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Abstract

The main goal of autonomous driving is the complete removal of human supervision
from the work-flow of autonomous vehicles. This objective represents an opportunity
for enhancing quality of life by reducing traffic, removing parking spaces in cities, in-
creasing collective fuel efficiency, and reducing accidents.

As autonomous driving is progressively getting integrated into our daily lives, vi-
able solutions are required for its challenges. Artificial intelligence is the main technol-
ogy that provides intelligent agents with the capability to perceive visual information
in a way similar or even superior to human agents. In recent years the deep learning
methods showed their outstanding power in dealing with various data processing tasks.

Most of the open problems in autonomous driving are focused on the surrounding
environment, and some are within the cabin. This dissertation presents solutions to
selected problems in both domains using deep learning methods with various sensor
modalities. We introduce a model that is able to extract the geometric relationship be-
tween two camera images. These results then allow us to proceed with the development
of a model to solve geometric transformation in a sequence of point-cloud observations
to address the odometry problem. Our proposed method is directly consuming the
point-clouds in real-time. Further, we develop the first publicly available comprehen-
sive Radar dataset and propose an open space segmentation model for this task. Lastly,
we present a method that uses thermal imaging within the vehicle to count the number
of passengers. The thermal images are hiding most of the visual features of passengers
and better respect their privacy.
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Chapter 1

Introduction

One major benefit of self-driving vehicles is their potential in increasing safety. Every
year approximately 1.25 million people lose their lives in traffic accidents [150, 71]. Na-
tional Highway Traffic Safety Administration (NHTSA) estimates that 94% of crashes
are attributed to human errors [51]. 2% are the result of a failure in vehicles, 2% are
due to environmental conditions, and the rest are for unknown reasons. Autonomous
driving aims at tackling the most significant issue of these 4 categories, the human error.
Human errors can be classified into 5 categories [51].

* Recognition errors that consist of lack of attention, internal and external distrac-
tions, and poor surveillance of the surrounding environment. This factor accounts
for 41% of total accidents.

* Decision making errors factors count for 33% of accidents caused by human error.
Errors such as misjudgment, driving too fast, illegal maneuvers and false assump-
tions of others are included in this category.

* Reflexive performance errors accounts for 11% of crashes and is defined as over-

compensation, poor directional control.
* Non-performance errors such as sleeping, cause 7% of the accidents.

* The rest of errors are categorized as other errors and are responsible for remaining

8% of the errors.

Impaired driving causes an increase in almost all categorized errors. The promise of
self-driving cars is to replace human drivers by systems with extremely low error rates
and great life-saving potential. [3] predicts that from 2035 to 2045, the broader usage
of autonomous driving technology can save more than half a million lives only in the
United States.

From an economic aspect, accidents cause a huge burden on society. In 2010, NHTSA
[141, 176] reported that the economic cost directly related to automobile crashes for US
residents was at $242 billion. The comprehensive economic costs that are indirectly
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related to these crashes are reported to be $836 billion just in the US. A majority of
these expenses could be saved and directed towards other venues by the removal of the
human factor from transportation systems.

The major disruption that self-driving technology causes in the transportation in-
dustry is considered a common societal fear. Many jobs will be lost in the short term.
However, such a change has already happened before when the robotic tools replaced
factory workers. In the long term, it is only the nature of the jobs that will be changing
rather than their quantity, due to such transformations.

Another aspect that self-driving vehicles will greatly improve is the quality of hu-
man life. Traffic jams in the inner cities will be dramatically reduced by eliminating
parking space requirements and optimizing autonomous traffic flow. This reduction in
traffic jams will free more than 250 million hours of commuting every year [3].

Further, this technology will open newer markets such as autonomous ride hailing,
ride sharing, and in-vehicle services. Passenger Economy [3] is expected to jump from
$800 billion in 2035 to $7 trillion in 2050.

1.1 Autonomous Driving

The first modern autonomous vehicles began when the Defense Advanced Research
Projects Agency (DARPA) funded the ALV project [91] at Carnegie Mellon University
in 1984. Later in 1987, Mercedes-Benz partnered with Bundeswehr University Munich
to initiate the EUREKA Prometheus Project [187]. DARPA grand challenge initiated in
2004, resulted in major progress in this field.

1.1.1 Sensors

To achieve autonomous driving, researchers are relying on various sensors to percept

the environment.

¢ Cameras are used to visually observe the environment that a human driver can
see. Multiple variations of this module are used such as monocular, stereo, omni-
directional, thermal, and combinations of them. This sensor provides a rich repre-
sentation of environments which it can be difficult to process in real-time.

* LiDARs are one of the best sensors for depth estimation in autonomous driv-
ing and driver assistance applications. They consist of several range measuring
beams that together measure the depth at many locations in the scene. This pro-
vides information about the visible shape of the objects. The downsides of lidar
are twofold. One is the low vertical resolution. There is a very high horizontal
resolution but the vertical resolution is limited to the number of laser beams used.
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Increasing the number of beams results in an increase in price of an already ex-
pensive sensor, and also increases the size of the sensor. Another problem with
lidar is that it does not provide any visual features, but a point-cloud. Processing
this point-cloud is a computationally expensive task to perform.

* Radar is very good in mid to long range distances for detecting moving objects
and their velocities. The disadvantage of this module is that it is hard to identify
stationary objects due to the Doppler effect, and it does not provide much infor-
mation about the shape or appearance of the object. To address these issues, radar
is being improved with the development of High Definition Imaging Radar.

* Sonar sensors are very accurate in short distances and are mainly used to detect
near-by objects to the car. It is most useful in short-range parking scenarios.

It is obvious that a combination of these sensors would be required to have a fully
functioning system. There are a couple of other information sources that are fused with
the aforementioned sensors to reduce the complexity of the problem and provide a more
robust solution.

* Global Positioning System (GPS) is used to locate the vehicle. The accuracy of
this sensor is highly dependent on the number of connections to satellites at any
time. Differential-GPS (D-GPS) is usually used to increase this accuracy and to
reduce the effect of mirroring signal in urban canyons. However, its accuracy is
still much lower than the centimeter level localization accuracy requirement [1]. An
alternative is to fuse this source with perception sensors and maps to get a very
high accuracy.

* Maps in autonomous driving refer to the previous precise measurements of the
environment. Creating and maintaining an environment map is an exhaustive
process. Any change in environment could make the map obsolete and will re-
quire the environment to be remapped. The ideal is to have vehicles update their
maps on the fly as they drive. There are various maps and map layers proposed
for the maps but there is no unified description. These layers may include navi-
gation, planning, localization, and traffic layers. The nature of each layer is highly
dependent on the used methods and sensors. For example, if cameras are used for
localization, a visual landmark map is required. In the case of lidar localization,
a depth map of the environment is needed. The combination of all these layers

together creates the multi-layered autonomous driving map.

* Vehicle odometry sensor in the car provides information about the amount of
movement of the car in between each observation. This sensor is prone to errors
caused by tire slip and is only reliable for very small durations. However, it is used
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in combination with Inertial Measurement Units (IMU) and perception sensors to
precisely estimate the movement.

¢ IMUs are high quality sensors to detect motion. They consist of a combination of
accelerometers and gyroscopes to report g-force and angular rate. Similar to the
odometry module, they are used to calculate the motion and are less erroneous
than the odometry module. However, they lose accuracy over longer durations of
consecutive predictions due to the additive nature of localization error.

1.1.2 System

There are two approaches for designing an intelligent software system for self-driving
cars [197]. A first approach is termed mediated perception and is very common in the in-
dustry and research. In this approach, each part of the system is treated independently.
Landmarks and objects of intereset (e.g., cars, pedestrians, lanes, signs) are each recog-
nized and are integrated in a later independent stage to carry out the driving task. The
second approach is end-to-end learning. End-to-end models avoid generating mid-level
results and directly translate the sensory input data to the driving instructions. The lack
of subsystem wise mid-level representation that is understandable for experts, makes
these systems harder to debug. Mediated perception approaches provide higher flexi-
bility and independence in handling errors from each system component. In this thesis,
we will focus on this class of solutions.

There are a number of key components in any autonomous driving system. Figure
1.1 provides a high-level overview of these components and the usual information flow
between these components. A cycle starts with the arrival of sensor readings from a
perception module. The perception module is responsible for extracting required in-
formation for other modules. The localization module takes landmarks, lanes and sen-
sor/map specific features. This module estimates the exact location of the vehicle based
on map data, and reports any mismatches to the mapping module. The mapping mod-
ule collects the new local map information and later sends it to the back-end for collec-
tive map updates. Perception, localization and mapping modules aim at avoiding the
recognition errors performed by human drivers and that account for 41% of accidents.

Planning module receives stationary and non-stationary objects, open space analy-
sis, and lane information. This information is used to predict behavior of non-stationary
objects first. Then, this data is processed and analyzed to come up with a short-term
plan to avoid collision with other objects while staying on the drivable space given
rules provided by the map. The navigation system inside this module provides long-
term directions in order to reach the destination. This module is targeting the decision
making errors made by human drivers that are the cause of 33% of crashes.
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FIGURE 1.1: Architecture of an autonomous driving vehicle. The four
aspects of human error along with the topics tackled in this thesis are
overlayed with the corresponding modules.

The devised short-term plan is translated to driving commands in the control mod-
ule. This module is responsible for realizing the plan given driving constraints such
as maintaining a smooth driving situation. The reflexive performance errors of human
drivers are solved by this module. Non-performance errors related to human drivers,
such as sleeping, are completely eliminated by the autonomous nature of the system.

1.1.3 Levels of Autonomy

Development of autonomous driving technology is an evolutionary process. The Soci-
ety of Automotive Engineers (SAE) has developed a standard to measure the progress
of this technology designated as the 6 levels of autonomy [9]. Figure 1.2 provides an
overview of these levels.

Atlevel 0 there is no autonomy and all the controls are assigned to the human driver.
As we move higher in the hierarchy, the amount of human interactions decreases.

At level 1 there is a very limited contribution from the system. An example of this
level is standard cruise control. Once the driver sets a value for the speed of the vehicle,
the system only tries to keep the vehicle at that specific speed. At this level, the sys-
tem is acting passively and can not react to environmental conditions. For example, if
it is approaching another vehicle, then the driver has to take immediate actions. Level
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No Driver Partial Conditional High Full

Automation Assistance Automation Automation Automation Automation
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Steering Human Human
Acceleration Dri Dri System System System System
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(e lleeets Driver Driver Driver Driver SR e

FIGURE 1.2: Different levels of autonomous driving [9].

2 aims at providing a solution to this issue. At this level, the vehicle is able to do lim-
ited observations and perform multiple autonomous tasks to adapt its driving behavior.
Adaptive cruise control system is an instance of this class in which the vehicle can main-
tain a driver defined speed and slow down if it approaches the car ahead at less than a
specific distance. Once the leading vehicle has moved, it can resume to the predefined
speed. Level 3 is termed conditional automation. From this level, the system is taking
the responsibility of monitoring the surrounding environment and performs most of the
dynamic driving tasks. However, human drivers are still required to take control in case
of system failures. Level 4 autonomy takes this burden off from the driver and provides
a completely autonomous system. The only limitation at this level is that the system’s
ability to drive is constrained to known predefined environments. For example, an en-
vironment that has been mapped in advance for localization and for which the rule-set
is completely defined for planning. Once the system leaves the known environment, the
human driver has to take over. Finally in level 5, the system becomes capable of driving
in unknown environments. In this case, human intervention is completely eliminated
from the system in all driving modes and conditions.

At every level of autonomy, each system should satisfy the functional safety require-
ment ISO 26262 [89] to be in production. At the time of writing this thesis, Google
Waymo [186] is the industry leader and is aiming to achieve level 4 autonomy. There
are numerous universities, corporations, and start-up companies involved in the real-
ization of the promise of autonomous cars, however no one has achieved a complete
level 4 autonomy yet. This is mainly due to various challenges that a system could face
in a dynamic environment. Here we are defining a subset of these problems from the

perception perspective and we are seeking answers for them.
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1.2 Open Problems in Autonomous Driving

In this section we discuss a few obstacles that need to be overcome in order to achieve
autonomous driving. These problems mainly focus around issues that can be solved
using machine learning and computer vision techniques.

In order to safely navigate with a self-driving car, the exact position of the vehicle
should be localized within a few centimeters of accuracy. Localization error is a ma-
jor problem in autonomous driving. A lateral localization error larger than 0.5 meter
could put the vehicle in the wrong lane and cause irreparable damages. Localization
is performed by calculating odometry and observation matching with the maps. The
latter is generally more computationally expensive, but errors in both could cause sys-
tem failures. To get the most accurate odometry, D-GPS, vehicle odometry, IMU, and
sensor odometry readings are used. D-GPS is location sensitive and could be jammed.
Due to the tire slip, vehicle odometry is less reliable than IMU. A constant error in ac-
celeration measurement of IMU translates to a linear error in velocity, which results in
a quadratic error in positioning. Sensor odometry as an independent source could be
used to overcome this issue.

Autonomous cars operate in a highly dynamic environment with various forms of
obstacles. All the objects around the vehicle such as pedestrians, cars, cyclists, and
generally any object that could be an obstacle, need to be detected and localized with
respect to the vehicle. Further, these objects have to be tracked and their trajectory must
be predicted. This information is vital for the planning layer to make decisions in order
to avoid collisions. Various sensors are used for this purpose. Cameras provide a rich
and informative view of the environment that makes it easy to detect any object. Their
shortcoming is in the localization accuracy after detection. Lidar sensors provide a high
localization accuracy, but detecting objects in a point-cloud is generally a more challeng-
ing task. Radars are another low cost source of information for measuring the velocity of
objects. However, they have a difficult time in detecting stationary objects. In practice,
highest performance and reliability is always achieved by fusing multiple information
sources. However, adding more sensors increases the production and maintenance costs
of the autonomous vehicles.

Having the future of self-driving technology and smart cities in perspective, we
address another issue that is of vital importance for the effectiveness of collective au-
tonomous solutions. In order to balance the traffic load and serve passengers efficiently,
available capacity in each autonomous vehicle has to be known. This entails developing
systems that are able to count passengers occupying each vehicle. Seat pressure sensors
are commonly used to count the number of seated passengers. Limitation of this model
is that it can not identify if the seat is occupied by a person or just an object. An alter-

native approach is to use cameras in combination with computer vision techniques to



Chapter 1. Introduction 8

count the passengers. While devising such a solution, user-privacy measures have been
considered. Visual spectrum camera images are the most common form of data being
used in the industry. Replacing them with thermal sensors provides a better solution in
terms of privacy, while providing the capability to be used for occupancy detection.

In order to have a fully functioning fleet of autonomous cars, we need to ensure all
of these problems have reliable solutions. As it is apparent, perception is at the core
of any solution for these tasks. In recent years, deep learning methods have shown

state-of-the-art performance at tackling challenges in perception.

1.3 Contributions

In this thesis, we selected four problems in autonomous and assisted driving systems,
and tackle them using computer vision and deep learning methods in each chapter. Our
contributions are as follows:

* Image based homography estimation [132]. We show that the standard frame-
works of the convolutional networks are not suitable to perform precise homog-
raphy calculation from images. We introduce a new way of using a hierarchy of
small networks to provide a solution to this issue. Extensive experiments show
the efficacy of the proposed model.

¢ Lidar based odometry estimation. We propose the usage of hierarchical deep
models in this challenge. A novel architecture is developed and its performance
is compared against the state-of-the-art. Further studies have been performed on

various parameters related to the model and the dataset.

¢ Radar based open space segmentation [131]. We collect a dataset of raw radar ob-
servations and publish it to enable the community to use it for the research in this
tield. We further apply deep learning models on various radar representations
to perform open space segmentation. Finally, a novel open space segmentation
network, PolarNet, is proposed that provides state-of-the-art performance while
maintaining small computational complexity requirements. This research was in-
formed by collaboration with Sensorcortek Inc. The author’s role in this research
involved participation in system design, data collection, ground truth generation
and training various models. Moreover, PolarNet was designed, trained and eval-
uated by the author.

* Thermal camera based passenger counting [130]. We propose a light-weight net-
work to count the passengers in a vehicle that is able to achieve very high frame
rates, making it suitable for low powered platforms. Further, we collect and anno-
tate a dataset for this specific task, and share it with the research community.
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1.4 Outline

Chapter 2 provides a background on deep learning and explains the building blocks
of the methods that are used in later chapters. In Chapter 3, the homography estima-
tion using convolutional networks is addressed. Inspired by the results of homography
estimation, Chapter 4 presents usage of hierarchical models to solve the lidar based
odometry problem. In simplest form, odometry is the translation matrix of the sensor
from one frame to the other. This is closely related to homography estimation but it is a
more complicated task. The majority of the research since the advent of deep learning
is focused on cameras and lidars. Chapter 5 is focusing on radar, an outcast sensor in
this era that is still relying on traditional processing methods, to perform open space
segmentation. Chapter 6 turns the focus to inside the vehicle in order to count the num-
ber of passengers occupying it using thermal camera images. It is crucial to know the
passenger count for tasks such as automating HOV lane usage or route planning for
autonomous cars in order to increase the efficiency of passenger delivery. And finally,
we conclude this thesis in Chapter 7.
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Chapter 2

Deep Learning Background

Self-driving cars need to be at least as intelligent as humans in the task of driving. Ar-
tificial Intelligence is the field that is responsible for introducing intelligence into com-
puter systems. As we cannot manually design the rule set for all the circumstances in
the dynamic driving environments, we rely on a smaller subset of artificial intelligence
methods, termed Machine Learning. Machine learning methods are able to learn their
own parameter space to define the rules and adapt themselves to the conditions. For
example Support Vector Machines (SVM) [50] that is a prominent non-parametric ma-
chine learning model, learns a set of support vectors to classify the data. In the case of
image data, visual features [113, 15, 103, 5, 152, 173] need to be extracted from the data
in order to train a SVM. Traditionally, the methodology to extract these features was by
manually hand-crafting them by the experts in the field. The number of support vectors
to be learned grows with the number of samples presented to the SVM. This results in
a slow down in learning, inference, and an increase in size of the model. These models
enjoyed a great success dealing with smaller scale problems. However, adapting them
to work with large amounts of data was not an easy task.

Artificial Intelligence

Machine Learning

Deep Learning

FIGURE 2.1: Relationship between artificial intelligence, machine learn-
ing, and deep learning.

Deep learning methods are a subset of machine learning algorithms that have shown
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significant power at handling large amounts of data. Unlike traditional models, once a
deep model is defined, its size becomes independent of the sample size used during the
training. The disadvantage of deep models are their heavy processing power require-
ments. However, the highly parallelizable nature of them along with the recent ad-
vances in the Graphic Processing Unit (GPU) technology resulted in their applications
on various problems. The introduction of convolutional layers [102] to extract image
features from the image data made these models a very popular choice for perception
tasks.

2.1 Artificial Neural Networks

To understand deep learning, first we need to understand Artificial Neural Networks
(ANN) [19]. ANNSs are a subset of machine learning methods and Deep Neural Net-
works are a variation of ANNs that consist of many layers. A simple neural network
is shown in figure 2.2 with two hidden layers and one output layer. As all the neurons
are connected to all the neurons in the next layer, this model is called Fully Connected
Neural Network (FC-NN).

Input Hidden

tput
X Outpu

\.

FIGURE 2.2: An example of a fully connected neural network.

At each layer, a set of transformations are applied to the inputs. In the forward
pass process all the neurons of previous layers are weighted, and summed and a bias is

added to them in order to produce the intermediate output.

g=wl-x+b (2.1)

x = {xo,...,xn} is the input vector to the neuron and w = {wy,..., wy} defines
the corresponding weight vector to the input. b is the added bias at the neuron. g is the
intermediate output of the neuron that is only the linear transformations of the inputs.



Chapter 2. Deep Learning Background 12

The result of successive application of linear models can be recreated using a sin-
gle linear transformation. Effectiveness of neural networks is induced from the non-

linearity applied by their activation function to the intermediate outputs in each layer.

y=r(8) (2.2)

f is the non-linear activation function and x; is the calculated input for the next
layer. Sigmoid and tanh functions are one of the earliest functions used as activations.
Rectified Linear Unit (ReLU) is introduced in [126] that prepares the ground for mod-
ern deep learning models. ReLU has shown to have a better performance compared to
previous functions and it is the most widely used activation function. Leaky-ReLU is
introduced to deal with the dying ReLU problem, where negative values are always set
to zero by ReLU [116]. This is achieved by using a parameter to weight the negative
values. Exponential Linear Unit (ELU) [47] removes the bias shift from ReLU and cen-
ters the activations around zero to speed up the training. Gaussian Error Linear Unit
(GELU) [81] is a non-monotonic function that weights the inputs using a zero mean nor-
mal distribution. [143] use an automatic search technique to discover scalar activation
functions to replace ReLU without changing the network. The new activation function
is termed SWISH that weights the inputs with a parameterized sigmoid function. Fig-
ure 2.3 shows these activation functions. [143, 136] provide a comprehensive review of
these functions.

— Sigmoid 1
v= 14+e®
4t i
— Tanh
y = tanh(x)
3t 1 — RelU
0 =<0
y =
r =20
2t i
LRelLU
ar =<0
Yy =
1l X >0
—  ELU
] ae”—1) z<0
0 Y=
T x>0
1 — SWISH .
- u Yy =
Yy 1 + 67,‘91

FIGURE 2.3: Visualizing a set of activation functions.
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Training in ANN models is based on Back Propagation. The error between predic-
tion made for inputs of the network and the actual target is calculated using an objective
function. Utilizing the chain rule, partial derivatives of the error with respect to weights
are computed. Derivatives are used in updating the weights of the network. The pro-
cess of forward propagation and backpropagation is repeated until a convergence is
achieved. This Converged model is considered a trained neural network. There are var-
ious strategies to perform back propagation. True gradient is achieved by finding error
for all the samples. This is called Batch Gradient Descent and entails a heavy process-
ing load. An alternative is to perform updates after error is calculated for each sample,
Stochastic Gradient Descent. Instead of calculating gradients for each sample, we use a
mini-batch of the samples at each cycle that is large enough to be representative of the
underlying distribution of the dataset.

A major difference between a deep learning model and traditional models is in the
way they extract features. Instead of hand-crafted features, deep models learn what to
extract from data during training. By processing data at each layer, it creates feature
maps using automated non-linear feature extractors and learns complex features as it
goes deeper. The whole network learns a hierarchy of abstract representations and uses

them for classification. This provides an ultimate power to adapt the system to the data.

Traditional Learning
Hand-Crafted Feature Classification
Extraction
TN ) "

FIGURE 2.4: Difference between traditional [113, 50] vs deep learning
methods.
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Deep learning requires large amounts of data. In recent years, the reduction in data
storage costs has enabled a drastic increase in availability of the large data. Deep models
require many cycles to be trained. This requires a huge amount of processing power.
Most of the calculations in a deep model can be parallelized. Graphical Processing Units
(GPU) are designed for parallel processing and are the best choice for training deep
neural networks.

In the recent years, modern deep learning models [98] have achieved a great success
in many fields including image classification [164, 153, 170, 171], object detection [70,
145, 111], recognition [135, 159], scene segmentation [34], scene understanding [161], ge-
ometric analysis [132], natural language processing [120] and many others. In the field
of computer vision, they have encountered significant success over traditional meth-
ods. One of the main differences between deep models and traditional methods is the
automation of previously hand-crafted feature extraction that optimizes itself to spe-
cific data and tasks. This novelty led to an ever-growing amount of interest in using
these methods in many research fields. During recent years, various architectures have
been proposed to deal with specific problems, such as Convolutional Neural Networks
(CNN) to extract image features, Recurrent Neural Networks (RNN) and Long Short
Term Memory (LSTM) to extract order and temporal information from the inputs [101,
72].

Besides the various models and architectures being proposed almost on a daily basis,
there are novelties regarding the ways that a model could be trained. These modifica-
tions aim at improving the convergence and speed up the exhaustive learning process,
which can be of crucial importance. Such methods include regularization methods such
as Batch Normalization [88], Weight Normalization [154], or optimization methods like
momentum optimizer [169], Adam optimizer [95].

At this section we are explaining key components for deep learning from a limited
scope. Our goal is not to provide a comprehensive review of the field, but the basics
and the interesting models that are related to this research. Readers are suggested to

refer to [72] for a comprehensive review of deep learning.

2.2 Objective Function

Objective function is the most important factor in any learning system. An objective
function is usually defined as the dissimilarity between target and predicted values, the
loss function. Defining this function in a proper manner is vital for building a functioning
model. The definition of objective function is completely problem dependent. Here, we
are explaining a set basic loss functions that are being used in various areas.
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L, loss defines the Euclidean distance between targets and predictions.

Ly(P,T)= [Y (pi—t)* , Vpi€PVLET (2.3)
i
p is the final predictions of the network and ¢ is the target values. L, loss is com-
monly used in problems that deal with regression.

Soft-max Cross Entropy is designed for training classification models. Soft-max Cross
Entropy loss is consisting of two parts. The soft-max part, also termed normalized ex-
ponential function, is taking logits and converting them in a way that they represent a
probability distribution function [19].

ebi
Yehi

Once soft-max is calculated, results are fed into a cross entropy function, along with

f(P) =

, VpieP (2.4)

target values, to calculate the loss. The discrete cross entropy is defined as,

CE(P,T) =—) tilogp; , Vp;e P,V ET (2.5)
i

Focal Loss Recently, a variation of soft-max cross entropy loss is introduced [109]. Two
parameters are introduced in cross entropy calculation. « for balancing cross entropy
against class imbalance, and -y that is a focus parameter. Once these parameters are
properly set, it can direct the focus of the network toward learning hard negatives and

increase the average precision.

FL(P,T) =Y tia(1—p;)"logp; , Vpi€ P,V ET (2.6)
i

2.3 Optimization

Momentum optimizer is proposed to smooth oscillations and direct the Stochastic
Gradient Descent (SGD) towards the minima locations in error space to speed up train-
ing. This is achieved by weighting gradients by a learning rate and adding a fraction of

previous steps to it.

AdaGrad [59] is designed to deal with sparse data. It uses an adaptive learning rate
that adapts based on the updated parameters. The main problem with AdaGrad is its
monotonically decreasing learning rate. This results in the learning rate to shrink which
at some point it becomes so small that the network stops learning.
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AdaDelta[199] proposes to use a sliding window structure to deal with monotonically
decreasing learning rate at AdaGrad.

Adam Optimizer [95] is similar to AdaDelta that in addition uses momentum changes

in each parameter to direct the learning.

2.4 Regularization

Regularization is defined as any modification that reduces generalization error but does
not result in a change in the training error [72].

Batch Normalization [88] is one of the most prominent regularization methods intro-
duced in recent years. It takes the outputs of each layer and normalizes them along the
batches. This way the problems caused by covariate shift in the data are eliminated.
Further, this results in a faster convergence during training time.

Weight Normalization [154] is simply normalizing weight vectors at each layer in-
stead of the output features. This enables the weight normalization to perform faster
than the batch normalization.

Dropout [166] isintroduced to target the over-fitting issue in training neural networks.
The main idea of this method is to randomly drop weights from the network during
training. At the test time this function is removed from the model. This prevents the
network from becoming biased to specific features, hence resulting in a better perfor-

mance during test time.

Early Stopping is another technique to deal with the over-fitting. During the training
time the loss on the evaluation set is continuously monitored. Once the evaluation loss

plateaued or started to constantly increase, training session is terminated.

2.5 Model Architectures

2.5.1 Convolutional Neural Network

Processing images with fully connected layers results in a huge set of weight parame-
ters. In traditional feature extraction methods, convolution with predefined filters are
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commonly used to extract features. Given an image I and a filter H, discrete convolution
is defined as,

LyxH=)Y Y I(x—uy—o)H(u0) (2.7)

(x,y) are the all possible indexes over the image, and (1, v) are the size of the filter.
Figure 2.5 shows the convolution results of a line detection filter on a sample image.
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FIGURE 2.5: Matrix representing an image, filter, and resulting matrix
from convolution

CNNs use a smaller set of weights as filters at each layer. These filters are learned
during training. This is the ultimate superiority of deep learning compared to tradi-
tional feature extractors. Once a feature set is calculated the pooling function is called
to reduce the dimensionality of the data that results in a faster execution performance.
After each layer, a set of more complex features with smaller dimension are extracted.
After a series of consecutive feature extraction layers, final features are used to get the
predictions. A sample of a CNN architecture for a classification task is shown in Figure
2.6.

96 256 384

384 ==
2048 2048 ; 0'00

FIGURE 2.6: An example of CNN architecture for image classification
[98].
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CNN is used as the front end to extract features. Fully connected layers are used at
final layers to produce prediction results. However, this also entails a huge parameter
space that has to be learned. Fully Convolutional Networks (FCN) [170] aim to tackle
this issue. Features at final layers are convolved with a series of filters with such stride
values that result in final prediction to be in a vector form. This vector could then be

used for regression or classification.

2.5.2 Recurrent Neural Networks

FC-NNs or CNN s are designed to process single images at a time and are unable to track
between consecutive samples. Recurrent Neural Networks were developed to deal with
sequential data processing. RNNs alter the structure of the cells in the network. Instead
of simple multiplication and summation at each cell, a series of primitive calculations

are used to introduce memory functionality. Figure 2.7 shows the unfolded structure of

the RNN architecture.

1 ) T

Xo X; Xr

FIGURE 2.7: RNN and unfolded RNN architecture.

Original RNNs were suffering from vanishing and exploding gradient problems
during training on longer sequences. To deal with this, Long Short Term Memory
(LSTM) networks were introduced in [83]. LSTM is a variation of RNN in which each
neuron consists of an input gate, an output gate, and a forget gate. There are various
implementations and parameters that need to be carefully tuned while using LSTMs.
A comprehensive analysis of these parameters are provided in [25] and various imple-
mentations of LSTM networks within different frameworks are compared in [24].

Gated Rectified Units (GRU) [40] have fewer parameters compared to LSTMs as they
do not employ an output gate. From a performance point of view, they exhibit similar
results in comparison to LSTMs [46].

2.5.3 Encoder-Decoder Networks

An encoder-decoder architecture is used in mapping data points from the input do-
main to the output domain. This is achieved by projecting input data to a latent space
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(a) Long Short Term Memory (LSTM) cell (b) Gated Recurrent Unit (GRU) cell

FIGURE 2.8: Cell structure of LSTM and GRU.

Encoder
latent
representation
Decoder

FIGURE 2.9: Encoder-Decoder network architecture for semantic seg-

mentation. Input image and output label are taken from the cityscapes
dataset [48].

representation using the encoder network. Using this representation, the decoder net-
work produces the output in the intended domain. These models are commonly used
in image-to-image translation [179, 12, 36, 151, 175, 203], compression [54, 38, 6] and
natural language processing [21, 45].

A simple diagram of an encoder-decoder network for image segmentation is shown
in Figure 2.9. The input to the system is an image and the output is the segmentation
map of the scene. Encoder networks mainly rely on convolution operations to reduce
feature map dimensions. To rescale the abstracted features back to the target domain,
the decoder network employs methods such as bilinear upsampling, bicubic upsam-
pling and transpose convolutions [162].

A variation of encoder-decoder models is termed Autoencoders [72]. The input and
output data is set to be the same for this class of models. The latent space is limited to
a specific size that usually is smaller than the input domain. The goal in this approach
is to learn a latent representation of the input that can later be used by the decoder to

regenerate the input data.
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FIGURE 2.10: An overview architecture of Generative Adversarial Net-
works.

2.54 Generative Adversarial Networks

Conventional Generative Adversarial Networks (GANSs) [73] consist of two networks.
The generator network learns to generate samples in a targeted distribution using noise
as the input. The discriminator network inputs samples from the outputs of the genera-
tor and also from the real samples of the targeted distribution. The goal of the discrim-
inator network is to classify whether the input is fake and generated by the generator
network, or if it is from the set of real samples. However, the generator network aims
to capture the targeted distribution and produces samples that are difficult for the dis-
criminator to classify. This results in a minimax game between the generator and the
discriminator. Figure 2.10 shows a simple diagram for GANs. The training schedule for
this family of models is divided into multiple cycles where the generator is learned and
discriminator is frozen, and vice versa. There are multiple variations of GANSs [142, 7,
93, 198] that have been used in various applications such as building images from text
[193], visual saliency prediction [134], face aging [184], image-to-image translation [43,
181], 3D object generation [189], music generation [58] and many others [177]. Wang et

al. [183] provide a comprehensive survey of GANs in computer vision.

2.6 Advanced Models for Practical Applications

In this section, some of the advanced architectures designed for specific applications

that will be covered in the next chapters are introduced.

2.6.1 Image-to-Image Matching

Conventionally, image-to-image matching is done by extracting local features [113, 15,
5,119] of both images and employing a matching function [8, 124, 65, 119, 67, 148] to cal-

culate a matching score. This is useful in a range of applications such as stereo matching
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FIGURE 2.11: Architecture of a convolutional siamese model. Feature

extraction network CNNj is applied independently on both of the inputs.

The output features of each input are integrated using a merge function
and processed through the matching network CNN,,.

and depth estimation [53, 156, 68], flow estimation [112, 66, 118, 87], odometry [11, 96],
localization [23, 155] and etc. Bromley et al. [26] introduces siamese networks that per-
form signature verification. In siamese networks, the two inputs are processed through
the same network to extract features. A matching function or network is used at the end
to extract the similarity score. Figure 2.11 shows a diagram of a convolutional siamese
model. Fischer et al. [66] proposes an encoder-decoder model for flow estimation named
FlowNet. The encoder consists of a siamese model with a correlation layer as the merge
function. The decoder is based on successive upconvolutions. Flownet 2.0 [87] expands
this idea with a hierarchy of FlowNet [66] models.

2.6.2 Point-Cloud Processing

Data from 3D perception sensors provide rich information regarding the scene geome-
try. 3D data in its rawest form is commonly represented in a point-cloud format. Meshes
and volumetric grids are alternative representations to the point-cloud [192, 204, 182,
117, 191, 208]. These representations are used in order to avoid challenges in the pro-
cessing of unordered point-cloud data. PointNet [138] provides a solution to this chal-
lenge. It uses MLPs to process each point and utilizes a symmetric aggregation function
to build permutation invariant global features. PointNet++ [140] extends the PointNet
by incorporating a hierarchy of set abstraction layers to capture the local features sur-
rounding each point. The set abstraction consists of PointNet learning layers, farthest
point sampling [60] as the sampling function, and k-nearest neigbour or ball query as
the grouping method. The architecture of PointNet++ is shown in Figure 2.12. Given
the success of the PointNet, many models have built based on this approach [205, 194,
112, 106, 85, 190]. A comprehensive study of deep point-cloud processing methods can
be found in [75].
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FIGURE 2.12: Architecture of PointNet++ classification network [140].

Number of data points in the feature map is represented by N;, C; shows

the number of channels, d is the input dimension, K is the number of

nearest neighbours to be considered in the set abstraction, and k repre-
sents the number of classes.

2.6.3 Semantic Segmentation

Semantic segmentation models are used to label every value in the input with a cor-
responding class label. Fully Convolutional Networks (FCN) [162] is the first deep
learning model to tackle this problem and provide a viable solution. FCN replaces the
fully connected layers of the classification networks [98, 164, 171] with convolutional
layers, and instead of a classification result, it outputs a segmentation map using trans-
posed convolutions. FCN is a popular approach in image segmentation, however it
suffers from limited computational performance and fails to capture holistic features of
the scene. Others [104, 160] have tried to integrate conditional random fields (CRFs)
with deep models to improve the performance of segmentation. Noh et al. [129] use a
complete encoder-decoder architecture to predict the segmentation map. SegNet [12]
improves on this idea by integrating mid-level feature maps of the encoder with the
feature maps of the decoder in a systematic form.

An alternative approach for segmentation is used in the DeepLab family of networks
[33, 35, 36]. They propose the usage of Atrous convolutions (dilated convolution) to
increase the receptive field of a convolution kernel by applying it on non-adjacent pixels
on the input grid. Furthermore, they utilize multiple parallel Atrous convolutions in the
last layer to capture local and global features, in what the authors call the Atrous Spatial
Pyramid Pooling. In this way, the resolution of the input map is retained, providing a
better segmentation performance at the cost of larger computational complexity.

Minaee et al. [121] provide an in depth analysis of the recent advances in deep image

segmentation.
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FIGURE 2.13: Architecture of the Single Shot Detector (55D) model [111].
Each successive feature map has a smaller size and a larger receptive field
that enables them to detect larger objects.

2.6.4 Object Detection

Girshick et al. [70] propose using Regions from CNN to detect objects. Each region is
passed to a pretrained object classification network [98] to extract features. Extracted
features are then used with a linear classifier to detect objects. This work is later ex-
panded upon by Spatial Pyramid Pooling Networks [79], Fast RCNN [69] and Faster
RCNN [147]. Faster RCNN introduced the Region Proposal Networks and was the first
model to train the object detection model in an end-to-end manner. Feature Pyramid
Networks (FPN) [108] expand on this idea and use features from various layers to en-
hance object detection performance. All of the mentioned models are considered to be
two stage detection models.

You Only Look Once (YOLO) [144] was the first one stage detection model. It
achieved realtime speeds while providing state-of-the-art results. In this approach,
CNN is applied on the whole image. Single Shot Detector (SSD) [111] introduced the
idea of multi-reference and multi-resolution detection. First, the image is passed through
a feature extraction network [84, 164, 170]. Selected feature maps are passed through
further convolutional layers to produce extra feature maps of different sizes. Figure
2.13 shows this model. Predefined anchor boxes with various aspect ratios are used
to predict the correct bounding boxes on each of the extra feature maps. This ensures
that objects of different sizes are detected using different layers. Recent proposals such
as YOLO9000 [145], RetinaNet [109], and YOLOv3 [146] provide improvement in the
detection performance and computational complexity requirements.
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2.7 Libraries

There are various libraries that facilitate implementation of deep learning models. The
most common libraries are listed in the Figure 2.14 based on their unique citations in

arxiv! papers.
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FIGURE 2.14: The trend of using deep learning libraries [92].
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Caffe’ is one of the early libraries for deep learning that is written in C++ and has a
python interface. It is famous for its large model zoo.

PyTorch® is introduced by Facebook®. PyTorch is based on the Torch library that was
originally written in the Lua programming language. Unpopularity of the Lua language
kept many developers away from Torch. Later, Torch library was reimplemented with
python and gave rise to PyTorch that is well received in the community.

Tensorflow’[2] is the most famous library for developing deep neural networks. It
is created and maintained by Google °. Tensorflow provides a python based front end
with a significant amount of documentation and various APIs. Apart from Google, there
is a huge number of developers and researchers adding new functionalities to this open

source library on a daily basis.

2caffe.berkeleyvision.org
3pytorch.org
4facebook.com

5 tensorflow.org
b900gle.com
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Chapter 3

Image Homography Estimation

In this chapter, we introduce a hierarchy of twin convolutional regression networks to
estimate the homography between a pair of images. In this framework, networks are
stacked sequentially in order to reduce error bounds of the estimate. We show that
given the iterative nature of the framework, highly complicated models are not nec-
essarily required, and high performance is achieved via hierarchical arrangement of
simple models. Effectiveness of the proposed method is shown through experiments on
the MSCOCO dataset.

3.1 Introduction

Using deep methods in autonomous robotics and vehicles is currently focused on sen-
sor data processing [49, 12], planning [197], or end-to-end learning [20]. However, there
are still many open problems such as odometry extraction, localization, mapping, or 3D
model generation that have not been investigated thoroughly. Improving the effective-
ness of deep methods on these tasks is essential.

All of these tasks at some point require a form of matching and regression. We there-
fore, study here the fundamental task of extracting deformation parameters from two
observations. This is the building block of almost all tasks dealing with multiple obser-
vations and trying to build models from them. For example, when a camera calibration
task is performed by using a planar rectangular grid in front of the camera, one must
extract features from them. Then, using a regression module the homography is es-
timated and subsequently, extrinsic parameters between stereo cameras are calculated
[185]. Similar ideas are applied for panoramic image generation [27]. To generate 3D
models of the environment, all models use a similar framework to extract, localize and
register features from various images to get relative poses information [4]. These meth-
ods later are used as building blocks in various fields, such as in autonomous driving,
augmented reality, indoor robotic tasks and so on.

In this chapter, we propose the usage of a hierarchy of convolutional networks to
estimate the homography between a pair of images. At every convolutional network
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Module 1 Module 2 Module 3 Module 4
Estimate Estimate Estimate Estimate

Source

FIGURE 3.1: Sample output and the warping process. Source and target

images are provided to the system. Due to shrinking error residual after

each module, warped image is getting visually more similar to the target
at each step.

module, features from each image are extracted independently, but using a shared set
of kernels, also known as Siamese network model [26]. Later on in the process, they
are merged together to estimate the homography. Sample results of this process are
shown in Figure 3.1. Furthermore, we evaluate and compare effects of various training
parameters in this context. We show that by only utilizing simple models, the proposed
iterative framework can achieve state-of-the-art performance. The proposed method is
throughly experimented using MSCOCO dataset [110].

3.2 Related Work

The basic approach to tackle a homography estimation is to use two sets of correspond-
ing points in a Direct Linear Transform (DLT) method. However, finding the corre-
sponding set of points from images is not always an easy task. In this regard, there
has been a significant amount of research. Features such as SIFT [113] and ORB [152]
are used to find the interest points, and employing a matching framework, point cor-
respondences are achieved. Commonly, a Random Sample Consensus (RANSAC) [76]
approach is applied on the correspondence set in order to avoid incorrect associations.
And, after an iterative optimization process, the best estimate is chosen [27, 125].

One major problem with such methods is their requirements for the hand-crafted
features and exhaustive matching step. Deep models automate feature extraction and
provide much stronger features than conventional approaches. Their superiority has
been shown many times in various tasks [12, 70, 164, 153]. Recently, there have been
attempts to address the matching problem with similar models. Flownet [66] targets
optical flow estimation by employing a parallel convolutional network model to extract
features from each image independently. A correlation layer is used to locally match ex-
tracted features against each other and aggregate them with responses. The expanded
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feature set is then used in further convolutional layers. Finally a refinement stage con-
sisting of de-convolutions is used to map optical flow estimates back to the original
image coordinates. Most recently, Flownet 2.0 [87] was introduced that is using Flownet
models as building blocks to create a hierarchical framework to solve the same problem.

Similarly, [148] proposes an optical flow estimation method that employs a deep
matching process with convolutions. From each image, patches of size 4 x 4 are ex-
tracted and described based on SIFT descriptors. Then, they are fed into a convolutional
layer to produce correlation maps. This process is repeated and a pyramid of responses
are created, which are used later to find local maximas and track them through the pyra-
mids to get pixel correspondences.

Our proposed method is vastly inspired by the work of DeTone et al. [55], where
a deep neural network is devised to tackle the homography estimation task. To be
compatible and comparable, we strictly followed their guidelines when developing the
model and its benchmark. As they proposed, a homography between two images is de-
fined by relocation of a set of 4 points, also known as 4-point homography. Their model
is based on the VGG’s architecture [164] with 8 convolutional layers, a pooling layer
after each 2 convolutions, and 2 fully connected layers with an L, loss function that re-
sults from the difference between predicted and true homography values. Their model
starts with stacking up images in two channels and processing them together through
the network. In contrast, the core of our model targets each input independently from
the other. Motivation behind this approach is to have corresponding feature sets that
will be merged in later stages, which has been shown in [26, 44] to be more suitable for
tasks requiring feature matching.

Most of the existing deep models aim to solve the problem through a single, and in
many cases, large model. Independent from how deep or wide the model is, an error
margin will always be found, especially in tasks such as regression. This is due to the
trade-off imposed on the model to fit the training data and also to be able to generalize.
A well learned model should be able to minimize both errors in training and testing
sets.

Based on concepts from iterative optimization approaches, boosting, or genetic mod-
els, we propose to stack the same model in a hierarchical manner such that the first
model takes an image pair and produces an estimation, along with a new image pair.
The newly generated image pair has a smaller homography residual, as the first model
already estimated part of it. Next, a copy of the same model takes this data in and pro-
vides a better approximation with an even smaller error bound. Continuing this process
will sequentially reduce error bounds until the error margin is so low that there is noth-
ing else to correct. As we will discuss later, in this situation, the train and test errors start
to diverge, which indicates the model has entered the over-fitting region. A similar idea
was introduced by Carreira et al. in [30] for human pose estimation. In their work, the
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FIGURE 3.2: Twin convolutional neural network architecture used as the
core module.

body part point coordinates are estimated using [171] and are iteratively updated to fit
the human pose in a single image. In contrast to that work, we are introducing a visual
warping step between each iteration to drive the model towards the target transforma-
tion, while using a smaller network. To the best of our knowledge, this framework has
never been applied to the homography estimation task, which is a natural fit for the
problem.

This framework produces mid-level results that are important in many real-world
tasks. It provides a way to observe how the system evolves thus preventing false be-
havior of the components. In addition, coarse-to-fine results could be used by other
modules, thus reducing system latency. Modularity of this framework is another ben-
efit. On a case-by-case basis, each model could be retrained, or replaced with a larger
or smaller model, to fix the problem specific tasks. Further, training a small network is
much faster and less cumbersome than a large one. Based on the required error bounds
various combinations of networks can be coupled in the framework. We believe this
framework could be applied to any problem that includes regression and/or optimiza-
tion. In Section 3.7, we will discuss how it can be adapted to the sensor odometry
problem. Our model achieves real time performance on consumer available graphics
cards that satisfies industrial requirements.

In essence, our proposed model takes the basics of the Siamese network model [44]
that are shown to be more effective in extracting similarities between inputs using par-
allel layers with shared weights. We performed extensive testing and compared perfor-
mance of multiple parameters for the model training.

3.3 Hierarchical Convolutional Network Model

In this section, we present our network architecture in detail and show how to calculate
the four point homography estimate from an image pair. This network is shown in
Figure 3.2.
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FIGURE 3.3: Hierarchical Model Framework. Each of the convolutional
homography estimation modules consists of twin convolutional neural
networks that perform homography estimation on an input image pair.

3.3.1 Network Architecture

Similar to [55], the main network in our method consists of 8 convolutional layers fol-
lowed by two fully connected layers. In contrast to that model, the first 4 layers of
our network are designed to process images in parallel. Input images are both normal-
ized and each image is fed to one of the identical parallel layers. A filter with a kernel
size of 3 x 3 is used to create features in 32 dimensions. At the end of parallel convo-
lutional layers, two 32 dimensional feature vectors are concatenated along their third
dimension, totaling in a 64 dimensional feature vector. Another 4 convolutional layers
are applied on the merged feature map to conclude the convolutional layer. After each
2 convolutions a max pooling layer with strides of 2 is applied on feature output. To
avoid over-fitting, the commonly used drop-out [166] scheme with a drop probability
of 0.5 is employed prior to passing the output to the fully connected layer. The two fully
connected layers have a dimensionality of 1024 and 8 respectively in which the latter is
the flattened output homography estimate. Instances are processed in batches of size
64.

Rectified Linear Units (ReLU) are used in each neuron’s fire module to add non-
linearity to the feature outputs. Both the momentum and Adam optimizers have been
tested for the proposed system. For momentum optimizer, as proposed in [55], a mo-
mentum value of 0.9 with piecewise constant learning rate of 0.005 with a decay factor
of 0.1 is applied in the iterations 30000 and 55000. For Adam optimizer, we kept the
learning rate and decay factor the same as for the momentum optimizer with the ep-
silon set to 0.1. The total number of epochs per model is set to 75000 which roughly
equates to 10 rounds over the dataset.

To evaluate and train the network, an Ly-norm on the difference of the target H; and

estimate H;' is used as the loss function.

1 *
loss = > ) ||Hi — H; I5 (3.1)
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3.3.2 Hierarchical Model

A hierarchical model arranges neural network modules in a stacked manner and succes-
sively reduces estimation error bounds. In each module, an approximate H;" of targeted
homography H,; is generated. To prepare data for the next module, a new target homog-
raphy H; is calculated by simply subtracting the estimate from the processed module’s
target, and a new image pair (I}, I?) is generated by warping one image in the pair using
the new target.

H;=H;_, — Hf ,

(3.2)
(Iilfliz) = (11'1—1 * Hj, Ii2—1)

It is worth noting that the dynamic range of H; at each iteration is smaller than
the previous iteration. In other words, the new target is actually the error residual of
estimates calculated in the module.

max(H;) —min(H;) < max(H;_1) — min(H;_1) (3.3)

As explained, each module estimates the residual value of the overall homography.
To calculate the final result that can directly transform one image to another, all 4-point
estimates of the successive modules are added up together. Early modules tend to have
larger values than later modules in the framework, since the residuals have lower dy-

namic ranges.

H* = H; 4 (3.4)
i=0..n

Overall, this approach is similar to an iterative optimization scheme. Each module
in this hierarchy is trained on the outputs of the previous module in order to produce a
smaller error residual. This is in essence similar to Boosting methods [157] that divide
feature space into chunks and assign them to various weak learners. After a learner is
done, another weak learner starts learning based on the features assigned to it, and this
process iteratively continues until all weak learners eventually create a strong learner.
In contrast, our proposed framework does not divide the feature space. Instead, it trains
the next model only on the residual of the previous module. Boosting also uses a weight-
ing mechanism. In our model, the weighting scheme can be considered as an implicit
function, as each module provides a smaller valued estimate. Figure 3.3 depicts the

proposed hierarchical framework.
Warping with predicted homography values for each module results in a visually
more similar patch pair. This can be visualized as a geometric morphing process that

takes one image and successively makes it resemble the other, shown in Figure 3.1.
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One relatively important benefit of the modular design of the hierarchy is that it is
not restricted to the use of one specific network architecture. At each level, depend-
ing on the error boundaries, data statistics, accuracy and speed requirements, different
networks could be used.

3.4 Dataset

We are using the Microsoft Common Objects in Context (MSCOCO) 2014 dataset [110].
First, all the images are converted to grayscale and are down-sampled to a resolution
of 320 x 240. To prepare training and test samples, they are randomly divided into two
groups [55]. A training set with 77870 and a test set of 5000 base images. Later, five
samples from each base image is generated in order to increase the dataset size. To
achieve this, five random rectangles of size 128 x 128, excluding a boundary region of
32 pixels, are chosen from each base image. A random perturbation in the range of 32
pixels is added to each corner point of the rectangles. This provides us with the target 4-
point homography values. Target homography is used with the OpenCV library to warp
original images. Finally, original corner point coordinates are used within the warped
images to extract the warped patches. The pair of chosen patches along with the values
of random perturbations (4-point homography) are fed as inputs to the system.

3.5 Implementation

We have realized a Tensorflow! [2] implementation of the proposed module. In ad-
dition, we have introduced a slightly different implementation of the weight normal-
ization paradigm. To train we have used local machines and Google Cloud Machine
Learning Engine 2, but all the tests were performed on a local machine equipped with
an Intel Core-i7 CPU at 4.0Ghz, 32GB of memory, and an Nvidia Titan Xp graphics card
with 12GB of available memory.

Our tests achieve an average processing speed of 3 milliseconds per network. When
the same neural network model is used in each module, the overall computational time
is given by,

de = (I + 1) xn (3.5)

where d, is the end-to-end delay, /,, the average latency at each module, [, the over-
head of warping to generate a new pair, and n the number of modules used in the
framework. The real-time processing speed and architectural flexibility of the proposed
model satisfies the requirements of most potential applications.

ltensorflow.org
2cloud.google.com /ml-engine
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Model name Pa.rallel %ayer M?rged %ayer
dimensions dimensions
64 dims 32 x4 64 x 4
128 dims 64 x 4 128 x 4
256_dims deep 64 x 4 128 x 4 + 256 x 4

TABLE 3.1: Model names and parameters.

3.6 Experiments

In this section, we report training and test performance of our method under vary-
ing conditions. First, we show how our framework ranks against state-of-the-art ap-
proaches. Then, the results of single deep modules are compared. For this purpose, a
series of models with different layer widths, as described in table 3.1, are implemented.
The performance of the proposed model against occlusions is demonstrated in the third
subsection. Then, the effects of various parameters are evaluated. And finally, we dis-

cuss how the optimal number of iterative modules is chosen.

3.6.1 Accuracy Results

First, we experimentally compared the corner error of our hierarchical convolutional
network with two other approaches. The corner error is achieved by calculating L, dis-
tance between target and estimate corner locations and averaging them over 4 corners.
The approaches used for comparison consist of a traditional one and a convolutional
one. The selected traditional approach is based on ORB key-point matching followed
by a robust RANSAC homography estimation scheme. The reference deep convolu-
tional approach is the HomographyNet by [55].

Using our network, we report in Figure 3.4 the progressive improvement that re-
sults by iteratively stacking several networks, and the final results are shown in Table
3.2. This is compared with the other two approaches. HomographyNet-classification
provides the worst results in this case. Its lower performance is attributed to the quanti-
zation performed on the range of values to extract bins for each value. Our hierarchical
network achieves a drop in pixel error from 12 pixels to less than 4 pixels. The compa-
rable convolutional HomographyNet only achieves an error of 9 pixels.

For the sake of simplicity, we kept the same model at each module of training. How-
ever, multiple combinations are also possible, which will be discussed in Section 3.7. As
more models are stacked, higher accuracy is achieved. This is due to the fact that each
model is trained to reduce error bounds of the previous model. There are downsides to
having more models in the stack. One is the introduction of an end-to-end delay. How-
ever, the high speed of our network can largely compensate for the introduced delay.
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| Method | Pixel Error | Error reduction |
ORB+RANSAC 11.7 —
HomographyNet[55], 9.2 21.37%
Proposed 3.91 66.58%

TABLE 3.2: Test Results. Comparison of our method with a traditional
feature-based (ORB key-points) robust estimation scheme and homogra-
phyNet, both reported in [55], against our proposed approach.
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FIGURE 3.5: Training curves showing the learning process for imple-
mented models in log(L,) scale.

3.6.2 Single Module Comparison

Another conducted experiment targets the width of the network. To address the learn-
ing process, we report the L, training loss curves using a logaritmic scale in Figure 3.5.
As expected, the narrower the network, the lower the performance. Using wider net-
work configurations only slightly increases the performance with an additional cost on
memory requirement. We have also observed that any network narrower than 64_dims
provides notably worse results, and anything wider than 128_dims produces a negligi-
ble increase in performance, while significantly increasing model size and training time.
In fact, stacking a simple module such as 64_dims twice in the hierarchy is capable of
providing significantly better results than any of the other methods.
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w No 6.25% 25% mix of
Train noise noise noise all
No noise 3.91 7.5 12.56 8.21
Mix of all 4.58 6.41 9.04 6.74

TABLE 3.3: Effect of occlusion on the performance. The left column
shows the datasets used for training. The pixel-wise corner accuracy of
each test dataset is noted underneath the corresponding column header.

3.6.3 Occlusion Analysis

In this section the performance of the proposed system is benchmarked against occlu-
sion. To simulate occlusion, the Caltech-101 [64] dataset is used. Each image in this
dataset is resized to patches of size 32 x 32 and 64 x 64. Then, we randomly augment the
MSCOCO dataset with generated occlusion patches from Caltech-101 and create three
datasets. The first dataset is only augmented with 32 x 32 patches representing an oc-
clusion ratio of 6.25%. The second one is created using 64 x 64 patches resulting in an
occlusion ratio of 25%. And the final dataset is a fair mix of no-occlusion, 6.25%, and
25% occluded images.

First, we test the model that has never encountered any disturbances during training
against the noisy data. Second, we retrain the model with the occlusion dataset and test
again for all the scenarios. The results of these tests are shown in Table 3.3. As expected,

the model trained with noisy data has a higher generalization power overall.

3.6.4 Model Depth Evaluation

As shown in Figure 3.5, a deeper network increases the performance but only by a small
margin, while significantly increasing the model complexity. This is not a satisfactory
trade-off. The reason for this is the fact that extracted features are already capturing
variations to the full extent as they can. While in the hierarchical usage, the warping
function introduces a sort of geometric information that convolutional models have a
hard time capturing from a single input set. The fact that more pooling layers are ap-
plied leads to the loss of spatial information.

To justify these claims, we have implemented a model with 4 extra convolutional
layers. This results in a model with 4 twin layers, 8 convolutional layers with a pooling
layer after each 2 convolutional layer, and 2 fully connected layers. A feature dimen-
sion size of 256 is assigned to the newly added convolutional layers. Results of this
comparison are also shown in Figure 3.5, which confirms our hypothesis stating that
more parameters and layers aren’t assistive in this specific case. However, when using
the second module in the hierarchy, our proposed framework clearly outperforms the

competition.
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FIGURE 3.6: Parametric Evaluation. Batch normalization is benchmarked

against Weight normalization. Effectiveness of batch normalization is

shown for homography estimation. Performance of Momentum opti-
mizer and Adam optimizer are very similar.

3.6.5 Regularizers and Optimizers

Batch normalization [88] aims at providing a faster learning convergence by reducing
the effect of the covariate shift in the data using statistics from the batches. Weight
normalization [154] has also a similar goal, however instead of normalizing the inputs
of the layer, normalization is applied on the layer weights. We have compared these
two approaches and our results show that batch normalization has better performance
for this task. Weight normalization results in a slower convergence and under-fitting
in the model. The comparative experiment is shown in Figure 3.6. Another important
aspect to note is that having a regularization function is vital in the training phase and
failing to use any exhibited devastating effects on the learning performance.

In another experiment, Adam and Momentum optimizers are compared against
each other. We have concluded that both methods have a very similar performance
in training and their differences are negligible. Results of this comparison are shown in
Figure 3.6.
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FIGURE 3.7: Hierarchy size evaluation: training error vs. test error.

3.6.6 Optimal Number of Modules

Finding the optimal number of modules to use depends on the complexity of the task
and on the complexity of the module to be employed. As it is shown in Figure 3.7, for
the 64_dims model, after the fourth module, the error residual is too shallow and it is
very difficult for the model to learn. This is also shown in Figure 3.5 where the training
loss for the fourth module has almost plateaued.

As in all machine learning approaches, a zero error value can not be achieved by
chaining many modules together. This is due to the fact that after a few modules, the
error residual gets very small and it becomes extensively difficult for it to learn. This
results in a test error that starts to diverge from the training error, indicating that an
over-fitting phenomenon is happening in the module.

3.7 Conclusion

In this chapter, we have proposed a hierarchical model to use convolutional neural net-
works in order to target homography estimation. We showed that with our simple hi-
erarchical model, results are significantly better than the state-of-the-art at the time of
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this publication. This chapter shows that deep neural networks are capable of effec-
tively learning to regress homography from image pairs. A reduced parameter space
entails faster and more manageable implementations. In our architecture, twin mod-
ules are unaware of each other until the merge function happens. Adding correlation
features between parallel layers could potentially lead to better solutions. In addition
to stacking, parallel modules could also be used in this hierarchy. The significance of
our results is convincing enough to adapt this approach to further tasks such as odom-
etry estimation, which are currently dominated by conventional approaches. Adapting
our model to odometry estimation is ultimately straightforward. However, in order to
handle the complexity of odometry, multiple measures must be taken. Augmenting the
model to use semantic information could provide robustness against outliers such as
dynamic objects. To capture a wider range of transformational cues, a better convolu-
tional model needs to be designed. Finally, to handle the error propagation through
consecutive frames, a sequential learning model must be utilized.
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Chapter 4

Deep LiDAR Point-Cloud Odometry

In this chapter, we propose a deep model that learns to estimate odometry in driving
scenarios using point-cloud data. The proposed deep registration model is used in an
iterative order to extract frame-to-frame odometry estimations. Also, a local bundle
adjustment variation of this model using LSTM layers is implemented. These two ap-

proaches are comprehensively evaluated and are compared against the state-of-the-art.

4.1 Introduction

Autonomous vehicles should be able to operate in known or unknown environments.
In order to navigate in these environments, they have to be able to precisely localize
themselves. A major issue in localization and mapping is caused by the tight coupling
between these modules. We require highly precise maps for localization, and at the same
time, accurate localization is required to create precise maps. This inter-dependency
has raised interest in such methods that perform both tasks at the same time, termed
Simultaneous Localization and Mapping (SLAM).

In an unknown environment, maps are not available to be used as a priori of the
environment model. Localization module is needed to infer the position on its own.
One way to address this challenge is to estimate the amount of movement in between
two individual observations and incrementally calculate the location of the sensor in the
coordinates frame of the first observation. This is termed Odometry based localization.
In this regard, we propose to build a novel method to tackle this problem by relying on
the rich sensory data from lidar in an unknown environment.

Various traditional approaches [200, 201, 107, 37, 16] are proposed to perform scan-
to-scan matching to extract odometry data. The majority of these models rely on using
Iterative Closest Point (ICP) and RANSAC [76] to extract the registration. The majority
of odometry estimation approaches utilize a temporal filtering stage that is classified
as the Filtering or the Bundle Adjustment.Filtering models summarize the observations
in compact representations. This makes them lighter and faster than bundle adjustment
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methods that maintain a much larger set of observations and constantly refine their past
and current predictions.

Deep neural models have revolutionized many aspects of the computer vision field
[164, 78, 172]. Point-cloud processing is one of the challenging scenarios that deep mod-
els have a harder time expanding. This is due to the complexity in the scale and the
unordered nature of the information representation in point-clouds. [208, 138, 140, 112,
139, 117] have tackled this problem. Many of these approaches are designed to address
the classification and segmentation tasks on point-clouds. A comprehensive review on
these methods can be found in [75].

Designing a localization system that will function in unknown environments is a
much more challenging problem. To tackle this challenge, we adapt the neural models
designed to process point-clouds for segmentation and classification to this task. By
utilizing their descriptive power, the features required to estimate the odometry are ex-
tracted. More specifically, the input point-cloud data is processed using Siamese Point-
Net++ layers [140]. It follows the same architecture as Flownet3D [112] in order to ex-
tract the correlation between feature maps. The point-clouds used in Flownet3D are
captured from a single object and consist of fewer points. The point-clouds used for
odometry include a much larger number of points, shifts, moving objects and drastic
changes in the environment.

Flownet3D uses up-convolutions to extract the 3D flow between two point-clouds.
Instead, we pass the features maps to fully connected layers to regress the rotation and
translation parameters.

4.2 Problem Statement

There are few ways to address the odometry problem. One is the naive approach of
processing two consecutive frames and estimating in-between transformation parame-
ters. This family of methods is mainly used in registration problems. Filtering methods
complement the model by summarizing the prior observations and using them in cal-
culating the next odometry estimate. Another way to approach the odometry problem
is to actively maintain a list of features from prior observations. With each new observa-
tion, the optimization process is repeated. The feature list and previous estimations are
refined, and the new odometry parameters are estimated. This is referred to as bundle
adjustment.

The error in odometry has an additive characteristic as shown in Figure 4.1. A small
error at the beginning of the sequence has a much worse effect in comparison to a larger
error at the end of the sequence. The main reason for better performance of the bundle
adjustment techniques in comparison to the filtering approaches is due to the fact that
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bundle adjustment methods can refine their previous estimates. However, they require
much larger memory space and computational requirements.
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FIGURE 4.1: The additive nature of error in odometry. €y; and €3 are the

same amount of estimation errors, while only occurring in different steps

of the sequence. Earlier errors add up to larger trace disparities at the end
of the sequence.

In this chapter, we utilize the naive approach to predict a transformation from one
point-cloud to the other. While it is possible to perform bundle adjustment with deep
neural models [174], using the naive approach with filtering has the benefit of limiting
memory requirements.

Furthermore, there is a severe imbalance in the odometry data that requires addi-
tional attention during data pre-processing and model design that are explained in sec-
tions 4.4 and 5.4.1.

4.3 Related Work

Traditional visual localization methods such as LSD-SLAM [62], ORB-SLAM [125], DTAM
[127], FAB-MAP 2.0 [52] mainly rely on local features such as SIFT [113], ORB [152],
SUREF [15] to detect the keypoints on camera images and track them through multiple
frames. Their lidar based counterparts, LOAM [200], VLOAM [201], LOAM_LIVOX
[107], SLOAM [37] utilize a similar processing framework with point-cloud data. The
capability of these models are always limited by the repeatability of the hand-crafted
features in consecutive frames.

One major issue in the odometry challenge is to solve the data association or reg-
istration problem. Descriptor extraction from detected key-points facilitates a way of
achieving this. However, as the descriptors can be confused, a RANSAC [76] like sys-
tem is used to rule out the outliers. After feature matching and outlier removal, the
transformation is estimated. To generate a more robust estimation through odometry, a
temporal smoothing technique is usually employed [167].

Zhang and Singh [200] introduce Lidar based Odometry and Mapping (LOAM),
which is one of the most prominent works in this field. LOAM extracts key-points from
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lidar point-clouds. These features are then used to build a voxel grid-based map. They
dynamically switch between frame-to-model and frame-to-frame operation to simulta-
neously estimate odometry and build a map. Chen et al. [37] build on the idea of LOAM
by replacing the key-points with semantic objects and, Lin and Zhang [107] introduce
implementation optimization and adaption to solid-state lidars that have smaller field
of view.

It is shown that the use of learned features provides better results in computer vision
tasks in comparison to hand-crafted ones. Following the revolution of deep learning in
image processing, Chen et al. [39] extract deep learned features from images that are
later used to perform the place recognition task. One of the early networks for cam-
era pose estimation is defined in [94] and is termed PoseNet. It estimates the camera
re-localization parameters in 6 Degrees-of-Freedom (6-DoF) using a single image. To
achieve this, it uses a deep convolutional neural network and trains to regress the pose
in an end-to-end basis. Their method achieves translation accuracy of 2 meters and an-
gular accuracy of 3 deg. In contrast with traditional methods that rely on Bag of Words
(BoW) [65, 100], this method only requires the network weights and is highly scalable
for place recognition. However, as the network weights represent a map, each new lo-
cation will require a new training. Brahmbhatt ef al. [23] increase the performance of
the PoseNet by replacing the Euler angles with the log of unit-quaternions and incor-
porating odometry results from pre-existing methods. This parametrization of rotation
only requires 3 values instead of 4 parameters of quaternions and it avoids over param-
eterization. Fusion of visual odometry estimates with estimated pose further reduces
the final error. In contrary, Cho et al. [41] show that Euler angles are more stable than
quaternion based loss in their study. Sattler et al. [155] provide a comparison of visual
localization methods on multiple outdoor datasets with variable environmental condi-
tions.

There is an increasing interest in recent years to solve the odometry problem with
deep learning models. One of the first works that directly tackles the visual odometry
challenge through an end-to-end approach is proposed by [180]. Odometry is estimated
by utilizing a 9 — layered convolutional neural network with two LSTM layers at the
end. Yang et al. [195] use a monocular image to extract depth and then utilizes it in a
classical state estimation framework of [61] to estimate the odometry. Chen et al. [32]
combine the classical state estimation models with deep neural networks. An LSTM-
based temporal model is used to update the prediction step parameters for the Kalman
filter. This way, hand-crafted kinematics models are replaced with a learning one. In the
update step, deep features extracted from a camera based encoder network are used as
the observations to correct the latent system state.

Processing point-cloud data is very different than processing images. Special tricks
are required to apply convolutional networks on this data. Li et al. [105] build depth
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maps from lidar point-clouds and uses it to extract surface normals. Using multi-task
learning, it tries to simultaneously estimate odometry and build attention masks for
geometrically consistent locations through a Siamese model. Their model consumes the
sequential lidar point-clouds and outputs the 6-DoF transformation parameters. Using
their combined loss function, they achieve comparable results to traditional approaches.
This method does not employ any temporal filtering strategies. Cho et al. [41] utilize
two siamese networks; one with surface normals and the other with vertices. Features
extracted from both Siamese branches are summed and passed to a odometry extraction
network.

The deep neural models that take raw point-clouds as input are categorized in two
groups: Voxel-based and Point-based methods. A voxel is a 3D partition in the 3D point-
cloud space. The point-cloud is sub-sampled into multiple voxels and points inside
each voxel are treated as a connected sub-group. The advantage of voxel representa-
tion is the inherent spatial coherence that it embodies. This makes the application of 3D
filters on the data easier. However, the downside is caused by the ambiguity and chal-
lenges of the voxelization process. The size and the location of each voxel is a parameter
that carries a huge effect on the performance of the system. Furthermore, the majority
of the voxels in 3D space contain almost no observations, and only consume valuable
compute power. Zhou and Tuzel [208] introduce VoxelNet that describes points in each
voxel by analyzing their inter-point interactions through a set of point-wise and locally
aggregated features. The objective of this method is to find 3D objects in the scene.

Unlike the volumetric models, point-based approaches directly consume the points
in the cloud. These methods rely on local region extraction techniques and symmetric
functions to describe the selected points in each region. Qi et al. [138] introduce the
idea of approximating a symmetric function using a multi-layer perceptron in order to
process unordered point-cloud data. Convolutional filters are used on these features to
perform 3D shape classification and object part segmentation. This work is expanded by
PointNet++ [140] to better extract features from local structures. This is achieved by the
usage of iterative farthest point sampling and grouping of the unordered points to hier-
archically reduce their number and only maintain a more abstract representation of the
original set. Ben-Shabat et al. [17] expand on the idea of using symmetric functions and
proposes 3D Modified Fisher vector representation for semantic understanding. They
design a discrete grid structure and use it for continuous generalization with Fisher
vectors.

A weakly supervised deep learning model architecture for point-cloud registration
is proposed by [196]. Ground truth annotations are automatically generated by using
GPS and Inertial Navigation System (INS) data. Similar to our work, they use PointNet
[138] as their backbone in a Siamese architecture [26]. The employed attention mod-
ule [128] targets selection of relevant features and discards the less relevant ones. The
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extracted correspondence between them are later used to estimate the transformation
parameters between point-clouds. Their model does not generalize as well as state-of-
the-art on noisy point-clouds.

Any deep learning approach that uses the Siamese model for odometry relies on a
matching layer that could be implemented in various forms. Revaud et al. [148] intro-
duce a new layer that hierarchically extracts the image features for dense matching that
is used for flow estimation. Flownet [66, 87] convolves features of one Siamese branch
against the other and uses the results to explain the scene flow.

At the time of writing this chapter, there are not many datasets available for the local-
ization of autonomous vehicles. The KITTI dataset [68] is the most famous autonomous
driving dataset. It provides high resolution stereo images, lidar scans, D-GPS trace,
IMU data, along with the calibration parameters for each sensor, and sensor-to-sensor.
System observations are collected at 10 fps over a path of 39.2 km and are provided with
annotations. We mainly rely on this dataset in our experiments. It is worth to mention
that there were valuable recent additions [28, 168].

4.4 Data Pre-processing

4.4.1 Label Extraction

The KITTI dataset employs global pose coordinates on the local frame. Pose informa-
tion is provided from the view of the first frame as the center of the coordinate system.
These, however, are not suitable labels for the frame-to-frame odometry estimation task.
Frame-to-frame pose transformations are achieved through the following formula:

Xig1 =T X
o ' . 4.1)
Tz,z+1 — GO,1+1 . GO,i

T; ;41 is the local transformation between two coordinate centers X; and Xi;1. Gy
and G ;41 are the global transformations from the first frame (center of the global coor-
dinate frame) to the frames i and i + 1. This is also represented in Figure 4.2.

We find the minimum and maximum for each of these parameters and use it to
normalize the labels in the range [0, 1].

4.4.2 Point-Cloud Sampling

The point-clouds in the KITTI dataset consist of 100k points per frame. This is a huge
set of points. Given that lidar observations become less reliable at longer distances, we
remove any point farther than 50m from the center in the x and z dimensions. There is
still a large number of points remaining after this step. To reduce these points, we use
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FIGURE 4.2: Visualization of the sequential local pose transformations
(Red) and global poses (Blue).
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the farthest point sampling strategy [60] to sample only 12k and 6k points that are later
used in our experiments.

Point-clouds collected in driving environments usually contain a large amount of
ground points. Ground points are not useful to extract motion information and are
usually discarded as a pre-processing step [178, 56, 112]. However, ground as a flat
surface can provide cues regarding the pitch and roll orientations of the vehicle, which
is valuable for the estimation of 6-DoF odometry. This entails that sampling ground
and non-ground points with different proportions can provide the needed information
to balance the trade-off between the size of the data and the accuracy of the system. We

choose a 75% — 25% sampling ratio for non-ground and ground points.

4.4.3 Dataset Augmentation

Before tackling the problem, the input data needs to be analyzed thoroughly. One of ma-
jor issues with using deep learning models for odometry results from the nature of the
labels that are highly imbalanced. The majority of roads are designed as straight lines
to maximize the efficiency of the transportation system as a whole. Only a few turns are
made in long drives from a start point to a destination. The amount of time spent for
rapid acceleration and deceleration is usually much lower compared to cruising. This
translates to a huge imbalance in the dataset. Most of the transformations between con-
secutive frames are centered around a specific average. There are a few outliers that
define major changes in direction and speed. However, they constitute such a small
ratio that presenting a network with this data does not result in good generalization for
these outlier cases. Deep learning models are highly dependent on the datasets to be as
complete as possible, which is not the case in these scenarios.
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FIGURE 4.3: Histograms of the consecutive transformation parameters
before and after data augmentation.

There are techniques on the model side as well as on the dataset side to address this
issue. On the dataset side, one approach is to under-sample the abundant transforma-
tions to have a better distribution of data points. However, this will result in removal
of dynamic noise information. Even though the transformations are still very similar,
there are dynamic objects around the vehicle that provide valuable information to the
model in understanding the objectives of motion. Another approach is to over-sample
the minority labels. This way, more data points are generated. Models can use this to
learn the dynamics of the environment while assigning the required attention to minor-
ity transformations.

In 6-DoF motion, there are three rotation and three translation parameters that need
to be estimated. Rotation components include «, 8, and vy as the pitch, yaw, and roll, and
translation components consist of motion in x, y, and z axes. There are various meth-
ods that perform over-sampling - e.g. repetition, or Synthetic Minority Over-Sampling
Technique [31].

Another alternative approach to augmenting data is to add skip steps. This way, it is
possible to add the odometry between frames i and i + N to the training set. This results
in coverage of a larger range of motion. However, as this augmentation will result
in a similar amount of imbalance, we decided not to include it in our augmentation
framework.

In order to achieve a more balanced dataset, we use the repetition method based on
the amount of divergence from the average odometry value. To augment the dataset,
we first calculate the average y and standard deviation ¢ for the rotation and translation
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component norms individually. The reason for keeping this step separate is the fact that
these values are in different ranges, and there is a correlation in between them. Usually,
when the vehicle is moving fast, rotation components (especially the yaw component)
are very small. When the vehicle is turning, the yaw component takes a larger value, but
the translation components are smaller. To decide on which samples to use, we follow

3 rules:

e Translation: if X; < |y — cot| then augment with X.
 Rotation: if X, < |, — coy| then augment with X.

* If both translation and rotation rules are satisfied perform another augmentation

run with X.

Rotation and translation parameters are respectively shown using subscripts r and
t on the transformation X. c¢ is the ratio that controls the distance threshold. In our
experiments 4 is set to 1.

Once a point pair is chosen to be repeated, the number required copies is calculated

using the following formula.
1

x—p

N, = [2¢ . 51 4.2)
D is a divisor value that explicitly controls the magnitude of the repetitions and is set
to 4. x is the rotation norm or the translation norm for the transformation X. y is the
average value and ¢ is the standard deviation that are acquired from the dataset. Finally,
Nx represents the total number of repetitions for transformation X.

In this way, we add approximately 10000 samples for rotation, 6000 samples for
translation, and 2000 samples for both.

In the majority of driving scenarios, the cars are in motion and are seldom stopped.
To address this, we repeat the identity transformation with a random probability of 10%
on the dataset. This results in the addition of approximately 2000 samples to the training
set.

Figure 4.3 compares the distribution of data points before and after augmentation.
The imbalance in specific components is not completely removed, but is less than in
the original model. This is especially the case for yaw () and z components that have
a major effect on the accuracy of odometry. It is worth mentioning that, as all these
components are correlated to each other, completely removing the imbalance only using
this data is an impossibly challenging task.
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4.5 Model Architecture

4.5.1 Proposed Core Model

We rely on PointNet++ layers [140] to build our model. Similar to their model, we
propose a Siamese network that is able to regress the transformation between two point-
clouds. Instead of passing the whole point-cloud to a PointNet feature extraction layer,
we divide the inputs into two groups; one for ground points, and the other for non-
ground points. For ground points, we only use a single PointNet layer with a grouping
distance threshold of 4 that outputs 400 points along with their descriptors. Descriptors
are generated using 3 consecutive multi-layer perceptrons (MLP) of size (64,96,128).
For non-ground points, there are two layers that subsequently use grouping distances
of 0.5 and 1. 1500 points are produced in the first layer and they are summarized to 800
points in the second layer. Both of these layers use 3 MLPs where the first one consists
of (64,80,96) and the second one has layers of size (112,128, 128). The distance metric
used to group ground points is larger than the non-ground ones. This is due to the
harsher sampling performed on the ground points that has resulted in larger distances
between the points.

As the PointNet++ layers use farthest point sampling internally, we keep the ground
and non-ground features separate for the feature extraction layer. The final outputs of
ground and non-ground segments both have a dimensionality of 128. Both feature maps
are concatenated along the points dimension building a feature map of size 1200 x 128.
At this stage, features from each frame are passed to the flow embedding layer of [112].
We use the cosine distance metric to correlate the features of each frame to each other.
For further future extraction in this layer, we use the MLP with (128,128,128) width.
Through some experimentation, we found using the nearest neighbor with k = 10 gave
the best results at this step. The final output shape of this layer is 1200 x 128.

Once the embedding between two frames is calculated, we run another feature ex-
traction layer with the radius of 1 and MLPs of size 128, 96, 64. This layer is also respon-
sible for reducing the number of feature points that results in a feature map of shape
300 x 64. All of the layers up to this stage include batch normalization [88] after each
convolution.

The resulting 2D feature map is flattened and a drop-out layer with a keep probabil-
ity of 0.6 is applied on it. In order to extract the rotation and translation parameters, we
use two independent fully connected layers of width 128 and 3.

The final outputs of size 3 are concatenated to build the 6-DoF Euler transformation
parameters. Figure 4.4 shows the architecture of this network.
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formed to PCLy. The residual transformation between PCL; and Xy is
calculated and used to estimate the next iteration of the model.

4.5.2 Hierarchical Registration Model

In traditional literature (optimization or RANSAC models) [53, 96, 11], an odometry
prediction is refined quickly through multiple iterations. We argue that the same could
be applied in the case of deep learning-based odometry estimation models. Inspired by
the hierarchical homography network [132], we use multiple layers of the same network
to train on the residuals of previous predictions. In this way, each network reduces the
dynamic range of error from the previous models and successively achieves a better
result. Figure 4.5 shows this process.

The higher accuracy comes with the cost of increased train and test times. The key
element in this approach is to keep the computational complexity as low as possible
for each module in order to satisfy real-time processing requirements for the odometry
task.
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require additional layers from the registration model to be included and
re-learned inside the temporal model.

4.5.3 Temporal Filtering

The goal of the odometry model is to smooth the effect of errors caused by the regis-
tration network. Our proposed model requires a large amount of memory due to its
mid-level feature representation. Adding the memory requirements that the tempo-
ral model imposes, training quickly becomes a challenge for the system. Furthermore,
training the core registration network is already a difficult task. Extra parametrization
from the LSTM model makes an already difficult task, an even more challenging one.

To alleviate these issues we propose a two-stage training approach that breaks the
initial feature extractor and the temporal filter into two disjoint models. Once the core
registration network is trained, mid-level features are extracted and used as inputs to
train the temporal model.

The base of our proposed temporal model consists of two fully connected layers of
width 64 and 128. It is followed by two bidirectional LSTM with 64 hidden cells with a
soft_sign activation function. The output of the LSTM is fed to a fully connected layer
with a size of 64. Finally, in the output layer, we have two fully connected networks
with 3 nodes each that estimate the rotation and translation, individually. We employ
drop-out and batch-normalization after each layer. For the LSTM model, a temporal

window of 5 frames is utilized. This is shown in Figure 4.6.
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4.5.4 Loss Function

As explained in Section 4.4, the odometry labels suffer from data imbalance problem.
The majority of the instances in the dataset follow a straight line, with only a few of
them constituting the turns. To tackle these challenges, we incorporate measures in our
loss function.

Using the naive L2-norm diminishes the effect of instances with larger errors, as most
of the batches result in smaller errors. It is required to make the model more sensitive
towards larger errors. This is achieved through the use of online-hard-example-mining
(OHEM) loss [163]. In OHEM, only the top k samples with highest loss values are used
to calculate the final loss. However, once this value is set it does not change during the
training. This could result in a training session that has high fluctuations in loss values.
To address this, we implement an adaptive version of OHEM loss, that increases the
number of top k after certain epochs. The model initially focuses on the hardest exam-
ples, before its attention shifts towards all of the examples. This provides the hardest
examples that are less frequent with a chance to drive the network towards the global
minimum.

Another aspect of the loss function is to analyze the effects of errors in each com-
ponent of the label. Rotation and translation components are separately extracted from
the model. To enable the model’s capability of adapting to each component, instead
of using the naive approach, we employ a weighting mechanism. To introduce uncer-
tainty in our loss function, we consider a normal distribution around the labels. The
probability of a correct regression is shown in 4.3.

Jx— 2| *

1 1
P(x|W) = mexp(—i( 5

) (4.3)

Where W is our observation, £ is the prediction. The log of this function is calculated,
and it is rephrased as a minimization problem. In odometry, there are 6 parameters
to be learnt that represent two components. We use the same weight for parameters
related to each component. Hence, the equation is expanded to accommodate for this

requirement.

—2.|2 _a2
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x; and x, are predicted translation and rotation variables. In order to practically
implement this loss function, we need to ensure that the learned confidence ¢ that rep-

resents the uncertainty of the task has a positive value. To achieve this, we replace the ¢
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with exp(w) that ensures a positive value for this parameter. Further, the constant coef-
ficients of this equation are removed. This results in the following final loss function.

Lo = exp(—wy)||xr — X || + wy + exp(—wy) || x; — X¢|| + wi 4.5)

%t and ¥, define the ground-truth. w, and w; are the trainable weighting parameters,
and [, defines the final loss.

4.6 Experiments

Estimating 6-DoF odometry using point-clouds is a challenging task. All the points are
down sampled as described in section 4.4. We first use the registration model to extract
the transformation between two frames. This could be repeated for all the point-cloud
pairs to generate the odometry trace. However, the additive nature of the noise quickly
drifts the trace away from the ground truth as explained in Section 4.2. Due to this
fact, there is no single metric that can explain all the various failures in the system. We

evaluate various aspects of the model using KITTI odometry metrics:

* Absolute Trajectory Error (ATE) measures the difference between estimated and
ground truth trajectory points. ATE is measured in meters scale.

* Sequence Translation Drift Percentage and Sequence Rotation error per 100 me-
ters. For each sequence, the ratio of translation error to the total amount of trans-
lation is used to calculate the drift percentage.

e Relative Rotation Error (RRE) and Relative Translation Error (RTE). RRE is defined
as the sum of the rotation error in consecutive frames and is measured in degrees.
RTE is the sum of the translation error in consecutive frames and is measured in
meters.

RTE and RRE are the most important metrics as they evaluate the effectiveness of
the model for frame-to-frame estimation, independent of the trajectory. This is the main
target that the model is trained for.

We follow the standard division of training and test data in the literature [41, 105,
200]. Sequences 00 — 08 are used as the training set and sequences 09 — 10 are used as
the test data.

4.6.1 Hierarchical Model

In this section we evaluate the performance of the hierarchical model acronymed as
8kdk_comp. Figure 4.7 shows the trajectories of various training iterations and Figure 4.8
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presents their error metrics. As expected, estimates of the second iteration are far supe-
rior to the first iteration. The third iteration reduces the error further but the reduction
rate is smaller than the previous iteration. This is due to the fact that after a certain num-
ber of networks stacked, the learning process will plateau as the amount of information
to learn is much smaller. This trend is clearly visible in RTE and RRE metrics.

Figure 4.9 shows the distribution of the labels through multiple stages of the training
procedure. Every iteration results in a narrower distribution of individual parameters
in each label meaning that the residual error is shrinking. This shows that the model is
effective. The rate of this reduction is smaller in iteration 3, as the learning process for
the model slows down.

4.6.2 Temporal Model

The complexity and the accuracy of the hierarchical model are increased by adding more
iterations. Another way to increase the accuracy by keeping the complexity lower is to
employ temporal features.

Training the frame-to-frame estimation model requires a significant amount of sys-
tem resources. Adding LSTM on top of that model will dramatically increase these re-
quirements. In such cases, it is common to use a pre-trained feature extraction network
and provide mid-level features as inputs to a LSTM model. We extract three feature
maps from our model in various layers, as below:

¢ Feature maps immediately before the flow embedding layer (PREF).
* Feature maps immediately after the flow embedding layer (POSEF).

* Feature maps prior to the fully connected layers in the feature extraction network
(FCLEF).

Figures 4.6 and 4.4 show these feature maps along with the relationship between the
frame-to-frame prediction network and the temporal model. PREF is the earliest level
of features among the three. This model requires the largest amount of calculations as
the flow embedding and the feature extraction layers from the original model have to
be included next to the LSTM model. The advantage of this feature map is the inclusion
of the matching layer in the LSTM model.

To reduce the complexity further, POSF features are used. This is achieved by em-
ploying features after the flow embedding layer. However, a point-cloud feature extrac-
tor needs to be present in the LSTM.

Finally, FCLF is the smallest feature map. Most of the flow matching and feature
extraction work is completed and only the fully connected model is left for the LSTM
model.
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Once we employ the temporal features, the focus of errors will slide from RRE and
RTE towards the other metrics, as they are more adequate for sequence-based analy-
sis. PREF provides the best results for sequence analysis. This was expected as the
matching layer gives more power to this model. However, while evaluating RRE and
RTE, we observe that the FCLF features are outperforming both PREF and POSF fea-
tures, especially in their relative rotation error. This is the objective that is used to train
the frame-to-frame registration model. FCLF mimics the registration model rather than
learning temporal features as the provided features are much less informative compared
to PREF and POSE.

Figure 4.10 shows the results of these comparisons. It is seen that the usage of mid-
level features is not as fruitful as using a second iteration. In some cases the results are
worse than the original feature extraction model that is all attributed to dividing the

training process into two parts.

4.6.3 Comparison to the State-of-the-Art

In this group of experiments, we compare the proposed model to the state-of-the-art.
Table 4.1 compares various models in terms of sequence translation drift percentage
and mean sequence rotation error for lengths of [100,800]m. Please note that the results
for LOAM [200], ICPreported are taken from [105].

LOAM [200] is one of the benchmarks in this field. It clearly outperforms all of the
deep methods in the comparison. This is a new field for deep learning models and
they have not matured enough to be competitive with such traditional models. One
main reason for that is the feature extraction back-bone network. In our work, we relied
on PointNet++ [140] features. Both LO-Net [105] and DeepLO [41] use 2D depth and
surface models such as vertex and normal representations. They completely avoid the
3D feature extraction phase. This trend is also visible across the field. However, there is
a growing interest regarding the 3D feature extraction methods [182, 192, 190] that can
enhance the performance of deep odometry estimation with 3D point-clouds.

DeepLO [41] uses sequence 00-08 to train. It is clearly seen that their method is
over-fitting to the training set. Our model is also suffering from such a phenomenon,
but the scale of over-fitting is much lower. One reason for this is the size of our model
compared to the size of the input dataset. Using PointNet++ layers results in large
networks that require a large amount of data. LO-Net [105] addresses this problem by
utilizing a 2D-based feature extraction network [207, 118]. We use an implementation
of the ICP algorithm from the Open3D library'. In our implementation we use the sub-
sampled point-clouds. This results in a significant drop in performance in comparison
to the results of ICPreported [105]. The sub-sampling stage that is used to reduce the

Thttp:/ /www.open3d.org/


www.open3d.org

Chapter 4. Deep LiDAR Point-Cloud Odometry

59

- 8kak_comp_itrl
—#— 8kak_comp_itr2
—#— 8k4k_comp_PREF
—#— 8kdk_comp_POSF
200 ~m— 8kdk_comp_FCLF
€ 300
e
i}
2
s
Il
o
3
: 200
]
°
a
3
<
100
o

00 01 02 03 04 05 06 07 08 09 10

Sequence
—m— 8kak_comp_itrl -
8 —— 8k4k_comp_itr2 =
—#- 8k4k_comp_PREF -
—#— 8k4k_comp_POSF 20 -
7 —#— 8k4k_comp_FCLF =

Rotation Error (deg/100m)
- ~ w IS w o
Translation Error (%)
= =
w S &

8kak_comp_itrl
8k4k_comp_itr2

8kak_comp_PREF
8k4k_comp_POSF
8kak_comp_FCLF

0 01 02 03 04 05 06 07 08 09 10 0 01 02 03 04 05 06 07 08 09 10
Sequence Sequence
—m— 8kak_comp_itrl —=— 8kak_comp_itrl
—m— 8kak_comp_itr2 —=— 8kak_comp_itr2
—m— 8kak_comp_PREF | 0.10 —m— 8kak_comp_PREF
—m— 8kak_comp_POSF =~ 8kak_comp_POSF
—m— 8kak_comp_FCLF —m— 8kak_comp_FCLF
025
0.08
g £
2 5
5 020 3
fr <
s 2
S s
s 2 0.06
S 5
& =
2 g
5015 B
o g
0.04
0.10
0.02
0 01 02 03 04 05 06 07 08 09 10 0 01 02 03 04 05 06 07 08 09 10

Sequence Sequence

FIGURE 4.10: Comparison of the performance of the temporal model.



Chapter 4. Deep LiDAR Point-Cloud Odometry

60

computational complexity is another aspect that affects the estimation performance of

our model. The same points are not always chosen to represent the same static objects.

This inherently adds noise to our dataset. We further explore using ICP as a final step on

our estimates that significantly improves the performance. This is an expected outcome,

as the complexity of the residual problem to solve for ICP at this stage is less

than the

original one. Hence, it can easily find the corresponding points and estimate better

registration parameters.

DeepLOJ[41] | LO-Net[105] LOAM[200] ICPyeported[105] ICP Ours Ours+ICP
Sequence trel Trel trel Trel Erel Trel trel Trel trel Trel trel Trel trel Trel
00 032 0.12 | 147 072 | 1.10(0.78) 0.53 | 6.88 2.99 3214 134 | 341 148|238 1.08
01 0.16 0.05 | 1.36 047 | 2.79(1.43) 0.55 | 11.21 2.58 352 114 | 155 0.68 | 2.01 0.60
02 0.15 0.05 | 1.52 0.71 | 1.54(0.92) 055 | 8.21 3.39 2264 7.02 | 335 140|281 1.27
03 0.04 0.01 | 1.03 066 | 1.13(0.86) 0.65 | 11.07 5.05 3730 476 | 6.13 207 | 568 1.65
04 0.01 0.01 | 051 065 |145(0.71) 0.50 | 6.64 4.02 291 134 | 204 151|165 121
05 0.11 0.07 | 1.04 0.69 | 0.75(0.57) 0.38 | 3.97 193 5691 1993 | 2.17 1.09 | 1.74 0.99
06 0.03 0.07 | 071 050 | 0.72(0.65) 0.39 | 1.95 1.59 29.30 693 | 247 1.10 | 1.66 0.89
07 0.08 0.05 | 170 0.89 | 0.69(0.63) 0.50 | 5.17 3.35 42.01 28.80 | 3.62 191|123 092
08 0.09 004 |212 077 | 1.18(1.12) 0.44 | 10.04 493 |3658 1236 | 3.61 1.61 | 2.74 1.29
09* 13.35 445 | 137 058 | 1.20(0.77) 048 | 6.93 2.89 36.54 1282 | 826 3.11| 269 157
10* 583 353|180 093 |151(0.79) 057 | 891 4.74 2854 648 | 11.19 5.65| 6.22 2.33

TABLE 4.1: Sequence translation drift percentage t,,; and mean sequence

rotation error 7, for the lengths of [100, 800]m. Sequences 09 and 10 are

used as the test set.
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4.6.4 Loss comparison

The proposed model employs weighted [2_norm loss on Euler angles and translation pa-
rameters. The loss function utilizing 2 weights for each rotation and translation compo-
nents is indicated with comp, while the indiv represents the usage of individual weights
for each transformation parameter.

Figure 4.11 shows comparative results of this experiment. We observe that in the
first two iterations, component based weighting provides better results. However, in
the third iteration, individual weighting achieves comparable results to the component
based function. It is worth mentioning that the scale of reduction in error between

iteration 2 and 3 is small, and the majority of the error reduction is achieved in the first
2 iterations.
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8k non-ground and 4k ground points in the input cloud. 4k2k uses 4k
non-ground and 2k ground points in the input cloud.

4.6.5 Input Dimensionality

We evaluate the performance of the models with 12k and 6k input points. 8k4k repre-
sents the 8k and 4k division between non-ground and ground points. Similarly, 4k2k
corresponds to 4k ground and 2k non-ground point sampling. Extra points only help
in providing better descriptors at the first layer where the first sampling function in
the network is called. This results in better performance of the model, especially in
the first iteration where the disparity between matching points in two frames is much
larger. However, the difference diminishes in the second and third iterations. This en-

tails that by employing a hierarchical model we could reduce the complexity of the input
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point-cloud by using coarser 3D point-clouds. Results of this comparison are shown in
Figure 4.12.

4.6.6 Sampling Comparison

To better understand the importance of separately sampling ground and non-ground
points, we train the same model (6k_comp) with 6k globally sampled points from the
point-cloud. We train this model in a hierarchical manner and compare it to the 4k2k_comp
model that employs 4k non-ground and 2k ground input points. As it is shown in Fig-
ure 4.13, sampling without distinction between ground and non-ground points results
in far worse performance. This is due to the large number of ground points in the point-
cloud that provide much less information regarding translation and orientation of the

sensor in comparison to the non-ground points.
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FIGURE 4.13: Comparative results for various ablation studies. 4k2k uses
4k non-ground and 2k ground points as its input. 6k indicates that 6k
points are globally sampled without any distinction between ground and
non-ground points. comp uses one weight for the rotation component
and one weight for the translation component in the loss function. indiv
uses individual weights for each parameter in the pose. tmat indicates
that the rotation matrix is used instead of normalized Euler angles to cal-
culate the loss.

4.6.7 Label Representation

Normalized Euler angles are used as the primary labels along with normalized transla-
tion parameters in our experiments. To validate our choice, we compare this label repre-
sentation to the transformation matrix representation with 12 parameters (3 x 3 rotation
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and 3 translation). We employ the component-based weighting on rotation and transla-
tion components of this representation. The trained model is shown as 4k2k_tmat_comp
in Figure 4.13. Results show that normalized Euler angles are a much better representa-
tion than the 3 x 3 rotation matrix, which is an over-parameterized representation of a
rotation.

4.7 Conclusion

In this chapter, we have proposed a methodology to use deep neural networks to es-
timate odometry based on 3D point-clouds. We have proposed a data augmentation
mechanism along with measures incorporated in the loss function to estimate the frame-
to-frame transformation parameters. The proposed hierarchical model successfully re-
duces the error in consecutive iterations. Furthermore, we have evaluated the usage of
pre-trained feature maps for training temporal models.

Our results are comparable to the state-of-the-art. We argue that the extracted fea-
tures from the 3D point-clouds are not descriptive enough for this task. 3D point-cloud-
based deep learning is still a new field and 3D deep feature extraction techniques have
not matured as much as their 2D image-based counterparts. Employing novel 3D fea-
ture extraction models that require fewer parameters will enhance the performance of
point-cloud-based odometry estimators. Similar to [207], using unsupervised learning
models can enable usage of various datasets; an important bottleneck at the time of
writing this thesis. Changing the backbone to a model with lower complexity can en-
able merging of the temporal model to the registration model. This will equip the deep
model with the ability to learn temporal features more efficiently and provide it with
the capability to smooth the errors in consecutive predictions, hence resulting in better
estimates.
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Chapter 5

Radar based Open Space
Segmentation

Camera and lidar processing have been revolutionized with the rapid development of
deep learning model architectures. Automotive radar is one of the crucial elements
of automated driver assistance and autonomous driving systems. Radar still relies on
traditional signal processing techniques, unlike camera and lidar based methods. We
believe that this is the missing link to achieve the most robust perception system. Iden-
tifying drivable space and occupied space is the first step in any autonomous decision
making task. Occupancy grid map representation of the environment is often used for
this purpose. We propose PolarNet, a deep neural model to process radar information in
polar domain for open space segmentation. We explore various input-output represen-
tations. Our experiments show that PolarNet is an effective way to process radar data
that achieves state-of-the-art performance and processing speeds while maintaining a
compact size.

In this chapter, we are proposing the use of radar with advanced deep segmenta-
tion models to identify open space in parking scenarios. We collect a raw radar dataset,
extract multiple input representations and annotate it for open space. We propose Po-
larNet, a novel radar segmentation architecture. We further implement multiple well
known models and evaluate their performance on various input representations and
loss functions. Compared to the state-of-the-art, our proposed model achieves lower
memory usage and faster processing time than larger models, and better performance
compared to similarly sized models. These characteristics make PolarNet very well
suited for embedded deployment.

5.1 Introduction

Autonomous driving can be approached from various sensor modalities such as cam-
era, radar, sonar, or lidar. Each sensor provides a piece of valuable information. It is

shown that the fusion of multiple sensors is required to cover all of the environmental
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variations and achieve fully autonomous driving. Despite this observation, each indi-
vidual sensor needs to be pushed to the edge of its capabilities to reduce the complexity
of the fusion systems.

Radar sensors have been around in the automotive industry for a few decades al-
ready. The first systems were mostly used in the premium car segment for comfort ap-
plications, such as Adaptive Cruise Control (ACC). With the continuous improvement
of radar technology, recent radar sensors are also used in safety applications, such as
Autonomous Emergency Braking (AEB). Furthermore, radars are not affected by poor
lightning and fog, unlike camera and lidar respectively. The new versions of radar
will significantly increase the resolution of the observations, therefore enabling an even
wider variety of applications.

Ultra-sonic sensors are very similar to radar, with a focus on close range applications
only, such as automated parking detection. In this chapter, we propose a model to equip
radar with the ability to replace ultra-sonic sensors. In this way, a single sensor can run
in multiple modes to provide better value and reduce system complexity.

In recent years, deep learning models have achieved state-of-the-art performance on
various applications [170, 202, 146, 109, 35, 77, 138]. However, these models are rarely
used with automotive radar; traditional signal processing methods such as Constant
False Alarm Rate (CFAR) [63, 122] are commonly used to process radar data. Radar is
an alternative range measurement sensor that presents a less expensive solution than
lidar at the cost of accuracy of measurements. Recent advances in radar technology
introduced High Definition radars that address the issues with the quality of the depth
data. The lack of publicly available radar datasets could be seen as the primary reason
for the smaller amount of literature in this field. This issue is partially addressed by
novel datasets with radar observations [13, 131] that have recently been introduced to
enable the scientific community to expand the boundaries of knowledge in this field.

In this paper, we introduce a radar-camera dataset and a novel deep learning ap-
proach that takes benefit of the polar representation of radar observations and performs
open space segmentation in parking lot scenarios. Our dataset, termed SCORP, includes
raw radar observations and camera images taken in various parking lots, in addition to
open-space annotations. On the other hand, our model relies on a series of 1D and 2D
convolutions that reaches state-of-the-art performance. To address the requirements of
the automotive industry, we ensure that the model is compact and fast to run on em-

bedded platforms. Our contributions are listed as follows:

1. The first publicly available comprehensive dataset including raw radar echos along
with ground-truth open space annotations.

2. A deep model named PolarNet, that takes radar frames in polar coordinate and
generates an open-space segmentation mask in a parking-lot scenario
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3. A comprehensive study of various radar modalities, models, and loss functions
for the purpose of open area segmentation.

4. Detailed comparison of PolarNet to the segmentation state-of-the-art in terms of
performance, speed, and size.

The literature review of deep segmentation model architectures, along with radar
applications, are discussed in Section 5.2. A brief description of radar data can be found
in Section 5.3. The compared model architectures are described in Section 5.4.1. In Sec-
tion 5.5, various experiments, including the effect on model performance of using differ-
ent input data representations, segmentation models, and loss functions are evaluated.
Furthermore, the computational complexity requirements of each model are discussed
in detail.

5.2 Literature Review

Many research works are proposed to address the challenge of labeling individual pix-
els in images for semantic segmentation. There are two category of methods in this
subject. One uses an encoder-decoder architecture, and the other uses specialized convo-
lutions to avoid decimating input map size. The complexity of the former approach is
highly dependent on the models used for each component, while the latter suffers from
large memory requirements caused by maintaining the large feature maps which help
in generating fine segmentation masks.

Chen et al. [34] first proposed the idea of using a fully connected conditional random
field as a decoder at the end of a deep convolutional model to extract quality segmenta-
tion masks. FCN [162] uses an encoder network, made up of convolutional layers only,
to extract intermediate feature maps of the inputs. By employing skip-connections, up-
sampling, and transposed convolution operations on the decoder side, an output mask
of the desired size is generated. Following up with the idea of Chen et al. [34], DeconvNet
is introduced in [129], and utilizes a more specialized decoder architecture that consists
of a series of decoupled unpooling and convolution layers. Badrinarayanan et al. [12]
propose a similar architecture to DeconvNet, but with greatly reduced complexity and
compares variations of the FCN, DeconvNet and SegNet models.

The U-Net [151] architecture iterates on the FCN model by using deeper decoder fea-
ture maps and extensive data augmentation. The U-Net++ [209] architecture is a more
general version of U-Net which significantly increases the number and the complexity
of the skip connections between the encoder and the decoder.

Chen et al. [33] pioneered the use of atrous convolutions for segmentation to avoid
subsampling of the input data, and instead enlarge the field of view of the convolution
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kernel without using any pooling layers. Furthermore, multiple parallel atrous convo-
lutions are utilized to segment objects at different scales.

Zhao et al. [206] introduce the idea of pyramid pooling to collect global and local
information. Inception-ResNet [170] is used with [33] to build mid-level feature maps.
By using parallel pooling layers, coarse to fine information is generated that is later
used to extract the final segmentation result. Chen et al. [36] merge both categories of
methods by using [33] as the encoder network and using a small decoder network to
achieve better performance.

To accelerate scene segmentation, Badino et al. [10] consider the space in front of a
vehicle free unless there is a vertical obstacle present. This resulted in the introduction
of Stixel as a rectangular block on the image that identifies vertical surfaces. Hence, a
compressed representation of the environment is achieved. Schneider et al. [158] add the
semantic labels to each stixel. Inspired by these ideas, Stixelnet [104] segments an image
for open space using stixel-like rectangular regions. Instead of a segmentation model,
it relies on a classification network that predicts the junction point for ground and the
obstacle. Later, a conditional random field is used to smooth the jittery predictions
from the column-wise network. In this case, each stixel corresponds to a specific angle
interval from the camera point of view. As we explain later, the polar representation of
the radar is well suited for this family of architectures.

The majority of aforementioned methods rely on camera based inputs. It is com-
mon to use a pre-trained back-bone to build a new model as training a completely new
architecture is still a challenging problem. However, in the case of radar input data,
using a pre-trained model from other domains is not a promising approach. This is due
to the fact that there are various radar representations, and that most radar processing
currently uses traditional techniques [63, 122]. Sless et al. [165] propose an encoder-
decoder architecture with a Bird’s Eye View (BEV) input and a 3-class output: occupied,
unoccupied or unobservable. Bauer et al. [14] propose a similar U-Net architecture for
occupancy prediction. They formulate the classification problem as both a three class
problem, as in [165], and as a four class problem. The four-class approach uses an un-
known class to show the certainty of the predictions.

Another issue in the radar domain is the low number of publicly available datasets
that contain some form of radar data. The NuScenes dataset [28] is a large-scale dataset
developed for autonomous driving. However, the radar data is provided after process-
ing with traditional models, rather than providing the raw signal data.

The Oxford Radar RobotCar dataset [13] is available for scene understanding analysis.
The radar used for data collection offers much finer resolution and higher range than
typical automotive radars. It provides a 360 degree azimuth-range representation of the
received power reflection. It is worth noting that this is 2 dimensional representation.

Raw radar data is not available in this dataset, but the radar modality provided by the
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authors is less processed than that of the NuScenes dataset. The usage of specialized
hardware uncommon in the automotive domain due to its physical characteristics is a

major disadvantage for some applications.

5.3 Radar Data

To the best of our knowledge, there are no publicly available datasets for radar with
accessible Analog-to-Digital Converter (ADC) signals and annotations. To overcome
this problem, we collected our own dataset. We moved a car equipped with a side view
radar and camera in a parking lot with the objective of identifying the drivable open
spaces in the scene. A Linear Frequency Modulation Continuous Wave (LFMCW) radar
with 77 Ghz frequency in Time Division Multiplexing-Multiple Input Multiple Output
(MIMO) mode is utilized to collect the environment observations. The usage of the
TDM-MIMO mode results in 8 virtual channels for the radar information: 2 Tx elements
transmit sequentially and 4 Rx elements receive coherently. The resulting dataset is
made up of 3913 frames, collected in 11 driving sequences.

To collect any radar data, the first step is to select a set of parameters for the signal.
Table 5.1 shows the details of the configuration used to capture the data.

TABLE 5.1: Details of the configuration used with radar.

Frequency 77 Ghz
Maximum Range 15m
Range resolution 0.12m
Unambiguous Velocity | 10.5 m/s
Velocity resolution 0.33 m/s
Field of View 90deg

A camera is also used in our data capture to assist with the annotation of the data.
We fix it to the same frame-rate as the radar and capture images of size 1280x960 pix-
els. The captured visual information by camera is later used to create the ground truth
labels. All communication between various components and their synchronization is
managed through the Robot Operating System (ROS) software.

5.3.1 Radar Processing Pipeline

To propose a new model, we first need to understand the data that will be used. Raw
radar data consists of a series of echos received from each transmitter-receiver combina-
tion. The signals at each receiver element have the same amplitude but different phase
values that represent angular spectrum once converted to frequency domain. This re-
sults in a four dimensional matrix of Samples, Chirps, Transmitters, and Receivers. It
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is common that the last two dimensions are concatenated and stacked as one dimen-
sion resulting in a three dimensional representation of Samples, Chirps, and Antennas
(SCA). SCA is the raw echo representation and is the earliest level to process the radar
information. Although it includes all the information, its visualization does not provide
much insight into the data. Further, all the information at this stage is in the time do-
main and there is no spatial coherence between the values. This entails that any model
applied to this stage should explicitly or implicitly include layers to extract spatially

coherent information.
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FIGURE 5.1: Radar data representation. (Left) SCA representation. Ar-
ranging data along antennas results in Sample-Chirp (SC) view, arrang-
ing along chirps results in Sample-Antenna (SA), and Chirp-Antenna
(CA) is achieved by arranging data along sample dimension. (Right)
Fourier transformation is applied along all three dimensions. Arranging
values along azimuth results in Range-Doppler (RD), arrangement along
Doppler results in Range-Azimuth (RA), and arrangement along range
results in Doppler-Azimuth (DA).

To extract spatially coherent information, Fast Fourier Transforms (FFT) are applied
along each dimension to achieve the Range, Doppler, and Azimuth (RDA) representa-
tion. The distance associated with an observation is represented in the Range dimension,
the velocity is represented in the Doppler dimension, and the angle of arrival of the sig-
nal is represented in the Azimuth dimension. Note that prior to applying the FFT along
the Antenna dimension, zero-padding is applied along the last dimension to achieve

the target angle resolution.

RDA = fjt, <zero_padA (fftc (ffts (SCA)) ) ) (5.1)

Taking transpose of RDA results in RAD that is a 3D tensor. First two dimensions
represent the spatial information. The convolutions in a deep model can be applied on
Range and Azimuth dimensions and along the last dimension. This input is the polar
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representation of radar frames for each individual Doppler channel that is generated
from the third FFT along antenna dimension of SCA. RAD is commonly used by tradi-
tional methods to detect objects.

Range-Azimuth (RA) is a summarized spatial representation of the received signals
that is achieved by applying logarithm on the summation of the Doppler values of each
Range and Azimuth index. It represents the Bird-Eye-View (BEV) of the environment
in polar coordinates. Radar data and conversion between the SCA and RAD is shown
in Figure 5.1.

A polar to Cartesian transformation is regularly used on this representation to cal-
culate the Direction of Arrival (DoA) point-cloud map in Cartesian coordinates. DoA
is the Cartesian Bird-Eye-View (BEV) of the environment. The pixel values in the ma-
trix represent the power received by the radar sensor at that location. The benefit of
this modality is its metric coherence with convolutional kernels. This is important as
the same convolutional filter at every location of this representation retains the same
receptive field size.

In our dataset, we store SCA, RDA and DoA tensors to cover all the various main-
stream levels of inputs to any system.

5.3.2 Annotation Challenge

Annotating radar data is an extremely challenging task as the echo-responses are not
easily understandable for human. DoA point-cloud is an easier representation to un-
derstand, but the level of information is coarse, such that it is extremely difficult to use
for annotation. To overcome this issue, we employ the sequence of monocular camera
images collected in synchronization with radar. As the calibration of a single monocu-
lar camera to the radar sensor is prohibitively difficult, we rely on scene reconstruction
techniques to extract odometry information. Once an odometry trace is calculated, we
use this trace to accumulate the radar DoA’s. The open source software of [123] is used
to perform 3D reconstruction and extract the odometry trace.

Open space annotations from accumulated DoA are propagated to corresponding
frames using the odometry and radar intrinsic parameters. This ground truth genera-
tion pipeline is shown in Figure 5.2.

As the annotations are propagated from 3D reconstruction, labels include values for
locations that are not in the direct line of sight of the radar. Even though a radar can
still detect free space in those regions, they are removed to be consistent with the single
frame based annotations of [13].

Note that the inputs to our proposed models only include the radar data, and the
output is generated as the occupancy grid map in Cartesian coordinates. Also, it is
worth mentioning that the annotation task can be handled much more easily if a laser
depth sensor such as Lidar would be used.
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FIGURE 5.2: Ground truth generation pipeline. (a) Camera frames are

used to reconstruct the scene and extract odometry. (b) Cartesian DoA

from a single frame. (c) Accumulated Cartesian DoA which is used to

generate initial annotations. (d) Annotations are distributed to the corre-

sponding frames, cropped for the radar’s field of view, and are manually
adjusted.

The SCORP dataset is available www.sensorcortek.ai/publications.

5.4 Proposed Models

We propose two new models and compare them to two deep learning approaches in-
spired by recent work in the field of semantic segmentation . Our primary proposal is
a novel approach that takes advantage of information representation in the polar do-
main to produce impressive results against the state-of-the-art. This approach is called
PolarNet. Our second proposal is based on the Fully Convolutional Networks (FCN) [162]
architecture and is referenced as FCN_tiny.

5.4.1 PolarNet

PolarNet is a convolutional neural network that is applied on the RA and RAD repre-
sentations of radar observations. In this representation, the first dimension (rows) of the
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FIGURE 5.3: Detailed architecture of the PolarNet model.

input tensor renders the distance, while the second dimension (columns) corresponds
to specific angles. Inspired by StixelNet [104] that uses Stixels, we propose applying one
dimensional convolutions on each column of the input. In this way, we apply a filter on
each angle and effectively try to identify where the open space ends. Furthermore, by
using one-dimensional filters, we reduce the complexity of the network.

PolarNet is an encoder-decoder network with a smoothing layer at the end of the
model. All of the layers use ReLu [126] as the activation, except for the final two layers
that employ Sigmoid activations.

The encoder portion of the model consists of 6 layers. Three of these layers are
column-wise convolutional filters that are designed to find the location where the ground
meets the first obstacle. Another three layers, positioned after each column-wise layers,
are designed as row-wise convolutions. These layers are used to pool the information
from neighboring columns, and reduce the size and, consequently, the computational
complexity of the model. Column-wise layers have a stride of 2 along the columns and
row-wise layers use an stride of 2 along each row. After each column-wise and row-wise
convolution tuple, a batch-normalization [88] and drop-out [166] layer is employed.

The decoder network consists of a series of convolutions and transposed convolu-
tions. It starts with a two dimensional 3 x 3 convolution with a stride of 1. The output
of this layer is concatenated with the output of layer 6 in encoder. Reversing the or-
der in the encoder, one row-wise transposed convolution is applied on the feature map,
followed by a column-wise transposed convolution. The former layer has a stride of 2
along the columns, while the latter uses the same stride size along the rows dimension.
The output of this layer is fed to a two dimensional convolution layer with a kernel size
of 5x2. This layer is responsible for integrating adjacent feature maps with the goal

of reducing jittery artifacts in the final output. We apply the final batch-normalization
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[88] and drop-out [166] layer. Another column-wise convolutional layer with a larger
kernel of 32x 1 is used at this stage, thereby forcing a larger receptive field over the fea-
ture map. A radar is capable of observing spaces behind various objects such as cars.
Using this filter size, the information from an obstacle is propagated to those trailing
areas. This helps in assigning opposite bits to the ground and non-ground locations; if
the larger receptive fields are not used, the model will be confused by the conflicting
nature of the information in the input and the mask requirements.

At each layer of the decoder, the depth of the filter map is consistently reduced.
Prior to the final 1 x 1 convolution layer that pools all the information to produce the
final result, the feature maps are upsampled to match the input shape through bilinear
up-sampling. The complete architecture of the proposed model is shown in Figure 5.3.

The final output contains logits in the range [0,1]. Cells with a value lower than
0.5 is considered as occupied, while values higher than this threshold are considered as
non-occupied. After this division, a softmax cross-entropy (SMCE) function is used to
extract the final loss value. We use the SMCE,,,;,, loss function as in [131]:

cass /1 N
SMCEin = ; <Nc ; (e~ x SMCE; + \wc|)> (5.2)

where w, represents the trainable weight for class ¢, N, is the number of pixels
of class c in a particular groundtruth mask, and SMCE; represents the softmax cross-
entropy loss calculated for a pixel i. As such, this modification of SMCE uses trainable
parameters to weight the SMCE loss on a per-class basis.

A rate of 0.5 is used as drop-out probability. Batch size is set at 64. RMSProp with
initial learning rate of 0.1 and decay factor of 0.8 at every 3500 steps is chosen as the

optimizer.

5.4.2 FCN_tiny

The FCN_tiny architecture is a smaller variation of the FCN architecture, which is a sim-
ple encoder-decoder method which uses transposed convolutions to upsample feature
maps by a factor of 2. The encoder’s output is upsampled and concatenated with lower
level feature maps before being passed through a 3x3 convolutional layer, thereby recov-
ering detailed spatial information. Two of these upsampling steps are used, generating
output feature maps 8 times smaller than the network’s input. These are then resized to
the input size through bilinear interpolation. We use MobileNet-v2 [84] as the encoder
for our experiments.

The FCN_tiny variant uses a number of feature maps in each encoder layer reduced
by 75%, and a depth of 8 in the decoder feature maps. The resulting model has a much
lower number of parameters than the original FCN model with a MobileNet-v2 back-

bone.
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5.5 Experiments

We use 3193 frames for training, and 720 for evaluation (9 and 2 driving sequences,
respectively) from our dataset. Mean Intersection-over-Union (mIoU), commonly used
for semantic segmntation tasks [162, 33], is selected as the evaluation metric. mloU is
calculated as the average of the Intersection-over-Union (IoU) metric of each class.

To compare our proposed model, we have implemented two of the state-of-the-art
segementation models, DeepLabv3+ [36] and Fully Convolutional Networks [162].

The DeepLabv2 architecture for segmentation is implemented through two core con-
cepts: reducing the output stride of the feature extractor while using atrous convolu-
tions to generate larger feature maps, and performing atrous spatial pyramid pooling
(ASPP) to cover a wider range of object sizes. The DeepLabv3+ architecture iterates on
the architecture of the ASPP, and appendes a small decoder to the DeepLabv2 encoder
network, which upsamples the feature extractor’s output and combines them with fea-
tures from earlier layers. We implement a complete version of the DeepLab architecture,
referred to as DeepLabv3+ in our experiments. This version uses atrous convolutions of
rates 2, 4 and 6 in its ASPP module. The model’s output is then resized to the input size
through bilinear interpolation.

The FCN architecture is explained in Section 5.4.2 along with its FCN_tiny variation.
All of these three segmentation models are trained with MobileNet-v2 as their feature
extractor.

For training these models, we used TensorFlow ! as a framework to implement and
test our models. We used Trainable Softmax Cross-Entropy loss as the loss function for
each network, unless specified otherwise. This loss is based on Softmax Cross-Entropy
loss, with the addition of trainable parameters used to weight each class during loss
calculation, thereby avoiding the need to hand-pick appropriate weighting parameters.
All training of our model architectures was undertaken on Nvidia Geforce RTX 2080
TI'’s.

Our experiments section is divided into four sections. First, we compare the effect
of input representations on the performance of these models. Second, we evaluate the
effectiveness of various loss functions on PolarNet. In the third experiment, we compare
the computational performance and size of our model against the state-of-the-art on
various platforms. Finally, we provide analysis regarding data compression capabilities

of our proposed model.

5.5.1 Input Modalities

We used three distinct data representation, namely, RAD, RA, and DoA. RAD is a tensor
of size 128 x 128 x 64. Each range bin is approximately 11.17cm for a maximum range

lwww.tensorflow.org
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FIGURE 5.4: Sample results of PolarNet. (a) camera image. (b) ground-
truth in polar coordinates. (c) segmentation result. (b) segmentation re-
sult shown in Cartesian coordinates.
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of 15m. Angle resolution is set to 0.70 degrees, covering an angle interval of —45 to +45
degrees. The third dimension represents the Doppler bins that cover a velocity range
between —37.3 and +37.3 kmph. RA and DoA, both are tensors of size 128 x 128. The
combination of these representations as input, polar and Cartesian outputs, along with
the model architectures outlined in previous section, results in our list of experiments.
The predictions in polar coordinates can be simply converted to Cartesian system
after inference. To isolate the effects resulting from having annotations in two different
domains, and compare the polar inputs to Cartesian inputs fairly, we utilize two output

representations:

¢ Cartesian ground-truth: As discussed in section 5.3.2, the open-space is annotated
in a parking lot using DoA input Tensor. Then, the annotated points are used to
generate a mask for open-space segmentation. However, we confined the field-of-
view of radar to 90 deg. Cartesian ground truth can be used with all three input

models.

¢ Polar ground-truth: After generating the Cartesian ground truth masks, the an-
notated points are transformed into the polar coordinate system. For training, we
cropped the RA and RAD input tensors to match the selected field of view.

We conducted experiments where the input tensor is in one domain (i.e. polar),
while the output mask is in another domain (i.e. Cartesian). We expect that the model
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architecture should learn to adapt the transformation and generate comparable results.
Table 5.2 shows the results of these experiments. As expected, having the input and
output in the same domain in all cases resulted in better performance than learning the
domain transformation internally.

We can further observe that using RAD as the input provides the best mIOU. This
outcome is due to the descriptive information present in RAD that are manually sum-
marized in RA and DoA representations. It is apparent that the model is extracting a
better mid-level representation than the manual compression achieved through sum-
mation or coordinate transformation done by RA and DoA. RA beats the DoA in per-
formance. This shows that a model using convolutional kernels defined with Cartesian
coordinate in mind, is capable of adapting them to the polar usecase. From a sensor
point of view, far points in the BEV map of DoA have much lower information density
compared to the closer points. This imbalance is a reason for the lower performance of
the DoA input.

DeepLabv3+ in almost every case is inferior to the similarly sized FCN model and
the much smaller PolarNet. This shows that the atrous convolutions are not as effective
in extracting useful features for this segmentation scenario.

| Input | Label | PolarNet | FCN_tiny | FCN | DeepLabV3+ |

RAD | RA 83.79 83.14 85.16 83.58
RAD | DoA N/A 77.95 79.71 77.48
RA RA 84.20 84.18 83.98 83.01
RA DoA N/A 77.50 78.84 78.56
DoA | DoA N/A 81.95 83.43 78.05

TABLE 5.2: mloU reported for different model architectures.

PolarNet is designed to be applied on polar input representations only; hence, it is
used with neither DoA inputs, nor with DoA masks. Our proposed PolarNet model is
the best performer with RA inputs. While using RAD inputs drops PolarNet’s perfor-
mance, it still takes second place behind the much larger FCN model. From the exper-
iments, we observe that larger models have an easier time managing the RAD inputs
that contain 64 times more information than the RA. Inversely, smaller models such as
FCN_tiny and PolarNet have a harder time handling the huge dimensionality increase

of RAD inputs. Figure 5.4 shows a few samples of PolarNet’s results.

5.5.2 Loss Functions

We compare three loss functions for this task: trainable softmax cross-entropy loss (SMCE i),
softmax cross-entropy (SMCE) and Lovasz loss [18].

Softmax cross-entropy is commonly used as an extension of the typical classification
task to the segmentation task; the loss is calculated independently on a per-pixel basis
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and then averaged over the entire image. In contrast, Lovasz loss enables optimization
of the mean IoU metric directly, thereby showing a direct link between the main metric
for segmentation and the optimization of the loss function.

Using RA input and polar label modalities, we took the PolarNet architecture and
experimented with the mentioned loss functions. Results are reported in Table 5.3.

] Loss Function \ mloU ‘

SMCE,in 84.20
SMCE 82.02
Lovasz 82.85

TABLE 5.3: mloU for PolarNet with RA input and polar labels with dif-
ferent loss function

SMCE,,;,, achieved the best results in this experiment. Learning class weights within
the network itself seems to show promising results as opposed to the more classical
SMCE approach, which failed to generate accurate predictions. This is due to the ne-
cessity for precise class weighting to prevent the loss function from staying in a local
minima. The Lovasz performs much better than the SMCE approach, but noticeably
worse than SMCEy,,;,; weighting the classes seems to improve the performance more

significantly than optimizing with regards to the mloU directly.

5.5.3 Computational Performance Analysis

Our final analysis concerns the computational complexity and the speed of our model
architectures. It is crucial for the models to target embedded deployment and real-time
performance on such systems. The details of our experiments for the proposed model

architectures are shown in Table 5.4.

Input RA RAD

Model PolarNet | FCN_tiny [ FCN [ DeepLabv3+ | PolarNet [ FCN_tiny [ FCN [ DeepLabv3+
GPU (fps) 575.01 324.50 300.75 275.15 364.89 249.79 224.56 199.83
CPU (fps) 271.39 267.58 118.56 6191 208.14 189.12 133.78 61.93
TX2 GPU (fps) | 54.65 3191 29.18 22.39 48.18 28.87 28.91 21.46
TX2 CPU (fps) 25.90 41.62 22.20 10.46 17.97 36.86 19.68 10.09

# parameters 562472 | 210,279 | 2,933,449 | 3,223,865 598,758 | 214,817 | 2,951,593 | 3,242,009
Memory cost | 29.85mb | 16.02mb | 59.64 mb 134.86 mb 39.79mb | 23.04mb | 70.81 mb 143.74 mb

TABLE 5.4: Computational complexity comparison for the tested meth-
ods.

DeepLabV3+ is the largest model with slowest performance in both RA and RAD
input cases. Surprisingly, the performance of this model is also inferior to the other
models. FCN is 90% of the size of DeepLabV3+ and almost 10% faster on GPU. How-
ever, on CPU it is almost twice as fast. This trend can be observed on the Jetson TX2 as

well.
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FCN is still a large model when considering a Radar on Chip (RoC) product. Polar-
Net and FCN_tiny address this challenge. PolarNet is one fifth of the size of DeepLabV3+.
It runs more than 2.5 times faster on Jetson TX2 while providing the best mIoU on RA
and second best on RAD.

The main advantage of FCN_tiny against PolarNet is its smaller parameter space.
FCN_tiny performs faster on the Jetson TX2’s CPU than PolarNet but PolarNet outper-
forms FCN_tiny on the Jetson TX2’s GPU. This is due to the fact that PolarNet uses
larger convolution kernels that are faster to calculate on GPU than on CPU because of
their vectorized computation.

5.5.4 Feature Compression

In practical applications, there are three ways to run a model. The first is to have a
powerful sensor to run the whole segmentation model that outputs the results. This is
usually not the case in edge applications. The second approach is to stream the raw ob-
servations to a powerful central processing machine that can run the model. However,
this imposes strict requirements on the final system’s bandwidth, which is limited. The
third approach is to compress the raw data prior to transfer. Data compression can be
approached as the simple size reduction using compression techniques, or as a summa-
rization that provides useful features to the model. To get the most out of our processing
power, it is evident that the latter approach is desirable, and the encoder-decoder archi-
tecture of PolarNet is best suited for this.

Compression Ratio vs Accuracy
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FIGURE 5.5: Encoder feature compression. Trade-off between reducing
depth dimension of encoder’s last layer versus the accuracy of the model.
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To evaluate the compression ratio and descriptiveness of our encoder, the depth
dimension of the conv6 feature map is altered. Figure 5.5 shows the results of this ex-
periment for various depth values. It is shown that with a small amount of sensor-side
processing, we can achieve 75% reduction in the size of RA with a trade-off of only 1%
in the accuracy of the system. Please note that all the other parameters of the network

are identical.

5.6 Conclusion

In this chapter, we have evaluated the capabilities of an automotive radar and proposed
a novel deep model to segment open spaces in parking scenarios using an automo-
tive radar. Our model takes benefit of vectorized GPU operations and outperforms the
state-of-the-art in terms of speed. Furthermore, PolarNet provides the best performance
using Range-Azimuth as its input modality. These characteristics of the model make it
the perfect candidate for RoC integration scenarios.

We have evaluated various representations of radar data as inputs to deep models,
various models, the effect of the polar to Cartesian transformation, and the effect of
three loss functions. Additionally, we have collected a dataset with ADC information.
To the best of our knowledge, this is the first comprehensive Radar dataset that provides
the ADC information and the toolkit to extract various representations from it. We hope
this new dataset will enable an increasing number of researchers to easily access the
radar data and further develop this field.

In this chapter, we only discussed single frame observations that do not employ any
temporal information. In this way, the number of model parameters and computational
requirements are kept as low as possible. However, we acknowledge that using tempo-
ral models would increase the performance of occupancy map predictions as the tem-
poral information can be used to remove noise from predictions. We keep this aspect as
a topic to address in our future research.
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Chapter 6

In-Vehicle Occupancy Detection
using Thermal Data

Counting people is a growing field of interest for researchers in recent years. In-vehicle
passenger counting is an interesting problem in this domain that has several applica-
tions including High Occupancy Vehicle (HOV) lanes. In this chapter, we present a
new in-vehicle thermal image dataset. We propose a tiny convolutional model to count
on-board passengers and compare it to well known methods.

6.1 Introduction

HOV lanes are restricted traffic lanes that are reserved for vehicles with a certain num-
ber of passengers (passenger number varies between states and countries). HOV lanes
are used to encourage carpooling and the use of public transportation. Current methods
used to enforce HOV lanes include police officers being physically present and visually
monitoring the HOV lanes, and penalizing the offenders. Some states encourage com-
muters to report HOV offending vehicles. It can hence be seen that counting the number
of passengers in cars at all times is an important task in the process of enforcing HOV
lanes.

Counting the number of humans present in a certain area has several applications,
especially in urban environments. It can be used for congestion analysis at certain places
(e.g., popularity of certain products in a supermarket, visitors of a sculpture in a mu-
seum, traffic through a certain entrance of a mall) [57]. Counting the number of pas-
sengers is an integral part of the enforcement of HOV lanes process. Automating the
process of occupancy detection by installing road-side cameras on HOV lanes has not
been very successful. This is mainly due to significant changes in the lighting and vis-
ibility conditions. In addition, an external camera will not be able to reliably detect all
passengers, especially those in the back seats. A possible solution is to use seat sensors
that determine whether or not there is a passenger sitting on a seat by measuring the
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weight exerted on it. However, this approach is not feasible as there is no way to differ-
entiate between an actual passenger and a heavy object placed on the seat. In addition,
these sensors are usually installed for the front seats only.

Installing regular cameras inside a vehicle to detect the number of passengers at all
times might be a feasible solution. However, this method raises privacy concerns as
passengers will not be comfortable with cameras recording their activities at all times
[114]. In addition, it is challenging for a visible camera to distinguish humans from the
human-like dummies that have been often used to cheat the system. To address these
problems, we propose the use of thermal sensors installed in vehicles to reliably detect
the number of passengers using deep learning models without significantly compromis-
ing their privacy. Thermal data conceals most of the distinctive visual features, thereby
the identities of passengers would remain anonymous. Further, the proposed model
is capable of running on the edge-devices without the need to transmit any recordings
to the server side. Our method could be used as part of a complete system where cars
are registered in a database by their plate number. An embedded system would detect
passengers using our model and update the number of passengers in real-time with the
database accessible by authorities.

Deep learning models have dominated the field of computer vision and image pro-
cessing since the introduction of AlexNet [98]. Deep models have been applied to many
fields ever since including classification [98, 170, 171], recognition [135, 159], detection
[145, 111], scene understanding [161], and geometric analysis [132]. In this work, we de-
veloped a neural network solution for passenger counting with thermal imaging, while
taking into consideration its potential application on embedded and low-powered plat-
forms. There are three main contributions of this chapter:

* We introduce a new, comprehensive, and annotated thermal image dataset of in-
car environments.

* A custom convolutional neural model is designed that is able to surpass the clas-
sification performance of larger models, while keeping the model small enough to
be suitable for embedded applications. We adapt our model to perform each of
classification and detection tasks.

* We retrain the well known object detection methods on this dataset and provide a

comprehensive evaluation of them on an embedded platform.

The rest of this chapter is organized as follows. Section 6.2 provides a literature re-
view of related work. In section 6.3 we give detailed information related to our dataset.
In section 6.4 we explain details of our algorithms and deep neural networks tested.
Section 6.5 presents our experimentation results and conclusion is provided in section
6.6.
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6.2 Related Work

Portmann et al. [137] detect people from aerial thermal images using a particle filter
based detector and traditional local features. Authors show that the heat signature of
the human body is unique in these environments. However, problems arise when the
heat signature is close to the background temperature.

Olmeda et al. [133] provide a comprehensive study on pedestrian detection using
local features and conventional machine learning methods. They found that thermal
imaging is a reliable source of information, and it provides similar performance in com-
parison to visual images. Both of these methods are relying on the traditional features
and learning methods that are widely outperformed by novel deep learning models.

Gundogdu et al. [74] use infrared thermal images to classify objects. They use a ran-
dom forest with a depth of 2 and branching factor of 2. At each node, a Convolutional
Neural Network (CNN) is trained to classify between four classes. Classification accu-
racy is increased by fusing these methods. However, this comes at the cost of having
multiple CNN models and increasing the computational complexity of the model.

Konig et al. [97] propose a multi-spectral region proposal network based on Faster
R-CNN [147] by fusing infrared and visual images. They show that adding BDT Classi-
fier [202] improves the region proposal network performance even further. In contrast,
we rely on training the model solely on thermal images to respect the privacy of the
passengers.

Riggan et al. [149] learn to synthesize an image into visual domain from thermal im-
ages. It learns the mapping through a generative adversarial network [73] that includes
local fiducial regions to provide more discriminative features in reconstructed images.
Once the image is reconstructed, it is matched against a dataset of known visual images
for recognition.

Herrmann et al. [82] propose using models that are previously trained on visual
images and adapt them to the infrared domain. To achieve this, models are fine-tuned
using infrared images. It is shown that simple preprocessing on infrared images boosts
the overall performance significantly. Under this framework, inversion provides the
largest benefit among different preprocessing methods. Similarly we have noticed the
value of simple preprocessing techniques but with a different goal. Instead of trying to
fit thermal data to exhibit a similar behavior as visual images, we extract a mask based
on average human body heat signature and use it to guide the training of our model.

Laradji et al. [99] use deep convolutional models to detect roughly estimated regions
to count individual objects in the image. Their method relies on three major stages. Fea-
ture extraction is performed using ResNet [78]. Neighborhood detection is done by uti-
lizing specialized loss functions to encourage single blob detections. And finally, a line
splits and watershed splitting methods are used to divide large blobs. In essence, this
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#Passenger | 0 | 1 2 3 4 |5
#Images 65 | 314 | 402 | 276 | 253 | 3

TABLE 6.1: Data distribution. Number of images per passenger count is
shown in this table.

method is very relevant to our detection approach. In our approach, we use gaussian-
like density blobs that cover the bounding box region. Later, the generated blobs are
post processed with a simple technique to generate bounding boxes. We are not using
a specific loss for split learning, however the gaussian blobs provide the required basics
internally to encourage easily separable density map generation. Further, unlike the
work of Laradji et al. [99] our goal is to detect bounding boxes. And finally, our system
works on thermal images rather than camera images.

6.3 Dataset

Our dataset was captured with a FLIR One Pro thermal imaging camera '. The camera
can detect temperatures between —20°C and 400°C with an accuracy of £3°C. The raw
recording is in 16—bit integer format. Dividing the raw thermal reading by 100 results in
the Kelvin scale equivalent. The thermal image resolution is 640x480. Several locations
for positioning the camera inside a vehicle were tested. The ideal location is found to be
under the rear-view mirror (figure 6.1), so that it completely covers the area inside the
vehicle with minimal obstruction especially to passengers in the backseat. An Android
mobile application was developed using the FLIR One SDK to capture raw thermal data.

In total 1284 images were captured with the number of passengers varying between
0 and 5. Different vehicle types (SUV, Sedan, Hatchback) and passenger seating posi-
tions were adopted to provide a comprehensive dataset. Apart from changing cars and
relocating passengers, air-conditioning in vehicles is used to introduce further environ-
mental variations. Heating or cooling the vehicle interior causes a drastic shift in the
distribution of the thermal values. The distribution of image classes is shown in Table
6.1.

Thermal images are manually labeled for visible portions of the passenger head and
torso. The torso region is usually hidden behind the front seats. These annotations
are stored in a JSON file that is provided with the dataset. Figure 6.2 shows a sample
annotated image from our dataset.

The clothing of the passengers is a major source of variation in thermal images. They
cover the body heat, and sometimes could reflect higher intensities depending on their

Lwww.flir.com
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FIGURE 6.1: Thermal camera and its location for data capture.

material. The head is mostly visible and is not covered; this provides a better opportu-
nity for detecting passengers. Therefore, the labels for the head are used in our exper-
iments. To count passengers positioned in the vehicle, we simply count the number of
detected heads.

The dataset is available to download through https://goo.gl/js1cL] link.

6.4 Proposed Method

In this section, the data augmentation strategy and description of tested neural models
are provided. We break down the proposed method in two settings and explain the
parameters for each.

6.4.1 Augmentation and Preprocessing

Deep learning methods are extremely data hungry. In order to satisfy this requirement,
we augment the dataset by applying a combination of rotation and scaling transforma-
tions on the raw data. See figure 6.3


https://goo.gl/js1cLJ
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FIGURE 6.2: A sample of an annotated image.

'\1

Augmentation

—

" 3

FIGURE 6.3: Original image from dataset and its augmentations.



Chapter 6. In-Vehicle Occupancy Detection using Thermal Data 86

FIGURE 6.4: Proposed core model used as the backbone in all the learning
tasks.

Scale. Each thermal image is rescaled with ratios of [0.8,1.0,1.2,1.4]. These ratios are
chosen to achieve invariance against variations that might rise from changing the size
of the vehicle.

Rotation. Passengers in a car tilt or rotate their heads. In order to achieve invariance
against this, all thermal images are transformed with rotation angles of [—20, —10, 0, 10, 20]
degrees.

In total, this process generates 20 augmented samples from each thermal image. This
way, the final data set size is increased from 1284 to 25680 images which was found to
be sufficient for training and testing neural models.

6.4.2 Core Model

We briefly introduce the neural networks and corresponding parameters that have been
used for benchmarking on this dataset. Before processing images with these networks
each image is resized to a smaller scale and ratios to match dimensionality of 90k pixels
per image.

The core of the proposed method is a four layered convolutional model that is in-
spired by [98]. All the core convolutions are performed with 3x3 kernels and strides of
2, except the third layer that has the stride of 4 that drastically reduces the size of the
feature map. This quick reduction in feature map size reduces the computational com-
plexity of the model. First convolution consists of 64 kernels, and the number of kernels
is doubled after every convolution. We propose two tasks on top of our core model.
One is classification that is termed C4S-C, and the other is multi-task learning for clas-
sification and bounding box detection denoted as C45-CD. The core model is shown in
Figure 6.4, and all the models and definitions are provided on github’.

2www. github.com/erlikn/sm_ps_ct.git
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6.4.3 C(Classification Task

We redefine the counting problem as a classification problem and use the number of pas-
sengers as the class labels for each image. An input image of size 352 x 256 is passed to
our proposed four layered convolutional network to extract the feature maps. At layer
five, instead of flattening the 22 x16 feature map and using a fully connected layer, we
flatten the maps using a single branch factorized convolution [172] with one 1x1, two
3x3, and two consecutive groups of 1x3 row-wise and 3x 1 column-wise convolutions.
This further improves the performance compared to using a fully connected layer and
reduces the model size by 20%. First convolution at this layer employs a 1 x 1 kernel
with a stride of 1 followed by two 3 x 3 convolutions with a stride of 2. Finally, row
and column-wise convolutions are applied. Drop-out [166] with a keep rate of 0.5 is ap-
plied on extracted feature maps from the core convolutions prior to passing them to the
factorized convolution layer. The flattened image is passed to fully connected layers of
size 256 and output layer of 6 representing the class labels. After calculating the features
at each layer, Rectified Linear Units (ReLU) and batch normalization [88] are used. We
have evaluated various loss functions including softmax cross-entropy, online hard ex-
ample mining (OHEM) [163] with softmax cross-entropy, and focal loss functions [109].
We define the loss function by OHEM loss as it provides a few percentage points better
classification accuracy than the regular softmax cross-entropy function. The concept of
OHEM relies on taking the top n softmax cross-entropy loss from a batch of images. In
other words, the hardest samples to classify are used when calculating the total loss for
back-propagation. In our implementation, we set n to be half of the batch size. Momen-
tum optimizer with the initial learning rate of 0.01, momentum value of 0.9 and decay

factor of 0.1 after every 5000 steps is utilized as the optimizer for this model.

6.4.4 Multi-Task Learning

To perform bounding box detection, we use a similar method to [99]. Instead of using a
single pixel label, we use a gaussian masking on coarser sized image to perform bound-
ing box detection. The output of the core convolutional layers at one side are fed into a
classification model similar to C4S5-C, and on the other side is passed to deconvolutional
layers. We call this model C45-CD. The deconvolutions upsample the image by strides
of 2. The first one has a feature map of size 512 and the last one produces the predicted
heatmap. To calculate the loss, we resize the input image to the shape of 44 x 32 and
create a mask that represents the head of each detected passenger using an intensity
gaussian distribution with ¢ set at one fifth of the ground truth bounding box size. L2
function is used to calculate the loss for the predicted and target heatmaps.

Generating bounding boxes from the heatmap requires further attention. Close ob-

jects have a tendency to be merged with each other. Using gaussian masking instead of
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FIGURE 6.5: Stages of splitting the heatmap to connected regions and
applying blob detection to get the enclosing bounding boxes.

the binary masking in the learning process has addressed this problem to some extent.
The boundaries of the heads in the output heatmap contain smaller values compared to
the center. We employ a simple thresholding mechanism to further split the connected
regions of multiple targets. The thresholding value is set to 40 in our tests to create the
binary masks. Once the regions are splitted we use the blob (binary large object) de-
tection from the OpenCV library [22] to detect the connected regions in the binary heat
map. Since our network also outputs the number of passengers 7 in the vehicle, we sort
the detected blobs by size and take the n largest blobs as the predicted head locations.
This way we eliminate noisy masked clouds from the data. Once we generate a list of
accepted blobs, enclosing bounding boxes are generated for them. The boxes are then
rescaled to the original image representing the locations of the detected heads. Figure
6.5 shows the various steps of generating bounding boxes from the output heat maps.
Since our passenger counts are resulted from the classification branch of the C4S-CD,

we only report precision/recall value for the heatmap based detections.

6.5 Experiments

We employ n-fold cross-validation to remove any bias towards any dataset distribution
from experiments. To perform these experiments, four folds have been employed. In
each fold, the dataset is divided into two mutually exclusive sets of train and test. For
training, we have used 90% of the raw data and then augmented them with the methods

proposed in section 6.4.1.
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The remaining 10% of images are used as test images. We do not augment the test
dataset. There are two reasons behind this decision. The first is that testing augmenta-
tions of the same image do not contribute much in reflecting the accuracy of detection
models. An image and its augmentations most likely have the same detection results.
Augmentation enriches the train set and makes it more robust, but it does not add va-
riety to the testing set. The second reason is that we aim to get results on images that
would reflect real situations.

In classification, we compare our model to Mobilenet. In the detection task, we use
SSD [111] once on top of Mobilenet and once with Inception V2.

SSD-Inception. SSD [111] is another network that uses a single convolutional neural
network for object detection. It is composed of the VGG classification network trun-
cated before any classification layers and replaced by 6 convolutional layers. The 6 final
layers and respective anchor box scales gradually decrease in size, allowing for the de-
tection of objects of different scales. Szegedy et al. [171] introduced the inception model
for classification. Instead of using one kernel of fixed size for a convolution, the incep-
tion model applies 3 filters of sizes 1x1, 3x3, and 5x5, in addition to a max-pooling
operation. Later, this has been updated by factorization to provide faster computation
[170]. Results of these operations are concatenated to form the final output of an incep-
tion layer. Since the inception model learns more parameters, we have decided to test
its performance as the base layer for SSD.

SSD-MobileNet. Howard et al. [84] introduced Mobilenets, that are ideal for mobile
and embedded systems applications. Instead of standard convolutions, Mobilenets use
a combination of depthwise convolutions followed by 1x1 pointwise convolutions for
optimization. Depthwise convolutions apply a single filter to each input channel. Point-
wise convolutions are then used to combine the outputs of the depthwise convolution.
This architecture separates the filtering and combining operations and drastically re-
duces the model size and computational requirements, while not significantly compro-
mising the model accuracy. Mobilenet is composed of 19 layers (depthwise then point-
wise convolutions) and a fully connected layer fed into a softmax layer for classification.
While inception networks as the base for SSD generate more robust feature maps, this
comes at a heavy size and computational cost. Since our goal is to have a model that is
capable of running on limited power and memory devices, model size and computation
requirements are vital. We tested the use of Mobilenet truncated before the classification
layers as a base model for SSD.

To compare these models against each other, accuracy, speed, and precision-recall

measures are used.



Chapter 6. In-Vehicle Occupancy Detection using Thermal Data 90

Classification
Method Counting Accuracy | Binary Accuracy
Mobilenet 84.54% 96.67%
C4S-C (SMCE) 89.70% 97.24%
C4S-C (OHEM) 91.03% 98.0%
Detection

Method Counting Accuracy | Binary Accuracy
SSD-MobileNet 92.56% 98.67%
SSD-Inception 95.04% 99%
SSD-C4S-C 84.73% 97%

TABLE 6.2: Comparison of counting accuracy. Counting based on classi-
fication and detection results are presented at the top and bottom of this
figure, respectively.

6.5.1 Counting Accuracy

In the task of counting the number of passengers in a car, we define accuracy as the
number of images for which the head count is correctly computed given the test dataset.
At this point, the measure is agnostic of the passenger locations, and only the final count
is valuable. Table 6.2 shows the best accuracies.

C4S-C provides a significantly better classification based counting accuracy than
Mobilenet in both cases. OHEM loss introduces more weight on hard examples hence
could generalize better on the test set. For HOV lanes, it is of utmost importance to
detect if there are two or more passengers in the vehicle. To address this, we intro-
duce the binary accuracy. Figure 6.6 presents the class confusion matrices for various
approaches. Through confusion matrix analysis, it is concluded that the majority of mis-
classifications occur between adjacent numbered classes. Therefore the binary accuracy
for all the models is usually larger than their exact counting accuracy.

6.5.2 Precision-Recall

SSD-MobileNet and SSD-Inception are designed to localize the objects in the image. We
perform the object detection test in order to compare the effectiveness of the models in
identifying the location of objects in the image. We can not solely rely on precision-recall
or accuracy in order to identify the better performing method. We could have a method
with high accuracy, but with a lower precision due to the fact that all the false positives
happened in a few images. Or inversely, we could have a higher precision or recall but
lower accuracy, due to the spread of false positives or false negatives between multiple
images.

Figure 6.7 shows precision vs recall curve for the methods with confidence thresh-
olds ranging from [0.05,0.9] and intersection of unions (IOU) threshold set to 0.5. We
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Mobilenet C4S-C

Jetson TX2 | ms | FPS | ms | FPS
GPU 27 37 | 159 | 63
CPU 600 | 1.7 | 369 | 2.7

TABLE 6.3: Speed comparison for classification models

use the tensorflow object detection API [86] to compare our model performance with
pre-existing methods in object detection using SSD. Huang et al. [86] show that Incep-
tion V2 [170] achieves the best performance in terms of mean average precision (mAP)
compared to other deep CNN methods such as [78] when used as a backbone for SSD
[111]. They also show that Mobilenet [84] does not lag too much behind Inception V2
in terms of mAP while having a lower processing time. This is also confirmed in our
tests. Mobilenet with worse classification performance performs better in object detec-
tion task using SSD. There are better classification models such as InceptionResNet V2
[170] that perform poorly with SSD, however they provide good results with other de-
tectors such as Faster RCNN [147]. This is due to the fact that they are tuned to function
effectively with their respective detectors. Similarly, Mobilenet performs slightly worse
and much slower with Faster RCNN compared to SSD. Our model is suffering from
this issue. Specially, the rapid reduction of the feature map dimensions results in such
features that limits the capabilities of SSD.

To alleviate this problem we use the C45-CD. The deconvolution and blob detection
modules add a negligible overhead to the system. However, it produces better results
than SSD, it is still lagging behind the other methods.

6.5.3 Speed

Finally, to decide on which method is more appropriate for embedded platforms, we
compare the execution performance. All of the methods are implemented in Tensorflow
[2] and are benchmarked on a Nvidia Jetson TX2 platform. The Jetson TX2 is one of
the fastest and most power-efficient computing devices developed for Al embedded
systems applications. Although it does not compare to the computing power of regular
GPUs, it has a decent performance which makes it a better fit for embedded systems.
Since this solution would be used in vehicles, the final goal is to embed the model on an
edge device with much lower available power than Jetson TX2. However, Jetson TX2
would provide a better perspective over the performance of each of the models.

The proposed C45-C outperforms all the others in this case with a whopping 63
frames per second processing speed on the Jetson TX2’s GPU. Tables 6.3 and 6.4 show
the speed comparison of classification and detection methods respectively.
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SSD Mobilenet V2 | SSD Inception V2 | C4S-CD
Jetson TX2 | ms FPS ms FPS ms | FPS
GPU 77 13 95 10.5 19.5 | 51.3
CPU 500 2 1210 0.8 373 | 2.7

TABLE 6.4: Speed comparison for detection models

The fast training and testing speed of our proposed network allowed us to perform
a comprehensive network parameter tuning in order to choose the best fitting settings
for the task in hand. This is an obvious advantage of small and fast models against the

large ones.

6.6 Conclusion

In this chapter, we have introduced a new dataset for counting the number of passengers
in the car that is collected using a thermal camera. We introduce a data augmentation
model to increase the amount of data and build models that are robust against variations
such as rotation and scale. We propose two models based on one core architecture for
classification and detection tasks. The classification model outperforms the state-of-the-
art with a comfortable margin with almost half the computational complexity. Further,
we have compared the results of various object detection models, and proposed a new
method based on blob detection to detect passengers. Our proposed models are de-
signed with the main consideration to run on a low powered edge device. This results
in having a very small and fast model that is comparable in performance to the state-of-
the-art. One aspect that we have not explored in this chapter is the techniques to prune
and quantize our models. This will further optimize our model to comfortably run on a

low powered device.
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Chapter 7

Conclusion

In this thesis, we explored the utilization of deep learning models in various autonomous
driving applications. We chose problems to which deep models have not previously
been applied or were unable to generalize. Over different chapters, we cover the sensor
suite used in various autonomous and driver assistance systems.

In Chapter 3, we proposed a convolutional neural network for estimating camera
based homography. The model uses two images as inputs to a siamese feature extrac-
tion network. Extracted features of the inputs are merged and, through further con-
volutions, the final homography is estimated. Using this estimate, one of the inputs is
warped and used in the second iteration with the same model. We showed that deep
neural networks are capable of providing superior estimates by extracting more descrip-
tive image features in successive iterations. In the proposed architecture, twin models
were unaware of each other until the merge function. This is a hard-coded matching
layer. Switching to architectures that incorporate matching in multiple layers [29] could
enhance the performance of estimations. Replacing the merge function with a correla-
tion model [87] could result in more descriptive features for homography estimation.
Furthermore, augmenting our proposal with semantic information could provide ro-
bustness against outliers such as dynamic objects. The scene semantics could be used to
identify surface planes in the scene and estimate multi-plane homographies.

In Chapter 4, we used point net layers in our architecture to extract features from
point-cloud observations collected via a lidar sensor in driving scenarios. These fea-
tures are then matched through a correlation layer and more descriptive features are
extracted. Finally, a fully connected layer is used to estimate the odometry parameters.
Similar to Chapter 3, a hierarchy of this model is used to refine the estimates at each
iteration. We proposed an augmentation model to handle the severe data imbalance.
Moreover, we suggested using a simple thresholding technique to process ground and
non-ground points separately. It was observed that the performance of feature extrac-
tion networks for point-clouds are not as mature as their image based counterparts.
Switching the feature extraction backbone to a model with lower complexity and bet-

ter descriptive power can provide better estimates [205, 194, 85]. This further enables
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merging the temporal model to the registration model under one unified approach [115].
Employing unsupervised learning models [207] can enable usage of various large scale
datasets without any labeling requirements. These aspects are open topics that will be
explored later.

Chapter 5 introduces a new radar dataset and a novel deep model to perform open
space segmentation on this data. PolarNet replaces the traditional approaches of finding
obstacles in radar observations with a deep model solution. Range-Azimuth represen-
tation of the radar signal is processed through a series of one dimensional column-wise
layers. These layers take advantage of polar representation of the data and apply spa-
tially consistent filters. Later, row-wise and 2D kernels are used to reduce the map size
while adding more descriptive power to the features. PolarNet achieves state-of-the-art
performance while ensuring fast execution times on limited resources. The proposed
model focuses on single frame open-space segmentation. However, radar data contains
large amounts of noise that change erratically from frame-to-frame. Employing tempo-
ral models would substantially help the network in learning the characteristics of noise
and improve the accuracy.

Thermal sensors are used in Chapter 6 to collect a dataset of passengers in a vehi-
cle, with the goal of counting the number of occupants. The proposed deep model is
designed with embedded platforms in mind and is capable of achieving state-of-the-
art performance. Furthermore, as a light-weight alternative to bounding box detection
models, we use a segmentation head that produces a heatmap of the occupants’” loca-
tions. The bounding boxes are localized using the classification result and a simple
clustering method. The pruning and quantization techniques could be used to further
reduce model size and achieve lower computational requirements [80, 42, 90].

As the no free lunch theorem [188] explains, there is no single method that can out-
perform every other method in all of the problems. Deep learning models are no excep-
tion to this theorem. The simple problem of counting sequential numbers in a series is
an example that neural models have a hard time adapting to. Deep neural models can be
crudely explained as an alternative method of implementing Support Vector Machines
with advanced kernel tricks. These kernels are learned in the process of training. As
such, neural models can incorporate drastic changes into their architecture and high-
dimensional feature space to achieve an ultimate power against traditional methods.
Further, they provide a sleeker approach to train their parameters that is well suited for
parallel processing. However, this comes at the expense of immense data requirements.

Large data is continually becoming more available in all the various domains of
autonomous driving. This ensures that, for a foreseeable future, deep models will be
popular in this field.

Achieving the reality of autonomous vehicles is still far from reach. The high risk

nature of the task requires extreme fault-tolerance and high safety standards that are yet
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to be guaranteed. Pareto’s principle entails that the final percentage points in reaching
such safety standards will require much more time than what has already been spent
in this field. Further, these technological advances will have a major effect on society
and will require shifts in our life-style. To enable this transition, significant changes in
regulations and city planning for the future has to be prepared as well. Needless to say,
achieving this level of autonomy will change our lives forever, and this thesis is only a
tiny step in this direction.
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