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Abstract

Visual object tracking is one of the popular and legacy problems in computer vision. Track-
ing has applications in a wide spectrum of domains with applications in agriculture, auto-
mobile, surveillance, defence, and entertainment. It remains a challenging research prob-
lem on account of various factors like occlusions, shape deformations, illumination changes
and background clutter. The object tracking performance depends on the joint efficiencies
of a target object modeling scheme and a localization strategy. Accordingly, this thesis pro-
poses three major contributions. First, a colour feature based representation that models
the foreground while considering the background context. The target is further localized
by using a meta-heuristic search strategy based on breeding fireflies. The breeding fireflies
technique is realized through a combination of Real Coded Genetic Algorithm (RGA) and
the Firefly Algorithm (FA). The second contribution involves target representation in the
sparse representation framework. Here, the object is modeled using a (weighted) distri-
bution of sparse codes. The weights are derived from a foreground-background classifier.
Here, the target is localized by using the Firefly-RGA approach. The third contribution uses
target representation using deep network embeddings. Here, a Siamese network is used to
derive the object location predictions. Additionally, a multi-part object model is explored
for handling occlusions. All three proposals use the appearance features to predict the ob-
ject positions. Thus, complementary information is derived by inter-frame dense motion
estimation. The motion based predictions are used to enhance the accuracy of the three
proposed appearance based trackers. Thus, all the proposed trackers are realized in an en-
semble framework of appearance and motion based predictions. The colour feature based
tracker has an object model based on handcrafted features derived from colour distribu-
tion. The sparse representation-based tracker learns the model by using features from only
the first frame of the sequence. In the Siamese tracker, a pre-trained deep network is used
for extracting image features. The performances of the classical methods are limited by the

feature used. For example, colour distribution-based features get disturbed by illumination
TH-3232_146102001



changes and structure-based features face challenges from geometric transformations. In
contrast, the deep network used in the Siamese tracker is trained on a very large set of
general images (for image classification task) and is thus capable of generating rich fea-
ture representations. It is also observed that the Siamese tracker has significantly outper-
formed the other two trackers. The proposed trackers are benchmarked on the VOT2018,
OT B2015 and U AV'123 datasets and are compared against a number of baseline methods

formulated in traditional and deep learning framework.

Keywords: tracking, modeling, localization, sparse, convolution, siamese, motion
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1. Introduction

Vision is one of the primary senses of human beings. We are extremely skilled at performing visual
tasks. For example, detection, recognition and tracking of specific objects of interest in a scene is a
simple manual task. However, something that we excel at, could be quite challenging for a machine
to accomplish. Visual object tracking is one among such tasks.

Vision based single object tracking refers to the process of following an object of interest in a
sequence of images. An illustration of tracking performed on the butterfly sequence from VOT2018
dataset is shown in Figure 1.1. The target object is initalized in the first frame and is localized in the
remaining frames of the sequence. The target object localization and tracking across video frames have

several applications in the areas of entertainment, defence, healthcare, and security-surveillance [1].

Some of these are shown in Figure 1.2.

Figure 1.1: Object to be tracked is initialized in first frame( Creen box). Object is localized in the
remaining frames by the tracking algorithm (Red box)

Figure 1.2: Some applications of visual object tracking like traffic analysis, green screen marker track-
ing, crowd analysis, autonomous vehicle and surveillance.

This thesis focuses on generic single-object tracking with RGB data in a dynamic single camera
configuration with variable execution speed. Figure 1.3 shows the broad categorization of approaches
based on the factors external to a tracking algorithm. This includes the type and number of imaging
sensors, availability of data, number of objects being tracked, speed of operation and the type of object
being tracked. The object to be tracked is generic, implies that the tracker is not limited to finding
only a specific class of object. No information about the object is available prior to tracking. Data
is made available to the algorithm on a streaming manner making sure that future frames are not
accessible to the algorithm at any time instant. First frames of the sequence contains information on

the object and its surroundings. Other frames are initially unavailable when tracking starts. If neces-
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1.1 Problem Formulation

sary, tracking models can be learned by using all frames of the videos. However, this thesis does not
adopt such a technique. The colour-based tracker learns the model from the first frame (initialization
phase) and occasionally updates it in the localization (operational) phase. The sparse tracker uses the
first frame only to learn the model in the initialization phase. Similarly, the deep tracker also uses
the object template obtained from the first frame for tracker initialization. No updates are performed
in the operation phase. Also, only pre-trained deep network is used for image feature extraction for
the Siamese tracker. Thus, the proposed methods (especially, the sparse and Siamese trackers) do not
employ any “model learning” in the localization phase.. Color, temperature, depth, motion, and other
aspects of a scene can be captured via sensors. Only colour data, generally known as RGB data, is
dealt with in algorithm development. Single or multiple cameras can be used in a tracking system to
cover the same or multiple scenes. In this thesis, a single camera configuration is assumed that can be

either stationary or moving.

Real Time Single Object (SOT)
Non Real TIme Multiple Object(MOT)
RGB Data - Single Camera
Non RGB Tracking Multiple Camera
Generic Object Streaming Data

Specific Object Stored Data

Figure 1.3: Categories of tracking. Sub-categories of interest in this work are colored red

1.1 Problem Formulation

Let S be a sequence of n” frames defined as S = {Z;,t = 0,...,n”}. Here, Z; represents the t*
frame of the sequence. The target object is identified in the initial frame Z, with its annotation a(Z).
The goal of the tracker 7 is to predict object bounding regions on frames {Z;,t = 1,...,n"} of the
sequence given a(Zy) and Z,. Let the tracker prediction on frame Z; be represented as 7 (Z;). This is
shown as in Figure 1.5.

Despite its popularity and extensive research, tracking remains a challenging computer vision prob-
lem. The photometric, geometric, and environmental variations are some of the most common chal-
lenges in tracking. Geometric changes happen with view point changes and camera displacements or

zooming. Here, an object can undergo shape deformations, translation, scaling, orientation changes
TH-3232_ 146102001




1. Introduction

Fast Motion
Deformation
Articulation
Translation
In-Plane Rotation
Out- of-Plane Rotation
Challenges

Scale Change

Illumination Change

Background Clutter
Occlusion

Motion Blur

Low Resolution

Figure 1.4: The different challenging scenarios of visual object tracking.

a( )
o ———»  Tracker,7 —»  T(k)

[ S

1,

Figure 1.5: Tracking problem definition.
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1.2 Contributions

and articulations. Radiometric challenges include illumination changes and shadows. These factors
directly affect the target object appearance. External factors like background clutter and occlusion
also adversely affect the tracking performance. The tracker may gradually drift from the target on ac-
count of the above mentioned challenging scenarios. However, such drift also occurs due to improper
object modeling or model update schemes. This leads to localization errors and progressive loss of the
trail of target. A tracker’s success depends on its ability to overcome these conditions. Some of the
common challenges in tracking are shown in Figure 1.4.

A tracker has two important components [2]. First, a methodology for target object modeling.
The target model is constructed by using hand-crafted or learned features extracted from the object
support in image. The model is also occasionally updated in the course of tracking. Ideally, the target
model should be robust to the photometric or geometric changes. Also, it should be constructed using
features that can discriminate the target from the background. The second component is a strategy
for localizing the target in the present frame by using the learned object model. A good localization
strategy overcomes occlusions and background clutter. The tracker performance depends on the joint
efficiencies of the target model and the localization strategy.

This thesis explores different schemes for target model representation. Target models constructed
using both engineered (color distribution and sparse codes) and learned features (deep network em-
beddings) are explored. The objects are localized using meta-heuristic search strategies and particle
filter based approaches. The predictions provided by the object appearance features are further cor-
rected by motion predictions. This leads to the proposal of trackers in an ensemble framework that
uses complimentary information. The contributions of this thesis are briefly discussed in the next

section.

1.2 Contributions

The existing works in object tracking can be broadly divided into two groups — the classical ap-
proaches and the methods formulated in deep learning framework [3]. The classical approaches use
hand-crafted features, statistical models and machine learning techniques for object tracking. In this
thesis, two methodologies are proposed along the lines of classical approaches. Approaches formu-
lated in deep learning framework follow a paradigm of learning from data with deep neural networks.

In this direction, this thesis proposes a siamese network based tracking algorithm.

TH-3232_146102001




1. Introduction

Object modelling and target localization are the two key components of any tracking algorithm.
Additionally, ensemble of trackers are also explored in the literature. This thesis explores generative,
discriminative, and hybrid techniques for target modelling. Novel objective functions based on the
proposed target and background models are proposed to aid in localization step. Object localization
is explored using meta-heuristic search strategies. Finally, inter-frame dense motion is used as a
complementary information with respect to appearance based predictions. Predictions from both
appearance and motion are used in an ensemble framework to improve the tracker performance.

The first contribution involves the proposal of a color distribution based object model, correspond-
ing target localization objective function and a novel localization strategy in breeding-swarm frame-
work(Subsection 3.3.4). The second contribution proposes object modeling in sparse representation
framework. The object models and corresponding localization objective functions are described in
Sections 4.4, 4.5 and 4.6. The third contribution proposes a multiple part based object tracker in

the framework of siamese networks (Sections 5.4 and 5.5). Motion information based refinement of

appearance feature based tracker predictions are explored for all three tracker proposals.

Object & Context

< Candidate Box
O —Pp
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Color Model
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Current Image

Figure 1.6: Block diagram of color distribution based tracking algorithm. FRGA refers to Firefly algo-
rithm modified with RGA.

1.2.1 Color Distribution based tracker

Chapter 3 proposes a color distribution based object model. Color distribution has been widely
used in the tracking literature [4]. Background pixels from the neighborhood of the object are used to
boost (target-background) discrimination. It is used to refine the object model by giving emphasis to

object specific characteristics. An objective function is proposed for target localization to a region with
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maximal object presence and minimal background presence. Both probabilistic and meta-heuristic
approaches are used for target localization. A block diagram of color feature based tracker is shown in
Figure 1.6. Different localization strategies, such as particle filter [5], particle swarm optimization [6],
genetic algorithm [7], and firefly algorithm [8] are investigated.

With these trials, the effect of background information on tracking is investigated. A proposal
is made to include solution breeding with Real-Coded Genetic algorithm to firefly population. New
solutions are introduced to improve the diversification of a solution set resulting in better search. This
approach of breeding firefly population with Real-coded Genetic Algorithm is named FRGA. Further,
the predictions from inter-frame dense motion and the color distribution based tracker is formulated
in an ensemble framework. The motion component is used to refine the predictions provided by the
proposed FRGA algorithm. The proposed tracker is evaluated on three standard datasets — VOT'2018,

OT B2015 and UAV123. The major contributions of Chapter 3 can be briefly summarized as follows.
(i) A novel Context Weighted Color Distribution (CWCD) based object model
(i) Novel objective function that includes contextual information

(iii) Modified Firefly algorithm with RGA component

(iv) Motion based re-ranking in ensemble tracker

Object & Context
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Figure 1.7: Block diagram of sparse feature based tracking algorithm.

The color computed from the entire target object region lacks local structural information. Ob-
ject modeling in sparse representation framework is explored to represent local information. This is

discussed next.
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1.2.2 Sparse representation feature based tracker

Chapter 4 explores the sparse representation framework for target model representation. This
approach was made popular by the work of [9]. It was developed on a dictionary defined on object
template and its perturbations. Such a representation was shown to have robustness against occlusion
and noise. This thesis proposes to learn a dictionary using vectorized patches from target object and
background region. The learned dictionary is used to compute sparse codes for vectorized patches.
A histogram of sparse codes is used to construct the object model. A SVM classifier is also used to
improve the discrimination against background.

Two target representations were proposed. The first one in generative, and the second one in
hybrid framework. Sparse representations of vectorized image patches were computed after clustering
and dictionary learning. Clustering identifies the unique parts of object and background. Learned
cluster specific dictionaries are suited for representing each part. Thus, the overall dictionary has
atoms from both target and background. Sparse histograms were computed to define the object model
in the generative approach. A novel objective function is proposed for localization. The objective
function measures the target-similarity of a candidate region while considering its background. A
block diagram of sparse representation based tracker is shown in Figure 1.7.

In the hybrid model, a support vector machine based classifier was learned on sparse codes to
predict a target similarity score for each patch. Weighted histogram of sparse codes were computed
as a representative model. Such a model is learned on different predefined regions of the object. A
collection of such weighted histograms computed from different regions forms the overall model. The
objective function for target localization is proposed as the Bhattacharya coefficient between target
and candidate models. A FRGA based search is used for target localization. Object position, scale
and orientation are predicted by the proposed tracker. The motion component is used to refine the
predictions provided by the proposed FRGA algorithm. The proposed trackers are evaluated on three
standard datasets — VOT'2018, OT'B2015 and U AV'123. The major contributions of Chapter 4 are as

follows.

(i) A generative model based on Distribution of Sparse Codes (DSC).

(ii) A hybrid target model built on binary Classifier weighted Distribution of Sparse Codes of object

parts (CWDSQ).
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(iii) Novel objective functions based on the models.

(iv) Sparse representation based trackers with FRGA and motion information based re-ranking for

localization.
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Figure 1.8: Block diagram of siamese network based tracking algorithm.

1.2.3 Siamese network based tracker

Chapter 5 proposes a deep neural network based tracker in an ensemble framework. Here, the
object model is defined using the embeddings generated by pre-trained deep neural networks. Con-
volutional Neural Network (CNN) based representations are known to provide better object represen-
tations compared to the hand-crafted ones. This work uses learned features obtained as embeddings
from deep networks. Tracking using siamese network was introduced in [10] and further modifica-
tions were proposed in later works [11-13]. The siamese network based approach formulates tracking
as a similarity search problem. The object appearance embeddings are generated using the pretrained
deep networks VGG-16 [14]. The embeddings of the target object is searched in a given image. The
object is localized on the region with highest similarity. Two variations of this approach are proposed.
The first proposal uses siamese architecture on the entire object region. The second one divides the ob-
ject region into predefined parts and applies the siamese tracker on each of them independently. Such
part-based object models have been widely used for handling occlusions [15-17]. A block diagram of
deep embedding based tracker is shown in Figure 1.8.

In case of the motion component, a dense flow is predicted by using the pretrained deep network

LiteFlowNet [18]. Generally, the target object and the background have different motion signatures.
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This assumption motivated the use of inter-frame dense motion based prediction for target localiza-
tion. The predictions of the appearance feature based siamese tracker are refined with the motion
information. The appearance component predicts potential image regions with confidence values in-
dicating target similarity scores. The motion prediction is used further to estimate the position of every
object pixel. The final object position is derived from the agreement between these two predictions.
The proposed trackers are evaluated on four standard datasets — VO72018, V072019, OT' B2015 and

U AV'123. The major contributions of Chapter 5 can be briefly summarized as follows.

(i) Multi-part object model for handling occlusions

(i) Motion information based re-ranking for refining the appearance component prediction

1.3 Thesis Organization

This thesis is organized as follows. Chapter 2 reviews the existing (and relevant) works from the
tracking literature, introduces the standard datasets, and performance evaluation metrics. The color
distribution based object model with FRGA based localization are described in Chapter 3. Chapter 4
presents the tracker proposal formulated in sparse representation framework. The multiple part based
tracker in the framework of siamese networks is described in Chapter 5. Inter-frame dense motion
information based refinement of color (Chapter 3), sparse (Chapter 4) and deep embedding (Chap-
ter 5) based tracker predictions are investigated for all three tracker proposals. Finally, Chapter 6

summarizes the tracker proposals and discusses possible future extensions of the present work.
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2. Literature Review

Overview

Object tracking is one of the widely researched area in computer vision. There are different approaches
that are proposed in the literature to handle different challenging scenarios in tracking. The existing
works in object tracking can be broadly divided into two groups. First, the classical approaches, and
second, the more recent deep learning based methods. The former group of approaches uses engineered
features, statistical models and classical machine learning algorithms for tacking. While the later employs
different deep neural network architectures for the task of tracking. This chapter briefly reviews the
classical and deep learning based approaches. The tracking algorithms are often benchmarked on a few
standard datasets. These datasets and the different metrics used for comparative tracking performance

evaluation are also discussed.

2.1 Introduction

Object tracking is a widely explored field in computer vision. The existing works in visual tracking
can be broadly divided into two groups namely, classical approaches and the ones formulated in deep
learning framework. The classical approaches focus on hand-crafted features, statistical and/or ma-
chine learning based object model construction and localization strategies [19]. On the other hand,
deep neural network based approaches mostly rely on designing architectures for trackers based on
end-to-end learnable networks. The contemporary literature is dominated by deep learning based ap-
proaches where contributions are made in the proposals of network architecture, learning algorithm,
loss functions among others [20]. A tracker has two phases of operation — initalization and target
localization.

Initialization Phase - The initialization happens in the first frame Z, of a sequence {Zy,...,Z,r}.
The target object is identified by its annotation on first frame (a(Zy)). Most algorithms use a rectan-
gular region crop of the object from Z; as the template image Z? of the object. A bounding rectangle

annotation can be parameterised as follows.

bb{ = [0, Yo, wo, ho, o] 2.1)

Where, x¢, yo, wo, ho, and 6, are the respective centroid abscissa , centroid ordinate, width, height and
orientation of the bounding rectangle. The feature extraction (from bb) and target object modeling

are performed in this stage. For DNN based approaches, the feature extraction and object modeling
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might not be explicit as these are often defined by deep networks.

Target Background

Target Foreground

Figure 2.1: Target foreground and background region defined on frame Z,.

In addition to object information, many algorithms utilize the background information in tracking
to improve discrimination. Usually a bigger rectangle with same centroid coordinates (xg, o) and a

scaled area of bbar is defined to include both object and its immediate neighborhood (context).

bba: = [1‘0, Yo, w(j):a hf)ta 00]T (22)

A region consisting only background information is further defined as follows.

bb, = bb; — bb (2.3)

The regions bb , bby are referred as target foreground and background regions respectively (Fig-
ure 2.1). The image crop defined with Z, and bb; is represented as Z?~ which contains only back-
ground information.

Feature extraction and object modeling are the two important steps in the intialization stage.
Features include pixel intensities, deep feature embeddings among others. For modeling an object sta-
tistical tools as well as machine learning and deep learning algorithms are commonly used. Tracking
phase starts after initialization phase and exists from frames Z; to Z,,r.

Target Localization Phase — In this phase, the target object is localized in the given frame Z;
to obtain the tracker prediction 7(Z;). Algorithms can perform localization in the position (z,y),

.+
scale (w, h) and orientation 6. This will be in the form of an oriented bounding box bb, . Not all algo-
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Candidate Background

Candidate Foreground

Figure 2.2: Candidate foreground and background region defined on frame Z,.

rithms perform localization in the form of a bounding box. Sometimes only the position is required.
Some algorithms go one step further and estimate object contour [21]. Localization algorithms are
executed either on the entire image Z, or on a smaller region defined around the prediction from
previous frame (b*b:_ 1). This small region is referred as the search image Z° € Z;.

The search can be performed through brute force techniques [22], iterative methods [4], sampling
based probabilistic approaches [5, 21, 23] or meta-heuristic strategies [24-26]. Multiple candidate

bounding rectangle proposals bby; are generated in the current frame Z;. The set of all such bounding

rectangle proposals is defined as

Bt = {bbtz,lz 1,...,TZB} (24)

where, np is the total number of bounding rectangle proposals. Models computed from these candi-
date bounding rectangles (bby;) are referred to as candidate models. An objective function is generally
defined as similarity (or dissimilarity) between the target and candidate models. A suitable localiza-
tion approach is adopted to identify the optimal solution b*bt+ (from B;) that optimizes the objective
function.

The visual tracking literature is rich with algorithms covering each and every aspect of the two
phases [20] i.e. initialization and localization. The later is also known as the operational phase of
the tracker. For developing and evaluating an algorithm it is essential to have relevant annotated

datasets, evaluations paradigms and performance measures. Standard datasets (available in public
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domain), common performance evaluation measures and evaluation paradigms are also presented in
this chapter. Rest of the chapter is organised as follows. Section 2.2 discusses the classical approaches
in tracking. Section 2.3 reviews the deep learning based approaches. Section 2.4 introduces the
popular datasets and performance measures used in the literature. Section 2.5 discusses the evaluation

strategies. The review is summarized in Section 2.8 while identifying the research directions.

2.2 Classical Approaches

1
[ i a( /o Feature Al
Annotator/ 0 . .
— . —» Localization ——» I
Detector Extraction : T(4)
JA | =l Object Background

Figure 2.3: Block diagram of a classical tracking algorithm.

The classical approaches use hand-crafted features, learns statistical and/or machine learning mod-
els on the extracted features and use localization strategies [1,27]. This can be illustrated by a block
based modular approach as shown in Figure 2.3. In the literature, tracker proposals from this group
are found to make contributions in one or more of these blocks. Two important blocks are the feature
extraction and object modeling. The simplest feature can be image pixel intensity [4]. The derived
features can be more complex and include Scale Invariant Feature Transform (SIFT) [28], Oriented
FAST and Rotated BRIEF (ORB) [29], Fast Retina Keypoint (FREAK) [30], sparse codes of patches [31]
among others. They have certain desired qualities like robustness to certain challenging scenarios that
could be present in a tracking sequence like geometric transformations, illumination change and oth-
ers. Statistical modeling as well as machine learning based models exist in the literature. A good
object model contributes to a successful tracker [32]. Sometimes background is also modeled along
with object to improve discrimination. Based on object modeling, algorithms are classified into gener-
ative, discriminative and hybrid approaches.

Generative approaches construct object models from features like color distribution [4], con-
tour [21], object template [33], pixel motion distribution [34], Histogram of Oriented Gradients [31]
among others. Machine learning based models are mostly seen in discriminative approaches where

the objective is to learn characteristics of object that differentiate it from the background. Such ap-
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proaches are realized with Support Vector Machines [35], Multiple Instance Learning [36], P-N learn-
ing [37] among others. Tracking is usually performed as a search to find a region that maximizes
similarity with the object model. Here, the object features are mostly exploited. In contrast, a discrim-
inative approach identifies characteristics that differentiate an object from its background. Detectors
or classifiers are used for this purpose. Object localization is performed by searching for a region that
maximizes a similarity metric or classification score computed from the target and candidate mod-
els. A hybrid approach have both generative and discriminative components. Tracking algorithms
based on different object models are shown in Figure 2.7. Different classical approaches that use the

generative models are discussed next.
2.2.1 Generative Models

The generative models are constructed from the object characteristics. Features like pixel intensity

values [33], edges [34], motion [38], derived features [28], sparse codes [9] are used to build these

models.

Object Histogram

& so 1d0 1so 2do 250

Background Histogram

Figure 2.4: Color Histogram of object and its immediate background

One of the most popular and simple object model is the color distribution. A kernel weighted color
distribution used by Comaniciu et al. [4] in their proposal on mean-shift tracking [4]. Here, the target

object is modeled from the color distribution in its bounding rectangle bb as follows

md ] = L' k(%l)8b(k) — u] @5)
=1

where, b(;ci) computes the bin index corresponding to the pixel intensity value at location X;, ng is the
TH-3232_146102001
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total number of pixels in bounding box bb, 4[.] is the Kronecker delta function and k(x) is the kernel
profile function that weighs the pixels with their relative distance from center. The normalization
constant L ensures that 3. ; my *[u] = 1 with n; number of bins in the quantized feature space.
Similarly, the candidate region has the kernel with profile function k(x) and bandwidth h» whose
support is centered at y. The candidate model m{* (y) is thus defined as the feature distribution
(normalized with the constant L;,) computed from the pixel locations {x;} (i = 1,...n,) and is given
by

LthO

) b(x;) — ] (2.6)

where, n, is the total number of pixels in bbt_1

Above model is robust against scaling, rotation and can handle object deformation. However,
histogram being a global feature, loses information on object structure. To overcome this, Peter et
al. [39] divided an object into parts and histograms were learned from each part. Such a multi-part
approach could capture the spatial layout of the object. The performance of a color feature based
tracker may get affected in two ways. Same pixel intensity values of object might be present in a
scene background. Also, some background pixels might be present in an object bounding rectangle
(for non-rectangular object). This can corrupt an object model. To improve robustness, pixels that
belong only to the object are to be given more importance during modeling. A form of this can be seen
with Comaniciu et al. [4] where object pixels closer to object centroid are weighted more compared
to the ones at periphery. This way of weighing is purely based on distance and not on probability of
a pixel belonging to the object. Jifeng et al. [40] proposed a background weighted histogram model
where weights of each color bin of an object model is dependant on its contribution in background
model. Comaniciu et al.estimated scale by repeating the procedure at predefined values. Efficient
estimation of object scale was proposed by Robert et al.in [41]. Zivkovic et al. [42] proposed scale
and orientation estimation from covariance matrix by using a Gaussian kernel. Objects with similar
color distribution can be present in the background that can interfere in localization. Thus, explicit
modeling of distractor was performed by Horst et al.in [43]. Changjiang et al. [44] proposed a novel
similarity measure for histograms. Color Histogram model generation is shown in Figure 2.4. To
improve robustness of object model, the derived features are explored in the literature. One such
popular approach is the sparse representation of object template for tracking.

Mei et al. [23] proposed the first notable work on sparse representation based target model. Target
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Figure 2.5: Block diagram of a sparse representation based tracker. Dictionary is learned from the
object template. Sparse codes are computed for candidate regions from the search image Z? during
localization.

tracking was formulated as a ¢; minimization problem where the candidate model was represented as
a sparse linear combination of object and trivial templates. A basis set consisting of object templates
and trivial templates were respectively used to model appearance and partial occlusion. Candidate
template regions were sampled in a particle filter framework. The best candidate solution was iden-
tified as the one that minimizes reconstruction error with the target templates. The tracking problem

was formulated as

min|| Dy — pyll5 + Allveill1 (2.7)

where, ) is the regularization coefficient, 4;; is the i*" candidate region image vector, i = 1,...,ng, D
consists of target and trivial templates, py; is a potential candidate template vector and ~; is its sparse
code representation with respect to the dictionary D. This is solved as ¢; regularized least squares
problem [23]. A generic block diagram of a sparse representation based tracker is shown in Figure 2.5

Tianzhu et al. [45] proposed joint learning of candidates to make use of the structural relation-
ship among candidates. Online dictionary update was proposed by Baiyang et al.in [46]. Also, it
highlighted the importance of discrimination power of a dictionary in tracking as compared to its re-
construction power. Only few works have used background information in learning representations.
Discriminative information computed from foreground and background atoms were used in [47]. Bai
et al. [48] used background information to eliminate outlier candidates based on their sparse codes.
Sparse representation based approaches use learning from data. However, it is mostly limited to the

dictionary learning. Here, statistical models of sparse codes were mostly used to represent the object.
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2.2.2 Discriminative Models

Discriminative methods approach tracking as a binary classification problem where object and its
background form the two classes. This approach identifies and learns features that differentiates an
object from its surroundings. These features range from pixel intensity values to more complex derived
ones. The most popular discriminative approach is based on correlation filter learning [49]. Discrimi-
native filter learning is explored in correlation based trackers. Many machine learning classifier based
algorithms are also used for object modeling in literature.

Kaihua et al.proposed a Bayes classifier for tracking in [50] with features extracted from multiple
scales. Kalal et al. [37] proposed the use of P-N learning in a tracker. Multiple instance leaning based
classifier was used in [51] etc.. Grabner et al. [52] proposed online training of classifiers to adapt
to object appearance changes. Kalal et al. [53] proposed computation of forward and backward error
to identify consistent trajectories. Large motions are handled with image pyramids in a coarse to fine
manner. Classifiers were trained online to adapt the tracker to object appearance changes in [52]. Ross
et al. [54] learned object changes incrementally with principal component analysis. Grabner et al. [55]
proposed a self-supervised online boosting to address the problem of tracker drift. Online update was
proposed to counter tracker drift in [56]. Martin et al. [57] proposed the use of online Hough forests
for tracking as well as segmentation of the object. Stefan et al. [58] proposed co-training of detector

and segmentation approach to achieve non-rigid tracking.

—P»  Feature Extraction ﬁ

Template
Filter Learning — > Localization —
Search Image

4N —»  Feature Extraction A

Figure 2.6: Block Diagram of a correlation filter based tracker. Correlation filter coefficients are
learned from the object template image Z¢

Significant work has been done in tracking with discriminative correlation filters (DCF) [49]. The
oldest and simplest example of such an approach is seen with template tracking. Correlation tracker
learns filters on the initialized object template where all possible shifts of the object template is used for
learning. It uses computations in Fourier domain to achieve high speed. Let {(X;,y;);j =1,...,n5}
be the n, training samples. X; € RM*¥ is the j* single channel feature map from an image region.

A spatial location is represented by (mi,mo) € Q:={1,...,M} x{1,...,N}. X;(mq,mg) € R rep-
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resents the scalar value at location (m;,m2). y; is a scalar valued function defined over the spatial
locations (m1, mg) € . Usually a Gaussian function with a peak at the centroid location of object is
used. Basic single channel formulation of a discriminative correlation filter W¢/ ¢ RM*V is learned

such that

X;« W~y (2.8)
The DCF formulation uses convolution operations and is given as follows.

M N
X % ch(ml, mQ = Z Z X ml m2 - l))WCf(k l) (2.9)
=11=1

In the pioneering work by Bolme et al. [59], a Minimum Output Sum of Square Error (MOSSE)
filter was proposed for a high speed correlation tracker with robustness to scale, lightning and pose.
Further improvement was brought in by removing the redundancies of overlapping patches by exploit-
ing the circulant nature of the data matrix in [60]. Yang et al. proposed a scale adaptive learning
paradigm in [61]. Martin et al. [62] learned independent correlation filters to handle translation and
scale. A re-detection strategy along with object template and context was proposed to achieve long
term tracking in [63]. Martin et al. [64] proposed a spatial regularization component to mitigate the
boundary problems associated with the correlation filters. Similarly, a spatio-temporal regularization
to the filters were introduced by Feng et al. [65]. Matthias et al. [66] proposed a context aware ap-
proach to minimize the effect of distractors in tracking. Bibi et al. [67] proposed joint learning of filter
and target response to counter tracker drift. An ensemble with key-point matching based tracker was
proposed in [68]. Bertinetto et al. [69] proposed a combination of color and correlation filter for ro-
bustness against object deformation. Alan et al. [70] proposed spatial and channel reliability maps in
learning filters to achieve long term tracking. More on correlation based trackers can be found in [49].
Recently, correlation filters are learned on the feature embeddings generated by deep networks. More

on these are reviewed in section 2.3.

2.2.3 Model Update

While the majority of current algorithms can successfully track object in controlled surroundings,
they frequently fall short when there is a considerable variation in the object’s appearance or ambient

lighting. Numerous algorithms use fixed appearance representations of the target, which could be one
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Figure 2.7: Statistical and Machine Learning based trackers with generative, discriminative and hybrid
object modelling. Generative approaches are shown in color, disriminative ones in and
hybrid ones in

cause of these failures. An object model requires update as tracking progress to capture the changes
it undergoes. It is a tricky thing to do model update as too frequent update can result in corruption
of the model and can result in tracker drift. On the other hand, very few update means it will fail
to capture the transformations undergone by the object. David et al. [54] proposed incremental
learning of low dimensional object subspace with Principal Component Analysis (PCA) to adapt to the
appearance changes of object. Matthews et al. [78] proposed a template update procedure without
causing tracker drift. Grabner et al. [52] used online training of classifiers to adapt the tracker to
object appearance changes. Model update procedure based on object covariance matrix was proposed

in [79].
2.2.4 Localization

During this phase the target is located in the given frame Z;,¢ > 1. This stage usually involves a
search operation to locate the object. Different search techniques like motion models [80], iterative
search [27,41], probabilistic sampling [21, 23], meta-heuristic approaches [24, 25, 81] and others
are explored in the literature. A naive approach would be to perform a brute force search in the

entire frame or in a region of interest. Another approach is to use candidate region proposal(s) and
TH-3232_146102001
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iteratively identify the best among them. Some of these approaches are shown in Figure 2.8. The
search algorithms optimize an objective function for locating the target in Z;. It is common in both
generative and discriminative approaches to define the objective function based on the models. Object
localization searches for a region that maximizes (or minimizes) a similarity (or dissimilarity) measure

or maximizes a classification score.

Figure 2.8: Illustration of different localization approaches. Figure shows (a) brute-force, (b) iterative
and (c)sampling based approaches. Brute-force approach goes through all the locations in the image.
Jr

*
Iterative search starts with an initial region bb,_; (red box) and performs a directed search to converge
+

*
at an estimated bb, (green box). Sampling based approach has multiple box initalizations bb;; which
are updated iteratively till convergence.

Yilmaz et al. [2] used a brute force approach to perform template matching. Let p@ be the template

patch vector and p¢; be the candidate patch vector defined from the region proposal bb,; and search
* T
image Z;. A brute force approach for estimating bb, is defined as follows

L T
bb, = bby«;i* = arg mianQ — piill (2.10)

i=1,...,np

where, np is the total number of region proposals. Comaniciu et al. [82] proposed the mean-shift
iterations for target localization (Equation 2.11). The search is initialized in the current frame Z;
using the object position from the previous frame b*b:_l. The object localization starts from b*b:r_ 1Yo
in the current frame and iteratively tends to maximize the Bhattacharyya coefficient based similarity
p(miT, m"*(y)) between the target and candidate models. The mean-shift centroid update rule

from y, in 7 iteration to y, 1 is given by
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Ng 2
(Mo Yr — X
ZA Wi g (H h )
(2.11)

=y

where g(z) = —k'(x) is the negative derivative of the kernel profile function k(z), x; is the pixel

position within the bounding box and the weights wzm

Yr+1 =

are given by

ny T+
) _ mgfu] oo (2.12)
- uzzjl mi* (y (o) =l

7)[u]

Here, m_ ' is the target object model and m{ " is the candidate model and d(s) is the Kronecker
delta function.

Sampling based approaches use region proposals to generate potential candidates. Such methods
are seen with condensation algorithm [83], evolutionary, and swarm based search strategies. These
algorithms are useful when it is not possible to compute the gradient. Also, meta-heuristic algorithms
were found to provide faster convergence in certain cases [24]. These algorithms generate solutions
by following a set of rules in a random yet directed manner. This directed approach leads to better
convergence and the randomness helps in search space exploration (or exploitation). Some of these
approaches include Genetic Algorithm (GA) [84], Particle Swarm Optimization (PSO) [6, 85], Firefly
Algorithm (FA) [86] etc.. Patrick et al. [39] proposed the use of Monte Carlo sampling with a color
histogram model. Tracking was formulated as a /; minimization problem with particle filter approach
in [23]. Zhang et al. [87] formulated tracking as an entropy minimization problem. Bounding box
proposals were generated based on edge information over the entire frame rather than in a search
window in the proposal [88].

Inter-frame motion is an important cue in localization. Motion captures information of the dynamic
behaviour of the object or the camera. Motion analysis is the basis of many high level tasks, including
tracking. Optical flow techniques are used for motion estimation in classical approaches [89, 90].
Optical flow refers to motion of the intensity pattern from one frame to other. This is the 2D motion
on the image frame and is different from the 3D motion in a scene. Motion is estimated between two
frame Z; and Z;, , that are apart in time by 7. The motion field OF € R? provides components of
motion along horizontal (z) and vertical (y) directions. It is computed with the brightness constancy

constraint equation which assumes that the pixel intensity remains same during displacement. It is
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given as follows.

Z(x+O0F(x),t+1)=Z(x,t) (2.13)

Here, x is the pixel location and ¢ is the time. The displacement is considered small for optical
flow estimation [91]. Large displacements are handled with image pyramids in a coarse to fine ap-
proach [74,92,93]. Classical approaches to dense optical flow computation can be found in proposals
of Gunnar-Farneback [94] and Horn-Schunck [89]. Recently, deep neural network based methods
were developed to compute inter-frame dense motion (See section 2.3). Predicting the motion of all
object pixels from one frame to the next frame can localize the object. Santner et al. [77] used mean-
shift algorithm with optical flow information to perform the tracking. Kalal et al. [53] proposed the
median flow approach in a forward-backward framework to estimate the target position. A modifica-
tion was proposed by Han et al. [95] with RANSAC algorithm to handle occlusions. Okada et al. [96]
proposed the use of motion histograms to locate the object. Sanjivani et al. [97] used optical flow for
object localization and Kalman filter for tracking. Connected regions with similar flow vectors were

identified to perform tracking in [98].
2.2.5 Ensemble Approaches

Ensemble techniques are widely used in machine learning to improve over the performance of
component base classifiers. The same is realized in different tracking approaches. Combinations are
proposed in the feature extraction, model construction, and localization stages. Also, independent
trackers are combined to form an ensemble. In an ensemble [99], Weak learners are combined to
create a strong learner [55]. Ye et al. [100] showed that the diversity is an important factor for a
successful ensemble. A combination of complementary components can improve overall performance
of an ensemble [77,101].

Ensembling can be performed at the feature extraction and modeling stage or during the local-
ization stage. A popular ensemble approach with the object model is the use of object parts rather
than a single template. The object is usually divided into parts and are tracked independently. For
example, Adam et al. [102] proposed the use of histogram to model individual parts of the object. The
final object location is estimated by combining (e.g. weighted average) the predictions of independent

object-part trackers.
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Kwon et al. [103] proposed the use of multiple appearance models in sparse representation frame-
work. An ensemble of weak classifiers are combined using AdaBoost in [75]. Tian et al. [104]
proposed an ensemble of SVM classifiers to handle appearance changes with the use of historical
information.

A hybrid object model uses both generative and discriminative components [77]. Bertinetto et
al. [69] proposed a combination of color and correlation filter to provide robustness against object
deformation. S. Avidan et al. [35] integrated SVM based classifier with optical flow based tracker.

A single tracker might not be able to handle all challenging scenes. Each of them might be good at
handling certain aspects of tracking. Several proposals have been made in the literature to combine
individual trackers in an ensemble [105,106]. Kwon et al. [105] proposed an ensembling of trackers
which selected an optimum tracker from a predefined set of trackers. Senna et al. [106] proposed
the fusion of the output of various trackers with Kalman filter. This approach tries to combine the
strengths of each of the individual trackers in the ensemble. Zikun et al. [107] proposed switching
between local trackers (upon failure) to achieve long-term tracking. Gao et al. [108] fused the outputs

of multiple trackers executed in parallel to achieve optimal performance.
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TIMELINE 1: Classical Approaches in Tracking

1996 T Conditional Density Propagation and Applications to Visual Tracking [21]
1998 —‘o
2000 -e Real-time tracking of non-rigid objects using mean shift [110]

Real time face and object tracking as a component of a perceptual user interface [109]
2000 ‘c Learning patterns of activity using real-time tracking [111]

2003 -
200

Mean-shift blob tracking through scale space [41]

Support vector tracking [35]

[«)

The template update problem [112]

(=)

Online selection of discriminative tracking features [113]

(=)

Object tracking: A survey [2]

Real-time tracking via on-line boosting [52]

o O

Incremental learning for robust visual tracking [54]

o

Semi-supervised on-line boosting for robust tracking [55]

o

Visual tracking with online multiple instance learning [51]

N DN N DN DN N DNDN
OOOO%OOO
S O 0 O N O O U1 A D

|

201 Forward-backward error: Automatic detection of tracking failures [53]

o

:

:

:

:

:

—‘o Ensemble tracking [75]
!

:

!

!

e Visual object tracking using adaptive correlation filters [59]
( ]

Robust object tracking with online multiple instance learning [36]

2011 -e Tracking-learning-detection [37]

2012 ‘o Real time robust L1 tracker using accelerated proximal gradient approach [9]
2012 ‘o Real-time compressive tracking [50]

2012 ‘o Robust object tracking via sparsity-based collaborative model [114]

2012 —‘o Exploiting the circulant structure of tracking-by-detection with kernels [115]
2012 —‘o Robust object tracking via sparsity-based collaborative model [114]

2012 —‘o Visual tracking via adaptive structural local sparse appearance model [116]
2013 —‘o Online object tracking: A benchmark [117]

2013 ‘o Learning a deep compact image representation for visual tracking

2014 ‘o Accurate scale estimation for robust visual tracking [118]

2014 ‘o A scale adaptive kernel correlation filter tracker with feature integration [61]
2014 -e High-speed tracking with kernelized correlation filters [60]

2014 -e MEEM: robust tracking via multiple experts using entropy minimization [87]
2014 -e Adaptive color attributes for real-time visual tracking [119]

2015 -e Hierarchical convolutional features for visual tracking [120]

2015 -e Struck: Structured output tracking with kernels [76]

2015 —‘o Long-term correlation tracking [63]

2016 —‘o Learning spatially regularized correlation filters for visual tracking [64]
2016 —}o Staple: Complementary learners for real-time tracking [69]
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2.3 Deep Neural Network based Approaches
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Figure 2.9: Trackers formulated in Deep Learning framework.

Fukushima [121] introduced Artificial Neural Networks (ANN) with a neocognitron model in 1980.
LeCun et al. [122] used a back propagation based technique to train a multi-layer fully connected
network with three hidden layers for hand written ZIP code recognition. However, they were restricted
by the large training time. Hinton [123] proposed a fast multi-layer deep belief network (DBN) trained
with back propagation. Such networks existed in the literature but, were not the dominant methods in
computer vision until recently. It was AlexNet’s [124] success that re-ignited the interest in deep neural
networks (DNNs). Availability of powerful computational hardware and large corpus of data aided
in developing better architectures. The popular ones include Convolutional Neural Networks (CNNs).
Recurrent Neural Networks (RNNs), Long Short Term Memory Networks (LSTMs) etc.. The DNNs have
found success in many vision related tasks and outperformed the classical approaches [125]. Object
tracking is no exception and current literature is dominated by DNN based tracking algorithms [24].

The classical approaches rely on hand-crafted features, statistical models or machine learning
techniques. In most cases, a target model is constructed in the initialization stage. During tracking,
the target localization is performed by comparing target and candidate models. In contrast, the deep
neural network based trackers promote an end-to-end approach to tracking (See Figure 2.9) with
learned features. However, in the early adoptions, the DNNs were used as feature extractors only and
then coupled with other statistical modeling and localization techniques [120,126]. These approaches
were limited by their execution time for tracking. The end-to-end trackers are much more efficient
and are able to provide better performance [127]. The DNN based tracking algorithms are broadly
divided into the following five categories — (a) matching based, (b) learning based, (c) sequential, (d)
attention based and (e) ensemble approaches.

Rest of the section is organized as follows. Sub-section 2.3.1 describes the matching based track-
ers while mostly discussing the siamese trackers. Sub-section 2.3.2 describes the deep correlation

filter based approaches. Subsection 2.3.3 discusses trackers that exploit temporal information. Sub-
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section 2.3.5 describes some of the learning based approaches. Subsection 2.3.4 briefly discusses the

recent transformer based approaches.

2.3.1 Matching based: Siamese Network Trackers (SNTs)

Siamese network (SN) has a Y-shaped architecture (Figure 2.11) with two branches that are joined
to produce a single output [128]. It is trained to predict the similarity of its two inputs. Generally
the two branches have shared weights among them. Higher output value indicates that the inputs
are similar. Such a network is trained on image triplets. A triplet has an anchor image (Z*), positive
image (Z”) and a negative image (Z'V). Positive image is one which is similar to the anchor and
the negative image is the one that is dissimilar to the anchor. On training the network, it makes the
embeddings of positive pairs closer and the embeddings of the negative pair apart at least by a margin
hyper-parameter 7,,. Effect of similarity learning on the feature distance is shown in Figure 2.12. It is

then trained with a triplet loss defined as follows [129].

LT, T7,T) = max(|f(Z") = FED) = IFE™) = FE)IP + 101, 0) (2.14)

The SNs were first applied in the signature verification task [130]. Object tracking is formulated
as a matching problem with similarity learning in a siamese network [131]. However the matching
should be able to handle the variations that an object can undergo in a sequence. The SNTs belong to
a family of matching based trackers where feature embeddings are compared [101]. From the study
performed by [132-134] it was shown that due to their ability to balance between performance and
efficiency, siamese-based networks are the most promising designs in tracking. Many of the recent
Siamese trackers are also fully convolutional (FC) [10] in nature allowing them to work with inputs
of variable dimensions. Among other things, this allows for an end-to-end training network to be
designed with fewer hyper-parameters [135].

The SNTs learn a similarity function that provides the similarity between the embeddings of its
inputs. These embeddings are computed by a shared sub-network. One of the input is the template
of the target object. The other input is the search image on which the target is to be localized. The
SNTs work in two stages. The first stage involves the feature extraction (embedding) of the inputs
using CNN sub-networks. These embeddings are compared in the second stage. Bertinetto et al. [10]

proposed a fully convolutional siamese (SiamFC) tracker with cross-correlation operation performed
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Figure 2.10: Deep Learning based Trackers
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Shared
Weights

Merge

Similarity

Figure 2.11: A Siamese network for similarity learning. The inputs to the network are anchor image
Z4 and a similar looking image Z* and a dissimilar looking image Z" in pairs

Before Learning After Learning

Figure 2.12: A Transformation with Similarity Learning. Similar inputs are brought together in the
embedding space after training while different ones are pushed away.

on the embeddings. Bertinetto et al. [10] showed the commutable property of a fully convolutional
network. Let G represent a translation such that G z[t] = z[t—7], then function f is fully convolutional

with integer stride m if

F(Gmrz) = Grf () (2.15)

This allows for similarity search in sub-windows in one pass. This property is termed as translation
equivariance [136] and is one of the reasons for the success of similarity learning in object tracking.
This fully convolutional property is widely used in many of the subsequent trackers.

Tao et al. [137] proposed the first siamese tracker which formulated it as a similarity search prob-
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Figure 2.13: A timeline of Siamese Network trackers (SNTs)

lem. Initial SNTs used a pre-trained AlexNet [124] after fine-tuning [10, 137, 138] the backbone
network. Here, the performance was limited as AlexNet is a relatively shallow network and was not
able to generate sufficiently rich features [139]. Later SNT proposals switched to deeper and wider
networks that are based on ResNet [140], VGG-19 [14], Inception [141] networks among others.
Deeper layers produced richer semantic features. Li et al. [139] improved performance with a custom
VGG16 [14] backbone. However, Li et al. [142] showed that direct replacement with deeper networks
is not sufficient to improve performance. Data bias in pre-trained networks trained on ImageNet affect
tracking performance [143].

The SiamFC tracker is not efficient in estimating the accurate scale of the object as it performs
a multi-scale search over the image. Anchor based and anchor-free approaches are explored to han-
dle scaling of object. Jia et al. [144] made the tracker scale adaptive with a region proposal net-
work (RPN) [145]. This also resulted in an increased number of hyper-parameters. A version with
ResNet backbone is proposed in [142]. Guo et al. [146] avoided anchor boxes of RPN and used bound-
ing box regression and classification at pixel level to have a tracker with lesser hyper-parameters.
Chen et al. [147] proposed a similar approach with atrous convolutions. Instead of final layer cross-
correlation, Guo et al. [148] proposed a multi-level feature extraction and cross-correlation. Wang et
al.. [149] proposed a binary segmentation mask of the object while using depth-wise cross-correlation
on the multiple score maps.

Structural information captured with embeddings might not help in the presence of similar looking
objects a.k.a distractors in background. Zhu et al. [150] proposed hard negative mining in training to
improve robustness to distractors. Liet al. [151] addressed the same with a re-detection module which
is an online classifier in general. Voigtlaender et al. [152] extended it further with a two stage detector
model. Multi-level feature is commonly seen with many SNTs [13, 146]. Lian et al. [153] highlighted

that learning local features aids in tackling drift. To handle occlusion, Wu et al. [154] proposed
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a tracker with anti-occlusion region proposal network. Liu et al. [155] proposed a multi-template
approach to handle appearance changes of object. Pflugfelder [128] highlighted in their studies that

SNTs require additional mechanisms like attention, regression etc. to improve performance.

2.3.2 Filter Learning: Discriminative Filter approach

Template $

Shared Weights

Search Image
—> f

Figure 2.14: Deep correlation filter based tracking. Filter is learned on the feature embeddings gener-
ated by network ®(e) rather than on intensity values as seen with classical approaches.

Filter Learning —# Localization — 4‘

Classical approaches with discriminative correlation (DCF) filter relied on intensity and hand-
crafted features for learning. Extension of the same which works on feature embedding [14, 140]
generated by a DNN is proposed in literature (Figure 2.14). Chao et al. [120] learned correlation filter
on each of the hierarchical convolution layers to track the object. Ma et al. [120] proposed generating
correlation maps from multiple layers of the DNN. Shallow layers were given relatively more impor-
tance compared to the deeper ones. Similar strategy is followed by [126]. Deeper layer features have
more semantic information but are less invariant to object changes like deformations, rotation etc.. On
the other hand, shallow layer features are much more invariant to transformations [64]. Therefore it
becomes important to combine the information from different layers to improve tracking [156, 157].
As seen with the classical approaches, DCF use Fourier transform to compute the predictions and
are affected by boundary effects. There are trackers that are designed to mitigate this artefact with
regularization in the filter learning process. Spatial regularisation was proposed with approaches
like [158]. Li et al. [65] proposed a temporal regularization in learning. Xu et al. [159] proposed
channel regularization along with spatial one. Coarse resolution features with custom learners were
employed in [160,161] to address the boundary effects. More on correlation filter based trackers can

be found in [162]. A time line of advancement of correlation based trackers is shown in Figure 2.15.
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Figure 2.15: A timeline of discriminative correlation filter based trackers. Trackers following the
classical approach are in blue color and trackers based on DNNs are shown in magenta color.

2.3.3 Temporal Approaches: RNNs & LSTMs

Temporal aspect of a sequence is often discarded in the CNN based approaches [134]. The Re-
current Neural Networks (RNNs) are effective in learning sequential information but are restricted
by the vanishing gradient problem. To overcome this, the LSTMs were introduced. The RNNs can
model not only temporal but also spatial information [163]. The contextual relationship of Objects in
the spatial domain is an important yet underutilized property in appearance modeling [163]. Quan
et al. [163] proposed an end-to-end trainable recurrent neural network that transformed the object
context into semantic sequential representation. A recurrent neural network was used for this within
a LSTM network. The target object was represented as a series of overlapping image patches. Each

patch in the sequence was assigned a label by the RNN during tracking.

LT "MT RT

LM MM RM
LB .EE 'E:

Figure 2.16: Target as a sequence of patches as given in [163]. On the left is the representation
without overlap and on right is the representation that has overlap. The patches are labeled as left-
top (LT), left-middle (LM), left-bottom (LB), middle-top (MT), middle-middle (MM), middle-bottom
(MB), right-top (RT), right-middle (RM), right-bottom (RB).

Fan et al. [164] brought distractor awareness with RNNs to a CNN based approach. Guanghan
et al. [165] looked at features from tracking history to build a robust tracker with LSTM network.
The LSTM was used along with CNNs to exploit spatio-temporal information. Historical position and

visual features were used in addressing tracker failures.
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Cui et al. [166] addressed tracker drift by identifying reliable parts of the object with a multi-
directional RNN. Kosiorek et al. [167] proposed an attentive model that can differentiate the object
from its background. A similar soft attention based approach was proposed by Samira et al. [168].
Real time tracking with online update of object appearance was proposed by Gordon et al. [169]. A
combination of LSTM and YOLO detector [170] was proposed by Ning et al. [165] to estimate target

location. Learning directly on video segments for tracking was proposed in [171].

2.3.4 Attention based Approach

+

Softmax

* A

Softmax

f

Mask(opt)

f

Scale

f

Add & Norm

1

Q K \Y

Figure 2.17: Scaled dot product based attention in transformer. Q,K,V are the query, key and value
respectively as seen with image retrieval systems

Transformers [172] were introduced in natural language modeling and were then explored in
representation learning for vision tasks [173-175]. Recently transformer [172] based approaches
were successfully proposed in visual object tracking. It is used as a feature extractor [175] or as an
end-to-end network in tracking [134]. They can be combined with existing trackers like siamese and
correlation filter based ones. Ning et al. [176] proposed a transformer where encoder and decoder
networks were used in a siamese like approach before performing feature fusion for tracking. Xin
et al. [177] proposed an attention-based fusion of target and search features in a siamese backbone
for transformer based tracking. Fan et al. [175] used correlation between the target feature and the
current frame to localize the object. Transformers were proposed for distractor awareness by Wang et
al. [176]. Mayer et al. [178] proposed a tracker in a correlation filter framework with bounding box
regression. The ability to learn long-range dependencies along with self-attention as well as cross-
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attention made them possible candidates for the next stage of evolution in tracking [20].
2.3.5 Learning methods

Different learning paradigms are used in training a deep neural network for visual object track-
ing. Reinforcement learning (RL) [133,179-182], adversarial learning [183], few-shot learning and
meta-learning are among the popular strategies explored. Reinforcement learning is used to decide
the region to look for the given target in the frame [180]. Deep RL has two variants that are the Deep
Q Networks (DQN) and policy gradient approaches. The DQN leans a state-action value function with
the deep network. Policy gradient approaches learn policies on actions that maxmize reward. Yun
et al. [133] was the first to incorporate RL in deep visual tracking. It was limited by its computa-
tional time. The object is located by a series of actions which are learned with deep reinforcement
learning using policy gradient approach. Chen et al. [184] proposed a faster variant with Actor-Critic
paradigm. Ren et al. [180] proposed an iterative approach to predict bounding box shift with rein-
forcement learning. This iterative approach is computationally less expensive when compared to sam-
pling based approaches as less steps are required for convergence. Due to the iterative approach, this
method was better at handling large deformation and motion. An actor-critic approach was followed
to make decision on model update. Sun et al. [185] proposed a template update which automatically
switches between multiple matching techniques with RL. Sun et al. [181] proposed a decision mak-
ing policy which relied on tracking state history rather than on the current one. Zhang et al. [182]
combined convolutional and recurrent neural networks with RL to leverage the use of spatio-temporal
information.

Most deep learning trackers follow a tracing-by-detection approach [183]. Target samples that are
collected from a frame have significant overlap among them and has a class imbalance compared to
background samples. Song et al. [183] used adversarial learning [186] to capture object variations
and addressed the class imbalance between target and background samples. More target samples are
generated with adversarial leaning. Also, a cost sensitive loss function was designed to handle class
imbalance. Meta-learning algorithm was applied with many tracking algorithms [10]. Anchor based
detector were modified into tracker by Huang et al. [187] with a meta-learner [188]. The same was

extended to anchor-free detectors by Wang et al. [189].
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2.3.6 Ensemble Approach

Like classical approaches, ensemble techniques are also used with deep learning based algorithms.
In their study, Wang et al. [32] highlighted the usefulness of ensemble in tracking. Diversity among
the components is the key to the construction of a good ensemble. The first proposal for ensemble
of deep motion features with appearance was made by Gladh et al. [80] in a tracking-by-detection
framework. Deeper layers of a DNN extract more semantic features as compared to the shallower ones.
Hierarchical features were used in [120, 126, 190]. Qi et al. [126] proposed combining correlation
trackers built on embeddings from different layers of a DNN. Nam et al. [191] used multiple CNNs in
a tree structure to have many appearance models to handle appearance changes of the object. Anfeng
et al. [131] proposed a combination of two siamese networks. Each component focused on different
features to bring diversity to the ensemble. One branch is trained to extract features relevant to
similarity learning. The second branch is trained to extract semantic features that aids in classifications
tasks. The output of each branch is a similarity map which is combined to locate the object. Teng et
al. [192] proposed a combination of temporal and spatial networks. Luke et al. [193] proposed a
single shot detector approach utilizing two models — one geometrically constrained in motion and the
other invariant to transformation. Dunnhofer et al. [194] proposed a fusion of multiple trackers with
the use of reinforcement learning.

More on deep learning based trackers can be found in [132, 195]. A snapshot of deep neural
network based single object tracking literature over the years is presented in timeline 2.3.6. While
developing an algorithm, data is required for training and testing a tracker. Image sequences with ob-
ject ground-truth annotations are accessible in standard datasets available in public domain. Tracker
proposals are evaluated on these datasets and compared using standard performance measures. To
quantify algorithm performances, certain benchmarking tools are also available. These datasets, per-

formance metrics and evaluation tools are described next.
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TIMELINE 2: Deep Neural Network based Trackers
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Visual tracking with fully convolutional networks [196]

Beyond correlation filters:Learning continuous convolution operators for visual tracking [156]
Learning to track at 100 fps with deep regression networks [138]
Fully-convolutional siamese networks for object tracking [10]

Hedged Deep Tracking [126]

Learning multi-domain convolutional neural networks for visual tracking [197]
Siamese instance search for tracking [137]

Action-decision networks for visual tracking with deep reinforcement learning [133]
Eco: Efficient convolution operators for tracking [157]

End-to-end representation learning for correlation filter based tracking [198]
Action-Decision Networks for Visual Tracking with Deep Reinforcement Learning [133]
Distractor-aware siamese networks for visual object tracking [150]

High performance visual tracking with siamese region proposal network [149]

Vital: Visual tracking via adversarial learning [183]

Learning the Model Update for Siamese Trackers [199]

ATOM: Accurate Tracking by Overlap Maximization [160]

Learning Discriminative Model Prediction for Tracking [161]

Fast online object tracking and segmentation: A unifying approach [114]
SiamRPN+ +: Evolution of Siamese Visual Tracking With Very Deep Networks [142]
Target-Aware Deep Tracking [200]

Siam R-CNN: Visual Tracking by Re-Detection [152]

Probabilistic Regression for Visual Tracking [201]

Siamese Box Adaptive Network for Visual Tracking [147]

SiamCAR: Siamese Fully Convolutional Classification and Regression for Visual Tracking [146]
Siam R-CNN: Visual tracking by re-detection [152]

Know your surroundings: Exploiting scene information for object tracking [202]
SiamAtt: Siamese attention network for visual tracking [203]

Transformer tracking [177]

Learn to match: Automatic matching network design for visual tracking [204]
Learning Spatio-Temporal Transformer for Visual Tracking [205]

Trtr: Visual tracking with transformer [206]

Swintrack: A simple and strong baseline for transformer tracking [175]

Do Different Tracking Tasks Require Different Appearance Models? [207]
Transformer meets tracker: Exploiting temporal context for robust visual tracking [176]
Robust Visual Tracking by Segmentation [208]

Unified transformer tracker for object tracking [209]

Global tracking via ensemble of local trackers [107]
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2.4 Tracking Datasets

A tracking algorithm is initialized on the first image (¢ = 0) from a sequence of n’ images and pre-
dicts target object boundaries in the remaining images (t = 1,...n7). An image sequence dataset used
for tracking also has target boundary annotations for each image in the sequence. For a good track-
ing algorithm, the predictions are expected to match the object ground-truth annotations. Table 2.2
presents a few datasets that are widely used for benchmarking tracking algorithms.

The target object boundaries are annotated in different ways. The object centroid, minimum
bounding rectangle (upright or axis aligned), rotated minimum bounding rectangle and contour (re-
alized as a polygon) are the most widely used ones as shown in Figure 2.18. Some datasets provide
additional information on the scene regarding the challenges present in each frame. This helps in
highlighting the performance of a tracker against certain challenges. For example Object Tracking
Benchmark (OTB) dataset has information regarding illumination variation, scale changes, occlusion,
shape deformations, motion blur and fast motion. These can be used to evaluate the performance of
a tracker for specific challenging scenarios. Such an evaluation strategy is also seen with the Visual

Object Tracking (VOT) benchmark. More on object tracking datasets can be found in [210].

Figure 2.18: Illustrating the different ways of ground-truth annotation of target object. Object cen-
troid, axis-aligned minimum bounding rectangle, rotated minimum bounding rectangle and object
contour are the common ways of annotating target boundaries in datasets.

The datasets used for evaluation in this thesis include VOT'2018, VOT2019, OT B2015 and U AV'123.
The VOT2018 and VOT2019 datasets have a total of 60 sequences. The groundtruth annotations are
provided in the form of coordinates of rotated rectangles that cover the object. The OT B2015 has
a total of 100 sequences and UAV123 has 123 sequences. The groundtruth annotations are in the
form of upright (axis-aligned) bounding rectangles for OT'B2015 and U AV'123. These datasets have
associated benchmarking tool which can evaluate tracker performance. OT'B2015 dataset has more
sequences as compared to VOT'2018 dataset. Also, the challenges present in theses datasets are differ-

ent as given in Table 2.1. UAV dataset images has a viewpoint change compared to VOT and OTB as
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Name Sequence Benchmark Annotation  Attributes Perf. Measures
Count Tool
VOT2018 [127] 60 Yes Rotated OCC, IV , OM, SZ, Accuracy, Robustness,
Bounding Box  CM, Unassigned Expected Average
Overlap
VOT2019 [211] 60 Yes Rotated OCC, IV , OM, SZ, Accuracy, Robustness,
Bounding Box = CM, Unassigned Expected Average
Overlap
OTB2015[212] 100 Yes Upright IV, SV, OCC, DEF, Success plot, Preci-
Bounding Box MB,FM, IPR, OPR, sion plot
oV, BC, LR
UAV123[213] 123 Yes Upright IV, SV, POC, FOC, Success plot, Preci-

(axis-aligned)
Bounding Box

OV,FM, CM,BC, SOB,
ARC, VC, LR

sion plot

Table 2.1: Datasets used for performance evaluation. Attributes for the datasets include Illumination
Variation (IV), Scale Variation (SV), Partial Occlusion (POC), Full Occlusion (FOC), Out of view (OV),
Fast Motion (FM), Camera Motion (CM), Background Clutter (BC), Similar Object (SOB), Aspect Ratio
Change (ARC), Viewpoint Change (VC), Low Resolution (LR), Occlusion (OCC), deformation (DEF),
Motion Blur (MB), In Plane Rotation (IPR), Out of plane Rotation (OPR), Out of view (OV), Object
Motion (OM), Object Size Change (SC)

these are aerial shots which has significant amount of shadows in it. Evaluation strategy followed and
performance measures computed are different across VOT and OTB as provided by their respective
toolkits.Table 2.1 presents a summary of the datasets used in this thesis. The performance metrics

used for evaluating trackers are discussed next.

2.5 Performance Evaluation Measures

Different metrics are used to quantify the performance of a tracking algorithm from different
perspectives [101,214-216]. These measure also provide the means to compare multiple tracking al-
gorithms. The measures may vary based on the target boundary annotation convention. Measures like
accuracy, robustness, and expected average overlap are widely used to evaluate tracking algorithms.
These measures reflect different aspects of the tracker performance. These measures are described
next.

Centroid Error (¥¢F) [217] is computed as the Euclidean distance between the predicted and
ground-truth position of the object bounding box centroids. For a single frame it is given as

VP = a(Zy)" — T(Zo)" | (2.16)
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where, a(Z;)¢ and 7T (Z;)¢ are the respective bounding box centroids of groundtruth annotation and
tracker prediction in Z;.

Precision Rate (V") is defined as the percentage of frames where the centroid error is lesser
than a predefined threshold. Averaging W{'® over the frames in a sequence provides the Precision
Rate over the sequence.

T

1 n
wPREL 7 D) 25 STER (2.17)
£l

Here, n' is the total number of frames in the sequence and the indicator function I,<; is defined as

follows.

1, a<b
L<, = (2.18)

0, Otherwise

Different precision rates are computed for different threshold values (\"® ¢ [0,1]) to generate
the Precision Plot (7).

Intersection Over Union (IOU) (¥/°V) evaluates the fractional overlap between the predicted
target boundary and the ground truth annotation. The centroid error does not consider the scale
of object. Hence, W/OV is considered the better one among the two. The W/°V for a frame Z; is

computed as follows

plou _ |a(Zy) N T(Z)] 91
S @) UT @) (219)

where, a(Z;) and 7 (Z;) are the respective ground truth annotation and tracker prediction of target
boundary. Averaging over the total number of frames ny provides the performance measure ¥V,

This measure is also referred to as Accuracy (A).

T

1 n
oV = — N " g[ov (2.20)
n
t=1

Success Rate (V%) is defined as the percentage of frames where the ¥/°U exceeds a predefined
threshold. It is also referred as Accuracy (A). Different success rates are obtained by varying the

threshold A% € [0, 1]. These success rates are used to generate the Success Plot.
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Name Datasets Bench marking Tool
ALOV [1] ALOV300 -
DTB70 [218] DTB70 -
GOT-10k [219] GOT-10K Yes
LaSOT [220] LaSOT Yes
LTW [221] LTW -
Need for speed [222]  Need for speed -
OTB [212] OTB50,0TB2015 Yes
TrackingNet [223] TrackingNet -
Temple-Color [224] TempleColor128 -
UAV [213] UAV123, UAV20L -
VOT [101] 2013-2021 Yes

Table 2.2: Popular Tracking datasets and benchmarks

nT

G — niT > O sk grov (2.21)
t=1

The quantities W55, and W55 respectively represent the success rates at overlap threshold values
of A3 = 0.5 and APF = 0.75. Ideally, a tracker has to accurately localize the target object in all frames
of the input sequence. A tracking failure is detected when W9V or WCF of a frame drops below a
predefined threshold. The Track Length [214] is the number of frames tracked between initialization
and first failure. This is also referred as the longevity of the tracker.

Robustness (R) (%) [214] follows a supervised technique where the tracker is re-initialized on
failure. Failure is identified in a frame when W/OU < A, Here, A\ € [0,1] is the parameter that
defines when to detect failure. The average number of reinitializations required by a tracker for all
input sequences is defined as the robustness of the tracker for the dataset. Note that a lower value

of robustness indicates better tracking performance. Kristen et al. [101] showed that the measures

accuracy and robustness complement each other. Robustness of a sequence is computed as

T
1 n
gk — — > Tyrovze (2.22)
t=1

Expected Average overlap (EAO) [214] is the average IOU on smaller sequences of varying length

derived from the larger sequences.
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2.6 Evaluation Methodology

The trackers proposed in this thesis are evaluated to quantify their performance against baseline
algorithms. In this thesis, the GOT-10K and the VOT toolkits are used for this evaluation. The
VOT2019, OTB2015 and U AV'13 datasets are evaluated with GOT-10K. Performance on VOT2018
dataset is evaluated with VOT toolkit. Performance of other tracking algorithms are available with
the toolkit for comparison. These toolkits provide an independent platform to evaluate and compare
proposed trackers with the baselines. Some of the commonly used datasets and benchmarking tool
are listed in table 2.2. The GOT-10K toolkit is used for evaluating performance on datasets VVO72019,
OTB2015 and U AV'123.

One pass evaluation (OPE) [212] strategy is followed in OT'B2015 and U AV 123 datasets where

the tracker is initalized on the first frame and is allowed to run till the end of the sequence without any

\IJCE \IIIOU

re-initialization. Success plot and precision plot are used for evaluation. The measures and
are computed over the datasets. The success and precision plots of the baseline trackers available on
OT B2015 dataset is given in Figures A.1 and A.2 respectively.

The VOT toolkit re-initializes a tracker upon failure (¥/9V < A\F). The performance measures
used in the VOT toolkit include Accuracy, Robustness and Expected Average Overlap. For VOT eval-
uation, tracker is initialized with the bounding box bb{ in first frame and is then re-initialized after
skipping 5 frames upon failure. Annotations are in the form of upright bounding box and oriented
bounding box depending on the dataset versions. After initialization, the object is tracked in the sub-
sequent frames and ¥/°V is computed. Whenever a failure happens, 5 frames are skipped and the
tracker is re-initialized to continue tracking. The overall accuracy is defined as the average U/°U on
all sequences in the dataset. The overall robustness is the average number of failures made by the
tracker over all sequences in a dataset. Benchmark results of trackers on V072018 is available in

appendix A.1 for further reference. Better performance of a tracker is indicated by higher values (1)

of accuracy, expected average overlap, success rate, precision rate, and lower value () of robustness.

2.7 Evaluated Algorithms

For performance comparison, benchmark trackers available with the VOT and OT' B are used.
Algorithms belonging to the groups of both classical approaches as well as deep learning based tech-

niques are available for comparison. To keep things fair, the proposed classical approaches(Chapters 3
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and 4) are compared with algorithms from classical approach group and the modern ones (Chapter 5)
are compared with the contemporary literature. Some of the algorithms that are selected for compar-
ison from the benchmarks are given below.

VOT2018: L1APG [9], Matflow [127], BDF [127], BST [127], DSST [62], FoT [127], IVT [225],
KCF [60], MIL [217], STRUCK [76], FragTrack [102], LGT [127], Matrioska [127]

VOT2018: DSiam [157], ECO [157], RAnet [211] , SiamFC [10], SiamRPN [144], SiamVGG [211],
SRDCF [211], Staple [69] , UpdateNet [199]

VOT2019: DPT [211], RankingT [211] , RSiamFC [211] , SiamFCOSP [211], SiamMask [149],
SiamRPNX [211] , TADT [200], TDE [211]

2.8 Discussions

Visual object tracking continues to be a challenging research problem in the domain of computer
vision. Extensive research highlights that no single tracker can handle all challenging scenarios. It
is observed that a successful tracker should have the following components. First, the use of hand-
crafted or learned features that are robust to illumination changes, shape deformations, occlusions and
background clutter. Second, an object model (constructed with these features) with good representa-
tion capability. Third, a discriminative model (constructed with these features) for identifying target
against background and distractors. Fourth, an effective scheme for updating the models for enabling
long-term tracking. Fifth, fast search strategies for object localization. Finally, tracker ensembles can
be explored for handling a variety of challenging scenarios.

Image pixel intensity (color) distribution is one of the simplest features. It is also capable of accom-
modating minor appearance variations, in-plane rotations and scale changes [4]. Color distributions
from both (potential) target and (immediate) background regions are explored in Chapter 3. An ob-
jective function defined over these distributions is optimized using meta-heuristic search strategies for
object localization.

Color distribution learned from the entire object ignores local structural information. Instead of
using a single global color model, the object is divided into parts and local color models are learned on
them. This multi-pat model approach is explored in the context of occlusion handling as well. Adam
et al. [102] showed improved performance with multi-part histogram based approach. Part-based

models do help in handling occlusions as well [33]. Semantic information of the object is used for
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object modeling in literature. Contextual information among object pixels is retained with a template
based model which is lost in the color distribution based model. An object template is less robust to
appearance change due to the presence of more semantic information in it. Multiple templates are
used to address this. However, a better approach is the use of object patches and multiple variants of
the same to capture object appearance changes. This allows the model to capture object deformations.
The same can be said about deep neural network features. Relatively invariant features are observed
at shallow layers of a DNN. Deeper ones have more semantic information but are not invariant to
rotation and deformations. Invariance can be improved with the use of object patches rather than
the full template. In this context, sparse representation of patch vectors is explored in Chapter 4
for object modeling. The transformed vectors should be able to accommodate minor variations in
object patches. As seen with the color based models, sparse representation alone provide robustness
against distractors and occlusion. To improve discrimination, background information as well as use of
classifiers is explored in creating an object model. A multi-part approach is used to handle occlusion.
Sparse representation uses learning from data approach but is limited by the amount of training data
available. Only information from the first frame of a sequence is available to model the object.

The two important characteristics of an object model are its discrimination power and its general-
ization capability. Discrimination helps to differentiate object from the background. A generalizable
model can accommodate object appearance changes. Color distribution is a generalizable model but
is not that discriminant when compared with semantic features. A pre-trained deep neural network
embedding can provide a balanced feature set as the features are learned from a larger multi-class
dataset in a supervised manner. Also, the feature embeddings of a class is learned from the different
appearances present in the training data. These two properties make a deep neural network a good
candidate for feature extraction. Semantic features learned from data are used for representing the
object in a deep neural network based tracker. Localization is performed with the convolutional oper-
ation by comparing embeddings of the object with that of a search image. This similarity learning is
done in a siamese architecture framework.

Additional cues in the form of motion is used to re-rank predictions from the appearance based
trackers. Motion information of object and distractor might be different and therefore can be used
to differentiate them. Motion is considered complementary to appearance in tracking literature. It

is widely explored and is shown that their combination can bring performance improvement [69].
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In this thesis, motion is used as an additional cue to re-rank predictions from the appearance based

trackers (Chapters 3, 4, and 5) to improve tracking performance.

F{PAL

Figure 2.19: Each row shows frames from sequences in VOT'2018, VOT2019, OT B2015 and U AV123 datasets
respectively.
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3. Color Model based Tracking

Overview

This work explores color as a feature for constructing an object model. Distribution of color pixel intensities
in the target region is used for modeling. Such a representation is robust to geometric transformations like
scaling and in-plane rotation. The target and background color distributions are expected to be different
in a sequence. However, this assumption is often violated due to rectangular box based initial annotation
of non-rectangular target objects, background clutter and presence of other similar objects (distractors).
This often leads to tracking failures. Thus, this work emphasizes features specific to target object by
using the context information from background region around the object. This object model is called the
“Context Weighted Color Distribution” (CWCD) and is used for object localization. Several localization
schemes involving probabilistic, evolutionary and swarm based approaches are explored. A proposal is
made to combine Firefly Algorithm (FA, a swarming technique) with Real coded Genetic Algorithm (RGA,
an evolutionary approach) for better target localization. Complementary information from inter-frame
motion is used to improve the tracker prediction with a re-ranking approach. Evaluations are performed
on VOT2018, OT B2015 and U AV 123 datasets.

3.1 Color Model based Trackers: An Introduction

Object modeling and localization are essential building blocks of a tracking algorithm. The object
models are often constructed as statistical models learned from the object appearance features [19].
In this chapter, a pixel color intensity based generative object model is explored. Such a model can
accommodate small intensity variations that an object might undergo in a sequence. Also, it is robust
to object scaling and in-plane rotations. The mean-shift tracking algorithm proposed by Comaniciu
et al. [110] has demonstrated the efficacy of color distribution. This feature is widely explored in
tracking literature [2] owing to its simplicity and effectiveness. Several other descriptors and mod-
els were proposed in the literature to accomplish tracking. Some popular descriptors include Scale
Invariant Feature Transform (SIFT) [28], Oriented and Rotated BRIEF (ORB) [29], Fast Retina Key-
point (FREAK) [30], sparse codes [31] among others. Other features include object template [33],
Histogram of Oriented Gradients [31], learned detectors [35] etc..

During object localization, candidate models are constructed from image region proposals that
are generated from the object state space. An objective function based on similarity (or dissimilar-
ity) between the target and candidate model is maximized (or minimized) to identify the best region
proposal. The object is localized with this optimal image region. This work uses color distribution
as object model. Object localization is performed by maximizing (or minimizing) the similarity (or
dissimilarity) between the target and candidate color distributions. Different color distribution simi-
larity [110, 226] or dissimilarity [227,228] metrics have been used in the literature.

Measures like correlation [22], reconstruction error [9,229], cosine similarity [230], Bhattacharya
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coefficient [110], histogram intersection [226], mover’s distance (EMD) [227], Kullback-Leibler di-
vergence [228], object or background likelihood values [43] are used among others in literature.
Among these, the Bhattacharyya coefficient is widely used to compute similarity between distribu-

tions [102,110,231-233].

> Candidate Box
Selection

I

) Motion

Correction

Dense Motion

Y

2% X
Current Image
s B

Figure 3.1: The functional block diagram of the ensemble tracker. Target foreground and background models
are computed from frame Z,. Object is identified in the subsequent frames using FRGA localization algorithm.

Different localization algorithms exist in literature that maximize (or minimize) a certain similarity
(or dissimilarity) function in tracking. Brute force search for target within a search region is often
applied in template based matching [22]. Here, the object is localized by maximizing the normalized
cross-correlation score between target and candidate templates. Comaniciu et al. [110] introduced
an iterative search algorithm for minimizing the dissimilarity (Bhattacharya distance) between target
and candidate color distributions. These two were deterministic search strategies. However, object
localization is mostly dominated by randomized search techniques like Particle Filter (PF) and its
variants [234,235]. These methods have dominated the tracking literature due to their simplicity and
the ability to provide localization where gradient based search is hard (e.g. in scale or orientation
space).

The object is localized in its state space [z, y, w, h, 0] during tracking. The search for the optimal
solution often depends on the dimension of the object state vector. Meta-heuristic search algorithms
were found to provide faster convergence (to optima) in high dimensional search spaces [24]. These
algorithms generate solutions by following a set of rules in a random yet directed manner [24]. This
directed approach leads to better convergence and the randomness helps in search space exploration

and exploitation [24]. Such approaches can be broadly divided into two categories. First, the evolu-
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tionary search strategies where a solution set is treated as a population of entities. These entities (or
solutions) interact and breed across generations (or iterations) thereby producing an evolved popula-
tion (or better solution set). Researchers have proposed different methods for solution representation,
survival of the fittest solution, parent solution selection for breeding and genetic operations [24]. This
led to different evolutionary search strategies like Binary coded Genetic Algorithm [90], Differential
Evolution (DE) [236], Real Coded Genetic Algorithm (RGA) [237] and their variants. The second
category represents the solution set as a population of particles (moving around) in the search space.
A set of predefined rules emulate the swarming behaviour of the particles by deciding their position
and motion parameters. This drives the entire particle population towards the optima in the search
space. However, in swarm based techniques, the particles do not breed. Notable swarm based search
techniques include Particle Swarm Optimization (PSO) [85], Firefly Algorithm (FA) [86], Ant Colony
Optimization (ACO) Algorithm [238], Grey Wolf Algorithm [239], Cuckoo Search [240] among oth-
ers.

Evolutionary algorithms are based on generation update and swarm approaches are based on
position update [241]. In evolutionary approaches, the best solutions in an generation are selected
for creating the next one. On the other hand, the absence of a selection criteria can make swarm based
techniques less efficient in reaching the optimal solution [242]. Inter-particle interactions within the
swarm enhances local search for optimal solution while evolutionary approaches are good at global
search [7,242]. Thus, combining these two approaches can yield an algorithm with diverse solutions
having the capability to reach the optima [242]. Here, the evolutionary component promotes global
search and swarm component enhances local search [242].

Such hybrid approaches combine the position and velocity update of particles (in swam) approach
with genetic operators from evolutionary techniques [242]. For example, breeding swarm strategies
[242,243] were proposed by combining Particle Swarm Optimization (PSO) with Real-coded Genetic
Algorithm (RGA) [237].

Firefly Algorithm (FA) was developed based on the flashing pattern of tropical fireflies. In FA, the
population can divide themselves into groups around different local optima [86]. This helps in the
search for the global optima [86]. This makes it a suitable method for handling objective functions
with multiple modes. A combination of binary coded genetic algorithm (evolutionary search strategy)

and FA (swarming technique) is proposed as Firefly Mating Algorithm (FMA) [244]. Gao et al. [26]
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have proposed the use of FA in the localization stage of tracking. A modification is proposed in the
firefly position update stage while considering the target movement [25]. An update of particle posi-
tions using FA prior to resampling in particle filter based tracking was proposed in [81]. A complete
discussion on FA is out of the scope of this chapter. More on the algorithm and its applications can be
found in [228].

Several existing approaches have used motion cues in object tracking. Inter-frame dense motion
can be estimated using Horn—Schunck [89] or Farenback [91] optical flow methods. Motion estimation
between frames Z; ; and Z; can locate object pixels in Z; to accomplish object tracking. Several
tracking algorithms are proposed by using inter-frame motion [74, 245]. Mae et al. [34] proposed a
combination of edge information and optical flow to perform tracking in cluttered environments. SIFT
feature correspondences are combined with optical flow information in [246]. These motivated this
work to combine both appearance and motion cues in tracking.

A color intensity based object model can get corrupted in two ways. First, there is a possibility that
some of the colors might be common to both object and background. Second, the approximation of
object boundary during target region annotation in first frame may introduce immediate background.
For example, a rectangular bounding box (most commonly used) for a non-rectangular object will
always include some portion of the immediate background. This will result in some background in-
formation within the object model when the tracker is initialized. Many proposals have been made
in the literature to overcome the effect of background. Comaniciu et al. [110] proposed the use of
Epanechnikov kernel weighted color distribution construction. In this approach, the pixel weight in-
creases from the periphery to the centroid of object bounding ellipse (support of kernel function).
However, this approach does not check whether a particular pixel intensity is important for the object
model or not. To this end, Ning et al. [40] proposed a background weighted histogram where unique
colors of the object are emphasised. A similar approach is adopted in this work where object and
its immediate background or context is explicitly modeled. The object model is refined with back-
ground information to emphasize object-only-colors. This improves the discrimination capability of
the model. Apart form using the contextual information in refining the object model, it is explicitly
used in defining an objective function for the localization step. A potential candidate region should
have (a) maximum similarity to an object and (b) minimum similarity to the object background. In

this chapter, a new objective function is defined to realize this criteria. It is computed as a combination
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of Bhattacharyya similarity of a candidate model with target and Bhattacharyya dissimilarity of target
model with candidate background. This is then used in the localization stage of tracking.

The Firefly Algorithm (FA) is a swarming technique and does not involve particle breeding. A
breeding swarm based approach enhances search performance as compared to either only evolu-
tionary strategy or swarm based technique [7]. The breeding component aids in reaching near the
optimal solution [242]. The Firefly Algorithm (FA) was found to be better among several swarm
based approaches as concluded in [86]. In this work, modifications on the basic FA is achieved with
a breeding swarm strategy to generate diverse solutions. The breeding component is realized with
Real Coded Genetic Algorithm (RGA). The modified approach is called Firefly with Real-coded genetic
algorithm (FRGA). Firefly brightness values are defined from the proposed objective function that
utilizes contextual information in addition to object information.

Santner et al. [77] showed that motion is considered complementary to appearance feature and
their combination can improve overall tracking performance. In this work, motion information is used
to re-rank the tracking predictions obtained from the localization algorithm. The FRGA algorithm
works with the proposed context weighted color distribution (appearance feature). In this work, a
combination of FRGA with motion prediction is used in the localization stage. Predictions from the
FRGA component is refined with the inter-frame motion vectors to select the best candidate region
proposal.

Major contributions of this chapter are summarized as follows.
(i) A novel Context Weighted Color Distribution (CWCD) based object model
(ii) Novel objective function that includes contextual information
(iii) Modified Firefly algorithm with RGA component
(iv) Motion based re-ranking in ensemble tracker

Extensive experiments to highlight the advantages of the novel objective function and to compare
localizations schemes are performed on VOT2018, OT B2015 and U AV'123 datasets.

Rest of the chapter is organised as follows. Section 3.2 explains the proposed object model. The
various localization schemes are described in Section 3.3. The experiments and results are presented
in Section 3.5. Finally, the chapter is summarized in Section 3.6 with discussions on possible future

extensions.
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3.2 Object Model

A tracker with a color distribution based object model is explored in this chapter. It is constructed
during the initialization phase. A target object is identified by its (minimum) bounding rectangle
bbar in first frame Z, of a sequence. A larger concentric rectangle bbgE that contains contextual
information as well is defined to capture the immediate background information. A region consisting

of only background is further defined as

bb, = bbs — bb{ (3.1

Color distribution is used for modeling both target (initial frame) and candidates (later frames for
localization). The model is constructed from object and its immediate background (context). The
target model is refined with the help of contextual information thereby, making it more robust. Color
being a simple feature, its distribution can be easily computed from the pixel intensity values. Binning
of colors in a histogram allows room for accommodating minor ,intensity variations which helps in
handling minor intensity variations. Also, color distribution is robust to scaling and in-plane rotation

of the object.

3.2.1 Object Color Distribution

A TARGET COLOR DISTRIBUTION

Figure 3.2: Color distribution of object computed from object bounding box bby

A target object is initially identified by its bounding box bb as an image region Z° in the initial
image Z,. Here a statistical model with color pixel intensity distribution is used. The tracking al-
gorithm constructs target object model mg’L = g(Zo, bby) using feature distribution computed from
the initial image Z% € Z,. Model generation is shown in figure 3.2. Function g(Z, bb*) computes a

model from the region proposal bb™ and frame Z. The target model (m%”) is computed as follows.
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mg [j] = L'y k(X 11%)8[b(x) — ] (3.2)
i=1

Here, §[-] is the Kronecker delta function and L™ is the normalization constant. During tracking,
region proposals are generated and a similar process is applied to construct candidate models m¢ =
g(Z;,bb;") for the proposals. Consider a search image Z¥ € Z;. Candidate region proposals are
generated within Z7 to form the set B = {bb},i = 1...,ng}. Concentric bounding rectangle set B;®
and B, are generated as follows

bb;;, = bb: — bb}; (3.3)

Here, bbi: € B and bb;; € B; .
Color pixel intensity feature is widely used in many computer vision tasks [247-249]. However,
for object tracking it is also important to differentiate target from the background. A model solely

based on object color distribution would not suffice in this case. A modification is proposed next.
3.2.2 Context weighted Object Color Distribution

A TARGET COLOR DISTRIBUTION

‘I‘ TARGET ONLY COLOR DISTRIBUTION

rrection —p
A 5/CKGROUND COLOR DISTRIBUTION Correctio

_ 1
bl S

Figure 3.3: (a) Color distribution of object (red) and background (blue). Common features, highlighted in
are removed from initial target color distribution to obtain the final target model (color distribution).

The object bounding box bb{ might include the information of immediate background. This
usually happens with rectangular bounding box annotation of a non-rectangular target object. Also,
background clutter and object with similar color (distractors) might result in overlapping information
between bb and bby. In this proposal, the target background is explicitly modeled for obtaining
contextual information as mg_ = g(Zy, bb, ) along with the target model. Thus the target model has

a foreground and background component m} = {mqopr, m'g’} computed as follows
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n4
mgt[j] = LI 6lb(x}) -] (3.4)
i=1
mg ] = Ly ) d[b(x}) -] (3.5)
i=1
where, j = 1,...,n, b(x) computes the color bin of the pixel at image position x, J|-] is the Kronecker

delta function and L% , L are normalization constants, ny,n_ are the respective number of pixels in
bbg and bby .

Background information in target model is suppressed by identifying colors that are common to
both object and background. The modified model m%” is computed from equation (3.6). This is used
as the final target model for object localization. Let J¢ = {j¢,i = 1,...,m.} be the set of n;. bins that
are common to both object and background such that m{ ~[j] > m] [j]. Modified target foreground

model is defined as follows.
mg *[jf] = 0.0,V j s.t mg ] > mg*[jf] (3.6)

In t'* frame Z,, a similar process is applied to construct candidate model m$ = g(Z;, bb;") from

region proposal bb. The candidate models are computed as follows

my T [j](x) = L& Y dlb(xi) — ] (3.7)
i=1

(7100 = L 3 olhx) 68
=

where, x is the centroid of bb; as well as bb,;, Lg, L, are normalization constants, n,n_ are the
respective number of pixels in bb;; and bb,;.

The target and candidate models are used in the localization stage to identify the best candidate
solution. The localization algorithm aims to optimize an objective function for identifying target region
in the given frame Z;. The proposed objective function is defined by using both target and candidate

models and is explained next.
3.2.3 Objective Function

During tracking, candidate proposals are generated and corresponding models are also computed.

Localization in performed in the position (z,y), scale (w,h) and orientation #. Candidate bound-
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Figure 3.4: Image on the left shows an optimal box and its contextual box. In the center the estimated box is
a suboptimal one whose dimensions are less than the optimal box (scale implosion). Image on the right shows
an estimated box whose dimensions are large in comparison with the optimal box(scale explosion).

ing box proposals are uniformly sampled from a smaller region defined around the prediction from
* +
previous frame (bb,_ ;). This small region is referred as the search image Z° € Z;.

Let the set of all such bounding boxes be B} = {bb,;,i = 1,...,np}. Similarity computation is
+
essential to identify the optimal bounding box bbt from the candidate proposal set B,". The Bhat-

T+ (C+)

tacharyya similarity measure [110] p(my;",m;™) € [0, 1] has been widely used in the literature for

comparing target and candidate models and is given as follows.

pri(ml ¥, mS) Z%m ] x mE*[j (3.9

An object is usually different from its background. However, this property is not captured in equa-

tion 3.9. This can be measured by computing how dissimilar the candidate background is from the

object model. The Bhattacharyya similarity between m) ™ and m{ ~ it can be defined as follows.

pm(mo ’mtz Z \/m ] % mtz /] (3.10)

Equation 3.9 computes how similar a target foreground model is to a candidate foreground model.
Similarity with the candidate background model and target foreground model is computed with equa-
tion 3.10. For a good canidate model p;; should be high and p,; should be low. Such a candidate box
bbﬁ will have maximum target information in bb;; and minimum target information in bb,;.

The optimal bounding box b*b:r is selected from the regional proposals during the localization
phase. This optimal box is the one that draws a minimum bounding rectangle while enclosing the
tracked object. A region proposal bb?; has both foreground bb}; and background bb;;. Most optimum
candidate box bbfz? will have a foreground box bb,; with object in it and a background region bb,; with

background in it. Object presence in bb;; is measured with equation 3.9 and background presence
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in bb,; using equation 3.10. In the measure p;,; background is assumed as anything but object. An
incorrect region proposal will have object and(or) background in both bb;; and bb;; resulting in a
lower value for both p; and p;,. For example, consider a region proposal on the object with a smaller
size than b*b;r . It will have only object in bb;: but both object and background in bb,;. This will still
result in higher value from p;; but a very low value from p;; as the object pixels are present in bb,;.
Similarly a larger region proposal results in the presence of background in bb}; resulting in a lower
value from first component of p;;. The same reasoning can be applied to incorrectly positioned or
oriented region proposals. Thus a combination of p;; and p;; will promote the selection of a box with

a tighter boundary around the object. Thus, the proposed combined measure pg‘; is given as follows.

pt'L (mg+?mg+) 1 ptz(mg+ mtz ( \/m X mtz [ﬂ) (311)

Here, pfc- promotes the selection of a region (from the proposals in B;") which has maximum object
information in bb;; and minimum object information in bb;;. This means p;; fails in cases of scale
implosion where the algorithm progressively selects smaller regions leading to an eventual collapse.
The combined measure ptﬁ; helps overcome this, as a smaller box will reduce p,; leading to a reduction
in overall score. The combined score helps to obtain a tighter boundary around the object resulting
in better localization during tracking. The problem of scale implosion and explosion are illustrated
in Figure 3.4. The target model m%” is updated to capture the appearance changes an object might

undergo as explained next.
3.2.4 Model Update

Model update is essential to capture the gradual, variations of object appearance as tracking pro-
gresses. Too frequent update can corrupt the model and cause tracker drift. Similarly, no update might
result in gradual track loss. To achieve long term tracking appearance changes are to be incorporated

into the model. Update is done as follows.

m; " = a,m] 5 + (1 — o, )m5S (3.12)

*
Here, mgf is the candidate model for the predicted box bbt in frame Z; 4, «,, is the update parame-

ter. Simple update without any constraining criteria can corrupt the models and result in tracker drift.

To counter this, the model is updated when the model at time ¢ has a high similarity (say p;; > pi)
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with the target model. Foreground models are updated when p;5(m] ", mS™) > pyp,, where p;f repre-

sents the Bhattacharyya similarity. The threshold value is kept high to avoid frequent updates to the

model thereby preventing tracker drift.

3.3 Localization

* +
During localization object is located in frame Z; and is defined with bb, . A bounding box is

parameterized with its state vector and is given as bb; = z(t) = [z, yr, wy, hye, 6;]. Here, (x4, y;) are
the top left x,y coordinates of the box, wy, ht, 0; are respectively the width, height and orientation of
the bounding box. Object localization happens in position, scale and orientation. For this, a search
in the neighborhood of b*b:_1 in Z, is performed. Region proposals and associated candidate models
are generated in frame Z,,{t > 0}. Search is performed to find the region proposal that maximizes
an objective function J(.). In this work, the objective function used is the similarity p* as defined in
equation 3.11. Object localization now reduces to a region search problem for which many standard
algorithms like particle filter [21], PSO [236], DE [236], Firefly [8] exist in literature. Localization
is explored with all these approaches. Additionally, a novel approach is presented which inserts new
solutions into a firefly population algorithm using RGA [237] operator like crossover. The resulting
algorithm is named FRGA and is explained in detail in sub-section 3.3.4. Candidate solutions in these
algorithm are represented by the 5 dimensional state vector [z,y,w,h,0]. Set of all the candidate

solutions in an iteration  is referred to as population P,. Objective function associated to i*" candidate

solution in iteration 7 is represented as J;(7). Their set is given by J. = {Ji(7),i = 1,...,np}
3.3.1 Probabilistic Approach: Particle Filter

Particle filter or sequential Monte Carlo method estimates the posterior probability density of the
object state in a Bayesian formulation. Particles (solutions, z) are initialized randomly in frame Z;.

Let the initial population be Py = {z;(0),i = 1,...,np}. Each sample has a weight (objective
function) associated to it given by Jo = {7;(0),i = 1,...,np}. Given the last state z(¢t — 1) particle
filter predicts the next state z(¢). It involves a prediction step and an update step. In the prediction
step particles are resampled according to the weight associated to each sample. In the update step

the motion model is applied and the measurements are taken to update the weights 7;. Let, the
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measurements obtained till J; be computed by Bayes rule as follows.

p(Je|z(t))p(z(t)|Ji—1)

t)|J:) = 3.13
where, p(J;|z(t)) can be replaced with p(J:|z(t)) as J;’s are conditionally independent and
PO -1) = /( 1)(Z(ff)IZ(t_l))JD(Z(t* DlJe-1))dz 1) (3.14)
z(t—

where, p(z;|z.,_1)) represents the motion dynamics and p(J;|z(t) is the observation density. The state
transition is defined by a random walk process given as p(z(t)|z(t — 1)) = N (z(t);z(t—1),%). A
diagonal covariance matrix is assumed. The Particle with maximum posterior returns the state of the

object in frame Z;. Evolutionary localization approaches are explained next.
3.3.2 Evolutionary Approach

This subsection discusses two evolutionary approaches. These are Differential Evolution (DE) and
Real-Coded Genetic Algorithm (RGA).

Differential Evolution (DE) is an evolutionary algorithm which finds the optimum solution by it-
eratively improving candidate solutions. Let p.. € [0, 1] be the cross-over probability and wy € [0, 2]
be the differential weight respectively. New candidate solutions are generated using the cross-over
operation. For updating the i*” solution z; three other distinct solution (z,1, Zq2, z.3) are picked at
random from the candidate solution set z(7) at iteration 7. Let r; = [r;[1],7[2] ..., r;[n]] be the set of
random vector such that r;[j] ~ U(0,1). A solution is generated using mutation which is called the
d

donor vector z
241 + 1) = 21 (1) + Wa(2a2(T) — 243(7)), 7 =, ..., np (3.15)
A trial vector z!" is then computed from the donor vector z¢ and target vector z; using recombina-

tion. This is given by

z (1 +1) = Z{[i)(m+ 1) if vilj] < per o7 j = Lrana
2[J](7) if vilj] > per and j # Lrana

where, L4 € {1,...,n}. It makes sure that z¢[j](7 + 1) # z;[j](7). Selection is the last step which is
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performed as follows.

zi'(r+1) ifJEZ"(r+1)) < T(zi(1))
ZZ'(T—F 1) =

z;(T) otherwise
Genetic Algorithms (GA) are search methods for optimization problems which mimics the princi-
ples of natural evolution. Real-coded Genetic Algorithm(RGA) [237] uses the operators of mutation
and crossover using real parameters. Let A, and )\, be the mutation and crossover probabilities
respectively. Simulated Binary Crossover(SBX) operator is used in algorithm. Two children solutions

z°Y (7 +1),z%%(7 + 1) are generated from two parent solutions z,; (7), zy2(7) as

2N (7 +1) = 051+ B)zp(7) + (1 — B)zpa(7)] (3.16)
z?(1+1) = 0.5[(1— B)zpi(7) + (1 + B)zp2(7)] (3.17)
where, ( is given as
2u(ﬁ) ifu<0.5
Bu) = 1 _
otherwise

2(1 — u)(77)
where, u € [0,1], n is a non-negative real number called the distribution index. Smaller the value of
n the further will be the children from the parents. Let P¢(7 + 1) = {26 (7 + 1), 28(7 + 1) }i=1,.._np e
the children population.

Swarm based algorithms are explained next.

3.3.3 Swarm Approach

Particle Swarm Optimization [85] is a population based algorithm. Here, the solution mimics
swarming behaviour according to a few preset rules. Each solution has an associated position(z € R")
and velocity(v € R"™) with it. The initial population is generated by uniformly sampling the search
space defined by the lower and upper bounds bo;, bo, of the solutions respectively. Each particle is
moved in the search space by utilizing the personal best position of the particle ( z” b(r) ) and the

global best( z9°(7) ) of the swarm at iteration 7. At each iteration the particle velocity is updated
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which is then used to modify the solution as follows.

vililir+1) = wwiljl(r) + ¢r} (215)(r) = 2li)(n) + o'x (2" )(r) — zli)(7))  (3.18)

ziljl(t+1) = zljl(7) + vilsl( +1) (3.19)

where, w is the inertia weight which controls the effect of the previous velocity vector on the new
vector, 0 < ¢° ¢° < 4 are called the cognitive coefficient and social coefficient respectively. rjl-, rjz
are two random variables variables with uniform distribution (€ [0, 1]. Value of Zli)b(’i') and z9°(7) are
updated after this. The algorithm is either run for a fixed number of iterations or till a minimum value
of the objective function value is achieved.

Firefly algorithm (FA) [8] is a meta-heuristic approach inspired from the swarming behaviour of
tropical fireflies. A brightness value is associated with each firefly. A firefly is drawn to the brighter
one. The force of attraction decreases with distance. The brightest firefly always moves in a ran-

dom direction while the others try to follow the brighter and closer ones. The firefly population

Py = {z;(0),s = 1,...,np} is randomly initialized in search space with a population size np. Bright-
ness (objective function) values of fireflies is computed as Jo = {J;(0),i = 1,...,np}. Consider the
population P, in the (1) iteration with brightness values J, = {J;(7),i = 1,...,np}. The attraction

Bpq(T) between fireflies z,(7) and z,(7) is defined as

Bo
Bpq(T) = . . (3.20)
T = e, 10r) — 2T
where, f is the attraction between coincident fireflies, 7 is the light absorption coefficient
If J,(7) > Jp(7), then the velocity v;, () of z,(7) induced by z,(7) is given by
Vo (T) = Bpg(7)(24(7) — 2p(7)) + aj(a; — 0.5) (3.21)

where, «; is a randomization parameter and a; € [0, 1]. The first term in equation 3.21 induces motion
towards the brighter firefly by scaling it with attraction. The second term introduces a random but
small distraction from this direction of motion. Let, J(7) be the set of all firefly indices such that
Jq(7) > TJp(7) ¥ p € J(7). The next position z,(7 + 1) of the p'" firefly is derived from the net motion

z

vZ(7) induced on it and is given as

p
vi(r) = ) wvp(7) (3.22)
q€J(7)
2, (T + 1) = z,(7) + v, (7) (3.23)
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Diversification can be brought with Real-Coded Genetic Algorithm (RGA) operations as explained

next.

3.3.4 Firefly RGA (FRGA)

The firefly algorithm (FA) searches for optimal solutions in a population based approach. Re-
searchers have proposed hybrid firefly algorithms by introducing genetic operators in creating new
fireflies [86]. These works have mostly used differential evolution [236] where one part of the pop-
ulation changes position using evolutionary techniques (GA or RGA [237]) and the other updates
positions using the basic FA. However, these methods do not consider the velocity vectors in breeding
fireflies and genetic operations are performed directly on the solution vectors. Settles et al. [242] have
introduced the contribution of velocities in crossover operation in context of hybrid PSO. Introduction
of particle velocities in crossover has shown improvements over differential evolution schemes [236].
Accordingly, this work proposes a hybrid firefly algorithm that breeds fireflies with parent velocity
information. The proposed approach is described as follows.

Firefly population Py = {z;,i = 1,...,np} is randomly initialized in search space. Brightness (ob-
jective function) values of fireflies are computed as Jo = {J;(0),7 = 1,...,np}. Each firefly represents
a solution bounding box parameterized by z. A firefly always gets attracted to a brighter one. Attrac-
tion decreases exponentially with distance and increases with brightness (equation 3.20). Motion is
induced in the fireflies due to this attraction. It results in newer (and possibly improved) solutions.

Incremental improvement is achieved in each iteration 7. One such iteration is elaborated next.

Velocity vector

Generation RCA

Discard +

‘ ‘

s . | | |

1 1 ] ] Position +
Update

Firefly Population
|
|
|
|
|
|
|
|
Updated Population

Brightness —— > e i
Figure 3.5: Proposed hybrid firefly algorithm for tracking. Object bounding box parameters are combined in
solution vector containing centroid (red), scaling in width and height ( ) and orientation (blue). A part
of population is updated following basic firefly algorithm. The remaining population is bred using velocity
propelled crossover operator [250].
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As illustrated in Figure 3.6, fireflies in the population PP, are first sorted in ascending order of
brightness values. The worst ng = |br x np| (br € (0,1) is the breeding ratio) fireflies are discarded
to form the elite population P? = {z$(7);j = 1...,n.} (ne = np — ng). The net motion vectors v;°(r)
(@ =1,...,n.) of the elite fireflies (in P¢) are estimated using equation 3.22. The new positions of

elite fireflies are updated using their motion vectors (equation 3.23) to form the population .

Pe(r) ={z{(7);i=1,...,n.} (3.24)

7

The population gap generated by discarding n, fireflies in 7" iteration is filled up by breeding fireflies
in 7" iteration. Parent fireflies are selected for offspring generation. Let, 251 (7), 2go(7) € P9(7) be
two parents chosen by the process of tournament selection [251]. The offsprings Z;Iir(T) and zggr(f)
are generated through crossover operation combined with corresponding parent velocity information.

This is performed using the following equations.

27 = 5 (554 1(r) + 25 051() — By (3.25)
2 r) = 5 (5 l1(7) + 251 51(r)) = Bpavislil(r) (3.26)

where, ¢, and ¢,» are random variables drawn from the uniform distribution € [0, 1]. The parent
fireflies are repeatedly sampled using tournament selection till n, firefly offspring are generated. These
offsprings form the population P°" (7). The brightness values of P¢(7), P¢’"(r) are computed and
compared with that of P to choose the brightest np fireflies. These fireflies (best solutions) form the
population P, (with set of brightness values J1) for the next iteration.

For estimating b*b;r from the solution vectors (fireflies) in the search space, brightness value of
firefly is defined as given in equation 3.11. Best solution at the end of n. iterations is identified as the
object state b*b+ in the given frame Z,.

Similarly, object can be localized with the help of motion information computed with optical flow.
It is already established in literature that appearance and motion are complementary components [77]
and their combination in an ensemble framework can enhance overall performance [77]. Additional

processing in the form of motion correction is used along with FRGA to enhance performance and is

explained next.
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Firefly population iteration

=

Fireflies with
low brightness

Fireflies with high brightness

:
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4

Firefly population iteration

Figure 3.6: Illustrating the FRGA approach of breeding fireflies.
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3.4 Motion Correction

Estimating the motion of object pixels in a frame Z; ; can help in locating object in the next
frame Z,;. Inter-frame motion is computed with optical flow algorithms. Popular methods include
Farneback [91] and Horn-Schunck [91]. Lucas Kanade tracker is a classical example of a tracker built
on optical flow based approach. For simplicity classical method is employed for flow estimation in
this modification. Appearance feature might be similar across the target and the distractors. However,
the motion information associated with them might be different. A re-ranking of solutions from the

appearance component is performed with motion information to improve the prediction.

Context Weighted
Color Model
Object
FRGA . .
> Bounding > Final
Box set Selection
Predict Filter o+
| with Flow Box set ‘
T DENSE + th» bbyy
MOTION
AR
Flow Vectors

Figure 3.7: Tracking of object in frame Z; achieved with both appearance and motion components

* +
Per-pixel dense motion is computed from two consecutive image pairs Z;_; and Z;. Let bb,_;
be the predicted bounding box from the last frame Z; ;. Let the dense motion vector matrices from
the computed be U;_1, V;_;. Here U;_1, V;_; represent the set of motion vectors in horizontal and

vertical directions respectively.

* + * T
Let the set of all pixel coordinates belonging to bounding box bb,_; be defined as P,_;. Next
* +
frame position of every pixel in P,_; can be predicted from motion as follows
M L
(z,9) = (2,y)i-1 + (Uralz,y], Vica[z,9]); (2,9)1-1) € Py (3.27)

where, U;_1[x,y], Vi_1[z,y] are the motion vector components at position (z,y). Let P} represent
pixel position set PM = {(z,y)M}. Each candidate solution from appearance component represent a

bounding box with a score assigned to it. Score is computed from the objective function defined in
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equation 3.11. Let the score of all the candidate solutions be given as
St ={s1i=Tui=p5,i=1,...,np} (3.28)

Here, s;; is the score of the i*" candidate bounding box. Predictions are now available from both
appearance and motion components. Final decision is made on the degree of agreement (s}) between
the two components. It is quantified as the amount of overlap between the candidate solution from

appearance component and the predicted solution from motion component as follows.

* n
P NP}
pg?:: ’*i_l t1 (3.29)

P, 1 UPL|

«+
where, P,_; is the set of pixel locations predicted by the motion component and Py is the set of

pixels of the i*" candidate box from the appearance component. New scores (S}) are computed for
all candidate solutions of appearance component using equation 3.29. Best solutions are identified as

the ones that satisfy a minimum threshold criteria s} as follows
M M_ M M_ M
St =A{sti =pui-Pu > su} (3.30)

Here, SV is the set obtained after performing re-ranking with motion information. If S/ is empty
then the algorithm reverts back to appearance component. Let J; = {i |[p} > sM:i =1,... np} is
the set of indices that define bounding boxes B}/ = {bby;,i € .J;} with a minimum agreement s}/
The optimum candidate box b*b:r = bb,. Here i* is selected as follows.

argmax (sy;), 86 € Sy,  if |SM]| =0

i — 4 i€[Lme]

argmax(s}M), sM € SM| otherwise
i€Jy
Here, sM € [0,1] controls the influence of motion component in the ensemble. A value of 1 implies
only appearance component is used. The proposed approach has been tested on standard datasets.

Block diagram of the combined approach is given in Figure 3.7 and the pseudocode for the same is

provided in algorithm 1.
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Algorithm 1 FRGA + MC

e b

8:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

20:

21:
22:

23:
24

Input Z,, bbj
.+
Output bb,
Define Z€ = extractROI(Zo, bby)
m; ", m)~ = histModel(Zy, bby) > refer equation 3.5
while ¢t < (n”) do > Loop through sequence

(U(tfl)a V(tfl)) = ¢DenseOpticalFlow(It—17It)
% +

bb,_1y = [Z(—1), Yt—1)» Wit—1)> Me—1), Oe—1)]

s Ar
I? = extractROI(Z;, bb, ;)
* 1 *+
Pt = {(:L'? y)tfl + (Utfl[xv y]7 thl[xv y])a (ZL’, y)tfl € P(t—l)}

s AP
Py = initalPopulation(Z;, bb,_;)

while 7 < n, do > iteration
PtCT = childrenPopulation(IP’(T))
while i =< np do > Iterating through population
m_ " mf;~ = histModel(Z;, P, ) > (refer eq 3.7,3.8)
Sti(r) = PE(mE)TJra mg?;)) X (1 - p;(mg‘f', m(tcza—)»
end while
P, = newPopulation(Pt(T),Pﬁr),St(T) )
end while
Si\/f — ‘Pé\\;[nptnrl
nr [P UPtn |

Generate the set J;
if J; # 0 then
% +

bb, :=bb}, ;i* = argmax s}/ € SM

JEJIL
else
*
bb, := bb;’;-* ;1* = argmax Sy € Sy
J€E[1,np]
end if
end while
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3.5 Experiments & Results

Evaluation is performed on VVO72018 dataset with VOT toolkit and on OT'B2015, U AV'123 datasets
with GOT-10K toolkit. For VOT, Accuracy, Robustness and Expected Average Overlap are the measures
reported. Accuracy and EAO are better with higher value (1) and robustness is better when the value is
lower (). For OT'B2015 and U AV'123 success and precision plots are reported for comparison. More

on the datasets, performance measures and benchmarking tools are covered in sections 2.4 and2.5.
3.5.1 Quantitative Analysis

Experiments were conducted to compare and contrast the two different models and the localization
algorithms. Two tracking algorithms were proposed with particle filter based localization component
and color intensity values for modeling. In one approach only the foreground bounding box bby is
used in object modeling and in the second approach contextual information from bb, is utilized for
the same. Experimental results shown in table 3.1 shows that the model with contextual information
outperformed the one with only a foreground component. Improvement was seen across all the
performance measures indicating the superiority of the context weighted model.

In the second experiment context weighted model is used across all the trackers, but different
localization algorithms are used. Localization algorithms tested include particle filter, particle swarm
optimization, real coded genetic algorithm, differential evolution and firefly algorithm. Experimental
results in Table 3.2 shows that the firefly algorithm provides the best accuracy among the different
approaches making it a suitable candidate to perform further modifications. Modifications to the
firefly algorithm was performed with breeding operation. Performance of tracking algorithm varied
with breeding ratio br as shown in Table 3.4. The best performance was observed with a value of
br = 0.2. At this value, the tracker gave the best accuracy and expected overlap while coming sec-
ond in robustness. Ensembling was performed on the above approach with motion information from
optical flow. Experimental results in table 3.5 show that the tracker performing similar to the ap-
pearance only one. Accuracy and expected average overlap values were degraded Accuracy ( from
from 0.40 to 0.397 and EAO (from 0.88 to 0.86) slightly and small improvement was observed on

robustness (from 5.521 to 5.245).

Ensemble approach with appearance and motion is also evaluated on V072018 dataset and is
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Name AT R| EAO1
CD+ PF 0.244 3.947 0.065
CWCD+ PF 0.344 2.831 0.106

Table 3.1: Performance comparison of particle filter based tracking with color histogram (CH) and
context weighted color histogram (CWCH). Context weighting significantly improves tracking perfor-
mance.

Name At R] EAO*?
CwCD + PF 0.344 2.831 0.106
CWCD+ PSO 0.396 8.493 0.068
CWCD+ RGA 0.396 6.236 0.081
CWCD+ DE  0.392 6.239 0.081
CWCD+ FA 0.407 5.304 0.081

Table 3.2: Performance comparison of different localization techniques on VO72018 dataset. Firefly
based approach performed the best among the lot.

Name A1t R| EAO1?
CWCD+ FA 0.407 5.304 0.081
CWCD+ FRGA 0.401 5.521 0.088

Table 3.3: Performance comparison of different localization techniques with Firefly and FRGA on
VOT2018 dataset.

Breeding Ratio A1 R] EAO?

0.1 0.391 5.448 0.085
0.2 0.401 5.521 0.088
0.4 0.373 7.350 0.071
0.6 0.380 7.977 0.070
0.8 0.376 8.395 0.066

Table 3.4: Performance comparison of FRGA approach with different breeding ratios on VO72018
dataset with Accuracy (A), Robustness (R) and Expected Average Overlap (EAO). Evaluation is done
on 60 sequences available in the dataset.
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Figure 3.8: Precision plot of proposed tracker onFigure 3.9: Success plot of proposed tracker on
OT B2015 dataset. OT B2015 dataset.

compared with the appearance only approach as given in table 3.5. Proposed ensemble was able to

improve robustness with negligible reduction in accuracy and EAO.

Mode AT R| EAO7
CWCD+ FA 0.407 5.304 0.081
CWCD + FRGA 0.401 5.521 0.088

CWCD + FRGA+ MOTION 0.397 5.245 0.086

Table 3.5: Performance comparison of CW CD + F RA with and without the motion component.

The tracker is benchmarked on challenging sequences from the VO72018 dataset. The tracker
performance is compared against baseline algorithms like MatFlow [252], IVT [253], MIL [36],
BST [254], DSST [62], FoT [62] and BDF [252] available in VOT toolkit. The comparative per-
formance analysis is presented in Table 3.5.

Table 3.6 shows that our proposed trackers performance is in line with other classical trackers.
Apart form VOT2018, ensemble approach is tested on OT'B2015 and U AV 123 datasets. Evaluation
of the proposed CWCD + FRGA + MOTION algorithm on O7T'B2015 dataset with precision plot
and success plot is shown in figures 3.8 and 3.9 respectively. For comparison with other trackers on
OT B2015 dataset, the plots are shown in Appendix A.2.

Evaluation on U AV'123 dataset is shown in figures 3.10 and 3.11. Performance is negatively im-

pacted as the evaluations strategy follows no re-initialization rule and the current version of proposed
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Name Accuracy? Robustness| FEAO?
Matflow 0.386 4.973 0.091
BDF 0.355 4.476 0.092
BST 0.282 4.086 0.118
DSST 0.388 5.43 0.079
FoT 0.388 4.19 0.129
CWCD+FA 0.407 5.304 0.081
CWCD+FRGA 0.401 5.521 0.088
CWCD+FRGA+MOTION 0.397 5.245 0.086
IVT 0.382 6.093 0.076

MIL 0.383 3.933 0.117

Table 3.6: Performance comparison on V072018 dataset with the baseline scheme in VOT2018
toolkit. Evaluation is done on 60 sequences available in the dataset. Proposed tracker is highlighted
in bold and italics font.

Precision plots of OPE Success plots of OPE
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Figure 3.10: Precision plot of proposed Figure 3.11: Success plot of proposed
tracker on U AV 123 dataset. tracker on U AV'123 dataset.

tracker doesn’t have track re-acquisition module once the track is lost.

Parameters chosen for implementation — For differential evolution, mutation and crossover proba-
bility was taken as 0.9. For firefly algorithm £y = 2.0 and = 0.01. For iteration based algorithms an
iteration number of 10 with 25 particle populations where considered. The search space was defined
as [Wiin, Wmaz] = [0.7 X ﬁjt_h 1.3x z*ut_l] for scaling in width and [Ain, hmaz] = [0.7 X ;;,t_l, 1.3 % ht*_l]
for scaling in height. For translation, search space was defined within 30 pixel variation and for orien-

tation [Qmm, emaz] = [07 g]
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3.5.2 Qualitative Analysis

Object model with contextual information showed better overall tracking performance compared
to the foreground only model. Visual results of object tracking on some of these sequences are pre-
sented in figure 3.12. Ensemble was able to adapt to geometric transformations like scale change and

rotation effectively as the model used is invariant to scaling and rotation.

3.6 Discussions

Image color intensity distribution has been widely used in tracking. This feature is easier to com-
pute and is somewhat robust to scaling and in-plane rotations. This chapter explored the color distri-
bution feature to construct the object appearance model. It was observed that rectangular bounding
box based annotation of non-rectangular objects and background clutter may lead to tracker drift (or
track loss). This can be attributed to the presence of immediate background information in the learned
object color distribution. To this end, this work proposes a context weighted color distribution that
promotes the object colors while suppressing the ones coming from immediate backgroud.

A novel objective function for target localization is also proposed while considering the information
of both object and background. This objective function is maximized for object localization using
probabilistic and meta-heuristic search strategies. Object localization was attempted using particle
filter, evolutionary search strategies (DE and RGA) and swarming techniques (PSO and FA). It was
observed that the Firefly Algorithm provided the best search performance. In Firefly Algorithm, up-
date of a solution is controlled by all solutions that are better than it. In comparison, for a PSO
algorithm there is only one global best and local best in each iteration. Each solution tends to move
in a directin which is collectively decided by the local and global best. Since updates are controlled by
multiple solutions rather than a single one, this improves exploration and results in better localization.
Firefly algorithm is found to be suitable for multi-modal problems as mentioned in [86]. Motivated
by the success of breeding swarm strategies, a velocity propelled real-coded genetic operator based
modification to FA was proposed. The predictions of this proposed breeding swarm algorithm (FRGA)
was further re-ranked based on inter-frame motion information. The proposed approach was observed
to provide better or competitive performance against seven classical baseline tracking algorithms on
three standard datasets.

Color distribution is a global feature and is often considered to be invariant to local variations
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Figure 3.12: Each row shows outputs of visual tracking on sequences from V072018 dataset. Groundtruth is
marked in green and tracker prediction is colored red.
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within the object. For example, two objects with different structures can have the same color distri-
bution. Local structural information plays an important role in describing an object. Such structure
information based descriptors may bring further differentiation between objects having same color
distribution. For example, local information of object appearance structure can be extracted from
object patches. Accordingly, sparse representation based object appearance encoding is explored. The

sparse representation based object model is presented next in Chapter 4.
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Publications

e Mathew Francis, Prithwijit Guha, “Object Tracking with Classification Score Weighted Histogram of
Sparse Codes”, International Conference on Pattern Recognition and Machine Intelligence, 2017.
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Overview

Color distribution computed from the entire target object region is a global feature. It does not capture
local variations within the object region. Accordingly, this chapter focuses on developing sparse represen-
tation based object models for capturing local structural information of the target. Sparse code coefficients
of patch vectors are generated with a learned dictionary and their distribution is used to model the ob-
ject. For tracking, it is important to discriminate the object from its background. This discrimination is
brought with the addition of explicit background dictionary. Two models are proposed in this chapter. The
first model uses a distribution of sparse codes in a generative framework. The second one has an addi-
tional binary classifier component in a hybrid framework to improve discrimination. The learned binary
classifier provides weights to the sparse codes of patches extracted from pixel positions according to their
belongingness to the object. It is similar to weighing the pixel intensity values in a color distribution based
model. Based on the model framework used, novel objective functions are defined to localize object with
FRGA algorithm during the tracking phase. In addition to this, motion cues from optical flow computation
is used to refine the localization process. The proposed trackers are evaluated on standard datasets like

VOT2018, OT' B2015 and U AV'123.

4.1 Sparse Representation based Trackers: An Introduction

This chapter explores the sparse representation of signal to define an object model for tracking.
In sparse coding, given an over-complete dictionary any signal can be represented as a linear com-
bination of only few dictionary elements (or atoms). Such a representation of the vectorized object
patches can capture structural information of the target object being tracked. Also, it is reported to be
robust to occlusion and noise present in a tracking scenes [255]. A global model like color distribu-
tion (learned from entire object region) is easy to compute but loses important structural cues of the
object. Such local information is helpful in long-term tracking. Object image patches are capable of
storing the structural information. This is then encoded with sparse coding operation with a learned
dictionary. A distribution of sparse code (DSC) coefficients is computed to model the object. A similar
sparse code based model named histogram of sparse codes (HSC) [256] is successfully used in object
detection literature. Two object model formulations are explored in this work. First, a generative
model developed purely on sparse representation of object patch vectors. Second, a combination of

sparse codes and a binary classifier in a hybrid framework. Appearance modeling based on sparse cod-
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ing (AMSC) and Target Search based on Sparse Representation (TSSR) is widely explored in tracking
as evident from the literature [257].

Mei et al. [23] were the first to formulate tracking in a sparse representation framework. Here,
tracking was formulated as a least squares minimization problem with /; regularization. A basis
set consisting of object templates and trivial templates were respectively used to model object ap-
pearance. Sparse representation based object models were particularly famous for their robustness
against occlusion [16]. All sparse representation models were built on a dictionary which were ei-
ther defined with object template or learned from it. Some of the popular dictionary learning tech-
niques include K-SVD [258], its discriminative variants [259], proximal alternating method [260],
k-selection [46] among others. Dictionary can be defined with object template [23] or on object
patches [261]. Many algorithms propose novel dictionary learning procedures [261], object mod-
eling techniques [256, 262], and novel objective functions [257]. Sparse coding techniques use the
dictionary of atoms for representing the object. Some of the popular ones include Orthogonal Match-
ing Pursuit (OMP) [263], Focal Undetermined System Solver (FOCUSS) [263] among others. Mei
et al. [23] used sparse representation of object template and re-projection error for tracking. Jia et
al. [116] introduced the alignment pooling for feature computation from sparse codes. The recon-
struction error was used as the measure of the dissimilarity between object and candidate models
(constructed from candidate region proposals) to identify the optimum candidate.

Most of the algorithms used object specific information in tracking [257]. However, there are
approaches that used background information as well. Liu et al. [46] highlighted the importance
of discrimination power of a dictionary in tracking vis-a-vis its reconstruction power. Shengping et
al. [257] highlighted that discriminative dictionary is important to achieve high tracking accuracy.
Discrimnative dictionary learning itself is a widely researched topic [259,264]. The dictionary can be
learned form object as well as background during modeling. Ning et al. [40] has shown that the use of
contextual information improves tracking performance. Bai et al. [48] used background information
to eliminate outlier candidates based on their sparse codes. Zhang et al. [47] used discriminative
information computed from foreground and background atoms for tracking. Classifiers can also be
used to improve discrimination [265]. Wright et al. [265] successfully learned classifier on sparse
representation for the recognition task. Sparse representation provides robustness to occlusion in

tracking [255]. Wang et al. [266] used PCA subspace learning with sparse codes to handle occlusion.
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It can also be addressed with part-based models as given in literature [102,267]. Adam et al. [102]
handled occlusion with a part based approach. A target template is divided into parts and each
part is tracked independently and their predictions are combined for locating the object. Yang et
al. [267] used a bag of features approach in handling occlusions. The object localization stage uses
the learned dictionary and the models with Target Search based on Sparse Representation (TSSR) and
other approaches in tracking [257].

The TSSR methods include ¢; and /5 minimization as used in trackers [23,253,268] during
the localization stage. The candidate models are computed from the generated region proposals.
Objective function is defined on object and candidate models for the localization algorithm. Mei et
al. [23] performed localization with ¢; minimization in a particle filter framework. The particle filter
framework is also known as the sequential Monte Carlo [269] method for state estimation and is
widely explored in tracking [23]. Zhang et al. [270] exploited joint sparsity among particles in sparse
coding. Zhang et al. [45] used structural information by exploiting the overlap among the particles
for tracking. Often the objective functions are not differentiable while making it impossible to use
gradient based approaches [4]. Probabilistic [23] and meta-heuristic approaches [24] are used in
such cases.

In this work, two object models are explored. One is defined in a generative framework and other
in the hybrid framework. Image patches hold structural information of the object and is used in
learning a dictionary to model the object. A single object template might be a rigid model to accom-
modate appearance changes as compared to a smaller patch. To improve discrimination, contextual
information is used. A dictionary is learned explicitly to represent the background. Overall dictio-
nary has atoms representing both object and background. Sparse codes are computed with OMP and
their distribution is used as the model. In the generative framework, explicit target model is not used
and the candidate models are computed during localization. Novel objective function that uses the
non-overlap of foreground and background components of the candidate is defined for localization.
In the hybrid framework, a part based approach is followed which divides the object into predefined
non-overlapping parts. Object models are computed for each part and a collection of them defines
the overall model. To improve discrimination of the model, binary SVM classifier trained on the
sparse code vectors is used to weight the sparse coefficients in the model. Objective function based

on Bhatacharyya similarity is defined between the target and candidate models. For localization, a
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meta-heuristic approach FRGA introduced in section 3.4 (Chapter3) is used with the proposed objec-
tive functions. Motion correction based reranking is performed with values computed with optical
flow information as discussed in section 3.4 (Chapter3). An ensemble of motion and appearance com-
ponents form the tracking algorithm. Performance evaluation is reported on VOT2018, OT' B2015 and

U AV'123 datasets. The main contributions of this work include the following.

* A generative model based on Distribution of Sparse Codes (DSC).

A hybrid target model built on binary Classifier weighted Distribution of Sparse Codes of object

parts (CWDSCQC).

Novel objective functions based on the models.

» Sparse representation based trackers with FRGA and motion information based re-ranking for

localization.

This chapter is organized as follows. Section 4.2 describes the approaches that are relevant to this
work. Section 4.3 describes the dictionary learning procedure. Section 4.4 describes the generative
object model from sparse code coefficients. Section 4.5 describes the hybrid object model. Section 4.6
describes the localization and motion inforation based re-ranking. Section 4.7 discusses the exper-
iments conducted and the results obtained. Section 4.8 summarizes the present work and sketches

possible future extensions.

4.2 Related Work

Sparse representation of signals has two important components, viz. dictionary learning and sparse
coding. The dictionary can be predefined or learned from data. During the sparse coding stage, coef-
ficients of a signal is computed with respect to the learned dictionary as described in subsection 4.2.1.
Different techniques exist in literature to compute a dictionary like KSVD [258], discriminative dic-
tionary learning [259], K-selection [72] etc.. Learned dictionaries are more popular in literature for
sparse coding due to their expressive ability [271]. Sparse codes are computed using several algo-
rithms like Orthogonal Matching Pursuit [272], Focal Underdetermined System Solver [273] among
others [261, 262, 274] in literature. Mei et al. [23] was the fist to formulate tracking as a ¢; min-

imization problem following which many modifications were proposed in literature. More on this
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is explained in subsection 4.2.2. Usefulness of sparse codes in modeling an object is explained in

subsection 4.2.3.

4.2.1 Sparse Representation

Let p € R" be a patch vector, which can be approximated as a linear combination of a few atoms
from a dictionary D € R"»*"a such that

p =D~ “4.1)

where, D is the dictionary with n, atoms givenas D = [a;,...,4,,],||al]| = 1 and v € R" is the sparse
code vector. For computing sparse codes, the dictionary D as well as an algorithm to compute the
sparse code are required. Traditional dictionaries like discrete cosine transform [275], wavelets [276],
curvelets [277] and others exist in the literature. However, over complete dictionaries became popular
due to their expressive ability [271]. More recent techniques follow learning the dictionary from data
as they provide optimal atoms when compared to predefined ones. One such dictionary learning
technique is the K-SVD algorithm [258].

Let Xt = {p;,i = 1,...,nx+},X € R"™*"x+ be the set of all patch vectors extracted from object
bounding box annotated region bby in frame Z,. A dictionary is learned on these patch vectors with

K-SVD algorithm by solving the following constrained optimization problem.

Snrrluw —DIF|3 st [T o <ns VI=1,... ,nx+ (4.2)

where, Tt = [v/,... ,'ij +]T(1“Jr € R"*"xt) is the matrix of sparse code vectors and 7; is the spar-

sity constraint. It iterates between dictionary update and sparse coding step. Given the dictionary D,
sparse code vectors I't can be computed with Orthogonal Matching Pursuit (OMP) algorithm [263].
OMP is a greedy algorithm that alternates between sparse coefficient computation and residual calcu-
lation. An atom that is highly similar to the signal is selected while computing the coefficient in each
iteration. Mei et al. [23] proposed sparse coding in a ¢; optimization framework with a dictionary

generated from object templates and its perturbations for tracking.
4.2.2 L1 Tracker

Mei et al. [23] was the first to use sparse code representation based object modeling for tracking

in ¢; minimization framework. Tracking was formulated as a sparse code approximation problem
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in template subspace which was defined by the dictionary D. The target object region in image Z,
within bounding rectangle bb_ was vectorized to create a target template of size p € R™. A number
of object deformations are applied to an original target template in the form of local intensity changes
to generate additional templates. A total of ny templates are formed from this process. Additionally
two trivial template sets are incorporated as I and —I. Here I € R"@*"@ is the identity matrix. A three
part overcomplete dictionary consisting of target templates, positive and negative trivial templates is

defined as follows.

D = [DYI| -1 (4.3)
-1
=1
I =0
OBJECT TEMPLATES POSITIVE TRIVIAL NEGATIVE TRIVIAL
TEMPLATES TEMPLATES

Figure 4.1: Dictionary consisting of object templates and trivial templates

where, DT = [p7,..., pET] are the set of vectorized target template variants. Generated dictionary
is illustrated in Figure 4.1. During tracking, candidate region proposals are generated on search image
T7 € I,. Let the set of all such proposals be B,” = {bb’;i = 1,...,ng}. The candidate template is
extracted from Z7 with bb/, (i = 1,...,np) and is scaled to the size of bb] and vectorized to form
the set X;” = {py1, ... ,Ptj,---,Ping }- The following optimization problem is solved for each patch
vector py; to obtain the optimal sparse code vector ~;

During tracking, any candidate region defined by the i'" bounding box bb; can be used to extract
candidate patch py; from search image Z7 and can be represented as a linear combination of atoms

from D by solving the following.
min|[ Dz — pral3 + Allyeill1 (4.4)

where, ) is the regularization coefficient. This is solved as ¢; regularizedleast squares problem [23].
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The patch vector py; can be represented as follows
pti = Dy + € (4.5

where, ¢ is the reconstruction error, v; = [} ;% ~,;] and v, ~,5, 7;; are the sparse coefficient
vectors corresponding to the template, positive and negative trivial templates of the dictionary D. Best

candidate from the region proposal is the one that has the minimum residue r;; computed as follows

rii = ||pu — D513 (4.6)

.+
Mei et al. [23] used particle filter approach for localization. The best candidate box bb, is selected

as

ST
bb, =bb}, s.t. i* = argmin||p; — D'~ ||3 4.7)
,L'_

=1,...,np

A good candidate can be represented with few templates resulting in a sparse solution with limited

number of trivial coefficients. Noise and occlusion is captured by the trivial templates and are thus

discarded while computing reconstruction error. Candidate in a background region will ideally select

more atoms during the minimization stage. A candidate with the smallest projection error is identified
x +

as the tracker prediction bb, . Localization is performed with particle filter during which sparse codes

are computed for the particles.
4.2.3 Sparse coefficient based object model

Sparse coding is a popular way of learning feature representation [258]. Sparse codes are used
to model object in vision related tasks [23,256]. Ren et al. [256] proposed an object model based
on sparse coefficients named Histogram of Sparse Codes (HSC). It is robust against appearance and
illumination variations [256]. Sparse codes of patches help in capturing local information of the
object. Per-pixel position sparse codes are computed for extracted patch and are then aggregated to
form HSC. Ren et al. [256] highlighted that dictionary-based features can outperform popular HOG
for general object detection. Sparse representation of patches in X+ are jointly learned by minimizing

the reconstruction error over a dictionary D as given below.
glsngX—k — DT F stV v o <ms,l=1,...,nx+ (4.8)
Here, 7, is the sparsity of signal, I'" is the sparse code matrix computed.
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Object template Z is divided into 8 x 8 cells in a sliding window framework for the feature
computation of each cell. All patches are extracted from a cell. Let «;," be the sparse code vector
of I™ patch. For each v ] € %" st. 4 [j] # 0, a soft binning strategy is followed to assign the
absolute value |," [5]| to one of its spatially surrounding cells. This results in a feature vector on each
cell averaging codes in a 16 x 16 neighborhood. Normalization and power transform is applied to
the feature vector to define HSC. This is illustrated in Figure 4.2. In this work a similar but simpler
formulation is used for object modeling (See section 4.4) from the sparse code coefficients. Dictionary
learning approach followed in this work is explained next.

Object Local Patch

—_—

Local Patch

EARELINNNEE Y
CIY L LU LT T ITHLT
ESr=aSwEEDN SN
TEL T E™ P
EIrEEEEREREER )
MU ETE L LT AT
H ANE D ASEE 14N
EFNINZPASEL SN

Dictionary Histogram of Sparse Codes(HSC)

Figure 4.2: Sparse codes vectors of patches extracted from object region is computed with dictionary and are
then used to compute Histogram of Sparse Codes (HSC).

4.3 Dictionary Learning

A single dictionary learned from only object patches might provide good reconstruction but poor
recognition against background clutter. Accordingly, this work learns a dictionary with both object
and its immediate neighbourhood (context) for object modeling.

Dictionary is learned in the first frame Z, with patches drawn from both object (target) and its

immediate background. Let bb{ be the minimum bounding rectangle of the target object and bbojE be
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the concentric and bigger rectangle. A region consisting of only background is then defined as follows
bb, = bbZ — bb{ (4.9)

Patches are sampled from two concentric rectangles bby and bb, . The extracted patches are first
vectorized and then magnitude normalized (using [2-norm). Let nx, and nx_ be the total number of
patches that are extracted from bb{ and bb; respectively. Next, they are arranged to construct the
input data matrices X§ € R™*™+ and X; € R™*"™x- of respective object (positive) and background
(negative) classes. Here, n, is the dimension of patch vector.

Patch vectors in X{ and X, are separately clustered to identify unique patterns in foreground and
background. Here, hierarchical agglomerative clustering [278] is performed using cosine distance
as the metric. Let nxy and nyx_ be the respective number of clusters obtained from Xar and X .
Clustering does not ensure uniform distribution of data across clusters. Also, the data is not uniformly
distributed in space. Thus, all nx . + nx_ clusters are oversampled (using SMOTE algorithm [279])
to have uniform number of vectors n.x (number of vectors in largest cluster). After this, every cluster
has a total of n.x patch vectors. This ensures the availability of sufficient number of vectors in each
cluster and counter data imbalance problem.

Let X, € R™*nex be the the data matrix of ¢! cluster in the foreground. The dictionary D/
with ny atoms (D € R™»*™ ¢ =1,...,nk,) is learned from the vectors in M cluster using K-SVD
algorithm. Thus, atoms in D provide a representation for vectors in the ¢ cluster. The dictionary

D is learned by solving the following optimization problem.

min_|[Xg, — DTG s-t. [%Ello < 7 (4.10)

c " Oc

Here, 7, is the sparsity parameter, v;; € R™ is the sparse code vector of I™ patch vector and T, €
Rmxnex, The sparse code vectors are stacked to obtain sparse code matrix I'f, € R™*"x. Atoms
learned from foreground clusters are stacked to form the foreground dictionary DT = [Df],c =

1...,ngy (DT € RWX%at not =np x ng).

Dt =[Df,....Df,....,D} ] (4.11)

NK+

Similarly, the background dictionary D~ (D~ € R™*"a-) is also computed using clustering followed

by K-SVD. Let X, € R"*" be the the data matrix of ¢t cluster in the background. The dictionary
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D_ with n;, atoms (D € R™*™ ¢ =1,...ng_) is learned from the vectors in P cluster using K-SVD
algorithm. Thus, atoms in D provide a representation for vectors in the ¢ cluster. The dictionary
D is learned by solving the following optimization problem.

C

min [ Xg, — DTG53 st v llo < s (4.12)

c s+ QOc

Here, 1 is the sparsity parameter, «,, € R"* is the sparse code vector of I*h patch vector and T, €

R7™*"ex The sparse code vectors are stacked to obtain sparse code matrix I';, € R"*"<, Atoms

learned from background clusters are stacked to form the background dictionary D~ = [D_],¢ =
L...,ng— (D7 € R™*"a= n" =ng X ng_).
D =[D;,...,D,,...,D;_ | (4.13)

An overcomplete dictionary consisting of foreground and background atoms is constructed as D =
[Dt ID7] € R®»*", Here, D € R™*" and n, = ngt + n,_. Dictionary learning procedure is
illustrated in Figure 4.3. Learned dictionary can represent both foreground (target object) and scene

background. It is then used to the define object model as explained next.

—( A )— S (G K-SVD
(A 8 Patches C,—{C)
A —{ Co
. A — Cs o
A, / G — G y — A )
?’ Co,;—, Ca —a A A A
—{ o — A —{ Ao
K-SVD A/ .. Ci  Background . Y
"G Patches .

Figure 4.3: Patches extracted from foreground and background regions are vectorized and magnitude normal-
ized. These are further grouped using hierarchical clustering. K-SVD performed on cluster members provides us
with different atom sets. These atom sets obtained from background and object clusters are combined to form
a single dictionary.

4.4 Distribution of Sparse Codes

In this approach, explicit use of a target model is avoided and only candidate models are used in

the localization stage. Consider a search image Z7 € Z;. Candidate region proposals are generated
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4. Sparse Representation based Tracking

FOREGROUND MODEL BACKGROUND MODEL " I 11

SPARSE COEFFICIENT VECTORS SPARSE COEFFICIENT VECTORS

Figure 4.4: Vectorized and magnitude normalized patches drawn from foreground and background region are
subjected to OMP (with learned dictionary) for computation of their sparse codes. A distribution of sparse codes
obtained from foreground and background regions define the candidate models.

within Z? to form the set B/ = {bb;,i = 1...,np}. Concentric bounding rectangle set Bj" and B,

ti>
are generated as follows

bb;; = bbj: — bb}; (4.14)

Here, bbi: ¢ Bf and bb,; € B; .

Each candidate region proposal is resized and reoriented to the size of bb_. Patches extracted
from bb;! are vectorized and magnitude normalized to form n, dimensional patch vector. A total of
nx.+ patch vectors are stacked to form the candidate patch vector matrix X;; € R™ <"+, Sparse code
vectors v,;,i = 1,...,nx,; are learned with the dictionary D (equation4.13) through the following

constrained optimization problem.

min||X;; — DG 3 s:t. [vgallo < s (4.15)

7
ti

wl = 1, nxqi =

Here, T}, € R"*™x+ s the sparse code matrix obtained by stacking -~}
1,...,np and ny is the sparsity parameter. Orthogonal Matching Pursuit (OMP) [280]) is used to
compute the spare code vectors.

Similarly patches are extracted from bb,, (immediate background of bb;.). These patches are
vectorized and magnitude normalized to obtain a total of nx— patch vectors. They are stacked to
form the data matrix X; € R <"~

min||X;; — DT (|3 s.t. |V llo < ms (4.16)

ti
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4.4 Distribution of Sparse Codes

Here, I',; € R"*™- is the sparse code matrix obtained by stacking ~,;,l = 1,...,nx_;i =
1,...,np.

For an optimal candidate region (region of the target object) it is expected that patches from bb};
will choose atoms from D" and bb,; will choose atoms from D~ during the sparse coding stage. This
makes the sparse codes I';; and T';; to have no overlap between them. This property is used in the
localization phase (See section 4.6).

Candidate model is computed as the distribution of sparse codes and is designed to have a fore-

C+

ground and a background component. Foreground component m,;" is computed from the patch

vectors X, and is given by

nx+

mtz Z ‘FYtzl

where, L/ is the normalization coefficient such that "2 ) m- ] =1

1 ..y Ng, lzl,...,nX+ (417)

Similarly, for the background component, patches extracted from bb,; are vectorized and magni-

tude normalized to construct X, € R X%, mg_ represents the background component of candidate

model and is computed from X; using dictionary D as follows.

nx_
mtl LtlZ”y aldll, 5=1,...,nq, l=1,... ,nx_ (4.18)
where, L;; is the normalization coefficient such that 3 72, mg [1] = 1. These models are used in the

localization stage where an objective function is defined on them.
A potential foreground region bb}; should mostly contain object patches. Thus, the first n, atoms
in D (i.e. from D*) should mostly contribute to m; €+ We define the extent of presence of target object

C

in bb; as the net contribution from object atoms in m;;* and is given by

pg = 4.19)

Z?a 1 m§+ 7]

A proposal bounding box bb;; containing only object information gives high value of p* in two
cases. First one refers to perfect target localization. However, in the second case, the region proposal
bb;. might be smaller than the actual object size due to scale implosion. This indicates the short-

comings of using only foreground model. The scale implosion can be arrested by testing the presence

of background patches in immediate neighborhood of bb}; i.e. in bb,;. The extent of presence of
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4. Sparse Representation based Tracking

background patches in bb,; can be similarly measured by the net contribution of background atoms

(last n,_ atoms of D, i.e. D7) in mg_. This can be defined as follows

a C—1:
Z?:na++1 m;;" [j]
e - C—r:

An objective function defined as J;; = p;; x p,; will only partially solve the problem. In cases of

Py = (4.20)

scale explosion, bb;. may fully contain the target while being larger in size. Here, both p;; and p*
might have high values. A proper observation likelihood should (a) maximize the extent of presence
of target object within bb;;, (b) maximize the presence of background in bb;; and (c) minimize the
presence of background in bb;,. The measures pj; and p,; handles the first two conditions. The
third criteria is quantified as the Bhattacharyya distance between the foreground and background
distributions. This measure (p¢,) will have higher value if m;ci+ and mg_ are non-overlapping. This is

only possible when the third condition is satisfied.

ot = 1= 3 /T [y /mE [ 4.21)
j=1

.+
It can be observed that the optimal candidate region proposal bb,; € B;" should be the one that

simultaneously maximizes p;;, p,; and pf;

14> (bb;) = pi; = P X Py X (4.22)

This objective function is optimized during the localization stage (section 4.6) to choose the optimal
region pmposalb*b:r that maximizes Jys.(.)

Experiments were conducted for visualizing the localization capabilities of the individual measures.
A dictionary was computed on the first frame of the BALL sequence from V072014 dataset. Candidate
regions were extracted from the second frame as sliding windows (without scaling and rotation).
The proposed measures were computed on these candidate regions. The measurement values over
the entire frame (excluding boundary pixels) are shown in Figures 4.5(b)-(e). This visualization
illustrates better localization power of the proposed objective function compared to the individual
ones. Several tracking approaches have employed discriminative models to differentiate target object

from background. Classifiers are generally used for this [51,104,281]. Accordingly an object model

based on sparse code coefficients and discriminative classifier is explored next.
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4.5 Classifier weighted Distribution of Sparse Codes

(b) © (d (e)

Figure 4.5: (a) First frame from BALL sequence in VOT2014 dataset. Observation likelihood value at every pixel
location (excluding boundary) on the second frame computed with proposed measures (b) p; (equation 4.19
(c) p— (equation 4.20) ) (d) pg (equation 4.21) and (e) J (equation 4.22)

(@

4.5 Classifier weighted Distribution of Sparse Codes

Dictionary is learned from the clustered patches of the foreground region bb; and background
region bb, as explained in section 4.3. An object to be tracked can be of any shape in general.
Target object annotation the object region with a rectangular box bb{ might result in the presence
of background patches in it. This could create atoms in the dictionary that are common between
both object and background. Ideally, the sparse codes of patches from object should choose atoms
from DT and patches from background should select atoms from D~. The presence of overlapping
information between foreground and background can affect object modeling. To overcome this, a two
stage process is adopted. Model is computed with sparse code coefficients of object patch vectors.
It is them modified with the weights defined from a binary classifier. It is a common practice in
object modeling to give importance to each of the object pixels. For example in [4] kernel weights
are used for this. Pixels closer to object centroid are weighted more in comparison to the ones at
the boundary region. However, this approach is inefficient as the objectiveness of pixels might not
vary in that fashion. Some patches might be unique to the object, some might be common with the
background and some are only present in background. To model an object, patches are to be given
importance according to their chance of being present in the template image Z¢ derived from Z, with
the bounding box annotation bb . Unique object patches must be given more importance compared
to the ones common to both object and background. Background patches present in bb{ should be
given least importance while modeling an object. Accordingly, this proposal assigns weights to each
patch according to their distinction with respect to the background. This is achieved by learning a
binary classifier that assign weights to each pixel position after extracting patches around them. The

classifier is learned on sparse code vectors of patches extracted from the object region bb] and the
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4. Sparse Representation based Tracking

background region bb; . This is also similar to the object model correction applied in 3.2.2 where
the pixel color intensities dominant in the background are nullified in the target model. A similar
approach is adopted by using a learned binary classifier.

Patches extracted from bbj are vectorized and magnitude normalized to form the matrix X €
R i+, Here, nx. is the total number of patches extracted from bby. Sparse codes corresponding

to the patch vector are computed as follows

nrlinuxg — DT |2 st |TElo < s (4.23)

0

Here, I'{ € R™*™x+ is the sparse code matrix obtained by stacking ~.;,! = 1,...,nx4, v is the
sparse code vector of the [ patch in X and #; is the sparsity parameter. Orthogonal Matching
Pursuit (OMP) [280]) is used to compute the spare code vectors. Similarly, patches extracted from
bb, are vectorized and magnitude normalized to form the matrix X; € R"™*"*-. Sparse codes

corresponding to the patch vectors are computed as follows

min| Xy — DI |3 s.t. |Tgllo < ns (4.24)

0

where, I'; € R"**"*~ is the sparse code matrix obtained by stacking v,,,l =1,...,nx_

A binary classifier is learned on the sparse code vectors of patches rather than on their intensity
values. T'j and T'; are then used for training a binary Support Vector Machine (SVM) classifier. The
learned classifier provides confidence scores to patches indicating their objectiveness value. These
scores are used as weights to improve discrimination between patches belonging to foreground and
background. A SVM classifier with linear kernel is learned on the sparse code representations of
patch vectors as shown in Figure 4.6. The sparse coding stage takes the patch vectors into a higher
dimensional space with few non-zero coefficients. Thus, a linear kernel is preferred over RBF kernel for
the SVM classifier. The sparse code vector corresponding to an ambiguous patch (common to object
and background) will lie closer to the classification boundary and will have a lower classification
score compared to the object patches. This will improve the discrimination power of the object model
against background and ambiguous patches.

This work follows a part-based object model following its wide use [15,102,282] in the tracking
literature for countering occlusion. Object bounding box bby is first divided into n, non-overlapping

cells BCy = {bcg, : bcg, € R¥”*")r = 1,...,n,}, where w® and h°¢ are the width and height of the
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b Sparse Code Vector
y A\
Dictionary SVM
A A
» Sparse Code Vector

Figure 4.6: Training of the linear SVM classier on sparse code representations of object and background
patches. T'J is the positive class data and T'; is the negative class data.

cell respectively. An object model is computed for each cell of the object. Sparse codes computed from
patches in a cell are used to compute the model. The list of all cell models define the object model i.e.
M{ = [mg;r l;» =1,...,n,. The sparse codes required for computing the object model are computed

with equation 4.25.

min ||Xg, — DIG, |7 s.t. [T, llo < ns (4.25)
or
where, T, = [Yg1: Yoras - - - » Yopny, | is the sparse code vector matrix of r™ cell obtained by stacking

Yoy ER™ 1 =1... nx,. v, is the sparse code vector of I™ patch of r" cell. X7 is the patch vector
matrix of all the patches extracted from the ™ cell and ny, is the total number of patches extracted.
D is the foreground-background dictionary and 7 is the sparsity constraint. The distribution of sparse

codes (DSC) of the cell is created from the sparse codes I, of its component patches as

NxXr

mg, 5] = LS Iy, bl w(gh)s Yo € Td (4.26)
=1

Here, “’(7(;5) is the normalized classification score of the I patch in the r cell as patch as given by
the classifier and >} w(vy;,;) = 1. During localization, candidate region proposals are generate in
a search image Z; € Z, which is given as B = {bb;’,i =,...,np}. Each candidate region is scaled
to the size of bbj. Scaled candidate bounding box bb,. is first divided into non-overlapping cells
BCy = {bcyy : 7 = 1,...,n,, bey, € R} where w® and h° are the width and height of the cell
respectively. Sparse codes computed from patches in a cell are used to compute the candidate model
for each cell. The list of all candidate cell models define the candidate model i.e. MS™ = [m&] and

r =1,...,n,. The sparse codes required for the candidate model are computed with equation 4.27.
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4. Sparse Representation based Tracking

: + + 112 +
min 1Xr — DTG5 st 10 llo < ns (4.27)
tir
where I'}; _is the sparse code matrix obtained by stacking fy;.‘rl eRM [ =1,...,nx. 'y;.rrl is the sparse

code vector of I patch of r™ cell in i candidate, D is the foreground-background dictionary and 7,
is the sparsity constraint. The distribution of sparse codes (DSC) of the cell is created from the sparse

codes T'j. of its component patches as follows.

nxr
C . C .
m{ ] = LEH vl o), v € T, (4.28)
=1

where, w('y;grl) is the normalized classification score of the sparse code vector 'y;.rrl and )" w('y;grl) =

1, nx, is the total number of patches in a cell, w~;,; is the classifier prediction probability that patch
P belongs to the object and L;Ci:f is the normalization constant for the sparse coefficient distribu-
tion. The cell-wise distributions are collected together to form the object model M& which is a list of

classifier weighted distribution of sparse codes (CWDSC) given by

C __ C+ C+ C+
Mti - [ My, My e ’mtmr ] (4-29)

Similarity between the model is used to define a objective function for localization step. This is

explained next.

Dictionary Binary Classifier(SVM)

I ;

J PatchVectors | — P )| Sparse Code Vectors . Sparse Code Histogram
PatchVectors | — P )| Sparse Code Vectors - Sparse Code Histogram
OMP v
PatchVectors | — P > Sparse Code Vectors - Sparse Code Histogram

Y
D patchVectos | Pl | )i SparseCodeVectors | ) Sparse Code Histogram

Figure 4.7: Object model as set of weighed sparse code distribution computed from non-overlapping cells of
the object bounding box bb{. Sparse codes for the patches are computed using OMP (Orthogonal Matching
Pursuit) with the learned dictionary. Sparse code vectors of the object patches and background patches are used
for training the classifier. Classification score weighted sparse codes are then used to compute the distribution
of each cell.
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4.6 Localization & Motion Correction

Objective function is defined based on the similarity between target and candidate models of each
cell. Since classifier weights are used in the models, while performing similarity computation object
patches will have more contribution compared to background patches. Overall measure is computed

as the average similarity over the cells

1 . +
; E ) m, m& .30
% Ny r=1 PoinS \/ X tir [-]} (4 )

C+

Target and candidate models of the 7" cell 1s given by m * and m{/

respectively, n, is the
dimension of the sparse code vector. The box bbt with highest average Bhattacharyya coefficient is

* t
selected as the optimal bounding box bb, in ! frame.

4.6 Localization & Motion Correction

Mt Sparse
T Model >
.+
- FRGA | bb,
Learned Learned | Bounding Final
"X Dictionaries Classifier > Box set P Selection
T >

Figure 4.8: Block diagram of proposed approach with appearance component.

Localization is achieved with the FRGA 3.3.4 algorithm introduced in previous section 3.3.4 (Chap-
ter3). Let Py = {zy,7 = 1,...,np} be the population sampled on frame Z;. Let z;; = bb;g represents
i'" candidate region proposal in frame Z;. Objective function defined in equation 4.30 is used to
define the brightness value of a firefly. For hybrid model, classifier weighted distribution of sparse

codes (CWDSC) approach this is defined as

Tii = ; T Py = Z \/m ] x m&F[j] (4.31)

r=1

For the generative model with distribution of sparse codes (DSC) based approach it is given as
T®(bbi) = pi; = pii % g % i (4.32)

The functional block block diagram of the overall approach is as shown in Figure 4.8. Similar to the
approach introduced in the previous section 3.4 (Chapter3) appearance features are combined with

motion information computed with optical flow. Overall block diagram of the approach is shown in

TH-3232_146102001

93



4. Sparse Representation based Tracking

Figure 4.9. Algorithm for the hybrid model based approach is presented in Algorithm 3 and generative

model based approach is presented in Algorithm 2.

3 > Sparse
Model —P
Object 4 y
Learne! FRGA X X
Learned i — - Bounding > Final
4 Dictionary Classifier Box set Selection
% B g
Current Image]
s .' ' Predict ’ Filter « +
With Flow sM_b Box set bb,_|
Dense * 4 th

Motion

AR

Current Image

S -

Flow Vectors

Figure 4.9: Functional block diagram of the combined approach with appearance and motion components.

4.7 Experiments and Results

The performance evaluation of the proposed trackers are reported on VO72018, OT' B2015 and
U AV'123 datasets. Measures used for evaluation include Accuracy, Robustness and Expected Average
overlap for VOT dataset. The VOT toolkit is used for evaluation on VOT2018 dataset. The GOT-10K
toolkit was used for evaluation on OT'B2015 and U AV'123 datasets. The success and precision plots

are computed for these datasets.

4.7.1 Quantitative Analysis

The experiments were conducted to compare the two models as well as other trackers in the lit-
erature. Both object models were incorporated into a tracker that used FRGA for localization. Of the
two models, it can be observed from Table 4.1 that the hybrid model (CWDSC) outperformed the gen-
erative model based tracker (DSC) in terms of accuracy, robustness and EAO. Accuracy and EAO are
better with higher value (1) and robustness is better when the value is lower (|). The hybrid model
can perform tracking for longer with lesser number of re-initalizations as compared to the generative
model based tracker. With the addition of motion information, the performance improved for both
the models highlighting its complementary nature. The hybrid model based tracker outperformed the
generative model based tracker in both appearance-only and ensemble frameworks. For hybrid model,

the improvement was observed in accuracy (from 0.332 to 0.351), robustness (from 6.477 to 6.396),
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Algorithm 2 DSC + FRGA + MOTION

8:

9:
10:
11:
12:
13:
14:
15:

16:
17:

18:

19:
20:
21:

22:

23:
24

25:

Hwne

Input Z,), bbar
*x t

Output bb,

Define T = extract ROI(Z,, bby)

= learnDict(Zy, bby)

while ¢t < (nT) do > Loop through sequence

(U(t—1)7 V(t—l)) o OpticalFlow(It,l,It)
* t+

bb_1) = [Z@—1), Y1), Wie—1)s Re—1) Oe—1)]
4 AF
Z7 = extract ROI(Z;, bb,_,)

* 4 *t
Py +={(x,y)t-1 + (U1, y], Via[z,9]), (z,9)-1 € P(t_1)}
* +
Py = initalPopulation(Z;, bb,_;)
while 7 < n, do > FRGA iteration
IP’&T ) = childrenPopulation(P(,)
while i =< np do > Iterating through population
mgaﬂ), my;_,, = sparseModel(Z;, PS ;)
_ '+
Sti(T) - ptiT
end while
Pirg1) = newPopulation(]P’t(T),IP’I%), Si(r) )
end while
while i =< np do > Iterating through population
M __ ‘Pgwmptinfl
ti = [P GPyin, |
end while

Generate the set J;
if J; # 0 then
% +

bb, :=bb}, ;i* = argmax SM

1€Jt
else
*
bb, :=bb/., ;i* = argmax S,
iE[l,TL]p}
end if

26: end while
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Algorithm 3 CWDSC + FRGA+ MOTION

Input Z, bb;
.+

Output bb,

Define Z® = extractROI(Zy, bbar)
D = learnDict(Zy, bbi)

BC = box2cell(bbg)

MT = sparseModel(Z,,BC, D)
while ¢t < (n”) do

AU

*

(U(t—1), Vg=1)) = Optical Flow(Z;-1, L)
+

7. bby_yy = [T@-1),Yu-1), Wi-1) br-1), O-1)]
+

*
8: Z? = extract ROI(Z;, bb, ;)

9: 7;t = {(1‘, y)t_l + (Ut—1[$,y],Vt—1[$7y])a ($7y)

* +

10: Py = initalPopulation(Z;, bb,_;)
11: while 7 < n, do
12: IP’%ZT .1y = childrenPopulation(P))
13: while : =< np do
14: while r < n, do
15: M, = sparseModel(Z;, P{/_, ;,D,BC)
16: Sti(T+1) = i E?;]_ p:'ZTTT
17: end while
18: end while
19: Pyri1) = newPopulation(IP’t(T),]P’EET), St(r) )
20: end while
21: while : =< np do

. M __ "PMQ,PtinT‘
22: Sy = 7\77:’”%7’“7%\
23: end while
24: Generate the set J;
25: if J; # () then

% +
26: bb, :=bb;}, ;i* = argmax SM
i€Jy
27: else
*
28: bb, :=bb}, ;i* = argmax S;
i€[1,np]

29: end if

30: end while
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4.7 Experiments and Results

and EAO (from 0.055 to 0.057). The comparison of the hybrid (CWDSC+FRGA+MOTION) approach
with other benchmarked trackers (classical approaches only) from the VOT2018 toolkit are presented
in Table 4.2. The tracker performance was compared with 9 trackers available in VO72018 chal-
lenge namely L1APG [9], Matflow [127], BDF [127], BST [127], DSST [62], FoT [127], IVT [54],
MIL [36]. The proposed trackers provided competitive performance as compared to the other classical
approaches. The evaluation of the proposed CW DSC + FRGA+ MOTION algorithm on OT' B2015
dataset with precision and success plot are shown in Figures 4.10 4.11 respectively. The evaluation
of the same on the U AV'123 dataset are shown in Figures 4.12 and 4.13. For comparison with other
trackers on OT'B2015 dataset, the plots are shown in Appendix A.2. The use of motion informa-
tion resulted in performance improvement for the DSC + FRGA + MOTION tracker in accuracy
(from 0.332 to 0.349), robustness (from 6.477 to 5.814), and EAO (from 0.55 to 0.62). A similar trend
is observed with CW DSC + FRGA + MOTION. The performance improvement was observed in
accuracy (from 0.351 to 0.359), robustness (from 6.396 to 5.640) and EAO (from0.57 to 0.66).

Name Accuracy (1) Robustness () EAO (1)
DSC+FRGA 0.332 6.477 0.055
CWDSC+FRGA 0.351 6.396 0.057
DSC+FRGA+MOTION 0.349 5.814 0.062
CWDSC+FRGA+MOTION 0.359 5.640 0.066

Table 4.1: Performance comparison of hybrid and generative approaches on VOT2018 dataset with
Accuracy (A), Robustness (R) and Expected Average Overlap is shown. Performance improvement
with the addition of motion information is shown in the table as well. Evaluation is done on 60
sequences available in the dataset.

The overall computational complexity of the tracker depends on the population size (np), dictio-
nary size (n, x nq), number of OMP iterations (n,), number of candidate region patches(nx,) and

the computations required for evaluating the orthogonal projection for OMP.
4.7.2 Qualitative Analysis

The tracking output on sequences from V072018 dataset is shown in Figure 4.14. The perfor-
mance is similar to some of the classical approaches reported in the literature. However, the sparse rep-
resentation based tracker provided lower performance compared to color based tracker on OT B2015
and U AV'123 datasets. A patch based framework makes the object model less flexible in comparison to

a global feature model like color distribution. Here, the later is relatively robust to in-plane rotation,

TH-3232_146102001

97



4. Sparse Representation based Tracking

Name Accuracy(1) Robustness(]) EAO(1)
L1APG 0.410 8.066 0.07
Matflow 0.386 4.973 0.091
BDF 0.355 4.476 0.092
BST 0.282 4.086 0.118
DSST 0.388 5.430 0.079
FoT 0.388 4.190 0.129
(CWDSC+FRGA+MOTION) 0.359 5.640 0.066
IVT 0.382 6.093 0.076
MIL 0.383 3.933 0.117
Struck2011 0.410 4.739 0.095

Table 4.2: Performance comparison on VOT2018 dataset with the baseline scheme in VOT72018
toolkit. Evaluation is done on 60 sequences available in the dataset.
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scaling and other appearance changes. However, such changes will impact the pixel relationships in
a patch based model. Some flexibility in object model is brought in with the multi-part approach.
However, the object model needs to be updated to accommodate the appearance changes.

Such an update is not explored due to the time complexity involved in dictionary learning in the
current formulation resulting in the degraded performance. Most sequence have a complex back-
ground and the background information also changes in the sequences. Here, the background is
explicitly modeled and the same needs to be updated to capture the changed context as well. Trained
binary classifier discriminates against the background and helps in handling the updated context. This
gives it a slightly better performance compared to the generative model. The VOT evaluation has a
reinitialization procedure upon track loss. Also, the sequences are of shorter length when compared to
other datasets. The OT'B2015 and U AV'123 datasets have relatively longer sequences. Also, the GOT-
10k toolkit does not perform reinitializations. Both these properties make the performance values low

in these datasets for the proposed tracker.

4.8 Discussions

This chapter has attempted to capture the local structural information of object appearance in
the sparse representation framework. Two models are proposed in this context. The first one in
the generative framework and the second one in the hybrid framework. Both proposals model the
object appearance using the distribution of sparse codes of vectorized object patches. In the first
model proposal, dictionaries are learned on both foreground and background to bring discrimination.
This is enhanced further in the second proposal by learning a binary classifier that assigns weights to
the sparse codes. Novel objective functions as similarity between target and candidate models were
proposed on the developed models. The object localization was performed with the FRGA algorithm.
Further, complementary information from inter-frame dense motion was used to enhance the tracker
performance.

The present work did not incorporate continuous dictionary and classifier update schemes in the
object model as well as the background. This extension would have enabled the tracker to trail targets
for longer duration, possibly under appearance changes and occlusions. Also, the use of K-SVD and
¢; minimization makes the tracker slower. The present formulation can be made to run faster by

incorporating block K-SVD and block OMP based approaches.
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4. Sparse Representation based Tracking

Figure 4.14: Each row shows the respective outputs of visual tracking on sequences from VOT2018 dataset.
Groundtruth is marked in green and tracker prediction is colored red.
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4.8 Discussions

This work used the structural information of the object appearance in sparse representation frame-
work. However, the model learning was mostly restricted to the data available from the first frame of
the sequence. Recent tracker formulated in deep learning framework use networks capable of produc-
ing rich representations from object appearance. Such networks are trained on larger datasets and are
shown to be much more generalizable [283]. Accordingly, this thesis proposes a tracker in the deep

learning framework and is presented in the next chapter.
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5. Siamese Network based Tracking

Overview

The siamese networks are trained to predict the similarity between its inputs. Object tracking can be
formulated in this framework. Many successful trackers are based on the siamese architecture due to their
performance and efficiency. This formulation computes the similarity between the appearance feature
embedding of the target object and the candidate regions within a search image region. This leads to a
scoremap of similarity values. Trackers are often challenged by occlusion of target object. To this end,
this chapter proposes a multi-part object appearance model (in siamese framework) to handle occlusions.
However, only appearance embedding based tracking might not be sufficient to handle similar looking
objects (distractors) or background clutter. Motion information is complementary to appearance and is
known to improve tracking performance. Thus, the proposed tracker further use motion information to
perform a re-ranking of appearance based predictions. The part-based object tracker with motion based

re-ranking is evaluated on VOT2018, VOT2019, OT B0215 and U AV 123 datasets.

5.1 Siamese Trackers: An Introduction

A siamese network (SN) has two parallel branches hosting two sub-networks receiving two inputs.
These two sub-networks compute the embeddings of the two inputs. A correlation between these
embeddings is produced at the output of the SN [128]. The SN is trained to predict the similarity
of its two inputs. Here, a pseudo-siamese architecture is followed as the weights are shared between
the two branches [131]. That is, both branches host the same sub-networks with same weights for
embedding computation. Object tracking can be formulated as a problem of matching target and
candidate with similarity learning through a siamese network [131]. However, the matching should
be able to handle the variations that an object can undergo in a sequence. The Siamese Network
based Trackers (SNTs) belong to the class of matching based trackers where feature embeddings are
compared [101]. The SNTs are considered as one of the most promising designs in tracking on account
of their ability to balance performance and efficiency [132-134]. Many of the recent SNTs are also
fully convolutional (FC) [10] in nature, thereby allowing them to work with inputs of variable sizes.
Among other things, this allows for an end-to-end training network to be designed with fewer hyper-
parameters [135].

Two images are provided as input to a SNT. First, an image containing the target object. Second,

the search image in which the object is to be located. The SNTs operate in two stages. The first
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stage extracts feature embeddings from the input images using CNN based sub-networks. The second
stage computes the correlation between these embeddings. Bertinetto et al. [10] proposed a fully con-
volutional siamese (SiamFC) tracker with cross-correlation operation performed on the embeddings.
Initial SNTs used the AlexNet [124] architecture as the CNN sub-network. The weights of this sub-
network were fine-tuned for tracking on new training data [10, 137, 138]. The performance of these
SNTs were limited by the representation generation capability of the relatively shallow AlexNet [139].
Deeper networks can produce richer semantic features. Thus, recent SNTs use deeper and wider sub-
networks like ResNet [140], VGG-19 [14], Inception [141] among others. Li et al. [139] improved the
SNT performance with a custom VGG-16 [14] sub-network. In this chapter, the SiamFC [10] tracker
with a VGG-16 CNN based sub-network is used as baseline.

Tracker drift or track loss are often caused by object occlusions [153]. The central pixels or object
parts have lesser chances of getting occluded as compared to the peripheral ones. This assumption
is exploited by most existing works. Comaniciu et al. [4] used Epanechnikov kernel weighted color
distribution that assigned higher weights to central pixels as compared to ones at the object boundary.
Wu et al. [154] used anti-occlusion region proposal network (RPN) to address this issue. Existing
works have mostly addressed the issue of partial occlusion by separately tracking object parts. Adam
et al. [102] tracked different parts of the object and the scoremaps from individual parts were merged
by weighted averaging of individual score maps of parts for obtaining the final prediction.

The SNTs use rich feature embeddings generated by the deep CNN based sub-networks. They
extract the semantic information from the input images which are used in correlating the target and
the candidates. However, presence of similar objects a.k.a distractors pose a problem to SN. Distractors
can be detected with multiple peaks in the tracker response map. Zhu et al. [150] addressed this by
performing hard negative mining during training. Li et al. [151] proposed a re-detection mechanism
to handle distractors based on [137]. The re-detection approach uses a classifier to re-rank potential
candidates [151] and follow a tracking-by-detection approach. This was pushed further with a two
stage detector model proposed by Voigtlaender et al. [152]. The SNTs are developed on appearance-
only and hence lose any temporal information between frames. The temporal information provides
additional cues to handle distractors in tracking. Distractors have same appearance as the target object
but, they might not be having the same motion signature as that of the object. In this work, motion

cues are used for re-ranking the predictions from the appearance component (SiamFC) to improve the
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tracking performance.

Classical computer vision techniques like Horn—-Schunck [91] or Farneback [91] optical flow can
be used to estimate inter-frame dense motion. Recent works have formulated the motion estimation
problem in the deep learning framework [284-286]. This work uses the LiteFlowNet [18] which is
a relatively lighter network with good performance. Motion and appearance are considered com-
plementary information in tracking, and their combination in an ensemble is expected to enhance
tracking performance [77].

This chapter proposes an ensemble of (a) multi-part object appearance based siamese tracker
and (b) motion based refinement of appearance tracker predictions. The SiamFC model with a pre-
trained VGG-16 based sub-network forms the appearance component. The object region is divided
into five parts, v.i.z. top-left, top-right, bottom-left, bottom-right and central. These five parts are
independently tracked. The scoremaps obtained from the five parts are combined through weighted
average (central part having highest weight). The combined scoremap obtained from the appearance
component is used in selecting potential candidate locations of the object. Inter-frame dense motion is
estimated by using the LiteFlowNet. The motion information is used to re-rank the appearance based

predictions. The major contributions of this work are the following.

* Multi-part object model for handling occlusions

* Motion information based re-ranking for refining the appearance component prediction

The proposed tracker is evaluated with the VOT toolkit on VOT2018 dataset and GOT-10k toolkit
on VOT2019, OTB2015 and UAV 123 datasets. The proposed tracker outperforms the baseline
SiamFC tracker and provides competitive performance with respect to others.

Rest of the chapter is organized as follows. Section 5.2 briefly discusses the existing works that
are relevant to the proposed approach. Section 5.3 describes the proposed single-part (whole object)
based appearance tracker. Section 5.4 explains the proposed multi-part object model based appear-
ance tracker. Section 5.5 describes the motion information based re-ranking approach. Section 5.6
presents the experimental results and compares them with the baseline Siamese trackers and other
benchmark trackers in literature. Section 5.7 summarizes the current work and discusses possible

future extensions.
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Figure 5.1: The functional block diagram of the approach showing the appearance and motion com-

ponents.

5.2 Related Work

This work explores siamese network based tracker with CNN based motion estimation for object
tracking. Accordingly, the siamese network based tracking formulation subsection 5.2.1 and CNN
based inter-frame motion estimation(subsection 5.2.2) are briefly reviewed next. Embeddings from a
pre-trained siamese network is used for modeling. For localization, a similarity search with correlation
operation is performed. This forms the appearance component of the algorithm. Additional cues in
the form of motion information estimated from a deep neural network is explored in subsection 5.2.2.

Siamese based tracking approach is described in detail next.
5.2.1 Siamese Fully Convolutional Tracker

Bertinetto et al. [10] formulated tracking using siamese network architecture. Their proposal, SiamFC
accepts two images as inputs. First the search image Z; € R?°*255%3 and second the query image
IQ ¢ R127x27x3_ 7Q is derived from the bounding box annotation bb of initial frame Z. It is oth-
erwise called as the template image. Search image Z? is a larger image (compared to Z®) on which
the target object is to be localized. The search region Z? is defined in Z; as a region concentric with
b*b:r,l, but with twice the width and height of b*b:r,l.

Siamese network has sub-network ¢,,;, with shared weights. It uses the VGG-16 backbone. Siamese

network @ is trained on positive (X;') and negative (X,,) pairs extracted from pair of frames that are
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to frames apart. A positive pair consists of an anchor image and a similar image while a negative
pair consists of anchor and a dissimilar image. Object class information is discarded during dataset
preparation. Image regions I? and If+t0 are respectively extracted from Z; and Z;;, the pair of
images. Here, I? is the anchor image and the similar and dissimilar images are extracted from Z’ Lt
Both images ItQ and If+t0 are centred based on the ground-truth annotations a(Z;) and a(Z;+¢,)

respectively. The network is trained on logistic loss [287] (equation 5.1).

£(y,9) = log(1 + exp(—y7)) (5.1)

Here, y € {+1, —1} refers to the ground-truth label and ¢ is the predicted one. However, since the
query image ItQ is small in size compared to Z '+ 4,» Multiple candidate images IE 4, can be extracted
from it to form the pairs for training. Hence, the output of the network is a scoremap instead of a
single score. Let PtSHO be the set of all pixel positions in the scoremap S;,. The loss is defined on the

scoremap as follows
1

LY, Yiyr) = 5,
0

> £(v(lpl,Y[p]) (5.2)

where, Y[p] € {+1,—1} is the ground-truth label for position p in scoremap S,,,, Y,Y are arrays
with the ground-truth and predicted values respectively of all pixel positions in PtStho- Positive pairs
are assigned a label Y[p] = +1 and negative pairs are assigned label Y[p] = —1 based on the following

rule.

+1, IfX|p—cl| <A
Yip] =

—1, Otherwise
where )\, is a radius value, c is the centroid of output scoremap of the network and ), is the stride
of the network. The above rule for defining ground-truth label results in fewer positive pairs as
compared to negative pairs. Thus, weighted loss is used to address this issue of class imbalance. The

use of motion information in tracking is discussed next.
5.2.2 Flow Networks

Optical flow is defined as the pixel motion between adjacent frames [91]. Traditional approaches
use variational techniques that are solved as an energy minimization problem. Recent approaches

follow optical flow estimation with CNNs in a data driven learning paradigm. Horn and Schunck [89]
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proposed the first approach to estimate the optical flow. Lucas and Kanade [288] proposed local
constraint based approach to estimate sparse optical flow. Large displacement between adjacent
frames was a common problem in optical flow estimation. Brox et al. [289] proposed a pyramidal
approach to overcome this. Similar approach is seen in [290,291]. Forward-backward consistency
check is employed in many approaches [292-294] to overcome the effects of occlusion. Several ap-
proaches [289,295] are proposed counter illumination variations that violate the brightness constancy
assumption of optical flow computation. Recent approaches [284-286,296-298] use CNNs to estimate
optical flow. These methods learn to compute optical flow directly from data.

Dosovitskiy et al. [284] proposed the first CNN based approach (FlowNet) for optical flow estima-
tion. Ilg et al. [296] proposed an improved version FlowNet2.0 by stacking the sub-networks. Xiang et
al. [299] introduced brightness constancy as a prior to improve the prediction. Ranjan et al. [300] pre-
dicted multi-resolution optical flow with the help of a pyramidal network. Liu et al. [297] presented
a self-supervised learning approach that used temporal information to improve the estimation. Sunet
al. [286] proposed an modification to the spatial pyramid network where feature warping was used
instead of image warping. Teed et al. [301] proposed a transformer with a recurrent update operator.
More on CNN based optical flow algorithms can be found in [302,303].

Hui et al. [18] have proposed a lighter network architecture (LiteFlowNet) for inter-frame motion
estimation. The LiteFlowNet [18] has one of the lighter architectures in the domain. Compared to
FlowNet2.0 the model is 30 times smaller at the same time it is faster by a factor of 1.36 [18]. It uses
the pyramidal feature extraction similar to other networks [300]. However, feature warping [286]
is used rather than image warping [296] to estimate flow. It uses a descriptor matching network to
compare the embeddings of the image pairs. It relies on a cascaded flow inference based on cost
volume [286] and sub-pixel [18] refinement. Local convolution layer is included to provide flow
regularization. The functional block diagram of this approach is shown in Figure 5.2. This work uses

the LiteFlowNet [18] for inter-frame dense motion estimation.

5.3 Single Part Model

Consider the target object template image Z® € R a*%a*3 constructed from initial frame anno-
tation region bby in first frame Z,. Let Z? be the search image in the ¢ frame Z,. A correlation

operation is performed between the embeddings of the inputs to the siamese network to get a score
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Figure 5.2: Block diagram for LiteFlowNet flow prediction network
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Figure 5.3: Block diagram of baseline Siamese tracker

TH-3232_146102001

110
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map S. The correlation computation through a siamese architecture can be represented in the follow-
ing manner.

Let B = {bb;i;i = 1,...,np} be the set of candidate region proposals that are constructed within
7. Let Igi be the candidate template image constructed by using the candidate region proposal bb;;
and Z,. The siamese architecture contains a deep sub-network ¢,,;(e) that operates on both Z% and
IEi and works as the feature extractor network. Let E? and ES be the respective feature embeddings

extracted by ¢,;, from inputs Z9 and I,Ei

E® = $oup(Z°) (5.3)

A correlation operation (denoted by x) is performed between the embeddings to estimate the

similarity of Z® and ItEZ- and is given by
p); = E9 « ES (5.5)

Note that the target embedding E€ is pre-computed. Thus, only ng number of correlation estimation
x +
computations are performed in each ™ frame. Optimal candidate region proposal bb, is chosen as
the one with highest similarity with target template mage.
* +
bb, =bb/, s.t. i* = argmax(E? x E5) (5.6)
i=1,...,np
Object model based on a single template image is widely used in tracking literature. Multi-part

object models have been widely used in tracking for occlusion handling [15, 102, 282]. This work

explores a similar work and is explored next.

5.4 Multi-Part Object Model

Occlusion is one of the common challenges in tracking. An object may get occluded either partially
or completely by other scene objects [304]. Various approaches are proposed in the literature to
address the issue of occlusion. One such approach is the part-based one. It is based on the observation
that when an object gets occluded, the action is gradual. During partial occlusion , a few parts of the

object are still visible and can still be used for tracking. This makes it easier to track the visible parts
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rather than the entire target. In this section, a part-based model is explored. This approach uses deep

network embedding of each object part.

= vee Score Map
Object +
4>
* Boundlng > Box
N, L > Box set Selection
Siamese
A ) Predict F|Iter
With Flow _» Box set
N * N

P i Correlation

LiteFlownet | Flow Vectors

Figure 5.4: Functional block diagram of the single template based approach. Candidate predictions
from the template based appearance component is re-ranked with the motion information.

The object appearance is modeled as the embedding E? = ®,,;,(Z?) of the template image Z©.
Embeddings are extracted from Conv5 — 3 layer as shown in (Figure 5.5) of VGG—16 [305]. The
SiamFC computes the embeddings of the entire object template image Z?. In contrast, multi-part
proposal splits Z? into different predefined parts and use their individual embeddings for similarity
score map generation. The object template image Z is divided into n, = 5 different parts. Let the

set of object template parts corresponding to top-left (IlQ), top-right (IQQ), bottom-left (IQ) bottom-
wo ho
right (IQ) and central (IQ) be denoted by Q = {I?,I?,I?,If,IQ} where IQ eR 2 9 T =

1,...,n,. Search image Z? € R"s*"+*3, The object template and its parts are illustrated in Figure 5.6.
cDsub
! TV o T Y o T YR o 5N R o T NP o VGG6(l)
I:> T - el QO 0o T T YT EIWL VLW c o o @ :>
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Figure 5.5: Architecture diagram of VGG—16 network

The siamese network computes the score-map of each object template part of the query image
Z° on the search image If . Let {S1, Sat, S3¢, Sat, S5} be the set of score-maps corresponding to the

respective object template parts in Z%. The siamese network ® computes the similarity scores between
TH-3232_146102001
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Figure 5.6: Template divided into multiple parts.

79 and candidate regions Z% € Z9, i = 1,...,n.. ®4,;, compute the embeddings of both Z% and Z%,.
Similarity is computed with correlation operation (x) on each object part and candidate region. Score

pf,r=1,...,n, (Equation 5.7) is computed as
p;r =@ (1"971'57,> = ¢sub(IQ) * d)sub(IEir) (5.7)

A candidate patch IEZ» has scores coming from its individual parts Z&. Scoremaps at the output of

the network is scaled to the size of Z; ( (ws, hs)). Individual scoremaps are combined as follows.

w h w h
Sti(z, y) = w1 X Sar (zi — 70,%@' - ?O) + wa X Sz (e + 70,.%1‘ = 50)-1-
wo ho wo ho
w3 X Sz (s — 5 Yt Tt 7) + wy X Sz + 5 it ?) +ws X Syis((v4i, yei)  (5.8)
where, w,,r = 1,...,5 are the weights and 3°°_, w, = 1. Also, w, = L,r = 1,...4 and w5 = 2.

Center part of the object is given more weight as it is the part which has the least chance to get

occluded compared to parts at the boundary. The combination provides with a single similarity map

St ={pi,i=1,...,n.} as output. A score map S; = { p:g} shows the likelihood of finding object in the

region bb, centered at (x4, ;). Here, each candidate patch IEi is characterised by its bounding box

bb;. With only the appearance component the bounding box of object is predicted with scoremap as
.+

bb, = bb}.;i* = argmax(S;) (5.9

i=1,...,n¢

.+
where, bb, is the predicted object location from the siamese network. Additional information like

motion cue is used to further enhance the tracking performance and is explained next.
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5.5 Motion Correction

Motion is complementary to appearance and is widely explored in tracking literature [34,77,96].
Combining algorithms that use complementary information are shown to improve tracking perfor-
mance [306]. Also, motion information often helps in discriminating target from distractors having
similar appearance features. Let the dense motion components along horizontal (z) and vertical (y)
directions be U;_; and V,_; respectively. The motion associated to target and distractors might be
different. In this proposal, predictions from the appearance component are re-ranked with motion

.+
information to select the optimum bounding box bb, .

veg Score Map, S
—P> Comblned Bounding Box
* —} —}
..... » Score Box set Selection
Siamese
> Predict F|Iter
With FIow Box set
v A ST bb,_,
- N3 * Correlation
» LiteFlownet | Flow Vectors

Figure 5.7: Functional block diagram of the multi-part template based approach. Candidate predic-
tions from the template based appearance component is re-ranked with the motion information.

Inter-frame motion from LiteFlowNet [18] is used to refine predictions from appearance component
to localize the target in current frame Z,. Per-pixel dense motion is estimated from two consecutive
images Z; 1 and Z;. Let bb:r_ , be the predicted bounding box from the last frame Z;_;. Let the dense
motion vector matrices from LiteFlowNet [18] be U;_1, V;_1.

Let the set of all pixel coordinates belonging to bounding box bb:r 1 be deﬁned as 7*3: 1- Let the set
of all pixel positions within a candidate bounding box bb;. be represented as Pti = {(z, yj)tillTmin <
T < Tmaz, Ymin < Yj < Ymaz - Here, (Tmin, Ymin) aNd (Zmaz, Ymas) are the respective top-left and
bottom-right pixel co-ordinates of b*b:;. These pixel-sets are used further to incorporate the motion
correction. Next frame position of very pixel in 7*32;_1) can be predicted from motion to form the pixel
set in PM and is given by

*+
P = (2, 9) = (@, 9)e1 + (Ui [z, ], Vi [z, 9); (2,9) 1) € P (5.10)
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where, the pixel intensity at (x,y); € Z;_1 is predicted to reach position (x,y); € Z; using motion
U;_1[z,y], Vi_1[z,y] is the motion vector components at position (z,y). Let P} represent pixel posi-
tion set PM = {(z,y)M}.

The potential target bounding boxes are first predicted from the output score map of the appear-
ance tracker with equation 5.9. Each position in Z7 is a potential candidate. The top-k values from
the score map S; correspond to the & best predicted bounding boxes from the appearance component.

The set of these top-k bounding boxes (IB%f) and their corresponding scores (Sf) are defined as follows.

Bf = {bby;:p}; € top—k(St)} (5.11)

SF = {su:pfh € top—k(S))} (5.12)

The motion predicted pixel-set P is used to select one from the k£ bounding boxes in B;. Let s/

be the overlap between bb;g € IB%QC (t=1,...,k) and PtM . The score is computed as (Equation 5.13).

B PaUPM|

Note that s measures the agreement between the bounding box bb; predicted by appearance

(5.13)

component and the motion predicted target pixel positions P/. Let SM = {sM;i = 1,...,k} be the
set of scores associated with the bounding boxes in B}. The set B} is further refined by thresholding on
the agreement between appearance and motion based predictions. This provides with the the refined

set of bounding boxes B! and their index set J; (Equation 5.15).

Bf = {bb; : 5%25%;i:1,...,k} (5.14)

Joo = {i:sM>sMi=1...k} (5.15)

Where, s is a predefined threshold. The contribution of motion component in the ensemble

varies with the threshold s}. The motion component is discarded if Bf* = ¢. The following rule is
* +
used to finally localize the target object at bb, := bb}\, in the current frame Z;.

argmax sif € SM, IfJ; # ¢
x i€Jy

argmax Sg; € Sf , Otherwise
i=1,..k
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In case of absence of agreement between the two components, the ensemble relies on appearance

component alone for tracking.

vee Score Map
P Boundlng Box
* —p
........................... > Box set Selection
Siamese
) Predict F|Iter
With FIow Box set
+ 4 bbt?
-« N . * Correlation
LiteFlownet | Flow Vectors

Figure 5.8: Proposed SiamFC-PMC . Multiple candidate boxes are returned by SiamFC. Pixel motion
« +
is predicted with LiteFlownet. The final bounding box bb, is computed based on the overlap between

prediction of two components.

Algorithms for the approaches based on single part (SiamFC-MC) and multiple part (SiamFC-PMC)

models with motoin correction are presented in algorithms 5 and 4 respectively.

5.6 Experiments and Results

The proposed approaches are benchmarked on multiple datasets like VO72018, VOT2019, OT B2015
and U AV'123 2.4. Evaluation paradigms corresponding to each dataset as provided in GOT-10k bench-
marking tool is used for VOT2019, OT B2015 and U AV'123 datasets. The VOT toolkit is used for the
evaluation on VOT2018 dataset. The accuracy, robustness and expected average overlap values are
evaluated for VOT2018 and VOT2019 datasets. The precision and success plots are evaluated for

OT B2015 and U AV'123 datasets.

5.6.1 Quantitative Analysis

Higher values of accuracy and expected average overlap (EAO) (1) and lower value of robust-
ness (]) indicate better performance. The proposed tracker outperformed the baseline SiamFC tracker
in terms of both accuracy and EAO. On VOT2018 dataset the proposed single part model SiamFC-

MC outperformed the baseline tracker SiamFC in both accuracy (from 0.5002 to 0.5121) and expected
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Algorithm 4 SiamFC — PMC

Input Z,, bb]
+

*
Output bb,

1: bba_ - [-’I;07y07u{07 ho} _

2: Define bb0+1 = |xg — @, Yo — ZO, u;o’ h20 I? = extractROI(Zy, bb 1)
[ w ho wo h

3: Define by, = |20+ — 90 = =, 5" 20 : I = extractROI(T,, bbgy)
W ho wo h

4: Define bb, = |z — %, Yo + 40, “;0, 20 : Z9 = extractROI(T,, bbyy)
— w h h =

5: Define bbyly = |a0+ — 40 + ', %, o |; I = ewtractROI(Zo, bby)
= h =

6: Define bbg5 = |xg, Yo, U;O, 20 IQ = extractROI(Z,, bb 5)

7: while t < (nT) do > Loop through sequence

®

(U(t 1> V(t-1)) = ¢LiteFiow(Lt—1,ZLt)

9: bb(t 1) = %=1, Y1) Wie—1)s he—1)]
*x +

100 I¥ = extractROI(Z,, bb, ;)

11: 1=0 i w
12: for x « T(t—1) = (t=1) to z;—1) + (t=1) do
b h—1
13: fOI'y(-y(t_l)— (2 ) toy(t 1)+ (2 ) do
Wir_1y P
18 by, = [y%%l
15: IE@' = extractROI(Z;,bbti)
16: St (z,y) = ¢<I?,In> Sua(w,y) = §(ZF, %), Sus(w,y) = $(ZF,I5,),
17: Sua(w,y) = §(TE, IL), Sus(w,y) = - $(ZE,Ih) ,
w
18: Sti(b’v,y) = w XSt“(aj 20,y— 20)+w2 XStiQ(IE—F?O,y—?O
ho ho
19: w3 X Syz(r — %,er 5 —) + wa X Sia(zx + %,yvt 5 —) + ws X Sys(z, y)
Li—1
20: PM = {(z,9) 1) + (Uealz,y], Vialz,9]), (2, 9)i1 € P, }
21: st = I;szB?’I, =i+1
22: end for
23: end for
24: Generate the set J;.
25: if J; # o then
% T
26: bb, :=bb}, ;i* = argmax s}/ € SM
1€Jy
27: else
*
28: bb, :=bb/, ;i* = argmaxs} €S,
i=1,..k
29: end if

30: end while

TH-3232_146102001

117



5. Siamese Network based Tracking

Algorithm 5 SiamFC — MC
Input Z,), bbar
% t

Output bb,

1: Define Z© = extract ROI(Zy, bbg‘)
2: while t < (n”) do > Loop through sequence

3 (U(tfl)a V(tfl)) = (z)LiteFlow(It—let)
* +

4 bby ) = [T 1), Y1) W(e-1) h(—1)]

_—
s:  IY = extractROI(Z;,bb, )
6: 1 =20
M
7: bb, 1= [z 1,y—1, w1, 1]
W W
8: for z < x(_q) — (t2 Y to ZTe-1) + (=1 4o
h—1 h-1
9: fory < yu—1) — (2 ) to Y1) (2 ) do
w1 h-1 hii—1
10: bby = [z + (2 ),y+ (2 ),w(tq), =D
11: T¢ = extractROI(Z;, bbti), Sy = ¢(T9,I%)
wt—1
12: 7Dtjw = {(:E, y)(t—l) + (Utfl[‘r, y]a Vt—l[x7 y])a (l’, y)t,1 € P»L }
M .

13: s = (g i= i+ 1

14: end for

15: end for

16: Generate the set J;.

17: if J; # o then

*x T+
18: bb, :=bb}. ;i* = argmax s}/ € SM
i€Jy
19: else
*
20: bb, :=bb}, ;i* = argmaxs} €S,
i=1,...k

21: end if

22: end while
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5.6 Experiments and Results

average overlap (from 0.188 to 0.2013) but, with a degradation in robustness (from 2.0249 to 2.436).
On VOT2018 dataset, the proposed multiple part model SiamFC-PMC outperformed the single part
tracker SiamFC-MC in both accuracy (from 0.5121 to 0.5165) and EAO (from 0.2013 to 0.2161), but with
reduced robustness (from 2.436 to 2.713). Performance comparison on VVO7T'2019 dataset is provided
in table 5.2. On VOT2019 dataset, proposed multiple part model SiamFC-PMC outperformed the sin-
gle part tracker SiamFC-MC in accuracy (from 0.5093 to 0.5156), Robustness (from 53.6017 to 49.6676)
and EAO (from 0.1845 to 0.1907).

The tracker performance was compared with 19 trackers available in V072018 and VOT2019
challenge [127,211]. They include ASMS [71], CSRDCF [307], DCFNet [308], DSiam [127], DeepC-
SRDCF [127], DSST [62], ECO [1271, FoT [1271, KCF [60], LIAPG [31], MBSiam [127], MIL [36],
RAnet [127], SiamFC [10], SiamRPN [144], SiamVGG [139], SRDCF [64], Staple [127], UpdateNet [127],
SiamMask [149], TADT [200], SSRCCOT [211], M2C2F [211], SiamRPNX [211], TDE [211], RSi-
amFC [211], RankingT [211], FSC2F [211], DPT [211]. Most of the trackers compared are selected
based on their state of the art performance and popularity. Some traditional tracking algorithms are
also selected for comparison. Table 5.1 shows the comparison of the proposed trackers with bench-
mark trackers in VOT'2018 challenge. Figures 5.9 and 5.10 shows the expected average overlap mea-
sure and accuracy robustness (¥ 4r) respectively of different baseline trackers on VOT'2018 dataset.
Best trackers are to the top right corner of ¥ 4. Plot 5.11 shows the variation in average IOU with
the threshold.

The performance curves of the proposed tracker (SiamFC-PMC) on 100 sequences from OT' B2015
dataset are shown in Figures 5.12 and 5.13. For comparison with other trackers on O7T'B2015 dataset,
the plots are shown in Appendix A.2. Performance curves of SiamFC-PMC tracker on U AV'123 dataset

are shown in Figures 5.14 and 5.15.

5.6.2 Qualitative Analysis

Tracking outputs on some sequences from VO7T'2018 dataset are shown in Figure 5.16. The pro-
posed tracker was able to adapt to scale changes of the object. Motion information helped in im-
proving the performance as compared to the baseline tracker. Baseline SiamFC uses only single part
appearance information for object tracking. Proposed modification with motion information showed
improved performance on VOT2018 and VOT2019 datasets. These results are presented in Tables 5.1

and 5.2 respectively. The re-ranking strategy helped in selecting better candidate proposal resulting
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5. Siamese Network based Tracking

A-R rank
Accuracy(1) | Robustness(]) | EAO(1)
ASMS 0.4884 2.250 | 0.1692
CSRDCF 0.4846 0.985 | 0.2561
DCFNet 0.4647 1.944 | 0.1825
DSiam 0.5089 2.507 | 0.1963
DeepCSRDCF 0.4827 0.985 | 0.2926
DSST 0.3895 5.430 | 0.0788
ECO 0.4758 1.117 | 0.2805
FoT 0.3901 4.190 | 0.1299
KCF 0.444 2.577 | 0.1349
L1APG 0.4209 8.066 | 0.0693
MBSiam 0.5242 1.795 | 0.2411
MIL 0.3847 3.933 | 0.1183
RAnet 0.4419 2.658 | 0.1415
SiamFC 0.5002 2.0249 0.188
SiamFC-PMC 0.5165 2.713 | 0.2161
SiamFC-MC 0.5121 2.436 | 0.2013
SiamRPN 0.5779 1.110 | 0.3827
SiamVGG 0.5254 1.193 | 0.2865
SRDCF 0.4802 3.31 | 0.1189
Staple 0.5244 2.507 | 0.1694
UpdateNet 0.509 1.771 | 0.2436

Table 5.1: Performance comparison on VOT2018 dataset with the baseline scheme in VOT2018
toolkit. Evaluation is done on 60 sequences available in the dataset. Experimental results show
improvement over the baseline tracker. Proposed trackers are highlighted in bold and italics font.
Evaluation is done with VOT toolKkit.
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Figure 5.9: Expected overlap on baseline experiment of VOT2018 toolkit.
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5.6 Experiments and Results

AR plot §or experiment baseline (weighted_mean)
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Figure 5.10: Accuracy robustness rank from VOT'2018 toolkit. Better performing trackers are towards
the right and top of the graph.
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5. Siamese Network based Tracking

Success plots of OPE
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Figure 5.12: Overlap plot of siamese tracker on Figure 5.13: Precision plot of siamese tracker on
100 sequences of OT'B2015 dataset.
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Figure 5.14: Success plot of siamese tracker on Figure 5.15: Precision plot of siamese tracker on
123 sequences of U AV 123 dataset.
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5.6 Experiments and Results

A-R rank EAO
Overlap | Failures EAO
SiamFC-PMC 0.5156 | 49.6676 | 0.1907
SiamFC-MC 0.5093 | 53.6017 | 0.1845
SiamFCOSP [211] | 0.5008 | 71.7348 | 0.1707
SiamMask [149] 0.5907 0.2856
SiamRPNX [211] | 0.5190 | 35.7638 | 0.2237
RSiamFC [211] 0.4659 | 58.7354 | 0.1627
NCC [211] 0.4636 | 173.0405 | 0.0846
CSRDCF [307] 0.4916 | 40.7859 | 0.2014
KCF [60] 0.4377 | 78.3864 | 0.1135
MIL [36] 0.3884 | 78.6186 | 0.1201
Struck [76] 0.4120 | 100.9718 | 0.0963
SSRCCOT [211] 0.4895 | 33.2756 | 0.2330
ASMS [71] 0.4731 | 55.2126 | 0.1595
FoT [127] 0.3643 | 77.7202 | 0.1290
M2C2F [211] 0.4770 | 47.1829 | 0.1767
L1APG [31] 0.3936 | 147.7971 | 0.0801
TADT [200] 0.5123 | 40.6218 | 0.2066
TDE [211] 0.5298 | 29.0514
RankingT [211] 22.5801 | 0.2698
DPT [211] 0.4832 | 60.1490 | 0.1587
FSC2F [211] 0.4711 | 48.5677 | 0.1850

Table 5.2: Performance comparison on VO72019 dataset. Evaluation is performed on 60 sequences
available in the dataset. Experimental results show reasonable performance with respect to other
trackers. Top 3 performances are highlighted in red, blue and respectively. Proposed trackers
are highlighted in bold and italics font. Evaluation is performed with GOT-10K toolkit.

in performance improvement. The multiple part-based model further improved the performance by
providing varied importance to different parts of the target object region.

One of the hyper-parameters to the algorithm is the threshold s/ € [0, 1] that controls the influence
of motion on appearance component. A value of s}/ = 1 nullifies the motion component and the
tracker runs as an appearance only one. As the value of s} is increased, it reduces the influence
of motion information in the ensemble. The proposed tracker was adaptive to the scale changes of
the object but, not to in-plane object rotations. Thus, the prediction output is always an upright (or

axis-aligned) bounding box.
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5. Siamese Network based Tracking

torinc | 2oo0s

Figure 5.16: Each row shows the respective outputs of visual tracking on sequences from VOT2018 dataset.
Groundtruth is marked in green and tracker prediction is colored red.
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5.7 Discussions

5.7 Discussions

In this chapter deep neural networks and their representational ability is explored to develop the
tracking algorithm. Appearance feature based algorithm performed good among its peers. Proposed
modification of inclusion of complementary motion improved trackers performance as highlighted
by the experiments. Further improvement was brought in with the part-based object model. Pro-
posed tracker with multi-part object model and complementary motion information outperformed the
baseline tracker and showed competitive performance in comparison with other deep learning based
trackers.

Proposed tacker always predicts an upright bounding box irrespective of the in-plane rotation of
the object. A future extension can include prediction of oriented bounding box instead of upright
ones. Currently, off-the-shelf models are used without further learning. Such an approach might not
be optimized for the ensemble. Motion information can be embedded along with appearance to train
a network in an end-to-end fashion. Such a multi-modal approach might improve overall robustness

of the tracker against different challenges.
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6. Conclusion

Tracking algorithms belonging to both classical approaches and deep learning based techniques
were explored in this thesis. The tracker proposals following the classical approaches have constructed
models using distributions of color intensities and sparse codes. These models are learned for both
object and its immediate background. The target localization was performed with a modified meta-
heuristic search based on Firefly algorithm. Better tracking performance was achieved with deep
features extracted from a siamese network. Here, the localization was performed in a brute force
manner performed with the convolution operation. Effectiveness of motion information as a comple-
mentary component to appearance in an ensemble is explored. Experimental results support the use
of motion information as a complementary component to appearance in tracking. The contributions

of the thesis are briefly summarized next.

6.1 Summary

Chapter 3 has proposed the use of color distribution obtained from the target and its immediate
background to construct the object model. Explicit modeling of immediate background of target
helps in capturing contextual information. This is used in refining the object model as well as to
define an objective function that searches for the target while also looking at the context. It can
be observed from the experimental results that the inclusion of background information improves
the tracker performance. Color distribution (obtained from entire object region) is a global feature
and has limited spatial information of object appearance. The objective function with contextual
component is used to overcome the impact of scaling due to the limited structural information as
well as to improve robustness against presence of background information in target model. A meta-
heuristic search strategy in breeding swarm framework was proposed for object localization. Extensive
experiments were conducted to compare different evolutionary search and swarming technique based
algorithms. Finally, a combination of Firefly Algorithm and Real-coded Genetic Algorithm is proposed.
The incorporation of solution breeding (using RGA) into firefly population was observed to provide
the best localization performance.

The object appearance can be represented by its colors and also from its structure. Arrangement
of pixels in local neighborhoods decides the structure component of object appearance. Chapter 4
presents the second tracker proposal where the spare representation of vectorized image patches were

explored to capture the structural information. First, the patch vectors are clustered to identify unique
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patterns from the object and its immediate background. This is followed by dictionary learning with
cluster specific atoms. The overall dictionary was defined from both object and background atoms to
have the representational power for both. Object model in generative and hybrid approaches were
proposed. The models were defined as distribution of sparse code coefficients. The hybrid approach
had an additional classifier which down weighed the background information in the target model.
Localization objective function was defined on the similarity between target and candidate models in
the hybrid approach. In the generative model, explicit use of target model is avoided and the objective
function was solely derived from the candidate model. Structural information was captured with the
sparse coefficients. The target localization was performed by FRGA. However, some flexibility was lost
as compared to color distribution based model. This was observed as lower performance of the sparse
representation based tracker.

The tracker proposal presented in Chapter 5 explored the framework based on siamese networks.
A better object appearance representation was obtained by using deep feature embeddings obtained
from a pretrained convolutional neural network (here, VGG-16). The embedding(s) obtained from the
target appearance is (are) compared (through correlation) against embeddings of candidate regions
from within a search image region. This provides a correlation scoremap (localization confidence)
for all possible candidate regions within the search image. This chapter explored both single and
multiple part based object models. The multi-part object model was proposed to counter occlusions
and positional weights were assigned to each object part. More weight was assigned to the central
part (compared to peripheral ones) for handling partial occlusions. Experiments results showed that
the siamese network based tracker proposal significantly outperformed the other two proposals.

Three tracker proposals were presented based on three different appearance features. These are
(a) object color distribution (Chapter 3), (b) sparse code distribution of vectorized object patches
(Chapter 4), and (c) deep network (VGG-16) embeddings of object parts (Chapter 5). Motion infor-
mation is considered to be complementary with respect to appearance cues. Thus, the predictions
of appearance based tracker and inter-frame dense motion were combined in an ensemble frame-
work. The motion was estimated either by using classical optical flow techniques (Chapters 3 and 4)
or by employing flow networks (Chapter 5). Experimental results demonstrated that motion based
refinement led to performance improvement of all three proposed appearance based trackers. It was

observed that, the multi-part siamese network based tracker with motion refinement provided the best
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performance (Table 6.2). A comparison of the different approaches proposed is given in Table 6.1.

Color Sparse Deep
Tracker  (Chap- Tracker (Chap- Tracker (Chap-
ter3) ter4) ter5)

Features Color inten- Learned from Learned from
sity based and the limited data large data and
handcrafted available in initial derived from

frame a pre-trained
model.

Localization

Technique Heuristic Heuristic Brute Force

Object Model

Generalization | Good Limited Best

Table 6.1: Comparison of all the different approaches proposed.

The representational power of the sparsity-based approach and the deep network-based method
differ on account of their access to training data. In a sparse framework, the training data is prepared
from the first frame only. This restricts the availability of diversity in both positive (target object) and
negative (background) class. On the other hand, the Siamese network-based approach uses pre-trained
deep networks for generating image features. These deep networks are trained on large corpuses (for
example, ImageNet dataset) for the task of image classification. Such datasets contain a large number
of object categories with diverse scene background. This enables the pre-trained deep network to gen-
erate rich image representations. Such representations can handle the variability in the positive class
as well as provide discrimination against other classes. This is also evident from the tracking results
as the Siamese network-based tracker significantly outperforms the sparsity-based one.

A summary of performances of all the proposed trackers (on VOT2018 dataset) is presented in
Table 6.2. The Accuracy-Robustness plot is shown in Figure 6.1 and the expected average overlap plot
is shown in Figure 6.2. Visual output of all proposed trackers on some sequences from VOT2018 is
shown in Figure 6.3.

From the experiments conducted on trackers belonging to classical and deep learning approaches,
it is observed that deep feature embedding based trackers significantly outperform the classical ones.
Also, use of motion as a complementary component to appearance aids in improving tracking perfor-

mance.
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6.1 Summary

Name Accuracy T Robustness | EAO 1
CWCD+FRGA 5.521
CWCD+FRGA+MOTION 0.397 0.086
DSC+FRGA 0.332 6.477 0.055
DSC+FRGA+MOTION 0.349 5.814 0.062
CWDSC+FRGA 0.351 6.396 0.055
CWDSC+FRGA+MOTION 0.359 5.640 0.066
SiamFC-MC 0.507 2.291 0.204
SiamFC-PMC 0.5165 2.713 0.2161
Table 6.2: Comparison of proposed trackers on VVOT'2018 dataset. Best, second best and third best are
highlighted in red, blue and respectively.
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Figure 6.1: Accuracy-Robustness plot of tarckers , CWCD+FRGA+MOTION, s
, CWDSC+FRGA+MOTION, SiamFC-MC, . SiamFC-PMC per-

forms the best in both accuracy and EAO
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Figure 6.2: Expected average overlap plot of trackers CWCD +FRGA , CWCD+FRGA+MOTION,DSC+FRGA,
, CWDSC+FRGA, CWDSC+FRGA +MOTION, SiamFC-MC,
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6.1 Summary

Figure 6.3: Each row shows the respective outputs of the proposed trackers on sequences from VOT2018
dataset. The ground-truth is marked in green and the predicted bounding boxes of proposed trackers
CWCD+FRGA+MOTION, , SIAMFC-PMC in different colors.
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6. Conclusion

6.2 Future Work

It is hard to design a single tracking algorithm capable of handling all forms of tracking challenges.
This can be concluded from existing works in the tracking literature and the observations from exper-
iments conducted in this thesis. Based on observations from the experimental results of the three

tracker proposals, the following are identified as potential future extensions of the present work.

» Appearance changes of the object and complex background create challenging scenarios for a
tracker. A model update strategy is necessary to adapt to the appearance changes of the target
as well as background. This is applicable to all the three tracker proposals. An automated com-
ponent with a confidence score guided update of target and immediate background models may
be explored [112]. Additionally, a scheme can be designed to learn optimal update parameters

from data to minimize the chances of future tracker drift.

* Ensemble of trackers using complementary features is observed to provide improved perfor-
mance. This work performed motion information based refinement of appearance tracker predic-
tions. A potential extension to this work would be to learn the combiner. For example, networks

can be learned from data to combine the spatio-temporal features or their predictions [309].

» Existing works in the tracking literature have proposed several approaches to counter specific
challenges. For example, certain works have focused on illumination changes [310-312] only,
while some attended to geometric deformations [61, 71, 149] or occlusions [15, 31,313]. A
multi-label classifier can be designed to identify the challenges in a set of frames. During oper-
ation, an ensemble of appropriate trackers can be deployed depending on the set of prevailing

challenges [69,107,108] in a given frame.

* The siamese network based tracker explored in this thesis is limited to predicting only upright
(or axis aligned) bounding boxes. This can be replaced with segmentation networks to obtain

object mask predictions for better localization [149, 193, 208].

* Recent visual transformer based networks can be explored for defining better tracking algo-

rithms [175, 205, 206, 209].
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A. Benchmarks

A.1 VOT2018 Baseline Trackers

Name A R EAO Name A R EAO
ALAL 0.5267 23.2 0.3889 L1APG 0.3961 | 91.8333 | 0.1946
ANT 0.4364 | 33.3333 | 0.3855 LADCF 0.4884 | 7.6667 | 0.1922
ASMS 0.474 | 29.1667 | 0.3836 LGT 0.3942 | 34.8556 | 0.1875
BDF 0.3668 | 54.8333 | 0.3784 LSART 0.4818 11.2 0.1872

BoVW CFT 0.476 | 22.8333 | 0.3761 IWDNTm | 0.4442 17 0.1828
BST 0.2579 | 39.6222 | 0.3549 || LWDNTthi | 0.456 17.5 0.1733

C3DT 0.5111 | 23.8333 | 0.345 Matflow 0.3809 61 0.1713
CCOT 0.4643 | 17.6667 | 0.3388 || Matrioska | 0.3969 | 88.8333 | 0.1688
CFCF 0.4813 | 15.3333 | 0.3373 MBSiam 0.5101 21.1 0.1683
CFTR 0.4769 | 13.8333 | 0.3274 MCCT 0.5226 | 14.8333 | 0.1683

CPT fast 0.4995 15.5 0.2979 MIL 0.3675 50 0.1554
CSRDCF 0.4676 18.5 0.2964 MRSNCC 0.3184 | 68.5444 | 0.1543

csrtpp 0.4541 | 16.1667 | 0.2929 PBTS 0.3612 | 32.5556 | 0.1523

CSTEM 0.4447 22.3 0.2872 RAnet 0.424 | 35.3444 | 0.1443
DAT 0.4037 | 33.8333 | 0.2862 RCO 0.4982 | 8.1667 | 0.1442

DCFCF 0.4572 17.5 0.2808 R MCPF 0.4874 | 19.3333 | 0.1414
DCFNet 0.4632 28 0.2805 RSECF 0.458 | 25.1667 | 0.1385
DeepCSRDCF | 0.4657 | 14.6667 | 0.2733 SAPKLTF | 0.4727 | 29.3333 | 0.1377
DeepSTRCF1 | 0.5043 | 10.8333 | 0.2673 || SASiam P | 0.5011 | 15.8333 | 0.1351
DensSiam 0.4477 37 0.2637 || SA Siam R | 0.5372 13.5 0.1301
DLSTpp 0.5359 | 12.0667 | 0.2609 SiamRPN | 0.5684 | 14.6667 | 0.1179

DPT 0.4657 33 0.2576 || SiamVGG | 0.5177 | 16.1667 | 0.1176
DRT 0.4973 10.5 0.2568 SRCT 0.5115 15.5 0.116
DSiam 0.5037 32 0.2563 SRDCF 0.4794 | 46.8333 | 0.096
DSST 0.3904 | 67.8333 | 0.2477 || srdcf deep | 0.4752 34 0.0926
ECO 0.463 | 15.3333 | 0.2442 srdef dif | 0.4651 44.5 0.092
FoT 0.3697 50.5 0.2422 Staple 0.5134 | 31.8333 | 0.0822
FragTrack 0.3644 | 81.6667 | 0.2334 STBACF 0.4577 | 37.6667 | 0.0793
FSAN 0.5424 | 16.1889 | 0.2255 || struck2011 | 0.4022 | 59.1667 | 0.0761
IVT 0.3787 | 75.1667 | 0.2097 TRACA 0.4411 | 40.8333 | 0.0695
KCF 0.4522 35.5 0.206 || UpdateNet | 0.4999 | 22.1667 | 0.0685

Table A.1: Results of trackers on VOT2018 dataset as provided by VOT challenge evaluated with
GOT-10K toolkit .
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A.2 OT'B2015 Baseline Trackers

A.2 OTB2015 Baseline Trackers
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List of Publications

Conferences

1. M. Francis and P. Guha, ‘Siamese Fully Convolutional Tracker with Motion Correction.’ in Inter-
national Conference on Pattern Recognition, 2020, pp. 2218-2225.

(Chapter - 5)

2. P. Kate, M. Francis, and P. Guha, ‘Visual Tracking with Breeding Fireflies using Brightness from
Background-Foreground Information.” in International Conference on Pattern Recognition, 2018,
pp- 2570-2575.

(Chapter - 3)

3. M. Francis and P. Guha, ‘Object Tracking with Classification Score Weighted Histogram of Sparse
Codes.’ in International Conference on Pattern Recognition and Machine Intelligence, 2017, pp.
162-169.

(Chapter - 4)

4. R. Rajesh, M. Francis, and P. Guha, ‘Tracking Under Scaling and Rotations Using Stochastic Mean

Shift.” in India Council International Conference, 2015, pp. 1-6.

5. M. Francis, R. Ratnakaram, and P. Guha, ‘PD-Shift: Patch Detector Shift based Tracker.” in Na-
tional Conference on Computer Vision, Pattern Recognition, Image Processing, and Graphics,

2015, pp- 1-4.
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