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ABSTRACT

Over the past years, there has been an increase in research for artificial intelligence
methods in the field of autonomous driving. Significant advances have been made recently
and public datasets for urban scenes are now available for object detection and segmentation
on optical images for self-driving vehicles. However, the real world traffic environment is
very complex and the development of a sensing system that can perform in adverse weather
conditions, such as fog, heavy rain and snow, when the capabilities of the optical vision are

diminished, still remains a challenge for the automotive industry.

Therefore, this thesis presents a method for classification, object detection and track-
ing of different roadside targets in high frequency radar imagery, using deep neural net-
works. The current work confirms that, despite their numerous applications, such as image
and speech recognition, health care, finance, web search engines, advertising, etc., neural
networks can also be successfully employed in high frequency automotive radar imagery.
Classification and object detection methods using deep neural networks have the potential
to overcome the current object identification issues in radar and can support the development

of all-weather sensing systems for autonomous vehicles.
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“Our intelligence is what makes us human,

and Al is an extension of that quality.”

Yann LeCun, the founding father of convolutional nets.






Contents

Page

List of Figures ix
List of Tables X
Acronyms Xi
1 Introduction 1
1.1 Radar . . . . . . 2
1.1.1 Basic Principles and Operation . . . . . ... ... ... ... .... 3

1.1.2  Automotive Radar . . . . .. ... ... ... ... . 6

1.1.3 Low-THz Radar . . . . .. .. .. .. .. .. ... ... ... .... 9

1.2 Sensing and Perception in Autonomous Vehicles . . . . . . ... ... .. .. 10
1.2.1 Technology and Sensors . . . . . ... ... ... ... ....... 10

1.2.2 Applications . . . . . . . ... 14

1.3 Artificial Intelligence . . . . . . . . . .. 18
1.3.1 Machine Learning . . . . . . . . . ... oo 22

1.3.2  Deep Neural Networks . . . . . .. ... ... ... ... ... ... 24

1.3.3 Image Recognition Algorithms . . . . . . . ... ... ... .. .... 28

1.4 Motivation and Contribution . . . . . . . . . . .. ... L 30
141 Aim . . . . 30

1.4.2 Publications . . . . . . .. .. 32



CONTENTS

2 Image Classification 33
2.1 Introduction . . . . . . .. 33
2.1.1 Stateofthe Art . . . . . . . . ... 35
2.1.2 C(Classification in Machine Learning . . . . . . ... .. .. ... ... 37
2.1.3  Convolutional Neural Networks (CNNs) . . .. ... ... ... ... 41
2.1.4 Siamese Neural Networks . . . . . . . . ... .. ... ... .. .... 45
2.1.5 MNIST Dataset . . . . . . . . . . . . 47

2.2 Automotive Radar Imagery Classification . . . . . . . . ... ... ... ... 62
2.2.1 Dataset Requirements . . . . . . . . ... ... L. 62
2.2.2  Experimental Setup and Data Acquisition . . . .. .. .. ... ... 63
2.2.3 System Resources . . . . . . .. ..o 66
2.2.4 Radar Dataset for Classification . . . . . . . ... ... .. ... ... 68
2.2.5 Hyperparameters Tuning . . . . . . . .. . ... ... ... ... .. 70
22.6 CNNResults . . .. ... 80
2.2.7 Siamese Results . . . . . . . .. ..o 89

2.3 Discussion . . . . . .o e 92
24 Conclusion . . . . . .. L 94
3 Object Detection 95
3.1 Introduction . . . . . . . .. 95
3.1.1 Stateof the Art . . . . . . . . .o 96
3.1.2 Traditional Radar Target Detection . . . . . . . . ... ... ... .. 98

3.2 Object Detection in Machine Learning . . . . . .. .. ... ... ... ... 99
3.2.1 Object Detection versus Classification. . . . . . . . . ... ... ... 101
322 Faster R-CNN . . . . .. .o o 102
3.23 SSD .. 106
3.2.4 Transfer Learning . . . . . . . . . .. ..o 108

11



CONTENTS

3.3 Object Detection in Automotive Radar Imagery . . . . . . . .. .. ... ..
3.3.1 Experimental Setup and Datasets . . . . .. .. ... ... ... ...
3.3.2 Evaluation Metrics for Object Detection . . . . . . . ... ... ...
3.3.3  Object Detection Results . . . . . ... ... ... ... ... .....

3.4 Conclusion . . . . . . ..o

4 Object Detection and Tracking

4.1 Introduction . . . . . . . . L
4.1.1 Stateof the Art . . . . . . . . .o
4.1.2 Traditional Radar Tracking Methods and Track Before Detect

4.2 Particle Filters . . . . . . . .
4.2.1 Working Principles . . . . . . . ..o
4.2.2 Common Problems . . . . . . ... ... ... 0 0L
4.2.3 Motivation . . . . ..o
4.2.4 Multi-target Particle Filter . . . . . . . . ... ... ... ... ...
4.2.5 Particle Filter Estimators . . . . . . .. .. .. ... ... ...

4.3 Proposed Method . . . . . . . ...
4.3.1 Description . . . . . ...
4.3.2 Implementation . . . . . . . . ..o
4.3.3 Experimental Setup and Dataset . . . ... ... ... ... .....
434 Results. . . . . .
4.3.5 Discussion . . . . . . ..o

4.4 Conclusion . . . . . . ..o

5 Conclusions and Further Work

5.1 Conclusion . .

5.2  Further Work

11

123
123
125
126
129
129
132
133
136
137
138
138
139
145
146
151
152



A CNN Python code 157

B Siamese Python code 162

References 169

v



List of Figures

1.1
1.2

1.3
1.4

1.5
1.6

1.7
1.8

1.9

1.10
1.11

2.1
2.2
2.3
24

Radar transmission and reception process. [4] . . . . .. ... ... ..
Radar waves and frequency ranges with the radar allocated sub-bands (green)
[B].
Typical automotive scenario for a mm-wave radar sensor [10]. . . . . . . ..
Left: optical image; Right: 3D reconstruction with lidar point-cloud in black
and radar image in colour [25]. . . . . ...
SAE levels of driving automation [23]. . . . ... ... ... ...
Integration of neural networks, fuzzy systems and evolutionary algorithms
techniques [38]. . . . . . . L
Al taxonomy: ML, NN and DL. . . . . . ... ... ... .. .. .......
The performance of deep learning versus traditional ML depending on the
amount of data [40]. . . . . . ...
Branches of ML with examples of common applications: supervised learning,
unsupervised learning and reinforcement learning [44]. . . . . . . .. ... ..
Architecture of a neural network composed of interconnected neurons [51].

Image recognition algorithms using NNs [53]. . . . . . .. ... .. ... ...

Example of Cityscapes annotations [61]. . . . . ... ... ... .. ... ..
Graphical comparison between Regression, SVM, Random Forest and ANN.
Schematic structure of CNNs [71]. . . . . . . ..o oo Lo

Convolution operation. . . . . . . . . . . . . ...

13
14

19
20

20

22

28

35
40

42



LIST OF FIGURES

2.5

2.6
2.7

2.8

2.9
2.10

2.11

2.12
2.13
2.14
2.15
2.16
2.17
2.18
2.19

2.20

2.21

Siamese network for binary classification with logistic prediction p. The twin
networks share the same weights and parameters. [74] . . . . . ... ... .. 46
Test-time data augmentation for MNIST dataset. . . . . .. ... ... ... 48
Test results for each image processing stage on test-time augmentation with
different scales. The model was trained on the original MNIST training dataset. 49
Test results on test-time augmentation with different scales and rotation an-
gles. The model was trained on the original MNIST training dataset. . . . . 50
The Confusion Matrix for MNIST test set with scale 1 and 150° rotation. . . 51
Test results on train-time augmentation with different rotation angles. The
model was trained on the augmented MNIST training dataset with 8 rotation
angles - 480,000 images. . . . . . . . ... 53
Test results on train-time augmentation with different rotation angles and

scales. The model was trained on the augmented MNIST training dataset

with 8 rotation angles and 4 scales - 1,920,000 images. . . . . .. .. .. .. 54
Mean Filter - working principle. . . . . . . . .. ... 0oL 5%)
Mean Filter applied on a MNIST image. . . . . . ... .. ... .. ..... 56
Median Filter - working principle. . . . . . . . . .. .. ... o7
Median Filter applied on a MNIST image. . . . . . . . ... .. ... .... 57

Test results on MNIST augmented dataset, before and after median filtering. 58
The Confusion Matrix for MNIST after median filtering. . . . . . . .. . .. 59
CNN vs Siamese results on the MNIST dataset, after median filtering. . . . . 60
Effects of different training set dimensions on the testing accuracy for the

MNIST dataset. . . . . . . . . . . 61
Optical and radar images of the six targets placed at 3.8 m distance from the

radar. ... 62

Experimental setup. . . . . .. ... oo 63

vi



LIST OF FIGURES

2.22

2.23
2.24
2.25

2.26

2.27
2.28
2.29

2.30

2.31
2.32
2.33

2.34
2.35

2.36
2.37
2.38
2.39

Left: the ZED optical image of a bicycle target at 12° rotation. Right: the
corresponding radar image. . . . . . . ... L. 65
Cropped images of a bicycle, 220x220 pixels, 360° rotation with a scan every 4°. 68
Determining the optimal batch size. . . . . . . . .. .. ... .. ... ... 71
Underfitting and overfitting a neural network. The black curve represents an
optimal neural network which provides a good compromise between approxi-
mation on trained data and generalisation on unseen data [88]. . . . . . . .. 72

Testing accuracy depending on the number of training epochs for a CNN with

5 convolutional layers. The best accuracy is achieved after epoch 139. . . . . 73
ReLU activation function [89]. . . . . . . . ... ... 74
Softmax activation function in the last layer of neurons. . . . . . . . . . . .. 75

Comparison of different optimisation algorithms on the MNIST digit classifi-
cation for 50 epochs [93]. . . . . . .. 76

Adadelta accuracy on the MNIST dataset for different LRs and number of

convolutional layers. . . . . . . . ... oo 7
A typical graph example of loss function vs accuracy. . . . . . ... ... .. 79
Basic flow diagram of the CNN. . . . . . . . .. .. .. ... ... ... 80

Convolutional operation for RGB radar image vs grayscale radar image of the
trolley. The RGB image requires 3 convolutional filters, one for each channel,
whereas the grayscale image requires only one convolutional filter. . . . . . . 81
CNN architecture with 4 convolutional layers. . . . . . . ... ... .. ... 83

The testing accuracy for different values of the dropout parameter for a CNN

with 5 convolutional layers, using the RGB, 110x110 pixels image dataset. . 84
CNN testing accuracy for different numbers of convolutional layers. . . . . . 85
CNN confusion matrix. . . . . . . . .. .. L 86
Examples of wrongly classified images. . . . . . .. .. .. ... ... 88
Siamese neural network architecture with 4 convolutional layers. . . . . . . . 89

vil



LIST OF FIGURES

2.40
241

3.1

3.2
3.3
3.4
3.5
3.6
3.7

3.8

3.9

3.10

3.11

3.12

3.13

3.14

3.15

Example of radar training pairs for the siamese neural network. . . . . . .. 90

Testing and training accuracies for different siamese neural networks. . . . . 91

Object detection on a complex urban scene scenario for autonomous driving

95, .« 99
Object Detection versus Classification. . . . . . .. ... ... ... ..... 101
Faster R-CNN block diagram. . . . . . . . ... .. ... ... ... ..... 103
RPN module as part of the Faster R-CNN object detector [96]. . . . . . . .. 104
RPN structure [96]. . . . . . . . .. 105
SSD block diagram. . . . . . . ..o 107

Image for object detection composed of merged radar images of single roadside

targets, taken in laboratory environment. . . . . . .. .. ..o L 110
Radar experimental setup for the outdoor environment data collection. . . . 111
The labelling process. . . . . . . . . . ..o 112
IoU calculation. . . . . . . . ... 115

Object detection results on a radar image composed of merged, single images
of roadside targets, taken in laboratory environment. . . . . . . .. ... .. 117
Total training losses for Faster R-CNN (orange) and SSD (blue) over 40,000
epochs, on the outdoor dataset. . . . . . . .. .. .. ... ... ....... 118
Example of an outdoor optical image (a), its corresponding 2D map (a)i), and
the object detection results (a)ii) performed with Faster R-CNN. . . . . . .. 119
Example of an outdoor optical image (b), its corresponding 2D map (b)i), and
the object detection results (b)ii) performed with Faster R-CNN.. . . . . .. 120
Example of an outdoor optical image (c), its corresponding 2D map (c)i), and

the object detection results (c)ii) performed with Faster R-CNN. . . . . . .. 121

Viil



4.1

4.2

4.3

4.4

4.6

4.7
4.8

4.9

4.10

4.11

5.1

5.2

[lustrations of radar measurements for detecting a point target in (a) high-
SNR and (b) low-SNR, where the power is plotted as a function of range and
Doppler cells for one fixed bearing angle, P(ry, d;, b;) [115]. . . . . . . . . ..
Traditional radar tracking method based on thresholded data and the TBD
method, where tracking and detection are performed simultaneously [115].

An overview of popular Track-Before-Detect Methods. . . . . . . . .. .. ..
Principle of particle filters. . . . . . . . . . . . ... ...
Class diagram for the implementation of the proposed method of combining
an object detector with a PF tracker. . . . . . . . .. ... ... ... ...
Flowchart diagram for the proposed algorithm. . . . . . .. .. ... ... ..
Object detection and MTT with three PFs in a sequence of six consecutive
frames of moving pedestrians. The PFs keep track of both targets, even though
the object detector fails to detect one of the pedestrians in four consecutive
frames (28-31). . . . . ..
Combined system accuracy and object detection accuracy as a function of the
number of frames omitted from the object detector. . . . . . . . . ... ...
Combined system accuracies for different number of frames omitted by the
object detector vs. the number of trackings per frame. The legend represents
the number of frames omitted by the object detector. . . . . . . .. .. ..

Combined system accuracy vs. the number of particles per PF. . . . . . . ..

Preliminary results of instance segmentation using Mask R-CNN on two out-
door radar scans (left and right) and the highlighted versions (bottom) for
better visualisation. . . . . . . . ... oL

Preliminary results of radar image filtering using a bilateral filter. . . . . . .

1X

148



List of Tables

2.1
2.2
2.3
24

3.1
3.2
3.3

Supervised vs unsupervised methods. . . . . ... ... ... 37
The Kappa Statistic. . . . . . . . . . . . . . . 51
Parameters used for measurements. . . . . . . ... ... L 64

Testing accuracy for four different CNNs (2, 3, 4 and 5 convolutional layers),

with RGB and Grayscale images, and two different image sizes (110x110 and

220x220 pixels). . . . . . 82
Radar parameters used for the outdoor environment measurements. . . . . . 111
Training and testing labels for the outdoor dataset. . . . . . . .. ... ... 113
Object Detection Evaluation . . . . . . .. . ... ... ... ... ...... 116



Acronyms

ABS Anti-lock Braking System. 14

ACC Adaptive Cruise Control. 6, 15

ADAS Advanced Driver-Assistance Systems. 1, 14, 15
AE Autoencoder. 23, 27, 37

AEB Automatic Emergency Braking. 6, 15

AT Artificial Intelligence. 18, 19

ANN Artificial Neural Network. 24, 37-39, 43, 83
AP Average Precision. 114

API Application Programming Interface. 67

CE Cross-Entropy. 78
CFAR Constant False Alarm Rate. 98

CNN Convolutional Neural Network. 21, 23, 27, 29, 36, 38-41, 43-48, 59, 61, 67, 72, 80-84,
87, 89-92, 97, 100, 116, 153

CPU Central Processing Unit. 19, 24, 66, 67, 70

X1



Acronyms

DAS Driver-Assistance Systems. 14

DL Deep Learning. 19, 21

DNN Deep Neural Network. 24, 27, 28, 34-36, 39, 41, 46, 66, 73, 92, 94-98, 122, 124, 125

EKF Extended Kalman Filter. 134, 135

FC Fully Connected. 41, 74

FCN Fully Convolutional Network. 102

FMCW Frequency Modulated Continuous Wave. 7

GAN Generative Adversarial Network. 23

GPS Global Positioning System. 12, 16, 33

GPU Graphics Processing Unit. 19, 66, 67, 70

HMM Hidden Markov Model. 127, 129

HPC High Performance Computing. 67

IDE Integrated Development Environment. 67

IMU Inertial Measurement Unit. 12

IoT Internet of Things. 17, 34

IoU Intersection over Union. 115, 116

IoV Internet of Vehicles. 34

KF Kalman Filter. 126, 127, 133, 134

xii



Acronyms

LFMCW Linear Frequency Modulated Continuous Wave. 63, 109, 110, 145

LR Learning Rate. 77, 92

mAP Mean Average Precision. 114-116, 118

ML Machine Learning. 19, 21, 22, 38-40, 47

MLP Multilayer Perceptron. 27, 41

MNIST Modified National Institute of Standards and Technology. 46-48, 53-55, 57-59,
61, 70, 76, 77, 91

MTT Multi Target Tracking. 125, 136, 138, 141, 146, 150

NN Neural Networks. 19

OOP Object Oriented Programming. 139, 140

PCA Principle Component Analysis. 37

PF Particle Filter. 129, 130, 132-139, 141-143, 146, 148, 150, 151

R-CNN Region Based Convolutional Neural Network. 29, 96, 100, 102, 103, 106, 112,
116-118, 122, 138, 145, 152, 154

RBM Restricted Boltzmann Machine. 23

RCS Radar Cross Section. 7, 9, 62

ReLU Rectified Linear Unit. 41, 42, 73, 74, 80, 83

RGB Red-Green-Blue. 72, 81, 82, 92, 108, 138

RNN Recurrent Neural Network. 23, 27

Xlil



Acronyms

Rol Region of Interest. 100, 102, 105, 106

RPN Region Proposal Network. 100, 102-104, 106

SAE Society of Automotive Engineers. 14, 17

SAR Synthetic Aperture Radar. 36, 96

SGD Stochastic Gradient Descent. 73, 75, 76

SIS Sequential Importance Sampling. 130, 132

SNR Signal to Noise Ratio. 98, 126, 127, 133, 134

SSD Single Shot Multibox Detector. 29, 96, 100, 106, 112, 116-118, 122, 145, 154

SVM Support Vector Machine. 37-39, 43

TBD Track Before Detect. 127, 129

UKF Unscented Kalman Filter. 134, 135

X1v



Chapter One

Introduction

Self-driving vehicles have been in the spotlight lately and this domain is becoming
more and more popular because of the recent breakthroughs in this field. Radars are impor-
tant sensors for autonomy, owing to their capabilities of sensing the environment in adverse
weather conditions and darkness, when other sensors might struggle. However, one short-
coming of the current technology for autonomous vehicles is the limited ability of performing
object identification on radar data. The goal of this work is to investigate the benefits of ar-
tificial intelligence methods, such as deep neural networks, for classification, object detection

and tracking in high frequency radar imagery.

This chapter will be focused on introducing the main concepts used throughout this
thesis: radars, autonomous vehicles and artificial intelligence. Firstly, Section 1.1 will present
an overview of the radar’s principles and operation and the main types of radars that are of
interest in this work: automotive radars and the emerging low-THz radars. This section will
be followed by an outline of the current technology and sensors for autonomous vehicles, the
levels of automation and examples of popular Advanced Driver-Assistance Systems (ADAS)
technologies. Section 1.3 will introduce the necessary artificial intelligence concepts, from

machine learning to deep learning and image recognition algorithms. Finally, the motivation
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of this work and the research contribution will be stated.

1.1 Radar

Radar (radio detection and ranging) is a detection system which has been widely used
since the 1900s to determine the range, velocity and angle of objects of interest, using radio
waves. Experiments that demonstrated that radio waves were reflected by metallic targets
were conducted in the late 19" century by Heinrich Hertz. In 1897, more experiments with
radio communication in the Baltic Sea were also conducted by the Russian scientist Alexan-
der Popov, who made the first observation about the possibility of object detection using
radio waves when a warship crossed the radio communication between two other ships [1].
The first radar application, the “Telemobiloskop”, was a ship detector for collision avoidance
built by the German inventor Christian Hiilsmeyer in 1904 [2]. However, widely applicable

radar systems became available three decades after.

Radar is used as an effective tool in many disciplines, from a radar gun in speed
limit enforcement to military and defence radars, such as airborne early warning and control
systems. Some common applications are weather radar, mapping radar, air traffic control,
spacecraft, ship navigation and safety, missile guidance, law enforcement, automotive, etc.

[3], although they are all built upon the same basic principles.

At present, radar is the most popular system for active sensing and detection, due to
its efficiency and accuracy. It can detect objects that cannot be perceived by the human eye
or optical cameras and it works in the dark and in adverse weather conditions such as rain,
snow, fog, etc. This section will be focused on automotive radar and low-THz radar, as they

are of interest for this thesis.
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1.1.1 Basic Principles and Operation

The basic radar operating principle is straightforward: the transmitter emits an elec-
tromagnetic wave and the echo wave reflected by an object is received and further analysed
through digital signal processing and amplification. The position (range, azimuth, elevation),
the direction and the velocity can therefore be calculated for the target. The functioning
principle and the basic components for radar transmission and reception are illustrated in

Figure 1.1.

Transmitter

Receiver

Protector | \ i——""""""""""""" """ TToTTooTo !
1 1
Switch | Detection
1 . ]
Detector =+ A'D -i-h ot and
Processor Measurement
Resulis

Figure 1.1: Radar transmission and reception process. [4]

The theory behind this principle is, however, very complex, as it involves a wide range
of disciplines such as microwave engineering, electrical engineering, mechanical engineering

and advanced signal processing techniques.

Each functioning radar system is designed and implemented based on these three

basic principles:
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1. The reflection of electromagnetic waves.
If an echo wave is received back, it means there is a reflective object in the direction

of propagation.

2. The constant travelling speed of electromagnetic waves through air (approximately the
speed of light in vacuum ¢ ~ 3x10® m/s).
The distance to the object can be determined by measuring the time between trans-

mission and reception.

3. The wave usually travels through atmosphere in a straight line, if not deviated by
weather conditions.
The wave can be directed to a specific location, therefore the direction of the target

can be found.

The spectrum of electromagnetic waves is very large (up to 10** Hz), therefore it was
divided into several bands due to the different properties of interaction with the medium.
There are several designation systems used for frequency bands, defined by convenience and
for different applications. Figure 1.2 shows an overview of the the radar frequency ranges

for both IEEE (industry) and NATO (military) band designations.

fiag 022505 10 234 6810 20 40 60 100 200 300GHz 600THz
IEEEHF VHF | UHF | L 'S € XKeK K V W- TS+ 0
Radar Lidar

A B C DEFGHIJ K L M N o)
Aleml 30150 60 30 15755 3 15 075 05 03ecm 15mm lmm 05 ym

Figure 1.2: Radar waves and frequency ranges with the radar allocated sub-bands (green)

[5]-

The TEEE designation system [6] originates from the second world war, when the

operating frequencies were intended to be kept secret, hence the inconsistent order of letters.
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The NATO system is a new designation system which tailors the frequency band boundaries

to the existing technologies and measurement capabilities in different frequency ranges.

The automotive radars that are currently in use operate in the range of 24 GHz,
60 GHz and 77 GHz. The frequency ranges that are of interest in this project are above
60 GHz, which correspond to automotive radars and low-THz radars. The low-THz (or

sub-THz) radars operate between 0.1 THz - 1 THz.

The radars with the highest frequency (over 200 THz) are laser systems called LIDARs
(light detection and ranging), usually used as imaging sensors for mapping the environment

into point clouds (3D models).
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1.1.2 Automotive Radar

Automotive radar is currently a key technology for providing autonomous features in
modern vehicles, because radars are effective in difficult weather conditions and can penetrate
foliage. Automotive radars can be mounted on the front, sides and rear of the vehicle to scan
different directions simultaneously. These can provide intelligent functions to significantly
reduce the driver’s stress by alleviating the monotonous, repetitive tasks. They also provide
comfort features and improve the safety of the vehicle by automatically taking over in crucial,

life saving situations.

An example of such system is Automatic Emergency Braking (AEB) which is one
of the most important recent developments in terms of road safety and collision avoidance.
Researchers at the University of Adelaide predicted that AEB could reduce fatal crashes by
20-25% and injury crashes by 25-35% [7]. Another example of intelligent automotive system
is the Adaptive Cruise Control (ACC) that automatically adjust the acceleration and braking

of the vehicle.

The International Telecommunication Union (ITU) document [8] anticipates that by
2030 the automotive radars will be used in 65% of the cars in Europe and 50% in the
United States. Automotive radars fall into two main categories, depending on their ranging

possibilities and safety demands [9]:

1. Category 1: for long distances up to 250 m, used in applications such as ACC and
AEB;

?

2. Category 2: for short and medium distances up to 50 - 100 m, used in applications such
as lane change assistance, rear cross traffic alert, backup aid and rear crush collision

alert.
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Automotive radars are typically Frequency Modulated Continuous Wave (FMCW)
radars operating in the mm-wave spectrum, where the wavelengths for these frequencies
are under 10 mm. As mentioned before, the established radar operating frequencies for
automotive radars are 24 GHz, 60 GHz and 77 GHz. Currently, there are trends to move

higher in frequency up to 300 GHz.

The radar equation is known in literature for describing the power of the received
signal, reflected by the target. The modified mm-wave radar equation, which includes an

additional factor 7 to account for losses due to atmospheric absorption is [10]:

POnGt Oc
S = X A, 1.1

ATrR? 4w R? (1.1)
where the first operand denotes the incident signal and the second operand denotes the
reflected signal. S is the received power, R is the distance to the target (range), P, is the

radar transmit power, G, is the transmit antenna gain, A, is the effective area of the receive

antenna, and o, is the Radar Cross Section (RCS) of the target.

The radar equation can be rewritten as:

S =yyP,R™n, (1.2)
where
G: A, A9
P— p— —_— 1.
'71 47’(’ GtGT‘(4ﬂ_> ) ( 3)

where ) is the wavelength of the signal, GG, is the receiver antenna gain and

Oc¢
Am’

V2 (1.4)

A typical automotive scenario that illustrates the working principle of a mm-wave

radar is shown in Figure 1.3.
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Figure 1.3: Typical automotive scenario for a mm-wave radar sensor [10].
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1.1.3 Low-THz Radar

Radars that operate in high frequency bands can produce highly detailed radar im-
agery and they are used for applications at very short ranges, due to the low RCS of the
targets. For example, mm-wave airport security scanners are used for luggage and human
scanning, aiming to find metallic and non-metallic threats concealed beneath clothing [11],

or scanning heavy goods vehicles for detection of illegal passengers [12].

Currently, research is being carried out in the band referred to as low-THz, or sub-
THz, with frequencies between 100 GHz - 1 THz. This is promising for automotive applica-
tions, due to the imaging capabilities provided by the radars functioning at these frequencies
[13]. This emerging technology provides a high resolution imaging system that can comple-

ment the existing automotive sensors.

Low-THz radars are suitable for automotive imaging radar because they can produce
highly detailed imagery due to diffuse surface scattering, so a signal will be scattered from
the whole area of an extended target, allowing for the potential reconstruction of a full
object. Therefore, low-THz radar can provide a finer resolution imagery when compared to
other mm-wave radars and can facilitate the detection and tracking of road objects. The
highly detailed radar imagery allows for computer vision and state of the art deep learning

techniques to be implemented for image analysis.

Throughout this project, two LEMCW radars are utilised. One of them is a low-THz
radar prototype with a frequency of 300 GHz and multiple receivers, being used in extensive
research, such as low-THz automotive 3D imaging [14] and low-THz signal attenuation due
to rain, ice, snow, leaves, sand and antenna radome [15-21]. In this project, the low-THz
imagery was used for classification and object detection in controlled environments, by virtue

of its highly detailed radar imagery.
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1.2 Sensing and Perception in Autonomous Vehicles

People have been enthusiastic about autonomous cars since the early 20" century.
The idea of full autonomy, with the user only setting the destination, while the vehicle
completes the journey by itself, appears to be very exciting nowadays, considering that

important advances have been made in this direction recently.

This section will present an overview on how autonomous vehicles work and how do

they “see” the outer world.

1.2.1 Technology and Sensors

Autonomous vehicles need sensors to function and complement (or fully replace) the
human’s driving capabilities. This section will outline the major types of sensors that allow

vehicles to sense their surroundings.

LiDAR

LiDAR, or 3D laser scanning and mapping, is an important tool that allows a self-
driving vehicle to scan the environment using lasers. The functioning principle of a LiDAR is
very similar to Radar: it transmits high frequency energy pulses and listens to the reflected
beams from the surrounding objects. Usually, the LiDAR wavelength is mainly located in
the near infrared part of the electromagnetic spectrum, 750 nm to 1.5 pm, hence a frequency
range between 200 THz - 400 THz. The received signals are reconstructed into point clouds,
which represent the surrounding environment in 3D space. Although LiDARS can detect

small objects with high accuracy, they are not as effective in bad weather conditions such as
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heavy rain, snow and low hanging clouds, due to the effects of atmospheric attenuation.

Radar

As mentioned in the previous section, automotive radars are indispensable sensors for
self-driving cars, that provide essential information about the ranges, angles and velocities
of surrounding objects. Radars function well in most weather conditions and over long
distances. However, the shortcomings of radars are false detections and the difficult (if not
nonexistent) object identification. In this project, research is being carried out for mitigating

these issues with the aid of emerging low-THz radars and computer vision techniques.

Optical Cameras

Optical cameras are crucial sensors for autonomy, they allow the vehicle to visualise
the surroundings in ways that resemble the human vision. For computer vision and object
detection algorithms, optical cameras are probably the best automotive sensors in terms of
the data provided. Deep neural networks can be trained for object detection in urban scenes
and there are several publicly available datasets, such as ImageNet [22], KITTI [23] and
Pascal VOC [24]. Unfortunately, optical cameras are not that efficient during night time and
adverse weather conditions, so other sensors, most probably radars, must take over in such

situations.

Ultrasonic Sensors

Ultrasonic sensors are used for echolocation, they can passively listen for sound waves
from nearby objects, or measure the distance to objects. They can also detect an approaching

or receding object by transmitting sound pulses and listening for the echoes. The disadvan-
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tage of ultrasonic sensors is that they are limited by the speed of sound and can have a high

false detection rate.

Sensors for Positioning and Location

1. Inertial Navigation Sensors

Inertial Measurement Unit (IMU) is used to determine the acceleration, heading angle,
and relative position of a vehicle, using a combination of gyroscopes, accelerometers
and sometimes magnetometers. By detecting the physical movements of the car, safety
features can be triggered, such as airbags. It can also stabilise the vehicle and prevent

it from rolling over.

2. Global Positioning System

Global Positioning System (GPS) is a satellite navigation system owned by the US
government and it currently has 31 active satellites. GPS is the most popular naviga-
tion system for commercial applications, from smartphones to self-driving cars. Both
geolocation and time information from atomic clocks can be obtained by users if they
have a GPS receiver. Depending on factors such as the available satellites or reflections,
a GPS location can vary by 5-metre radius, although the accuracy of the location can

now be improved by advanced processing techniques such as particle filters.

The process of perception in autonomous vehicles to sense the outer environment
is based on a fusion of information from all mentioned sensors, combined with real-time
state of the art processing algorithms. Data from multiple sensors is fused to produce more
accurate decisions and reduce the uncertainty. Figure 1.4 shows an example of sensory
output in a driving environment: an optical image of a multi-storey car park entrance and

the associated LiDAR 3D point cloud (black) and radar image (colour), obtained in the
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MISL at the University of Birmingham.
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Figure 1.4: Left: optical image; Right: 3D reconstruction with lidar point-cloud in black

and radar image in colour [25].
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1.2.2 Applications

Although the fully autonomous vehicle is not on the road yet, there are already
semi-autonomous vehicles available. The autonomy of a vehicle can take many forms, de-
pending on the requirements of the manufacturer, the costs and the market’s demands. The
technology that assist drivers and increase vehicle and road safety is called Advanced Driver-
Assistance Systems (ADAS). The first ADAS system, the Anti-lock Braking System (ABS),
dates back to the 1950s. ADAS differs from Driver-Assistance Systems (DAS) because it
takes into account the surrounding environment of the vehicle. Modern vehicles nowadays
have ADAS integrated into their electronics. ADAS is categorised into several levels, based

on the autonomy that it provides to the vehicles.

Vehicle automation is grouped into 6 levels (from 0 to 5) by the Society of Automotive
Engineers (SAE) [26], illustrated in Figure 1.5. Levels 0-2 correspond to low to moderate
autonomy and the vehicles are called “traditional”, because the user is still required to drive
and the driving support systems only provide assistance, such as lane departure warning
or cruise control. Levels 3-5 are considered highly autonomous, especially levels 4-5, where
human input is not required. The vehicle interprets the environment and pedals and steering

wheels do not need to be installed anymore.

SE
LEVEL O

SE

SE
LEVEL 2

SE
LEVEL 3

LEVEL1

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 . i
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

Figure 1.5: SAE levels of driving automation [23].

14



Introduction

The levels of automation are briefly described, as follows:

1. Level 0 - No driving automation: the driver support features are limited to providing
warnings and momentary assistance, such as Automatic Emergency Braking (AEB),

lane departure warning and blind spot warning.

2. Level 1 - Driver assistance: the driver support features provide steering or brake/acceleration

support, such as Adaptive Cruise Control (ACC) and lane centering.

3. Level 2 - Partial driving automation: driver support features provide steering and
brake/acceleration support. It is basically level 1, but ACC and lane centering are

provided at the same time.

4. Level 3 - Conditional driving automation: automated driving features might request
the user to drive, so this is not a fully autonomous level. These features can drive the
vehicle under limited conditions and the required conditions must be met. An example

of application is the traffic jam chauffeur.

5. Level 4 - High automation: this is the first level of high autonomy - the automated
driving features will not require the user to take over driving, pedals and steering wheel
may not be installed. However, similarly to level 3, the features can drive the vehicle

under certain conditions.

6. Level 5 - Full automation: this is the highest level of driving automation - the user
will not be required to drive and the automated driving features can drive the vehicle

under all conditions.

Examples of other ADAS technologies (apart from AEB, ACC and lane change assist) that

have become commonly available in the last decade are [27-34]:
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. Automatic parking: uses parking sensors, such as proximity sensors and video cameras

to fully take over parking for the driver.

. Backup camera system: working in fusion with proximity sensors, provides audio warn-
ing and a view of the rear of the vehicle and the potential blind spots, when the driver

puts the car in reverse.

. Automotive navigation system: uses GPS to detect the location of the vehicle and

provide real-time information about the traffic and navigation.

. Collision avoidance system: use radar detectors to inform the driver in the event of a
potential crash by sounding an alarm and can also take other actions, such as raising

the reclined seats or tensing up the seat belts.

. Crosswind stabilisation: prevents a vehicle from overturning in the event of strong
winds, by analysing the velocity, the steering angle and the lateral acceleration of the

vehicle.

. Driver monitoring system: or driver drowsiness detection, is designed to prevent col-
lisions by monitoring the alert levels of the driver, using information such as steering
patterns, facial expressions, eye tracking, driving velocity and other indicators of hu-

man fatigue.

. Hill assist: hill start or descent control, it assists with preventing a vehicle from rolling
backward down and with maintaining a safe speed when driving down a hill, by holding

the brake and by controlling each wheel independently.

. Intelligent speed adaptation (ISA): assists drivers by notifying them if the speed limits
are exceeded and if the user requires, by automatically adjusting the speed as well, to

comply with the speed limit.
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Challenges

At the moment, there are several automobile manufactures, such as Tesla, Honda,
Mercedes and AUDI that offer vehicles in the SAE level 3 of autonomy, or even in SAE
level 4 (Waymo’s commercial taxi service in Phoenix). Although autonomous vehicles can
contribute to our safety and revolutionise the road traffic, there are several restrictions or

conditions that need to be fulfilled for accomplishing the final goal of full autonomy.

Realistically, although significant progress has been made so far, fully autonomous
vehicles in SAE level 5 will not be commercialised too soon, because there are still challenges
that need to be addressed. The sensing system must be able to cooperate smoothly with
the vehicle and the environment. Also, a powerful and reliable communication network is
needed to be able to transmit large amounts of data at high speeds, in all weather conditions
and without interference. While the technology is still developing, legal and ethical issues
should be taken into consideration too. An autonomous vehicle will be impractical if it
behaves individually, hence the key to autonomy is a cooperative environment (between
vehicles, passengers, the cloud, Internet of Things (IoT) devices, the road infrastructure,
etc.). Autonomous vehicles are a complex task and will likely not be feasible for public
use without having any strategies for cooperative traffic management in place and a driving

environment adapted to self-driving vehicles [35].

17



Introduction

1.3 Artificial Intelligence

Artificial Intelligence (AI) is a computer science field involved with automation of
human intelligent behaviour [36]. The term “intelligence” has not yet been fully understood,
hence the architectures of profound human actions, such as learning, reasoning, creativity
and intuition are not entirely known. Therefore, research in the field of Al is accelerating,
with the purpose of designing methods and algorithms that resemble as much as possible

with human and animal approach to reasoning.

Some of the AI technologies that were successfully developed include machine learn-
ing, neural networks, fuzzy logic, genetic algorithms and evolutionary computation. These
methods are also known as “soft computing”, term introduced by Lotfi A. Zadeh [37] at the
University of California and according to him, “soft computing differs from hard computing
(conventional computing) in its tolerance to imprecision, uncertainty and partial truth”. In
other words, Al algorithms are prone to imprecision, like the human mind and trial and error
method is often used, while the hard computing algorithms require a high level of precision

and mathematical approach.

According to [38], the most important Al technologies can be seen in Figure 1.6.
Neural networks, fuzzy systems and evolutionary algorithms can also be combined to obtain
hybrid intelligent systems, that are usually more efficient, by comparison with each algorithm

used individually.
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Artificial intelligence systems

Neuro-evolutionary hybrids

Neural networks |

£

Y
Neuro-fuzzy-evolutionary hybrids
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Evolutionary algorithms

| * Fuzzy-evolutionary hybrids
|

Figure 1.6: Integration of neural networks, fuzzy systems and evolutionary algorithms tech-

niques [38|.

The taxonomy of Al is shown in Figure 1.7. Machine Learning (ML) is a subset

of Al that deals with algorithms that are not programmed for specific tasks, but rather

learn from observational data. Neural Networks (NN) is a brain-inspired, revolutionary

subfield of ML, which spawned Deep Learning (DL), a state of the art field of NNs with deep

architectures. DL has become popular recently with the hardware advances and the switch

from Central Processing Unit (CPU) programming to parallel programming using powerful

Graphics Processing Unit (GPUs) [39].
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Figure 1.7: Al taxonomy: ML, NN and DL.
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Old Machine Learning
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Figure 1.8: The performance of deep learning versus traditional ML depending on the amount

of data [40].
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DL can deal better with large amounts of data, when compared to traditional ML
techniques. The advantages of DL in big data problems are demonstrated in [41-43]. Figure
1.8 shows that the old ML learning methods are more effective than DL for lower amounts
of input data, although the performance becomes steady if the amount of data increases.
On the other hand, the performance of DL algorithms increases directly with the size of the

input data.

This project will focus on neural networks for image classification and object detection,
therefore different types of neural networks that are feasible for this kind of application will be
detailed in the following chapters, such as Convolutional Neural Networks (CNNs), Siamese
Neural Networks and deeper networks (object detectors), along with their functionality,
parameters, architecture considerations and results. Next, the concept of ML and the most

popular methods for image recognition using DL will be defined.
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1.3.1 Machine Learning

Machine Learning (ML) is one of the core techniques for data analytics, forecasting
and classification. ML algorithms focus on learning patterns in input data and then generalise
on unseen data. The result of a ML algorithm is known as the model and it represents the
learning outcome of the algorithm that has been trained on input data. The model consists
of parameters that can be adjusted or refined for better learning. As seen in Figure 1.9
below, the ML algorithms can be grouped in three main categories, based on the learning

method: supervised learning, unsupervised learning and reinforced learning.

Image
Structure Classification
DISCgVerY Feature [ ] Customer
@ Elicitation Fraud ® Retention

Meaningful [ ]

compression

Detection

DIMENSIONALLY . .
REDUCTION ® Diagnostics

Big data °
Visualisation

® Forecasting

Recommended UNSUPERVISED SUPERVISED
Systems LEARNING LEARNING ® Predictions
CLUSTERING
\
Targett.ed . MACHINE ® Process
Marketing Optimization
LEARNING
° ]
Customer New Insights
Segmentation

REINFORCEMNET |
LEARNING

Real-Time Decisions @ /," ® Robot Navigation

GameAl ® @ Skill Aquisition
L]

Learning Tasks

Figure 1.9: Branches of ML with examples of common applications: supervised learning,

unsupervised learning and reinforcement learning [44].

1. Supervised Learning

Supervised learning algorithms require labelled data, a set of inputs with correspond-

ing outputs, which are labelled by users. There are two main supervised learning
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techniques: classification and regression. For classification, the input is assigned a cat-
egory and the desired classes are known beforehand. Examples of applications include
image classification with CNNs, fraud detection and customer retention. Regression is
used in applications where numerical values need to be predicted, such as forecasting

in marketing and weather or predicting house prices.

. Unsupervised Learning

Unsupervised learning systems do not require labelled data, they learn patterns and
important features to form relationships between the input data and model an inter-
nal structure. Unsupervised learning is mostly used for clustering and dimensionality
reduction. In this method there are no correct answers, this approach can be used to
discover unknown data patterns in consumer behaviour for targeted marketing, or to
compress the input data for finding only the most important features. Some examples
of such algorithms are Autoencoder (AEs) [45], K-Means Clustering [46], Restricted

Boltzmann Machines (RBMs) [47] and Recurrent Neural Networks (RNNs) [48].

There are also semi-supervised learning methods that require partially labelled datasets,

such as the novel Generative Adversarial Networks (GANs) [49].

. Reinforcement Learning

Reinforcement learning techniques are used when the environment is unknown. The
idea is to reward the model when a positive action is taken, otherwise punish it.
Rewards and punishments have numerical forms and the model can use them to update
its parameters (learn) and perform better. This approach is often used for robot
navigation in finding the best path, or in Game AI (for example Google DeepMind’s

Deep Q-learning playing Atari Breakout [50]).
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1.3.2 Deep Neural Networks

Neural networks have become fundamental tools for many applications such as image
processing, image segmentation, pattern recognition, efficient web surfing, self-driven sys-
tems, speech recognition, etc. By using such machine learning techniques, algorithms no
longer need to be programmed for specific tasks, but are capable of learning from previous
computations and make predictions and decisions on their own, based on a set of input data

that is processed for a particular task.

Deep Neural Networks (DNNs) originated from Artificial Neural Networks (ANNs),
therefore both share the same main components of a basic neural network, as seen in Figure
1.10: input layer, hidden layers (a neural network is considered deep if it has more than two
hidden layers of neurons) and output layer. The neural network is assigning every input
x a certain probability of being associated to a particular notion w,.. Each layer is made
of artificial neurons, which have a similar structure with the brain neuron, but different
functionality (for example, the human brain is known to have approximately 100 billion
neurons and 100 trillion synapses operating on 20 Watts, while the largest neural network
developed only has 10 million neurons and 1 billion connections, operating on 16,000 CPUs,
so 3 million Watts). Therefore, DNNs perform well at learning from data, although they

cannot be considered a good mechanism for reasoning, yet.
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Figure 1.10: Architecture of a neural network composed of interconnected neurons [51].

Current neural networks drawbacks include:

e Supervised models require labelled data, thus real world data must be annotated first.

e The network structure has to be selected manually, depending on the application and

the end goal.

e The hyperparameters (learning rate, loss function, number of training iterations, batch

size, optimisation algorithm, etc.) must be tuned before training the network.

On the other hand, while the human brain only has limited types of inputs from
physical senses of the body, neural networks do not have such limitation on input data.
Neural networks also follow the universal approximation theorem (proved by George Cybenko
in 1989 [52], using the sigmoid function), which states that for any arbitrary continuous
function f(z), there exists a feed-forward neural network with a single hidden layer of finite

number of neurons, that can closely approximate f(x) for any input z.

The process of learning for an artificial neural network functions by passing the input
data through the hidden layers of units (neurons) and feed-forwarding the data to the output

unit, along with feedback and backpropagation. The inputs of a neural network are diverse
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and can vary from numerical data and images to sounds and words, though all types of

inputs must be converted to vectors or tensors before being presented to a neural network.

In a feed-forward neural network, each neuron receives an input from the previous
layer and multiplies it by the weight of the connection the information travels along. Each
neuron adds up all the inputs and a bias and if the resulted value is higher than a certain
threshold, the neuron fires and sends information to the next layer of neurons. Therefore,
not all units are active during feed-forward, which also helps to avoid overfitting the data
(overfitting happens when a model learns the details and noise in the training set excessively,

to the point that it is unable to perform well on the testing set).

The output of a neuron has the following equation

Z:f(iwia:me), (1.5)

where f is the activation function, w; is the weight of the i** connection between neurons,
n is the total number of connections, x; is the i*! input neuron and b is a bias (a parameter

which shifts the activation function to the right or left for better learning).

A neural network must include a repetition element in order to be able to learn, similar
to the biological human brain. This process is called backpropagation and implies comparing
the actual output of the network with the desired output and using their difference to update
the weights of the connections between neurons in a reversed direction, from the output unit
through the hidden layers and back to the input layer. Hence, the network is using feedback
and backpropagates until the output corresponds to the expected value and the learning

process is accomplished.

The more hidden layers of artificial neurons a network has, the more details it learns,
therefore a deep network where each layer learns a new concept from the previous one is

preferred, rather than a wide network with a large number of neurons in each layer.
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The field of DNNs is continuously developing and evolving to different types of net-
works, hence it would be exhaustive to mention all types of DNNs available today, especially
considering all the combinations between algorithms that are being made in order to enhance
network’s capabilities to perform particular tasks and develop hybrid systems. However, the

basic types of deep neural networks that can be distinguished are: Multilayer Perceptron

(MLP), AEs, CNNs and RNNs.

Firstly, this thesis will focus on CNNs, which are described in section 2.1.3, followed
by one of its variants, Siamese Neural Networks in section 2.1.4, since they are widely used

in applications such as image classification and pattern recognition.
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1.3.3 Image Recognition Algorithms

Image recognition algorithms using neural networks have been making significant
progress over the last decade. In certain applications, DNNs based image recognition algo-
rithms can achieve even better accuracy than the human expert, especially for 2-D images.
These algorithms are generally based on supervised learning and can be grouped into three

main categories, illustrated in Figure 1.11: classification, object detection and segmentation.

Classification Semantic Segmentation

Instance Segmentation

Figure 1.11: Image recognition algorithms using NNs [53].

1. Classification

Classification algorithms are usually used for assigning an object into a predefined
group or class, based on a number of observed attributes related to that object. Clas-
sification has a large number of applications in various fields, such as face recognition,
speech recognition, handwriting recognition and medical diagnosis. A survey of neural

networks for classification can be found in [54].
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2. Object Detection

Object detection is one of the most fundamental and challenging tasks in computer
vision. Object detection algorithms are basically advanced classifiers, based on deeper
neural networks, which can detect multiple instances of objects in the same image and
also indicate the locations of the objects, by including them in rectangle bounding

boxes. A survey of object detection over the past 20 years can be found in [55].

3. Segmentation

Segmentation, also known as pixel level classification, is used for finding the shapes of
the objects. There are two types of segmentation algorithms that can be distinguished:
semantic segmentation, for classifying each pixel of the image into a class, and instance
segmentation, where individual objects of the same class are distinguished. A review

of semantic segmentation based on neural networks is provided by Guo et al in [56].

In this thesis, Chapter 2 will be focused on radar image classification using CNNs,
while Chapter 3 will describe the radar object detection using two performant detectors,

Faster R-CNN and SSD.
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1.4 Motivation and Contribution

1.4.1 Aim

One of the major difficulties that the field of autonomous vehicles currently faces is
the lack of technology for object detection during adverse weather conditions. Automotive
radars partially solve this issue, since radars sensors can be effective in all weather conditions
and at night-time. However, the downside is that objects are difficult to be identified in the

current automotive radar imagery.

The radar department at the University of Birmingham, Microwave Integrated Sys-
tems Laboratory (MISL) is one of the biggest radar academic teams in the UK, carrying out
state of the art research in radar and remote sensing for autonomous vehicles. One of the
research topics of the group is the emerging low-THz radar, a promising solution that should
be further explored, considering that the radar imagery at very high frequencies is highly

detailed and has finer resolution.

Overcoming the difficulties of object identification in radar imagery has the potential
to revolutionise the current approaches in the field of autonomous vehicles and make this
technology available for the public sooner. Therefore, the aim of this project is to investi-
gate novel deep learning techniques, based on neural networks, for automotive radar image

classification, object detection and tracking in high resolution radar imagery.
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The following research questions will be addressed throughout the thesis:

e Achieve high accuracy classification of several roadside targets using low-THz radar
imagery and deep neural networks, thus proving that the low-THz radar is a valuable

component for the development of future autonomous vehicles;

e Perform object detection on indoor and outdoor automotive high frequency radar im-

agery to classify and detect the location of several roadside targets;

e Propose and implement a novel method for improving the object detection accuracy
by combining it with a particle filter tracker and demonstrating the performances of

the system on radar frames of moving pedestrians.
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1.4.2 Publications

Throughout this project, three notable research papers were published, that corre-
spond to the chapters of this thesis, in the order of publication. Two of these publications
have received awards at the international radar conferences where they were presented by
the author of this thesis. A journal paper on the survey of the deep learning methods used

in this project for radar imagery recognition is being prepared.

1. Classification [57|: Ana Stroescu, Mikhail Cherniakov, Marina Gashsinova, Classifi-
cation of High Resolution Automotive Radar Imagery for Autonomous Driving Based

on Deep Neural Networks., presented at the International Radar Symposium, Ulm,

Germany 2019.

This paper was awarded the Best Paper Award at the IRS Conference and was nomi-

nated for the Young Scientist Award.

2. Object Detection [58]: Ana Stroescu, Liam Daniel, Dominic Phippen, Mikhail Cher-
niakov, Marina Gashinova, Object Detection on Radar Imagery for Autonomous Driv-
ing Using Deep Neural Networks., presented at the European Microwave Week, EuRAD
2020, Utrecht, the Netherlands.

3. Combined Object Detection and Tracking [59]: Ana Stroescu, Liam Daniel and
Marina Gashinova, Combined Object Detection and Tracking on High Resolution Radar
Imagery for Autonomous Driving Using Deep Neural Networks and Particle Filters,

presented at the IEEE Radar Conference, Florence, Italy, 2020.

This paper was awarded the 3" place at the Student Paper Competition.
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Chapter Two

Image Classification

2.1 Introduction

Autonomous vehicles are now the cutting edge innovation in automotive industry.
The fully autonomous driving technology is already used in controlled environments such as
farming, though it is not available for customers and on-road vehicles yet. Currently, there
are two ways for providing autonomy: GPS navigation and sensors for comprehensive optical
avoidance. Information from sensors is combined for a robust classification of objects. Re-
search in the field of self-driving vehicles is currently intensively carried out by automotive
companies, so that better technologies can be developed for on-road use. Although proto-
types exist and tests are being performed on private roads, there is a long way until these
technologies will be fully reliable for day to day operation. It is predicted that autonomous
vehicles will become the primary means of transport by 2050, on-highway trucks being the

first to feature the technology on public roads, by 2040.

Some of the numerous advantages that autonomous vehicles are expected to offer are
reducing the accidents by 90%, lowering pollution by cutting the carbon dioxide emissions

by 60% as a result of an optimised driving style and increased traffic management, providing
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an overall better experience and a higher level of safety and comfort to passengers. Re-
searchers also predict that an Internet of Vehicles (IoV) network will be developed, similar
to the Internet of Things (IoT) that we are currently witnessing, allowing the vehicles to

communicate and share sensor data in real time, such as road and weather conditions [60].

However, video cameras and lidar cannot perform well during adverse weather condi-
tions, therefore radar imagery is preferred in situations when video and lidar may fail. The
aim of the work presented in this chapter is to develop a DNN which can classify objects
in low-THz band radar imagery. The neural network will be able to distinguish between
different types of roadside targets that were used in the experiment: bicycles, trolleys, man-
nequins, dogs, traffic cones and traffic signs. The radar object classification performed by
the DNN, together with information received from other sensors (lidar, stereo-video), will
have the potential to produce a detailed map of the surroundings and an all-weather sensing
system. This chapter is focused on presenting the process of radar image classification, from

methodology to data collection and the classification results.
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2.1.1 State of the Art

DNNs are being used in many applications for semantic urban scene segmentation,
based on optical images captured by video cameras which are mounted on vehicles. Large
scale, public datasets of urban scenes, such as ImageNet [22]|, KITTI [23], Pascal VOC [24]
and Cityscapes [61] have sustained the development of neural networks for scene recognition.
However, these datasets are not large enough to capture the full complexity of the real world

traffic environment and exploit the full potential of neural networks in this field, yet.

Despite the significant progress that has been made recently in this domain, the visual
scene understanding still remains a challenging issue for autonomous driving industry [61].
An example of the current state-of-the-art image annotation using DNNs on the Cityscapes
dataset can be seen below, in Figure 2.1. The image shows the results of a semantic seg-
mentation algorithm (or pixel level classification), where the neural network was trained to
recognise different types of objects and classify each pixel into a class. For a better visualisa-

tion, entity classes are associated with a colormap (dark blue - vehicles, green - vegetation,

light blue - sky, grey - buildings, purple - roads).

F

Largest number of cars Annotation

Figure 2.1: Example of Cityscapes annotations [61].

However, optical images may become unusable in bad weather conditions, therefore
radar imagery is preferred. State of the art radar cannot ensure good resolution in order to
enable such imagery, hence low-THz radar has been proposed as a potential candidate to

provide this object classification capability for automotive systems [62]. The main advantage
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that low-THz radar systems have over the current automotive mm-wave radars is that they
provide larger bandwidths, hence a finer range resolution. The very small wavelengths cause
diffuse backscatters from all over the object’s surface, which provide much more information
about the profile of the target, such as texture, curvature and depth of shadow [63]. There-
fore, the detail provided by low-THz radar images is more similar to optical/video images,
facilitating the deployment of electro-optical object classification algorithms in automotive

radar applications.

At present, attempts have been made to classify radar and lidar images [64-65], but a
fully reliable system that annotates the entire vehicle’s environment based on these images
has not been developed yet. The majority of research into neural networks for radar imagery
at the moment is being carried out for Synthetic Aperture Radar (SAR), such as noise
reduction in SAR images [66] and target classification [67-69] using CNNs, but there is
little evidence for research on object recognition in low-THz radar imagery for autonomous
vehicles, thus far. To the knowledge of the author, the current work is a novel radar image
classification for autonomous driving and it was presented in 2019 at the International Radar
Symposium [57|. The paper has received great interest from specialised audiences and was

awarded "The Best Paper" award.

This chapter will focus on a method for classification of six different targets in low-
THz radar imagery, using DNNs. The proposed method, along with the results of different

types of networks and their hyperparameters tuning process will be described hereinafter.

36



Image Classification

2.1.2 Classification in Machine Learning

Classification is often considered “the building block” of machine learning and it is a
statistical method which aims to group/categorise a specific set of data into different classes.
This method uses a supervised learning approach, meaning that the data is classified into
certain classes that are pre-defined by the user. Training is accomplished by using a sequence
of training vectors, each with an associated target output vector. The weights are adjusted
according to the learning algorithm [70]. Usually, classes are referred to as labels. On the
other hand, unsupervised learning methods are used when the data is unlabelled by the user
and the model is forced to build patterns on the input data and find structures on its own.
This means that a sequence of vectors is provided, though no target vectors are defined.
In neural networks, the model modifies the neuron weights in order to build clusters. Most
popular unsupervised machine learning algorithms are Principle Component Analysis (PCA),
clustering with k-means and AEs. The key differences between supervised and unsupervised

methods are stated in Table 2.1 below.

Table 2.1: Supervised vs unsupervised methods.

Criteria Supervised Unsupervised
Input Data Data is labelled Data is not labelled
Number of classes Known Unknown
Output variables Are given Are not given
Process Finds a connection between input and output Finds patterns in the input data
Accuracy Very accurate method Less accurate method
Complexity Less complex Very computationally expensive
Methods ANNs, Regression, Support Vector Machine (SVM), Random Forest | Clustering, K-Means, AEs, PCA

Only supervised methods will be used throughout this project, as the discreet classes
are already known. The data is labelled by the user and the aim of the classification model

is to learn how the input data is related to the classes and then generalise on unseen, test
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data. Nevertheless, a supervised model is not very practical in the complex real-world traffic
scenario because it is difficult to account for each and every object in the environment. Thus,
a combination of supervised and unsupervised methods is preferable, to classify the most
common targets (particularly the moving targets, such as pedestrians and other vehicles,
that might have unpredictable behaviours), as well as to detect and cluster other road-side

targets, especially the ones that might represent a risk of collision, but are not labelled.

Classification methods are most commonly used for applications such as face de-
tection, speech recognition, market forecasting, document classification, identity fraud de-
tection, handwriting recognition etc. Based on the output, there are two main types of

classifiers:

e Binary Classification - there are only two outputs (i.e. true or false). For example,
medical applications such as melanoma detection using CNNs, where the outcome is
binary (melanoma is either present or not in an image). Other example of binary
classification is the Siamese Neural Network, presented later in Section 2.1.4, which
classifies two inputs based on their similarity (binary 1 - similar objects, binary 0 -

different objects).

e Multi Class Classification - there are more than two classes. For example, a six-class

CNN is used in this project for detecting six types of roadside targets.

The most popular ML methods for classification tasks are Regression, SVMs, Random Forests

and ANNSs, briefly described below.

e Regression Analysis - a statistical method mostly used in financial applications for
finding the relationships between a known variable and several others independent
variables. Regression can be logistic or linear (also multilinear and non-linear), de-

pending on the type of relationship between the variables. For example, the equation
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for the multilinear regression is:
Y:a+bX1—|—cX2+dX3—|—e, (21)

where Y is the dependent variable, X;, X, and X3 are independent variables, a is
the intercept (the point where the graph of the equation intersects the axis), b, ¢
and d are the slopes, and € is the residual error. While linear regression is used for
predicting values, logistic regression is preferred for classification tasks, since the output
is categorical (binary, 1 or 0, true or false). The relationship between the dependent
and independent variables is not necessary linear. A graphical comparison of linear

and logistic regression can be seen in Figure 2.2.

Support Vector Machines (SVMs) - a ML algorithm widely used for classification tasks
due to its high accuracy and reduced computational cost. The aim of SVM algorithm
is to find the optimal hyperplane that separates (classifies) the data. There are many
hyperplanes that would successfully divide input data points, however the aim is to
find the optimal hyperplane which has the maximum margin distance between points
and reinforces the model, so that the points will be classified more accurately in the

future.

Random Forest - as its name suggests, this algorithm is structured as a “forest” (ensem-
ble) of multiple decision trees, which are merged to produce a more accurate forecast.
The model averages the results of several decision trees. The trees are built based on

features and observations which are selected arbitrary.

Artificial Neural Networks (ANNs) - the most advanced tools that are currently used
in ML, which aim to imitate the functions and the learning process of the biological
human brain, with a structure of interconnected layers of artificial neurons. ANNs
have been described in the previous chapter as being the precursors of DNNs. A very

important breakthrough in terms of classification with ANNs was the CNN. This is

39



Image Classification

the type of machine learning algorithm that was used in this project for classifying
automotive radar imagery and the next section is dedicated solely to the description

of the working principles of CNNs and their hyperparameters.

A graphical comparison between the above mentioned ML classification methods is

illustrated below in Figure 2.2.

Regression SVM
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Figure 2.2: Graphical comparison between Regression, SVM, Random Forest and ANN.
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2.1.3 Convolutional Neural Networks (CNNs)

CNNs are the first successful DNNs owing to their reduced complexity, decreased
number of weights, and computational resources. The standard array multiplication used in
neural networks is replaced by the convolution operation. Pre-processing for feature vectors is
no longer required for the input data, therefore the raw images can be directly loaded into the
network. CNNs have already been efficiently implemented for numerous applications, such

as speech recognition, image classification, handwriting recognition, and face recognition.

C3 feature maps

C1feature maps Sa feature maps
Cs feature maps
Input Sz feature maps Output
- = ; = B L B
Convolution Subsampling Convolution Subsampling Full connection

Full connection

Figure 2.3: Schematic structure of CNNs [71].

As shown in Figure 2.3, the structure of a CNN consists of two main types of layers:
convolution layers and sub-sampling layers. These layers are usually followed by Fully Con-
nected (FC) layers in the end for predicting the class scores, which are standard MLP layers
and can be omitted in fully convolutional networks. In the output layer, each output neuron
represents a different class. Common sub-sampling layers are Rectified Linear Unit (ReLU),

sigmoid, pooling and dropout. A frequently used pattern for a CNN is:

[CONV — ReLU— Pool— CONV — ReLU— Pool—FC|
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Convolutional Layer

Convolutional layers are mainly implemented in a neural network for extracting fea-
tures from images. The deeper the convolutional layer is in the network, the more compli-
cated features it learns. The input image is represented as an array of pixel values and the
convolution operation involves sliding a smaller convolution kernel (usually with dimensions
3x3 or 5x5H) over the input image array and, for each position, multiply the pixel values with
the convolution kernel. The resulting output feature map will have a reduced size, though it
will contain the relevant information from the original image. A visual example of how the
2D convolution operation is performed over a binary (black and white) input image of size

5xb with a convolution kernel of size 3x3 is shown in Figure 2.4.

11100 —
0/1/1 1|0 11111]0|0
Inputimage |olo|2 1]|2 ol1l1]1]0 4|34
olo/1 10
~ mloioin - 0({0f1,/1,)1, 2(4(3
T3 0(0(1)1)0, 2(3|(4
Convolution filter [o| 1| o 0]1/1/0Q)0,
o1 _J | Convolved
mage Feature

Figure 2.4: Convolution operation.

Convolution is a linear operation, therefore a non-linear activation function must
be added after a convolutional layer to achieve a non-linear transformation of data. This
ensures that the neural network can learn non-linear behaviour and that subsequent layers
build off each other. Summing linear layers would give a linear function, hence without non-
linear activations between linear layers, a neural network would behave like a single layer
perceptron, regardless the number of layers. The most common non-linear functions are

ReLU, which only keeps the positive values (detailed later in Section 2.2.5) and the sigmoid.
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Pooling Layer

The pooling layer helps reducing the spatial dimensions of the network, thus gaining
more computation performance, while retaining the most important information in the im-
age. Also, the chance that the network will over-fit reduces significantly. The pooling kernel
performs in a similar fashion with the convolutional window, except it reduces dimensions
by keeping only the important information in the image and performing basic operations on

the pixel values in the window (MaxPool, MinPool, AveragePool).

Hyperparameters

The parameters of a CNN (or other neural network architecture) fall into two main

categories:

e Model Parameters - the parameters that are estimated by the model from the input
data (e.g. the neuron weights in ANNs, the features in regression, or the support
vectors in SVMs). In CNNs, model parameters are not pre-defined by the user and

they are considered to be part of the final, trained model.

e Hyperparameters - the parameters that are external to the model and cannot be esti-
mated from the input data. They are used to estimate the model parameters and they

are configured by the user.

The CNN must be tuned in order to generate the best results for a particular applica-
tion. This process implies tuning the hyperparameters, so that the model parameters
will generate the best predictions. Hyperparameters can be tuned manually, or au-
tomatically (fortunately, at the time of writing this thesis, considering the extensive

research that is being carried out in this field, there are a number of available frame-
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works for hyperparameters tuning, such as Keras Tuner). The Hyperparamters that

play a crucial role in the performance of a CNN are:

Batch size;

Number of training epochs;
— Activation function;
— Optimisation algorithm;

— Learning rate;

Loss function.

The process of manually tuning the above hyperparameters will be described further

in this chapter.
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2.1.4 Siamese Neural Networks

A siamese network, like its name suggests, is a type of neural network that contains
two or more identical sub-networks which share the same architecture, weights and hyper-
parameters. Siamese networks were first introduced in 1993 by Bromley and LeCun as a
solution for image matching problems, in particular signature verification [72]. Each sub-
network represents a CNN with identical weights and hyperparameters. This type of network
is usually used when finding similarities and relationships between related entities, rather

than assigning them to different classes [73].

The approach used by siamese neural networks is to feed two inputs separately to
the sub-networks and compute their feature maps using a series of processing layers (convo-
lutional, ReLU, max pool, etc.), depending on the network’s architecture. Afterwards, the
feature vectors are compared in the distance layer, using absolute difference, cosine similarity
or contrastive loss functions. Based on these learnt parameters, the model outputs a binary

value which represents the similarity between the two inputs (Figure 2.5).

Fundamentally, a siamese network is looking for similarities and dissimilarities be-
tween data, rather then classifying it to certain classes. Thus, the siamese network is trained
and tested on random pairs of inputs chosen from the datasets. The pairs can be images
belonging to the same class, in which case the pair will be assigned a logical value 1, or

images belonging to different classes, in which case the pair will be assigned the value 0.
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Input Hidden Distance Output
layer layer layer layer

Figure 2.5: Siamese network for binary classification with logistic prediction p. The twin

networks share the same weights and parameters. [74]

Siamese networks are used in particular for one-shot learning, which is a type of clas-
sification where examples are presented to the network just once, before making a prediction
on a test entity. One-shot learning is helpful to facilitate data collection, given that a large
amount of labelled examples are no longer required to obtain reasonable performance [75].
This is convenient when the training data set is not sufficiently large to train a DNN for
classification. A CNN usually requires at least 500 training examples for each entity to be
classified correctly, as demonstrated in the following section (training set dimensions, Figure

2.19).

Therefore, the one-shot learning method can be a suitable approach for this project,
considering that the radar image dataset used for training the network is not very large.
Therefore, siamese neural networks represent a potential solution to this issue and will be

further investigated in this project, both on the MNIST and on the automotive radar dataset.
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2.1.5 DMNIST Dataset

Modified National Institute of Standards and Technology (MNIST) [76-77] is a large
scale computer vision database of handwritten digits and a subset of a larger set from NIST.
It is used for ML tasks, mainly for classification and pattern recognition purposes. The

dataset contains 60,000 training images and 10,000 testing images.

The MNIST dataset was used in this work prior to the automotive radar dataset, to
get accustomed to CNNs in Python using Tensorflow and Keras, data augmentation and
different input data formats. Throughout this chapter, different studies will be performed
to determine how well the neural network can generalise on unseen data that is different
from training data, due to the target’s position, scale and noise and also to analyse the
influence of different hyperparameters on the performance of the model. These stages are
performed because they have parallels in the radar dataset, with radar targets placed at
different ranges and several rotation angles. Moreover, it is not known how the classification
model will perform on the radar dataset because there is no evidence of neural networks
applied for classification on similar radar datasets. Hence, the following analysis on the
MNIST dataset will give a good indication of the expected results, as well as a way of

debugging potential issues.

Several neural network models were trained on MNIST and tested on a similar dataset
of handwritten digits. The dataset was created in accordance with the MNIST design spec-

ifications in three stages:

1. Stage 1: Reshape digits to 28x28 pixels images and invert the colours (white digit,
black background);

2. Stage 2 : Fit the digit into a 20x20 pixel box and pad it with eight black rows and

columns;
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3. Stage 3: Center the digit by computing the centre of the mass of the pixels and position

this point at the centre of the 28x28 pixels image.

Test-time Data Augmentation

In order to assess how the model performs when different variations of the same
digit are tested (different scales and rotation angles), the dataset was modified to include 3
additional scales (70%, 40% and 20%) and seven other rotation angles (30°, 90°, 150°, 180°,

210°, 270° and 330°). This test-time data augmentation can be seen in Figure 2.6.

3 (@) ) (E

180° 210°

Resize to 70% -> 3 Centre it in a 28x28 blank image-> 3

Scale 2 - 70%

330°

Original image

Resize to 40% -> ?) Centre it in a 28x28 blank image-> 3
Scale 1 - 100% Scale 3 - 40%
Resize to 20% -> ?) Centre it in a 28x28 blank image-> 2

Scale 4 - 20%

Figure 2.6: Test-time data augmentation for MNIST dataset.

A CNN with two convolutional layers was trained on the original MNIST dataset
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and tested on three different datasets corresponding to different scales (70%, 40% and 20%),
after each image processing step. The model hyperparameters are 256 batch size, 10 training
epochs and Adadelta optimisation algorithm with a default learning rate of 1. The testing
results after each processing step and for each scale can be seen in Figure 2.7. It is evident
that the accuracy increases after each processing step, as expected, because the features of
the testing images begin to match the features of the training images. The accuracy for the

37 scale is lower, due to the fact that the training set does not include similar scales and

3|3

the model cannot generalise well enough.

&

0.7

5

0.7

Accuracy

18T PROCESSING 2ND PROCESSING 3RD PROCESSING
Image processing stages

mScale 1 =Scale2 mwScale 3

Figure 2.7: Test results for each image processing stage on test-time augmentation with

different scales. The model was trained on the original MNIST training dataset.

Oppositely, when the test set is augmented with images of the digits from different
rotation angles, the accuracy is very low. Figure 2.8 shows the test results for different scales
and rotation angles. As expected, the features of the rotated digits are too distinct from
the training examples to allow the model to generalise on the unseen data. The accuracy

improves slightly for 180° rotation, because some digits can still be correctly classified (i.e
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1, 0 and 5 are very similar to their 180° rotated version).
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Figure 2.8: Test results on test-time augmentation with different scales and rotation angles.

The model was trained on the original MNIST training dataset.

Cohen’s Kappa Coefficient

Another measure of performance, apart from accuracy (which can be simply defined

as the percentage of the correct classified instances) is the Cohen’s Kappa Coefficient [78].

This metric measures how well the classifier performed, as compared to how well it would

have performed simply by chance. The Kappa statistic based on the value of the Kappa

coefficient can be seen in Table 2.2.
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Table 2.2: The Kappa Statistic.

Kappa coefficient value | Agreement level between classes
<0 agreement less than chance
0 agreement equivalent to chance
0.1-0.2 slight agreement
0.21-04 fair agreement
0.41 - 0.6 moderate agreement
0.61-0.8 substantial agreement
0.81 - 0.99 near perfect agreement
1 perfect agreement

The Kappa coefficient can be calculated using the equation:

Observed Accuracy — Expected Accuracy (2.2)

Kappa =
pp 1 — Expected Accuracy

where the Observed Accuracy and the Expected Accuracy are calculated using a confusion

matrix. The confusion matrix for Scale 1 with 150° rotation is represented in Figure 2.9.

Digits 0 1 2 3 4 S 6 7 8 9 Total

0 14 0 11 0 0 7 0 0 0 0 32

1 1 6 6 0 8 8 1 0 2 0 32

2 0 0 10 1 6 10 0 2 3 0 32

3 3 0 8 6 1 7 4 0 3 0 32

4 2 0 8 2 2 19 1 2 0 0 32

5 2 0 8 2 0 13 3 1 0 3 32

6 5 0 7 2 0 9 6 2 1 0 32

7 0 0 12 0 7 8 0 4 1 0 32

8 1 0 9 1 4 9 2 0 6 0 32

9 3 0 8 1 0 11 3 0 ) 1 32
Ground truth 31 6 87 15 28 97 20 11 21 4 320

Figure 2.9: The Confusion Matrix for MNIST test set with scale 1 and 150° rotation.

The observed accuracy is calculated as the accuracy of the instances that were cor-
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rectly classified throughout the entire confusion matrix:

Observed Accuracy =

. diag(a), 2.3
ST,

where M is the confusion matrix, diag(M) is the green diagonal, C' is the total number of

classes and 7T} is the total number of instances for a class i.

The expected accuracy is the accuracy that any random classifier would be expected

to achieve only by chance:

c

> GiT;

FEzxpected Accuracy = z:é : (2.4)
2. T

1

(2

where G; is the ground truth for a class i.

Therefore, the Kappa coefficient for the above confusion matrix is:

0.21 - 0.1
Kappa = —2=— 2~ — 0.12. 2.5
wppe =g =0 (2:5)

As expected, the Kappa Coefficient will have a low value, 0.12. According to table 2.2, this

corresponds to a slight agreement between classes.
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Train-time Data Augmentation

The original MNIST training dataset was augmented with different scales and rotat-
ing angles in order to determine how this influences the classification results. Figure 2.11
illustrates the classification results after three different scales and seven different rotating
angles were added to the training dataset. Hence, the original MNIST dataset consisting of
60,000 training images was augmented to 480,000 images to include all rotating angles (Fig-
ure 2.10) and then further augmented to include all four scales. The final training dataset
comprised of 1,920,000 images (Figure 2.11).

1

0.9

Original 150° 180° 210° 270° 330° All angles -
MNIST test 80 images

data 3 8 ()\J q/ % 8 (\0 /b test set

Figure 2.10: Test results on train-time augmentation with different rotation angles. The

Accuracy
o o o o o o (=]
—- N w E=N w [ ~

o

model was trained on the augmented MNIST training dataset with 8 rotation angles - 480,000

images.
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Original MNIST test data All angles - 80 images test set 4 scales x 8 angles = 320
images

Figure 2.11: Test results on train-time augmentation with different rotation angles and
scales. The model was trained on the augmented MNIST training dataset with 8 rotation

angles and 4 scales - 1,920,000 images.

Figures 2.10 and 2.11 show that testing accuracy improved considerably after the
training set was augmented with images of digits from different rotation angles and scales
and the model was able to generalise better. A similar approach was explored for classifying
radar images with different views (targets rotated at different angles) and with different
scales (distances to the targets). The results and methodology will be presented in this
chapter. More references will be made to the MNIST dataset experiment throughout this

chapter, for hyperparameters tuning and determining the suitable training set dimensions.
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Impr

oving the test accuracy by using filtering techniques

Further digital image processing techniques were experimented for improving the over-

all classification accuracy on the augmented MNIST dataset. The digits from the testing

set were manually written, therefore an inherent noise was added in the digital scanning

process. The following image processing techniques were applied on the images to filter the

redun

dant noise:

Mean Filter - a linear filter applied for reducing the noise in images by smoothing
them [79-81|. It is similar to a low pass filter and it reduces the variation in intensity
between neighbouring pixels. It is used for removing white, additive, Gaussian noise.
The working principle of the mean filter is to replace the value of each pixel in the
image with the average (mean) value of the neighbouring pixels, including itself. The
aim is to eliminate pixels which are unrepresentative of their surroundings, therefore
the values of the pixels after filtering will change. The mean filter is usually thought
as a convolution filter. As seen in Figure 2.12, the mean filter has a kernel of size 3x3
(orange rectangle) which represents a centre pixel and eight neighbouring pixels. The
kernel is shifted over the whole image in order to calculate the mean value which will

replace the centre value. Larger kernels can be used for a stronger smoothing effect.

Average of neighbourhood values :

120 | 150125 | 134 (115+119+120+123+124+125+126+127+150) / 9 = 125

123 | 125 | 126 | 130 | 140

122 | 124 | 126 | 127 135

118

119 | 115 | 119 | 123 133
111 12

116 | 110 | 120 | 130 Output of the filter: 150 is replaced by the mean value 125.

Figure 2.12: Mean Filter - working principle.

The MNIST images were filtered with a mean filter, though the results were not sat-

isfactory, due to the salt and pepper type of noise that was present in the images.
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As seen in Figure 2.13, the mean filter has the effect of smoothing the noise, rather
than eliminating it. The main disadvantage of the mean filter is that if a pixel has a
very different value when compared to its surroundings (for example an edge pixel) it
will significantly affect the mean values of the neighbouring pixels. Hence, sharp edges
will rather be blurred than preserved. These problems are better tackled using the
median filter, which is usually a better filter than the mean filter, but it takes longer

to compute.

Mean filter

Original image : Filtered image

Figure 2.13: Mean Filter applied on a MNIST image.

e Median Filter - a nonlinear filter often used to reduce the noise in an image, similar
to the mean filter. However, the median filter [81-83]| is preferred for preserving useful
details in the image. The working principle of the median filter resembles the mean
filter. A kernel is slid over the image and the centre value is replaced with the median
value of the neighbouring pixels in the kernel (Figure 2.14). The first step is to sort
the values of the pixels into numerical order, then determine the median value and
ultimately replace the centre value with the median. If the kernel contains an even

number of pixels, then the average of the two median values will be calculated.
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123 | 125 | 126 | 130 | 140 Neighbourhood values sorted into numerical order:
1

122 | 124 | 126 | 127} 135 0, 1, 115, 119, 120, 124, 125, 126, 127

118 | 120 125 | 134 /2

119 115|119 | 1 133 Median value

1111 116 | 110 | 120 | 130 Output of the filter: 0 is replaced by the median value 120.

Figure 2.14: Median Filter - working principle.

The drawbacks of the median filter are that it is relatively complex to compute for
large images and it is not as good as the mean filter at dealing with large amounts of
Gaussian noise. However, the median is a more robust average than the mean, thus a
pixel with a very unrepresentative value will not affect the median value considerably.
Also, unlike the mean filter, the median filter does not create new, unrealistic pixel
values, since the median is actually a pixel value that already exists in the image.
Therefore, the median filter will perform better at removing noise that has extreme

values (salt and pepper noise) and at preserving edges.

Median filter

Original image . Filtered image

Figure 2.15: Median Filter applied on a MNIST image.

The median filter was applied on the MNIST images using the OpenCV library for
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Python. Figure 2.15 shows that the median filter successfully removes the noise in the

image, without altering the edges of the digit.

Hence, the MNIST images from the test set were filtered with a median filter. Figure
2.16 shows that the accuracy improved by 33%, from 0.6 to 0.8. The training set
contained 30,000 original MNIST images, which were augmented with two other scales
and seven rotation angles. The final training set contained 720,000 images.

0.9

0.8
0.8

0.7

s 0.6
Q

3 0.6
0.5

8 0.4

O

<0.3
0.2
0.1

0
Without filter With median filter

Figure 2.16: Test results on MNIST augmented dataset, before and after median filtering.

The confusion matrix for the final MNIST experiment, after median filtering, is shown
in Figure 2.17. This confusion matrix was used to evaluate Cohen’s Kappa Coefficient.

The results are as follows:

Observed Accuracy = 0.79.
Expected Accuracy = 0.1. (2.6)

Kappa = 0.76.

After the median filtering, the Kappa value corresponded to a substantial agreement

between classes, according to Table 2.2.
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Digits 0 1 2 & 4 5 6 7 8 9 Total

0 24 0 0 0 0 0 0 0 0 0 24

1 0 18 0 0 0 0 0 6 0 0 24

2 0 0 23 0 0 0 0 1 0 0 24

3 0 0 0 24 0 0 0 0 0 0 24

4 0 0 0 1 17 4 2 0 0 0 24

5 0 0 0 0 0 24 0 0 0 0 24

6 0 0 0 0 0 0 24 0 0 0 24

7 0 4 8 0 8 0 0 4 0 0 24

8 0 0 3 0 0 0 0 0 21 0 24

9 0 0 0 1 0 0 9 0 3 1 24
Ground truth| 24 22 34 26 25 28 35 1 24 11 240

Figure 2.17: The Confusion Matrix for MNIST after median filtering.

Siamese Neural Network

A siamese neural network architecture was applied on the MNIST dataset. Given
any two input images, the network predicted whether those images depicted the same digit.
The model learnt to identify the similarity level between input test pairs according to the
probability that they belonged to the same class or not. The pair with the highest score was
awarded the highest probability for classification. Three siamese architectures were analysed

on the MNIST dataset:
1. Six dense, fully connected layers.
2. Four convolutional layers with ReLU activations.
3. Five convolutional layers with ReLLU activations.
The testing accuracy results on a 60,000 images MNIST training set (2,500 original
MNIST images, with three different scales and eight rotation angles) are shown below in
Figure 2.18, by contrast with the CNN result. The siamese architecture with five convolu-

tional layers achieved the accuracy of 0.96, after median filtering, when testing 240 different

pairs of digits for similarities.
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Siamese - 4 Conv Layers -
60K training set

0.96

Siamese - 5 Conv Layers -
60K training set

Figure 2.18: CNN vs Siamese results on the MNIST dataset, after median filtering.
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Training Set Dimensions

The effect of training set dimension on the MNIST data set can be observed in Figure
2.19, which shows some experimental results with CNNs and MNIST images, which were
achieved prior to moving on to analyse the radar dataset. The results show that the threshold
for a satisfactory accuracy occurs for a training dataset of 120,000 images. The dataset
consisted of 240 different entities: 10 handwritten digits, each one rotated to 8 different
angles and re-scaled to 3 different sizes. Thus, it has been shown that 500 images of each

entity are required for training a CNN and obtaining a suitable classification accuracy.

Variation of the training set dimensions
1.2

0.8

0.6

ACCURACY

0.4
0.2

1440K 720k 360K 240k 120K 24k 12K 24K 1.2K
NUMBER OF TRAINING IMAGES

Figure 2.19: Effects of different training set dimensions on the testing accuracy for the

MNIST dataset.
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2.2 Automotive Radar Imagery Classification

2.2.1 Dataset Requirements

The radar dataset was designed to capture some of the roadside objects from a vehi-
cle’s outdoor environment: a bicycle, a cone, a dog, a mannequin, a traffic sign and a trolley.
Neural networks were trained and tested using the radar imagery of the six different objects,
placed at different distances to the radar and for several rotation angles, which will be de-
scribed in the next section. These data augmentations were performed as in scanning radar
the object occupies different numbers of resolution cells with distance and its reflectivity

may change due to fluctuation of RCS over look angle.

Examples of optical images for the six targets and their associated range profiles in
low-THz radar imagery are shown in Figure 2.20. All objects are placed at 3.8 m distance

from the radar.

Bicycle Sign Dog Mannequin Cone Trolley

Figure 2.20: Optical and radar images of the six targets placed at 3.8 m distance from the

radar.
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2.2.2 Experimental Setup and Data Acquisition

The radar system was designed at The University of Birmingham and the measure-
ments for obtaining the imagery dataset were performed in controlled laboratory environ-
ment. The system comprised of a ZED stereo camera and a bespoke Linear Frequency
Modulated Continuous Wave (LFMCW) radar, with one transmitter and three receivers, to
obtain multiaspect data for the elevation profile reconstruction. A picture of the setup con-
figuration is shown in Figure 2.21. For this project, the indicated receivers and transmitter

were mounted at different heights, which are also given in Table 2.3.

Receiver 1 (0.94 m)

Receiver 2 (0.78 m)

Transmitter (0.69 m)

Receiver 3 (0.4 m)

ZED stereo camera

Figure 2.21: Experimental setup.

A full radar scan was taken for each target azimuth position by placing the objects

on a turntable and rotating it in a stop-and-go mode. The radar parameters used for the
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measurements in this experiment are shown in Table 2.3.

Table 2.3: Parameters used for measurements.

Parameter Value
Sweep Bandwidth 20 GHz
Chirps per Dwell 10
Dwell Time 11 ms
Chirp Pattern Repeated Up Chirps
Centre Frequency 290 GHz
Transmitted Power 0 dBm

Azimuthal Beamwidth 1.0-1.1° (3 dB

1.4-1.5° (6 dB

(3 dB)
(6 dB)
Elevation Beamwidth 6.2-7.0° (3 dB)
(6 dB)

8.8-9.1° (6 dB
Receiver 1 height 0.94 m
Receiver 2 height 0.78 m
Receiver 3 height 0.4 m
Transmitter height 0.69 m

Each object (except for the dog and the traffic cone) was mounted on the turntable
and rotated 360°, taking a full radar scan every 4°, thus 90 different scans. The dog and
the traffic cone were rotated 180° and 90° respectively and scanned every 4°. The data was
taken from three receivers which were placed according to Figure 2.21, hence three different
images were acquired for one single position of each object. Moreover, scans were taken with

targets placed at 3.8 m and also at 6.3 m distance from the radar.

Figure 2.22 shows an optical image of the setup for the bicycle target and the corre-
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sponding radar range profile. We can observe the extent, shape and outline of the bicycle in

the radar image, owing to diffuse scattering, which makes it suitable for classification using

-9
-m

Figure 2.22: Left: the ZED optical image of a bicycle target at 12° rotation. Right: the

computer vision methods.

corresponding radar image.

65



Image Classification

2.2.3 System Resources

Software

TensorFlow and Keras were used for developing neural networks during this project,

due to the numerous advantages that they provide over other machine learning back-ends.

TensorFlow is a public, open-source software library, developed by the Google Brain
team for internal use and released to the public in 2015. TensorFlow is mainly used for
machine learning applications and other numerical computations. Its name derives from the
operations that neural networks perform on multidimensional arrays, also called “tensors”

[84].

Some of the main features offered by TensorFlow are:

e Fast computing: it can run on multiple CPU and GPU platforms, reducing the com-

putational time for training DNNs.

e Flexibility: it provides multiple powerful mathematical functions that can solve most

problems, not only machine learning related.

e Portability: runs on most operating systems, as well as on mobile computing platforms

such as Android.

e Easy debugging: it provides a tool for analysing and debugging developed models,

called TensorBoard.

e Wide adaption: ARM, Google, Intel, eBay, Qualcomm, DropBox, Twitter, Airbnb are
just some of the numerous tech giants that use TensorFlow to improve their business

intelligence.
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Keras is a top-level neural network Application Programming Interface (API) that
runs on top of other backends, such as TensorFlow or Theano and it is written in Python.
Keras provides a more understandable interface for TensorFlow, being more user friendly and
having an extended modularity. Standalone modules can be combined in order to develop

the desired neural network architecture, with as less restrictions as possible.

The Python code for the neural networks was implemented in this project using Keras,
under TensorFlow backend, in the Anaconda Spyder Integrated Development Environment

(IDE). The full code for CNN and siamese is provided in the Appendix section of this thesis.

Hardware

Initially, training and testing of neural networks were performed on a single CPU
and later on a GPU. However, as the complexity of the neural network was increased by
adding more convolutional layers, the computational load of the model became too heavy
and training the network required extended amount of time. Therefore, the training and
testing procedures of the neural networks have also been performed using the hardware
resources from University of Birmingham’s BlueBear High Performance Computing (HPC)

service (Linux server) [85].
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2.2.4 Radar Dataset for Classification

Image Processing

The range profiles were generated by processing the radar data in MATLAB. The
targets were cropped from the original images to the same dimension. Due to the fact that
all images should have the same dimensions when presented to the neural network, the image
dimension was set to include the largest of the six targets, in this case the bicycle. A 220x220

pixel cropping box dimension was determined as being suitable to include all objects.

Examples of processed images that were used for training and testing the neural

networks are shown in Figure 2.23.

bike_14 bike_15 bike_16

bike_33 bike 34 bike_ bike_47 bike 48

bike_49 bike_63 bike_64

Figure 2.23: Cropped images of a bicycle, 220x220 pixels, 360° rotation with a scan every
4°.
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Dataset split

The purpose of dividing the data into train and test sets is to train the model on
the training images until a suitable training accuracy is achieved. Afterwards, the network’s
ability to generalise is verified on the unseen images from the test set, which has to be

different from the train set.

Ultimately, the final, full dataset of radar imagery consisted of 2,442 different images
of the six roadside targets. The training dataset has to be larger than the testing dataset in
order to expose the network to more training examples and to avoid overfitting, therefore the
dataset was split between training and testing as follows: 70% for training (1,620 images)

and 30% for testing (822 images), chosen randomly.

This dataset is available online in a public repository at the University of Birmingham

[36].
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2.2.5 Hyperparameters Tuning

As previously stated, one of the shortcomings of neural networks is that suitable val-
ues for the hyperparameters need to be selected prior to the network training. This involves
multiple tests, performed with different parameter values, until the network’s performance
proves to be satisfying for a given application. This process is based on a trial and error
method, therefore it is time and resource consuming, as the neural network is trained nu-
merous times with different parameters. However, this process is essential and once the
suitable hyperparameters are found, the network will achieve reliability and will require

further training only in case the dataset changes.

Batch size

The batch size represents the number of samples from the test set that are passed
through to the neural network at one time. Samples can also be passed to the network one
by one (batch size 1), but typically the larger the batch size is, the faster the epochs will be

completed, therefore the neural network will be trained quicker.

However, even though CPUs and GPUs can handle very large batches, the model’s
features may degrade with large batches. Moreover, this parameter also has to be tested in
terms of resource utilisation, as less performant machines do not have enough computational

power to process all samples in parallel.

Tests regarding the batch size have been performed on the MNIST data prior to the
radar data, as seen in Figure 2.24. Results show that there is a threshold at batch size
256, after which the model starts to deteriorate and the testing accuracy drops significantly.
The reason for this decline is that large batch methods tend to converge to a sharp min-

imum, leading to overfitting and poorer generalisation. By contrast, small batch methods
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consistently converge to a flat minimum [87].

Therefore, the optimal batch size was considered to be 256, meaning that 256 images

will be passed as a group at once to the network.

0.995

0.99

0.985

0.98

Accuracy

0.975
0.97

0.965
1 32 64 128 256 512 1024 2048

Batch size

Figure 2.24: Determining the optimal batch size.

Epochs

All training data is passed to the network once during an epoch. An epoch is divided
into several batches due to the high computational load. In order for the model to be able
to generalise well on unseen data, it is not sufficient to pass the dataset to the network just
once, hence the network should iterate through the training data multiple times. This can

be achieved by setting the number of epochs parameter to a suitable value.

Unfortunately, this hyperparameter depends on the dataset and its diversity. The
algorithm cannot update the weights to the right value if it has not iterated through the

data enough times (underfit), yet too many iterations can cause the network to overfit, as

71



Image Classification

seen in Figure 2.25. Hence, the amount of neurons used in the network should be balanced,

because large amounts of neurons overfit the data, while too less neurons can underfit it.

output

underfitted

optimal

- overfitted

input

Figure 2.25: Underfitting and overfitting a neural network. The black curve represents
an optimal neural network which provides a good compromise between approximation on

trained data and generalisation on unseen data [88].

Therefore, the optimum balance must be found through trial and error for each type

of network and dataset, by changing the number of training epochs and training the model

until the best accuracy is achieved.

The testing accuracy was monitored for different number of training epochs, varying
from 1 to 200, for a CNN with 5 convolutional layers. The dataset used was the full radar
dataset of 2,442 images, 110x110 Red-Green-Blue (RGB) pixels. The best accuracy (98.78%)
was achieved after epoch 139 (Figure 2.26).
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Figure 2.26: Testing accuracy depending on the number of training epochs for a CNN with

5 convolutional layers. The best accuracy is achieved after epoch 139.

Activation Functions

An activation function decides whether or not the neurons should activate (or fire)
and trigger the others. Those are usually threshold based functions, like step functions, or

linear, sigmoid, tanh, ReLU, Softmax, even custom functions.

e ReLU is usually used as an activation function for the hidden layers of a DNN. It is
considered to be an easy, general approximator for neural networks, hence it was used

as an activation function in this project.

ReLU is a non linear operation, which has to be used after every convolutional layer. It
replaces all negative pixel values in the feature maps (output from convolutional layer)
by 0. One of the advantages of RelLU is that it is very fast to calculate and, unlike
sigmoid or tanh functions, it does not require any exponential computation. Moreover,

it was confirmed that the Stochastic Gradient Descent (SGD) optimisation algorithm
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converges considerably faster with the ReLLU activation, compared to sigmoid and tanh

activation functions [90].

Figure 2.27: ReLU activation function [89].

e Softmax is an activation function which is often used in the FC layer for classification
purpose. The fundamental objective of the Softmax function is to convert the output

values into probabilities for different classes, that sum to 1.

The softmax function has the following form

Yi

S(yi) = (2.7)

e
eYi ’

where y; is the logit input. Softmax is an exponential function, therefore the output
is not uniform. If the input logit has a large value, the difference will also be enlarged
and the output probability will be closer to 1. Similarly, if the logit is small, the
probability of assigning the input to the corresponding class will be closer to 0. The
softmax activation function was used in this project in the last FC layer of neurons
for determining the probabilities of the input radar image of a target to be assigned to

one of the six classes of roadside objects.
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hidden

bike: yes/na?

cone: yes/no?

dog: yes/no?

mannequin: yes/na?

trolley: yes/no?

Figure 2.28: Softmax activation function in the last layer of neurons.

Optimisation Algorithm

An optimisation algorithm is a mathematical function which depends on the internal
parameters, such as the weights and the bias, which are also called the learnable parameters,
due to their ability to update their values with each iteration and get as close as possible to

the optimal solution.

There are two types of optimisation algorithms:

e First order optimisation algorithms - they usually minimise an objective function,
called loss function, cost function or error function, or maximise it (depending on the
type of application) by using its gradient values, thus first order derivatives, which
give information about whether the function is increasing or decreasing for certain

parameter values [91]. The most common type is the SGD algorithm.

e Second order optimisation algorithms - these methods use the second order derivative
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of a function, also called the Hessian matrix, to minimise or maximise the loss function.

These algorithms are usually costly and very slow to compute.

A frequent method for stochastic optimisation used in neural networks is the Adam
algorithm [92], because it is very straightforward and easy to implement. However, in this
project, the optimisation algorithm used was Adadelta, a first order SGD algorithm, which
appears robust to different selection of hyperparameters, model architectures and noisy gra-
dient information [93]. Figure 2.29 shows a comparison of different first order optimisation
algorithms (SGD, Momentum, Adagrad and Adadelta) on the MNIST handwritten digits

classification for 50 epochs, where Adadelta proves to have the best convergence rate.

6 ;
——SGD
5.5} —+— MOMENTUM |
— ADAGRAD
Sf —+— ADADELTA ||
4.5}
&4
5 |4
i 3.50+
o \
F o3
2,50
2_
1.5}
1 L L 1 1
0 10 20 30 40 50
Epoch

Figure 2.29: Comparison of different optimisation algorithms on the MNIST digit classifica-
tion for 50 epochs [93].
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Learning Rate (LR)

LR is a hyperparameter which controls the weight adjustment with respect to the

optimisation algorithm. If the LR is too small, the algorithm will converge very slowly, yet

if the LR is too large, the optimisation algorithm may fail to converge, or even diverge from

the optimal solution.

The LR must be carefully chosen, therefore in this project a LR of 1 (which is also the

default LR value for the Adadelta algorithm in Keras) was used for the Adadelta optimisation

algorithm, as it proved to have better results than a lower LR on the MNIST dataset (Figure

2.30). By using an appropriate LR, the optimisation algorithm converges faster and less

training epochs are required for achieving a suitable classification accuracy.
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Figure 2.30: Adadelta accuracy on the MNIST dataset for different LRs and number of

convolutional layers.
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Loss Function

The loss function finds the optimal gradients for the neural network by minimising
the error, i.e. the difference between the actual output of the model and the predicted one.
Changing the loss function would also modify the error and influence the performance of the
model, therefore the choice of the loss function depends on the type of application addressed

by the neural network.

Most common loss functions are: Squared Error (SE), Mean Squared Error (MSE),
Categorical Cross-Entropy (CE), Binary Cross Entropy, Hinge Loss, Cosine Similarity, Ab-
solute Error, etc. In this project, the loss function used was the Categorical CE loss, which is
suitable for multi-class classification. It is also called a Softmax loss because it consists of a
Softmax activation, followed by a CE loss. The loss function is minimised by the optimisation

algorithm, Adadelta.

CE is defined as
c
CE=-Y yilog(y), (2.8)
i=1

where C is the total number of classes, y; is the predicted probability for class ¢ and ¥, is the

true probability.

The loss function is one of the most important hyperparameters of a model, as it pro-
vides important information about the efficiency of the model and it is inversely proportional
with the accuracy. By analysing the loss function (Figure 2.31) we can determine whether
the model is overfit or underfit and when to stop training. Ideally, the loss function of an
adequate model should decrease with each training epoch and reach a value as close to 0 as

possible.
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Figure 2.31: A typical graph example of loss function vs accuracy.
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2.2.6 CNN Results

The full radar dataset, as well as several subsets were used for training and testing
different types of CNNs with the hyperparameters described in the previous section. The
process of optimising the model architecture and computational load for obtaining the best

accuracy is presented in this section, alongside the interpretation of the results.

The basic flow architecture of the CNN with the typical components (ReLU activa-

tions, pooling layers) is represented below in Figure 2.32.

Rectified Linear Unit Down sample
Feature extraction Adds non-linearity Feature abstraction Feature classification
Convolution RELU Pooling Dense Fully connected
layer activations layer connections layer
Input Layer ;
220x220x3

> 4

Q0000

m

Figure 2.32: Basic flow diagram of the CNN.

Output | 5 .
Feature Maps' ' Output Unit

Optimising computational load

A subset of the final dataset, which included only the images with the targets placed
at 3.8 m from the radar (858 images for training the model and 435 images for testing it)
was used in order to determine whether the grayscale images provide enough information

for the network to learn the features of this specific radar imagery dataset, or the model can
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deduct even more information from the RGB images.

The RGB images have three channels of information and are represented by the
colormaps generated in MATLAB, which correspond to the radar signal amplitude in dB.
The same images were loaded in Python in grayscale mode, using the OpenCV (Open Source
Computer Vision Library - a computer vision and machine learning software library) and
have a single channel, with pixel values normalised between 0 and 1. Therefore, when
using RGB images, the convolutional filter will also have three dimensions instead of one,

proportionally increasing the computational load (Figure 2.33).

3 X_? X3 218 x 218 x1
Ll Output Feature Map
RGB Image 220x220x3
RGB Image

:> * = e =i
(LTI =[]
3x3x1 218x 218 x1

Filter Output Feature Map

220x220x1
Binary Image

Grayscale Image

Figure 2.33: Convolutional operation for RGB radar image vs grayscale radar image of the
trolley. The RGB image requires 3 convolutional filters, one for each channel, whereas the

grayscale image requires only one convolutional filter.

Moreover, all images were cropped to the same dimension before loading them into the
CNN. This implied determining suitable dimensions for the largest target from all six objects
(in this case, the bicycle), which was found to be 220x220 pixels. In order to optimise the

model, the CNNs were also trained with data resized to 110x110 pixels, thus approximately
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reducing the computational load by 75%. A comparison of testing accuracies for various

CNNs with the aforementioned computation savings is shown in table 2.4.

Table 2.4: Testing accuracy for four different CNNs (2, 3, 4 and 5 convolutional layers), with

RGB and Grayscale images, and two different image sizes (110x110 and 220x220 pixels).

No. of Conv Layers 110x110 pixels 220x220 pixels
RGB Acc. |%]| | Grayscale Acc. [%| | RGB Acc. [%] | Grayscale Acc. [%)]
2 Conv 97.01 94.94 95.86 95.4
3 Conv 97.7 97.24 96.55 94.94
4 Conv 98.39 98.16 98.16 97.7
5 Conv 98.62 97.01 97.56 97.37

It can be concluded that the accuracy increases with the number of convolutional
layers added to the network and the 3D convolutional filter for RGB images performed
better at extracting useful features for classification, as opposed to the one dimensional
convolutional filter used for the grayscale images. Moreover, it was found that the datasets

with 50% reduced dimensions (110x110 pixels) led to more accurate results.

The trade-off between dimension and colour information appears to be a good choice,
as the model learns more information from the depth of an image (three channels) than from
an image with only one channel, but larger dimensions, where the redundant pixels do not

contribute to improve the feature maps.

Testing Accuracy for Different CNNs

The final dataset of 2,442 radar images (1,620 for training the model and 822 for
testing its performance) was used with eight different CNNs, with an increasing number of

convolutional layers. The goal was to determine how deep the CNN should be in order to
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achieve the best results for this particular type of application.

The architecture of the CNN with 2 convolutional layers is as follows:

[CONV — MazPool— CONV — MazPool — Dropout 0.2 — Flatten — Dense],

where every CONV layer is followed by a ReLU activation function, the MaxPool
layer reduces the spatial dimensions of the network by keeping only the maximum pixel
values in the image, and the flatten layer flattens the input before the dense layer, which is

an ANN classifier with six outputs, one for each class.

The actual architecture of the CNN with four convolutional layers is shown in Figure

Output

Input
image CONV MAX CONV MAX CONV/ MAX CONV MAX bROPOUT] e FC e
™™ 32 ™|pooL[™| 64 [™|pooL[ ™| 128 [™|pooL[™| 256 [™|PooL[ ™| 02 > ™ s i

220x220
pixels

X100

Figure 2.34: CNN architecture with 4 convolutional layers.

The dropout layer prevents the overfitting of the model by deactivating a fraction
rate of the input neurons during training. The dropout level has been set to 0.2 (20% of
neurons were inactive) after it was found to carry out the best results for a CNN with five

convolutional layers (Figure 2.35).
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Figure 2.35: The testing accuracy for different values of the dropout parameter for a CNN

with 5 convolutional layers, using the RGB, 110x110 pixels image dataset.

The architectures of the following four CNNs (up to 6 convolutional layers) were built
by adding the CONV layers one by one, each one followed by a MaxPool layer. For the
CNNs with seven and eight CONV layers respectively, MaxPool was added after every two
CONYV layers, thus for the deepest CNN with eight CONV layers the architecture had the

following structure:

[CONV— CONV — MazPool— CONV — CONV — MazPool— CONV — CONV —

— MazPool— CONV — CONV — MaxPool— Dropout 0.2— Flatten— Dense).

Each one these CNNs were trained and tested with the same datasets, and the results
can be seen in Figure 2.36. The testing accuracy increases with the number of convolutional
layers until the maximum testing accuracy is achieved with 5 convolutional layers (98.78%),
after which the accuracy starts to decrease. Moreover, all training and testing images are
distinct, thus each image is presented only once to the network. Hence, in this case, the

CNN performs a one-shot classification.
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Figure 2.36: CNN testing accuracy for different numbers of convolutional layers.

With each convolutional layer added to the network, the model extracts more features,

however, this occurs only to a certain extent (in this case, the 5" layer), after which the

model starts overfitting the data. The accuracy declines because the model is learning too

many features from the training images and thus becomes unable to generalise on new data.

Therefore, it can be concluded that the best architecture for this type of application, given

the current dataset and parameters, should be no deeper than five convolutional layers.

The confusion matrix for the model with the best accuracy (5 convolutional layers) is

represented in Figure 2.37. The confusion matrix is also referred to as an error matrix and

it is used for visualising the performances of a supervised model (labels are known prior to

classification), such as observing how the network is confusing between classes [94].
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Figure 2.37: CNN confusion matrix.

The confusion matrix can be interpreted as follows: 131 out of 132 bike images were
classified as bikes and only one instance was mistaken with a dog; 51 out of 54 cone images
were classified correctly, while 2 images were classified as mannequins and 1 image as traffic

sign, etc. Remarkably, all traffic sign instances were classified accurately.

Furthermore, Cohen’s Kappa coefficient was calculated based on the confusion matrix,

to evaluate the agreement between classes, when compared to the chance agreement. Kappa’s
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values vary from -1 to 1, where 1 implies a perfect agreement between classes and 0 means
an agreement equivalent to chance (Table 2.2). In some cases Kappa can be negative, which

indicates an agreement poorer than chance.

The observed accuracy is the number of instances that were classified correctly, hence
the testing accuracy of the model, 98.78%. The expected accuracy is the accuracy that every
random classification model is expected to achieve and it is calculated using the ground truth

values, sum_col and sum_ lin:

FEzpected Accuracy = [(132x132+53x544+95%x96+4180x (182+181+179))]/822]/822 = 0.5945
(2.9)

Therefore, the Kappa coefficient for this model, calculated using Equation (2.2), is
0.97, which falls under a near perfect agreement, according to the Kappa statistic from Table

2.2.

Wrongly classified images

Throughout the experiment with different types of CNNs, some particular images
were noticed as they were consistently mistaken by the same, incorrect objects. Seven of
the most common images that were wrongly classified by the CNN are represented in Figure

2.38.

The training dataset was analysed and specific images from other classes, that resem-
bled the original image, were found. For example, certain images where the traffic cone had
higher reflectivity were mistaken by images of a traffic sign; some mannequin images were

classified as dogs, because at 90° rotation, dog scans look similar to the mannequin scans.
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. . Example of a mannequin

«—— Dog — classified as Mannequin —— that looks similar
. «—— Dog — classified as Cone — .
. <—— Mannequin — classified as Dog —— .
Example of a sign
«—— Cone — classified as Sign — that looks similar
. «—— Sign — classified as Trolley —— .
“—— Dog - classified as Bike ——
. «—— Cone — classified as Mannequin — .

Figure 2.38: Examples of wrongly classified images.
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The reason for these misinterpretations is that the output feature maps of the images
were too similar to certain output feature maps of images from other classes and the one-
shot learning approach was not suitable. In order to overcome these drawbacks, the dataset
can be extended so that more training images will be presented to the neural network.
Alternatively, data augmentation and shuffling the training and testing data sets might be

appropriate solutions to address this issue.
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2.2.7 Siamese Results

A different method to classify radar imagery objects that was analysed in this project
is the siamese neural network. As presented in Section 2.1.4, the architecture of a siamese
network is composed by two identical sub-networks with the same weights and parameters.

In this project, each sub-network is implemented as a CNN.

X1

Fully connected

P(xy,%,)
T I T Ih{x1) - h(x2) | [—>
110x11(.) RGB image o3z, Vi Conv 64, Max| [Convizs,| [Max| [Conv 256,| |Zully e |
Bike relu P relu Pool | |relu Pool | [relu onnecte

absolute difference

8

~

110x110 RGB image
Trolley

Figure 2.39: Siamese neural network architecture with 4 convolutional layers.

For this experiment, three different architectures of siamese neural network were anal-
ysed, each one consisting of two identical CNN subnetworks with two, three and four con-
volutional layers each (Figure 2.39). The architecture of the network layers is detailed in
Section 2.2.6. Each network was trained on 255 pairs of images from the training dataset
and tested on 176 pairs of images from the testing dataset, chosen randomly. Each pair was

assigned a logical value of 1 if the images belonged to the same class and 0 otherwise (Figure

2.40).
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Bicycle Bicycle

Same (1)

Different (0)

Trolley Trolley

Same (1)

Mannequin

Different (0)

Figure 2.40: Example of radar training pairs for the siamese neural network.

Figure 2.41 shows the training and testing accuracies for different types of siamese
networks applied on the radar imagery dataset. The best testing accuracy was 95.86%, ob-
tained with four convolutional layers. It can be observed that the siamese testing accuracies
for networks with different number of convolutional layers should not be neglected, though
they are lower than the CNN testing accurracies (Figure 2.36). Therefore, increasing the
number of convolutional layers for the siamese network beyond four layers was considered
redundant. Moreover, due to the fact that a siamese network employs two convolutional
networks which function in parallel, the computational load for a siamese network is dou-
bled by comparison with the CNN workload. The training accuracy was consistently higher
than the testing accuracy which is a normal behaviour, hence the networks performed well

on both testing and training sets and did not overfit the data.
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Figure 2.41: Testing and training accuracies for different siamese neural networks.

Although the siamese network achieved better results than the CNN on the MNIST
dataset, it can be concluded that, for this particular type of application on a radar imagery
dataset and given the current siamese and CNN architectures and parameters, the CNN with

5 convolutional layers still remains the effective method for classification.
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2.3 Discussion

Throughout this chapter, the research findings have suggested that by setting the
right hyperparameters, such as the batch size, the number of training epochs, the activation
and the loss function, the optimisation algorithm and the LR, and by carefully optimising
the computational load and the format of the input data, a DNN can be successfully utilised

for classifying several roadside objects in low-THz radar imagery.

After the input images have been processed to a convenient form to be used by the
neural networks, tests have been carried out to optimise the computational load of the
model. These experiments involved reducing the image dimensions by 75%, from 220x220
pixels down to 110x110 pixels and lowering the depth of the images by converting the original
RGB images with three dimensions into single dimension, grayscale images. It was found
that, for this type of image, RGB images are more accurate than the grayscale ones and
reduced size images with 110x110 pixels lessen the computational load of the model, without

affecting the training and the testing accuracies.

Moreover, tests have been performed for improving the architecture of the neural
network model by varying the number of the convolutional, max pooling and dropout layers.
It can be concluded that the best testing accuracy on the radar imagery dataset was as
high as 98.78%, obtained with a CNN which consisted of five convolutional layers and 20%
dropout of the activations. In addition, a siamese neural network was implemented, although,
unlike CNNs which are used for classifying images, the objective of a siamese network is to
find the similarities and dissimilarities between pairs of objects. The best accuracy for the
siamese network was 95.86%, achieved with four convolutional layers per sub-network. It
should be noted that the radar dataset consisted of different images, thus the CNN achieved

outstanding results for one-shot recognition.

92



Image Classification

In general, one of the drawbacks of neural networks is that the model has to be
trained multiple times with different parameters and architectures, until an optimal model
is achieved. In this project, neural networks have been trained on the same dataset over 60
times to produce a model with a fine adjustment of the architecture and hyperparameters.
This process is complex and laborious, though essential for developing a neural network for
specific types of applications and datasets, that does not overfit and can generalise well on

unseen data.

The shortcoming of this work is that the radar imagery database for training and test-
ing is limited, comprising of almost 2,500 distinct images of six roadside targets in controlled
environment. Extra targets and images are required for the model to be able to recognise

more sophisticated and distinct patterns.
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2.4 Conclusion

In this chapter, a method for classification of different roadside targets in low-THz
radar imagery using DNNs has been presented. Two different types of neural networks have
been considered for image classification and for finding similarities/dissimilarities between
pairs of objects: Convolutional Neural Networks (CNNs) and Siamese Neural Networks.
This is the first publication on classification of roadside targets for autonomous driving on

low-THz radar imagery [57].

For both types of networks, the architecture and the hyperparameters have been
adjusted to achieve the best performance. The present findings confirm that DNNs can be
successfully used for this type of application, due to the high accuracy on testing dataset

(98.78%) of radar imagery that was achieved throughout this work.

In conclusion, although the presented method has its limitations, the current results
on a radar imagery dataset provide a basis for developing an all-weather sensing system
for autonomous vehicles, therefore further work will be carried out in this direction in the
following chapters. Firstly, the existing radar imagery dataset will be extended with more
radar scans of other roadside targets, especially in outdoor environment, so that the model
will be reliable for on-road use. Secondly, a DNN will be developed with a more elaborate
architecture that would be able to detect multiple objects in the same frame, as well as to

generalise better and make precise predictions in real situations.
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Object Detection

3.1 Introduction

This chapter will present a solution to the current challenges of the imaging radar
to respond the demands of autonomy for detection and classification of targets in radar
imagery, which traditionally has been considered as clutter. The proposed object detection
method is defined in a new way, as opposed to the traditional object detection methods in
the radar related contexts. The current works is the first application of this novel approach
and follows the previous work on classification. This approach is based on deep neural
networks (DNNs) for object detection on outdoor radar images, as well as indoor images
taken in controlled environment. Object detection was performed using two detectors based
on neural networks and the evaluation proved that this method can be successfully used on
radar imagery for autonomous applications. The principles of object detection in machine
learning, the experimental setup, datasets, and the implementation of the two detectors will

be detailed hereinafter.
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3.1.1 State of the Art

The increased need for developing intelligent driving systems involves extensive re-
search for innovations in terms of vehicle safety. For obstacle detection and collision avoid-
ance systems in autonomous driving, radar imagery is preferred when optical cameras and
lidar cannot provide usable imagery in adverse weather conditions, such as fog, spray, heavy
rain or snow. Therefore, a data fusion between the information obtained as a result of tar-
get classification performed by the deep neural network and other information received from
electro-optical sensors, such as lidar and stereo-video camera, is preferred and has the poten-
tial to produce a detailed map of the surroundings to help implement an all-weather sensing
system. A recent, comprehensive survey on fusion methods and challenges is presented in

[95].

This chapter aims to present the results of object detection with DNNs, applied on
both indoor and outdoor radar images of roadside targets. This work follows previous re-
search on high resolution automotive radar imagery classification [57] and focuses on two
better known object detection architectures, the Faster Region Based Convolutional Neural
Network (Faster R-CNN) [96] and the Single Shot Multibox Detector (SSD) [97]. Therefore,
the single target classification from Chapter 2 is extended to multiple object detection in the
same frame, where the objects are classified using rectangle bounding boxes with an associ-
ated classification score. Hence, the location of targets in the image can also be estimated

using the coordinates of the bounding box.

Machine learning and computer vision techniques for radar applications have been
investigated for decades. Example of state of the art methods that use artificial neural net-
works for segmentation of doppler radar images or LiDAR images, as well as classification in

SAR images, have been mentioned in the previous chapter. Fortunately, the recent develop-
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ments in terms of hardware capabilities supported the implementation of deeper and more

sophisticated neural network architectures, such as deep object detectors.

In terms of autonomous applications, Lombacher et al. have achieved notable re-
search on the potential of radar-based object recognition using deep learning methods [98§]
and semantic radar grid maps for static object classification in autonomous driving [99]. The
implementation of a CNN classifier for roadside targets in low-THz radar imagery was pre-
sented in [57], although a fully reliable system that annotates the entire vehicle’s environment

based on these images has not yet been developed.

Currently, there is little published research on object detection with DNNs for auto-
motive radar applications. Simon Chadwick et al.’s notable publication [100] incorporates
radar data in order to increase the performance of optical object detection algorithms in
difficult situations, such as detecting small, distant objects. However, this approach focuses
only on vehicle detection, therefore there is still a gap in object detection performed on
radar imagery of any type. To the knowledge of the author, this work is the first attempt
at object detection on radar images for multiple roadside targets and was published at the

2020 European Microwave Week [58|.
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3.1.2 Traditional Radar Target Detection

Threshold Detection

In traditional radar, the process of detecting a target is based on the concept of
“threshold detection” [4]. The radar measurement is compared with a set threshold and
there are two hypothesis to choose from. If the measurement exceeds the threshold, then
the measurement corresponds to target and interference, hence target-plus-interference hy-
pothesis (H1 hypothesis). On the other hand, if the measurement is below the threshold
it corresponds to interference (receiver noise), clutter (background returns, reflections from
other objects in the scene that are not targets), or thermal noise, and it is associated with
the null hypothesis (HO hypothesis). The threshold should be carefully chosen in order to

achieve the highest probability of detection for a given Signal to Noise Ratio (SNR).

A radar system should be able to maintain a specified probability of false alarm,
which arises when a measured radar value exceeds the threshold, although it was caused
by a source of interference and not a target, hence a false detection. False alarms can
impair the performance of a radar system significantly, due to the additional processing
and resources required in such situations. Therefore, Constant False Alarm Rate (CFAR)
detectors were implemented, which can account for changes in interference and modify the

detection threshold accordingly, so that the false alarm rate of the system is maintained.

It is essential to emphasise the fact that in this chapter, the concept of “Object
Detection” does not involve the traditional radar detection techniques mentioned above. It
refers to the concept of object detection in machine learning, which uses DNNs and computer
vision algorithms. This method is implemented in a novel way for detecting roadside targets

in radar imagery and it is described in the following sections.
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3.2 Object Detection in Machine Learning

Object detection is a deep learning concept in conventional optical imagery, used
when multiple objects are present in the same image; it implies identifying the location of
each single object and classifying them. Ground-truth bounding boxes are compared with
the predicted boxes and a classification score is calculated for each. In machine learning
terminology, ground truth refers to the information that is known to be real, from measure-
ments and direct observations, which are often represented as labels. For this application,
the ground truth was obtained by manually labelling the objects in radar images, using

optical images as reference.

An example of object detection for autonomous driving based on optical images can
be seen in Figure 3.1. For better visualisation, bounding boxes have distinct colours, cor-
responding to the class colour (vehicle - red, road sign - blue, person - green, traffic light -
yellow). Bounding boxes have an associated classification score which represents how confi-

dent the system is that the detected object belongs to the proposed class.
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Figure 3.1: Object detection on a complex urban scene scenario for autonomous driving [95].
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As opposed to classification, object detection is a more advanced method which uses
deeper neural networks in order to classify and find the location of multiple objects in an
image. Object detection is the preferred method for real-time and real-life applications such

as object classification in autonomous driving.

The main idea of traditional machine learning object detection algorithms is to take
multiple Regions of Interest (Rols) and apply a classifier in each region [101]. This method
is often referred to as a two-step approach. Essentially, each region is passed to a CNN for
classification, after which the regions are re-combined to form the original image with the
detected objects. However, this basic approach in region-based networks (R-CNN [101] and
Fast R-CNN [102]) has major disadvantages in terms of computational effort, given by the
unknown ratio of objects in the image, which requires a selective search over a large number
of regions. Therefore, algorithms have been implemented in order to reduce the number of
Rols, by selecting the Rols with a Region Proposal Network (RPN). This was implemented
in Faster R-CNN [96].

Another powerful, yet easy and widely used object detection model is the Single Shot
Multibox Detector (SSD) [97]. SSD is considered a one-stage detector because it predicts
all the bounding boxes in an image in one pass. The fully-convolutional approach of SSD
increases the computation speed and is preferred in applications where high accuracy is
not crucial. More details about the image processing, the anchor boxes generation and
the detection steps can be found in [96] and [97], though the block diagrams and a short

description of each detector will also be covered in the following sections.

The performances of Faster R-CNN and SSD models were evaluated in this chapter for
object detection in automotive radar imagery because they provide up to 30 times greater
processing speed (with a prediction time per image of ~ 0.2 seconds) when compared to

selective search models. This facilitates the real time detection. However, the choice of the
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right object detector depends on the application and the desired trade off between speed and

accuracy.

3.2.1 Object Detection versus Classification

Image classification is used for identifying the class of a single object contained in an
image. For example, if the Figure 3.2 (left) is passed as input into a classifier, it will output
the class it belongs to (a bicycle, in this instance). On the other hand, Figure 3.2 (right)
contains both a bicycle and a trolley. A multilabel classifier could be trained, though the

issue that arises is that the locations of the objects will be unknown.

Image Localization can be used to specify the location of a single object in an image.
In case there are multiple objects present, the concept of Object Detection is preferred, which
specifies the location of multiple objects in the image. The locations of objects, along with

the classes, can be predicted using Object Detection.

Image Classification Object Detection

Trolley: 98%

Figure 3.2: Object Detection versus Classification.
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3.2.2 Faster R-CNN

Faster R-CNN is composed of two main modules: the first module is a deep Fully
Convolutional Network (FCN) that proposes the Rols for the objects (also known as the Re-
gion Proposal Network (RPN)) and the second module is the actual Faster R-CNN detector

that takes in the object proposals and outputs the classified objects.

The block diagram in Figure 3.3 briefly describes how the Faster R-CNN detector
works. It takes the image as an input (in this case a radar range profile) and passes it
to the FCN, which generates the convolutional feature maps. A RPN is applied on these
maps, which returns the object proposals. A Rol pooling layer is applied to reshape all the
proposals into a fixed size, so that they can be fed into a fully connected network, to classify

the object and also to output the bounding boxes.
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Figure 3.3: Faster R-CNN block diagram.

Region Proposal Network (RPIN)

RPN is one module of Faster R-CNN, the network that predicts the regions where the

objects of interest might be located. R-CNN’s accuracy of classifying the objects depends

directly on the performance of the RPN. This module is often called the “attention” mech-

anism, as it directs where the detector looks. Figure 3.4 (from the official Faster R-CNN

paper [96]) shows the functionality of the RPN module within the Faster R-CNN object

detector.

103



Object Detection

classifier

P Rol pooling

ropo y | /

Region Proposal Network,

conv layers I

Figure 3.4: RPN module as part of the Faster R-CNN object detector [96].

RPN, as its name suggests, outputs a set of proposals of different sizes with associated
objectness scores (the probability that the object belongs to the specified set of object
classes). The proposals (rectangle windows) are generated by sliding a small network over
the feature maps (the output of the last convolutional layer). The RPN network that works

in a sliding window fashion is illustrated in Figure 3.5.
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Figure 3.5: RPN structure [96].

At each sliding window there are maximum k& = 9 anchor boxes generated (3 different
scales x 3 different aspect ratios). The anchor boxes are centred in the sliding window.
The total number of anchors generated for each feature map is W x H x k, where W
and H are the width and the height of the feature map. The anchor boxes are ultimately
fed into the classifier (cls) and the regression (reg) twin layers (one convolutional layer).
The classification step here means finding the probability that the anchor is an object (the
objectness score) without considering the class an object belongs to. The regressor adjusts
the anchors to better fit the object. The regression layer will output 4k coordinates (4
coordinates for each box) and the classification layer will output 2k scores (each box has two
scores, the probability of the anchor to be an object of interest and the opposite probability

of not being an object of interest).

After the RPN step, the Rol pooling layer will take each proposal and crop it to
contain just the object, so it will extract a fixed size feature map for each anchor. These
are the final feature maps that are passed to the fully connected layer for classification (the

softmax layer) and bounding box prediction.
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3.2.3 SSD

Another powerful and widely used detector is the Single Shot Multibox Detector
(SSD). This detector is considered a one-stage detector because it predicts all the bounding

boxes in an image in one forward pass (single shot).

In the block diagram (Figure 3.6) it can be seen that SSD performs in a similar
fashion with Faster R-CNN, but it skips the region proposal step before finding the Rols.
The technique for bounding box regression in SSD is called Multibox [103]. Multibox uses
the K-means clustering algorithm to generate 800 anchors. According to the authors of
RPN, the RPN method reduces the model size considerably by 2 orders of magnitude, when
compared to Multibox. Considering that proposals are the main computational bottleneck
for state of the art object detection at test time, this is an important benefit of RPN.
Another advantage that RPN has over Multibox is that the anchor boxes used in RPN are
also translation invariant, meaning if an object is translated in an image, the proposal is also

translated.

SSD has a fully-convolutional architecture and an increased computing speed, though
results showed that it performed much worse at detecting small objects. Hence, SSD is
preferred in applications where speed is a priority, while Faster R-CNN is more accurate.
This research concluded that Faster R-CNN performed better than SSD on the radar dataset

and the results will be presented in the following sections.
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Figure 3.6: SSD block diagram.
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3.2.4 Transfer Learning

Transfer learning is a deep learning method where a model trained for a purpose is
reused as the starting point for another task. The pre-trained model is fine tuned on another
dataset, specific to its task. This technique allows for rapid progress as the detector does not
spend a lot of time on learning the initial features of a model at training time, as it inherits

them from a pre-trained model and then it modifies them to fit the current dataset.

Tensorflow Object Detection API provides a collection of detection models pre-trained
on several well known datasets, such as the COCO dataset [104], the KITTT dataset 23],
the Open Images dataset [105], etc. The models used in this project were pre-trained on
the COCO dataset, a large scale dataset for object detection, published by Microsoft. At
the time the model was used, it already knew that the aim was to find objects of interest
in RGB images. The optical targets were swapped for radar targets and the model was fine

tuned during the training process.

108



Object Detection

3.3 Object Detection in Automotive Radar Imagery

3.3.1 Experimental Setup and Datasets

Object detection was performed on two datasets of scanned scene maps, indoor and

outdoor, obtained with two LFMCW radars, custom-made by ELVA-1 [106].

Indoor Dataset

The indoor experiment was performed in laboratory environment at the University of
Birmingham and the dataset consisted of radar images of six single roadside targets (a dog,
a cone, a mannequin, a traffic cone, a traffic sign and a trolley). This dataset, which was
taken with a 300 GHz LEMCW radar, is the same dataset that was used for classification
and the experimental setup was described previously in Section 2.2.2. Also, the description

of signal generation and data acquisition with the low-THz radar can be found in [62].

However, the main purpose of this study is to detect multiple objects in the same
scene (as opposed to the previous classification-only algorithms described in Chapter 2).
Hence, more than one target is required in the same image for an efficient object detection.
Therefore, the images of single targets were merged into a larger image, similar to Figure

3.7. The dataset contained ~ 1,000 such images, split into training (80%) and testing (20%).

Object detection was firstly performed on the indoor, controlled environment images,
to determine whether this technique is feasible or not for radar imagery, prior to starting
the labelling process for the outdoor images. The 300 GHz radar has not been used for
the outdoor measurements due to the lack of power of the current experimental prototype.

Instead, a 79 GHz radar with the same operation principle as the 300 GHz radar was used.
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Figure 3.7: Image for object detection composed of merged radar images of single roadside

targets, taken in laboratory environment.

Outdoor Dataset

For the outdoor experiment, the setup was mounted on a vehicle and consisted of
a 79 GHz wideband, experimental, LFMCW radar with one transmitter and two receivers
positioned at different heights and a ZED stereo camera for ground truth reference. The

setup can be seen in Figure 3.8 and the radar parameters are found in Table 3.1.

The radar rotated on a turntable to scan the scene in azimuth, forming a single frame
of the radar video. The measurements were taken while driving around the campus of the
University of Birmingham during daytime and night time and the dataset consisted of 27
radar videos of different lengths, giving a total of &~ 2,000 frames. The speed of the vehicle
was chosen in order to avoid range walk (~ 5 mph). Although two receivers were used to
estimate the height of the objects, in this experiment we consider only 2D radar maps from

receiver 1.
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Parameter Value
Sweep bandwidth 5 GHz
Sweep duration 1 ms
Range resolution ~3 cm
Centre frequency 78.5 GHz
Field of view 90°
Number of chirps across field of view 132
Pulse repetition interval 4.3 ms
Scan duration ls
Frame rate 1 Hz
Output power 15 dBm
Azimuthal beamwidth (2-way) 1.7°
Elevation beamwidth (2-way) 8.5°
Transmitter height (from ground) 1.3 m
Receiver 1 height (from ground) 142 m
Receiver 2 height (from ground) 1.59 m
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Figure 3.8: Radar experimental setup for the outdoor environment data collection.

Table 3.1: Radar parameters used for the outdoor environment measurements.
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Annotations

Five classes of roadside objects were considered for this application (cars, cyclists,
lampposts, pedestrians and traffic signs). The targets were manually labelled with rect-
angular boxes in each frame, using the accompanying optical images from the ZED stereo
camera for guidance and an open-source Python graphical image annotation tool [107]. The

annotations process is illustrated in Figure 3.9.

A summary of the dataset, which was split into training (80%) and testing (20%), can
be found in Table 3.2. This dataset was successfully used for object detection with Faster

R-CNN and SSD and the outcomes are presented in this chapter.
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Figure 3.9: The labelling process.
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Table 3.2: Training and testing labels for the outdoor dataset.

Car | Cyclist | Lamppost | Pedestrian | Sign
Train labels | 2,603 362 917 703 1,209
Test labels | 851 91 244 194 302
Total labels | 3,454 453 1,161 897 1,511
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3.3.2 Evaluation Metrics for Object Detection

Precision and Recall

Precision (also known as positive predictive value) measures how accurate the pre-
dictions of the detector are, the percentage of the correct predictions. Recall (also called

sensitivity) identifies the proportion of actual positives identified correctly.

. TP
Precision = TP+ FP (3.1)
TP
Recall = ————. 3.2
T TPYEN (3.2)

where TP = true positives, FP = false positives, TN = true negatives and FN = false

negatives.

Precision can be plotted against the recall and the resulting plot is called the precision-

recall curve.

AP and mAP

Average Precision (AP) is a popular metric used to determine the accuracy of object
detectors and Mean Average Precision (mAP) is the mean AP over all classes of objects. AP

is calculated as the area under the precision-recall curve:

AP = /01 p(r)dr. (3.3)

AP falls within 0 and 1, as precision and recall are between 0 and 1.
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ToU

Intersection over Union (IoU), also known as the Jaccard index, measures the over-
lapping level between the bounding box predicted by the neural network and the ground

truth bounding box, which was manually labelled.

The evaluation was performed using the Microsoft COCO evaluation metrics [104] and
included the mAP over different IoU thresholds: from 0.5 to 0.95, 0.5 and 0.75. Traditionally,
mAP is computed at IToU=0.5, but according to the COCO evaluation metrics, mAPs are
averaged over 10 IoU thresholds of .50:.05:.95. Averaging over IoUs can help detectors to

improve their localisations.

Area of Overlap
Area of Union

loU =

Figure 3.10: IoU calculation.
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3.3.3 Object Detection Results

The methods used for object detection were the two detectors decribed above, Faster
R-CNN with a Resnet 101 backbone (feature extractor) [108] and SSD with an Inception
V2 backbone [109]. The backbones are very performant deep CNNs (101 layers and 164
layers, respectively). The two detectors were applied on the indoor and outdoor datasets

from Section 3.3.1.

The results for the indoor and outdoor environment data sets can be found in Table
3.3. The performance of both detectors on the MS COCO data set is listed as well, for
comparison. Figure 3.11 shows an example of object detection performed on a controlled
radar image using Faster R-CNN, which led to better mAPs than the SSD detector, while
training for 1,000 epochs. The mAP with a 50% IoU between the predictions and the ground

truth achieved the value of 100%.

Table 3.3: Object Detection Evaluation

mAP@0.5:0.95 [%] | mAP@O0.5 [%] mAP@O0.75 [%]
Data Set Faster SSD Faster SSD Faster SSD
R-CNN R-CNN R-CNN
Indoor 67.9 42.9 100 79.6 81.8 38.2
Environment
Outdoor 28.6 20.5 61.5 57.2 21.5 9.1
Environment
MS COCO 24.2 23.2 45.3 41.2 23.5 234
[104]
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Manneqguin: §

Figure 3.11: Object detection results on a radar image composed of merged, single images

of roadside targets, taken in laboratory environment.

The outdoor radar data set was trained for 40,000 epochs with Faster R-CNN and
SSD, respectively. The models were trained and tested in parallel, until the best evaluation
metrics were achieved. The total training loss functions (the sum of the classification and

localisation losses) for both detectors are shown in Figure 3.12.
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Figure 3.12: Total training losses for Faster R-CNN (orange) and SSD (blue) over 40,000

epochs, on the outdoor dataset.

Although the SSD training loss is steadily decreasing with each training epoch, the
Faster R-CNN loss has much lower values, therefore greater mAPs (Table 3.3). A possi-
ble explanation for the better performance of Faster R-CNN can be found in a report by
Google Research [110] about the trade-off between speed and accuracy for different detectors
performing on the COCO data set. The study concluded that Faster R-CNN had the best

accuracy, while SSD was faster and performed much worse at detecting small objects.

Examples of object detection performed on test images with Faster R-CNN, accom-
panied by the corresponding optical images and their 2D maps are illustrated in Figures

3.13, 3.14 and 3.15.
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Figure 3.13: Example of an outdoor optical image (a), its corresponding 2D map (a)i), and

the object detection results (a)ii) performed with Faster R-CNN.
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Figure 3.14: Example of an outdoor optical image (b), its corresponding 2D map (b)i), and

the object detection results (b)ii) performed with Faster R-CNN.
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Figure 3.15: Example of an outdoor optical image (c), its corresponding 2D map (c)i), and

the object detection results (c)ii) performed with Faster R-CNN.
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3.4 Conclusion

This chapter presented two DNN object detection methods which were performed
in a novel way on indoor and outdoor radar imagery, using the Faster R-CNN and the
SSD detectors. The evaluation metrics and the results on the test data for Faster R-CNN
confirmed that object detection using DNNs can be successfully performed on radar imagery
to detect roadside objects for autonomous driving applications. This is the first application
of DNN object detectors on indoor and outdoor automotive radar imagery for detecting the

position and classifying several roadside targets and was presented at EuRAD in 2020.

The current results on radar imagery datasets prove that this concept can be further
used for object detection and classification of dynamic radar videos in an all-weather sensing
system for autonomous vehicles. The current work can be further improved by extending the
current radar imagery datasets with more outdoor radar scans, as well as performing fusion
between optical images and radar images and target tracking. The next chapter will present
a novel system that combines the current object detector with a particle filter tracker to

improve the performance and the computational cost.
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Object Detection and Tracking

4.1 Introduction

This chapter presents a novel approach for target detection in radar imagery, which
combines an object detector and a multi target particle filter tracker. Object detection is
implemented using deep neural networks, as opposed to the traditional radar object detection
methods, as described in Chapter 3. This technique is applied to a dataset collected with the
79 GHz FMCW radar mounted on a vehicle. In this approach, object detection and tracking
of roadside objects are performed in an alternating fashion to reduce the computational load
required by the real time processing. The results and the thorough analysis of the parameters
showed that this approach is feasible and can be successfully utilised in radar imagery for

autonomous driving.

The increased need for developing intelligent driving systems attracts an extensive
research on innovative sensing, processing and presentation of information. It was men-
tioned previously that for obstacle detection and collision avoidance systems in autonomous
driving, radar imagery is preferred when optical cameras and LiDAR cannot provide usable

imagery in adverse weather conditions, such as fog, spray, heavy rain or snow. Therefore,
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the development of imaging automotive radar is imminent and a necessary demand to effec-
tively provide fusion of data from radar and optical sensors, where currently DNNs are used
for target detection. This data fusion has the potential to produce a detailed map of the

surroundings to help implement an all-weather sensing system.

In this chapter, a novel method to process radar imagery will be introduced, which
combines a DNN object detector and a particle filter tracker, with the purpose of improving
target detection and recognition for autonomous driving on outdoor radar images for multiple
roadside targets. This work is the first attempt at combining an object detection with a
particle filter tracker and was published at the IEEE Radar Conference 2020, in Florence,

Italy [59].

By combining two techniques which are competent on their own, we aim to increase
their individual performances. To reduce the processing time required for autonomous ap-

plications, detection and tracking are proposed to be applied in turns on the radar frames.

This chapter will present the functionality of this technique, the results and the ad-
vantages of this application on outdoor radar videos of roadside targets for autonomous

driving purposes.
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4.1.1 State of the Art

Methods for classification of radar targets using computer vision techniques based
particularly on machine learning have been investigated over decades. Examples of such
notable publications have been mentioned in Chapter 3. So far in this thesis, a novel process
of object detection on radar images for autonomous driving has been detailed in Chapter
3 [58], as part of our previous research. The preceding work on classification of roadside

targets performed on indoor radar imagery was presented in Chapter 2 [57].

The problem of tracking targets in radar imagery with particle filters has been in-
vestigated for a long time. A survey for existing particle filters for Multi Target Tracking
(MTT) is available in [111]. In [112], a track-before-detect algorithm with particle filters
is implemented for real-world data of X-band marine radar. This study assumes that the
targets have elliptical shape and disregards the MTT case by dividing the image in separate
regions which contain only single targets. The aim of this automotive radar application is
to find the locations of the targets, as well as to classify and to track them, therefore our
approach is to implement a multi target tracker which can detect multiple targets in the

whole radar frame.

Particle filters have been confirmed to be a superior method for tracking extended
targets when compared to algorithms based on a point target model assumption. Particle
filters have also been used in research for automotive radar applications, such as for increasing
pedestrian’s safety [113], although this experiment was focused on tracking a single pedestrian
only. To the best of our knowledge, there were no other previous attempts to combine DNN
based object detection and tracking for automotive radar, therefore this chapter will focus

on developing and analysing this kind of algorithm.
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4.1.2 Traditional Radar Tracking Methods and Track Before Detect

In classic radar processing, traditional tracking methods are based on thresholding
the raw data [114], as discussed in Section 3.1.2. Each detection, which corresponds to either
a real target or a false alarm (clutter), can be filtered using a Kalman Filter or its variants
to estimate the target state. However, this traditional approach has a number of limitations
when tracking targets with low Signal to Noise Ratio (SNR), because the threshold must
be low, as well. This leads to a high rate of false detections. A visual explanation of this
issue can be found below, in Figure 4.1. In Figure 4.1 (a), the point target has a high-SNR,
therefore it is easily detected because the received energy is above the detection threshold. In
Figure 4.1 (b), the target is much weaker, so it is difficult to detect the target using classical

extraction methods.

SNR=3dB

SNR=13dB

Doppler

Range

Doppler

Range

(a) SNR=13 dB. A high SNR makes it easy to detect (b) SNR=3 dB. A low SNR makes the target hard to
the point target. detect in a cluttered environment.

Figure 4.1: Tllustrations of radar measurements for detecting a point target in (a) high-SNR
and (b) low-SNR, where the power is plotted as a function of range and Doppler cells for
one fixed bearing angle, P(r, dy, by) [115].

Therefore, another approach has been developed in the past years to overcome the
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drawbacks of traditional radar tracking methods, Track Before Detect (TBD) [115-118|,
which uses the whole available information from the radar, instead of thresholding. It im-
proves tracking accuracy by allowing the tracker to follow low-SNR targets. TBD algorithms
are designed to process unthresholded measurements. Despite its name, in TBD detection
and tracking are done simultaneously, as seen in Figure 4.2. The steps of a classical radar
tracking setup are: thresholding, clustering, extraction and tracking. The features are ex-
tracted to obtain the radar plots. Afterwards, the plots are filtered and merged to obtain

trajectories in the tracker.

TRACK BEFORE DETECT

Plots

Threshold >~ Cluster =~ Extract - Track -

VIDEO
|

TRACKS

Figure 4.2: Traditional radar tracking method based on thresholded data and the TBD

method, where tracking and detection are performed simultaneously [115].

The drawbacks of TBD are that it is more computationally intensive, since the detec-
tion stage is incorporated in the tracker and it also requires a longer observation time before

the track initiation is declared.

TBD is a highly non-linear problem and cannot be solved (without approximations)
using KF, which can make predictions only in linear, Gaussian systems. The non-linear
space must be discretised using techniques such as Hidden Markov Model (HMMs), Viterbi,
Particle Filters or the Histogram Probabilistic Multihypothesis Tracker, as seen in [119]. An

overview of these TBD methods is shown in Figure 4.3.
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Traditional Tracking 0 o
(thresholded measurement L Track-Before-Detect }
model)
Discrete-valued state space Continuous-valued state space
i . The Histogram
estﬁgﬁ;agver sl Particle Filter Probabilistic
Programming Multinypothesis Tracker

a discrete grid

Uses a parametric representation

Uses Hidden Markov Uses Viterbi. Uses Monte Carlo of the target PDF, rather than a
Models. techniques. numerical one.
High computation L .
High computation and and memory Similar performance, Reduces the computational load
memory resources. resources. lower cost. significantly.
SN— Y _ Naturally a multi-target algorithm.
General numerical approximation techniques Specifically developed for TBD

Figure 4.3: An overview of popular Track-Before-Detect Methods.
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4.2 Particle Filters

Particle Filters (PFs) (or Sequential Monte Carlo [120]) are a class of TBD algorithms
and were firstly introduced in 1996 by Del Moral [121] as a nonlinear filtering technique which
emerged from genetic algorithms. Since then, PFs have been widely used to solve Hidden
Markov Models (HMMs) and non-linear filtering problems, by using Bayesian statistical in-
ference and stochastic sampling for estimating the internal state of dynamic systems, when
partial observations and random perturbations are present. PFs use a non-parametric ap-
proach and model arbitrary distributions by using samples (or particles) with associated
importance weight. The more samples it uses, the better is the estimate, although too many

particles can increase the system load significantly.

4.2.1 Working Principles

PFs have a well established methodology to generate samples from the required dis-
tribution, so there is no need to make assumptions about the distribution of states or the
state space model. In other words, PFs can be beneficial in estimating the state of a system

by taking advantage of the available measurements.

For a better understanding, consider the following analogy. Commonly, a PF tech-

nique can handle a situation such as:

1. There is something that we want to know, supposedly called X.
2. It is possible to measure some parameter(s) related to X.

3. There is a known relationship between the measurements and X.
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The basic idea of a PF is to use multiple samples to represent arbitrary distributions.

Unlike Kalman filters and its variants, PFs can model non-Gaussian distributions. PFs

consist of roughly five steps, detailed below. First, the particles are sampled using the

proposal distribution and the importance weights are computed. During the resampling step,

the unlikely samples are replaced by the most likely ones, also called “survival of the fittest”.

This step is crucial, as the number of particles is limited and it is preferable to avoid situations

in which many samples cover unlikely states. Particles are then propagated following the

motion model and they are weighted according to the likelihood of the observation. The

typical PF processing steps are:

1.

Initialisation: compute a transition probability for the spatial distribution of par-
ticles p(zp) using a proposal distribution (for example a Gaussian). Generate a set of

N particles {x{}¥ , from this initial distribution and set the time step ¢ = 1.

During this step, a set of particles is randomly generated. Particles can have position,
velocity or any other state variable that needs to be estimated. Each particle has an
associated weight, which is the probability of the particle to match the state of the

system. The particles are initialised with the same weight.

. Prediction: draw the predicted samples x! ~ p(z¢|2t ), i =1,..., N;

In this step, the next state of the particles is predicted. The particles are moved based

on the prediction on how the real system is behaving.

Update: also called Sequential Importance Sampling - make a set of observations y;
and compute the importance weights of each sample w! = w!_,p(y:|z!) to account for

the differences between the measurement and the proposal;

Particles that closely match the measurements are weighted higher than other particles

which do not match the measurements that well.
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4.

d.

. . . . . y Z
Normalisation: normalise the importance weights wj = %, n=1,..,N;
n=1 "t

Resampling: replace unlikely samples by more likely ones and generate a new sample
set {27}7_1;
Set the next time step ¢t = ¢ + 1 and repeat from step 2.

Optionally, a state estimate can be obtained by computing the weighted mean and the

covariance of the particles.

Figure 4.4 shows a visual representation of the algorithm, based on the description

from [122]. The black curve represents the distribution of points of an initial measurement

at time ¢, while the next iterative steps allow resampling, updating weights and making

predictions.
Small weight Large :Ne'ght
/ | P
1 V/ ] | n ' ' , ] ) | _ P(Xeq [Via)
Prediction PX; |Xe.1)
)
Resampling P(X; [Vea)
—~ - \
Measurement \ /
. k / -/’\.._/ ~ ply: [x)
i )
v
Update weights P(X: |Yy)
A J
time

Figure 4.4: Principle of particle filters.
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4.2.2 Common Problems

Degeneracy Problem

One of the most troublesome situations that can arise with PFs is the unlucky event
when only a small number of the particles can contribute to the state estimate, while the
other particles can have very low weights. The SIS algorithm suffers from this problem,
also known as the degeneracy problem. Suppose a PF was used to track an object and
during initialisation there might be little to no particles in the proximity of the target. As
the algorithm runs, the other particles which do not match the observations will acquire
extremely low weights. The only particles contributing to the state estimate will be the very
few ones which are near the target and have appreciable weights. If this situation arises,
we say that the filter has degenerated. Fortunately, the crucial step of resampling aims to
solve this issue by duplicating particles with high probability and discarding the ones with

negligible weights.

Sample Impoverishment

However, the degeneracy problem can convert into impoverishment, as a direct conse-
quence of the resampling step [123]. Sample impoverishment refers to the situation in which
particles are over concentrated on a target. The most straightforward method to avoid sam-
ple impoverishment is to add a zero-mean noise to the state of each particle after resampling,
to improve particles’ diversity. This method is also known as “roughening”. This approach is
very useful, although we have to be careful with adding artificial dynamics to the particles,
because this can cause issues such as over-dispersed posteriors, also known as the variance

inflation problem.

132



Object Detection and Tracking

4.2.3 Motivation

The motivation behind choosing the PF approach is supported by these particular

characteristics required by the application:

1. Multimodality: can track more than one target simultaneously;

2. Multivariation: can track several attributes simultaneously, such as position, velocity,

etc;
3. Continuity: the state space, or the target’s attributes can vary over time;

4. Non-linear behaviour and measurements: In radar measurements, the non-linearity
comes from the measurements’ coordinates. When converting the distance to an object
from polar coordinates to a linear system of coordinates, it requires square root and

other non-linear trigonometry operations;

5. Can handle non-Gaussian noise: assume we have a signal influenced by clutter, which

is most probably not a Gaussian noise;

6. Can handle occlusions (both partial and full occlusions, to some extent): one target

can hide another, resulting in one observation for multiple targets;
7. Can handle extended targets in low-SNR;

8. Can handle an unknown process model: the process model of the system is unknown.

PFs can address the above constraints, unlike some of the other well known filter

alternatives:

1. Kalman Filter [124]: this method relies on linearity and normality assumptions, it

produces optimal estimates for linear systems with Gaussian noise [125|, which is not
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practical for this application. KF is suitable for LIDAR applications, since the mea-
surements are linear. The Gaussian error estimations in the KF remain Gaussian
after the Update and Prediction steps, assuming they are linear functions. Moreover,
KF estimates the position and velocity (change in position) of a radar target and then
iteratively updates the position of the target. The position is estimated using the max-
imum in the radar intensity image. Assuming this is an unbiased estimator in additive
Gaussian white noise, the best this method could do is dictated by the Cramér-Rao
bound, which states that there is a large error in this position estimate, because of the

low-SNR.

On the other hand, PFs can reproduce the work of a KF in non-linear environments
and cluster a set of particles around the whole target, whereas the KF would find a
bright point and analyse how it moves. An extended target would be a collection of
nearby bright points and a PF would find the whole shape and analyse its movement,
therefore PF is the optimal choice for tracking an extended target, where individuals

pixels are fluctuating and the noise realisation changes each with measurement.

. Unscented Kalman Filter [126]: this method can handle non-linear problems, basically
by linearising the equations using approximations. On the other hand, a PF uses sim-
ulations, which are more accurate than approximations. Moreover, UKF is unimodal
and it cannot handle occlusions. It can modestly undertake non-Gaussian noise, though
it does not perform very well with distributions that are very non-Gaussian. UKF also
assumes that the filtering distribution of previous steps is Gaussian, therefore it is not

a truly global estimator.

. Extended Kalman Filter [127]: has the same strengths and limitations as UKF, al-
though it is even more sensitive to strong non-linearities and non Gaussian noise. The
non-linear functions are approximated using the first derivative of Taylor series, also

called the Jacobian Matrix. EKF is more computationally intensive than UKF, be-
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cause it calculates Jacobians at each step. UKF approximates around multiple weighted

sigma points, while EKF approximates around the mean.

4. Discrete Bayes Filter [128]: this filter has some of the attributes required by our appli-
cation, such as multimodality and non-linearity. However, it is discrete and univariate

(cannot track multiple targets simultaneously).

Other alternatives are the Gaussian sum approximations or grid-based filters, al-
though they are of limited use and many of the above mentioned methods, including EKF,
fail asymptotically. Therefore, the PF is the most adequate, accurate and robust filtering
technique that can tackle inference for non-linear systems in this application. The drawback

of PF techniques is that they can be computationally more expensive than other filters.
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4.2.4 Multi-target Particle Filter

The performance assessment for a Multi Target Tracking (MTT) filter is done in
terms of reliability, accuracy and computational efficiency. Some of the challenges of MTT
are that the number of objects of interest in the frame is unknown and varying over time.
The filter will need to account for each target appearance and disappearance from the field
of view, as well as for occlusions and targets merging or splitting. A MTT filter will also

need to take into consideration false alarms, missing reports, and unresolved targets.

There are two main methods of implementing PFs for tracking multiple targets si-

multaneously [129]:

1. Method 1 - use multiple instances of single object tracking techniques, thus using

multiple PFs for tracking each target individually [130-131].

2. Method 2 - dynamically change the dimension of the state-space to include components
for all targets, or add a set of indicator parameters, signifying whether an object is

present or not [132-133].

In this project, the first method is used for implementing the multi-target tracker,
by allocating a PF for each object of interest. To prevent the PFs from tracking the same
target, the particles of different filters are limited from getting near each other by restricting
a PF to track a target that it is already being tracked by another PF and also by randomly
scattering the particles if the means of the particles of the two PFs are too close. This
approach is explained in more detail in the next section. A second approach was to decrease
the weights of particles if they come in proximity with particles from another filter. However,
this approach was found to be very computational expensive and also interfering with the

update step of PFs.

136



Object Detection and Tracking

4.2.5 Particle Filter Estimators

Mean

Each particle has a position parameter, pos(z,y). The mean of the particles of a PF
is calculated as follows:

N
1
mean = N Z (wia yz) = (luwa luy)v (4]-)
=1

where N is the total number of particles.

Standard Distance Deviation

Standard deviation is not a single summary statistic, it is actually two separate statis-
tics in the linear system of coordinates (x,y). Therefore, we can use the 2D equivalent, also
known as Standard Distance Deviation, which is the standard deviation of each point from

the mean centre:

N
1
Soy =\ N 3 > e, (4.2)

i=1

where d;)c is the distance between particle ¢ and the mean centre (p,, f1,):

dipie = Lo Norm = Euclidean distance = \/([L’z — p2)? + (yi — py)?. (4.3)

Note that for Sy, 2 is subtracted from N in order to produce an unbiased estimate of standar

distance devition, since this distance is measured from two constants, p, and f,.

Variance

Variance is defined as the square of the standard distance deviation:

N
1
variance = S2, = N 3 Z e (4.4)
i=1
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For this application, it was found that the PF tracks a target when the variance is lower

than ~ 300.

4.3 Proposed Method

4.3.1 Description

The combined object detector and tracker with Faster R-CNN and particle filters
is implemented in Python, using Keras under TensorFlow backend and has the following

functionalities:

1. MTT is implemented by using multiple instances of PFs which can track different tar-
gets. A fixed number of PFs are initialised in the beginning, although the functionality
allows for more PFs to be dynamically created when a new target is detected by the

object detector, making this process an automatic detection and tracking process.

2. Particles are re-scattered if they come in proximity with particles from another filter
which is already tracking a target. This prevents multiple filters from tracking the

same target.

3. The object detector can analyse all frames, or omit a certain number of frames set by
the user. If targets are found in the frames, the object detector aids the PF to track
the target by placing the particles of an unallocated PF in the bounding box (if the
target was not being tracked by a PF already). The PF on its own is set to find targets
based on their intensity maps. In this case we consider intensity map as an RGB image
and detection is triggered in pixels where specific values are found. Therefore, though

the input from the object detector is not compulsory, it can guide the particles to find
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the target faster. PFs will always perform worse on their own than when combined
with an object detector, because of the additional time needed by the particles to find

targets.

Therefore, in order to reduce the computational load, object detection does not need
to be performed in each frame, as the PFs will assist it by keeping track of the previously
detected targets. At mm-wave frequencies and in automotive scenarios, targets are slowly
fluctuating, hence we can expect targets to have the same order of magnitude within few
seconds. Finally, the object detector and the PFs assist each other and mutually improve

the functionality of the overall system.

4.3.2 Implementation

Object Oriented Programming (OOP)

The proposed method is implemented in the Python programming language, using an
OQOP approach. OOP is a computer programming technique that organises the code around
data (objects), rather than the traditional programming approach based on functions and
logic. An object belongs to a type of class and has attributes (the state of the object) and
behaviours (methods, functions). The concept is similar to traditional structures, although
OQP is a lot more complex and works well for large programs that require regular updates
and maintenance. Other benefits of OOP that make it suitable for this application are
its modularity structure, code reusability and scalability. Therefore, OOP is the preferred
programming technique when combining two or more standalone applications, such as an
object detector and a PF tracker, because it is simple and straightforward to modify or

replace individual parts of the code, without affecting the rest of it.
The UML Class diagram for this program is illustrated in Figure 4.6 below. The class
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diagram shows the structure of the OOP code: the classes, the attributes and the methods

for each class and the relationships between classes.

Class Diagram

ParticleFilter

+ classifications: list

+ currentClassification: Target
+ currentClassificationCounter: int
+ found: bool

+ inBox: bool

+ mean: int

+ minX: int

+minY: int

+ numberOfParticles: int

+ particles: list

+var: int

+ classified(actualClassification)
+ currentColor()

+ drawOnImage(imageCopy, font, frameNumber, filterNumber)

+ resetFilter()
+ resetParticles()

ObjectDetector

+ IMAGE_SIZE: tuple

+ loUThreshold: float

+ MODEL_NAME: str

+ PATH_TO_FROZEN_GRAPH: str
+ PATH_TO_LABELS

+ category_index

+ detection_graph: Graph

+ fid

+ od_graph_def

+ serialized_graph

+ returnOutputDict(output_dict, xSize, ySize)

+runinferenceSinglelmage(image, frameNumber, xSize, ySize)

Particle

+ x: NoneType
+ xVel: NoneType

+y: NoneType
+ yVel: NoneType

+ setProperties(x, y, xVel, yVel)

Classification

+ counter: int

+ classificationType: NoneType

«enumeration»
ClassificationType

]

+name -+

ClassificationColor

+ getColor(classificationType)

+ Box

+ Boxindex

+ Check: int

+ ClassificationDict: dict
+ PFinBox: bool

+ boxes: list

+ check: bool

+ defaultMaxXVel: int

+ defaultMaxyVel: int

+ detectionBoxes

+ detectionCheck: int

+ detectionClasses

+ detectionCounter: int

+ detectionScores

+ detectionsPerFrame: int
+ filters: list

+ framesUntilDisposePF: int
+ likelyhoodWeights

+ likelyhoodSigma: int

+ mean: ndarray, tuple

+ minFilters: int

+ numberOfTargets

+ objectDetector: ObjectDetector
+ particlesPerFilter: int

+ sigma: int

+ trackingColorBGR: list
+ trackingsPerFrame: int
+ var: tuple, ndarray

+ videolnputPath: str

+ videoOutFrameSpeed: int
+ videoSavePath: str

+ videoWaitKey: int

BoundingBox

+ coordinates
+ label

+ score

+ tracked: bool

Perturber

+ dimensions
+ sigma

+ perturb(particleFilter)
+ systemModelling(particle, perturbation)

Resampler

(S

+ likelyhoodSigma

+ getNormalisation(particles, video, trackingColorBGR)
+ resample(particleFilter, video, trackingColorBGR)

+ ilter, likelyt

+ stripBadParticles(particles, video)

+ weights(particleFilter, video, trackingColorBGR)

Video

+image: NoneType

+ imageCounter: int

+ vidCap: NoneType
+ videoOut: NoneType
+ xSize: int

Y

+ clearnResources()

+dr ilters(in opy, )

+ estimate(particles, likelyhoodWeights)

+ showAndSavelmage(video, imageCopy, trackerinframe)

+ ySize: int

+ create()

+ getColor(x, y)

+ getimage()

+ getimageCopy()
+isOnScreen(x, y)

+ releaseResources()
+ showlmage()

+ writeToOut(image)

Figure 4.6: Class diagram for the implementation of the proposed method of combining an

object detector with a PF tracker.
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Class Description

1. Particle: this is a class which has a setter method, setProperties(x, y, xVel,
yVel) for setting the properties of the particles, position(z, y) and velocity(xVel,yVel).
The method is called in the class constructor for each particle that is instantiated in

the Run class.

2. ClassificationType: this is an enumeration type of class, which specifies the types
of targets and their associated number (i.e Car = 1, Cyclist = 2, Lamppost = 3,

Pedestrian = 4, Sign = 5, Target = None).

3. Classification: this class has a constructor which assigns the actual

classificationType to the PF.

4. ClassificationColor: this class has a getter method, getColor(classificationType)
which returns the colour for the particles specified in a ColourDict, depending on the

target number. This is only for visualisation purposes.

5. Video: this class manages the radar video through its methods. It extracts the frames,

shows them on screen and merges the processed frames to obtain the output video.

6. BoundingBox: this class assigns the properties of the bounding box through its con-
structor, the bounding box coordinates, the label from the object detector, the detec-
tion score and a boolean parameter tracked to indicate whether the bounding box

also contains a PF which tracks the target or not. This helps implementing MTT.

7. ObjectDetector: this is the class which runs the object detector in each frame (in
method runInferenceSingleImage) and returns the output dictionary (in method
returnOutputDict), which contains the number of targets found, their bounding boxes

coordinates, the classification scores and the labels.
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8. ParticleFilter: this class initialises the PF in the constructor, specifying the
classificationType, the number of particles and resetting the particles to their initial
positions and velocities. It contains a resetFilter method for resetting the classifi-
cations and a resetParticles method which randomly scatters the particles in the
frame and assigns random, uniform distributions for their velocities. The drawOnImage
method draws the particles and the centre mean on the image, at the specified loca-
tions. Aditionally, a variance bar can be included. This method also writes on the

image when the PF finds a target.

9. Resampler: this class implements the resampling step of the PF and contains the
resampling algorithm (resampleLogic). It has methods for removing the unlikely
particles (stripBadParticles), for calculating the weights based on the observation

and for normalising them (getNormalisation and weights).

10. Perturber: this class adds a random noise to the state of the particles, to avoid the

sample impoverishment issue.

11. Run: this is the class where the main function is executed, which runs the application.
It contains all the input/output paths and the parameters’ values, such as the number
of trackings per frame, the number of object detections per frame, the numbers of
particles, etc. It has several methods to calculate the mean and the variance of the

particles.

Programming algorithm

The proposed algorithm is generally implemented as follows (in the main method of

the Run class):

1. Initially, apply a number of PFs on the frame and run them for a number times. If
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targets are found, based on intensity levels, label them as undefined, generic “Target”;

2. Send the frame to the object detector for processing. Generate labels, bounding box

coordinates and classification scores for each target;

3. Check if a PF is already in a bounding box (shortly BBox), tracking the object. If
so, assign the target’s label to the PF (change the colour of the particles according to
the ColourDict in ClassificationColor) and display the label. Otherwise, release a

new PF with all its particles scattered in the bounding box;

4. Discard the unnecessary PFs, and keep a couple extra in the frame, in case the object

detector misses a new target;
5. Keep tracking the undefined targets that were not classified;

6. If a target disappears from the frame and the PF is not tracking any object for a

number of consecutive frames, discard the PF;

7. Implement MTT by preventing a PF to enter a bounding box if another PF is already

tracking that target. Randomly scatter the particles if the means are too close;
8. Get the estimators for the PFs (mean, variance).
Repeat steps 2-8 above for each frame of the radar video that requires both object

detection and tracking. More details about how and when object detection and tracking are

performed /skipped are found in the Results Section 4.3.4.

For a better understanding, the above algorithm is briefly illustrated in the flowchart

diagram below, in Figure 4.7.
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Figure 4.7: Flowchart diagram for the proposed algorithm.
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4.3.3 Experimental Setup and Dataset

The object detector was trained on a dataset of scanned scene maps in outdoor en-
vironment, obtained with a 79 GHz wideband experimental LFMCW radar, custom-made
by ELVA-1 [106] by the specification of The University of Birmingham. The specifications
of this dataset and the radar parameters for the data acquisition are found in Section 3.3.1

Experimental Setup and Datasets - Outdoor Dataset.

The same five classes of roadside objects were considered for this application: cars,
cyclists, lampposts, pedestrians and traffic signs. The targets were manually labelled with
rectangular boxes in each frame, using the accompanying optical images from the ZED stereo
camera for guidance and an open-source Python graphical image annotation tool [107], as

described in Section 3.3.1 Experimental Setup and Datasets - Annotations.

The performance of the object detector on the testing data can be found in Section
3.3.3 Object Detection Results. The experiment concluded that Faster R-CNN performed
better than SSD on the radar imagery dataset. Although the fully-convolutional approach
of SSD increases the computing speed, it performed much worse at detecting small objects,
therefore SSD is preferred in applications where speed is a priority. For this reason, Faster
R-~CNN is considered as a feasible object detection method for this application. More details
about the image processing, the anchor boxes generation and the detection steps can be

found in Section 3.2.2 Faster R-CNN.
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4.3.4 Results

This section shows a detailed analysis of the parameters which influence the perfor-
mance of the combined tracking and detection system. Usually, defining the performance
metrics of a PF can be difficult. An accurate PF typically requires a large number of par-
ticles, and analysing how the tracking accuracy depends on the number of particles may be
difficult, especially for MTT where targets are extended and have different sizes. Here, the
accuracy of the object detector is regarded as the percentage of the targets detected by the
object detector (included in bounding boxes and classified in the correct class), while the
combined system accuracy is regarded as the percentage of targets detected and/or tracked
by the particle filters, out of the total number of targets in the test set. PFs are also non
deterministic and the exact results cannot be predicted, different outputs can be achieved
with the same input. Therefore, in this thesis, the performances of the joint object detec-
tor and PF were assessed by varying the values of different parameters which influence the

accuracy.

The proposed approach has been applied on a radar video with moving pedestrians.
The radar video here represents a sequential set of radar maps or frames, which were collected
with the 79 GHz FMCW radar described previously. Figure 4.8 shows a sequence of six
frames (frames 27-32) and their corresponding optical frames from the ground truth video,
time stamped with the radar data. The output from the object detector is represented by
the bounding boxes with associated labels and confidence scores. The PFs are pictured by
pink or yellow particles and the mean value of the positions of particles for each filter is
represented by a cross. When PFs are tracking targets which are also detected by the object
detector, the labels are transferred and the particles change their colours to yellow. Initially,
object detection was performed in every frame to assess how the PF can assist the object

detector when it fails to detect targets.
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Figure 4.8: Object detection and MTT with three PFs in a sequence of six consecutive frames
of moving pedestrians. The PFs keep track of both targets, even though the object detector

fails to detect one of the pedestrians in four consecutive frames (28-31).
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In this particular scenario, there are three different PFs initialised, each one repre-
sented by the mean value of the positions of their particles. The object detector fails to
detect one of the pedestrians for four consecutive frames (28-31), although the PF still keeps
track of both pedestrians. The third PF remains unallocated, since there are only two targets

in each image.

1) Varying the frequency of the object detector

Object detection can be performed every N*® frame of the sequence, where NV is chosen
by the user and N — 1 represents the number of omitted frames for object detection. Figure
4.9 shows how the number of the targets tracked and detected depend on the number of
omitted frames (up to 9)— the frames not used for object detection. The results show that a
suitable trade off between performance and speed would be to perform object detection once
every two or three frames to achieve tracking accuracy for the combined system of ~ 90%
of the total number of targets in the video. This analysis was performed with 200 particles

per PF and 10 tracking runs per frame.
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Figure 4.9: Combined system accuracy and object detection accuracy as a function of the

number of frames omitted from the object detector.
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2) Varying the number of trackings per frame

In order to improve the tracking accuracy, the tracking process can be performed
multiple times per frame, although this increases the computational load. An analysis can
be found in Figure 4.10, where the tracking runs per frame were varied from 1 to 20 and
the frames omitted by the object detector were varied from 0 to 9. It can be seen that the
accuracy increases with the number of trackings per frame and a suitable value is achieved
with around 15 trackings per frame. Also, each curve represents the number of frames

omitted by the object detector. This analysis was performed with 200 particles per filter.
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Figure 4.10: Combined system accuracies for different number of frames omitted by the
object detector vs. the number of trackings per frame. The legend represents the number of

frames omitted by the object detector.
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3) Varying the number of particles

Another parameter which highly influences the tracking performances is the number
of particles in each PF. This parameter should be carefully chosen, because a large number
of particles can increase the computation time and resources significantly. For MTT, this
problem is even more difficult to solve because targets can have different sizes and require a

different number of particles.

The analysis of a varying number of particles is shown in Figure 4.11, for the same
radar dataset with pedestrians moving within a range of ~ 15 meters. The analysis considers
the worst case scenario in Figure 4.10, with object detection performed every 10 frames. It is
observed that the accuracy of the tracker can be improved from 87.6% to 96%, if the number

of particles increases from 200 to 450.
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Figure 4.11: Combined system accuracy vs. the number of particles per PF.
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4.3.5 Discussion

The performance of the proposed system was analysed on a radar video with moving
pedestrians because the targets were considered relevant for tracking purposes. This method
can be applied on other radar videos with different moving targets and achieve compara-
ble results, providing the radar scans have low clutter, the particle filter’'s parameters are
adjusted for tracking other target or other filter instances are created for specific target

detection and the object detector is trained for detecting the target.

Analysis shows that the same results can be achieved by varying the three parameters
which were analysed above: frequency of the object detector, PF trackings per frame and the
number of particles. For example, same results (96% accuracy) are achieved with 9 trackings
per frame, object detection performed in each frame and 200 particles per PF, as well as
with 15 trackings per frame, object detection performed every 10 frames and 450 particles

per PF.

Therefore, there are three alternatives for addressing this proposed method of a com-
bined object detector and tracker. The parameters should be adjusted by the user depending
on the application, the configurations of the system and the computational load supported,
in order to achieve the desired performance and speed. For this specific implementation,
the best trade-off between accuracy and speed was achieved by increasing the number of

trackings per frame and decreasing the frequency of the object detector.
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4.4 Conclusion

This chapter presented a novel radar imaging method of combining an object detector
with a multi target particle filter tracker for automotive radar imagery. The object detection

was performed with a deep neural network (Faster R-CNN).

The analysis of the system’s performances proved that this combination is beneficial,
given the fact that the tracker and the detector assist each other. The detector guides
the particles to find the target, while the particle filters can still keep track of the targets
when the detector fails. The combined system achieved 98.9% accuracy, as opposed to 86%
object detection accuracy when the object detector is used without tracker. It is also shown
that object detection is not required in each frame, therefore the computational load of the

combined system can be reduced significantly.
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Chapter Five

Conclusions and Further Work

5.1 Conclusion

This thesis presented an investigation of deep learning techniques for object identifi-
cation in high frequency and low-THz radar imagery for autonomous vehicles. The impact
of our research in this field was demonstrated for specialist audiences and it has received two

awards at top radar conferences.

Chapter 1 introduced an overview of the main concepts used in this work, from radars
to autonomous driving and artificial intelligence. Chapter 2 presented the first part of this
work, classification of objects in low-THz radar imagery using CNNs, for six different roadside
targets in controlled environment: a trolley, a dog, a bicycle, a mannequin, a traffic sign and

a traffic cone.

After classification of single targets in controlled environment, the next approach
towards real-time detection was to classify multiple objects in the same frame, hence the
concept of object detection using deep neural networks was introduced in Chapter 3. Object

detection in high frequency radar imagery was performed for both indoor and outdoor high
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frequency radar imagery, using two state of the art object detectors, faster R-CNN and SSD.

Chapter 4 presented the last part of this project, an integrated system for object
detection and tracking in automotive radar imagery. The novel system combined the object
detector described in Chapter 3 with a particle filter tracker. The analysis of the combined
system proved that a particle filter tracker can benefit from the input of an object detector
and find the targets faster. Also, the object detector benefits from the input of the particle
filter in reducing the computational load, since object detection is not required for each
frame anymore after tracking is initiated. Nevertheless, the combined system increased the

overall accuracy of both tracker and object detector.

5.2 Further Work

Another appropriate deep learning technique which could be further investigated is
the instance segmentation for roadside objects in automotive radar scenes using deep neural
networks. Initial evaluations were made using Mask R-CNN [134], a deep learning method for
instance segmentation. However, this method requires highly accurate manual annotations
of the shape of the object, which are time consuming. Early results on two outdoor radar

scans can be seen in Figure 5.1.

Segmentation can potentially yield better results when combined with a particle filter
tracker because the segmentation mask (the actual shape of the object) is more accurate
than the bounding box for detecting objects of the same class which are in close proximity.
However, this method is basically pixel level classification, hence it is more susceptible to
clutter in radar images. Therefore, research is being carried out at the moment for filtering
radar images using computer vision techniques, starting with the bilateral filter [135]. The

initial results can be seen in Figure 5.2. Once this issue is solved, a dataset can be properly
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labelled for segmentation.

Figure 5.1: Preliminary results of instance segmentation using Mask R-CNN on two outdoor

radar scans (left and right) and the highlighted versions (bottom) for better visualisation.

Original Image Bilateral Filter

Figure 5.2: Preliminary results of radar image filtering using a bilateral filter.
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Appendix One

CNN Python code

from __future—_ import print_function

import keras

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPooling2D
from keras import backend as K

import os

import numpy as np

batch_size = 256 #set the batch size
num_classes = 6 #set the total number of classes
epochs = 150 #set the number of training epochs

LOGDIR="C:/Python_work/CNN_KERAS/"

save_dir = os.path.join(os.getcwd(), 'saved_models') #saving directory

model_name = 'CNN_radar.h5'
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# Input image dimensions

img_rows, img_cols = 220,220 #image size

no_train=1620

no_test=822

# annotations files
y_train=np.load("y_train_300GHz_3receivers_220x220.npy")

y_test=np.load("y_test_300GHz_3receivers_220x220.npy")

# the data, shuffled and split between train and test sets
x_train=np.load("x_train_300GHz_3receivers 220x220_COLOR.npy")

x_test=np.load("x test 300GHz 3receivers_220x220_COLOR.npy")

if K.image_data_format() == 'channels_first"':
x_train = x_train.reshape(x_train.shape[0], 1, img_rows, img_cols)
x_test = x_test.reshape(x_test.shape[0], 1, img_rows, img_cols)
input_shape = (1, img_rows, img_cols)

else:
x_train = x_train.reshape(x_train.shape[0], img_rows, img_cols, 1)
x_test = x_test.reshape(x_test.shape[0], img_rows, img_cols, 1)

input_shape = (img_rows, img_cols, 1)

x_train = x_train.astype('float32"')
x_test = x_test.astype('float32')
x_train /= 255

X_test /= 255

print('x_train shape:', x_train.shape)
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print('x_test shape:', x_test.shape)
print(x_train.shape[0], 'train samples')

print(x_test.shape[0], 'test samples')

# convert class vectors to binary class matrices
y_train = keras.utils.to_categorical(y_train, num_classes)

y_test = keras.utils.to_categorical(y_test, num_classes)

#define the CNN architecture

model = Sequential()

# 1st CONV layer

model.add(Conv2D (32, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,3)))

#MaxPool

model.add (MaxPooling2D (pool_size=(2, 2)))

# 2nd CONV Layer

model.add(Conv2D (64, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,3)))

#MaxPool

model.add(MaxPooling2D (pool_size=(2, 2)))

# 3rd CONV Layer

model.add(Conv2D (128, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,3)))

#MaxPool
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model.add(MaxPooling2D (pool_size=(2, 2)))

# 4th CONV Layer

model.add(Conv2D (256, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,3)))

#MaxPool

model.add (MaxPooling2D (pool_size=(2, 2)))

# 5th CONV Layer

model.add(Conv2D(512, kernel_size=(3, 3),
activation='relu',
input_shape=(28,28,1)))

#MaxPool

model.add(MaxPooling2D (pool_size=(2, 2)))

# Dropout 20% of the neurons

model.add(Dropout(.2))

# Flatten the input

model.add(Flatten())

# FC layer

model.add (Dense(num_classes, activation='softmax'))

# Compile the model, loss function and optimisation algorithm

model.compile(loss=keras.losses.categorical_crossentropy,

optimizer=keras.optimizers.Adadelta(),
metrics=["'accuracy'])
# Train the model
model.fit(x_train, y_train,
batch_size=batch_size,

epochs=epochs,
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verbose=1,

validation_data=(x_test, y_test))
# Save model
if not os.path.isdir(save_dir):

os.makedirs(save_dir)

model_path = os.path.join(save_dir, model_name)
model.save(model_path)
print('Saved trained model at %s ' % model_path)
# Compute the training and testing accuracies
score = model.evaluate(x_test, y_test, verbose=0)

pred = model.predict_classes(x_test, verbose=2)

print('Test loss:', score[0])

print('Test accuracy:', score[l])

print('Prediction:',pred)
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Siamese Python code

from __future__ import absolute_import

from __future—_ import print_function

import numpy as np

from keras.layers import Dense, Dropout, Input, Lambda, Conv2D,
MaxPooling2D, Flatten

np.random.seed(1337) # for reproducibility

import random

from keras.models import Sequential, Model

from keras.optimizers import RMSprop

from keras import backend as K

import numpy.random as rng

def W_init(shape,name=None): #initialise weights
values = rng.normal(loc=0,scale=1e-2,size=shape)
return K.variable(values, name=name)

def b_init(shape,name=None): #initialise bias

values=rng.normal(loc=0.5,scale=1e-2,size=shape)
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return K.variable(values,name=name)
#Euclidean distance between outputs
def euclidean_distance(vects):

X, y = vects

return K.sqrt(K.sum(K.square(x - y), axis=1, keepdims=True))

def eucl_dist_output_shape(shapes):
shapel, shape2 = shapes
return (shapell[0], 1)
#contrastive loss function
def contrastive loss(y_true, y_pred):
margin = 1
return K.mean(y_true * K.square(y_pred) + (1 - y_true) =*
K.square(K.maximum(margin - y_pred, 0)))
# Create positive and negative pairs
def create_pairs(x, digit_indices):
pairs = []
labels = []
n = min([len(digit_indices[d]) for d in range(6)]) - 1
for d in range(6):
for i in range(n):
z1_ s, z2_s = digit_indices[d][i], digit_indices[d][i + 1]
pairs += [[x[z1l_s], x[z2_s]]]
inc = random.randrange(l, 6)
dn = (d + inc) % 6
z1.d, z2_d = digit_indices[d][i], digit_indices[dn][i]

pairs += [[x[z1l_d], x[z2_d]]]
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labels += [1, 0]
##Write pairs
if (train==1):
print("Same: ",y_train[z1l_s] ,y_train[z2_s])
print("Different: ",y_train[zl_d] ,y_train[z2_d])
else:
print("Same: ",y_test[zl_s] ,y_test[z2_s])
print("Different: ",y_test[zl_d] ,y_test[z2_d])

return np.array(pairs), np.array(labels) ##tr_pairs, tr_y

# Create network architecture
def create_base_network(input_dim):
model = Sequential()
# 1st CONV layer
model.add(Conv2D(32, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,1)))
# Max Pool
model.add (MaxPooling2D (pool_size=(2, 2)))
# 2nd CONV layer
model.add(Conv2D (64, kernel_size=(3, 3),
activation='relu',
input_shape=(img_rows,img_cols,1)))
# Max Pool
model.add (MaxPooling2D(pool_size=(2, 2))) # downsample
# 3rd CONV layer

model.add(Conv2D (128, kernel_size=(3, 3),
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activation='relu',
input_shape=(img_rows,img_cols,1)))
# Max Pool
model.add (MaxPooling2D (pool_size=(2, 2)))
#Dropout 20% of the activations
model.add(Dropout(.2))
# Flatten the output
model.add(Flatten())
# FC layer
model.add(Dense(300,activation="relu'))
# Dropout 10%
model.add(Dropout(.1))
# FC layer
model.add(Dense(100,activation="'relu'))

return model

#Hyperparameters

nb_epoch = 100 #number of epochs
img_rows =220

img_cols = 220

no_train=1620

no_test=822

train=0

classes=6

def compute_accuracy(predictions, labels):

return labels[predictions.ravel() < 0.5].mean()
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#Load train and test labels
y_train=np.load("y_train_300GHz_3receivers_220x220.npy")

y_test=np.load("y_test_300GHz_3receivers_220x220.npy")

#Load train and test dataset
x_train=np.load("x_train_300GHz_3receivers_220x220.npy")

x_test=np.load("x_test 300GHz_3receivers_220x220.npy")

x_train = x_train.astype('float32"')
x_test = x_test.astype('float32')
x_train /= 255

xX_test /= 255

input_dim =(img_rows,img_cols,1)

inp_shape = x_train.shape[1l:]

# create training+test positive and negative pairs

digit_indices_tr = [np.where(y_train == i)[0] for i in range(classes)]
print("Training pairs")

train=1

tr_pairs, tr_y = create_pairs(x_train, digit_indices_tr)

train=0

digit_indices_te = [np.where(y_test == i)[0] for i in range(classes)]
print("Testing pairs")

te_pairs, te_y = create_pairs(x_test, digit_indices_te)
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# base network definition

base_network = create_base_network(100)

input_a = Input(shape=(img_rows,img_cols,1))

input_b = Input(shape=(img_rows,img_cols,1))

# siamese networks

processed_a base_network(input_a)

processed_b = base_network(input_b)
distance = Lambda(euclidean_distance, output_shape=eucl_dist_output_shape)

([processed_a, processed_b])

model = Model(input=[input_a, input_b], output=distance)

# train data

rms = RMSprop()

model.compile(loss=contrastive_loss, optimizer=rms)

model.fit([tr_pairs[:, 0], tr_pairs[:, 111, tr_y,
validation_data=([te_pairs[:, 0], te_pairs[:, 11], te_y),
batch_size=128,

nb_epoch=nb_epoch)

# compute training and testing accuracies
pred = model.predict([tr_pairs[:, 0], tr_pairs[:, 111)
tr_acc = compute_accuracy(pred, tr_y)

pred = model.predict([te_pairs[:, 0], te_pairs[:, 11])
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te_acc = compute_accuracy(pred, te_y)

print('+ Accuracy on training set: %0.2f%%' % (100 * tr_acc))
print('x Accuracy on test set: %0.2f%%' % (100 * te_acc))
print(model.summary())

pred = model.predict_classes(x_test, verbose=2)

print(pred)
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