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Abstract

Visual object tracking is a critical task in many computer-vision-
related applications, such as surveillance and robotics. If the tracking
target is provided in the first frame of a video, the tracker will pre-
dict the location and the shape of the target in the following frames.
Despite the significant research effort that has been dedicated to this
area for several years, this field remains challenging due to a number
of issues, such as occlusion, shape variation and drifting, all of which

adversely affect the performance of a tracking algorithm.

This research focuses on incorporating the spatial and temporal con-
text to tackle the challenging issues related to developing robust track-
ers. The spatial context is what surrounds a given object and the
temporal context is what has been observed in the recent past at the
same location. In particular, by considering the relationship between
the target and its surroundings, the spatial context information helps
the tracker to better distinguish the target from the background, es-
pecially when it suffers from scale change, shape variation, occlusion,
and background clutter. Meanwhile, the temporal contextual cues
are beneficial for building a stable appearance representation for the
target, which enables the tracker to be robust against occlusion and

drifting.

In this regard, we attempt to develop effective methods that take
advantage of the spatial and temporal context to improve the track-
ing algorithms. Our proposed methods can benefit three kinds of
mainstream tracking frameworks, namely the template-based gener-
ative tracking framework, the pixel-wise tracking framework and the

tracking-by-detection framework. For the template-based generative



tracking framework, a novel template based tracker is proposed that
enhances the existing appearance model of the target by introducing
mask templates. In particular, mask templates store the temporal
context represented by the frame difference in various time scales, and
other templates encode the spatial context. Then, using pixel-wise
analytic tools which provide richer details, which naturally accommo-
dates tracking tasks, a finer and more accurate tracker is proposed.
It makes use of two convolutional neural networks to capture both
the spatial and temporal context. Lastly, for a visual tracker with a
tracking-by-detection strategy, we propose an effective and efficient
module that can improve the quality of the candidate windows sam-
pled to identify the target. By utilizing the context around the object,
our proposed module is able to refine the location and dimension of
each candidate window, thus helping the tracker better focus on the

target object.



Contents

Contents viii
List of Figures X
List of Tables xXvi
1 Introduction 1
1.1 Background . . . . . . ..o 1

1.2 Motivation of This Study . . . . . . ... ... ... .. ... ... 5
1.3 Summary of Contributions . . . . . . .. .. ... ... ... ... 7
1.4 Publications Related to the Thesis . . . . . . .. ... ... ... 8

2 Literature Review 10
2.1 Generative Tracking Methods . . . . . . .. ... ... ... ... 11
2.2 Discriminative Tracking Methods . . . . . . .. .. ... ... .. 15
2.2.1 Traditional Methods . . . . . ... ... ... ... .... 15

2.2.2  Convolutional Neural Network-based Methods . . . . . . . 19

2.3  Other Related Research Areas . . . . . . .. .. ... ... .... 25

3 Template-Based Tracking with Sparse Representation 29
3.1 Introduction . . . . . . . . ... . 29

3.2 Sparse Tracking with Mask templates . . . . . . ... .. ... .. 30
3.3 Performance boosting . . . . ... .. oo 34
3.4 Dynamically Modulated MST with Efficient Solver . . . . . . .. 36
3.5 Experimental Results . . . . . . ... ... ... ... .. ... .. 39
3.6 Conclusion . . . . . . . . ... 51

viil



CONTENTS

4 A Robust Tracker Based on a Bi-channel Fully Convolutional

Neural Network

4.1 Introduction . . . . . . . . . ...
4.2 Generic Pixel Level Tracker . . . . . . . .. .. . .. . ...
4.3 Experiment . . . . .. ... ...

4.4 Conclusion . . . . . . . .

5 Learn to Focus on Objects for Tracking-by-Detection

5.1 Introduction . . . . . . . . ...
5.2 The Transformation Model . . . . . . . ... ... ... ...
5.2.1 TRM with hand-crafted features. . . . . . . . .. ..
5.2.2 TRM with CNN features . . . . . .. ... ... ...
5.3 Experiments . . . ... ... Lo
5.3.1 Compared With Traditional Proposal Methods . . . .
5.3.2 Compared With Regional Proposal Network . . . . .
5.3.3 Improvement On Tracking . . . . . ... ... .. ..

5.4 Conclusion . . . . . . . .

6 Conclusions

References

X

66
66
70
72
7
80
81
90
93
97

102

105



List of Figures

1.1

1.2

1.3

3.1

3.2

3.3

An example of object states in online object tracking. The first
row presents a few frames starting from time ¢ = 0, and the second
row lists the ground truth states of the target correspondingly. The
states in the form of a bounding box are illustrated with rectangles,
while the states in the form of binary masks are illustrated in
white areas. Either the red rectangle or the white mask inside
represents the initial state of the target. Correspondingly, the
yellow rectangles or the related masks are the desired output of
a tracker in each new frame. . . . . . ... ... ... ... ...
Example of challenging issues in object tracking. The target in the
first row suffers from scale change and shape variation. The target
in the second row suffers heavy occlusions, illumination changes
and cluttered background surroundings. . . . . . . . ... ... ..
Spatial and temporal context. The patches (denoted by orange
circles) give spatial context for surrounding spatial positions. For
temporal context, the context patches of the neighbouring time

frames of the sequence in the same spatial location are collected. .

Frame differences with a various number of interval frames (e.g.
ms and my) describe multiple scales of the evolution of the motion
of corruptions over a period of time. . . . . . ... .. ... .. ..
Establishing mask templates based on temporal context. The mask
template can capture the on-going changes in the target area.

Tracking results of different methods on parts of the selected se-

QUENICES. v o v v e e e e e e e e



3.4

3.5

3.6
3.7

4.1

4.2

4.3

4.4

4.5

4.6

LIST OF FIGURES

Center location error for each test sequence. The result of MMST,
which is marked by red lines, has the lower error rate on average
for the test sequences. . . . . . . . ... ... L. 45

Overlap rate for each test sequence. The result of MMST is marked

by red lines and has higher overlap rate on average. . . . . . . .. 46
Statistic results of center location error of all trackers. . . . . .. 52
Statistic results of overlap rate of all trackers. . . . . . . ... .. 53

The processing flow of the bi-channel fully convolution neural net-
work. Based on the input information, low-level and high-level
temporal information are extracted and analysed in corresponding
branches. By fusing the results of two branches, the foreground
area of the target can be identified. . . . . . . . .. ... ... .. 56
The working flow of the low-level branch: the optical flow data is
extracted by a fully convolutional neural network with a clustering
operation afterwards, so that foreground and background areas can
be separated. . . . . . ... 57
The working flow of the high-level branch. It adopts the fully
convolutional neural network to predict the decrease and increase
(red and blue) of the foreground mask of the target. By adding the
predictions to the previous foreground mask, an initial estimation
of the target can be obtained. . . . . .. .. .. ... ... Y
Architecture of CNN of the semantic branch. We add batch nor-
malization to the five convolutional layers adapted from FCN. Five
up-sampling operations are applied to make the final output the
same shape as the input image. . . . . . .. .. ... .. ... .. 60
Qualitative comparison among trackers. Our output is marked in
red shadow. The result of the other trackers are shown by bounding
boxes. . . ... 63
ROC, from the beginning to the 60% of a video sequence. Our
output is shown by black lines marked with stars. The rest of the

other trackers are shown by curves in color. . . . . ... ... .. 64

X1



4.7

5.1

2.2

2.3

0.4

LIST OF FIGURES

ROC, from the 60% to the end of a video sequence. Our output
is shown by black lines marked with stars. The rest of the other

trackers are shown by curves in color. . . . . . . .. ... ... ..

Focus on objects with transformation models. The transformation
model transforms partially aligned original proposals and focus
them on objects. . . . . . . . ...
The working flow of improving proposals based on hand-crafted
features. Original proposals have been generated on the input
image. With the processing of the translation model, the locations
of these proposals are adjusted to better align the target. Then
with the deformation model, the scale and shape of the proposal
are amended to better focus on the object. . . . . ... ... ..
Area arrangement of feature extraction for one proposal. Above
figures show how the characters of the context around and within
an original proposal (represented by the shadowed area marked as
‘O’ in (a)) are extracted. Asin (a), surrounding areas are organized
in a grid. These grid cells can be combined to generate surrounding
features. For example, if we use braces to represent a combination
of cell areas, then features can be extracted from {A, B, C, D, O,
E} and {F, G, H} separately. In addition, the proposal area, O, is
partitioned in two passes, one horizontally and the other vertically,
generating internal horizontal (b) and vertical (c) features. . . . .
Explore the context in multiple spatial ranges. Three kinds of
kernels are utilized here. The bar-shaped convolution kernels in
(a) and (b) are designed to extract vertical patterns and horizon-
tal patterns separately. The area kernel in (c) is used to explore
the pattern of surrounding areas. Besides, to analyze the context
information in multiple spatial ranges, the Atrous convolution is

applied on these kernels. . . . . . . . ... ... ... ... ...

xii



2.5

5.6

5.7

5.8

2.9

LIST OF FIGURES

Focus proposal net. With the iterative self-adapting block, the
transformation parameters predicted at step k will be combined
with parameters obtained at step £ — 1 which helps the proposal
to gradually focus on the target. . . . . . . ... ... ... ...
The working flow of object detector with FoPN. The detector takes
an image as the input and uses a base network to generate feature
maps which preserved key information of the target object. Then
the proposed FoPN processes with the feature map, and generate
refined proposals. These proposals are sent to the detection part
(Fast R-CNN), and output the detection result. . . . . ... ...
Effect of TRM on object coverage by object proposals: visual as-
sessments. Each test image is illustrated with six sub-figures that
arranged in three columns and corresponds to 3 stages (from left
to right) separately. They are random boxes as initial proposals,
adjusted proposals after applying the transformation model, and
further refined proposals with the deformation model. The real-
life images in the first row show the 5 top-ranked proposals out of
all proposals in each stage. The second row shows the degree of
coverage by the entire set of proposals in the corresponding stage,
where brighter colours are for higher levels of coverage, i.e. when
a pixel is included in more windows within the proposal set, its
colour will be brighter. . . . . . .. ... ...
Effect of TRM on object coverage by object proposals with failure
cases. The man driving the car is missed because his size is too
small compared to the car; two cats are identified as one object
because one of them is severely occluded by the other.. . . . . . .
Statistical analysis of object coverage by proposals with TRM. The
figure shows the statistical analysis of overlap variations of random
proposals (blue), translated proposals (green) and deformed pro-
posals (red). By comparing the hists, it is obvious that TRM
increase the number of proposals with high overlaps and reduce

the number of proposals with low overlaps. . . . . . . . ... ...

xiil



5.10

5.11

5.12

5.13

5.14

5.15

LIST OF FIGURES

Improvements on mean overlap scores (w.r.t. ground truth) when
applying TRM on popular object proposal algorithms. The means
of K highest overlap scores achieved by original proposals and cor-
responding transformed proposals are respectively plotted by solid
and dashed lines when K varies from 10 to 1000. For each tested
proposal generator, it has been shown that the dashed line is al-
ways above the solid line, which proves that better coverages on
objects can be obtained if proposals are refined by TRM. . . . . .
Comparison between mean overlaps and a required number of pro-
posals. The transformed proposals (in dashed lines) could achieve
the same overlap scores with less number of proposals. . . . . ..
This box plot shows the comparisons in the numbers of proposals
to achieve similar performance for using original proposals and
transformed ones. The boxes in the same column share a similar
range of mean overlap of top 100 proposals. Refined proposals
sourced from different proposal generators are coloured differently.
For Selective Search, to achieve the similar mean overlap score of
top 100 windows when 400 ~ 600 original proposals are generated
in total (as the yellow area marks), only 180 ~ 250 transformed
proposals (marked by the blur bar) are required for using TRM
to improve the proposals. Thus a fewer number of transformed
proposals is required to achieve the similar performance. . . . . .
Performance comparison between the proposed FoPN and RPN.
The red bounding boxes are results of the proposed method while
the blue dashed bounding boxes are from RPN. . . . . . ... ..
The recall rates of the proposed proposal generation method (TRM)
compared to the Region Proposal Network (RPN) [133]. The recall
rates of the compared methods are evaluated with top 10, 50 and
100 proposals. . . . . . ..o
The tracking result on CarScale. The results of the baseline method
are marked in black. The results of RPN are in blue and ours
TRMT are in red (best viewed in colour). . . .. ... ... ...

X1v



5.16

5.17

5.18

5.19
5.20
5.21
5.22

LIST OF FIGURES

The tracking result on Couple. The results of the baseline method
are marked in black. The results of RPN are in blue and ours
TRMT are in red (best viewed in colour). . . .. ... ... ... 96
The tracking result on Jogging. The results of the baseline method
are marked in black. The results of RPN are in blue and ours
TRMT are in red (best viewed in colour). . . .. ... ... ... 97
The tracking result on Human2. The results of the baseline method

are marked in black. The results of RPN are in blue and ours

TRMT are in red (best viewed in colour). . . .. ... ... ... 98
The overlap rate on CarScale. . . . . . . . . . ... ... ..... 98
The overlap rate on Couple. . . . . . . . . . ... ... ... ... 99
The overlap rate on Human2. . . . . . . . .. ... .. ... ... 99
The overlap rate on Jogging. . . . . . . . . ... ... 100

XV



List of Tables

3.1

3.2

3.3

5.1

5.2
2.3

Center location error (in pixels). The blod and italic numbers
indicate the best and the second-best respectively. . . . . . . . ..
Successful rate (in pixels). The blod and italic numbers indicate
the best and the second-best respectively. . . . . . . . .. ... ..
Speed (fps). Blod fonts indicate the best performance algorithm. .

Detection score for using different numbers of proposals generated
by RPN and the proposed method. The detection is performed
using the Fast RCNN method. Best scores for each category and
final performance are illustrated in bold. . . . . .. ... ... ..
Mean overlap rate. Best scores are illustrated in bold. . . . . . . .

Mean frame rate per second. . . . . . . ... ... ...

Xvi



	Title Page
	Certificate of Original Authorship
	Acknowledgements
	Abstract
	Contents
	List of Figures
	List of Tables



