contributing to
its success in diverse and dynamic environments. Real-world case studies
and performance assessments will be presented to showcase the algorithm’s
efficacy.

Chapter 4 introduces a vehicle localization algorithm, delving into its
architecture, sensor fusion techniques, and decision-making processes. By
scrutinizing the algorithm’s adaptability to diverse scenarios, ranging from
urban environments with complex infrastructure to areas with limited
satellite visibility, this research seeks to unravel the algorithm’s capabilities
and limitations. To assess the algorithm’s performance under challenging
conditions, real-world case studies and simulations will be presented to
showcase the algorithm’s effectiveness in scenarios mirroring the complex-
ities of everyday driving conditions.

Chapter 5 summarizes the results of the proposed methodologies. More-
over, the one seeks to unravel the algorithm’s capabilities and limitations.




Chapter

LiDAR technology

La vita appartiene a quegli individui
strani ed eccezionali, che osano
essere diversi.

Oscar Wilde

This Chapter introduces the principles of LiDAR with a focus on ToF
and FMCW methods. As well as a description of the LIDAR OS0 used for
the experiments.

2.1 Introduction

In recent years, LiDAR (Light Detection And Ranging) is playing a
large role in the automotive industry, not just in atmospheric aerosols and
aerial mapping. The fuel of this widespread is in finding an adequate so-
lution to all aspects of 3D imaging for automotive.

LiDAR is a remote sense technology based on a well-known measurement
technique in the optoelectronic with established publications in the liter-
ature. It works on a simple working principle based on counting the time
carried out by light to be transmitted and received to perform the distance
of objects. This is reported in previous literature as the time-of-flight
(TOF) principle. LiDARs have become so relevant for the capability to
provide 3D high-fidelity information around a vehicle makes them invalu-
able tools for those tasks requiring accurate detection. Generally, cameras
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and RADIO Detection And Ranging (RADAR) are offered as alternative
solutions. Those based on the use of cameras are the oldest and require
cheap hardware; on the counterpart, they are quite sensitive to environ-
mental conditions. They use 2D data and rely on stereo-vision to obtain
distance measurements by means of triangulation [35, 36, 37, 38, 39, 40, 41].
Those solutions are optimal for indoor applications without a strong solar
or night background, and although the spatial resolution of the images is
limited, and depth resolution is kept at the cm level. RADAR- and LiDAR-
based systems represent reliable and performing solutions that can operate
both at day as well as at night time. Differently from cameras, they (i)
reproduce a 3D image of the scene, (ii) perform a direct measurement of
the distance, (iii) speed up the estimation of the size of the objects in the
field of view, and (iv) avoid privacy issues, since the information related
to the persons in the scene keeps safe their anonymity, as it consists of a
mere cloud of points [2].

With respect to RADARs, which use radio-frequency or microwave signals,
LiDARs use laser beams in the nanometer range to measure the time of
flight of the emitted pulses; laser beams offer finer resolution and can be
produced by sources characterized by size and weight much smaller than
that of RADAR antennas [42, 43, 44, 45].

The main challenges for RADAR- and LiDAR-based solutions consist of
trading off between amount of collected data and computational burden, to
achieve real-time software execution. Actually, defining and implementing
reliable and effective software solutions represents a major research topic
for both Academia and Industry [46, 47].

A generic architecture of the LIDAR system is shown in Figure (2.1),[48,
49|. In particular, the LiDAR structure is divided into two parts: front-
end and data processing unit. The former comprises the hardware units
and the related embedded system for data pre-processing, while the latter
focuses on the data processing stages. More specifically LiDAR front end
typically includes the following components:

- Laser Source: LiDAR systems use laser diodes or solid-state lasers
to emit short pulses of laser light. These lasers are chosen for their

ability to produce highly collimated light.

- Scanning Mechanism: many LiDAR systems incorporate a scanning
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Figure 2.1. LiDAR common structure [1]

mechanism to direct the laser: flash, mechanically spinning.

Optics: optics, including lenses and mirrors, are used to focus and
shape the laser beam, ensuring that it is directed accurately and
efficiently toward the target area. They also help in collecting the
return signal.

Photodetector: LiDAR system is made up of photodetectors, such
as photomultiplier tubes (PMTs) or avalanche photodiodes (APDs),
to detect the backscattered or reflected laser light. These detectors
convert the received light into electrical signals.

Control and Data Processing Unit: systems are controlled by a unit
that coordinates laser firing, scanning, and data acquisition. This
unit also processes the raw data, performing first tasks like Time-
of-Flight Measurement (ToF), filtering, noise reduction, and signal
processing to generate 3D point cloud data.

GPS and IMU: many systems are equipped with Global Positioning
System (GPS) receivers and Inertial Measurement Units (IMUs) to
provide accurate geo-referencing and positioning data. This infor-
mation is essential for creating precise 3D maps and models of the
environment.
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2.2 Measurement Principles

The measurement process begins by projecting a signal onto an ob-
ject designated as the target. Subsequently, the reflected or backscattered
signal is detected and processed to obtain the distance. This process pro-
vides a three-dimensional representation, in the form of a point cloud,
related to surroundings. Hence, the range R or distance to the target
could be obtained by modulating the intensity, phase, and/or frequency
of the transmitted signal or measuring the time required by the signal to
reach the target and to appear back at the receiver (ToF).

2.2.1 Time-of-Flight (ToF)

Time-of-flight (ToF) technology works based on the measurement of
the time 7 it takes for a signal to travel from a source to a target and back
again. Since the speed of light ¢ is a given constant, the range R to the
target is directly proportional to the traveled time. The measured time is
representative of twice the distance R to the object, as light travels to the
target forth and back, and, therefore:

cT

R = 5 (2.1)
The measurement process begins within the LiDAR front end, where an
active laser source is utilized to periodically emit laser pulses. The time
interval between consecutive laser pulses is denoted as a single measure-
ment cycle. The detector array is equipped with multiple Single Photon
Avalanche Diodes (SPADs). These SPADs are specialized photon diodes
biased beyond their breakdown voltage, enabling a single photon to ini-
tiate the avalanche effect, ultimately leading to diode breakdown. After
being triggered by a photon, a SPAD enters a temporary insensitivity
phase, incapable of detecting subsequent photons for a specified duration,
known as the "dead time" [50]. In practical application, a quenching cir-
cuit is used to reset the SPAD to its initial state. Signals € from the
embedded system are transmitted to control the laser’s operation, manage
the quenching circuit, and facilitate the readout process. Afterward, the
first output from the LiDAR system is ToF, which is converted to a digital
timestamp (T'S) using a time-to-digital converter; as shown in Figure (2.1).
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The resolution in the range is directly determined by the digit number of
the timestamp. Ideally, the maximum measured range value is restricted
only by the maximum time interval that can be measured by the time
counter. In practice, both laser energy losses during the trajectory espe-
cially for diffuse targets, and electronic noise of the detection circuit, lead
to a signal-to-noise ratio (SNR) a limiting factor for the effective range
in pulsed LiDARs. Another aspect to be considered is SPAD’s failure in
distinguishing between laser photons from ambient ones. Therefore, time-
correlated single photon counting (TCSPC) is typically used to solve this
issue [51]. It combines multiple consecutive T'Ss into a time-correlated
histogram (TC-HIST). The time during which TC-HISTs from all SPADs
are collected and completed is called a frame. In the TC-HIST, the y-axis
signifies the count number, while the x-axis denotes time. The bin width
on the x-axis can be equal to or less than the TS resolution. The num-
ber of collected TS in a frame increases, and the distance information and
noise floor become more intuitive. A typical TC-HIST encompasses noise
features, and distance information (D-Info); the ambient photon count fol-
lows a uniform distribution. Upon completing one frame, TC-HISTs are
processed by specific algorithms on embedded systems, such as peak detec-
tion, digital filters, and maximum likelihood estimation, to extract D-Info
(R). More details on specific algorithms for extracting D-Info are reported
in [51, 52, 1, 53, 54].

2.2.2 Frequency Modulation Continuous Wave (FMCW)

Frequency Modulated Continuous Wave (FMCW) is a sophisticated
and versatile technology widely used, also, in radar systems. FMCW
employs continuous waveform with modulating frequencies, allowing it to
provide valuable information about target range and even velocity. The
transmitted signal in the FMCW technique is based on the "chirp," a
sinusoidal signal whose frequency is continuously varied over time. The
signal is characterized by a bandwidth B, an initial frequency f., and a
duration T,. An easy way to represent the chirp graphically is as shown
in Figure (2.2), where the slope in the frequency-time graph measures the
speed of frequency of the chirp signal increases during time.

The synthesizer generates the chirp, defined in the time [0 — T.], to
be transmitted to a target with the frequency that depends on the time
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Figure 2.2. Sawtooth frequency modulation in FMCW method and beat
frequency for static target.

Trasmitted signal

following :
frx(t) = fe+ slope t (2.2)

The chirp detected by the receiving antenna experiences a delay compared
to the transmitted chirp, defined as the 'round trip time’ = 2R/c, where
R is the distance from the target, and c is the speed of light. For a static
target, the delay between transmitted and reflected chip/signal provides
a constant frequency difference frp. In Figure (2.2)b, it is evident that
the received signal is a delayed version of the transmitted signal by a
time. Considering the frequency varies under linear law, frp is directly
proportional to distance R of the target, according to:

B B2R T,

T.r 1T, ¢ Jir 2B

f1r = slope T = (2.3)
where B is the bandwidth, and T, denotes the period of the ramp. The
Equation (2.3) is central to FMCW processing: the difference in frequency
between the transmitted and the received signals is constant proportional
to the range of the scatterer that reflected echo. When multiple objects
are present, the received signal consists of various sinusoidal tones which
could be separated from each other by using FFT transform.

The resolution of a LiDAR can be determined by the frequency resolution.
The frequency resolution is given by the duration of the signal used to
form the spectrum of the chirp signal:

Af =1/T, (2.4)
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So that, the range bin width is found using the incremental form of the

fundamental eq. (2.3),

C
AR= (2.5)

c is the speed of light in free space. To enhance spatial resolution, it is
necessary to increase the duration of the observation window T of the chirp
until the sinusoidal tones are adequately separated in frequency. However,
this results in an increase in bandwidth. It is observed that the resolution
range depends solely on the bandwidth swept by the chirp: the wider the
bandwidth B, the greater the range resolution, and the smaller the distance
between targets that the radar can discriminate.

The FMCW technique offers a noteworthy benefit by not just assessing
the distance R but also determining the radial velocity v, of the target,
including its direction by means of a single echo signal.

This capability to measure velocity is a distinctive and valuable feature of
FMCW, making it particularly suitable for applications such as Doppler
LiDAR, traffic monitoring, and speed measurement system. If the target
is moving at a certain range R, the Doppler effect occurs. So, the beat
frequency will be under the effect of frequencies due to time delay 7 and
due to the Doppler effect f;. The ’Sawtooth linear’ frequency modulation
is not suitable for separating the two frequencies. In fact, the Doppler
frequency will occur only as a measurement error in the range value. With
a triangular frequency shift, a target range can computed on both the
rising and falling edges. An echo signal is shifted to the right in Figure
(2.2)b relative to the transmitted signal, depending on the running time.
Without a Doppler frequency, the frequency difference on the rising edge
is equal to the measurement on the falling edge. A Doppler frequency
shifts the entire echo signal in frequency upward (movement toward the
sensor) or downward (movement away from the sensor). Consequently,
beat frequency elements are overlaid onto:

ft=fir+ faand [~ = fip — fa (2.6)

In this case, range and radial velocity can be obtained as following:

R=

e 27
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Figure 2.3. Triangular frequency modulation in FMCW method and beat
frequency for moving target [2].

A

o= 0= 30— ) (2.8)

where A is the laser wavelength. The main benefit of autonomous vehicle
applications is their ability to sense simultaneously the speed value, its
direction, and the range. However, its detection scheme poses potential
problems related to practical issues like the accuracy of the modulation
electronics, or linearity of the intensity-voltage curve of the laser, which
require advanced signal processing. Although the FMCW method shows
those advantages, it is not the principal approach in lidar imaging sys-
tems for autonomous vehicles. Some teams are currently implementing
lidar solutions based on ToF technology in commercial systems due to its
differential advantages in implementation.

2.3 LiDAR equation

The echo signal detected by receivers is analyzed in this paragraph.
The power of a received signal from a distance R, can be written as:

P(R) = KG(R)B(R)T(R). (2.9)
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The first factor K denotes the performance of the LiDAR, and the second
G(R) describes the range-dependent geometry. These two factors are con-
trolled during the setup phase. The last two factors contain information
to be extracted from the beam. The S(R) is the backscatter coefficient
at distance R while T(R) denotes the transmission term describing the
amount of radiation that is lost on the way from the LiDAR to the target
and back.

More specifically, the system factor can be written as:

K= Po%An (2.10)

P, is the average power of a single laser pulse and 7 is temporal pulse
length. The Py7 product represents the energy of the impulse Ey, while
the product cr is the length of a volume illuminated by the laser pulse at a
fixed time. The factor 1/2 is justified by the fact that when a laser signal
is detected at an instant ¢ after the initial pulse edge is emitted, the same
part of the pulse backscattered arrives at the receiver from the distance

R, = %t Concurrently, light generated by the trailing edge arrives from

a distance Ry = @ Therefore, AR = Ry — Ry = 5 represents the
length of the volume from which backscattered light is received at an in-
stantaneous moment. This length is termed the "effective (spatial) pulse
length".

The factor A denotes the area of the primary receiver optics which is re-
sponsible for collecting the backscattered light, and 7 is the overall system
efficiency, as in Figure (2.4). The energy Ey, 7, and area A, are the param-
eters of a LiIDAR system that can be optimized to obtain the best possible
signal.

The geometrical factor, G(R):

(2.11)

Incorporates the laser-beam receiver-field-of-view overlap function O(R)
and the term R™2. R~? dependence comes out from the assumption the
area of the receiver telescope constitutes a portion of a sphere’s surface with
a radius R. As a consequence, the signal’s intensity decreases drastically
with distance.
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Figure 2.4. Illustration of the LiDAR geometry [3].

In concluding the LiDAR equation, it is essential to account for the
portion of light that becomes attenuated during its path from the lidar to
the scattering volume and back. The transmission term 7'(R) is a variable
ranging between 0 and 1, and its value is determined by:

T(R) = exp [—2 /0 " alr,\) dr] (2.12)

This term arises from the particular expression of the Lambert—-Beer—Bouguer
law applicable to lidar. The integral takes into account the trajectory from
the lidar to the distance R and back. The cumulative effect of all trans-
mission losses is referred to as light extinction, and «(r, \) represents the
extinction coefficient. It is defined similarly to the backscatter coefficient,
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being the product of the number concentration and the extinction cross-
section 0 .4t for each type of scatterer, denoted by j.

alr,\) = Z Nj(R)0jext(N) (2.13)

with unit in 1/m. In summarizing the examination of individual terms,
the lidar equation can be expressed in a more conventional format:

O(R)
RQ

R
P(R,\) = PO%AU B(R; N)exp [2/ a(r,\) dr} (2.14)
0

More details on the eq.(2.9) are available in [3]. It’s important to note that
the signal detected will invariably encompass a background component,
in addition to the lidar signal described earlier. During daylight hours,
the background signal is predominantly influenced by direct or scattered
sunlight, while during nighttime, contributions from the moon, stars, and
artificial light sources become prominent. Detector noise serves as another
source of unwanted signals.

2.4 Imaging Strategies

After introducing the two primary measurement approaches employed
in LiDAR imaging systems, it is noteworthy that each of them has been
introduced as point-wise measurements. Nevertheless, the LiDAR images
of interest consistently form 3D point clouds, providing precise depictions
of expansive fields of view, extending up to 360 around the object of in-
terest. Several strategies have been suggested for constructing LiDAR
images based on the repetitive nature of point measurements. Yet, these
approaches can be fundamentally categorized into two distinct families:
mechanical scanners and detector arrays.

2.4.1 Mechanical scanners

LiDAR based on mechanical scanners strategies, incorporates high-
quality optics and a rotating or galvanometric assembly typically featur-
ing mirrors or prisms attached to mechanical actuators. Units with both
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Figure 2.5. Side-view (a) and top-view (b) of the schematic of a mechanically
spinning LIDAR. Each transmitter radiates at a different angle, such that
the radiation pattern of the array forms a wide-aperture fan with equally
distributed rays. The sensor scans the surroundings by rotating the linear
array around its axis to gain a 360° horizontal field of view.

sources and detectors collectively rotate around a single axis.

In a 2D mechanical scanner lidar setup, the scanning motion of a single
beam occurs along a single axis, allowing the system to capture information
in a horizontal direction. This approach is commonly used for applications
where a panoramic view in the horizontal plane is sufficient. However,
they may be limited in capturing vertical information, which is where 3D
lidar systems with additional scanning capabilities become valuable. In
the latter scenario, multiple detectors may be positioned vertically along
the spinning axis, enabling to capture of information in both horizontal
and vertical planes, as depicted in the Figure (2.5). With this setup, the
sensor achieves a 360-degree field of view (FOV) and effectively covers the
entire surroundings of the vehicle. The angular resolution for a mechan-
ical scanner LiDAR, is the second most important specification after the
range resolution. The angular resolution of a LiDAR system signifies the
minimum angular or linear separation between two points that the sensor
can distinguish. A higher angular resolution means that the lidar system
can distinguish between closely spaced angular positions, providing more
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detailed information about the surroundings. On the other hand, lower
angular resolution may result in a coarser representation of the scanned
environment. Consequently, sensors with superior resolution can gener-
ate more densely packed point clouds. The angular resolution of a 3D
mechanical scanner lidar refers to the angular resolution, both horizontal
and vertical. To obtain accurate and current information on the angular
resolution of a specific mechanical scanner LiDAR, one should refer to the
technical documentation or specifications provided by the manufacturer.
They usually provide detailed information about the LiDAR system’s capa-
bilities, including its angular resolution in both the horizontal and vertical
dimensions. The angular resolution is often specified in terms of degrees or
radians per unit of rotation. Sometimes, the horizontal angular resolution
is expressed by using the total number of steps:

FOVy
Hres =
df

(2.15)

where df is the azimuthal /horizontal angular resolution in degrees.
Despite the widespread use of these scanners, this configuration comes
with several drawbacks in a consumer unit. Specifically, concerns arise
regarding the reliability and maintenance of the mechanisms, the mass
and inertia of the scanning unit imposing limitations on scanning speed,
the inflexibility of scanning patterns, and susceptibility to misalignment
due to shock and vibration.

2.4.2 Flash imagers

Considering the constraints associated with scanning lidar methods
involving moving elements, alternative imaging techniques have been sug-
gested to mitigate these effects. Optical elements for transmission illumi-
nate an entire scene, while a linear array (or matrix) of detectors simul-
taneously captures signals from distinct angular subsections. This setup
enables the acquisition of range data for the target in a single shot (see Fig-
ure 2.6), facilitating the seamless handling of real-time applications. The
illumination can take the form of pulsed signals in flash imagers or con-
tinuous signals in FMCW lidars. A highly effective architecture for lidar
imaging systems in autonomous vehicles is flash lidar, which has advanced
to the point of nearing commercial deployment in short and medium-range
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Figure 2.6. Structure of flash LiDAR [3].

applications. In flash lidar, imaging is achieved by illuminating an entire
target scene or a specific portion of it with pulsed light. The backscat-
tered light is collected by a receiver distributed across multiple detectors,
as illustrated in Figure (2.6). Each detector records the distance using the
conventional time-of-flight principle and in some cases, the reflected inten-
sity. Consequently, both the optical power projected onto a 2-D array of
detectors and the 3D point cloud are directly derived from a single laser
pulse directed at the target [55, 56, 57|. The laser’s beam divergence is
typically chosen to optically align with the receiver’s field of view (FOV),
ensuring the simultaneous illumination of all pixels in the array. Each
detector within the array is independently activated upon the return of a
pulse, measuring both the intensity and range. Consequently, the spatial
resolution is, determined by the density at which detectors are packed,
often constrained by the patterning capabilities of technology. The illumi-
nating region and the backscattering at the target markedly diminishes the
optical power accessible, necessitating exceedingly high peak illumination
power and extremely responsive detectors when compared to single-pixel
scanners. Positively, flash lidars show advantages in capturing the entire
scene in a single shot, enabling a rapid data capture rate. Consequently,
this method proves highly robust against vibration effects and movement
artifacts that might otherwise distort the image.
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2.5 OUSTER 0OS0-128

The LiDAR employed in this thesis on the assisted driving system, is
the OS0-128 model produced by OUSTER company.
The OSO presents an unmatched blend of affordability, performance, reli-
ability, compactness, weight, and power efficiency. Engineered for indoor
and outdoor use in all weather conditions, it ensures an extended operating
lifetime.
Within the OS0 sensor family, three distinct models OS0-128, OS0-64, and
0S0-32—share identical mechanical dimensions while varying in vertical
resolution. Throughout this section, the term "OS0" collectively denotes
the model OS0-128, with specific model designations mentioned only when
there are performance distinctions.

2.5.1 Mechanical structure

0S-0 falls into the category of Rotating Compact LiDAR. It provides a
broad vertical field of view (FoV) of 90 degrees and a complete 360 degrees
horizontal FoV.

The optical module of this particular LIDAR comprises sets of 128 trans-
mitters (TX) and receivers (TX) arranged in an array with vertical con-
figuration; see la set in Figure (2.7). Positioned on a revolving turntable
(refer to 2 set in Figure 2.7), the optical module moves horizontally along
the sensor’s axis, enabling a comprehensive 360 degrees scanning of the
scene. More specifically, the light-ranging optical module is composed of
the light-ranging device and a user interface. The light-ranging device in-
cludes a ranging system controller, a light sensing module (Rx), and a light
transmission module (Tx). The light sensing module incorporates a sen-
sor array comprising individual single-photon avalanche diodes (SPADs).
Each SPAD in the sensor array corresponds to a specific emitter in the
emitter array, a result of the geometric arrangement of the light sensing
module and the transmission module. Ranging data are generated by the
light-ranging device by emitting one or more pulses from the light transmis-
sion module to objects within the Field of View (FoV). The light receiver
module (Rx) detects the back-scattered energy from the objects after a
certain delay time. The ranging system controller manages both the light
sensing module and the light transmission module by issuing configuration
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Figure 2.7. Structure of LIDAR 0S0-128 from Ouster website: la) Light
Ranging Optical Module 1b) Ranging device control board 2) Rotary actuator
3) Finned enclosure.



https://ouster.com/products/hardware/os0-lidar-sensor

2.5. OUSTER OS0-128

27

commands and start and stop commands.

The processing unit can employ matched filters and peak detection pro-
cessing for the identification of return signals over time. Moreover, the pro-
cessor can execute specific signal processing techniques, including multi-
profile matched filtering, to aid in the retrieval of photon time series that
are less prone to pulse shape distortion caused by SPAD saturation and
quenching.

2.5.2 An Unusual Operating Wavelength

One aspect of Ouster LiDAR is their 850 nm operating wavelength. As
a first impression, operating with wavelengths in regions of low solar flux
to ease system design would be a better choice. Some lidar brands often
choose operating wavelengths in regions of low solar flux to ease system de-
sign. Ouster brand operates at 850 nm, choice runs counter to this trend.
A plot of solar photon flux versus wavelength at ground level (the amount
of sunlight hitting the earth versus wavelength) shows that at 850nm there
is almost 2x more sunlight than at 905 nm, up to 10x more sunlight than
at 940nm, and up to 3x more sunlight than 1550nm — all operating wave-
lengths of legacy lidar systems. Several benefits of the 850nm wavelength
exist.
Better performance in humidity can be reached in humid and foggy con-
ditions at ground level when the laser pulses transmit through the air
resulting in less laser light captured by the lidar receiver. By contrast,
the 850 nm spectrum has lower atmospheric water vapor absorption in all
conditions — as much as several orders of magnitude better than other pop-
ular lidar operating wavelengths like 1550 nm. This means ouster lasers
are not absorbed in humid conditions and achieve more consistent oper-
ation overall. Water vapor absorption issues shouldn’t be confused with
liquid water in the atmosphere like rain, or dense fog which are challenging
but surmountable conditions for all lidar sensors.
Moreover, an improved sensitivity in CMOS could be shown; silicon CMOS
detectors are far more sensitive at 850 nm than at longer wavelengths.
There is as much as a 2x reduction in sensitivity just between 850 and
905nm. Designing Ouster’s system at 850 nm allows to detect more of
the laser light reflected back toward our sensor which equates to a longer
range and higher resolution.
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Figure 2.8. Solar Spectral Irradiance and working wavelength of LiDAR
08S0-128 from Ouster website.

2.5.3 Raw Cloud-point processing

The subsequent section aims to elucidate the initial steps involved in
obtaining the ultimate data for processing. The primary step involves a
detailed examination of the raw data output generated by the LIDAR.The
raw data output from the LiDAR consists of individual lasers that collec-
tively form the LiDAR dataset. The transformation process of this data
from the coordinate frame associated with each laser beam to the overall
local Coordinate Frame of the LiDAR system is delineated.

The LiDAR Coordinate Frame adheres to the right-hand rule conven-

tion. As depicted in Figure (2.9), the LiDAR Coordinate Frame is denoted
by X1, Yz, and Z;. The orientation of the axes is defined with the positive
x-axis aligned with the 0° encoder angle and the red external connector.
The positive y-axis is directed towards the 90° encoder angle, and the pos-
itive z-axis points upwards, indicating the top of the sensor.
The output data packet comprises crucial information from each laser, ne-
cessitating transformation into 3D Cartesian coordinates within the Lidar
Coordinate Frame. The structure of the data is contingent on the selected
output mode.
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Figure 2.9. Side view of Lidar Coordinate Frame; image from the ouster
brand site.

Precisely, the package can be segmented into two primary blocks: infor-
mation pertinent to reconstructing a point in the Lidar Coordinate Frame
and associated features.

For the reconstruction of the scene at points defined by Cartesian coor-
dinates, the essential data includes: r’ fmm/ magnitude of distance vector
from laser beam origin of the i-th channel to detected point, this value is
not provided, it is just to illustrate the concept ; n [mm]| - magnitude of
distance vector from lidar origin to laser beam origin; r (range) [mm] -
magnitude of vector sum r’ + n of the i-th channel; beam-altitude-angles
|[degree] - angle in zy plane with respect to ideal scan line of i-th chan-
nel; beam-azimuth-angles |[degree| - angle in the plane defined by the z
coordinate and the xy plane with respect to ideal scan line of i-th channel;
Encoder Count - an azimuth angle as a raw encoder count, starting from
0 with a max value of 90,111 - incrementing 44 ticks every azimuth angle
in 2048 mode, 88 ticks in 1024 mode, and 176 ticks in 512 mode. Figure
(2.10) provides a graphical representation of the illustrated concepts.

Defined the angles:

(2.16)

Encoder — Count
Ocncoder = 2T <1 - )

90112
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Figure 2.10. Graphical representation of the azimuth and elevation angles
of a laser beam; basic image from the Ouster brand site. (a) Top view of Lidar
Coordinate Frame; (b) Side view of Lidar Coordinate Frame.

beam — azimuth — angles
aazimuth =27 (_ 360 J > (217)
beam — altitude — angles
=9 2.18
¢ =2m 360 (2.18)
The corresponding x,y, z values for each point, are computed as fol-

lowing:
T = (T - n) * Cos(eencoder + eazimuth) * 1k COS(¢) +n* cos(eencoder) (2.19)
y = (r—n) * sin(Ocncoder + Oazimuth) * 1% cos(@) +n* sin(bencoder) (2.20)
z=(r—n)x*sin(¢) (2.21)
The features associated with each detected point, are the following:
e Timestamp - timestamp of the measurement in nanoseconds.

o Measurement ID - a sequentially incrementing azimuth measurement
counting up from 0 to 511, or 0 to 1023, or 0 to 2047 depending on
lidar mode.

e Frame ID - index of the lidar scan. Increments every time the sensor
completes a rotation, crossing the zero point of the encoder.

e Signal Photons - signal intensity photons in the signal return mea-
surement.
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o Reflectivity
e Ambient Photons - photons from ambient light.

Each frame consists of several points (N) equal to the product value of the
horizontal resolution (N,) and the number of channels (V).

Each data packet of a frame contains N, values of azimuth angles and ele-
vation angles associated with each channel and N, encoder angles. Range
values are stored with blocks with length (V..), and each block was acquired
with an azimuth value j = 1,..., N,. The number of total blocks is equal
to the horizontal resolution values. Figure (2.11) shows the Memory orga-
nization of the range value using a block diagram. The N points z, y, z are

Block N, of Range values for Channels i=1,..,128 acquired with 6,,,c0qer[Na |

Block j of Range values for Channels i=1,..,128 acquired with O,,coqer L]

Block 1 of Range values for Channels i=1,..,128 acquired with B,,coger[1]

Figure 2.11. Memory organization of the range values of a single frame in
a data packet for a lidar with N.=128.

obtained by applying the equations (2.19-2.21) on each individual channel
for a current encoder angle.

2.5.4 LIDAR specifications

As seen before each measure, output from a channel at a certain time
(timestamp), contains information about Range, Signal Photons, Reflec-
tivity, and Ambient Photons.

The data rate depends on the number of channels: for an OS-0 128
channels, the data rate is 254 Mbps. Data rate refers to the speed at
which data is transferred or processed over a communication channel or a
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computing system. It is typically measured in bits per second (bps), kilo-
bits per second (kbps), megabits per second (Mbps), gigabits per second
(Gbps), or higher multiples.

The OS0 128 offers a maximum range depending on the properties of
the object’s surface and on the sunlight. A target with property as 80%
Lambertian reflectivity, and 100 klz sunlight can reach a maximum range
of 45 m. Lambertian reflectivity refers to the way a surface reflects light
in a diffuse and isotropic manner. This is an idealized property that is
often used in various fields, such as computer graphics, computer vision,
and remote sensing, for simplicity in modeling and calculations. When you
see "80% Lambertian reflectivity," it means that the surface reflects only
80% of the incident light in a Lambertian manner, while the rest may be
absorbed or scattered differently. In this case, reflectivity factor p would
be 0.8 or 80%. The minimum range for a Lambertian target to 10% is
0.3 m while for distances within 0.3 m, OS0 can fail to indicate objects.
Minimum range refers to the shortest distance at which the LiDAR sensor
is capable of making accurate distance measurements. The range accuracy
is on the order of 3 cm. Range accuracy is typically expressed as a margin
of error or a percentage of the measured distance. OS0 128 shows a storage
temperature from -40°C to 75°C

The "storage temperature" of a LiDAR system refers to the recom-
mended temperature range within which the device should be stored when
not in use. This specification is important because electronic and optical
components within the LIDAR system may have temperature-dependent
characteristics, and storing the device outside the recommended tempera-
ture range could lead to performance issues or damage. The storage tem-
perature is distinct from the operating temperature, which is the range of
temperatures within which the LiDAR system should be operated during
regular use. The storage temperature is relevant when the LiDAR is not
actively collecting data or in transit, such as during shipping or when the
device is in storage between uses. The performance varies with operating
temperature; for a temperature between +47°C and +55°C, the sensor au-
tomatically reduces the range in Figure (2.12)., details are shown.

The parameters illustrated above and in the previous sections, are shown
in tabular form in Figure (2.12).




OUSTER OS0-128

33

LIDAR OUTPUT
| Connection
Points Per Second

|Data Rate

: Data Per Point
_Tlmeslamp Resolution
| Data Latency

OPTICAL PERFORMANCE

UDP over gigabit Ethernet

655,360 (32 channel)
1,310,720 (64 channel)
2,621,440 (128 channel)

66 Mbps (32 channel)
129 Mbps (64 channel)
’254 Mbps (128 channel)

| Range, signal, reflectivity, near-infrared, channel, azimuth angle, timestamp
l( 1ps
|<10ms

Range (80% Lambertian Reflectivity) 145m @ 100 kix sunlight, >90% detection probability

50 m @ 100 kix sunlight, >50% detection probability

Range (10% Lambertian Reflectivity) 15m @ 100 kix sunlight, >90% detection probability

Minimum Range

Range Accuracy

Precision

(10% Lambertian Reflectivity;
1 standard deviation)

Range Resolution
Vertical Resolution
Horizontal Resolution
Field of View

Angular Sampling Accuracy
False Positive Rate

120 m @ 100 kix sunlight, >50% detection probability

0.3 m for point cloud data

0 m- 0.3 m blockage detection (flag to indicate object within 0.3 m)
|#3cm for lambertian targets, +10 cm for retroreflectors

03-1m:t2cm
1-10m: 1 cm
10-15m: £1.5cm
>15m:t5cm

[03cm
32, 64, or 128 channels
‘512, 1024, or 2048 (configurable)

Vertical: 90° (+45° to -45°)
| Horizontal: 360°

| Vertical: £0.01° / Horizontal: 0.01°
11/10,000

OPERATIONAL
Operating Temperature 0S0: -20 *C to +55 *C (with mount)
0SO0 Cold Start: -40 °C to +55 °C (with mount)
Between +47 “C and +55 °C, sensor automatically reduces range (max 20%
| |range reduction)
Storage Temperature -40 ‘Cto+75°C
Ingress Protection IP68 (1m submersion for 1 hour, with I/0 cable attached)

Figure 2.12.

|IP69K (with I/0 cable attached)

Datasheet OS0 128, from Ouster website
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Chapter

LiDAR Object Detection

3.1 Introduction

Autonomous driving technology involves the utilization of sensors to

gather real-time information about the vehicle’s surroundings, allowing it
to navigate the road safely and efficiently without human intervention [58].
This technology significantly alleviates the driver’s burden, enhances en-
ergy efficiency, and reduces traffic accidents.
The Society of Automotive Engineers (SAE) has established the J3016
standard, categorizing driving automation into six levels, ranging from no
automation (level 0) to full automation (level 5). While the sensing range
and accuracy of autonomous vehicles of sensor technology on board ve-
hicles are pivotal; achieving continuous situational awareness, especially
beyond level 3, poses challenges. Autonomous vehicles heavily rely on on-
board sensors like LIDAR, cameras, and radar [59]. However, factors such
as sensor limitations, obstacles, lighting conditions, and adverse weather
affect the vehicle’s perception range, leading to blind spots and poten-
tial failures to detect imminent dangers promptly. Past incidents, like the
misidentification of a tractor’s white side as the sky, underline the critical
need to address these limitations [60].

To overcome the deficiencies in perception and data processing beyond
level 3, a holistic approach incorporating advanced sensing technology,
edge computing, communication, and other technologies is essential. This
synergy aims to establish an autonomous driving cooperative perception
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system within the Internet of Vehicles (IoV) environment. The goal is
to enhance perception accuracy, extend the perception range, and reduce
processing delays, ensuring a safer and more efficient autonomous driving
experience. Moreover, this will furnish autonomous vehicles with more pre-
cise and comprehensive real-time environmental data, establishing a solid
groundwork for achieving autonomous driving capabilities beyond level 3
[61].

Concurrently, collaborative perception within the Internet of Vehicles (IoV)
environment holds the potential to decrease the reliance on onboard sen-
sors, thereby reducing the overall cost of autonomous vehicles and expe-
diting the commercial adoption of advanced autonomous driving function-
alities. The two primary implementation approaches for cooperative per-
ception are vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I).
Vehicle-to-Infrastructure (V2I) is a communication model that allows ve-
hicles to share information with the sensors which monitor an infrastruc-
ture system. More specifically, Intelligent infrastructure systems at base of
V2I and advanced automotive applications need reliable and efficient mon-
itoring solutions, that should be able to perform environment perception
as: detecting vehicles, pedestrians, or suspicious obstacles by a section of
interest, measuring the the speed of a vehicle in a lane, checking vehicles al-
lowed to restricted zones, estimating travel times, traffic densities, etc [62].
V2I communication is typically two-way; the data can be transmitted from
infrastructure sensors to the vehicle via a network and vice versa. In an
intelligent transport system (ITS), V2I sensors can acquire infrastructure
data and provide drivers with real-time alerts on road conditions, traffic
congestion, accidents, and construction zones (63, 64, 65|. Similarly, traf-
fic monitoring systems can use the infrastructure and vehicle information
to set variable speed limits and adapt the Phasing and Timing of traffic
Signals (SPaT) to increase fuel economy and traffic flow [66]. By receiving
data about the current status of traffic signals (Signal Phase and Timing
- SPaT information), autonomous vehicles can optimize their speed and
trajectory for safe and efficient navigation, especially at intersections. This
reduces the likelihood of collisions and improves traffic flow. V2I allows
autonomous vehicles to receive notifications about ongoing construction
activities, road maintenance, and temporary changes in road conditions.
This information helps the vehicle adapt its behavior to navigate through
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construction zones safely.

This chapter aims at providing a wide audience with tutorial infor-
mation about the use of LiDAR sensors in monitoring applications, the
authors illustrate the main conceptual steps of an approach for detecting
and tracking moving objects in the observed scene. The discussion is also
complemented with the presentation of a short case study, which is useful
to assess the performance of the proposed approach.

The contribution shows as a minor finding that even in the presence
of high-throughput data, like those returned by top-end LiDARs, some
tasks, namely the recognition and tracking of the objects in the scene, can
be proficiently executed by means of the hardware resources offered by an
up-to-date personal computer.

3.2 Related work

Environment perception refers to the ability to perceive and under-
stand the surrounding environment. In the context of advanced technolo-
gies, such as autonomous driving, environment perception refers to the
ability of a system or device to accurately perceive and interpret elements
of the surrounding environment.

For example, an autonomous vehicle must be able to detect and under-
stand the presence of other vehicles, pedestrians, road signs, obstacles,
and other environmental variables to make appropriate and safe decisions
during driving. This environmental perception is often based on a combi-
nation of sensors such as cameras, lidar, radar, and other devices that pro-
vide data to the artificial intelligence system responsible for autonomous
driving.

Throughout this section, the term "environmental perception" generally
denotes environmental perception applicable to both autonomous driving
and technology V2I.

Object detection with 3D bounding boxes poses a fundamental challenge
in establishing environmental perception for autonomous systems such as
autonomous vehicles, robots, and unmanned aerial vehicles. Autonomous
systems rely on the perception of objects in their surroundings through
a variety of sensors, including cameras and LIDAR, to facilitate naviga-
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tion and obstacle avoidance. Over the recent years, notable advancements
have been made in 2D object detection within computer vision, driven
significantly by the emergence of convolutional neural network (CNN)

technology. Despite these strides, 3D object detection remains a persis-
tent challenge, particularly in scenarios where multiple and diverse sen-
sors are employed to acquire more comprehensive and resilient information
[67, 68, 69, 70, 71, 72].

Lately, numerous researchers have concentrated on point-cloud-based tech-
niques for 3D object detection, driven by the inherent advantages offered
by this data type: accurate depth information and densely packed geomet-

ric shape features 73, 74, 75, 76].

Nevertheless, a conventional point cloud falls short in providing detailed
texture information for an object, a quality that proves highly advan-

tageous in capturing distinctive features. Conversely, images offer more
details on color and texture, without the inherent depth and scale informa-

tion unless employing intricate and computationally demanding algorithms
(e.g., stereography). For instance, objects such as cars or pedestrians iden-

tified at extended distances yield sparse points, presenting a significant

challenge in the sole reliance on point cloud data for their classification
or localization. Simultaneously, within the image domain, the texture and
color characteristics of objects remain discernible even at greater distances,

owing to the heightened spatial density of images and are likely to be ef-

fectively captured by established and sophisticated 2D CNNs technology.

Numerous approaches have developed into detecting objects with 3D bound-
ing boxes using point cloud data, leveraging its precision in conveying
geometric details. These methods can be broadly categorized into three
main groups: projection-based methods, volumetric-based methods, and
PointNets-based methods.

Projection-based methods convert point clouds into 2D representation.

Several studies |77, 78, 79, 80, 81] employ 2D CNNs directly on the Bird’s

Eye View (BEV), which is a top-down 2D representation. This approach

aims to predict the 3D bounding box and orientation of an object. In a
similar vein, FVNet [82] projects raw point clouds onto front view planes,

to estimate the parameters of the bounding box, including object location,

size, and orientation. This method allows for adapting 2D detection algo-

rithms but limiting depth information compared to true 3D approaches.
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Volumetric Grids represent the 3D space as a volumetric grid, where each
grid cell contains information about the presence of objects. Lidar points
are discretized into this grid, allowing for efficient processing. But a major
challenge is to require careful handling of grid resolution for efficiency and
accuracy [83, 84, 85].

PointNets based methods are based on PointNet neural network archi-
tecture which is designed for processing point cloud data generated by
3D sensors like Lidar or depth cameras. PointNet architectures [73, 74|,
demonstrate proficiency in extracting features from point cloud. PointR-
CNN [86] is an exemplar in directly classifying and regressing 3D bounding
boxes from dense point clouds. Although PointNet-based methods repre-
sent a powerful approach to process point clouds directly for 3D object
detection, they process each point individually requiring a high computa-
tional burden.

All of these solutions are expensive in terms of computational cost,
especially in the presence of high-throughput data, like those returned by
top-end LiDARs. Moreover, these solutions require a large dataset for the
training phase. Therefore, the aim is to propose an algorithm that offers
a trade-off between accuracy and speed of execution.

3.3 Processing approaches

The proposed method is illustrated taking into account that a LiDAR
consists of an array of laser transmitters, named pointers, and an array
of optical receivers coupled to the transmitters, both framed in vertical
support. The laser transmitters are directed at uniformly spaced angles
to have a vertical field of view (FoV) of several degrees. Each couple
transmitter-receiver probes the presence of a reflective obstacle along its
own line of sight and determines the distance of that obstacle by measuring
the time of flight of the transmitted pulse. The LiDAR performs repeated
all-around scans of the neighboring scene by rotating the coupled arrays
at a rate that can be often configured up to 20 Hz. The LiDAR data is
organized into a sequence of frames, with each frame represented by a point
cloud denoted as Py at time k. A generic point cloud P consists of a set of
points p € P with corresponding Cartesian coordinates p; € R®. Whenever
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it becomes necessary to precisely specify the Cartesian coordinate of a
point p;, the letters x;, y;, and z; are employed. Each point p; is associated
with various parameters, such as: r; € P , typically representing the range
parameter that quantifies the distance of a target point from the sensor,
and i; € P, which denotes the emittance of the target along the line
of sight. For instance, the range parameter of the i-th point p; of the
k-th frame is addressed as r;[k]. It is worth noticing that the LiDAR
operation principle naturally copes with polar coordinates, Anyway polar
to Cartesian coordinate transformations are seamlessly executed through
the embedded edge computing capabilities, as elucidated in Chapter 2,
arranging the data frame as described. The main steps of the illustrated
method are summarized in Figure (3.1), where it is highlighted that the
detection of the moving objects, is followed by bounding box fitting, and
hence by the final tracking.

X . R\
® Background filtering
. e Clustering
Detection o .
moving Lbjects e Detection of double occurrences )

o Ellipse fitting
Bounding box ® Parameters estimation

fitting

* Modelling objects kinematics

Multi-object ¢ Kalman filtering
tracking Y,

Figure 3.1. Main conceptual steps of the proposed method for detecting and
tracking moving objects.

3.3.1 Background filtering

The approach adopted for the detection of the moving objects uses
a couple of frames, namely the current and the previous one, and takes
inspiration from the action recognition approach adopted for the analysis
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of RGB video images [87]. Specifically, since for a LiDAR in a static
position at the road-side the range parameter changes for the objects that
are moving in the scene, whereas it is ideally constant for the background
points, the difference between the ranges measured by the LiDAR for the
same point in a couple of subsequent frames should permit distinguishing
the moving from the static objects. Considering the range value for the i-th
point in the k-th frame, Py(i;7), and the corresponding value for the same
point in the previous frame, Py;_1(i;7), and introducing a threshold T'h,
the background points can be recognized as those for which the difference
between the ranges is below the threshold. The threshold Tk is fixed taking
into account that variations in weather conditions and/or random errors
due to vibration and instrument noise can produce some difference in the
range parameter even between background points.

This method generally allows detecting of the points related to moving
objects that intersect the line-of-sight or approach closer to the LiDAR.
In fact, if a clear line-of-sight is recognized where an object is detected
before, the difference between the range values is negative, and the target
is correctly identified as a background point.

3.3.2 Clustering

Clustering allows dividing data with similar properties into homoge-
neous groups, and is performed by means of the DBSCAN algorithm,
which identifies clusters by searching for the relative maxima of a den-
sity function. The DBSCAN algorithm is the preferred solution anytime
the number of clusters to be searched for is not known in advance. It
estimates the density around each point by counting the number of points
in a search sphere: if the number of points is greater than a pre-selected
minimum the whole set of points in the sphere is clustered as a specific
group, otherwise it is marked as noise. The input parameters to DBSCAN
are therefore the radius of the search sphere, €, and the minimum number
of points expected in the sphere in the presence of an object, MinPts.
For a given object, the relation between the number of points and the dis-
tance is inverse of a quadratic function of the range. As an example, the
histogram given in Figure (3.2) shows the number of points produced by
a car in the scene at different distances from the LiDAR. The accuracy of
the clustering operation critically depends on the choice of the parameters




42

CHapPTER 3. LIDAR OBJEcT DETECTION

e and MinPts.
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Figure 3.2. Distribution of the number of points reflected by a car as a function
of its distance from the LiDAR sensor.

The adopted clustering procedure divides the scene into two partially
overlapped areas. The first region includes all the points within the dis-
tance dp from the LiDAR, and the second region, concentric to the previous
one, contains all the points with a distance greater than ds from the Li-
DAR. The distance values satisfy the inequality dy > do, which allows an
overlap region containing all the points characterized by a distance within
the interval (d;,ds). Each region is processed using a specific couple of €
and MinPts values. Note that choosing the values € and MinPts requires
the knowledge of the resolution of the LIDAR at distance d. The minimum
vertical and horizontal distances between two points at the same distance
d, under the vertical and horizontal angles 6 and ¢, are given by:

dn = 2d tan(0/2) (3.1)
dw = 2d sin(¢/2) (3.2)

The radius € has to be greater than the max(dp, d,) at the maximum

|dmam
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measurable distance d;,q;, otherwise no points may fall within the search
sphere.

The M1inPts parameter is chosen according to the equation:

MinPts = i +1 (3.3)
on,

which estimates how many laser beams hit a target object characterized
by height H standing at distance d. Figure 3.3a provides a graphic where
the laser beams form a fan that hits an object of height H. It is worth
noticing that a large value of MinPts ensures a more robust clustering,
but may exclude some smaller objects. On the other hand, a small value
extracts many clusters, some of which might include noise points.

For the sake of completeness Figure (3.3)b shows the front view of an
object for which the horizontal distance AB between a couple of adjacent
points is less than e. Although, the setting of the parameter MinPits is
defined by considering the vertical direction, it is worth highlighting that
for an object standing at distance d and characterized by width W the
number of points hit by the pointer scanning along the horizontal direction,
can be estimated with eq.(3.3) by substituting W to H and §,, to dp,.

LiDAR

(a) (b)

Figure 3.3. Laser beams striking an object of height H and width W: (a) Side
view of both object and LiDAR. (b) Front view of the object.
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3.3.3 Bounding Box Fitting
Ellipse fitting

Bounding box fitting is a fundamental step in the analysis of 2D and 3D
images, since many tasks as object localization, multiple object detection,
object tracking, and so on, are based on it. For this task, the assumption
of the L-shape is not required. Briefly, the algorithm first fits an ellipse to
the (z,y) couples of each cluster. The fitting problem is formulated using
the standard equation of an ellipse:

E(z,y) =ax® +bry +cy’ +de+ey+ f=0 (3.4)

where b®>—4ac < 0. In particular, introducing the array a = (a,b, ¢, d, e, f)T
and the matrix D = (x2?,xy,y?,x,y,1), whose columns are defined in
terms of the coordinates of the points in the cluster (bold characters are
utilized for array and matrix), the problem is formulated as a linear alge-
bra one:

D’Da = ACa

subject to a’Ca =1 (3.5)

where C is a square matrix with size equal to 6, adopted to specify the
constraint: 4ac — b®> = 1, which assures the convergence of the solution
to an ellipse. Actually, according to this formulation a set of 6 solutions
corresponding to the 6 different outcomes of the Lagrange multipliers A,
which can be regarded as eigenvalues of the problem, are possible. The
eigenvector corresponding to the smallest eigenvalue provides the best-
fitting ellipse.

Figure (3.4a) shows the points of a cluster representing a car and the
fitted ellipse: the orientation of the ellipse gives an estimate of the car
orientation.

Parameters estimation

The coefficients of the standard equation (a,b,¢,d, e, f) are then con-
verted to the ellipse parameters, namely the ellipse centre, the semi-major
and semi-minor axes, the eccentricity, and the rotation of the semi-major
axis from the x-axis. Using the last parameter, the projection of the 3D
scene on the horizontal plane is rotated as if one wanted to align the axes
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Figure 3.4. (a) The clustered points are fitted by an ellipse. (b) Rectangle
bounding the cluster in the rotated frame. (c) Rectangle bounding the cluster

in the original coordinate system.

of the ellipse to the reference axes. This rotation is accomplished using the
rotation matrix with anchor point in the origin, that changes the coordi-
nates of the points of the cluster (z;,y;) into (z¢, y¢), where the superscript
a indicates that the points are aligned with the reference axes.

The length of the sides, and the coordinates of the corners and the cen-
ter of the rectangle bounding the cluster are estimated after the rotation.
Specifically, the I, and [, sides of the rectangle are obtained as:

o I, = |max(z?) —min(z?)]
o Iy = |max(yl) — min(y)|
the corners as:

Ly +min(zf), min(y}))

ly + min(z?), 1, + min(zf))

the center as:

o (min(x}) + /2, min(y) + 1,/2).
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Figure 3.5. Oriented bounding box for the points representing a car.

Figure (3.4)b shows the rectangle bonding the cluster.

A back rotation is performed to display the rectangle in the native hor-
izontal plane and augment the initial view of the scene with the inclusion
of the rectangle that highlights the cluster of interest, as shown in Figure

(3.4c).
Finally, a 3D bounding box is built around the cluster of interest by
rising the rectangle by a height h = |maz(z;) — min(z;)|, where the

subscript ¢ for the z; coordinates means that the maximum and minimum
search is restricted to the clustered z-coordinates. The 3D bounding box
built on the 2D rectangle in Figure (3.4) is shown in Figure (3.5).

3.3.4 Multi-object tracking

Modelling objects kinematics

The object tracking aims at estimating through the analysis of the
sequence of frames the kinematic quantities of a cluster of interest, which
can be a car, a motorcycle, a bike, or a pedestrian.

The algorithm assumes that the target is stiff, such that its dynamics
is completely described by the changes in orientation and the trajectory of
its center, and that the motion can be observed without loss of information
in the horizontal plane, i.e. the 3D bounding box always keeps parallel to
the z axis.




3.3. PROCESSING APPROACHES

47

The implementation of the kinematic model of the target requires the
definition of a state vector that includes the kinematic variables of the
center of the target, namely: u* = [s,(k) vz (k) az(k) py(k) vy(k) ay,(k)]T.
The model can be described by the system of equations:

/

sk = sk=1 4 ph=1AL + %aﬁflAﬂ

vF = vkl 4 akb1AL

a]; a];_l 36
s"y“:slyf ! vk lAt—i-lak LAL2 (3:6)
vly“ v’; Ly a’; LAt

where At is the time interval between two consecutive frames. The choice
of the constant acceleration model in equation (3.6) is justified as it en-
compasses all three kinematic quantities while excluding the consideration
of vehicle orientation, which is determined through a distinct procedure.

Kalman filtering

State Prediction: For the tracking task, the proposed approach relies on
Kalman filtering, that allows predicting and estimating the dynamics of the
target by combining model-based predictions and observations. According
to the theory of Kalman filters, the prediction is performed by calculating:

a* = Fu*~! (3.7)

P* = FP*'FT + Q (3.8)

where v*~! and P*! are, res ectively, the state and covariance matrix
for the k — 1 frame, 0¥ and P" are, respectively, the predicted state and
covariance matrix for the k-th frame, F is the state transition matrix ob-
tained from the modeling equations (3.6), and Q is a matrix that takes
into account the noise of the process, which is supposed Gaussian with
zero mean and covariance equal to Q.

Detection-to-Track Association: An association process then relates each
target detected at the k-th frame with its version in the k — 1-th frame.
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The association process derives:
z" = Ha* (3.9)

AF =HP'HT + R (3.10)

where z* and A" represent, respectively, the vector of predicted positions
and the innovative matrix, R is the covariance matrix of the noise for
uncorrelated measurements, and H is the observation matrix, given by:

H=

100000
0010 (3.11)

0 0

In the presence of a single candidate, the kinematic quantities related
to the center of an object are straightforwardly updated, whereas in the
presence of multiple candidates, an association process is first required.
This process finds the shortest distance between the predicted positions
and the current ones. When the target gets out of the scene, and no
candidates are detected in the region of interest, the association process
stops.

State Update: After the matching between the detection and predic-
tion, the state update equations provide an improved a-posteriori estima-
tion by combining the a-prior: estimation with the observations.

The state and covariance matrix are given by:

k

Pk — (I - KkH> P (3.12)

and
ut = @ 4 K" (zk - z’f) (3.13)

where K is the Kalman gain, given by:

_ _ -1
K* — P*HT (R n HPkHT) (3.14)
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3.4 Instruments set-up

The LiDAR system described herein utilizes the OS0-128 model and is
designed for live stream acquisition. A computer with a gigabit Ethernet
connection and a 24V power supply is required for operation.

The acquisition setup, depicted in Figure (3.6), includes the OS-0 sen-
sor, where the point clouds can be visualized using the Ouster Visual Stu-
dio or any other 3-D point cloud visualization software. Accompanying the
0OS-0 sensor is the Interface Box, facilitating test and evaluation purposes.
This box links the OS-0 sensor cable into its two constituent connectors;
power and Ethernet for a connection with the computer. Ouster provides
two varieties of Interface boxes catering to both 12V and 24V require-
ments. The Interface Boxes (Standard) equipped with Type 1 and Type 2
cables are constructed with built-in cables for linking to Ouster’s sensors.
It’s important to note that these cables are permanently attached to the
interface box and cannot be detached due to the absence of a connector.

The Interface Boxes (12V) come with Type 3 cables and include an
output connector along with an independent cable fitted with connectors
for linking to Ouster’s sensors. These boxes also incorporate a GPS input
connector for compatibility with GPS modules.

For 24V compatibility, the Interface Box (Standard) is designed to
operate the sensor for testing and evaluation. It terminates the interface
cable from the sensor and provides power via a 24V DC Supply. The box
allows access to the sensor’s gigabit Ethernet Interface through a standard
RJ45 connector.

It’s essential to note that the Ouster Interface Box serves as a support
tool for laboratory environments, aiding customers in evaluating Ouster’s
LiDAR sensor products and software development. However, the Interface
Box is not suitable for outdoor use, as it lacks protection against moisture
and solid particles.

Ouster Studio is a software solution developed by Ouster enabling users
to configure the lidar, real-time visualization, processing, and recording of
dynamic 3D LiDAR data acquired through Ouster LiDAR sensors. It is
compatible across various platforms, officially supporting Windows, Ma-
cOS, and Ubuntu. Additionally, Ouster Studio has the capability to replay
streamed data saved in .pcap files, which were initially recorded from live
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Figure 3.6. Interface box of Ouster OS0 - 128 LiDAR, from Ouster website

streams, directly within the Ouster Studio environment.

The "Sensor Configuration" section within Ouster Studio is instrumental
in setting up the software’s listening ports for live-stream capture and de-
termining the Lidar mode. Specifically, the ports udp — port — lidar (set
to 7502) and udp — port — imu (set to 7503) are designated for acquiring
data from the Lidar and inertial measurement unit (IMU), respectively.

Additionally, synchronization of the LiDAR is achieved through the
internal clock source. All these configurations are encapsulated in a cali-
bration file with the .calib format. The calibration file specifies the LiDAR
sensor properties, such as the operating mode, synchronization parameters,
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Figure 3.7. Sensor configuration through Ouster studio software.

corrections for the altitude and azimuth angles of the sensor when oper-
ating in a specific mode, and the transformation matrix for the inertial
measurement unit (IMU) intrinsics. During live stream operation, the cal-
ibration file is dynamically generated and can subsequently be utilized to
replay .pcap files produced during the live stream. This is particularly use-
ful in scenarios where the LiDAR is not connected to the network, allowing
users to replay data through the "Playback mode" button in Ouster Stu-
dio.

The Ouster software already provides the processed data for the sensor’s
reference system. In fact, the data returned by the ouster software consists
of a sequence of frames, represented by means of a sequence of 2D arrays,
each one describing a scene as a cloud of points. The Figure (3.8) provides
an example. The row index identifies the point of the scene; the last 3
columns provide, respectively, the Cartesian coordinates x, y, and z of the
point in a reference system with the origin in the center of the sensor. The
2D array also gives additional information in further columns; for instance,
a fourth column is typically for the range parameter, which quantifies the
distance of the target point from the origin of the reference system, and
a fifth column gives the emittance of the target on the line of sight. It is
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= Attribute:

Figure 3.8. Spreadsheet view

worth noticing that the LiDAR operation principle naturally copes with
polar coordinates as illustrated in Chapter 2, anyway polar to Cartesian
coordinate transformations are executed by means of inherent edge com-
puting capabilities to arrange the data frame as described. Finally, the
spreadsheets allow for exporting data as .cswv files.

3.5 Results

The experimental site is an urban road in the metropolitan city of
Napoli, Italy, with both road and rail paths, characterized by substantial
traffic congestion during office hours. The site is surrounded by lines of
buildings on both sides and made up of 2 lanes, one for each direction, as
shown in Figure (3.9). The monitoring of the road site is performed by
means of Quster LIDAR OS0, mounted at a height of 1.5 m on a tripod
set at the side of the road in a parking slot. As illustrated in Chapter 2,
the LiDAR is characterized by 128 laser transceivers, or channels, directed
to gain a 90-degree vertical field of view of the site. Each channel of the
LiDAR provides a (horizontal) all-around view by sampling the scene at
uniformly spaced angles: 3 different configurations are available, that use
524, 1024, or 2048 angular quantization steps.

The rotation rate of the LIDAR can be chosen between 10 and 20 Hz to
have either 10 or 20 frames per second; the resulting data stream can be




3.5. REsuLTs

53

Figure 3.9. Street-view of the experimental site from Google street

reduced by decimating the number of channels, if required, provided that
less time resolution is acceptable.

Finally, the mode 1024x10 is chosen for the sensor configuration which
means 1024 horizontal points with an azimuth window [0, 360] and a fre-
quency rate set to 10H z.

Using 128 channels and scanning at 1024 angles, the frame describing the
scene is made up of 131072 rows; the absence of reflected data, which can
occur for rays addressed to the far horizon, produces zero values in the
frame.

Subsequently, sensor configuration and data acquisition were performed
using the Ouster studio software, illustrated in Section (3.4).
Background filtering: As the employed LiDAR is installed on a ground-
fixed tripod, the background points remain stationary, allowing for their
identification as points with a consistent range within the scene. This
identification process involves the introduction of a threshold to eliminate
any noise. However, the accuracy of the range measurements is suscepti-
ble to external influences, such as weather conditions, which notably affect
objects situated at a distance from the LiDAR. As a consequence, a single
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Figure 3.10. Set-up adopted to carry out the experiments

threshold value for the whole scene would reduce the accuracy of the back-
ground filtering. As the threshold value is chosen the value Th = ar;[k]
depending on the distance through the coefficient . The value of the
coefficient is determined at the calibration stage using a reference frame
without road users. The performance in background filtering is expressed
in terms of the ratio between the number of background points detected
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by the algorithm and the expected value in the presence of a moving ob-
ject. The statistical analysis typically reveals a performance of 98.5%. An
example of the results produced by the algorithm in recognizing the mov-
ing objects in an urban scene is shown in Figure (3.11). Clustering: For
validating the clustering operation, the LIDAR field of view is divided into
two regions: the near region reaches up to 8 m with a shadow portion close
to the sensor up to 3 m, the far region is beyond 7 m from the LiDAR;
the two regions overlap to each other in a belt centered at a distance of
7.5 m with 1 m wideness. The € parameter is chosen equal to 1 m for both
regions taking into account the technical specifications of the adopted Li-
DAR. A pedestrian is assumed to be the smallest moving object, with a
rounded height, H, approaching 2 m, to be detected in road monitoring.
The MinPts parameter is obtained from equation (3.3) adopting for the
distance parameter d the values 3 m and 7 m, to obtain respectively, 50
and 30 that are utilized for the near and far regions, respectively. The
number of clustered objects detected coincides with the number of objects
in the urban scene for all frames under test.

The noise points shown in the scene (3.11), are removed by the DB-
SCAN application and the final result is shown in the Figure (3.12).

Bounding box fitting: To demonstrate the effectiveness of the suggested
approach in determining vehicle orientations, a visual representation is
generated. In Figure (3.13), several examined case studies are presented.
Specifically, (a) displays the ellipse fitted to the points of the cluster in the
horizontal plane, (b) illustrates the bounding rectangle, and (c) showcases
the parallelepiped constructed above the rectangle.

Multi-Object Tracking:

To validate the methodology, the predictions offered by the Kalman
filter are expressed in terms of squared error values beneath 0.35m.

The Figure (3.14) shows two examples of position signals. Position
signal predictions are indicated in red, while measurements are indicated
in green. Two vehicles are represented using two different markers. The
algorithms run on a DELL PC XPS, i7 intel 11th gen, 32 GB RAM. The
average computing time for each step is shown in Table (3.1). The execu-
tion time has substantial margins to be reduced by restricting the analysis
to a suitably cropped region of interest. The reduced processing time is
guaranteed by the simplicity of the solution which avoids frame aggrega-
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[w)z

Figure 3.11. Sample scene acquired by the LiDAR sensor:in (a) the cloud
of points describes the urban scene in Cartesian coordinates including objects
and background; in (b) the sole points resulting after background filtering are
shown. The points grouped within the red borders correspond to: a pedestrian,
a motorbike and a car, whereas the remaining points represent noise points.

tion and merely relies on frame comparison.
Benchmark analysis To further evaluate the performance of the method,
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Xim 4

Figure 3.12. Urban scene with 3 moving objects after applying clustering
and estimation of their size. The pre-segmentation scene and its residual frame
are shown in Figure (3.12), as viewed from a different angle.

Table 3.1. Execution time of the proposed algorithms applied to frames with
131073 points

Steps Time [s]
Background filtering 0.0041
Clustering 0.0398
Detection of double occurrence 0.0038
3D Orientated Bounding Box Fitting 0.0024
Multi-Object Tracking™* 0.00032

* Average time for two vehicles in the scene

the proposed algorithm for the detection of moving objects is compared
with the two most cited methods of state-of-the-art: the voxel density-
based method proposed in [88] and referred to as 3D-DSF, and the Raster-
based background filtering data, proposed in [89] and referred to as RA.
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The results are shown in Table (3.2). Here as well, the performance in

Table 3.2. Benchmark analysis

Method Voxel size [m| Accuracy [%]

1 99,5

3D-DSF 0.5 99.6
0.1 X
0.05 X
RA 0.1 X
0.05 X

Proposed method - 99,7

background filtering is expressed in terms of the ratio between the number
of background points detected by the algorithm and the expected value.
It is found that the proposed method performs better than the other two
methods in terms of accuracy. Table (3.2) illustrates that, particularly
when the cubic voxel size is considerable, falling within the range of 0.5
meters to 1 meter, despite the effective filtering of nearly all background
points, this leads to the exclusion of all object points from the scene. For
small sizes, i.e. in the range (0.1m —0.05m), commercial hardware (DELL
PC XPS, i7 intel 11th gen, 32 GB RAM) returns a memory error since
it is unable to cope with the very high number of points: this issue is
denoted by the marker = in Table (3.2). The 3D-DSF method is therefore
not applicable to LIDAR with 128 channels due to the high computational
effort demand. The authors of the 3D-DSF method stated the method is
developed by using a LiDAR with 16 channels. In addition, for the com-
putational load, 3D-DSF requires about 64 minutes for initialization of the
3D matrix with an aggregation of 100 frames; the required time increases
as the number of frames to be aggregated increases. Similarly, the RA
method based on a 3D grid as 3D-DSF, fails for small cube sizes. The
tracking process is compared with [90], which shows no appreciable dif-
ference in run-time but an average error between predicted and measured
position equal to about 50 c¢m, whereas the proposed method shows an
average error of 2.7 cm.
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3.6 Conclusions

This study introduces a method for the real-time detection and tracking
of moving objects using LiDAR sensors. The proposed approach encom-
passes several key steps, including background filtering, object clustering,
and tracking, aimed at extracting essential information such as the pres-
ence, position, velocity, acceleration, size, and direction of objects.

The method involves a series of distinct steps. Initially, there is a real-
time filtering process targeting static points like road surfaces, trees, and
buildings to isolate only the points associated with moving objects. In
the subsequent step, the filtered points undergo clustering to determine
the number of objects present in the scene. The DBSCAN algorithm is
utilized for clustering, effectively partitioning the scene into two partially
overlapping regions. Special attention is given to handling the presence
of objects at the scene’s edge to recognize double occurrences of the same
object and refine the results. The proposed approach also addresses the
estimation of object orientation through ellipse fitting.

To ensure continuity and coherence in tracking objects across frames,
the study suggests the application of Kalman filtering for inter-frame object
association and tracking.

An experimental setup has been utilized to acquire real data in an
urban site, namely in the city of Napoli, Italy. The background subtraction
algorithm shows 99% of success in background point recognition. A visual
estimation of the result has also been given, where the objects have been
encapsulated with 3D bounding boxes. The tracking process has been
evaluated in terms of MSE metrics, which have shown values in the interval
(0.0145,0.0440)m for objects moving in an urban scenario. The current
method does not address the classification problem, a significant aspect
that warrants attention in future research endeavors. There are several
noteworthy areas for exploration, including the validation of the proposed
approach using diverse LiDAR sensors or varying numbers of channels.
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Figure 3.13. Examples of bounding box selected from randomly chosen
frames: (a) and (b) show the projection of the scene on the horizontal plane,
highlighting the fitting ellipse and the rectangle used to feature the detected
object, while (c¢) shows the parallelepiped built upon the rectangle.




3.6. CONCLUSIONS

61

15
-8~ Measurements: Vehicle 1
—+= Measurements: Vehicle 2
10 4 —o- Predictions: Vehicle 1
—+ Predictions: Vehicle 2
54
E o
-

-10 1 °

-15 T T T T T
-10.0 =75 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0

X [m]

Figure 3.14. Two track position signals relating to two vehicles with different
speeds. the direction of the two vehicles is indicated with the black arrow







Chapter

LiDAR localization

4.1 Introduction

Accurate vehicle localization is a significant challenge in achieving pre-
cise vehicular navigation. A proficient navigation system has to demon-
strate effectiveness across diverse driving scenarios with varying traffic in-
tensities and under different weather and lighting conditions. The primary
goal of localization is for a vehicle to know where it is in relation to a
predefined coordinate system or map. In three-dimensional space, vehicle
localization refers to the process by which a vehicle determines its own
position and orientation within its environment, denoted as 6 degrees of
freedom (DOF) pose.

In the context of autonomous vehicles, the orientation of a vehicle in
three-dimensional space typically refers to the "attitude". It describes
how the vehicle is positioned or aligned with respect to a reference frame.
Attitude is often expressed using Euler angles (roll, pitch, and yaw) or
quaternion representations. These parameters describe rotation around
the three axes x, y, and z respectively.

Therefore, when the vehicle’s movement can be assumed to occur on a
flat surface, employing only the 2D variant with the first three DOF poses
is typically sufficient.

This information is crucial for enabling the vehicle to navigate effectively
and perform tasks autonomously. There are several methods and tech-
niques used for vehicle localization, and the choice often depends on the
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available sensors, the complexity of the environment, and the desired level
of accuracy. Numerous technologies are designed to address the localiza-
tion problem. The prevalent approach for determining the position, and
orientation of a vehicle is the Inertial Navigation System (INS).

An Inertial Navigation System (INS) is a navigation aid that employs
Inertial Measurement Unit (IMU) tethered to the vehicle to continuously
calculate the position, orientation, and velocity of a moving object without
the need for external references such as GPS or landmarks. This IMU uti-
lizes tri-axial sensors to measure acceleration and angular velocity. IMUs,
being micro-electro-mechanical systems characterized by their compact size
and affordability, unfortunately, exhibit suboptimal accuracy owing to the
inherent manufacturing processes [91|. Strapdown equations are founda-
tional to the functioning of Inertial Navigation Systems. They describe
the relationship between the measurements obtained from inertial sensors
and the essential navigation parameters—position, velocity, and attitude.
The term strapdown denotes an IMU sensor rigidly attached to the mov-
ing platform, and the equations are expressed in the body-fixed frame.
For the translational motion, these equations govern how accelerations are
integrated to update velocity and position. Simultaneously, for rotational
motion, the equations guide the integration of angular rates to update the
orientation or attitude. Strapdown equations are crucial for the real-time,
continuous estimation of the vehicle’s trajectory, making INS a reliable
navigation solution. Angular velocity can be employed to deduce the at-
titude by integrating the kinematic differential equation of a rigid body
concerning Euler angles [92]. Specifically, if the attitude is initially known,
it can theoretically be updated at subsequent time points over extended
durations. An initial estimation of the attitude can be derived from the
acceleration signal by isolating the gravitational component, referred to
hereafter as internal acceleration. In the absence of external acceleration,
processing the signals detected along the three axes of the accelerometer
allows the identification of the static tilt of the vehicle. Unfortunately,
IMU data is characterized by significant uncertainty, inherent in all micro-
machined devices, leading to propagated uncertainties throughout the pro-
cessing stages and resulting in noisy drifts [93, 94].

In practice, to mitigate noisy drift and obtain reliable data, multiple
sensors are integrated by using appropriate data fusion principles. Sensor
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fusion is employed for localization for several reasons, as it offers advan-
tages that contribute to improved accuracy and reliability in determining
the localization of a device or system within its environment. Several rea-
sons exist why sensor fusion is used for localization, such as an improved
accuracy and robustness to sensor failures. Combining data from multiple
sensors allows for a more accurate estimation of the device’s localization.
Each sensor may have its strengths and weaknesses, and by fusing its data,
the system can leverage the strengths of one sensor to compensate for the
limitations of another. Sensor fusion enhances the system’s robustness by
reducing the impact of individual sensor failures. If one sensor malfunc-
tions or provides unreliable data, other sensors in the fusion process can
compensate for the deficiency, ensuring continuous and reliable localiza-
tion.

Common frameworks for data fusion involve the utilization of Kalman
filters (KF), extended Kalman filters (EKF), Unscented Kalman Filter
(UKF), and Mahony filters [95, 96, 97, 98|. However, accelerometer mea-
surements are susceptible to distortions caused by external accelerations
during vehicle motion, resulting in a sum of external accelerations and
internal acceleration [99]. However, distortions arising from external ac-
celerations during vehicle motion present challenges in accelerometer mea-
surements [100]. Nearly all existing methods employ an acceleration model
to mitigate the impact of external acceleration, facilitating an attitude es-
timate based on gravitational acceleration. Regrettably, as demonstrated
in [101], these strategies prove reliable in the short term but exhibit dis-
satisfaction over prolonged durations.

Relying on GPS signals to circumvent external acceleration estimation
faces unreliability, primarily due to GPS unavailability in certain environ-
ments and the low accuracy of the resultant output [102, 103]. In con-
trast, more sophisticated approaches leverage computer vision techniques,
particularly those grounded in artificial neural networks. However, these
solutions demand substantial datasets and significant hardware resources
to handle the intensive computational tasks required during the training
phase [104, 105]. This study introduces novel methods aimed at enhancing
the accuracy estimation of attitude, position, velocity, and acceleration for
a LiDAR system. More specifically, this chapter proposes:

(1) a method for improving the estimation of the attitude of a LIDAR. The
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method avoids the use of the accelerometer data which can be confounded
by the external acceleration, due for instance to motion and vibration, and
relies on independent data to recognize the vertical direction. In particu-
lar, it works by processing the point clouds for estimating the vector that
is normal to the horizontal plane. To this end, a best-fit approach for the
ground surfaces detected in subsequent frames is exploited. The normal
vector is used to estimate the ground surface orientation with respect to
the reference frame. Then, these orientation estimations are fused with
gyroscope data by Kalman filter to improve the final attitude estimation.
Moreover when the tilt of LIDAR is known, the external acceleration can
be determined as additional information by removing the internal one from
the acceleration readings.

(2) a theoretical framework to implement multi-sensor data fusion method
for kinematic quantities. The framework allows the combination of signals
obtained from position, velocity and acceleration sensors addressing the
same target, and the improvement in the observation of the kinematics
of the target. In different terms, it provides a general framework where
it is possible to choose which kinematic signal to be improved. Differ-
ently from several alternative methods, the considered ones need no dy-
namic and/or error models to operate and can be implemented with low
computational burden. In fact, they gain measurements by summing fil-
tered versions of the heterogeneous kinematic quantities. In particular,
in the case of position measurement, the use of filters with finite impulse
responses, all characterized by finite gain throughout the bandwidth, in
place of straightforward time-integrative operators, prevents the drift that
is typically produced by the offset and low-frequency noise affecting veloc-
ity and acceleration data.

4.2 The reference frames

In an Inertial Navigation System (INS), various Cartesian coordinate
reference frames are employed to precisely define the position, orientation,
and motion of a moving object. Each frame constitutes an orthogonal,
right-handed coordinate system. Here are several commonly used reference
frames in INS.

The inertial frame (i — frame), as illustrated in Figure (4.1), has its
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Figure 4.1. Definition of reference frames in an Inertial Navigation System

[4]-

point of origin situated at the Earth’s center. The axes remain non-rotating
relative to fixed stars, denoted as O,,;, Oy, and O, where O, is aligned
with the Earth’s polar axis. In classical physics, an inertial frame of ref-
erence remains unaccelerated over time. This frame represents a frame of
reference wherein Newton’s first law of motion is valid; a physical object,
on which acting a zero net force, is observed to move at a constant velocity.
The Earth frame (e — frame), as illustrated in Figure (4.1), is established
with its origin at the Earth’s center and axes that remain unrotated rel-
ative to the Earth. These axes are specifically labeled as O, O,,, and
O.,. The O,, axis is aligned with the Earth’s polar axis, while the O, axis
aligns with the intersection of the plane defined by the Greenwich meridian
and the Earth’s equatorial plane, the O,, completes the right-handed sys-
tem. Unlike the previous frame, the ECEF frame rotates with the Earth
around the O, axis. The rotation angle is known as the Greenwich Mean
Sidereal Time angle and is denoted by Ogarsr in Figure (4.1).

The navigation frame (n — frame), as depicted in Figure (4.1), consti-
tutes a local geographic navigation reference frame. Its origin is situated
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at the location of the navigation system, denoted as point P. Here, it is
assumed the navigation system is securely fixed to the vehicle. As shown
in Figure (4.1) , n — frames contains two configuration. When the axes
of this frame are aligned with the directions of east (PE), north (PN),
and the local vertical up (PU), the n — frame is commonly known as the
" East-North-Up (ENU) -frame." Similar to the ENU frame, the North-
East-Down NED frame contains three orthogonal axes in which the x-axis
points to true North, the z-axis points towards the interior of the Earth and
the y-axis completes the right-handed system pointing East. The rotation
or turn rate of the navigation frame concerning the Earth-fixed frame, is
influenced by the movement of point P relative to the Earth. This phe-
nomenon is often referred to as the transport rate.

For the majority of applications, determining the position, velocity, and
orientation of a system involves sensors mounted on a vehicle or platform.
This vehicle often possesses its reference frame, commonly referred to as
the body frame or vehicle frame. This reference frame includes an origin
typically located at the center of the vehicle, point P. Usually, it features
three orthogonal axes constituting a right-handed system. In certain ap-
plications, perfect alignment between the sensor frame and the body frame
might not be achievable. The sensor frame is a type of reference frame that
is fixed to the sensor and in such cases, a reference frame rotation becomes
necessary to align the two frames effectively.

4.3 Inertial measurement unit (IMU)

4.3.1 Introduction to IMU

An Inertial Measurement Unit (IMU) is a critical component in various
navigation and motion-sensing applications. It is a device that integrates
multiple sensors to measure and report a body’s acceleration, angular rate,
and sometimes the magnetic field surrounding the device. IMUs are widely
used in fields such as aerospace, robotics, automotive, and virtual reality
to provide accurate and real-time information about an object’s movement
and orientation. Key components of a typical IMU include a three-axes
accelerometer and a three-axes gyroscope.
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Accelerometer

The operation principle of typical accelerometers exploits the effects
caused by acceleration on a probing mass, which is encapsulated in a frame,
and kept in a resting position by a system made up of linear springs. In
the presence of acceleration, the mass compresses and stretches the springs,
according to the mass-spring-damper equation, which, for a linearly con-
strained mass is:

d?x(t)
d?t

dx(t)
dt

+ kyg + kpx(t) = F(t) (4.1)
where m is the mass, () is the linear displacement travelled by the mass,
ky the spring constant, k4 the damping factor, and F'(t) the apparent
force due to the reaction to acceleration. The acceleration measurement is
hence performed indirectly by measuring the mass displacement by means
of piezoresistive, piezoelectric, or variable capacitance devices. Figure 4.2
shows a typical architecture of an accelerometer that uses a variable capac-
itor to sense the mass displacement. The capacitor is formed by a planar
electrode, connected to the linear springs, and coupled to a parallel elec-
trode anchored to the bulk of the device. An ad hoc circuit detects the
capacitance change, which is proportional to the mass position, and pro-
vides an electrical signal, which is in turn proportional to the acceleration.

<
| | r F
A \
\ \\ |
— ] \ \,—\x{ \
[ - ) r 7 /’
|

Figure 4.2. Structure of an accelerometer based on capacitive mechanism;
conductive arms are indicated in gray and anchor points in black. Acceleration
acts on the structure as shown on the right, thus changing the capacitance of
the system.
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Gyroscope

The gyroscope measures the angular velocity of body segments. Nowa-
days, gyroscopes are present in different technologies; mechanical, optical,
and microelectronic vibrating mass gyroscopes. Figure (4.3) shows a dia-
gram to illustrate the basics of a gyroscope that exploits a vibrating mass
under the Coriolis force. The resonating mass is tethered to a polysilicon

994 S S [

M v

Vibration

D0QQ | g % 00 e SO0 direction

>

Displacement direction

Figure 4.3. The inner frame and vibrating mass are laterally translated by
Coriolis force. The displacement is proportional to the change in capacitance
between the sense fingers anchored to the frame and substrate.

frame by springs, that let it resonate only along a given (driving) direction.
To measure the strength, the frame is tethered to the substrate by springs
at 90 degrees. The proof mass is excited to continuously vibrate along the
drive direction. In the presence of rotation around an axis perpendicular
to the direction of vibration, the mass experiences a displacement due to
the effect of the Coriolis force, which is proportional to the angular ve-
locity. On the right of Figure (4.3), the resonating mass moves toward
the top along the rotation radius, whereas the frame is deflected to the
left. The opposite case happens when the resonating mass moves to the
bottom along the rotation radius. The figure also shows the sense fingers
that measure the displacement of the frame in response to the force. From
[106], the displacement S of the frame relative to the substrate is equal to:

S =2(Qu)m/k (4.2)
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where 2 is the angular velocity of the gyroscope, v the velocity of the
resonant mass along the radius of rotation, m the mass, and k the spring
constant. The angular velocity can be derived from the voltage inducted
by the displacement S with good linearity.

4.3.2 IMU sensor model

An IMU sensor model is a mathematical representation describing the
behavior of the IMU sensors, such as accelerometers and gyroscopes. The
angular rate @ and acceleration a measurements can be modeled as:

@(t) = w(t) + b+ ny(t)

a(t) = alt) + g(t) + na(t) (13)

where @(t) is a vector with three components along x,y,z-axis containing
the gyroscope readings at time instant £. The gyroscope reading is the sum
of the true angular rate w(t), bias b which is assumed to be constant over
time, and an uncorrelated zero-mean white Gaussian noise vector m,(t).
At same, the vector of accelerometer reading a(t) along x, y, z—axis could
be modeled by a sum of the gravitational acceleration g(t), external accel-
eration a(t) and an uncorrelated zero-mean white Gaussian noise n4/(t).
In this thesis, the bias is assumed to be zero. Most digital systems oper-
ate on discrete signals IMU sensor data. The discretization of IMU sensor
data is crucial to make it compatible with digital processing units, allowing
seamless integration into electronic systems. By discretizing IMU sensor
data, the eq. (4.3) becomes:

W = Wi + My g (4.4)
a; = a;+ g+ Ngy .

where the subscript index ¢ labels the discrete time stamp in the sequence.

4.3.3 Noise characterization

The measurements collected by the IMU sensors are affected by ran-
dom noise. Noise in IMU sensors can arise from various sources, including
systematic errors, environmental variations, electronic interferences, and
intrinsic imperfections due to the miniaturization process. The random
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Figure 4.4. Histogram of Acceleration measurements along three axes from
IMU ICM-20948. Acc-x in blue, Acc-y in orange and Acc-z in green.

noise manifests as random fluctuations in the sensor data. Previously, the
measurements from the IMU sensor in the eq.(4.3) are modeled as the
sum of the signal of interest, an offset, and an error. White Gaussian
noise (WGN) is likely the most common stochastic model used in data
processing from electronic circuits. A white Gaussian noise (WGN) n(t) is
characterized by a zero mean and a Gaussian distribution. The WGN ex-
hibits a constant spectral power density for all frequencies. This attribute
is advantageous in various scenarios since it suggests that the noise lacks a
preference for specific frequencies or any form of correlation. White Gaus-
sian noise in accelerometer/gyroscope data can manifest as random fluc-
tuations around the true values. This can be observed in measurements,
where the acceleration/gyroscope readings deviate slightly from the actual
linear acceleration due to random noise. Figure (4.4) shows the histogram
of acceleration readings obtained by the IMU sensor ICM-20948 integrated
into the OS0 128 LiDAR.

The readings were recorded for condition described in Chapter (3) un-
der normal temperature. It is apparent that the accelerations along the
three axes exhibit considerable deviations from the mean values. More
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specifically, the mean value is 0.6699, 0.2189 and 0.7295 m/s? and stan-
dard deviations 0.0385, 0.0915, and 0.02246 m/s? for three axes x, y, z
respectively. It is crucial to emphasize that the measurement error model
employed for the IMU in this context originates from a sensor that re-
mains stationary and experiences a constant temperature. Consequently,
factors such as scale factor errors and bias variations induced by temper-
ature changes, for instance, are not considered in this model.

4.3.4 Key parameters

Gyro Full Scale Range (dps) | +250; +500; +1000; £2000

Gyro Sensitivity (LSB/°/sec) 131; 65.5; 32.8;16.4
Accel Full Scale Range (g) +2;+4; +£8; +16
Accel Sensitivity (LSB/g) 16384; 8192; 4096; 2048

Table 4.1. Data sheet of IMU sensor ICM — 20948

The Full-Scale Range (FSR) refers to the maximum value that a
sensor can accurately measure. It defines the range within which the gyro-
scope/accelerometer can provide reliable and precise measurements. The
FSR of the gyroscope is typically expressed in units of degrees per second
(°/s) or radians per second (rad/s), while that of the accelerometers is ex-
pressed in units of g.

The Sensitivity is defined as the ratio between the smallest representable
value by a measuring instrument and the corresponding value of the input
quantity. It is typically expressed in LSB/unit.

4.3.5 Calibration of IMU and LiDAR sensors

In a system where multiple sensors work, all sensors must provide data
in the same reference frame. Employing the same reference frame simpli-
fies the integration of data from different sensors. It eliminates the need to
continually convert data from one coordinate system to another, streamlin-
ing sensor fusion algorithms and facilitating accurate estimates of position
and orientation.

As shown in Chapter (2), the LIDAR Coordinate Frame adheres to the
Right Hand Rule convention and serves as a point cloud-centric reference
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Figure 4.5. (a) Top-down view of Sensor Coordinate, (b) Side view of Sensor
Coordinate Frame;from Ouster website.

frame, providing the simplest basis for the computation and manipulation
of point clouds. The X-axis is oriented in the reverse direction, pointing
towards the external connector, deliberately chosen so that data frames
start with the azimuth angle equal to 0.

On the other hand, the Sensor Coordinate Frame also follows the Right
Hand Rule convention but is a frame of reference centered on the mechan-
ical housing, aligning with the robotics convention, and has the X-axis
pointing forward; as shown in Figure (4.5). The positive X-axis of the
LiDAR Coordinate Frame, marked at 0 encoder value, opposes the posi-
tive X-axis of the Sensor Coordinate Frame. This arrangement is designed
to center lidar data around the positive X-axis of the Sensor Coordinate
Frame. A single measurement frame initiates at the LiDAR Coordinate
Frame’s 0 position and concludes at the 360 position. This alignment
proves advantageous for visualizing a "range image" of Ouster Sensor mea-
surements, ensuring the "range image" is centered along the positive X-axis
of the Sensor Coordinate Frame, typically oriented forward in most robotic
systems.

A roto-translation matrix, also known as a rigid body transformation ma-
trix is a 44 matrix that represents both rotational and translational trans-
formations. The roto translation matrix to transform the point cloud from
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the LiDAR Coordinate Frame into the sensor coordinate frame is given by:

-1 0 0 0
s |0 1 0 0

My = 0 0 1 38195 (4.5)
0 0 0 1

The IMU is slightly offset in the Sensor Coordinate Frame for practical
reasons. The calibration matrix to transform imu data from imu frame
into the sensor coordinate frame is given by:

1 0 0 6.253
s |01 0 —11.775
M = 0 0 1 11.645 (4.6)
000 1

4.4 Proposed method for attitude estimation

4.4.1 Modelling LiDAR configuration in the space

A common method describing the orientation of a rigid body in three-
dimensional space involves the effective use of three angles relative to a
reference frame, known as Euler angles. These angles are commonly re-
ferred to as pitch (0), roll (¢), and yaw (1), representing the rotation
around the principal axes x, y, and z. It’s important to note that the yaw
angle doesn’t impact the LiDAR’s attitude and continuously changes dur-
ing a 360-degree scan around the z-axis. The LiDAR’s attitude in space is
solely influenced by the pitch and roll angles concerning a fixed reference
system. For the purposes of this discussion, the fixed reference system
convention is defined as East, North, Up (ENU).

The relationship between the coordinates x¥ assigned to the reference

system ENU and those ones assigned to a different reference system de-
fined over the sensor S, denoted as x°, can be expressed as follows:

xP = Rx® (4.7)
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where R ! represents the Z — Y — X-sequence rotation matrix. Perform-
ing various general 3D rotations in different sequences typically leads to
distinct final orientations.

Notice that R € SO(3), RTR = RRT =1, and det(R) = 1, where I
is the identity matrix in the three-dimensional Euclidean space.

By utilizing the final row of matrix R, the roll and pitch angles required
to obtain the LiDAR’s attitude can be represented as:

¢ = atan (gg’i) (4.8)
0 = atan (}%) (4.9)

where R;; addresses the (7,j)-th element of the rotation matrix.
For the sake of convenience, the attitude of the LiDAR is preserved by
using the rotation matrix form within the state vector:

X = [Rgl R3o R33]T (4.10)

4.4.2 Kalman filter design

The employed Kalman Filter accounts for a dynamic scenario, adjust-
ing the state vector at the time instant ¢ based on:

Xt = <I>t,1xt4 + W1 (411)

where ®,_1 is the state transition matrix at time instant ¢-1, and w;_1 is
white Gaussian noise with covariance matrix Q.

When formulating an algorithm for rigid-body rotations, a pivotal
consideration emerges: the selection of representation. Generally, Euler
angles, rotation matrices, or quaternions serve as parameterizations for
SO(3). However, the differential equation of a rotation matrix representa-

1

cospcosh  cosysinfsing — sincosp  cosypsinbcosp + sinpsing
R = |sinycosd sinypsinlsing + coscosep  sinipsinfcosp — cosysing
—sinf cosfsing cosbfcosdp
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tion is specifically chosen due to the Taylor expansion of its exponential
term, aligning it with the application of a linear solution for the Kalman
Filter. Additional details can be found in the reference [107]. The equation
for the rotation matrix R, is given by:

R; = Rtfl(I + At[w]tfl) (412)

where At is the sampling time, [ ] denotes the skew-symmetric operator
applied on w;_; and defined as cross product matrix:

0 —W3 w2
[w]t,1 == w3 0 —W1 (4.13)
—Ww9 w1 0

t—1

Considering the state vector eq.(4.10) and the updated R matrix eq.(4.12),
the eq.(4.11) becomes:

Xt = (I + At[w]t,l)xt,l (414)

The gyroscope-measured angular velocity is subject to noise. Therefore,
by substituting (4.3) into (4.14) and considering the characteristics of the
skew-matrix operator, the resulting process model equation is:

Xi = (I + Atcbt_l)xt_l + At[X]tflnwtfl (415)

So, the state transition matrix ®;_1, the white Gaussian process noise w
and its covariance matrix Q,_; result to be:

;1 =13+ Atwy_g
w1 = At[X)i—1ny,_, (4.16)
Q1 = —A[x]- 13 [x]1

where Zé is covariance matrix of gyroscope. More details on the eq. (4.15)
and (4.16) are available in the appendix section.
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4.4.3 Updating measurements

The general measurement model at time step ¢ can be expressed:
zZ; = HXt + Iy (417)

where z; is the measurement vector, H is the observation matrix and r,, is
the measurement noise with a measurement noise covariance M, assuming
that this noise follows a stationary Gaussian process with zero mean.

Initially, the RANSAC algorithm is employed on the point cloud co-
ordinates x, y, z at the specific time instant ¢ to identify a plane and
determine its corresponding normal vector ny, as depicted in Figure 4.6.

The RANSAC algorithm serves as a robust model-fitting technique for
planes, capable of accurately fitting a model to data even in the presence
of outliers. It is crucial to emphasize that the normal vector to the plane
within the point cloud consistently aligns with the vertical axis of the
LiDAR sensor. As illustrated in Figure (4.6), when the device has no tilt
relative to E, the vertical axis of the sensor aligns with the Z-axis in F.

However, deviations in pitch (0) or roll (¢) of the device concerning
the reference coordinate system F result in a tilted point cloud, leading
to non-zero values for all three components of the normal vector. This
scenario is depicted in Figure (4.6).

The rotation matrix R’ defines the relationship between the vertical
z-axis, namely e, = [0 0 1]7, and the normal vector with deviations n =
[ng ny n;]7 at the specific time instant ¢. This association is expressed as
follows:

ng

|||

e, = R’t (418)
where ||ng|| denotes the norm of the vector n; at time instant ¢. By resolv-
ing the equation (4.18) and contrasting the solution R’ with the result
derived from equation (4.10), the process of measurement updating can be
achieved by utilizing the information contained in the last column of the
rotation matrix:

z; = HR’S, (4.19)

with H equal to I and for [ = 1,2,3. The IMU is synchronized with the
LiDAR and both provide measurements at discrete times k, as in Figure
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Figure 4.6. (a) For a LiDAR coordinate system S orientated as Earth ref-
erence system F in yellow, the zy plane of the S, F aligns with ground while
the normal to the ground with z-axis. (b) Point cloud collected by a LiDAR
on tilt: the normal to the ground shows a tilt respect with z-axis of E system.

(4.7). Typically, the IMU sensor generates a higher number of samples per
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second compared to the LiDAR sensor.

The measurement obtained from the LiDAR is repeatedly utilized in
the filter procedure until a new point cloud is received according to the
scheme in Figure (4.7).

ii+1 j At
®

IMU

Filter procedure

LiDAR

Figure 4.7. Fusion procedure for IMU and LiDAR at different rates.

4.4.4 Filtering procedure

The Kalman Filter procedure using the above process and measurement
models, can be summarized as follows. The — superscript denotes the a-
priort estimate, the 4+ superscript denotes the a-posteriori estimate, P
denotes the error covariance matrix, K the Kalman Gain, x; is the state
vector of the eq.(4.10) at time stamp ¢ and, ®,_; is the state transition
matrix of the eq.(4.16) at time stamp ¢ —1 . More details of Kalman filter
are outside the scope of this article. The steps are summarized as follow:

1. Compute a-priori state estimate
T =®; 1x (4.20)
X t—1X4_1 .
2. Compute a-priori error covariance matrix

P, = 'I’tflpttfi’;[& +Q; (4.21)

3. Import the measurement:

e Apply Ransac to the point cloud at time ¢ for estimating the
[ [;
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e Resolve the eq.(4.18) to find R/;
e Update the z, = R'3 _ according with eq.(4.19);

4. Compute the Kalman gain

K, = P, H'(HP; HT + M) (4.22)

5. Compute a-posteriori state estimate

x; =x; + Ki(z; — Hx, ) (4.23)

6. Compute a-posteriori error covariance matrix

P/ = IK,H)P, (4.24)

As additional information, when the roll and pitch are known, the rotation
matrix R shows an unknown in the yaw angle which can be obtained by
placing it equal to R/,

4.5 Results of attitude estimation

4.5.1 Simulation results

In order to assess the algorithm’s effectiveness, sensor data are simu-
lated utilizing the Driving Scenario Designer tool in MATLAB 2023. Driv-
ing Scenario Designer App in MATLAB is a tool designed for simulating
and visualizing scenarios related to autonomous driving.

The one provides a user-friendly graphical interface, Figure (4.8), for cre-
ating and modifying scenarios that involve vehicles, sensors, and the en-
vironment. It is a part of the MATLAB Automated Driving Toolbox,
which is used for developing perception, planning, and control algorithms
for autonomous vehicles. Users can create realistic driving scenarios by
adding roads, vehicles, traffic signs, and other objects. The app supports
2D and 3D visualization. Vehicle dynamics, such as speed, acceleration,
trajectories and turning rates, can be defined to simulate realistic vehicle
movements within the scenario. Finally, the app allows the placement and
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Figure 4.8. Graphical interface of Driving Scenario Designer app in Matlab

configuration of various sensors, including imu, gps, radar, lidar, and cam-
eras, on vehicles to simulate sensor readings and data.

In all drawn scenarios, a vehicle equipped with INS and LiDAR. sensors
has been positioned. The sensor configuration adopts default parameters,
including an IMU sampling frequency of 100 Hz, acceleration and angular
velocity accuracy set at 0.2m?/s and 0.2°/s respectively, LiDAR rate fre-
quency at 10 Hz, azimuth resolution at 0.16, elevation resolution at 1.25°,
range accuracy at 0.002m, maximum range at 100m, and the introduction
of noise to sensor measurements.

To evaluate the accuracy of the proposed method, a total of twenty
tests with an average duration of about 10 s are performed using different
road scenarios. The roll and pitch angles of the LiDAR and IMU sensors
mounted on a car are randomly chosen, while the speed of both sensors
is varied for each test. The first two tests simulate the static sensors by
setting the speed to 0 m/s, respectively. Subsequently, the synthetic sensor
data are exported and processed using Python Anaconda.

The effectiveness of the proposed method is evaluated by computing the
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root mean square (RMS) error between the true and estimated attitude for
each test. Table 4.2 shows (RMS) error obtained for each test with different
speeds. The proposed method uses only a gyroscope from IMU and a
LiDAR for estimation hence its estimate is independent of any movement
that might be exerted by the LiDAR. Table (4.2) summarizes the root
mean square (RMS) error in the attitude estimation for all performed
tests. RSM error for roll takes a maximum value of 0.0439 [°] , while RSM
error for pitch takes a maximum value of 0.1937 [°] . The pitch estimation
accuracy also depends upon the accuracy of the roll estimate.

Table 4.2. Results of the tests under various dynamic conditions

Test | Speed [m/s| | RMSe pitch [°] | RMSe roll [°]
1 0 0.0660 0.0033
2 0 0.0111 0.0205
3 10 0.0068 0.0086
4 20 0.0587 0.0200
) 30 0.0580 0.0319
6 40 0.0270 0.0083
7 50 0.0269 0.0553
8 60 0.0220 0.0144
9 70 0.0090 0.0033
10 80 0.0017 0.0035
11 90 0.0768 0.0204
12 100 0.0091 0.0146
13 110 0.0891 0.0439
14 120 0.0746 0.0089
15 130 0.0407 0.0137
16 140 0.1937 0.0145
17 150 0.0270 0.0142
18 180 0.0118 0.0031
19 200 0.0069 0.0442
20 300 0.0589 0.0380
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4.5.2 Preliminary experimental results

The Inertial Measurement Unit (IMU) sensor ICM-20948, integrated
within the Ouster LiDAR, was employed. The previous section provides a
detailed description and outlines the sensor characterization. Finally, cal-
ibration was performed between the mentioned IMU and LiDAR sensors,
following the procedure described in Chapter (2), to align the data into a
unified reference system named ’Sensor’. The experiment is carried out on
an urban road in the metropolitan city of Naples (Italy), characterized by
high traffic density during office hours, as illustrated in Chapter (2).

The LiDAR is mounted on a tripod at a height of 1.5 m, positioned
in a parking slot at the side of the road. The one is placed randomly by
hand along the x- and y-axis to simulate the roll and pitch inclinations
fully, Figure (3.10).

The LiDAR Ouster is integrated with a low-cost IMU, which introduces
a consistent bias in gyroscope measurements. This bias is visually evident
in Figure (4.9)a, where a noticeable vertical shift is observed in the mean
of a set of sensor readings compared to the zero values. Consequently, the
dedicated procedure proposed in the literature by [108] is implemented to
estimate and compensate for the gyroscope bias. To address this issue, the
data obtained from the IMU are combined with a linear Kalman filter to
accurately estimate the initial bias present in the gyroscope measurements.
The vector b is initialized to zero value, and the variance of the noisy
readings is used to define the covariance matrices.

By leveraging the filtering capabilities of the Kalman filter, an estima-
tion of the bias is obtained, allowing for its subsequent subtraction from
the incoming data. This process results in the generation of a corrected
output that reflects the true values, Figure (4.9)b, enhancing the overall
accuracy and reliability of the gyroscope system’s measurements.

For the bootstrap of the proposed method, the initial value of the state
vector « is chosen unitary and the noise process matrix @ is obtained ac-
cording to the equation (4.16) where the gyroscope covariance matrix is
chosen diagonal with value equal to 0.3 (degrees/s)? for all coefficients.
Instead, the measurement noise covariance matrix M is chosen diagonal
with value equal to 0.1 for all coefficients. The error covariance matrix P
is chosen diagonal with a value of 0.5 for all coefficients. These values are
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Figure 4.9. Histogram of the gyroscope reading along three axes xyz before
and after bias filtering

chosen experimentally.

Since the LiDAR is set in a static position and it is therefore not affected
by external acceleration, the internal IMU measures the sole internal accel-
eration, i.e. the gravitational contribution. The pitch and roll angles with
respect to the gravitational acceleration component are used as reference in
the comparison with the results offered by the proposed method. However,
the acceleration measurements from IMUs are corrupted by noise, which
significantly degrades the accuracy of the estimated reference parameters.

Figure (4.10a) shows the accelerations along the three axes. It is
apparent that the accelerations along the three axes exhibit consider-
able deviations from the mean values. More specifically, the mean value
0.6699, 0.2189 and 0.7295 m/s?> and standard deviations 0.0385, 0.0915,
and 0.02246 m/s? for three axes m,y,z respectively. In this context, a
low-pass filter can be employed to mitigate the effects of noise. Rapid sig-
nal changes are indicative of noise in the high-frequency components. As
depicted in Figure (4.10b), the interesting band in the frequency spectrum
of acceleration A(f) lies within the range of 0.04Hz. Butterworth low
pass filter is the best choice for flat response in the passband and an ade-
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Figure 4.10. Part of the accelerometer readings before and after low-pass

filtering.

quate rate of roll-off. Figure (4.10)c shows the filtered signals along three
components. The cutoff frequency used for filtering is 0.1H z with a filter
order of 2. After the filtering, the acceleration signals are characterized
by mean values of 0.6693,0.2201 , 0.7298m /s? and standard deviations of
0.0044,0.0087, and 0.0017 2z for three axes x,y, z respectively.

The proposed method in the presence of the experimental data pro-
duces for roll and pitch angles RMS errors equal to 1.306 degrees and

1.470 degrees respectively.

The pitch estimation accuracy also depends

upon the accuracy of the roll estimate. The performance of the proposed
model remains constant at a steady state during very long periods and is

shown in Figure (4.11).
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Figure 4.11. In blue, the estimation results. In black, reference values
obtained from gravity acceleration using the corrected accelerometer readings

4.6 Proposed data fusion method for kinematic
quantities

4.6.1 Problem Statement

In the context of Advanced Driver Assistance Systems (ADAS), deter-
mining the position of a vehicle is crucial for enhancing safety, improving
the driving experience, and enabling various advanced functionalities. Sev-
eral reasons why accurately knowing the position of a vehicle is important
in an ADAS system, exist. Knowing the precise position of a vehicle allows
the ADAS system to monitor the proximity to other vehicles, obstacles,
pedestrians, and road infrastructure. This information is critical for imple-
menting collision avoidance features, such as automatic emergency braking,
lane departure warning, and forward collision warning. Another example
could be Traffic Sign Recognition. Positional data is used to interpret and
respond to traffic signs accurately. For example, the system needs to know
the vehicle’s position to determine the applicable speed limits, traffic reg-
ulations, and other road signs.
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The position signal can be measured directly using multiple dedicated sen-
sors, or, in theory, using a single sensor. Sensor fusion for position refers
to the integration of data from multiple sensors to obtain a more accurate
and reliable estimate of the position of an object, such as a vehicle or a
robot. This approach is employed because individual sensors may have
limitations, biases, or errors that can be mitigated by combining their out-
puts. Generally, integrating sensors that capture diverse kinematic data
is a more practical approach because each sensor comes with distinct lim-
itations. In instances where one sensor encounters yields unreliable data
due to factors such as noise or environmental conditions, the presence of
other different sensors becomes instrumental in preserving a dependable
position estimate.

Furthermore, when position, velocity, and acceleration signals are directly
measured, the results can be processed to facilitate comparisons and/or
averages. For instance, if the first sensor measures the vehicle’s actual po-
sition, the second measures its velocity, and the third measures its acceler-
ation, an enhanced velocity measurement can theoretically be obtained by
averaging it with the time derivative of the position and the time integral
of the acceleration, incorporating the initial value of the velocity for the
latter.

In a broader context, the measurement of a target’s position can be
measured by combining the output of more sensors, namely y;(n),l =
1,2,..., M, where n is the discrete-time variable referring to a common
time base and M is the number of sensors. This approach incorporates
redundant observations of the kinematic quantities. The discrete signals
representing the position p(n), velocity v(n), and acceleration a(n), within
the proposed data fusion methodology, are derived by filtering the existing
digital signals, y;(n), using filters with an impulse response ¢;(n), and then
linearly combining the resulting outputs, w;(n). These filters are tailored
to the specific kinematic quantity being addressed. For instance, in the
case of position measurement, the formulation would be:

o0

M M
p(n) =Y awf(n)=Y e Y w(m)g[(m—n) (4.25)
=1 =1

m=—0o0

where the coefficients ¢; adopted in the weighted average have to satisfy
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the constraint:
M
=1 (4.26)
=1

and can be determined by considering the reliability and accuracy perfor-
mance of the respective sensor. Enhanced velocity and acceleration signals
can be derived directly from the position signal by applying the first-order
and second-order discrete-time derivatives, respectively. Alternatively, a
more sophisticated processing approach, utilizing the same model outlined
in eq.(4.25) with specific filters, is also feasible and is referred to as ¢ (n)
and ¢f*(n).

4.6.2 System Architecture

In the analyzed scenario, kinematic quantities of the target are mea-
sured with a multi-channel system where each channel integrates a sensor
capable of generating a digital output and an accompanying digital fil-
ter. Each sensor is characterized by its distinct frequency response Si(f),
l=1,...,M even when addressing the same kinematic parameter. During
the calibration stage, the frequency responses of all sensors are measured,
and this information becomes crucial for the formulation of the data fusion
approach. To effectively illustrate the proposed data fusion methodology
and specifically highlight the identification of the supplementary digital
filters, it proves advantageous to introduce a reference architecture. This
architecture serves as an abstraction of the actual system, maintaining ana-
log signals throughout. The representation becomes possible by describing
the analog-to-digital conversion as an analog sampling process followed by
the introduction of additive noise, known as quantization noise.

Within this architectural framework, the sampled signals are filtered
through analog filters characterized by impulse responses that are the ana-
log versions of the digital filters required for the data fusion. The signals
are combined by means of a summing device, which reconstructs the in-
put signal from the samples available on the channels. Following this
adopted abstraction, a consistent input representing one of the kinematic
quantities is uniformly applied to all channels. The operation of channels
hosting sensors targeting kinematic quantities different from the input is
then described by incorporating time-integral or time-derivative operators




90

CHAPTER 4. LIDAR LOCALIZATION

at the front end of the sensor. Figure (4.12) depicts the block diagram
of a four-channel system designed for processing a position signal as the
input quantity. In addition to the position sensor, there are a velocity
sensor and two acceleration sensors. To describe the system comprehen-
sively, a frequency-domain representation is employed. In this representa-
tion, the familiar algebraic notations for the first-order and second-order
time derivative operators denoted as j2rf and —4n?f? respectively, are
adopted. The sensors and analog processing filters exhibit frequency re-
sponses denoted as Sj(f)and Q;(f), where [ = 1,..., M, respectively, and
the common input is X (f). Each channel is characterized by a frequency
response H(f), formed by combining the frequency response of the op-
erator with that of the sequentially connected sensor. Consequently, the
input signals to the sampler can be expressed as H;(f)X;(f), where 1 =
1, ..., M. If the input signal corresponds to velocity or acceleration, dif-
ferent block diagrams need to be considered. Specifically, if the velocity
signal is designated as the common input X (f), the position sensor will be
positioned in the diagram following the algebraic operator %, and the
acceleration sensors will follow j27f. Conversely, if X (f) represents the
acceleration signal, then the position sensor will be situated after —ﬁ,

and the velocity sensor will follow %
j2mf

4.6.3 Filter identification

The proposed data fusion approach necessitates identifying the fre-
quency response of the filters @Q;(f), and the implementation of the cor-
responding discrete-time impulse responses, ¢;(n). These responses can
be obtained by performing the inverse discrete Fourier transform of the
2L-length sequence, @Q;(k). The identification goal can be accomplished
by exploiting the generalized sampling expansion theorem, according to
which a band-limited signal z(t), with single-sided bandwidth B, can be
acquired using a linear multi-channel system with M independent channels
operating at a rate not less than f; = %. Acquiring the signals means
that a digital representation of the input characterized by a sample rate
at least M fs = 2B can be gained, without any loss of information, by
combining the data streams from the independent channels.

It’s important to note that the generalized sampling expansion enables
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Figure 4.12. Block diagram of a multi-channel system with 4 sensors. The
input quantity is a position signal, and there are a velocity sensor and 2 ac-
celeration sensors, characterized in terms of their frequency responses S;(f).
The operators j27f and —4n2f? stand at the front-end of the velocity and
acceleration sensors to transform the position input into velocity and accel-
eration signals. The common input is X (f) and represents the spectrum of
a position signal; each channel is described in terms of a frequency response
H;(f). The outputs of the sensors are sampled and degraded by (quantization)
noise before entering the filters Q;(f) required to combine the outputs of the
individual channels.

the integration of digital outputs from individual sensors, even if they,
when considered separately, operate below the Nyquist rate. This is con-
ditional on the cumulative number of samples per unit of time from all
available sensors being equal to or greater than the Nyquist rate.

Consequently, the individual sensors within the multi-channel architec-
ture can benefit from an extended measurement time between consecutive
samples, leading to enhanced reading accuracy. Combining the outputs
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of all sensors results in a digital representation of the targeted kinematic
parameter with a sample rate greater than or equal to the corresponding
Nyquist rate.

In particular, when adopting a frequency-domain representation, the
following identity can be asserted:

M S m (k) x (ke we

=1 k=—

where X (f) is the input signal; H;(f) and Q;(f) with { = 1,..., M are
the frequency responses of the channels and filters, respectively. Notice
that sampling the output of the sensors H;(f)X(f) at a rate f ¢ produces
replication in the frequency domain at a pace %, as descrlbed by the

infinite sum upon the index k.

This identity can be refined since the filters in (4.27) must have zero
gain outside the bandwidth (=B, B), because of the band-limitedness of
the signal on the left side of the equation. This allows the inner sum to be
limited to the terms picked by k ranging from —M + 1 up to M — 1.

Furthermore, due to the periodic structure of the argument of the sum,
characterized by period %, the set of the 2M — 1 terms can be further di-
vided into subsets that provide equation systems for the reconstruction
filters that are valid on different portions of the interval (—B, B). Specif-
ically, if the interval (—B, B) is partitioned into the M adjacent inter-

vals ( B+p —B—{—(p—l—l)fS) obtained for p=0,..., M — 1, and the

characteristic function of each, namely m,(f) = T Biphs B+(p+1)%)(f)’

which equals one in the subscript interval and zero outmde, is used as a
multiplying operator in Equation (4.27), one obtains:

P
XU =2 > S H, (7= r ) autnx (112
 k=p—(M-1) I=1
(4.28)
where the function @y, (f) provides the representation of the reconstruction
filter Q;(f) valid in the p-th interval.

Equation (4.28) implies that, for any fixed p, and with & ranging from
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p— (M —1) up to p,

M
S H, <f - kg}) Q) = Tl 3(E) (4.20)
=1 5

where 0(k) is the Kronecher delta function, equal to one for £k = 0 and

zero for k # 0.
Equation (4.29) defines the functions @, (f), as solutions of the system:

Hi(f = (=M =1D)fp) . Hu(f=@- M=) [@uh)]
: . : : = —p(f)0r—p
H(f —pf) Hu(f —pfs) Qurp(f)
(4.30)
where §)7_) is a zero vector except in the (M — p)-th component equal to
1.
The system can be represented in a compact form as:

Hy Qp = dn—p (4.31)
where the bold character is used for the vector Q, = (Q1p(f), .-, Qurp(f))7,
and the blackboard bold character for the matrix, redefined as:

H(f-(p—(M-1)f) ... Hu(f—@p-(M-1)%)
_ [s . , :
H, = Wp(f)M : . :
Hi(f —pf7) Hy(f = pfp)
(4.32)

In order to determine @), the determinant of the matrix in system
(4.31) must be different from zero everywhere in the interval (—B —|—p%, —B+
(p+ 1)%) (It is so clarified in which sense the channels must be indepen-
dent from each other as stated by the hypothesis of the theorem.)

Named G,, the inverse matrix of H,, i.e., G, = H}jl, the vector of the
reconstruction filters for the p-th interval can be represented as:

Qp=Gpdup (4.33)
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It is worth highlighting that the frequency-domain functions in matrix
H,, are rightward shifted by fs; upon any increment in p, namely H, =
It [Ho|, where s, represents the translation operator by pfs. Since
translation and matrix inversion commute between each other, it also holds
that G, = ,1,[Go]. Thus, the vector of the reconstruction filters valid
throughout the interval (—B, B) can finally be gained by computing the
elements of vector Q as:

Q=" Tpss[Gol by (4.34)

p=0

—_

Hence, the time-domain representation of the signal, x(¢), can be gained
by first filtering the sampled signals from each channel with the functions
qi(t), corresponding to the inverse Fourier transformation of @Q;(f), to ob-
tain the signals w;(t), and then linearly combining all of them, in formulas:

{wl(t) =202 o m(nT)aqu(t — nTy) (4.35)

z(t)  =ad L w(t)

where, for instance, if all sensors are judged equally reliable and accurate,
it can be chosen ¢; = ﬁ, l=1,...,M.

4.6.4 Filter Synthesis

The implementation of the proposed method requires knowledge of the
frequency responses of the sensors. In practical terms, the identification
of each sensor takes place in a laboratory setting through calibration tests
that imply measuring the gain and phase delay characterizing the sensor at
different frequencies. In detail, a uniform grid incorporating L frequencies,
ranging from zero frequency to the sensor’s bandwidth, is utilized. The
measured gain and phase delay are represented using complex numbers,
where the magnitude corresponds to the gain, and the negative angle cor-
responds to the phase delay. This sequence is prolonged by mirroring the
measured sequence with complex conjugate values to form a 2L-length se-
quence that satisfies Hermitian symmetry concerning the L-th point. The
2L-length sequence is finally interpreted as the discrete double-sided fre-
quency response of the sensor. This sequence represents the input data
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required by the proposed method, i.e., the values Hi(vif.), L =1,..., M,
where v, = %, k=0,1,...,2L — 1, and f, is the sample rate selected for
the output result.

Using the values obtained through the identification procedure in the
system of Equation (4.33), and solving the algebraic systems obtained
for each frequency value v f., &k = 0,1,..., L allows us to determine the
values of the double-sided frequency responses of the filters at the same
frequencies, i.e., Q;(vrf.). Taking the inverse discrete Fourier transform
of the latter returns the coefficients of the finite impulse responses filters,
q(n),n=0,1,...,2L, needed to perform the data fusion upon the output
of the sensors, according to Equation (4.25).

The proposed method requires that sensors are synchronously clocked

at the same sample rate fs, which has to be no lower than % If the

adopted sample rate is fs = %, with K < M, the data streams from the

individual sensors are first upsampled by K by interleaving K — 1 zeros
between any couples of subsequent samples and then filtered.

Concerning the choice of the filter length, some degrees of freedom are
possible, taking into account that longer filters offer higher accuracy but
longer transients.

4.7 Results of data fusion method for kinematic
quantities

The proposed framework provides flexibility for implementing various
methods, allowing different configurations in terms of the number and
types of channels, redundancy levels for each kinematic quantity, and the
length of digital filters for data fusion. Each method and corresponding
architecture requires a dedicated analysis to assess the performance.

Here, one example related to a particular choice is discussed with the
intent of highlighting how the main configuration parameters generally im-
pact the performance. In detail, a four-channel architecture made up of
one position sensor, one velocity sensor, and two redundant acceleration
sensors is configured to accurately measure a position signal (refer to Fig-
ure 4.12).

All sensors exhibit low-pass behavior, but their cutoff frequencies and
in-band flatness differ from each other, as depicted in Figure (4.13) and
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detailed in the corresponding caption. Frequency values are normalized to
the system’s bandwidth, ranging from 0 to 1.

Frequency response of sensors
T : T T .
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Figure 4.13. Amplitude frequency response of the adopted sensors; the values
of the frequency are expressed in units normalized to the bandwidth of the
system and range from 0 up to 1. All responses are characterized by 3 dB
cut-off normalized frequencies that fall in the interval (0.93-0.97) with a 95%
confidence level; all frequency responses grant flatness within 0.18 dB up to
0.625 normalized frequency.

Consistent with the schematic in Figure (4.12), each channel is de-
scribed in terms of a frequency response incorporating the operator, inher-
ent to the sensor’s nature. Given the potential lack of independence among
channels in the presence of redundant sensors, the channels’ sampling oper-
ations, driven by clocks locked at the same frequency, are time-interleaved.
The frequency responses of the simulated channels are presented in Fig-
ure (4.14), where the first- and second-order time derivatives are simulated
using first- and second-order finite forward differences.

The simulations assume that the frequency response of each channel
can be determined on a uniform frequency grid ranging from DC up to the
nominal bandwidth of the channel and that the collected data are subject
to uncertainty on both magnitude and phase.

The number of points on the grid and the uncertainty affecting the
values play a crucial role, as they constitute the inputs required for iden-
tifying the digital filters for data fusion.
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Figure 4.14. The amplitude frequency response of the 4 channels highlights
the behavior of the channel hosting the position sensor (blue), the velocity
sensor (red), and the acceleration sensors (yellow and magenta) within the
input bandwidth. The diamond markers highlight the points considered at
the identification stage.

In the simulated system, the values of the frequency response for any
channel are characterized by a standard uncertainty of 0.1% for both mag-
nitude and phase.

The set of digital filters necessary for performing data fusion is designed
as outlined in the theoretical framework presented in the previous Section.
These filters should ensure a unitary gain for the entire system, but a slight
deviation between the actual gain and the target unitary value may occur
due to the finite length of the adopted digital filters. This deviation is
less significant for the frequency values corresponding to the points on the
considered grid, where it is primarily a result of the uncertainty character-
izing the data collected during the identification stage, rather than for the
frequency values between these points.

The four digital filters utilized in the simulations have 2L = 16 coeffi-
cients. They are designed based on the frequency response data obtained
for eight equally spaced frequency points within the bandwidth of the chan-
nels. The frequency responses of the digital filters, synthesized according
to the proposed approach, are illustrated in Figure (4.15).

The simulations involved 200 sinusoidal inputs with equally spaced
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Figure 4.15. Frequency responses of the 4 digital filters that are used to
perform the data fusion. All filters are characterized by 2L = 16 coefficients.

values across the system’s bandwidth. For each sinusoidal input, 1000
realizations affected by broadband noise, with a signal-to-noise ratio set at
20 dB, were analyzed.

The system’s accuracy is assessed using a key performance index (KPI),
defined as the ratio between the mean square value of the input and the
mean square value of the signal, calculated by taking the difference between
the applied input and the system’s output.

Figure (4.16) illustrates the mean value of the KPI, expressed in dB
units, at the test frequencies. The obtained values are interpolated for a
continuous trace to infer the system’s accuracy at frequencies not directly
measured. The accuracy of the position measurement provided by the data
fusion approach is maximized, as expected, at normalized frequency values
corresponding to the points measured during the identification stage, char-
acterized by the normalized frequency values 0.125k, where k = 0,...,7.
For such frequencies, the typical values of the KPI exceed 45 dB and are
likely limited by the measurement uncertainty of the data used at the filter
design stage.

Further details are presented in Figure (4.17), where the KPI results
for a subset of analyzed frequencies are summarized using boxplots instead
of mean values, as shown in Figure (4.16). In a boxplot, the central mark
represents the median, the edges of the box denote the 25th and 75th per-
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Figure 4.16. Accuracy is expressed in terms of a KPI defined as the mean
value of the ratio, given in dB unit, between the mean square value of the input
and the mean square value of the signal, obtained by taking the difference
between the applied input and the output of the system. The values are
interpolated to have a continuous trace, in order to infer the accuracy of the
system at frequencies that have not been directly measured.

centiles, and the whiskers extend to the most extreme values considered
non-outliers. Frequencies are selected to illustrate results for low perfor-
mance (accuracy 30 dB), intermediate performance (accuracy 35 dB), and
high performance (accuracy 45 dB). Lower accuracy is associated with less
dispersion, while higher accuracy is accompanied by greater dispersion.
These effects can be attributed to the predominant systematic error at
frequencies far from the measured ones and the increasing significance of
noise superimposed on the input as performance levels rise.

In the presence of non-sinusoidal test signals, such as pseudo-random
trajectories with spectral contents uniformly spread throughout the sensor
bandwidth, the method typically achieves an accuracy within the interval
of (33.9 — 36.2)dB, with a mean at 35.0dB. This evaluation is based on
Monte Carlo simulations involving 1000 pseudo-random trajectories. If the
tests are repeated using the three-channel system obtained by excluding
one of the acceleration sensors, the KPI estimates fall within the interval
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Figure 4.17. Boxplots for the KPI utilized to evaluate the accuracy of the
proposed data fusion method. The values are related to a selection of the test
frequencies to highlight how the dispersion of the KPI changes at different
performance levels.

(31.6°33.8)dB and exhibit a mean value equal to 32.6dB: the redundancy
featuring the four-channel system allows an increment of 2.4dB for the

KPIL

Intuitively, a more detailed knowledge of the frequency response of the
channels, in terms of the number of measured values and their accuracy,
enables the design of digital filters with more coeflicients, leading to higher
accuracy. For instance, in Figure (4.18), the boxplot (based on 1000 real-
izations) illustrates accuracy at a subset of uniformly spaced frequencies
for a system employing digital filters with 400 coefficients. The design of
these filters considered a set of 200 measurements characterized by 0.1%
uncertainty for both magnitude and phase. The results indicate that ac-
curacy generally improves across the bandwidth.

However, it’s important to note that a filter with L coefficients intro-
duces a response delay of LT, seconds in the system, where T, is the sample
period. This response delay imposes limitations on the system’s perfor-
mance in control applications, where obtaining measurements of kinematic
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Figure 4.18. Boxplots for the KPI evaluated at normalized frequencies uni-
formly spaced by 0.05 units when the digital filters are characterized by length
2L = 400.

quantities must be done swiftly to correct dynamic trajectories and mini-
mize fluctuation effects.

4.8 Comparison with a Benchmark

The suggested approach for processing the outputs of the four sensors
has been compared with a benchmark system employing the same sensors.
In the benchmark system, each sensor is paired with a dedicated digital
filter ensuring a calibrated acquisition channel. FEach digital filter is con-
structed with a unitary gain at all measured frequency points. However,
in contrast to the proposed method, the selection of coefficients for each
filter is independent of the coefficients chosen for other sensors within the
same architecture.

It is assumed that at the identification stage, the frequency response of
the sensors can be measured with the same uncertainty level used to evalu-
ate the proposed system, i.e., 0.1% for both magnitude and phase. For an
equal comparison, the length of the digital filters of the benchmark system
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is chosen equal to 2L = 16, namely that chosen for the proposed system.
However, it is important to note that the digital filters intended for the
calibration (i.e., equalization) of individual channels are distinctly different
from those employed by the proposed method, as shown in Figure(4.19).
The outputs of the channels of the benchmark system are further elabo-

Frequency response of digital filters adopted by the benchmark
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Figure 4.19. Frequency response of the digital filters adopted by the bench-
mark system to perform the equalization of the sensors. The frequency re-
sponses are evidently different from those used by the proposed method given
in Figure (4.15).

rated in the case of velocity and acceleration signals to obtain position sig-
nals. To this end, velocity and acceleration signals are digitally integrated
once and twice, respectively; the digital integration is obtained through
the cumulative sum. The four position signals are combined to obtain a
single representative position signal, which is compared to that offered by
the proposed system. Pseudo-random trajectories that have spectral con-
tents uniformly spread throughout the bandwidth of the sensors are used
as test signals. Figure (4.20) shows the accuracy information for the pro-
posed method and the considered benchmark, both summarized by means
of boxplots evaluated on 1000 pseudo-random trajectories. As stated, the
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accuracy of the proposed method is within the interval (33.9736.2)dB and
typically sets at 35.0dB, whereas that of the benchmark is within the in-
terval (38.1739.1)dB and typically sets at 38.6dB.
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Figure 4.20. Accuracy offered by the proposed system (33.9-36.2) dB and
the considered benchmark, both in ideal conditions (38.1-39.1) dB and in the
presence of a constant offset equal to 1 ppm (relative to the output range of the
accelerometer). The results are summarized by means of boxplots evaluated
on 1000 tests performed on pseudo-random trajectories.

The benchmark system provides a theoretical limit, which is difficult,
if not impossible, to achieve when stepping from simulation, where several
effects can be easily controlled and neutralized, to practice. The bench-
mark, as well as all the systems that have to evaluate the integral of a
signal, have a weak point, which consists in the use of algorithms, such
as the cumulative sum, that act as unstable auto-regressive filters. These
algorithms typically produce divergent outputs in the presence of offsets
at the input stage. Steady or wandering offsets are very common and diffi-
cult to compensate for in kinematic sensors. At the calibration stage, it is
very difficult to directly measure weak offsets that can be smaller than the
resolution of the adopted meter. However, in a digital system that uses a
cumulative sum, for a run that considers N consecutive samples, the off-
set produces a drift that reaches a peak value equal to N times the offset
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amount (linear drift), and a peak value equal to N (N + 1) (quadratic
drift) for the same run if the cumulative sum is repeated twice. To provide
evidence of the issue, Figure (4.21) shows the position of a target that
oscillates with respect to a rest position, as measured both by a dedicated
displacement sensor and by integrating twice the output of an acceleration
sensor affected by an offset equal to 1 ppm the output range of the sensor.
A red trace shows the parabolic drift due to the offset, which makes the

latter position measurement progressively deviate from that offered by the
dedicated sensor.

Displacement [m]
., & 6 & o © o o ©
- ® O B2 M O N B O @

0 50 100 150 200 250 300 350 400 450 500
Discrete time

Figure 4.21. Displacement of a target around its rest position. The oscil-
lations are simulated with a multi-frequency signal that is characterized by a
peak value equal to 0.9 m, and 3 components at normalized frequencies equal
to 0.0071, 0.0272, and 0.0146. The blue trace represents the output of the dis-
placement sensor; the black trace is obtained by integrating the output of the
acceleration sensor affected by an offset equal to 1 ppm (relative to the output
range of the sensor); the red trace highlights the quadratic drift corresponding
to the difference between the signals.

The offset can be estimated by dividing the peak deviation between
the signal and the reference by the aforementioned quadratic factor. Un-
fortunately, static compensation is never perfect and offset residuals can
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show up, especially if the offset is not constant in time. The effect of a
residual or unstable offset still becomes manifest as linear drift in the case
of velocity sensors, and parabolic drift in the case of acceleration sensors.
As discussed in the Introduction, drifts can be counteracted dynamically,
if one can rely on a reliable and accurate position sensor, which does not
undergo any drift. Dynamic compensation is performed seamlessly during
the operation of the system, and it is repeated at a given cadence to indi-
cate that the performance of the multi-sensor system degrades beneath an
acceptance level. The choice of the duration of the time interval between
the compensation actions is bounded by a trade-off: short intervals allow
frequent but less effective compensation; long intervals are the basis for
accurate estimations, but expose the system to poor tracking capabilities,
giving the drift more time to exert its effect. To evaluate the impact of the
offset on the accuracy of both multi-sensor systems, namely the proposed
one and the benchmark, the results of further simulations performed in
the presence of an offset at the output of the acceleration sensors are dis-
cussed. In particular, a steady offset equal to 1 ppm (relative to the output
range of the acceleration sensor) is simulated. The dynamic compensation
is performed any N = 100 samples (i.e., any 10 ms for a 10 kHz sample
rate) such that the quadratic drift can reach at most a deviation equal to
0.5% the output range of the sensor, which is just detectable since it is
at the level of the typical output noise. In this case, the accuracy of the
benchmark degrades to values in the interval (32.8 —33.8) dB, as reported
in Figure (4.20). It is worth noticing that, conversely, the proposed system
adopts an inherent solution to extract position information from velocity
and acceleration signals without using cumulative sums. More specifically,
it uses finite impulse response filters, which are stable filters that confer
finite gain to zero and low frequencies (see the frequency responses of the
digital filters in Figure (4.15)), where the spectral contents of the offset
reside. The impact on the accuracy of an offset equal to 1 ppm in the
output range of the sensor is therefore not appreciable in the proposed
system, which confirms the results shown in Figure (4.20).
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4.9 Conclusion

Chapter 4 addresses the challenges of accurate vehicle localization, fo-
cusing on determining the vehicle’s position and orientation within a pre-
defined coordinate system. The discussion emphasizes the significance of
attitude, introduces the Inertial Navigation System (INS) relying on Iner-
tial Measurement Units (IMUs), and highlights the need for sensor fusion
to overcome IMU data uncertainties and drifts. Moreover, the chapter
explores challenges in accelerometer measurements and discusses existing
methods.

A method based on the Kalman filter for determining a LiDAR’s atti-
tude (pitch and roll angles) using only a tri-axial gyroscope in an inertial
measurement unit (IMU) and a point cloud, is introduced. Currently, the
vehicle deploys sensor fusion solutions of gyroscope and accelerometer be-
cause of the drift problem. The accelerometer is used to correct the drift
problem of gyroscope by measuring the attitude from gravitational accel-
eration. However, the accelerometer readings are corrupted by an external
acceleration produced by the vehicle movements. The proposed solution
uses the gyroscope in conjunction with the point cloud to accurately deter-
mine the attitude of the vehicle. Hence, this solution enables to avoid of the
accelerometer whose measurements are corrupted by external acceleration.
The proposed solution is tested by both simulations and experiments un-
der various dynamic conditions showing accuracy in estimation even under
very severe and prolonged dynamic conditions. Additionally, a theoretical
framework to implement multi-sensor data fusion methods for kinematic
quantities is proposed. All methods defined through the framework allow
the combination of signals obtained from position, velocity, and accelera-
tion sensors addressing the same target, and improvement in the observa-
tion of the kinematics of the target. Differently from several alternative
methods, the considered ones need no dynamic and/or error models to op-
erate and can be implemented with low computational burden. They gain
measurements by summing filtered versions of the heterogeneous kinematic
quantities. A simulated scenario shows that the adopted method keeps the
error in a position measurement within a few ppm of the full-scale posi-
tion.
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Conclusions

In contemporary urban landscapes, the focus on environmentally friendly
public transport is gaining momentum. This shift towards sustainability is
particularly pronounced in the growing interest surrounding tram systems,
which emerge as zero-emission solutions complementing existing trans-
portation modes. Trams, seamlessly integrated into urban contexts with-
out necessitating extensive infrastructure investments, share road space
with pedestrians and other vehicles, presenting a versatile and eco-friendly
alternative.

However, the incorporation of trams into shared road spaces brings
forth challenges, necessitating advanced technologies to ensure road safety
and mitigate potential accidents. To address this, an assisted driving sys-
tem tailored for trams becomes imperative. Leveraging existing automo-
tive technology, assisted driving systems, primarily reliant on camera sys-
tems, have shown promise in enhancing safety measures.

In conclusion, this thesis has explored various aspects of LiDAR tech-
nology, focusing on its application in object detection and localization
within the context of advanced driver assistance systems (ADAS) for the
tramway industry. The primary research objectives are to identify, cate-
gorize, and localize objects in the surrounding environment with modern
LiDAR technology and, then estimate the position of the tram relative to
an unknown environment.

Chapter 1 provides an overview of the motivation behind the research,
highlighting the increasing demand for sustainable transportation solu-
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tions, particularly in urban centers. The focus is on the tram system as
an environmentally friendly and cost-effective option. The chapter empha-
sizes the need for advanced driver assistance systems (ADAS) in the tram
industry to enhance safety and integration within urban environments. It
also discusses the current challenges faced by tram drivers, especially in
complex urban scenarios.

The analysis of the urban context explores the challenges associated
with tram operations, including accidents at intersections and unexpected
behaviors of other road users. Statistical data on tram accidents in Italy
indicates common scenarios and areas of concern. The difficulties faced by
tram drivers in speed control and navigation within urban environments
are discussed, emphasizing the need for effective ADAS solutions.

An overview of sensors for ADAS is presented, focusing on automotive
radar, ultrasonic sensors, LiDAR, and cameras. FEach sensor’s charac-
teristics, applications, and key manufacturers are discussed, providing a
foundation for understanding the sensor technologies involved in ADAS.

The chapter concludes with an introduction to the thesis’s objective,
emphasizing the LiDAR technology and its potential application in Ad-
vanced Assisted Driving in the Tramway Sector.

Chapter 2 extensively covered LiDAR technology, elucidating its measure-
ment principles, equation, and imaging strategies, and presenting a de-
tailed analysis of the OUSTER, OS0-128 LiDAR system.

Chapter 3 introduces the concept of autonomous driving technology,
emphasizing the role of sensors in gathering real-time information for
safe navigation. The chapter underscores the importance of onboard sen-
sors such as LiDAR, cameras, and radar for autonomous vehicles but
acknowledges limitations due to factors like sensor constraints, and ad-
verse weather. To overcome these limitations, a holistic approach is pro-
posed, integrating advanced sensing technology, edge computing, com-
munication, and other technologies to establish a cooperative perception
system within the Internet of Vehicles (IoV) environment. Collaborative
perception within IoV, facilitated by vehicle-to-vehicle (V2V) and vehicle-
to-infrastructure (V2I) communication, is explored. V2I communication
allows vehicles to share information with infrastructure sensors, enabling
real-time alerts on road conditions, traffic, and more. The chapter suggests
that this collaborative approach could reduce the reliance on onboard sen-
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sors, lowering the overall cost of autonomous vehicles and accelerating their
commercial adoption.

Moving beyond theoretical discussions, the work of Chapter 3 transi-

tioned into practical applications, specifically in LiDAR-based object de-
tection. The method can detect moving objects and estimate their size,
motion direction, speed, and acceleration thanks to the implementation of
effective approaches, like inter-frame comparisons for background filtering,
clustering for object recognition, 3D bounding box fitting for object orien-
tation estimation, and Kalman filtering reinforced by feedback for object
tracking. The method is tested on real datasets, collected on a city road
with a static LIDAR mounted on a tripod, and its effectiveness is quanti-
fied with specific metrics.
Chapter 4 delves into the challenges of accurate vehicle localization, em-
phasizing the necessity for precision in diverse driving scenarios and envi-
ronmental conditions. The primary focus is on determining the vehicle’s
position and orientation within a predefined coordinate system or map, in-
volving 6 degrees of freedom (DOF) pose in three-dimensional space. The
discussion extends to the significance of attitude, often represented by Eu-
ler angles or quaternions, especially in the context of autonomous vehicles.
It highlights that, for motion on a flat surface, a 2D variant with the first
three DOF poses is often sufficient.

It is introduced the Inertial Navigation System (INS), which relies on
Inertial Measurement Units (IMUs) to continuously calculate the vehicle’s
position, orientation, and velocity. While INS is a reliable navigation so-
lution, IMUs, due to their manufacturing processes, exhibit suboptimal
accuracy. Strapdown equations form the foundation of INS, governing
the real-time estimation of the vehicle’s trajectory. However, IMU data is
prone to uncertainties and noisy drifts, necessitating the integration of mul-
tiple sensors through sensor fusion techniques. The advantages of sensor
fusion include enhanced accuracy, robustness to sensor failures, and miti-
gating the limitations of individual sensors. Common frameworks such as
Kalman filters are employed for data fusion. The challenges in accelerom-
eter measurements and the existing methods, including the limitations of
relying on GPS signals, are explored. It also introduces more sophisticated
approaches involving computer vision techniques and artificial neural net-
works, acknowledging their resource-intensive nature.




110 CHAPTER 5. CONCLUSIONS

The subsequent sections of the chapter propose novel methods for im-
proving attitude estimation using LiDAR data and introduce a theoretical
framework for multi-sensor data fusion of kinematic quantities.

A methodology has been suggested to improve attitude estimation by lever-
aging LiDAR output, thereby circumventing the utilization of potentially
uncertain acceleration data generated by the IMU. The proposed approach
incorporates the Ransac algorithm to identify the ground plane and subse-
quently determine the orthogonal direction. A set of state variables crucial
for attitude estimation is monitored from this information. Optimal esti-
mations of these state variables, and consequently attitude parameters,
are achieved through the application of a well-suited Kalman filter. Ini-
tial tests demonstrate promising results, particularly in terms of long-term
stability.

A category of multi-sensor data fusion techniques for kinematic quanti-
ties has been illustrated. All these techniques share a common underlying
framework but can be differentiated based on the number and types of
available kinematic sensors. They facilitate the utilization of redundancy
in homogeneous kinematic sensors and, more broadly, the amalgamation
of outputs from diverse kinematic sensors.

The investigation has analyzed the potential of one such method in its
fundamental implementation and has conducted a fair comparison with
the most direct competing method suitable for data fusion. However, it’s
crucial to note that optimization was beyond the scope of this study, which
aimed at defining a general framework rather than a specific method and its
corresponding implementation. The four-channel architecture considered,
as outlined in Section (4.6), was employed solely to illustrate how the
principal configuration parameters typically influence the performance of
a method derived from the proposed framework.

The most noteworthy characteristic of these methods consists in their
robustness against undesired effects arising from offsets, flicker, and ran-
dom walk noise. Conversely, solutions relying on time-integration pro-
cessing to derive position measurements from velocity and/or acceleration
signals face accuracy risks, especially in the presence of high redundancy,
as even minor offsets can lead to significant errors due to cumulative ef-
fects.

In conclusion, the methods derived from the proposed framework adeptly
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combine direct position, velocity, and acceleration measurements. This
proficiency becomes particularly evident when the position signal exhibits
coarse precision, and velocity and acceleration signals encounter challenges
related to offset, flicker, or random walk noise. In these scenarios, the
methods within this class enable the utilization of heterogeneous sensors,
ensuring position measurements with drift-free tributaries.

In summary, this thesis has made significant contributions to the under-
standing and practical implementation of LIDAR technology in the realm
of ADAS. By addressing key aspects such as object detection and localiza-
tion, the research presented here contributes to the ongoing advancements
in autonomous and assisted driving systems, paving the way for enhanced
safety and efficiency in future urban transportation. Future research will
also delve into the exploration of data fusion algorithms, aiming to in-
tegrate information from multiple LiDARs or even heterogeneous sensors
like LIDARs and RADARs. This avenue of investigation seeks to enhance
the detection and tracking capabilities of the driving-assistant system.
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