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ABSTRACT

Based on a research conducted by Malaysian Institute Road Safety Research
(MIRQS), it is found that human error contributes up to 80% of road accidents. The
answer to this issue would be through the implementation of autonomous car equipped
with Advanced Driver Assistance System (ADAS) replacing manual human control.
ADAS utilizes the concept of sensor fusion which data from multiple sensors such as
camera, radar and LIDAR are collected and processed to handle different traffic
situations. This is due to the fact that each sensor has their own strength and weakness.
The current SAE J3016 automation level 2 and level 3 vehicles defined by Society of
Automotive Engineers (SAE) does not include thermal imaging and it is expected that
thermal sensor will be widely adopted in the future. Thermal sensor senses heat instead
of light which would allow ADAS system to operate normally even when in low light
environment, cluttered environment and inclement weather such as rain, fog and snow
compared to visible cameras. With the rise of computer vision and deep learning,
ADAS can be equipped with thermal sensor and Convolutional Neural Network to
detect vehicles and pedestrian on the road. YOLOV3 is used in this research due to the
lower computing power needed allowing easy deployment on compact low power
embedded platform. In addition, a light weight YOLOv3 model called YOLOvV3 Tiny
is also used to achieve a faster inference speed. Thermal dataset provided by FLIR is
used to train both models in PC and Nvidia Jetson TX2 is selected to be end target
deployment platform. Performance evaluation is conducted with different network size
and colour channels for benchmarking the detection speed and accuracy. The YOLOV3
model in this work has amAP of 52.09% and on the embedded platform single channel

YOLOV3 Tiny is able to achieve performance up to 27 frames per second.
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ABSTRAK

Berdasarkan kajian yang dilakukan oleh Institut Penyelidikan Keselamatan
Jalan Raya Malaysia (MIROS), didapati bahawa kesalahan manusia menyumbang
kepada 80% kemalangan jalan raya. Jawapan untuk masalah ini adalah melalui
pelaksanaan kereta autonomi yang dilengkapi dengan Sistem Bantuan Pemandu
Termaju (ADAS) menggantikan kawalan manual manusia. ADAS menggunakan
konsep sensor lakur yang mana data dari pelbagai sensor seperti kamera, radar dan
LIDAR dikumpulkan dan diproses untuk menangani situasi lalu lintas yang berbeza.
Ini disebabkan kerana setiap sensor mempunyai kekuatan dan kelemahan masing-
masing. Kenderaan automatik SAE J3016 tahap 2 dan tahap 3 yang ditakrifkan oleh
Persatuan Jurutera Automotif (SAE) tidak termasuk pengimejan termal dan
diharapkan sensor termal akan digunakan secara meluas di masa depan. Sensor termal
merasakan haba dan bukannya cahaya yang akan membolehkan sistem ADAS
beroperasi secara normal walaupun dalam keadaan pencahayaan rendah, persekitaran
yang berselerakan dan cuaca buruk seperti hujan, kabut dan salji berbanding dengan
kamera yang dapat dilihat. Dengan peningkatan penglihatan komputer dan
pembelajaran mendalam, ADAS dapat dilengkapi dengan Rangkaian Neural
Konvolusional untuk mengesan kenderaan dan pejalan kaki di jalan raya. YOLOvV3
digunakan dalam penyelidikan ini kerana kuasa pengkomputeran yang lebih rendah
yang diperlukan yang membolehkan penggunaan mudah pada platform terbenam
kuasa rendah padat. Set data termal yang disediakan oleh FLIR akan digunakan untuk
melatin model dan Nvidia Jetson TX2 dipilih untuk menjadi platform sasaran akhir.
Penilaian prestasi dilakukan untuk menanda aras kelajuan dan ketepatan pengesanan.
Model YOLOvV3 dalam kajian ini mempunyai mAP 52.09% dan YOLOvV3 Tiny
mampu mencapai prestasi sehingga 27 kerangka per saat apabila digunakan dalam

sistem terbenam.

Vi
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CHAPTER 1

INTRODUCTION

1.1 Overview

Most of the people have seen autonomous vehicle in science fiction movies.
Today, autonomous vehicle is no longer a fantasy and is going to become a reality.
Autonomous vehicle promises a safer journey where majority of the accidents that is
caused by human error (1) can be fully eradicated. Driver fatigue, disobeying traffic
rules, distraction, failure to check for blind spot and even driver under the influence of
drug or alcohol will no longer be an issue. Since the vehicle is fully autonomous, the
driver can eventually sit back and relax and uses the commutation time effectively.
Elder and disabled can be benefited from autonomous vehicle as well since everything

is handled by the computer in the vehicle.

The Society of Automotive Engineers (SAE) defines six level of driving
automation in J3016 standard. SAE Level O indicates no automation and required
manual control while the highest SAE Level 5 indicates a fully autonomous vehicle.
As in year 2020, no commercially SAE Level 4 vehicle exists in the market yet. In
order to reach a higher autonomation level, the vehicle must be able to understand its
surrounding environment and make critical decision to prevent accidents. That is
where ADAS comes into play in autonomous vehicle. Multiple sensors such as camera
are deployed in the vehicle granting visual capability to ADAS.

When driving on the road, there will be pedestrian, cars, trucks and many more
other objects. By integrating deep learning models such as Convolutional Neural
Networks (CNN) into ADAS, objects on the road can be recognized and detected to
avoid collision. Since there is size and power constraint on vehicle, a compact

embedded system is much preferred than a full-size computer. Hence, a single shot



detector-based CNN is suitable for in this scenario due to the lower computation
requirements.

Thermal cameras are mostly used in military or search and rescue operation
and they arerarely utilized in standard vehicle due to the higher price. The self-driving
Uber car accident in 2018 (2) highlighted that the current sensor topologies of using
radar, LIDAR and visible camera is insufficient and thermal camera is required to
improve the robustness of the system. Hence FLIR cooperates with VVeoneer, a global

automaker to introduce thermal sensing in the next generation of vehicles (3).

g.oE SAE J3016™LEVELS OF DRIVING AUTOMATION

SE SE SE SE
LEVEL O J LEVEL1 LEVEL 2 LEVEL S5

You are driving whenever these driver support features You are not driving when these automated driving
are engaged - even if your feet are off the pedals and features are engaged - even if you are seated in
What does the you are not steering “the driver’s seat”

human in the
driver’s seat

have to do? You must constantly supervise these support features; When the feature These automated driving features
° you must steer, brake or accelerate as needed to requests, will not require you to take
maintain safety you must drive over driving
These are driver support features These are automated driving features
These features These features These features These features can drive the vehicle This feature
are limited provide provide under limited conditions and will can drive the
to providing steering steering not operate unless all required vehicle under
Wtf\a(tdo th:sg, warnings and OR brake/ AND brake/ conditions are met all conditions
eatures do: momentary acceleration acceleration
assistance support to support to
the driver the driver
= automatic *lane centering « lane centering = traffic jam *local driverless *same as
emergency OR AND chauffeur taxi level 4,
braking _ s - pedals/ but feature
Example «blind t «adaptive cruise *adaptive cruise teetl can drive
Features ind spo! control control at the Sieerng everywhere

warning

*lane departure
warning

wheel may or
may not be
installed

same time in all

conditions

Figure 1.1 Driving Automation levels defined by SAE (4).

1.2 Problem Statement

Usage of CNN detection network can be seen everywhere. However, majority
of the CNN networks are trained on RGB images. CNN networks trained on RGB

images will not work well on thermal images as the network learns the colour of an



object during the training process (5). Besides that, training grayscale thermal images
on CNN networks allows more features to be extracted and yielding a higher accuracy
results (6).

In addition, region proposal-based CNN network is heavy and requires a long
processing time for object detection and classification. ADAS system typically
requires fast processing time to handle various driving situations. Furthermore,
existing ADAS without thermal sensor has poor detection at night and causes fatal
accident as in (2). Existing work based on thermal camera are also limited and can be

seenin Chapter 2.3.

1.3  Objectives

The objectives of the researchare :

@) To train a CNN model with thermal images for usage in ADAS
(b) To deploy the trained CNN model onto hardware embedded system

(c) To conduct performance evaluation of the CNN model in terms of speed and

accuracy

1.4  Scope

The project focuses only on the part where the ADAS system performs object
detection, classification and localization. Hence there will be no other fancy features
in ADAS such as object distance and path estimation, cruise control, etc. The final

system will then be deployed in Nvidia Jetson TX2 platform for testing and evaluation.

As the title of the thesis suggest, the system will be trained and tested on
thermal image only. Due to usage of provided thermal dataset by FLIR, there will be

limited class selected for classification which are :



@) Vehicles
(b) Pedestrian
(c) Bicycles

(d) Dogs

15 Thesis Outline

The thesis comprises five chapters which they are Introduction, Literature
Review, Research methodology, Results and Discussion, and Conclusion. Chapter 1
Introduction discusses about the problem, motivation, objectives and set the scope for
the project. In Chapter 2, study of related works will be documented and listing down
the researchgaps. Chapter 3 describes the methodology taken for this project in details.
The results obtained from the project will be placed and discussed in Chapter 4.
Chapter 5 consists of the overall sum up for the whole project as well as

recommendations for future works.
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