% MORGAN & CLAYPOOL PUBLISHERS

SnAaosnan Livu

ok it







Creating Autonomous Vehicle
Systems




Copyright © 2018 by Morgan & Claypool

All rights reserved. No part of this publication may be reproduced, stored in a retrieval system, or transmitted in
any form or by any means—electronic, mechanical, photocopy, recording, or any other except for brief quota-

tions in printed reviews, without the prior permission of the publisher.

Creating Autonomous Vehicle Systems
Shaoshan Liu, Liyun L4, Jie Tang, Shuang Wu, and Jean-Luc Gaudiot

www.morganclaypool.com

ISBN: 9781681730073 print

ISBN: 9781681730080 ebook

ISBN: 9781681731674 epub

DOI: 10.2200/500787ED1V01Y201707CSL009

A Publication in the Morgan & Claypool Publishers series

SYNTHESIS LECTURES ON COMPUTER SCIENCE, #9

Series ISSN: 1932-1228 Print  1932-1686 Electronic



Creating Autonomous Vehicle
Systems

Shaoshan Liu

Perceptln

Liyun Li

Baidu, U.S.

Jie Tang

South China University of Technology
Shuang Wu

YiTu

Jean-Luc Gaudiot

University of California, Irvine

& MORGAN  CLAYPOOL PUBLISHERS




iv

ABSTRACT

This book is the first technical overview of autonomous vehicles written for a general computing
and engineering audience. The authors share their practical experiences of creating autonomous
vehicle systems. These systems are complex, consisting of three major subsystems: (1) algorithms
for localization, perception, and planning and control; (2) client systems, such as the robotics op-
erating system and hardware platform; and (3) the cloud platform, which includes data storage,
simulation, high-definition (HD) mapping, and deep learning model training. The algorithm
subsystem extracts meaningful information from sensor raw data to understand its environment
and make decisions about its actions. The client subsystem integrates these algorithms to meet
real-time and reliability requirements. The cloud platform provides offline computing and storage
capabilities for autonomous vehicles. Using the cloud platform, we are able to test new algorithms
and update the HD map—plus, train better recognition, tracking, and decision models.

'This book consists of nine chapters. Chapter 1 provides an overview of autonomous vehicle
systems; Chapter 2 focuses on localization technologies; Chapter 3 discusses traditional techniques
used for perception; Chapter 4 discusses deep learning based techniques for perception; Chapter
5 introduces the planning and control sub-system, especially prediction and routing technologies;
Chapter 6 focuses on motion planning and feedback control of the planning and control subsys-
tem; Chapter 7 introduces reinforcement learning-based planning and control; Chapter 8 delves
into the details of client systems design; and Chapter 9 provides the details of cloud platforms for
autonomous driving.

'This book should be useful to students, researchers, and practitioners alike. Whether you are
an undergraduate or a graduate student interested in autonomous driving, you will find herein a
comprehensive overview of the whole autonomous vehicle technology stack. If you are an autono-
mous driving practitioner, the many practical techniques introduced in this book will be of interest
to you. Researchers will also find plenty of references for an effective, deeper exploration of the

various technologies.

KEYWORDS

autonomous driving, driverless cars, perception, vehicle localization, planning and control, auton-

omous driving hardware platform, autonomous driving cloud infrastructures
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Preface

Autonomous vehicles, be they on land, on water, or in the air, are upon us and are finding a myriad
of new applications, from driverless taxi services to automatic airborne surveillance of sensitive
remote areas. Continued technological advances in the past few decades have made these inno-
vations possible, but the design problems which must be surmounted in order to provide useful,
efficient, and, supremely importantly, safe operations of these independent units are equally nu-
merous and daunting.

It is thus the purpose of this book to provide an overview of these problems and lead the
reader through some common design solutions. High technological capabilities, complete integra-
tion of hardware and software, and deep synergy with resident platforms (such as cloud servers) are
a must for an eventual successful deployment. The focus is on land vehicles, and more specifically
cars in urban or country road environments, as well as oft-road operations. The aim of this book is
to address an audience of engineers, be they from the academic or the industrial side, with a survey
of the problems, solutions, and future research issues they will encounter in the development of
autonomous vehicles, from sensing, perception to action, and including support from cloud-based
servers. A copious amount of bibliographic references completes the picture and will help the reader

navigate through a jungle of past work.

STRUCTURE OF THE BOOK

A brief history of information technology and an overview of the algorithms behind autonomous
driving systems, of the architecture of the systems, and of the support infrastructure needed is
provided in Chapter 1. Localization, being one of the most important tasks in autonomous driv-
ing, is covered in Chapter 2 where the most common approaches are introduced. The principles,
advantages, and drawbacks of GNSS, INS, LiDAR, and wheel odometry are described in detail and
the integration of various versions of these strategies are discussed. As for detection, i.e., “under-
standing” the environment based on sensory data, it is described in Chapter 3, with an exploration
of the various algorithms in use, including scene understanding, image flow, tracking, etc. The large
datasets, highly complex computations required by image classification, object detection, semantic
segmentation, etc. are best handled by the deep learning approaches to perception advocated for in
Chapter 4, where applications to detection, semantic segmentation, and image flow are described in
detail. Once the environment is understood by the autonomous vehicle, it must somehow predict
future events (e.g., the motion of another vehicle in its vicinity) and plan its own route. This is the

purpose of Chapter 5. Next (Chapter 6), comes an even more detailed level of decision making,
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planning, and control. Feedback between modules with possibly orthogonal decisions as well as
conflict resolution (e.g., one module could recommend a lane change, but another one has detected
an obstacle in the lane in question) are covered with an emphasis on describing algorithms for
behavioral decision making (e.g., Markov decision processes, scenario-based divide and conquer),
and for motion planning. This is what leads us into Chapter 7 for a demonstration of the need to
supplement the design with Reinforcement Learning-based Planning and Control for a complete
integration of situational scenarios in the development of an autonomous system. Underneath it all,
the on-board computing platform is the topic of Chapter 8.It includes an introductory description
of the Robot Operating System, followed by an actual summary of the real hardware employed. The
need for heterogeneous computing is introduced with a strong emphasis on meeting real-time com-
puting requirements as well as on-board considerations (power consumption and heat dissipation).
This means that a variety of processing units (general-purpose CPU, GPUs, FPGAs, etc.) must be
used. Finally, Chapter 9 covers the infrastructure for the cloud platform used to “tie it all together”
(ie., provide services for distributed simulation tests for new algorithm deployment, offline deep

learning model training, and High-Definition (HD) map generation).



CHAPTER 1

Introduction to Autonomous Driving

We are at the dawn of the future of autonomous driving. To understand what the future may be,
we usually consult history, so let us start with that.

'The beginning of information technology truly started in the 1960s, when Fairchild Semi-
conductors and Intel laid down the foundation layer of information technology by producing mi-
croprocessors, and as a side product, created Silicon Valley. Although microprocessor technologies
greatly improved our productivity, the general public had limited access to these technologies.
Then in the 1980s, Microsoft and Apple laid down the second layer of information technology
by introducing Graphics User Interface, and realized the vision of “a PC/Mac in every home.”
Once everyone had access to computing power, in the 2000s, internet companies, represented by
Google, laid down the third layer of information technology by connecting people and informa-
tion. Through Google, for instance, the information providers and the information consumers can
be indirectly connected. Then in the 2010s, the social network companies, such as Facebook and
LinkedlIn, laid down the fourth layer of information technology by effectively moving the human
society to internet, and allowed people to directly connect to one another. After the population of
the internet-based human society reached a significant scale, around 2015, the emergence of Uber
and Airbnb laid down the fifth layer of information technology by providing services upon the
internet-based human society, and forming an internet-based commerce society. Although Uber
and Airbnb provided the means for us to efficiently access service providers through the internet,

the services are still provided by humans.

1.1  AUTONOMOUS DRIVING TECHNOLOGIES OVERVIEW

As shown in Figure 1.1, autonomous driving is not one single technology, but rather a highly com-
plex system that consists of many sub-systems. Let us break it into three major components: algo-
rithms, including sensing, perception, and decision (which requires reasoning for complex cases);
client systems, including the operating system and the hardware platform; and the cloud platform,
including high-definition (HD) map, deep learning model training, simulation, and data storage.
The algorithm subsystem extracts meaningful information from sensor raw data to under-
stand its environment and to make decisions about its future actions. The client systems integrate
these algorithms together to meet real-time and reliability requirements. For example, if the camera
generates data at 60 Hz, the client systems need to make sure that the longest stage of the pro-

cessing pipeline takes less than 16 ms to complete. The cloud platform provides offline computing
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and storage capabilities for autonomous cars. With the cloud platform, we are able to test new

algorithms, update HD map, and train better recognition, tracking, and decision models.

Sensing Perception Decision

GPS/IMU Localization Path Planning Cloud Platform

LiDAR Object At B D M. Model
1 Recognition ction rreaiction P ) Trammg
- c Obstacle I )
Camera Object Tracking Avoidance Qnilmon/ @

’ Operating System

’ Hardware Platform

Figure 1.1: Autonomous driving system architecture overview.

1.2 AUTONOMOUS DRIVING ALGORITHMS

The algorithms component consists of sensing, that is extracting meaningful information from sen-
sor raw data; perception, which is to localize the vehicle and to understand the current environment;

and decision, in other words taking actions so as to reliably and safely reach target destinations.

1.2.1 SENSING

Normally, an autonomous car consists of several major sensors. Indeed, since each type of sensor
Y Yy )
presents advantages and drawbacks, in autonomous vehicles, the data from multiple sensors must

be combined for increased reliability and safety. They can include the following.

* GPS/IMU: The GPS/IMU system helps the autonomous vehicle localize itself by
reporting both inertial updates and a global position estimate at a high rate, e.g., 200
Hz. GPS is a fairly accurate localization sensor, but its update rate is slow, at about only
10 Hz, and thus not capable of providing real-time updates. However, IMU errors ac-
cumulate over time, leading to a corresponding degradation in the position estimates.
Nonetheless, an IMU can provide updates more frequently, at or higher than 200 Hz.
This should satisfy the real-time requirement. By combining both GPS and IMU, we

can provide accurate and real-time updates for vehicle localization.

+ LiDAR: LiDAR is used for mapping, localization, and obstacle avoidance. It works
by bouncing a beam oft surfaces and measures the reflection time to determine dis-

tance. Due to its high accuracy, LIDAR can be used to produce HD maps, to localize
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a moving vehicle against HD maps, to detect obstacle ahead, etc. Normally, a LIDAR
unit, such as Velodyne 64-beam laser, rotates at 10 Hz and takes about 1.3 million

readings per second.

* Cameras: Cameras are mostly used for object recognition and object tracking tasks
such as lane detection, traffic light detection, and pedestrian detection, etc. To enhance
autonomous vehicle safety, existing implementations usually mount eight or more
1080p cameras around the car, such that we can use cameras to detect, recognize, and
track objects in front of, behind, and on both sides of the vehicle. These cameras usu-
ally run at 60 Hz, and, when combined, would generate around 1.8 GB of raw data

per second.

* Radar and Sonar: The radar and sonar system is mostly used for the last line of de-
fense in obstacle avoidance. The data generated by radar and sonar shows the distance
as well as velocity from the nearest object in front of the vehicle’s path. Once we
detect that an object is not far ahead, there may be a danger of a collision, then the
autonomous vehicle should apply the brakes or turn to avoid the obstacle. Therefore,
the data generated by radar and sonar does not require much processing and usually
is fed directly to the control processor, and thus not through the main computation
pipeline, to implement such “urgent” functions as swerving, applying the brakes, or

pre-tensioning the seatbelts.

1.2.2 PERCEPTION

The sensor data is then fed into the perception stage to provide an understanding of the vehicle’s
environment. The three main tasks in autonomous driving perception are localization, object detec-
tion, and object tracking.

GPS/IMU can be used for localization, and, as mentioned above, GPS provides fairly accu-
rate localization results but with a comparatively low update rate, while an IMU provides very fast
updates at a cost of less accurate results. We can thus use Kalman Filter techniques to combine the
advantages of the two and provide accurate and real-time position updates. As shown in Figure 1.2,
it works as follows: the IMU updates the vehicle’s position every 5 ms, but the error accumulates
with time. Fortunately, every 100 ms, a GPS update is received, which helps correct the IMU error.
By running this propagation and update model, the GPS/IMU combination can generate fast and
accurate localization results. Nonetheless, we cannot solely rely on this combination for localiza-
tion for three reasons: (1) the accuracy is only about one meter; (2) the GPS signal has multipath
problems, meaning that the signal may bounce off buildings, introducing more noise; and (3) GPS

requires an unobstructed view of the sky and would thus not work in environments such as tunnels.
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Localization

_— >
M

. Kalman .
Previous Pose Pose Prediction

Filter

— o

Figure 1.2: GPS/IMU localization.

Cameras can be used for localization too. Vision-based localization can be implemented as
the following simplified pipeline: (1) by triangulating stereo image pairs, we first obtain a disparity
map which can be used to derive depth information for each point; (2) by matching salient features
between successive stereo image frames, we can establish correlations between feature points in
different frames. We could then estimate the motion between the past two frames; and also, (3) by
comparing the salient features against those in the known map, we could also derive the current po-
sition of the vehicle. However, such a vision-based localization approach is very sensitive to lighting

conditions and, thus, this approach alone would not be reliable.

Stereo Images Visual Odometry Pipeline
s |2 |8
E 18 |2 |¢&
ElE |8 |
EXRE- w0 | m  ——> Vehicle Position
] g
: |8 |E |8
= S = Z
= |8 | =
o
Previous Disparity Map

Figure 1.3: Stereo visual odometry.
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This is why LiDAR approaches typically have recourse to particle filter techniques. The
point clouds generated by LiIDAR provide a “shape description” of the environment, but it is hard
to differentiate individual points. By using a particle filter, the system compares a specific observed
shape against the known map to reduce uncertainty. To localize a moving vehicle relative to these
maps, we could apply a particle filter method to correlate the LIDAR measurements with the map.
The particle filter method has been demonstrated to achieve real-time localization with 10-cm
accuracy and to be effective in urban environments. However, LIDAR has its own problem: when
there are many suspended particles in the air, such as rain drops and dust, the measurements may
be extremely noisy. Therefore, as shown in Figure 1.4, to achieve reliable and accurate localization,

we need a sensor-fusion process to combine the advantages of all sensors.

X
L >
Propagation —
>

Fusion _, Pose

HD Map

Figure 1.4: Sensor-fusion localization pipeline.

1.2.3 OBJECT RECOGNITION AND TRACKING

Originally LiDAR was used mostly to perform object detection and tracking tasks in Autonomous
Vehicles, since LiDAR provides very accurate depth information. In recent years, however, we
have seen the rapid development of Deep Learning technology, which achieves significant object
detection and tracking accuracy. Convolution Neural Network (CNN) is a type of Deep Neural
Network that is widely used in object recognition tasks. A general CNN evaluation pipeline usu-
ally consists of the following layers. (1) The Convolution Layer contains different filters to extract

5
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different features from the input image. Each filter contains a set of “learnable” parameters that will
be derived after the training stage. (2) The Activation Layer decides whether to activate the target
neuron or not. (3) The Pooling Layer reduces the spatial size of the representation to reduce the
number of parameters and consequently the computation in the network. (4) The Fully Connected
Layer where neurons have full connections to all activations in the previous layer.

Object tracking refers to the automatic estimation of the trajectory of an object as it moves.
After the object to track is identified using object recognition techniques, the goal of object tracking
is to automatically track the trajectory of the object subsequently. This technology can be used to
track nearby moving vehicles as well as people crossing the road to ensure that the current vehicle
does not collide with these moving objects. In recent years, deep learning techniques have demon-
strated advantages in object tracking compared to conventional computer vision techniques. Spe-
cifically, by using auxiliary natural images, a stacked Auto-Encoder can be trained offline to learn
generic image features that are more robust against variations in viewpoints and vehicle positions.

Then, the offline trained model can be applied for online tracking.

Figure 1.5: Object recognition and tracking [34], used with permission.

1.2.4 ACTION

Based on the understanding of the vehicle’s environment, the decision stage can generate a safe and

efficient action plan in real time.

Action Prediction

One of the main challenges for human drivers when navigating through traffic is to cope with
the possible actions of other drivers which directly influence their own driving strategy. This is
especially true when there are multiple lanes on the road or when the vehicle is at a traffic change
point. To make sure that the vehicle travels safely in these environments, the decision unit generates

predictions of nearby vehicles, and decides on an action plan based on these predictions. To predict
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actions of other vehicles, one can generate a stochastic model of the reachable position sets of the

other traffic participants, and associate these reachable sets with probability distributions.

R ——— T ——
e .,

",
.

-

e e

i

Figure 1.6: Action prediction.

Path Planning

Planning the path of an autonomous, agile vehicle in a dynamic environment is a very complex
problem, especially when the vehicle is required to use its full maneuvering capabilities. A brute
force approach would be to search all possible paths and utilize a cost function to identify the best
path. However, the brute force approach would require enormous computation resources and may
be unable to deliver navigation plans in real-time. In order to circumvent the computational com-
plexity of deterministic, complete algorithms, probabilistic planners have been utilized to provide
effective real-time path planning.

Obstacle Avoidance

As safety is the paramount concern in autonomous driving, we usually employ at least two levels
of obstacle avoidance mechanisms to ensure that the vehicle would not collide with obstacles. The
first level is proactive, and is based on traffic predictions. At runtime, the traffic prediction mech-

anism generates measures like time to collision or predicted minimum distance, and based on this

7
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information, the obstacle avoidance mechanism is triggered to perform local path re-planning. If
the proactive mechanism fails, the second level, the reactive mechanism, using radar data, would
take over. Once radar detects an obstacle ahead of the path, it would override the current control

to avoid the obstacles.

1.3 AUTONOMOUS DRIVING CLIENT SYSTEM

The client systems integrate the above-mentioned algorithms together to meet real-time and re-
liability requirements. Some of the challenges are as follows: the system needs to ensure that the
processing pipeline is fast enough to process the enormous amount of sensor data generated; if a
part of the system fails, it must be sufficiently robust to recover from the failure; and, in addition, it

needs to perform all the computation under strict energy and resource constraints.

1.3.1 ROBOT OPERATING SYSTEM (ROS)

ROS is a powerful distributed computing framework tailored for robotics applications, and it has
been widely used. As shown in Figure 1.7, each robotic task (such as localization), is hosted in a
ROS node. ROS nodes can communicate with each other through topics and services. It is a great
operating system for autonomous driving except that it suffers from several problems: (1) reliability:
ROS has a single master and no monitor to recover failed nodes; (2) performance: when sending out
broadcast messages, it duplicates the message multiple times, leading to performance degradation;
and (3) security: it has no authentication and encryption mechanisms. Although ROS 2.0 promised
to fix these problems, ROS 2.0 itself has not been extensively tested and many features are not yet

available. Therefore, in order to use ROS in autonomous driving, we need to solve these problems first.

Subscription

( Node )

Figure 1.7: Robot operating system (ROS).



1.3 AUTONOMOUS DRIVING CLIENT SYSTEM 9
Reliability

The current ROS implementation has only one master node, when the master node crashes, the
whole system would crash. This does not meet the safety requirement for autonomous driving. To
fix this problem, we implemented a ZooKeeper-like mechanism in ROS. As shown in Figure 1.8,
in this design, we have a main master node and a backup master node. In the case of main node
failure, the backup node would take over, making sure that the system still runs without hiccups.

In addition, this ZooKeeper mechanism monitors and restarts any failed nodes, making sure the

whole ROS system is reliable.
Zookeeper Local Cluster

Leader Election Leader Election

Publish Topic Subscribe Topic

Node
Publisher Establish Direct Link

Figure 1.8: Zookeeper for ROS.

Performance

Performance is another problem with the current ROS implementation. The ROS nodes commu-
nicate often, and it is imperative to ensure the communication between nodes is efficient. First, it
goes through the loop-back mechanism when local nodes communicate with each other. Each time
it goes through the loop-back pipeline, a 20 ms overhead is introduced. To eliminate this overhead,
for local node communication overhead, we used shared memory mechanism such that the mes-
sage does not have to go through the TCPIP stack to get to the destination node. Second, when
a ROS node broadcasts a message, the message gets copied multiple times, consuming significant
bandwidth in the system. As shown in Figure 1.9, by switching to multicast mechanism, we greatly

improved the throughput of the system.
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Figure 1.9: Multicast vs. broadcast in ROS.

Security

As we know, security is the most critical concern for ROS. Now imagine two scenarios: in the first
scenario, a ROS node is kidnapped and continuously allocates memory until the system runs out
of memory and starts killing other ROS nodes. In this scenario, the hacker successfully crashes
the system. In the second scenario, since by default ROS messages are not encrypted, a hacker can
easily eavesdrop the message between nodes and applies man-in-the-middle attacks. To fix the first
problem, we can use Linux Container (LXC) to restrict the amount of resources used by each node,
and also to provide a sandbox mechanism to protect the node from each other, therefore effectively
preventing resource leaking. To fix the second problem, we can encrypt messages in communication,

preventing messages being eavesdropped.

1.3.2 HARDWARE PLATFORM

To understand the challenges in designing hardware platform for autonomous driving, let us ex-
amine the computing platform implementation from a leading autonomous driving company. It
consists of two compute boxes, each equipped with an Intel Xeon E5 processor and four to eight
Nvidia K80 GPU accelerators. The second compute box performs exactly the same tasks and is used
for reliability: in case the first box fails, the second box can immediately take over. In the worst case,
when both boxes run at their peak, this would mean over 5000 W of power consumption which
would consequently generate enormous amount of heat. Also, each box costs $20,000-$30,000,

making the whole solution unaffordable to average consumers.
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'The power, heat dissipation, and cost requirements of this design prevents autonomous driv-
ing to reach the general public. To explore the edges of the envelope and understand how well an
autonomous driving system could perform on an ARM mobile SoC, we implemented a simplified,
vision-based autonomous driving system on a ARM-based mobile SoC with peak power con-
sumption of 15 W. As it turns out, the performance was close to our requirements: the localization
pipeline was capable of processing 25 images per second, almost keeping up with an image genera-
tion rate of 30 images per second. The deep learning pipeline was capable of performing 2-3 object
recognition tasks per second. The planning and control pipeline could plan a path within 6 ms.

With this system, we were able to drive the vehicle at around 5 mph without any loss of localization.

1.4 AUTONOMOUS DRIVING CLOUD PLATFORM

Autonomous vehicles are mobile systems, and therefore they need a cloud platform to provides sup-
ports. The two main functions provided by the cloud include distributed computing, and distributed
storage. It has several applications, including simulation, which is used to verify new algorithms;
HD map production; and deep learning model training. To build such a platform, we used Spark for
distributed computing, OpenCL for heterogeneous computing, and Alluxio for in-memory stor-
age. We have managed to deliver a reliable, low-latency, and high-throughput autonomous driving

cloud by integrating Spark, OpenCL, and Alluxio together.

1.4.1 SIMULATION

Spark Worker <22 | ROS Node

Spark Driver <> Spark Worker <12 »| ROS Node
Simulation Spark Worker <2 | ROS Node
Application

Figure 1.10: Spark and ROS-based simulation platform.
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The first application of such a system is simulation. When we develop a new algorithm, and we need
to test it thoroughly before we can deploy it on cars. If we were to test it on real cars, the cost would
be enormous and the turn-around time would be too long. Therefore, we usually test it on simu-
lators, such as replaying data through ROS nodes. However, if we were to test the new algorithm
on a single machine, either it is going to take too long, or we do not have enough test coverage. As
shown in Figure 1.10, to solve this problem, we have developed a distributed simulation platform.
Such that we use Spark to manage distributed computing nodes, and on each node, we run a ROS
replay instance. In an autonomous driving object recognition test set that we used, it took 3 h to
run on a single server; by using the distributed system we developed, the test finished within 25

min when we scaled to 8 machines.

1.42 HD MAP PRODUCTION

As shown in Figure 1.11, HD map production is a complex process that involves many stages,
including raw data processing, point cloud production, point cloud alignment, 2D reflectance map
generation, HD map labeling, as well as the final map generation. Using Spark, we connected all
these stages together in one Spark job. More importantly, Spark provides an in-memory comput-
ing mechanism, such that we do not have to store the intermediate data in hard disk, thus greatly

reducing the performance of the map production process.

A

Raw Data Point Clouds Point Cloud Reflectance High-Precision

Alighment Map

Map

HD Map Production Pipeline

Figure 1.11: Cloud-based HD Map production.
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1.4.3 DEEP LEARNING MODEL TRAINING

As we use different deep learning models in autonomous driving, it is imperative to provide up-
dates to continuously improve the effectiveness and efficiency of these models. However, since the
amount of raw data generated is enormous, we would not be able to achieve fast model training
using single servers. To approach this problem, we have developed a highly scalable distributed deep
learning system using Spark and Paddle (a deep learning platform recently open-sourced by Baidu).
As shown in Figure 1.12, in the Spark driver we manage a Spark context and a Paddle context, and
in each node, the Spark executor hosts a Paddler trainer instance. On top of that, we use Alluxio as
a parameter server for this system. Using this system, we have achieved linear performance scaling

as we added more resources, proving that the system is highly scalable.

Yarn Cluster

e e e

Node Manager |Node Manager |Node Manager |Node Manager
Paddle Paddle Paddle

Trainer Trainer Trainer

Spark Spark Spark

Executor Executor Executor

Paddle

Executor Trainer

Spark

Driver

| Paddle Algorithm

Figure 1.12: Distributed deep learning model training system.

1.5 ITISJUST THE BEGINNING

Again, autonomous driving, or artificial intelligence in general, is not one single technology, it is
an integration of many technologies. It demands innovations in algorithms, system integrations,
cloud platforms. It is just the beginning and there are tons of opportunities in this era, I foresee
that in 2020, we will officially start this Al-era and start seeing more and more Al-based prod-

ucts in the market.
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'The rest of the book is organized as follows. Localization, being one of the most important
tasks in autonomous driving is covered in Chapter 2. As for detection, i.e., “understanding” the
environment based on sensory data, this is described in Chapter 3, with an exploration of the var-
ious algorithms in use, including scene understanding, image flow, tracking, etc. The large datasets,
highly complex computations required by image classification, object detection, semantic segmen-
tation, etc., are best handled by the Deep Learning approaches to perception advocated in Chapter
4. Once the environment is understood by the autonomous vehicle, it must somehow predict future
events (e.g., the motion of another vehicle in its vicinity) and plan its own route. This is the purpose
of Chapter 5. Chapter 6 is comprised of an even more detailed level of decision making, plan-
ning, and control. Chapter 7 is a demonstration of the design with Reinforcement Learning-based
Planning and Control for a complete integration of situational scenarios in the development of an
autonomous system. Underneath it all, the on-board computing platform is the topic of Chapter

8. Finally, Chapter 9 covers the infrastructure for the cloud platform used to “tie it all together”



CHAPTER 2

Autonomous Vehicle Localization

Abstract

For autonomous vehicles, one of the most critical tasks is localization, i.e., the accurate
and real-time determination of the unit’s position. In this chapter we first study different
localization techniques, including GNSS, LiDAR and High-Definition Maps, Visual
Odometry, and other Dead Reckoning sensors. We also look into several real-world ex-
amples of applying sensor fusion techniques to combine multiple sensors to provide more

accurate localization.

2.1 LOCALIZATION WITH GNSS

When human drive cars, we usually rely on the global navigation satellite system (GNSS) for
localization. When it comes to autonomous vehicle localization, we also start with GINSS. In this
section, we delve into the details of GNSS technologies and understand the pros and cons of GNSS

when applying to autonomous driving.

2.1.1 GNSS OVERVIEW

The GNSS consist of several satellite systems: GPS, GLONASS, Galileo, and BeiDou. Here we use
GPS as an example to provide an overview of GNSS. GPS provides coded satellite signals that can
be processed in a GPS receiver, allowing the receiver to estimate position, velocity and time [1]. For
this to work, GPS requires four satellite signals to compute positions in three dimensions and the
time offset in the receiver clock. The deployment of these GPS satellites are dispersed in six orbital
planes on almost circular orbits with an altitude of about 20,200 km above the surface of the Earth,
inclined by 55° with respect to the equator and with orbital periods of approximately 11 hr 58 min.

'The generated signals on board the satellites are derived from generation of a fundamental
frequency f0=10.23 MHz [1]. The signal is time stamped with atomic clocks with inaccuracy in
the range of only 10-13 s over a day. Two carrier signals in the L-band, denoted L1 and L2, are
generated by integer multiplications of fo. The carriers L1 and L2 are bi-phase modulated by codes
to provide satellite clock readings to the receiver and transmit information such as the orbital
parameters. The codes consist of a sequence with the states +1 or -1, corresponding to the binary

values 0 or 1. The bi-phase modulation is performed by a 180 shift in the carrier phase whenever

15
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a change in the code state occurs. The satellite signals contain information on the satellite orbits,
orbit perturbations, GPS time, satellite clock, ionospheric parameters, and system status messages,
etc. The navigation message consists of 25 frames with each frame containing 1,500 bit and each
frame is subdivided into 5 sub-frames with 300 bit.

The next critical piece of the GNSS system is the definition of reference coordinate system,
which is crucial for the description of satellite motion, the modeling of observable and the inter-
pretation of results. For GNSS to work, two reference systems are required: (a) space-fixed, inertial
reference system for the description of satellite motion; and (b) earth-fixed, terrestrial reference
system for the positions of the observation stations and for the description of results from satellite
geodesy. The two systems are used and the transformation parameters between the space fixed and
earth fixed are well known and used directly in the GNSS receiver and post processing software
to compute the position of the receivers in the earth fixed system. Terrestrial reference system is
defined by convention with three axes, where Z-axis coincides with the earth rotation axis as de-
fined by the Conventional International Origin. The X-axis is associated with the mean Greenwich
meridian, and the Y-axis is orthogonal to both Z and X axes and it completes the right-handed
coordinate system. GPS has used the WGS84 as a reference system and with WGS84 associated a
geocentric equipotential ellipsoid of revolution [2].

In recent years, the emergence of GNSS receivers supporting multiple constellations has kept
steady pace with the increasing number of GNSS satellites in the sky in the past decade. With ad-
vancements in newer GNSS constellations, almost 100% of all new devices are expected to support
multiple constellations. The benefits of supporting multiple constellations include increased avail-
ability, particularly in areas with shadowing; increased accuracy, more satellites in view improves

accuracy; and improved robustness, as independent systems are harder to spoof.

2.1.2 GNSS ERROR ANALYSIS

Ideally, with GNSS, we can get perfect localization results with no error at all. However, there are
multiple places where error can be introduced in GNSS. In this subsection, we review these poten-

tial error contributors.

* Satellite Clocks: Any tiny amount of inaccuracy of the atomic clocks in the GNSS
satellites can result in a significant error in the position calculated by the receiver.

Roughly, 10 ns of clock error results in 3 m of position error.

* Orbit Errors: GNSS satellites travel in very precise, well-known orbits. However, like
the satellite clock, the orbits do vary a small amount. When the satellite orbit changes,
the ground control system sends a correction to the satellites and the satellite ephem-
eris is updated. Even with the corrections from the GNSS ground control system,
there are still small errors in the orbit that can result in up to +2.5 m of position error.
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* Ionospheric Delay: The ionosphere is the layer of atmosphere between 80 km and
600 km above the earth. This layer contains electrically charged particles called ions.
These ions delay the satellite signals and can cause a significant amount of satellite
position error (typically +5 m). Ionospheric delay varies with solar activity, time of
year, season, time of day and location. This makes it very difficult to predict how much
ionospheric delay is impacting the calculated position. Ionospheric delay also varies

based on the radio frequency of the signal passing through the ionosphere.

* Tropospheric Delay: The troposphere is the layer of atmosphere closest to the surface
of the Earth. Variations in tropospheric delay are caused by the changing humidity,
temperature and atmospheric pressure in the troposphere. Since tropospheric condi-
tions are very similar within a local area, the base station and rover receivers experience
very similar tropospheric delay. This allows RTK GNSS to compensate for tropo-

spheric delay, which will be discussed in the next subsection.

* Multipath: Multipath occurs when a GNSS signal is reflected off an object, such as
the wall of a building, to the GNSS antenna. Because the reflected signal travels far-
ther to reach the antenna, the reflected signal arrives at the receiver slightly delayed.
This delayed signal can cause the receiver to calculate an incorrect position.

We have summarized the error ranges of these contributing sources in Figure 2.1. For a more

detailed discussion of these errors, please refer to [3, 4, 5, 6].

Satellite Clocks 2 m
Orbit Errors +2.5m
Inospheric Delays +5m
Tropospheric Delays +0.5 m
Receiver Noise +0.3 m
Multipath +1m

Figure 2.1: GNSS system errors (based on [3]).

2.1.3 SATELLITE-BASED AUGMENTATION SYSTEMS

Satellite-Based Augmentation Systems (SBAS) complement existing GNSS to reduce measure-
ment errors. SBAS compensate for certain disadvantages of GNSS in terms of accuracy, integrity,
continuity, and availability. The SBAS concept is based on GNSS measurements by accurately lo-

cated reference stations deployed across an entire continent. The GNSS errors are then transferred
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to a computing center, which calculates differential corrections and integrity messages that are
then broadcasted over the continent using geostationary satellites as an augmentation or overlay
of the original GNSS message. SBAS messages are broadcast via geostationary satellites able to
cover vast areas.

Several countries have implemented their own satellite-based augmentation system. Europe
has the European Geostationary Navigation Overlay Service (EGNOS) which mainly covers
the Europe. The U.S. has its Wide Area Augmentation System (WAAS). China has launched
the BeiDou System (BDS) that provides its own SBAS implementation. Japan is covered by its
Multi-functional Satellite Augmentation System (MSAS). India has launched its own SBAS pro-
gram named GPS and GEO Augmented Navigation (GAGAN) to cover the Indian subcontinent.
All of the systems comply with a common global standard and are therefore all compatible and
interoperable.

Note that most commercial GNSS receivers provides SBAS function. In detail, the WAAS
specification requires it to provide a position accuracy of 7.6 m or less for both lateral and vertical
measurements, at least 95% of the time. Actual performance measurements of the system at specific
locations have shown it typically provides better than 1.0 m laterally and 1.5 m vertically through-
out most of the U.S.

2.1.4 REAL-TIME KINEMATIC AND DIFFERENTIAL GPS

Based on our experiences, most commercially available multi-constellation GNSS systems provide
a localization accuracy no better than a 2-m radius. While this may be enough for human drivers,
in order for an autonomous vehicle to follow a road, it needs to know where the road is. To stay in
a specific lane, it needs to know where the lane is. For an autonomous vehicle to stay in a lane, the
localization requirements are in the order of decimeters. Fortunately, Real-Time Kinematic (RTK)
and Differential GNSS does provide decimeter level localization accuracy. In this subsection, we
study how RTK and Differential GNSS works.

RTK GNSS achieves high accuracy by reducing errors in satellite clocks, imperfect orbits, in-
ospheric delays, and trophospheric delays. Figure 2.2 shows the basic concept behind RTK GNSS,
a good way to correct these GNSS errors is to set up a GNSS receiver on a station whose position is
known exactly, a base station. The base station receiver calculates its position from satellite data and
compares that position with its actual known position, and identifies the difference. The resulting
error corrections can then be communicated from the base to the vehicle.

In detail, RTK uses carrier-based ranging and provides ranges (and therefore positions) that
are orders of magnitude more precise than those available through code-based positioning. Code-
based positioning is one processing technique that gathers data via a coarse acquisition code re-

ceiver, which uses the information contained in the satellite pseudo-random code to calculate posi-
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tions. After differential correction, this processing technique results in 5-m accuracy. Carrier-based
ranging is another processing technique that gathers data via a carrier phase receiver, which uses
the radio carrier signal to calculate positions. The carrier signal, which has a much higher frequency
than the pseudo-random code, is more accurate than using the pseudo-random code alone. The
pseudo-random code narrows the reference then the carrier code narrows the reference even more.
After differential correction, this processing technique results in sub-meter accuracy. Under carri-
er-based ranging, the range is calculated by determining the number of carrier cycles between the
satellite and the vehicle, then multiplying this number by the carrier wavelength. The calculated
ranges still include errors from such sources as satellite clock and ephemerides, and ionospheric
and tropospheric delays. To eliminate these errors and to take advantage of the precision of carri-
er-based measurements, RTK performance requires measurements to be transmitted from the base

station to the vehicle.

Real-T'ime-Kinematic
Positional Accuracy +/-2 cm or so

Transmission
Antenna

Base Station

(Known Position) E—

Rover
\\ GPS Receiver (Project Point)

Figure 2.2: RTK GNSS (based on [46]).

With RTK GNSS, vehicles determine their position using algorithms that incorporate
ambiguity resolution and differential correction. The position accuracy achievable by the vehicle
depends on its distance from the base station and the accuracy of the differential corrections. Cor-
rections are as accurate as the known location of the base station and the quality of the base station’s
satellite observations. Therefore, site selection is critical for minimizing environmental effects such

as interference and multipath, as is the quality of the base station and vehicle receivers and antennas.
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2.1.5 PRECISE POINT POSITIONING

Although RTK GNSS system provides sub-decimeter-level accuracy required to meet autonomous
driving requirements, this solution often requires the users to deploy their own base stations, which
are expensive to maintain. In this subsection, we study how Precise Point Positioning (PPP) GNSS
system can help mitigate the problem [7, 8].

Figure 2.3 shows how a PPP GNSS solution works. Many reference stations are deployed
worldwide, and these stations receive precise reference satellite orbits and reference GINSS satellite
clocks in real time. These reference stations then calculate the corrections that should be applied to
the satellite localization results. Once the corrections are calculated, they are delivered to the end
users via satellite or over the Internet. The precise satellite positions and clocks minimize the sat-
ellite clock errors and orbit errors. We can then apply a dual-frequency GNSS receiver to remove
the first-order effect of the ionosphere that is proportional to the carrier wave frequency. Therefore,
the first-order ionospheric delay can be totally eliminated by using a combination of dual-frequency
GNSS measurements. In addition, the tropospheric delay is corrected using the UNB model [9]:
to achieve further accuracy, the residual tropospheric delay is estimated when estimating position
and other unknowns [10]. By combining these techniques, PPP is capable of providing position
solutions at the decimeter to centimeter level.

Specifically, the PPP algorithm uses as input code and phase observations from a du-
al-frequency receiver, and precise satellite orbits and clocks, in order to calculate precise receiver
coordinates and clock. The observations coming from all the satellites are processed together in a
filter, such as an Extended Kalman Filter (EKF). Position, receiver clock error, tropospheric delay,
and carrier-phase ambiguities are estimated EKF states. EKF minimizes noise in the system and
enables estimating position with centimeter-level accuracy. The estimates for the EKF states are
improved with successive GNSS measurements, until they converge to stable and accurate values.

PPP differs from RTK positioning in the sense that it does not require access to observations
from one or more close base stations and that PPP provides an absolute positioning instead of the
location relative to the base station as RTK does. PPP just requires precise orbit and clock data,
computed by a ground-processing center with measurements from reference stations from a rela-
tively sparse station network. Note that PPP involves only a single GPS receiver and, therefore, no
reference stations are needed in the vicinity of the user. Therefore, PPP can be regarded as a global
position approach because its position solutions referred to a global reference frame. Hence, PPP
provides much greater positioning consistency than the RTK approach in which position solutions
are relative to the local base station or stations. Also, PPP is similar in structure to an SBAS system.
Compared to SBAS, the key advantage provided by PPP is that it requires the availability of precise

reference GNSS orbits and clocks in real-time, and thus achieving up to centimeter-level accuracy
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while SBAS only achieves meter-level accuracy. In addition, PPP systems allow a single correction

stream to be used worldwide, while SBAS systems are regional.
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Figure 2.3: PPP GNSS. Courtesy of NovAtel, Inc., used with permission.

One major problem faced by the PPP solution is that, in order to resolve any local biases such
as the atmospheric conditions, multipath environment and satellite geometry, a long period of time
(30 min) is usually required in order to converge to decimeter accuracy. Currently, there exist several

consolidated post-processing PPP services. Conversely, real-time PPP systems are in an incipient

development phase [11, 12, 13].

2.1.6 GNSSINS INTEGRATION

In the previous subsections, we have studied different generations of GNSS technologies, in this
subsection we explore how inertial data can be utilized to improve GNSS localization methods
[14]. An Inertial Navigation System (INS) uses rotation and acceleration information from an In-
ertial Measurement Unit (IMU) to compute a relative position over time. A typical, six-axis IMU
is made up of six complimentary sensors arrayed on three orthogonal axes. On each of the three
axes is coupled an accelerometer and a gyroscope. The accelerometers measure linear acceleration

and the gyroscopes measure rotational acceleration. With these sensors, an IMU can measure its
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precise relative movement in 3D space. The INS uses these measurements to calculate position and
velocity. In addition, the IMU measurements provide angular velocities about the three axes, which
can be used to deduce local attitudes (roll, pitch, and azimuth).

Typically, INS systems run at a rate of 1 KHz, providing very frequent position updates.
However, INS systems also suffer from several drawbacks: First, an INS provides only a relative
solution from an initial start point. This initial start point must be provided to the INS. Second,
and more critically, navigating in 3D space with an IMU is effectively a summation (or integra-
tion) of hundreds/thousands of samples per second during which time the errors are also being
accumulated. This means that an uncorrected INS system will drift from the true position quickly
if without an external reference to correct it. Thus, when using INS to perform localization tasks,
it is imperative to provide an accurate external reference to the INS, allowing it to minimize the

localization errors using a mathematical filter, such as a Kalman Filter.

z
Y
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Previous Pose Ka}man Pose Prediction
Filter

Figure 2.4: GNSS/INS fusion with Kalman Filter.

As shown in Figure 2.4, that external reference can be provided by GNSS. GNSS provides
an absolute set of coordinates that can be used as the initial start point. Also, GNSS provides con-
tinuous positions and velocities thereafter to update the INS filter estimates. When GNSS signal is
compromised due to signal obstructions (such as in the case of driving through a tunnel), the INS

system can be used to localize the vehicle in a short period of time.

2.2 LOCALIZATION WITH LIDAR AND HIGH-DEFINITION
MAPS

Most commercial autonomous vehicles prototypes, including Waymo, Baidu, BMW), etc., rely on
LiDAR and HD Maps for localization. In this section, we study how LiDAR and HD Maps work,

and how to combine the two to provide accurate localization for autonomous vehicles.
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2.2.1 LIDAR OVERVIEW

In this subsection, we provide an overview of LiDAR technologies. LiIDAR stands for Light
Detection And Ranging, which measures distance to a target by illuminating that target with a
pulsed laser light, and measuring the reflected pulses with a sensor [15]. Differences in laser return
times and wavelengths can then be used to make digital 3D-representations of the target. The basic
working principle behind LiDAR is as follows: first,a LIDAR instrument fires rapid pulses of laser
light at a surface, some at up to 150,000 pulses/s. Then, a sensor on the instrument measures the
amount of time it takes for each pulse to bounce back. As light moves at a constant and known
speed so the LIDAR instrument can calculate the distance between itself and the target with high
accuracy. By repeating this in quick succession the instrument builds up a complex “map” of the
surface it is measuring.

Generally, there are two types of LiIDAR detection methods: incoherent detection (also
known as direct energy detection) and coherent detection [16]. Coherent systems are best for
Doppler or phase sensitive measurements and generally use optical heterodyne detection, a method
of extracting information encoded as modulation of the phase or frequency of electromagnetic
radiation. This allows them to operate at much lower power but has the expense of more complex
transceiver requirements. In detail, when incoherent light is emitted, it spreads in all directions. On
the contrary, coherent light uses highly specialized diodes which generate energy at or near the
optical portion of the electromagnetic spectrum, meaning that all the individual energy waves are
moving in the same direction, resulting in much lower power consumption.

In both coherent and incoherent types of LiDAR, there exist two main pulse models:
high-energy and micro-pulse systems. High energy systems emit high power lights and can be
harmful to human eyes, these systems are commonly used for atmospheric research where they
are often used for measuring a variety of atmospheric parameters such as the height, layering and
density of clouds, cloud particles properties, temperature, pressure, wind, humidity, and trace gas
concentration. On the contrary, micro-pulse systems are lower-powered and are classed as eye-safe,
allowing them to be used with little safety precautions. In its original design [17], the micro-pulse
LiDAR transmitter is a diode pumped micro-joule pulse energy, high-repetition-rate laser. Eye
safety is obtained through beam expansion. The receiver uses a photon counting solid-state Geiger
mode avalanche photodiode detector. The LiDAR devices used in autonomous driving are mostly
coherent micro-pulse systems such that they meet category one laser safety requirements, which
are the safest in all categories.

The lasers used in LiDAR can be categorized by their wavelength. 600-1000 nm lasers are
most commonly used and usually its maximum power is limited to meet category one requirements.
Lasers with a wavelength of 1,550 nm are also commonly used as they can be used for longer range

and lower accuracy purposes. In addition, 1,550 nm wavelength laser does not show under night-vi-
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sion goggles and is therefore well suited to military applications. Airborne LiDAR systems use
1064 nm diode pumped YAG lasers while Bathymetric systems use 532 nm double diode pumped
YAG lasers which penetrate water with much less attenuation than the airborne 1,064 nm version.
Better resolution can be achieved with shorter pulses provided the receiver detector and electronics
have sufficient bandwidth to cope with the increased data flow.

A typical LIDAR system consists of two groups of major components, the laser scanners and
the laser receivers. The speed at which images can be generated is affected by the speed at which it
can be scanned into the system. A variety of scanning methods are available for different purposes
such as azimuth and elevation, dual oscillating plane mirrors, dual axis scanner, and polygonal mir-
rors. They type of optic determines the resolution and range that can be detected by a system [18,
19]. Laser receivers read and record the signal being returned to the system. There are two main

types of laser receiver technologies, silicon avalanche photodiodes, and photomultipliers [20].

Laser

Emitters
(group of 16)

Laser Housing
Receivers (entire unit spins
(group of 32) at 5-20 Hz)

Motor
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Figure 2.5: Velodyne HDL-64 LiDAR [45].

Figure 2.5 shows a Velodyne HDL-64 LiDAR, which is widely used in autonomous vehi-
cles. It utilizes 64 LiIDAR channels aligned from +2.0° to -24.9° for a vertical field of view of 26.9°
and delivers a real-time 360° horizontal field of view with its rotating head design. The rotation rate
is user-selectable from 5-20 Hz to enable the user to determine the density of data points generated
by the LiDAR sensor. The HDL-64 device generates laser with 905 nm wavelength and 5 ns pulse,
which captures a point cloud of up to 2,200,000 points/s with a range of up to 120 m and a typical

accuracy of +2 cm. The upper part of the device consists of the laser emitters (4 groups of 16 each),

and the lower part of the device consists of laser receivers (2 groups of 32 each).
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In practice, one major problem faced by LiIDAR manufacturers as well as users is calibration
[21]. The performance of LiDAR devices strongly depends on their calibration. With good cal-
ibration, precise 3D data from an environment can easily be processed to extract linear or planar
teatures. On the contrary, the extraction of these features can be difficult, unreliable or impossible
if the sensor is badly calibrated.

A multi-beam LiDAR system is modeled as a set of rays, i.e., straight lines. These rays define
the position and orientation of laser beams in a sensor-fixed coordinate frame. The intrinsic cali-
bration for such systems is the estimation of parameters that define the position and orientation
of each of the laser beams. The principle underlying the calibration techniques is an optimization
process performed to estimate the LiDAR calibration parameters so that the 3D data acquired by
LiDAR matches the ground truth. The calibration process is an optimization process that involves

many parameters, and it can be divided into the following steps.

* Choice of parameterization: At least five parameters are required to define one laser
beam in a 3D coordinate frame, including two angles to define the direction of the
associated line and three parameters to define the point origin of the beam. If a dis-
tance correction factor is required to correct the measurement made by laser beam, the

number of calibration parameters goes to six or seven per laser beam.

* Choice of objective function: An objective/cost function C forms the basis of the
optimization process and is used to quantitatively compare the acquired 3D point
cloud data and the real environment. C should provide higher costs if there is more
difference between the acquired 3D data and ground-truth environment, and lower

costs as the match between acquired 3D data and real environment improves.

* Data segmentation: This step consists in extracting, from acquired data, the data that
actually correspond to the calibration object for which the ground truth is known. The
environment chosen for the calibration process should be designed and made to allow

appropriate segmentation of data.

As the number of beams increases, so as the number of calibration parameters. Therefore,
the calibration process is more difficult for devices with higher number of beams. This is one major
reason why devices with higher number of beams are much more expensive compared to devices

with lower number of beams.

2.2.2 HIGH-DEFINITION MAPS OVERVIEW

In this subsection, we explore the technical details behind the making of HD maps. But first, why
HD maps are needed for autonomous driving? Reflect for a moment on driving a very familiar

route—from your home to your office, for example. You already have a mental “map” of your com-
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mute before you begin driving, making it easier to focus on the truly safety-critical parts of the drive.
For instance, you can anticipate unusual driver avoidance behavior where a large pothole has been
for weeks, and know the speed limit despite signs being blocked by a large truck. Now compare
this to driving a completely new route, when you have much more information to process because
everything is unfamiliar. You can only react to what you see in the moment. The same principles
apply to autonomous vehicles. HD maps make routes familiar to autonomous vehicles, thus making
them safer. Next, why not use existing digital maps for autonomous driving? Existing digital maps
are meant to be consumed by humans, they usually have low resolutions (meter level precision) and
not updated frequently. On the contrary, in order for an autonomous vehicle to follow a road, it
needs to know where the road is. To stay in a specific lane, it needs to know where the lane is. For
an autonomous vehicle to stay in a lane, the localization requirements are in the order of decimeters.
Therefore, using existing digital maps, it is very hard for autonomous vehicles to perform accurate
real-time localization, especially when the environment does not match what is on the map.

There are three critical challenges of map making for autonomous vehicles: maps need to be
very precise (centimeter level precision), and hence HD; they need to be fresh if they are to reflect
changes on the roads (in practice the refresh rate is once/wk); and they need to work seamlessly
with the rest of autonomous driving system with high performance. To achieve high precision,
we can utilize LIDAR in combination with other sensors to capture map data. To achieve map
freshness, we can crowd-source the map-making process (the DeepMap approach) as opposed
to having survey fleets generate maps periodically (the Google and Baidu approach). To have
the HD maps seamlessly work with the rest of the autonomous driving system, we can build a
high-performance autonomous driving cloud infrastructure to provide real-time HD map updates
to autonomous vehicles. In the rest of this subsection, we focus on how to build HD maps with
centimeter-level precision.

The core idea of HD map making is to augment GNSS/INS navigation by learning a de-
tailed map of the environment, and then to use a vehicle’s LIDAR sensor to localize the vehicle
relative to the HD map [22, 23, 24]. Thus, the key of HD map making is to fuse different sensors
information (GNSS/INS/LiDAR) to minimize the errors in each grid cell of the HD map. In this
process, GNSS/INS first generates rough location information for each scan and then LiDAR
provides high precision for each 2D location in the environment. The key challenges include how
to perform sensor fusion to derive high-precision local maps and how to generate global maps by
stitching the local maps together.

First let us study the anatomy of HHD maps. Similar to traditional maps, HD maps also have
hierarchical data structures. The foundation or bottom layer is a high-precision 2D with resolution
of 5 x 5 cm [23]. This foundation layer captures 2D overhead views of the road surface, taken in
the infrared spectrum with LiDAR. Each grid cell in this foundation layer stores the LiDAR re-
flectivity information in each grid cell. Through the reflectivity information we can judge whether
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a grid cell is a clear road surface or it is occupied by obstacles. As we will discuss later, to localize
against this HD map, in real-time autonomous vehicles compare its current LIDAR scans against

the LiDAR reflectance information that is stored in the foundation layer grid cells.

Figure 2.6: HD map. Courtesy of DeepMap, used with permission.

More details about the foundation layer, which we can treat as an orthographic infrared
photograph of the ground, as each 2D grid cell is assigned an x-y location in the environment with
an infrared reflectivity value. To capture the raw LiDAR scan, one or more LiDAR sensors are
mounted on a vehicle, pointing downward at the road surface. In addition to returning the range
to a sampling of points on the ground, these lasers also return a measure of infrared reflectivity.
By texturing this reflectivity data onto the 3D range data, the result is a dense infrared reflectivity
image of the ground surface. To eliminate the effect of non-stationary objects in the map on subse-
quent localization, one standard approach is to fit a ground plane to each laser scan, and only retains
measurements that coincide with this ground plane [23]. The ability to remove vertical objects is a
key advantage of using LiDAR sensors over conventional cameras. As a result, only the flat ground
is mapped, and other vehicles are automatically discarded from the data. Maps like these can be ac-
quired even at night, as the LIDAR system does not rely on external light. This makes the mapping
result much less dependent on ambient lighting than is the case for passive cameras.

Once we have captured LiDAR scans, we can treat each scan as a local map of the environ-
ment. However, to generate a large-scale map, we need a way to stitch all the local maps together

into a global map through a process called map matching [24]. Map matching compares local
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LiDAR scans and identify regions of overlap among these local scans, and then using the over-
lapped regions as anchors to stitch the maps together. Formally, let us define two LiDAR scan
sequences as two disjoint sequences of time indices, a1, 42, ... and 41, 42, . . ., such that the corre-
sponding grid cells in the map show an overlap that exceeds a given threshold T. Once such a region
is found, two separate maps can be generated, one using only data from a1, 42, . . ., and the other
only with data from 41, 42, .. .. It then searches for the alignment that maximizes the measurement
probability, assuming that both adhere to a single maximum likelihood infrared reflectivity map
in the area of overlap. Specifically, a linear correlation field is computed between these maps, for
different x-y offsets between these images. Note that since we have GNSS and INS data when
capturing the LiDAR scans, each LiDAR scan has been post-processed with GNS and INS data
such that each LiDAR scan is associated with an initial pose < «, y, # >, where x and y represent
the exact location of the vehicle when the scan is taken, and 6 represents the heading direction of
the vehicle when the scan is taken. This pose information can be used to bound the errors of the
map matching process when we compute correlation coeflicients from elements whose infrared
reflectivity value is known in these two maps. In cases where the alignment is unique, we find a
single peak in this correlation field. The peak of this correlation field is then assumed to be the best
estimate for the local alignment.

On top of the foundation layer, the HD map contains layers of semantic information. As
shown in the Figure 2.7, the layer above the foundation layer contains the location and characteris-
tic information of the road marking line, and the corresponding lane characteristics. As the vehicle’s
sensors may not be reliable under different conditions, such as bad weathers, obstructions, and in-
terferences from other vehicles, the lane information feature in the HD map can help autonomous
vehicles accurately and reliably identify road lanes, and in real-time identify whether the adjacent
lanes are safe. On top of the road lane layers, HD maps also have layers to provide road signs and
traffic signals, etc. This layer provides two functions: as an input to the perception stage to have the
car getting ready to detect traffic signs and speed limits; or as an input to the planning stage, such
that the vehicle can still travel safely using the traffic signs and speed limits contained in the HD
map in case the vehicle fails to detect these signs and limits.

Next problem faced by HD maps is the storage space, as HD results in high storage and
memory space. Maps of large environments at 5-cm resolution occupy a significant amount of
memory. As proposed in [23], two methods can be utilized to reduce the size of the maps and to
allow relevant data to fit into main memory. The first method filters out irrelevant information:
when acquiring data in a moving vehicle, the rectangular area which circumscribes the resulting
laser scans grows quadratically with travelled distance, despite that the data itself grows only
linearly. In order to avoid a quadratic space requirement, we can break the rectangular area into
a square grid, and only save squares for which there is data. With this approach, the grid images
require approximately 10 MB per mile of road at 5-cm resolution. This would allow a 1 TB hard
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drive to hold 100,000 miles of data. While the first method optimizes storage usage, the second
method targets memory usage. At any moment as the vehicle travel, we only need a local HD map.
Also, as we have GNSS/INS information to help us roughly locate the vehicle in real time, we can

use this information to dynamically preload a small portion of the HD map into memory regardless

of the size of the overall map.
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Figure 2.7: Semantic layers of HD maps.

2.2.3 LOCALIZATION WITH LIDAR AND HD MAP

Once the HD map has been built, we need to localize a vehicle in real-time against the HD map
[25,26,27,28].The standard approach to achieve this is through particle filter, which analyzes range
data in order to extract the ground plane underneath the vehicle. It then correlates via the Pearson
product-moment correlation the measured infrared reflectivity with the map. Particles are projected
forward through time via the velocity outputs from a tightly coupled inertial navigation system,
which relies on wheel odometry, an INS and a GNSS system for determining vehicle velocity.
Before we dive into the details of localization against HD maps, let us take a moment to

understand the mathematical tools used in localization. Before particle filtering methods became
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popular, Kalman filtering was the standard method for solving state space models. A Kalman Filter
can be applied to optimally solve a linear Gaussian state space model. When the linearity or Gauss-
ian conditions do not hold, its variants, the Extended Kalman Filter (EKF) and the Unscented
Kalman Filter, can be used. However, for highly nonlinear and non-Gaussian problems, they fail
to provide a reasonable estimate. Particle filtering techniques offer an alternative method. They
work online to approximate the marginal distribution of the latent process as observations become
available. Importance sampling is used at each time point to approximate the distribution with a
set of discrete values, known as particles, each with a corresponding weight [29]. A Kalman filter
relies on the linearity and normality assumptions. Sequential Monte Carlo methods, in particular
particle filter, reproduce the work of the Kalman filter in those nonlinear and/or non-Gaussian
environments. The key difference is that, instead of deriving analytic equations as a Kalman filter
does, a particle filter uses simulation methods to generate estimates of the state and the innovations.
If we apply particle filtering to a linear and Gaussian model, we will obtain the same likelihood as
the Kalman filter does. From a computation point of view, since a Kalman filter avoids simulations,
it is less expensive than the particle filter in this linear and Gaussian case. In summary, if a system
does not fit nicely into a linear model, or the sensor’s uncertainty does not look “very” Gaussian, a
particle filter would handle almost any kind of model, by discretizing the problem into individual
"particles"—each one is basically one possible state of the model, and a collection of a sufficiently
large number of particles would allow the handling of any kind of probability distribution.
Applying a Particle filter, localization against the HD map takes place in real time. Figure 2.8
shows the particle filter localization in action. On the left side of the figure, a bunch of particles are
thrown in the forward space (the dimension of the forward space is usually bound by GNSS/INS
errors). The right side of the figure shows the generated map as well as the robot trace. Each particle
in the forward space is associated with a weight, the higher the weight, the more likely it represents
the vehicle’s current location. In this particular example, the red particle represents higher weight
whereas the black particle represents lower weight. The Particle filter algorithm is recursive in na-
ture and operates in two phases: prediction and update. After each action, each particle is modified
according to the existing model, including the addition of random noise in order to simulate the
effect of noise on the variable of interest, this is the prediction stage. Then each particle’s weight is
re-evaluated based on the latest LIDAR scan, and this is the update stage. Specifically, if a LIDAR
scan matches the environment around a particle (which is a point in the HD map), then it is likely
that the particle is very close to the exact location of the vehicle, and thus it is assigned a very high
weight. After the update stage, if a significant number of particles with high weight concentrate on
a small area (a scenario called convergence), then we re-perform the whole process within a smaller

region (a process called resampling) to further refine the localization accuracy.
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Figure 2.8: Particle filter in action.

To achieve real-time performance, the Particle filter maintains a three-dimensional pose
vector (x, y, and yaw), whereas 70// and pitch are assumed to be sufficiently accurate as is. The mo-
tion prediction in the particle filter is based on inertial velocity measurements. As in the mapping
step, a local ground plane analysis removes LIDAR measurements that correspond to non-ground
objects. Further, measurements are only incorporated for which the corresponding map is defined,
that is, for which a prior reflectivity value is available in the map. To bound localization errors, a
small number of particles are continuously drawn from current GNSS/INS pose estimate. GNSS,
when available, is also used in the calculation of the measurement likelihood to reduce the danger
of particles moving too far away from the GNSS location. One complicating factor in vehicle
localization is weather. The appearance of the road surface is affected by rain, in that wet surfaces
tend to reflect less infrared laser light than do dry ones. To adjust for this effect, the particle filter
normalizes the brightness and standard deviation for each individual range scan, and also for the
corresponding local map stripes. This normalization transforms the least squares difference method
into the computation of the Pearson product-moment correlation with missing variables.

The previous paragraphs explain the basic approach of LiDAR-based localization against
HD maps. Now we examine the problems in the basic approach. The first problem is localization
error: the basic approach discussed in the previous paragraph uses a binary classification for de-
ciding whether or not a LIDAR scan matches part of the HD map. If a scan is determined not a
match, the LiDAR scan is discarded. While this approach is simple and clean, in practice it often
leads to false positives or false negatives, resulting in high error rates. To improve upon this binary
classification approach, in [25], the authors propose to extend the HD map to encapsulate the prob-
abilistic nature of the environment, so as to represent the world more accurately and localize with

fewer errors. In their approach, instead of having to explicitly decide whether each LiDAR scan
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either is or is not part of the static environment, the authors take into account the sum of all ob-
served data and model the variances observed in each part of the map. This new approach has sev-
eral advantages compared to the original non-probabilistic approach. First, although retro-reflective
surfaces have the fortuitous property that remissions are relatively invariant to angle of incidence,
angular-reflective surfaces such as shiny objects yield vastly different returns from difterent posi-
tions. Instead of ignoring these differences, which can lead to localization errors, this new approach
implicitly accounts for them. Second, this approach provides an increased robustness to dynamic
obstacles: by modeling distributions of reflectivity observations in the HD map, dynamic obstacles
are automatically discounted in localization via their trails in the map. Third, this approach enables
a straightforward probabilistic interpretation of the measurement model used in localization.

'The second problem is the high cost of LIDAR sensors: 3D LiDAR devices are very expen-
sive, costing around $100,000 per unit. This high cost can become a major blocker for the commer-
cialization of autonomous vehicles. To address this problem, many different approaches of utilizing
more cost-effective sensors have been proposed. Particularly, in [26], the authors demonstrate a
method for precisely localizing a road vehicle using a single push-broom 2D laser scanner while
leveraging a prior HD map (generated using high-end LiDAR device). In their setup, the 2D laser
is oriented downward, thus causing continual ground strike such that they can produce a small 3D
swathe of LIDAR data, which can be matched statistically against the HD map. For this technique
to work, we need to provide accurate vehicle velocity information to the localization module at
real time, and this velocity information can be obtained from vehicle speedometers. Using this
approach, the authors managed to outperform an accurate GNSS/INS localization system. Similar
approach has been proposed in [27] as well, where the authors present a localization algorithm for
vehicles in 3D urban environment with only one 2D LiDAR and odometry information.

The third problem is weather conditions (e.g., rain, snow, mud): as LiDAR performance
can be severely affected by weather conditions. For instance, when faced with adverse weather
conditions that obscure the view of the road paint or poor road surface texture, LIDAR-based
localization solution often fails. One interesting observation is that adverse weather conditions
usually affect the reflectivities of the LiDAR scans, thus if we could use some other information
instead of the reflectivities for localization, we could potentially solve this problem. Hence, in [28],
the authors propose to use the 3D structure of the scene (z-height) instead of reflectivities for scan
matching. To achieve this, the authors proposed to leverage Gaussian mixture maps to exploit the
structure in the environment. These maps are a collection of Gaussian mixtures over the z-height
distribution. To achieve real-time performance, the authors also develop a novel branch-and-bound,

multi-resolution approach that makes use of rasterized lookup tables of these Gaussian mixtures.
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2.3 VISUAL ODOMETRY

Visual odometry (VO) is the process of estimating the egomotion of a vehicle using only the input
of one or more cameras [30, 31, 32]. The main task in VO is to compute the relative transformations
T, from the images I,, and I,_; and then to utilize the transformations to recover the full trajectory
Vo of the vehicle. This means that VO recovers the path incrementally, pose after pose. An iterative
refinement over the last x poses can be performed after this step to obtain a more accurate estimate
of the local trajectory. This iterative refinement works by minimizing the sum of the squared re-
projection errors of the reconstructed 3D points over the last m images, this process is commonly
called Bundle Adjustment.

A typical VO pipeline is shown in Figure 2.9. For every new image I,, the first step is to
extract the feature points from the image; then, the second step is to match the extracted feature
points with those from the previous frames. Note that 2D features that are the reprojection of the
same 3D feature across different frames are called image correspondences. The third step is motion
estimation, which consists of computing the relative motion 7, between the time instants x-7 and
x. The vehicle pose ¥, is then computed by concatenation of 7 with the previous pose. Finally,
Bundle Adjustment can be done over the last x frames to obtain a more accurate estimate of the

local trajectory.
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Figure 2.9: A typical VO pipeline (based on [30]).

Motion estimation is the core computation step performed for every image in a VO system.
More precisely, in the motion estimation step, the vehicle motion between the current image and

the previous image is computed. By combining all these motions, the full trajectory of the vehicle
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can be recovered. Depending on whether the feature correspondences are specified in two or three
dimensions, there are three different methods. 2D-to-2D: In this case, both £,_; and fx are specified
in 2D image coordinates. 3D-to-3D: In this case, both f,_; and f, are specified in 3D. To achieve
this, we first triangulate 3D points for each frame. 3D-to-2D: In this case, f;_; are specified in 3D
and f, are their corresponding 2D reprojections on the image I,. In the monocular case, the 3D
structure needs to be triangulated from two adjacent images I, , and I,_; and then matched to 2D
image features in a third image I,.

2.3.1 STEREO VISUAL ODOMETRY

Based on the observation that inertial sensors are prone to drift and wheel odometry is unreliable
in bumpy "oftf-road" terrain, we can utilize visual odometry for real-time localization. Stereo visual
odometry works by estimating frame-to-frame camera motion from successive stereo image pairs
and it has been successfully applied to autonomous driving. For instance, the algorithm presented
in [35] differs from most visual odometry algorithms in two key respects: (1) it makes no prior
assumptions about camera motion, and (2) it operates on dense disparity images computed by a
separate stereo algorithm. The authors have demonstrated that after 4,000 frames and 400 m of
travel, position errors are typically less than 1 m (0.25% of distance traveled); and the processing
time is only about 20 ms on a 512 x 384 image. The basic algorithm works as follows: for a given
pair of frames, (1) detect features in each frame with corner feature detection; (2) match features
between frames using sum-of-absolute differences over local windows; (3) find the largest set of
self-consistent matches (inlier detection); and (4) find the frame-to-frame motion that minimizes
the re-projection error for features in the inlier set. The feature matching stage inevitably produces
some incorrect correspondences, which, if left intact, will unfavorably bias the frame-to-frame
motion estimate. A common solution to this problem is to use a robust estimator that can tolerate
some number of false matches. However, in [35], the authors exploit stereo range data at the inlier
detection stage. The core intuition is that the 3D locations of features must obey a rigidity con-
straint, and that this constraint can be used to identify sets of features that are mutually consistent
prior to computing the frame-to-frame motion estimate. Note that this algorithm does not require

an initial motion estimate, and therefore can handle very large image translations.

2.3.2 MONOCULAR VISUAL ODOMETRY

The difference from the stereo scheme is that in the monocular VO, both the relative motion and
3D structure must be computed from 2D data since the absolute scale is unknown. The distance
between the first two camera poses is usually set to fixed distance in order to establish initial 3D

structure. As a new image arrives, the relative scale and camera pose with respect to the first two

frames are determined using the knowledge of 3D structure. Monocular VO can be divided into
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three categories: feature-based methods, appearance-based methods, and hybrid methods. Fea-
ture-based methods are based on salient and repeatable features that are tracked over the frames;
appearance-based methods use the intensity information of all the pixels in the image or sub-re-
gions of it; and hybrid methods use a combination of the previous two.

In [36], the authors proposed an autonomous driving localization system based on mono
omnidirectional camera. They indicated the necessity to use omnidirectional cameras for the fol-
lowing reasons: (1) many outliers, such as moving vehicles, oscillating trees, and pedestrians, are
present; (2) at times very few visual features are available; (3) occlusions, especially from the trees,
make it almost impossible to track landmarks for a long period of time. The proposed system is a
fully incremental localization system that precisely estimates the camera trajectory without relying
on any motion model. Using this algorithm, at a given time frame, only the current location is es-
timated while the previous camera positions are never modified. The key of the system is a fast and
simple pose estimation algorithm that uses information not only from the estimated 3D map, but
also from the epipolar constraint. The authors demonstrated that using epipolar constraints leads to
a much more stable estimation of the camera trajectory than the conventional approach.

To verify the effectiveness of the proposed algorithm, the authors conducted an experiment
to have the vehicle travel 2.5 km, during which the frame rate was set to 10 images per second,

and the results show that with this system, the localization error could be controlled to around 2%.

2.3.3 VISUAL INERTIAL ODOMETRY

Inertial sensors provide very frequent updates (1 KHz) although they are subject to drift problems.
On the other hand, although visual odometry provides accurate position updates, when the vehicle
makes sharp turns VO often loses track of its position due to the lack of matched feature points
caused by infrequent image updates. Since visual and inertial measurements ofter complementary
properties, they are particularly suitable for fusion to provide robust and accurate localization and
mapping, a primary need for any autonomous vehicle system. The technique of fusing visual and
inertial sensors for real-time localization is called Visual Inertial Odometry (VIO). There are two
main concepts towards approaching the visual-inertial estimation problem: batch nonlinear opti-
mization methods [37] and recursive filtering methods [38]. The former jointly minimizes the error
originating from integrated inertial measurements and the visual reprojection errors from visual,
whereas the latter utilizes the inertial measurements for state propagation while updates originate
from the visual observations.

In [37] the authors incorporate inertial measurements into batch visual SLAM. A nonlinear
optimization is formulated to find the camera poses and landmark positions by minimizing the
reprojection error of landmarks observed in camera frames. As soon as inertial measurements are

introduced, they not only create temporal constraints between successive poses, but also between

35




36 2.AUTONOMOUS VEHICLE LOCALIZATION

successive speed and inertial sensor bias estimates of both accelerometers and gyroscopes by which
the robot state vector is augmented. The authors formulate the visual-inertial localization and
mapping problem as one joint optimization of a cost function /(x) containing both the visual repro-
jection errors and the temporal error term from the inertial sensor, where x represents the current
state of the vehicle.

The first step is propagation. At the beginning, inertial measurements are used to propagate
the vehicle pose in order to obtain a preliminary uncertain estimate of the states. Assume a set of
past frames as well as a local map consisting of landmarks with sufficiently well-known 3D position
is available at this point. As a first stage of establishing correspondences, a 3D-2D matching step is
performed. Then, 2D-2D matching is performed in order to associate key points without 3D land-
mark correspondences. Next, triangulation is performed to initialize new 3D landmark positions.
Both stereo-triangulation across stereo image pairs as well as between the current frame and any
previous frame available is performed.

The second step is optimization, when a new image frame comes in, features are extracted
from the image to extend new 3D points, which can be used to extend the map as discussed above.
Once in a while, a frame is selected as a key frame, which triggers optimization. One simple heu-
ristic to select key frame is that if the ratio of matched vs. newly detected feature points is small,
the frame is inserted as keyframe. Then the new key frame, along with all previous key frames, are
used in a global optimization to minimize both the visual reprojection errors and the inertial sensor
temporal error. The experiment results show that, with this optimization method, with a 500 m
travel, the translation error is less than 0.3%.

Although the optimization methods usually provide higher localization accuracy, the need
for multiple iterations also incurs a higher computational cost. A lightweight approach, based on
the Extended Kalman Filter (EKF) has been proposed for vehicle localization [38]. In this ap-
proach, the authors use EKF algorithms to maintain a sliding window of camera poses in the state
vector, and use the feature observations to apply probabilistic constraints between these poses. The
algorithm can be divided into the following steps: (a) Propagation: for each inertial measurement,
propagate the filter state and covariance; (b) Image registration: every time a new image is recorded,
augment the state and covariance matrix with a copy of the current camera pose estimate; and (c)
Update: when the feature measurements of a given image become available, perform an EKF up-
date. Using this approach, the authors performed an experiment to have a vehicle travel 3.2 km, and

the final position error was only 10 m, an error of only 0.31% of the traveled distance.

2.4 DEAD RECKONING AND WHEEL ODOMETRY

Dead reckoning (derived from “deduced reckoning” of sailing days) is a simple mathematical

procedure for determining the present location of a vehicle by advancing some previous position
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through known course and velocity information over a given length of time [39]. The vast majority
of autonomous vehicle systems in use today rely on dead reckoning to form the very backbone of
their navigation strategy. The most simplistic implementation of dead reckoning is wheel odometry,
or deriving the vehicle displacement along the path of travel from wheel encoders. In this section,
we study wheel encoders, sources of wheel odometry errors, as well as methods to reduce wheel

odometry errors.

2.41 WHEEL ENCODERS

A common means of odometry instrumentation involves optical encoders directly coupled to the
motor armatures or wheel axles. Since most mobile robots rely on some variation of wheeled lo-
comotion, a basic understanding of sensors that accurately quantify angular position and velocity
is an important prerequisite to further discussions of odometry. There are many different types of
wheel encoders, including optical encoders, Doppler encoders, differential drive, tricycle drive, Ackerman
Steering, Synchro drive, Omnidirectional drive, racked vehicle, etc.

Since Ackerman Steering (AS) is used almost exclusively in the automotive industry, we
focus on AS in this sub-section. AS is designed to ensure that the inside front wheel is rotated to
a slightly sharper angle than the outside wheel when turning, thereby eliminating geometrically
induced tire slippage. As shown in Figure 2.10, the extended axes for the two front wheels intersect
in a common point that lies on the extended axis of the rear axle. The locus of points traced along
the ground by the center of each tire is thus a set of concentric arcs about this center-point of ro-
tation P17, and all instantaneous velocity vectors will subsequently be tangential to these arcs. Such

a steering geometry is said to satisfy the Ackerman equation:
d
cot §; = cot 4, :7 )

where 6, represents the relative steering angle of the inner wheel, and 6, represents relative steer-
ing angle of the outer wheel, / represents longitudinal wheel separation, and d represents lateral
wheel separation.

AS provides a fairly accurate odometry solution while supporting the traction and ground
clearance needs of all-terrain operation. AS is thus the method of choice for outdoor autonomous
vehicles. AS implementations typically employ a gasoline or diesel engine coupled to a manual or
automatic transmission, with power applied to four wheels through a transfer case, a differential,

and a series of universal joints.
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Figure 2.10: An Ackerman-steered vehicle (based on [39]).

242 WHEEL ODOMETRY ERRORS

As indicated in [39], wheel odometry uses encoders to measure wheel rotation and/or steering
orientation. It is well known that odometry provides good short-term accuracy, is inexpensive, and
allows very high sampling rates. However, the fundamental idea of odometry is the integration of
incremental motion information over time, which leads inevitably to the accumulation of errors.
Particularly, the accumulation of orientation errors will cause large position errors that increase
proportionally with the distance traveled by the robot.

Odometry data can be fused with absolute position measurements to provide better and
more reliable position estimation. Odometry can be used in between absolute position updates
with landmarks (such as visual landmarks/features used in visual odometry). Given a required posi-
tioning accuracy, increased accuracy in odometry allows for less frequent absolute position updates.
As a result, fewer landmarks are needed for a given travel distance. Many mapping and landmark
matching algorithms assume that the vehicle can maintain its position well enough to allow the
vehicle to look for landmarks in a limited area and to match features in that limited area to achieve
short processing time and to improve matching correctness. In some cases, odometry is the only
navigation information available; for example: when no external reference is available, when cir-
cumstances preclude the placing or selection of landmarks in the environment, or when another

sensor subsystem fails to provide usable data.
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Odometry is based on the assumption that wheel revolutions can be translated into linear
displacement relative to the floor. This assumption is only of limited validity. One extreme example
is wheel slippage: if one wheel was to slip on, say, an oil spill, then the associated encoder would
register wheel revolutions even though these revolutions would not correspond to a linear displace-
ment of the wheel. The wheel odometry error sources fit into one of two categories: systematic er-
rors and non-systematic errors. Systematic errors include unequal wheel diameters, average of actual
wheel diameters differs from nominal wheel diameter, actual wheelbase differs from nominal wheelbase,
misalignment of wheels, finite encoder resolution, as well as finite encoder sampling rate. Non-system-
atic errors include travel over uneven floors, travel over unexpected objects on the floor, wheel-slippage
due to slippery floors, wheel-slippage due to over-acceleration, fast turning (skidding), external forces
(interaction with external bodies), internal forces (castor wheels), as well as non-point wheel contact
with the floor.

The clear distinction between systematic and non-systematic errors is of great importance
for the effective reduction of odometry errors. For example, systematic errors are particularly grave
because they accumulate constantly. On most smooth indoor surfaces systematic errors contribute
much more to odometry errors than non-systematic errors. However, on rough surfaces with sig-
nificant irregularities, non-systematic errors are dominant. The problem with non-systematic errors
is that they may appear unexpectedly and they can cause large position errors. Typically, when an
autonomous vehicle system is installed with a hybrid wheel odometry/vision navigation system, the
frequency of the images is based on the worst-case systematic errors. Such systems are likely to fail

when one or more large non—systematic €rrors occur.

243 REDUCTION OF WHEEL ODOMETRY ERRORS

The accuracy of wheel odometry depends to some degree on their kinematic design and on certain
critical dimensions. Here we first summarize some of the design-specific considerations that affect
dead-reckoning accuracy [39]: Vehicles with a small wheelbase are more prone to orientation errors
than vehicles with a larger wheelbase. Vehicles with castor wheels that bear a significant portion
of the overall weight are likely to induce slippage when reversing direction (the “shopping cart ef-
fect”). Conversely, if the castor wheels bear only a small portion of the overall weight, then slippage
will not occur when reversing direction. In addition, it is widely known that, ideally, wheels used
for odometry should be “knife-edge” thin and not compressible. The ideal wheel would be made
of aluminum with a thin layer of rubber for better traction. In practice, however, this design is not
feasible because the odometry wheels are usually also load-bearing drive wheels, which require a
somewhat larger ground contact surface. In the rest of this sub-section we summarize methods for
reducing systematic and non-systematic wheel odometry errors.

Methods for reducing systematic odometry errors include the following.
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* Auxiliary Wheels and Basic Encoder Trailer: It is generally possible to improve odo-
metric accuracy by adding a pair of “knife-edge,” non-load-bearing encoder wheels.
Since these wheels are not used for transmitting power, they can be made to be very
thin and with only a thin layer of rubber as a tire. Such a design is feasible for differ-

ential-drive, tricycle-drive, and Ackerman vehicles.

* The Basic Encoder Trailer: An alternative approach is the use of a trailer with two en-
coder wheels. It is virtually impossible to use odometry with tracked vehicles, because
of the large amount of slippage between the tracks and the floor during turning. The
idea of the encoder trailer is to perform odometry whenever the ground characteristics
allow one to do so. Then, when the vehicle has to move over small obstacles, stairs, or
otherwise uneven ground, the encoder trailer would be raised. The argument for this
part-time deployment of the encoder trailer is that in many applications the vehicle
may travel mostly on reasonably smooth concrete floors and that it would thus benefit

most of the time from the encoder trailer’s odometry.

* Systematic Calibration: Another approach to improving odometric accuracy without
any additional devices or sensors is based on the careful calibration of a vehicle. As
systematic errors are inherent properties of each individual vehicle. They change very
slowly as the result of wear or of different load distributions. Thus, these errors remain
almost constant over extended periods of time. One way to reduce such errors is vehi-
cle- specific calibration. Nonetheless, calibration is difficult because even minute devia-

tions in the geometry of the vehicle or its parts may cause substantial odometry errors.
Methods for reducing non-systematic odometry errors include the following.

* Mutual Referencing: We can use two robots that could measure their positions mu-
tually. When one of the robots moves to another place, the other remains still, observes
the motion, and determines the first robot’s new position. In other words, at any time
one robot localizes itself with reference to a fixed object: the standing robot. However,

this stop and go approach limits the efficiency of the robots.

* Internal Position Error Correction (IPEC): With this approach two mobile robots
mutually correct their odometry errors. However, unlike the mutual referencing ap-
proach, the IPEC method works while both robots are in continuous, fast motion. To
implement this method, it is required that both robots can measure their relative dis-
tance and bearing continuously and accurately. The principle of operation is based on
the concept of error growth rate, which difterentiates “fast-growing” and “slow-grow-
ing” odometry errors. For example, when a differentially steered robot traverses a floor

irregularity it will immediately experience an appreciable orientation error (i.e., a
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fast-growing error). The associated lateral displacement error, however, is initially very
small (i.e., a slow-growing error), but grows in an unbounded fashion as a consequence
of the orientation error. The internal error correction algorithm performs relative po-
sition measurements with a sufficiently fast update rate (20 ms) to allow each truck
to detect fast-growing errors in orientation, while relying on the fact that the lateral

position errors accrued by both platforms during the sampling interval were small.

2.5 SENSOR FUSION

In the previous sections we have introduced different localization techniques. In practice, in order
to achieve robustness and reliability, we often utilize sensor fusion strategy to combine multiple
sensors together for localization [40, 41, 42]. In this section, we introduce three real-world examples

of autonomous vehicles and study their localization approaches.

251 CMUBOSS FOR URBAN CHALLENGE

Figure 2.11: CMU autonomous vehicle [47].

As shown in Figure 2.11, Boss is an autonomous vehicle that uses multiple on-board sensors (GPS,
LiDARs, radars, and cameras) to track other vehicles, detect static obstacles, and localize itself
relative to a road model [40], and it is capable of driving safely in traffic at speeds up to 48 km/h.
The system was developed from the ground up to address the requirements of the DARPA Urban

Challenge. In this subsection we study Boss’s localization system.
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Boss’s localization process starts with a differential GPS-based pose estimation. To do this
it combines data from a commercially available position estimation system and measurements of
road lane markers with an annotated road map. The initial global position estimate is produced by
a sensor fusion system that combines differential GPS, IMU, and wheel encoder data to provide a
100-Hz position estimate, which is robust to GPS dropout. With a stable GPS signal, this system
bounds the localization error to within 0.3 m; and thanks to sensor fusion, after 1 km of travel
without GPS signal, it can still bound the localization error to within 1 m.

Although this system provides very high accuracy, it does not provide lane information. To
detect lane boundaries, down-looking SICK LMS LiDARs are used to detect the painted lane
markers on roads. Lane markers are generally brighter than the surrounding road material and
therefore can be easily detected by convolving the intensities across a line scan with a slope func-
tion. Peaks and troughs in the response represent the edges of potential lane marker boundaries.
To reduce false positives, only appropriately spaced pairs of peaks and troughs are considered to be
lane markers. Candidate markers are then further filtered based on their brightness relative to their
support region. The result is a set of potential lane marker positions.

To further improve localization accuracy, a road map is constructed to record static obstacle
and lane information. Note that this road map is a precursor of the HD map. It basically extends a
digital map with sub-meter accuracy with geometric features detected by LIDARs. These geometric
features include obstacles and lane markers. The mapping system combines data from the numer-
ous scanning lasers on the vehicle to generate both instantaneous and temporally filtered obstacle
maps. The instantaneous obstacle map is used in the validation of moving obstacle hypotheses. The
temporally filtered maps are processed to remove moving obstacles and are filtered to reduce the
number of spurious obstacles appearing in the maps. Geometric features (curbs, berms, and bushes)
provide one source of information for determining road shape in urban and off-road environments.
Dense LiDAR data provide sufficient information to generate accurate, long-range detection of
these relevant geometric features. Algorithms to detect these features must be robust to the vari-
ation in features found across the many variants of curbs, berms, ditches, embankments, etc. For
instance, to detect curbs, the Boss team exploits two principle insights into the LiIDAR data to sim-
plify detection. First, the road surface is assumed to be relatively flat and slow changing, with road
edges defined by observable changes in geometry, specifically in height. This simplification means
that the primary feature of a road edge reduces to changes in the height of the ground surface.
Second, each LiDAR scan is processed independently, as opposed to building a 3D point cloud.
This simplifies the algorithm to consider input data along a single dimension. Then to localize the

vehicle against the road map, a particle filter approach (as introduced in Section 2.3) can be utilized.
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2.5.2 STANFORD JUNIOR FOR URBAN CHALLENGE

As shown in Figure 2.12, Junior is Stanford’s entry in the Urban Challenge. Junior is a modified
2006 Volkswagen Passat Wagon, equipped with five LiDARs, a differential GPS-aided inertial
navigation system, five radars, and two Intel quad core computer systems [41]. The vehicle has an
obstacle detection range of up to 120 m, and reaches a maximum velocity of 48 km/h, which is the

maximum speed limit according to the Urban Challenge rules.

Figure 2.12: Stanford autonomous vehicle [48].

Like the CMU Boss system, localization in Junior starts with a differential GPS-aided
inertial navigation system, which provides real-time integration of GPS coordinates, inertial
measurements, and wheel odometry readings. The real-time position and orientation errors of this
system were typically below 100 cm and 0.1°, respectively. On top of this system, there are multi-
ple LiDAR sensors providing real-time measurements of the adjacent 3D road structure as well
as infrared reflectivity measurements of the road surface for lane marking detection and precision
vehicle localization.

'The vehicle is given a digital map of the road network. With the provided digital map and
only the GPS-based inertial positioning system, Junior is not able to recover the coordinates of the
vehicle with sufficient accuracy to perform reliable lane keeping without sensor feedback. Further,
the digital map is itself inaccurate, adding further errors if the vehicle were to blindly follow the
road. As a result, on top of the digital map, Junior performs fine-grained localization using local

LiDAR sensor measurements. This fine-grained localization uses two types of information: road

reflectivity and curb-like obstacles. The reflectivity is sensed using the RIEGL LIMS-Q120 and
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the SICK LMS sensors, both of which are pointed towards the ground. To perform fine-grained
localization, a 1D histogram filter is utilized to estimate the vehicle’s lateral offset relative to the
digital map. This filter estimates the posterior distribution of any lateral offset based on the reflec-
tivity and the sighted curbs along the road. It rewards, in a probabilistic fashion, offsets for which
lane-marker-like reflectivity patterns align with the lane markers or the road side in the digital map.
The filter penalizes offsets for an observed curb would reach into the driving corridor of the digital

map. As a result, at any point in time the vehicle estimates a fine-grained offset to the measured
location by the GPS-based INS system.

2.5.3 BERTHA FROM MERCEDES BENZ
As shown in the previous sub-sections, both CMU Boss and Stanford Junior rely on GNSS/INS

systems for coarse-grained localization, and then utilize local LiDAR scans and extended digital
maps for fine-grained localization. However, LIDAR-based approach suffers from two major
drawbacks: first, LIDAR devices are very expensive, costing over $80,000 USD per unit; second,
it is even more expensive to build the HD map (millions of USD to build and maintain the HD
map for each city). An alternative approach is to use computer vision and digital maps. One great
example of this approach is the Bertha autonomous vehicle from Mercedes Benz, which relies solely
on vision and radar sensors in combination with accurate digital maps to obtain a comprehensive
understanding of complex traffic situations [42]. In this subsection, we study the localization details

of the Bertha autonomous vehicle.

Figure 2.13: Mercedes Benz Bertha autonomous vehicle [42], used with permission.

As shown in Figure 2.13, the sensors used in this system are as follows: A GPS module is
used for basic localization. Four 120° short-range radars are used for intersection monitoring. Two
long-range radar mounted to the sides of the vehicle are used to monitor fast traffic at intersections

on rural roads. A stereo camera system with 35 cm baseline for depth information at a range of

60 m. A wide-angle monocular color camera was mounted on the dash-board for trafhic light rec-
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ognition and pedestrian recognition in turning maneuvers. A wide-angle camera looking backwards
is used for self-localization.

Another important source of information is a detailed digital map, which contains the
position of lanes, the topology between them as well as attributes and relations defining traffic
regulations, including but not limited to right-of-way, relevant traffic lights, and speed limits. The
map used in the Bertha autonomous vehicle is created based on imagery from a stereo camera: For
each stereo image pair, a dense disparity image and a 3D reconstruction of the vehicle’s close envi-
ronment are computed. These 3D points are projected onto the world plane and accumulated based
on a reference trajectory. To ensure congruency, the same stereo images are also used for extracting
the point feature map and the map containing visible lane markings. The reference trajectory is
recorded by a RTK GNSS/INS navigation system whereas online localization during autonomous
driving does not require such a costly system. For mapping and map maintenance, the Bertha team
employed tools from the OpenStreetMap project [43].

To localize the Bertha autonomous vehicle, the GNSS/INS system typically bounds the
localization error within a 1 m radius. On top of that, two complementary map relative localiza-
tion algorithms were developed to further improve the localization accuracy to decimeter range.
The first system detects point-shaped landmarks in the immediate vicinity of the vehicle and is
specifically effective in urban areas with large man-made structures; this is called the feature-based
localization. The other system exploits lane markings and curbstones as these are reliably detect-
able in rural areas and translates observations of these objects into a map-relative localization
estimate, this is called the lane-marking-based localization. Note that both of these approaches
utilize Visual Odometry techniques.

In the landmark-based approach, first a stereo image has been captured during the mapping
stage, then during an autonomous test drive another image is captured from a rear facing monoc-
ular camera. The two images are registered spatially by means of a descriptor-based point feature
association: salient features of the map sequence are associated with detected features in the current
image of the vehicle’s rear facing camera. Given the 3D positions of these landmarks have been
reconstructed from the stereo image map sequence, it is possible to compute a 6D rigid-body trans-
formation between both camera poses that would bring associated features in agreement. Fusing
this transformation with the global reference pose of the map image and the motion information
from wheel encoders and yaw rate sensors available in the vehicle, an accurate global position esti-
mate can be recovered.

In rural areas often the only static features along the road are the markings on the road itself.
Thus, a lane-marking-based localization system was developed. In a first step, a precise map con-
taining all visible markings is built. In addition to the road markings and stop lines, also curbs and

tram rails are annotated in the map. For the online localization step, a local section of this map is
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projected into the current image where the matching is done with a nearest neighbor search on the

sampled map and the resulting residuals are minimized iteratively using a Kalman filter.
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CHAPTER 3

Perception in Autonomous Driving

Abstract

In autonomous driving, the goal of perception is to sense the dynamic environment
surrounding the vehicle and to build a reliable and detailed representation of this en-
vironment, based on sensory data. In order far autonomous driving vehicles to be mfe
and intelligent, perception modules must be able to detect pedestrians, cyclists and other
vehicles, to recognize road surface, lane dividers, traffic signs and lights, to track moving
objects in 3D, etc. Since all subsequent driving decision, planning, and control depends
on correct perception output, its importance cannot be overstated. In this chapter, major
functionalities of perception are covered, with public datasets, problem definitions, and
state-of-art algorithms. The exception is deep learning-related algorithms, which will be

discussed in the next chapter..

3.1 INTRODUCTION

Autonomous vehicles move in complex and dynamic environments. To accurately and timely per-
ceive the surrounding physical world is critical. Sensory data from various types of sensors, includ-
ing cameras, LIDAR, short-wave radar, ultra-sonic sensors, etc., can be used. Among these sensors,
cameras and LiDAR offer the most useful information. The problem of visual inference from
imaging sensors is the central subject of computer vision, a sub-field of artificial intelligence. Many
indispensable functionalities of perception in autonomous driving map quite well to fundamental
problems in computer vision. Since the 1980s, many researchers have attempted to build autono-
mous driving vehicles, but the very first obstacle they faced was perception. Significant progress has
been made since then, as open datasets have been released to test autonomous perception, and a
number of competitions have taken place. However, perception remains one of the most challeng-

ing and complex components.

3.2 DATASETS

In many fields, datasets that provide sufficient number of samples for specific problems have
proven to be important catalyst for rapid improvement of solutions. They facilitate fast iteration of

algorithms based on quantitative evaluation of their performance, expose potential weakness, and
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enable fair comparison. In computer vision, there are always datasets for individual fundamental
problems, such as image classification [1, 2], semantic segmentation [1, 2, 3], optical flow [4, 5],
stereo [6, 7], and tracking [8, 9]. These datasets are collected through various methods, some rely
on crowd-sourcing [1, 3], some exploit technical approach [4, 5, 6, 7]. They also contain different
number of training samples each, ranging from a few images to millions of labeled ones. Generally
larger dataset size and more realistic images lead to more unbiased and reliable evaluation of algo-
rithm performance in practical situations.

We also have datasets specifically for autonomous driving, such as KITTI [10] and City-
scapes [11]. These datasets are collected using various sensors from street scenes, depicting realistic
situations facing autonomous vehicles. However, they are only used for evaluation purposes, and
any serious autonomous driving technology developer would build larger scale, constantly growing
dataset that covers sufficiently broad scenarios of driving in real world.

KITTT datasets is a joint project between Karlsruhe Institute of Technology (KIT) and
Toyota Technological Institute at Chicago (TTIC) in 2012. It has its own website at http://www.
cvlibs.net/datasets/kitti/. The purpose of this project is to collect a realistic and challenging dataset

for autonomous driving. The raw data was collected by vehicle, as shown in Figure 3.1.

Figure 3.1: KITTT car photo [34].

The car is equipped with:
1. 1 Inertial Navigation System (GPS/IMU): OXTS RT 3003;

* 1 Laser scanner: Velodyne HDL-64E;


http://www.cvlibs.net/datasets/kitti/
http://www.cvlibs.net/datasets/kitti/
http://www.oxts.com/default.asp?pageRef=21
http://velodynelidar.com/lidar/hdlproducts/hdl64e.aspx
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* 2 Grayscale cameras, 1.4 Megapixels: Point Grey Flea 2 (FL2-14S3M-C), taking
photo at 10 Hz; and

* 2 Color cameras, 1.4 Megapixels: Point Grey Flea 2 (FL2-14S3C-C) , taking photo
at 10 Hz.

'The complete KITTI datasets consists of the following.

1. Stereo and optical flow data: A single stereo image pair is taken by two cam-
eras at the same time. An optical flow image pair is taken by the same camera at
consecutive time steps. There are 194 training image pairs, and 195 testing image
pairs. Approximately 50% pixels have ground truth displacement data. As shown
in Figure 3.2, stereo data conveys depth information, and optical flow data conveys

motion information.

Figure 3.2: Stereo(upper) and optical flow(lower) data [10], used with permission.

2. Visual odometry data: 22 sequences of stereo image pair, more than 40,000 frames,

covering 39.2 km distance.

3. Object detection and orientation data: Manually labeled data with 3D frame no-
tating object size and orientation. Object types include sedan, van, truck, pedestrian,
cyclist, etc. (see Figure 3.3). Occlusion is present, and normally multiple objects in

each image.

Figure 3.3: Object detection data [10], used with permission.



http://www.ptgrey.com/products/flea2/flea2_firewire_camera.asp
http://www.ptgrey.com/products/flea2/flea2_firewire_camera.asp
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4. Object tracking data: 21 training sequences and 29 testing sequences of images. The

main tracking targets are pedestrian and cars.
5. Road parsing data: 289 training images and 290 testing images covering various type
of road surfaces: urban unmarked, urban marked, and urban multiple marked lanes.

KITTT and Cityscapes datasets differ from traditionally computer vision datasets in the following

aspects:

* due to the use of multiple sensors and 3D scanners, high-precision 3D geometry is

available, hence high-quality ground truth;
* collected from the real world, not synthesized or collected in control lab setting; and

* contains data for various perception tasks in autonomous driving.

These characteristics make them widely popular, new algorithms are being constantly submitted

and evaluated.

3.3 DETECTION

Autonomous vehicles share the road with many other traffic participants such as cars, pedestrians,
etc. There are also obstacles, lane dividers, and other objects on the road. Fast and reliable detection
of these objects (Figure 3.4) is hence crucial for safety reasons. Object detection is a fundamental

problem in computer vision, and many algorithms have been proposed to address it.

Figure 3.4: Car detection in KITTT, based on [34], used with permission.

Traditionally, a detection pipeline starts with preprocessing of input images, followed by a re-
gion of interest detector and finally a classifier that outputs detected objects. Due to large variances
in position, size, aspect ratio, orientation, and appearances, object detectors must—on one hand—

extract distinctive features that can separate different object classes and—on the other hand—con-
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struct invariant object representation that makes detection reliable. Another import aspect of object
detection in autonomous driving is speed, normally detectors must run at close to real time.

A good object detector needs to model both appearance and shape of object under various
condition. In 2005, Dalal and Triggs [12] proposed an algorithm based on histogram of orientation
(HOG) and support vector machine (SVM). The whole algorithm is shown in Figure 3.5. It passes
input image through preprocessing, computes HOG features over sliding detection window, and
uses linear SVM classifier for detection. This algorithm captures object appearance by purposefully
designed HOG feature, and depends on linear SVM to deal highly nonlinear object articulation.

I’ I’ I’ f f e
Input Normalize Compute Weighted Vote Contrast Normalize Collect HOG’s Linear Person/
Image ™ Gamma and —>~ GradIi)ents —>-| into Spatial and —-{over Overlapping —-|over Detection —>-| gy —>Non-person

Color Orientation Cells Spatial Blocks Window Classification

Figure 3.5: HOG+SVM. Based on Dalal and Triggs [12].

Articulated objects are challenging because complex appearance of non-rigid shape, the
Deformable Part Model (DPM) by Felzenszwalb et al., [13] splits object into simpler parts so
that DPM can represent non-rigid objects by composing easier parts. This reduces the number of
training examples needed for the appearance modeling of whole objects. DPM (Figure 3.6) uses
HOG feature pyramid to build multiscale object hypotheses, spatial constellation model of part

configuration constraint and latent SVM to handle latent variables such as part position.

Figure 3.6: Deformable part model. Courtesy of Felzenszwalb et al. [13], used with permission.

Object detection can be based on other type of sensors too, such as LiDAR [14]. Even
though compared to camera-based algorithms, LiIDAR-based ones achieve similar performance

for cars, they have more difficulties detecting pedestrian and cyclist, probably due to smaller sizes.
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Overall, it is better to use multiple type of sensors at the same time through sensor fusion for better
detector performance.

Autonomous vehicles must be able to navigate in traffic with pedestrians in close proxim-
ity. For safety reason, pedestrian detection is absolutely critical. Additionally, human behavior is
sometimes less predictable; human appearance varies significantly and often with partial occlusion.
There are good surveys [15, 16] available that cover various architectures. Today, all state-of-the-art

pedestrian detectors use convolutional neural networks, which are discussed in the next chapter.

34 SEGMENTATION

Segmentation, or to be specific, instance-level semantic segmentation can be thought as natural en-
hancement of object detection that needs to solve sufficiently well in order for autonomous driving
to be practical. Parsing image from camera into semantic meaningful segments gives autonomous

vehicle structured understanding of its environment (Figure 3.7).

Figure 3.7: Semantic segmentation of a scene in Zurich. Courtesy of Cityscapes Dataset [11], used

with permission.

Traditionally, semantic segmentation is formulated as graph labeling problem with vertices
of the graph being pixels or super-pixels. Inference algorithms on graphical models such as con-
ditional random field (CRF) are used [17, 18]. In such an approach, CRFs are built, with vertices
representing pixels or super-pixels. Each node can take label from a pre-defined set, conditioned
on features extracted at corresponding image position. Edges between these nodes represent con-

straints such as spatial smoothness, label correlations, etc. (see Figure 3.8).
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Even though CRF is a suitable approach to segmentation, it slows down when image di-
mension, input feature numbers or label set size increase and has difficulty capturing long-range
dependency in images, a highly efficient inference algorithm is proposed in [19] to improve speed
for fully connected CRF with pairwise potentials between all pairs of pixels, other algorithms [20]
aim to incorporate co-occurrence of object classes. Essentially, semantic segmentation must be able
to predict dense class labels with multi-scale image features and contextual reasoning. We will dis-

cuss how deep learning approaches semantic segmentation in the next chapter.

Global
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__________________ ~ Nodes
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Figure 3.8: Graphical model representation of He et al. [17].

3.5 STEREO, OPTICAL FLOW,AND SCENE FLOW

3.5.1 STEREO AND DEPTH

Autonomous vehicles move in a 3D world, thus perception that produces 3D spatial information
such as depth is indispensable. Lidar generates high precision depth data but only sparse 3D point
clouds. Single image gives spatially dense information of color, texture except depth. Human enjoy
3D visual perception with two eyes, similarly we can gain depth information with stereo camera
taking pictures simultaneous at slight different angles.

Given image pair from stereo camera (I},1,), stereo is essentially a correspondence problem
where pixels in left image I_1 are matched to pixels in the right image I, based on a cost function.
The assumption is that corresponding pixels map to the same physical point, thus have the same

appcarance:

I[ (P) = Ir (P+d) )
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where p is a location in left image and 4 is the disparity.

Feature-based methods replace pixel values with more distinctive features ranging from
simple ones like edge and corner to sophisticated manually designed ones like SIFT [21], SURF
[22], etc. This leads to more reliable matching but also sparser spatial correspondence. Area-based

methods exploits spatial smoothness that states:
d(x,y) = d(x+a,y+ f)
for fairly small (a, f8), thus solving for 4 becomes a minimization problem:

ming Dip, d) = ming Y ||1(g+ -1 (g)]| -

This can generate dense outputs with higher computation cost.

Another way to formulate correspondence problem is optimization. Both feature-based and
area-based methods are considered local since & is computed based on local information. Global
methods, on the other hand, approach matching as an energy minimization problem with terms
derived from constant appearance assumption and spatial smoothness constraint. Various technics
can be used to find global option solution, including variational methods, dynamic programming
and Belief Propagation.

Semi-Global Matching (SGM) [23] is one of most well-known stereo matching algo-
rithm. It is theoretically justified [24] and also quite fast [25]. It is a global method with energy
function terms calculated along several 1D line at each pixel and also smoothness terms. See [23]
for details. Recently, deep-learning based methods have the best performance. They are discussed
in the next chapter.

Once correspondence is established between stereo image pair from two cameras of focal
length f separated by distance B (assuming camera optical axis are aligned, this limits disparity d to
be simply a scalar). A point in image with disparity d has depth

B
z="7f .

3.5.2 OPTICAL FLOW

Optical flow [26], as another basic computer vision problem, is defined as 2D motion of intensities
between two images, which is related but different from the 3D motion in the physical world. It

relies on the same constant appcearance assumption:

L) =1 (p+d
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but optical flow is actually more complicated than stereo. In stereo, image pair are taken at the same
time, geometry is the dominating cause of disparity, appearance constancy is most likely to hold
true. In optical flow, image pair are taken at slightly different times, motion is just one of many
varying factors such as lighting, reflections, transparency, etc. Appearance constancy are likely to
be violated from time to time. Another challenge for optical flow is the aperture problem (Figure
3.9): the gap between one constraint with two unknown components of d. This can be addressed by
introducing smoothness constraint on motion field of 4.

A B C

%% D~ Y

Figure 3.9: Aperture problem (based on https://stoomey.wordpress.com/2008/04/18/20/).

One way to alleviate potential issues caused by appearance constancy violation is replacing
quadratic penalty used in [26] with robust cost function as in [27, 28].

3.5.3 SCENE FLOW

It is worth pointing out that what autonomous vehicles need is not 2D optical flow in image
plane but real 3D motion of objects. The transition from 2D representation to 3D is critical for

several reasons:
* to support important tasks, such as obstacle detection and collision avoidance, that
requires 3D information;

* to exploit continuity assumption in 3D; and

* to build higher level representation with 3D objects on top of 2D pixels.

In KITTT scene flow 2015 benchmark, scene flow estimation is based two consecutive stereo
image pairs (Figure 3.10) where correspondence produces not only 3D position of points but also

their 3D motion between time interval.



https://stoomey.wordpress.com/2008/04/18/20/
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[29] for details.

Figure 3.10: Two stereo image pairs for scene flow [29], used with permission.

To estimate scene flow, Menze and Geiger [29] use super-pixel to build 3D parametric

plane for moving objects (Figure 3.11), thus exploiting piecewise rigidity assumption. Please see

Figure 3.11: Estimated moving object, optical flow and scene flow [29], used with permission.
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3.6 TRACKING

The goal of tracking is to estimate object state such as location, speed, and acceleration over time.
Autonomous vehicles must track various traffic participants to maintain safe distance and predict
their trajectories. This is especially difficult for pedestrians and cyclists because they can have abrupt

direction change. Tracking is generally challenging for several reasons:

* objects are often partially or fully occluded,;
* objects of same class may be highly similar in appearance; and

* appearance of object can change greatly due to pose, articulation, and lighting condi-

tion during tracking time.
Traditionally, tracking is formulated as a sequential Bayesian filtering problem.

1. Prediction step: Given object state at previous time step, predict object state at cur-

rent time step using motion model that describes temporal evolution of object state.

2. Correction step: Given predicted object state at current time step, and current
observation from sensor, a posterior probability distribution of object state at the
current time is calculated using observation model that represents how observation is

determined by object state.

3. 'This process goes on recursively.

Particle filter is common used for tracking [30, 31]. However, the recursive nature of Bayes-
ian filtering formulation makes recovering hard from temporary detection failure. If tracking is
approached in a non-recursive manner, it can be thought as minimizing a global energy function
that incorporate motion smoothness constraint and appearance constancy assumption. However,
the downside of this approach is the number of object hypothesis and the number of possible tra-
jectories per object can both be large and make finding optimal solution computationally expensive.
One way to address is using heuristic to help energy minimization [32].

Another very popular formulation of object tracking is tracking-by-detection. An object
detector is applied to consecutive frames, and detected objects are linked across frames. These two
steps both face some uncertainty: missed detection and false position from detector; data associa-
tion problem when resolving combinatorial explosion of possible trajectories. These uncertainties
can be naturally handled with Markovian decision process (MDP). In [33], objects tracking is
formulated as a MDP (Figure 3.12).

* Objects have 4 types of state: active, inactive, tracked, lost. s € § = S,ie N Stracked N

Siost NS, inactive,
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© When object is detected, it is “active”.
© If the detection is considered valid, corresponding object enters “tracked” state.
© If the detection is considered invalid, corresponding object enters “inactive” state.
°© A “tracked” object can become “lost”.
° A “lost” object can re-appear to become “tracked”.
° If an object stays “lost” for sufficiently long, it becomes “inactive”.
° “Inactive” object stays “inactive”.
* All actions a € 4.
* Transition function 7% § x A—A is deterministic.
* Reward function R: § x A—R is learned from data.

* Policy n: § — A is also learned from data.

Object

Detection

Active

Figure 3.12: MDP formulation of tracking (based on [33]).

This algorithm runs as follows.

* In “active” state, object candidates proposed by detector are passed through a SVM
trained offline to decide their validity. The SVM considers features, position of candi-

dates and chooses action a1 or aj.




3.7 CONCLUSIONS

* In “tracked” state, a tracking-learning-detection based algorithm uses an online ap-
pearance model to decide if object stays in “tracked” state or goes into “lost” state. This
appearance model uses object bounding box as template. If an object stays in “tracked”

state, its appearance model updates continuously.

* In “lost” state, all templates collected during an object’s “tracked” states are used to
decide if it goes back to “tracked” state. If an object stays in “lost” state over a time

threshold, it enters “inactive” state.

Figure 3.13: Example of MDP [33], used with permission.

é

This approach achieves state-of-the-art performance on KITTT dataset, see an example in
Figure 3.13.

3.7 CONCLUSIONS

Perception as one of the core components of autonomous driving relies heavily on computer vi-
sion. In this chapter, several highly relevant areas of computer vision research have been discussed.
Problem definitions, datasets, common approaches and their strength/weakness have been covered
to provide appropriate understanding. Empowered by deep learning approaches, which is covered
in the next chapter, the field of computer vision is making rapid progress in solving various tasks
required for autonomous driving. However, a holistic, reliable, accuracy, and 3D view of surround-
ing environment through various types of sensor is still work in progress. The key issue, arguably,
is the integration of individual visual tasks that can occasionally fail into one perception system

63
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that almost never fail. This means deal with uncertainty in a principled way. This also requires not

only persistent pursuit of ever better algorithms for detection, segmentation, recognition, tracking,

structure-from-motion, 3D mapping, localization, etc., but also engineering effort to build, test,

integrate and optimize both software and hardware components.
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CHAPTER 4

Deep Learning in Autonomous
Driving Perception

Abstract

In the previous chapter, we discussed perception in autonomous driving. In recent years,
deep neural networks, also known as deep learning, have greatly affected the field of
computer vision, making signﬁcam‘ progress in solving various problems, such as image
classification, object detection, semantic segmentation, efc. Most state-of-the-art algo-
rithms now apply one type of neural network based on convolution operation, while the
freld is progressing at a rapid pace. The main driving forces behind deep learning include
the ability to deal with large datasets with ground-truth labeling, high-performance
computing facilitated by GPUs. Also, deep neural networks have sufficient complexity
to model visual perception with end-to-end training, avoiding the need for traditional
pipelines that extract manually designed features plus subsequent classification or re-
gression steps. In this chapter, we will cover selected deep-learning-based algorithms for

perception in autonomous driving.

41 CONVOLUTIONAL NEURAL NETWORKS

Convolutional neural networks, or CNN, is one type of deep neural networks that use convolution
as the primary computational operator. It was first described by LeCun et al [1] in 1988. Some
early works can be traced as far back as Hubel and Wiesel’'s Nobel-winning work on visual cortex
in 1968. They found neurons in the visual cortex area V1 which are orientationally selective and
translationally invariant. These properties, together with the concept of local receptive field, led to
the NeoCognitron [2] and eventually to LeCun’s LeNet [1]. CNN is thus a deep feed-forward
neural network with the following properties.

* Between two layers of hidden neurons, connections are not between any two neurons
in each layer, but remain “local.” In other words, a neuron in upper layer takes inputs
from only neurons in the lower layer that are close, normally within a square area. This

area is known as the neuron’s receptive field.
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* These “local” connection weights are shared spatially across neurons with the same
layer. This exploits translational invariance in visual data and significantly reduce pa-

rameter numbers of CNN model.

These properties can be thought as “implicit prior” knowledge of vision, thus making CNN
quite a powerful model in solving computer vision problems. This is perfectly demonstrated in
AlexNet [3], as it won the ImageNet image classification challenge in 2012, which essentially
accelerated the adoption of CNN in computer vision problems—nowadays, many state-of-the-art
algorithms are based on CNN. It follows naturally that CNN has become crucial to autonomous

driving perception.

42 DETECTION

Traditionally, object detection algorithms use hand-crafted features to capture relevant information
from image and structured classifier to deal with spatial structure. This approach cannot fully exploit
increasing data volume and deal with endless variations of object appearance and shape. Girschick
et al., [4] adopted a propose-then-classify approach and proved that CNN can be used to get much
better performance in object detection. Subsequent work Fast R-CNN [5] and Faster R-CNN [6]
improved both speed and accuracy (see [4, 5, 6] for detailed comparison).

Faster R-CNN divides object detection into two steps that share one underlying CNN.

1. Given input image, first generate possible regions of object: Because of various posi-
tion, scale, and aspect ratio possibilities, an efficient method is needed that cut down
the number of candidates proposed, while achieves high recall. Faster R-CNN uses
Region Proposal Network (RPN) for this purpose. RPN takes last feature map of a
CNN as input, and connect it to hidden layer of 256-d (or 512-d) using 3x3 sliding
window, and at last to two fully connected layers, one for object class, the other for
object coordinates. In order to accommodate various object sizes (128 x 128, 256 x
256,512 x 512) and aspect ratios (1:1, 1:2, 2:1), 3*3 = 9 combinations are considered
at each location. For an image of size 1,000x600, this leads to (1,000/16) * (600/16)
*9-20,000 hypothesis. CNN makes this computation very efficient. At last, we use
non-maximal suppression to remove redundancy, and keep about 2,000 object pro-

posals (Figure 4.1).
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Figure 4.1: RPN [6], used with permission.

2. Given a proposed region, judge existence of an object and its class: Additionally,
region size, location and aspect ratio are adjusted for precision. As seen in Figure
4.2, each proposed region is first projected to a fixed-size feature map by Region of
Interest (ROI) pooling layer, then through several fully connected layers and ended
up as a feature vector. Finally, object class and location/size are predicted by two

Outputs:
bbox
softmax regressor

separate branches.

Roi FC FC
pooling
layer @ DFC[]S
Conv ROI Feature
r Vector
Feature MaP For each ROI

Figure 4.2: Fast R-CNN algorithm [5], used with permission.

There are also another group of proposal-free algorithms such as SSD [7], YOLO [8], and
YOLO9000 [9]. The common theme among these algorithms is an end-to-end CNN without
proposal step. For example, SSD (Figure 4.3) uses VGG-16 network [10] as feature extractor. By

adding progressively shrinking convolutional layers on top, SSD essentially consider objects of
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various size and location. By predicting object position and class in one pass, SDD skips proposal
generation, image or feature map resizing, and thus leads to great speed (SDD300 with 58 frames
per second vs. Faster R-CNN with 7 frames per second).
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Figure 4.3: SSD network (based on [7]).

Most proposal-free algorithms can reach real-time object detection. However, as pointed in
[11], by reducing number of proposals, Faster R-CNN can be run at real-time too with similar
accuracy (obtain 96% of the accuracy of using 300 proposals by using only 50 proposals, which
reduces running time by a factor of 3). Proposal-based algorithms like Faster R-CNN have proven
to achieve best performance on PASCAL VOC benchmark. However, their performance dropped
on KITTT. This is mainly because that KITTT dataset contains objects with wide range of sizes, and
also objects that are small or heavily occluded. To address such difficulties, Cai et al. [12] propose
a multi-scale CNN. As Figure 4.4 shows, this CNN has a “trunk” that extracts features at different

scales, and also “branches” that aim to detect objects of various sizes.
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Figure 4.4: MS-CNN network (based on [12]).
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Each “branch” consists of the following key elements (Figure 4.5):

1. a deconvolution layer that increases feature map resolution for better localization

precision; and

2. a ROI-pooling layer with a slightly enlarged region to capture contextual informa-
tion. This can help improve classification accuracy.

conv4-3-2x

conv4-3

H/8 H/4
— — | —
|| 7

Trunk CNN Layers Deconvolution ROI-Pooling 12 s12 w?
Wi 22

5

02

Si2 W/4

S12

Figure 4.5: Detection branch of MS-CNN (based on [12]).

With these adjustments, MS-CNN achieves better performance in KITTI than Faster
R-CNN, especially for pedestrian and cyclist class.

43 SEMANTIC SEGMENTATION

In perception module of autonomous driving, semantic segmentation (or more broadly speaking
scene parsing) is indispensable. For example, autonomous vehicles need to understand where the
road is. This requires parsing road surface out of camera image. Semantic segmentation has long
been studied in depth in computer vision. The introduction of deep learning has helped make some
great progress.

Most CNN-based semantic segmentation work is based on Fully Convolutional Networks
(FCN) [18]. It is based on the key observation that by removing the softmax layer and replacing
the last fully connected layer with a 1x1 convolutional layer, CNN for image classification such as
VGG-19 can be converted into a fully convolutional network. Such a network can not only accept
an image of any size as input, but can also output an object/category label associated with each pixel.

One way to understand FCN is that it relies on large receptive field of higher level features
to predict pixel-level label, this is also why it sometimes has difficulty segmenting small objects,
because information from such objects are likely overwhelmed by other pixels within the same

receptive field. By observing that many local ambiguities can be resolved by considering other
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co-occurring visual patterns in the same image, it is soon realized that one key issue in semantic
segmentation is a strategy to combine global image-level information with locally extracted feature.

Inspired by spatial pyramid pooling network [19]. Zhao et al. [13] proposed pyramid scene
parsing network (PSPNet). The complete PSPNet is shown in Figure 4.6. The main component is
the pyramid pooling module in the middle. The algorithm works as follows:

1. An input image is first passed through a normal CNN (PSPNet uses residual net-

work) to extract feature maps.

2. 'The feature maps are passed through various pooling layer to reduce spatial resolution
tolx1,2x2,3x 3,6 x 6 (this can be modified) to aggregate contextual information.

3. The resulting feature maps serve as context representation; they undergo 1 x 1 con-
volution layer to shrink feature vector size to be proportional to receptive field size

of feature.

4. Finally, all these feature maps for context representation are up-sampled to original
image size and concatenated together with original feature maps out of CNN. One

final convolution layer uses it to label each pixel.
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(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction
Figure 4.6: PSPNet (based on [13]).
PSPNet experimented with several network design choices:

* Average pool or max pooling: experiments show average pooling is consistently better.

* Pyramid pooling module with multiple levels are consistently better than global only
pooling.

* Dimensional reduction after pooling is shown to be useful.

* Training with auxiliary loss helps with optimization process of deep network.
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Pyramid pooling module, together with these improvements, help make PSPNet one of the
best semantic segmentation algorithms. It won 1st place in ImageNet scene parsing challenge 2016
with score 57.21% on ADE20K dataset; and also has one of the best results in PASCAL VOC
2012 (82.6% trained with only VOC2012 data, 85.4% with pre-training on MS-COCO data) and

Cityscapes. Some examples on Cityscapes are shown in Figure 4.7.

Figure 4.7: Result examples of PSPNet (based on [13]).

44 STEREO AND OPTICAL FLOW

441 STEREO

Stereo and optical flow both needs to solve correspondence problem between two input images.
One simple and eftective way to apply CNN in matching is Siamese architecture. Content-CNN
proposed by Luo [14] is one example. Content-CNN consists of two branches of convolutions lay-
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ers side by side that share weights, one takes left image as input, the other takes right image. Their
output is joined by an inner-product layer (see Figure 4.8).
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Figure 4.8: Content-CNN [14], used with permission.

Estimation of disparity vector at each pixel is formulated as a classification problem of 128 or
256 possible values y € Y. When fed with image pair with known disparity y,, network parameter

w is learned by minimizing cross-entropy:

min{- ) Plygi)) log Ply(yel ],
i,y(0)

in which
* iis the index of pixel;
* y(7) is the disparity at pixel 7
. P(yg,) is a smoothed distribution centered at Ygt SO that estimation error is not 0; and

* P[y(i),w] is predicted probability of disparity at pixel 7.
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'This method achieves sub-second speed on KITTT’s Stereo 2012 dataset with good estimate
precision. Further post-processing can be added to enforce spatial smoothness of motion. With
local windowed smoothing, semi global block matching and other techniques, the estimation error
is reduced by 50% approximately. Such accurate 2D disparity field leads to good 3D depth estimates
as shown in Figure 4.9.

Figure 4.9: Stereo estimate on KITTT 2012 test set (based on [14]).

442 OPTICAL FLOW

To apply deep learning in end-to-end model of optical flow, we need to implement feature ex-
traction, local matching and global optimization with convolution layers. FlowNet [15] achieves
this with an encoder-decoder architecture (Figure 4.10), which first “shrinks” then “expands” con-

volution layers. In the “shrinking” part of FlowNet.
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Convolutional
Network

Figure 4.10: Encoder-decoder architecture of FlowNet (adapted from [15], used with permission).

There are two choices of network structures (Figure 4.11).

1. FlowNetSimple: This structure stacks up two images as input, and pass it through a
sequence of convolution layers. It is simple, but computationally demanding.

2. FlowNetCorr: This structure extracts feature from two images separately, then
merges their feature maps together with a correlation layer, followed by convolutional
layers. This correlation layer essentially computes convolution between features from

two input images.

Figure 4.11: Two network architecture of FlowNet (adapted from [15], used with permission).
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'The “shrinking” part of FlowNet not only reduce the amount of computation, but also facili-
tate spatial fusion of contextual information. However, this also lowers output resolution. FlowNet
prevents this by “up convolution” in “expanding” layers, using both feature map from previous layer
and corresponding layer of same size from “shrinking” part of FlowNet (see Figure 4.12).

convé

1x1

*: upsampled

Figure 4.12: “Up convolution” in FlowNet (adapted from [15], used with permission).

FlowNet achieves competitive results on KITTI dataset, with 0.15 second GPU run time.
FlowNet 2.0 [16] further improves estimation accuracy.

Another CNN-based algorithm SpyNet [17] for optical flow takes a coarse-to-fine approach
in motion estimation and uses a spatial pyramid to accomplish this. At each pyramid level, one
image is warped according to current flow estimate, then an update to the flow is computed. This
process iterates until full resolution flow estimate is obtained. It is argued through warping in this
coarse-to-fine manner, the flow update at each pyramid level is small in magnitude, thus likely to
fall within the scope of layer’s convolution kernel.

We use the following notation:

* down-sampling operation
* up-sampling operation u;
* warping operation w(Z,¥) of image I with flow field 7; and

* aset of CNN models {Gy, ..., Gg} for K levels. Each G has five convolutional layers
and computes the residual flow v, using up-sampled flow V}_1 from previous level, and
resize images (Ii , I%):

vp= Gr (s, w3, lVia)), lVi))

Vi=u(Vig) + v .
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During training, because of dependency on V), between consecutive levels, {Gy, ... , Gx}
have to be trained sequentially one by one. During inference, we start with down-sampled images
(I (1), I (2) ), initial flow estimate that is O everywhere and compute elements in sequence (¥, V...,Vk)
one at a time (Figure 4.13). At each level, input resized image pair and up-sampled 2-channel flow

are stacked together to form an 8-channel input to Gi.

Figure 4.13: Pyramid structure of SpyNet (adapted from [17], used with permission).

SpyNet reaches state-of-the-art performance on KITTT dataset. What is most impressive is

its small model size that make it a good fit for mobile and embedded environments.

4.5 CONCLUSION

Deep learning, as a powerful and generic model in computer vision, has garnered much recent in-
terest and has naturally gained importance in autonomous driving. Numerous projects have aimed
at reducing the computational demands of CNN [20, 21], or at designing special hardware for
running CNNs inside a vehicle such as Nvidia’s Drive PX computing platform.

In this chapter, only a limited number of deep learning algorithms are discussed, one or
two for each perception function. Currently, these convolutional neural networks are designed
and trained for specific purpose with large datasets with supervised learning. Such homogenous
building blocks of perception module may lead to unified model architecture that is capable of
performing multiple perception tasks at the same time, not only reducing redundant computation
but also improving overall accuracy and robustness. One key issue that needs to be addressed is
how multiple CNNs for different tasks can collaborate and share information containing inevita-
ble uncertainties from sensory data and CNN outputs. We also need more insights into the inner

working of CNNs to debug and fix their errors.
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CHAPTER 5

Prediction and Routing

Abstract

In this chapter, we will describe the Prediction and Routing modules xpecyfcally as
they apply to the autonomous vebicle planning and control framework. The Prediction
module is responsible for predicting the future behavior of surrounding objects identified
by the Perception module. It outputs predicted trajectories that are fed into downstream
planning and control modules as data input. The Routing module we describe here is
a lane level routing based on lane segmentation of the HD-maps. Routing simply tells
the autonomous vehicle how fo reach its destination by following a sequence of lanes
on the HD-maps. Its output is also used as data input by downstream planning and

control modules.

5.1 PLANNING AND CONTROL OVERVIEW

5.1.1 ARCHITECTURE: PLANNING AND CONTROL IN A BROADER
SENSE

As shown in Figure 5.1, the Map and Localization module consumes raw sensor data like point
cloud and GPS, and converts them into knowledge of where the autonomous vehicle is on the map.
The perception module is responsible for detecting objects in the surroundings of the autonomous
vehicle. These two modules are more related to perceiving the objective world, while the other
modules, including routing, traffic prediction, behavioral decision, motion planning, and feedback
control are more about the subjective perspective regarding how the autonomous vehicle predicts the
behavior of the external environment and how the autonomous vehicle plans to move.

Modules in Figure 5.1 are running on a shared central clock. Within a clock cycle, or a
“frame,” each module will independently fetches the most recently published available data from
its upstream dependent modules, performs its own computation and then publishes the result for
downstream modules to consume. Each module could be seen as independently rolling periodically
by the same clock frequency.
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Figure 5.1: Planning and control modules under narrow and broad concepts.

As a complicate system which involves both hardware and software, the autonomous driving
software system depends on the cooperation of different modules, including computing hardware,
sensor integration, perception, traffic prediction, motion planning and control, to ensure the safety
and reliability of autonomous driving. We believe that the most important thing is not any individ-
ual module, but rather how to effectively divide the big problem into sub problems and solve each
of them with a dedicated module. The cooperation of these modules, especially the collaboration
between the perception module and the planning and control modules, is critically important.

The basis for great collaboration among these modules is how to effectively divide the
scope of each module and the extent of the problem each module is designed to solve. In the
next sub-section, we will illustrate the philosophy of how we define these functional modules in a
divide-and-conquer fashion following the natural data flow and the gradual concretization of the
problem. Following this philosophy, prediction and routing modules both belong to the broader
sense of planning and control while serving as data dependencies modules, and we describe them
in detail in this chapter. Traditional planning and control modules, which include behavioral de-
cision (Decision), motion planning (Planning) and feedback control (Control), will be discussed in
the next chapter.

While techniques in this chapter and the next chapter are the mainstream adoptions in
autonomous driving, end-to-end solutions are becoming more and more popular with the rise of
artificial intelligence and their neatness. We present state-of-art end-to-end solutions in Chapter 7
of this book. Our emphasis will be put on presenting a coherent and complete working solution to
the broader problem of planning and control, which is, from various heterogeneous sensor inputs
and the map, i.e., objective consciousness of the surrounding world, to compute the actual manip-

ulation of the vehicle along with the intermediate decisions.
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5.1.2 SCOPE OF EACH MODULE: SOLVE THE PROBLEM WITH
MODULES

As shown in Figure 5.1, the routing module is an upstream module that issues top-level navigation
commands. One could easily understand the function of routing as navigating from the origination
position to the destination position by explicitly following a series of lanes. However, even though
it is like traditional navigational map service such as Google Maps in some sense, the routing mod-
ule in autonomous vehicle contains more details and usually depends on HD maps customized
for autonomous driving, therefore making it fundamentally different and more complicated than
navigational mapping services.

On the outmost of the general planning and control modules is the traffic prediction module
(ie., prediction module). The input for prediction module is the perceived objects, along with their
“objective” attributes like position, velocity and category (such as vehicle, cyclist, or pedestrian).
'The prediction module will compute the predicted trajectories for each perceived object and passes
them along to its downstream behavioral decision module. Note that we do not explicitly mention
the mapping and localization modules here as the prediction module input. Since the mapping and
localization module is very important and almost frequently used in almost every module, it could
be implemented as utility libraries such that it could be conveniently utilized anywhere.

A predicted trajectory includes both spatial and temporal information, and will be an im-
portant basis for the downstream modules to compute their output. In previous works [1], the
prediction module could be implemented as a peripheral software library either in the perception
module to fine augment its output, or in the decision/planning modules to preprocess the detected
input objects. The merit of implementing prediction as a software library is that software libraries
do not need to periodically consume data from upstream and publish data to downstream, and they
do not have states or memories. As a software library, it only exposes some API’s for function call
and returns the computation result. Hence, a software library is usually less complicated in terms of
its computation logic. A module in the autonomous driving system, on the other hand, has to take
care of consuming upstream results and publishing its computation results to the downstream in
a periodically frame-by-frame fashion. Modules usually have states that are memories of previous
frames to enhance the accuracy of computation.

As autonomous driving techniques evolve and autonomous vehicles hit the road in a more
realistic sense, the industry starts to notice the importance of traffic prediction, and hence in state-
of-art systems, the traffic prediction module is mostly implemented as an actual module rather than
software library [4, 5, 6, 7]. In this chapter, we take a modern machine learning-based approach of
formulating and solving the traffic prediction problem.

The direct downstream module of traffic prediction is the behavior decision module, which
serves as the “co-pilot” in the autonomous driving system. It takes input from both the traffic pre-

diction and the routing module. From these inputs, the behavioral decision module generates com-
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mands, which determines how the vehicle should be manipulated. Examples of these commands
include follow the vehicle in front on the current lane, stop behind a traffic light stop line and wait for the
pedestrian to finish crossing, or yield to a cross vebicle at a stop sign.

"The behavioral decisions include decision on the autonomous vehicle itself as well as behav-
ioral decisions on any perceived or map object. In more details, for example, there is a perceived
object on the same lane the autonomous vehicle is currently at, and the routing module informs the
autonomous vehicle to keep on the current lane. The decision against the autonomous vehicle itself
(a.k.a. synthetic decision) could be keep lane, while the decision against the perceived vehicle in front
(a.k.a. individual decision) could be follow it. The behavioral decision for each individually perceived
obstacle will be converted to optimization constraints and costs in motion planning.

'The behavioral decision for the autonomous vehicle itself is synthesized from all these indi-
vidual behavioral decisions, and is thus addressed as synzhetic decision. Such synthetic main decision
is necessary for determining the end state motion conditions in motion planning. The detailed
design of the behavioral decision output command set could be different depending on the imple-
mentation. Modern autonomous vehicle systems are more inclined to designing and implementing
the logic of behavioral decision as an individual module. However, in fact, there are also approaches
where the logic and role of behavioral decision are incorporated into downstream modules such as
motion planning [1, 2, 3].

As we mentioned the importance of collaboration of the modules, the business logics of the
upstream behavioral decision module and the downstream motion planning module should be co-
herent. This means the motion planning module honors exactly the same behavioral decisions as the
behavioral decision output, and executes them when making trajectorial plans for the autonomous
vehicle. While the command set of behavioral decisions aims to cover as many traffic behavioral
scenarios as possible, it is not necessarily meant to be complete. Naturally, there are certain vague
scenarios where even human drivers will not have explicit behavior decision but rather a vague sense
of collision avoidance. The explicit command set of behavioral decision is beneficial for diagnose
and debugging, but what actually matters is how these behavioral decisions are transformed into
certain constrains or costs in motion planning. In the worst or oddest scenario where a reasonable
individual decision could not be made, implicit cost of collision avoidance will be the defau/t indi-
vidual decision to pass down to motion planning.

Simply speaking, motion planning solves the problem of how to move from point A to point
B via a planned path or trajectory. It is an optimization problem to search for a local path from
point A to point B, where point A is usually the current location and point B could be any point in a
desired local region, for example, any point that sits on the desired lane sequences. Motion planning
takes the behavioral decision output as constraints, and the routing output as goals.

Compared with behavioral decision, the problem that motion planning solves is more

concrete. It must compute the trajectory along with trajectory points which consists of location,
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heading, velocity, acceleration, curvature, and even higher-order derivatives of these attributes. As
we emphasis on the collaboration among these modules, there are two important rules that motion
planning module has to enforce. First, the planned trajectory has to be consistent among consecu-
tive planning cycles, ensuring that the trajectories of two consecutive cycles should not dramatically
change if the external factors have not changed much. Second, motion planning has to ensure that
the planned trajectory is executable by the downstream feedback control module, which usually
indicates that attributes like curvature or the curvature derivative has to be continuous and smooth
enough such that they do not violate the physical control limits.

Note that, in Figure 5.1, mapping and localization info, as well as perception output, are also
fed directly into the motion planning and behavioral decision modules. This seems to be redun-
dant in system design. However, it helps to ensure security as a backup for the traffic prediction.
Also during the processing of traffic prediction, new obstacles might be detected. In both cases of
prediction failure and newly introduced obstacles while prediction is computing, the redundant
perception information, along with easily accessible mapping and localization utility library, will
help to ensure that the behavioral decision and motion planning modules will at least have some
basic object information to make necessary collision avoidance.

At the bottom is the feedback control module, which directly communicates with the vehicle
control via CAN-BUS. Its core task is to consume the trajectory points of the planned trajectory,
and computes the actual drive-by-wire signals to manipulate break, wheel, and throttle. Such com-
putation is usually performed so that the actual vehicle path conforms to the planned trajectory
as closely as possible, while also taking considerations of the physical model of vehicle and road.

The modules described above are the core modules within the general concept of autono-
mous vehicle planning and control. The philosophy of such divide [1, 2] is to effectively and rea-
sonably decompose the complicated problem of autonomous driving planning and control into a
series of sub-problems. When each module is focused on solving its own problem, the complexity
of autonomous vehicle software development could be greatly reduced by modulization and par-
allelization, and the efficiency of research and development is hence significantly improved. This is
the benefit of our proposed solution. In essence, behavioral decision, motion planning, and feedback
control are solving the same problem at different levels. And given their positions along the data
stream flow, their computation results are relying on each other. An important consideration when
implementing these modules is to keep the computation consistent and coherent. A general rule
of thumb is when conflicts happen, it is best practice to push the upstream module to solve the
conflict, rather than make the downstream module to adapt.

In the following sections, we will describe the divided modules following the order of from
upstream to downstream. Again, we will emphasis on the problem definition and formalization

under specific scenarios that each module will face, rather than enumerate all possible solutions.

We do provide one or two viable solutions by presenting them mathematically and algorithmically.
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With this unique style, we aim to bring a holistic picture depicting a comprehensive solution to the

general planning and control problem in autonomous driving.

5.2 TRAFFIC PREDICTION

As the direct upstream module of planning and control modules, the traffic prediction module (also
in short Prediction) aims to predict the behaviors of detected perception objects in the near future,
providing the details of the prediction results with spatial-temporal trajectory points, and pass them
along to downstream modules.

Usually the detected perception obstacles have attributes of position, velocity, heading, ac-
celeration, etc. Such information is more on the kinematic side. Considering simple physical rules
along with attributes, an immediate prediction could be reasonably made. However, the objective
of traffic prediction is not just immediate prediction given the physical attributes, but more about
a behavioral level prediction which usually spans for a period of a few seconds. Such predictions
have to take multiple factors into consideration, such as historical behavior, surrounding scenarios,
and map features. For example, at a traffic junction as shown in Figure 5.2, traffic prediction needs
to predict whether the vehicle will keep straightforward passing the junction or make a right turn,
and whether the pedestrian at the roadside will cross the junction or stay still. These behavioral pre-
dictions are mostly categorical, and could be formalized into classification problems and solved by
machine learning methods [8, 9, 10]. But mere behavioral level prediction is not enough, since we
mentioned that the actual outputs of traffic prediction are predicted trajectories which consists of
trajectory points with timing information, speed, and headings. Therefore, we formalize the traffic

prediction problem into two sub-problems.

* Classification problem for categorical road object behaviors: For example, if a ve-
hicle will change lane or keep current lane, or if a pedestrian will cross an intersection

and so on.

* Regression problem for generating the predicted path with speed and time info: For
example, when crossing an intersection, the speed of a pedestrian might not change
much, but when a vehicle makes a turn, it usually deaccelerates and then accelerates,

which depends on the length and curvature of the turn.
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Figure 5.2: Traffic prediction for objects on the road.

5.2.1 BEHAVIOR PREDICTION AS CLASSIFICATION

'The behavioral prediction problem for road objects is usually dependent on the type of the object.
A vehicle’s behavior might be keep current lane, make a turn, or change lane, while cyclists and pe-
destrians have significantly difterent possible behavior. Given the distinctions of these behaviors,
the machine learning based model is usually customized for each category instead of applying a
unified model. We will focus on the behavioral prediction for vehicles since vehicle behaviors are
more structural.

Even the behavioral prediction for vehicle is not a trivial problem. At the first glance, one
might be thinking that the classification model could be built on keep lane, switch lane or making a
turn individually. However, our experiences indicate that this approach is not scalable, because real
map is complicated. For example, there could be multiple right or left turn lanes, and intersections
are not always four-way. In addition, there are scenarios that the successive lane for the current lane
is naturally a right turn and there are no other choices without violating traffic rules. Therefore, we
cannot choose the categories of behavior based on distinctive maps or scenarios since it will make
the classification categories (“labels” in the classification problem) overwhelmingly complicated

and not scalable.




90 5.PREDICTION AND ROUTING

To decouple the classification label with map scenarios, we propose a novel method of de-
fining the behavior classification problem as “whether the vehicle will follow a finite set of lane
sequences given current and historical information.” This method will somehow depend on the lane
segmentation and mapping. And we believe it is a reasonable assumption since vehicles generally
follow lanes on map to make their movement. At any moment, a vehicle could take different paths
as following different series of lanes (or lane sequences). As shown in Figure 5.3, the vehicle is
currently at Lane-1 at time £ There are three possible legal lane sequences that the vehicle could

tollow, which indicates three possible trajectories defined by different behaviors:

1. Trajectory 1: Lane 1, Lane 2, Lane 3, which represents a right turn at junction;

2. Trajectory 2: Lane 1, Lane 6, Lane 8, which represents straight through the junction;
and

3. Trajectory 3: Lane 1, Lane 4, Lane 5, Lane 7, which represents first switch to a par-
allel lane and then straight through the junction.
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Trajectory c Lane 1, Lane 2, Lane 3
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Trajectory 0 Lane 1, Lane 4, Lane 5
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Figure 5.3: Formulate behavioral traffic prediction problem as binary classification problems on lane

sequences.

Assume that at time #+w, the object vehicle is now at Lane 8, through the sequence of Lane

1, Lane 6, and Lane 8. Then Trajectory 2 becomes an example with positive label, and the other
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two trajectories, Trajectory 1 and 3, become examples with negative label. Under this innovation
of “classifying whether a certain lane sequence will be taken,” we can extract trajectories and assign
them with positive or negative label by replaying back the data (which is usually recorded as a ROS
bag file). One might also wonder, if at time #+w, the vehicle is located at the intersection of Lane
2 and Lane 6, then what are the labels for Trajectory 2 and 3? It turns out that under this circum-
stance, both trajectories could be labeled as positive since there is simply not enough information
to distinguish whether the vehicle will process straight or take the right turn. The model will likely
output two predicted trajectories. As the vehicle approaches the intersection and its pose starts to
interact more with its intention, the model will then likely pick up the only one trajectory given its
historical features.

To conclude, we can formulate the behavioral prediction problem of on-road vehicles, into
a binary classification problem of “whether the vehicle will take a certain lane sequence.” Under
this novel abstraction, we no longer need to care about what the context is by taking a certain lane
sequence (right turn, left turn, or switch lane, etc.). And we can build one unified machine learning
model (a binary classification model) with this notion. The only dependency we rely on is the defi-
nition and segmentation of lanes, which is inevitable since the vehicle mostly follow lanes to move
and so are our predicted trajectories.

Here we impose an assumption that vehicles follow certain logical or structural sequence of
lanes. This assumption might seem very restrictive at the first glance. However, it is very important
for a machine learning approach to start with learning certain structured “reasonable” behavioral
rather than learning the unrestricted behavioral. In addition, since we take a learning approach,
the amount of data we could accumulate puts a restriction on the complexity of learning model
we can choose. Therefore for traffic prediction in autonomous driving, it is actually easier to start
with learning and understanding these logic and legal behaviors first. Indeed, “illegal” behaviors of
following logically unconnected lanes could happen. But once we have a good model of the legal
behaviors and enough training data, we could ease the learning model to enclose these more weird
behaviors. For example, one could lift the restriction of lane sequence, but only put constraints on
the starting and ending lane. After all, we would like to emphasis that building a traffic prediction

model based on lane sequence is a very effective approach for most cases.

Feature Design for Vehicle Behavior Prediction

As we discussed, the labeling of the lane sequence based classification problem, feature engineering
and design is another critical aspect of building a working machine learning classifier. With the ve-
hicle behavioral prediction problem, we could consider three categories of possible features: vehicle
history features, lane sequence features, and surrounding object features (as shown in Figure 5.4).

We will elaborate them one by one.
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will more likely to be taken than the lane sequence which represents going straight, if there are no
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1. Vehicle history features: We could consider a historical window of w frames. For

each frame, the vehicle which we want to predict will have its absolute position as well
as its relative position to the lane. This category of features could represent historically

how the vehicle have moved along the current lane or even previous lanes.

. Lane sequence features: Note that the expanded lane sequence is an instance which

we want to classify if the vehicle will take or not. Therefore, we sample some points
along this designated lane sequence. For each of these sampled “lane points,” we
can compute its attributes which represents the expanded lane sequence shape. For
example, the heading, curvature, distance to boundary of each lane point relative to
the lane it belongs to, could be extracted as lane sequence features. This category of

teatures could represent how the shape of the designated lane sequence to be taken.

. Surrounding object features: This category of feature is harder to compute, and it

captures the objects surrounding the vehicle to predict. This is because sometimes not
only the lane shape or the vehicle historical pose but also the surrounding objects, will
determine its future behavior. For example, if we consider the left and right adjacent/
parallel lanes, we could project the target vehicle to the left and right adjacent lane.
Then we could compute the forward distance between.

A detailed feature vector proposal is listed in Figure 5.4. Conceptually speaking, for example,
if a vehicle has been moving closer towards the right boundary of lanes with its heading gradually

leaning also towards right, it is highly possible the lane sequence which represents a right-turn
significant surrounding objects which may deter the vehicle to do so.

Model Selection for Vehicle Behavior Prediction

Even though the above-mentioned features cover most of the information pertaining to the vehicle
and its surroundings, it is not meant to be a complete feature set, but rather a suggestion of feasible
feature set based on our experience. In addition, in machine learning, features are associated with
the model. Therefore, these features might be adapted to specific machine learning models. There

are two types of models we can utilize to serve as the purpose of predicting the behavior.

1. Memory-less models: Such as SVM (Support Vector Machine) [11] or DNN (Deep

Neural Networks) [12]. These models are memory-less because the model stays the
same once trained. And the output is not dependent on previous input instances.
With this type of models, if we want to capture historical information, we need to
explicitly encode them into the features. For example, we may take multiple historical

frames of the vehicle information, extract features from each of these frames, and use
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these extracted features for both prediction and training. In fact, the proposed feature

set in Figure 5.4 takes vehicle historical information into consideration.

2. Memory models: Such as Long Short-Term Memory (LSTM) models with RNN
(Recursive Neural Networks) structures [13, 14]. These models have memories since
the output will be dependent on the input. However, such models are much more
difficult to train. With models like RNN, the input could just be the current frame
information such as current vehicle feature and current surrounding object features.
The model will somehow “memorize” previous inputs with model parameters, and

these previous inputs will influence the current output.

Which model to choose is dependent on the specific scenarios. Under scenarios where the
mapping and surrounding environment are not very complicated, it might be just enough to use the
memory-less models. If the traffic condition is very complicated, one might want to leverage mem-
ory models such as RNN to fully handle the historical information. When considering the engi-
neering implementation, memory models are easier to implement online since they could only take
current information as input and the model itself memorizes historical info, given that training and
tuning memory models are much more difficult. For memory-less models, they are usually more
sophisticated to implement in an online system. The reason is that historical information usually
need to be fed into the model as features, and the online system must store historical information
online for feature extraction. Ideally, the time window "w" could be as longest time limit that the
perception module could track an object. In a typical traffic prediction module, "w" could be set
to a fixed length such as 5 s. The predicted trajectory should cover either a minimum distance or a
minimum time of length. If we choose 5 s as the “memory” length, the predicted trajectory could be
at most 5 s, but is more reliable for shorted time window for example 3 s. However, the exact theo-
retical limit of how much historical data is necessary for accurately predicting the future behavior is
beyond the scope of this book. The important metrics in behavioral prediction are the precision and
recall. Precision represents for all the predicted trajectories, how many of them are actually taken
by the object vehicle. And recall means for all the actual behavioral trajectories, how many of them
have been predicted. Since the traffic prediction module outputs predicted trajectories each frame,

these two metrics are computed by aggregation of predicted trajectories in all the frames.

5.2.2 VEHICLE TRAJECTORY GENERATION

Given that the behavior of a vehicle has been determined, the prediction module needs to generate
the actual spatial-temporal trajectory which follows the predicted lane sequence. One possible sim-
ple solution is based on physical rules and certain assumptions. We propose using a Kalman-Filter
to track the lane-based map coordinates of the vehicle. The core underlying assumption is that a

vehicle will gradually follow the center line (also known as “reference line”) of lanes. Therefore, we
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use a Kalman-Filter to track the (s, /) coordinates of the vehicle’s predicted points on the trajectory.
Simply speaking, s represents the distance along the central reference line of a lane (the longitudinal
distance), and / represents the lateral distance which is perpendicular to the s direction at any point.
'The lane-based map coordinate system will be elaborated in motion planning in Chapter 6. The

motion transformation matrix of the Kalman-Filter is:

() () 0 (= (3 - 59

For each predicted lane sequence, we could maintain a Kalman-Filter to track the predicted
trajectory for this specific lane sequence. In the state-transfer matrix A, how fast the predicted
trajectory will approximate the central reference line is controlled by the parameter f,. With each
prediction cycle, f; could be adjusted in the Kalman-Filter measurement update, and therefore
the speed at which the vehicle approximates the central line will be affected by historical observa-
tions (measurement). Once f, has been fixed, we can do the prediction step of the Kalman-Filer
for a certain number of steps and generate the trajectory point for each future frame of the pre-
diction trajectory.

In addition to the above-mentioned rule-based method, possible machine learning-based
solutions could also be used in trajectory generation. The advantage of a machine learning-based
model in trajectory generation is that it could leverage historical actual trajectories and aim to
generate trajectories more like the history than the rule-based trajectories. Regressions models in
machine learning are appropriate here in this scenario. One could feed historical vehicle infor-
mation as input features and try to build models to capture the actual paths of vehicles. However,
our viewpoint is that the actual trajectory is much more difficult to model and it is of less impor-
tance than the behavioral itself. We mention this possibility and interested readers can explore
the related work in [18]. One might note here while drawing the actual trajectory for an objective
vehicle, we take a simple reference-line based approach here. In fact, all the motion planning
techniques for computing motion trajectories could be applied here for obtaining the trajectories
for other object vehicles.

In conclusion, we formalized the traffic prediction problem into two phrases: first predict the
behavior and then computes the actual trajectory. The first behavior prediction problem is articu-
lated as binary classification problems on each possible lane sequence, while the second problem of
computing actual spatial-temporal trajectories could borrow any techniques in motion planning. In
the behavior prediction problem, interactions among different object vehicles have not been explic-
itly considered, since introducing the mutual impact of various vehicles would bring an exploding
effect of the complexity. However, there is one viewpoint that if the prediction frequency is high

enough, interactions among object vehicles could be implicitly incorporated.



Vehicle History Features

Consider [t-w+1, t] frames, and for
each frame, extract the following
features:
» Longitude and latitude posi-
tion on the lane;
» XY-based position;
» Speed, heading, and acceler-
ation;
» Heading and curvature of
the projected lane reference
point; and
» Relative distance to lane
boundaries.
In addition, vehicle’s length, width,
and height are also extracted as

features.

Lane Features

Consider v points sample along the
central reference longitudinal di-
rection of the target lane sequence
to be classified, extract the follow-
ing features from each lane point:
» Relative longitudinal and lat-
eral position;
» Heading and curvature;
> Distance to the left and right
boundaries; and
» Lane turn type of the sam-
pled lane point.
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Surrounding Obstacle Features

Consider obstacles on two spe-
cific lane sequences: the target lane
sequence to be classified and the
current lane sequence (i.e., natural
expansion of successor lanes). These
two sequences might be the same.
Project the target object on each
lane sequence, and consider this
projection as reference. Find the
closet vehicles before and after this
reference position. Extract features
from these two vehicles:

» Relative longitudinal position
to the projected reference
point;

» Lateral position, speed, and
heading of these closest front

and rear vehicles.
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Figure 5.4: Three categories of features for classifying if a lane sequence will be taken.
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5.3 LANE LEVEL ROUTING
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Figure 5.5: Routing output on lane levels defined by the HD map.

On top of the planning and control modules is the lane level routing module, which we call Rouz-
ing in short. Here the routing module is significantly different from navigational maps as Google
Map. Traditional navigational map solves the problem of getting from point A to point B via a
series of roads. The minimum element for such navigation could be a specific lane on a specific
road. These lanes and roads are naturally defined by the real road signs and segmentations. Even
though the routing problem for autonomous vehicle also solves the problem of getting from A to
B, its output is not for human drivers, but rather serving as an input of the downstream modules
such as behavioral decision and motion planning. Therefore, the extent of lane-level route planning
has to reach the level of lanes defined by HD-maps. These HD map-defined lanes are not the same
as the naturally divided lanes or roads. As shown in Figure 5.5, the arrows represent the HD map
level lane segmentation and directions. /aney, lane;...... laneg constitute a routing output sequence.

One can easily see that the HD map-defined lanes are not necessarily natural lanes and correspond



5.3 LANE LEVEL ROUTING 97

to actual lane markers. For example, lane,, lanes. .. lane; represent the “virtual” turning lanes as per
defined by the HD map. And, similarly, a relatively long lane on a natural road could be segmented
into several lanes (for example /anes, laney).

As the top upstream module of the broad planning and control modules, the output of
routing is heavily dependent on the creation of HD map. Given the “Road Graph” and lane seg-
mentations defined in the HD map, and under certain predefined optimal policy, the problem that
routing aims to solve is to compute an optimal lane sequence from source to destination for the

autonomous vehicle to follow:
{(lane;, start_position;, end_position;)},

where (lane;, start_position;, end_position;) is called a routing segment. A routing segment is iden-
tified by its belonging /ane;, andstart_position;, end_position; represent the starting and ending

position along the central reference line of the lane.

5.3.1 CONSTRUCTING A WEIGHTED DIRECTED GRAPH FOR
ROUTING

A distinctive characteristic for autonomous driving routing is that the routing module has to take
into consideration the difficulties of certain motions for autonomous vehicles to execute while plan-
ning the optimal routes. This is a significant difference from traditional navigational map services
such as Google Map. For example, autonomous driving routing will avoid switching to parallel lanes
since the motion planning module will require more space and time to fulfill this motion and it is in
our best interest for safety to avoid generating routing segments which do require such short-dis-
tanced lane switching. Therefore, we shall assign a high “cost” for such possible routes. In short, the
difficulties of an autonomous vehicle to perform certain actions might be very different comparing
with human drivers, and hence the routing module will be customized to adapt to the driving of
autonomous vehicle motion planning module. In this sense, routing output for autonomous vehicles
is not necessarily the same as ordinary navigational routing outputs for human drivers.

We abstract the autonomous vehicle HD map-based routing problem, into a shortest path
search problem on a weighted directed graph. The routing module will firstly sample several points
on the HD map lanes within a certain proximity of the autonomous vehicle’s current location.
These points are called “/ane points”, which represent possible locations on a lane the autonomous
vehicle might visit while following the lane. There are directed edges connecting the lane points
which are proximate to each other (see Figures 5.6 and 5.7). If we do not allow backing on a lane,
lane points are only connected to each other along the direction of the lane. The weight of the edge
connecting the lane points represent the potential cost for the autonomous vehicle to move from

the source lane point to the destination lane point. The sampling frequency of lane points has to
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ensure that even short lanes will get sufficiently sampled. Edge connections between lane points
have an obvious characteristic of locality. Adjacent points along the direction of lane are naturally
connected with a directed edge with the same direction as the lane. In addition, lane points on dif-
ferent lanes are also connected. An obvious case, as shown in Figure 5.6, is that the last lane point of
a lane is connected with the first lane point of its successor lane. Also for two parallel lanes, the lane
points are connected to each other if a legal lane switch could be made. Figure 5.6 demonstrates
a possible cost configuration for the edges connecting lane points. We could set the cost of edges
connecting lane points within the same lane to be 1. The cost of connecting to a right turn lane is
set to be 5, and connecting to a left turn lane costs 8. Cost of moving along lane points is 2 within
right turn lanes and 3 within left turn lanes. To emphasis the cost of switching lanes, cost of an edge

connecting lane points in two different parallel lanes is set to be 10.
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Figure 5.6: Costs of edges connecting lane points under scenarios of Right Turn, Left Turn, and
Switch Lanes.

Under the cost configuration of Figure 5.6, we compare two different routes in the same
road graph shown in Figure 5.7, both from the same source lane point (point A) to the same des-
tination lane point (point B). Route 1 starts from Lane 1, and keeps straightforward (Lane 4) at
the bottom-left intersection. Then at the top-left intersection, it makes a right turn (Lane 5), and
then keeps straight following Lane 10 and Lane 11, and finally reaches the destination via Lane
12; Route 2 also starts from Lane 1, but takes the right turn (Lane 2) at the bottom-left intersec-
tion and enters Lane 3. Then it makes a parallel lane switch to Lane 6, and takes a left turn (Lane
7) at the bottom-right intersection, which connects to Lane 8. At the top-right intersection, it
follows the right turn Lane 9 and also enters Lane 12 to reach the same destination B as route 1.
Even though the total length of Route 2 might be smaller than Route 1’s total length, the Routing
module will prefer Route 1 under the cost configuration of Figure 5.6. Assuming that the cost of
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the edge connecting two lane points whose endpoint stays on a non-turn lane is 1, the total cost of

Route 1 is 23, while total cost of Route 2 is 45.

Minimum Cost Path Problem on a Weighted
Directed Graph of Lane Points

— ~ o o Q P
3 NC S SC SN |
' s I Ik I I

L10 L11

Route 1:
L1,4,5,10,11,12

L4

L1 Route 2:
L1,2,3,6,7,8,9,12

Figure 5.7: Routing as a minimum cost path problem on lane points connected weighted graph.

5.3.2 TYPICAL ROUTING ALGORITHMS

With the Routing problem in autonomous driving formalized in Section 3.1, we now introduce two

typical routing algorithms: Dijkstra [15] and A*[16].

Dijkstra Algorithm on Autonomous Vehicle Routing

Dijkstra is a very common shortest path algorithm in graph theory. Proposed by Edsger W. Dijkstra
in 1959 [15], the algorithm solves the shortest path from a source node to a destination node on a

weighted graph. Applying the algorithm on the formalized lane point-based routing, the detailed

algorithm is described as follows.

1. From the HD map interface, read the connected lane graph information data within
a radius range, sample lane points on the lanes, and construct the lane point con-
nected graph as described in Section 5.3.1. The lane point closest to location of the
autonomous vehicle (as the “master vehicle”) is set as the source node, and the lane

99
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point closest to the destination is set as destination node. Set the source node costs
to all the other node as infinity (i7f), which indicates that cost between source and

destination node is infinity. Cost to the source node itself is 0.

2. Set the current node to the Source Lane Point. Label all the other lane points as un-
visited and put them into a set (unvisited set). In the meantime, we maintain a map
(prev_map) which maps a lane point to its Predecessor lane point. This map stores the

mapping of a visited lane point to its Predecessor lane point on the shortest path.

3. From the Current Lane Point, consider all the adjacent lane points which are unvisited
and compute the fentative distance to reach these unvisited lane points. For example,
the current lane point X is labeled distance of 3, and the distance between X and Y is
5.'Then the tentative distance to Y could be 3 + 5=8. Compare this tentative distance
to Y’s current labeled distance. If Y’s current labeled distance is smaller, we keep it.
Otherwise replace Y’s current labeled distance as this new tentative distance and

update the prev_map accordingly.

4. For all the unvisited lane points connected to the Current Lane Point, repeat the
process in Step 3. When all the adjacent lane points of the Current Lane Point have
been processed, set the current node as visited and remove it from the unwvisited set.
'The lane points which are removed from the unvisited set will no longer be updated

for their labeled minimum distances.

5. As long as our destination point is still in the unwvisited set, keep extracting lane
point from the unvisited set and make it the current node and repeat Steps 3 and 4.
'The process will end when our Destination Lane Point has been removed from the
unwvisited set or the lane point node with minimum fenfative distance in the unvisited
set is infinity, which indicates that within a certain radius there is no possible way to
reach the nodes remaining in the unwvisited set from the Source Lane Point. The latter
case means no routes available or a routing request failure, in which case the routing
module needs to notify the downstream module or tries to re-route by loading the

road graph information with a larger radius range.

6. If a shortest distance path has been found, construct and return the actual shortest

path from the prev_map.

The pseudo code implementing the Dijkstra algorithm on the weighted directed graph of
lane points is shown in Figure 5.8. Lines 2-16 is the typical Dijkstra algorithm that constructs the

table of minimum tentative distances between lane points. Then from lines 17-22, based on the

mapping of the minimum tentative distance corresponding Predecessor lane point, the algorithm
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constructs the actual shortest path by traversing the prev_map one by one. The output of the algo-
rithm is a sequential list of lane points, which we cluster into actual routing lane segments as {(/ane,
start_position, end_position)} in line 23.

Figure 5.8: Dijkstra implementation of routing based on weighted directed graph of lane points.

'The lane point graph we constructed has ¥ nodes and E edges. Using a minimum priority
queue to optimize extraction of the node with minimum distance at line 10, the running complexity

of Dijkstra-based routing could be O(|E| + Viog|V]) .

A* Algorithm on Autonomous Vehicle Routing

Another very popular routing algorithm which could be used for autonomous vehicle routing is
the A* algorithm. A* is a heuristic based search algorithm. Like the breadth first search (BFS) and
depth first search (DFS), A* also searches the space according to some metrics. It could be viewed
as a “merit-based” or “best-first” searching algorithm.

A* will maintain a set of nodes, called gpenSer, which contains potential nodes to expand for
searching. In every loop, A* will extract the node with minimum cost to expand for searching. The
cost of the node f{v) to extract has two contributing parts: f{v = g(v + A(v). First, in the search tree
of A*, every node will have a cost representing the cost of getting from the source node to this node,

denoted as g(v); meanwhile, every node v has a heuristic cost denoted as A(v). The heuristic cost
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A(v) represents an estimate of the minimum cost of getting from the current node to the destination
node. When the heuristic (v) satisfies certain properties, A* is guaranteed to be able to find the
minimum cost path from source to destination. In every loop of the A* searching process, the node
with the minimum cost of f{v = g(v + A(v) will be expanded until the destination node is expanded.
'The detailed algorithm implementation is as Figure 5.9, in which the function reconstruction_route

in line 11 is similar as the routing reconstruction part in the Dijkstra algorithm.

Figure 5.9: A* Algorithm on autonomous vehicle routing.

As a heuristic based search algorithm, when the A() satisfies the admissible [16] property,
meaning that the minimum cost estimation A(v,ds#) never exceeds the actual minimum cost, then
the A* algorithm could always find the minimum path. When this property is not satisfied, there
is no guarantee that A* will find the minimum path. Under the scenario of autonomous vehicle
routing, with the Lane Point connected graph, one way to define the heuristic measure between any
two lane points A and B is: A(u,v) = dist(u,v). The dis«() represents the Mercator [17] distance for
two lane points under the earth geographical coordinate system. A* as a best-first search algorithm,
could be viewed as an extension of the Dijkstra algorithm. Vice versa, the Dijkstra algorithm could

be viewed as a special case of A* where the heuristic A(z,v) = 0.
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5.3.3 ROUTING GRAPH COST: WEAK OR STRONG ROUTING
In practice, the choice of algorithm is usually not as important as the configuration of costs in
autonomous vehicle routing. How to adjust the costs between the lane points, as demonstrated in
Section 5.3.1 is the critical factor in building a working routing module. For example, if we know
from dynamic traffic information that a road is very crowded, then we could put high costs on edges
connecting the lane points belonging to this road such that the routing could avoid this congested
lane; similarly, if there is traffic control for certain roads, we could also set the cost of connecting
to lane points on the roads to be high enough (like infinity) such that these lanes could be less
preferred or avoided in the search algorithm. In addition, the costs between lane points could be
dynamically adjusted to reflect certain lane preferences over other lanes. Considering the fact that
actual road graph information data is very large, the routing module could usually pre-load the road
graph and construct the lane point graph in an ad-hoc fashion. If route to destination is not avail-
able given a small radius of road graph loaded, it is possible that the routing module could re-load
a larger radius of road graph data, re-constructs the Lane Point graph and re-computes the routing.
There are typically two types of routing requests: the first type is usually when the auton-
omous vehicle starts its journey and the passenger sets the source and the destination by sending
a routing request; the second type of routing is usually initiated by downstream modules (such as
Behavior Decision or Motion Planning). Here we introduce the notions of strong routing and weak
routing. Strong routing implies that the downstream modules will strictly follow the results of the
routing module. This means in the sense of lane by lane, the decision and planning modules will do
their best to stay on the routing designated lanes. When they could not possibly follow the lanes
of routing, they will send a re-routing request, as described in the second type of routing requests.
For weak routing, downstream modules will not strictly follow the routing result under certain
necessary scenarios. Weak routing will lead to the actual lane sequence taken to be different from
the routing result, or in other words, different autonomous vehicle behavior. Consider a scenario
where the routing output indicates the autonomous vehicle needs to stay on the current lane. Let’s
assume that there is a slow-moving vehicle on the current lane in front of the autonomous vehicle.
With strong routing, the autonomous vehicle will reduce speed and just fo/low the slow vehicle in
front. However, with weak routing, the autonomous vehicle might take the action of switching to
the adjacent parallel lane, head-pass the slow vehicle, and then merge back to the previous lane as
most human drivers will do. In dependent of strong or weak routing, whenever emergency accidents
happen or there is necessity to perform urgent maneuvers, the downstream modules will act with

the rule of safety first, and a re-routing request will usually be sent in such cases.
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5.4 CONCLUSIONS

We discussed the prediction and routing modules in this chapter. Both are not within the tradi-
tional planning and control concept of modules. However, with our proposed broader sense of
planning and control framework, both Prediction and Routing generate inputs for the traditional
motion planning. Therefore, we incorporate them within the broader planning and control frame-
work. Traffic prediction is abstracted into a two-layered behavior classification and trajectory
generation problem, and our proposed routing here is a lane-level routing which navigates our
autonomous vehicle to its destination via the routed lane sequences. With the predicted trajectory
and routing ready, we will describe typically traditional planning and control modules, including

behavioral decision, motion planning, and feedback control, in the next chapter.
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CHAPTER 6

Decision, Planning, and Control

Abstract

In this chapter, we continue with our discussion on the general planning and control
modules by elaborating bebavior decision, motion planning, and feedback control De-
cision, planning, and control are the modules that compute how the autonomous vehicle
should maneuver itself. These modules constitute the traditional narrow concept of plan-
ning and control. They all solve the same problem of how the autonomous vehicle should
handle itself, however at different levels of the problem abstraction.

6.1 BEHAVIORAL DECISIONS

'The behavior decision module acts as the “co-driver” in the general autonomous vehicle planning and
control modules. It is the module where most of the data sources get consumed and processed. Data
sources fed to the decision module includes, but not limited to, information about the autonomous
vehicle itself including location, speed, velocity, acceleration, heading, current lane info, and any sur-
rounding perceptual objects information within a certain radius. The mission of behavioral decision
module is to compute the behavioral level decision given all these various input data sources. These

input data sources may include the following.

1. The routing output: A sequence of lanes along with the desired starting and ending

position (where to enter and leave along the lane).

2. The attributes about the autonomous vehicle itself: Current GPS position, current
lane, current relative position given the lane, speed, heading, as well as what is the

current target lane given the autonomous vehicle location.

3. The historical information about the autonomous vehicle: In the previous frame
or cycle of behavioral decision, what is the decision output? Is it to follow, stop, turn,

or switch lanes?

4. Obstacle information around the autonomous vehicle: All the objects within a

range radius of the autonomous vehicle. Each perceived object contains attributes
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like located lane, speed, heading as well as their potential intention and predicted
trajectories. The object and its attribute information mainly come from the perception

and prediction module output.

5. Traffic and map objects information: The lanes and their relationships as defined by
the HD map. For example, Lane 1 and Lane 2 are adjacent, and it is legal to make
a lane switch. Then what is the legal range for switching lanes? Another example
is, when we finished a straight lane and need to enter into a left-turn lane, is there
a traffic light or stop-sign or pedestrian cross-walk at the connection of these two
lanes? This kind of information comes from the mapping module as well as from the

perceived dynamic traffic signs (e.g., traffic light green or red).

6. Local trafhic rules: For example, the city speed limit or if it is legal to make a right-
turn at the red light.

'The goal of behavior decision module is to leverage all these pieces of information and make
effective and safe decisions. It is easy to see that the decision module is where all the data sources
get considered. Due to the heterogeneous characteristic of these data sources, and especially the di-
versified local traffic laws, it is very difficult to formulate the behavioral decision problem and solve
it with a uniformed mathematical model. It is more suitable to use advanced software engineering
concepts and design a traffic rule based system to solve this problem. In fact, an advanced rule based
behavior decision system has been found in many successful autonomous driving systems. In the
DARPA challenge, Stanford’s autonomous driving system “Junior” [1] leverages Finite-State-Ma-
chine (FSM) with cost functions to deterministically compute autonomous vehicle trajectory and
behaviors. Similarly, CMU autonomous driving system “Boss” [2] computes the space gaps between
lanes, and utilizes such information together with pre-encoded rules to trigger the behavior of lane
switching. Other systems such as Odin and Virginia Tech [3] also used rule-based engines to de-
termine the behaviors of autonomous vehicle. With more and more research of autonomous driving
decision and planning systems, Bayesian models are becoming more and more popular in modeling
the autonomous vehicle behavior and have been applied in recent research works [4, 5]. Among
the Bayesian models, Markov Decision Process (MDP) and Partially Observable Markov Decision
Process (POMDP) are the widely applied methods in modeling autonomous driving behavior.

Even though academia prefers non-deterministic Bayesian model approaches, we do believe
that, in practical industrial systems, rule-based deterministic decision systems still have a key role
and we will demonstrate a typical scenarios and rule-based approach in this section.

'The rule-based approach we introduced is based on the idea of Divide and Conguer to de-
compose the surrounding environment into layered scenes and solve them individually. In fact, we

believe that in an actual autonomous driving production system, a rule-based system might even
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be safer and more reliable given its simplicity. Imagine how human drivers drive from point A to
point B via a fixed route. The traffic rules are always fixed. More importantly, given the surround-
ing environment including nearby vehicles, pedestrians and traffic signs, if we apply traffic rules
together with our intention of where to go, the behavioral output, or how the human driver should
re-act, is usually constrained within a very limited number of behavioral choices, or even clearly
specified by traffic rules. For example, in California, if a vehicle wants to cross a four-way stop sign
junction, it should first stop for 3 s, yield to any other vehicle that has right of way, and then pro-
ceed. The whole series of actions is determined clearly with the consideration of the surrounding
objects, and it could be naturally modeled in a deterministic fashion. Even though there might be
unexpected conditions which may lead to violation of certain traffic rules, the rule of safezy first to
avoid collision could also be deterministically enforced. Therefore, we present a rule-based decision
module implementation with details in this chapter since rule-based decision implementations are

still main-stream solutions in industry practice.

6.1.1 MARKOV DECISION PROCESS APPROACH
A Markov Decision Process (MDP) is defined by the following five element tuple (S, 4, P,, R,, 7),

where:

1. § represents the state space of the autonomous vehicle. The division of state space
should consider both location of the autonomous vehicle and map elements. With
the dimension of the location, one can divide the surrounding square of the autono-
mous vehicle into grids with fixed length and width. Considering different road map
objects, we could also create spaces concerning different combination of map objects,

such as the current and adjacent lanes where the autonomous vehicle is located at;

2. A represents the behavioral decision output space, which is a fixed set of all possible
behavioral actions to take: exemplar decision state could be to Fo/low a vehicle on the
current lane, Switch Lane to an adjacent parallel lane, Turn Left/Right, Yield, or Over-

take a crossing vehicle at a junction, or Szgp for traffic lights and pedestrians;

3. P, (s,s") = P(s'" |s, a) is the conditional probability, which represents the probability
to reach state s', given that the autonomous vehicle is currently at state s and takes

action a;

4. R, (s, s') is the reward function, which represents the reward of transforming from
state s to state s' by taking action a. The reward is synthetized measure of how we
evaluate such state transformation. Factors that should be considered and represented

in the reward include: safety, comfortableness, reaching the destination, and the dif-

ficulty for the downstream motion planning to execute;
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5. y is the decay factor for reward. The reward at the current time has a factor of 1 and
the reward will for the next time frame will be discounted by a factor of y. And, ac-
cordingly, the reward for t time frames in the future will be deemed as y7 for the time
being. The decaying factor guarantees that the same amount of reward will always be

more valuable for the time being than in the future;

With the formal MDP setting, the problem that behavioral decision needs to solve, is to find
an optimal po/icy, denotes as m:S—A. Given any state s, the policy accordingly computes a behavioral
decision a = nt(s). When the policy has been determined, the whole MDP could be viewed as a
Markov Chain. The behavioral decision policy T is to optimize the accumulated rewards from cur-
rent time to the future. Note that if the reward is not deterministic but a random variable, then the
policy will optimize the expected accumulated rewards. Mathematically, the accumulated reward to

maximize is written as:
[ee)

ZW Ryt (55 5141),
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where action « is the policy output a = n(s). The method to find such policy is usually based on Dy-
namic Programming. Assume that the state transition probability matrix P and reward distribution
matrix R are known, the optimal policy solution could be obtained by iterating on the computing

and storing the following two state arrays:
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V(s;) represents the accumulated future rewards discounted at current time, and n(s;) rep-

resents the policy that we want to search for. The solution is based on repeated iteration between
possible state pairs (s, s'), until the above two state arrays converge [6, 7]. Furthermore, in Bellman’s
value iteration algorithm, there is no need to explicitly compute n(s,). Instead, n(s,) related com-
putation could be incorporated into computation of ¥ (s,), which leads to the following single step

“Value Interation”:
Vi <s>emax{2 Py (5,5) (R (5,5) + 77, <s'>)} ,
sl

where 7 is the iteration step. In step 7 = 0, we start with an initial guess of 7} (s) to kick off the itera-
tion. V(s) gets updated in each step until convergence. There are various methods for applying MDP
on autonomous vehicle, and we will not dive into different MDP autonomous driving decision
implementation details here in this book. Interested readers could refer to [6, 7] to get an idea of

how to design state spaces, action spaces, state transitions, and the reward function implementation.
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Here we want to emphasis a few factors to consider when designing the reward function R, (s, s"),
since it is the critical element in building a working MDP decision system. A good reward function

in the MDP based decision module include the following aspects.

1. Reach the destination: Encourage the autonomous vehicle to follow the routing
module output route to reach the destination. In more details, if the action chosen
by the policy, i.e. a = n(s), makes the autonomous vehicle diverting from the route,
punishment should be given. And vice versa, reward should be issued to actions fol-

lowing the route.

2. Safety and collision free: If the state is based on IV x IV equal squared grids centered
around the autonomous vehicle, then any decision to move to a grid where collision
might occur should be punished. Movements to grids with lower collision possibility

or larger distance to collision likely grids will be rewarded.

3. Comfortableness and smoothness: These two factors are coherent. A comfortable
journey mostly indicates few or no sharp maneuvers. And a limited amount of abrupt
maneuver facilitates that the downstream modules could smoothly execute most of
the decisions. For example, action leading transition from a speed to a similar speed
should have higher rewards than sharp accelerating or decelerating in this category

of rewards.

With the consideration of state space design, action space design, transition probability ma-

trix, and the reward function, readers could sense that it is a very delicate job to build a working

MDP based decision system.

6.1.2 SCENARIO-BASED DIVIDE AND CONQUER APPROACH

The key idea is to apply the notion of Divide and Conguer to decompose the autonomous vehicle
surroundings into scenarios. In each scenario, the corresponding rule will be applied individually
to the objects or elements in the scenarios to compute an Individual Decision for each object, and
then a Synthetic Decision for the autonomous vehicle itself is computed by consolidating all the

individual decisions.
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Synthetic Decision
Synthetic Parametric Data
Decision
Cruise » Current lane
> Speed limit of the current lane
Follow » Current lane
» id for the vehicle to follow
> Speed to reach minimum of current lane speed limit and speed of the vehicle to follow
» Not exceeding 3 m behind the vehicle in front
Turn » Current lane
» Target lane
» Left or right turn
> Speed limit for turning
Change Lane » Current lane
» Target lane
> Change lane by overtaking and speed up to 10 m/s
» Change lane by yielding and speed down to 2 m/s
Stop » Current lane
> id for any object to stop, if any
» Stop by 1 m behind the object to stop

Figure 6.1: Synthetic decision with its parameters in behavioral decision.

'The notion of Synthetic Decision is regarding how the autonomous vehicle itself should behave. It
is the top-level behavioral decision. Example synthetic decisions include: keep the current lane to
follow a vehicle, switch lane to an adjacent parallel lane, or stop by a certain stop-line as per spec-
ified by a traffic sign or light. As the top-level decision behavior, its possible output space, along
with its definitions, must be consistent and shared with the downstream motion planning module.
In addition, to help motion-planning to come out with the planned trajectory, the synthetic deci-
sion is always companied with parameters. Figure 6.1 lists a few synthetic decision definitions as
well as their possible parameters. Consider when the synthetic decision at the current time frame is
to Follow. The output command to the motion planning module is not only the behavioral follow
command, but also parameters as: the iZ of the vehicle to follow on the current lane, suggested
speed to follow (which is usually the lesser of the front vehicle speed and the lane speed limit), and
suggested distance to keep while following (for example 3 m behind the rear of the front vehicle).
In this way, the downstream motion planning could utilize these parameters as constraints, such

that a smooth and collision-free trajectory could be computed.
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Individual Decision

In comparison with the synthetic decision are the individual decisions. As we mentioned, the
synthetic decision is a comprehensive consolidated decision for the autonomous vehicle itself after
considering all the information including all the road objects. Hereby we propose to explicitly
produce an individual decision for each element in our surrounding world. The object accompanied
by an individual decision could be an actual perceived obstacle on the road, or just a logical map
object such as the stop-line corresponding to a traffic light or pedestrian cross-walk. Actually, in our
design as shown in Figure 6.4, the logic of scenario division takes place first. Individual decisions
for objects are then computed and associated with each object in all the scenarios. Only after all the
objects have been computed of individual decisions, then comes the final synthetic decision, which
is a consolidation of the individual ones. Like synthetic decision, the individual decisions also come
with parameters. These individual decisions are not only necessary pre-requisites to compute the
synthetic final decision, but also transmitted to downstream motion planning module to facilitate
trajectory planning. Readers might wonder why these individual decisions are also sent to down-
stream module. Isn't it just enough to convey the final synthetic decision given that we only plan
the action for the autonomous vehicle itself?

From industrial experiences, sending both the synthetic final decision and its supporting
individual decisions will be significantly beneficial for the downstream motion-planning task. Since
these individual decisions serve as projections of the synthetic decision in a consistent way, motion
planning will have much more reasonable and explicit constraints, and hence the optimization
problems of motion-planning could be much better formalized with the furnish of individual de-
cisions. In addition, debugging efficiency will be greatly improved with individual decisions. Figure
6.2 lists a few typical individual decisions and their parameters. For example, if the individual
decision for an object X is to overtake, then the parameters associated with this overtake decision
will possibly include the time and distance to keep when overtaking the object X. The distance
parameter indicates the minimum distance to be ahead of the object X’s front, and the time pa-
rameter is the minimum time corresponding to how long the gap of overtaking should be existent
given speeds of the autonomous vehicle and object X. Note that such overtake or yield individual
decisions only exist when an object’s predicted trajectory intersects with the planned trajectory of
the autonomous vehicle. Typical examples of yielding/overtaking an object include scenarios at
junctions. We will use an example at junction to illustrate how exactly we divide the surroundings
into layered scenarios, apply specific rules to obtain individual decisions and finally consolidate

them as synthetic decision output.
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Individual Decision ‘ Parametric Data

Follow » id for the vehicle to follow
» Speed to reach for following the vehicle

Distance to keep for following the vehicle

Stop id for the vehicle to stop

Distance to stop behind the vehicle

Attention id for the vehicle to stop

Vehicle Minimum distance to keep while paying attention to the vehicle

Overtake id for the vehicle to overtake
Minimum distance to keep for overtaking

Minimum time gap to keep for overtaking

Yield id for the vehicle to yield
Minimum distance to keep for yielding

Minimum time gap to keep for yielding

Stop id for the pedestrian to stop

Minimum distance to stop by the pedestrian

Pedestrian

Swerve id for the pedestrian to swerve

YV V|V V|V V V|V V V|V V|V V|V

Minimum distance to keep while swerving around

Figure 6.2: Individual decisions with parameters in behavior decision module.

Scenario Construction and System Design

The computation of individual decisions is dependent on the construction of scenarios. Here one
could simply think of the scenarios as a series of relatively independent divisions for the surround-
ing world of the autonomous vehicle. In fact, the way we divide the surrounding world is in a
layered structured fashion. Scenarios belong to different layers, and the scenarios within each layer
is independent. A deeper layer of scenarios could leverage any computation result or information
of the shallower layers. Objects usually belong to only one scenario. The idea behind this structured
layered scenario division of the world is divide and conquer. We first aim to focus on independent
small worlds, i.e., scenarios and solve the problem of computing the decisions to make within that
small world. While computing the individual decisions in each independent scenario in the same
layer, the routing intention (where the autonomous vehicle wants to go) and the previous layered
computation results are shared. After obtaining the individual decisions, synthetic decision is then
consolidated with a set of rules. Figures 6.3a and 6.3b show two examples of how we divide into

scenarios and compute behavioral decisions.




6.1 BEHAVIORAL DECISIONS 115

Synthetic Decision:
Switch lane from current lane to the left
lane: yield vehicle a, overtake vehicle d,
and attention to vehicle b at current lane.

Scenarios and Individual Decisions:
0. Master Vehicle
1. Left Lane(s); Overtake d and yield a
2. Front Vehicle(s): Attention b
3. Right Lane(s): Ignore ¢
4. Rear Vehicle(s): Ignore e

Synthetic Decision:
Stop by the crosswalk stop-line and

wait for pedestrian ¢ to cross

Scenarios and Individual Decisions:
First Layer Scenarios
0. Master Vehicle
1. Crosswalk: Stop for pedestrian ¢
2. Traffic Light: Red light turn right,
yield any through/turn traffic
3. Keep Clear Zone Ignore
Second Layer Scenarios
4. Junction Scenarios: Based on
Scenarios 1,2, 3

e

Figure 6.3: (b) Layered scenarios while at junction.
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In Figure 6.3(a), there are two vehicles a and d in the scenario of “Left Lane(s)”. The inten-
tion of the autonomous vehicle is to switch from the current lane to its left adjacent lane as speci-
fied by the routing output. Considering the relative position and speed of the autonomous vehicle
regarding vehicle a and d, the computational result of the Lef? Lane(s) scenarios is to yield vehicle a
and overtake vehicle d, which means to switch lane between these two vehicles; meanwhile, another
scenario of Front Vehicle(s) depicts the small world of things in front of the autonomous vehicle
itself, and this scenario is independent of the Lef# Lane(s) scenario. We should pay attention that
even though the intention of autonomous vehicle is to switch to the left lane, it is still important
not to ignore anything in front of us at the current lane. Therefore, individual decision for vehicle b
in the Front Vehicle(s) scenarios is to pay attention and keep an appropriate distance at vehicle b. We
also have the Rear Vebicle(s) and Right Lane Vehicle(s) scenarios. However, given that the predicted
trajectories of objects in these scenarios do not have conflicts with our planned trajectory, we will
be able to safely ignore them

Scenarios in Figure 6.3(a) do not dependent on each other much, except for the status of the
Master Vehicle information which is shared among all these scenarios. In Figure 6.3(b), we show a
complicated case where more layers of scenarios are shown. The Master Vehicle scenario is a special
one whose information will be shared and utilized in other scenarios. The first layer of scenarios
includes Front/Rear Vehicle(s), Left/Right Lane Vehicle(s), and trafhic sign area related scenarios such
as Traffic Light and Crosswalk. More complicated composite scenarios could be built on top of the
first layer scenarios by using them as elements. As shown in Figure 6.3(b), the four-way intersec-
tion scenario is based on the scenarios of Crosswalk, Traffic Light, and Master Vehicle. Besides these
membership scenarios, vehicle a and b belong to the four-way intersection scenario itself as they
reside in lanes under the concept coverage of the junction. Suppose the routing intention is to turn
right, and we currently see a red light as well as a pedestrian crossing the road. Traffic rules allow
a red light right turn but the autonomous vehicle must firstly yield and wait for any pedestrians.
Individual decision for the crossing pedestrian will be stop while the individual decisions for both
vehicle a and b will be yield. Consolidating these individual decisions, the synthetized decision for
our autonomous vehicle itself will be to just stop in front of the crosswalk defined stop-line.

As described above, each individual scenario focuses on its own business logic to compute
the individual decisions for elemental objects within itself. Then, the behavioral decision module
considers all the individual decisions for every object and comes up with a final synthetic decision
for the autonomous vehicle itself by consolidating individual decisions. Here a natural question is
what if there are different or even conflicting individual decisions for the same object. For example,
a vehicle gets two different individual decisions in two separate scenarios, one being yie/d and the
other one being overtake? In general, the way we divide the surrounding world into scenarios will
naturally assign objects, either actual perceived objects or conceptual logical objects into distinctive

scenarios that they belong to. In most cases, an object will not likely appear in more than one sce-
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narios. However, we cannot completely rule out such possibilities. In fact, some of the scenarios do
cover a small overlapped map area with robustness consideration. When such low probability cases
do happen, there is a layer which handles merging individual decisions for safety and coherence
check in the behavioral decision system (Figure 6.4). Imagine a vehicle on the same lane behind
us is in the process of changing from the current lane and to the left lane, leading to its existence
in both the Rear Vehicle(s) and Left Lane(s). And let’s assume that our autonomous vehicle also has
intention to switch to the left lane. The Rear Vehicle(s) scenario gives attention individual decision
while the Lef# Vebicle(s) scenarios decides that we should yie/d the vehicle. The individual decision
merging layer will review these different individual decisions for each object, and re-computes a
merged final individual decision considering both safety and our autonomous vehicle intention. In
this case, since our autonomous vehicle is also trying to switch to the left lane, we will then obtain
yield to the vehicle if we have already started the switching lane motion, or keep the aztention if we

have not started switching lane yet.

Layer 0 Scenario { Master Vehicle 3
|’ Front Vehicle |’ Left Lanes |I Right Lanes
Layer 1 Scenario  * b =8 Construct .
layered scenarios
L Trafhic Lights [ Crosswalks and compute
. J individual
| 4-Way Intersection | 3-Way Intersection decision
Layer 2 Scenario b
' Lane Split ' Lane Merge
L - b ] L Consider all
individual
decisions for
unified safety
[ Merge Individual Decisions to Guarantee Safety ] J check
Synthesize and
u consolidate
into final
[ Consolidate into Final Synthetic Decision ] Zyn.th'enc
2 decision

Figure 6.4: Architecture of a rule-based behavior decision system containing layered scenarios.

In conclusion, the system framework and logic process is shown as Figure 6.4. On the top
are layers focusing on layered scenario construction, where information regarding our autonomous
vehicle’s intension, mapping and localization, and perceived surrounding world, are all utilized to

building layers of independent scenarios. Within each layer’s independent scenario, its own busi-
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ness logic and the shared autonomous vehicle routing intention will determine the computation of
individual decisions for all the objects in the scenarios. After all the layered scenarios have finished
individual decision computation, the merging layer will double-check all the individual decisions
and solves any possible conflicts or inconsistence for any object. And, finally, at the bottom, the final
synthetic decision for the autonomous vehicle itself is computed by consolidating the merged and
coherent individual decisions. This synthetic decision, along with the merged individual decisions,
will be sent to downstream motion planning module, where a spatial-temporal trajectory for the

autonomous vehicle will be planned for physical execution.

6.2 MOTION PLANNING

The direct downstream module of behavioral decision is the motion planning module. The task of
motion planning is to generate a trajectory and send it to the feedback control for physical vehi-
cle control execution. The planned trajectory is usually specified and represented as a sequence of
planned frajectory points. Each of these points contains attributes like location, time, speed, curva-
ture, etc. The problem of autonomous vehicle motion planning could be viewed as a special case of
general motion planning in robotics. In some sense, the motion planning problem for autonomous
vehicle on road, is even easier than general motion planning in robotics, since cars mostly follow
the pre-existing road graph and move on a 2D plane. With the only control signal being throttled,
brake and wheel, the class of possible trajectories naturally exhibits certain characteristics such as
smoothness and curvature constraints, and is therefore easier to optimize compared with planning
a trajectory in higher dimensions with more constraints (e.g., motion planning in 3D space for a
flying drone).

Since the DARPA urban challenge, motion planning in autonomous vehicle has been
gradually developing as a relatively independent module. [4, 8] attempted to solve the problem of
motion planning under certain conditions of urban driving and parking, and there are also works
on solving special motion planning problems such as [7]. [5, 9] list recent works on motion plan-
ning in various aspects, which readers could refer to. With all these research works, the problem
for motion planning module in the context of autonomous driving is becoming clear: most motion
planning work proposes to solve the problem of optimizing a spatial-temporal trajectory within
certain spatial-temporal constraints. As we have mentioned before, a spatial-temporal trajectory
consists of zrajectory points. The attributes of each point, including but not limited to, position, time,
speed, acceleration, curvature, and even higher-order derivative of attributes like curvature. These
attributes are essential constraints since the costs associated with these points constitute the optimi-
zation goal. Since vehicle control is not a harmonious system, the actual vehicle trajectory exhibits
properties of spline trajectories. Therefore, motion planning could be formalized as an optimization

problem for trajectories with certain common properties/constraints on the 2D plane.
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'The two key elements in this optimization problem are Optimization Object and Constraints.
Here the Optimization Object is usually represented as costs associated with different candidate
solutions, and the goal of optimization is to search for the one with minimum cost. The function
that computes cost is based on the following two key factors. First, as the direct downstream mod-
ule of behavioral decision, the cost function must obey the upstream behavioral decision output.
For example, individual decision for a vehicle in front might be to follow and stay within a distance
range relative to the rear of the front vehicle, then the planned trajectory must reach but not exceed
the designated area specified the individual decision. Also, the planned trajectory should be colli-
sion free, which means a minimum distance to any physical object has to be kept while computing
the trajectory. Second, since we focus on the autonomous driving on urban roads, the planned tra-
jectory should be consistent with road shape, and this requirement generally could be interpreted
that our autonomous vehicle should follow natural roads to move. All these aspects are represented
in the design of cost functions. While the cost function design put emphasis on obeying the up-
stream behavioral decision output and following routing direction, the constraints in the motion
planning optimization problem is more about the constraints such that the downstream feedback
control could comfortably execute. For example, the curvature and second order derivative of the
curvature have constraints given the steering wheel control. Similarly, with throttle as the control
method for accelerating, rate of how acceleration changes is also limited.

As we mentioned in the very beginning of the planning and control chapter, we are not going
to iterate and describe all existing motion planning solutions in a throughout fashion. Instead, we
present two typical approaches, both very successful and proven to work. The first proposed ap-
proach for motion planning is based on the idea in [9], but is a simpler version. Here, the problem
of planning a spatial-temporal trajectory is divided into two problems to be tackled sequentially:
path planning and speed planning. Path planning only solves the problem of computing trajectory
shape on the 2D plane, given the behavior decision output and the cost function definition. The
generated paths do not have any speed information, and are merely spines with various shapes
and lengths. Speed planning is based on the results of path planning, and solves the problem of
how the autonomous should follow a given trajectory. Compared with the proposal in [9] which
simultaneously solves the problem of optimizing the spatial-temporal trajectory, our solution rep-
resents a clearer divide and formalization of the problem. Even though the proposal here might
not necessarily find the optimal solution, industrial practices teach us that such separate divide and
conquer fashion of motion planning is effective. Instead of dividing the motion planning problem
into path planning and speed planning, the second approach tackles the motion planning problem
by considering the motion planning on two orthogonal directions. The two orthogonal directions
are the longitudinal (s-direction) and Jateral (/-direction) as per the SL-coordinate system, which we

will describe in this section. The advantage of this approach over the first one is that the shape of

the planned trajectory naturally takes into account the speed, while the first approach may lead to
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a chosen trajectory shape inappropriate for the desired speed profile due to separate optimization
of trajectory and speed. While the first approach of separately optimizing path and speed works
well in urban low-speed autonomous driving, the second approach is more suitable for higher speed

scenarios such as highways.

6.2.1 VEHICLE MODEL, ROAD MODEL, AND SL-COORDINATION
SYSTEM

We bring the mathematical concept of vehicle pose and road-based SL-coordination system. A vehi-
cle’s pose is determined by: x = (x, y, 6, k, v) where (x, y) represents the position on the 2D surface,
0 represents the direction, « is the curvature (the rate 6 changes), v represents the speed tangential

to trajectory. These pose variables satisfy the following relationship:

X = vcos 0
y =vsin 0
0=vk ,

where «’s constraint is input to the system. Considering a continuous path generated by the vehicle,
we will define the direction along the path as the s-direction, and the pose variables’ relationship
with the s-direction satisfy the following derivative equations:

dx /ds = cos(6(s))

dy / ds = sin(6(s))

db/ds=x(s) .
Note that here we haven't put any constraints on the relationship between x and 6, meaning that
the vehicle could change its curvature x at any direction §. However, in the actual control model,
relationship of curvature x and direction 6 is restrained, but this constraint is trivial in terms of the
speed limit for urban road driving, and therefore does not have significant impact on the practice
and feasibility of the proposed motion planning algorithm.

'The path planning part of our proposed motion planning algorithm heavily depends on the
high-definition-map (HD-map), and especially the Center Line of lanes in the map, which we refer
to as reference line. Here a road lane is defined by its sampling function r(s) = [ry(s), 73,(s), 76(s),
ri(s)], where s represents the distance along the tangential direction of the path, and we refer to this
longitudinal distance as s-distance. Correspondingly, there is the /azeral distance, and it represents
the distance perpendicular to the s-direction, which we will refer to as / distance. Consider a pose
p under the (s, /) coordinate system and the corresponding pose under the (x, y) world coordinate
system, the pose in the world coordinate system p(s, [) = [x,-(s, [), y-(s, 1), Or(s, 1), xr(s, [)] satisfies
the following relationships with the (s, /) coordinate pose:

x-(s, 1) = ry(s) + Icos(rg(s) + m/2)
Vr (s, 1) = ry(s) + Isin(rg(s) + 1/2)
Or(s, 1) =rg(s)
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K (s, 1) = rls) 1 - 1)1,
where k- is defined to increase towards the inner side of a turn, and to decrease towards the outside
(meaning that «; increases with / at the same s). As shown in Figure 6.5, near the x-axis at the or-
igin, the lateral / increases with y. Assume for a certain Lane(k), its width keeps as a constant, then
the whole lane could be represented as a set of points along the longitudinal direction following
the central reference line: {p(s, /) : € R*}. We call such a lane coordinate system formally as the

SL-coordinate system.

Figure 6.5: Lane-based SL-coordinate system under XY plane [9], used with permission.

6.2.2 MOTION PLANNING WITH PATH PLANNING AND SPEED
PLANNING

Given the previously described road-based SL-coordinate system, we now discuss how we can solve
the motion planning problem by first doing path planning and then speed planning. We define the
vehicle path as a continuous mapping p : [0,1]—C from range [0,1] to set of vehicle poses C = {X’}.
The initial pose of a planning cycle or frame is known as p1(0) = p2(0) = ¢;,;; for path p;1 and p;,
which end separately at p1 (1) = ¢.nz1 and ps (1) = genan, as shown in Figure 6.6. The goal of path
planning is to find a path, which starts from the initial pose, reaches a desired end pose, and satisfies
certain constraints with minimum cost.

'The way we search for the optimal cost path is similar to the way we used for computing
routing, which is to place sampling points towards potential areas where the path might traverse.
In Figure 6.6, we uniformly divide the lane into segments with equal s and / distance. Consider the
central point in each divided small (s;/;) grid, we refer to this point as a sampled trajectory point.
Hence, a candidate path is a smooth spline connecting the sampled trajectory points along the in-
creasing s direction. With the segmentation and trajectory point sampling in Figure 6.6, there are
16 trajectory points (4 in the s direction, and 4 in the / direction), and we only consider the splines

which connect trajectory points along the increasing s direction since backward driving is not con-
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sidered in normal urban road driving conditions and will be treated specially. The total number of
candidate paths is 44 = 256, among which the path planning problem is to search for the optimal

one with minimal cost with certain constraints.

Figure 6.6: Possible candidates in path planning with divided road grids and sampling points in lane-
based SL-coordinate system.

We use polynomial spirals to connect sampled trajectory points. Polynomial spirals represent
a cluster of curves whose curvature could be represented as polynomial functions of the arc length
(corresponding to the s direction). The degree of polynomial spiral is not essential, and we use cubit

or quintic spirals, whose arc length s and curvature « satisfy:
K(s) = 1Kp + r1S 1082 + #1383 or k(s) = Ko T ryS T K82 + 383 + Kyst + KsSS .

'The only significant difference between cubic and quintic spirals is that on satisfying bound-
ary constraints: the second order derivative of curvature dx2 / ds2, which corresponds to wheel
rotating speed, is not continuous in cubic spirals; while quintic spirals could make both dk / ds and
dr2 / ds? continuous. When speed is low, the discontinuity introduced by cubic spirals is not a sig-
nificant for downstream feedback control. However, such discontinuity could not be safely ignored
in high speeds.

The parameters of proposed polynomial spirals connecting sampled trajectory points could
be effectively obtained by gradient descent fashioned search algorithm. For example, consider cubic
spirals (k (s) = ko + k15 + K52 + K353) connecting initial pose g;n;e = (X7 + X7 + 0 + «7) to destination
POSE Ggoal = (XG + XG + O + k) with continuous curvature. When at the path start s, the first- and
second-order derivative of curvature need to satisfy the initial constraints as follows:

Ko = K|

K1 =dr(0)/ ds
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Ky = d*x(0) / ds?
'This makes the actual unknown parameters to be two (k3, s ), which could be quickly found
by gradient descent algorithm.

Find the Minimum Cost Path by Dynamic Programming

As we described, path planning has been formalized into a search problem to find the minimum
cost path among the [/, /A[1570%@/As] candidate paths connecting the trajectory points along s-di-
rection among |/psar /Al *|S101a1 / As sampled trajectory points. Let’s assume that these sampled tra-
jectory points constitute a graph G = (¥,E), where each trajectory point is a node in this graph: v €
Vv = (x,3,s1). For any two points v, u € V,if their s coordinates satisfy s,, < sy, we use e(wu) € E
to denote the cubic or quintic spiral from v to u. And the optimal path planning problem could be
converted to the problem of searching for a lowest-cost path (shortest path) on a directed weighted
graph. What is special here is that the shortest path not only incudes costs accumulated along the
currently expanded path, but could also incorporate a potential cost associated with the newly ex-
panded path if the expansion of a node is established. Consider the path 7 connecting ng,n,...ng,
where the initial point is np and the end point is n, the cost of this established trajectory could be

written as:
Q) =c(® + D(7),

where ¢(7) represents the cumulated cost by following along the path; And ®(z) is the cost intro-
duced if we conclude by ending the planned path at the end point ng. If we write the ®(z) function

as the incremental cost introduced by ending at n, we get:
Q(z(no,ny,...nk)) = glnk) + Q¢ (2(nk1, nx))

among which we define g(n) as the minimum cost for reaching the node n. Note that cost incurred
by following along the spiral does not include the additional cost introduced by ending the path
at n. Consider all the paths with n;_; as the second to last trajectory point, we would need to find
the last trajectory point n; which minimizes total cost. More specifically, the node 7y satisfies the

following properties.

1. There exists a directed edge e (ny.1,n5), also denote as 7(ny._1, ny) that connects node

np_q and .

2. For the set of nodes which ny_; could reach (edge e (ny.1,7y) exists), denoted as {7y},
the trajectory which ends at n; has the lowest total cost: nk<—argm1n g + ¢
(z(ng.1, ) + O, (t(ny1, 71y)) where c is the cost of the spiral connectmg trajectory

points ny._1, 7.
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And hence we could update g (nk-1) as: g(nx)«— gni-1) + c(e(ng1,nx))-

We could use the Dynamic Programming algorithm shown in Figure 6.7 to compute the
optimal path with minimum cost, which starts from the initial node no, connecting the trajectory
points along increasing longitudinal s-direction. Note that in the algorithm shown in Figure 6.7,
connections between two trajectory points are computed in an ad-hoc fashion while searching for
the optimal path on the graph. The g(n) represents the cost of merely reaching the node n, and
@(n) represents the current path cost to node n, which includes both the cost of merely reaching
node 7 and the additional cost of ending the path with node n. The former term g(n) measures
the additional cost incurred while choosing nodes to expand from current node to successor nodes
(Figure 6.7, line 13). And the latter term ¢(n) is the criteria when considering which predecessor
nodes expand to current node (Figure 6.7, line 11). When all the computations of g(n) and ¢(n)
have been finished, it is trivial to traverse the predecessor node map prev_node to construct the tra-
jectory point with optimal(minimum) cost. Since candidate paths end at different trajectory points,
we create a virtual node nf and construct virtual edges connecting the last trajectory points to ny
then our task becomes to find a path connecting node nyto node nywith minimum cost. As shown
in the algorithm, after the computation of g(n) and ¢(n), the last actual trajectory point could be
tound by the algorithm in Figure 6.7.

Figure 6.7: Finding the minimum cost path connecting trajectory points with Dynamic Programming.
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'The cost function in Figure 6.7,line 13 would require certain design considerations. Consider
trajectory cost (7) = c(7) + (), where ¢ (7) represents the cost of the spiral connecting two s-di-
rection adjacent trajectory points, the following factors need to be taken into consideration while

designing the cost function.

* Road-map related aspect: We want the planned spiral paths to be close to the central
reference line of lanes. For example, when behavioral decision is to follow on a straight
lane, the planned path will have a larger cost when the planned path exhibits larger

lateral distance (not approaching the central reference line).

* Obstacle related aspect: The planned path will have to be collision free. For example,
with the grid division on the SL-coordinate lanes (Figure 6.6), any grid that has been
occupied any obstacle, along with their proximate grids, should be assigned with ex-
tremely high costs to guarantee safety Note that the collision freeness is mostly about
static obstacles in path planning, which is only in the spatial space. How to guarantee
safety, especially for avoiding non-static obstacles in the spatial-temporal dimensions,

will be addressed in speed planning.

* Comfortableness and control feasibility: Shape of the planned spiral paths should be
smooth enough. This usually indicates smooth curvature change and slow change of
derivatives of the curvature. In addition, not only the individual slices of planned spiral

paths should be smooth, but also the connections between two spirals.

Regarding the ®(7) cost which is more about the trajectory in general, we could only con-
sider the longitudinal s-distance since speed planning will further address the problem. One way to

design the cost function ®(7) is from [9]:
O(7) = — asp(v) + ha (s7(7)),

=B if s = Sthreshold

ha (s) = 0 otherwise.

The first term — asy(7) is the linear cost that prefers longer s by giving a discount, and the second

term is a nonlinear cost which only gets triggered if § is larger than a threshold.

Speed Planning with ST-Graph

After a path has been determined by the path planning, motion planning module will compute
how fast the autonomous vehicle will traverse along this path, which we refer as the speed planning

problem. The inputs for speed planning are a few candidate paths, as well as the upstream behavior
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decisions. And the constraints for speed planning are usually imposed by physical limits and com-
fortableness concerns such as rate of acceleration and wheel direction change. Since input paths are
represented as sequences of point, the output of speed planning is to associate these points with
desired speed information such as velocity, acceleration, curvature, and even their higher-order de-
rivatives. As discussed previously in path planning, static obstacle information such as road shape is
already taken into consideration while doing path planning. And in this section, we will introduce
the concept of §7-graph to show how we formalize the speed planning problem into a search op-
timization problem on the S7-Graph.

In a typical ST-Graph (see Figure 6.8), two dimensions are usually considered, where T is
the time axis and the § axis represents the tangential or longitudinal distance traveled along a
given path. It is important to remember that when we talk about an §7-Graph, there is always an
underlying pre-determined path. Any object whose predicted trajectories have intervals with the
pre-determined ST-graph path will cover an area on the ST-graph. In addition, the S7-graph does
not necessarily have to be 2D, but could also be a 3D SLT-Graph, where the additional dimension
is the lateral distance perpendicular to the trajectory, denoted as the L dimension. In Figure 6.8, we
use a detailed example to demonstrate how speed planning is done via a 2D ST-graph.

Consider a trajectory that represents a lane switch by trajectory planning, and there are two
obstacle vehicles (a and b) at the destination lane (the left adjacent lane of the autonomous vehi-
cle). Without loss of generality, let’s consider that traffic prediction results of these two vehicles
are both to follow their current lane with constant speed. These prediction results for a and b will
have their perspective area covered as shown by the shadow areas in the S7graph in Figure 6.8. We
can see that, at any moment, projections of vehicles a and b onto the §7-graph are always line seg-
ments parallel to the S-axis, and these S-axis paralleled line segments are dragged along the #-axis
as vehicles a and b move along the S7-graph trajectory, leading to the shadowed area (shadowed
quadrilaterals) in Figure 6.8. Similar to path planning, we also divide the §7~graph area uniformly
into small Lattice Grid and associate each grid with a cost. Then speed planning could be formalized
into a minimal cost path search problem on the §7-graph lattice grids. At # =0 our autonomous
vehicle is at position s = 0, and it needs to reach s = s,,,4 eventually following a §7-graph path whose
cost is minimal.

As shown in the figure, we compare three candidate speed planning paths on the S7-graph

* Speed Plane 1: The first one (Speed Plan 1) represents a path always behind vehicles
aand b at any moment. The slope of Speed Plan 1 represents the speed of our autono-
mous vehicle, and the path will eventually reach s = s.,,4 position even though it is not
explicitly drawn on the figure. Speed Plan 1 represents that our autonomous vehicle
will yield both vehicle a and b by only entering the adjacent left lane after both a and
b have passed.
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* Speed Plan 2: The second trajectory that also starts from the origin. However, the
slope of the path keeps increasing until our autonomous vehicle reaches a certain
speed. Also the corresponding s-direction distance will surpass vehicle a at some point,
but never exceeds the s distance of vehicle b at any moment. In real-world execution,
the speed planning results of Speed Plan 2 is a typical movement of yie/d the leading
vehicle b and overtake the trailing vehicle a by entering the gap between them.

* Speed Plan 3: The autonomous will accelerate until it surpasses both vehicle a and b.

For any time, its s distance is always larger than vehicle a and b.

posnsan, by GBS 3
B Behavioral Decision
" * Yield a => Speed Plan 2
ﬁ * Overtake b
=]
s
Do Speed
\ b Plan 3
5 b Speed
Plan 2
f Speed
g Plan 1
“---U“-I | JOpp— -
t

Figure 6.8: Speed planning via an ST graph.

Let’s assume that the behavioral decision output for vehicle a is to “overtake” and to “yield”
for b. Such behavioral decisions will assign lower costs to grids above the covered area of vehicle a,
encouraging the algorithm to favor paths on the graph above a. Costs of grids below b will also be
put lower to set algorithmic preferences over paths below b. Meanwhile, costs of grids below a or
above b will get higher such that these areas could be avoided by the search algorithm.

Grids that are close enough to any obstacle will have very high costs to guarantee collision
free. In addition, the speed-planning curve in general will have its costs associated with accelera-
tions. For example, if the connection between two points on the speed planning curve is too steep,
which represents a very large or even discontinuous acceleration, then the cost associated with
the acceleration needed for these two speed planning points will be very prohibitively high. In

fact, sharp speed increase will lead to control failure due to the large acceleration. And sometimes

it is important to adjust the locations of speed-planning points inside a chosen grid to optimize
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the whole speed planning trajectory cost. The speed planning trajectory on the §7-graph could be
computed via graph search algorithms like A* or Dijkstra, given the cost profile of each grid and
the grid definitions. After we have computed the speed planning curve on the §7-graph, we could
easily retrieve speed as slope and acceleration as the derivative of slope for each trajectory point we
want to output, and hence the motion planning phase is completed. With the path planning and
speed planning module described above, we now have computed the behavior decisions based on
our destination and surrounding environments, into a concrete trajectory with spatial and temporal
information. We uniformly sample points from this spatial-temporal trajectory and send these sam-
pled trajectory points with speed, acceleration, curvature, etc. to the downstream feedback control
module. The feedback control module will output the actual control signals to physically manipulate
the vehicle.

What worth mention here is that the §7-Graph is not only a very intuitive method in solving
speed planning, it is also an important concept in the simultaneous longitudinal and lateral plan-

ning method which we are going to describe in the next subsection.

6.2.3 MOTION PLANNING WITH LONGITUDINAL PLANNING AND
LATERAL PLANNING

Instead of doing path planning and then speed planning, [10] proposed the idea of doing longitu-
dinal and lateral planning. The longitudinal and lateral dimensions naturally fit into the SL-coor-
dinate system describe in Section 6.3.1, with s corresponding to the longitudinal direction and / to
the lateral direction. In both the longitudinal and lateral dimension, the planning problem occurs
in a space very similar with the speed-planning problem in the §7-graph. In fact, a simple but
straightforward approach could be leverage the S7-graph solution and perform two graph searches
on the s-¢ dimension and /-# dimension. However, the §7-graph fashioned approach we discussed
above is more suitable for obstacle avoidance and obeying upstream behavioral decision, but not a
perfect method for determining the optimal desired spatial-temporal trajectory. A desired motion
planning trajectory should be smooth which is usually represented mathematically in continuity of
pose with its derivatives in a dimension (e.g., position, speed, and acceleration). And ease and comfort
can be best measured by jerk, which is the change rate of acceleration. Consider the jerk-optimal
trajectory connecting a start state Py = [po, po, Po] and an end state P} = [py, py, p1, where the pose
P could be either the longitudinal s-pose or lateral /-pose, in a time frame of 7":=t,- #;. Let’s denote
the integral of the squared jerk to be: J; (p;) = ["52 (v)dr. An important proposition we have is

that, for any cost function with the form:

C=K;J + Kig(T) + Kph(p),
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where g and h are arbitrary functions and K}, K;, K, > 0, the optimal solution for minimizing the
above cost function is a quintic polynomial. The proof from an optimal control’s perspective is clear
since the end point costs g(7') and A(p;) do not change the Euler-Lagrange equation, and the for-
mal proof could be illustrated in [10]. Intuitively, the cost function penalizes high jerk integral J;
along the trajectory, and also considers the time 7 and end pose A(p;).

Lateral Planning

We start the 1D planning with the lateral /-dimension. Then the start state Py becomes Dy = [dp, d
0, do], and we set this start state according to the actual end state of the previous planning frame,
such that continuities are maintained. The end state P; are chosen from a bunch of feasible candi-
date lateral offset d’s with d; = d| = 0 since we prefer to move parallel to the central reference line
direction (s-direction). Functions g and /4 are chosen with g(T)= T and #(d; )= d%. WEe can see that
slow convergence is penalized as well as any lateral difference with d = 0 at the end state. With the
optimal solution taking the form of a quintic polynomial: ypsimar (£) = ast> + agt4+azt3 + art2 +

at + ap which minimizes the cost function of:
Cr=KjJy (1(t) + K, T+ K di .

The coeflicients as, a4, a3, ap, ay, ag could be calculated with boundary conditions at D
= [dy, dy, do] and Dy = [d;, dy, di]. We could choose a set of candidate d/’s and compute a set of
best candidate one-dimensional trajectories as Solution; ; from [d, di, cllil,T]i)j = [dl,0,0,Z}]. Each
candidate solution will have a cost. For each candidate, we check if this solution will be consistent
with upstream behavioral decision outputs and make this solution in valid if any violations/colli-
sions is found. The remaining valid trajectories make a candidate set of lateral dimension, and will
be utilized in computing the planned trajectory on the 2D dimension.

The method described above works well for high-speed trajectories where longitudinal move
xxx and lateral move xxx could be chosen independently. However, this assumption does not remain
valid at low speed. At extreme low speeds, many of the generated trajectories in the lateral dimen-
sion will probably be invalid because of the non-holonomic property of vehicle control. When
speed is low, a different mode of lateral dimension motion planning could be triggered. In this
mode, the lateral trajectory is dependent on the longitudinal trajectory, and is denoted as /joy-speed
() = I(s(2)). Since the lateral movement is dependent on the longitudinal movement, we treat the
lateral movement as function of longitudinal position s. With the cost function being the same

format but dependent on s the arc length rather than t, we modify the cost function into:

Cr=KjJ (1)) + K, S+ K 5,
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with § = 51 — so and all the derivatives are taken with respect to s instead of z. The optimal solution
to this s-based cost function is a quintic function over s, and could be computed similarly with

chosen 7j and end state d;’s.

Longitudinal Planning

'The longitudinal dimensional planning is similar except that the end state that we want to track
sometimes depends on a moving target. Let us use Sy4yger (£) as the trajectory we would like to track.
The start state is So = [sg, S¢, §p ]. The candidate trajectory set could be chosen with different As;

(either positive or negative) and 7j:

Si,j = [s1, 51, 51, T; 1= [(Starget (7}) + As; ), Starget (7}): §target (1}), Z}] .

And we will discuss cost function settings with respect to different behavioral decision scenarios.

Following

The desired longitudinal movement for the autonomous vehicle along the s direction to follow a
front vehicle is to maintain a minimum distance as well as a time gap behind the front vehicle. Here
we want to emphasis the importance of traffic prediction output, since S;gyge (£) ill be dependent
on the front vehicle predicted trajectory Sfons-vehicle () at the planning time frame/cycle. The target

movement becomes:

Starget (0= Sfront-vehicle (©) = Dmin —y Sfiont-vehicle (0,

which implies at least a distance D,,;, and a constant time gap y given the front vehicle speed
Sfront-vehicle () at the end time. Given the desired end state as [Sgesire, Sdesires Sdesirel, the cost

function hereby becomes:
Cs=KjJy + K¢ T+ Kp(sy — Sa’esire)z-

If we assume that the predicted trajectory has const acceleration: Sgons-venicle (£) = Sfront-vehicle (0),

then the speed Sfont-venicle (1) and position Spontvenicle (1) could be integrated as:
~$‘fr0nl—vehicle () + S.fmnt—vehiclet&tO)+ S.fmnt—vehicle (0)(t — t0)
Sfront-vehicle (0= Sfront-vehicle (t0) + ~§ﬁfont-vehicle (1)t = 19) + 1/2 §front—vehicle (20)(7 — 20) 2.

And the end state longitudinal direction speed is Ssarger (£) = Sfront-vehicle (t) = VSfront-vehicle (t) and

acceleration is Sygrger () = Sfiont-vehicle (t1)- Sometimes the fol/lowing does not have a specific object,
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but rather indicates following on a current lane. In this scenario, Sgegire is no longer important, but

Sdesire 1s what we want to keep and it is usually a const. Then the cost function becomes:
Cs= K] Jit K T+ Kp(S'l - S.desire)z-

In this case of no object to follow but speed keeping, the optimal trajectory set will be quartic
polynomials instead of quintic with the set of As; and 7.

Switching Lane by Yielding and/or Overtaking

If switching to an adjacent lane by yielding to a vehicle, then it is similar to follow a front vehicle
in the longitudinal sense, which we have already described in the previous case. Let’s denote the

target longitudinal movement to be: 574yger (2).
* When switching lane by yielding a vehicle b, the target trajectory becomes:

Starget () = sb (1) — Dmin-yield —75p (9.

* When switching lane by overtaking a vehicle a, the target trajectory becomes:

Starget (#) = sa (©) + Dmin-overtake = ¥Sa (1).
* When merging into two vehicles a and b (for example, Figure 6.8), the target trajec-
tory becomes:

Starget 0 = V2 lsa () + sb (0)].

Stop

When the autonomous vehicle needs to stop at a pedestrian cross or traffic signal line. The same
form of cost function could be used, and the target movement will become constant for the
s-direction Sygger ()= Ssiop With first- and second-order derivatives being 0 (Szqrger (1) = 0 and
S target (0)=0).

After both longitudinal and lateral candidate trajectory sets have been computed, the opti-
mal trajectory comes from |Tr@jjongitudinal | * |T@jlaterat | possible combinations. Each combined
trajectory is checked against behavioral decision output for abeyance as well as collision free. In
addition, trajectories which push toward feedback control limit will also be filtered out. The final
trajectory will be chosen from the remaining valid trajectories with minimum weighted longitudi-

nal and lateral cost.
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6.3 FEEDBACK CONTROL

From the stand-alone controlling point of view, the feedback control module of autonomous driv-
ing has no essential difference with general mechanic control. Both autonomous vehicle control
and general mechanic control are based on certain pre-defined trajectories, and track the difference
between the actual pose and the pose on the pre-defined trajectory by continuous feedback. [11]
listed a lot of works on autonomous vehicle feedback control, in which [8, 12] introduced additional
obstacle avoidance and route optimization to the traditional feedback control system. With our
proposed system architecture of autonomous planning and control, the feedback control module in
our system could mostly leverage existing work of traditional vehicle pose feedback control. Since
this part of work is relatively mature and traditional, it is not the focus of this autonomous driving
book. To provide a basic knowledge of feedback control for autonomous driving, we will just in-
troduce two important concepts: Vehicle Bicycle Model and PID Feedback Control System [13]
[14]. Readers could refer to [12] for more detailed descriptions of other feedback control systems

in autonomous driving.

6.3.1 BICYCLE MODEL
In Section 3.1, we briefly introduced vehicle model to better describe the trajectory generation
algorithm in Motion Planning. Here we will describe in details a frequently used vehicle model in
autonomous driving Feedback Control: Bicycle Model. The pose represented by the bicycle model
is within a 2D plane. The vehicle pose could be fully described by the central position (x,y) and
heading angle 6 between the vehicle and the 2D plane’s x-axis. Under this model, the vehicle is con-
sidered to be a rigid body with the front and rear wheels connected by a rigid axis. The front wheels
could freely rotate within a certain angle range, while the rear wheels stay parallel to the vehicle
body and could not rotate. The rotation of the front wheels corresponds to the degree position of the
steering wheel. An important characteristic of the bicycle model is that vehicles cannot make lateral
movements without moving forward (making longitudinal movements), and such characteristic is
also addressed as nonholonomic constraint. Under this vehicle model, the nonholonomic constraint
is usually expressed as differential derivative equations or inequations. We also ignored the inertial
and slippery effect at the contact point between the tire and the ground surface. Such ignorance
does not have any significant impact under low speed and brings very little error. However, when at
high speed, the effect of inertial on feedback control is significant and could not be safely ignored.
The physical vehicle model at high speed with inertial effect is more complicated and interested
readers could refer to [12] for such vehicle models at high speeds.

'The vehicle pose representation in the bicycle model is shown in Figure 6.9. We use a xy-
based plane as the 2D plane, where é, and é), separately represent the unit vector in the x and y

directions. p; and pystand for the front wheel contact point and the rear wheel contact point. The




6.3 FEEDBACK CONTROL 133

heading angle 6 is the angle between the vehicle and the x-axis (angle between vector p,- and unit
vector éy). The steering wheel rotation angle d is defined as angle between the front wheel direction
and the vehicle body, where the ground contact points of front and rear wheels (pyand p,) satisfy
the following properties:

®r éy) cos(d) — (pr - éx) =0
(pr- €y) cos(0 + 0) — (pr éx) sin (0 + ) =0,

where prand p; are the instant speed vector of front and rear wheel at their ground contact point.
Consider the scalar projections of the rear wheel speed at the x-axis and y-axis: x,- ‘= p,. * €, and
Xy ‘= py - €y, along with the tangential speed at the rear wheel v, := p,-* (o~ p;)/I py— py |, then the

above constraints between psand p; could also be written as:

X = vy cos(6)
Vr = vy sin(0)
6 = v, tan(5)/l ,
where represents length of the vehicle (distance between front axis center and rear axis center). And

similarly, the relationship among the front wheel variables could be written as:

Xp= vy cos(f + 9)
Yr=vpsin(6 + 9)
0 = vrsin(d)/1

And here the scalar variables of front and rear wheel speeds satisfy: v,= vrcos(0).

Figure 6.9: Bicycle model in feedback control [5], used with permission.
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With the bicycle model described above, the goal of control is to find the steering wheel
0 € [Omin Omax] and forward speed v € [Opin, Omax], which satisfy the physical pose constraints.
In practice and for simplicity, the control outputs are steering-wheel angle change rate @ and the
throttle/brake percentage instead of actual steering wheel or forward speed goals. The relationship
between w and 0 is simplified as: tan(d)// = @/ v, = k. And here the problem gets reduces to find
the satisfying steering wheel change rate d. Such simplification is called the Unicycle Model, with
the characteristic that the forward speed has been simplified to be only dependent on the vehicle

axis length and the steering angle change rate.

6.3.2 PID CONTROL

The most typical and widely used algorithm in autonomous vehicle feedback-control is the PID
teedback control system as shown in Figure 6.10, where the term e(f) represents the current zrack-
ing error between desired pose variable and actual pose variable. The variable to track could be the
longitudinal/lateral difference along a trajectory, angle/curvature difference at various trajectory
points, or even a comprehensive combination of these vehicle pose variables. In Figure 6.10, the P
controller represents the feedback for the current tracking error, whose coeflicient is governed by
K} ; Iand D controllers represent the integral and differential part, whose coefhicients are separately

governed by Ky and Kp.

P Kpe(?)
B Pl
AU > e(n
+

| I Ki-f e(r)dr _—:@/&’ Plant / Process L(tl»

+
D K%

Figure 6.10: PID based feedback-control system (based on [13]).

As per to the feedback control module in autonomous vehicle, the task is to control the
vehicle to follow the upstream motion planning output trajectory as closely as possible. Here we
propose to use the methodology in [15], and leverage two PIC controllers to separately control the
steering-wheel angle ¢ and the forward speed V. At a given time frame n, the PID controller for

the steering-wheel angle is as follows:

On = K10, + Kol / Vg + K3lp + K431, At .
=1
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'The variables 8, and /, are all tracking error terms between the actual pose and the desire pose
on the motion-planning output trajectory point at this time frame n. For each time frame at this
time frame n, the corresponding pose on the motion planning output trajectory point is addressed
as the reference point. 0, represents the angle difference between the vehicle pose heading and the
reference point heading, and /e tracks lateral difference between the vehicle actual lateral position
and the reference point lateral position. V is the forward speed. We can see the coefficient K7 and
K are serving for the P controller, while K3 governs the differential part (D controller) and K4 for
integral part (I controller). Given this steering-angle controller serves for direction, the other PID
controller is more about the forward speed Vg along the longitudinal direction (s-direction), and
controls throttle/brake output. This controller considers the difference between the actual vehicle
pose curvature xxx and the reference point curvature xxx. From these curvatures, we could design a
function xxx to track the forward speed error. Then the longitudinal forwards speed goal becomes:
xx. Given this desired forward speed to track and the actual forward speed xxx, the PID controller

for the forward speed could be written as:

Ve = Viesired — Vs
Uy=K,Ve + K1 Y VoAt + KpAV, /At ,

where K), K, and Kp separately represents the gain for the proportional, integral, and differential
part, and Uy represents throttle/brake output for this given time frame .

These two PID controllers discussed here are the most typical and basic implementation
practices for the feedback consro/ module in autonomous vehicles. To make a even better passenger
experience in autonomous driving, more complicated feedback control systems will be necessary to
further track and tune variables such as curvature and jerk. The problem of generating delicate and
accurate control to enforce an object to follow a pre-defined trajectory is not an unique problem

for autonomous driving, and there are ample existing solutions which interested readers could
refer to [15].

6.4 CONCLUSIONS

With Chapter 5 and Chapter 6, we depicted the general architecture of autonomous vehicle plan-
ning and control, consisting of routing, behavioral decision, traffic prediction, motion planning, and
teedback control. All these modules have existing and working proposals in both academia and
industry. These existing proposals exhibit different strengths, either in solid theoretical foundation
or practical industry practices. In fact, we believe the challenge of autonomous driving does not lie
in solving the problem on any individual level or module, but rather in the philosophy behind how

we partition the big autonomous vehicle planning and control problem into distinctive layers and
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solve these divided problems in a coherent fashion. From this perspective, we do not aim to bring
all possible solutions in a survey-like fashion. However, we do bring to the readers a consistent
series of working solutions for each module. Our focus is to illustrate clearly what is the problem
scope and definition for each module, and how they together solve the general problem following
the data flow from abstractness to concreteness. In each module or layer, the problem is formalized
and solved with practical industrial solutions. We also discussed how each downstream layer will
utilize the upstream module output as input and further computes more concrete solutions toward
the data flow to actual control signals. We hope that, by showing this idea of a divide and conquer
approach, we could help the readers with their understanding of general autonomous vehicle plan-

ning and control.
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CHAPTER 7

Reinforcement Learning-based
Planning and Control

Abstract

While optimization-based approaches still enjoy mainstream appeal in solving motion
planning and control problems, learning-based approaches are becoming increasingly
popular with recent developments in artificial intelligence. Even though current state-
of~the-art learning-based approaches on planning and control have their limitations,
we feel they will become extremely important in the future and that, as technical trends,
they should not be overlooked. More particularly, reinforcement learning has been widely
used in solving problems that take place in the form of rounds or time steps with step-
wise guiding information such as rewards. Therefore, it has been tried as methodology
to solve different levels of autonomous driving planning and control problems. We thus
conclude that reinforcement learning-based planning and control will gradually become
a viable solution to autonomous driving planning and control problems or at least be-

come a necessary complemenz‘ to current opz‘imization approac/oes.

71 INTRODUCTION

In the previous two chapters, we described the planning and control framework, which in a general
sense includes modules of routing, traffic prediction, behavioral decision, motion planning, and
teedback control. Our proposed behavioral decision solution uses a hierarchy of scenarios and rules
to ensure safety. In both the motion planning and the feedback control modules, we are actually
solving two optimization problems under certain distinct constraints. While this traditional ap-
proach of planning and control is the current mainstream approach, learning-based approaches [1,
2, 3, 8, 9] have emerged and have attracted increased interest from researchers. In practice, these
optimization-based approaches have been working reasonably well in practice [5, 6].

However, given the current success of optimization-based planning and control approaches,
we would like to pay some attention to learning-based solutions. Especially, we would like to put
our emphasis on reinforcement learning-based planning and control approaches in this chapter, and

there are three reasons. First, we believe that autonomous driving is still in an early stage and the
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current application scenarios are not as challenging as driving in a real unrestricted urban environ-
ment. Most car makers and autonomous driving technology companies are practicing their auton-
omous driving vehicle in a road-testing fashion, usually in limited areas or even certain restricted
routes. There have not been any autonomous driving vehicle products which could reach the actual
requirement of L4 [10] autonomous driving level in a relative large and unrestricted urban area.
Under the limited scenarios, it is impossible to justify the sufficiency of optimization approaches
to tackle all possible real-world unrestricted road cases. The second argument against pure optimi-
zation based approach is that historical driving data has not been fully utilized. Especially in the
age of big data where data is becoming critically important as a utility, lots of driving data, either
from human drivers or autonomous vehicles, have been accumulated. How to leverage such big data
of historical driving to enhance planning and control of autonomous vehicles, is still a challenge.
It is obvious that valuable information could be mined and learned from such cumulated driving
big data, but nobody has achieve of successfully doing that yet. Traditional optimization based
approaches have very few ways to fully utilize these data. But learning based methods could natu-
rally make use of historical driving data. Besides these two arguments, the last but most important
argument is that a human driver /earns how to drive, and in most cases from a teacher or coach
rather than optimizing a cost or goal in human mind. This is the most significant argument for
reinforcement learning-based planning and control approaches. The reinforcement learning process
is through iteratively interacting with the environment through actions, which is very similar to
how human drivers learn to drive from a coach’s feedback and doctrine. In this sense, reinforcement
learning has already been used in robotics control and we do believe that it will also play a critical
role in the future of autonomous driving planning and control.

In this chapter, we will first introduce the basics of reinforcement learning. Then we discuss
two popular algorithms in reinforcement learning, Q-learning and Actor-Critic learning methods.
Reinforcement learning practices on autonomous driving will also be discussed. These reinforce-
ment learning-based solutions land on various layers of autonomous driving planning and control.
Some model the behavioral level decisions via reinforcement learning [3, 9], while other approaches
directly work on motion planning trajectory output or even direct feedback control signals [2]. In
addition, reinforcement learning demonstrated its success under a range of distinct scenarios [1].
But after all, general autonomous vehicle planning and control under unrestricted urban scenarios

still remains a very challenging and not fully solved problem for reinforcement learning.

7.2  REINFORCEMENT LEARNING

The key characteristic of reinforcement learning is that the learning process is interactive with an
environment and making reinforcement learning a close-loop learning process as shown in Figure

7.1.'The main entity for reinforcement learning is denoted as the agent, which makes decisions by
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taking actions. Everything outside the agent is denoted as the environment. The reinforcement
learning is a process that the agent interacts with the environment by taking actions, sensing states,

and getting rewards in an iterative round by round fashion.

S Environment -
Ry
State: S, Reward: R, Action: 4,
> Agent —
L

Figure 7.1: Reinforcement learning framework: agent interacting with environment by taking actions,

sensing state and getting rewards.

More specifically, the learning process takes place in rounds indexed by time #=0,1,2,3.... At
each time step ¢, the agent perceives the environment by receiving the state of environment, denoted
as St € S, where S is the state space. Then the agent needs to make a decision by taking an action
At € A(St), where A(Sy) is the action space given the state observation Sy. After the action is taken
and at time ¢ + 1, the environment interactively changes its state into S;+1 and gives a scalar reward
denoted as R;. The updated state Sy is immediately perceived by the agent and the reward Ry is also
instantly received by the agent. How the reward is generated by the environment is called the re-
ward function. A reward function defines the instant reward, which maps state (or state-action pair)
of the environment to a scalar indicating the intrinsic immediate desirability of such a transition.
The goal of the agent is to learn how to take actions so that the total cumulated rewards along the
whole process will be maximized. As opposed to the reward function, which represents the instance
desirability of state transition by taking an action, the total cumulated reward is called the rezurns.
Assume that rewards after time step ¢ are denoted as Ry+1, Ry+2, Ri+3. .., one simple form of return

we could seek to maximize is simply the sum of rewards:
Gt = Re+1, R0, Rp3...+ R,

where T is the last time-step. This kind of return to maximize is suitable for scenarios where the
agent interacts with the environment in limited finite steps (e.g., two players playing poker game).
Here each valid sequence of states starts from certain states and always ends at a set of states called
the terminal states. Each of this valid sequence of states is called an episode, and tasks of this kind
are addressed as episodic learning tasks.

However, there are also reinforcement learning problems where a valid sequence of states

might last forever. Tasks of this kind are called continuing tasks. In such cases, it is inappropriate to
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just sum up the rewards since the final time step is infinite. Instead, the return function, or the goal

to maximize, becomes the expected discounted rewards:
o0
Gy=Rpt1 + yRp2 + VPR3- = Yt VK Revir1

where 0 <y <1 is a parameter indicating the discount rate of how we value a future reward pro-
jected to one time-step more current. It is mathematically trivial to show that if the reward at any
time-step is bounded, then the cumulated discounted rewards will also be bounded. In extreme case
of y = 0, the agent only cares about maximizing immediate rewards.

At each time step, the agent needs to choose an action to take given the state perceived. And
the goal of the agent is to follow a strategy such that expected return obtained by following such
strategy will be maximized. Such strategy is also called a po/icy, denoted as 7. A policy 7 defines
the strategy of how the learning agent behaves at any given state Sy, and it could take forms of as
simple as a state-action look-up table, or as complicated as a deep neural network. We will describe
the detailed computational approximation of an optimal policy in the following sections. Formally,
the policy 7 is a function from 7:S—4, which maps any given state Sy € S at time # to an action
Ay € (ASy), and the probability of action a being chosen at state s is denoted as 7; (a | s). The way
a policy picks an action is usually associated with another function Vy (s), denoted as the wvalue
Jfunction. The value function measures how good or bad it is for an agent to be in a given state s.
Formally, the value function represents the expected return for entering a state s and sticking to
this policy afterwards. For simple Markov Decision Process (MDP, as described in Chapter 6)
where the state transitions are Markov, the value function could be written as: V;(s) = E; (G; | Sy
=s)=E, (Zz';o vk Ritp | S;=s), where E, is the expectation operator given the policy x. This
value function is also addressed as the state-value function for policy m. Similarly, the Q-value func-
tion is the mapping of state-action pairs to a scalar value representing the expected return at state S;
after taking action A and following the policy 7 afterwards. It is denoted as: QO (s,a) = E; (G; | Sy =
s,A;=a)=E; (ZZO:O L | S;=s, A; = a). For many algorithms, the process of reinforcement
is mostly estimating such state value function or state-action value functions.

A very unique property of the way value functions QO and V; are defined is its inherent
recursive structure. Such recursive structure has especially nice formalizations when the learning
environment is Markovian. One episode in this Markov Decision Process will be represented as

the sequence:
80, 40, '1, S1, a1, 12, $2, A2, '3, §3,...ST-1, A7-1, I'T>ST.

In a MDP process, given any policy 7 and state s, the value function of V (s) = E (G; | S; =)
could be expanded as:
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Vi () = Ex (G| St =) = Xq wlals) X p(s'| s, )lr(s, a, ) + 7V ()]

'This is called the Be/lman Equation for the value function V7 (s). [7] provided a throughout
description of reinforcement learning algorithms. Since our main interested area is related to auton-
omous driving, we will describe two categories of most popular reinforcement learning algorithms

in this section.

7.2.1 Q-LEARNING
Q-Learning [7] is one of the most popular algorithms for reinforcement learning. The idea is to
learn to approximate the strategy which maximizes the expected return at any given state s; by tak-
ing action a; and then following the optimal strategy: O(s;, a;) = max; Rs+1. Then how we choose
policy is based on: n(s;) = argmax,, O(s;, a;). The key problem in Q-learning is how to accurately
estimate the Q-function which maps state-action pairs to optimal expected return.

The Q-function Q(s;, a;) exhibits the following recursive structure: Q(sz, ay) = 7(Ss, apSt+1)
+ymaxg, | O(St+1, ar+1). This is the Bellman Equation in terms of the Q-function. Based on this
recursive representation of O(sy, a;), the Q-function could be solved by Dynamic Programming in

a backward propagation fashion:

O(st, a)—0Csy, ap) + alr(sy, ag, s¢+1) +y maxg, . O(se+1, ar+1) — Olsy, ap)] -

The convergence requirement for the Q-function computed in this way to approximate the
optimal state-action function is that all pairs of state-action pairs will keep being updated. Under
this assumption, the variant of the Q-learning algorithm with stochastic approximation conditions
on the parameters has also been proved to converge with probability 1 to the optimal state-action
function. The Q-learning algorithm is simply an iterative update on the Q_table with [S| rows and
|4| columns, as shown in Figure 7.2.

Figure 7.2: Q-learning algorithm.
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'The e-greedy choice of taking an action means that the agent randomly chooses an action to
take with ¢ probability, while takes best action (the one which gives best expected return given the
current state s;) with 1 — ¢ probability.

However, with the algorithm in Figure 7.2, the table size will get very large with large state
space |S| and action space |4|. Consider in the autonomous driving scenario, where the state space
could be combination of sensor input, autonomous vehicle status, and localization and map in-
formation, a state representation will be a large multi-dimensional vector where the value in each
dimension will be continuous. Of course, one could argue that large continuous state spaces could
always be discretized and we could maintain a big sparse Q-table. However, the huge Q-table
will take forever to converge and learning will be very inefficient and even impractical. With the
state-action space growing huge, deep learning kicks in as a good approximation of the Q-function.
Deep neural networks are very good at coming up with good features for highly structured data
with a large dimension. In Figure 7.3, there are two candidate structures for the Q-function neural
network approximation. The network on the left takes states and actions as input and outputs the
q value for any state-action pair. However, this structure is not eflicient since for every state-action
pair a forward pass computation has to be performed. In practice, deep neural networks with struc-
ture similar to the one on the right are being used. This network only takes states as input, and the
network outputs candidate q values for every possible action a € A, making it sufficient to do just
one pass of forward computation.

Figure 7.4 shows a typical deep neural network structure, which is the one used in Google’s
DeepMind paper and addressed as Deep-Q-Learning (DQN). It is typical neural network with
convolutional layers and fully connected layers towards the output. The only big difference from
typical neural networks in computer vision is that there are no pooling layers. Pooling layers makes
the network to be location invariant since we do not want object location to be characteristic of its
existence when doing object detection. However, in autonomous driving or the tasks in the Atari

paper [4], we do care about relative positions of objects in the reinforcement learning setting.
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Figure 7.3: Deep-Q-Learning (DQN): Neural network structures.

Layer ‘ Input ‘ Filter Size ‘ Stride ‘ Num Filters | Activation | Output
convl 84 x 84 x 4 8x8 4 32 RelLU 20 x 20 x 32
conv2 | 20 x 20 x 32 4v4 2 64 RelLU 9 x9 x 64
conv3 9x9x 64 3x3 1 64 ReLU 7 x 7 x 64
fc4 7 x 7 x 64 512 ReLLU 512

fc5 512 18 Linear 18

Figure 7.4: Deep-Q-Learning: Typical neural network structure in DQN.

'The network utilizes the right-side structure as shown in Figure 7.3, where the network will
output the q values of every possible action for any given state input. The training of the deep neural
network could be viewed as a regression problem optimizing a squared error loss between predicted

¢ values and target g values. The squared error loss could be represented as:

1
L=>[r(sp ap si+1) +y maxg,, Q(sp+1, ar1) — Q(sp ap)l?,

where 7(sy, ay, S¢+1) +y maxg, | O(Sr+1, ar+1) is the target term and O (s, a;) is the predicted term,
given the transition (s, gy, 7, S;+1). And, correspondingly, the previous Q-function table-updating
algorithm will be adapted to the procedure as follows.

1. Perform a forward pass for the current state s; to get the predicted ¢ values for all

the actions.
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2. Perform a forward pass for the next state s;+] and calculate maximum over all net-
work outputs maxg, | O (S¢+1, ar+1)-

3. Set the target ¢ value for action a; to be r(ss, ay, 5p+1) + Y maxg, O(Sr+1, Ar+1)s
which has been calculated in the previous step. For every other action, set the ¢ value
target to be the same as originally returned in Step 1, making the error to be zero for

those outputs.

4. Update the weights with back propagation.

'The algorithm is detailed in Figure 7.5. In the algorithm, we used two methods to facilitate
the learning process. The first trick is the experience replay. The key idea is to store all the experienced
state transitions (sy, az, 7, S¢+1) into a replay memory. When performing the training of the network,
we randomly sample mini-batches from the memory pool as the actual transition example. This
random sampling of historical replay memory will break the distribution of training examples and
introduce more variance in subsequent training examples. With experience replay, the training is
becoming more toward supervised learning, which makes it easier to understand, debug, and test.
If all the transition examples are from human replays, then training the DQN is similar to imitate

human CXpCI'iCI’lCCS.

Figure 7.5: The Deep-Q-Learning algorithm.

'The other method used to facilitate the Deep-Q-Learning algorithm is the balance of explo-
ration and exploitation represented as the e-greedy action choice. The dilemma of exploration and
exploitation lies in the fact that a good strategy or policy picks actions which could bring more
expected rewards but to find these effective actions the policy has to first explore actions with

unknown expected rewards first. More specifically, exploration indicates that the agent tries new
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actions that haven't been explored and are unclear about expected returns. In contrast, exploitation
indicates that the agent chooses the most effective action given its current state according to the
Q-table. Usually exploration happens at the beginning of the Q-learning process where the initial
state-action pairs are randomly initialized. After the initial iterations, the agent has cumulated some
knowledge about the expected returns for the state-action pairs. And thereafter the agent will go
with the “greedy” action with the highest Q-value given the state, which is more towards the ex-
ploitation of the Q-table. Such balance is controlled by the e-greedy exploration, with the parame-
ter & controlling the balance between exploration and exploitation. In the DeepMind paper [4], the
& parameter is initially set to 1 to enhance exploration at the beginning, gradually decreases to 0.1 to

shift towards more exploitation, and finally settles down to fixed exploration rate of 0.1 at the end.

722 ACTOR-CRITIC METHODS

One of the most significant breakthroughs in reinforcement learning algorithms is the Asynchronous
Advantage Actor-Critic (A3C) algorithm presented by Google’s DeepMind. It has been shown to
be faster, simpler, and more robust than the traditional Deep-Q-Learning algorithms on standard
reinforcement learning tasks. Even though the A3C has not been applied directly on autonomous
driving yet, we feel that it is just a matter of time since it has become the go-to algorithm for chal-
lenging reinforcement learning tasks.

The structure of A3C network is shown in Figure 7.6. The most significant difference with
DQN is that there are more than one learning agent in A3C as opposed to one for DQN. Each
agent is represented as an individual neural network with its own parameters, interacting and
learning within its own copy of the environment. These are the worker agents. In addition to these
individual worker agents is the global network agent. The learning is asynchronous because each
agent learns in its own environment. After each agent is informed of the loss and updates its pol-
icy in its own environment, they update the global environment together. With the updated new
global network, each agent will be reset to the updated global environment to kick oft a new round
of learning. This asynchronous learning process is more efficient than single-agent learning since
every agent learns independently and the overall experience is more diverse. The detailed workflow

for training an A3C algorithm is as follows.

1. Initialize a global network and reset each individual worker network to the global
network.

2. Each individual worker agent interacts and learns with its own environment.
3. Each individual worker agent computes the loss function for its neural network.

4. Each individual worker agent updates its gradient from loss.
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5. Worker agents together updates the global network with gradients.

Global Network

Policy n(s) V(s)

Network

Input (s)

— /N T

Worker 1 Worker 2 Worker 3 Worker n
0 $ 0 ¢ 0 ¢ 0 ¢
{Environment 1 tEnVironment 2 tEnVironment 3 tEnVironment n

Figure 7.6: Asynchronous Advantage Actor-Critic Framework (based on [11]).

As shown in Figure 7.6, the structure of the neural networks in both the worker and global
networks have two unique &ranches. These two branched networks are designed to separately esti-
mate both the value function V7 (s) and the policy z(s). While the value function V7 (s) represents
the desirability to be in a state, the policy 7(s) estimates the desirability output for each action.
These two separate value estimate and policy estimate networks have their own fully connected
layers in their branch. In addition, the value network and the policy network share common net-
work structures, which consist of convolutional layers to achieve location invariance, and an LSTM
layer to handle temporal dependencies on top of the convolutional layers. The network branch for

estimating value function V7 (s) serves as the role of critic, while the other network branch for esti-

mating policy 7 (s) plays the aczor. And, most importantly, the agent uses the value function estimate
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from the critic to update the policy function represented as the actor, which makes it a more effec-
tive way than general policy gradient methods. Hence, this specialized distinctive network branches
for estimating value and policy function separately is addressed as Actor-Critic method. The last
uniqueness about A3C algorithm is its Advantage update. While the policy gradient method uses
discounted expected returns, A3C algorithm leverages the idea of “how much better I am than
expected.” The advantage function measures this quantity in the form of: 4 = Q(s, a) — V(s), where
the Q(s, a) could be approximated by the discounted return R. The value loss function for each

agent worker is represented as:
Lyalye = Z (R— V(S))2 .

To achieve a balanced control between exploitation and exploration, entropy of output
action probabilities Hy is computed and incorporated into the loss function for policy updates.
When the entropy is high, it means that output actions have small probabilities and the agent
should be more conservative in exploitation and do more exploration. If the entropy is low which
indicates a confident policy, the agent then becomes more toward exploitation. The loss function

for policy is therefore:

Lpolicy = A(s) * log(n(s)) + Hy * B.

Readers could refer to [11, 12] for a detailed tensorflow based A3C implementation.

7.3 LEARNING-BASED PLANNING AND CONTROL IN
AUTONOMOUS DRIVING

With the description of the most popular reinforcement learning algorithms like Q-Learning
and Actor-Critic methods, we now dive into how reinforcement learning algorithms have helped
autonomous driving planning and control. Reinforcement learning have been applied to different
levels of autonomous driving planning and control, including but not limited to levels of: behav-
ior decision, motion planning, and feedback control. There are also works like [8] which used deep
neural network based supervised learning in autonomous driving. The inputs are raw sensor data
such as image pixels, and the outputs are direct control signals such as steering, throttle and brake.
Approaches with this fashion are called end-zo-end solutions. While the end-to-end idea of sensor
data in, control signal out sounds very attracting, it is usually accompanied with complicated model
structures, and the end results and/or intermediate results are very hard to explain if not totally
impossible. In the following subsections, we introduce reinforcement learning based approaches

on various planning and control layers. The goal of this section is not to cover all the reinforce-
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ment learning based planning and control approaches, but to iterate and discuss over the most
typical approaches on different layers. Throughout our discussion, we will focus on the following
aspects: problem extent, state space design, action space design, network structure design, as well
as application constraints. In most of these works, the output actions imply the extent to which
reinforcement learning is performed in. And these actions usually stay within the behavior decision
or direct control signal levels. Surprisingly, there are very few works where the output actions stay
in the level of motion planning (i.e. spatial-temporal trajectories). This indicates that many of the
reinforcement learning approaches dive deep into the actual spatial-temporal trajectory execution

level at the bottom control layer.

7.3.1 REINFORCEMENT LEARNING ON BEHAVIORAL DECISION

The main goal for applying reinforcement learning in behavioral decision is to tackle the highly
diverse traffic scenarios where simply following traffic rules literally could not be very helpful. To
tackle the long-tail cases in behavioral decision, human driving experiences can serve as excellent
examples in teaching a reinforcement learning-based system to make more Auman-like decisions.
This could be a very good complement to a rule-based behavioral decision approach which re-
mains the mainstream industrial approach. In [3], a reinforcement learning-based approach is
applied on the behavior decision level, where the action space (referred to as Desires in the paper)

is designed as:
D= [Oavmax] x L% {ga ta O}na

where v;,4y is the desired target speed of the autonomous vehicle, L is a discrete set of lateral lane
positions, and g, £, o represents give way to (yield), fake (overtake) and keep an offset distance (nudge/
attention) for other obstacle vehicles. The action space (Desires) is the Cartesian product of these
three dimensions. The state space for the approach in [3] contains the “environment model” around
the vehicle generated from interpreting sensory information as well as any additional useful infor-
mation such as kinematics of moving objects from previous frames.

One of the key contributions for this reinforcement learning based decision strategy is that
stochastic gradient of the policy does not necessarily requires Markov property. Therefore methods
which reduce the variance of the gradient estimator would not require Markov assumptions as well.
While their implementation is proprietary and the results could not be reproduced, the authors
mentioned that they initialized the reinforcement learning agent with imitation and updated it

using iterative Policy Gradient approach.
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7.3.2 REINFORCEMENT LEARNING ON PLANNING AND CONTROL

'The key challenge in reinforcement learning based planning and control is how to design the state
spaces. To compute the motion planning or feedback control level actions, it is necessary to include
both autonomous vehicle information and the surrounding environment. If we do not take raw sen-
sory data as input, the state spaces will have to somehow incorporate structured information about
host autonomous vehicle and the environment. Thus, the state space will be a large multi-dimen-
sional continuous space. To tackle the challenge of continuous state space, cell-mapping techniques
are brought together with reinforcement learning to solve the control problem of Car-Like-Vehi-
cles(CLV) in [2]. The proposed method in [2] discretizes the state space with cell-mapping tech-
niques, where the adjoining property is placed as a constraint for state transitions. The state space

(before cell-mapping) and action space are shown in Figure 7.7.

State Symbol State Variable Range
X1=v Velocity —1.5<X; < 1.5 "m/s"
Xo=x X Cartesian —09<X,<09"m"
Coordinate
Xo=y Y Cartesian —13<X3<13"m"
Coordinate
X,=0 Orientation 7 < Xy < "rad"
Voltage in traction motor —-18V 0V 18V
Steering angle —23° 0 23

Figure 7.7: State space before cell-mapping, action space, and the Control-Adjoining-Cell-Mapping
algorithm in [2], used with permission.

'This approach does not use any neural network structures for the reinforcement learning part
since the adjoining property significantly reduces the actual state spaces. Instead, a Q-learning fash-
ioned table-updating algorithm is used as shown in Figure 7.7. One important characteristic of this
reinforcement learning based approach is that it incorporates two tables of state-action pairs, the
Q-table and the model-table. While the Q-table has the same meaning as traditional reinforcement
learning, the model-table maintains an average of local transitions that satisfy the D-k adjoining
property such that a good approximation to the optimal control policy could be represented. In ad-
dition, the CACM-RL algorithm in Figure 7.7 only performs exploration since the strict adjoining
cell-to-cell mapping makes it unnecessary to do exploitation. One thing to mention is that obstacle
information is only considered in the F'_reactive() and the safety_area judgement function as shown

in Figure 7.7, and not considered into any state variables. This choice greatly reduces the complexity
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of state space, but it makes the algorithm not very robust against dynamic obstacles, leaving an area
for applying reinforcement learning in the general scenario of static/dynamic obstacle avoidance

empty for future work.

Special Scenarios

The two typical examples described above are utilizing reinforcement learning to tackle behavioral
decision or feedback control problems in a general sense, since their output action space is not
customized for any specific scenarios. In [1], recurrent neural network- (RNN) based approaches
are tailored to handle the control problems in two special cases: adaptive cruise control (ACC)
and merge into a roundabout. While this approach customized for these two special cases are not
generally adoptable, they do provide an interesting idea of: “predict the predictable near future and
learn the unpredictable environment.” In both cases, the problem is decomposed into two phases.
The first one is a supervised learning problem where a differentiable function N (sp @) = 8441 map-
ping the current state s; and action a; to the next state s7+] is learned. And the learned function is
a predictor for the short-term near future. Then, a policy function mapping from state space S to
action space 4 is defined as a parametric function 7g: S—A4, where 7y is a recurrent neural network
(RNN). The next state s;+1 is defined as: s;+1 = N (s;, a;)+ vy, where v; € Rd is the unpredictable
environment. The second phase of problem is to learn the parameter of 7y by back-propagation.
Given that v; expresses the unpredictable aspects of the environment, the proposed RNN will learn

a robust behavior invariant to the adversarial environment.

Some Thoughts on Unsolved Problems and Challenges

With these described existing works on reinforcement learning-based planning and control, we
would like to discuss several key challenges which must be tackled for successfully applying a rein-
forcement learning based behavioral decision or motion planning.

The first challenge is the design of state space. State design is especially challenging if we
want to incorporate environmental information like surrounding dynamic obstacles, as well as
structured map information. Given that the number of nearby obstacles is not fixed, there has to
be some rules to organize them if we want to include them into the state vector space. Moreover,
information about an obstacle itself is not sufficient, and we would also need information about the
obstacle’s association with road structure. Considering all this information together is necessary for
a general-purpose decision or planning. One way to include such information might be to divide
the road-map into grids on the SL-coordinate system, which is similar to what the motion planning
optimization does while searching for an optimal path. It is also an indicator that the way optimi-
zation-based motion planning handles the input data could be leveraged as a heuristic to design

state spaces in a reinforcement learning-based approach.
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How to design the reward function is another challenge. If the action output space concerns
behavioral decisions that are mostly categorical, it might be easier for reward function design. How-
ever, for actual control-related action output and state space, how to measure a reward by transition
from state s; to state s;+] taking action a; has to be carefully calibrated. Such a reward system
needs to consider factors such as: reaching the destination, avoiding obstacles, and ride comfort.
In fact, it might be easier to design such reward functions directly on the feedback control signal
level rather than on the motion planning spatial-temporal trajectory level, since more past work
has had a direct bearing on reinforcement learning on control signal outputs than on motion plan-
ning trajectory. However, we do believe that performing learning-based on the motion planning
trajectory level is appropriate, because the module division in our planning and control framework
separates the control layer as simply a feedback closed-loop system to execute the motion planning
spatial-temporal output trajectories. Also, the problem of executing a spatial-temporal trajectory
given a certain control system in a closed-loop could be purely modeled as an optimization prob-
lem, either through a linear or nonlinear system. Performing reinforcement learning directly on the
control level might ease the problem of reward function design. However, the learning has to tackle
the motion execution problem that should be mostly addressed by optimization in the control area.
'This implies that the learned model will have to unnecessarily model the trajectory execution rather
than focus on generating an optimal trajectory itself. More efforts with reinforcement learning on

autonomous driving motion planning will help.

74  CONCLUSIONS

We believe that solving the autonomous driving planning and control problems via reinforcement
learning is an important trend and a critical complement to optimization-based solutions. With
large amounts of accumulated driving data, reinforcement learning-based planning and control will
help solve cases that optimization solutions alone cannot fully and reliably address. Current works
on reinforcement learning techniques have been applied to different extents in autonomous driving

planning and control, but much of it is still at an early stage.
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CHAPTER 8

Client Systems for Autonomous

Driving

Abstract

This chapter focuses on the design of autonomous driving client systems, including the
operating system and the computing platform. An autonomous system is a very complex
software and hardware system. In order to coordinate the interactions between different
components, an operating system is required, and the operating system we discuss in this
chapter is based on the Robot Operating System (ROS). Next we discuss the computing
platform, which is the brain of this complex autonomous driving system. We will analyze
the computational requirements of autonomous driving tasks, the advantages and dis-
advantages of each autonomous driving computing solutions, like CPU, GPU, FPGA4,
DSB and ASIC.

8.1 AUTONOMOUS DRIVING: A COMPLEX SYSTEM

Autonomous driving is a highly complex system that consists of many different tasks. As shown in
Figure 8.1, in order to achieve autonomous operation in urban situations with unpredictable traffic,
several real-time systems must interoperate, including sensor processing, perception, localization,

planning and control.

Sensing Perception Decision
GPS/IMO Localization Prediction
LiDAR Object Recognition Path Planning
Camera Object Tracking Obstacle Avoidance
Operating System

Hardware Platform

Figure 8.1: Hardware platform for autonomous driving.
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Autonomous driving is not one technology but an integration of many technologies, and the
integration is done at the level of the client system, which consists of the operating system and the
hardware platform. Figure 8.2 below shows a greatly simplified version of the hardware platform,
it follows the sensing, perception, and action computing paradigm introduced in Chapter 1. First
the sensors collect data from the environment and feed these data to the computing platform for
perception and action computation, then the action plans are sent to the control platform for exe-
cution. Having the hardware itself is not sufficient; on top of the hardware, we need an operating
system to coordinate all the communications between these components, as well as to coordinate
the resource allocation for different real-time tasks. For instance, the camera needs to deliver 60
frames per second, implying that the processing time for each frame should be less than 16 ms.
When the amount of data increases, the allocation of system resources becomes a problem: for
example, when a burst of LIDAR point cloud data gets into the system, it could severely contend
tor CPU resources, thus leading to dropped frames on the camera side. Therefore, we need a mech-
anism to restrict the amount of resources used by each component, which is one of the mains tasks

of the operating system.
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Figure 8.2: Hardware platform for autonomous driving.
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8.2 OPERATING SYSTEM FOR AUTONOMOUS DRIVING

Autonomous systems integration includes multiple software modules: sensing, localization, object
recognition, object tracking, traffic prediction, path planning, obstacle avoidance, navigation, etc.
Each of these components need to meet some real-time requirements in order for the autonomous
vehicle to work. Therefore, we need an operating system to manage all these components. The two
main functions provided by the operating system include communication, and resource allocation.
'The Robot Operating System (ROS) is a set of software libraries and tools that provides these ca-
pabilities [1], and to our knowledge, many production autonomous driving operating systems either

use ROS directly or apply the ROS design philosophy. Therefore, we start our discussion with ROS.

8.2.1 ROS OVERVIEW

ROS originated in the Willow Garage PR2 project. The main components are divided into 3 types:
ROS Master, ROS Node, and ROS Service. The main function of ROS master is to provide name
service. It stores the operating parameters that are required at startup, the name of the connection
between the upstream node and the downstream node, and the name of the existing ROS services.
The ROS nodes process the received messages and releases the new message to the downstream
nodes. The ROS service is a special ROS node, which is equivalent to a service node, accept the
request and return the results of the request. The second generation of ROS, ROS 2 is optimized
for industrial applications, it uses the DDS middleware for reliable communication and and it uses

shared memory to improve communication efficiency (Figure 8.3).

Userland Code
ROS Client Library API Optional Access
Y ' to DDS
ABstract DDC API i Specific APT
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Figure 8.3: ROS 2.0 communication with DDS.
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However, unlike ROS 1.0, which has been heavily tested for years, ROS 2.0 is still under
development. Thus, most autonomous driving operating systems still rely on ROS 1.0 instead of

ROS 2.0 for the following reasons.

1. Stability and security are critical in an autonomous environment. We need to ensure
the stability and security of the system by using a proven stable system, but ROS 2.0

is still unproven.

2. 'The cost of DDS itself. We tested the performance cost of using DDS middleware
and found out that the throughput of DDS is even worse than that of ROS 1.0. The
main reason being that the overheads of using DDS is quite high.

The Basics of ROS

The most important concepts in ROS include node, node manager, parameter server, message,

theme, service, and task.

1. Node: A node is a process used to perform a task. For instance, the motor control
node is used to read the motor information and control the motor rotation. The

path-planning node is used to realize the motion planning of mobile platforms.

2. Node manager/Master: As the name implies, the purpose of the node manager is
to manage other nodes. Each node needs to register its information with the node
manager, so that the node manager can coordinate the communications between
the nodes.

3. Parameter server: The parameter server is a centralized location to store the config-

uration parameters required for the operation of the nodes in the system.

4. Message: The content of communication between nodes is called a message. A mes-
sage is a simple data structure that is made up of typed fields. Note that the message

can encapsulate structured text data or unstructured multimedia data.

5. Topic: A publish-subscribe mechanism of communication. Nodes can publish mes-
sage to a topic and other nodes can subscribe to the same topic in order to receive the

published messages (Figure 8.4).

6. Service: A one-to-one communication mechanism. A node can request the service
provided by a service node, and as a result a communication channel is established
between these two nodes (Figure 8.4).
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Figure 8.5: ROS communication mechanisms.

As mentioned in the beginning of this section, system reliability is the most important requirement
for the autonomous driving operating system. Imagine, while an autonomous vehicle is moving on
the road, suddenly the ROS master node crashes, leading to a system shutdown. This scenario is
likely to happen in the original ROS design, as there is only one master in the whole system, but
it is not acceptable in autonomous vehicle applications. Thus, the first task is to decentralize the

master node to achieve robustness and reliability. As shown in Figure 8.5, one way to solve this
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problem is to utilize ZooKeeper [2], with which multiple master nodes are maintained, one serving
as the active master node, and others serving as the backup master nodes. In this case, when the
active master node crashes, one of the backup master nodes will be elected as the new active node,
thus preventing a system crash.

The ZooKeeper mechanism handles the case of master node crashes, however, other nodes,
such as the planning node, may crash too. To handle this scenario, we implemented a monitor node
in the system to keep track of the status of all nodes. In this system, each node in the system sends
a periodic heartbeat message to the ZooKeeper, and if a heartbeat is not detected for a period of
time, then we can assume that the node is lost. Then the ZooKeeper notifies the monitor node to
restart the lost node. At times when we restart a node, the node is stateless, for instance, a node that
processes incoming images does not have to keep state. At other times, some nodes need to keep
track of the state, such as the localization node needs to know its current position, then when we
restart we need to restart from the last checked-in state. Therefore, when a heartbeat is sent to the
ZooKeeper, sometimes it contains the state information of the sending node, and we can use this

last known state information to restart the lost node.

Monitor
Notify Session Loss Node

Zookeeper Local Cluster

Update Info

Heartbeat + Heartbeat + with Master
Statistics + Statistics +
State Info State Info Restart
. . .-"" Processes
Executing Executing 4 Master
Node Node

Figure 8.6: Monitor node.

8.2.3 PERFORMANCE IMPROVEMENT

In the original ROS design, when communication is frequent, it introduces high performance
overhead. First, the communication between ROS nodes in the same machine applies a loop-back
mechanism through the whole network stack. That is to say, every packet needs to be processed
through a multi-layer software stack, causing unnecessary delay and memory consumption. In order
to solve this problem, we applied shared memory and memory-mapping techniques to force the
data to be communicated through the memory system and then sending the address only. Applying

this technique, for local communication, we only need send one packet and therefore bound the

communicate latency to within 20 microseconds, significantly reducing CPU usage.
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Second, when a broadcast is performed in the original ROS, the underlying implementation
actually uses multiple point-to-point transmissions. For instance, if one wanted to send data to five
nodes, the same data would be copied five times, one for each node. This would cause a significant
waste of computing and memory resources. In addition, it would impose severe demands on the
throughput of the communication system. In order to address this problem, we implemented a
multicast mechanism such that if a sending node sends a message to multiple receiving nodes, only
one copy of the message is needed.

'Third, after studying the communication stack of ROS, we found that the communication
latency is mostly caused by data serialization and deserialization. Serialization is the process that
converts the state information of an object into a form that can be stored or transmitted. During
serialization, the object writes its current state to a temporary or persistent store. After that, wo can
recreate the object by reading the state of the object from the storage area. To solve this problem, we
implemented a lightweight serialization/deserialization mechanism that reduces the serialization
latency by 50%.

8.2.4 RESOURCE MANAGEMENT AND SECURITY

We can now imagine one simple attack scenario, where one of the ROS nodes is hijacked, and then
it keeps allocating memory until the system hits the Out-Of-Memory (OOM) error and starts
killing processes to free up memory. This case can actually happen in the original ROS design as
there is no security mechanism in place to prevent this. To approach this problem, we encapsulated
each ROS node with Linux Container (LXC) [3]. In short, LXC provides lightweight virtualiza-
tion, so as to isolate the process and resources. Similar to C++ NameSpace, LXC effectively divides
the resources into isolated groups to constrain the resources that can be used by each node, so that
guarantees that each node has enough computing and memory resources to meet the real-time
requirements. Moreover, as a virtualization technique, LXC is lightweight and only brings about
5% of CPU overheads. In addition to resource constraints, LXC also provides sandbox support,
allowing the system to limit the permissions of the ROS node process. In order to avoid potentially
dangerous ROS node processes that may destroy other ROS node processes, Sandbox technology
can restrict access to disk, memory, and network resources. Hence, using LXC, we provide not only

security to the ROS nodes, but also a means to allocate and manage system resources.

8.3 COMPUTING PLATFORM

On a production autonomous vehicle, each second, the sensor can generate as much as 2 GB of
raw sensor data, and then the enormous amount of data is fed into the computing platform for

perception and action plan computation. Therefore, the design of the computing platform directly
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affects the real-time performance as well as robustness of the autonomous driving system. The key

issues include cost, power consumption, heat dissipation, etc.

8.3.1 COMPUTING PLATFORM IMPLEMENTATION

To start, we first take a look at an existing autonomous driving computing solution, provided by
a leading autonomous driving development company [4]. The first generation of this computing
platform consists of two compute boxes, each equipped with an Intel Xeon E5 processor and four
to eight Nvidia K80 GPU accelerators, connected with a PCI-E bus. At its peak performance,
the CPU (which consists of 12 cores), is capable of delivering 400 GOPS/s, consumes 400 W of
power. Each GPU is capable of 8 TOPS/s, while consuming 300 W of power. Combining every-
thing together, the whole system is able to deliver 64.5 TOPS/s at about 3,000 W. The compute
box is connected to 12 high-definition cameras around the vehicle, for object detection and object
tracking tasks. A LiDAR unit is mounted on top of the vehicle for vehicle localization as well as
some obstacle avoidance functions. A second compute box performs exactly the same tasks and is
used for reliability: in case the first box fails, the second box can immediately take over. In the worst
case, when both boxes run at their peak, this would mean over 5,000 W of power consumption
that would consequently generate enormous amount of heat. Also, each box costs $20,000-$30,000,

making the whole solution unaffordable to average consumers.

8.3.2 EXISTING COMPUTING SOLUTIONS
In this subsection, we will present the existing computing solutions provided by chip designers and

manufacturers for autonomous driving computing.

GPU-based computing solution

The Nvidia PX platform is the current leading GPU-based solution for autonomous driving. Each
PX 2 consists of two Tegra SoCs and two Pascal graphics processors. Each GPU has its own dedi-
cated memory, as well as specialized instructions for Deep Neural Network acceleration. To deliver
high throughput, each Tegra connects directly to the Pascal GPU using a PCI-E Gen 2 x 4 bus
(total bandwidth: 4.0 GB/s). In addition, the dual CPU-GPU cluster is connected over Gigabit
Ethernet, delivering 70 GB/s per second. With optimized I/O architecture and DNN acceleration,
each PX2 is able to perform 24 trillion deep-learning calculations every second. This means that,

when running AlexNet deep learning workloads, it is capable of processing 2,800 images/s.

DSP-based solution

Texas Instruments’ TDA provides a DSP-based solution for autonomous driving. A TDA2x SoC

consists of two floating-point C66x DSP cores and four fully programmable Vision Accelerators,
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which are designed for vision processing functions. The Vision Accelerators provide eight-fold
acceleration on vision tasks compared to an ARM Cortex-15 CPU, while consuming less power.
Similarly, CEVA XM4 is another DSP-based autonomous driving computing solution. It is de-
signed for computer vision tasks on video streams. The main benefit for using CEVA-XM4 is
energy-efficiency, which requires less than 30 mW for a 1080p video at 30 frames per second.

FPGA-based solution

Altera’s Cyclone V SoC is one FPGA-based autonomous driving solution that has been used in
Audi products. Altera’s FPGAs are optimized for sensor fusion, combining data from multiple
sensors in the vehicle for highly reliable object detection. Similarly, Zynq UltraScale MPSoC is
also designed for autonomous driving tasks. When running Convolution Neural Network tasks, it
achieves 14 images/sec/Watt, which outperforms the Tesla K40 GPU (4 images/s/Watt). Also, for
object tracking tasks, it reaches 60 fps in a live 1080p video stream.

ASIC-based solution
MobilEye EyeQ5 is a leading ASIC-based solution for autonomous driving. EyeQ5 features

heterogeneous, fully programmable accelerators, where each of the four accelerator types in the
chip are optimized for their own family of algorithms, including computer-vision, signal-process-
ing, and machine-learning tasks. This diversity of accelerator architectures enables applications
to save both computational time and energy by using the most suitable core for every task. To
enable system expansion with multiple EyeQ5 devices, EyeQ5 implements two PCI-E ports for

inter-processor communication.

8.3.3 COMPUTER ARCHITECTURE DESIGN EXPLORATION

We attempt to develop some initial understandings of the following questions: (1) What comput-
ing units are best suited for what kind of workloads? (2) If we went to the extreme, would a mobile
processor be enough to perform the tasks in autonomous driving? (3) How to design an efficient

computing platform for autonomous driving?

Matching Workloads to Computing Units

We try to understand which computing units fit best for convolution and feature extraction
workloads, which are the most computation-intensive workloads in autonomous driving scenar-
ios. We conducted experiments on an off-the-shelf ARM mobile SoC consisting of a four-core

CPU, a GPU, as well as a DSP, the detailed specifications can be found in [5]. To study the

performance and energy consumption of this heterogeneous platform, we implemented and opti-
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mized feature extraction and convolution tasks on CPU, GPU, and DSP, and measured chip-level
energy consumption.

First, we implemented a convolution layer, which is commonly used, and is the most com-
putation-intensive stage, in object recognition and object tracking tasks. The left side of Figure 8.7
summarizes the performance and energy consumption results: when running on the CPU, each
convolution takes about 8 ms to complete, consuming 20 m]; when running on the DSP, each
convolution takes 5 ms to complete, consuming 7.5 mJ; when running on a GPU, each convolution
takes only 2 ms to complete, consuming only 4.5 m]. These results confirm that GPU is the most

efficient computing unit for convolution tasks, both in performance and in energy consumption.
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Figure 8.7: Convolution and feature extraction performance and energy.

Next, we implemented feature extraction, which generates feature points for the localization
stage, and this is the most computation expensive task in the localization pipeline. The right side
of Figure 8.7 summarizes the performance and energy consumption results: when running on a
CPU, each feature extraction task takes about 20 ms to complete, consuming 50 mJ; when running
on GPU, each convolution takes 10 ms to complete, consuming 22.5 mJ; when running on a DSP,
each convolution takes only 4 ms to complete, consuming only 6 m]. These results confirm that
DSP is the most efficient computing unit for feature processing tasks, both in performance and in
energy consumption. Note that we did not implement other tasks in autonomous driving, such as
localization, planning, obstacle avoidance, etc., on GPUs and DSPs as these tasks are control-heavy
and would not efficiently execute on GPUs and DSPs.
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Autonomous Driving on Mobile Processor

We seek to explore the edges of the envelope and understand how well an autonomous driving
system could perform on the aforementioned ARM mobile SoC. Figure 8.8 shows the vision-based
autonomous driving system we implemented on this mobile SoC. We implemented on this mobile
SoC, we utilize the DSP for sensor data processing tasks, such as feature extraction and optical
flow; we use GPU for deep learning tasks, such as object recognition; we use two CPU threads for
localization tasks to localize the vehicle at real-time; we use one CPU thread for real-time path
planning; and we use one CPU thread for obstacle avoidance. Note that multiple CPU threads can
run on the same CPU core if a CPU core is not fully utilized.

DSP Thread 1 Thread 2 GPU
Slsnsor ]_)ata Localization Localization R oy ect
rocessing ecognition
Planni Obstacle
anning Avoidance
Thread 3 Thread 4

Figure 8.8: Autonomous navigation system on mobile SoC.

'The performance was quite reasonable when we ran this system on the ARM Mobile SoC.
'The localization pipeline is capable of processing 25 images per second, almost keeping up with
image generation at 30 images per second. The deep learning pipeline is capable of performing 2
to 3 object recognition tasks per second. The planning and control pipeline is designed to plan a
path within 6 ms. When running this full system, the SoC consumes 11 W on average. With this
system, we were able to drive the vehicle at around 5 mph without any loss of localization, quite a
remarkable feat, considering that this ran on a mobile SoC. With more computing resources, the
system should be capable of processing more data and allowing the vehicle to move at a higher

speed, eventually satisfying the need of a production-level autonomous driving system.

Design of Computing Platform

'The reason why we could deliver this performance on an ARM mobile SoC is that we fully utilized
the heterogeneous computing resources of the system and used the best suited computing unit
for each task so as to achieve best possible performance and energy efficiency. However, there is

a downside as well: we could not fit all the tasks into such a system, for example, object tracking,

change lane prediction, cross-road traffic prediction, etc. In addition, we aim for the autonomous
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driving system to have the capability to upload raw sensor data and processed data to the cloud,
however, the amount of data is so large that it will take all the available network bandwidth.

The aforementioned functions, object tracking, change lane prediction, cross-road traffic
prediction, data uploading etc. are not needed all the time. For example, the object tracking task
is triggered by the object recognition task and the traffic prediction task is triggered by the object
tracking task. The data uploading task is not needed all the time either since uploading data in
batches usually improves throughput and reduces bandwidth usage. If we designed an ASIC chip
for each of these tasks, it would be a waste of chip area, but an FPGA would be a perfect fit for these
tasks. We could have one FPGA chip in the system and have these tasks time-share the FPGA.
It has been demonstrated that using Partial-Reconfiguration techniques [6], an FPGA soft core
could be changed within less than a few milliseconds, making time-sharing possible in real time.

Application Layer Sensing Perception Decision Other

Operating System Layer | ROS Node | ROSNode | ROS Node | ROS Node

Execution Run-Time

OpenCL

Run-Time Layer

CPU

Computing Platform Shared Memory

DSP GPU FPGA

In Figure 8.9, we show our computing stack for autonomous driving. At the computing

Figure 8.9: Computing stack for autonomous driving.

platform layer, we have a SoC architecture that consists of a I/O sub-system that interacts with the
front-end sensors; a DSP to pre-process the image stream to extract features; a GPU to perform
object recognition and some other deep learning tasks; a multi-core CPU for planning, control,
and interaction tasks; an FPGA that can be dynamically reconfigured and time-shared for data
compression and uploading, object tracking, and traffic prediction, etc. These computing and I/0
components communicate through the shared memory. On top of the computing platform layer,
we have a run-time layer to map different workloads to the heterogeneous computing units through

OpenCL [7], and to schedule different tasks at runtime with a run-time execution engine. On top
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of the Run-Time Layer, we have an Operating Systems Layer utilizing Robot Operating System
(ROS) design, which is a distributed system consisting of multiple ROS nodes, each encapsulates

a task in autonomous driving.
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CHAPTER 9

Cloud Platform for Autonomous

Driving

Abstract

Autonomous driving clouds provide essential services to support autonomous vebicles.
Today these services include but not limited to distributed simulation tests for new algo-
rithm deployment, oﬁi’ine deep learning model training, HD map generation, etc. These
services require infrastructure support including distributed computing, distributed
storage, as well as heterogeneous computing. In this chapter, we present the details of
our implementation of a unified autonomous driving cloud infrastructure, and how we

support these services on top of this infrastructure.

9.1 INTRODUCTION

Autonomous vehicles are mobile systems, and autonomous driving clouds provide some basic
infrastructure supports including distributed computing, distributed storage, and heterogeneous
computing [1]. On top of this infrastructure, we can implement essential services to support auton-
omous vehicles. For instance, as autonomous vehicles travel around a city, each second over 2GB of
raw sensor data can be generated. It thus behooves us to create an efficient cloud infrastructure to
store, process, and make sense of the enormous amount of raw data. With the cloud infrastructure
introduced in this chapter, we can efficiently utilize the raw data to perform distributed simulation
tests for new algorithm deployment, to perform offline deep learning model training, as well as to

continuously generate HD maps.

9.2 INFRASTRUCTURE

The key cloud computing applications for autonomous driving include but are not limited to
simulation tests for new algorithm deployment, HD map generation, offline deep learning model
training, etc. These applications all require infrastructural support, such as distributed computing

and storage. One way to do this is to tailor an infrastructure to each application, at the cost of

several practical problems.
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* Lack of dynamic resource sharing: If we tailored each infrastructure to one applica-

tion, then we could not use them interchangeably even when one is idle and the other

is fully loaded.

* Performance degradation: Data is sometimes shared across applications. For instance,
a newly generated map can be used in the driving simulation workloads. Without a
unified infrastructure, we often need to copy data from one distributed storage element

to another, leading to high performance overhead.

* Management overheads: It may take a team of engineers to maintain each specialized
infrastructure. By unifying the infrastructure, we would greatly reduce the manage-

ment overhead.

Model

Simulation .
Training

CPU GPU ’

Figure 9.1: Cloud platform for autonomous driving.

As shown in Figure 9.1, to address these problems, we developed a unified infrastructure
to provide distributed computing and distributed storage capabilities. To further improve per-
formance, we built a heterogeneous computing layer to accelerate different kernels on GPUs or
FPGAs, which either provide better performance or energy efficiency. We use Spark for distributed
computing [2], OpenCL for heterogeneous computing acceleration [4], and Alluxio for in-memory
storage [3]. By combining the advantages of these three infrastructure components, we can deliver

a reliable, low-latency, and high-throughput autonomous driving cloud.
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9.2.1 DISTRIBUTED COMPUTING FRAMEWORK

When we started building the distributed computing framework for autonomous driving, we had
two options, the Hadoop MapReduce engine [11], which has a proven track record, or Apache
Spark [2], an in-memory distributed computing framework that provides low latency and high
throughput.

Specifically, Apache Spark provides programmers with an application programming interface
centered on a data structure called the resilient distributed dataset (RDD), a read-only multiset
of data items distributed over a cluster of machines maintained in a fault-tolerant way. It was de-
veloped in response to limitations in the MapReduce cluster computing paradigm, which forces a
particular linear dataflow structure on distributed programs: MapReduce programs read input data
from disk, map a function across the data, reduce the results of the map, and store reduction results
on disk. In contrast, Spark's RDDs function as a working set for distributed programs that offer
a restricted form of distributed shared memory. By using in-memory RDD, Spark can reduce the
latency of iterative computation by several orders of magnitude.

Before switching to Spark from MapReduce, we focused on the reliability of the Spark
cluster to determine whether it can deliver the needed performance improvement. First, to verify
its reliability, we deployed a 1,000-machine Spark cluster and stress-tested it for three months. The
stress test helped us identify a few bugs in the system, mostly in system memory management that
caused the Spark nodes to crash. After fixing these bugs, the system ran smoothly for several weeks
with very few crashes, this confirmed our belief that Spark could be a viable solution for distributed
computing platform for autonomous driving.

Second, to quantify performance, we ran a high number of production SQL queries on
MapReduce and on a Spark cluster. With the same amount of computing resources, Spark outper-
formed MapReduce by 5X on average. Using an internal query that we performed daily at Baidu, it
took MapReduce more than 1,000 s to complete, but it only took Spark 150 s to complete.

9.2.2 DISTRIBUTED STORAGE
After selecting a distributed computing engine, we needed to decide on the distributed storage
engine. Again, we faced two options, to remain with the Hadoop Distributed File System (HDFYS)
[11], which provides reliable persistent storage, or to use Alluxio, a memory-centric distributed
storage system, enabling reliable data sharing at memory-speed, across cluster frameworks [3].
Specifically, Alluxio utilizes memory as the default storage medium and delivers memo-
ry-speed read and write performance. However, memory is a scarce resource and thus Alluxio may
not provide enough storage space to store all the data.
'The space requirement can be fulfilled by Alluxio’s tiered storage feature. With tiered stor-
age, Alluxio can manage multiple storage layers including Memory, SSD, and HDD. Using tiered

storage, Alluxio can store more data in the system at the same time, since memory capacity may
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be limited in some deployments. Alluxio automatically manages blocks between all the configured
tiers, so users and administrators do not have to manually manage the locations of the data. In a
way, the memory layer of the tiered storage serves as the top-level cache, SSD serves as the second
level cache, HDD serves as the third level cache, while persistent storage is the last level storage.
In our environment, we co-locate Alluxio with the compute nodes, and have Alluxio as a
cache layer to exploit spatial locality. As a result, the compute nodes can read from and write to
Alluxio; Alluxio then asynchronously persists data into the remote storage nodes. Using this tech-

nique, we managed to achieve a 30X speed up when compared to using HDEFS only.

9.2.3 HETEROGENEOUS COMPUTING

By default, the Spark distributed computing framework uses a generic CPU as its computing
substrate, which, however, may not be the best for certain type of workloads. For instance, GPUs
inherently provide enormous data parallelism, highly suitable for high-density computations, such
as convolutions on images. For instance, we have compared the performance of GPU vs. CPU on
Convolution Neural Network-based object recognition tasks, and found that GPU can easily out-
perform CPU by a factor of 10-20 X. On the other hand, FPGA is a low-power solution for vector
computation, which is usually the core of computer vision and deep learning tasks. Utilizing these
heterogeneous computing substrates will greatly improve performance as well as energy efficiency.

There are several challenges on integrating these heterogeneous computing resources into
our infrastructure: first, how to dynamically allocate different computing resources for different
workloads. Second, how to seamlessly dispatch a workload to a computing substrate.

As shown in Figure 9.2, to address the first problem, we used YARN and Linux Container
(LXC) for job scheduling and dispatch. YARN provides resource management and scheduling
capabilities for distributed computing systems, allowing multiple jobs to share a cluster efficiently.
LXC is an operating-system-level virtualization method for running multiple isolated Linux sys-
tems on the same host. LXC allows isolation, limitation, and prioritization of resources, including
CPU, memory, block I/0, network, etc. Using LXC, one can effectively co-locate multiple virtual
machines on the same host with very low overhead. Our experiments show that the CPU overhead
of hosting a LXC is less than 5% comparing to running an application natively.

When a Spark application is launched, it can request heterogeneous computing resources
through YARN. YARN then allocates LXCs to satisfy the request. Note that each Spark worker can
host multiple containers, and that each may contain CPU, GPU, or FPGA computing resources.
In this case, containers provide resource isolation to facilitate high resource utilization as well as
task management.

To solve the second problem, we needed a mechanism to seamlessly connect the Spark in-

frastructure with these heterogeneous computing resources. Since Spark uses Java Virtual Machine

(JVM) by default, the first challenge is to deploy workloads to the native space. As mentioned
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before, since the Spark programming interface centered on RDD, we developed a heterogeneous
computing RDD which could dispatch computing tasks from the managed space to the native
space through the Java Native Interface (JNI).

Next, in the native environment, we needed a mechanism to dispatch workloads to GPU or
FPGA, for which we chose to use OpenCL due to its availability on different heterogeneous com-
puting platforms. Functions executed on an OpenCL device are called kernels. OpenCL defines
an API that allows programs running on the host to launch kernels on the heterogeneous devices

and manage device memory.
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User Application ‘#
Container -+ -+ Container
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Figure 9.2: Distributed heterogeneous computing platform.

9.3 SIMULATION

With the unified infrastructure ready, let us now examine the services running on top of it. The first
service we examine is distributed simulation tests for new algorithm deployment.

Whenever we develop a new algorithm, we need to test it thoroughly before we can deploy it
on real cars, lest the testing cost is enormous and the turn-around time too high. Therefore, we can
test the system on simulators [5]. One simulation approach consists in replaying the data through
Robot Operating System (ROS) [6], where the newly developed algorithms are deployed for quick
verification and early problem identification. Only after an algorithm passes all simulation tests can
it be qualified to deploy on an actual car for on-road testing.

If we were to test the new algorithm on a single machine, it would either take too long or we

would not have enough test coverage. To solve this problem, we leverage the Spark infrastructure to
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build a distributed simulation platform. This allows us to deploy the new algorithm on many com-
pute nodes, feed each node with different chunks of data, and, at the end, aggregate the test results.

To seamlessly connect ROS and Spark, we needed to solve two problems: first, Spark by de-
fault consumes structured text data. However, for simulation we need Spark to consume multimedia
binary data recorded by ROS such as raw or filtered readings from various sensors, detected obstacle
bounding boxes from perception. Second, ROS needs to be launched in the native environment,

where Spark lives in the managed environment.

Spark Worker <2¢ > ROS Node

Spark Driver <——— Spark Worker <P . ROS Node

i

Figure 9.3: Simulation platform for autonomous driving.

9.3.1 BINPIPERDD

To make this architecture work, the first task is to have Spark consume binary input stream such as
multimedia data. In the original design of Spark, inputs are in text format. Under such a context, we
can have input records, as an example, with keys and values separated by space/tab characters, and
records separated by Carriage Return characters. However, such an assumption is no longer valid in
the context of binary data streams in which each data element in a key/value field could be of any
value. To tackle this problem, we designed and implemented BinPipeRDD. Figure 9.4 shows how
BinPipeRDD works in a Spark executor. First, the partitions of binary files go through encoding
and serialization stages to form a binary byte stream. The encoding stage will encode all supported
inputs format including strings (e.g., file name) and integers (e.g., binary content size) into our
uniform format, which is based on byte array. Afterward, the serialization stage will combine all

bytes arrays (each may correspond to one input binary file) into one single binary stream. Then,
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the user program, upon receiving that binary stream, would de-serialize and decode it according to
interpret the byte stream into an understandable format. Next, the user program would perform the
target computation (User Logic), which ranges from simple tasks such as rotate the jpg file by 90°
if needed, to relatively complex tasks such as detecting pedestrians given the binary sensor readings
from LiDAR scanners. The output would then be encoded and serialized before being passed in the
form of RDD [Bytes] partitions. In the last stage, the partitions can be returned to the Spark driver
through a collect operation or be stored in HDFS as binary files. With this process, we can now
process and transform binary data into a user-defined format and transform the output of the Spark
computation into a byte stream for collect operations or take it one step further to convert the byte

stream into text or generic binary files in HDFS according to the needs and logic of applications.
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Figure 9.4: BinPipeRDD design.

9.3.2 CONNECTING SPARK AND ROS

With BinPipeRDD, Spark can now consume ROS Bag data, and we needed a way to launch ROS
nodes in Spark as well as a way to communicate between Spark and ROS nodes. One choice was
to design a new form of RDD to integrate ROS nodes and Spark, but this might involve changing
ROS’s as well as Spark’s interfaces. Worrying about maintaining different versions of ROS, we went
for a different solution and launched ROS and Spark independently, while co-locating the ROS
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nodes and Spark executors, and having Spark communicate with ROS nodes through Linux pipes.
Linux pipes create a unidirectional data channel that can be used for inter-process communication.
Data written to the write end of the pipe is buffered by the kernel until it is read from the read
end of the pipe.

9.3.3 PERFORMANCE

As we developed the system, we continually evaluated its performance. First, we performed basic
image feature extraction tasks on one million images (total dataset size > 12 TB) and tested the
system’s scalability. As shown in Figure 9.5, as we scaled from 2,000 CPU cores to 10,000, the
execution time dropped from 130 s to about 32 s, demonstrating extremely promising capability of
linear scalability. Next we ran an internal replay simulation test set. On a single node, it takes about
3 hr to finish the whole dataset. As we scale to eight Spark nodes, it only takes about 25 min to

finish the simulation, again demonstrating excellent potential for scalability.
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Figure 9.5: Simulation platform data pipeline.

94 MODEL TRAINING

The second application this infrastructure needs to support is offline model training. To achieve
high performance in offline model training, our infrastructure provides seamless GPU acceleration
as well as in-memory storage support of parameter servers.

As we use different deep learning models in autonomous driving, it is imperative to provide
updates that will continuously improve the effectiveness and efficiency of these models. However,
since the amount of raw data generated is enormous, we would not be able to achieve fast model
training using single servers. To approach this problem, we developed a highly scalable distributed
deep learning system using Spark and Paddle [10]. In the Spark driver, we can manage a Spark
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context and a Paddle context, and in each node, the Spark executor hosts a Paddler trainer instance.
On top of that, we can use Alluxio as a parameter server for this system. Using this system, we
have achieved linear performance scaling, even as we add more resources, proving that the system

is highly scalable.

9.4.1 WHY USE SPARK?

The first question one may ask is why use Spark as the distributed computing framework for offline
training, given that the existing deep learning frameworks all have distributed training capabilities.
'The main reason is that although model training looks like a standalone process, it may depend on
the data preprocessing stage, such as ETL and simple feature extraction etc. As shown on the left
side of Figure 9.6 below, in our practical tests, if we treated each stage as standalone, this would in-
volve intensive I/O to the underlying storage, such as HDFS. As a consequence, we discovered that
the I/O to the underlying storage often became the bottleneck of our whole processing pipeline.
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Figure 9.6: Training platform for autonomous driving.

As shown on the right side of Figure 9.6, by using Spark as the unified distributed comput-
ing framework, we can now buffer the intermediate data in memory, in the form of RDDs. The

processing stages naturally form a pipeline without intensive remote IO accesses to the underlying
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storage in between the stages. This way, we read the raw data from HDFS at the beginning of the
pipeline, and then pass the processed data to the next stage in the form of RDDs, until we finish the
last stage and at last write the data back to HDFS. This approach allowed us to effectively double,
on average, the throughput of the system.

9.4.2 TRAINING PLATFORM ARCHITECTURE

Figure 9.7 shows the architecture of our training platform. First, we have a Spark driver to manage
all the Spark nodes, with each node hosts a Spark executor and a Paddle trainer, which allows us to
utilize the Spark framework to handle distributed computing and resource allocation.

With this architecture, we can exploit data parallelism by partitioning all training data into
shards so that each node independently processes one or more shards of the raw data. To syn-
chronize the nodes, at the end of each training iteration, we need to summarize all the parameter
updates from each node, perform calculations to derive a new set of parameters, and then broadcast
the new set of parameters to each node so they can start the next iteration of training.

It is the role of the parameter server to efficiently store and update the parameters. If we were
to store the parameters in HDFS, then again, as we have alluded to earlier, I/O would become the
performance bottleneck. To alleviate this problem, we utilized Alluxio as our parameter server. As
shown in Section 9.2.2, Alluxio is a memory-centric distributed storage, which utilizes in-memory
storage to optimize for its I/O performance. Comparing to HDFS, we have observed an I/O per-

formance gain factor of more than 5X by utilizing Alluxio as parameter servers.
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Figure 9.7: Training platform for autonomous driving.
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9.4.3 HETEROGENEOUS COMPUTING

Next, we explored how heterogeneous computing could improve the efficiency of offline model
training. As a first step, we explored how GPU performed compared to a CPU with Convolution
Neural Networks (CNN). Using an internal object recognition model with the OpenCL infrastruc-
ture presented in Section 9.2.3, we have observed a 15X speed-up using GPU. The second step was
to understand the scalability of this infrastructure. On our machine, each node is equipped with one
GPU card. Figure 9.8 shows the result of this study, as we scaled the number of GPUs, the training
latency per pass dropped almost linearly. This result confirmed the scalability of our platform, such
that as we have more data to train against, we could reduce the training time by providing it with
more computing resources.
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Figure 9.8: Performance of distributed model training.

9.5 HD MAP GENERATION

The third application this infrastructure needs to support is HD map generation, a multi-stage
pipeline. By using Spark and heterogeneous computing, we managed to reduce the IO between the
pipeline stages and accelerate the critical path of the pipeline.

As shown in Figure 9.9, like offline training, HD map production is also a complex process
that involves many stages, including raw data reading, filtering and preprocessing, pose recovery
and refinement, point cloud alignment, 2D reflectance map generation, HD map labeling, as well
as the final map outputs [7, 8]. Using Spark, we can connect all these stages together in one Spark

job. A great advantage is that Spark provides an in-memory computing mechanism, such that we
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do not have to store the intermediate data in hard disk, thus greatly reducing the performance of

the map production process.
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Figure 9.9: Simulation platform for autonomous driving.

9.5.1 HD MAP

Just as with traditional digital maps, HD maps have many layers of information. As shown in
Figure 9.10, at the bottom layer we have a grid map generated by raw LiDAR data, with a grid
granularity of about 5 cm by 5. This grid basically records elevation and reflection information
of the environment in each grid cell. As the autonomous vehicles are moving and collecting new
LiDAR scans, they compare in real time the new LiDAR scans against the grid map with initial
position estimates provided by GPS and/or IMU, which then assists these vehicles in precisely
self-localizing in real-time.

On top of the grid layer, there are several layers of semantic information. For instance, the
reference line and lane information are added to the grid map to label each lane. This allows auton-
omous vehicles to determine whether they are on the correct lane when moving, and to also decide
whether they are maintaining a safe distance to the vehicles on neighboring lanes. On top of the
lane information, traffic sign labels will be added to notify the autonomous vehicles of the current
speed limit, and whether traffic lights are nearby, etc. This gives an additional layer of protection in

case the sensors on the autonomous vehicles fail to catch the signs.
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Figure 9.10: Performance of distributed model training.

9.5.2 MAP GENERATION IN THE CLOUD

Although we mentioned the importance of LIDAR data in HD map generation, it is not the only
sensor data used. As shown in Figure 9.11, the HD map generation process actually fuses raw data
from multiple sensors in order to derive accurate position information. First, the wheel odometry
data and the IMU data can be used to perform propagation, or to derive the displacement of the
vehicle within a fixed amount of time. Then the GPS data and the LiDAR data can be used to
correct the propagation results in order to minimize errors.

In terms of process, the computation of map generation can be divided into three stages:
first, Simultaneous Localization And Mapping (SLAM) is performed to derive the location of the
each LiDAR scan. In this stage, the Spark job loads all the raw data, including IMU log, wheel
odometry log, GPS log, and LiDAR raw data from HDFS. Second, it performs map generation
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and point cloud alignment, in which the independent LiDAR scans are stitched together to form

a continuous map. Third, label and semantic information is added to the grid map.
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Figure 9.11: Map generation in the cloud.

Just as with offline training applications, we linked these stages together using a Spark job
and buffered the intermediate data in memory. By using this approach, we achieved a 5X speedup
when compared to having separate jobs for each stage. Also, the most expensive operation for the
map generation stage is the iterative closest point (ICP) point cloud alignment [12]. By using the

heterogeneous infrastructure, we managed to accelerate this stage by 30X by offloading the core of

ICP operations to GPU.

9.6 CONCLUSIONS

An autonomous driving cloud is an essential part of the autonomous driving technology stack. In
this chapter, we have shown the details of our practical experiences of building a production auton-
omous driving cloud. To support different cloud applications, we need an infrastructure to provide
distributed computing, distributed storage, as well as hardware acceleration through heterogeneous
computing capabilities.

If we were to tailor the infrastructure for each application, we would have to maintain
multiple infrastructures, potentially leading to low resource utilization, low performance, and high

management overhead. We solved this problem by building a unified infrastructure with Spark
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for distributed computing, Alluxio for distributed storage, and OpenCL to exploit heterogeneous
computing resources for further performance improvement and energy efficiency.

With a unified infrastructure, many applications can be supported, including but not limited
to distributed simulation tests for new algorithm deployment, offline deep learning model training,
and HD map generation. We have delved into each of these applications to explain how the infra-
structure can be utilized to support the specific features, and to provide performance improvement
as well as scalability.

At this point, we are in the early stages of the development of a cloud infrastructure for
autonomous vehicles, as autonomous driving technologies are actively evolving. Nonetheless, we
know that, by having a unified infrastructure to provide the basic capabilities, including distributed
computing, distributed storage, and heterogeneous computing, autonomous driving cloud itself can

quickly evolve to meet the needs of emerging autonomous driving cloud applications.
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