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Abstract

Visual Simultaneous Localization and Mapping (SLAM) is crucial for robot perception. Vi-
sual odometry (VO) is one of the essential components for SLAM, which can estimate the
depth map of scenes and the ego-motion of a camera in unknown environments. Most pre-
vious work in this area uses geometry-based approaches. Recently, deep learning methods
have opened a new door for this area. At present, most research under deep learning frame-
works focuses on improving the accuracy of estimation results and reducing the dependence
of enormous labelled training data.

This thesis presents the work for exploring the deep learning technologies to estimate
different tasks, such as depth, ego-motion, optical flow, and semantic segmentation, under
the VO framework. Firstly, a stacked generative adversarial network is proposed to estimate
the depth and ego-motion. It consists of a stack of GAN layers, of which the lowest layer
estimates the depth and ego-motion while the higher layers estimate the spatial features. It
can also capture the temporal dynamics due to the use of a recurrent representation across
the layers. Secondly, digging into the internal network structure design, a novel recurrent
spatial-temporal network (RSTNet) is proposed to estimate depth and ego-motion and optical
flow and dynamic objects. This network can extract and retain more spatial and temporal
features. The dynamic objects are detected by using optical flow difference between full flow
and rigid flow. Finally, a semantic segmentation network is proposed, producing semantic
segmentation results together with depth and ego-motion estimation results.

All of the proposed contributions are tested and evaluated on open public datasets. The
comparisons with other methods are provided. The results show that our proposed networks
outperform the state-of-the-art methods of depth, ego-motion, and dynamic objects estima-

tions.






Acknowledgment

I want to express my honest gratitude and appreciation for my supervisor, Professor Dong-
bing Gu, whose guidance, support, and encouragement have been invaluable throughout my
Ph.D. study. His words and suggestions make people feel like a spring breeze, conveying
warmth and hope, whether in study or life. At the beginning of my study, he guided me step
by step into the latest academic frontiers in robotics and recommended Dr. Ruihao Li to
help me with commencing paper: “Unsupervised Learning of Depth and Ego-Motion from
Video”. Thence, | am incredibly grateful for Dr. Ruihao Li, who shared his research papers
and code when | just started. As my supervisor, Prof. Dongbing Gu continuously encour-
aged and was always willing and enthusiastic to assist in any way he could throughout my
research. During the difficult period of the COVID-19, he still kept caring about my physical
and mental health. | am very fortunate to have met and respected such excellent seniority
who is a mentor and friend.

I would like to say a special thank you to my colleague Mr. Robin Dowlin. He sup-
ported my experiments, especially in GPU configuration for the deep learning development
environment. For the very new hardware model in my office, he helped me configure the
required software environment.

At last, 1 would like to thank my family. My parents raised me from childhood with
immense love. | cannot study abroad to pursue my Ph.D. degree without their support and
encouragement, with special thanks to my mother for supporting my later studies alone. In
addition, I would like to say a big thank you to Miss Ji Qi from the bottom of my heart.
She came to the UK to carry out Master’s and Doctoral studies because of me. The cost of
studying abroad at her own expense depends on her previous savings and a part-time job.
Her concern and accompany let me go through this critical time. We encourage each other
to make progress together, whether in the past, present, or future.






Contents

Abstract iii
Acknowledgement v
List of Figures xi
Notations XV
Abbreviations Xix

1 Introduction 1
1.1 Motivation . . . . . . . . 1
1.2 Tasksand Challenges . . . . . . . . . . . . .. . . .. ... 2
1.3 Methodology and Contributions . . . . ... ... ... .......... 7
1.4 OQutlineof Thesis . . . . . . . . .. . . . 11

2 Literature Review 15
2.1 Geometry-based Visual Odometry . . . .. ... ... ... ........ 15

2.1.1 Feature PointMethods . . . . .. ... ... ... . ........ 16
2.1.2 DirectMethods . . . ... ... ... ... 18
2.1.3 Semi-Direct Methods . . . . . .. ... ... ... ... ...... 20
2.2 Learning-based Visual Odometry . . . . . . . .. ... ... ... ..... 21
2.2.1 Deep Learning Methods Summary . . . . .. ... ... ...... 23
2.2.2 Unsupervised Learning Implementation . . . . ... ... ... .. 24
2.2.3 Deep Neural Network Models . . . .. ... ............ 25
2.2.4 Tackle the Long-Range Dependenciesof CNN . . . . . ... . .. 29

vii



225 TrainingDataset . . .. ... ... ... ... ... .. .. ..., 30

2.3 Disparity Estimation with Deep Learning . . . . .. ... ... ... ... 30
2.3.1 Monocular Depth Estimation . . . . ... ... ........... 31
2.3.2 Stereo Depth Estimation . . . . . ... ... ............ 31
2.3.3 Depth Estimation Discussion . . . . . . ... ... ......... 33
2.4 Ego-Motion Estimation with Deep Learning . . . . . . . . ... ... ... 33
2.4.1 Improved Camera’s Ego-Motion Estimation . . . . . ... ... .. 33
2.4.2  Object Motion Estimation with Deep Learning . . . . .. ... .. 35
2.5 Optical Flow Estimation with Deep Learning . . . . . .. ... ... ... 35
2.5.1 Supervised Optical Flow Learning . . . . . . ... ... ...... 36
2.5.2 Unsupervised Optical Flow Learning . . . . ... ... ...... 37
2.6 High-Level Object Segmentation with Deep Learning . . . . . . ... ... 38
2.6.1 Semantic Segmentation. . . . .. ... ... L. 38
2.6.2 Instance Segmentation . . . . ... ... ... L L. 40
2.6.3 Dynamic Object Detection . . . . . .. ... ... .. ....... 41
2.7 DISCUSSION . . . . o o 41
Stacked Generative Adversarial Networks based Visual Odometry 43
3.1 Introduction . . . . . . ... 43
3.2 SystemOVEIVIEW . . . . . . . e e e 45
321 Generator . . . ... 47
3.2.2 Discriminator . . . . ... 49
323 StereoGenerating. . . . . . . . ... 51
3.3 Training Procedure . . . . . . . . . . ... 51
3.3.1 GeneratorLoss . . ... ... .. ... 51
3.3.2 Discriminator LosS . . . . . . ... 53
3.3.3 Adversarial Training Procedure . . . . . . . ... ... ... ... 53
34 EXPErimentS . . . . . o v v o 54
3.4.1 Depth Estimation Evaluation . . . . . ... ... .......... 56
3.4.2 Ego-motion Estimation Evaluation . . . . . . ... ... ...... 56
3.4.3 Ablation Analysis for Spatial Layers and Temporal Frames . . . . . 59
35 Conclusions . . . . .. 61



4 Recurrent Spatial-Temporal Networks for Estimating Depth, Ego-Motion, Op-

tical Flow and Dynamic Objects 63
4.1 Introduction . . . . . . . . . .. 64
4.2 RelatedWork . . . . . . . . 66
4.2.1 Self-supervised Depth and Ego-motion Learning Networks . . . . . 66
4.2.2 Learning with Intermediate Features . . . . . . .. ... .. .. .. 67
4.2.3 Learning with Auto-Masking . . . . .. .. ... .. ... ..... 69
4.3 Recurrent Spatial-TemporalLayers . . . . . .. ... .. ... ... .... 70
4.3.1 RST-encoderlayer . .. ... ... ... .. .. ... ... .... 70
4.3.2 RST-decoderlayer . . . ... ... . ... . ... ... ... ... 71
4.3.3 RST Layers for Depth Estimation . . . . . ... ... ....... 71
4.4 Recurrent Spatial-Temporal Network: RSTNet . . . . ... ... ..... 73
441 RSTNetOverview . . . . . . . . . . i 73
4.4.2 Depth Estimation Networks . . . . . .. ... ... ........ 73
4.4.3 Ego-Motion Estimation Network . . . . . . .. ... ... ..... 75
4.4.4 Loss Functions and Auto-Masking . . . . .. ... ... ... 77
4.45 Dynamic Object Estimation . . .. ... ... ... ........ 79
45 EXperiments . . . . . . .. e e e 80
45.1 Depth Estimation Evaluation . . . . . .. ... ........... 80
4.5.2 Ego-Motion Estimation Evaluation . . ... ... ... ...... 84
4.5.3 Dynamic Object Estimation Evaluation . . . .. .. ... ... .. 87
4.5.4 Network Complexity . . . . .. .. ... ... ... ... 93
4.5.5 Ablation Analysis . . ... ... 93
4.5.6 Optical Flow Estimation Evaluation . . . . .. .. .. ....... 95
4.6 Conclusion . . . . . . .. 96

5 Leverage Semantic Segmentation for Depth Estimation and Geometry Method

for Ego-Motion Estimation 99

5.1 Introduction . . . . . . . . . 99

5.2 Leverage Semantic Segmentation for Depth Estimation . . . . . ... ... 100
5.2.1 Coalesce Semantic Segmentationinto RSTNet . . . .. ... ... 100
5.2.2 Leveraging Semantic Segmentation Depth Evaluation. . . . . . . . 102

iX



5.3 Leverage Geometry Method for Ego-Motion Estimation. . . . . .. .. .. 106

5.3.1 Leveraging Geometry Method and Deep Learning System . . . . . 106
5.3.2 Leveraging Geometry Method Ego-Motion Evaluation . . . . . .. 108
54 Conclusions . . . . . .. 109
6 Conclusions and Future Work 111
6.1 ResearchSummary . . . . . . . . . . . . e 111
6.2 Research Contributions . . . . . .. .. ... ... .. .. .. .. ... 112
6.3 Academic Publications . . . . . ... ... . 114
6.4 Potential Applications . . . . . . . . ... ... 114
6.5 FutureWork . . . . . . . .. 115
Bibliography 117



List of Figures

11

1.2

2.1

2.2

2.3

2.4

2.5

3.1

3.2

3.3

3.4

3.5

Ideal stereo camera imaging model to inferdepth. . . . . . .. ... .. .. 3
3D motion is projected into optical ow in 2D image plane. . . . . . .. .. 6
Target view synthesize through warping sourceview . . . ... ... ... 24
Basic RNN unit expandsintimeseries . . . . . ... ... ... ...... 26
Internal structures of LSTM unitand GRU unit . . . . .. ... ... ... 26
Auto-encodermodel . . . . ... 27
GANmodel . . . . . . e 28
Our proposed SGANVO architecture for the depth and ego-motion estima-

tion. It is a series of stacked GANs. The bottom layer estimates the depth

and ego-motion. The other layers estimate the spatial features. . . . . . . . 46
The network is unfolded in time. The temporal dynamic is captured in the
recurrentrepresentation. . . . . . . ... a7
SGANVO Stereo Images Generating Networks . . . . . . ... ... ... 52
lllustrated above are qualitative comparisons of our SGANVO (image size:

416 128) with Monodepth [1] (image size: 512256). The depth map
shows that our approach produces qualitatively better depth estimates with

crispboundaries. . . . . ... L L 55

Our proposed SGANVO system to estimate the ego-motion on the KITTI
odometry benchmark, Sequence 09 (left) and Sequence 10 (right). Our re-

sults are rendered in blue while the ground truth is rendered inred. . . . . . 56

Xi



4.1

4.2

4.3

4.4

4.5

Our proposed RSTNet architecture for self-supervised learning. The RST-
encoder and RST-decoder components consist of multiple RST-encoder and
RST-encoder layers. The depth is estimated from a network including a
RST-encoder component and a RST-decoder component. The ego-motion
is estimated from a RNN network with inputs from appearance features in
input images, structure features from depth, and dynamic features from op-
tical ow. A pre-trained PWC-Net in [2] is used to estimate the full optical

ow. The dynamic objects are detected by a pre-trained SegNet [3] with

input from the difference ow between fulland rigid ows. . . . . .. . .. 65

Recurrent Spatial-Temporal layers: (a) a single RST-encoder layer and (b) a
single RST-decoder layer. The sub-pixel operation, Conv3d, and ConvLSTM
in the RST-encoder layer replace the striding and pooling operations nor-
mally used in CNNs. They are also symmetrically used in the RST-decoder

layer instead of using upsamping operation. . . . . .. .. .. ... ....

Depth estimation performance of our RST layers compared with SfMlearner
[4]. The images on the rst row show a small and distant view scene. The
images on the second, third, and fourth rows show dynamic objects and ir-
regular objects. The images on the fth, sixth, and seventh rows show high

resolution scenes such as dense foliageand carparts. . . . . ... ... ..

Recurrent spatial-temporal networks for depth estimation. This depth net-
work applies the encoder-decoder architecture to extract spatial-temporal
features by the RST-Encoder units and express the depth estimation through

the RST-Decoder units with Sub-pixel layers. . . . .. ... ... ... ..

The rstrow includes input image (left) and our estimated depth (right). Our
auto-maskify) (left) are compared with the self-discovered mask [5] (right)
in the second row. The projected image errors from our RSTNet and [6]
are shown in the third row. Our auto-mask+ m; is shown in the bottom
two rows. The vehicle with similar velocity as the camera is shown in the
red circle (left) and eliminated as shown in the black (right) in the fourth

row. The static distance sky (left) is shown in the fth row and eliminated as

68

74

showninthe black (right). . . .. ... ... ... ... ... ....... 76



4.6 Comparison between the Auto-Masking [6] and our Dynamic Auto-Mask. . 77
4.7 Previous Dynamic Auto-Mask and Next Dynamic Auto-Mask with Current
Framelmage. . . . . . . . . . . . . 79
4.8 Ourdynamic objects detectionnetworks. . . . . . .. ... ... ... ... 81
4.9 Dynamic object detection in RSTNet. The forward ®wow;, and back-
ward ow Flow,q are predicted by the PWC-Net. The rigid ow is computed
through the estimated depth and ego-motion. The difference ow is the dif-
ference between full and rigid ows. The pre-trained SegNet estimates the
dynamicobjects. . . . . . ... 82
4.10 lllustrated above are qualitative comparisons of our RSTNet depth estima-
tion (image size: 416 128) with Monodepth2 [6] (image size: 640192),
SC-SfMLearner [5] (image size: 832256), and Packnet-SfM [7] (image
size: 640 192). The depth map comparisons show that our approach pro-
duces qualitatively better dynamic estimates with crisp boundaries and high
resolutionofdetails. . . . . . . . ... .. ... 83
4.11 Our proposed RSTNet to estimate the ego-motion on the KITTI odometry
benchmark, Sequence 02 (left) and Sequence 08 (right). Our results are ren-
dered in blue while the ground truthisrendered inred. . . . . . ... ... 88
4.12 Our proposed RSTNet to estimate the ego-motion on the KITTI odometry
benchmark, Sequence 09 (left) and Sequence 10 (right). Our results are ren-
dered in blue while the ground truth isrendered inred. . . . . . ... ... 89
4.13 RSTNet's Rotation Error and Translation Error based on different Path Length
and Speed for Sequence 09. Path Length is distributed 100m to 800m an
Speed is 25km/hto 60km/h. . . . . . . ... oo oo 90
4.14 RSTNet's Rotation Error and Translation Error based on different Path Length
and Speed for Sequence 10. Path Length is distributed 100m to 800m an
Speedis 25km/hto 60km/h. . . . . . . ... oL o o 91
4.15 Our proposed RSTNet to estimate the dynamic objects on the KITTI odom-
etrybenchmark. . . . . . . . ... 92
4.16 Optical ow estimation comparison between the re ned PWC-Net estima-

tion and RSTNet synthetic optical ow with dynamic object. . . . . . . .. 97

Xiii



5.1
5.2

5.3

5.4
5.5

Coalesce semantic segmentation into one stage RSTNet training. . . . . . . 101

Semantic Segmentation based Depth Estimation in RSTNet Compared with

SemMonoDepth [8]. . . . . . . . . . 103
Semantic Segmentation Results in RSTNet Compared with SemMonoDepth

B . v v e 104
Leverage Geometry-based Methods and Deep Learning Networks. . . . . . 106
Leverage Geometry-based Method and RSTNet's Map on KITTI Odometry
Sequence 09. . . . .. e 109

Xiv



Notations

rotation

translation

X axis translation

y axis translation

z axis translation

X axis rotation angles

y axis rotation angles

Z axis rotation angles

point P in 3D space

vectora in 3D space

vectora’ through Euler transformation from vectain 3D space
camera focal length

baseline of camera

pixel point x-axis coordinate of the left camera
pixel point y-axis coordinate of the left camera
pixel point x-axis coordinate of the right camera
pixel point y-axis coordinate of the right camera
homogeneous coordinates of a pixel in the target view
camera coordinates

projected coordinates in the source view
projected target to source ego-motion

projected target depth

warped source image

original source image

XV



l¢ original target image

Q point Q in 3D space
C source camera location
C target camera location

source image

target image

P point P passing position in source image
Pg point P passing position in target image
Qi point Q passing position in source image
Q; point Q passing position in target image
L deep network learned transformation relation from source to target
Xt current input

ht previous states

S auto-encoder input

So auto-encoder output

E() Encoder

D() Decoder

f features in the middle of auto-encoder
E; right reconstruction loss function

I synthesize left image

synthesize right image

Ep 3d point cloud warping loss
B, depth d2 corresponding point clouds
Pf! 5 depth d2 transformed from depth d1 corresponding point clouds
A error image i layer
E' 1 error unit
R recurrent representation layer
G generator
D! discriminator
initial states
d depth estimator

XVi



Fd

Fs

ego-motion estimator

view reconstructor

estimated error image

predicted image

camera intrinsic matrix

estimated disparity

the camera coordinate transformation matrix
weight atl layer

temporal weight factor

total number of ReLU units

solving gradient operation

random interpolation samples

a random number from uniform distribution between 0 and 1
using monocular image sequence
using stereo image sequence

batch size dimension

image height dimension

image width dimension

image channel dimension

three monocular consecutive images
Dynamic Object

photometric reprojection loss function
mean-normalized disparity

imagex axis gradient

imagey axis gradient

auto-masking weight

dynamic masking weight

depth features

image features

optical ow features

XVii



XViii



Abbreviations

SLAM
VSLAM
VO

2D

3D
6-DoF
GPS
VINS
RCNN
PCA
DSO
PSPNet
RSTNet
SGANVO
MonoSLAM
RGB
RGB-D
IMU
ORB
BoW
PTAM
DTAM
TSDF
ICP

Simultaneous Localisation and Mapping
Visual Simultaneous Localisation and Mapping
Visual Odometry

Two Dimension

Three Dimension

Six Degrees of Freedom

Global Positioning System

Vision-aided Inertial Navigation System
Recurrent Convolutional Neural Network
Principal Component Analysis

Direct Sparse Odometry

Pyramid Scene Parsing Network

Recurrent Spatial-Temporal Network

Stacked Generative Adversarial Network Visual Odometry
Monocular Simultaneous Localisation and Mapping
Red Green Blue

Red Green Blue Depth

Inertial Measurement Unit

Oriented Fast and Rotated BRIEF
Bag-of-Words

Parallel Tracking and Mapping

Dense Tracking and Mapping

Truncated Signed Distance Function

Iterative Closest Point

XiX



CPU

GPU
LSD-SLAM
DSO

SVO

SP

UnSP
SemiSP
DCNF
CRF

CNN

FCN

StM

RNN
GAN
LSTM
GRU
ConvLSTM
ConvGRU
SVM
GANs

KL

JS

ReLU
ATE
RMSE
SSIM

Central Processing Unit

Graphic Processing Unit
Large-Scale Direct Monocular SLAM
Direct Sparse Odometry
Semi-Direct Monocular Visual Odometry
Supervised

Unsupervised

Semi-Supervised

Deep Convolutional Neural Field
Conditional Random Field
Convolutional Neural Network

Fully Convolutional Network
Structure-from-Motion

Recurrent Neural Network
Generative Adversarial Network
Long Short-Term Memory

Gated Recurrent Unit

Convolutional Long Short-Term Memory
Convolutional Gated Recurrent Unit
Support Vector Machine

Generative Adversarial Nets
Kullback-Leibler

Jensen-Shannon

Recti ed Linear Unit

Absolute Trajectory Error
Root-Mean-Square Error

Structural Similarity Index Measure

XX



Chapter 1

Introduction

The popularity of deep learning technology has led to tremendous research progress in com-
puter vision and robotics. Visual-based SLAM is an overlapped area between these two
elds, directly bene ting from applying deep neural networks to achieve numerous robotic
tasks. In order to explore how this data-based learning method can achieve and improve
various tasks of visual odometry in SLAM, this thesis has made several innovative attempts
and contributions. This chapter introduces the research motivation, the challenging tasks, the

used methodologies, and the novel contributions. Also included is the thesis's outline.

1.1 Motivation

Localization is such a problem that faces a robot that needs to gure out where it is on a
given map using sensor data in robotics. Simultaneous Localization and Mapping (SLAM)

is a complex problem. The robot needs to track where it is while building a map from
scratch without prior knowledge introduced in [9]. This technology can endow mobile robots
with persistent autonomy in an unknown environment and is widely used in autonomous
driving and virtual reality applications. For the past decades, the autonomous navigation
of a robot has depended on feeding a large number of sensors' data such as infrared, radar,
gyroscope, GPS, and other superior sensors. The more precise the positioning, the more
expensive sensor resources are needed. Robot perception has become a common practice in
many industrial applications. With the continuous hardware development, computer vision
provides an inevitable trade-off for navigation technology by only using images or videos.

Designing a more reliable and accurate SLAM system using cheap sources like cameras has

1



2 1.2. TASKS AND CHALLENGES

become a competitive target among quite a lot of research works in robotics. Researchers
named this SLAM system that only uses cameras as visual SLAM (VSLAM) in [10].

The classic VSLAM system generally consists of two parts: front-end feature extraction
with loop closer detection and back-end mapping optimization as summarized in [11]. Be-
cause robots are hard to directly utilize the raw sensor data such as images from camera or
beams from laser to express the SLAM state, the front-end as a preceding module extracts
relevant pixel location features of different points from the view. The front-end module is
named visual odometry (VO) in [12] which is in charge of data association through asso-
ciating each sensor's measurement to a speci ¢ landmark. The back-end module optimiz-
ing visualization map relies on initial triangulating the positions of landmarks from multiple
views. Therefore, the property of visual odometry directly affects the performance of SLAM.
Following the discussion of [11], this thesis raises a further question of "how good the vi-
sual odometry problem is solved,” which is also dif cult to answer because there are many
aspects in visual odometry that need to be speci ed, such as using monocular or stereo data,
planar or three-dimensional environments, and single or multiple estimation tasks. Monoc-
ular and planar data leverages the cheapest resources and the most inadequate information.
Despite the limited resources, previous visual odometry can quickly fail in some challeng-
ing environments, such as high-speed estimation and highly dynamic environments. These
resource awareness conditions demand that researchers design more ef cient and versatile
visual odometry with decent accuracy and robustness. Thence, the motivation of this the-
sis is to develop some innovative monocular visual odometry systems to conduct various

estimation tasks, which could be used for back-end processing.

1.2 Tasks and Challenges

Visual odometry primarily comprises four estimation tasks: depth (disparity), ego-motion,
optical ow, and semantic segmentation. While these tasks are different, the challenges to
face are almost identical, such as improving the estimation accuracy and robustness. This

thesis will set out to accomplish the following tasks and address their faced challenges:

1. Disparity Estimation
The depth of target objects in the view eld from the camera is one of the most critical

parameters in visual odometry. Civera [13] proposed a new parametrization for point



1.2. TASKS AND CHALLENGES 3

features: inverse depth within monocular SLAM which permits the ef cient and accurate
representation of uncertainty. This inverse depth which is the disparity mentioned below
is an essential parameter that its accuracy directly affects the accuracy of the map and the

scale recovery.

Figure 1.1: Ideal stereo camera imaging model to infer depth.

The challenge of disparity estimation is achieving accurate performance according to
different hardware platforms such as monocular or stereo cameras. A stereo camera can
quickly solve the depth estimation problems like an individual's eyes through knowledge

of similar triangle geometry as shown in Figure 1.1. We can get three equations:

X

xr '

—+| N
11
x| x
—| N
—| N

y
v (1.1)

<<

We can get of point P by replacing, which is the depth of the space point P from the
camera:
f b

= 1.2
z xl  xr (1.2)

Y-axis is perpendicular to the page. It can be found that if we want to calculate the
depth, the premise assumes that we must know: 1. Camera focal lerigthand right
camera baseline These parameters can be obtained through prior information or camera
calibration. 2. Parallaxl xr. Need to know the correspondence between each pixel

(xI;yl) of the left camera and the corresponding pdxityr) of the right camera. The
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above is the core problem of stereo vision.

Nevertheless, when people close one eye and observe an object with only one eye, they
can also distinguish which object is close and which is distant. Does it mean that monoc-
ular cameras can also get depth information? The positive answer comes with many
subsidiary conditions. It is authentic that people can obtain a certain depth of information
through one eye. However, there are some easily neglected factors in action: people have
an excellent prior knowledge of understanding this world. Therefore, there is a funda-
mental prediction of the size of everyday objects based on the years of visual training
from the child. According to the common sense of objects, the individual's brain can
indeed infer which object is far and which object is near in the view. The second factor is
that the human's eye is shaking when observing an object which is equivalent to a mov-
ing monocular camera. Similar to the principle of the Structure from Motion (SfM), the
single moving eye can get depth information by comparing multiple views. Thus, these

thoughts inspire monocular depth estimation.

. Camera's Ego-Motion Estimation

The most intuitive task of visual odometry is the camera's ego-motion estimation. Ego-
motion is a continuous process where 2D image sequences captured by a camera are used
to estimate 3D camera movement within a rigid scene as de ned in [14]. The camera
movement is a rigid body movement, which ensures that the length and angle of the
same vector in each coordinate system will not change. This transformation becomes
the Euclidean transformation. Ego-motion is 6-DoF camera rigid transformation quantity
which consists of three dimensional Euler angles to establish rotation rRednxl three
dimensional translatioh= [ty;ty;t;]. Rotation matrixR can be uniquely determined by

the rotation axisx, y, z and the corresponding rotation angles; b, g. For a three-
dimensional poinP(x;y; 2) rotating around the axis by an anglg, it can be expressed

by the following rotation matrix:

2
cosq sing O

R:(q) = §sinq cosg O (1.3)
0 0 1
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Rotation matrix rotating around the other twoy axes as:

2 3
1 0 0
R«(q) = EO coqy sinqz (1.4)
0 sing cog
2 3
cosg 0 sing
Ry(q) = g 0 (1.5)
sing 0 coy

If the rotation axis sequence(s;y; 2), the rotation matrix is

R= Rx(a)Ry(b)RA09) (1.6)

For a vectora in the world coordination, we can ga% after one rotation described I/

and one translation Then combining rotation and translation together are:
0
a=-Ra+t 1.7)

Through the above formula, we use a rotation ma#&eand a translation vectorto com-
pletely describe the coordinate transformation relationship of Euclidean space. VO or

ego-motion is to estimati;t under the same world coordinate.

Because VO conducts geometric computations with authentic images from 3D environ-
ments, ego-motion estimation faces low accuracy and robustness problems. As mentioned
in the last section, a monocular camera estimates disparity through the structure from ego-
motion in the rigid scene. Thus, eliminating dynamic objects in the real world and adapt-
ing to dynamic scene changes has become one of the signi cant challenges to removing
the gap between the ideal rigid assumption and the real world. Ego-motion estimation
couples with disparity estimation under the framework of visual odometry, which makes

the simultaneous solution more dif cult to be solved.

3. Optical Flow Estimation

Optical ow is the instantaneous velocity of pixel movement of 3D moving objects on the
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Figure 1.2: 3D motion is projected into optical ow in 2D image plane.

observation image plane as shown in Figure 1.2. Generally, the instantaneous change rate
of a speci ¢ coordinate point between two images is de ned as an optical ow vector.
Optical ow comes into being by the movement of the foreground object itself, the move-
ment of the camera, or the joint movement of them in the scene. In 3D space, the motion
can be described by a motion eld. However, the motion of an object is often re ected by
the different grey-scale distributions of different images in the image sequence on the 2D
image plane. Therefore, the motion eld in space transferred to the image is expressed
as optical ow vectoru. The optical ow vector is a two-dimensional vectar= ( u;Vv),

which re ects the changing trend of the grey level of each point on the image, which can
be regarded as the instantaneous velocity eld generated by the motion of pixels with grey
levels on the image plane. The information it contains is the instantaneous velocity vector
information of each pixel. The purpose of studying the optical ow eld is to approximate
the motion eld that cannot be directly obtained from the sequence of images. Therefore,

the optical ow eld corresponds to the motion eld in an ideal situation.

If the optical ow method is used for visual odometry, there are two basic assumptions:
brightness is constant and time is continuous-time, or exercise is small. When the same
target moves between different frames, its brightness will not change signi cantly. This
assumption of the primary optical ow method and all variants of optical ow methods
must be satis ed. This assumption is used to obtain the fundamental equation of opti-
cal ow methods. Time changes should not cause drastic changes in the target position.

The displacement between adjacent frames should be relatively small, an indispensable
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assumption of the optical ow method. Itis these basic assumptions that become the chal-
lenging issues to optical ow methods. In the next chapter, some details of optical ow
methods will be discussed in part related to geometry-based visual odometry methods

(literature reviews).

4. Semantic Segmentation

Most SLAM solutions are working at a low level, i.e., feature point or pixel level. These
feature points and pixels are chosen from computer vision algorithms or mathematical
representations of image information. It is hard for individuals to identify feature points

in some cases and judge their movement directions based on detected feature points.
In contrast, individuals' vision is more ef cient in identifying scenes at the object level
and estimating the distance through left and right eyes to infer their ego-motion based
on object movement in the view. This thesis envisions the higher-level representations
including objects and solid shapes and believes semantic segmentation tasks will play a

key role in visual odometry for the next generation of SLAM.

The wide application of deep learning technology has improved the accuracy of seman-
tic segmentation and replaced traditional methods such as support vector machines and
conditional random elds. However, the accuracy improvement of segmentation needs
developing deep neural networks to be trained on many labeled data. Designing a more
ef cient network to produce more accurate semantic segmentation is another challenge
for visual odometry. In addition, utilizing semantic segmentation results to improve other
estimation tasks, such as depth or ego-motion estimation tasks, is another problem worthy

of investigation.

Hence, this thesis will set the above four tasks: disparity estimation, ego-motion estima-
tion, optical ow estimation, and semantic segmentation as the challenging tasks to investi-

gate using robust deep learning networks.

1.3 Methodology and Contributions

In recent years, deep learning methods have been proven to be more effective in processing
robust and ef cient prediction tasks. Researchers strive to transfer these deep networks to

learn to estimate traditional physical quantities of visual odometry as a concise end-to-end
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system. Analogously, deep learning networks can do ego-motion regression or disparity
estimation by training on a large quantity of data set with ground truth according to recent
years of work. This supervised deep learning method performs well on the same training data
set. However, it does not perform well when migrating to a new scenario or other data sets
with different parameter settings. This problem is the generalization ability of deep neural

networks, and this is directly related to the robustness of the network’s learning ability.

In order to solve this poor generalization problem of learning systems, researchers try
to use an unsupervised learning methodology. The training process of unsupervised deep
learning does not require the ground truth labels to enable the network to learn the ability to
predict tasks. This unsupervised method dramatically increases the adaptive learning abil-
ity of networks and the prediction ability to unfamiliar scenes. Thus, the methodology of
this thesis is proposing novel network solutions for the unresolved problems. By designing
different network structures and new training loss functions, the thesis implements various
estimation tasks based on the public training dataset. Afterward, evaluation experiments are
processed on the public testing dataset to verify our novel contributions. The speci ¢ method
uses unsupervised deep learning to estimate depth, ego-motion, and optical ow. Traditional
geometric methods can constrain the learning convergence of these three fundamental quan-
tities to design the loss functions for unsupervised training. In addition, semantic segmen-
tation is a higher level of human-de ned perception tasks. It does not have actual physical

meaning, so supervised training is inevitable for semantic segmentation tasks in the thesis.

Learning-based VO networks have been proposed to jointly estimate the depth (task 1)
and ego-motion (task 2). Because these works depend on the ideal rigid transformation
assumption, one of the challenging problems that affect the robustness and accuracy of these
deep networks is dynamic objects and occlusion areas in the scenes. The main work of this
thesis is how the networks can learn the dynamic features and occlusion areas to improve
the accuracy of learning-based visual odometry. This optimized estimation task of dynamic
objects is achieved through unsupervised optical ow (task 3) estimation for dynamic objects
detection. In addition, semantic segmentation (task 4) is integrated into the unsupervised
visual odometry training process in order to create a novel deep learning pathway for high-

level object-based representations of visual odometry.

The main contributions of this thesis are digging into the novel research of unsupervised
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deep learning networks and dynamic noise processing of training approaches for the above

four tasks in visual odometry which are summarised as below:

1. Stacked Generative Adversarial Networks based Visual Odometry (Chapter 3)

Recently end-to-end unsupervised deep learning methods have achieved an effect be-
yond geometric methods for visual depth and ego-motion estimation tasks. These data-
based learning methods perform more robustly and accurately in some of the challenging
scenes. The encoder-decoder network has been widely used in depth estimation, and
the RCNN has brought signi cant improvements in ego-motion estimation. Furthermore,
the latest use of Generative Adversarial Network (GAN) in depth and ego-motion es-
timation has demonstrated that the estimation could be further improved by generating
pictures in the game learning process. This section proposes a novel unsupervised net-
work system for visual depth and ego-motion estimation: Stacked Generative Adversarial
Network(SGANVO), consisting of a stack of GAN layers. The lowest layer estimates
the depth and ego-motion, while the higher layers estimate the spatial features. It can
also capture the temporal dynamic due to the use of a recurrent representation across the

layers. This part is based on the following journal publication:

* Tuo Feng and Dongbing Gu. “SGANVO: Unsupervised deep visual odometry and
depth estimation with stacked generative adversarial networks.” IEEE Robotics and
Automation Letters 4.4 (RA-L) (2019): 4431-4437.

2. Recurrent Spatial-Temporal Networks for Estimating Depth, Ego-Motion, Optical

Flow and Dynamic Objects (Chapter 4)

Depth and camera ego-motion estimations from raw monocular unlabeled consecutive
RGB frames challenge learning-based visual odometry (VO). Most current monocular vi-

sual odometry learning works are based on warping monocular frames to neighbor views
to process the geometric reconstruction. Considering the limitation of the monocular

visual odometry learning task, the geometric reconstruction method fundamentally has
some problems: occlusions and dynamic objects can bring about the artifacts error during
the photometric loss's computation and break down the static environment assumption.
In addition, construction cannot be inferred under a static scene with nil camera ego-

motion. This thesis proposes a novel monocular visual odometry system with a recurrent
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spatial-temporal feature learning network (RSTNet) to overcome these challenges. This
contribution includes the design of a dynamic auto-masking loss to get rid of occlusions,
nil ego-motion, and dynamic objects problems through warping source disparity to the
target disparity based on the rigid ow eld. This part of the work initially employs the
error between full optical ow and rigid optical ow as the relatively camera static optical

ow eld for a dynamic object detection network to predict dynamic object masks. The
evaluation experiment results outperform some state-of-the-art unsupervised monocular

approaches. This part is based on the following publications:

* Tuo Feng Dongbing Gu. “RSTNet: Recurrent Spatial-Temporal Networks for Es-
timating Depth, Ego-Motion, and Dynamic Objects.” IEEE Transactions on Cyber-
netics. (T-Cyb), 2021. (Under Review)

3. Coalesce semantic segmentation network and geometry-based method into our self-
supervised learning of visual odometry (Chapter 5)
Semantic segmentation is a task of high-level processing objects in the eld of computer
version eld. It can provide additional information of objects for depth estimation to assist
in improving the estimation accuracy. Applying semantic segmentation to the training of
depth estimation has become a popular research topic. Most of the previous work has
focused on using pre-trained segmentation networks to predict semantic maps or ready-
made segmented images as additional input to the depth estimation network. This method
directly applies supervised learning with semantic labels in the two-stage training process.
Namely, semantic segmentation and depth estimation are independently trained. In order
to explore whether these two training stages can be combined into one training process to
achieve the training convergence of two tasks simultaneously, this thesis proposes a new
single-stage depth and ego-motion estimation coupled with the semantic segmentation

task. It relies on a semantic edge-ware loss function.

In addition, as geometric methods perform better than deep learning methods for ego-
motion estimation, especially in the case of small rotations, this part also explores the

development of a visual odometry system that can have both the accuracy of geometric
methods and the robustness of deep learning methods. The system is a combination of

our designed RSTNet and the commonly used geometric method. This part is based on
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the following project:

» Tuo FengDongbing Gu. “DeepSLAM Demonstration System Project.” (University
Project)

1.4 Outline of Thesis

This rst chapter serves as an introduction to the full thesis. The second chapter will state the

background literature review of my research. All of my work's contributions are distributed

in Chapter 3, Chapter 4, and Chapter 5. The last one, Chapter 6 presents the conclusions and

potential future work of this thesis. The details of each chapter are summarized as follows:

Chapter 2 plays a role as the theoretical basis and source of this thesis through reviewing
related work to the research's topic. The basic geometric visual odometry is initially intro-
duced as a technical premise. There are three mainstream methods: feature-based meth-
ods, semi-direct methods, and direct methods. After that, learning-based visual odometry
is reviewed as the core implementation reference. From previous supervised learning
methods to recent unsupervised methods, this section presents the timeline of the related
research progress. Itintroduces the basic models of networks for later implementation and
the training data sets for the most common horizontal comparison standards. Afterward,
the related work is reviewed in the following four parts according to the different tasks.
Firstly, the literature review provides a comparative analysis of two disparity estimation
methods: monocular and stereo. Then the published estimation networks of the camera's
ego-motion and object's motion are discussed with sensor fusion learning networks. Re-
lated work of optical ow is divided into supervised methods and unsupervised methods.
At last, high-level object segmentation work is listed, from semantic segmentation and

instance segmentation to dynamic object detection.

Chapter 3 proposes a stacked generative adversarial network (SGANVO) based unsu-
pervised system for visual depth and ego-motion estimation. The related unsupervised
learning works of depth and ego-motion estimation are introduced in the beginning. Then

the system's overview is presented as a generator and discriminator architecture accord-

ing to the structure of generative adversarial networks. The core novel contribution of
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this visual odometry is the adversarial training procedure through the generator loss func-
tions and discriminator loss functions. To evaluate the performance of our SGANVO,
the depth estimation and ego-motion estimation experiments are demonstrated as eval-
uation methods. This chapter concludes that this system generates more accurate depth
estimation results and comparable visual odometry results compared with other published

unsupervised learning networks.

Chapter 4 drives deep into the research of dynamic feature representation of deep learn-
ing networks used for visual odometry and proposes the recurrent spatial-temporal net-
work (RSTNet) for estimating depth, ego-motion, and dynamic objects. The rst part
introduces dynamic objects and occlusion as two commonly faced problems of depth es-
timation and ego-motion estimation networks. The previous related work implemented
the unsupervised learning-based visual odometry networks without considering the noise
caused by dynamic objects to rigid transformation scenes. Furthermore, some improve-
ment learning methods make a step forward in the network estimation performance by
crudely eliminating dynamic masks. To achieve a re ned dynamic object mask estima-
tion, this chapter of the thesis proposes a novel network model consisting of recurrent
spatial-temporal encoder-decoder modules. RST module can learn the perfect spatial-
temporal features extraction through its internal recurrent features representation and re-
ned sub-pixel layers. Because of proposing such a progressive network model, this
thesis chapter presents the self-supervised monocular recurrent spatial-temporal visual
odometry named RSTNet. RSTNet jointly manages four complex tasks: depth, ego-
motion, optical ow and dynamic objects estimations in one stage training process of net-
works. The evaluation experiments provide suf cient veri cation for the performances of

all involved tasks. The conclusion summarizes that our novel visual odometry can esti-
mate more accurate depth, ego-motion, and optical ow with the advanced treatment of

dynamic objects.

Chapter 5 integrates the semantic segmentation supervised training into our novel unsu-
pervised visual odometry training procedure. The high-level object segmentation allows
the networks to learn to understand objects according to massive arti cially de ned la-

bels, which costs an amount of hardware memory space. We use a semantic segmentation
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network instead of an optical ow estimation network to implement the one-stage training
target in our visual odometry system. The rst part of this chapter is the introduction of
related semantic estimation works. Afterward, depth estimation, ego-motion estimation,
and semantic segmentation collaborative networks are proposed with a semantic-guided
unsupervised training procedure. The evaluation experiments show that our novel net-
works estimate the accurate depth and ego-motion and produce competitive semantic
segmentation results. This chapter also leverages geometry-based visual odometry and
learning