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Abstract

Autonomous Vehicles (AVs) have made great progress with the advancements in
high performance computing and Artificial Intelligence (Al) in recent years. AVs are
equipped with Automated Driving Systems (AVS) that are able to manipulate the
environment and perform driving tasks safely without human intervention. With a
precise perception, AVs can analyze the traffic scene, localize the traffic participants,
and then predict their motions to maneuver through traffic on the road. However,
there is still hesitation about embracing the technology and skepticism about the
reliability and robustness of the ADS in the fickle and noisy traffic environment. Cur-
rent perception systems equipped with RADAR, camera and LiDAR still face great
challenges caused by occlusion, resolution, and weather condition. In this research,
we focus on vehicular data analysis using camera and LiDAR data, and apply deep
learning-based model frameworks to solve and improve multiple AV perception tasks
including dynamic traffic participants detection and road segmentation. We also ex-
plore cooperative perception among Connected Autonomous Vehicles (CAVs) with
the Vehicular Communication (VC) systems to improve the perception of distance
and accuracy. Cooperative perception allows a CAV to interact with the other CAVs
in the vicinity to enhance perception of surrounding objects as well as increase the

safety and reliability of AVs. It can compensate for the limitations of the conventional



vehicular perception such as occlusion, blind spots, low resolution, and weather ef-
fects.

This thesis presents our work with regard to enhancing perception of AVs including
camera-based vehicle detection, camera-based road segmentation and drivable area
detection, LiDAR-based 3D object detection, LiDAR-camera fusion-based 3D ob-
ject detection and Bird’s-Eye View (BEV) semantic segmentation. The experiments
demonstrate that utilizing the cooperative perception outperforms the conventional

single vehicle perception approaches.
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Chapter 1

Introduction

Deep Learning (DL) and Articial Intelligence (Al) have achieved an impressive
technological progress in computer vision, natural language processing, and robotic
systems [52]. Autonomous driving demonstrates an exciting application of Al, and
Autonomous Vehicles (AVs) have gone through a huge transformation in recent years
because of the improvements in sensors, Graphics Processing Unit (GPU) and Al
techniques [6, 134]. An AV, also called a self-driving car, is a vehicle with Automated
Driving System (ADS) that is able to perceive the environment, perform all driving
tasks, and move to the destination safely with little or without human intervention.
World Health Organization (WHO) disclosed that 1.3 million number of people die
in motor vehicle crashes each year [75]. The continuing evolution of automotive tech-
nology, including driver assistance technologies and ADS, aim to deliver even greater
safety bene ts.

AVs contribute to our society in ve categories: safety, mobility, economic and
societal bene ts, environment, and e ciency and convenience [1, 134]. AVs are able
to decrease tra c accidents and congestion, improve mobility and travel e ciency,

and reduce carbon emission. Additionally, the long-distance travel and transportation
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can be more reliable and safer since AVs never get tired and distracted. Recently, an
increasing number of technology companies are making their vehicles equipped with
Advanced Driver Assistance System (ADAS) to ensure driver safety and convenience
[48]. However, the State-of-the-Art (SOTA) technology is still a long way from a fully
autonomous driving system [32, 45]. A robust ADS in urban environments has not
been achieved yet. AVs lack reliability and adaptability in various driving scenarios,
which are essential to avoid collisions. Therefore, further research and improvements

are necessary.

1.1 Motivation

Autonomy in vehicles is categorized in six levels according to the Society of Automo-

tive Engineers (SAE) J3016 standard [97]:

Level 0: No Driving Automation. The ADS has no sustained vehicle control.
Level 1: Driver Assistance. The ADS can help the driver control the vehicle
with limited functions such as cruise control and emergency braking.

Level 2: Partial Driving Automation. The ADS can control the steering, accel-
eration and braking in certain circumstances.

Level 3: Conditional Driving Automation. The ADS can almost fully control the
vehicle, while driver is still required to take control of the vehicle if necessary.
Level 4: High Driving Automation. The system is fully automated, and driver
attention is not required except occasionally when the vehicle requires human
drivers in very special circumstances.

Level 5: Full Driving Automation. No human intervention is required.

Some vehicle and technology companies such as T&slaBaidu Apollo® and
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Waymao® are striving to build fully autonomous and self-driving vehicles. Although
the Level 4 AVs have been tested by some companies [21], the most advanced vehicle
in the market has reached only Level 2 partial automation and is struggling to step
into the Level 3 conditional driving automation.

The sensing system in AVs is equipped with on-board sensors, such as Light
Detection and Ranging (LiDAR), Radio Detection and Ranging (RADAR), camera,
Global Positioning System (GPS), Inertial Measurement Unit (IMU) and odometer
to gather surrounding tra ¢ information and create an internal understanding of the
environment. Information from the sensing system is transferred to and processed
by the ADS. The ADS is generally divided into ve subsystems for various tasks

including:

1. Localization and mapping: Mapping static obstacles and tra c road condition,
and localizing AVs on the High-De nition (HD) map,

2. Perception: Detecting and recognizing tra ¢ signal, detecting and tracking sur-
rounding dynamic objects such as vehicles, pedestrians, and cyclists,

3. Motion prediction: Predicting the trajectories or motions of the detected dy-
namic objects,

4. Motion planning: Planning the route and predicting the trajectory for the AV,
and

5. Vehicle control: Generating control signals based on the predicted trajectory.
Finally, the actuating system executes the planned motions for steering, brake

and throttle.

The ADS is accomplished using two di erent approaches: the traditional modular

system (Autonomy 1.0) and the end-to-end driving system (Autonomy 2.0) [35] as
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shown in Fig. 1.1. In the modular system, each module is developed separately and
then integrated to solve the ve tasks in ADS as a pipeline. Starting with the sensor
input, the ADS localizes the AV on a map, and then detects the surrounding objects
and predicts their motions. Finally, it predicts the trajectory and makes decisions.
In the basic stage of Autonomy 1.0, modules are independent, and each module
highly relies on the predictions from the previous module. Thus, it cannot discover

the relevant features for individual module.

(a) Autonomy 1.0: traditional modular system.

(b) Autonomy 2.0: end-to-end driving system.

Figure 1.1: Autonomy of Automated Driving System (ADS).

In Autonomy 2.0 end-to-end driving system, the input is collected from the sensor
data as described in the previous version. In addition, a deep learning-based neural
network system is used to predict the motion of the AV directly. The end-to-end driv-
ing system proved to be more e cient and achieved promising results in perception,
prediction and planning [96, 135, 136]. However, it is still not used in the real-world
due to its inability to guarantee 100% reliability in accident prevention. Also, to train
a deep neural network for end-to-end ADS, a large quantity and diversity of data is

required for all tra ¢ and road conditions.
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1.2 Problem Description

In both traditional modular system and end-to-end deep learning based driving sys-
tem, tra c information collection and understanding tra ¢ scene from the data are
the initial steps. AVs must have the ability to understand the surrounding environ-

ment in order to navigate properly in various and complicated driving scenarios.

1.2.1 Vehicular Perception

Sensors including LIDAR, RADAR and camera are the principle data sources for the
AVs to obtain tra c information to guarantee safety of the AVs. To enable fully driv-

ing automation, Tesl&® relies on its camera and Al systems, whereas other companies
apply multiple sensors which collaborate to perceive the world. In this research, we
mainly focus on using single-modal camera data or LIDAR data, and multi-modal
LiDAR-camera fused data.

An example of the multi-view camera and LIDAR data is shown in Fig. 1.2. The
vehicles are annotated with green 3D bounding boxes in the LiDAR point cloud data.
Camera is one of the most popular and cheaper sensors used in vehicular perception
and it is much cheaper than the LIDAR. The camera can provide high-resolution
images or videos in perspective-view with plentiful colour and texture information. It
is suitable for multiple perception tasks including static and dynamic object detection
[9, 28, 103], lane detection [131], and tra ¢ sign identi cation[25, 107]. Due to the
limitation of the Field-Of-View (FOV), multiple cameras are utilized to capture the
surrounding tra c information in 360 degrees. As shown in Fig. 1.2(a), four cameras
are utilized to capture the tra c scene in four views including the front-view, left-

view, right-view and back-view. However, the camera cannot provide precise distance
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Figure 1.2: Multi-view images and LiDAR point cloud visualization. The vehicles are
annotated with green 3D bounding boxes in the LIDAR point cloud.

information and is sensitive to light.

LiDAR compensates for camera's shortcomings. The laser beams in the LiDAR
emit billions of light photons per second around it in 360 degrees in order to see
the surrounding world. A light photon hits an object and bounces back to the LiDAR
sensor at which the travel is recorded and the distance is calculated. LIDAR is able to
show a real-time 3D view of its surrounding environment as shown in Fig. 1.2(b). Due
to more precise distance information measured by LIDAR, it is more suitable for object
detection especially object localization. In addition, LiDAR has its own light source

that allows it to see at night. This is an advantage over cameras which have trouble in
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darkness due to not having their own source of light. LIDAR, however, cannot provide
colour information. Therefore, multi-modal sensors such as the camera, LIDAR and
other sensors, are utilized to build a more precise and reliable perception system for

AVs [7, 56, 59, 67].

1.2.2 Single Vehicle Perception

The research of perception includes object detection, object tracking, and semantic
or instance or panoptic segmentation [121]. The SOTA research focuses on enhancing
the performance by using modern deep learning models [32, 45]. Despite the rapid ad-
vancements in modern sensor technology and arti cial intelligence, the single vehicle
perception system in ADS still faces great challenges [48]. The single vehicle per-
ception is limited due to occlusion, weather conditions, optimal sensor positioning,
sensor resolution, and data processing speed. Many technologies have been proposed
to ingest, analyze, and predict other tra c participants in the driving area and the
surrounding environment using 2D or 3D bounding boxes [119, 140]. Nevertheless,
small errors in predicting an object on the road can be catastrophic and can cause
harm to life and property. Besides, advanced technology can only improve the safety
and reliability of a single vehicle. In order to create a safer and more e cient trans-
portation environment, additional e orts are required such as sharing information
among Connected Autonomous Vehicles (CAVs) by using Vehicular Communication

Networks (VCNS) [3, 76].
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1.2.3 Cooperative Perception

To address the above mentioned problems and compensate for the imperfection of
single vehicle perception, cooperative perception (AKA multi-agents perception or
collaborative perception) is proposed towards building an Intelligent Transportation
System (ITS) [76]. Nearby vehicles can share data among themselves for better per-
ception and learn about road conditions that are hidden, inaccessible to the on-board
sensors, or a few blocks ahead. VCNs are computer networks where the nodes in
the network share tra c information with each other with a view to improve the
overall road condition. There are multiple kinds of vehicular communication in the
network, including Vehicle-to-Vehicle (V2V), Vehicle-to-Cloud (V2C), and Vehicle-to-
Infrastructure (V2I) [76]. Although the digital advancements have enabled collection
of data by cameras and onboard sensors of the vehicles and transportation infrastruc-
tures, the technology still lacks in e cient extraction and representation of important
information for vehicular communications and application of the same to improve
tra c condition [43, 82]. Cooperative perception also has some limitations such as
the need for additional computational burden and communication bandwidth. How-
ever, recent developments in mobile computing, wireless communication, and remote

sensing have accelerated the use of VCNSs in cooperative perception.

1.2.4 Research Questions

This research addresses the following speci ¢ Research Questions (RQs):
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RQ1. How to e ectively extract data features and patterns from the tra c environment
for vehicular perception?

RQ2. How to leverage multi-modal sensor data for better perception?
RQ3. How to e ciently aggregate data received from other vehicles with the on-bhoard
perceived sensor data to improve perception accuracy?

1.2.5 Research Objectives

We focus on the following Research Objectives (ROs) to addresses corresponding RQs.

1. Camera-based dynamic object detection and tra ¢ scene understanding with
semantic segmentation.

2. LIDAR-based 3D object detection with cooperative perception.

3. LIDAR-camera fusion-based 3D object detection and BEV semantic segmenta-

tion with cooperative perception.

1.3 Proposed Solution

In this research we focus on two perception tasks including tra ¢ dynamic object
detection and tra ¢ scene understanding with semantic segmentation.

Researching in the object detection trail, we start with image-based object de-
tection as shown in Fig. 1.3(a) and the results illustrate that the detection accuracy
is limited by occlusion and resolution. Then, we explore LiDAR-based object detec-
tion since LIDAR provides precise distance information which is more suitable for
3D object detection. The cooperative perception is utilized to improve the detection
accuracy and extend the receptive eld as shown in Fig. 1.3(c).

In the semantic segmentation trail, we research on the image-based road seg-

mentation and drivable area detection with dash camera as shown in Fig. 1.3(b).
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