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Foreword

uman imagination allows us to contemplate the future and anticipate technologies

that solve life’s challenges. Imagination motivates research and development that

demonstrates aspects of what is possible in prototypes well before they are economi-
cally feasible. These prototypes establish goals that are eventually realized when there is a
maturation and convergence of the required underlying technologies.

Communications and mobility are fundamental to human existence and, therefore,
are often the focus of our technological aspirations. Milestone achievements such as the
telephone, radio, automobile, and airplane have had a huge impact on human existence.
Their realization has, in turn, inspired new science fiction about pervasive wireless commu-
nications and automation that promises to further extend human reach, establish new levels
of comfort and efficiency, and reduce unwanted side effects of existing technologies such
as the accident rates we tolerate with modern transportation. A great example of how science
fiction has prophesied technology development in the communications space, and where
the required underlying technologies have matured over time to allow this vision to
be economically realized, is Dick Tracy’s two-way radio wristwatch (circa 1965), which is
now a reality made possible by advances in semiconductors, computer and display design,
battery technology, and communications algorithms.

Advances in computing, data processing, and artificial intelligence (deep learning in
particular) are driving the development of new levels of automation that will impact all
aspects of our lives. Profit motive will dictate which forms of automation will be realized
first, and the importance of mobility is aligning significant resources behind the development
of Connected and Automated vehicles (CAVs). What are CAVs and what are the underlying
technologies that need to mature and converge for them to be widely deployed? “Fundamentals
of Connected and Automated Vehicles” is written to answer these questions, providing deep
insight into CAV design and the underlying technologies involved, educating the reader with
the information required to make informed predictions of how and when CAVs will impact
their lives.

All of the authors of “Fundamentals of Connected and Automated Vehicles” are
researchers involved in the Institute of Automated Mobility (LAM), which was established
in 2018 to “Provide the technical guidance and coordination required to ensure the prudent
implementation of safe, efficient automated mobility across Arizona.” The IAM has deep
connections across the CAV community where it is recognized as a leader in the develop-
ment of CAV safety-assessment technology, in particular for its pioneering research into
operational safety metrics. The successful launch of CAVs will involve the application of
automation advances to all corners of our roadway transportation systems, both in auto-
mobiles and across the entire transportation infrastructure. The participation of the authors

© 2022 SAE International
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in the IAM affords them a unique perspective on how automation technology will be broadly
implemented, allowing them to communicate to the reader the full extent of how the tech-
nologies involved will be integrated into, and impact, their lives. I am honored to be the
Technical Director of the IAM where I am humbled by the expertise of the authors and the
contributions they are making to the advancement of the launch of the age of CAVs.

Greg Leeming
Institute of Automated Mobility (IAM) - Technical Director

EBSCChost - printed on 2/14/2023 6:20 AMvia . Al use subject to https://ww.ebsco. conlterns-of-use



EBSCChost -

Preface

“The automotive industry is in flux.” The opening line of this book is, if anything, an
understatement. Changes are impacting every aspect of this industry, from vehicle design
to ownership models to safety, and connectivity and automation are two of the biggest
change agents. The automotive industry is arguably transforming more rapidly in 2021
than at any other point since Carl Benz applied for his patent on a “vehicle powered by a
gas engine” in 1886.

The purpose of this book is to provide the reader with an understanding of the scope
and breadth of change in the automotive industry being wrought by connectivity and
automation. This understanding can be achieved through an exploration of the Fundamentals
of Connected and Automated Vehicles (CAVs). These fundamentals include the historical
development and context (Chapter 1) and the technologies involved (Chapters 2-7) and also
the verification and validation (Chapter 8) steps required to ensure that CAVs are safely
deployed on public roads is also described. Finally, a perspective on the outlook for CAVs,
particularly in various use cases, is provided (Chapter 9) to give the reader a sense of the
timing of CAVs.

Each chapter of this book is worthy of its own, devoted book. However, each chapter
contains sufficient technical depth to the reader to allow for a fundamental understanding
of the topic of each chapter. The intended audience is the Engineering student enrolled in
a class on CAVs, the automotive industry member who wants to gain an understanding of
the major industry trends, or the layperson who is interested in delving more deeply into
the CAV topic than is generally covered in media. The authors hope that they have succeeded
in providing a comprehensive yet accessible guide to CAVs, one of the most transformative
technological developments in the history of humankind’s ingenuity.

© 2022 SAE International
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Introduction and History
of Connected and
Automated Vehicles

he automotive industry is in flux. There are changes occurring that are transforming

the industry in more ways and to a greater degree than anything that has occurred

since Henry Ford introduced mass production of the automobile with the Model T in
1913. To date, since the internal combustion engine (ICE) became the dominant powertrain
focus (beating electricity and steam engines) due, in no small part, to the dominance
of the Model T and the introduction of the electric starter motor, the basic automotive
design paradigm has not changed significantly. Vehicles have become more efficient and
less polluting, and there are many more features and amenities packed into the interiors,
including safety systems and devices that have greatly reduced the number of roadway
deaths per mile traveled. The computing power on board vehicles now allows for much
greater control and information being accessible about the status of the various components.
However, the ICE powertrain remains dominant and the basic premise of a single, human
driver controlling the vehicle speed and trajectory using a steering wheel and acceleration,
brake, and (for manual transmissions) clutch pedals is unchanged. Communication between
drivers is minimal, with signal lights being the main means for indicating driver intention.
Finally, despite efforts by various regulators to increase the average number of occupants
in a vehicle through high-occupancy vehicle (HOV) lanes and other incentive programs,
single-occupancy vehicles continue to be an issue impacting traffic congestion and the
environment; an estimated 76.3% of U.S. commuters drive alone without any passengers
in their vehicles, vastly reducing the efficiency of traffic flow (Puentes, 2017).

This overall paradigm stasis is rapidly changing, however. Today’s automotive industry
is grappling with challenges associated with the mass adoption of vehicles, including rapid
adoption in the developing world. There is a need to further increase vehicular safety, reduce
the environmental impact of vehicle use, and improve traffic congestion. Four dominant

© 2022 SAE International
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Fundamentals of Connected and Automated Vehicles

industry trends, collectively known as CASE, shown below in the Venn diagram of Figure 1.1,
seek to address several of these challenges:

e FElectrification
¢ Connectivity
® Automation

¢ Sharing

m Current automotive industry trends.

© SAE International.

Electrification refers to moving away from the ICE as the sole source of motive power
toward powertrains that incorporate electric motive power (via electric motors [EMs]), and
potentially complete electric motive power in the form of electric vehicles (EVs).
Electrification is the most mature of the four trends. Given the dominance of ICEs in today’s
marketplace, it may be surprising to some that EVs have been built sporadically in the
decades since the early twentieth century when EVs competed with ICE vehicles and steam-
powered vehicles for early automobile powertrain dominance. However, the commencement
of sustained, significant R&D work in vehicle electrification is only two decades old. EVs
accounted for 1% of new U.S. vehicle sales in 2018, though the percentage is 5% in California
and is higher in some other countries, most notably Norway, where the percentage was 54%
in 2020. Increasing electrification is seen as inevitable for several reasons. EVs are
substantially more efficient at converting energy to vehicle motion than ICE-based vehicles
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CHAPTER 1 Introduction and History of Connected and Automated Vehicles

(~83% vs. 22% [Ramachandran & Stimming, 2015]); have fewer moving, mechanical parts
(making them less costly to maintain); and offer the ability to drastically reduce emissions
at the tailpipe and from a so-called well-to-wheels basis if the electricity is produced with
cleaner fuel sources. Fortunately, the latter is another prevailing trend, as energy grids
worldwide increase their proportion of renewable sources and governmental policies lean
toward increased environmental responsibility.

Connectivity is the next most mature trend, although there is some controversy within
the automotive industry as to what exactly the term means. For the purposes of this book,
the term will refer to any vehicle that can send or receive communications from off-board
sources. Examples include global positioning system (GPS) signals, cellular communica-
tions, and vehicle-to-everything (V2X). These terms of art will be explored in later chapters.
GPS-equipped vehicles were introduced by Oldsmobile circa 1994 (Mateja, 1995), and
certain contemporary vehicles can receive Signal Phase and Timing (SPaT) information
from traffic signals that provide information on the traffic light sequence and timing.
Connectivity allows for much richer information to be provided to a vehicle driver (or
automated driving system [ADS]), such that more informed decisions can be made. For
example, if a driver is alerted to the presence of a disabled vehicle downstream on a curve
that is occluded by foliage, the driver can alter his/her speed to anticipate the lane being
blocked and, thus, avoid an accident. Better decisions can be made in a myriad of situations,
and Connectivity is a key link for vehicles to an era where data, and data science, play an
increasingly important role in modern life.

Sharing is the second-least mature trend yet is familiar to most people today, though
the concept is currently being expanded using ICE vehicles generally, without Electrification,
Connectivity, or Automation. Sharing includes ride hailing (exemplified by companies like
Lyft and Uber) and car sharing (provided by companies like Zipcar and AutoShare). Sharing
also includes various modes of transportation, known as multi-modal transportation, from
scooters to bicycles to cars to buses and trains; trips can often use multiple modes to arrive
at a destination. Sharing allows for lower levels of vehicle ownership, which could be quite
disruptive to the automotive industry. Sharing can also provide enhanced mobility for
individuals who cannot drive or prefer not to drive, including disabled persons, seniors,
children, and those who would like expanded mobility options.

Last in maturity, but certainly not in potential for automotive industry sector disrup-
tion, is automation. Automation in the automotive context refers to vehicles with driving
automation systems.! Vehicles equipped with ADS can have varying levels of driving
automation features. These range from features such as adaptive cruise control, labeled as
Driver Assistance by the SAE J3016 document (Society of Automotive Engineers, 2018)
(discussed further in Chapter 2), to Full Automation, where the vehicle’s steering wheel
and pedals are optional and no human supervision is required. Allowing the ADS greater
control over the driving task will allow human occupants to spend time in the vehicle
engaged in tasks other than driving, including sleeping, working, watching a video, or even
exercising. Automation also has the strong likelihood of significantly reducing the frequency
of accidents and, like Sharing, increasing mobility for those who cannot drive themselves.
Automation is arguably the biggest change in the vehicle industry since the invention of
the vehicle itself.

The relative importance of each trend shown in Figure 1.1 on the automotive industry
asa whole is yet to be defined or understood. Further, the overlaps between the trends range

! According to the SAE J3016 nomenclature, a driving automation system refers to automation from Level 1
through Level 5 while ADS refers to automation from Level 3 to Level 5 only.
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from obvious to nebulous. For example, wireless charging might enable more vehicles with
an ADS to be EVs, in an Electrification-Automation overlap. However, the connection
between Connectivity and Electrification is perhaps less clear; on the one hand, knowing
that an electric vehicle supply equipment (EVSE) unit is available is crucial to the EV driver;
however, this information can come from the driver’s smartphone and is not necessarily
required to be provided by the vehicle display. How each trend develops and grows will
likely be highly dependent on the overlap with and the development of the other trends.

This book focuses on two of the four trends: Connectivity and Automation. There is
obvious overlap between the two, and the synergy created through leveraging the advantages
of both trends may dramatically alter the automotive landscape such that in the not-too-distant
future, connected and automated vehicles (CAVs) could become dominant.?

CAV History and Origins3

The first automated vehicles were arguably developed in ancient times: sailboats have a
weathervane connected to the tiller with ropes to keep the sailboat traveling on a single
course even if the winds shift (Figure 1.2).

m Sailboats were the original CAVs.

r -

Hayden Terjeson/Shutterstock.com

2 It should be noted that not all vehicles equipped with connectivity technology will also be equipped with auto-
mation technology, and vice versa. The CAV term will be used in both situations interchangeably.
3 Some content in this section is sourced from Weber (2014).
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CHAPTER 1 Introduction and History of Connected and Automated Vehicles

The history of motive automation involving human-occupied vehicles was then revisited
with the invention of the autopilot system for airplanes that allowed for simultaneous flying
and navigation. The Sperry Gyroscope Autopilot developed in the 1930s is shown in
Figure 1.3. This device allowed Wiley Post to fly solo around the world in 1933.

m The Sperry Gyroscope Autopilot.

Reprinted from National Air and Space Museum

Motive automation was also advanced (in a recurring theme) for military applications:
Torpedoes, such as the version dropped by a low-flying airplane depicted in Figure 1.4, were
first developed in the 1860s with simple guidance systems that maintained course and
depth. By World War II, sonar capabilities were added so that specific targets could
be attacked.

m Torpedo dropped by a low-flying airplane.

N ’

Reprinted with permission. © Crown Copyright. IWM.

EBSCChost - printed on 2/14/2023 6:20 AMvia . Al use subject to https://ww.ebsco. conlterns-of-use



6 Fundamentals of Connected and Automated Vehicles

Military incentives kept up the automation development, and the German V2 rocket,
shown in Figure 1.5, was the first human-made equipment to travel in outer space, with its
course directed by a series of gyroscopes.

m German V2 rocket.

Reprinted from Imperial War Museum.

The idea of automated passenger vehicles first appeared in comic books and science
fiction novels, starting circa 1935. Norman Bel Geddes of General Motors (GM) was the first
original equipment manufacturer (OEM) employee to publicly describe a vision of automated
vehicles in his Futurama ride at New York’s World Fair in 1939. The vision included speed
and collision controls similar to railroads and “trenches” to keep vehicles in their lanes. Of
course, without computers, this vision was fantastical. But these early depictions elucidated
benefits of CAVs that continue to be attractive today, such as the reduced need for parking
spaces in downtown areas (since CAVs can drop the passengers off and park outside of the
downtown core), reduced accidents, higher efficiency/road density, and more family time.
As stated in the fine print in Figure 1.6, commutes could be productive resulting in shorter
workdays, and road trips can involve interactions between the driver and passengers (i.e.,
parent and children, respectively) when the seating configuration allows it.
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CHAPTER 1 Introduction and History of Connected and Automated Vehicles

m Early depiction of a CAV and the promised benefits.

Reprinted with permission. © Everett Collection.

Radio Corporation of America (RCA) and GM conducted tests such as the one shown
in Figure 1.7 in the 1950s with vehicles that had radio receivers, magnets, and steel cables
embedded in the road for steering and speed control. The GM vehicles had “pick-up” coils
at the front that detected current flowing in the embedded cables, with different current
values directing the vehicle to turn left or right. The control tower transmitted radio signals
for speed control.

Using the advances in computing, the earliest CAV attempts were aimed at “cockroach-
like” motion:

® Sensing
® Processing

® Reacting

Sensing and reacting were possible with contemporaneous technology. But the machine
intelligence of the processing step needed to be developed. Stanford University was among
the pioneers in the 1960s and 1970s for robotics and machine vision, developing the Stanford
Artificial Intelligence Cart shown in Figure 1.7.

EBSCChost - printed on 2/14/2023 6:20 AMvia . All use subject to https://ww. ebsco. coniterns-of-use



8 Fundamentals of Connected and Automated Vehicles

m Stanford Artificial Intelligence Cart.

. o — 4

N

Reprinted with permission. © Mark Richards. Courtesy of the Computer History Museum.

By 1980, Ernst Dickmanns, a professor at the Bundeswehr University in Munich, had
developed a Mercedes van that was able to travel hundreds of highway miles with a primi-
tive version of automated driving. By 1993, Dickmanns’ VaMP Mercedes sedan, part of the
Eureka PROMETHEUS project, could travel in traffic at speeds up to 100 mph. Figure 1.8
is an image of the 1997 version of the Dickmanns VaMoRs van, with the third generation
of vision systems developed.
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m Ernst Dickmanns’ automated van.

Reprinted with permission. © Dynamic Machine Vision.

Military applications continued to push CAV development. The Predator drone,
shown in Figure 1.9, has been used for surveillance since at least 1995 and for targeted
strikes since at least 2001, though the precise dates of the first deployment are not
publicly known.

m Predator drone.

-
n
L .

Oleg Yarko [ site: Yarko.Tv 1/Shutterstock.com.

Autonomous Underwater Vehicles (AUVs), depicted in Figure 1.10, were also under
development for both military applications and scientific endeavors like mapping the
ocean floor. AUVs can also be used in marine search applications. The Kongsberg HUGIN
4500 units aboard the MF Fugro Supporter and MV Havila Harmony vessels are self-
propelled and equipped with cameras, and were part of the search for remains from the
Malaysia Airlines Flight 370 at depths up to 20,000 ft (Joint Agency Coordination
Centre, 2015).
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10 Fundamentals of Connected and Automated Vehicles

m Autonomous Underwater Vehicle.

Reprinted with permission. © Bluefin.

In 1995, the Carnegie Mellon University (CMU) NavLab 5 team’s CAV, shown in
Figure 1.11, traveled from Pittsburgh to San Diego. Averaging above 60 mph, 98% of the
journey was completed by the automation system (approximately 2,740 CAV miles).

Reprinted with permission. © Carnegie Mellon University.

In 1991, the U.S. Congress authorized $650M to support the development of automated
highway driving. By 1997, CAVs were being tested on 7.6 miles of the HOV lane of Interstate
15 near San Diego, as shown in Figure 1.12. This trial, and others like it, received some
public attention but did not lead to a sustained effort in the automotive industry to
develop CAVs.
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m CAV testing near San Diego in 1997.

Reprinted with permission. © Carnegie Mellon University.

CAV development truly became widespread with the introduction of the Defense
Advanced Research Projects Agency (DARPA) Grand Challenge for CAVs. The DARPA
Grand Challenge was initiated in 2004 as the first long-distance (150 miles) race in the
world for these vehicles. The grand prize was $1M. In 2004, no vehicles finished the course;
the furthest any team traveled was 7.3 miles before getting “hung up” on some rocks. In
2005, a total of 45 vehicles entered the competition. A total of 22 out of 23 finalist vehicles
surpassed the 7.3-mile mark, and five vehicles successfully completed the course. The winner
was Stanley, shown in Figure 1.13, developed by Stanford University and completed the
course in a time of 6 h 54 min.

m Stanford’s Stanley CAV, winner of the 2005 DARPA Challenge.

Reprinted from Public Domain.

The DARPA Grand Challenge was modified for the 2007 race and became the “Urban
Challenge.” The course was 60 miles of a simulated urban environment and had to
be completed in under 6 h. All traffic laws had to be obeyed. The Grand Prize was $2M and
some teams received up to $1M in funding in order to help with development. The Urban
Challenge forced the CAVs to make more frequent real-time decisions with respect to other
vehicles. The winning vehicle, named “Boss” and shown in Figure 1.14, was developed by
Tartan Racing, a team led by CMU.
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m CMU and GM joint venture, Tartan Racing, winner of the 2007 DARPA
Urban Challenge.

Reprinted from Public Domain.

Universities continued to lead CAV development around this time. The University of
Parma developed the VisLab CAV, shown in Figure 1.15. In 2010, it undertook what could
be the most geographically diverse automated driving route to date: 10,000 miles through
9 countries in 100 days from Parma, Italy, to Shanghai, China. This vehicle is reputed to
be the first CAV to receive a traffic ticket. The police officer reportedly did not know whose
name to put on the ticket (Vanderbilt, 2012).

m University of Parma’s VisLab CAV.

Reprinted with permission. © VisLab.

CAVs Today

From relatively modest beginnings, CAVs are commercially available today for specific
applications, such as forklifts and low-speed shuttles, shown in Figures 1.16 and
1.17, respectively.
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m Automated forklift.

Chesky/Shutterstock.com.

w Local Motors’ Olli electric, automated shuttle.

Reprinted with permission. © Local Motors.

Induct Technology produced what may have been the first commercially available
on-road CAV, the Navya, shown in Figure 1.18. It had a top speed of 12 mph, a cost of 250k
USD, and a very limited set of conditions under which it could operate (known as an
Operational Design Domain (ODD), which will be further discussed later in the chapter).

m Induct Technology’s Navya CAV, the first commercially available CAV.

Reprinted with permission. © Navya.
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London Heathrow Airport has demonstrated the “robo-taxi” from Ultra Global PRT,
shown in Figure 1.19.

m London Heathrow Airport’s robo-taxis from Ultra Global PRT.

Reprinted with permission. © Matthew Phenix.

For the light-duty vehicle market, the CAV industry includes both established automo-
tive industry companies, established companies in other technology areas, and start-ups:

® OEMs (e.g., General Motors, Ford, Volkswagen)
® Tier 1 suppliers (e.g., Denso, Bosch, ZF)
e Silicon Valley (e.g., Waymo, Zoox, Aptiv)

The field of competitors vying for commercial introduction of CAVs is broad and
turbulent. Many companies are acquiring other companies or joining together to form
consortia and partnerships to help speed development times and share the large costs:

® Bayerische Motoren Werke (BMW)-Intel-Delphi-Mobileye

® GM-Cruise Automation (shown in Figure 1.20)

® Uber-Volvo-Microsoft-Autoliv

® Waymo-Fiat Chrysler Automobiles (FCA) (shown in Figure 1.21)
® Audi-Nvidia

TP GM-Cruise prototype CAV.

Reprinted with permission. Photo by Daniel Lu.
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m Waymo-FCA test CAV.

CHAPTER 1 Introduction and History of Connected and Automated Vehicles

Reprinted with permission. Photo by Daniel Lu.

Determining the leading companies and consortia is an inexact science, but Guidehouse
(formerly Navigant, a consulting company that releases reports on market analysis) has
provided CAV industry rankings since 2017. The rankings criteria are:

Vision

Go-to market strategy

Partners

Production strategy

Technology

Sales, marketing, and distribution
Product capability

Product quality and reliability
Product portfolio

Staying power

Guidehouse’s CAV leaderboards in January 2017-February 2021 are shown in
Figures 1.22 to 1.26. Note that in the February 2021 leaderboard, Guidehouse modified the
analyzed companies to only include CAV developers, and not companies that will only
be deploying CAVs without also developing the vehicles.
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Guidehouse’s CAV leaderboard: January 2017.
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Guidehouse’s CAV leaderboard: January 2019.

Reprinted with permission. © Guidehouse Insights.

Execution

CHALLENGERS CONTENDERS LEADERS
5 GM Cruise ~ Waymo
Daimler-Bosch \ : \‘/_
R It-Nissan- %
Mitsubishi Allian

e Group 'Y
BMW.-Intel-FCA & Ford Autonomous
-\. \ Vehicles

Hyundai Motor %
Group /. Aptiv .
Volve-Veoneer- _/. Toyota Intel-Mobileye
o

Ericsson-Zenuity Baidu
Uber 2
e_ T ©—— May Mobility
Apple —q Zoox
Tesla —/. .\
Voyage Auto
>
Strategy

Guidehouse’s CAV leaderboard: January 2020.

Reprinted with permission. © Guidehouse Insights.
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Guidehouse’s CAV leaderboard: April 2021.
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From these rankings, it appears that Waymo has, at least in Guidehouse’s estima-
tion, a durable, but small, lead over its rivals. Other current leaders appear to be Nvidia,
Argo Al (a division of Ford), and Baidu (of Chinese internet search fame). Cruise (owned
by GM), Intel-Mobileye, Zoox, and the Hyundai-Aptiv joint venture Motional are on
the cusp of being considered industry leaders. Some companies are present in all five
(2017-2021) years considered, while others appear or disappear in different years. Of
particular note is that Guidehouse has consistently ranked Tesla low in both strategy
and execution, even though Tesla has a reputation, at least in the public media domain,
as being in a dominant position because its vehicles are equipped with sensors that
allow the company to collect a vast amount of data to train its artificial intelligence
(AI) algorithms. The strategies adopted by some of these groups will be discussed in
detail in future chapters.

Current Status

There is considerable excitement and interest in CAVs from industry, government, and the
general public. However, there are many issues to be addressed before CAVs are deployed
commercially, let alone dominate sales and in number on public roads. The anticipation
that CAVs would be ready by the early 2020s has been tempered due to a greater apprecia-
tion that some obstacles are more difficult to overcome than previously understood. The
predicted timeframe of widespread CAV deployment has stretched, and there are differing
opinions on whether fully automated vehicles will be commercialized this decade or several
decades from now.

printed on 2/14/2023 6:20 AMvia . Al use subject to https://ww.ebsco.coniterns-of -use



CHAPTER 1 Introduction and History of Connected and Automated Vehicles 19

In order to understand the current status of CAVs, it is helpful to note that there are
three main systems in a CAV:

1. Perception system: Required to detect objects in the environment, classity, locate,
and determine the speed and direction of each safety-relevant object. The ADS
must also locate itself on its detailed, three-dimensional (3D) map of roads within
its ODD (defined below).

2. Path planning system: Once the surroundings are “perceived,” a plan of action
must be developed based on the vehicle mission and the characteristics of the
identified objects.

3. Actuation system: With a plan of action completed, the vehicle controls must
be actuated in order to complete the plan of action.

The perception system is seen as the ADS sub-system requiring the most development.
The perception of the CAV must improve to reduce the number of false negatives (not
detecting an object) and false positives (ghost objects). Object classification must improve
as well. The system must also include redundancy to account for sensor error and failure.
The perception of “known” or “average” scenarios may be adequate, but the system must
also be capable of handling more complex and difficult scenarios:

® Inclement weather

® Roads with temporary restrictions/temporary obstacles
¢ Parking lots

® Heavy pedestrian/cyclist traffic

® Non-mapped areas

Even if perfect perception of an environment was possible (this level is likely to only
be asymptotically approached), the path planning system must be able to navigate scenarios
that have not been “seen” in testing or training. The technology of CAVs is thus not suffi-
ciently developed for public roads—the industry as a whole is understanding that the first
80-90% of capability has been achieved, but the last 10-20% will require more effort and
development than previously thought. Sensor technologies paths are also uncertain, for
example, LIght Detection and Ranging (LIDAR) sensors are seen by some CAV developers
as crucial components and by others as superfluous.

The path that this technology development will take is also unclear. There are some
CAYV developers that are starting with simpler automation capabilities or expanding the
scope of currently available driver-assistance features, incrementally increasing the capa-
bility (commercialized throughout) until a fully automated vehicle is achieved. Others are
targeting fully automated vehicles from the start. The former has the advantage of gradual
adoption and increasing public familiarity with CAV technology. The latter would present
the CAV as a fait accompli and avoid some of the perceived problems with partial automa-
tion where humans remain in the loop. The approach that ultimately proves more successful
will depend on the financial support for each, consumer reaction and acceptance, and the
perception of safety.

It remains to be seen which class of vehicles will see the first widespread CAV adoption.
The light-duty segment receives much of the attention, driven partly by interest in the
so-called “robo-taxi” industry that would eliminate costs associated with human drivers
and could thus be more likely to justify the higher cost of CAVs over a conventional vehicle.

EBSCChost - printed on 2/14/2023 6:20 AMvia . Al use subject to https://ww.ebsco. conlterns-of-use



20

EBSCChost -

Fundamentals of Connected and Automated Vehicles

However, many in the CAV industry see the long-haul trucking industry as the first use
case for CAVs. This is in part because the incremental cost of the automation system is less
of an obstacle for commercial trucks that may already cost hundreds of thousands of dollars
and in part because long-haul trucks generally traverse environments such as freeways and
highways, which are less complex than those typically encountered in urban driving. The
last-mile transportation and delivery industries may also claim the mantle of being the first
transportation segment with widespread CAV adoption. Last-mile transportation involves
lower speeds and often on prescribed routes that have lower complexity. Last-mile delivery
can avoid both drivers and passengers and can involve some entities such as Nuro, which
has explored driving on sidewalks at low speed to reduce interaction with road traffic.

While CAV technology is far from mature, the legislation and regulatory environment
is even more nascent. One complicating factor in the United States is that, historically, the
federal government has regulated the vehicle while the states have regulated the driver.
Since the driver and vehicle are one and the same in CAVs, the regulatory landscape is
less clear. The federal government has introduced voluntary measures, such as the guidance
to CAV developers to provide a Voluntary Safety Self-Assessment (VSSA), but such
measures are not mandatory and there is no requirement to provide any assurance, let
alone actual data, that the CAV in question is roadworthy. States have filled the gap in
part by providing a patchwork of regulatory controls. However, there are no requirements
that CAV developers share their data, and no state has provided a comprehensive regula-
tory regime to ensure public safety. Standards Development Organizations (SDOs) such
as SAE International, International Electrical and Electronics Engineers (IEEE), and
International Organization for Standardization (ISO) have started to provide standards
and best practices that could guide CAV development and eventually lead to regulation.
While there are currently duplications and contradictions among SDOs, there are efforts
underway to harmonize standards and documents. This should make the regulatory
rulemaking process easier and faster, and this will help provide guardrails to the CAV
industry without stifling innovation.

It is clear that while much progress has been made in CAV development, there is a long
way to go before society sees widespread CAV deployment and adoption. This is true for
both the technology and the regulatory environment, as described above, but there are
many more stakeholders in CAVs beyond industry and government. The impact on public
safety that CAVs present is massive, and the industry has not yet shown that the vehicles
achieve a desired level of safety; in fact, both the desired level and the manner in which the
CAV can demonstrate that the level has been met are yet to be determined (discussed further
in Chapter 8—Verification and Validation). In addition to public safety, there are many
aspects of society that will be impacted by CAV deployment. Some of these aspects are
discussed in the following section.

Societal Impacts

The impacts on society that CAVs will have, like the overall trends in the automotive
industry, are currently unclear. However, there has been much speculation about expected
effects, both positive and negative. While there is uncertainty about the timing and intensity
of CAV’s societal impacts and any discussion is prone to prognostication, this section offers
an overview of the ways in which CAVs may influence safety, the environment, and quality
of life.
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Positive Impacts

One of the major hoped-for impacts of CAVs is to reduce the number of deaths from traffic
accidents. There are some 36,000 deaths in the United States every year in traffic accidents,
and one million worldwide. The National Highway Traffic Safety Administration (NHTSA)
has determined that human error is a critical factor, or last event in the crash causal chain,
in more than 94% of crashes (National Highway Traffic Safety Administration, 2018). If
sources of a human driver’s error, which include distraction, tiredness, intoxication, and
poor judgment, can be reduced, the number of crashes is also expected to be reduced. Of
course, this requires that CAVs do not introduce other crash causation factors.

Fewer accidents should mean a reduction in car insurance costs since the insurance
companies would have fewer pay-outs to amortize over the premiums paid by individual
drivers. Reduced insurance costs would make owning a vehicle more affordable for many
people who cannot currently do so if the upfront costs of CAVs can be sufficiently reduced.

Another expected positive impact of CAVs is a reduction in traffic congestion. In the
United States in 2019, congested roadways cost an estimated $88B in lost productivity and
the average driver lost 99 hours during the year due to traffic (INRIX, 2020). Traffic affects
both quality of life and the economic health of a country, and as urbanization continues
apace across the globe (going from 55% of the global population in 2018 to an expected
68% by 2050 [United Nations Department of Economic and Social Affairs, 2018]), the
problem is likely to get worse. CAVs, while unlikely to be a panacea, can help alleviate traffic
problems through a variety of mechanisms, such as more uniform speeds and braking,
communications between traffic participants and infrastructure, and coordination
at intersections.

CAVs are expected to also increase mobility for so-called “transportation-challenged”
populations such as the elderly and the disabled. While the ride-hailing companies
mentioned earlier can provide mobility to those who cannot drive themselves, CAVs offer
the prospect that these populations can use this mode of transportation at a cost that allows
them full mobility since the cost of the driver would be eliminated. More speculatively,
CAVs could allow busy parents to forego driving their kids to various activities and school.
This would of course depend on the level of trust parents have both in the safety of CAVs
and in allowing their children to be unaccompanied; the legal ramifications of the latter
would also need to be addressed.

The average U.S. commute takes 26.1 min each way (U.S. Census Bureau, 2017a), for a
total commuting time of nearly an hour. If the commute took place in a CAV, the commuter
would be freed from the responsibility of driving so that any number of other activities
could take place, including reading, sleeping, enjoying media content, etc. However, it is
also possible that the commuter could be productive from their employment perspective
so that the actual time spent at the place of employment could be shortened. This could
mean shorter workdays and more time to spend on activities other than work.

CAVs offer the potential for more efficient land use in urban areas. Parking spaces for
personal vehicles take up an inordinate amount of real estate in cities. In U.S. city centers,
some 50-60% of the total amount of space is assigned to parking spaces (Old Urbanist,
2011). In homes, garages average 264 sq. ft (for single-car) and 360 sq. ft (for double-car)
(Danley’s Garage World, n.d.), which is 10% and 14% of the total square footage of the
average U.S. home in 2017, respectively (U.S. Census Bureau, 2017b). CAVs could drop off
commuters directly at their destinations in city centers and then either continue to pick up
other passengers (in a ride-hailing enterprise) or park themselves at a location outside of
the city center (for an individually owned vehicle). New houses could be built without
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garages for housing vehicles and the space could be devoted to any number of other purposes.
Apartment buildings would no longer require multiple floors of parking, which would
reduce costs as well as the volumetric footprint of the building.

As mentioned above, this list is by no means exhaustive. Some potential benefits have
been identified while others could materialize once CAVs have been commercialized. The
extent of the benefits will vary and remain to be seen.

Negative Impacts

While there appear to be many positive aspects to CAV commercialization, the possible
negative aspects must not be ignored. The most significant negative impact may be the
social upheaval due to labor market disruptions and job losses. For example, there are some
3.5M truck drivers in the United States whose jobs are at risk due to CAVs (U.S. Census
Bureau, 2019). The median wage for U.S. long-haul truckers in 2018 was $43,680 (U.S.
Bureau of Labor Statistics, n.d.); although this wage is lower than the median U.S. wage of
$52,104 in 2020 (U.S. Bureau of Labor Statistics, 2020), it is higher than the median wages
for those without a high school diploma ($32,760) and those with a high school diploma
but no college diploma ($41,028). Long-haul trucking and taxi services offer middle-class
wages to workers without higher levels of education. More indirectly, car rental and valet
jobs could be affected, and fewer roadway crashes may mean fewer vehicle repair shops.
Though some of the companies associated with the development and deployment of CAVs
claim that cost reductions through job elimination is not the goal of introducing automa-
tion, experience from other industries that have seen increased automation suggests that
it is inevitable. In order to avoid labor unrest and increased unemployment, steps will
be required to ensure a transition to CAV commercialization that does not result in massive
losses of jobs.

CAVs have the potential to reduce energy consumption, especially if they encounter
fewer traffic delays. They can also be programmed to engage in smoother, more efficient
driving with less aggressive acceleration and braking events. However, the energy consump-
tion of the transportation network could increase overall. The convenience of CAVs may
induce new trips that may not otherwise have been taken by car. CAVs may be traveling
between destinations without a driver and the energy consumption of the ADS itself has
been estimated at 200 W (Baxter, et al., 2018). The U.S. Department of Energy (DOE) and
several national laboratories attempted to “bookend” the impact of CAVs on the transporta-
tion sector and found a range from a reduction of 60% to an increase of 200% (Stephens,
et al,, 2016). The wide range shows that the ultimate impacts are unknown, but that there
could be a significant increase in energy consumption. As global awareness of the need to
reduce energy consumption, especially of fossil fuel-related energy, grows, the true impacts
must be studied, and steps must be taken to mitigate an increase due to CAVs if at all possible.

A negative impact that is related to energy consumption is the prospect that CAVs could
exacerbate urban sprawl. When the length of commute is unimportant (energy costs notwith-
standing, although these are low in the United States by global standards) because the
commuter can sleep, eat, or even work while commuting, said commuter may choose to live
farther away from their place of employment than they would otherwise have done. In
addition to increasing energy use, this often results in living in suburbs or even exurbs outside
the city center, thereby reducing the density of cities. All things being equal, higher density
means lower energy use and lower costs since the provision of services like roads, utilities,
and public transit is easier for cities. Urban planners are attempting to reduce urban sprawl
and make cities more dense and “walkable,” and CAVs could counteract these efforts.
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In addition to public transit potentially costing more due to urban sprawl, the use of
public transit may decrease, potentially significantly. The positive feedback loop of reduced
revenue and (likely) resulting reduction in service could strain public transit agencies and
introduce even more mobility challenges to those who cannot afford access to private
vehicles. A reduction in public transit could increase overall energy consumption in the
transportation sector as well as increase traffic problems and emissions. This highlights the
interaction between potential negative impacts of widespread CAV deployment; an increase
in one can cause a corresponding increase in one or more of the others.

While a full examination of the ethical considerations of CAVs is beyond the scope of
this book, it should be noted that these considerations are incredibly important to society
and how CAVs are viewed. The well-known “trolley car problem” is applicable to the path
planning decisions that CAVs will have to make, and has been explored by the Massachusetts
Institute of Technology (MIT) Moral Machine, where the user is presented with various
scenarios of accidents that will kill people, and the user must choose between people types
and numbers (Massachusetts Institute of Technology, 2020) (See Chapter 7 for more discus-
sion on this topic). The question must also be asked whether the CAV should protect its
own occupant(s) at all costs or whether there is a larger, societal obligation. How these
questions are answered by regulators and CAV developers could influence how CAVs are
perceived by society at large quite dramatically.

The question of liability for CAVs remains an open question. The demarcation between
when the human and automation system are in control of the vehicle (described further in
the section below) and the transition between the two purviews could provide fodder for
lawsuits. Even when the ADS is fully in control, the question of liability has yet to
be answered. On the other hand, CAVs will be capable of storing the perception data that
is almost never available in the case of human-driven vehicle crashes. Accident reconstruc-
tion experts may have a powerful tool for understanding an incident. However, it is critical
that the perception data are actually stored and shared with law enforcement, the CAV
owner, and the other parties in the case of an accident.

The use of CAVs by malicious actors or mischievous parties has received some attention.
While there is reason to believe that the CAV developers would implement safeguards to
prevent CAVs from being hacked and used as weapons, the stakes of the usual cat-and-mouse
game played by cybersecurity experts and hackers are higher when actual human lives are
directly at stake. The problem is exacerbated if the CAV is part of a fleet and the hack of one
(or of the central system) means that the control of multiple vehicles is compromised.

From the violent to the whimsical, the question must be asked whether the CAV will
bring about the end of the movie car chase scene. If an automation system that does not
allow speeding is in control of the vehicle, the iconic scene from Total Recall notwith-
standing, will the action movie be the same?

CAV Taxonomy and Definitions

Just as in any industry, it is important to have common definitions so people working
throughout the industry can communicate effectively and avoid confusion associated with
vague and/or misleading terminology. The taxonomy and definitions in this section will
be used throughout the book.

The NHTSA, part of the U.S. Department of Transportation (U.S. DOT) originally
had its own taxonomy of automation levels, released in 2013. In September 2016, the SAE
On-Road Automated Driving (ORAD) Committee released SAE ]J3016_201609, and the
NHTSA adopted the SAE taxonomy. The current version of J3016 was released in 2018, and
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the terminology in this document as well as others prepared by the SAE ORAD Committee
will be used in this book.

The taxonomy, summarized below in Figure 1.27 and explained further in Figure 1.28,
is based on the levels of a driving automation system from 1 through 5 (Level 0 being a
system with no driving automation system), and are separated into two distinct categories:

® Levels 0 to 2 include automation where the driver is responsible for all or part of
the dynamic driving task (DDT).

® Levels 3 to 5 include automation where the ADS is responsible for the entire DDT
(while engaged).

SAE J3016 automation level summary.

boT
B . Sustained DDT
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E vehicle motion
K] control
Driver performs part or all of the DDT
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5 No Driving |7 performance by the driver of the entire DDT, even
Automation when enhanced by active safety systems.

The sustained and ODD-specific execution by a
driving automation system of either the lateral or the

1 Asgirs“t’:r:ce lengitudinal vehicle motion control subtask of the DDT D’Siw;;e":;'d Driver Driver Limited
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m SAE J3016 automation level explainer.
% SAE J3016™LEVELS OF DRIVING AUTOMATION
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Youare driving whenever these driver support features You are not driving when these automated driving
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It should be noted that there is a distinction between automation and what is known
as “active safety,” even though some of the technologies are shared. For driving automation
system features, all or part of the DDT is done by the system rather than the human driver.
For active safety features, commonly referred to as “Advanced Driver Assistance Systems
(ADAS)” (not to be confused with the Level 1 automation nomenclature of “Driver
Assistance”), the human driver is still completing the entire DDT but the system is moni-
toring the driving and alerting the driver or intervening, depending on the feature. Active
safety features are also identifiable by the intermittent nature of the alerts or intervention.
Some common active safety features include:

® Forward collision warning (FCW)

® Lane-keeping assist (LKA)

¢ Blind-spot warning

® Automatic emergency braking (AEB)
® Lane-departure warning (LDW)

Some important driving automation system-related definitions from SAE J3016 (Society
of Automotive Engineers, 2018) that will be used throughout this book include:

Driving Automation System: The hardware and software that are collectively capable
of performing part or all of the DDT on a sustained basis; this term is used generically to
describe any system capable of Level 1-5 driving automation.
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Automated Driving System (ADS): The hardware and software that are collectively
capable of performing the entire DDT on a sustained basis, regardless of whether it is limited
to a specific operational design domain (ODD); this term is used specifically to describe a
Level 3, 4, or 5 driving automation system.

Dynamic Driving Task (DDT): All of the real-time operational and tactical functions
required to operate a vehicle in on-road traffic, excluding the strategic functions such as
trip scheduling and selection of destinations and waypoints. The longitudinal and lateral
control as well as the object and event detection and response (OEDR; see below) are included.

Operational Design Domain (ODD): The specific conditions under which a given
driving automation system or feature thereof is designed to function, including, but not
limited to, driving modes.

Object and Event Detection and Response (OEDR): The subtasks of the DDT that
include monitoring and driving environment (detecting, recognizing, and classifying objects
and events and preparing to respond as needed) and executing an appropriate response to
such objects and events (i.e., as needed to complete the DDT and/or DDT fallback).

DDT Fallback: The response by the user or by an ADS to perform the DDT or achieve
a minimal risk condition.

Minimal Risk Condition (MRC): The condition to which a user or an ADS may bring
a vehicle after performing the DDT fallback in order to reduce the risk of a crash when a
given trip cannot or should not be completed.

Scope of the Book

As discussed earlier, there are three main systems in a CAV: Perception System, Path
Planning System, and Actuation System. This book will focus on the first two systems; the
third is primarily a controls problem but will be briefly discussed in the context of the
actuator hardware and in path planning; more information on actuation can be found in
Gillespie (2021) and Kiencke and Nielsen (2005). Chapter 2 describes the various methods
CAVs use to determine the location and understand the environment. Chapter 3 explores
Connectivity and its impacts. Chapter 4 characterizes the various sensors used in CAVs to
gather information about the environment as well as the hardware implemented for control
actuation. Chapter 5 describes the computer vision techniques that are used by CAVs to
process the camera-based information that is gathered. Chapter 6 outlines the sensor fusion
process that takes the disparate information from the various sensors and processes the
information to make sense of the environment and other entities within it. Chapter 7 covers
the path planning methods for determining what trajectory the CAV will take and executing
the desired trajectory. Chapter 8 describes the verification and validation (V&V) methods
and processes for ensuring that a CAV is safe for deployment on public roads. Finally,
Chapter 9 closes the book with discussion on what some of the next steps might be in the
CAYV industry, what obstacles still loom over it, and the near-, medium-, and long-term
industry outlooks. Cybersecurity is not included in this introduction to CAVs; information
on this topic can be found in D’Anna (2018) and Ghosh (2016).

In order to connect the chapters and provide a concrete example of a CAV “in action,”
Chapters 2 through 8 will open with the following driving scenario, as depicted in Figure 1.29:
The CAV (in red) will be making a left turn at a four-way-stop intersection, with one car
(in green) approaching the intersection from the opposite direction to the CAV, one car (in
blue) stopped to the CAV’s right, and a pedestrian crossing the street across the intended
CAV path as it makes its left turn. A description of how the subject of the chapter pertains
to this driving scenario will then provide a contextual introduction to the reader.
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Driving scenario example.
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Localization

he first step in the perception sub-system, i.e., for the CAV to begin to understand

its surroundings, is to determine its pose (also known as its 3D orientation), 3D

position, speed, and acceleration and how these parameters relate to a known map.
This process is known as localization. This chapter will describe the need, challenges, tech-
nologies, and techniques for this all-important perception sub-system. The characteristics
and construction of the high-definition (HD) maps that are used as part of the localization
process will also be discussed.

Localization can be contextualized within the driving scenario example shown in
Figure 2.1. The CAV’s localization algorithm will have a map of the environment that is
constructed either a priori or in real time by the CAV itself (see section “Mapping”). The
world coordinate system origin (X, Y, Z) of the intersection map is shown at the center of
the intersection, on the surface of the road. Note that the choice of origin is arbitrary and
left to the localization algorithm developer to decide. The CAV also has a local coordinate
system (X', Y', Z') that can be described relative to the world coordinate system. The CAV
localization algorithm, using sensor data (i.e., from cameras or an inertial measurement
unit [IMU]; see section “Sensing”), determines the CAV pose with respect to the local origin
(note that the choice of local coordinate system alignment with the world coordinate system
means that the pose will be the same with respect to both systems). Since the CAV has
stopped straight in its lane, its yaw component (rotation about the Z’ axis) will be 0% if the
road is flat, then the CAV will have neither roll component (rotation about the Y’ axis) nor
pitch component (rotation about the X’ axis). The localization algorithm also uses sensor
data (i.e., from a GPS unit; see section “Sensing”) to determine the CAV position (i.e., its
local origin) with respect to the world origin. The Y and Y’ axes align, so the distance along
the X axis is zero. If the road is flat (or the vehicle and origin point are at the same

© 2022 SAE International
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elevation), the relative distance from Z’ to Z is also zero. The distance from the local origin
to the world origin is then along the Y and Y" axes (i.e., a positive, nonzero value). The
localization also uses sensor data (i.e., from the wheel speed sensors; see section “Sensing”)
to determine the CAV speed and acceleration. In this case, the CAV speed and acceleration
are zero, but as the CAV completes the left turn, there will be speed and acceleration
components in both the Y and X directions (again, assuming the road is flat) in addition
to pitch, roll, and yaw due to the steer input and movement of the suspension. The localiza-
tion determination is subsequently used in development of the world model of the CAV
(see section “Sensor Fusion Definition and CAV Data Sources”). The localization input to
the world model includes:

¢ The map of the CAV environment

® The pose, position, and motion of the CAV within the map of its environment

Driving scenario example.
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Localization Need

In order to fully perceive one’s surroundings, an understanding of the current position is
crucial. While a human driver may not know the GPS coordinates of his or her own vehicle
precisely, a general understanding of one’s location is necessary for safe navigation. ADS
perception sub-systems do not faithfully recreate the perception process of humans, but
instead have a perception process that is more simplistic, making localization even more
important. The pose of the CAV is also crucial information to determine so that the path
planning sub-system can function properly. Localization is considered a part of the percep-
tion system, as shown in Figure 2.2, and is an input to the path planning system.
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Localization can also serve as a method of perception redundancy; the localization
with respect to various static entities in the map can be compared to the determinations of
detected entities and the distances from these entities. Localization consists of two primary
steps that will be discussed in the following sections: “Mapping” and “Sensing.”

Mapping

Mapping ranges from two-dimensional (2D), conventional maps to 3D HD maps. Maps
used in localization can be obtained in one of three ways:

1. Via connectivity to an outside source
2. Stored in an on-board computer

3. Created in real time

Mapping is a crucial component of localization, and many ADS developers allow their
CAVs to operate with the ADS completing the DDT only in a geo-fenced area where a priori
mapping has been done. In this case, the CAV has access to the map via one of the first two
methods above. Real-time mapping is not generally accepted as sufficient by ADS developers,
with Tesla being a major exception that will be discussed later in the chapter. The require-
ment for a priori mapping also means up-to-date mapping, with ADS developers updating
a map if changes occur due to, for example, construction.

Many conventional maps (also known as standard definition [SD] maps) are publicly
available, from such services as Google Maps, Apple Maps, Waze, etc. These maps, while
useful to human drivers for navigation, are insufficiently detailed for CAVs. CAVs require
details such as accurate widths of traffic lanes, heights of curbs, and clear information on
traffic signs and lights. The accuracy of conventional maps is also insufficient, often
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displaying several meters of inaccuracy. For example, one study found that Google Earth®,
the internet service that provides free access to satellite imagery, has an accuracy range of
0.4 m to 171.6 m (Potere, 2008), showing an accuracy inconsistency that is unacceptable
for CAVs.

The usage of 3D HD maps is thus essential for CAVs. These 3D HD maps exhibit a high
accuracy in locating objects, with a resolution at the centimeter level, and establish what is
known as the “ground truth” for the ADS. If the accuracy is sufficiently high, the location
of static objects can be obtained from the map rather than the sensors of the perception
system in cases of sensor failure or blind spots.

With these highly detailed maps, less real-time perception and classification is required,
and the ADS can focus processing power on change detection from the ground truth—
identifying elements such as cars, pedestrians, etc. that would not be a component of the
static map. The better the 3D HD map the less the CAV has to rely on real-time sensor data
capture and processing.

The 3D HD map is constructed from a variety of sources, such as on-board vehicle
sensors, satellite imagery, and a base, SD map. Vardhan (2017) proposed the following
taxonomy (in “layers”) for 3D HD maps used by CAVs:

® Base map layer—This is the SD map that includes road curvatures, elevation, and
GPS coordinates.

® Geometric map layer—The 3D point cloud created from the mapping sensors
(LIDAR, camera, GPS, etc.) that includes the stationary objects in the surroundings.

® Semantic map layer—2D or 3D semantic objects (such as lane markings, street
signs, and other details).

® Map priors layer—A priori information and entity behavioral data, such as average
cycle/pedestrian speeds, and SPaT information.

® Real-time layer—This is the real-time traffic information that a CAV can receive to
assist with trip planning and navigation.

A decision must be made where to store the 3D HD map data: on board the vehicle, in
the cloud, at the Network Operations Center (NOC), or at the “edge.” The latency require-
ments of the perception step require on-board data fusion, but it is conceivable that a CAV
will only store local data and will obtain the 3D HD map from off-board sources when
entering a given geo-fenced zone.

When creating the maps, data can be transferred by downloading directly from the
data acquisition equipment (more common in captive fleets) or from vehicle to cloud and
cloud to central database (more common in crowdsourcing).

Sensing

In the context of localization, sensing refers to the use of sensors to obtain information that
allows for the position and heading of the subject CAV to be determined relative to the 3D
HD map. Further details on sensing in the context of CAV sensors that are used to perceive
other road users, traffic lanes, static objects, etc. in the CAV environment are included in
Chapter 4. The CAV’s sensing must be functional and accurate in a variety of conditions,
such as low lighting, in tunnels, among tall buildings and trees, and in varying weather
conditions. The data from the various sensors will all be in different formats and must
be “fused” together through sensor fusion methods which will be discussed in Chapter 6.
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The sensor technologies used in localization can be either “exteroceptive” or “proprio-
ceptive”. Exteroceptive sensors are used in both mapping and sensing aspects of localization,
while proprioceptive sensors are used exclusively in sensing:

® Exteroceptive: External to the vehicle, i.e., from the vehicle surroundings

® Proprioceptive: Internal to the vehicle, i.e., from the vehicle itself

The most popular exteroceptive sensors currently in use are described below, although
Chapter 4 provides a more in-depth exploration into each of these sensor types:

¢ Global Navigation Satellite Systems (GNSS): GNSS (in the United States, the most

common GNSS is the GPS that uses the NAVSTAR satellite network developed
by the U.S. Department of Defense) sensors use satellite signals to obtain subject
CAV coordinates on the ground. These coordinates can then be compared to the
coordinates on the 3D HD map. The nominal accuracy is 1-10 m, which is insufficient
for CAV localization. The lack of accuracy of GNSS is primarily due to imprecision
in satellite orbit, satellite clock errors, and atmospheric disturbances. The GNSS
accuracy can be improved by using a “correction service” in which reference stations
(sometimes referred to as “base stations” for differential GPS units) with accurately
known locations receive the GNSS coordinates and calculate the required correction.

LIght Detection And Ranging (LIDAR): LIDAR sensors are used in localization
for 3D HD map creation, specifically for measuring the distances between entities
in the surroundings to the subject CAV, and also during the sensing phase for the
same distance calculations that can be compared against the 3D HD map.

RAdio Detection And Ranging (RADAR): RADAR sensors are less commonly used
in localization, but when they are used, it is during the sensing phase, specifically for
measuring the speeds of entities in the surroundings to the subject CAV to ensure
that identified stationary objects are indeed stationary.

Camera: Camera sensors are used in localization for 3D HD map creation, specifically
for semantic identification of the entities in the surroundings to the subject CAV,
and also during the sensing phase for the same semantic identifications that can
be compared against the 3D HD map.

Ultrasonic Sound Navigation and Ranging (SONAR): Ultrasonic SONAR sensors
are used for detection and ranging at small distances (within 5 m) near the subject
CAV. Ultrasonic SONAR units are cheaper and require less processing than RADAR
and LIDAR signals, making the former an attractive modality in a CAV sensor
array. Ultrasonic SONAR also has high directivity, which is useful in situations that
require precision, such as parking. Parking is the main application for ultrasonic
SONAR in CAVs, with ultrasonic SONAR sensors installed with overlapping fields
of view (FOVs) in the front and rear bumpers.

Proprioceptive sensors include:

® Inertial Measurement Unit (IMU): IMU sensors use accelerometers to measure

acceleration in the X-Y-Z directions, but also gyroscopes to measure rotation
about the roll, pitch, and yaw principal axes. To measure movement from a specific
location, IMU sensors are mounted in a fixed position in the subject vehicle. IMUs
can be thought of as analogous to the inner ear in a human that helps with balance
and perception of motion.

- printed on 2/14/2023 6:20 AMvia . Al use subject to https://ww.ebsco.coniterns-of-use

35



36

EBSCChost -

Fundamentals of Connected and Automated Vehicles

Wheel Speed Sensor: Wheel speed sensors are used in odometry to measure the
change in position of the subject vehicle over a set period of time, i.e., the vehicle
speed. The sensors are usually an optical encoder that uses a light source and optical
detector; the number of times that the light source is detected corresponds to the
number of wheel revolutions and speed of revolution. Having encoders on all four
wheels for speed differences of the wheels, for example, allows for subject vehicle
turns to be captured although this can also lead to inconsistencies in vehicle speed
due to wheel slippage and events causing wheels to leave the ground plane.

Steering Angle and Torque Sensors: Steering angle and torque sensors can also
be used in odometry, incorporating turns in the distance and velocity determinations.
Steering angle sensors can be analog or digital and can be connected to the electronic
stability control (ESC) (ESC was required in all new vehicles in the United States
starting with the 2012 model year) (Delphi Technologies, n.d.).

As in all data collection, calibration of sensors is critical to ensure accuracy. This is
especially true in localization, where centimeter resolution is required. An example of a
required calibration would be the case of multiple LIDAR units being employed, where the
sensors’ responses (i.e., reflected laser beams and timing) to the same object must be the
same, as shown in Figure 2.3. The bottom figure shows that uniform reflectivity from the
same object makes for a clearer view of the object.

Intensity calibration of a LIDAR sensor.
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Localization Challenges

There are myriad challenges associated with CAV localization, ranging from logistical
to technical. For the mapping portion of localization, the main challenge is how to create
a 3D HD map that is sufficiently detailed over a wide area in order to be useful. The map
must exhibit a high degree of accuracy such that the CAV can treat the map as ground
truth and conduct the localization with respect to the ground truth. The area of coverage
must be widespread or the ODD of the CAV will be limited. Although road infrastructure
is not in constant flux, changes are made periodically, such as during construction. Other
examples include lane line fading and sign deterioration/damage. These changes must
all be captured; therefore, the 3D HD map must be maintained so that it is always up
to date.

The question of how the 3D HD map is created is another challenge. There are two
main strategies currently being used:

1. Mapping services organization

2. Crowdsourcing organization

A mapping services organization has its own captive vehicle fleet deployed with map
data collection hardware. The fleet vehicles are driven through a desired area with the express
purpose of collecting data. The main advantage enjoyed by such a strategy is that this is an
entity with dedicated resources to accurate data collection and 3D HD map generation. The
main disadvantage is that the data collection is expensive, and the fleet must be large to
cover an extensive area. To provide context on the cost, in 2018 a mapping services company
DeepMap, a fleet vehicle of which is shown in Figure 2.4, was reportedly charging $5,000
USD per kilometer for its mapping service [techcrunch.com, DeepMap]. As mentioned
above, changes to the road infrastructure must be captured; thus, the mapping services
organization must return to locations where change has occurred. If information on where
changes have occurred is available, the return mapping trips can be targeted. However, it
is unlikely that every change will be known such that targeted mapping can always occur;
more likely is that some portion of a mapped area must have returned mapping periodically
to account for unknown changes. Balancing the need for an up-to-date 3D HD map and
the cost of creating the map will always be a major consideration for the mapping
services organization.

m DeepMap data collection fleet vehicle.

Reprinted with permission. © DeepMap.
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Using a crowdsourcing strategy for 3D HD map creation involves using non-fleet vehicles
for the data capture. In this case, a crowdsourcing map organization provides data collection
technology to vehicles owned by others (e.g., members of the general public who agree to
participate, perhaps for some form of compensation) and then uses these data in the map
generation. There are several variants to the crowdsourcing model. A company called Lv15,
for example, pays drivers to use their own iPhones mounted as dashcams in their vehicles along
with Lv15’s phone application Payver to accumulate data with a compensation of 0.05 USD per
mile (Kouri, 2018). Lv15 is working with Uber and Lyft to scale their data collection. Conversely,
Mapbox is working with active safety systems and ADS developers to collect data from deployed
vehicles and prototype testing, respectively. The sensors allow for better data collection than
using a smartphone camera, but the scaling of the enterprise is more difficult to achieve.

The main advantages of using crowdsourcing include low cost and fast data accumula-
tion. Crowdsourcing also allows for updates of changes in maps to happen without requiring
knowledge of the changes. However, the main disadvantages include generally lower-quality
data when limited sensors are used, so the data need to be filtered and post-processed.
Furthermore, since the vehicle fleets are not captive, the area coverage cannot be guaranteed,
so there may be gaps. Further, outsourcing the data collection means that contracts with
entities with varying interests must be signed, and the mapping company does not control
the data collection even though it must, in some cases, provide the hardware.

The common theme of both strategies is that cost of 3D HD map development is a
large—perhaps the largest—consideration. Which strategy proves more feasible and how
the required 3D HD maps are developed remain open questions. Another unknown is
whether governments and jurisdictional authorities will develop (and maintain) these maps
because they are deemed a public good and provide them to the CAV community.

One paradigm that can mitigate the need for a CAV to have access to a single, comprehen-
sive 3D HD map is to employ a vehicular ad hoc network (VANET). In this paradigm, a CAV
will be connected with other CAVs and/or roadside units (RSUs), each with some or all of the
local 3D HD map that can be shared with the other connections. Figure 2.5 depicts how the
VANET and the 3D HD maps can be combined with real-time traffic data for better localization.

VANET for 3D HD map sharing.

WiMAX/3G
base station

Inter-vehicle
communication

G p

Vehicle-to-roadside
communication

G p

> Inter-roadside
s S
communication

Reprinted with permission. © Springer Nature.
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Other localization challenges include map data challenges. For example, the data will
have associated levels of uncertainty, just as any data do. The usefulness and ability of a
CAV to rely on the map data is highly dependent upon an understanding of the level of
uncertainty and a minimization of the uncertainty wherever possible. The main areas of
uncertainty are:

1. Existence: Does an object in the mapping data actually exist?
2. Accuracy: How accurate is the location of the object in the mapping data?

3. Classification: Is the classification of an object in the mapping data accurate?

It is helpful to have knowledge of the sensors used in the 3D HD map creation and
their limitations in order to understand these uncertainties.

Finally, a major localization challenge is the trade-off between real-time require-
ments and computational complexity. For localization to be useful, it must be done in
real time, and while a more complex 3D HD map may contain useful information, it
makes the real-time usage more difficult. Techniques, such as those described in the
following section, exist to mitigate this trade-off while maintaining the needed accuracy
of localization.

Localization Techniques

The 3D HD map is normally comprised of a fixed set of elements and representations
within an environment. In this case, the binary classification that results from interpre-
tation of sensor data is as either a true object or spurious data. However, the map can
also be viewed as a series of probability distributions as shown in Figure 2.6. Thus a
probability can be assigned to detected objects by calculating an average and variance
of the measurements. This technique can make the localization more robust to environ-
ment changes, more accurate, and help avoid localization failures such as false positives
and false negatives.

Probability distribution technique for 3D HD map development.

Reprinted with permission. © IEEE.
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Other localization techniques include ones that allow for localization to be performed even
in the absence of a pre-built 3D HD map, or to be accurate when elements of the existing, pre-
built 3D HD map have changed, and are known as Simultaneous Localization and Mapping
(SLAM) algorithms. SLAM algorithms were first developed in the 1980s and are a core part of
robotics. SLAM algorithms require more processing power and can be less accurate but can
perform the localization in real time. SLAM algorithms result in incremental map construction
as the subject vehicle moves through the surroundings and simultaneously performs localiza-
tion. In terms of automotive manufacturers developing CAVs, Tesla is the most prominent
proponent of the use of SLAM. At the time of writing, Tesla does not pre-build 3D HD maps,
and its vehicles using the Autopilot driving automation system are employing SLAM algorithms.

One possible method of SLAM is via implementation of a Bayes filter, in particular the
particle filter technique, where particles are created throughout the location space and
weighted by an amount that indicates the discrete probability that the vehicle is at that
location. The particle filter algorithm has four stages, as shown in Figure 2.7.

m Particle filter flowchart.

Initial Position
location and motion
estimate data

Resampling

Initialization S Prediction

© SAE International.

1. Initialization—Take an initial estimate from GPS to obtain a distribution of
possible locations (i.e., particles) with equal weights within the GPS space
where the vehicle could be located. Each particle has a position (x, y) and
orientation 6.

2. Prediction—Taking into account the data from the subject CAV sensors, e.g., the
IMU(s) (such as longitudinal/lateral velocity and acceleration), a prediction is
made on the position or motion of the vehicle and weights of the distribution. If
IMU sensors are used and motion data are used, the equations of motion that
determine the final position (x4 y;) and orientation ;based on the initial position
(x;» ¥;) and orientation 6; are (Cohen, 2018):

X =% +%[sin(00 +6(dr))-sin(6,) | (1)
Y=Y +£[cos(90)—cos(90 +9'(dt))} ()
0, =0, +0(dr) 3)

where v is the velocity measured by the IMU.
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3. Update—The match between measurements of location and the 3D HD map is

analyzed, and the weights assigned to the possible locations are modified
according to the equation (Cohen, 2018):

[("llx)z +(Y”V)ZJ

20§ ZUi

P(x,)/)=;e 4

2n0 .0,

Here o, and o, are the uncertainties of the measurements, x and y are
the observations of the landmarks, and p, and , are the ground truth coordi-
nates of the landmarks derived from the 3D HD map. When the error of the
predicted location is large, the exponent in the equation is 0 and the probability
(weight) is 0. When the error is small, the weight is 1 (standardized by

the denominator).

. Resampling—Only the locations with the highest weights are kept; the locations

with the lowest weights are discarded.

The cycle is repeated with the most likely locations until a final location is determined.

Note that the sensors associated with the data inputs to the Initialization, Prediction, and
Update steps will all have different types of errors and noise for which the algorithm needs
to account. A depiction of the particle filter technique using LIDAR measurements is shown
in Figure 2.8. Here the LIDAR measurements (in red) are compared against the map land-
marks (in blue) as described in Step 3 above.

Particle filter technique depicted with LIDAR sensor measurements.
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© SAE International.
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Other techniques for SLAM exist, and another common type of filter is the Kalman
(Extended Kalman Filter or Unscented Kalman Filter) filter. SLAM can also be accomplished
through optimization (i.e., Graph SLAM), where the vehicle’s pose (derived from sensor
measurements) imposes constraints on the vehicle motion with respect to the map and
landmark information. The optimal cost function of the poses is a nonlinear optimization
problem to be solved. Deep learning-based methods such as Convolutional Neural Network-
SLAM are also being developed.

The common problems with SLAM algorithm results, illustrated in Figure 2.9, include:

® Accumulation of errors, in which the localization worsens as the CAV proceeds
¢ Robustness of the algorithms to new types of environments and faults

¢ Computational cost meaning that CAVs will expend a significant proportion of the
computing power on localization, which reduces the computational power left over
for perception, path planning, and actuation

m SLAM results illustration.

| AT %

® Ground fruth

® SLAM + Start

Reprinted with permission. © 2018 by the authors. Licensed under CC BY 4.0. https://creativecommons.org/licenses/by/4.0/.

This chapter has outlined the localization step in the CAV’s completion of the DDT.
Localization is a key component for the CAV’s understanding of its environment, and
deviation from ground truth can lead to errors and potential unsafe driving behavior. As
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such, localization is critical to proper CAV functionality. Additionally, accurate localization
can be shared with other traffic participants in the environment for overall improvement
in network safety, as will be discussed in the next chapter.
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Connectivity

hile connectivity may not receive as much attention as automation by either the

media or the public, this technology could be a key enabler to CAVs becoming

widespread on public roads. Connectivity is a complement to both the local-
ization and perception sub-systems. Information can be obtained from off-board sources
that can enhance, provide redundancy for, or even correct the values from these other sub-
systems so that the CAV has a more accurate understanding of its surroundings.

The importance of connectivity to the safe introduction of automated vehicles can
be demonstrated using the driving scenario example shown in Figure 3.1. In the scenario,
the three CAVs, as well as the pedestrian, are broadcasting data about their position and
movement that can be received by other road users in the environment. This allows the
three vehicles to know that a pedestrian is crossing the street from north to south, which
increases the awareness of their location and motion in case they are not visible due to
inclement weather, lighting conditions, or even a sensor failure on a CAV. The increased
awareness of the presence of the pedestrian allows the red vehicle making the left turn
to delay entering the intersection until the pedestrian has completed the crossing. This
delay reduces the likelihood of an accident, and thus connectivity has improved the traffic
safety of this scenario. In the case of a sensor failure on a CAV, the connectivity has
provided safety redundancy for the automation. The CAVs could also be cooperating,
and in addition to sharing data on position, velocity, acceleration, and even intent, the
ADS could be agreeing to particular trajectories dictated by another vehicle or even an
intersection manager.

© 2022 SAE International
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Driving scenario example.

© SAE International.

This chapter will cover the definition of connectivity as used in this book. The history
of connectivity in the automotive sector will then be summarized. The motivations
behind why connectivity is seen as such an important part of the future of the automo-
tive sector will then be discussed. The technologies behind connectivity will be covered,
including the competing Dedicated Short-Range Communication (DSRC) and fifth-
generation (5G) technologies. Finally, the deployment challenges and potential impacts
will be examined.

Connectivity Defined

Connectivity, in the context used in this book, is technology that enables information
to be transferred to and from the CAV to off-board sources such as other vehicles,
bicycles, pedestrians, and the infrastructure, as depicted in Figure 3.2. Infrastructure
connectivity could mean information sharing with the cloud, an NOC, or a GPS ground
node. In this context, any information that would not otherwise be available but that
is transferred to or from the vehicle constitutes connectivity, for example, navigation
maps that are not stored on board the vehicle (even if the connection is enabled by a
smartphone in the vehicle). Connectivity allows for some decisions to be made by the
CAV collaboratively rather than exclusively individually. It also allows for better deci-
sions to be made due to additional information. This information permits vehicles to
have significantly expanded digital “line-of-sight” capabilities from on-board sensors
that will be discussed in Chapter 4, allowing for “seeing” around corners and through
other vehicles.
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/E’ﬁ ks

The three main types of CAV connectivity are:
Vehicle-to-Vehicle (V2V)

Vehicle-to-Infrastructure (V2I)
Vehicle-to-Pedestrian (V2P)

Along with Vehicle-to-Grid (V2G) and Vehicle-to-Device (V2D), collectively, these
types of connectivity are known as Vehicle-to-Everything (V2X). In V2X connectivity,
information is shared among entities within a given defined area, including:

Speed

Location

Heading

Brake status

Traffic SPaT

Traffic status

Traffic hazards, including construction

Lane locations and rules (e.g., travel direction)

The speed, location, and heading information are of particular note as these parameters
are part of a list of so-called Basic Safety Messages (BSMs) that were designated in the SAE
J2735 standard. Standardization of messages is essential so that all participating connected
entities are speaking the same “language.” The traffic SPaT, status, hazards, and lane loca-
tions are information parameters that are considered to be part of an analogous list for
infrastructure, or Basic Infrastructure Message (BIM). However, there is not yet a standard
for BIMs. The SAE J2735 document (first published in 2006 and updated several times,
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including the latest update in 2020) establishes a standard set of messages, data elements,
and data frames in the general V2X case. These messages, which can be broadcast and either
acknowledged or not by the receiver, include information relating to the surrounding
environment such as dangers of nearby vehicles disregarding right-of-way laws, emergency
vehicle presence, and other data regarding the driving environment. The complete list of
BSMs from SAE J2735 is included in Appendix A (SAE International, 2020):

1.

10.

11.

12.

13.

14.

15.

16.

17.

MSG_MessageFrame (FRAME): This message contains all the defined messages of
the SAE J2735 standard.

. MSG_BasicSafetyMessage (BSM): Safety-related information broadcast

periodically by and to the surrounding traffic participants and road operators
(transmission rates are not in the standard’s scope, but 10 Hz is said to be typical).
MSG_CommonSafetyRequest (CSR): A message that one traffic participant can
transmit to the others to request additional safety-related information.

. MSG_EmergencyVehicleAlert (EVA): A warning message to traffic participants

and road operators that an emergency vehicle is in the vicinity.

. MSG_IntersectionCollision Avoidance (ICA): A warning message to traffic

participants that a potential collision is imminent due to a vehicle entering the
intersection without the right of way.

MSG_MapData (MAP): Message containing a variety of geographic road
information, such as road geometry (including curve radii) and

intersection descriptions.

MSG_NMEAcorrections (NMEA): A message to incorporate National Marine
Electronics Association (NMEA) differential corrections for GPS/GNSS signals.
MSG_PersonalSafetyMessage (PSM): A message to broadcast the kinematic states
of vulnerable road users (VRUs).

MSG_ProbeDataManagement (PDM): A message for controlling the type of data
transmitted between On-Board Units (OBUs) and RSU.

MSG_ProbeVehicleData (PVD): A message on the status of a vehicle in the traffic
environment to allow for collection of vehicle behaviors along a particular road segment.
MSG_RoadSideAlert (RSA): A warning message sent to traffic participants in the
vicinity of nearby hazards such as “slippery conditions” or “oncoming train”.
MSG_RTCMcorrections (RTCM): A message to incorporate Radio Technical
Commission for Maritime Services (RTCM) different corrections for GPS and
other radio navigation signals.

MSG_SignalPhaseAndTiming Message (SPaT): A message to indicate the SPaT of
a nearby signalized intersection.

MSG_SignalRequestMessage (SRM): A message sent to the RSU of a signalized
intersection for either a priority signal request or preemption signal request and
can include time of arrival and duration of the request.
MSG_SignalStatusMessage (SSM): A status message transmitted by the RSU of a
signalized intersection that includes the pending and active priority and
preemption requests that have been acknowledged.
MSG_TravelerInformationMessage (TIM): A broad message type for transmitting
various advisory types of information for traffic participants and can include local
place names.

MSG_TestMessages: Expandable message type for local road operators to provide
region-specific information.
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Connectivity and automation are combined in what is known as cooperative driving
automation (CDA). In 2020, SAE International released J3216_202005, which outlined the
various aspects of CDA systems. The classes of CDA can be mapped against the levels of
automation according to SAE J3016_201806, as shown in Figure 3.3.

SAE J3216_202005 table mapping levels of CDA versus levels of automation.

SAE Driving Automation Levels

No Automation Driving Automation System Automated Driving System (ADS)
Level 0 Level 1 Level 2 Level 3 Level 4 Level 5
No Driving Driver Assistance Partial Driving Conditional High Driving Full Driving
Automation (longitudinal OR lateral Automation Driving Automation Automation
(human does ail  Qvehicle motion control)  (longitudinal AND Automation
driving) lateral vehicle motion
control)

Relies on ADS to perform complete DDT under
defined iti (fallback it
varies between levels)

No Cooperative < Relies on driver to complete the DDT and to
S (e.g. Signage, TCD) N ©
Automation p feature per inreal h

Limited cooperation: Human is driving and
must supervise CDA features (and may
intervene at any time), and sensing

C-ADS has full authority to decide actions. Improved C-

Class A: Status-sharing beyond on-board sensing
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<C o . . N (only itudinal OR = (both itudi C-ADS sif i through
v ‘é C"!;;staw:,r:re[nt:nhgzlg [e.g‘,':"l:rrn:;gnal, lateral intent that may AND lateral intent that i prediction reliability, and i

© | s P ¥ be overriddenby  may be overridden by awareness of C-ADS plans by surrounding road users
S 8' human) human) and operators.

° b3

7]

R4 o C-ADS has full authority to decide actions. Improved
§ g Class C: Agreement- (e.2, Hand Signals ability of C-ADS and transportation system to attain
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= operators.

= Ll

o
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S c

g Cll‘a::’ 20 Z;e;f;':g;e Lane Assignment N/A N/A very specific circumstances in which it is designed to
% by Officials) accept and adhere to a prescriptive communication.
24

The classes of CDA include (SAE International Surface Vehicle Information Report
(J3216), 2020):

® Class A—Status-sharing: Traffic participants share their locations as well as
information related to how the traffic participant has perceived the traffic
environment.

¢ Class B—Intent-sharing: Traffic participants share their future, planned actions.

® Class C—Agreement-seeking: Traffic participants engage in a collaborative decision
process for future, planned actions.

® Class D—Prescriptive: Traffic participants receive specific directions regarding
future, planned actions.

It should be noted that for Class D, the directions could be originating from a CAV on
the road, but also from the Infrastructure Owner-Operator in the form of an Intersection
Manager (IM). IMs could conceivably allow for the removal of traffic signs and traffic lights,
with CDA allowing for seamless navigation for all CAVs that greatly increase
intersection throughput.
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Connectivity Origins

Connectivity as a concept in the automotive industry has a long history, but without large
successes in deployment beyond demonstrations. The obstacles have included the cost of
the technology and the lack of a clear net benefit, whether those costs are borne by consumers
of vehicles or infrastructure owners. The potential impacts on safety, mobility, and efficiency
have been known for quite some time, and the concept appears to be gaining momentum.

The U.S. company GM was the first OEM to bring a connected vehicle to market with
their OnStar program in 1996. OnStar was originally a partnership between GM and
Motorola Automotive (the latter was bought by Continental). The original intent of OnStar
was to provide emergency help in the event of an accident. The first deployment included
only voice, so the driver could speak with an OnStar representative. Later, when data were
added, the GPS location of the vehicle could be sent to the NOC, which helped when the
driver could not verbally communicate with the automatic crash response feature.

By 2003, additional features included in OnStar are:

® Stolen Vehicle Assistance
® Turn-by-Turn Navigation
® Hands-Free Calling

® Bluetooth

¢ Remote Diagnostics

Also in 2003, the U.S. DOT convened the Vehicle Infrastructure Integration program
with the American Association of State Highway and Transportation Officials (AASHTO)
as well as OEMs to conduct research and development and deployment of connectivity
technologies. Originally, V2V was seen as necessary to maximize benefits, but costs and
slow fleet turnover resulted in the view that V2I could be an interim solution to achieve
goals more quickly.

Subsequently, internet access was introduced by various OEMs in their vehicles. In
2004, BMW introduced built-in SIM cards in a vehicle to allow internet access. In 2005,
Audi began the development of its “Audi connect” services, which were introduced in
vehicles in 2009. The service brought mobile broadband internet access to vehicles. Chrysler
was the first to introduce a Hotspot feature in 2009 to allow users to connect the smart-
phones that had been introduced at that time, most notably the Apple iPhone in 2008.

In 2011, the U.S. DOT began the Connected Vehicle Safety Pilot Program. This was a
real-world implementation of connectivity technology with the public used as drivers. The
program tested performance, human factors, and usability; evaluated policies and processes;
and gathered empirical data. Driver clinics were held in 6 U.S. cities with 100 drivers and
3,000 vehicles equipped with connectivity technologies used to test safety applications. The
results were compiled by the NHTSA to develop a communication guideline that was
released in 2014.

Also in 2011, the U.S. DOT helped fund research testbeds. One such example is a
collaboration between the SMARTDrive Maricopa County Department of Transportation
(MCDOT) and the University of Arizona (U of A) to create the SMARTDrive Connected
Vehicle testbed in Anthem, AZ. (Maricopa County Department of Transportation, 2017)
Maricopa County has invested $1.1M and the federal government has invested $2M through
the lifetime of the SMARTDrive project to date while U of A contributes personnel and
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expertise. SMARTDrive objectives include securing additional federal funding for instal-
lation of CAV-enabling technology in 3,000 Anthem residents’ vehicles, plus school buses
and emergency vehicles. Technology being tested includes:

® SPaT priority request to allow emergency vehicles to have green lights at intersections
but also allow for greater long-haul trucking efficiency at times of very low traffic
(i.e., late at night).

® V2P so that pedestrians that have disabilities or other impediments can cross the
street safely.

® Redlight warning to drivers to indicate that they should slow down, or failing that,
SPaT control to extend the green light.

In 2014, Audi was the first OEM to offer 4G LTE hotspots in the A3 model. The hotspot
could support up to 8 devices, although there were concerns among customers about data
costs (Howard, 2014).

The U.S. DOT Connected Vehicle Deployment program began in September 2015 with
testbeds in Wyoming, New York City, and Tampa, FL (a diverse selection of locations). Also
in 2015, the U.S. DOT Smart City Challenge was initiated. This program challenged midsized
cities across the United States to share ideas on how to create a transportation system that
uses data, applications, and technology to move goods faster, cheaper, and more efficiently.
Some 78 cities responded with ideas, including (US Department of Transportation, 2016)
(quoted):

San Francisco

o GOAL: Grow the number of regional commuters that use carpooling to
improve affordability, increase mobility and relieve congestion on roads and
transit.

o SOLUTION:

o Create connected regional carpool lanes and designate curb space for
carpool pickup/drop off.

o Make carpooling easy by developing a smartphone app for instant carpool
matching and establish carpool pickup plazas for riders without smart phones.

o Use connected infrastructure to monitor and optimize the performance
of carpool lanes.

Denver

o GOAL: Make freight delivery more reliable and reduce air pollution, idling,
and engine noise

o SOLUTION: Establish a connected freight efficiency corridor with
comprehensive freight parking and traffic information systems, freight signal
prioritization, designated parking and staging areas.

Pittsburgh

o GOAL: Jump-start electric conversion to reduce transportation emissions
by 50% by 2030 through demonstration projects in street-lighting, electric
vehicles and power generation
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» SOLUTION:
» Convert up to 40,000 street lights to LEDs to reduce energy usage
o Establish smart street lights with sensors to monitor local air quality
o Install electric vehicle charging stations

o Convert the city’s public fleet to electric vehicles

Kansas City

o GOAL: Advance our understanding of urban travel and quality of life to
inform the transportation decisions of citizens and public officials

o SOLUTION: Make the urban core a more “Quantified Community” by
collecting and analyzing data on travel flows, traffic crashes, energy usage,
air pollution, residents” health and physical activity.

Also in 2015, Toyota launched a DSRC-based V2V system in Japan in which informa-
tion such as vehicle speeds are shared. By March 2018, there were over 100,000 DSRC-
equipped Toyota and Lexus vehicles on Japanese roads (Slovick, 2018).

In 2016, Audi launched a pilot V2I Connected Vehicle (CV) project using Fourth
Generation Long Term Evolution (4G LTE) in Las Vegas, NV, in which SPaT information,
including “time-to-green,” is provided to some A4 and Q7 vehicles starting in model year
(MY) 2017. Information is provided either on the instrument cluster or in a heads-up display
(HUD, if equipped).

Since launch, Audi has expanded the project to include (Walz, 2020):

¢ Las Vegas, NV

® Portland, OR

¢ Palo Alto and Arcadia, CA
® Washington, D.C.

¢ Kansas City, MO

¢ Dallas and Houston, TX

® Phoenix, AZ

¢ Denver, CO

® New York, NY

® Orlando, FL

The number of intersections has grown as well, with 2,000 in New York City and
1,600 in Washington, D.C. Audi has also expanded to the German cities of Diisseldorf and
Ingolstadt. The connectivity technology has also been advanced, including integration with
the start-stop function, Green Light Optimized Speed Advisory (GLOSA), and optimized
navigation routing.

GM launched the first V2V system in the United States in 2017, and it is now a standard
feature on Cadillac CTS sedans (Cadillac Customer Experience, 2017). The feature alerts
drivers to potential hazards such as hard braking, slippery conditions, and disabled vehicles.
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The connected vehicle history in the United States does not become richer after the
GM Cadillac CTS deployment. Toyota announced plans to equip its entire fleet with
connected vehicle technology in 2018, but paused this deployment in 2019 (Shepardson,
2019). Outside of pilot projects, very few connected vehicles have been deployed commer-
cially. It is possible that the automotive industry was not convinced that the technology
was sufficiently developed or that the federal government, and specifically the U.S. Federal
Communications Commission (FCC) and NHTSA agencies, was committed to supporting
the current technology (as will be discussed later in this chapter) (White, 2020; Jaillet, 2013).
It would be fair to say that as of this writing (mid-2021) the previous decade has been one
of disappointment for the connected vehicle industry. However, there is continued and
renewed interest among various stakeholders in the transportation industry, and connected
vehicle technology has the potential to be a major influence and factor in the coming years.

Motivations: The Case for Connectivity

There are limits to the efficacy of using on-board vehicle sensors that allows the CAV to
develop what is known as the world model (more discussion on this topic in Chapter 6—
Sensor Fusion), or “understanding” of the surrounding environment. These limits include:

¢ The perception environment of the sensors cannot exceed the sensing range.

® The sensor systems cannot perform well in all environments: urban settings and
inclement weather pose serious challenges.

® The system latency is sometimes too large in order to warn the driver (Levels 0-3)
or avoid an accident (Levels 4 and 5).

® The cost of the sensor hardware and sensor fusion systems is high and will be available
to non-luxury vehicles slowly.

¢ Storage of HD maps on board requires large data storage, which is expensive.
Connectivity allows for proximal HD map download (although the bandwidth
and speed of the connection must be high).

® Redundancyisincreased because the world model is less reliant on any single sensor
that can fail or be obscured.

The limitations of on-board sensors to provide information to allow for the CAV to
understand its environment and make path planning decisions accordingly mean that
connectivity can be seen as a complementary paradigm. The three main areas where connec-
tivity can complement on-board sensors and enable CAVs, discussed further in the following
sections, are (1) crash avoidance, (2) mobility enhancement, and (3) environmental impact.

Motivations: Crash Avoidance

The primary motivation for equipping vehicles with connectivity technology is to enhance
public safety through crash avoidance. There are some 5 million crashes, 35k fatalities, and
2.4M injuries annually in the United States (National Highway Traffic Safety Administration,
2018). In order to reduce the number and severity of collisions, the automotive industry
has implemented passive safety technologies like seat belts and airbags, as well as active
safety technologies such as ESC and AEB. The active safety technologies have mostly helped
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vehicles take measures to avoid an accident whereas connectivity promises to help drivers
react to collision-imminent situations. It does so by providing information that would not
otherwise be available via sensors and/or drivers’ own vision, i.e., connectivity can provide
additional information not otherwise available because “line-of-sight” is not necessary.
Connectivity can also provide a level of redundancy if various entities in the CAV’s envi-
ronment provide information on their position, velocity, and acceleration.

There are numerous scenarios in which connectivity can provide additional and/or redun-
dant information. Connectivity can provide safety information to a single vehicle to avoid a
crash, such as a speed advisory in the case of an accident or dangerous situation (i.e., an icy road)
upstream from the vehicle, as shown in Figure 3.4 for a vehicle approaching a curve in the road.

Speed advisory depiction.

ad]

Driver vehicle
interface (DVI)
example

Reprinted from Public Domain

Example applications involving multiple vehicles include:

® Intersection Movement Assist (IMA): A CAV approaching an intersection is warned
if another vehicle in or near the intersection is making a sudden turn or “running” a
red light. The communication could happen via an intersection management system
(V2I) or directly between vehicles (V2V).

® Left Turn Assist (LTA): A CAV attempting to make a left turn at an intersection
is warned if the turn is likely to coincide with oncoming traffic to either abort the
turn or complete the turn more quickly than originally planned. Similarly, the
communication could happen via an intersection management system (V2I) or
directly between vehicles (V2V), although the former is more likely in this case.

The NHTSA estimates that just IMA and LTA could prevent 592,000 crashes per year
and save 1,083 lives (Laws, 2014). It’s clear that connectivity could significantly reduce the
chronic problem of vehicular injuries and fatalities.

V2X can also reduce conflicts between different types of traffic participants, including VRUs
such as pedestrians, cyclists, and scooter operators. The World Health Organization estimates
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that VRUs account for approximately half of the 1.2M yearly fatalities around the world, with
children and the elderly overrepresented in the statistic (World Health Organization, 2009).

Another use case for connectivity with respect to crash avoidance is teleoperation. In
this scenario, a remote driver could take control of the vehicle if the driver or ADS is inca-
pacitated or otherwise unable to complete the DDT. In 2021, Waymo has an NOC with
remote drivers monitoring the CAVs deployed in the robo-taxi service in the Phoenix, AZ,
metropolitan area, ready to take over the DDT to avoid accidents and increase the overall
safety of the service.

The case for connectivity can largely be made on crash avoidance alone. V2I technology
can reduce single-vehicle accidents: the NHTSA has identified 15 of this type, responsible
for approximately 27% of accidents. V2V technology can reduce multiple-vehicle accidents:
the NHTSA has identified 22 of this type, responsible for some 81% of accidents. Connectivity
introduces a paradigm shift in automotive safety from passive (or reactive) safety measures
(i.e., airbags, seatbelts) to active (or pro-active) safety measures that can reduce crashes and
all of the negative impacts to society that crashes bring.

Motivations: Mobility Enhancement

Another main motivation for equipping vehicles with connectivity technology is to help
increase mobility in a traffic network, in part by alleviating traffic and the associated time
wasted in traffic. The scope of the traffic problem can be seen in a Texas A&M Transportation
Institute estimation that in 2017, the average U.S. commuter spent 54 hours in traffic
(up from 34 hours in 2010); this is equivalent to 1.4 full work (or vacation) weeks for each
driver (Schrank, Eisele, & Lomax, 2019).

Connectivity can assist in mobility enhancement and traffic reduction in myriad ways,
many of them seemingly small. Some example applications include:

® Route guidance (V2I): CAVs could receive information on traffic flows, thereby
allowing the CAV to choose an optimal path. This is an improved version of what
human drivers using navigation applications currently do; however, CAVs can
examine more information and make better evidence-based decisions more quickly.
Further, if there is a central traffic management system that is communicating with
vehicles on the road, with enough participation, the entire traffic network flow
could be optimized.

® Queue warning (V2I): More targeted than route guidance, in this case, the CAV
receives information on a traffic buildup developing in a lane, so the CAV can
decrease speed, change lanes, or divert to a different route.

¢ Connection protection (V2I): While not necessarily CAV related, this application
allows someone planning to take public transit to request a “hold” of a transit vehicle
via connectivity so that the connection can be made. This increases public transit
usage, which, in turn, increases mobility.

® Disabled pedestrian (V2P): Also not necessarily CAV related, this application
allows for disabled pedestrians to communicate their intentions to cross a street
via V2P connectivity (perhaps with an intersection management system that
communicates with CAVs or with the CAVs directly) that enables safer movement
for such pedestrians, thereby enhancing mobility.

® Platooning (V2V): Connectivity between CAVs could allow for shorter gaps left
between vehicles and fewer brake events that cause so-called traffic snakes leading
to congestion. Platooning, depicted in an “eco-lane” in Figure 3.5, can increase the
throughput of a traffic network without adding any additional roads.
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m Platooning of connected vehicles in an “eco-lane.”
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Reprinted from Public Domain.

The U.S. DOT estimates that connectivity could reduce traffic time delays due to
congestion by one-third, which could significantly improve mobility in the traffic network.

Motivations: Environmental Impact

The third main motivation for connectivity in vehicles is to reduce the environmental
impact of the transportation system. Connectivity can assist in the reduction effort by
reducing the time spent idling (while EVs do not pollute when not in motion, conventional
ICE-based vehicles pollute when stopped and the engine is idling, although start-stop
systems have reduced this problem somewhat). The Texas A&M Transportation Institute
estimated that in 2017, 3.3 billion gallons of fuel were wasted in traffic (up from 1.9 billion
gallons in 2010), meaning that the resulting emissions from those vehicles did not serve
any mobility purpose. Moreover, the cost of the time in terms of lost productivity and the
cost of fuel together total over $179B per year, or $1,080 per commuter (up from $700 in
2010) (Schrank, Eisele, & Lomax, 2019). The impact of idling vehicles, vividly shown in
Figure 3.6, or those in stop-and-go traffic releases more GHGs and CACs per mile traveled
than vehicles moving at 30-45 mph (Cortright, 2017).
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ELETEEETR 1dling vehicles.

NadyGinzburg/Shutterstock.com.

Connectivity allows travelers to make more informed travel choices to minimize

environmental impactas well as impact the interactions with the traffic network infrastructure:

® Travelers could choose alternate routes, modify departure times, or even modify

the travel method.

Traffic signals could be adjusted in real time to maximize traffic flow and reduce
stops/starts and acceleration, and even suggest/demand that CAVs use a specific
approach speed (i.e., in a CDA situation) for the intersection while providing SPaT
information, as shown in Figure 3.7. The better the coordination between vehicles
the higher the overall energy efficiency of the vehicles (as discussed below in the
Connectivity Case Study: ACC versus CACC section). However, the modulated
speeds of the connected vehicles can also impact the surrounding vehicles positively
to reduce braking events and improve traffic flow and overall traffic efficiency,
which reduces vehicle emissions and energy consumption. This would also have
the side effect of improving public transit reliability, thereby potentially creating
a virtuous cycle where more people use public transit and reduce the number of
vehicles on the road.

Priority could be enabled for transit vehicles, allowing for faster movement through
the network, and thereby increasing the appeal of public transit.

Differentiation of environmental impact between vehicles (i.e., EVs versus
conventional, ICEVs) and allow for dynamic “Eco-lanes” to be created on highways,
thereby improving upon existing HOV lane environmental impact through
connectivity to identify high-occupancy, low-impact vehicles.
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SPaT information connectivity depiction.
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Reprinted from Public Domain.

Connectivity Case Study: ACC versus
CACC

One of the use cases for connectivity is to enhance the advantage of using adaptive cruise
control (ACC) systems to modulate the flow of traffic and reduce brake events that cause a
phenomenon known as a “traffic snake,” in which the wave of braking propagates down-
stream in traffic. If the wave is sufficiently severe, a traffic jam occurs. ACC systems reduce
traffic snakes by reducing acceleration and braking rates and maintaining the distance to
the vehicle ahead. The usage of an ACC system can also improve the energy efficiency of a
vehicle through a reduction in speed variation and of acceleration rates. Adding connectivity
creates what is known as a cooperative adaptive cruise control (CACC) system. A CACC
system allows for even greater speed variation and acceleration rate reductions due to
vehicles further upstream relaying braking and throttle information to the vehicles down-
stream, which allows the latter vehicles to plan accordingly and maximize efficiency.

The improvement of CACC versus ACC is demonstrated in Figure 3.8. This figure
(Milanes, et al., 2014) depicts a four-car platoon in which the lead car followed a series of
speed changes meant to emulate real-world traffic:

Start with a speed of 25.5 m/s.

Accelerate at a rate of (1/80)g until 29.5 m/s, remain at 29.5 m/s for 10 s.
Decelerate at a rate of (1/80)g until 25.5 m/s, remain at 25.5 m/s for 10 s.
Accelerate at a rate of (1/40)g until 29.5 m/s, remain at 29.5 m/s for 15s.

S

Decelerate at a rate of (1/40)g until 25.5 m/s, remain at 25.5 m/s for 15s.
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6. Accelerate at a rate of (1/20)g until 29.5 m/s, remain at 29.5 m/s for 20 s.
7. Decelerate at a rate of (1/20)g until 25.5 m/s, remain at 25.5 m/s for 20 s.
8. Accelerate at a rate of (1/10)g until 29.5 m/s, remain at 29.5 m/s for 20 s.
9. Decelerate at a rate of (1/10)g until 25.5 m/s, remain at 25.5 m/s for 20 s.

The gap setting for the following vehicles in the platoon was 1.1 s (the shortest setting
available for the test vehicles). As can be seen from Figure 3.8(a), the ACC systems were not
able to maintain a stable gap between the platoon vehicles, with unequal speeds and accel-
erations of the vehicles throughout. When CACC is incorporated, as shown in Figure 3.8(b),
the gaps (shorter than in the ACC case at 0.6 s) are maintained to a much higher degree,
the vehicles have much more uniform speeds and acceleration rates (i.e., speed harmoniza-
tion), and the efficiencies of the following vehicles and the overall platoon is much higher.

m Speed, acceleration, and time graphs of a (a) four-vehicle platoon with ACC
and (b) four-vehicle platoon with CACC.
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The efficiency improvements in the CACC platoon case due to a reduction in aerodynamic
drag are not explored in Milanes, et al., 2014, but such improvements are quite possible. One
study conducted by the NREL, Peloton, Intertek, and Link Engineering gives an indication of
the possible aerodynamic improvement. The study consisted of one “control truck,” one “lead
truck,” and one “following truck,” (Lammert et al., 2014) shown in Figure 3.9. All were of the
same make, model, and EPA SmartWay-compliant aerodynamic package. The control truck
was driven on the opposite end of an oval track in Uvalde, TX, to the platooning trucks. The
parameters of the platoon were then varied, including speed (55 mph to 70 mph), following
distance (20 ft to 75 ft), and gross vehicle weights (GVWs; 65,000 1b to 80,000 Ib). The maximum
increases in fuel economy (the results were not for the same configuration of speed, following
distance, and GVW) were:

® Lead vehicle 5.3%
® Following vehicle 9.7%

® Platoon 6.4%!

m Platooning study trucks.

Reprinted with permission. © Link Engineering.

! Interestingly, the maximum platoon efficiency did not occur at the shortest following distance. This was due to
the engine fan of the following vehicle drawing more power for engine cooling at that distance, resulting in di-
minishing returns. If the vehicles were EVs, it is possible that the shortest following distance would result in the
greatest platoon efficiency due to minimization of aerodynamic drag.
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It is clear that CACC is useful from an efliciency perspective. However, CACC is also
useful from a safety perspective since the conveyance of impending brake actuation to
following vehicles provides more time for these following vehicles to respond by initiating
preemptive braking to avoid hard decelerations. It is important to note that platooning is
not currently allowed in all jurisdictions, although this state of affairs is rapidly changing,
as shown in Figure 3.10. In the figure, states in red have not yet (as of 2019) explicitly autho-
rized platooning vehicles via a Federal Trade Commission rule exemption; states in yellow
have taken limited steps to authorize platooning vehicles while maintaining some restric-
tions; states in green have fully authorized platooning vehicles without restrictions.

m Platooning allowance by U.S. states.

Reprinted with permission. © Competitive Enterprise Institute.

Connectivity Technology

There are several components of a V2X system regardless of the wireless protocol being
used that include equipment both on-board and off-board the CAV. The U.S. DOT’s
Intelligent Transportation Systems office published an ePrimer that includes the following
list (Hill & Krueger, 2012):

1. On-board equipment (OBE): The OBE or mobile equipment represent the systems
or devices through which most end users will interact with the connected vehicle
environment in order to gain the benefits of the anticipated safety, mobility, and
environmental applications. The OBE includes the transceiver that enables V2X
applications. In addition, other technologies associated with vehicles or mobile
devices participating in the connected vehicle environment are necessary to
provide basic information used in the various connected vehicle applications. This
information includes vehicle or device location, speed, and heading that is derived
from GPS or other sensors. Additional data from other vehicle sensors, such as

EBSCChost - printed on 2/14/2023 6:20 AMvia . All use subject to https://ww. ebsco. coniterns-of-use



62 Fundamentals of Connected and Automated Vehicles

windshield wiper status, anti-lock braking system activation, or traction control
system activation, may be beneficial in certain connected vehicle applications.

2. Roadside unit (RSU): This equipment will support three main types of
functionality. First, it connects vehicles and roadside systems, such as systems
integrated with traffic signal controllers, which allow users to participate in local
applications such as intersection collision avoidance. Second, the RSU provides the
connectivity between vehicles and network resources that are necessary to
implement remote applications—for example, for supporting the collection of
probe vehicle data used in traveler information applications. Third, the RSU may
be required to support connected vehicle security management.

3. Core systems: These are the systems that enable the data exchange required to
provide the set of connected vehicle applications with which various system users
will interact. The core systems exist to facilitate interactions between vehicles, field
infrastructure, and back-office users. Current thinking envisions a situation of
locally and regionally oriented deployments that follow national standards to
ensure that the essential capabilities are compatible no matter where the
deployments are established.

4. Support systems: These include the security credential management systems
(SCMSs) that allow devices and systems in the connected vehicle environment to
establish trust relationships. Considerable research is underway to describe both
the technical details and the policy and business issues associated with creating
and operating a security credentials management system.

5. Communications systems: These comprise the data communications
infrastructure needed to provide connectivity in the connected vehicle
environment. This will include V2V and V2I connectivity and network
connectivity from RSUs to other system components. These system components
will include core systems, support systems, and application-specific systems. The
communications systems will include the appropriate firewalls and other systems
intended to protect the security and integrity of data transmission.

6. Application-specific systems: This refers to the equipment needed to support
specific connected vehicle applications that are deployed at a particular location,
rather than the core systems that facilitate overall data exchange within the
connected vehicle environment. An example could be software systems and servers
that acquire data from connected vehicles, generate travel times from that data,
and integrate those travel times into TMC systems. Existing traffic management
systems and other ITS assets can also form part of an overall connected
vehicle application.

There are also communications latency requirements that are applicable regardless of the
wireless protocol used. In general, latency requirements are more stringent for safety-critical
applications like completion of the DDT by the CAV. Figure 3.11 shows how several wireless
protocols (aka communications technologies) compare in terms of latency ranges. In 2021, there
are competing wireless protocols in the V2X industry: The notable protocols in the V2X context
are DSRC at 0.0002 s latency and Cellular with a range of 1.5-3.5 s of latency (more on the latter
in the cellular V2X (C-V2X) section below). The figure also shows two thresholds for Active
Safety (aka, colloquially, as Advanced Driver Assistance System (ADAS)) usage of between 0.02
sand 1s. The DSRC meets the most stringent latency requirement while the Cellular technology
does not meet even the least stringent latency requirement. The two protocols are discussed in
more detail, including a head-to-head comparison, in the following sections.
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Communications latency requirements for CAVs.
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Connectivity Technology: DSRC

In 2021, DSRC is the most widely deployed connectivity technology. V2X networks that
use DSRC technology involve wireless transmission/reception (i.e., bidirectional) of
messages within a 75 MHz section in the 5.9 GHz band of the radio frequency spectrum.
This spectrum was established in 1999 by the U.S. FCC specifically for “intelligent trans-
portation systems” (ITS). The European Telecommunications Standards Institute allocated
a 30 MHz section in the same 5.9 GHz band for DSRC in 2008.

DSRC is an open-sourced protocol based on the WLAN IEEE 802.11 standards known
as Wireless Access in Vehicular Environments (WAVE) in the United States that was
completed in 2009. In Europe, the protocol is known as ITS-G5. The WAVE standard
instructs the vehicle to issue information about its position and path information at a
frequency of 10 Hz (Li, 2012). DSRC has several positive attributes:

® DSRC was designed for vehicular applications like V2X.

e DSRC has low latency and high reliability, i.e., short time delay and assurance of
message delivery.

® DSRC is capable of being used to communicate at distances up to 1,000 ft.

® DSRC is robust to radio interference.

An example OBU and RSU DSRC pair is shown in Figure 3.12.
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m Example DSRC RSU and OBU devices.

Dual IEEE 802.11p/DSRC
transceivers

Road side unit
Dual IEEE 802.11p /DSRC

plus IEEE 802.11n (2x2)
transceivers

On-board unit

Reprinted with permission. © 2018 loannis Mavromatis et al. Licensed under

CCBY 3.0. https://creativecommons.org/licenses/by/3.0/.

Connectivity Technology: C-V2X

The second competing connectivity technology is C-V2X, with 4G LTE cellular technology
currently dominant and 5G beginning to be deployed. Worldwide deployment of 5G is
depicted in Figure 3.13. Deployment was started in earnest by all four major U.S. cellular
networks in 2019. 5G is the fifth-generation wireless technology, and the standard was
agreed to by the wireless industry in December 2017. Compared to 4G LTE, 5G is designed
to have greater data transfer speed, lower latency, and the ability to connect more devices
at the same time. Since 4G LTE does not meet the latency requirements shown in Figure 3.11,
the objective for 5G is to achieve a latency of 1 ms (along with a speed of 20 Gpbs).

m Depiction of worldwide 5G deployment.

Where 5G Technology
Has Been Deployed

Countries where 5G networks/technology have been
deployed and where 5G investments have been made

M 5G networks
launched

M 5G technology
deployed

| Investment
in 5G

As of June 2021
Source: GSA 5G Snapshot

@®06 statista%

Reprinted with permission. © Statista.
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The advantages of C-V2X technology include longer range (initial tests have shown a
range improvement of 20-30% over DSRC [Gettman, 2020]) and the usage of existing
infrastructure rather than RSUs used only for CAVs as in the case of DSRC.

Connectivity Technology: DSRC versus 5G

The competition between DSRC and C-V2X technologies is analogous to the “VHS versus
Betamax” situation in the 1980s or more recent “Blu-ray versus HD DVD” situation in the
2000s. These situations all involve competing technologies that serve essentially the same
purpose, but with different technological approaches even if the overall specifications are
similar. The resolution (famously in the case of VHS vs. Betamax) is not necessarily in favor
of the superior technology, as there are many factors, including cost and user experience,
that determine the winner.

From a specification standpoint, DSRC can accommodate all necessary V2X commu-
nications in commercially available technology. Regulators in Europe and the United States
have also embraced DSRC. In fact, in 2016, the U.S. DOT proposed requiring all vehicles
to be equipped with DSRC by 2023. Further, starting in 2017, vehicles and roads have already
been equipped with DSRC in the United States. In 2019, the Volkswagen (VW) Golf was
released with DSRC capability in Europe, the first mass-produced vehicle with this capability
(Autotalks.com, n.d.).

While DSRC has the advantage of being the “first mover” in V2X technology, it does
have some technological drawbacks, for example, it uses the same frequency band used by
some Wi-Fi devices, and interference issues may arise. Further, in December 2020, the U.S.
FCC rescinded the lower 45 MHz of the DSRC section of the 5.9 GHz band for unlicensed
Wi-Fi applications and declared that the remaining 30 MHz of the spectrum would be allo-
cated for C-V2X, and not DSRC. The controversial decision was justified, in part, due to
the FCC'’s position that C-V2X can be used as an alternative for V2X applications but could
be reversed by future U.S. federal administrations.?

C-V2X is the relative newcomer technology and has momentum with regulators (as
seen by the FCC decision) and even vehicle manufacturers such as VW, but also the GSMA
mobile phone consortium. China has also been strongly advocating for C-V2X over DSRC,
with heavyweights Baidu and Huawei supporting the 5G route. C-V2X has some structural
advantages, especially when 5G is the technology of choice. For instance, 5G has wider
bandwidth and uses private cell phone towers rather than government equipment for RSUs.
Additionally, 5G will be installed in vehicles for mobile entertainment, and in mobile phones
for V2P possibilities. 5G’s longer range means earlier alerts and better visibility of unex-
pected and potentially dangerous situations, allowing travel at higher speeds, encompassing
broader ODDs. However, there is still the outstanding issue of latency as previously
mentioned, and technological development work is needed to ensure that C-V2X systems
can be trusted in safety-critical situations.

One possible result in this technology competition is a complementary system rather
than a competitive one. In a bifurcated system, DSRC might handle the tasks requiring low
latency, and 5G C-V2X might handle the longer-range tasks such as traffic congestion and
HD map download. It is impossible to say at this point, although the 2020 FCC decision

2 One of the FCC commissioners, Michael O’Reilly, noted in his decision that even though DSRC had been allo-
cated the spectrum portion in 1999, that over 20 years later, only 15,000 vehicles were equipped with DSRC
technology (with only 3,000 vehicles actually sold), meaning that the DSRC deployments have rarely been com-
mercialized, and have been mostly experimental) (Fiercewireless.com, 2020).
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has made a vehicle connectivity future of C-V2X more likely. If there is a winning tech-
nology, a negative situation of stranded assets (after significant capital expenditure)
could result.

Connectivity Technology: CV Costs

One of the major issues with connectivity is equipment cost, and who will be paying for
this equipment. For the OBUs, the owner of the CAV will pay for the equipment, for example,
either upfront in the purchase price or as part of the lease. The source of funding for the
RSUs and supporting equipment is less clear. It is unclear who will provide the funding
and whether the funding will be at sufficient scale and timeliness in order for connectivity
to be impactful in the transportation sector. It remains an open question whether the RSUs
and supporting equipment will be funded by private or public entities, and how these
technologies will be owned, operated, and regulated.

The costs will also depend on the particular technology. In 2016, the NHTSA estimated
that V2V technology (i.e., DSRC) and supporting communications functions (including a
security management system) would cost approximately $350 per vehicle in 2020, decreasing
to $227 by 2058 (US Department of Transportation—National Highway Traffic Safety
Administration, 2016). This cost estimate includes the increase in expected fuel costs from
the V2V equipment weight. The security management system was expected to cost $6 per
vehicle, which could increase over time as more vehicles are included in the V2V system.
Noticeably absent were any costs associated with data storage and transfer as these costs
are not free. The RSU costs must be considered as well and may place strain on government
budgets with an estimated price tag of $50k per unit.

Deployment Challenges versus
Potential Benefits

As mentioned at the beginning of this chapter, connectivity (beyond features using cellular
for navigation and internet access) has been deployed more slowly than anticipated or
desired by many in the automotive industry. This is due to the myriad of challenges and
obstacles that have yet to be completely addressed. The U.S. Government Accountability
Office (GAO) identified the following V2I deployment challenges in a 2015 report (quoted
here [GAO, 2015]):

1. Ensuring that possible sharing with other wireless users of the radio-frequency
spectrum used by V2I communications will not adversely affect V2I
technologies’ performance.

2. Addressing states and local agencies’ lack of resources to deploy and maintain
V2I technologies.

3. Developing technical standards to ensure interoperability.

4. Developing and managing data security and addressing public perceptions related
to privacy.

5. Ensuring that drivers respond appropriately to V2I warnings.

6. Addressing the uncertainties related to potential liability issues posed by V2I.
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General V2X deployment challenges (in addition to those listed by the GAO
above) include:
1. Developing the SCMS to avoid hacking.
2. Addressing the costs of V2X systems, especially for low-income vehicle owners.

3. The cost of data is not negligible and will grow as more information is shared. The
amount of data has been estimated at 25 GB for a single CAV per hour, and 130 TB
per year (SmartCitiesWorld Webinar, 2021).

4. Addressing public acceptance issues.

5. Ensuring that the connectivity is consistently reliable and that the latency issue
discussed earlier is addressed.

6. Having both connectivity and automation features on board a vehicle increases the
data processing requirements since the data from both streams must
be synchronized and merged. However, this can improve redundancy of the
perception system and, therefore, increase safety.

7. Securing a unique cooperation between disparate entities with varying
connections and mandates:

a. Federal, state, and local transportation authorities
OEMs (cars, buses, trucks)

=3

c. Telecommunications providers
d. Electronics manufacturers

e. Academia

f.  Public

Despite this somewhat daunting list of challenges that are largely outstanding and in
need of addressing, there is considerable interest in connectivity in the automotive industry
due to the potential benefits that are seen as manifesting ever faster and with deeper impact
as more vehicles with connectivity are deployed. In part, the enthusiasm stems from the
benefits listed above under the categories of crash avoidance, mobility enhancement, and
environmental impact, which do not capture all of the potential benefits. Further possible
benefits comprise a wide and diverse spectrum:

¢ Connectivity could eventually allow for the elimination of street signs and traffic
lights, with edge-computing intersection managers directing traffic for reduced
infrastructure costs.

® EV owners searching for EVSE could know which locations are closest to their
route or destination and if the EVSE are in use. Reservations could even be made
to ensure that the EVSE is available upon arrival.

¢ Fleet managers can always keep track of their vehicles, including diagnostics and
driving behavior of their drivers. This monitoring could improve the safety and
efficiency of fleet operations.

® OEMs can introduce new features and update the software in their vehicles.
Pioneered by Tesla, over-the-air (OTA) updates have allowed the company to extend
the time between model generations beyond the normal five-year (or so) cycle
of other OEMs. Without having to visit a dealer, Tesla owners receive new (and
sometimes surprising) features to keep the vehicle experience novel.
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This interest means that despite low commercial deployment, companies continue to
invest and partner to share costs and expertise as the development of connectivity tech-
nology expands. There is significant interconnectedness in the connected vehicle industry.
Many companies have a significant number of partners, often overlapping with competitors.

The future of connectivity, while not assured, is seen by many in the automotive
industry to be promising although the clear industry leaders are yet to emerge, as is the
winning technology. The next decade is critical for this industry to consolidate and agree
on technology in addition to generating uniformity throughout the industry as
deployments occur.
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Sensor and Actuator Hardware

considerations that will make automated driving an integral part of our future trans-

portation systems. Different sensors have distinct working principles, application
areas, strengths, and weaknesses. Taking Figure 1.30 in Chapter 1 as an example, the red
CAV will need different sensors with different FOVs and features to detect the pedestrian,
the green CAV on the front side, the blue CAV on the right side, stop signs, and traffic lanes.
As a key enabling technology of CAVs, familiarity with the capabilities of various sensors
is necessary for a fundamental understanding of CAVs.

In this chapter, different sensors that are commonly used in CAVs will be introduced
along with their characteristics, advantages, limitations, and applications. Vehicle actuation
systems and powertrain components, which generally garner less attention than sensors
when discussing CAVs, are also briefly described.

_|_ he breakthrough, application, and integration of various sensors on a CAV are key

Principles and Characteristics of
Sensor Hardware

Cameras
Definition and Description

Cameras are optical sensors and offer functionality analogous to the human eye. Their
main purpose on CAVs is to mimic the human eyes’ ability to visually sense the

© 2022 SAE International
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environment. A single camera operating alone, called a mono-vision system, results in an
image that is 2D. Some CAV sensing requirements, such as the detections of lane boundaries,
stop signs, and traffic lights, are well satisfied by abstracting key information from 2D
images. However, because a mono-vision system cannot convey information in 3D, it cannot
provide accurate information on how far away an object is from the camera, which is a
functionality that is critical for safe CAV operation.

When two or more cameras are integrated, the result is a stereo-vision system. A 3D
image can be obtained, and distance measurements become possible. This functionality is
colloquially known as “depth perception.” Handling 3D stereo-vision image information
requires the use of more advanced and complex algorithms than the 2D mono-vision case,
but can provide much of the required perception capability for CAV operation. Cameras
are widely used on CAVs and may be considered as their most important sensor modality.
Some companies, notably Tesla, have historically claimed that CAVs can be operated solely
with camera-based sensing alone, and continue to develop ADS without other
sensor modalities.

Most contemporary cameras, including those on CAVs, are digital cameras, meaning
that image pickup is done electronically rather than chemically, and the photograph is
stored in digital memory. Well-established image processing and/or Al-based computer
vision technologies can be directly applied to process digital images. Although different
cameras may capture images with varying image quality, most commercially available
cameras can be used for CAV development and testing purposes. For example,
Forward-Looking InfraRed (FLIR) cameras, shown in Figure 4.1, were used in a Formula-SAE
CAV. Some cheaper cameras, like the Logitech C920 webcam, can also be applied for some
initial development and tests. Figure 4.2, which shows a test vehicle developed at Arizona
State University (ASU), displays that even these basic cameras can be successfully employed
for functions such as lane boundary detection.

m FLIR cameras used in a Formula-SAE CAV.
'- -

Reprinted with permission. © University of Western Australia
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m Logitech C920 Webcam was used for lane boundary detection in the
development of a CAV at ASU.

Monocular
camera

© SAE International.

Characteristics and Capabilities

Digital cameras, first commercialized in the late 1980s and 1990s, have since been well
established for many applications that require surveillance or monitoring the environment.
CAVs represent another natural use case for these devices. One main strength of cameras
over other types of sensors that will be discussed in this chapter is their relatively low cost.
In the context of CAV hardware, they range from cheap (multiple hundreds of dollars, e.g.,
Blackfly) to even cheaper (less than one hundred dollars, e.g., Logitech webcam).

Unlike active sensors such asa RADAR, a camera is a passive sensor and does not need
to emit any signals (e.g., sound or light waves) to collect information. In the daytime,
cameras typically have a long and clear detection range (over 100 m), which is superior to
that of many other sensor types. However, they are limited by obstacles, FOV, sensor size,
and focal length. Cameras can detect color information, which is a strength for CAV appli-
cations as some important objects in the environment, such as traffic lights, convey color-
based information. Moreover, camera measurement can achieve high resolution with
advanced sensors. Due to their color detection and resolution, cameras offer superior object
detection capabilities than other types of sensors. They also offer improved classification
of objects such as traffic control devices, obstacles, and other road users.

Although cameras have many strengths and advantages, some issues also limit their
application in AVs. For one, camera measurement is severely affected by environment light
levels or variation in ambient light. Shadows on surrounding objects and lane boundaries,
sharp glare from the sun (when driving toward the sun’s direction), and/or dark views at
night will all introduce detection issues for cameras. While headlights can offer illumina-
tion to improve performance at night, some environmental conditions, such as rain, snow,
and fog, can significantly impact the camera detection and may not be overcome by the
use of headlights. Another issue related to camera use is the related software. Some advanced
image processing and/or Al-based computer vision algorithms designed to handle the
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camera information require substantial processing time and power, which causes some
challenges for the real-time implementation of perception algorithms and increases the
overall energy consumption of CAVs.

A spider chart of camera characteristics, shown in Figure 4.3, summarizes cameras’
strengths and weaknesses for CAV applications. In sum, the camera hardware is a simple
yet critical sensor modality for CAVs, offering unique advantages such as low cost and color
detection. Some of the limitations of cameras, such as detection in dark environments,
could be improved or partially resolved through further algorithm and software develop-
ment. An important advantage that must be mentioned as well is that camera images can
be readily and easily interpreted by humans for CAV development, validation, and auditing
purposes. They are thus likely to remain an integral part of CAV sensor suites in the
foreseeable future.

Spider chart of a camera.

Passive visual

Proximity

detection
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Sensor cost 4 Range
3
Sensor size i Resolution
0
Detects speed Works in dark
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contrast Works in bright

Works in snow/
fog/rain

Reprinted with permission. © Clean Technica.

RADAR

Definition and Description

RADAR technology was developed independently by several nations before and during
WWII for military applications. As implied by its full name, a RADAR is an object detec-
tion system that uses radio waves to determine the range and motion of an object. RADAR
is one type of time-of-flight (TOF) sensor, which measures the time taken by an object,
particle, or wave to travel a distance through a medium. Specifically,a RADAR utilizes the
Doppler Effect to measure motions of detected objects by emitting and receiving radio
waves, as shown in Figure 4.4. A typical RADAR system includes a transmitter, waveguide,
duplexer (single antenna systems), receiver, and signal processor. An antenna transmits the
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m Emitted and reflected radio waves of a RADAR unit.

Integrated radar_
transmitter/receiver

© SAE International.

Distance

radio wave, which is reflected off the object and returned to the RADAR system. The
reflected wave was captured and sent to the receiver, and then the signal is processed.
The timing and characteristics of the reflected wave are used to determine the object’s
position and velocity. RADAR systems employ one of two main processing methods. The
first is the direct propagation method, in which the delay associated with the reception
of the reflected wave is measured for signal processing. The second is the indirect
propagation method, also known as the frequency modulated continuous wave (FMCW)
method. In FMCW, a modulated frequency wave is transmitted and received. Then,
instead of time delay, the change in frequency is measured to determine the distances
and relative speeds of objects. This approach tends to provide more accurate results. The
FMCW uses different transmitting and receiving antennae to prevent the transmission
signal from leaking into the receiver.

Characteristics and Capabilities

RADAR is used in a variety of fields, including aviation, shipping, meteorology, geology,
traffic enforcement, office lighting, retail doors, and alarm systems. The RADAR system’s
size depends on the detection purpose and required detection range. Crucially, different
applications employ different radio frequencies (or wavelengths). For sensing in automotive
systems, the RADAR size is relatively small. Millimeter waves with a radio wavelength in
the range of 1-10 mm are typically used. In terms of frequency, 24 GHz or 77 GHz are two
frequencies most often used in automotive systems. A 24 GHz RADAR has a short range
but a wide FOV of around 90° and is generally less expensive. They are typically used in
the rear side of CAVs in multiple units. A 77 GHz RADAR has a long range but a narrow
FOV (e.g., 15°), is more expensive, and is more often used in the front side of CAVs in a
single unit.

Mass-produced RADAR units used in active safety system-equipped modern vehicles
and CAVs cost a few hundred dollars. A typical RADAR can detect object motion up to
250 m away (higher functioning units can capture up to 1000 m). Considering this
combination of performance and price, they are often considered the sensory type best suited
for motion capture. The detection accuracy of (relative) position and speed of objects by
RADAR is much higher than a camera. RADAR units can measure directly measure relative
velocity, while for cameras, this is achieved by processing and comparing consecutive frames
of images. RADAR units also work well in most driving environments, including snow, fog,
and rain. They are influenced neither by sun and glare nor by low light conditions since they
emit their own signals and do not rely on ambient illumination. Since the information most
often required from RADAR units are positions and speeds of (multiple) objects, they
can be computed relatively quickly without complex software processes. The energy or
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power consumption of RADAR units and associated processing is typically low, in the order
of low, single-digit watts. Moreover, since a RADAR uses radio waves for detection with
wavelengths in the millimeter range, some occluded objects may be detected and ranged
physically by using the material-penetrating property of radio waves or even reflected waves
from surfaces. Standalone RADAR units are widely used in today’s vehicles for active safety
system features such as AEB, FCW, and/or other crash avoidance systems, as well as in
driving automation features like ACC. Figure 4.5 shows a Delphi ESR, installed in the front
of a CAV, being successfully employed as part of an ACC system on public roads.

m Delphi ESR was used in an ACC application.

\-;- A,

Delphi ESR radar

© SAE International.

Compared with cameras, the measurement resolutions of RADAR units are low. A
common RADAR may not be able to construct a detailed 3D map or even a clear 2D image.
Thus RADAR use cases are generally limited to the detection of objects and road users.
Moreover, since RADAR is an active sensor, there is a risk of signal interference from other,
nearby signal sources.

In sum, RADAR units have unique strengths to detect (relative) positions and speeds
of moving objects, which is a key functionality of CAV perception systems. Some of the
discussed limitations of RADAR units could be partially resolved through new hardware
design and development, such as cascaded RADAR units to improve the detection resolu-
tions. The spider chart of RADAR shown in Figure 4.6 summarizes several of the strengths
and weaknesses discussed in this section.

m Spider chart of a RADAR sensor.

Radar

Proximity
detection
5

Range

Sensor size Resolution

Detects speed Works in dark
Provides color

/ Works in bright
contrast

Works in snow/fog

frain

Reprinted with permission. © Clean Technica.
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LIDAR

Definition and Description

Like “RADAR,” “LIDAR” is an acronym. It stands for Light Detection And Ranging.
Sometimes known as 3D laser scanning, LIDAR shares key similarities with RADAR, but
uses a different part of the electromagnetic spectrum. LIDAR technology was first developed
in the 1960s along with the advent of the LASER (light amplification by stimulated emission
of radiation). Since then, LIDAR technologies have been widely applied in archeology,
agriculture, and geology. Figure 4.7 shows an example of drone-mounted LIDAR units being
employed to construct topographical maps.

WL A visualization of the VQ-840-G mounted on a drone in operation. The scan
pattern on the ground is indicated by the green ellipse. The inserts show typical pulse shapes
of the outgoing laser pulse and the echo return when measuring into the water.

Saramted
s

elliptic scan of
green laser scanner

typ. fopogiaphic

Novel UAV-Borne Topo-Bathymetric LiDAR Sensor” © 2020 by the authors.
Licensed under CC BY 4.0. https://creativecommons.org/licenses/by/4.0/.

Reprinted with permission. “Concept and Performance Evaluation of a

LIDAR was first introduced for CAV applications in the 2000s. In the 2005 Grand
DARPA Challenge, a 2D LIDAR SICK was used in the Team Overbot, the CAV depicted
in Figure 4.8. In the 2007 DARPA Challenge, 3D LIDAR units from Velodyne, like the one
mounted atop the vehicle in Figure 4.9, were deployed in five of the six vehicles that success-
fully completed the course.
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Slali=Sr it The Team Overbot with a 2D LIDAR.

Reprinted from Public Domain.

Reprinted with permission. © SAE International.

(a) (b)

Working Principles

A LIDAR unit continuously emits pulsed beams of laser light, instead of the millimeter
radio waves in RADAR, which bounce off objects and then return to the LIDAR sensor. A
2D demonstration of how LIDAR detects and measures the shape and topography of an
object is shown in Figure 4.10. The laser source (blue square in the middle image) continu-
ously rotates and emits a laser. The sensor detects a reflection of the laser from a surface
and the LIDAR software and generates a point cloud in a representation of 3D space where
the reflections are determined to have taken place. As shown in Figure 4.10 (bottom), this
point cloud is consistent with the rectangular shape of the room, except where the LIDAR
beams are reflected by the circular object. By continuously and smoothly connecting the
points through specifically developed software or algorithms, the object shape can be deter-
mined, and the object can be recognized. Since objects have irregular shapes with varying
reflective properties, the incident light beam gets scattered, and only a small fraction of the
original beam returns to the LIDAR sensor. To account for the reduction in laser signal, a
collimated laser source is used along with focused optics.
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m A 2D demonstration of a LIDAR measurement.

Reprinted from Public Domain.
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The distance to each reflected point is dictated by the equation d = v#/2, where v =,
the speed of light. The principle in CAV application is shown in Figure 4.11.

m LIDAR measurement and application in a CAV.

g ------- d: distance

d=(t;*c)/2, where c is light speed

© SAE International.

Types of LIDAR

LIDAR units can adopt different types and technologies summarized in Figure 4.12.
Electromechanical units were initially the most common. These continuously rotate the
emitter to generate 360-degree scans. Since they contain moving parts, electromechanical
units are susceptible to perturbations due to road harshness and vibrations. A Micro-
Electromechanical mirror operates using a similar principle, but in a smaller form factor.
Flash and phased array LIDAR units are solid state and employ different strategies to emit
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Different LIDAR units under development.

Phased Array LiDAR

Reprinted with permission. © SlashGear.

and collect signals in the different light-beam directions. According to Frost and Sullivan,
over 90% of CAVs currently in the development stage use solid-state LIDAR units, which
are smaller, cheaper, require less power, and more robust to noise and vibration than
rotating, electromechanical units.

Characteristics

Electromechanical LIDAR units rotate to provide a 3D representation of the surrounding
environment. Arrays of solid-state LIDAR units with different orientations can achieve the
same functionality. Since the wavelength of a laser beam is much shorter than that of a
RADAR, the resolution of the obtained 3D map based on the obtained point cloud will
be generally much higher than if using RADAR measurements. The distance to any objects
can be often be measured to within a few centimeters, and the detection range of most
LIDAR units available today is about 200 m. As an active sensor, LIDAR can work well in
different environmental conditions, including bright sun, low light, snow, and fog.

The main drawback of a LIDAR is the high cost compared with the cameraand RADAR.
Equippinga CAV with LIDAR can add costs in the tens of thousands of dollars. Electromechanical
LIDAR experience high-speed rotations and may be bulky, fragile, and have low durability or
reliability. Moreover, as the wavelength of laser beams used in LIDAR is very short and cannot
penetrate materials, there is a vulnerability to occlusions. Since LIDAR is an active sensor, the
potential issue of interference with other sources (e.g., other LIDAR units in the area) may
cause concern. The construction of a 3D environment from LIDAR data imposes a significant
computational burden and perhaps also a substantial energy cost.

In sum, LIDAR has the unique ability among the sensors discussed thus far to detectand
construct a high-resolution 3D representation of the environment, which is needed for CAVs
to make safe and reasonable decisions on the road. Many limitations of LIDAR units available
today will likely be improved or partially resolved through new technology development. For
example, solid-state LIDAR units are much cheaper, less fragile, and more compact than the
large electromagnetic units driving early CAV development. These solid-state units can be made
compact enough to be embedded into vehicle pillars and bumpers. However, the FOV of solid-
state units is less than 360°, as shown in Figure 4.13. Thus many solid-state units may be required
to cover the same FOV as that of a rotating, electromechanical LIDAR. Some of the advantages
and disadvantages of LIDAR sensors are shown in the spider chart in Figure 4.14.

A flash LIDAR sensor with diffused light.

Reprinted with permission. © 2020 by the
authors. Licensed under CC BY 4.0. https://
creativecommons.org/licenses/by/4.0/.
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m Spider chart of LIDAR sensors.

Lidar
Proximity
detection
Sensor cost a Range
3
Sensor size i Resolution

Detects spee Works in dark

Provides color . y
/ Works in bright
contrast
Works in show/

fog/rain

Reprinted with permission. © Clean Technica.

Ultrasonic SONAR

Definition and Description

SONAR stands for Sound Navigation And Ranging; ultrasonic SONAR is a subset of SONAR
that uses sound frequencies in the ultrasonic range, i.e., not audible to humans. Ultrasonic
SONAR emits and collects signals, much like RADAR and LIDAR. But as implied by its
name, ultrasonic SONAR employs only sound waves for echolocation. This functionality
was inspired by nature from the navigation of bats in the dark or dolphins in the sea, and
the basic operating principle is shown in Figure 4.15. The first man-made SONAR devices
were likely developed as a result of the Titanic sinking of 1912, and were first deployed in
World War L

m Emitted and reflected sound waves of a SONAR unit.

Sonar sender/receiver

Distance

© SAE International.

Sound waves travel better in water (e.g., in rain or snow) than do most electromagnetic
waves. In the air, sound waves travel at 340 m/s, orders of magnitude lower than the speed
of light. Lower wave propagation speeds mean that high-speed signal processing is not
necessary, which can make SONAR less expensive to integrate into CAVs. However, the
low wave propagation speed means that high-speed object tracking is not possible. SONAR
sensors may be either active, with both transmitting and receiving modules, or passive,
with only receiving modules.
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Characteristics

Ultrasonic SONAR is most effective at a distance of approximately 5 m or less, and therefore
is primarily used for near-vehicle monitoring. Ultrasonic SONAR has high directivity and
is well suited for situations that require precision and tight maneuvers. Automatic parking
is an example of a feature that can make use of these sensors, which are usually installed
in the front and rear bumpers to provide overlapping FOVs, as shown in Figure 4.16, in
order to identify the relative position of nearby objects.

Application of ultrasonic SONAR sensors in automatic parking.

Ultrasonic sensor

Parking zone detection

Reprinted with permission. © New Electronics.

Among the sensors discussed in this chapter, ultrasonic sensors may offer the best
performance in inclement weather such as rain or snow. Ultrasonic sensors are also rather
inexpensive, costing as little as $20, and offer a measurement resolution on the order of
0.5 cm. Due to these advantages, ultrasonic sensors have already been widely employed on
today’s vehicles to support parking assist features, as discussed above. However, the short
measurement range of ultrasonic sensors limits their application to low-speed maneuvers
or nearby object detection. As with other active sensors, interference with other sources is
a concern.

The spider chart of ultrasonic shown in Figure 4.17 summarizes the strengths and
weaknesses of ultrasonic sensors. Despite poor range and resolution, their low cost, ability
to detect nearby objects with high resolution, and low computational burden for processing
mean that these sensors will likely continue to be an important component of CAV
sensor suites.
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Spider chart of ultrasonic SONAR sensors.
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Reprinted with permission. © Clean Technica.

Other Important Sensors and Measurement
Sources

While the aforementioned sensors represent the most common and useful sensors employed
in CAVs, they may benefit information from the environment from other sources and
sensors that can help ensure safe and efficient vehicle performance.

HD Maps

For the past several years, app-based navigation software like Google Maps or Apple Maps
has been invaluable for personal travel and transportation. While their resolution and
accuracy suffice for personal travel, and turn-by-navigation and lane guidance are enough
to help guide human drivers to their destinations, CAVs may require higher-fidelity map
data for localization and trajectory planning purposes.

As discussed in Chapter 2, HD maps encode information centimeter-level data that is
far more detailed than what is available on app-based maps on smartphones, including
information that most humans can easily perceive or take for granted. This may include
data on the width of the lane and roadway, the locations of curbs and barriers, nearby traffic
control devices, and the curvature of the roadway ahead. They may even encode informa-
tion that may otherwise be ambiguous, such as where to stop if there is no stop bar at an
intersection. HD maps are constructed using data from many of the sensors described
earlier in this chapter, including LIDAR, RADAR, and cameras. Aerial imagery can also
aid in the construction of HD maps.

High-Precision GPS

Today’s vehicles and smartphones include GPS receivers to help with localization and
navigation, but this hardware is generally insufficient for CAV applications.
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Higher precision GPS units that can provide centimeter-level accuracy can improve CAV
localization, making the detailed information encoded in HD maps more useful. A differ-
ential GPS, which communicates between the vehicle, a base station, and satellites in the
sky, can achieve this level of accuracy. But differential GPS units are expensive, in the tens
of thousands of dollars, making them cost prohibitive for most applications; notably,
however Local Motors’ automated shuttle Olli deployments currently use differential GPS
as the routes are well defined and remain close to the base station. Further uninterrupted
communication with a base station and satellite is often impractical in environments such
as tunnels or dense, downtown urban areas. As a result, high-precision localization is
usually achieved using sophisticated sensor fusion methods, which will be discussed
Chapter 6.

Sensor Suites

Overview

A sensor suite is simply a set of complementary sensors equipped on a vehicle that provide
the data needed for successful CAV operation. Based on the characteristics of each sensor
described in this chapter, it may seem straightforward to integrate all the sensors, using
the strengths of one to mitigate the weaknesses of another. Yet, at present, there is no single
sensor suite to which CAV developers have converged. This is due to the continued
improvements being made to each sensor modality, the costs associated with equipping
large amounts of sensors, and new data processing methods and sensor fusion methods
that can glean more useful data from the available sensors.

To present one example, a typical CAV with various sensing systems for different
driving purposes is shown in Figure 4.18. Note that the locations, numbers, and models of
these sensors, such as cameras, RADAR units, LIDAR units, and ultrasonic sensors can
vary as well. Some CAV developers have dramatically changed their sensor suite over time.
When Uber moved from the Ford Fusion to Volvo XC90 vehicle platform for its ADS, it
reduced the LIDAR count from seven (a 360° spinning, roof-mounted LIDAR sensor plus
six other LIDAR sensors) to one (just the roof-mounted LIDAR sensor). Even the use of
LIDAR itself is not universally accepted. Though most CAV developers include one or more
LIDAR units in their sensor suites, Tesla notably does not. Ata 2017 TED event, Tesla CEO
Elon Musk pointed out that humans carry out the driving task equipped with what are
essentially two cameras, stating:

There’s no LIDAR or RADAR being used here [referring to Tesla’s ADS]. This is just
using passive optical which use essentially what a person uses. The whole road system
is meant to be navigated with passive optical or camera, so once you solve cameras, or
vision, then autonomy is solved. If you don’t solve vision, it’s not solved. That’s why our
focus is so heavily on having a vision neural net that’s very effective for road conditions.
You can absolutely be super-human with just cameras. You could probably do ten times
better than humans with just cameras.
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Sensor Suite: Functionality

Since there is no standard on which sensors to include, how many sensors are needed, and
where to mount the sensors on a vehicle, the suitability of a sensor suite for CAVs is deter-
mined by assessing its ability to support core CAV functionality. Specifically, one can
establish, step by step, whether each of the safety functions of CAVs is suitably enabled by
the selected sensors and data fusion methods, as shown in Figure 4.19, which also lists some
common sensor requirements that are listed on the upper left corner. Note that for a practical
application, the vehicle’s physical dimension and shape will also impact sensor allocation
and selection. Optimization of the sensor suite for cost and function can be achieved once
verification of the required functionality is complete.

m Sensor requirements and functions.
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Actuation and Propulsion Hardware

While sensors, sensing hardware, and data processing for CAVs have received significant
attention and investment, vehicle actuators are less widely discussed. This is because the
former presents the far greater set of technical challenges and barriers to CAV deployment.
In the same vein, vehicle actuation and propulsion systems, including ICEs, EMs, steering
systems, and brakes, are much more mature technologies than the sensing hardware
discussed earlier in this chapter. It is likely that existing actuation systems can be incorpo-
rated into CAVs with relatively little modification. By replacing the human steering and
pedal inputs with control signals from an ADS, CAV control could be achieved via the same
types of actuation hardware present on today’s vehicles.

Nevertheless, CAVs are likely to take advantage of actuator technologies that have been
recently developed not for automated driving, but to improve the responsiveness of existing
vehicle controls, or to facilitate the control of electrified vehicles. A few of these enabling
actuator technologies are described below. More discussion on actuation hardware and
techniques is contained in Chapter 7.

Steer-By-Wire

ICEs had traditionally been controlled by a throttle pedal, which modulated a throttle valve
that regulated the supply of air to the engine. Electronic throttle control, sometimes called
throttle-by-wire, replaced this mechanical link with an electronically controlled device
that regulated the throttle position based on both the pedal input and a number of other
measured variables. Electronic throttle control is necessary for features such as cruise
control, traction control, and stability control.

Likewise, steer-by-wire offers the same functionality by removing the mechanical
coupling (steering column) between the hand steering wheel and vehicle’s wheels. Developed
to improve the responsiveness and on-center steering control for human-driven vehicles
many years ago, steer-by-wire uses a controller to determine the appropriate wheel steer
based on the position of the driver’s hand wheel and several measured variables, as shown
in Figure 4.20. A straightforward application of steer-by-wire to CAVs would simply replace
the driver’s hand wheel angle with an equivalent input from the ADS.

Schematic of a steering by wire system.
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However, lingering safety and reliability concerns surrounding steer-by-wire systems
have prevented their widespread market adoption following its introduction on the Infiniti
Q50 in 2013. Thus, most CAV developers currently use platforms with traditional steering
columns that incorporate an EM to steer the wheel automatically, as shown in Figure 4.21.
As CAVs are still being evaluated and tested, often with human safety drivers on board as
a backup measure, the use of traditional steering hardware means that these safety drivers
can take control when needed, but otherwise let the ADS fully control the vehicle.

m Automatic steering through an EM.

© SAE International.

A Controller Area Network (CAN) bus is an enabling and fundamental technology to
communicate short messages among different vehicle embedded systems, including but
not limited to steer-by-wire systems, powertrain systems, and safety systems. A CAN bus,
compared with other communication technology, such as analog signals, can achieve more
robust, faster, and safer communication through simple hardware or wiring setups.
Typically, a backbone configuration with two CAN bus wires, CAN high and CAN low,
can be utilized to communicate sensing, control, and diagnostic information at 250k or
500k bit/sec rates.

Rear-Wheel Steering

Rear-wheel steering was studied and developed three decades ago, but never found favor
on commercially available passenger vehicles. Rear-wheel steer, shown in Figure 4.22, can
be controlled in the same manner as front-wheel steer, with steer-by-wire potentially
reducing the necessary mechanical complexity. While adding rear-wheel steer can introduce
unstable dynamics, especially at higher speeds, systems that offer both front- and rear-wheel
steer (known as four-wheel steer, or 4WS) can achieve improved lateral stability and low-
speed maneuverability. The latter may be especially advantageous for low-speed last-mile
CAV shuttles that operated in dense, urban environments. While the cost of 4WS is a barrier
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m A rear-wheel steering system in a CAV.

Rear wheel steering

© SAE International.

to adoption on conventional, human-driven vehicles, the incremental cost is much lower
on more expensive CAVs, and may be worth the expense in certain CAV applications.

Electric Propulsion and In-Wheel Motors

Electric propulsion systems can take many different forms. While CAVs need not have electric
powertrains, the use of electrified platforms for CAVs offers greater opportunities for CAVs
to increase the energy efficiency of our entire transportation system. In addition to offering
much higher thermal efficiency than ICEs, EMs are also well suited to precise speed and
torque control, allowing the CAV to react more quickly and effectively to safety threats.

One type of electrified architecture that offers unique benefits for CAVs is the in-wheel
motor. In contrast to centralized propulsion motors that distribute power to the wheels
through axles and shafts, in-wheel motors offer local, distributed torque generation at each
wheel. The Olli 2.0 automated, electric shuttle by Local Motors uses in-wheel motors (the
1.0 used a central motor with transmission). In-wheel motors, also called hub motors, are
named or called based on the location of EMs. In principle, different types of EMs can
be put on the wheels to provide driving and braking torques. Practically, considering the
power requirements and compact spaces in the wheels or hubs, two types of EMs are often
used as in-wheel motors, namely, brushless direct current (BLDC) and induction motors.
BLDC is a type of AC motor with power or torque properties similar to DC motors.
Compared with the common DC motors, the feature of no brushes (commutators) makes
the BLDC maintenance easier. Induction (or asynchronous) motor is one type of AC EM,
in which the current to generate torques in the rotor is obtained by electromagnetic induc-
tion from the magnetic field of the stator winding. Both BLDC and induction motors have
the characteristics of high torques at low rotational speeds, which make them well suitable
for vehicle driving applications.

A vehicle with four in-wheel motors offers new opportunities to distribute power and
torque generation to achieve precise control and efficient propulsion. Together with 4WS
actuation, as described before, a CAV with four in-wheel motors will have redundant actua-
tors together with various complementary sensors. Thus, benefiting from both redundant
sensors and actuators, CAVs can have safer, more energy-efficient, and more agile motions
with the new actuation technology, as initially demonstrated in Figure 4.23.
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m A CAV driven by four independent in-wheel motors.

4 independent in-wheel motors

© SAE International.
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Computer Vision

umans can intuitively understand a traffic scene while driving a vehicle on the road

by looking at the surrounding environment. Yet how the human visual system works

is still not well understood. Interestingly, it is not the structure and function of the
eye but the brain and neurons (especially the visual cortex) that puzzle the researchers
(Szeliski, 2010). For a CAV, the perception system is its “visual cortex.” It contains various
computer vision algorithms to extract useful information from the sensor input and
construct an intermediate representation of the surrounding environment. These inter-
mediate representations eventually allow the vehicle to make essential decisions to drive
itself on the road safely.

With the advancements in machine learning (ML) and especially deep learning, many
visual perception problems can be solved in a modern way through data-driven models.
Also, thanks to the exponential increase of computational power of a single computer chip,
especially the Graphics Processing Unit (GPU), these solutions can be deployed on the
vehicle and run in real time. In this chapter, an overview of computer vision for CAV is
provided. Due to the nature of visual perception sensors, the subject in computer vision
study can be either 2D structures, i.e., images and videos, or 3D structures, i.e., depth
images, voxels, or 3D point clouds. Hence, in section “Image and 3D Point Cloud,” the
basics of these structures and algorithms to process them at a low level from a computer
science and signal processing perspective are shown. Next, in section “Deep Learning,” the
basics of deep learning, which is the key to make the perception system of a CAV possible
and achieve a performance comparable to humans, are illustrated. Equipped with these
fundamentals, in section “Perception Tasks for CAV,” eight critical visual perception tasks
in traffic scene understanding for automated driving are explored. Finally, in section
“Perception System Development for CAV,” practical issues in developing the visual
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perception system of a CAV are discussed, and a case study is presented. As with all chapters
in this book, computer vision itself is a big topic worth an entire book of its own. This
chapter mainly serves as an introduction of this subject in the context of the CAV without
much detail on the know-how or the implementations.

Image and 3D Point Cloud

The inputs of a perception system are typically the outputs of sensors, and in the CAV case,
the camera and LIDAR. Hence, mathematical representations of these inputs and outputs
need to be formulated, and in this section, the representations, i.e., images and 3D point
clouds, will be discussed.

Image Formation

An image is usually formed by capturing the light emitted or reflected from objects and
the environment in the 3D world through an optical lens and an image sensor (i.e., a camera),
as shown in Figure 5.1. The image sensor is typically arranged in a grid to evenly sample the
image plane of the optical lens, and each cell of the grid is called a pixel. Mathematically,
an image is represented as a 2D matrix, and each element of the matrix contains some
information of the captured light at that spot (i.e., the pixel value). If each pixel has only
one value for the light intensity, it is a grayscale image. This type of image is common for
cameras working at a range of light spectrum not visible to human eyes, e.g., an infrared
camera. To obtain the color information in a way similar to human perception, each pixel
of the camera is covered by three types of color filters on the image sensor (i.e., red, green,
and blue) to record the light intensity of each color channel individually. Hence, there are
three color values (R, G, B) associated with each pixel, and typically each value is an 8-bit
number from decimal 0 to 255; (0, 0, 0) is black, (255, 0, 0) is red, and (255, 255, 255) is
white. Such an image is an RGB image, or just commonly called a color image. A grayscale
image can also be considered as an image of only one color channel. Ifa camera can capture
images at a regular time interval, as most cameras can, this sequence of images is a video.
Hence, from a mathematical perspective, a video is a 3D tensor made of individually sampled
2D matrices of images along the timeline. Images or videos are usually stored in a compressed
format to save disk space. When they are processed or viewed, a program loads and uncom-
presses them into the computer memory in the format of multiple dimensional arrays like
matrices or tensors. The sizes of such arrays are determined by the number of pixels in each
row and column, known as the image resolution, e.g., 1920 * 1080.

m Image formation.

Pixel values

3D world

S Optics

= Image sensor
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To explain the math and physics of image formation, a theoretical perspective is taken
and the image sensor is considered to be a mathematical 2D plane in the 3D space, i.e., the
image plane. Geometrically, each point on this plane is related to a collection of 3D points
(typically in a line) by the camera projection, as illustrated in Figure 5.1 (right). However,
in reality, the image sensor and the imaged objects in the 3D world are on different sides
of the lens; here the image plane and the imaged objects are both placed on the frontal side
of the lens for convenience (they are mathematically equivalent). Also for convenience, the
camera is assumed to have its own reference frame in 3D where the origin is the optical
center of the lens (i.e., the point that every ray of light converges to the same point in Figure
5.1), the x-axis is along with the rows of the image, the y-axis is along with the columns of
the image, and the z-axis points to the frontal side of the camera. Most cameras can
be modeled as a pinhole camera, where the camera projection is a set of linear equations
(represented as matrix-vector multiplication), as shown in Figure 5.2. Assuming a 3D point
X has coordinates (X, Y, Z) in the world reference frame, it can be written in homogeneous
coordinates (X, Y, Z, 1)". Similarly, the corresponding 2D point x in pixel coordinate (u, v)
on the image plane can also be written as (u, v, 1)T in homogeneous coordinates. Here both
uand v are real numbers instead of integers, i.e., they are “subpixel” coordinates with infinite
precision (in theory). All 2D and 3D points can be represented in this way as column vectors,
and the pinhole camera projection of a point is x = PX, where P is a 3x4 matrix.

An illustration of the pinhole camera projection.

2D image point 3D object point relative to the world frame
x(u,v, 1), in pixels X(X,Y,Z,1),in metric unit

Principal point
x”(uo,vo, 1)

The camera projection is x = PX = KITTX

T
World frame I
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1 e s x| x
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y
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] ’ Ry Ry Ryt || 2
™ 0o 0 1 |LO010 o
E 0 0 0 1
2 Camera T — —
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g ' Image plane T T
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pl factor intrinsics extrinsics

Specifically, this camera projection matrix contains three independent pieces of infor-
mation, i.e., P = KIIT. They are the three steps of converting the 3D points to the camera
reference frame from the world reference frame, projecting from 3D to 2D, and converting
2D points in the image plane to 2D pixels. The first piece of information is the camera
extrinsics, or the camera extrinsic parameters, represented by the matrix T. The origin of
the world reference frame is assumed to be at point O, the center of the camera is point C,
as illustrated in Figure 5.2. The 3D Euclidean transformation from the world reference frame
to the camera reference frame is represented by (R, ), a 3x3 rotation matrix R and a 3D
translation vector . The camera extrinsics are essentially this transformation, which also
provides the relative pose of the camera in the world. Since it can change based on the
camera position and orientation, it is extrinsic to the camera. For a camera mounted on a
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CAV, its extrinsics are obtained from the vehicle location relative to an HD map for auto-
mated driving (see Chapter 2). The second piece of information is the normalized pinhole
projection, represented by the matrix I, which is essentially a projection from the 3D world
using a normalized pinhole camera with a focal length of 1 metric unit and pixel size of
1x1 metric unit. If the lens has distortion, IT will be a nonlinear mapping instead of a matrix.
In practice, a distorted pinhole projection can be approximated using a polynomial function
with a few extra parameters for a specific lens. The third piece of information is the camera
intrinsics, or the camera intrinsic parameters, represented by the matrix K. This matrix
maps normalized image plane coordinates to pixel coordinates specific to the image sensor
and lens, which is intrinsic to the camera itself and irrelevant of its pose. Typically, the
camera intrinsics contain five parameters (ug, vy, fs, fs, s9). Here (g, vo) means the pixel
coordinates of the principal point, i.e., the intersection of the principal axis of the lens (the
z-axis of the camera frame), fis the focal length of the camera, (s,, s,) are the number of
pixels per metric unit in the x-axis and y-axis of the camera, and s, is the pixel skewness
factor. For a typical camera whose pixels are squares in a grid, sy is always zero, and s, is
equal to s, Otherwise, s, is different from s, if the pixels are rectangular instead of square
(which is rare), and sq is nonzero if the pixels are in parallelograms (the x-axis and y-axis
of the image plane are always perpendicular, but the pixels are not rectangular and the
columns are not aligned with the y-axis, which is also rare). For a camera mounted on a
CAV, its intrinsics are calibrated in the lab or the factory using a set of known 3D-2D
point correspondences.

Given these three pieces of information, any geometric structures in the 3D world can
be projected onto an image with a camera, and any point or pixel on an image can be back-
projected to a ray in 3D. During the projection in either direction, a scale factor along the
z-axis of the camera is lost (i.e., the depth, shown as “w” in Figure 5.2). Hence, for a regular
RGB camera, the depth of a specific pixel or the actual 3D scale of the line connecting two
pixels cannot be determined given a single image. However, there is another type of camera,
generally called RGB-D camera (“D” means depth), that can provide the depth of each
pixel. The resulting image is an RGB-D image with an additional “color” channel for the
depth values, or sometimes that channel is used independently as a grayscale depth image
because it may have a different resolution from the RGB image. Such a camera usually
actively projects beams of invisible light (typically infrared) with encoded spatial pattern
(e.g., structured-light camera) or temporal pattern (e.g., time-of-flight (TOF) camera) and
captures the change of the spatial or temporal pattern of the reflected light to decode the
depth. They are similar to a LIDAR, but they generally do not have mechanically moving
parts for scanning (sometimes they are called “scanless LIDAR?”). Yet these sensors do not
work well in bright sunlight, and they are rarely used for automated vehicles driving on the
road. Still, the concept of the depth image is useful since it may be derived by stereo trian-
gulation (see section “3D Depth Estimation”) or projecting a LIDAR scanning onto an
image taken by an RGB camera at the same time (in this case, it is a sparse depth image
with valid depth values for only a limited number of pixels since the angular resolution of
a LIDAR cannot match a camera).

Geometric image formation is only half the story; the second half is photometric image
formation (i.e., lighting, shading, and optics), which relates points and lines to light intensity
and color values. As a CAV does not need to recover the precise interaction of light and
surfaces of surrounding objects as well as the environment for graphical simulation, the
photometric image formation process will only be discussed briefly. The brightness of any
pixel is determined by the amount of light projected onto that pixel, which can be traced
back to a light source directly without reflection or indirectly through one or multiple
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surface reflections and scattering. The reflection is generally modeled as a mixture of diffuse
reflection and specular reflection. In the former case, the intensity of the reflected light is
isotropic, and it depends on the surface reflectance or albedo, the angle of the incident light,
and the color of the surface. In the latter case, the intensity of the reflected light is dominated
by the angle of the incident light. Light scattering is generally modeled as an ambient illu-
mination light source filled uniformly in the space without direction and reflected diffusely
by every surface. Given the parameters of all light sources, surfaces, cameras, and additional
parameters of the optics considering focus, exposure, aberration, etc., the color value of
each pixel can be computed through a physical model, which approximates the photometric
image formation procedure in reality.

Image Processing

The first stage of a visual perception system is usually a set of low-level processing to obtain
better images or low-level information suitable for further processing or ML steps discussed
in section “Perception Tasks for CAV.” The image is a function I(x, y) or just I for short,
where x and y are the pixel coordinates equivalent to (u, v) and the function value is the
value of the pixel at (x, y), as illustrated in Figure 5.3. In this figure, the y-axis is intention-
ally reversed and the origin is set to the bottom-left corner of the image. Similarly, a video
can be considered as a function I(x, y, t) with an additional input variable f representing
the time for each video frame. The output of many image processing algorithms is another
image, and it is modeled as a function f(I) = I', which maps the pixel values of one image
to new values. Some algorithms generate general-purpose, low-level structural descriptions
such as corners, key points, lines, or other geometric shapes so that a more advanced
problem-specific algorithm can use them. Many image processing algorithms also work
on every single pixel I(x, y) individually or apply a mathematical operation on a small local
neighborhood {I(x, y) | x; < x <x,, y; <y < y,}, and hence, they can be implemented efficiently
and run in parallel. Most algorithms are developed using signal processing approaches that
are different from computer vision and ML approaches. A few commonly used image
processing steps for visual perception in a CAV will be discussed.

[EETETEET An example of an image as a function.

© SAE International.

RGB image Grayscale image Image as a function

The simplest image processing algorithms are those running the same operation at
each pixel, such as brightness adjustment, contrast adjustment, color correction or white
balance, changing the color range (e.g., from 8-bit integers to 32-bit floating-point numbers),
converting color space (e.g., from RGB to Hue-Saturation-Value [HSV]), normalization
(e.g., converting pixel values from [0, 255] to [-1, 1] using statistical results of the whole
image), etc.

Three examples are shown in Figure 5.4. First, in Figure 5.4 (left), a nonlinear color
mapping is applied to each pixel of each color channel of the image, where the input-output
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pixel value relation is denoted as a function f() plotted as the curve on top of the image. It can
be seen that the bright portion of the image is disproportionally brightened further so that
the overall contrast of the image is higher. This kind of nonlinear mapping is commonly used
for gamma correction when the image sensor or the display maps light luminosity nonlinearly
to pixel values. Second, in Figure 5.4 (middle), the pixel values of the RGB image are converted
to the HSV color space, where the hue is a number from 0 to 360, indicating a specific color
on the color wheel. The image is then thresholded with a predefined region denoted as the
three ranges above the image (i.e., if the value of a pixel is in that range, it is set to white, and
otherwise, it is set to black). The body of the vehicle is selected where the color falls into the
specified region (i.e., blue with high saturation and intensity). This kind of mask is useful for
structural analysis of image patches or detection of certain color patterns, and this step runs
much faster than a powerful neural network object pattern detector trained on tons of data.
Third, in Figure 5.4 (right), histogram equalization is applied on the grayscale image to
normalize the brightness. Specifically, given the histogram h(j) of the pixel value of the
grayscale image [where j means the jth histogram bin, (0 < j < 256), a cumulative distribution

h'<i>=§h<j)]

can be calculated, the value of 4'(i) is normalized to [0, 255], and then it is used to remap the
pixel values of the grayscale image to obtain the equalized image I'(x, ) = h'(I(x, y)). The
histograms of pixel values before the normalization and after the normalization are shown
in the plot above the image. This algorithm is usually used to reduce the influence of different
lighting conditions of the camera and improve the robustness of later processing steps.

Examples of pixel-level image processing.

- before
Hue: [178, 258] 6 - after
Saturation: [167, 255]
0.5
Value: [137, 255]

e

Nonlinear color map Color threshold Histogram equalization

© SAE International.

Besides individual pixel-level operations, a geometric transformation can be applied on
animage, i.e., for any pixel at point x (x, y, 1) in homogeneous coordinates on the original image
I(x, ), the transformed point x" (x, ¥, 1) is at the place x" = Hx, and the transformed image
I'(x', y") = I(x, ). Here H is a 3x3 nonsingular matrix that characterizes the transformation.
Depending on the degree of freedom in H, different types of transformation can be done for
different purposes, as shown in Figure 5.5. One usage of this kind of geometric transformation
ona CAV is the 360° parking assistance, also called around-view parking assistance, as shown
in Figure 5.6. Typically, the vehicle is equipped with four cameras in four directions. Given the
camera parameters obtained from factory calibration, a homography transformation between
the image and the flat ground can be derived for each camera, and the images taken by these
four cameras can be remapped and stitched together to show the surrounding of the vehicle
from a bird’s-eye-view on the display inside the vehicle to make the parking maneuver easier.
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m Examples of geometric image transformation.

A 2D-2D geometric image transformation is described by a 3-by-3 matrix H ,i.e., x'=Hx
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m An example of around-view parking assistance.

% B TR
.

An illustration of the camera coverage

© SAE International.

Actual vehicle position Around-view

Another commonly used image processing algorithm is 2D convolution, which runs
a neighborhood operator in the vicinity of a local group of pixels, as shown in Figure 5.7.
In this processing procedure, a predefined convolutional kernel K(i, j), typically an mxm
matrix, where m is an odd number, e.g., 3x3, 5x5, etc., is applied on each mxm sliding
window of the image with an element-wise Fused Multiply-Accumulate (FMA) operation.
Depending on the size and the specific values of the kernel, a variety of desired results can
be achieved. For example, in Figure 5.7, two examples are shown, i.e., the Gaussian blurring
and the Laplacian edge extraction, applied on the image using the same convolution algo-
rithm, but with different kernels. The values of the kernels are shown at the left-bottom
corner of the resulting images. It is interesting to see that a slight change of the kernel can
have drastic differences in the results, e.g., one for blurring the sharp edges and the other
for extracting the edges. In fact, convolution is a fundamental operation for the much
powerful and capable CNNs discussed in section “Deep Learning,” where the difference is
that hand-engineered kernels are used here while the neural networks learn appropriate
kernels from data and cascade them with nonlinear activations to extract a plethora of
image features at different semantic levels (and usually not understandable to humans).
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m An example of 2D convolution and image filtering.
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In many cases, the interest is in obtaining a whole processed image, but also a set of
structural components on the image such as key points or feature points, edges, lines,
contours, blobs or segmentations, etc. For example, in Figure 5.8, a few point correspon-
dences on two different views of the same vehicle by a moving camera are shown. They are
derived from detecting a type of feature point called the Oriented FAST and Rotated BRIEF
(ORB) feature points and matching with the ORB descriptor of these features. If these
features are landmarks, given enough number of good point correspondences from images
at multiple different views, the relative poses of the camera at each view (i.e., visual odometry)
can be recovered as a later processing step, which is very useful for a CAV to localize itself.
With the relative poses of the camera, an even better idea is to triangulate the 3D position
of these points and reconstruct the 3D shape if they are dense and on a rigid object (i.e.,
structure-from-motion). This is a way to obtain an HD map of a city by just manually
driving a vehicle with cameras and other sensors, and as discussed in Chapter 2, such a
map is crucial to allow a CAV to drive itself.

m Examples of feature point detection and structural analysis.

R i 4

Contour
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Correspondences Lines for lane detection Minimum area rectangle

Even with a single image, a lot of interesting information about the structures in the
3D world can be obtained. For example, as shown in Figure 5.8 (middle), the Canny edge
detector can be applied to the image and extract the lines to detect the lane boundaries.
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Since the two sides of a lane are typically in parallel, they meet at a vanishing point. All
vanishing points on the ground will reside on the horizon line, and the ability to detect
them allows a CAV to understand its own 3D orientation relative to the ground. Moreover,
if the vehicle can detect other vehicles and know the exact pixels on those vehicles on the
image, i.e., the segmentation mask as shown in Figure 5.8 (right), it can calculate the contour
of the mask by checking the pixel connectivity and fit a minimum area rectangle on the
contour using a “rotating calipers” algorithm. Since most vehicles are “boxy,” the lower
edge of this rectangle tells us the orientation of that vehicle and the contacting points of
the wheel and the ground. The 3D location and dimension of that vehicle can be further
derived using the camera parameters, its pose relative to the ground, and the vanishing
points (see the case study in section “Perception System Development for CAV”). These are
all valuable pieces information for a CAV to make wise driving decisions in time. However,
detecting other vehicles and calculating the segmentation mask promptly for each of them
is a nontrivial task that requires deep learning and carefully engineered algorithms to
achieve good performance (see sections “Deep Learning” and “Segmentation”).

3D Point Cloud Formation

A 3D point cloud is a collection of 3D points. In this chapter, the 3D point cloud is mainly
discussed in the context of a single real-time LIDAR scanning, which provides relatively
structured data points in multiple laser beams from the same center with well-defined
angular separation. For such a point cloud, each point consists of a timestamp, a 3D coor-
dinate in the format of (range, azimuth angle, altitude angle) relative to the LIDAR itself,
and a laser reflection intensity value. Similar to a camera, the LIDAR scan can only reach
points in the line-of-sight and 3D information on an occluded surface cannot be obtained.
For example, the Velodyne Ultra Puck LIDAR (Velodyne, 2019) has a 360° horizontal FOV
with a roughly 0.1° resolution (~3,600 points in a circle) and 32 laser beams in the vertical
direction (-25° to +15° nonlinearly distributed). The points from a single scan from such
a LIDAR can be put into a 3,600x32 matrix like an image in a range view as shown in Figure
5.9 (left), where each row indicates a single laser beam, each column indicates a specific
azimuth angle, and the value of each element is the range as well as other attributes of that
measurement. If a CAV has both a LIDAR and a camera, with their relative position and
orientation, this laser range image can be projected to the camera image as an additional
sparse depth image channel, so that a collection of computer vision algorithms on RGB-D
can be applied. This is also a way of early fusion of LIDAR and camera data. Sensor fusion
is discussed in more depth in Chapter 6.

Another commonly used representation is the bird’s-eye view as shown in Figure 5.9
(middle), where the points are arranged according to the positions on the XOY-plane of the
LIDAR reference frame. In this way, a set of vectors S = {(x;, y;, z;, 4;)} can be used to represent
such a point cloud by ignoring the order of points and the timestamp. Here all the coordi-
nates are in the reference frame defined by the LIDAR and “a,” is a point attribute, typically
the reflectance intensity value. Sometimes the points are quantized into individual “pillars,”
where a pillar contains all points whose (x, y) coordinates are within a grid cell on the
XOY-plane. This quantized view can be further quantized in the z-axis as a voxel view as
shown in Figure 5.9 (right). A voxel is a 3D extension of a 2D pixel, which may contain a
vector of values indicating the features extracted from the points in it (similar to multiple
color values of a pixel), or it may just contain a single bit indicating whether it has points
occupied in that space or not. Many processing operations on voxels can be derived from
2D image processing in a straightforward way, e.g., 3D convolution. However, such
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m Three different representations of 3D structures.

Altitude angle Points Voxel

y |
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Range view Bird's-eye view Voxel view

processing steps can be computationally expensive due to the increase in dimensions.
Moreover, a lot of computation may be wasted since the voxels obtained from the 3D point
cloud of a LIDAR scan are generally sparse, especially at a distance far away from the
LIDAR. Hence, the pillar representation can be a good trade-off between the compact range
image and the sparse voxels or unordered sets of points.

There is another type of 3D point cloud, usually called the 3D point cloud map of an
environment, or a 3D point cloud reconstruction of an object. It can be reconstructed from
multiple LIDAR scans or from camera images taken at multiple different views with precise
localization of the sensors for each scanning or image and sophisticated offline postprocessing.
An example of a 3D point cloud map is shown in Figure 5.10, which is computed using a
visual SLAM software from images taken by a drone with GPS and Real-Time Kinematic
positioning to improve localization accuracy. This type of 3D point cloud is very different
from a single LIDAR scanning in density, representation, the extent of occlusion, etc., and
it is usually not directly used for visual perception in CAVs.

m A 3D point cloud map and the reconstructed HD map with texture.

© SAE International.

printed on 2/14/2023 6:20 AMvia . All use subject to https://ww.ebsco.coniterns-of-use



EBSCChost -

CHAPTER 5 Computer Vision

Deep Learning

People have long dreamed of computers that can understand things on the images like humans,
or even computers that can think like humans. Today, Al is a broad field of study focused on
using computers to do things that require human-level intelligence. It has been undergoing
heavy research since the term was introduced in the 1950s. Many fascinating ideas on thinking
machines in sci-fi movies, such as allowing a computer to play games like tic-tac-toe, checkers,
chess, and GO, are gradually becoming reality with the advancement of AL

Early Al systems relied on elegant mathematical formulation of the problem and effi-
cient algorithms to solve, which means that a computer had much less knowledge about
the world than a human has but the computer can implement mathematics much better
than a human can. For example, in 1997, IBM made a computer called Deep Blue that
defeated the world champion in chess using Monte Carlo search. Chess can be formulated
with relatively simple rules in mathematics, and the search space for the moves is manageable
by today’s desktop computers (comparable to the “super computer” such as Deep Blue).
However, around the same time, a computer struggles at many tasks that are intuitive or
even trivial to humans, such as recognizing different faces, because researchers struggle at
articulating the difference of faces in a mathematical way given those pixels of faces.
Although AT researchers had spent a tremendous amount of effort in creating knowledge
bases in formal languages, such Al systems relying on hard-coded knowledge representations
were far from practical and full of inconsistency in many cases.

Meanwhile, the ability to extract patterns from data and fit complicated parametric
statistical models kickstarted a new area in solving decision-related problems, and now
this area is known as ML. For a long time, it generally needed a significant amount of effort
from domain experts and carefully engineered pieces of information called features to
constrain the complexity of the problems. For example, an ML algorithm may be able to
predict whether a patient is recommended a treatment or not using logistic regression
given several pieces of information about a certain collection of features of the patient,
such as body temperature, age, or whether a certain symptom is present, etc. However, if
the machine is given a CT scan image, it will not work. Many sophisticated image processing
techniques similar to those introduced in the previous section can be applied to obtain
useful features from the CT scan image. These techniques need to be carefully designed
by researchers since medical image processing for diagnosis is actually a quite large and
specialized discipline, where researchers can spend years to discover the underlying
patterns on the images and develop a good feature extraction method. After that, domain
experts with both medical and computer science backgrounds must come up with a set of
rules or learning algorithms, implement them in software routines, and figure out how the
data and algorithm should be connected in relation to each other to perform the specific
task. As can be imagined, this is tedious and error-prone. If the data modality changes,
the process must be repeated, and such a system must be redesigned from the initial feature
engineering step. Clearly, the knowledge of the domain experts cannot be easily transferred
to a new software.

More powerful statistical models can be used to alleviate this design difficulty. For
example, online email service providers use the naive Bayes classifier to determine whether
an email is a spam or not by organizing it in a “bag-of-words” feature vector. This requires
less feature engineering work, and such a classifier is usually efficient in solving simple
problems like answering “yes” or “no” for spam detection. However, it also requires a
tremendous amount of data samples to reach reasonable performance due to the phenom-
enon known as the curse of dimensionality (i.e., when the dimensionality increases to a
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very high value, such as the number of words in a dictionary for the bag-of-words scheme,
the feature space is so large that data become too sparse to reveal any pattern). Unfortunately,
this is exactly the type of data that is often handled, especially in the era of multimedia
content with smartphones, webcams, social media services, and all kinds of sensors that
generate huge mountains of “big data” every second without human intervention.
Additionally, these simple models can hardly work on more complex tasks, such as recog-
nizing objects in an image. This poses the new challenge of understanding and extracting
insights from “volumetric” data of images, speech, text content on the Internet, etc., and
leads to the advent of deep learning.

Deep Learning (Goodfellow, et al., 2016) is an ML technique that automates the creation
of feature extractors in terms of deep neural networks (DNNs) with layers of artificial neurons
trained on large amounts of data. With DNNG, the central problem of data representations
is solved by a hierarchy of complex nonlinear combinations of other simpler representations
as multiple layers of neuron activation tensors, and more importantly, the way to construct
these representations are learned from the raw data such as pixels in images (detailed in the
coming subsections). Researchers have applied DNNs in a variety of areas including computer
vision, speech recognition, machine translation, etc., and amazing results comparable to
human-level performance are achieved. A type of DNN, the CNN (discussed in section
“Convolutional Neural Networks”), transforms the method for many perceptual tasks on
which CAVs rely, which makes automated driving close to reality. Additionally, it works not
only for computer vision tasks such as image classification, object detection, and image
segmentation but also for non-visual tasks such as complex and hierarchical pattern recogni-
tion, speech recognition in the real environment, and human behavior prediction for social
economics. Due to its wide range of applications and significant impact on productivity, it
is sometimes referred to as the “4th Industrial Revolution” (Kahn, 2016).

There were three key initial conditions that made the advancement of modern
Al possible:

1. Big Data has been accumulated in nearly every business sector over the years,
which provides the huge collections of data (including annotated) from which
computers can learn.

2. The availability of hardware accelerators, especially GPUs, makes it possible to
complete massive amounts of computation required in a practical amount of time
and cost.

3. Efficient, parallel learning algorithms have been developed and implemented in the
past several decades, which allows data scientists to design and train
DNN:ss practically.

Dr. Andrew Ng, a pioneer of modern ML research, made an analogy that “Al is akin
to building a rocket ship” (Garlin, 2015). In this analogy, the big data is the rocket fuel,
while the learning algorithms and acceleration hardware are the rocket engine. In the field
of AI, many researchers publish their cutting-edge algorithms and neural network models
together with their software implementations, which are packaged up in high-level, open-
source frameworks that others could reuse, i.e., they don’t have to start from scratch.
Meanwhile, all of the major deep learning frameworks support GPU acceleration, and cloud
computing platform providers recognized the potential of deep learning to improve their
own services and the business opportunity of offering GPU-accelerated deep learning
platforms in the cloud. Furthermore, there are many open datasets available on the Internet,
which allow researchers to investigate freely. Hence, it is now much easier to build such a
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“rocket ship” of Al and “launch” it to solve real-world problems. This significantly reduced
the capital costs and time investment for start-ups, which motivated a huge influx of venture
funding for deep learning start-ups and further accelerated the advancement of this field.
Besides, large companies, governments, and other organizations—influenced by the
impressive achievements of start-ups and researchers—are rapidly adopting this new
technology, seeing it as a competitive advantage or threat if they fail to effectively master it.

Deep Neural Networks

The foundation of deep learning is the DNNG, also referred to as deep feedforward neural
networks, or multilayer perceptions. Here, a neural network means a computation graph
with multiple nodes that are analogous to neurons. The mathematical representation of
such a “neuron” resembles a biological neuron, as shown in Figure 5.11 (left), where the inputs
are similar to the activations of axons from other neurons, the weights are similar to the
synapses on the dendrites, and the output is similar to the activation of an axon of this
neuron that connects to other neurons. Hence, such a neuron can be represented as a
function h = a(Zw;x; + b) given its input, and it usually “activates” nonlinearly, i.e., a() is a
nonlinear function, such as the rectified-linear unit (ReLU) function. Neurons can
be stacked into layers such that the outputs of the previous layer are the inputs of the next
layer without feedback connections or loop connections, and hence, these neurons form a
feedforward neural network. For example, in Figure 5.11 (right), the neural network has an
input layer with three neurons, a hidden layer with four neurons, and an output layer with
two neurons. Here, each layer is fully connected with the previous layer, i.e., there is a
connection for any node pair between the two layers. Typically, all neurons share the same
activation function. In this way, the activation of the previous layer can be written as a
vector h;_;, the weights on the connections between the previous layer and the current layer
can be represented as a matrix W;, the bias of the current layer can be represented as another
vector b;, and the outputs are a vector h; = a(W;h;_, + b;). As each neuron is a function, the
whole neural network is a chain of functions of all the layers. Hence, the neural network
can be denoted as a function y = f(x, 0) for succinctness, where 8 indicates the weights and
biases of all layers collectively, and these parameters are “learned” from the data using
algorithms introduced in the next subsection. Given the input x, the neural network compu-
tation graph structure, and its parameters, i.e., 6, a program can run a forward path to
compute its output y by efficiently evaluating each function of each neuron through vector-
ized mathematical operations.

An illustration of the mathematical representation of a neuron (left) and a
neural network with one hidden layer (right).
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For a DNN, the term “deep” means that the neural network has multiple hidden layers.
Theoretically, such a DNN can approximate any complex function y = f(x) between two
Euclidean spaces with enough layers and enough neurons, which is called the universal
approximation theorem (Leshno, et al., 1993). It is this phenomenon property that allows
computer scientists to design and train DNNs from a large amount of data to solve problems
that cannot be easily solved by implementing the knowledge of a set of experts systemati-
cally in a program. For example, if x is the pixel intensities of an image and y is a label
indicating whether it is a cat, dog, or other object category, such a neural network that
approximates y = f(x) will have the ability to recognize the content of images. However, in
the real world, the architecture design of the neural network model is what makes it suitable
for a particular task. For example, the best models for image classification are very different
from the best models for speech recognition. There is a huge design space that researchers
can explore, such as the number of layers, the number of neurons in each layer, and the
connections between neurons, the activation function performed in each neuron, how the
parameters are trained, etc. The Google Tensorflow Playground is a useful introduction to
the DNN design space and what options are available (Smilkov & Carter, n.d.).

Training Deep Neural Networks

Given the fascinating capability of neural networks, the next step is to train these neural
networks to do useful tasks. Here “training” means determining the parameters 0 of the
neural network. Three crucial components are needed to successfully train a neural network
for a specific task.

First, a training dataset consists of a collection of representative data examples must
be assembled. The training can be accomplished with either unsupervised or supervised
learning. In unsupervised learning, data are unlabeled and so the DNN has to find under-
lying structure in the data without assistance; this technique is often used to pre-process
data by clustering like data groups and compressing the data without losing useful informa-
tion. In supervised learning, data are labeled (or annotated), sometimes by a domain expert,
sometimes by cheap labor (i.e., Mechanical Turk or offshored entity), sometimes by the user
(i.e., Facebook tagging of friends). For example, if this neural network is asked to classify
images with cats or not, usually several thousand images of cats and another several
thousand images without cats need to be collected. If supervised learning is employed, each
image must be associated with a label indicating whether it belongs to the cat class or not.
To ensure the dataset is representative of all the pictures of cats that exist in the world, the
dataset must include a wide range of species, poses, and environments in which cats may
be observed. If the dataset is too small or not representative, the trained neural network
would be biased, and it may only be able to recognize cats in images that are similar to the
images in the training dataset.

Second, a neural network architecture with a loss function must be designed. Taking
the image classification of cats and dogs as an example, a neural network may be designed
with multiple layers. The input layer may have a dimension comparable to a 100x100 pixel
image with three color channels, i.e., 30,000 neurons. Then a few hidden layers may
be stacked, each with a few thousand neurons and fully connected with the previous layer.
After that, a single neuron may be placed in the output layer that predicts whether an input
image subject is a cat or not. This output neuron will use a sigmoid function as its activation
function, and its output is denoted as y’, which is some number between 0 and 1 indicating
the probability or confidence of the prediction that this image subject is a cat. For each
input image, assume that the ground truth is available and labeled as y, i.e., if y is 1, the image
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subject is a cat, and if y is 0, it is not. Finally, for any single input image, a loss function can
be defined as L(y, y') = —y log (y') — (1 — ») log (1 — »'). The value of this loss function is
designed to be a positive number. It is large when the prediction is far from the ground
truth, and it should be close to 0 if the prediction is close to the ground truth, and hence, it

is called a loss function or a cost function. If a collection of N images are given as a mini-batch,
1
the loss function can be defined collectively as L = _NZil)/i log(y';)+(1—y;)log(1-y",).

Such a loss function is called a binary cross-entropy loss, which is widely used in binary
classification ML models. It can be extended to accommodate multiple categories instead
of just two shown in this example.

Third, a training algorithm must be implemented. The training target is minimizing
the loss function by adjusting the neural network parameters such that the predicted label
should be close to the ground truth label for all the images in the training dataset. Different
from optimizing a simple mathematical function of polynomials, the existence of the
complex neural network architecture, the large number of parameters between each layer,
and the nonlinear activation all make this minimization step difficult. Currently, the
standard practice is gradient-based learning with backpropagation. Given any loss function
L, gradient-based learning means calculate the first-order partial derivative of the loss
function with respect to the parameters, i.e., the gradient, and iteratively adjust the param-
eters until they converge. Mathematically, this procedure can be represented as

o*! =g* —/1%, where k means the kth iteration, and A is the learning rate that controls

how much the parameter should be updated in each iteration. The initial value of the
parameter is typically set randomly. To implement this, the training algorithm will select
a mini-batch of input data and run the forward path of the neural network to calculate a
loss value. Then we can calculate the gradient of the loss with respect to each neuron of the
last layer and use the chain rule of partial derivative calculation to propagate the gradient
to the layer before, until the first layer. Mathematically:

oL ol _ouees

= = = 1
00 0ho6 o0Ohog oo o

where () is the function representing a specific neuron in the last layer, g() is another
neuron in a layer previous to the last layer, and so on. This allows for a calculation of the
gradient of the loss function with respect to each weight and bias parameter and applies
the gradient-based optimization on each parameter. As the neuron activation computing
is done layer by layer from the input layer to the output layer in the forward path, this
gradient of loss function computing is done in a similar way layer by layer but in the reverse
direction, and hence, it gets the name “backpropagation.” In this way, one learning step
involves a mini-batch of input data, a forward path neuron activation computing, a backward
path gradient computing, and one iteration of parameter updating.

Eventually, after many such steps with randomly selected mini-batches of data, the
neural network will hopefully converge and make correct predictions for most of the
training data. Typically, the neural network is said to have been trained for one epoch if
the training procedure has used enough mini-batches of data comparable to the size of the
whole training dataset. This means that after processing the entire training dataset once,
the neural network should generally have enough experience to choose the correct answer
alittle more than half of the time (i.e., better than a random coin toss to make a prediction),
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but it will usually require additional tens of epochs to achieve higher levels of accuracy.
Sometimes the loss will reach a plateau, i.e., it will not decrease with more rounds of training,
but the neural network still cannot make good predictions. In this case, a change in the
neural network architecture design may need to be considered, for example, using CNNs
introduced in the next subsection instead of fully connected neural networks to gain better
performance. In some other cases, the training may just fail, i.e., the loss stays unchanged,
or bounces, or becomes NaN (i.e., Not-a-Number in the definition of floating point number
representations, usually generated through dividing by zero or other invalid mathematical
operations). This may be caused by the gradients vanishing to zero or exploding to infinite
after too many steps in the chain calculation. Hence, changing the learning rate, the mini-
batch size, the design of the loss function, or even rethinking the task itself must all
be considered. As the parameters of a neural network are completely calculated from the
data, the quality of the data, the quality of the label, and the relevance of the task matter a
lot. Otherwise, a neural network will simply show the phenomenon of “garbage in and
garbage out.”

Convolutional Neural Networks

As a special type of neural network, the CNN has revolutionized visual recognition
research in the past decade. Different from the traditional handcrafted features, a CNN
uses multiple specialized convolutional layers and pooling layers to efficiently capture
sophisticated hierarchies describing the raw data, which has shown superior performance
on standard object recognition benchmarks while utilizing minimal domain knowledge.
This special convolutional and pooling architecture is inspired by neuroscience
discoveries on the visual cortex of primates, which shows a similar structure with
biological neurons.

In Figure 5.12 (left), a simple CNN is shown with an input layer of six neurons, a
convolutional layer of four neurons, a polling layer of two neurons, and two fully connected
layers. The convolutional layer is similar to a normal layer, but it is only locally connected
(e.g., the neuron ¢, is only connected to input x,, x,, and x;), and the connections share
weights among the neurons (e.g., all the connections with the same color share the same
weights). This is equivalent to applying a convolution operation on the input or the activations

An illustration of a CNN.
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of the previous layer, while the convolutional kernel contains the trainable weights, as shown
in Figure 5.12 (right). As mentioned previously in section “Image Processing,” different
values in the convolutional kernel can have drastically different results, and such results
can be considered as a special type of image feature defined by this convolutional kernel.
In this figure, only one kernel is shown while, in practice, multiple different kernels can
be applied on the same input to generate outputs like images of multiple channels, where
each channel means a different type of feature. Hence, these convolutional kernels are also
called image filters. As a kernel scans over an input, the extracted features generate another
image, which can be processed by another kernel in another layer. Besides, the pooling
layer will just select the strongest activation from the input neurons, e.g., in Figure 5.12 (left),
the neuron activation of p, is just the maximum value of its inputs from ¢, and c,. This works
as a downsampling process that summarizes and abstracts the features. In a CNN, multiple
convolutional layers and pooling layers can be stacked to aggregate low-level features to
high-level features. Meanwhile, these kernels are learned from data so that the neural
network can be trained to automatically extract useful features to the final task corre-
sponding to the loss function.

For example, if the objective is to recognize images with cats, it is desirable to locate
high-level features such as eyes, noses, ears, limbs, and furry body, which define a cat.
Each type of the high-level feature of a component of a cat can be further described as a
collection of shapes and texture patterns, which can be further broken down as a set of
low-level features such as corners, line segments, and color patches. Although a CNN
does not work exactly in this way, this analogy can basically explain the underlying
principle. Another example is shown in Figure 5.13, which is a well-known network called
LeNet (LeCun, et al., 1998) designed by Dr. Yann LeCun, and probably it is the first
successful application of CNNs. This neural network is designed to recognize handwritten
digits from 0 to 9. The input is a grayscale image of 32x32 pixels. The neural network
consists of two sets of convolutional-pooling layers with the same kernel dimensions, but
different numbers of filters. After that, two fully connected layers are applied to classify
the aggregate features vectors into ten categories. The network is trained on the MNIST
dataset with over 50,000 images, and some sample images are shown on the left side of
Figure 5.13. Once trained, it can achieve over 99% of accuracy on a separate set of about
20,000 similar images.

The LeNet for handwritten digits recognition.
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Perception Tasks for CAV

Equipped with the basics of sensors and data representation, now four essential perception
tasks for CAV are explored, including (1) object detection, (2) object tracking, (3) segmenta-
tion, and (4) 3D depth estimation from images. For each of the tasks, the problem is formu-
lated under the context of CAV, and the challenges, as well as solutions, are discussed.

Object Detection

Just as a human driver needs to be aware of other vehicles, pedestrians, and traffic signs,
detecting these objects in a reliable and prompt way is crucial to CAVs, as shown in Figure
5.14. Depending on the sensor modality, object detection can be done on a 2D image or a
3D point cloud. For a 2D image I(x, y), the output of an object detection module is a list of
objects of known categories. The location of each object is represented as a 2D bounding
box (x,, y;, X5, ¥,) on the image, where (x, y;) and (x5, y,) is the top-left corner and bottom-
right corner of the box, respectively. Additionally, each object has a predicted class label
and a prediction confidence score, like the image classification task discussed in section

“Training Deep Neural Networks.”

m An example of 2D object detection on a 2D image.

© SAE International.

Although object detection seems instinctive for humans, the definitions of “objectness”
and visual saliency are not always clear for a computer with a camera, especially with clut-
tered image background seen from a CAV driving in urban areas. Generally, this problem
is solved by a neural network trained on a large dataset of images with human annotations.
For example, in Figure 5.15 an overview of the Faster RCNN object detector (Ren, et al.,
2015) is shown, where RCNN means “Region-based Convolutional Neural Network.” It
contains three main components. First, the input image is processed by a backbone network
to generate a hierarchy of feature activations. This network contains only convolutional
layers, and hence, it can be applied to images with any size or aspect ratio. Second, the
region proposal network scans each level of the generated feature hierarchy in a sliding
window fashion to generate candidates of regions that may have an object. Third, each
region candidate is interpolated to a fixed size and further processed by a head neural
network with a set of fully connected layers to predict its object category and refine the box
shape. Finally, these bounding boxes and class labels are packed into data structures and
returned as the results.
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m An illustration of the architecture of the Faster RCNN object detector.
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For a CAV, knowing the objects on 2D images is not enough. The 3D shape, location,
and orientation of these objects are desired to prevent crashing into them. This problem is
3D pose estimation, and it is usually solved by an algorithm or another neural network
connected immediately after the object detector. For objects with a rigid “boxy” shape such
as a vehicle, a 3D bounding box with orientation is needed, while for pedestrians and cyclists,
either a bounding cylinder (i.e., a center point on the ground, a radius, and a height) or an
articulated model containing positions of each joint of the person is desired, as shown in
Figure 5.16. One possible solution is detecting important key points on the 2D image and
then recovering the 3D pose using the camera parameters, the prior knowledge of the object,
and some geometric constraints. For example, in Figure 5.16 (left), a neural network can
be used to detect the corner points of the 3D bounding boxes on the image in a way similar
to computing the 2D bounding boxes in object detection. After that, the 3D pose of the
vehicle can be calculated by solving the well-studied perspective-n-points problem using
the camera projection, the prior knowledge of vehicle dimension, and the fact that all four
corner points on the bottom surface of the 3D bounding box are on the ground.

m Examples of 3D pose estimation.

© SAE International.

Besides the indirect way of detecting the objects and estimating their poses from an
image, a CAV can also directly detect the 3D bounding boxes of objects on a point cloud
obtained from a real-time LIDAR scan, as shown in Figure 5.17. Typically, this is also achieved
by a neural network. For example, the PointPillars detector (Lang, et al., 2019) runs three
neural networks. The first one extracts features on the pillars of the point cloud and gener-
ates a pseudo image of feature activations in the bird’s-eye view. The second one is a 2D
CNN that further computes a hierarchy of features on this pseudo image, like the backbone
network in 2D object detection. The third one is another neural network called the head
network that does the actual 3D object detection from the feature activations.
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An example of the 3D point cloud from three real-time LIDAR scans
obtained at the same time but in three different places. The LIDARs 3D point cloud data are
from the company Luminar.

Person
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Tracking

Unlike an object detector that processes only one image, an object tracker needs to estimate
the trajectory and velocity of multiple objects given the continuous measurement of the
camera or the LIDAR. This is very important for a CAV to predict the future behavior of
other traffic participants and avoid collisions. There are a few major challenges, including
the complexity of motion, occlusions, change of object appearances under different view
angles, objects with similar appearances interacting with each other (e.g., pedestrians), and
cluttered backgrounds (e.g., urban streets).

One straightforward solution is tracking-by-detection, which means running the
detector independently on each image or LIDAR scan and associating the detected objects
on the current sensor readings to those objects detected and tracked previously. In this way,
tracking is essentially reduced to an object association problem. Formally, given a list of
objects already tracked and a list of newly detected objects as two disjoint sets of nodes in
a bipartite graph, the objective is to compute a set of edges between the two sets that best
match the nodes by minimizing some overall cost one these edges. Typically, a real object
in the 3D world does not move significantly during the interval of two consecutive camera
images or LIDAR scans, and the extent of bounding box overlap can be a good cost metric
for an edge connecting the two nodes. Such edge cost can also be computed from various
attributes of a pair of tracked objects and a newly detected object such as the consistency
in color and shape, displacement, etc.

Besides the simple object detection and association method, a tracker can also use a
Bayesian inference framework, typically some variant of Kalman filter or some nonpara-
metric Bayes filter (e.g., particle filter), to iteratively estimate the position, velocity, and
other states of the object in the tracking process. Note that these states are represented by
random variables, and such a filter calculates the probability distribution of these variables
in a parametric or nonparametric form upon the arrival of each “observation,” e.g., one
iteration for each new image taken by the camera. In each iteration, the states of the object
are first predicted given their current probability distribution (i.e., results of the previous
iteration) using the kinematics or dynamics property of the object. Then an association
algorithm assigns newly detected objects to existing objects using the predicted results, or
a joint detection and tracking step can run here to detect objects on the new image using
the predicted results and other features such as the pixel-level motion discussed below or
some feature embeddings from a DNN. After that, the states are updated with the new
observations, i.e., the posterior probability distributions of the state variables are calculated
using the Bayes rule. This framework has been widely used in the past for its simplicity and
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good performance on rigid-body objects with well-studied dynamics, e.g., vehicles. However,
it has problems when there are wrong associations or missing observations due to occlu-
sions. With the advancement of DNNs, there are also end-to-end joint detection and
tracking methods that utilize RNN or both RNN and CNN to solve the tracking problem.
However, the lack of large amounts of annotated data (especially annotation on every video
frame) makes such solutions less practical.

Tracking can be done not only at the object level but also at the pixel level or 3D point
level. On a pair of 2D images taken by a camera consecutively, the optical flow is defined
as the 2D motion vectors of each pixel between them. Similarly, scene flow is the motion
between two point clouds from two consecutive LIDAR scans, which is a generalization of
optical flow in 3D. However, there are generally no point-to-point correspondences because
itis not the points that move. In fact, the points are generated by the laser beams that sample
moving objects. Hence, scene flow is usually represented by a collection of 3D vectors
indicating the motion of each point on the first point cloud.

To compute the optical flow, typically an assumption is made that a pixel does not
change its brightness but “moves” to a new place with a displacement vector, i.e., I(x, y, ) =
I'(x + Ax, y + Ay, t + At). If the right-hand side of this equation is expanded using the
Taylor series, keeping only the first-order term, and we cancel out the I(x, y, f) on
the left-hand side and divide every term with At, we have gﬁ+ﬂ&+g =0, or

Ox At Oy At Ot

L.V, + LV, +1,=0,where I, and I, are the gradient of the pixel value in x and y directions,
(V,, V,) is the optical flow vector that needs to be solved at that pixel, and I, is the deriva-
tive of the brightness of that pixel regarding the time. Clearly, given a single pixel, i.e.,
one equation with two unknowns, (V,, V,) cannot be solved. As a result, all solutions
require some additional assumptions globally on the image or semi-globally on a local
patch. For example, the Lucas-Kanade method (Lucas & Kanade, 1981) solves this by
assuming that alocal image patch of mxm pixels has the same optical flow vector. However,
this cannot work on image patches with little or no brightness change, e.g., a featureless
surface with the same color, or no change in one direction, e.g., on a line. Hence, it is
used to track the motion of a set of detected corner points, which are usually sparse, e.g.,
in the KLT tracker (Tomasi & Kanade, 1991), as shown in Figure 5.18 (right). Here the
sparse optical flow vectors along the object moving direction are shown in blue and others
are in red. Other, more advanced methods, as well as deep learning models, are also
invented to solve dense optical flow on the whole image. However, accurate optical flow
computing still faces the same challenges as object tracking and it is generally more
computationally expensive.

m An example of object tracking and sparse optical flow (the short blue
line segments).

One video frame Vehicle tracking Sparse optical flow

© SAE International.
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Segmentation

Distinct from detection or tracking at the object level, image segmentation means parti-
tioning the image into regions and assigning a label to each region from a set of predefined
categories. There are three types of segmentation, as shown in Figure 5.19. The first one is
semantic segmentation, which is essentially a classification of each individual pixel. It
generates a mask of the image with the same width and height, and each pixel of the mask
is the category label of that pixel on the original image. For example, in Figure 5.19 (top-
right), each pixel of the image is assigned with a semantic label such as person, vehicle,
traffic light, traffic sign, road, curb area, etc. In this case, pixels on two different vehicles
are assigned with the same label. The second one is instance segmentation, which is simul-
taneously detecting objects of an image and generating a semantic segmentation mask for
each of those objects. The output is similar to an object detector with a list of object bounding
boxes and a list of class labels, plus a list of masks. In this case, a mask contains only pixels
on a specific object, and pixels on two different vehicles are assigned with the same semantic
label, but they are on two different masks. Those pixels not on any object are considered
“background.” The third one is panoptic segmentation, which is a combination of semantic
segmentation and instance segmentation. In this case, every pixel of the image is assigned
with a semantic label and an instance ID. For example, in Figure 5.19 (bottom-right), those
pixels on two different vehicles have the same semantic label, but different instance IDs.
The panoptic segmentation contains masks of both countable objects (i.e., vehicles, pedes-
trians, traffic signs) and uncountable amorphous regions of the same texture (i.e., road,
sky, curb area). For a CAV, this can provide a coherent scene understanding of what is seen.

—

m Examples of three types of image segmentation.
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Inspired by the success of neural networks on image classification and object detection,
there are many deep learning solutions that use CNNs to generate high-quality segmenta-
tion results. However, a traditional CNN for object-level tasks will combine the features
from multiple scales of the image to high-level semantic meanings, while segmentation
requires both high-level semantics and pixel-level boundaries. A popular method to tackle
this issue in semantic segmentation is using an encoder-decoder network structure. For
example, in SegNet (Badrinarayanan, et al., 2017), the image features are extracted and
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downsampled by a fully convolutional encoder network with pooling layers similar to a
network for image classification without the fully connected layers. After that, the generated
feature maps pass through a decoder network with an identical architecture but in a
top-down fashion, where the pooling layers are replaced by upsampling layers using the
pooling indices obtained in the encoder. Eventually, the decoder generates feature maps in
the same resolution as the original image, and a pixel-wise softmax layer is used to obtain
the class label for each pixel. This encoder-decoder idea can also be used for instance
segmentation and panoptic segmentation. For example, in Mask RCNN (He, et al., 2017),
which has a similar network architecture as that in Figure 5.15, the encoder is the backbone
network, and the decoder is in a branch of the head network that generates binary masks
for each object. These methods have achieved impressive results, especially in the scenarios
for automated vehicles, but there are still a few challenges to address, such as accurate
segmentation of small objects with a relatively far distance and the need of huge computa-
tion (most networks for pixel-level segmentation tasks cannot run at real-time on a high-end
workstation GPU with a reasonable image resolution, let alone on embedded devices
on CAVs).

3D Depth Estimation

Humans can easily perceive the rough distance to an object without relying on sensors that
actively emit energy to the environment such as LIDAR. This is achieved partially through
the difference of the visual information between the left eye and the right eye, and partially
through the prior knowledge of the object size in 3D and its apparent size. For a CAV, due
to the high price tag and reliability issues of a LIDAR, it is desired to obtain the distances
to the surrounding obstacles using one or two cameras, i.e., estimating the 3D depth of
each pixel (this was discussed in Chapter 4).

Given two images from two cameras observing the same 3D point, the 3D depth of
this point can be obtained through triangulation, as shown in Figure 5.20 (left). Assume
we know the centers of the two cameras for the two images, i.e., C and C’; the relative
rotation and translation from the second camera to the first camera, i.e., (R, t); and the
intrinsic matrices of the two cameras, i.e., K and K'. This essentially means the projection
matrices P and P’ of the two cameras are known. A 3D point X will be projected to 2D
points x and x’ on the two images. It is clear that X, C, and C’ form a plane that intersects
with the two image planes at two lines / and I'. This property is called the epipolar constraint,
and the two lines are called epipolar lines. Using this property, given any point x on the
first image, we can derive the line ' from the camera parameters and search along this line
to find its corresponding point x’ by assuming they have the same appearance (similar to
that in optical flow computing). After that, the location of the 3D point X relative to the
first camera can be obtained by solving the equations x = PX and x" = P'X together.

Generic two-view depth triangulation (left) and stereo depth
estimation (right).

© SAE International.
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To make the point search easier, typically two identical cameras are specially oriented
in tandem such that the images are in “row correspondence,” i.e., both cameras have iden-
tical intrinsic matrix K, both images have the same resolution, x and x" are in the same row,
and there is only a translation (b, 0, 0) between C and C’, as shown in Figure 5.20 (right).
Such a camera configuration is usually called stereo-vision. In this simplified case, the Z
coordinate of the 3D point X, i.e., the depth, can be calculated as Z = fs,b/(x — x"), where fs,,
is the first element on the diagonal of K; b is the distance between the two cameras, typically
called the baseline distance; and (x — x’) is the difference between the x coordinates of the
two corresponding points, typically called the disparity. In Figure 5.21, an example of such
a stereo-vision camera configuration and an example result of stereo-vision depth trian-
gulation are shown. Note that the point correspondence search may fail, especially when
the images contain featureless areas, e.g., the white walls and ceiling in Figure 5.21. Moreover,
the depth resolution degrades with the distances, especially when the 3D point is far away
and the disparity (x — x’) is below one pixel. Furthermore, the choice of the baseline is also
important to achieve good depth resolution at some desired distance. Hence, the raw depth
results may have errors or invalid values (i.e., “holes”), which require some postprocessing
steps (which is usually called depth completion). Recently, deep learning has been applied
for depth completion or even direct disparity generation, which has achieved impressive
results. Besides, a DNN can even predict the depth from a single image with a reasonably
good accuracy given enough training data.

m An example of stereo depth estimation.
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Depth after postpro