UNIVERSITY OF TECHNOLOGY SYDNEY
Faculty of Engineering and Information Technology

Research on Object Tracking Technology for Orderless and
Blurred Movement under Complex Scenes
by
Manna Dai

A Thesis Submitted
in Fulfillment of the
Requirements for the Degree
Doctor of Philosophy

Sydney, Australia
2019

Certificate of Original Authorship

I, Manna Dai declare that this thesis, is submitted in fulfilment of the requirements
for the award of PhD, in the Faculty of Engineering and Information Technology at
the University of Technology Sydney.
This thesis is wholly my own work unless otherwise reference or acknowledged. In
addition, I certify that all information sources and literature used are indicated in
the thesis.
This thesis is the result of a research candidature conducted with another University
as part of a collaborative Doctoral degree.
This document has not been submitted for qualifications at any other academic
institution. This research is supported by the Australian Government Research
Training Program.
Signature:

Production Note:
Signature removed prior to publication.

Date: 7 July 2019
© Copyright 2019 Manna Dai

ABSTRACT
Research on Object Tracking Technology for Orderless and Blurred Movement
under Complex Scenes
by
Manna Dai

Visual tracking is widely found in anomaly behaviour detection, self-driving,
virtual reality.

Recent researches reported that classic methods, including the

Tracking-Learning-Detection method, the Particle Filter and the mean shift, were
surpassed by deep learning in accuracy and correlation filtering in speed. However,
correlation filtering can be affected by boundary effects. The conventional correlation filtering fixes the size of its detection window. When its detection window
only captures partial target images due to large and sudden scale variations, the
correlation filtering fails to locate the tracked target. When the target is undergoing
violent shaking, motion blurs and orderless movements appear along with it. The
conventional correlation filtering locks itself in the previous position of the target,
and hence, the target is out of the sight of the correlation filtering. In this case,
the correlation filtering drifts or fails to track. Therefore, this thesis topic is to
track single-objects under complex scenes with attributes of motion blurs, orderless
motions and scale variations. The main research innovation is listed as follows.
(1) An approach for searching orderless movements is designed in a generativediscriminative tracking model. To address the uncertain orderless movements, a
coarse-to-fine tracking framework is adopted. A spatio-temporal correlation is learned
for the detection in the subsequent frames. Experiments are conducted on public
databases with orderless motion attributes to validate the robustness of the proposed
approach.
(2) A template matching method is proposed for tracking objects with motion

blurs. An effective target motion model is designed to provide supplementary appearance features. A robust similarity measure is proposed to address the outliers
caused by motion blurs. Our approach outperforms other approaches in a public
benchmark database with motion blurs.
(3) An ensemble framework is designed to tackle scale variations. The scale of
a target is estimated based on the Gaussian Particle Filtering. A high-confidence
strategy is used to validate the reliability of tracking results. Our approach with
hand-crafted or CNN features outperforms the methods based on correlation filtering
and deep learning in databases with scale variations.
To sum up, this thesis addresses boundary effects, model drifts, fixed search
windows and easily interfered hand-crafted features of objects. Different trackers
are proposed for tracking single-objects with orderless movements, motion blurs and
scale variations. As future work, our methods can be extended to using a neural
network to further improve single-object tracking models.
Dissertation directed by Professors Xiangjian He, Dadong Wang and Shuying Cheng
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Chapter 1
Introduction

1.1

Background and Significance
Vision-based object tracking is a critical branch of Computer Vision, which can

be widely utilised in visual surveillance, human-computer interaction, traffic control
management and so on [22, 164, 168]. Object tracking is exploited in military and
civilian fields, and its main applications are as follows [95, 138, 165].

i. Intelligent surveillance systems [12, 37, 142]. This type of systems is stimulated
by bionics. It can customise functions according to users’ requirements, and
automatically analyse contents in video frames in order to recognise, track
and measure an object of interest, instead of human’s eyes. Once abnormal
behaviours are detected, systems raise alarms in real-time.
ii. Intelligent human-computer interaction systems [89, 136, 169]. Detection and
tracking technologies can simplify work of human-computer interaction without complex interaction hardware equipment. These systems can translate
results of detection, tracking and analysis of gestures and lip languages into
corresponding input commands, in order to realise a smart interaction between
human and a computer. Available applications are lip-language recognition,
gesture recognition, human-eye recognition and visual painting.
iii. Intelligent medical diagnosis systems [50, 64, 73, 98, 127, 153]. These systems
conduct qualitative detection and quantitative estimations in specific sections
via image enhancement, biological detection, labelling and tracking, so as to
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assist doctors in processing medical diagnosis. So far, object tracking technology is widely applied in automatic analysis of medical images, such as CT,
MRI, X ray and ultrasonic wave.
iv. Intelligent military navigation systems [10, 16, 42, 58, 66, 78, 83]. Object
tracking can provide location, moving direction and size of an object of interest in real-time. Tremendous application potential in military promotes the
development of recognition technique on a moving object. Particularly, object
tracking methods are broadly used in Unmanned Aerial Vehicle piloting and
missile tracking [49, 137]. Systems can provide location information of an object to analyse their own states of flights, and then enter an unmanned flight
mode [47, 51, 171].

Object tracking can be categorised into single-object tracking and multi-object
tracking [34, 61]. Single-object tracking approaches resolve issues on deformation,
fast motion and rotation via modelling appearance and motion of objects, while
multi-object tracking methods are to detect and segment multiple targets, which may
be used for data association in successive frames. Single-object tracking algorithms
are partial to commercial applications of virtual reality [96, 109], robot navigation
[131], behaviour recognition [103, 121], 3D reconstruction [23, 108, 118] and video
retrieval [85, 117, 130]. Multi-object tracking has found its applications in traffic
density [45, 111, 114, 146, 158] and pedestrian counting [20, 100, 116, 148].

1.2

Review of Single-Object Tracking Methods
Object tracking is one of the most profound topics of computer vision and ma-

chine learning, and has attracted wide attentions in the academic, political and
business circles. As more and more research scholars study in more advanced on
object-tracking technology, tracking theories and practical application have gained
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fruitful results.
In the academic aspect, most of the top international conferences and journals
in the computer vision and pattern recognition areas include object tracking in their
research topics of interest. Particularly, many special issues are set up for publishing
state-of-the-art research results. These top international conferences include CVPR,
ICCV, ECCV, IJCAI, BMVC and ACMMM. The leading journals include TPAMI,
IJCV, CSVT, TIP, PR and CVIU.
In recent decades, vision-based tracking technology for single object has been
developed quickly, and various excellent object-tracking methods have come out.
Single-object tracking approaches can be divided into three categories: generative
methods [39, 40, 82], discriminative methods [40, 80, 167] and mixed methods [38,
59, 160].

1.2.1

Generative Tracking Methods

Generative tracking methods need to build the appearance models of tracked
objects, and then figure out the similarity between the appearance of each candidate section in a search area and the appearance of an initial target. A candidate
section with the greatest similarity is the location of the estimated object. Nicolas
used Particle Filter (PF) [26] to combine importance sampling and Monte Carlo
schemes in order to explore consistently a sequence of multiple distributions of interest. The re-sampling method used in Particle Filter reduces the validity and
diversity of particles and lead to the phenomenon of particle impoverishment. The
mean shift tracking method [172] can track a target in real time if the target area
is known. As the mean shift is based on histogram models with kernel functions,
this method is insensitive to edge occlusion, target rotation, deformation and background motion. Since the window width of the mean shift remains the same during
the tracking process, the tracking will fail when the target scale changes. Sui et al.
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utilised a joint sparse structure into target subspace, in order to exclude interference
in an adaptable way [125]. This type of model-building methods was robust to the
appearance variation of a target, but it did not work when occlusion had interference
to sensitivity of subspace. As local tracking models essentially had robustness to
partial occlusions, Sui et al. proposed a subspace model to detect the target from
previous frames in a global aspect [123]. This method tackled single-object tracking
issues by using minimisation of rank. In a global aspect, the subspace model is
enhanced with pixel-level observations, so as to compensate the sensitivity of the
subspace method under occlusion. Sui showed that dense sampling surrounding a
target could generate a strong clustering structure between candidate samples. It
could be utilised by self-expression of low-order constraints to achieve a better representation of a target [126]. Considering that occlusion could make an arbitrarily
large error using the conventional sparse representation methods, Sui et al. introduced a new sparse representation approach [124]. This method used spatial local
structures of targets to jointly represent targets in a temporal domain as a time
sequence function. Most of the above approaches were based on rectangular image
patches to describe target images, but these methods cause trivial background noise
to be taken into account. As mid-level image has a good structure preservation of
images and has better flexibility than the original images, Li et al. [84] used midlevel super-pixel information as the description of image features. The single-object
tracking problem was regarded as a graph modelling issue based on Markov Random Walk, where nodes denoted the super-pixels and edges indicated the relevance
between pixels. A confidence map was calculated for inferring the probability that
each super-pixel belonged to the target region [81]. Zhang et al. firstly applied the
recycling structure of a target template into a frequency domain to improve sparse
representation methods and greatly reduce their computation complexities [166].
Although these generative methods have shown good tracking performance, the
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existing similarity metrics are easily affected by motion blurs of targets, illumination
variations and background clusters. As generative approaches cannot segment an
object of interest via background information unlike discriminative methods, performance degradation can occur in different degrees [46, 156, 163].

1.2.2

Discriminative Tracking Methods

Different from generative tracking methods, the existing discriminative methods
utilised discriminative boundary information to separate a target from background
[3, 5, 59, 60, 149]. Support Vector Tracking (SVT) combined a pre-trained Support
Vector Machine (SVM) [132] with an optical flow method to conduct tracking [3].
However, lacking the function of an online learning, SVM and optical flow could
both fail when the object appearance and background changed sharply. Structured
output tracking with Kernels (STRUCK) [54] was an improved version of SVT. This
method used a kernelised SVM with an online classification on a budget [27] instead
of a pre-trained SVM. Another famous discriminative method was a P -N learning
method [68]. Tracking-Learning-Detection (TLD) method [69] added a detection
mechanism to the P -N learning approach for a longer tracking performance than
other tracking methods. The discriminative approaches based on correlation filtering had good performance both in tracking results and tracking speed. This was
mainly because a cyclic structure was used to sample and a Fast Fourier Transform
(FFT) was exploited to accelerate the computation. Henriques et al. extended the
tracking method based on correlation filtering. They integrated the training process with a kernel mapping, along with a Dense Sampling (DS) based on the cyclic
structure of an image, to develop a novel tracker with the Circulant-Structure Kernels (CSK) [57]. Then, Henriques et al. improved the CSK method and introduced
a new tracker with Kernel Correlation Filter (KCF) method [57]. KCF extended
single-channel features based on raw pixels to multiple-channel features based on the
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Histogram of Oriented Gradient (HOG) [106], in order to make KCF perform well
in the presence of deformation and rotation. Danelljan et al. developed a Discriminative Scale Space Tracker (DSST) to tackle scale variations in correlation filtering
[31]. In order to resolve the boundary effect in KCF, a novel tracker with Spatially
Regularized Discriminative Correlation Filters (SRDCF) added a penalty term [48].
When occlusion emerged, using inaccurate tracking results to update model could
make a tracker fail to recognise targets. A Large Margin tracking method with Circulant Feature maps (LMCF) verified the reliability of each tracking result frame by
frame so as to tackle the model drift issues [139]. A tracker with Efficient Convolution Operators (ECO) exploited a decomposition convolution operation to reduce
the dimensions of Convolutional Neural Network (CNN) [87], HOG and CN-based
features [69], in order to reduce the risk of easy over-fitting caused by having too
many modal parameters. ECO also merged similar samples via a Gaussian Mixture
Model (GMM) [57] to build up more representative and more various generative
sample space models, in order to greatly decrease the number of samples.
Although the above discriminative methods show excellent tracking performance,
some interference factors, such as fast deformation, fast motion, illumination change
and occlusion [76] could disturb sample information, so that the extracted features
of targets might fail to represent inherent appearance properties of targets well.
Moreover, when tracking methods based on correlation filtering were easy to fall
into boundary effect and model drift, trackers would drift or even fail.

1.2.3

Mixed Tracking Methods

Mixed tracking methods combine generative methods and discriminative methods, so that mixed methods integrate strengths of both types of tracking approaches
[28]. Yu et al. pointed out that generative trackers generally outperform discriminative trackers when training sets are small, while discriminative approaches are
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superior to generative approaches when training sets are big enough [157]. For this,
mixed trackers can call alternative methods according to different situations in order
to utilise characteristics and merits of both generative and discriminative methods
meanwhile. Woodley et al. applied a generative target model to constrain screening
of local features [145]. They also used discriminative local features from an online
boosting to separate targets and background [93]. To tackle an object appearance
variation issue caused by occlusion, Zhong et al. built up sparse cooperative models,
which combined a sparse discriminative classifier based on overall templates with a
sparse generative model based on HOG features [170]. The sparse generative model
not only took local spatial information of targets into account, but also applied updated target observation information and initial template information into template
update strategy. Therefore, this method was effective to deal with target occlusion
and target appearance changes in the scenarios of target reappearance. Tang et
al. constructed the single-object tracking problem as a classification between foreground and background via using generative and discriminative frameworks at the
same time [128]. They designed a novel online semi-supervised learning framework
based on multi-classifiers, and exploited an AdaBoost algorithm to calculate weights
of classifiers [90]. This method kept its object model in a support vector form, and
found boundary separation between foreground and background by searching for
a decision boundary. Wang et al. regarded tracking issue as generative template
matching [138], and used the local Cosine Similarity to conduct the matching between templates and candidate samples under the framework of a Particle Filter. In
addition, the weights of the local Cosine Similarities are learned to strengthen the
discriminatory ability of weighted local Cosine Similarities. Yu et al. utilised both
generative models and discriminative models to resolve the single-object tracking
problem in the presence of appearance variation and occlusion [157]. The generative models adopted multiple low-dimension linear sub-spaces to describe all of the
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existing different appearance variations of targets, and the discriminative classifiers
based on an SVM were used to train the updated target appearance changes.
The above-mentioned mixed tracking methods can partly handle single-object
tracking issues, such as illumination changes and object rotations. However, the
single-object trackers drifted or failed under the scenarios of fast motions, motion
blurs and scale variations.

1.2.4

Research Difficulties of Single-Object Tracking

Deformation, scale variation, illumination changes and occlusion can make trackers drift or even fail. As shown in Figure 1.1, dramatic illumination changes have
caused brightness and colour changes in the appearance of a target, so that a texture
model of a target is incapable of describing the appearance changes of the target.
A target changing in rotation and scale can make target appearance different in
successive frames. Partial occlusion on a target can lead to the expression of a background interference to a target. Fast motions of a target can increase the search
difficulty on target images. Motion blurs can affect the update of a target model
and reduce the model performance, so as to make the target more indistinguishable.
With background clusters, the background that looks similar to a foreground, can
make a tracker hard to recognise targets from a complex background, and generate
a severe tracking drift.
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Figure 1.1 : Difficulties of Single-object Tracking.

Although the existing single-object trackers achieve excellent tracking results in
partial scenarios,the following three critical research challenges still remain and are
still requested to handle.

i. When orderless movements come out, it is hard to exactly obtain the motion
direction and motion speed of a target. Due to lack of estimation on a potential
movement range, most of the existing single-object tracking approaches locate
a tracking box to a wrong search area for searching a target. The method
sampling only among the areas where a target was located in the previous
frame may find a fake image of the target and lead to a tracking drift and a
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tracking failure.
ii. When an object jumps or a camera shakes, there are motion blurs of varying degrees in both of the object area and background area. Single-object
tracking methods based on template matching rely on extraction and representation of object features, which can be affected by motion blurs. Thus,
they may produce wrong matches between blurred candidate target patches
and a clear target template, and then lower the tracking precision of a singleobject tracker, if the original clear template is still used to conduct feature
extraction. Meanwhile, motion blurs may involve outliers into the image of a
target and a similarity measure that is sensitive to outliers may hence lead to
a wrong matching. The existing methods use Gaussian filters with different
blur radii to blur the originally clear image of an object, so as to generate a
set of templates with Gaussian blurs. Nevertheless, these methods based on
template matching have a limit of running speed due to a considerable number
of templates.
iii. The relative distance between an object and a camera can vary during either
the object or camera moving, together with the scale variation of the target. As
an object in Different scales of the same target may lead to big different feature
sets. Any errors on scale estimation can have trivial background information
included in the target image, or have not the target self-information extracted
and represented in a reasonable way, and hence affect the subsequent tracking
process. Therefore, most of the existing single-object trackers based on the
spatial context information of an object only consider a centre alignment problem, instead of the estimation of a target scale. However, these methods may
not always improve the tracking precision especially when their results are
compared with the ground truth provided by public benchmark datebases.
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Furthermore, the current scale estimation methods are mainly based on a
framework of Particle Filtering to calculate the present scale variation of a
target by using Maximum a Posterior Probability. In fact, the conventional
Particle Filtering has particle degradation and particle impoverishment so it
reduces the accuracy of scale estimation.

A Large Margin tracking method with Circulant Feature maps (LMCF) introduced a multi-peak detection method to determine whether the tracked target was
disappeared in the detection window of the detector [139]. The report said that
this multi-peak detection method could effectively solve the problem of the target
disappearance caused by occlusion, illumination variation and background clutters.
As LMCF fixed the size of the detection window, LMCF failed to track the target,
when the target was out of the search scope of the detection window due to scale
variation, orderless and fast motion.
The conventional Particle Filter (PF) [26] required a large number of particles to
approach the state of the target. The experimental results demonstrated that this
algorithm could tackle occlusion and scale variation, but the predicted target state
was affected by the number of particles. If the number of particles was small, PF
requested a low computational amount and gained an incorrect tracking result. Conversely, if the number of particles was large enough, PF achieved a high calculation
amount.
The Discriminatiive Scale Space Tracker (DSST) constructed two different filters
for position prediction and scale estimation, respectively, which provided a new idea
for solving the problem of scale variation of the tracked target [31]. As DSST only
searched for the target near the previous location of the target, this tracker did
not achieve ideal tracking effect when the target was undergoing occlusion, scale
variation or orderless motion.
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1.3

Technical Route of Single-Object Tracking Methods
For the above-mentioned three single-object tracking challenges, this thesis fo-

cuses on the research on single-object tracking under complex scenarios with motion
blurs and orderless movements in the following three aspects.
i. When an object in a scenario is moving randomly, a large search scope is
needed to be constructed for searching. Because of little changes of a target
in terms of moving directions and moving speeds in successive frames, geometric relevance of the target in the temporal domain and spatial domain in
successive frames can be used to construct the motion model of the target to
better build up a prediction mechanism on target movements. It takes a long
time to directly conduct a generative tracking or a discriminative detection in
a big search scope in order to achieve final results, but a coarse-to-fine layered
tracker can be adopted to lower the computation complexity. Firstly, a generative method locates a tracking box to the area with the highest similarity
score in a big search scope via template matching, so as to obtain a smaller
target detection scope, and then within this scope, a binary classifier is used
to separate the target from its background.
ii. When a dramatically relative movement occurs between a target and a camera due to a jumping target or a shaking camera, motion blurs can happen
in this scenario. Single-object tracking methods based on blurred templates
rely on a mass of blurred templates with different blur degrees. The massive
templates improve the accuracy of matching, but increase computation burden as well. This thesis applies a small set of target templates, and designs a
similarity measure that is insensitive to blur outliers for tackling blurs. Considering that the outlier rejection characteristic of kernel functions has strong
robustness to changes of local pixel values of a target due to occlusions, blurs
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and illumination changes, this thesis exploits kernel functions to construct
similarity measures.
iii. When an object has orderless movements, motion blurs and scale variations,
generative methods or discriminative methods based on fixed detection boxes
can involve in too much background information at some time and detect only
local target information at some other time, so that the obtained target feature
sets fail to represent real information of a target. Therefore, it is necessary to
estimate the features of a target. Conventional scale estimation methods depend on a framework of Particle Filtering, but conventional Particle Filtering
methods have problems of particle degradation and particle impoverishment.
The Gaussian Particle Filtering uses a Gaussian function to process particle
sampling to effectively avoid the problem of particle degradation, and meanwhile Gaussian sampling resolves the problem of particle impoverishment with
no requirement of particle re-sampling. Therefore, this thesis adopts the Gaussian Particle Filtering method to deal with the estimation on a target scale.

A technical route, which is shown in Figure 1.2, is used in this thesis to develop a
single-object tracking method under complex scenes with motion blurs and orderless
movements.

1.4

Evaluation of Single-Object Tracking Methods
(1) OTB-50 and OTB-100 benchmark databases. The Online tracking benchmark-

50 database (OTB-50) and the Online tracking benchmark-100 database (OTB-100)
[155] have 11 video attributes, such as motion blur, scale variation, deformation, inplane rotation, out-of-plane rotation, fast motion, background clutters, illumination
variation, out-of-view, occlusion and low resolution.
Figure 1.3 shows the tracking results of each tracker by using bounding boxes
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Figure 1.2 : A technical route of this thesis.

with different colours, so as to easily conduct quantitative analysis on performances
of all trackers in the same video sequence. Besides, a qualitative comparison is
also used to measure the numerical differences between various algorithms in the
experiments, and differences between tracking results of algorithms and real target
locations are evaluated.

Figure 1.3 : A schematic diagram of qualitative analysis. Results of different trackers
are represented by bounding boxes with different colours.

Hence, it is easier to exactly analyse the interference factors that can generate the
instability of tracking algorithms by a qualitative comparison. Wu et al. summarised
three existing metrics of qualitative comparison: Centre Location Error (CLE),
Distance Precision (DP) and Overlap Precision (OP) [155]. The definition of CLE
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is concluded as follows.
CLE =

√

(x − x′ )2 + (y − y ′ )2 ,

(1.1)

where (x′ , y ′ ) denotes the predicted (or tracked) centre of a target, and (x, y) represents the true centre location of the target. A smaller CLE indicates better performance of a tracker. CLE curves can directly reflect CLE values of methods in each
frame, and average CLE values can evaluate the tracking performance of tracking
methods in a full sequence overall. DP is calculated based on CLE
DP = num(CLE < ϵ)/N,

(1.2)

where num(·) represents the number of cases satisfying the condition ·, and N is the
total number of the cases (that is the total number of the frames in a video here).
As CLE and DP only take errors of a target centre into account and lack the
estimation on the target’s scales, these types of evaluations are not effective in
terms of accuracy. Therefore, OP metric is supplemented in order to implement the
evaluations on the target scale. The OP metric is computed by
OP = num(overlap > η)/N,

(1.3)

where num(·) represents the number of cases satisfying the condition ·, overlap is
the overlap rate between the true target and the estimated target, η is the threshold,
and N is the total number of the frames in a video sequence. The overlap in Eq. 1.3
is computed by
overlap =

area(ROI ∩ ROIgt )
,
area(ROI ∪ ROIgt )

(1.4)

where ROI is a target size calculated via a tracking method, ROIgt represents a true
target size, and area(·) donates an area function.
An average OP reflects the estimation precision on the target scale of a tracker
in a video. A greater OP stands for better performance of a tracker in terms of scale
estimation.

16
A curve evaluation metric, namely Area Under Curve (AUC) is also introduced
to evaluate the tracking accuracy of each tracking method [116]. Precision plots
with various thresholds can be drawn in accordance with CLEs, and success plots
with various thresholds can be drawn on the basis of OPs. A large area under the
AUC curve represents better performance of a tracker. In addition, the legends in
an AUC curve show an average precision or an average success rate of each tracker.
(2) VOT 2015 benchmark database. The visual object tracking challenge 2015
(VOT 2015) benchmark database has totally 60 scenarios [75], including 11 tracking
attributes, which are illumination change, object size, object motion, clutter, camera
motion, blur, aspect-ratio, object color change, deformation, scene complexity and
absolute motion.
In VOT 2015, two evaluation metrics are accuracy and robustness. The accuracy
measures how well the bounding box predicted by a tracker overlaps with the ground
truth bounding box. The accuracy is equal to OP in Eq. 1.3.
accuracy = OP.

(1.5)

On the other hand, the robustness measures how many times the tracker fails
to capture the target in a full video sequence. When the tracking turns to fail, the
overlap between the true target and the estimated target is 0. The robustness is
given by
robustness = num(overlap = 0)/N,

(1.6)

where num(·) represents the number of cases satisfying the condition · and N is the
total number of the frames in a full video sequence. The overlap is referred to Eq.
1.4.
The average of these two rank lists is used in VOT 2015 as the final tracker
rank for determining the winner. To have fair tests with the same environments,
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all experiments are made in MATLAB R2014a. All trackers are run on a Thinkpad
W540 laptop with an i7 2.80 GHz CPU and and a 16 GB RAM.

1.5

Thesis Organisation
This thesis elaborates a single-object tracking problem under complex scenes

with orderless movements, motion blurs and/or target scale variations. This thesis
is organised as follows.
• Chapter 2 presents a single-object tracker in the presence of orderless motion. It can effectively predict a target location in the subsequent frame by
constructing a target motion model. This research has been published in the
paper ‘Hybrid Generative-Discriminative Hash Tracking with Spatio-Temporal
Contextual Cues’ in the journal of Neural Computing and Applications [28].
• Chapter 3 addresses a single-object tracking problem with respect to motion
blur. The outlier rejection characteristic of a kernel function is used to design
a novel similarity measure in order to improve the robustness of a tracking
approach based on template matching. This research has been published in
the paper ‘Object Tracking in the Presence of Shaking Motions’ in the journal
of Neural Computing and Applications [29].
• Chapter 4 presents a single-object tracking method for resolving scale variations of a target. The Gaussian Particle Filtering is applied for the scale
estimation of a target in a generative way. The designed tracking method
is combined with correlation filtering to generate a new ensemble tracking
method and tested with handcrafted features and CNN-based features on
benchmark databases with attributes of orderless movements, motion blurs
and scale variations. This research has been submitted to the journal of Neurocomputing.
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• Chapter 5 addresses a single-object tracking problem with orderless motion
and motion blur. The spatio-temporal context based on Bayesian framework
is utilised to compute a confidence map for obtaining the best location of a
target. This research has been published in the paper ‘Orderless and Blurred
Visual Tracking via Spatio-temporal Context’ in the International Conference
on Multimedia Modelling in 2015 [30].
The main contents and the organisational structure of this thesis are shown in
Figure 1.4.

Figure 1.4 : The main contents and the organisational structure of this thesis.
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Chapter 2
Research on Single-Object Tracking in the Presence of
Orderless Movement
This chapter presents a hybrid generative and discriminative tracker for tracking
a single target with the attribution of orderless movement [28]. The generative
part of this tracker constructs a target motion model to infer a coarse location
area of the tracked target. Then, the discriminative part of this tracker detects a
fine location of the target in this coarse area by utilising spatio-temporal cues of the
tracked targets. All videos with the attributions of orderless movements in the OTB
benchmark database [155] are applied to comparative experiments. The experiments
demonstrate that the designed tracker outperforms other 8 state-of-the-art trackers
in terms of qualitative and quantitative comparisons.

2.1

Introduction
Zhong et al. applied a generative model based on HOG features to a discrimina-

tive tracking method on the basis of sparse representation [36]. Qian et al. encoded
target appearance variations into a generative model for tracking. When a full occlusion happened, their tracking system invoked a discriminative classifier to re-detect
the target [71]. As these single-object tracking approaches lacked an effective estimation on the moving scope of a target, these tracking methods failed to detect a
target in the search scope when the target had orderless movement. To address the
failure, mixed trackers were seen in the existing works, and coarse-to-fine hierarchical frameworks were introduced to conduct a single-object tracking task, where a
generative part took charge of the coarse search of the target and a discriminative

20
part was responsible for the subsequent and complicated tracking optimisation task.
Illumination changes and occlusion of a target degraded the performance of generative tracking algorithms taking into account image’s high-frequency gray-level
information such as texture information, so that a tracking box drifted to a background area [102]. Average hash features discarded high-frequency information of
an image and conduct a binary operation on low-frequency information. Compared
with Local Binary Patterns (LBP) [160], average hash features introduced more
structure information, which was used to build up an appearance model along the
time axis, and hence predicted appearance variation in the subsequent frame.
When a target had occlusion or deformation, building only a target appearance
model along the time axis failed to produce enough information of the tracked target and hence located a tracking box into a non-object area. Although the original
partial information of the target was changed or lost, owing to spatial relationship
between the target and its surroundings, this relationship effectively improved the
distinguish-ability between a target and a non-object, and thus ensured an accurate
positioning for a tracking method. Hence, this chapter mainly considered how to
capture the spatial and temporal context relationship between a target and its surroundings, and then built up a tracking method for dealing with appearance changes
of a target.
After the discussion and analysis on spatial-temporal contexts, average hash
methods, generative tracking methods and discriminative methods, this chapter
presents a Tracker based on Hybrid Generative and Discriminative Hash (HGDHT).
Different from other generative-discriminative methods, HGDHT exploits an improved Particle Filtering method with hash fingerprint features to compute Maximum a Posteriori (MAP) in order to fast obtain a target location. Then, HGDHT
maximises the confidence map based on spatial and temporal context to implement
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a fine target positioning in a dynamically discriminative way. In the framework of
Particle Filtering, the hash method uses low-complicated binary features to reduce
the computation complexity. The proposed method in this chapter is superior to
the state-of-the-art tracking methods.

2.2

Analyses on Related Methods
In this section, we discuss the methods closely related to this work, mainly

regarding the average hash method based on low-frequency image information, the
classical tracking methods based on Particle Filtering, the tracker based on spatiotemporal context, and the HGDHT tracking framework based on Bayesian theory.
2.2.1

Average Hash Method Based on Low-Frequency Image Information

Binary hash codes can fast and effectively reserve original, spatial neighbour
relationships. When each image patch is interpreted to a sequence of corresponding
hash codes, similar image patches gain similar hash codes and dissimilar image
patches have dissimilar hash codes. The dimensions of hash codes is smaller than
the original dimensions so as to decrease storage space required by the algorithm.
Average Hash method is calculated in the following steps [41].
i. Shrinking images. All image patches are shrunk into 8 pixels by 8 pixels in
order to filter out high-frequency information of the images.
ii. Standardising grey images. All shrunk image patches are standardised into
256-level grey images.
iii. Calculating average values. All pixel values of a grey image patch are used to
compute the average value of this grey image patch.
iv. Binarisation images. Each grey image patch is binarised with the average
value as a threshold. If the pixel is smaller than the threshold, this pixel’s
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values is set to 0, otherwise this pixel’s value is set to 1. In this way, a grey
image patch can be encoded into a binary matrix.
v. Obtaining hash fingerprints. The above binary matrix is sequenced to obtain
a 64-bit binary string.
vi. Fingerprint comparison. The distance between any two hash fingerprints is
represented by the Hamming Distance. A greater distance means a bigger
difference between two the hash fingerprints. When the distance is 0, it means
that two compared image patches are identical.
The following function shows how to obtain an average hash feature.


1,
I(i, j) > θ
Hash(i, j) =
(i, j) ∈ Rect,

0,
I(i, j) ≤ θ

(2.1)

where Rect represents the scope of a target in a grey image, I denotes an image
pixel, and θ indicates an average value of all grey-level pixels in Rect.
2.2.2

Classical Tracking Methods Based on Particle Filtering

Conventional Particle Filtering (PF) methods are based on Monte Carlo (MC),
and their core concepts are to extract random state particles from the posterior
probability to express their distribution via Sequential Importance Sampling (SIS)
[102, 122, 154]. PFs are subject to two factors. On the one hand, accuracy of
the posterior distribution approximation depends on the number of particles. The
more particles are used, the more realistic the approximate posterior distribution is.
On the other hand, degradation of Particle Filtering depends on the recommended
distribution and the selection of sampling methods. Based on the above two points,
the simplified algorithm, which is designed in this chapter, is based on Particle
Filtering framework and uses fewer particles to solve tracking based on Particle
Filtering. Hence, the designed method is different from the conventional Particle
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Filtering using a large number of particles to approach the real posterior distribution
infinitely.

2.2.3

Tracker Based on Spatio-Temporal Context

The main idea of trackers based on spatio-temporal context is to conduct statistical correlation modelling based on low-level features for a target and its surrounding in spatial and temporal domains [160]. This tracker is on the strength of the
Bayesian Framework to evaluate the confidence map of a position of a target in the
next frame by combining the spatio-temporal relationship and the visual attention
characteristics of the biological vision system, namely the likelihood function of a
target. A position with the greatest confidence value is inferred as the location of
the target in the next frame. Thereinto, learning of spatio-temporal context model
and detection of a target are realised by Fast Fourier Transformation (FFT) in order
to accelerate learning and detection.
A flowchart of STC method is shown in Figure 2.1 and explained as follows.

Figure 2.1 : The flowchart of STC method.
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(1) Spatial context construction in the t-th frame. A target (indicated by a
benchmark database) is known and the Bayesian framework is used to construct the
confidence map of a target (also likelihood function)
x−x∗
t β

mt (x) = Pt (x|o) = b · e−| α |
∑
=
Pt (x|c(z), o) · Pt (c(z)|o),
c

(2.2)

Xct = {c(z) = (It (z), z)|z ∈ Ωc (x∗t )},

(2.3)

c(z)∈Xt

where o represents a target, Xct indicates a set of features in t-th frame, It (z) denotes
the grey values of the image patch z in the t-th frame, and Ωc (x∗t ) is the area where
x∗t is located.
In Eq. 2.2
Pt (x|c(z), o) = hsc
t (x − z),

(2.4)

where hsc
t (x − z) reveals the spatial geometrical relationship between the location of
a target x and its local context z in the t-th frame.
Through Focus of Attention characteristics of a biologic vision system, a probability graph (context prior probability model) is obtained by
Pt (c(z)|o) = It (z) · wσt (z − x∗t ),
where wσt (z −

x∗t )

=a·e

−

2
|z−x∗
t|
σt2

(2.5)

is a function for Focus of Attention (a is a nor-

malised parameter).
Through a Fast Fourier Transform (FFT) and then an Inverse Fast Fourier Transform (IFFT) for a confidence map and a probability map, a spatial context model
(a conditional probability) hsc
t (x) can be built by the spatial relationship between a
target and its surroundings.
x−x∗
t β

F(b · e−| α | )
−1
),
hsc
(x)
=
F
(
t
F(It (x) · wσt (x − x∗t ))

(2.6)
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and then, this model is used to update the spatio-temporal context model Hstc
t+1 in
the (t + 1)-th frame
stc
sc
Hstc
t+1 (x) = (1 − ρ) · Ht (x) + ρ · ht (x),

(2.7)

sc
where Hstc
1 (x) = h1 (x) at the first frame t = 1.

(2) Target detection in the (t+1)-th frame. The spatio-temporal context information Hstc
t+1 is utilised in the (t + 1)-th frame to compute a confidence map of a
target
∗
mt+1 (x) = Hstc
t+1 (x) ⊗ (It+1 (x) · wσt (x − xt )).

(2.8)

The location with the greatest response is the location of a target
x∗t+1 = arg max∗ mt+1 (x).

(2.9)

x∈Ωc (xt )

2.2.4

HGDHT Tracking Framework Based on Bayesian Theory

Hierarchical tracking framework consists of the following two parts.
(1) Generative part. This method is based on Particle Filtering and Bayesian
theory. Firstly, the search scope of a target is determined by a motion displacement
in the (t − 1)-th frame (shown in a white section in Figure 2.2). Particles are
randomly spread in the search scope to sample candidate image patches of a target.
Then the Average Hash method is used respectively to calculate hash fingerprints
of a template and candidate image patches where particles are located as weights
of particles. Finally, the Maximum Posterior Probability (MAP) is exploited to
computer a coarse location.
(2) Discriminative part. Temporal context can be used to determine the location of a target and spatial context can provide more accurate information to
help distinguish a target from background (shown in Figure 2.3). This method
regards the Bayesian method as a framework. Firstly, on account of the coarse location computed by the generative part, a spatial context model is built up based

26

Figure 2.2 : The flowchart of the generative part of HGDHT.

on spatial geometrical relationship between a target and its surroundings. Then, a
spatio-temporal context model in the next frame is updated by using the spatial context model. Finally, this spatio-temporal context information is combined with the
Focus-of-Attention function to execute a convolution in order to obtain a confidence
map (a likelihood function). A location with the greatest response is considered as
the final location of a target.
2.2.4.1

Coarse Tracking Based on the Generative Method

Coarse tracking of the HGDHT uses the Particle Filtering method as a basic
framework. A state set xt is defined and contains a coordinate of a target, including
the x-axis and the y-axis. This chapter uses following rules to execute sampling of
the Particle Filtering. To avoid repetition during sampling of the Particle Filtering,
repetitive particles are considered to be trivial and be discarded in order to reduce
risk of particle degradation due to sampling redundancy during particle sampling.
Meanwhile, on account of the law of inertia of motion and displacements of particles
in the previous frame, the state function of particles is dynamically updated by
xt =

{(fxi , fyj )|fxi

=

r∗∗
xt−1

△r∗∗
△r∗∗
yt−1
xt−1 j
∗∗
+i×
, fy = ryt−1 + j ×
, i, j = 0, 1, 2},
2
2

(2.10)
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Figure 2.3 : The flowchart of the discriminative part of HGDHT.

where (fxi , fyj ) is the centre location of the candidate image patch of a target in the
∗∗
t-th frame, (r∗∗
xt−1 , ryt−1 ) denotes locations in the x-axis and the y-axis of the image

patch of a tracking result in the (t − 1)-th frame, and △rx∗∗t−1 and △ry∗∗t−1 represent
moving distances in the x-axis and the y-axis in the (t − 1)-th frame, respectively.
Average Hash method [41] based on low-frequency information can decrease computation of feature matching of Particle Filtering. G(x̂t ) represents the grey matrix
of a template at x̂t , G(xt ) denotes the set of the grey matrices of candidate image
patches, where xt indicates the set of the locations of candidate image patches. The
high-frequency information and the details of image patches can be fast removed via
down-sampling, and only the basic information of images (like structure information
and grey information) can be remained.
Each grey matrix G = [Gi×j ]m×n is transferred into a corresponding Boolean ma-
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trix B = [Bi×j ]m×n



1,
Bi×j =


0,

Gi×j ≥ µ

,

(2.11)

Gi×j < µ

where each element Gi×j in a grey matrix is transferred into a corresponding Boolean
element Bi×j , µ represents the average value of all grey values in a grey matrix. Then
the Boolean matrix is transferred into the sequence of a hash fingerprint vector
K = [B1×1 , B1×2 , · · · , Bm×n ].
The similarity between the template of a hash fingerprint and the hash fingerprint
of a candidate object is calculated by
d(x̂t , xlt ) = exp(−HamDist(K(x̂t ), K(xlt ))), l = 1, 2, · · · , N,

(2.12)

where HamDist(·) indicates a Hamming Distance, K(x̂t ) denotes the hash fingerprint
at x̂t , and K(xlt ) is the hash fingerprint of a candidate object at xlt .
Considering the state of the first sample in the t-th frame xlt and an observation
over the first frame to the t-th frame y1:t , the posterior probability at state xlt under
the framework of Particle Filtering is estimated:
p(xlt |y1:t ) =

p(yt |xlt )p(xlt |y1:t−1 )
, l = 1, 2, · · · , N,
p(yt |y1:t−1 )

(2.13)

where p(yt |xlt ) represents a likelihood function of an observation. The likelihood
function in this chapter is defined by p(yt |xlt ) = d(x̂t , xlt ).
The posterior probability p(xlt |y1:t ) is approximated by a set of N particles
{xlt }l=1,2,··· ,N , where weights of importance of particles are defined as {wtl }l=1,2,··· ,N .
Sampling of particles follows the distribution of importance (the proposal distribution) q(xlt |xl1:t−1 , y1:t ), and then weights of particles are updated by
l
·
wtl = wt−1

p(yt |xlt ) · p(xlt |xlt−1 )
, l = 1, 2, · · · , N.
q(xlt |xl1:t−1 , y1:t )

(2.14)

In Particle Filtering, we set q(xlt |xl1:t−1 , y1:t ) = p(xlt |xlt−1 ) (namely Eq. 2.10), the
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Eq. 2.14 is equivalent to
l
l
wtl = wt−1
· p(yt |xlt ) = wt−1
· d(x̂t , xlt ), l = 1, 2, · · · , N,

(2.15)

where the set of the weights of particles is defined by
Wt = {wt1 , wt2 , · · · , wtN }.
A weight wtl of each particle is defined by



1, wtl = max wti
1≤i≤N
l
wt =


0, others

l = 1, 2, · · · , N.

(2.16)

(2.17)

From Eq. 2.10 to Eq. 2.17, trivial particles are discarded to reduce the risk of
particle degradation. Location x∗t at the t-th frame can be obtained by the state of
N particles xlt and a corresponding weight wtl
x∗t

=

N
∑

xlt · wtl

(2.18)

l=1

where xlt is the state of the first particle at the t-th frame. For Particle Filtering,
∑
l l
there is a function p(xlt |xlt−1 ) = N
l=1 xt wt .
Hence, x∗t can be calculated by computing the posterior probability
x∗t = arg max∗ p(xlt |y1:t ), l = 1, 2, · · · , N.

(2.19)

x∈Ωc (xt )

2.2.4.2

Tracking Optimisation Based on the Discriminative Method

∗
On the basis of Eq. 2.7, the spatio-temporal model Hstc
t+1 is calculated at xt , and

the confidence map mt+1 (x) is computed by Eq. 2.8. The final location of a target
x∗∗
t is obtained by Eq. 2.9.
At each frame, the zero-mean method is used to eliminate the effects of illumination changes on the grey values of an image.
At last, the grey matrix of a template is updated by G(x̂t ) = G(x∗∗
t ).
The tracking procedure is summarised in Algorithm 1.
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Algorithm 1 HGDHT tracking method.
Input: Video frame t = 1 : F
1: for t = 1 : F do
2:
3:

if t == 1 then
Generate the grey matrix of the template G(x̂1 ) and the hsc
1 , and then
sc
construct the spatio-temporal context as Hstc
1 = h1 .

4:
5:

Obtain the location x∗∗
1 of the tracking object from ground truth.
else

6:

Generate the grey matrices of the candidate set G(xt ) = {G(x1t ) · · · , G(xN
t )}.

7:

Construct the Hash fingerprints of K(x̂t ) and K(xlt ) for l = 1, 2, · · · , N, and
obtain the primary location x∗t by the MAP.

8:

∗
Construct the spatial context model hsc
t based on xt .

9:

Compute the confidence map mt (x) based on Hstc
t−1 .

10:

Estimate the object location x∗∗
t in the t-th frame by maximising the confidence map.

11:
12:

Update G(x̂t ) and Hstc
t .
end if

13: end for
∗∗
∗∗
Output: Tracking results {x∗∗
1 , x2 , · · · , xF }.

2.3

Experimental Results and Discussion
In order to evaluate the HGDHT method, contrast experiments are executed on

the benchmark database [155], and various challenge factors include illumination
changes, motion blur, fast motion, background clutter and so on (shown in Table
2.1). Tracking methods for comparisons are spatio-temporal context tracker (STC)
[160], multiple instance learning tracker (MIL) [4], weighted MIL tracker (WMIL)
[161], compressive tracker (CT) [162], L1 minimisation tracker (L1) [97], L1 tracker
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using accelerated proximal gradient (L1-APG) [6], local orderless tracker (LOT)
[105] and orderless and blurred tracker (OBT) [30]. Due to randomness in results of
partial methods, in order to ensure the fairness of the comparison results, codes of
all above methods use pre-set parameters and run 10 times repeatedly and obtain
an average result.
√
Table 2.1 : Evaluated video sequences. ‘ ’ denotes that the sequence contains the
corresponding challenge, and ‘×’ implies that the challenge is excluded.
Main Challenges
Sequence

Body
Car2

2.3.1

Object Size

87*319
122*99

Frames

334
585

Illumination

Motion

Fast

Cluttered

variation

Blur
√

Motion

Scene

×

×
√

×
×

Car4

170*149

380

×

Face

94*114

493

×

Deer

95*65

71

David

51*54

761

×
√

Shaking

61*71

365

Bike

67*56

228

√
×

√
√
√

×
×

√

×
√

×
√

×

×

×

×
√

×
√

×

×

×

Experimental Setting for Parameters

The proposed method has several adjustable parameters. In the process of spatiotemporal context, the parameters of the map function are set to α = 1.8 and β = 1.
The learning parameter is set to ρ = 0.086. Here, β and ρ are set to the same values
as those in [160].
The greater α is, the bigger weight is given to each x further away to the object
centre in computing m(x). Noting that the focus of our work is on tracking with
motion blur, the information near the indistinct outlier is less reliable than that close
to the object centre. Therefore, it is a good idea to assign a small weight to each x
near the outlier by setting a small α. Instead of using the fixed α = 2.25 as shown
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i n [ 1 6 0], w e t est o ur r es ults usi n g v ari o us v al u es of α i n [ 1, 3] wit h t h e i n cr e m e nt of
0 .0 5 i n t his p a p er. T h e a v er a g e C L E a n d a v er a g e D P ar e c h os e n as t h e e v al u ati o n
crit eri a.

Fi g ur e 2. 4 : T h e m e a ns of a v er a g e C L E pl ots of all t est e d s e q u e n c es wit h v ari o us
v al u es of p ar a m et er α ∈ [ 1, 3] .

As s h o w n i n Fi g ur es 2. 4, 2. 5 a n d 2. 6, w e g et t h e s e c o n d b est (sli g htl y w ors e t h a n
t h e b est) a v er a g e r es ults o v er all ei g ht vi d e os i n t er ms of b ot h C L E a n d D P w h e n
α = 1 .8 .

Alt h o u g h t h e a v er a g e D P o v er t h e ei g ht vi d e os r e a c h es t o its m a xi m u m

w h e n α = 1 .5 , t h e a v er a g e C L E r es ult is o nl y t h e t hir d b est f or t h e s a m e α v al u e.
Si mil arl y, alt h o u g h t h e a v er a g e C L E o v er t h e ei g ht vi d e os r e a c h es t o its m a xi m u m
w h e n α = 1 .5 5 , t h e a v er a g e D P r es ult is o nl y t h e t hir d b est f or t h e s a m e α v al u e.
T h er ef or e, b y t a ki n g i nt o a c c o u nt b ot h C L E a n d D P r es ults, w e d e ci d e t o s et α = 1 .8
i n t his t h esis.

N ot e t h at, e v e n w h e n α = 2 .2 5 (t h e v al u e us e d i n S T C [ 1 6 0]), o ur

tr a c k er a c hi e v es t h e a v er a g e C L E of 1 9. 7 5 a n d t h e a v er a g e D P of 8 4. 5 1 (s h o w n i n
Fi g ur e 2. 6), w hi c h ar e still si g ni fi c a ntl y b ett er t h a n t h e S T C’s a v er a g e C L E of 8 8. 4 3
a n d a v er a g e D P of 6 7. 4 9 (s h o w n i n T a bl es 2. 2 a n d 2. 3 r es p e cti v el y).
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Fi g ur e 2. 5 :

T h e m e a ns of a v er a g e D P pl ots of all t est e d s e q u e n c es wit h v ari o us

v al u es of p ar a m et er α ∈ [ 1, 3] .

2. 3. 2

Q u a ntit ati v e A n al ysis

T a bl es 2. 2 a n d 2. 3 r es p e cti v el y list c o ntr ast r es ults of all m et h o ds a b o ut C L E
a n d D P i n e a c h t esti n g vi d e os. T h e b est r es ults ar e s h o w n i n r e d w hil e t h e s e c o n d
a n d t hir d o n es ar e s h o w n i n bl u e a n d gr e e n.
al g orit h m is.

T h e s m all er C L E is, t h e b ett er t h e

Ot h er wis e, t h e gr e at er D P is, t h e b ett er t h e al g orit h m is.

H G D H T

a d o pts a hi er ar c hi c al c o ars e-t o- fi n e d esi g n t o n arr o w d o w n a t ar g et s e ar c h fr o m a
l ar g e ar e a t o a p arti al ar e a, i n or d er t o b ett er a d a pt t o vi d e o s c e n ari os wit h t h e
s h ar p c h a n g es of t h e m o vi n g s c o p e of a t ar g et.

H e n c e, t his m et h o d c a n a c hi e v e a

b ett er r es ult i n vi d e os wit h or d erl ess m oti o n. Fi g ur e 2. 7 s h o ws t h e C L E c ur v es of
all m et h o ds i n e a c h m o vi e. H G D H T m et h o d a c hi e v es a b ett er tr a c ki n g r es ult a n d a
b ett er r o b ust n ess i n v ari o us m o vi e attri b ut es.
F urt h er m or e, s p e e d is a cr u ci al f a ct or f or m a n y r e al- w orl d a p pli c ati o ns. H e n c e,
w e als o us e t h e a v er a g e fr a m es p er s e c o n d ( F P S) (s e e T a bl e 2. 4) t o e v al u at e t h e s p e e d
of e a c h m et h o d. T h e b est is m ar k e d i n r e d, w hil e t h e s e c o n d a n d t h e t hir d ar e m ar k e d
i n bl u e a n d gr e e n, r es p e cti v el y. I n o ur m et h o d, w e us e t h e d o w n s a m pli n g a n d F F T
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Figure 2.6 : The means of average DP plots of all tested sequences with various
values of parameter α ∈ [1, 3].

transformation for rapid calculation. Implemented in MATLAB, our tracker runs
at 28.67 FPS on average on an i7 2.80 GHz CPU with 16 GB RAM. FPS results
show the suitability of our method for real-time applications.

2.3.3

Qualitative Analysis

Figures 2.8 - 2.9 visually demonstrate some tracking results using different tracking methods.
Illumination variation. For David sequence (Figure 2.9(e)), most of the existing
methods fail to track in a frame (e.g., Frame 134), where the target is in a very
dark area. The tracking results on Frame 134 demonstrate that OBT, STC and
our method perform relatively well while the other methods (e.g., WMIL, MIL,
LOT, L1, L1-APG and CT) completely fail to track the objects. These results are
attributed to that our tracker and STC use the zero mean treatment to reduce the
influence of uneven illumination. In Frames 339, 438 and 666, OBT, STC and our
method show their superiority over other methods because they apply updated cues.
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Table 2.2 : Centre location error (CLE) (in pixels). The best results are shown in
red while the second and third ones are shown in blue and green.
WMIL

STC

MIL

LOT

L1

L1-APG

CT

OBT

[161]

[160]

[4]

[105]

[97]

[6]

[162]

[30]

Body

54.4

148

128

84.5

131

36.7

122

18.1

16.8

Car2

163

5.41

73.9

26.2

49.9

213

104

5.14

5.02

Car4

101

18.2

146

25.3

61.6

20.5

161

16.2

15.62

Face

127

113

123

33.4

149

91.9

55.8

3.91

3.86

Deer

15.6

401

202

63.7

78.1

214

211

5.43

5.41

David

36.3

6.61

43.8

103

63.4

67.1

44.9

5.45

5.41

Shaking

12

8.2

145

73.6

29.1

23.7

11.2

10.7

8.09

Bike

120

7.03

217

24.1

136

26.5

216

7.35

7.15

Average CLE

78.66

88.43

134.84

54.23

87.26

86.68

115.74

9.04

8.42

Sequence

HGDHT

In Shaking sequence (Figure 2.9(h)), the dramatic variation of the stage light
makes the tracking even harder. OBT, STC and our method use the spatio-temporal
context models, so they can discover the relevance between object appearance and
candidate samples. Therefore, OBT, STC and our method also outperform other
trackers when an video experience significant illumination and appearance variations.
Motion blur. The proposed method is robust to motion blur as shown in Body
(Figure 2.8(b)), Car2 (Figure 2.8(c)), Car4 (Figure 2.8(d)) and Face (Figure 2.9(g))
sequences. Other methods suffer from severe drift and even fail to track. This
robustness is attributed to the hierarchical structure, which has both generative and
discriminative merits. The generative method can detect the most similar patch to a
target and the discriminative method uses the spatial relationships and appearances
of local contexts to separate the target from its background. Furthermore, the Hash
fingerprint introduced in the generative appearance model can effectively remove
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Table 2.3 : Distance precision (DP) (in pixels). The best results are shown in red
while the second and third ones are shown in blue and green.
WMIL

STC

MIL

LOT

L1

L1-APG

CT

OBT

[161]

[160]

[4]

[105]

[97]

[6]

[162]

[30]

Body

16.2

16.5

2.99

14.1

27.2

7.49

1.2

55.4

66.2

Car2

7.69

99

15.9

43.9

30.4

12

7.52

95.7

99.3

Car4

3.42

57.4

3.42

52.4

33.2

50.3

3.68

68.9

71.6

Face

18.1

62.9

15.4

39.4

12.4

30.8

19.9

100

100

Deer

87.3

4.23

5.63

19.7

9.86

4.23

4.23

100

100

David

10.1

99.9

16.6

1.97

17.2

31.5

0.131

100

100

Shaking

83.8

100

12.3

17

46.3

26

94.5

72.3

100

Bike

52.2

100

17.1

71.9

26.8

72.4

17.1

100

100

Average DP

34.85

67.49

11.17

32.55

25.42

29.34

18.53

86.54

92.14

Sequence

HGDHT

the complex information (i.e., high-frequency information) and preserve the basic
information (i.e., low-frequency information). Therefore, our generative method
under the Particle Filter framework can estimate similarities between the template
model and candidate samples in a fast and accurate way.
Fast motion. It is difficult to capture a target, which is undergoing a random and
fast motion. In Bike sequence (Figure 2.8(a)), the proposed method and STC are
more appropriate than other methods for foreground segmentation from background.
This is because that the two methods can reveal the relevance between an object
and its contextual cues while other methods cannot. Besides, the tracking is more
difficult when some analogues appear in a scene.
As shown in Deer sequence (Figure 2.9(f)), only our tracker performs well throughout the whole sequence while other trackers fail to complete the tracking task. Although WMIL is also robust under the situations that the surroundings are similar
to the initial state, it loses the target when there are sharply changing surroundings
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Figure 2.7 : The error plots of all tested sequences for different tracking methods.

as shown in Frame 8 and Frame 40. In fact, our success is attributed to the coarseto-fine structure. Within a search scope, we firstly extract an image patch, which is
most likely to contain a target. Then, we attempt to find the exact location of the
object within the extracted patch and its surroundings. This strategy makes our
method search a large scope efficiently while other methods are restricted to their
small search scopes.
Cluttered scene. Similar foreground and background can cause confusion during
tracking. As seen in Car4 sequence (Figure 2.8(d)), there are many similar cars
passing by and the image blur caused by the shaking camera also increases the
tracking difficulty. Given that our tracker removes the high-frequency information
(e.g., contours) by down sampling, it can avoid the influence of fuzzy boundaries. In
addition, our tracker predicts the location of an object with the help of relationships
between the object and its surroundings. Therefore, our method can succeed in
tracking while other trackers undergo severe drifts and tracking failures.
In Car2 (Figure 2.8(c)), Deer (Figure 2.9(f)) and Shaking (Figure 2.9(h)) sequences, our tracker also shows its superiority compared with other methods.
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Table 2.4 : Comparison with average frames per second (FPS). The best results are
shown in red while the second and third ones are shown in blue and green.
WMIL

STC

MIL

LOT

L1

L1-APG

CT

OBT

[161]

[160]

[4]

[105]

[97]

[6]

[162]

[30]

Body

20.68

20.63

0.87

0.3

1.82

15.03

12.92

18.35

21.22

Car2

19.23

22.22

1.42

0.41

1.94

8.43

12.47

27.66

25.76

Car4

20.2

20.21

1.24

0.3

2.85

15.12

12.65

22.04

22.25

Face

20.52

22.52

1.02

0.1

2.61

9.51

12.69

28.02

26.41

Deer

19

26.07

3.26

0.1

2.67

6.63

13.55

29.36

26.42

David

31.47

32.54

1.73

1.11

3.1

10.21

16.85

53.29

41.77

Shaking

20.87

30.86

1.59

0.45

2.79

8.44

15.76

37.72

31.8

Bike

20.86

30.31

2.09

0.58

1.47

8.1

14.2

37.48

33.69

Average FPS

21.6

25.67

1.65

0.42

2.41

10.18

13.89

31.74

28.67

Sequence

HGDHT

In summary, above experimental results showed that HGDHT can adapt various
movie attributes, such as motion blur, fast motion, illumination variation, cluttered
scene. These are due to the following factors. (1) The proposed coarse-to-fine tracking system introduced a novel search strategy to consider motion relationship of a
tracked object in successive frames as a whole, and fully predicted potential locations of a target in spatial domain. In this way, the proposed tracker made tracking
results more robust in the scenarios with fast motion of a target. (2) The adopted
average hash feature method can effectively remain neighbourhood relationship between two pictures in the original space, and fully described whole gray information
(low-frequency information) of an original image to eliminate disturbance near a
boundary in high-frequency images due to cluttered background. Low-frequency information of images were mapped into corresponding binary hash codes for tremendously reducing needed storage in order to fast and effectively distinguish an image
of a tracked target from thumbnails of candidate samples. (3) A spatial context
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Figure 2.8 : The comparison of our approach with state-of-the-art trackers on videos
Bike, Body, Car2 and Car4.

structure was built for describing texture changes of a target in successive frames as
well as spatial relationship between a target and its surroundings, and hence combined temporal and spatial background made the proposed tracking method more
robust in the aspect of appearance variation due to motion blur and illumination
change.

2.4

Conclusions and Future Work
In this chapter, a tracker, which is named hybrid generative-discriminative Hash

tracker (HGDHT) has been proposed. Firstly, the particles representing the potential centres of a target have been generated in the generative stage. The Hash
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Figure 2.9 : The comparison of our approach with state-of-the-art trackers on videos
David, Deer, Face and Shaking.

fingerprint matching has been applied to formulate the observation likelihood. Then,
the preliminary location of the target has been estimated by an improved Maximum
a Posteriori (MAP). This pre-process has also extended the search scope in order to
capture the object, which undergoes a random and fast motion. In the discriminative stage, a confidence map has been optimised by using spatio-temporal context
to find the accurate target location. As a consequence, our method has been robust
to appearance variations. Experiments on some challenging video sequences have
demonstrated the superiority of the proposed approach over 8 existing state-of-theart methods in terms of both accuracy and robustness.
In the future, we will improve the scale adaptability of our tracker so that extracted rounding box containing a target can be more precise.
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Chapter 3
Research on Single-Object Tracking under the Scenario of
Motion Blur
This chapter presents a new tracking framework for tracking a single target with
the attribution of motion blur [29]. This tracking framework is based on a template
matching technique, which introduces a new kernel function into the construction
of the similarity function. The reconstructed similarity function takes advantage of
the outlier rejection characteristic of a kernel function, so as to reduce the effect of
outliers caused by motion blur. All videos with the attributions of motion blur in
the OTB benchmark database [155] are applied to comparative experiments. The
experiments demonstrate that the designed tracker outperforms other 8 state-ofthe-art trackers in terms of qualitative and quantitative comparisons. In addition,
the whole OTB database and VOT 2015 database [75] are also utilised for further
evaluation. The designed tracker is superior to other 8 state-of-the-art trackers.

3.1

Introduction
Most of motion blurs were caused by sudden and large motion of a target. Wu

pointed out that reasonable motion model can help predict motion tendency of a
target [155]. However, most of single-object tracking methods ignored importance of
motion model for tracking results. Existing motion models were mainly categorised
into static models, uniform motion models and uniformly accelerated motion models.
Because realistic targets failed to be completely static, static models was unable to
be used. Uniform motion models simulated where a target motion was small or sampling interval was short, but not be suitable for a scenario where a target motion was
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great or fast. Uniformly accelerated motion models were extended to more reasonable models to improve accuracy and robustness of single-object tracking methods.
Hence, improving existing motion models further improved current technologies of
single-object tracking methods.
Template matching, also namely template correlation matching, was one of popular methods for realising single-object trackers. This method was to execute space
alignment between known target images and multiple big images. Before a target
image had great changes, conventional template-matching methods still performed
well, and a tracking box located at the place with the theoretical optimal matching.
In practice, when partial target had sudden changes on partial grey features due to
blurs, occlusions, rotations and illumination changes, a single template easily caused
multi-location matching, fuzzy matching and wrong matching, to further generate
tracking drift. Hence, many scholars designed multi-template matching to reduce
accidental errors of results of single-template matching [92, 101, 92, 173, 161, 17],
while the number of templates directly affected running speed of the method.
On account of research on a general motion model and template matching, this
chapter designs a novel kernel-matching tracker based on a motion model and online
updated double-template SMT (Tracker for Shaking Motions). Spatial correlation
of a target in successive frames is formulated as a motion model to predict motion
tendency and search scope of a target, in order to adapt sudden motions and large
amplitude motions of a target. A uniform sampling is executed in search scope by
a sliding window to reduce redundant samples and improve accuracy and running
speed of a method. A novel double-template strategy is designed, in order to ensure
that the template does not lose the original information of the target after occlusion occurs, it also ensures that the template can adapt to the change of target
appearance under different scenarios. In addition, a novel element-level similarity
measure is designed. An outlier rejection property of a kernel function is used to
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eliminate the local value changes of a target. To further correct tracking results,
a confidence map of a target is built based on relationship between a target and
its local context in temporal domain and spatial domain under the framework of
Bayes. An FFT is exploited to accelerate computation process. In order to ensure
that the prior probability continuously introduces the latest observation features of
the target’s appearance, the prior probability in the Bayesian framework is updated
online. Experimental verification is executed in various challenge video sequences
and varied video attributes in different video databases. Experimental results show
that SMT is superior to state-of-the-art tracking methods to gain a better tracking
performance.

3.2

Analyses on Experimental Related Methods
In this section, we discuss the methods closely related to this work, mainly

regarding the template-matching tracking method based on motion model, the sampling strategy based on motion model, the double-template strategy based on online
updating, the similarity measure based on a gaussian-uniform kernel, and the tracking optimisation based on prior probability updating.

3.2.1

Template-Matching Tracking Method Based on Motion Model

Visual tracking can be considered as an optimisation problem for template
matching. In other words, effective target locating is executed by solving the maximum similarity between a template and a sample in movie sequences. A kernelmatching method in this chapter includes a novel sampling strategy, a novel doubletemplate strategy and a novel similarity measure. The designed tracking method
adopted a similarity measure based on kernel mapping to execute a rapid matching
between a template and a double-template, in order to effectively reduce the impact of motion blur on outliers of the tracking method. The computational load of
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a matching method increases linearly with the number of samples. The designed
sampling strategy in this chapter is to improve a sampling technology based on
conventional sliding window technologies, so as to make samples concentrate on
area containing effective samples. This method can return the least but the most
effective sample set, and reduce sampling of redundant samples. Furthermore, it
can decrease computation load during matching. In addition, the double-template
strategy in this chapter remained the initial information of a target and the new
feature information of a target in a new frame. Therefore, it avoids tracking drift
due to lack of target diversity in a single template, before and after occlusions are
occurred in a target. Meanwhile, it is superior to multi-template strategies in terms
of running speed, as to greatly decrease matching computation. A large number of
experimental results show that the designed similarity measure has robustness to
not only clear but also blurred images. The designed sampling strategy can reduce
computation load and can adapt to video scenarios with sudden motions and fast
motions of a target. The designed double-template strategy can continue to function
when a target is occluded.

3.2.2

Sampling Strategy Based on Motion Model

As shown in Figure 3.1, the basic concept of the designed sampling strategy is
to equally divide search scope into many non-overlapping blocks. Each vertex of
each block is defined as the centre of a sample. A sliding window goes all over each
centre to realise a uniform sampling in search scope. The size of search scope is
determined by the moving speed of a target.
(1)

(2)

The moving speed of a target in the t-th frame is defined by dt = xt + xt ,
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Figure 3.1 : The search scope definition and the acquirement of the centre locations
of candidate patches in the (t + 1)-th frame. The blue box denotes the object in
the (t − 1)-th frame and the purple box denotes an object in the t-th frame. Then,
(1)

we get the decomposition values xt

(2)

and xt

and lengthen them a times in order

to obtain our search scope in the (t + 1)-th frame. The right chart shows that the
search scope is segmented into equal blocks and each point represents the centre of
a candidate patch. The candidates are extracted by the sliding window.

and the central location of a target is Lt = (h, k). The size of search scope is
{
[
]
(1)
(1)
axt
axt
Ψt = (x, y)|x ∈ h −
,h +
,
2
2
]}
[
(3.1)
(2)
(2)
axt
axt
y ∈ k−
,k +
,
2
2
for arbitrary real constants a.
The moving step of a sliding window in the t-th frame is given by
(1)

τtx =

axt
d

(2)

,

τty =

axt
d

,

(3.2)

where τtx represents the horizontal step of the sliding window in the t-th frame, and
τty represents the vertical step of the sliding window in the t-th frame, and d is an
arbitrary real constant.
In practical applications, the faster a target moves, the larger search scope is.
In this way, the larger moving scope could be covered to obtain higher prediction
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Figure 3.2 : The illustration of double-template strategy.

accuracy. The larger search scope has the bigger number of search points and more
computation load. Hence, the setting of search distance needs comprehensively
consider some factors, such as specific motion characteristics and the computation
load of a method, so as to achieve the best performance.

3.2.3

Double-Template Strategy Based on Online Updating

In order to make the template information more consistent with the real goal,
the template needs to be updated. In order to reduce the impact of different degrees
of target appearance changes in video sequence on the final tracking accuracy, this
chapter designed a new online updated dual-template strategy to address the existing
problems of conventional single-target and dual-template strategies. As shown in
Figure 3.2, the designed double-template structure combines a target image in the
first frame with a tracking result image in the last frame to form a new template
structure.
Illumination changes or motion blurs vary the local pixels of a target and make
an image vector appear outlier (shown in Figure 3.3). However, the target images
between successive frames have no huge difference, so a target tracking result of the
previous frame can be included in a template. Meanwhile, after occlusion occurs,
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the occluded part of a target gradually reappears, so a template used for matching
is able to provide the original information of a target, and an image in the initial
frame in the video sequence in selected as another template. Compared with a
multi-template strategy, which requires cyclic matching between multiple templates
and all samples, a double-template strategy greatly reduces the execution time of
the algorithm. When the target is updated, the double-template only updates the
template in the previous frame. A large number of experimental results show that
the double-template strategy is faster and more effective than the multi-template
strategy in execution efficiency.

Figure 3.3 : The effect of outliers. The sequence Clifbar contains the outlier caused
by motion blur.

3.2.4

Similarity Measure Based on a Gaussian-Uniform Kernel

In video-based tracking, outliers, like partial blurs, can vary image pixels to
make inaccurate matching between a template and a sample, thus make tracking
results drift to incorrect location. As shown in Figure 3.4, the Least Square Distance
(LSD) is the most common method to measure similarity between a template and a
sample. As reported by Yang et al., kernel-mapping methods can effectively inhibit
the impact of outliers on tracking methods [150]. Hence, the proposed method in
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Figure 3.4 : The illustration of the used Uniform kernel and the used Gaussian
kernel and the Square distance.

this chapter constructs a similarity matching method based on two different kernel
mapping functions and uses the RGB values of an image patch for matching based
on colour features. Jian et al. demonstrated that a Gaussian kernel function could
measure the similarity between two arbitrary images in mapping space [79]. Blurs
and occlusions change the partial pixels of a sample image to produce outliers to
make area containing outliers unable to match with a template. The uniform kernel
function, also namely Block-pulse function, filters out that area containing outliers,
and eliminates the adverse effects of outliers. Therefore, the designed similarity
measure exploits a Gaussian kernel function and a Uniform kernel function to dispose
of outliers.
A Gaussian kernel function grows exponentially in a two-dimensional plane, so it
is extremely sensitive to very small element-level differences between two vectors. In
the experiments, the algorithm amplifiers the difference by controlling the bandwidth
of a Gaussian kernel function, so that the algorithm can accurately detect the small
gap between samples and a template, and the matching result is more accurate and
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robust.
The double-template vector is defined by s = [s1 . . . , sn ]⊤ and the double-sample
vector is obtained by u = [u1 . . . , un ]⊤ . According to Literature [17], the similarity
between two vectors is measured by a Gaussian kernel function
wG (s, u) =

n
∑

kG (si , ui ),

(3.3)

i=1

where
kG (si , ui ) = e−

∥si −ui ∥2
σ2

.

(3.4)

A bandwidth parameter in Eq. 3.4 is controlled by the Infinite Norm, and hence
kG (si , ui ) is limited to [e−1 , 1], in order to avoid a too small similarity between s and
u (as shown in Eq. 3.3).
The uniform kernel function is to measure the similarity between a template and
a sample by computing overlap area between a template and a sample. Hence, it
can reflect a global matching precision. In practice, the Uniform kernel similarity
wu (s, u) between s and u is represented by an overlap rate, and can be calculated by
accumulating each Uniform kernel value of each pixel. The used function is defined
by
wU (s, u) =

n
∑

kU (si , ui ),

(3.5)

i=1

where the Uniform kernel function is computed by

1


∥ si − ui ∥≤ κ
 √ ,
kU (si , ui ) = 2 κ


0,
∥ si − ui ∥> κ.

(3.6)

κ is the threshold parameter of an arbitrary real number. The similarity measure
based on joint kernel functions is defined by
wjoint (st , uit ) = wG (st , uit ) × wU (st , uit )

(3.7)
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In the t-th frame, Ut = {u1t , u2t , . . . , um
t } represents a set of double-sample vectors, and st denotes a double-template vector. Then, the tracked target is a sample
with the greatest joint kernel similarity.
u∗t = arg max
wjoint (st , uit ),
i
ut

1 ≤ i ≤ m,

(3.8)

where the centre of u∗t is set as x∗t (t = 1, 2, . . . , F).
3.2.5

Tracking Optimisation Based on Prior Probability Updating

The emphasis of tracking optimisation is to enhance reliability and accuracy of
template matching. When occlusions, illumination changes or motion blurs occur,
appearance of a target has tremendous variations. STC tracker can comprehensively
consider spatial and temporal relationship between a target and its surrounding
context. STC introduces a visual attention attribute to construct a target confidence
map in the next frame, and infers the current position of a target by maximising a
confidence map along with FFT to accelerate computing. In the case of valid search
scope, tracking results are fast and reliable. Hence, the designed tracking method
in this chapter uses STC to relocate for tracking based matching. In experiment,
the method in this chapter follows grey information of image patches in the STC
method to build a spatial context structure for tracking optimisation.
In order to enable the designed method to adapt different-level changes of a
target in occlusion, the prior probability of the context of a target in the first frame
is introduced to improve Eq. 2.5. This chapter used P̄t (c(z)|o) to represent the
prior probability of context of a target in the t-th frame to distinguish itself from
Pt (c(z)|o) in Eq. 2.5. In practice, the prior probability of context of a target
is updated by the linear interpolation and introduces the prior probability of the
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context of a target in the first frame.


P1 (c(z)|o),
P̄t (c(z)|o) =

(1 − θ)P (c(z)|o) + θP (c(z)|o),
t−1
1

t=1

(3.9)

1≤t≤F

where θ is a learning parameter, and Pt−1 (c(z)|o)(t = 1, 2, . . . , F) can be obtained
by Eq. 2.5.
Eq. 2.2 can be improved into
m̄t (x) =

∑

(3.10)

P̄t (x, c(z)|o)P̄t (c(z)|o),

c(z)∈Xct

where
P̄t (x|c(z), o) = Htstc (x − z).

(3.11)

The spatial context model of a target Hstc
t (x − z) can be obtained by Eq. 2.7. In
successive frames, a target and its surrounding background constitute a local context
structure, which has strong spatial and temporal relationship. Hence, this model
can keep tracking in the scenarios with variations of target appearance by using
statistical correlation of low-level features of a tracked target and its surroundings
in spatial and temporal domains in the t-th frame.
On account of Eqs. 2.5, 2.8, 3.9 and 3.11, Eq. 3.10 is defined by
m̄t (x) =



∗
Hstc
1 (x) ⊗ (I1 (x)wσ1 (x − x1 )),

Hstc (x) ⊗ [(1 − θ)I
t

∗
∗
t−1 (x)wσt−1 (x − xt−1 ) + (θI1 (x)wσ1 (x − x1 ))],

t=1
(3.12)
1 ≤ t ≤ F.

where wσt−1 in Eq. 3.12 is a visual attention function, which can be inferred by
Eq. 2.5. The visual attention function can exponentially reduce the background
value away from a target centre. After the first frame, I1 (x) · wσ1 (x − x∗1 ), which
is the prior probability of context of a target in the first frame, is used in Eq.
3.12. As a context model contains the background of a target and the surrounding
background of a target in successive frames is changed over time, the method needs
to be improved so as to enable it to control impact on background in the first frame.
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Figure 3.5 : The illustration of the prior probability model of context.

Considering that the centre x∗1 of the context model of a target in the first frame is
far away from the centre x∗t−1 of the context model of a target in the (t − 1)-th frame
and x as neighbour of x∗t−1 is also far away from x∗1 . Hence, the visual attention
value wσ1 (x − x∗1 ) in the first frame is also weaken along with it. Furthermore, the
improved method in Eq. 3.12 can effectively inhibit the impact of background on
subsequent tracking. The prior probability model of context is shown as Figure 3.5.

In the t-th frame, the final location x∗∗
t of a target is achieved by
x∗∗
t = arg max ∗ m̄t (x), t = 1, 2, . . . , F.

(3.13)

x∈Ωc (xt )

3.2.6

Framework of the Proposed Method

The designed SMT method in this chapter is superior to other state-of-the-art
tracking methods in general video scenarios, as well as in other challenging scenarios like motion blur, occlusion, fast motion and so on. The flowchart of the SMT
method is shown as Figure 3.6. Compared with the conventional STC tracker, the
SMT method consists of coarse tracking and tracking optimisation. The designed
similarity measure and spatial context model are two main steps in coarse tracking
and tracking optimisation, respectively. In coarse tracking, the similarity method
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based on joint kernel mapping functions is used to measure similarity between the
double-template and a sample. The sample with the greatest similarity is the tracking result. A large number of experimental results show that the similarity measure
in this chapter is effective to blurred and clear images. In tracking optimisation, the
improved STC method is used to build the confidence map of a target on account
of a visual attention function and a spatial context model to maximise the confidence map of a target for realising optimisation of coarse tracking results. As the
used spatial context model exploits the spatial and temporal relationship between
a target and its surrounding background, SMT has robustness for the variations of
target appearance due to motion blur, occlusion, illumination change and so on.
Furthermore, the designed sampling strategy predicts the moving scope of a target
by constructing the motion model of a target based on the previous moving tendency of a target. Hence, the method in this chapter can do effective target search
and target sampling in the scenarios with fast motion and large-scale movement.
The similarity measure in this chapter makes a preliminary screening on candidate
samples by a adaptive-step sliding window, so as to greatly reduce the search scope
of target detection. The designed double-template strategy includes the initial information of a target and spatial context structure covers the surrounding information
of a target. Hence, before or after target occlusion, SMT relocates the tracking box
in the position of a target during the process of missing and reappearing the target
appearance information, in order to avoid tracking drift.
The tracking procedure is summarised in Algorithm 2.
Algorithm 2 SMT tracking method.
Input: Video Frame t=1:F
1: for t = 1:F do
2:
3:

if t == 1 then
Initialise the target location x1∗ and x∗∗
1 .
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Figure 3.6 : The flowchart of the SMT method.

4:

Initialise the double-templates s1 .

5:

Initialise the spatial context hsc
1 (x) and set the spatio-temporal context
sc
Hstc
1 (x) = h1 (x).

6:

else

7:

(Begin the coarse processing at location x∗∗
t−1 )

8:

Draw m candidates Ut = {u1t , u2t , · · · , um
t }.

9:

Construct the double-template st .

10:

Compute i joint similarity wjoint (st , uit ) via Eq. 3.7.

11:

Compute the coarse position x∗t via Eq. 3.8.

12:

(Begin the fine processing at location x∗t )

13:

∗
stc
Compute hsc
t (x) by Eq. 2.6 and Ht (x) by Eq. 2.7 at location xt .

14:

Compute the confidence map m̄t (x) based on x∗t by Eq. 3.12.

15:

Compute the ultimate position x∗∗
t via Eq. 3.13.

16:

end if

17: end for
∗∗
∗∗
Output: Tracking results {x∗∗
1 , x2 , · · · , xF }.

55

3.3

Experiments
All experimental results in this chapter are shown as follows. Firstly, compara-

tive experimental analyses are carried out in terms of a sampling strategy based on
motion mechanism, a double-template strategy based on online updating, a similarity measure based on a Gaussian kernel and a Uniform kernel, and an optimisation
strategy updated by a prior probability. Secondly, this paper lists all experimental
results in all 20 videos with motion blur attribute in the OTB-50 database, and
tracking results are compared with other state-of-the-art methods. Finally, to ensure fairness and completeness of experiments, the tracking method in this chapter
conducts tracking contrast experiments in the OTB-50 database [155] and the VOT
2015 database [75].
3.3.1

Experimental Environment and Parameter Settings

Experimental parameters b = 1, β = 1, ρ = 0.086 refer to STC. Other parameters are set by training based on 11 videos with motion blur among the latter 50
videos in the OTB-100 database. 11 videos used for training are BlurCar1, BlurCar3, BlurCar4, Board, Boy, Car2, FleetFace, Girl2, Human2, Human7 and Tiger1.
Table 3.1 shows the 11 video sequences together with their attributes including scale
variation (SV), deformation (DEF), motion blur (MB), fast motion (FM), in-plane
rotation (IPR), out-of-plane rotation (OPR), background clutters (BC), illumination variation (IV), out-of-view (OV), occlusion (OCC) and low resolution (LR).

In this chapter, 11 videos with motion blur are used to carry out the parameter
influence experiments. This chapter evaluates tracking performance in terms of two
quantitative comparisons by using DP (Eq. 1.2) and OP (Eq. 1.3) with different
parameter settings. In tracking optimisation, a learning parameter in Eq. 3.9 is
set to θ = 0.2. Results of different θ are shown in Figure 3.7. The parameters in
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Table 3.1 : The 11 tested sequences containing motion blur attribute. They are
√
selected from the OTB-100 database. ‘ ’ indicates that the corresponding sequence
has the corresponding attribute, and ‘×’ implies that the corresponding sequence
does not have the corresponding attribute. SV, DEF, MB, FM, IPR, OPR, BC,
IV, OV, OCC and LR represent the attributes of scale variation, deformation, motion blur, fast motion, in-plane rotation, out-of-plane rotation, background clutters,
illumination variation, out-of-view, occlusion and low resolution, respectively.
Main Challenges
Sequence

BlurCar1
BlurCar3
BlurCar4
Board
Boy
Car2
FleetFace
Girl2
Human2
Human7
Tiger1

Frames

742
357
380
698
602
913
707
1500
1128
250
354

SV

DEF

×

×

×
×
√
√
√

×
×
×
×

MB

FM

√

√

√

√

√

√

√

√

√

√

√

√
√

√

×
√

√

√

√

√

√
√
×

√

×

×
√

√

×
√

√

√

√

IPR

OPR

BC

IV

OV

OCC

LR

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×
√

×
√

×

×
√

×

×

×

×

×
√

×
√

×

×

×

×

×

×

×

×

×

×

×

×
√

×

×
√
×
√

×

×
√

√

×
√

×
√

×
×
×
√

√
√
×
√

×
×
×

×

√
√

×
×
×

√

×

×
×
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Eq. 3.2 are set to a = 1.3, d = 6, and experimental results in details are shown
in Figure 3.8 and Figure 3.9. Parameter κ is set to 10 in Eq. 3.6, and parameter
results with different threshold are shown in Figure 3.10. For a confidence map in
Eq. 2.2, parameter α is set to 1.25, and a quantitative contrast result of different
parameter settings is shown in Figure 3.11. In all above parameter experiments, only
one parameter among above all is variable while other parameters are constant.

Figure 3.7 : Average DP and average OP of SMT with different θ.

Figure 3.8 : Average DP, average OP and average FPS of SMT with different a.

3.3.2

Tracking Evaluation in Scenarios of Motion Blur

Tracking evaluation in scenarios of motion blur is based on the OTB-50 database,
and it uses 20 videos with motion blur of the database as benchmark videos. DP and
OP are two quantitative evaluation criteria of performance of algorithms. 20 videos
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Figure 3.9 : Average DP, average OP and average FPS of SMT with different d.

Figure 3.10 : Average DP and average OP of SMT with different κ.

for experiments are Biker, BlurBody, BlurCar2, BlurFace, BlurOwl, Box, Car1, Clifbar, David, Deer, DragonBady, Human9, Ironman, Jump, Jumping, Liquor, MotorRolling, Soccer, Tiger2 and Woman. Similar to Table 3.1, Table 3.2 shows 20 training video sequences with the attributes, including scale variation (SV), deformation
(DEF), motion blur (MB), fast motion (FM), in-plane rotation (IPR), out-of-plane
rotation (OPR), background clutters (BC), illumination variation (IV), out-of-view
(OV), occlusion (OCC) and low resolution (LR), of these evaluated video sequences.
The proposed approach is compared with 12 state-of-the-art trackers, including
STC [160], L1 [97], L1-APG [6], CT [162], ACT [33], HGDHT [28], TLD [68],
STRUCK [54], CNT [167], DLT [140], SRDCF [32], and DSST [31]. Note that
STC, ACT, HGDHT, SRDCF, DSST and the proposed tracker are all using the
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Table 3.2 : The 20 video sequences that are selected from the OTB-50 database and
√
have the attribute of motion blur. ‘ ’ indicates that the corresponding sequence
has the corresponding challenge, and ‘×’ implies that the corresponding sequence
does not have the corresponding attribute. SV, DEF, MB, FM, IPR, OPR, BC,
IV, OV, OCC and LR represent the attributes of scale variation, deformation, motion blur, fast motion, in-plane rotation, out-of-plane rotation, background clutters,
illumination variation, out-of-view, occlusion and low resolution, respectively.
Main Challenges
Sequence

Frames
SV

Biker
BlurBody
BlurCar2
BlurFace
BlurOwl
Box
Car1
Clifbar
David
Deer
DragonBaby
Human9
Ironman
Jump
Jumping
Liquor
MotorRolling
Soccer
Tiger2
Woman

142
334
585
493
631
1161
1020
472
761
71
113
305
166
122
313
1741
164
392
365
597

√
√
√
×
√
√
√
√
√
×
√
√
√
√
×
√
√
√
×
√

DEF
×
√
×
×
×
×
×
×
√

MB

FM

√

√

√

√

√

√

√

√

×
√

√

√

√

√
√

×
√

√

√

√

IPR
×
√

√
×
√
√

OPR

BC

IV

OV

OCC

×

×

√

√

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×

×
√

×
√

×
√

×
√

×
√

×

√

√

×
√

×
√

√

×
×
√

√

×
√

√

√

√

√

×
√

√

√

√

√

×
√

×
√

√

√

√

√

√

√

×

√

√

√

√

×
√

×
√

×
√

√

√

√

×
√

√

√

√

√

√

√

√

×
×
√
×
√
×
×
×

×

√

√
×
√
×

×
√
×
×
√

×

√

×
√

×
√
×
√

×
√

√

×
√

×

×

×

×
√

×
√

×
√

×
√

√

√

×

√

√

×
√

×
×

√
√

×
√
×

√

√
√

LR
×

×
√
×
×
√
×
×
√
×
×
×
√
×
×
×
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Figure 3.11 : Average DP and average OP of SMT with different α.

Correlation Filter [33], L1 and L1-APG are based on the Particle Filter, and CNT
and DLT are recently proposed CNN-based trackers.
(1) Quantitative analysis. Table 3.3 and Table 3.4 shows a comparison with the
12 state-of-the-art methods on the 20 challenging sequences containing motion blur
in terms of mean distance precision (DP), mean overlap precision (OP) and frames
per second (FPS). The best, the second best and the third best results are shown in
red, blue and green, respectively. As SMT builds a model of target motions in scenarios with motion blur to predict a reasonable search scope of a target. Meanwhile,
SMT uses a similarity measure based on kernel mapping to inhibit impact of outliers
under scenarios with motion blur. Hence, SMT can achieve the best performance
in terms of DP and OP. In addition, SMT exploits the motion model to predict
potential search scope of a target during matching process in order to narrow search
scope. SMT attain good performance in the aspect of FPS. As seen in Table 3.3 and
Table 3.4, SRDCF improves the boundary effect on conventional Correlation Filters,
but suffers from high computation complexity. Therefore, SRDCF can obtain the
second best tracking results, yet has a low speed.
Figure 3.12 and Figure 3.13 draw the precision plot and the success plot of all
methods with different thresholds, respectively. The success plot applies AUC to
evaluate the tracking performance of methods. The precision plot exploits results
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Table 3.3 : The quantitative comparison of our trackers with 12 state-of-the-art
methods on 20 challenging sequences with motion blur attribute in the OTB-50
database. The results are reported in distance precision (DP) (%). We also provide
the average values of DP. Here, the DP values is set to a threshold ρ of 20 pixels
(referring to [155]) and the OP values is set to a threshold η of 0.5 (referring to
[155]). The best results are shown in red while the second and third ones are shown
in blue and green, respectively. Note that the proposed approach achieves the best
average performance in terms of average DP and average OP, and the second best
in terms of FPS.
STC[160]

L1[97]

L1-APG[6]

CT[162]

ACT[33]

HGDHT[28]

SMT

Average DP

26.40

22.69

22.33

24.66

34.44

41.45

66.38

Average OP

13.01

20.22

21.21

16.06

31.38

37.87

58.03

Average FPS

25.19

2.13

10.65

13.56

103.39

29.12

29.47

Table 3.4 : The quantitative comparison of our trackers with 12 state-of-the-art
methods on 20 challenging sequences with motion blur attribute in the OTB-50
database. The results are reported in distance precision (DP) (%). We also provide
the average values of DP. Here, the DP values is set to a threshold ρ of 20 pixels
(referring to [155]) and the OP values is set to a threshold η of 0.5 (referring to
[155]). The best results are shown in red while the second and third ones are shown
in blue and green, respectively. Note that the proposed approach achieves the best
average performance in terms of average DP and average OP, and the second best
in terms of FPS.
TLD[68]

STRUCK[54]

CNT[167]

DLT[140]

SRDCF[32]

DSST[31]

OURS

Average DP

39.63

47.06

23.17

33.44

59.17

49.18

66.38

Average OP

37.17

47.74

21.99

29.18

53.33

39.64

58.03

Average FPS

10.56

13.91

0.42

7.08

3.46

24.61

29.47
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Figure 3.12 : Comparison results based

Figure 3.13 : Comparison results based

on precision plot for all 20 evaluated

on success plot for all 20 evaluated

movies with motion blur in the OTB-

movies with motion blur in the OTB-50

50 database with location errors below a

database with overlap percentages over

threshold ρ in the range of [0, 50] (pix-

a threshold η in the range of [0, 1]. The

els).

mean overlap precision of each tracker is

The mean distance precision of

each tracker is reported (colour figure

reported (colour figure online).

online).

with threshold set to 20 to evaluate the tracking performance of the methods. Each
curve is an average result of tracking performance on 20 experimental sequences. As
shown in Figure 3.12, SMT is superior to state-of-the-art tracking methods, including SRDCF and DSST. SMT outperforms STRUCK and SRDCF in the aspect of the
success plot. For motion blur attribute, SMT has the best tracking performance.
In general, SMT has robustness for most videos and outperforms the experimental tracking approaches, such as STC[160], L1[97], L1-APG[6], CT[162], ACT[33],
HGDHT[28], TLD[68], STRUCK[54], CNT[167], DLT[140], SRDCF[32], DSST[31].
(2) Qualitative analysis. Figure 3.14 shows tracking results of different trackers
in 3 videos with motion blur attribute, in order to make the qualitative analysis of
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the robustness of the proposed method in the aspect of motion blur. In addition,
the three video sequences also have the attributes of scale variation, deformation,
fast motion or in-plane rotation. These five attributes are common and representative impact factors. For the better demonstration of tracking performance using
different trackers, this section mainly shows the comparison of our approach with
state-of-the-art trackers. SMT is robust for these challenging factors and insensitive
to multiple factors, when compared with other tracking methods. In conclusion,
SMT achieves a better performance in different challenges than other state-of-theart methods. Figure 3.14 involves the following experimental trackers: STC[160],
L1[97], L1-APG[6], CT[162], ACT[33], HGDHT[28]. Experimental video sequences
are BlurBody, BlurCar2 and BlurFace (from top to bottom).
Scale variation. In sequences BlurBody and BlurCar2, a target suffers from
multiple scale variations. From frame 251 to frame 305 in BlurBody sequence when
the objects undergo severe scale variation, SMT performs well while the methods
including STC, L1, L1-APG, CT and ACT completely fail to track the objects and
HGDHT drifts to the background. This can be attributed to the reasons as follows.
(1) The proposed double-template method takes into account the appearance of the
object in the latest frame although the scale of the target is changed. (2) Our context
prior probability is updated over time so as to be robust to appearance variations
introduced by the scale variations. In the BlurCar2 sequence, SMT and HGDHT
perform better than other methods at frames 163, 285, 312 and 497. Other methods
suffer from severe drift and some of these methods completely fail to track.
Deformation. The BlurBody sequence has the deformation attribute. SMT
performs well at frames 238, 251, 305 and 334, while the other six methods fail to
track the object in these frames. This can be attributed to the reasons as follows.
(1) Object representations do not experience significant changes in adjacent frames,
and the proposed double-template strategy can record the current representation
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Figure 3.14 : The partial tracking results of our tracker and 6 state-of-the-art trackers in sequences BlurBody, BlurCar2 and BlurFace from OTB-50 database. Three
sequences have motion blur attribute and also include other attributes, such as scale
variation, deformation, fast motion or in-plane rotation.

information of the deformed object. Thus, this template can adapt to the appearance
changes of objects frame by frame. (2) Our updated prior probability also has a
good adaptability for the appearance change caused by the deformation. Thus, our
method can handle the non-rigid object deformation.
Motion blur. The target regions are blurred due to the motion of the targets or
the cameras. Sequences BlurBody, BlurCar2 and BlurFace suffer from motion blur.
The proposed kernel-based joint similarity measurement can effectively limit the
impact of outliers and improves the robustness, so as to improve tracking robustness
of SMT. Meanwhile, SMT uses the spatial relationships and appearances of local
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contexts to discriminatively separate the target from background to achieve accurate
locating. Hence, SMT is superior to other tracking methods in the aspect of motion
blur.
Fast motion. Sequences BlurBody, BlurCar2 and BlurFace have the attribute of
fast motion. When a target undergoes a random and fast motion, a conventional
tracking method is easy to fail or drift due to lack of prediction of target moving
tendency. SMT carries out geometrical modelling for moving trajectory of a target
in successive frames and predicts a new search scope of a target on the basis of
moving model in the next frame. SMT also use a sliding window to take uniform
sampling in this new search scope, in order to ensure samples including a tracked
target. As shown in Figure 3.14, SMT can maintain continuity and accuracy of
tracking in 3 videos. HGDHT performs well in sequences BlurCar2 and BlurFace,
but drifts in BlurBody sequence. Other tracking methods wrongly locate the target
in different frames.
In-plane rotation. There exist object rotations in some frames of sequences
BlurBody and BlurFace. At frames 251 and 305 in the BlurBody sequence, our
method performs better than other methods. The other methods suffer from severe
drift and some of these methods completely fail to track. This can be attributed to
that the outstanding abilities of the double-templates and updated prior probability
are robust to the appearance variations. Thus, our method can handle appearance
changes and it is not sensitive to in-plane rotation. The same advantages of our
tracking method are also demonstrated in the BlurFace sequence.

3.3.3

Evaluation of Key Parts of SMT

In order to verify the influence of all algorithms designed in this chapter on
tracking experimental results, experimental evaluations are carried out in terms
of the proposed sampling strategy based on motion mechanism, double-template
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strategy based on online updating, joint similarity based on Gaussian and Uniform
kernels, and update scheme method based on a priori probability updating. SMT,
as a framework in the evaluation, conducts different tracking methods with various
sampling strategies, template strategies, similarity strategies. The evaluation performs quantitative comparison and analysis on experimental results. In addition,
experiments also show comparison result with or without the proposed priori probability to verify effectiveness and reliability of the proposed method. Experimental
results in detail are as hereunder mentioned. Figure 3.15 displays a success plot of
all algorithms in this section. Experiments use 20 videos with motion blur in the
OTB-50 public database as benchmark videos. SMT is regards as a basic framework,
and combined with different sampling strategies, different template strategies, and
different similarity strategies to execute quantitative comparison. In Figure 3.15,
‘ours’ represents the proposed SMT. ‘WMIL Sampling’ [161] represents the proposed
SMT with the sampling method replaced by the WMIL sampling method. ‘First
GT’, ‘Last Frame’, ‘mixed single template’, ‘WMIL template’ and ‘ANT template’
represent the proposed SMT with the double-templates replaced by the ‘First GT’,
‘Last Frame’, ‘mixed single template’, ‘WMIL template’ [161] and ‘ANT template’
[17], respectively. ‘LS’ represents the proposed SMT with the similarity method
replaced by LS. and ‘Without Updated’ represents the proposed SMT taken away
the fine processing. The numbers in the brackets of Figure 3.15 stand for the best
mean OP values with a threshold ϵ = 20.
(1) The influence analysis of sampling strategy based on motion mechanism.
In this section, comparison of a sampling strategy of WMIL [161] and a sampling
strategy of SMT is carried out for verifying the advantage of the proposed sampling
strategy of SMT. Figure 3.15 displays comparison of tracking results of different
trackers, where WMIL is marked as ’WMIL Sampling’ and the proposed SMT is
marked as ‘ours’. The sampling strategy of WMIL exploits a conventional sliding

67

Figure 3.15 : The comparison of the proposed approach with variations in sampling,
templates and similarity measures with and without the update process tested on
the 20 videos that have motion blur and are selected from the OTB-50 database.
The figure of the success plot contains the mean overlap precision at a threshold q
of 20 pixels for each method (colour figure online).

window to collect samples. SMT makes an improvement on a conventional sliding
window so that a sliding step is proportional to a moving speed of a target in the
last frame for adaptively adjust the number of samples. Table 3.5 demonstrates
that SMT sampling method has a less computation than WMIL sampling method.
Meanwhile, SMT sampling method conducts uniform sampling in the way of a sliding
window to ensure that a real target image is included in a sample set. Hence, the
proposed SMT sampling method is more effective and efficient.
(2) The influence analysis of sampling strategy based on motion mechanism. Table 3.6 displays each average FPS of each tracking method using a different template
strategy over the 20 videos with motion blur in the OTB-50 database. The best re-
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Average FPS

WMIL sampling method

SMT sampling method

1.41

29.47

Table 3.5 : The processing time (FPS) comparison between the WMIL sampling
method and the proposed sampling method over the 20 videos with motion blur
selected from the OTB-50 database.

sult is marked in red while the second and third are marked in blue and green,
respectively. The proposed SMT method takes target appearance information in
the first frame and the last frame into account so as to make tracking performance
robust. ‘First GT’ in Figure 3.15 and in Table 3.6 means that a template used in
this experiment is only based on the initial information of a target. When only considering target information in the last frame, the name of an experimental template
is shown as ‘Last Frame’ in Figure 3.15 and in Table 3.6. ‘Mixed Single Template’ in
Figure 3.15 and in Table 3.6 is integrated by ‘First GT’ and ‘Last Frame’ in way of
linear interpolation. Weight coefficients of ‘First GT’ and ‘Last Frame’ are 0.05 and
0.95, respectively. Meanwhile, two other multi-template strategies, namely ‘WMIL
Template’ [161] and ‘ANT Template’ [17], are also used in comparison. The proposed double-template strategy in this chapter is marked as ‘ours’ in Figure 3.15 and
as ‘SMT Template’ in Table 3.6. Figure 3.15 shows a success plot of a SMT framework with different template strategies. For better verification of the SMT template,
comparison in this section is based on tracking results of 5 template strategies and
the proposed SMT template. The SMT template is marked as ‘ours’ in Figure 3.15.
SMT with the proposed template in this chapter has the best tracking performance.
Moreover, the proposed double-template strategy based on a parallel algorithm has
a lower computation amount during matching processing, and this strategy plays an
important role in our tracking method.
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First GT Last Frame Mixed Single Template WMIL Template ANT Template SMT Template
Average FPS

25.19

25.37

24.89

10.65

8.12

29.47

Table 3.6 : The processing time (FPS) comparison between the proposed approach
with five different templates including the proposed double-templates over the 20
videos with motion blur selected from the OTB-50 database. The best result is
shown in red while the second and third ones are shown in blue and green, respectively.

(3) The influence analysis of sampling strategy based on motion mechanism.
In order to better show the advantage of the proposed similarity measure, an experimental comparison is based on the Least Square (LS) and the proposed joint
similarity based on Gaussian and Uniform kernels. Figure 3.15 provides a comparison of the tracking results of different trackers, where ‘LS’ represents the Least
Square, which is a common-used similarity measure, and the proposed similarity
measure is marked as ‘ours’. The proposed similarity measure is based on kernel
mapping, so that our tracker can effectively lower the impact of outliers in an image patch. Therefore, the proposed SMT has robustness in the aspect of an outlier
issue caused by motion blur and illumination variation. As seen in Figure 3.15, the
proposed similarity measure is superior to LS in the field of accuracy.
(4) The influence analysis of update scheme method based on a priori probability.
Figure 3.15 shows the tracking results with and without the proposed update scheme,
where ‘Without Update’ means no using this update scheme, and ‘ours’ denotes
using this update scheme. From the results shown in the figure, using the proposed
update scheme can improve tracking performance in 20 videos with motion blur. To
sum up, the update scheme in this chapter has a certain positive effect.
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3.3.4

Analysis of Experimental Results of Complete Databases

(1) Online tracking benchmark-50 public database
Database. Online tracking benchmark-50 (OTB-50) public database [155] has
50 videos with 11 different challenging attributes, including scale variation (SV),
deformation (DEF), motion blur (MB), fast motion (FM), in-plane rotation (IPR),
outof-plane rotation (OPR), background clutters (BC), illumination variation (IV),
out-of-view (OV), occlusion (OCC) and low resolution (LR).
Evaluation criteria. Two evaluation criteria in [116] are used to compare performance: accuracy location error and success rate. Precision plot and success plot
with various thresholds are also provided. In the success plot, AUC is used for
evaluating tracking precision. In the precision plot, the threshold is set to 20 for
performance evaluation.
Experimental trackers. For a better evaluation on SMT, the proposed method
applies the following 12 state-of-the-art tracking approaches to experimental comparison, including STC[160], L1[97], L1-APG[6], CT[162], ACT[33], HGDHT[28],
TLD[68], STRUCK[54], CNT[167], DLT[140], SRDCF[32], and DSST[31].
Experimental results. Figure 3.16 and Figure 3.17 display the precision plot
and the success plot of whole tracking results in the OTB-50 database with all
challenging attributes based on OPE, respectively. From results in Figure 3.16,
SRDCF and SMT are superior to some state-of-the-art trackers. For success plot,
SRDCF, DSST and SMT outperform other state-of-the-art tracking methods. As
shown in Figure 3.16 and Figure 3.17, SMT also provides better tracking results in
video sequences with motion blur. This is because that SMT uses an update scheme
method based on a priori probability, so as to not only enable a classifier to learn
the initial information and the new information of a target, but also this classifier
can update the background information of a target. In this way, the classifier can
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more accurately separate a target from background.

Figure 3.16 : Precision plot for all 50

Figure 3.17 : Success plot for all 50 eval-

sequences in the OTB-50 database with

uated sequences in the OTB-50 database

location errors below a threshold in the

with overlap percentages over a thresh-

range of ρ ∈ [0, 50] (pixels). The mean

old in the range of η ∈ [0, 1]. The mean

distance precision of each tracker is re-

overlap precision of each tracker is re-

ported (colour figure online).

ported (colour figure online).

Table 3.7 and Table 3.8 show the comparison results of all experimental trackers
in terms of average DP, average OP and average FPS in the OTB-50 public database.
The best results is marked as red, and the second best and the third best are
respectively marked as blue and green. As shown in these two tables, a greater
DP and a greater OP mean a better tracking performance. Compared with other
trackers, SMT achieves a better tracking performance and shows its robustness in
videos with different challenging attributes. In addition, this chapter also shows
the results of the Frames Per Second (FPS) of different tracking methods. Table
3.7 and Table 3.8 provide the FPS results of all trackers, and tables demonstrate
that SMT can achieve real-time requirements. This is because that SMT adopts a
sampling strategy based on a motion model to effectively reduce redundant samples
so as to lower the computation amount of the method. Meanwhile, the FFT method
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is used for accelerating the computation of the method. For above reasons, SMT
has a lower computation complexity.
Table 3.7 : The comparison of our tracker with 12 state-of-the-art trackers on the
whole OTB-50 database. The results are reported in terms of average overlap precision (OP) (%), average distance precision (DP) (%) and frame-per-second (FPS).
Here, DP values are obtained at a threshold q of 20 pixels and the OP values are
obtained at a threshold g of 0.5. The best results are displayed in bold while the
second and third best results are shown in italic and bold italic, respectively. The
results of our tracker are among the top three.
STC[160]

L1[97]

L1-APG[6]

CT[162]

ACT[33]

HGDHT[28]

SMT

Average DP

43.92

23.87

34.16

32.60

47.09

45.86

59.92

Average OP

27.20

20.58

28.15

23.09

36.81

37.07

42.89

Average FPS

22.77

1.47

9.64

11.85

167.00

22.21

23.59

(2) Visual object tracking challenge 2015 public database
Database. Visual object tracking challenge 2015 (VOT 2015) [75] public database
has totally 60 videos with 11 video attributes, including illumination change, object
size, object motion, clutter, camera motion, blur, aspect-ratio, object colour change,
deformation, scene complexity, and absolute motion.
Evaluation criteria. In literature [86], accuracy and robustness are the two main
evaluation criteria. For accuracy, an accuracy rank is used to calculate the number
of video frames in a video that exceed the overlap rate threshold. For robustness,
a robustness rank is used to record the number of video frames in a video that a
tracker fails. Moreover, this experiment also computes the average score of each
tracker in terms of accuracy and robustness, and this score is regarded as a final
tracker rank.
Experimental trackers. In order to better evaluate SMT, this chapter provides
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Table 3.8 : The comparison of our tracker with 12 state-of-the-art trackers on the
whole OTB-50 database. The results are reported in terms of average overlap precision (OP) (%), average distance precision (DP) (%) and frame-per-second (FPS).
Here, DP values are obtained at a threshold q of 20 pixels and the OP values are
obtained at a threshold g of 0.5. The best results are displayed in bold while the
second and third best results are shown in italic and bold italic, respectively. The
results of our tracker are among the top three.
TLD[68]

STRUCK[54]

CNT[167]

DLT[140]

SRDCF[32]

DSST[31]

SMT

Average DP

39.98

47.16

37.98

42.44

66.38

52.78

59.92

Average OP

33.62

38.15

34.23

32.87

52.48

45.51

42.89

Average FPS

10.5

11.87

0.42

7.57

4.09

37.72

23.59

the comparison results of 10 state-of-the-art trackers, including STC[160], L1[97],
L1-APG[6], CT[162], ACT[33], HGDHT[28], CNT[167], DLT[140], SRDCF[32], and
DSST[31].
Experimental results. Figure 3.18 shows the ranks of all different methods in
terms of accuracy and robustness. SMT is the second best in the rank of accuracy,
and the forth best in the rank of robustness. Table 3.9 displays the quantitative
comparison of all tracking approaches in this chapter in the VOT 2015 database.
The best results are marked as red, and the second best and the third best are
respectively marked as blue and green. SMT is the second best in the aspect of
accuracy, the third best in the rank of overlap rate, and the third best in the final
tracker rank. This is because that SMT adopts a fixed tracking box to execute a
single-object tracking evaluation. When a target has a great scale variation, the
method lacks certain robustness. DSST performs a better scale evaluation of a
target, so it can effectively adaptive to scale evaluation of a target. Hence, DSST
has a better overlap rate and accuracy than SMT.
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Table 3.9 : The comparison of our tracker with 12 state-of-the-art trackers on the
whole OTB-50 database.
STC

L1

L1-APG

CT

ACT

HGDHT

CNT

DLT

SRDCF

DSST

[160]

[97]

[6]

[162]

[33]

[28]

[167]

[140]

[32]

[31]

Accuracy Rank

4.55

4.13

2.80

4.45

2.95

2.92

2.73

2.75

6.07

1.57

2.52

Robustness Rank

5.25

10.10

5.27

4.95

2.57

5.35

4.95

4.90

1.60

3.48

4.18

Final Rank

4.90

7.12

4.04

4.70

2.76

4.14

3.84

3.83

3.84

2.53

3.35

Overlap

0.40

0.44

0.47

0.39

0.46

0.45

0.48

0.47

0.32

0.54

0.47

Failures

3.75

14.64

4.65

4.09

2.05

4.07

3.84

3.61

1.07

2.56

3.09

SMT

The accuracy and robustness ranks, along with the final averaged ranking score,
are reported. The average overlaps and failures over the videos are also shown in
the last two rows. The best results are marked in red while the second and third
best results are marked in blue and green, respectively.

All above results demonstrate that SMT can adapt to background clutters, fast
motion, motion blur, illumination variation, and occlusion. This is due to the following facts. (1) The designed sampling strategy is combined with a target motion
model, and applies historical motion tendency to predict a target motion scope in
a new frame. The designed sampling strategy executes a uniform sampling in this
target motion scope via a sliding window method, so as to ensure that an image
of a tracked target is included in the set of samples. (2) The designed doubletemplate strategy based on the online updating consists of the initial and the last
historical information of a target. When a target re-emerges after occlusion, this
template strategy can effectively execute template matching to realise relocating of
the tracked target. (3) The designed similarity measure based on a Gaussian kernel
and a Uniform kernel utilises the way of kernel mapping to reduce the impact of
outliers in an image on feature representation. Therefore, this similarity measure
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can enable the tracking method to locate a target in a scenario with motion blur
and background clutters. (4) The designed optimisation algorithm is based on a
Bayesian method to construct the confidence map of a target by making fully use
of the advantage of the structure of the temporal and spatial context of a target. A
current target location can be inferred on the basis of the statistical correlation of
the low-level features of a target and its surroundings. Hence, the designed tracker
in this chapter can deal with deformation, occlusion, and background clutters.

Figure 3.18 : Ranking plot for the experiment baseline in the VOT 2015 databases.
The accuracy and robustness ranks are plotted along the vertical and horizontal
axis, respectively. Our method (denoted by the green triangle) achieves superior
results in the accuracy-robustness experiments (colour figure online).

3.4

Conclusions
This chapter has shown a kernel-mapping tracker based on a motion model

and a double-template strategy, namely SMT. A motion model has been used to
constrain search scope of a target, and a sliding window method is utilised to realise
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sampling in the search scope. In this way, the designed tracker has collected a
sample containing a target image in the scenario with fast motion. The designed
tracking method in this chapter has integrated the initial information of a target
with the updated historical information of a target, in order to obtain an effective
and robust double-template structure. Through mapping a sample and a template
into a high-dimensional space via kernels, the designed tracker has been able to
eliminate the interference of outliers, so as to enable our tracker to have robustness
for scenarios with outliers due to motion blur and illumination variation. Moreover,
the designed optimisation method based on a priori probability has remained the
initial information of a target, so as to avoid tracking drift due to lack of initial
information when a target re-emerges from occlusion. According to experimental
results in this chapter, SMT has been superior to other state-of-the-art trackers in
the OTB-50 database and the VOT 2015 database.
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Chapter 4
Research on Single-Object Tracking under the Scenario of
Scale Variation
This chapter presents a new tracking framework for tracking a single target with the
attribution of scale variation. This tracking framework utilises correlation filtering to
infer the location of the tracked target, and then applies Gaussian Particle Filtering
to estimate the scale of a target in a generative way. This designed tracking framework is evaluated by using handcrafted features and CNN-based features, respectively. Experimental videos are from OTB benchmark database with 11 challenging
attributions, including scale variation [155]. The experimental results demonstrate
that the designed tracking framework outperforms other 16 state-of-the-art trackers
in terms of qualitative and quantitative comparisons.

4.1

Introduction
Tracking methods based on Correlation filters (CF) achieved considerable ac-

curacy and success rate [94], but these methods drifted or failed at different levels
in the scenarios with fast motion and fast deformation. As the CF was a kind of
methods based on templates, template-based tracking methods on account of Histogram of Oriented Gradient (HOG) and Colour Name (CN) lost effect due to fast
deformation [33]. In addition, template updating strategies and updating speed also
affected performance of CF-based trackers. On the other hand, a CF-based tracker
produced a large number of unreal synthetic samples, and filtered out edge background information by a Cosine Window, so as to lead to the boundary effect. Due
to this reason, when a target was moving fast, the CF had lower understanding
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during training process [32]. This enabled the CF to fail to tackle a fast-moving
target. As the CF had a same-size search window during training and detection,
just expanding detection area only increased computational complexity.
Existing solutions for boundary effect failed to be real-time. One method was
named SRDCF designed by Martin [32], and the other methods were called CFLM
[70] and BACF [44] designed by Hamed Kiani. All above methods used CF with
a larger detection scope and a smaller training scope. The difference between two
kinds of methods was how to make the search window of CF and detection scope
had the same size. SRDCF was to smooth the filter edge to 0, while CFLM was to
fill the filter edge with 0.
Moreover, most single-object tracking approaches assumed that the size of a
target was not changed, so this assumption defied the practical applications due
to lack of the ability of scale understanding. Since the relative distance between
a moving target and a camera was varying ‘from far to near’ or ‘from near to
far’, the size of a target in a video was also changing continuously. In order to
improve the tracking efficiency of a method, the issue of scale variation was taken
into consideration.
For resolving above issues and further improve CF-based trackers, this chapter
shows a novel tracker with Kernelised Correlation Filters and a Gaussian Particle
Filter (KCF-GPF) to take advantage of structural Correlation Filters to construct
multiple weak trackers. All weak trackers are assembled as a strong tracker according to a comprehensive decision based on reliability evaluation and multi-task
Gaussian Particle Filter. Each weak tracker is an expert with a specific weight,
which is provided by the corresponding confidence map of CF. Through a reliability
evaluation, each weak tracker provides a weak suggestion to help the Gaussian Particle Filter to make a final strong suggestion. A final tracking result is inferred by
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the weights of particles of the Gaussian Particle Filter. In addition, the Gaussian
Particle Filter uses a multi-task model and samples multiple particles with target
locations and scale information to calculate the weight of each particle based on
HOG features and grey normalisation features to make a strong suggestion, in order
to obtain the final location and the final scale of a target. Experimental results in
public databases demonstrate that the designed method in this chapter achieves a
better tracking performance than other state-of-the-art tracking approaches.

4.2

Analyses on Experimental Related Methods
A comprehensive tracking review can be found in the previous literatures [156,

119]. In this section, we discuss the methods closely related to this work, mainly regarding structural correlation filters, Gaussian Particle Filters (GPF) and ensemble
trackers.

4.2.1

Structural Correlation Filters

Qi et al. demonstrated a weak correlation filter based on CNN features in the
literature [112], and Liu et al. introduced the concept of a structural correlation
filter in the literature [94].
In Qi’s research [112], X k ∈ RP ×Q×D represents the feature map extracted from
the k-th convolution layer with a Gaussian label Y ∈ RP ×Q . Set X k = F (X k ),
Y = F (Y ), where F (·) denotes Discrete Fourier Transformation (DFT), the k-th
filter model of the objective function of the correlation filter in the literature [94]
can be defined by
W k = arg min ∥ Y − X k · W ∥2F +λ ∥ W ∥2F ,
W

where
X ·W =
k

D
∑
d=1

k
X∗,∗,d
⊙ W∗,∗,d ,

(4.1)

(4.2)
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where ⊙ is a dot-product operator.
The Eq. 4.1 can be optimised via FFT to obtain a simple approximate solution
k
W∗,∗,d
=

Xk

Y
k
⊙ X∗,∗,d
.
· Xk + λ

(4.3)

The test information T k extracted from the k-th layer is transformed into T k =
F (T k ), and a response is achieved by the following equation
S k = F −1 (T k · W k ),

(4.4)

where F −1 is the inverse transformation of DFT.
The k-th weak tracker is used to resolve the location with the greatest response
in detection area, and this location is regarded as a possible target location provided
by the k-th weak tracker
(xk , yk ) = arg max
S k (x′ , y′ ).
′ ′
x ,y

4.2.2

(4.5)

Gaussian Particle Filter

Kotecha and Djuric firstly adopted Gaussian Particle Filter (GPF) to construct
a tracking filter [63], and used Dynamic State-Space Models (DSSM) to represent
predictive distribution [144]. State-Space Models reflect the dynamic changes of unknown state variables in spatial dimension. GPF is constructed on the basis of the
Particle Filters (PFs) and Gaussian Filters (GFs) concepts. GFs provides Gaussian
approximations to the filtering and predictive distributions, and they include Extended Kalman Filter (EKF) [65] and its various extended versions [65, 110, 120, 67].
Unlike EKF, which assumes that predictive distributions are Gaussian and employs
linearisation of the functions in the process and observation equations, GPF updates the Gaussian approximations using particles. GPF only propagates the posterior mean and covariance of an unobserved state variable in a DSS model, and
essentially importance sampling makes the procedure simple.
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PF utilises Sequential Importance Sampling (SIS) to update the posterior distributions [53, 134, 104]. GPF is quite similar to SIS filters by the fact that Importance
Sampling is used to obtain particles. However, a phenomenon called sample degeneration occurs wherein only a few particles representing the distribution have significant weights. A procedure called re-sampling [91] has been introduced to mitigate
this problem, but re-sampling is computationally expensive and gives limited results.
Since GPF approximates posterior distributions as Gaussians, unlike the SIS filters,
particle resampling is not required. This results in a reduced complexity of GPF.
Moreover, Berzuini et al. [9] reported that re-sampling of SIS filters is a nonparallel
operation. Fortunately, re-sampling would never occur in GPF simulation examples,
and GPF is amenable to parallel implementation.

4.2.3

Ensemble Tracking Method

Multiple component trackers have been combined with hand-crafted features
to develop ensemble tracking methods [11, 5, 141] for visual tracking. For example,
several ensemble methods [5, 141] using a Boosting framework [43] constantly trained
each component weak tracker to classify foreground objects and backgrounds. Wang
and Yeung adopted a conventional PF to infer the target location and the reliability
of each component tracker [5]. Qi et al. [112] treated tracking as a decision-theoretic
online learning task and the tracked target was inferred by using decisions from
multiple expert trackers. Similar to Qi’s study [112], we considered visual tracking as
a decision-theoretic online learning task [19], and used it in the structure of multiple
correlation filters combining with GPF. That is, in every round, each correlation
filters makes a decision and the final decision is determined by GPF.
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4.3

Tracking Method Based on Correlation Filters and the Gaussian
Particle Filter
This chapter presents the combination of structural correlation filters with a

CNN-based Gaussian Particle Filter for a hierarchical tracking, namely KCF-GPF.
A conventional KCF method learns a single CF approach in a fixed-size detection
area. The KCF method [57] learns a single correlation filter with a fixed-size window.
Different from the KCF method, KCF-GPF is proposed to construct multiple weak
correlation filters in a more reliable search scope for dealing with fast motion, motion
blur issues and bound effects in the conventional correlation filters. The GPF takes
location as well as scale information into account at the same time, and jointly learns
particle weights based on CNN features to make a final tracking result. Furthermore, our tracker can effectively handle scale variations via the sampling strategy
of a Gaussian Particle Filter. Overall, the proposed ensemble method achieves the
following two goals. (1) Weak expert trackers are tuned to separate an object from
background. (2) The ensemble as a whole ensures the temporal coherence of each
part of the tracker.

4.3.1

Weak Classifiers Based on Structural Correlation Filters

Figure 4.1 shows a diagram of computing the optical flow using the Lucas-Kanade
method (LK). Ix and Iy are an x-axis difference image and a y-axis difference image,
respectively. They can be obtained by using the Scharr gradients on the input
image. It is a time-axis difference image, which is obtained by computing the pixel
value differences between two images. These three difference images are utilized to
integrate an optical flow image at Frame 28 via the Least Square method (LS) [14].
Original pictures in the first column are from Frame 27 and Frame 28 of Sequence
BlurBody in the OTB-2013 database [147].
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Figure 4.1 : The diagram of computing the optical flow using the Lucas-Kanade
method (LK) [14] between two sequential images. The first column shows original
full images at Frame 27 and Frame 28 from Sequence BlurBody in the OTB-2013
database [147]. The second column denotes an x-axis difference image Ix , a y-axis
difference image Iy and a time-axis difference image It . Ix and Iy are obtained using
the Scharr gradients on the input image. It is obtained by computing the pixel value
differences between two images. As shown in the third column, these three output
images of difference are employed to obtain an optical flow image at Frame 28 via
the Least Square method (LS) [14].

As not all pixels in an image move in the same way between two successive
frames in a sequence, we collect an x-axis velocity set of optical flow OXt = [oxkt ]K
1
and a y-axis velocity set of optical flow OYt = [oykt ]K
1 consisting of velocity values
that appear most often in the t-th frame.
∗
∗
, h∗t−1 ),
, wt−1
The (t − 1)-th frame tracking result is defined by µt−1 = (x∗t−1 , yt−1
∗
∗
and h∗t−1 represent the x-axis position of a target, a y-axis
, wt−1
where x∗t−1 , yt−1

position of a target, a target width and a target height, respectively, in the (t − 1)-th
frame. The k-th potential location of a target is defined by (xkt , ytk ), which can be

84
computed by
xkt = oxkt + x∗t−1 ,

(4.6)

∗
,
ytk = oykt + yt−1

(4.7)

k K
k
where Xt = [xkt ]K
1 is an x-axis position set, Yt = [yt ]1 is a y-axis position set, oxt is

the xt -axis velocity of the k-th optical flow in the t-th frame, and oykt is the y-axis
velocity of the k-th optical flow in the t-th frame.
In this way, a conventional single KCF is extended to multiple KCFs, and a
conventional fixed-size detection window used in a single KCF is extended to reliable
multiple detection windows for multiple KCFs.
Kernel selection. We choose the Gaussian kernel in the existing correlation filter
tracker [57].
Feature representation. Similar to KCF [57], we use HOG features with 31 bins.
However, our tracker is quite generic and any dense feature representation with
arbitrary dimensions can be incorporated.
Compared to the HDT [112] and SCF [94] methods, which are similar to the
proposed weak structural correlation filter, we demonstrate differences among these
approaches as follows.
i. The features of HDT are extracted from one layer to build a weak tracker, and
the part-based correlation filter SCF samples several parts of a target object
to construct features, while KCF-GPF samples in a search scope based on the
Lukas-Kanade optical flow method in the t-th frame.
ii. In HDT, a target position is made by weighted decisions of all experts, and SCF
solves the optimization problem using the fast first-order Alternating Direction
Method of Multipliers (ADMM) [13]. Unlike them, KCF-GPF exploits Eq.
4.16 to infer the ultimate target position.
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Figure 4.2 : The diagram of the homogeneous ensemble layer. A sample set is
generated via Eq. 4.6 and Eq. 4.7. Multiple Structural correlation filters are
regarded as same-type weak classifiers, which are also called homogeneous base
classifiers. Then, all weak classifiers are assembled as a strong classifier via a facile
weighted sum strategy based on reliability estimation in Eq. 4.11.

4.3.2

Strong Classification via a Homogeneous Ensemble Layer

As shown in Figure 4.2, an ensemble strategy is used to combine outputs of all
weak classifiers to create a strong classifier to detect a target among patches. All
used weak classifiers are same-type KCFs, and hence these weak classifiers as base
classifiers are homogeneous.
The peak value and the fluctuation of the response map can reveal the confidence
degree about the tracking results to some extent. The ideal response map has
only one sharp peak and be smooth in all other areas when the detected target is
extremely matched to the correct target. The sharper the correlation peak is, the
better the location accuracy is. Otherwise, the whole response map can fluctuate
intensely, and its pattern is significantly different from normal response maps. If
we continue to use uncertain samples to update the tracking model, it would be
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corrupted mostly.
The first criterion is called average peak-to-correlation energy (APCE) [139], in
order to measure the fluctuation degree of a response map and the reliability degree
of a tracking result. On the basis of Eq. 4.5, APCE of the k-th KCF in the t-th
frame can be defined as
APCEkt =

|S k+ − S k− |2
(∑ t k k t k
)
mean
(St (xt , yt ) − Stk− )2

(4.8)

where Stk+ , Stk− denote the maximum and minimum of the response Stk (xkt , ytk ) in
the t-th frame, respectively. They are defined as below
Stk+ = max Skt (xkt , ytk ),

(4.9)

Stk− = min Skt (xkt , ytk ),

(4.10)

xkt ,ytk

xkt ,ytk

where Skt (xkt , ytk ) is referred to that in Eq. 4.4 and Eq. 4.5.
For sharper peaks and less noise, in the case that the target fully appearing in
a tracking region, APCE becomes greater and the response map becomes smoother
except for only one sharp peak. On the other hand, APCE is small if an object is
occluded or missing.
The second criterion is the maximum response score Stk+ inferred by Eq. 4.9.
Given reliability degrees of weak classifiers, each weak classifier is assigned a
weight wtk to reveal its reliability of tracking performance in the current round. In
Eq. 4.11, wtk is the weight of the k-th KCF in the t-th frame and it is defined as
′

′′

wtk = wt × wt ,
′

(4.11)

′

where wt and wt are the weights of the k-th weak classifier in the t-th frame in terms
of the largest response and APCE, respectively. They are defined as follows
′

wt = 1 − sign(|Stk+ − max Si+ |),
1≤i≤t−1

′′

wt = 1 − sign(|APCEkt − max APCE+
i |),
1≤i≤t−1

(4.12)
(4.13)
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where |·| denotes the absolute value and ‘sign’ represents the signum function.
As shown in Figure 4.2, a strong classifier L(Xt , Yt ) is made by the weighted sum
of K weak classifier outputs
L(Xt , Yt ) =

K
∑

l(xkt , ytk ) · ŵtk ,

(4.14)

k=1

wk
ŵtk = ∑K t

k
k=1 wt

,

(4.15)

where l(xkt , ytk ) is referred to Eq. 4.5 and ŵtk is obtained by normalisation of wtk .
In the homogeneous ensemble layer, the target position in the t-th frame is
inferred as
(x′ t , y′ t ) = L(Xt , Yt ).
4.3.3

(4.16)

Gaussian Particle Filter Using CNN Features

Figure 4.3 shows a diagram of tracking using a Gaussian Particle Filter based on
CNN features. The GPF in the t-th frame approximates the posterior mean µt and
covariance Σt of the unknown state variable xt using Bayesian importance sampling.
Samples {xjt }M
j=1 in the t-the frame are drawn from the importance function π(·) by
using
π(xt |y0:t ) = N (xt−1 ; µt−1 , Σt−1 ),
∗
µt−1 = (x′ t , y′ t , wt−1
, h∗t−1 ).

(4.17)
(4.18)

Here, y0:t is the observations from the first frame to the t-th frame, and N (·) represents a Gaussian function.
The respective weights are computed by
wtj =

p(yt |xjt )N (xt = xjt ; µt , Σt )
,
π(xtj |y0:t )

(4.19)

where the distribution p(yt |xjt ) represents the observation equation yt conditioned
on the unknown state variable xjt in the t-th frame.
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Figure 4.3 : The diagram of tracking using the Gaussian Particle Filter based on
CNN features. The first column is an object in the last frame, and the second
column denotes M Gaussian random samples with different target locations and
different target scales in the current frame. Then, CNN features are extracted from
each sample by using the pre-trained VGG-Net. Finally, a weighted sum strategy is
employed to obtain the location and the scale of a target in the current frame.

Eq. 4.12 can be rewritten as follows from Eq. 4.13:
wtj ∝ p(yt |xjt ).

(4.20)

In this paper, we adopt the pre-trained VGG-Net [18] to extract CNN features.
Then, we set p(yt |xjt ) = |f ∗ − f (xjt )|, where |·| denotes the absolute value, f (xjt ) is
the CNN features of the j-th particle in the t-th frame, and f ∗ represents the CNN
features of the template. Hence, each Gaussian particle weight can be calculated
with
wtj ∝ |f ∗ − f (xjt )|.

(4.21)
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Figure 4.4 : The diagram of the architecture of the proposed KCF-GPF method. In
the homogeneous ensemble layer, we execute motion detection using the LK optical
flow method to find the potential locations of a target, generate weak classifiers
in this potential locations, and assemble the weak classifiers to construct a strong
classifier to obtain a target location. In the CNN-based GPF layer, samples are
generated in the target location and CNN features are extracted from each sample
via the pre-trained VGG-Net. The weight of each sample is measured. Samples
with weights are combined to predict the final location and the scale of a target.

Normalise the weights as
wj
w̄tj = ∑M t

j
j=1 wt

.

(4.22)

The mean and the covariance in the t-th frame are estimated by
µt =

M
∑

w̄tj xjt ,

(4.23)

w̄tj (µt − xjt )(µt − xjt )H ,

(4.24)

j=1

Σt =

M
∑
j=1

where H represents the Hermitian Matrix.
The mean results µt of all particles with location and scale information are
regarded as the final tracking result in the t-th frame. There is
(x∗t , yt∗ , wt∗ , h∗t ) = µt .
4.3.4

(4.25)

KCF-GPF Tracker

Figure 4.4 illustrates the flowchart of the proposed algorithm. The process can be
divided into two layers, namely the homogeneous ensemble layer and the CNN-based
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GPF layer. In the homogeneous ensemble layer, we execute motion detection using
the LK optical flow method to find the potential locations of a target, generate weak
classifiers in this potential locations, and assemble the weak classifiers to construct a
strong classifier to obtain a target location. In the CNN-based GPF layer, samples
are generated in the target location and CNN features are extracted from each
sample via a pre-trained VGG-Net. The weight of each sample is measured. Samples
with weights are combined to predict the final location and scale of a target.
An overview of the proposed method is summarised in Algorithm 3.
Algorithm 3 KCF-GPF tracking algorithm.
Input: Video Frame t=1:F
1: for t = 1:F do
2:
3:
4:

if t == 1 then
Initialise the target location and the target scale (x∗1 , y1∗ , w1∗ , h∗1 ).
else

5:

(Homogeneous Ensemble Layer.)

6:

Generate the potential location set of a target based on the LK optical flow
method via Eq. 4.6 and Eq. 4.7, where k = 1, 2, . . . , K.

7:

Construct K KCFs as weak classifiers based on the location set in the last
step and compute their responses using Eq. 4.4.

8:

Output K target positions inferred by KCFs using Eq. 4.5.

9:

Calculate the weights of all KCFs via Eq. 4.11.

10:

Construct a strong classifier and output target location via Eq. 4.16.

11:

(CNN-Based GPF Layer.)

12:

Extract the samples of GPF via Eq. 4.17.

13:

Extract CNN features via the VGG-Net.

14:

Calculate the weight of each sample via Eq. 4.22.

15:

Estimate the target location and the target scale (x∗t , yt∗ , wt∗ , h∗t ) using Eq.
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4.25.
end if

16:

17: end for

Output: Target location and target scale in each frame µt = (x∗t , yt∗ , wt∗ , h∗t ).

4.4

Experiments
Here, we present the qualitative and quantitative comparisons of 16 state-of-

the-art approaches and 4 baseline trackers with the OTB-2013 database and the
OTB-2015 database.

4.4.1

Experimental Setups

Implementation details. The conventional features used for KCF-GPF are composed
of HOG features and grey normalisation features. Our tracker is implemented on
MATLAB in a PC with a 2.80 GHz CPU and runs faster than 21 FPS. Our tracker
requires few parameter settings, reported in Table 4.1, where ‘padding’ (referring
to KCF [57]) means the magnification of the image region samples relative to the
target bounding box.

Table 4.1 : The parameters of KCF-GPF
Part of Track

KCF

GPF

parameters

values

padding

1.2

Feature bandwidth σ

0.5

Adaptation rate

0.045

Sample numbers N

200

Learning rate θ (Eq. 4.14)

0.65

Learning rate ρ (Eq. 4.18)

0.8
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Databases. Our method is evaluated in the OTB-2013 database [155] consisting
of 50 sequences. The images are annotated with ground truth bounding boxes and
11 various visual attributes include scale variation, out of view, out-of-plane rotation,
low resolution, in-plane rotation, illumination, motion blur, background clutter, occlusion, deformation, and fast motion.
Evaluation metrics. The proposed method is compared with the 16 state-of-theart tracking methods using evaluation metrics and code provided by the respective
benchmark database. For testing on OTB-2013, we employ the one-pass evaluation
(OPE) and use two metrics: precision and success plots. The precision metric computes the rate of frames whose centre location is within some certain distance from
the ground truth location. The success metric computes the overlap ratio between
the tracked and ground truth bounding boxes. In the legend, we report the area
under curve (AUC) of success plot and precision score at a 20 pixel threshold (PS)
corresponding to the one-pass evaluation for each tracking method.
Experimental trackers. KCF-GPF is evaluated in the OTB-2013 database [155] and
compare it with 16 state-of-the-art trackers including LMCF [139], CFNet [133],
CFN [25], CFN [25], CNT [167], BIT [15], SINT [129], SCT [24], Staple [7], SiamFC
[8], SRDCF [32], DSST [31], MEEM [159], KCF [57], TLD [69] and Struck [54].
Among them, LMCF, CFN, CFN , Staple, SRDCF, KCF, DSST, CFNet and SCT
are CF based algorithms. SiamFC, SINT, CFNet, CNT and BIT are convolutional
networks based algorithms. MEEM is developed based on regression and multiple
trackers. TLD is based on an ensemble classifier. and Struck is structured SVM
based methods.
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4.4.2

Quantitative Comparison

The characteristics and tracking results are summarised in Table 4.2 and Table
4.3. The best are marked in red, while the second best are marked in blue and the
third best are marked in green.

Table 4.2 : The tracking results of 17 evaluated trackers over all 50 sequences using
OPE evaluation in the OTB-2013. The entries in red denote the best, while the
ones in blue indicate the second best and the ones in green represent the third best.

LMCF

CFNet

CFN

CFN

CNT

BIT

SINT

SCT

[139]

[133]

[25]

[25]

[167]

[15]

[129]

[24]

precision

0.842

0.803

0.813

0.784

0.723

0.816

0.851

0.836

0.857

success

0.800

0.775

0.675

0.630

0.656

0.745

0.791

0.730

0.805

KCF-GPF

OPE

Table 4.3 : The tracking results of 17 evaluated trackers over all 50 sequences using
OPE evaluation in the OTB-2013. The entries in red denote the best, while the
ones in blue indicate the second best and the ones in green represent the third best.

Staple

SiamFC

SRDCF

DSST

MEEM

KCF

TLD

Struck

[7]

[8]

[32]

[31]

[159]

[57]

[69]

[54]

precision

0.793

0.809

0.838

0.740

0.840

0.740

0.608

0.656

0.857

success

0.754

0.783

0.781

0.670

0.706

0.623

0.521

0.559

0.805

KCF-GPF

OPE

The mean FPS here is estimated on all sequences in the OTB-2013 and the KCFGPF achieves 21.3 fps satisfying the requirement of real-time capability. LMCF
achieves the second best performance in terms of the success metric and SINT

94
shows the second best performance in terms of precision metric. This is because
that the designed algorithm uses several weak structural correlation filters to search
the target to improve the disadvantage that the conventional correlation filter is
susceptible to the boundary effect. At the same time, the scale of the target is
estimated by GPF, which further improves the accuracy of tracking effect.
For detailed analyses, success plots based on OPE and AUC are also provided
to evaluate KCF-GPF with these trackers on various challenging attributes in the
OTB-2013 as shown in Figure 4.5 and Figure 4.6. The results demonstrate that
KCF-GPF ranks top three in each attribute and achieves the best performances in
the general success plots. Besides that, the proposed method outperforms other
trackers on deformation and out-of-plane rotation attributes. This is mainly due to
the use of the algorithm to evaluate the reliability of the results of the correlation
filter and re-estimate unreliable response results. When an object has appearance
variations due to deformation and out-of-plane rotation, the KCF-GPF can utilise
a multi-mask GPF to re-estimate location and scale of a target, and hence the
KCF-GPF has a high accuracy and robustness.
Figure 4.7 illustrates the precision and success plots of all trackers under all
challenging attributes in the OTB-2013 database. KCF-GPF is also superior to
other up-to-date trackers with precision and success evaluation metrics in the OTB2013 benchmark. Particularly, the numbers in the legend of precision plots indicate
accuracy scores with a threshold set to 20 pixels, while the numbers in the legend
of precision plots denotes success rates with a threshold set to 0.5.
This section shows contribution of each part of the proposed tracking method.
The proposed tracking method is the basic framework, and experimental methods
are with or without the LK optical flow method, GPF with HOG features and GPF
with CNN features extracted from the Vgg-Net of the MatConvNet [135].
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Figure 4.5 : Success plots over all 50 sequences using OPE evaluation in the OTB2013 database. The evaluated trackers are LMCF, CFNet, CFN, CFN , CNT, BIT,
SINT, SCT and KCF-GPF. All 11 tracking challenges include scale variation, out of
view, out-of-plane rotation, low resolution, in-plane rotation, illumination, motion
blur, background clutter, occlusion, deformation, and fast motion. The numbers
in the legend indicate the average AUC scores for success plots. Our KCF-GPF
method performs favourably against the state-of-the-art trackers.
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Figure 4.6 : Success plots over all 50 sequences using OPE evaluation in the OTB2013 database. The evaluated trackers are Staple, SiamFC, SRDCF, DSST, MEEM,
KCF, TLD, Struck and KCF-GPF. All 11 tracking challenges include scale variation,
out of view, out-of-plane rotation, low resolution, in-plane rotation, illumination,
motion blur, background clutter, occlusion, deformation, and fast motion. The
numbers in the legend indicate the average AUC scores for success plots. Our KCFGPF method performs favourably against the state-of-the-art trackers.

97

Figure 4.7 : Precision and success plots over all 50 sequences using OPE evaluation
in the OTB-2013 database. The numbers in the legend indicate the average precision
scores for precision plots and the average AUC scores for success plots. Our KCFGPF method performs favourably against the state-of-the-art trackers.

All mentioned above experimental methods are compared with an original KCF.
Accuracy results can be seen in Figure 4.8 and speed results can be seen in Table
4.4. As shown in Figure 4.8, for a real-time application, the proposed method with
the LK method and GPF with HOG features is the best choice, since it achieves
the second best results and can satisfy the need for real time. From the results, the
LK method can tackle the motion issues, such as motion blurs and fast motions.
GPF can further estimate the location and size of a tracked target. For detailed
analyses, KCF-GPF with these state-of-the-art trackers are also evaluated on various
challenging attributes in the OTB-2015 database and the results are shown in Figure
4.8. The results demonstrate that LK+KCF+GPF+CNN is ranked on top three in
each attribute and achieves the best performances in the general success plots.
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Figure 4.8 : Success plots over all 100 sequences using OPE evaluation in the OTB2015 database. Our method performs favourably against the state-of-the-art trackers.
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Table 4.4 : The tracking results of all 4 evaluated trackers over all 100 sequences
using OPE evaluation in the OTB-2015. The entries in red denote the best results
and the ones in blue indicate the second best.

Trackers

KCF

LK+KCF

LK+KCF+GPF+HOG

LK+KCF+GPF+CNN

Success rate

0.475

0.494

0.550

0.563

FPS

152

55

23

0.17

OPE

4.4.3

Qualitative Comparison

To demonstrate the effect of the proposed KCF-GPF tracking algorithm, we
make a qualitative comparison with above trackers in the OTB-2013 with 11 different
attributes. As shown in Figure 4.9, these trackers perform well, but the existing
trackers have the following issues.
SCT. This tracker can not work well for the attribute of scale variation in Liquor,
Woman and Dog1. This is because that the SCT lacks estimation of scale of a target.
CFNet. The CFNet cannot handle occlusion (Lemming, Skating1, Subway,
Singer2, Suv, Liquor, Woman and Soccer), deformation (Skating1, Subway, Singer2,
Suv and Woman) ,out-of-plane rotation (Lemming, Skating1, Singer2, Liquor, Woman
and Soccer) and background clutters (Skating1, Subway, Singer2, Suv, Liquor and
Soccer). This is due to a lack of reliability estimation on tracking results, and hence
the CFNet has a great tracking error when a target has a big appearance change.
KCF. The KCF drifts when illumination variation happens (Shaking, Lemming
and Woman), scale variation (Shaking, Lemming, Woman and Dog1), out-of-plane
rotation (Shaking, Lemming, Woman and Soccer), and fast motion (Woman and
Soccer). This is because that the KCF suffers from the boundary effect, and a
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Figure 4.9 : The comparisons of the proposed tracker with the state-of-the-art trackers (SCT [24], CFNet [133], KCF [57], [69] and Struck [54]) in our evaluation on 10
challenging sequences (from left to right and top to down are Shaking, Lemming,
Skating1, Subway, Singer2, Suv, Liquor, Woman, Soccer, Dog1, respectively).

fix-size tracking box can also limit performance of feature extraction of a target.
TLD. The TLD is susceptible to illumination variation (Shaking, Skating1,
Singer2 and Soccer), occlusion (Lemming, Subway, Singer2, Suv, Liquor, Woman
and Soccer), scale variation (Lemming and Dog1). This is because that the used
target feature is based on grey images and this feature is susceptible to illumination
variation. Meanwhile, the used normalised cross correlation works well in the calculation of overlap rate between a template and a sample when a target does not
change a lot. However, this normalised cross correlation fails to align a template
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with a sample when a target suffers from a severe occlusion and scale variation.
Hence, the TLD fails to make an accurate tracking.
Struck. The struck is difficult to deal with illumination variation (Shaking,
Skating1, Singer2 and Soccer), occlusion (Lemming, Subway, Singer2, Suv, Liquor,
Woman and Soccer), scale variation (Lemming and Dog1). This is because that the
Struck adopts a haar feature, which is susceptible to illumination variation. Due to
the limit of detection scope of a tracker, a large scale of orderless movement makes a
tracker failure. Therefore, the Struck based on multi-scale traversal search method
is unable to search for a target with a great scale change.
KCF-GPF. In the aspect of general comparison based on 50 videos from the
OTB-2013 database, the KCF-GPF is superior to other state-of-the-art tracking
approaches. This is because that the adopted multiple structural correlation filters
can execute a large scale of target search to enable the KCF-GPF to be free from the
interference of the boundary effect, so as to make the KCF-GPF perform well in the
scenarios with abrupt large-scale motion. In addition, the KCF-GPF also introduce
a stability assessment, which uses GPF to execute relocation for an unstable result
and to conduct scale estimation of a target. Therefore, the KCF-GPF has a higher
accuracy.
In conclusion, the designed KCF-GPF in this chapter can effectively deal with
fast motion, background clutter, scale variation, occlusion and so on. Particularly,
the KCF-GPF outperforms other 16 representatives of the well-known tracking algorithms in terms of target deformation and out-of-plane rotation. This is mainly
due to the following factors. (1) The KCF-GPF uses multiple weak KCFs to detect
a tracked target in a large scale search area, and execute a reliability evaluation
on each weak KCF. The most reliable KCF is chosen to provide its tracking result
as a reference for GPF to make a further tracking. This above process not only
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enables the KCF-GPF to make a strong suggestion, but also infers a final location
of a target in scenarios with fast motion, appearance variation and occlusion. (2)
The KCF-GPF integrates GPF method to match a target with various scales, and
hence the designed KCF-GPF can reduce the interference of target scale variation.
(3) The KCF-GPF method uses only an important sampling without re-sampling
process, and hence this tracker has a low computational complexity. To sum up, the
tracking process of GPF can be completely paralleling process, so that the KCFGPF is easy to be realised in the very large scale integration to meet the real-time
requirements in practical applications.

4.5

Conclusions
In general, tracking methods based on correlation filters have performed well

and fast. However, these trackers have located their tracking boxes into background
area so as to fail to track, when a target has had fast motion and fast deformation. To overcome above shortcomings, this chapter has introduced an ensemble
tracker based on structural correlation filters and a multi-task gaussian particle filter, namely KCF-GPF. The KCF-GPF has regarded multiple correlation filters as
multiple weak expert trackers, and has fully taken advantage of spatial geometric
relationship of target locations in successive frames. This spatial geometric relationship has been used to construct a more reliable search scope of a target to ensure
that the search scope contains the real full image of a tracked target. Each weak
tracker has provided a weak expert suggestion to evaluate reliability degrees of these
weak expert suggestions. The KCF-GPF has utilised a novel reliability evaluation
mechanism to ensure that the most reliable information has got certain reliability
degree, which has been used by GPF. The whole tracker has used an ensemble
tracker as a tracking framework, and the KCF has been the generator of weak suggestions, which have been filtered out by reliability evaluation to produce the most
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reliable suggestion for GPF to make a further strong suggestion. Hence, the KCFGPF has had advantages of correlation filters, such as effectiveness and robustness
of computation, and also has had the advantages of GPF, such as an ability to
solve scale variation to make the size of the tracking box adaptive to the real size
of a target. Experimental comparison has been conducted between the KCF-GPF
and 16 state-of-the-art trackers in all 50 videos of the OTB-2013 database with 11
challenging attributes. The final experimental results have demonstrated that the
KCF-GPF has achieved the best tracking results and KCF-GPF has been superior
to other contrastive trackers in terms of deformation and out-of-plane rotation.
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Chapter 5
Research on Single-Object Tracking under the Scenario of
Orderless Motion and Motion Blur
This chapter presents a new tracking method for tracking a single target with the
attributions of orderless motion and motion blur [30]. This tracking method integrates spatial and temporal information of a target and its surrounding areas to
construct a confidence map under Bayesian framework. This tracker locates the
target of interest by maximising the confidence map. When the target suffers from
motion blur, this tracker can obtain information from its surrounding areas to indirectly infer the location of the tracked target. The centre location of the confidence
map is determined by a coarse target search strategy, in order to ensure that the
detection window of the confidence map contains the full target or most part of the
target, when the target is undergoing orderless motion. Experimental videos are
from OTB benchmark database with 11 challenging attributions, including orderless motion and motion blur [155]. The experimental results demonstrate that the
designed tracker is superior to other 8 state-of-the-art trackers in terms of speed and
accuracy.

5.1

Introduction
Local context of a target had a strong spatial and temporal relationship in suc-

cessive frames [35, 88, 143, 160] so that it was used for tracking with a small scale
of orderless movement. If a target had fast and orderless motion, the moving scope
of a target was out of the detection scope of local context and expanded the search
area of a single-object tracker. Since the spatial context-based tracker kept image
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blocks used for training and image blocks used for detection have the same size.
Only extending detection area increased computational complexity of the method.
Considering that template matching methods flexibly controlled the size of the detection area, the designed method in this chapter executed a large scale of search
by using a template matching method, prior to processing local-context tracking.
Samples were extracted by a sliding window, which had the same size as a detection
window. A similarity measure was used to carry out a similarity estimation between
each window and a target, and the optimal results were picked out for conducting
subsequent tracking based on local context.
In addition, rapid and orderless motion caused motion blur, and boundaries of
a target were blurred and damaged at the same time. In this situation, trackers
based on shape matching were invalid due to the usage of edge detection [55, 62,
74, 77, 115]. In order to reduce the interference of the edge contour of an object
on a single-target tracking algorithm, high-frequency information of images was
discarded. Hence, the designed tracker in this chapter make down-sample process
on all sample images and a template image to only remain low-frequency image
information, which human eyes were easy to observe in target contour. Meanwhile,
the process of down sampling was equivalent to execute periodic extension in the
frequency domain, and the practical sampling process was hard to satisfy Nyquist
Sampling Theorem [2, 52, 72, 107, 152]. Therefore, the process of down sampling
caused aliasing, which need be pre-processed by a low-pass filter.
For resolving above issues, an Orderless and Blurred Visual Tracker (OBT) is
designed based on spatio-temporal context for dealing with orderless movement and
motion blur in this chapter. A sample and all samples are shrunk into a fixed size
for effectively quantifying the target property in an image. The Euclidean Distance
is used to measure similarity between a template and all samples [99, 113, 151].
Maximising similarity metric is used to infer the current location of a target. A
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detection window is moved to current inferred target location to build up a spatial
context model, which is a statistical correlation model of low-level features based
on spatial relationship between a target and its surrounding background under a
Bayesian framework. A target template and a spatio-temporal model are updated in
the next frame by using linear interpolation in order to take confidence map results in
previous frames into account. Updates of a template and a spatio-temporal context
model introduce new target information to avoid reducing tracking accuracy due to
delay of target update when a real target happens to have appearance variation or
occlusion.

5.2

Analyses on Experimental Related Methods
In this section, we discuss the methods closely related to this work, mainly re-

garding the strategy of image shrinking, the similarity based on Euclidean Distance,
and the construction of spatio-temporal context.

5.2.1

Strategy of Image Shrinking

Existing tracking algorithms usually predict the location of a target in the next
frame based on the target location in the last frame, but this approach ignores the
potential moving trend of a target. In the case of the fast motion or the irregular
motion of a target, a tracking method based on the location of a target in the last
frame is easy to appear tracking drift or tracking failure. Some scholars adopt a
sliding-window method to search a target in a large scale of search scope, which
increases computation burden. In this chapter, a novel local search strategy is
combined with the strategy of image shrinking to carry out the task of locating a
target in current frame. As some literatures reported that Objects are stand-alone
things with well-defined closed boundaries and centres [1, 21, 56]. If an image is
shrunk into a fixed size, the closed boundaries of a target have little change. In
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Figure 5.1 : The flowchart of the proposed algorithm. A template and samples are
shrunk into 2 × 2 pixels. Euclidean Distance is used to compute similarity scores
between a template and samples. A sample with the greatest score is regarded as a
primary location, which is used to define new detection scope in this frame. In this
detection scope, a spatio-temporal context model is built up for obtaining the final
location of a target. In each frame, the final location of a target is used to update
a template used in the next frame.

order to extract enough samples but not increase computational complexity, the
designed method in this chapter shrinks a target template and all samples into the
small fixed size of 2 × 2 pixels (as shown in Figure 5.1).
5.2.2

Similarity Based on Euclidean Distance

In this chapter, search scope is as small as possible to reduce the computational
complexity of the designed method. Euclidean Distance is utilised to measure similarity scores between a shrunk template and shrunk samples. In order to realise the
coarse-to-fine optimisation of the tracker, a maximum similarity metric is used to
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execute template-based matching for pointing out a potential location as the coarse
location of a target. The similarity score ri between the shrunk i-th sample and the
shrunk template in the t-th frame is based on the Euclidean Distance
v
u n l
u∑ ∑
k
k 2
ri = dist(Mt , Yt ) = t
(mi×j − yi×j
),

(5.1)

i=1 j=1

where Rt = [ri ]n is the set of similarity scores between the shrunk samples and the
shrunk template in the t-th frame, Mt = [mi×j ]l×n is the RGB vector of a template
k
with the image size l × n in the t-th frame, and Ytk = [yi×j
]l×n is the RGB vector

of the k-th sample with the image size l × n in the t-th frame. Euclidean Distance
can not only reflect a relationship between these two vectors, but also calculate the
similarity score of these two vectors.
The sample in the t-th frame Ytk are extracted by using a sliding window. The
set of the centre locations of samples Xt = [xi ]n in the t-th frame is defined by
Xt = {xi :∥ xi − (x∗t + dt ) ∥< dt },

(5.2)

where x∗t is the location of a target in the t-th frame, and dt represents the moving
displacement of a target from the (t − 2)-th frame to the (t − 1)-th frame. It is noted
that dt can be positive or negative.
RGB colour features are used in this step because RGB features can enrich
feature representation and supplement weakness of grey-scale information in chroma.
In addition, grey-scale information as a widely used colour features is utilised in the
preprocessing process since RGB features are susceptible to illumination variation,
while grey-scale information is adapted to resolve the interference of illumination
variation and shadow by using the zero-mean strategy.
The template in the t + 1-th frame is updated by
Mt+1 = (1 − φ∗t ) · Mt + φ∗t · M∗t ,

(5.3)

109
where Mt+1 is the template in the t + 1-th frame, Mt denotes the template in the
t-th frame, φ∗t represents a normalised maximum sample similarity coefficient, and
M∗t indicates the sample with the greatest similarity score in the current frame. It is
noted that all parameters are set in the case that samples and templates are shrunk
into a fixed size of 2 × 2 pixels.
The sample with the greatest similarity score in the t-th frame is thought as a
preliminary tracking result in the t-th frame
it = arg max ri ,
5.2.3

i = 1, 2, . . . , n.

(5.4)

Construction of Spatio-Temporal Context

In this chapter, a spatio-temporal context model is exploited to optimise a preliminary tracking result [160]. In the field of computer vision, the target of interest
can be combined with its surrounding background to construct a local context model,
which reveals the strong spatio-temporal relationship in successive frames. When
the target has a small change in local area, relative positions of background and
occluded area of a target vary a little. According to this characteristic, the local
context model can help predict the location of a target in the next frame. The
spatio-temporal context model is based on the Bayesian framework and performs
statistical modelling for the target and its surrounding background using their spatial and temporal relationship. In the next frame, a spatio-temporal context model
is updated by a spatial context model, which is built up based on the spatial relationship and the biological visual attention model. Combined with spatio-temporal
context information, the convolution operation of an image is carried out to get a
confidence map for finding the location with the greatest likelihood probability and
this location is regarded as the final tracking location of the target in current frame.
The learning of the spatio-temporal model and the detection of the target are both
realised by the FFT, so the process of learning and detection can be quick. After
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computing similarities between the template and samples, a detection window is
moved to a location with the greatest similarity score, which is considered as a preliminary tracking result. The tracker based on spatio-temporal context (see Section
2.2.3) is used to optimise the preliminary tracking result. In this process, samples
and templates remain their original sizes, and are not shrunk into the fixed size of
2 × 2 pixels.
5.2.4

Flowchart of the Designed Tracker

Figure 5.1 shows the flowchart of the designed OBT method, and its tracking
procedure can be listed as the following three steps.
Step I. The k-th sample Ytk in the t-th frame and the template Mt in the t-th
frame are shrunk into a fixed size L × L pixels (2 × 2 pixels in this chapter). The
lengths and widths of all images used for test are not greater than 51 pixels. In
order to test the parameter L, a value range of L is from 2 to 51. Evaluation of L is
based on video databases to calculate an average CLE and an average FPS. From
experimental results in video databases, the average FPS is smaller but an average
CLE changes a little as L increases. Therefore, the designed tracker achieves a better
CLE and a better FPS when L = 2.
Step II. A set of corresponding similarity scores of samples Rt = [ri ]n can be
obtained by using Euclidean Distance in Eq. 5.1. The sample with the greatest
similarity score is thought as a preliminary tracking result in the t-th frame. A
detection window is moved to the location where the i-th sample is.
Step III. Construct a spatio-temporal context model to optimise a preliminary
tracking result in the current frame. Afterwards, use the optimal tracking result to
update the template in Step II and the saptio-temporal context model in Step III.
Loop through these 3 steps until the last frame of a video sequence.
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The tracking procedure is summarised in Algorithm 4.
Algorithm 4 OBT tracking method.
Input: Video Frame t=1:F
1: for t = 1:F do
2:

if t == 1 then

3:

Initialise the target location x1∗ .

4:

Initialise the RGB template M1 and shrink it into 2 × 2 pixels.

5:

Initialise the spatial context hsc
1 (x) and set the spatio-temporal context
sc
Hstc
1 (x) = h1 (x).

6:
7:

else
Calculate the moving displacement of a target dt from the (t − 2)-th frame
to the (t − 1)-th frame.

8:

Extract centre locations of samples Xt by using Eq. 5.2.

9:

Shrink the template Mt and the k-th sample Ytk into the size of 2 × 2.

10:

Compute similarity scores between the template and samples via Eq. 5.1.

11:

The sample with the greatest similarity score is defined by Eq. 5.4, and the
centre location of this sample is set as Ct .

12:

Normalise the greatest similarity score as φ∗t .

13:

Update the template Mt+1 .

14:

stc
Construct a spatio-temporal context hsc
t (x) by Eq. 2.6 and Ht (x) by Eq.

2.7 at location Ct .
15:
16:

Infer the final position x∗t via Eq. 3.13.
end if

17: end for

Output: Tracking results {x∗1 , x∗2 , · · · , x∗F }.
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5.3

Experiments
Here, we present the qualitative and quantitative comparisons between 8 state-

of-the-art approaches and the proposed OBT in the 8 video sequences.
5.3.1

Experimental Setups

In order to ensure fairness and reliability of experimental results, all testing algorithms adopt the same experimental environment and equipment. All parameters
in Section 5.2.3 are set as same as in Literature [160].
Databases. The used experimental videos are body, car2, car4, face, dollar,
deer, shaking and david. All involved video attributes are motion blur, fast motion,
illumination variation, scale variation, occlusion, rotation, background clutter and
pose variation. In this chapter, the focus of comparison are motion blur and fast
motion.
Experimental trackers. 8 state-of-the-art trackers are used for comparison. They
are STC [160], WMIL [161], MIL [4], CT[162], L1 [97], L1-APG [6], LOT [105],
Colour Tracking (ACT) [33].
5.3.2

Quantitative Comparison

CLEs, DPs and OPs are use to evaluate efficiency of the designed tracker in
this chapter. Table 5.1 shows CLE of evaluation results of all experimental trackers
based on different video sequences. The best results are marked with red, while the
second ones and the third ones are respectively marked with blue and green. A small
CLE means a more accurate tracking result. As quantitative comparison shown in
Table 5.1, the designed OBT achieves the top three results in all videos, and ranks
the first in the average CLE ranking. Table 5.2 provides comparison of different
trackers in terms of an average CLE, an average DP, an average OP and an average
FPS. The best results are marked with red, while the second ones and the third ones
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are respectively marked with blue and green. The OBT achieves top three in the
four kinds of evaluations. This is due to that the OBT method extends its search
scope to do a coarse-to-fine searching. The OBT firstly detect the target in this
large search scope to define a preliminary location of a target. Then, the tracker
is based on this preliminary location to carry out the second detection by using
a novel classifier, which learns target information and its surrounding background
information so as to further separate a target from its background.
Table 5.1 : Centre location error (CLE) (in pixels). The entries in red denote the
best, while the ones in blue indicate the second best and the ones in green represent
the third best.

WMIL

STC

MIL

LOT

L1

L1-APG

CT

Colourtracking

[161]

[160]

[4]

[105]

[97]

[6]

[162]

[33]

face

127

113

123

33.4

149

183

55.8

7.5

3.9

shaking

12

8.2

145

73.6

29.1

104

11.2

13.2

10.7

dollar

12.1

20.4

70.5

71.6

20.5

71.5

9.3

17.1

7.1

deer

15.6

401

202

63.7

78.1

78.9

211

5.1

5.4

car4

95.6

2610

140

31.3

61.6

15.3

115

8.2

15.6

car2

163

5.41

73.9

26.2

49.9

156

104

86.9

5.1

body

54.4

148

128

84.5

131

31.6

122

36.5

18.1

david

34.3

43.4

38.1

108

76.1

39.9

40.2

24.1

10.9

average CLE

64.3

418.7

115.1

61.5

74.4

84.9

83.6

24.8

9.6

OBT

Videos

5.3.3

Qualitative Comparison

Figure 5.2 and Figure 5.3 show the partial tracking results of experimental trackers in different video sequences.
Motion blur. Videos in Figure 5.2(a) as well as Figure 5.3(e), (f) and (g) have
the motion blur attribute. Only the OBT can complete tracking in 4 full videos.
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Table 5.2 : The results of an average centre location error (CLE) (in pixels), an
average distance precision (DP) (%), an average overlap precision (OP) (%), and an
average frames per second (FPS). The entries in red denote the best, while the ones
in blue indicate the second best and the ones in green represent the third best.

WMIL

STC

MIL

LOT

L1

L1-APG

CT

Colourtracking

[161]

[160]

[4]

[105]
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In (a) and (e), OBT and Colour tracking method achieve better performance in
the aspect of CLE. L1-APG performs well in (e), but it is inferior to OBT and
Colour tracking method in Frame 112 and Frame 198. In (f) and (g), only OBT can
successfully track a target from beginning to end. This is attributed to the reason
that the used spatio-temporal context structure can take full advantage of spatial
relationship between a target and its surrounding background, in order to enhance
the classification capability of its classifier and hence be more accurate.
Fast motion. Targets in Figure 5.2(a), (b) and Figure 5.3(e), (f) suffer from fast
motion. In (a), (d) and (e), only OBT and Colour tracking method can track a
target in video sequences. From Frame 236 in (f), only OBT can keep tracking a
target. This is attributed to the reason that the designed OBT firstly carries out
a generative search in a large scale of search scope while other trackers use a small
search scope so that they drift or even fail when a target moves a long distance
suddenly.
Illumination variation. Targets undergo severe illumination variation in Figure
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Figure 5.2 : The comparison of our approach with state-of-the-art trackers in the
challenging attributes of motion blur, fast motion, illumination change, scale variation, occlusions, rotation, background clutter, and pose variation. Especially our
tracker can tackle motion blur and fast motion.

5.2(b) and Figure 5.3(h), and this leads to tracking failures of most experimental
trackers. In Frame 66 in (b), when illumination changes fast and strong, only STC,
Colour tracking method and OBT can still deal with illumination variation issues.
This is attributed to the reason that these 3 above trackers all adopt a mean-zero
strategy to reduce the interference of illumination variation on video-based tracking.
In Frames 83, 231 and 374 in (h), the mean-zero strategy is useful for handling the
issue that lights in scenarios are from dark to bright.
Scale variation. Tracking results from Frame 231 to Frame 496 in (h) show good
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Figure 5.3 : The comparison of our approach with state-of-the-art trackers in challenging attributes of motion blur, fast motion, illumination change, scale variation,
occlusions, rotation, background clutter, and pose variation. Especially our tracker
can tackle motion blur and fast motion.

performance of the designed OBT method on tackling scale variation. STC, Colour
tracking method and OBT can adapt to scale variation of a target. Meanwhile, OBT
method achieves the best CLE. LOT and L1-APG completely fail while WMIL,
MIL and CT suffer from drift. This is attributed to the reason that OBT enlarges
search scope to twice its original size for obtaining more target information, which
can be used for learning to improve classification capability of a detection when
separate a target from background. In this way, OBT improves its tracking results
to outperform other experimental trackers.
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Occlusion. (b) in Figure 5.2 demonstrates that OBT can deal with occlusion
issues. In Frame 105 and Frame 253, STC and OBT are superior to other evaluated
tracking approaches, which have drifts of failures with different degrees. OBT can
deal with issues of occlusion and be insusceptible to scenarios with occlusion. This is
attributed to the reason that the used spatial context structure constructs statistical
correlation based on target information and its surrounding background information
to help OBT separate a target from background.
Rotation. Targets in (g) and (h) undergo rotation. From Frame 140 to Frame
310 in (g), OBT is the only method, which is insusceptible to body rotation while
other trackers all fail. When a pedestrian from Frame 496 to Frame 579 in (h)
suffers from body rotation, STC, Colour tracking method and OBT can tackle this
issue of body rotation. On the whole, OBT is the only tracking approach, which is
robust to rotation in an experimental video. This is attributed to the reason that the
designed OBT adopts a spatial context structure involving background information
surrounding a target to help the OBT segment a target from background.
Pose variation. In Frame 70 in Figure 5.2(c), although a banknote is folded
randomly, MIL, L1 and CT fail to track. In Frame 130, when stacked banknotes are
randomly divided into two stacks, WMIL, STC and OBT can still segment a target
from background accurately. MIL, LOT and L1-APG completely fail in Frame 204.
In Frame 290, when two stacked banknotes move close to each other, it interferes
with tracking performance of methods, so only OBT and Colour tracking method
still keep tracking a target in subsequent frames in (c). In conclusion, only OBT
method can track a target from beginning to end.
Background clutter. When a target and its background are too similar, it causes
great confusion to a tracker. Figure 5.2(b), (d) and Figure 5.3(e) show the attribute
of background clutter. Only OBT can deal with tracking issues of background clutter
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while other trackers drift or fail with different degrees.
Overall, as shown in above experimental results, OBT can tackle motion blur,
fast motion, illumination variation, scale variation, occlusion, rotation, background
clutter and pose variation. Particularly, when a video has attributes of motion blur
and fast motion, the designed OBT show its advantage in the process of tracking.
This is attributed to the three following reasons. (1) OBT utilises a spatio-temporal
context structure to take full advantage of relationship between target information
and its surrounding background information to execute classification in the cases of
occlusion, pose variation, rotation and so on. (2) A simple but effective Euclidean
Distance is used to estimate similarity scores between a template and samples so as
to infer the potential location of a target. (3) Shrinking of samples and templates
can not only effectively reduce computational complexity, but also provide image
information required by the tracking method. In addition, image shrink can reduce
redundant information for making a tracking method more easily realised.

5.4

Conclusions
This chapter has presented a novel tracker, namely an Orderless and Blurred

Visual Tracker (OBT). Shrinking of samples and templates has reduced the computational burden. Euclidean Distance based on RGB features has easily and fast
calculated a similarity between a template and a sample and then infer the location
of the tracked target. In order to make up for the shortcoming of current popular
algorithms in dealing with blurred images and irregular motion, a spatio-temporal
context structure has been used to explore the statistical correlation of a target and
its background in time domain and spatial domain, so as to further improve the
tracking results and move a tracking window to a more accurate position. Experimental results have shown that OBT has better accuracy and robustness than other
8 state-of-the-art tracking methods.
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Chapter 6
Conclusions and Prospects
This thesis has elaborated a single-object tracking problem under complex scenes
with orderless movements, motion blurs and/or target scale variations in Chapter
2 to Chapter 5. Chapter 2 has presented a single-object tracker in the presence of
orderless motion. This research has been published in the paper ‘Hybrid GenerativeDiscriminative Hash Tracking with Spatio-Temporal Contextual Cues’ in the journal
of Neural Computing and Applications [28]. Chapter 3 has addressed a single-object
tracking problem with respect to motion blur. This research has been published in
the paper ‘Object Tracking in the Presence of Shaking Motions’ in the journal of
Neural Computing and Applications [29]. Chapter 4 has presented a single-object
tracking method for resolving scale variations of a target. This research has been
submitted to the journal of Neurocomputing. Chapter 5 has addressed a singleobject tracking problem with orderless motion and motion blur. This research has
been published in the paper ‘Orderless and Blurred Visual Tracking via Spatiotemporal Context’ in the International Conference on Multimedia Modelling in 2015
[30].

6.1

Research Summary
Aiming at improving tracking performance of existing tracking methods, our re-

search topic has focused on video attributes of blur and orderless movement, which
has been less studied by other researchers. The research has combined theoretical study, modelling, simulation and experimental evaluation, to explore tracking
methods based on different theoretical framework by using multiple bionics theories,
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computer vision technologies and statistical analyses. Main research achievements
in this paper are as follows.
(1) As orderless movement of a target has short-term fast motion and a large
scale of moving scope, a hybrid tracking method based on spatio-temporal information and hash fingerprints, namely HGDHT, has been presented. This tracker
has improved the framework of a conventional Particle Filter to use a few particles
to estimate the location of a target. Mean-hash features based on low-frequency
image information have been utilised to execute template-matching-based tracking
for enclosing potential research scope used for target tracking. Statistical relationship between a tracked target and its surroundings has been exploited to generate
spatio-temporal information for further optimising preliminary results. By model
simulation and validation in public databases, the designed tracker has been compared with other state-of-the-art trackers and the experimental results demonstrated
feasibility of this tracking approach.
(2) As blurs near target boundaries have caused outliers, a matching-based
tracker based on a motion model and online updated double-template strategy
has been presented, namely SMT. Firstly, after s study of state-of-the-art singletemplate strategies and multi-template strategies, a novel double-template strategy
has been designed on the basis of an initial target image and last-frame tracked
result. Secondly, a novel similarity measure based on a kernel-mapping theory has
been introduced to effectively resolve the interference of outliers on template-based
matching method in scenarios with motion blur. Thirdly, historical moving trajectories of a target have been utilised to build up a target motion model to infer
the location of a target in the next frame. Finally, new appearance information of
a target has been introduced to update a Bayesian prior probability to enable the
tracker to adapt to appearance variations. By experimental estimation in public
databases, the designed tracker has been compared with other relevant trackers and
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the experimental results demonstrated feasibility of this tracking algorithm.
(3) As existing tracking methods have failed to handle visual tracking problems
regarding orderless and blurred motion, a novel tracker based on spatio-temporal
context has been presented, namely OBT. This tracker has distinguished a target
and background by computing similarity scores of samples and a template. Since the
shrunk enclosed image of a target always remained a strong object correlation, all
samples and a template have been shrunk into a fixed size. The similarity between a
sample and a template has been calculated by the Euclidean Distance. The sample
with the greatest similarity score has been chosen as the preliminary location of
a target. The structure of spatio-temporal context has been used to realise the
optimisation of the preliminary tracking result. By experimental estimation in public
databases, the designed tracker has been compared with other relevant trackers and
the experimental results demonstrated feasibility of this tracking algorithm.
(4) As orderless movement, motion blur and scale variation have affected tracking
performance, an ensemble tracker based on structural correlation filters and a multitask Gaussian Particle Filter has been presented, namely KCF-GPF. This tracker
has adopted multiple KCF trackers to construct multiple weak expert trackers to
adaptively distribute multiple detection windows to different detection areas. This
process could resolve the weakness of small and fixed-size detection scope of a single
KCF, and enable a classifier to be robust for the boundary effect due to fast motion
and fast deformation of a target. Because KCF has been unable to estimate scale
of a target, GPF based on different features has been introduced to adopt multiple
particles to estimate the scale of a target. By experimental estimation in public
databases, the designed tracker has been compared with other relevant trackers and
the experimental results has demonstrated feasibility of this tracking algorithm.
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6.2

Research Innovations
(1) A hybrid tracking method based on spatio-temporal information and hash

fingerprints has been designed. Generative-discriminative model has completed template matching and classification to generate a coarse-to-fine tracking system, respectively. To aim at realising coarse tracking and accelerate computation, the
designed tracker simplified the framework of a conventional Particle Filter to use a
few particles to maximise a posterior. Hash-fingerprint-based method was used to
represent features for effectively reduce computation of feature extraction. A binaryfeature representation method also could simplify the process of feature matching to
ensure high accuracy and high performance speed. Introduced spatial information
further enhanced robustness of the designed method tackling appearance variation.
The designed method provided a novel resolution for realising tracking a target with
orderless motion.
(2) A matching-based tracker on the basis of a motion model and and online updated double-template method has been designed. Since a single-template strategy
had low matching accuracy, a multi-template strategy need choose multiple reliable
samples, and this process has been complex as well as time-consuming. This resolution has interpreted a single-target tracking as a template-matching problem, after
an analysis on peak values of correlation surfaces in the states of accurate matching, fuzzy matching, multi-position matching and wrong matching. A new designed
double-template strategy and a new designed kernel-based similarity measure have
been used for predicting potential target search scope by constructing a target motion model. Meanwhile, samples used for matching, have been extracted from the
target search scope by a sliding window. This designed tracker has provided a novel
resolution for a tracking problem under the scenario of motion blur.
(3) An ensemble tracker based on structural correlation filters and a multi-task
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Gaussian Particle Filter has been designed. Considering that a correlation filter has
been easy to drift or fail when a target has had fast motion or fast deformation, the
designed tracker has constructed multiple structural correlation filters in order to
extend detection area of a conventional correlation filter. GPF has been integrated
into the designed tracker for constructing a novel ensemble-tracking framework for
resolving an issue that a conventional correlation filter has been susceptible to the
scale variation of a target. CNN features extracted by Vgg-Net has been compared
with hand-crafted features for the purpose of extending the way of conventional
feature extraction. This method transferred tracking as an online learning task has
been based on a decision-making theory and this method has also provided a novel
resolution for a single-target tracking for dealing with video attributes of orderless
movement and motion blur.

6.3

Research Prospects
This thesis has mainly combined computer vision, bionics theories and statistical

analyses to make a research on single-target tracking technologies under the scenarios
with motion blur and orderless movement and target scale variation. This thesis has
presented certain achieved research works in the fields of template-based matching,
similarity estimation and motion modelling. A series of feature work have been listed
as follows for improving current tracking results and resolving remaining unsolved
issues.
(1) Trackers presented in this thesis have been only validated in public databases,
so they need be further tested and optimised in more practical scenarios. In the future, these designed trackers can be used to executing vehicle tracking and pedestrian
tracking for further evaluation and optimisation. Biology, chemistry and medicine
can be covered to integrate interdisciplinary applications to try to track cells, atoms
and so on.
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(2) Neural network algorithms can be included to explore more expressive classification of foreground and background to improve existed target tracking models.
In the future work, we will take advantage of existing tracking methods based on
neural network, learn and dig out merits as well as demerits of different methods to
further build up a better discriminative tracking model.
(3) The presented single-target tracking approaches can be extended to multitarget tracking algorithms, and be tested on public databases with multiple targets.
These designed trackers can also be used in the application of crowd density estimation in airports, squares and so on. Since weather can affect illumination and
definition of videos and indirectly affect tracking performance, we also need record
some videos in rainy days, foggy days and other severe weathers to evaluate and
optimise our designed trackers in order to improve accuracy and robustness of our
trackers.
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