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Abstract

Object tracking is one of the most complex tasks in the field of computer vision. Although
there are many deep learning-based algorithms designed to tackle issues such as occlusion,
low visibility, and scale changes, they typically require large amounts of data, powerful pro-
cessing capabilities, and extensive training time. On the other hand, conventional algorithms
like KCF, TLD, and BOOSTING might not be effective at tracking objects consistently.

In order to bridge the existing gap, the primary focus of this study is to minimize the
computing resources, training data, and training times required for object tracking. To ac-
complish this, a novel machine learning-based one-shot meta-learning approach has been
proposed. The model combines traditional tracking algorithms, leveraging their predictions
as inputs that are then refined through the machine learning model to improve overall per-
formance.

The evaluation of the proposed model on the VOT2015 and OTB50 datasets confirms
its exceptional performance compared to existing deep learning-based approaches, offering a
promising solution for the intricate challenges of object tracking in computer vision. By ef-
fectively combining traditional methods with machine learning techniques, this approach not
only showcases impressive effectiveness but also underscores its potential to provide robust
and resource-efficient object tracking solutions for real-world applications.

Keywords: Computer Vision, Object Tracking, Machine Learning
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Chapter 1

Introduction

Object tracking is a fundamental aspect of computer vision, enabling the estimation and
monitoring of object positions and trajectories in real-time scenarios. Its wide range of ap-
plications, including robot vision [26], automated surveillance [24], self-driving [6], defence
systems [2], and vision-based control [I2], has attracted the attention of researchers from
various fields. This process involves identifying and continuously monitoring moving objects
in video sequences, sort of like connecting the dots from frame to frame. Accurate object de-
tection is critical because it establishes the groundwork for estimating an object’s trajectory
over time, which is frequently represented as a series of bounding boxes.

The main tasks of a tracking system are searching and matching. The search process is
typically carried out by motion tracking models such as KCF [21], CSRT [82], MIL [13], TLD
[62], MedianFlow [I4], and MOOSE [i5], which capture the object’s speed and trajectory and
predict future locations based on incoming data. For the matching process, feature extrac-
tors and observation models are utilized. Numerous matching techniques have been proposed
for this purpose, including template matching, convolutional neural networks (CNNs) [29],
LSTM [30], SVM [d], dictionary-based template matching [I1], and the mean-shift algorithm
[60). Each of these methods has its advantages and disadvantages, which are discussed in
Chapter 2.

Real-time object tracking is a challenging task because of the dynamic nature of the
real-time system for example non-linear motion, non-rigid object deformation, blurriness,
illumination variation, scale variation, and occlusion. The demand for fast online processing
adds another layer of complexity to tracking in dynamic environments. Numerous object
tracking algorithms, including BOOSTING [17], KCF [21], CSRT [32], TLD [52], MEDI-
ANLOW [i4], MIL [13], MOOSE [i5], MDNet [38], DeepSRDCF [d8], EBT [53], SRDCF
(2], LDP [83], sPST [23], and SC-EBT [43] have been developed for object tracking, but
achieving real-time tracking remains a significant challenge. Various traditional trackers,
including BOOSTING (7], KCF [21], CSRT [32], TLD [52], MEDIANLOW [i4], MIL [13],
MOOSE [i5], are based on different algorithms, each having their own unique strengths and
weaknesses. Some prioritize speed over accuracy, while others are accurate and efficient but
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may run more slowly. Considering all these features in mind, Ive developed an innovative
real-time visual object-tracking solution that tackles challenges related to scale variation and
computational complexity. This research introduces a comprehensive system designed for
real-time object tracking that combines traditional tracking methods such as CSRT [32],
TLD [562], and MIL [I3] with sophisticated meta-learning approaches to intentionally design
and improve the precision and efficiency demands of real-time applications. This research
emphasizes the significance of using machine learning models as a meta-learner for tracking
and as a reliable method for object tracking in dynamic and non-uniform situations. I have
tested My proposed technique on the VOT 2015 [27] benchmark dataset and OTB 50 [47]
dataset , which outperforms existing deep-learning trackers.

The rest of the thesis is organized as, the previous work in the related domain has been
discussed in chapter 2, in chapter 3 and chapter 4 the thesis motivation and proposed method
is discussed. Experiment results and conclusion are presented in chapter 5 and chapter 6
respectively.



Chapter 2

Literature Review

Object tracking has multiple roles in multiple types of domains, including security and surveil-
lance systems that use visual data, self-driving cars, traffic management, enhanced medical
therapy, customer behavior analysis, interactive game design, and futuristic visual effects.
While many algorithms, such as KCF, MIL, CSRT, TLD etc., have been developed for this
purpose, but their real-time performance is still frequently lacking. Real-world scenarios
present a variety of challenges, including fast motion, nonlinear motion, motion blur, oc-
clusion (partial or full), illumination variation, in-plane rotation, scale variation, and so on,
making it difficult to completely depend on a single tracker. Table P11 provides an overview
of these challenging situations.

Naiyan Wang et al. [28] classified the research conducted for this purpose, which included
the cutting-edge visual tracking algorithm, into five distinct components: motion model, fea-
ture extractor, observation model, model updater, and postprocessor. Figure 21 illustrates
a flowchart that represents the basic visual object tracker.

Yilmaz et al. [49] break down object tracking into three categories: point tracking, kernel
tracking, and silhouette tracking. The taxonomy of tracking methods is illustrated in Figure
2.

2.1 Point Tracking

In computer vision, point tracking involves tracking objects primarily by their point or cen-
troid coordinates while considering their previous states and motion characteristics. This
method is categorized into two main approaches: Deterministic and Probabilistic, as pro-
posed by Zhang [61].

The Deterministic approach predicts the object’s next position using precise calculations
and deterministic models like Kalman filters or template matching. While computationally
efficient, deterministic methods may struggle to detect complex motion patterns or occlusions.
In contrast, the probabilistic approach incorporates uncertainty into tracking by representing
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Illumination Variation In-plane Rotation

Motion Blur

Scale Variation Fully Occluded

Table 2.1: Different challenging situation

the object’s position as a probability distribution. Bayesian filters, for example, deal with
uncertainty in measurements and motion dynamics, making them resistant to occlusions and
noise. Both have unique capabilities, such as deterministic methods being useful for pre-
dicting motion and probabilistic methods excelling at dealing with uncertainty and complex
scenarios.



Literature Review

Input
Seqguence

¥

Motion
Model

Feature
Extractor

N

) |

Observation

p
. Model - |
.| Model

Y  Updater

\

J

Post-processor

I
-
L
-

Output J

L.

Figure 2.1: Basic flowchart of the visual object tracker

2.2 Kernel Tracking

In the Kernel Tracking method, one or multiple Kernels are defined based on the shape,
colour, appearance of the object. The motion of the object is determined by the motion of
the kernel which can be rational, translation etc motion. Kernel tracker can be categorized
into two types based on the selection of Kernel, Multi-view Based and Template-Based.

Kernels are selected from multiple views or perspectives of the object in Multi-view Based
kernel tracking, which allows for robust tracking even when the object’s appearance or view-
point changes significantly. This approach uses information from various perspectives to
improve tracking accuracy and robustness. On the other hand, Template-Based kernel track-
ing is the process of defining kernels based on a single template or representation of the
object. While simpler in concept, this approach may fail to track the object when it under-
goes significant appearance changes or occlusions. The selecting between Multi-view Based
and Template-Based kernel tracking depends on several factors, including the object’s ap-
pearance variability, tracking scenario complexity, and the computational resources allocated
for tracking.
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Figure 2.2: Taxonomy of the tracking methods

2.3 Silhouette Tracking

Silhouette Tracking represents objects with greater complexity and accuracy by capturing
their precise shapes. This method categorizes into two main types: Contour Evolution and
Shape Matching.

Contour Evolution in Silhouette Tracking refers to the continuous refinement of an ob-
ject’s boundary contour over multiple frames. Techniques such as active contours and level
set methods are used to allow the contour to evolve and align with the object silhouette.
This allows for accurate tracking even in challenging scenarios involving deformations or
occlusions. Shape Matching, on the other hand, is concerned with matching the extracted
silhouette of an object to predefined shape templates or models. The method determines
the best match between the object’s silhouette and the template by comparing features such
as curvature, angles, and moments, allowing for robust tracking in different conditions. The
decision between Contour Evolution and Shape Matching in Silhouette Tracking is deter-
mined by factors such as the object’s deformation characteristics, the presence of occlusions,
and the computational complexity acceptable for the tracking application. Each approach
has distinct advantages in capturing and tracking objects with complex shapes and dynamics.

Examples of all types of trackers and their examples are shown in Table 2.
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Category Subcategory Example(s)
Deterministic approach | Mean Shift Algorithm, MGE tracker
Probabilistic approach | Kalman Filter, Particle Filter, Unscented Kalman Filter

Point Tracking

Kernel Trackin Multi-view Based SVM
& Template Base Mean Shift Algorithm, KLT, Template Matching
. . Contour Evolution State space models, Heuristic methods, Contour tracking
Silhouette Tracking Shape Matching Hough transform, Histogram

Table 2.2: Different Categories of Tracking and Their Examples

Feature selection is the most important and difficult task in the object tracking process.
Different features mainly represent the object to the tracker model. Therefore a feature ex-
tractor is one of the main components of an object tracker. With respect to feature extractor
trackers can be categorized into two types, the Generative method and the Discriminative
method. Different features, their descriptor and related works are listed in Table P23

2.4 Generative method

The Generative model is based on the probability density of an object’s appearance in the
next frame, which is calculated using extracted features. Thus, feature extraction plays a
vital role in this tracking method. Illustrated in Figure P23, the framework of the Generative
model elucidates its operation. Common generative models include density estimation [19],
Gaussian mixed models [34], dictionary learning [16] [44], hidden Markov models [39], and
regression networks [[l]. These models use a variety of methods to estimate the probability
distribution of an object’s appearance, resulting in accurate tracking. Generative models,
which rely on extracted features, provide a versatile approach to object tracking, with appli-
cations ranging from surveillance to medical imaging.

Extract Define Probability | Modeling

Feature Density Target Output

Input
Sequence

Figure 2.3: Flow chart of Generative models

2.5 Discriminative method

The Discriminative model operates independently of data generation methods, focusing solely
on determining the error between object and background. It is primarily involved in binary
classification tasks, distinguishing between objects and backgrounds. At each step, the model
learns to distinguish between the two. This tracking method involves comparing the object’s
similarity between consecutive frames and detecting it in the current frame, also known as
pseudo-tracking or Tracking-by-Detection. Figure 24 illustrates the architecture of discrim-
inative models. Multiple instance learning (MIL) [I3], structured output SVM [4], boosting
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techniques [I8], ensemble classifiers [H] [45] [B] [87], and P-N learning [?5], TLD [52] are
some common examples. These models use a variety of strategies to achieve accurate object
detection and tracking, which proves useful in tasks such as surveillance and image analysis.

Next Frame

Positive
v constraint
_ ) Output
Input , Model - Update Model Sequence
Sequence ] Initialization

/ Negative
constraint
Background

Weight
Updare

Classifier >
P

Figure 2.4: Flow chart of Discriminative models

These days the two most important Discriminative models are the Correlation model and
the Deep learning model.

2.5.1 Correlation model

Correlation refers to the convolution of two signals in the field of signal processing, aimed to
find out whether the correlation exists or not.

In Computer Vision,this technique is to find out the exact location where the correlation

exists. If an image is defined by f and the template is denoted by h then the correlation is
given by

(f @ h)(t / f(T)h(t —7)dr (2.1)

f use for continuous signals, however, as the image pixels are discrete. Equation (2) is
use for correlation calculation, which is

(f @ h)( Z F(N)Y(N +n) (2.2)

One of the major problems in the correlation filter is time complexity, which is O(n?). To
overcome this problem, correlations are calculated in the frequency domain by simply trans-
ferring Fast Fourier Transform (FFT) or Discrete Fourier Transform (DFT). After finding

8
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Feature Feature Descriptor Advantage Disadvantage Example
Best for robustness to Cannot handle DAT [B3],
Color CN, CBP, CC photometric changes color change ASMS [a71],
Very efficient
. Haar-like, and computation MIL [i3],
Haar-like Hairlike extra time does not depend on Complex BOOSTING [i7]
the size of the object.
g;?giﬁm HOG, SHFT, Immune to geometric i CSR-DCF [3],
ORB and optical deflection KCF (2]
Feature
Invariance in grayscale
Texture Gabor wave, i . . -
Feature LBP, WLD and rotz.ltlon, Expensive computation TLD [67]
accuracy is good
Grayscale IH, HOL DF Easy to 1mplen.1€nt, Need . Sel.lsmve to Frag [17]
low computation power lightning changes.
Best feature extractor for | Expensive computation, | SiameseFC [{],
Deep Feature Conv. feat state-of-the-art model Some time need GPU CFNet [d0]
Motion Optical Flow Good for occlusion handle | Expensive computation | MedianFlow [i4]
. Improve robustness . . HOG LBP [dd],
Multiple Feature - and accuracy Expensive computation TOFF [56

illumination changes

Spatiotemporal Super-voxel, Pose change and Cannot track fully

information Super-pixel partiallyoccluded object occluded object

Shape - Low computational time - -

Depth 3D Immune to Fh‘lft and ) )
occlusion

Contour Fdge Less sensitive to ) )

Table 2.3: Different features, Features Descriptor and their Advantage, Disadvantage and

Example

the correlation, all the images are transferred back to the time domain by applying Inverse
Fast Fourier Transform (IFFT) or Inverse Discrete Fourier Transform (IDFT). This makes
the computation more effective with time complexity O(nlogn).

The general framework for correlation model visual object tracking methods, as summa-
rized by Chen et al. [I0], is shown in Fig PZ5. Examples of the most common correlation

models include:

e Minimum Output sum of Squared Error (MOSSE) [I5]

« Correlation Filter-based Trackers (CFT) [20]

» Average of Synthetic Exact Filters (ASEF) [§]

» Kernel Correlation Filter (KCF) [21]

o Tracking-Learning-Detection (TLD) [62] [P-N learning [Z5]]

« Collaborative Correlation Tracker (CCT)



Literature Review

l FFT
Correlation ¢ < FFT
Filter
Responce Out ut
FFT =

IFFT

Figure 2.5: A general framework for correlation model

2.5.2 Deep learning model

In the field of computer vision, Deep Learning (DL) based object tracking has become increas-
ingly popular in recent years. However, the implementation of deep learning models requires
significant computational power typically found in GPUs, resulting in limited portability
and challenges in achieving real-time performance. Nevertheless, these trackers demonstrate
superior accuracy compared to other tracking methods due to their strong decision-making
capabilities. Deep learning-based trackers are categorized into three main types: CNN-based,
RNN-based, and Discriminative deep learning tracker, as illustrated in figure 2.

Deep learning
based object tracking

l ,
Discriminative
CNN based RNN based deep
learning tracker

Figure 2.6: Classification Of Deep learning-based Object tracking

10
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CNN based

CNN (Convolutional Neural Network) is a powerful tool in deep learning, particularly for
image classification. Its strength comes from its ability to automatically extract meaning-
ful features from images. CNN-based algorithms, on the other hand, require a significant
amount of computational resources because CNN layers act as both feature extractors and
observation models. This high computational requirement reduces their efficiency, especially
on hardware like ARM processors commonly found in mobile devices.

CNN-SVM [22] is one of the first deep learning projects proposed by the Korean POSTECH
team, combining CNN with Support Vector Machines (SVM) for tracking purposes. While
CNN-based tracking is more accurate than other methods, it has limited hardware efficiency
and frequently relies on servers or desktop computers due to its computational complexity.

To tackle this challenge, researchers have proposed hybrid architectures that combine the
CNN architecture with Correlation Filters (CF) to enhance tracking speed. For instance,
Bertinetto et al’s CFNet [d0] blends CNN and CF to expedite tracking, albeit with a slight
compromise on accuracy. Remarkably, advancements like DCFNet 2.0 have achieved impres-
sive tracking speeds of 100 frames per second (FPS) on Graphics Processing Units (GPUs),
albeit often sacrificing accuracy. The Siamese architecture has become a popular choice
for deep learning-based trackers. Siamese architecture involves convolution of template and
input frames using the same network. The final layer is connected to a correlation filter,
which determines the object’s position and correlation. Figure PZ0 represents the Siamese
architecture-based deep learning tracking framework.

Template
B — e
— - m#
6x6x128 | » | Output
127x127x3
Input Frame
4 ;.' s
7 Vi 4 17x17x1
Input — > - y,
Sequence /
) 22x%22x128
255x255x3

Figure 2.7: Siamese architecture based Deep learning model

11
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RNN based

Recurrent Neural Networks (RNNs), also known as Long Short-Term Memory (LSTM), have
the unique ability to retain information from previous data, whereas CNN-based models rely
solely on the current input frame. The ability to include both current and previous input
frames improves the efficiency of tracking algorithms. For example, Gan et al. proposed a
novel visual tracking approach based on RNN, whereas Krishnan et al. created an efficient
tracker by combining RNN with the Kalman Filter, a method for estimating the state of
a dynamic system. Held et al. presented an RNN-based tracker known for its high frame
rate and ability to handle occlusions, which occur when objects are temporarily obscured
from view. Furthermore, Haarnoja et al. used the Kalman Filter in the backpropagation
process of RNN tracking models, which helped to improve performance. Overall, RNN-based
trackers take advantage of their ability to retain historical data, allowing them to effectively
track objects across frames and handle complex tracking scenarios.

Discriminative deep learning tracker

Despite the success of CNN and RNN-based trackers in achieving high tracking accuracy, re-
searchers are exploring alternative approaches, such as Discriminative Deep Learning Tracker
(DLT) techniques. DLT tracks objects by directly cropping images or frames, which simplifies
the tracking process. Wang et al. presented an efficient and robust DLT method, demon-
strating its usefulness in object tracking tasks. Building on this, Zhuang et al. proposed a
discriminative classifier with a shallow and deep architecture-based tracker, which is more
efficient than traditional DLT approaches.

Zhuang et al’s tracker combines the advantages of shallow and deep architectures, using
discriminative classifiers to improve tracking performance. This hybrid approach simplifies
the tracking process while maintaining high accuracy. By incorporating both shallow and
deep architecture components, the tracker improves efficiency, making it a promising solution
for real-world tracking applications.

Overall, Discriminative Deep Learning Tracker methods offer an alternative framework
in object tracking, that emphasise simplicity and efficiency. Wang et al. and Zhuang et als
contributions demonstrate the potential of such methods for enhancing existing CNN and
RNN-based trackers, providing a range of options for addressing tracking challenges with
varying computational resources and requirements.

2.6 Different Motion Models in Object Tracking

The tracker motion model or dynamic model can determine how an object moves. Which
can be categorized into two types, linear motion model and nonlinear motion model.
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2.6.1 Linear motion model

In a tracking system, the velocity of an object can be estimated using regression techniques,
enabling real-time motion analysis based on previous object movements. Andriyenko et al.
demonstrated a tracker capable of associating velocity with each object detection, facilitating
accurate velocity estimation during tracking tasks. Additionally, Collins introduced a linear
motion-based tracker in which objects are tracked with a constant velocity, providing a
simplified yet effective method for motion analysis.

2.6.2 Nonlinear motion model

In real-time scenarios, a simple linear motion model may not be sufficient to accurately
predict an object’s exact position. That’s where nonlinear motion models come in, providing
more accurate predictions. Researchers such as Dicle et al. and Yang et al. have proposed
robust multi-object trackers based on these nonlinear models. On the other hand, Yoon et
al. proposed using a linear motion model based on Relative Motion Network (RMN) camera
motion for robust tracking.

2.7 Different selection based trackers

Representative selection based trackers are categorized into four types, Dictionary-based
trackers, Ensemble-based trackers, Segmentation-based trackers and Circulant
trackers.

2.7.1 Dictionary-based trackers

Dictionary-based trackers utilise a dictionary that contained target templates of objects.
These trackers use this dictionary to predict the location of objects in new frames. Xing et
al. proposed combining long-term, mid-term, and short-term dictionaries to improve tracking
accuracy and robustness. Similarly, Wang et al. developed a robust tracking system based
on dictionaries. They proposed a modification to improve its performance further.

2.7.2 Ensemble-based trackers

Ensemble techniques are powerful methods that combine the predictions of multiple weak
classifiers to make strong classifications of objects. Cao and Xue introduced an adaptive
random forest approach, which maintains a collection of decision trees for target objects.
This method uses these trees to ensemble the objects and make predictions. Similarly, Bai et
al. suggested combining weak classifiers trained on 8x8 patches within the object’s bounding
box. They used weight vectors sampled from a Dirichlet distribution, which are updated over
time to improve accuracy. Wang et al. proposed a novel approach that combines ensembles
of different trackers using a conditional particle filter method.
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2.7.3 Segmentation-based trackers

Segmentation involves dividing images into similar regions, employing various algorithms
such as Mean Shift Clustering, Graph-Cuts, Normalized Cuts, and Active Contours. Yilmaz
et al. discuss different segmentation techniques utilized in tracking systems. Duffner et al.
introduced PixelTrack, which combines a co-trained probabilistic segmentation model with
a pixel-based Hough model to address object deformation. Segmentation methods can be
broadly categorized into Motion Segmentation and Foreground Segmentation.

Motion Segmentation

Motion Segmentation is commonly applied in surveillance tracking. In tracking sequences, the
majority of pixels remain static while target objects exhibit dynamic behavior. This tracking
model is advantageous due to its effectiveness and simplicity in approximating moving objects.

Foreground Segmentation

Foreground segmentation classifies pixels in an image into two categories: foreground and
background. In this tracker model, static objects like buildings and trees are classified as
Background, whereas objects that change over time are classified as Foreground. This con-
sideration is taken into account during the tracker’s development.

Circulant trackers

Circulant trackers leverage the circulant structure of adjacent subwindows of templates to cre-
ate an exceptionally fast-tracking system. Danelljan et al. introduced innovative attributes to
enhance performance on challenging sequences of frames. Henriques et al. developed a state-
of-the-art KCF model utilizing Gaussian kernel and histogram-of-oriented-gradients (HOG)
features, achieving a remarkable speed of 172 frames per second (FPS). Yao et al. presented
a part-based tracker employing online learning with structured SVM. Shen et al. proposed
a versatile boosting framework for integrating weak structured online learning trackers.

2.8 Offline and Online Object Tracking

Based on the way of trajectory generation, object trackers can be classified in two types,
Offline object tracking and Online object tracking.

2.8.1 Offline object trackin

In this type of tracker, the model is provided with the entire video sequence. Offline ob-
ject trackers build a graph that represents the tracking problem. Various methods can be
employed to solve this graph, such as K-shortest Path, Sub-Graph Decomposition based on
Multi-Cut, Min-Cost Network Flow, and Multi-Clique.
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2.8.2 Online object tracking

In offline object tracking models, all frames are provided to the model. Trackers predict the
next location of the object by computing the joint probability of the features and object
location. This probability distribution can be either Gaussian or non-Gaussian in nature.
Zhou et al. utilized a Gaussian mixture probability hypothesis density filter to estimate
the target object’s location. The Kalman filter-based tracker is among the most widely
used Gaussian trackers. Particle filter trackers are the most popular non-Gaussian trackers.
Various matching costs, such as those based on the Markov decision process, random forests,
and energy minimization, are employed for object tracking.

According to time accession tracker can be categorized into two types, Real-Time tracker
and Non-Real-Time tracker. Examples of some real-time and non-real-time object trackers
are shown in Table 2.

Table 2.4: Example of real-time and non-real-time tracking and their implementation method

’ Tracker \ Method \ Real-Time ‘
KCF Correlation Filter Y
OAB Integrated learning Y
CSRT Correlation Filter Y
MIL Online learning Y
MOSSE Correlation Filter Y
TLD PN-Learning Y
UKF8 Probabilistic approach Y
Mean Shift Kernel Tracking Y
Particle Filter Probabilistic approach Y
SANet Deep learning N
TCNN Deep learning N
PTAV Deep learning Y
SiamRPN Deep learning Y
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THESIS MOTIVATION AND
CONTRIBUTION

Various traditional object trackers, such as BOOSTING, KCF [21], CSRT [32], TLD [52],
MEDIANLOW [i4], MIL [13], and MOOSE [i5], rely on diverse algorithms, each presenting
distinct strengths and weaknesses. Some prioritize speed over accuracy, while others aim for
a balance between accuracy and efficiency, albeit at the expense of speed. In light of these
considerations, we have developed an innovative real-time visual object-tracking solution to
address challenges related to scale variation and computational complexity.

This research presents a comprehensive system designed for real-time object tracking,
which integrates traditional tracking methods like CSRT, TLD, and MIL with advanced
meta-learning approaches. My objective is to intentionally improve precision and efficiency
to effectively meet the demands of real-time applications. Central to my research is the recog-
nition of the significance of employing machine learning models as meta-learners for tracking.
These models offer a reliable method for object tracking in dynamic and non-uniform sce-
narios.

My proposed technique has been rigorously tested on OTB 50 and VOT 2015 benchmark
dataset. The results demonstrate that it outperforms existing deep-learning trackers. My ap-
proach enhances performance by integrating the strengths of traditional tracking algorithms
with meta-learning strategies, particularly in scenarios involving scale variation and compu-
tational complexity. This study advances the field of real-time object tracking by providing a
robust solution capable of meeting the changing demands of various applications in computer
vision and beyond.
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Proposed Methodology

In this research work, we introduce a meta-learning strategy for enhancing object tracking
performance, which integrates established trackers such as BOOSTING [17], KCF[21], CSRT
[32], TLD [52], MEDIANLOW [i4], MIL [13] and MOOSE [i5] with a Regression-based Ma-
chine Learning Model. The proposed algorithm is described in Algorithm 1. The initial phase
involves the independent operation of traditional trackers to predict the target object’s loca-
tion, offering diversity and adaptability across various tracking conditions. The input frame
and the target object are given to the base tracker independently, which makes the algo-
rithm more robust in different challenging situations. After that, we employ a meta-learner
to refine the predicted coordinates by integrating the strengths of individual trackers. The
meta-learner takes the concatenated output of the base tracker, which is [PL, P2, ..., PN].
In this research work, we use a machine learning-based regression model as the meta-learner,
as we have to find the coordinates of the target.

Adding the regression model improves overall tracking accuracy, especially in tough sit-
uations like when objects are blocked, change in size, or move suddenly. This proposed
methodology employs the meta-learning principle, where the model learns from the diverse
outputs of traditional trackers and adapts its predictions accordingly. This adaptive nature
allows the system to perform effectively and robustly under various tracking conditions. To
track the target more accurately, we also used the previous frame output as the input for
the meta-learner, so that it has some idea about the previous output, which leads to better
accuracy of the whole tracking system.

We select the base tracker according to the RMSE between the predicted value and the
ground truth and processing time, as shown in Table BZ1. We select the base tracker in such
a way that it can well balance both accuracy and processing time. The schematic diagram
of the proposed model is shown in Figure B
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One Shot Meta Learning

3 Tracker

Regrassion
Model

Tracker
N

—>

5N

P%%n tn ---—- Framein
P ---- Prediction From Base Model
N ---- No. of Model

ﬁ ---- Final Prediction

Figure 4.1: Flowchart of the one-shot meta-learning system: The tracker stores previous
tasks, guides meta-learning for regression model updates, and enables learning from the
predicted output.

Algorithm 1

Require: Object template, Input Frame

Ensure: Predicted center location of the target (z,y), Estimated object size (h,w)

Initialization:

Initialized base trackers

Initialized meta-learner

Initialized Template of the target

Position Estimation:

Calculate the target position using base trackers Py,

Concatenate the predicted position [P

if FrameNumber # 1 then
Concatenate predicted position given to the meta-learner

else
Previous frame object position and Concatenate predicted position given to the meta-

learner
. end if

1ty PN2tn7 X PNNtn]

—_ =
= O

—
N
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4.1 Experimental Setup:

The model has been trained and tested on a Google Collab virtual machine equipped with
Python 3.8.1 and Python OpenCV 4.8.0.76 library and a system configuration of Intel Core
i5, 1.60 GHz CPU with 8GB of RAM. Multiple video sequences with different challenging
conditions are tested with the proposed tracker. On the Visual Tracker Benchmark, the
proposed method is compared to fourteen existing tracking models, including BOOSTING
(7], KCF[21], CSRT [32], TLD [62], MEDIANLOW [14], MIL [13], MOOSE [i5], MDNet [38],
DeepSRDCF [d8|, EBT [563], SRDCF [12], LDP [33], sPST|[23] and SC-EBT[43], with different
properties such as Accuracy, Robustness, Speed, Adaptability, Handling of Occlusions, and
Real-time Performance. The tracking outcomes are evaluated using standard qualitative and
quantitative approaches, such as precision metrics, object tracking error, average expected
overlap (EAO), and success rate. These evaluations provide an in-depth analysis of tracking
performance, combining both quantitative and qualitative methodologies.

4.2 Data-set Description:

To maintain high academic standards, we need to use benchmark datasets to evaluate the
proposed object tracking algorithm. In this thesis, we have diligently chosen two well-known
and widely used benchmark datasets in the field of object tracking: the Visual Object Track-
ing (VOT) Challenges dataset and the OTB-50 (Object Tracking Benchmark) dataset.

The proposed model’s performance is evaluated using video sequences from the OTB50
and VOT 2015 Challenges datasets. The OTB50 dataset is composed of 50 short videos, each
showcasing a variety of challenging tracking scenarios. In contrast, the VOT 2015 dataset
contains 60 videos that have been carefully curated by combining information from various
sources, including the ALOV dataset, the OTB100 dataset, and other datasets that focus on
specific tracking challenges.

These datasets offer meticulously annotated video sequences, accompanied by ground
truth information regarding the precise object locations. The primary differentiation be-
tween the two datasets lies in the representation of the ground truth values. In the VOT
2015 dataset, the ground truth values are provided in the form of poly-lines, while in the
OTB dataset, they are represented as rectangular shapes.

These datasets contain videos with various challenges, such as fast movement, obstruc-
tions, shape changes, rotations, and complex backgrounds. This diversity allows for a detailed
and complete assessment of object tracking algorithms, helping researchers determine their
performance and versatility in different difficult tracking situations.
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Table 4.1: RMSE Value and Processing Time of different individual Based Tracker

Based Model RMSE Frame Rate (in second)
MIL [i3] 132 21.18
BOOSTING [i7] 150 29.15
CSRT[37] 171 20.10
TLD[57] 179 15.30
MEDIANFLOW/|(4] 222 513.82
MOOSE [[if] 272 2106.82
KCF[z1] 276 204.74

4.3 'Training Process :

The root mean squared error (RMSE) is calculated as the square root of the mean of the
square of all errors. RMSE is widely used and considered as an excellent general-purpose
error metric for numerical predictions.

_ ln 2 N2
RMSE = nzls O (4.1)

The first column of the Table B shows that MIL, BOOSTING, CSRT, and TLD trackers
perform better results than MEDIANFLOW, MOOSE, and KCF in terms of RMSE value.
And the second column represents the Frame Rate of every based model, which is basically
number of frames process per unit of time. Based on that result, we select the base model
that initially predicted the bounding box in the first training. As shown in this Table B,
it basically indicate that, MOOSE, KCF and MEDIANFLOW gives low accuracy but fast
processing speed. On the other hand, MIL, BOOSTING, CSRT and TLD give high accuracy
but low processing speed.

The experimental results in Figure B show how My meta-learning technique improves
object tracking in computer vision applications. By utilizing meta-learning, My model not
only improves tracking accuracy but also provides a dependable and adaptable solution to
real-world tracking challenges. This research opens up new door for the development of more
sophisticated and resilient object-tracking systems in diverse environments at very minimum
processing time.

Figure B2 illustrates My training procedure. To ensure diversity, we first collect predicted
coordinates from based trackers. Then we apply these coordinates as an input of a regression
model to improves accuracy constantly in challenging tracking scenarios.

We employ traditional trackers such as BOOSTING, KCF, CSRT, MIL, TLD, Median-
Flow, and Moose in My methodology. The specific combination of these trackers depends
on the desired balance between accuracy and processing speed. For instance, if prioritizing
higher accuracy, we opt for MIL, CSRT, BOOSTING, and TLD trackers as the base trackers.
Conversely, if faster processing speed is the priority, we select KCF, MedianFlow, and Moose
trackers.
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In this thesis, we analyze seven distinct combinations of base trackers. Among these, the
combination of CSRT, MIL, and TLD trackers is used to prioritize accuracy over processing
speed.

CSRT TLD MIL PREDICTED

Basketball

Blanket

Iceskaterl gymnasticsd

ball1

traffic

Figure 4.2: Tllustrates the process of proposed tracking on some videos taken from Visual
Object tracking benchmark dataset, VOT2015 [27].
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Chapter 5

Result Analysis

5.1 Qualitative Comparison :

A thorough qualitative assessment of the proposed model is carried out by analyzing the
Precision Plot, Center Location Error, Success Plot, and tracking results using bounded
boxes. This evaluation focuses on nine challenging video properties: Illumination Variation
(IV), Non-rigid Object Deformation (DEF), Partial or Full Occlusion (OCC), Low Resolu-
tion (LR), Fast Motion (FM), Motion Blur (MB), Scale Variation (SV), Background Clutter
(BC), and In-Plane Rotation (IPR). The aim of this analysis is to provide an understanding
of the model’s performance under diverse conditions and to evaluate its robustness and ef-
fectiveness across various tracking challenges shown in table bl

Attribute | Description
v [lumination in the target region is changed.
DEF Non-rigid Object Deformation.
0CC Target is partially or fully occluded.
IR The number of pixels inside the ground-truth bounding box is less than
tr (tr=400). tr = threshold of number of pixels.
The motion of the object is larger than tm pixels (tm=20).
FM :
tm = motion threshold.
MB The target region is blurred due to the motion of the camera
The average ratio of the bounding box size in the first frame to
SV the bounding box size in the current frame falls outside the range of [1/ts, ts],
where ts is the scale threshold, and ts is set to 2.
BC The background near the target has a similar color or texture as the target.
IPR Target rotates in the image plane.

Table 5.1: Different attribute description

The characteristics of the videos utilized in this thesis are presented in Table 5.2. For the
purpose of qualitative comparison, the Precision Plot, Center Location Error, Success Plot,
and Tracking Results by Bounding Boxes methods are employed.
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Video sequences name | Number of frames | Object Size | Challenging conditions
Basketball 724 34 x 81 IV, OCC, DEF, OPR, BC

Biker 142 16 x 26 SV, OCC, MB, FM, OPR, OV, LR
Bird2 98 69 x 73 OCC, DEF, FM, IPR, OPR
BlurBody 334 87 x 319 SV, DEF, MB, FM, IPR

BlurCar2 583 122 x 99 SV, MB, FM

Boy 602 35 x 42 SV, MB, FM, IPR, OPR

Bolt 348 26 x 61 OCC, DEF, IPR, OPR

Bolt2 291 34 x 64 DEF, BC

Carl 1018 66 x 55 IV, SV, MB, FM, BC, LR

Car4d 659 107 x 87 IV, SV

Car24 3057 27 x 24 IV, SV, BC

CarDark 391 29 x 23 IV, BC

CarScale 250 42 x 26 SV, OCC, FM, IPR, OPR

Crowds 347 22 x 51 IV, DEF, BC

ClifBar 470 30 x 54 SV, OCC, MB, FM, IPR, OV, BC
David 469 64 x 78 IV, SV, OCC, DEF, MB, IPR, OPR
Dancer 225 47 x 102 SV, DEF, IPR, OPR

Deer 71 95 x 65 MB, FM, IPR, BC, LR
DragonBaby 113 56 x 65 SV, OCC, MB, FM, IPR, OV
Freeman4 281 15x 16 SV, OCC, IPR, OPR

FaceOccl 892 114 x 162 0CC

Girl 498 31 x 45 SV, OCC, IPR, OPR

Girl2 1498 44 x 171 SV, OCC, DEF, MB, OPR

Human?2 1126 95 x 325 1V, SV, MB, OPR

Human4 665 27 x 82 IV, SV, OCC, DEF

Human6 790 18 x 55 SV, OCC, DEF, FM, OPR, OV
Human8 126 30 x 91 1V, SV, DEF

Ironman 166 49 x 57 IV, SV, OCC, MB, FM, IPR, OPR, BC, LR
Jump 120 52 x 182 SV, OCC, DEF, MB, FM, IPR, OPR
Jogging 307 25 x 101 OCC, DEF, OPR

Jogging 307 37x 114 OCC, DEF, OPR

Jumping 313 34 x 33 MB, FM

Liquor 1739 256 x 152 | IV, SV, OCC, MB, FM, OPR, OV, BC
Lemming 1334 61 x 103 IV, SV, OCC, FM, OPR, OV

Man 134 26 x 39 1A%

Matrix 98 38 x 42 IV, SV, OCC, FM, IPR, OPR, BC
MotorRolling 162 122 x 125 | IV, SV, MB, FM, IPR, BC, LR
Rubik 1997 73 x 74 SV, OCC, IPR, OPR

Skating2 471 64 x 236 SV, OCC, DEF, FM, OPR

Skater 158 39 x 137 SV, DEF, IPR, OPR

Tiger2 352 76 x 84 IV, OCC, DEF, MB, FM, IPR, OPR, OV
Twinings 472 74 x 55 SV, OPR

Woman 597 21 x 95 IV, SV, OCC, DEF, MB, FM, OPR
Walking 412 24 x 79 SV, OCC, DEF

Walking?2 500 31x 115 SV, OCC, LR

Table 5.2: Object properties used in this thesis
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5.1.1 Success Plot :

Ground Truth Box

Predicted Box Overlap Area
( ) (N

Figure 5.1: An illustration of Success Plot

Intersection Over Union (IoU) serves as a crucial metric for assessing the accuracy of object
tracking models. The IoU is computed by determining the overlap percentage between the
actual object’s location and the prediction made by the tracking model. This computation
is performed for every frame concerning the ground truth and the predicted bounding box.
IoU is given by the equation

(5.1)
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where R, is the area of the target rectangular box and R, is the area of the ground truth
rectangular box. N is known as Intersection, U is Union

Success Rate Plot
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Figure 5.2: A success rate comparison at different IOU thresholds of the proposed tracker
and different existing tracker in Visual Object tracking benchmark dataset (VOT2015) [27].
The different color indicates the different tracker as shown above

KNN Polynomial

LINEAR

Success is defined when the IoU surpasses a predefined threshold. To evaluate the tracker’s
performance, the threshold is varied within the range [0, 1], and the success rate is calculated
accordingly.

TP
Success Rate = TP L FPLFN (5.2)

where, TP = True Positive, TN = True Negative, FP = False Positive, FN = False Negative.
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The success rate plot is plotted against the threshold values vs success rate. A higher
success rate on the plot indicates better tracker performance. This emphasizes the robust-
ness and effectiveness of the proposed tracker. Figure b2 shows the success plots of different
existing models and the proposed model using various regression models. By presenting
these success plots, it becomes evident that the proposed tracker achieves superior results
compared to alternative models. This evaluation approach, based on varying IoU thresh-
olds and success rates, provides a comprehensive understanding of the tracker’s performance
across diverse scenarios. The Figure B2 shows that the success rate of meta-learner using
Decision Tree, Random Forest and KNN provide better results than other models in VOT
2015 benchmark dataset. On the other hand, Figure b=3, b, and b3 show success plots of
proposed model with different video sequences of the OTB50 dataset.
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Figure 5.3: Comparison of different tracker using Success plot in OTB 50 Dataset [47].
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Figure 5.4: Comparison of different tracker using Success plot in OTB 50 Dataset [47].

5.1.2 Center Location Error Plot :

The center location error is basically the Euclidean distance between the centroids of the
ground truth and the corresponding tracking result. Center location error is given by

Center location error = \/(xg —2:)2 4+ (Yg — yr)? (5.3)

The center location error plot is generated by plotting the center location error of each
frame against the frame number. The Figure b8 shows that the meta-learner using Decision
Tree, Random Forest, KNN and XGBOOST gives minimum error than other models in VOT
2015 benchmark dataset. On the other hand, Figure 674, b8, and 559 show success plots of
proposed model with different video sequences of the OTB50 dataset.
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Figure 5.5: Comparison of different tracker using Success plot in OTB 50 Dataset [47].

5.1.3 Precision Plot :

The Precision Plot is another widely used metric for measuring how often a tracker model
tracks correctly. It indicates the accuracy of the detected objects and how many detections
are correct. This plot is useful for observing the tracker performance but when tracker perfor-
mance cannot be tracked, it simply looks at the center location error plot. A center location
error plot is used to calculate the precision plot. In any frame if the center location error
is greater than the given threshold value, then it is considered a negative frame; else, it is
considered a positive frame. Precision is given by

Precisi True Positive (5.4)
recision = .
True Positive + False Positive

To create a Precision Plot, I calculate the precision for various threshold values, ranging
from 0 to 50. Thresholds above 50 are not considered, as they lead to excessive error de-
viation in the center location, making those values less useful. In the OTB Dataset, I have
employed a threshold value of 20. The Precision Plot helps me analyze how well the tracker
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Center Location Error Plot
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Figure 5.6: A center location error (Euclidean distance) comparison of the proposed tracker
and different existing tracker in Visual Object tracking benchmark dataset (VOT2015) [27].
The different color indicates the different tracker as shown above

performs in different scenarios. Figure b0 shows that the precision value of meta-learner
using Decision Tree, Random Forest, XGBOOST and KNN gives better results than other

models in VOT 2015 benchmark dataset. On the other hand, Figure 511, 512, and 613
show success plots of proposed model with different video sequences of the OTB50 dataset.

5.1.4 Tracking results :
Object with Blur and Non-rigid object deformation:

I have tested the proposed model’s robustness against blur effects using video sequences
like BlurCar3, BlurCar4, BlurFace, BlurOwl, Board, Box, Boy, ClifBar, David, Deer, Drag-
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Figure 5.7: Comparison of different tracker using Center location error in OTB 50 Dataset
[2].

onBaby, FleetFace, Girl2, Human2, Human7, Human9, Ironman, Jump, Jumping, Liquor,
MotorRolling, Soccer, Tigerl, Tiger2, and Woman. The CSRT tracker can handle blur to
a certain extent, but it may struggle with detection and require more time to calculate the
object’s location when the frame is very blurry.

For non-rigid object deformation, I have used video sequences such as Basketball, Bird1,
Bird2, BlurBody, Bolt, Bolt2, Couple, Crossing, Crowds, Dancer, Dancer2, David, David3,
Diving, Dog, Dudek, FleetFace, Girl2, Gym, Human3, Human4.2, Human5, Human6, Hu-
man7, Human8, Human9, Jogging.1, Jogging.2, Jump, Mhyang, Panda, Singer2, Skater,
Skater2, Skatingl, Skating2.1, Skating2.2, Skiing, Subway, Tigerl, Tiger2, Trans, and Walk-
ing. The CSRT tracker excels at handling shape changes in objects due to several key fea-
tures. It uses a specialized filter that considers various parts and areas of the object, making
it adaptable to shape and appearance changes. CSRT also combines features like color and
gradient to better distinguish the object from the background, resulting in improved track-
ing accuracy. The tracker continually updates itself to keep up with the object’s changing
appearance, and it employs spatial regularization to maintain the object’s correct position
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Figure 5.8: Comparison of different tracker using Center location error in OTB 50 Dataset
[B2].

even when it deforms.

However, some popular tracking methods like MIL, TLD, Boosting, MOOSE, KCF, and
MedianFlow have limitations when it comes to shape-changing objects. MIL struggles with
significant shape changes due to its use of multiple instances, while TLD, although good at
long-term tracking and handling obstacles, is not very adaptable to shape changes. Boosting
is not an ideal choice for tracking rapid shape changes, and MOOSE is primarily designed for
motion estimation, making it less suitable for handling changes in object appearance. KCF,
despite its efficiency, lacks the advanced feature integration and spatial regularization found
in CSRT, which makes it less effective for tracking shape-changing objects. MedianFlow is
great for tracking small and smooth movements, but it may not perform well with signifi-
cant deformations or rapid changes. By using a combination of various trackers, My model
achieves excellent tracking results, particularly in cases of blurriness and appearance changes.
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Figure 5.9: Comparison of different tracker using Center location error in OTB 50 Dataset
[2].

Nonlinear Motion and high velocity :

To evaluate the proposed model’s ability to handle non-linear and fast motion, I have used
video sequences such as Car4, BlurBody, Deer, DragonBaby, Jumping, and Boy. I have com-
pared the tracking results with those of some state-of-the-art trackers. In these videos, the
target objects exhibit non-linear motion with high velocity.

In the Car24 video sequence, the object’s movement is initially linear and slow, which
enables the CSRT, Boosting, and MIL trackers to perform effectively. However, after the
25th frame, as the object accelerates, the MIL tracker fails to keep up with the target. The
Boosting tracker manages to track the object well due to its linear motion, while the CSRT,
KCF, and MedianFlow trackers deliver the most accurate results overall.
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Figure 5.10: A precision at different center location threshold comparison of the proposed
tracker and different existing tracker in Visual Object tracking benchmark dataset (VOT2015)
[27]. The different color indicates the different tracker as shown above

Partially or fully occluded Object Tracking :

Occlusion, whether it’s full or partial, is a major challenge in object tracking, as it results
in the temporary loss of visual information about the target. The effectiveness of different
tracking algorithms under occlusion can vary significantly. To demonstrate the improved
performance of My proposed model against occluded objects, I have used the following video
sequences: DragonBaby, Jogging, Rubik, David3, FaceOccl, Walking, Walking2, and Jog-
ging2. For instance, in Joggingl and Jogging2, the objects are fully occluded by an electric
pole. The TLD tracker excels in this scenario due to its integrated detection mechanism,
which enables the re-detection and re-initialization of the target after occlusion. The CSRT
tracker is also impressive for its ability to handle partial occlusions by concentrating on the
most reliable parts of the target’s appearance. On the other hand, trackers like Boosting,
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Figure 5.11: Comparison of different tracker using Precision Plot in OTB 50 Dataset [47]

MIL, KCF, MedianFlow, and MOSSE have limitations in effectively managing occlusions,
especially full occlusions.

Low Resolution :

Tracking objects in low-resolution videos can be quite challenging, as the lack of fine details
and texture information makes it difficult for many tracking algorithms to maintain accuracy.
In such situations, color histograms, which represent the color distribution within the target
region, can be particularly useful due to their resilience against scale, rotation, and partial
occlusion changes.

When it comes to low-resolution tracking scenarios that utilize color histogram features,
the CSRT tracker is considered the most robust option. Its ability to focus on the most reli-
able parts of the target’s appearance, combined with the inherent robustness of discriminative
correlation filters, makes it well-equipped to handle the challenges posed by low-resolution
inputs. The KCF tracker is also a decent choice, as it benefits from color histograms to
maintain tracking accuracy to a certain extent.

34



Result Analysis

Pracizion

aa

az

aa

Precision Plat

Precision Plot

Precision

0.8

e
=

e
=

0.2

#Dancer

Pracision Flat

1o

0.6

=
=

0.24

0.0

BOOSTING

T
20 30

Location Errar Threshold

KCF

CSRT

#Girl

MIL

Precizian

Lo

nE4q

2
o

2
4

0.2

oo

TLD

MOOSE

20 0

Lacation Error Threshold

MEDIANFLOW

Decision

KNMN

£Freemand

Random PLS Linear Polynomial XGBoost Ridge

Figure 5.12: Comparison of different tracker using Precision Plot in OTB 50 Dataset [d7]

Other trackers, such as MIL, TLD, Boosting, MedianFlow, and MOSSE, have varying
levels of performance in low-resolution scenarios, but they generally struggle more compared
to CSRT and KCF'. Therefore, for tasks involving low-resolution video tracking, it is recom-
mended to use the CSRT tracker with color histogram features for its superior performance.

To evaluate the performance of the tracker against low-resolution videos, I have used the
following video sequences: Deer, Walking2, and Ironman. The results obtained from these
tests are satisfactory for low-resolution video sequences.

INlumination Variation :

of the target, potentially leading to tracking failures. Different trackers have varying levels
of success in handling illumination changes, depending on their underlying algorithms and
the features they utilize.
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Figure 5.13: Comparison of different tracker using Precision Plot in OTB 50 Dataset [47]

In cases of illumination variation, the CSRT tracker is considered the most robust option.
This is due to its advanced feature representation, which includes channel and spatial relia-
bility. CSRT’s ability to adapt to changes in lighting by focusing on stable target features
makes it highly effective. The tracker also weighs the reliability of different parts of the tar-
get’s appearance, which helps it maintain robust tracking even under significant illumination

variations.

Other trackers, such as MIL, TLD, KCF, and MOSSE, have moderate performance but
can struggle with more severe changes in lighting. Boosting and MedianFlow trackers are
less effective under illumination variations, as they rely on consistent appearance models and
fine motion details, respectively. To assess the effectiveness of the proposed model against
illumination changes, I have used the video sequences KiteSurf, Skatingl, Man, Crowds,
and Singerl. The results obtained from these tests are quite impressive, demonstrating the

model’s ability to handle varying lighting conditions.
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Background Cluster :

Tracking objects in the presence of background clutter is challenging due to the increased like-
lihood of confusion between the target and the cluttered background. Color histogram-based
tracker models have problems tracking this type of object. To address this issue, multi-scale
template matching can be used, allowing the tracker to adapt to changes in the target’s size
and appearance, which improves robustness.

In scenarios with a lot of background clutter, the TLD tracker combined with multi-scale
template matching produces the best results. Its integrated approach of tracking, learn-
ing, and detection, combined with the ability to match targets across various scales, ensures
resilience to background clutter. Although The CSRT tracker also performs well due to its
advanced feature representation and reliability measures, but it lacks explicit multi-scale tem-
plate matching. Other trackers, such as MIL, KCF, Boosting, MedianFlow, and MOSSE, are
less effective in handling background clutter, especially without multi-scale template match-
ing capabilities. The Deer, David3, Car24, and Crowds video sequences are used to evaluate
the tracker performance, which is shown in Figure b14.

In-plane Rotation :

In-plane rotation refers to when the target object rotates within the image frame. To demon-
strate the effectiveness of the new tracker model against in-plane rotation, the video sequences
BlurBody, Dancer, DragonBaby, Deer, Ironman, Rubik, Diving, and Boy are used. The per-
formance comparison of the proposed tracker is shown in Figure bI3.

Scale variation :

When an object moves towards or away from the camera, its size can change significantly.
To address this issue, multi-scale template matching is implemented, which yields good re-
sults. The Dogl, Walking2, Twinings, Boy, Car24, Dog, Diving, Walking, Rubik, Ironman,
DragonBaby, Dancer, BlurBody, and Car4 video sequences are used to demonstrate the ro-
bustness of the tracker against scale variations.

In the Walking2 and Dog video sequences, the target objects move away from the cam-
era, which causes their size to decrease. Traditional trackers like Boosting, MIL, CSRT,
KCF, and MedianFlow can efficiently track the object without multi-scale template match-
ing. However, their bounding boxes do not adapt to the size changes of the objects in
the scale-space. On the other hand, TLD trackers with multi-scale template matching can
track the object while simultaneously adjusting the bounding box size to better fit the target.
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5.2 Quantitative Comparison :

5.2.1 State-of-the-art comparison :

The proposed method is compared with fourteen state-of-the-art tracking models like BOOST-
ING [17], KCF[21], CSRT [32], TLD [62], MEDIANLOW [14], MIL [13], MOOSE [15], MDNet
[8R], DeepSRDCF [dR|, EBT [53], SRDCF [i2], LDP [33], sPST [23] and SC-EBT [43]. T used
mainly four metrics which are Object Tracking Error, Precision, Expected Average Overlap
(EAO), and Success Rate to compare all the trackers shown in Table B3, tested on Visual
Object Tracking Benchmark.

Table 5.3: Success rate, Precision, Object Tracking Error, Expected Average Overlap and
Frame Rate comparison of proposed tracker in Visual Object Tracking Benchmark dataset
(VOT2015) [27]

Trackers OTE Precision EAQO Success Rate Frame Rate
BOOSTING [i7] 142.64 0.23 0.09 0.03 29.15
KCF [1] 126.75 0.14 0.04 0.02 204.74
CSRT [37] 129.80 0.20 0.13 0.04 20.10
TLD [527] 149.84 0.14 0.05 0.02 15.30
MEDIANFLOW [12] 142.89 0.15 0.06 0.03 513.82
MIL [i3] 139.10 0.23 0.10 0.04 21.18
MOOSE [135] 133.78 0.14 0.04 0.01 2106.82
MDNet [38] - - 0.38 0.60 1.14
DeepSRDCF [4]] - - 0.31 0.56 2.63
EBT [53] - - 0.31 0.47 0.56
SRDCF [12] - - 0.29 0.56 0.50
LDP [33] - - 0.27 0.51 0.22
sPST [23] - - 0.27 0.55 0.99
SC-EBT [43] - - 0.25 0.55 1.25
LINEAR 95.43 0.25 0.02 0.00 15.80
RIDGE 95.42 0.25 0.02 0.00 15.47
Decision Tree 22.35 0.84 0.79 0.79 15.97
Random Forest 26.35 0.81 0.63 0.74 13.47
XGBOOST 40.97 0.76 0.40 0.53 12.16
KNN 38.40 0.74 0.52 0.62 12.90
Polynomial 66.96 0.50 0.11 0.08 14.90
PLS 106.95 0.23 0.01 0.00 15.13
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5.2.2 Object Tracking Error :

The Object Tracking Error (OTE) is the average of the Euclidean distance between the ac-
tual and estimated positions of the item throughout the entire video sequence.

N
OTE = %Z \/(xg — )% 4 (yy — yr)? (5.5)
i=1

where (z7,y;) = coordinate of the centroid of ground truth for iy, frame, (z%,}) = coor-
dinates of the centroid of the tracking system result for 7;, frame, N is the number of frame.
A lower object tracking error value indicates a better performance of the model. The results
shown in Table b33 indicate that four of My proposed meta-learner models using Decision
Tree, Random Forest, KNN and XGBOOST give an outstanding outcome in terms of Object
Tracking Error, achieving the bare minimum Object Tracking Error of 22.35, 26.35, 38.40 and
40.97 respectively in VOT 2015 dataset. Table b2 and table b23 shows the object tracking
error comparison of proposed model in different video sequences of OTB 50 dataset.

TRACKER Skater | GYM | KiteSurf | Dog | Dancer
BOOSTING 23 24 4 30 24
KCF 137 131 27 43 121
CSRT 23 50 11 24 9
MIL 53 24 4 30 24
TLD 26 34 9 10 45
MEDIAN FLOW 23 41 46 9 15
MOSSE 27 133 34 44 63
DECISION TREE 6 6 0 3 5
RANDOM FOREST 4 5 0 2 4
LINEAR 7 9 1 3 6
RIDGE 7 9 1 3 6
XGBOOST 6 6 0 3 5
KNN 4 5 0 2 4
POLYNOMIAL 5 7 0 3 5
PLS 11 10 2 4 9

Table 5.4: Object tracking error comparison different tracking algorithms
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TRACKER Twinnings | Girl | Freeman4 | David | Coupon
BOOSTING 19 7 9.7 27 0.1
KCF 58 52 30 41 53
CSRT 10 13 28 14 6.9
MIL 19 7 9 16 0.2
TLD 21 13 14 22 41
MEDIAN FLOW 7 25 96 16 3.4
MOSSE 76 52 31 17 3.1
DECISION TREE 2 3 1.3 3 0.3
RANDOM FOREST 2 2 1.1 2 0.2
LINEAR 3 3 1.9 4 0.3
RIDGE 4 3 1.9 4 0.3
XGBOOST 2 3 1.3 3 0.3
KNN 2 2 1.3 2 0.0
POLYNOMIAL 3 3 1.3 3 0.3
PLS 4 4 2.7 5 0.9

Table 5.5: Object tracking error comparison different tracking algorithms

5.2.3 Precision :

Precision is nothing but the ratio of true positive frames and total frames, where the frame
is called true positive if the center location error is lower than the threshold. The precision
is represented by a precision plot that is generated based on a specific threshold for location
error. A higher precision value indicates a better performance of the model. As shown in
this Table B33, Four of My proposed meta-learning models such as Decision Tree, Random
Forest, XGBOOST and KNN produce extraordinary outcomes in terms of precision score,
reaching the excellence with a spectacular score of 0.84, 0.81, 0.76 and 0.74 respectively in
VOT 2015 dataset. On the other hand, table b8 and table b2 shows the Precision compar-
ison of proposed model in different video sequences of OTB 50 dataset.

5.2.4 Expected Average Overlap (EAO) :

Expected Average Overlap (EAQO) is a vital metric for evaluating the accuracy of object-
tracking models. The EAQ, is computed by determining the overlap percentage between the
actual object’s location and the prediction made by the tracking model. This computation
is performed for every frame concerning the ground truth and the predicted bounding box.
The EAO is then calculated as the mean IoU across all frames in a video sequence. The
formula for EAQO is as follows:
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Threshold

Precision

Location Error

Figure 5.16: An illustration of Precision calculation

N
1
BAO = + Zl IoU; (5.6)

where IoU; represents the Intersection Over Union for the ¢ — th frame.

This metric provides an overall assessment of the model’s tracking accuracy by averaging
the ToU values over the entire video sequence. A higher EAO value indicates the accurate
tracking of the model. In this examination, My proposed models, meta-learner using Decision
Tree, Random Forest, KNN and XGBOOST, performed superior to the deep learning tracker.
These four models demonstrated remarkable tracking accuracy, with an EAO score of 0.79,
0.63, 0.52 and 0.40 respectively in VOT 2015 dataset.And the table B8 and table b shows

the expected average overlap comparison of proposed model in different video sequences of
OTB 50 dataset.
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TRACKER Skater | GYM | KiteSurf | Dog | Dancer
BOOSTING 0.42 0.31 1.0 0.16 0.38
KCF 0.05 0.01 0.1 0.02 0.12
CSRT 0.40 0.01 0.7 0.18 0.95
MIL 0.42 0.31 1.0 0.16 0.38
TLD 0.10 0.06 0.8 0.88 0.22
MEDIAN FLOW 0.23 0.12 0.1 1.0 0.72
MOSSE 0.30 0.0 0.0 0.01 0.42
DECISION TREE 0.99 0.99 0.98 0.99 0.99
RANDOM FOREST 0.99 0.99 0.98 0.99 0.99
LINEAR 0.99 0.96 0.98 0.99 0.99
RIDGE 0.99 0.96 0.98 0.99 0.99
XGBOOST 0.99 0.99 0.98 0.99 0.99
KNN 0.99 0.99 1.00 0.99 1.0
POLYNOMIAL 0.99 0.98 0.98 0.99 0.99
PLS 0.88 0.92 0.98 0.99 0.95

Table 5.6: Precision comparison of different tracking algorithms at threshold = 20

TRACKER Twinnings | Girl | Freeman4 | David | Coupon
BOOSTING 0.60 1.0 0.8 0.21 0.98
KCF 0.18 0.02 0.0 0.07 0.49
CSRT 0.93 0.77 0.1 0.47 0.98
MIL 0.60 1.0 0.8 0.21 0.98
TLD 0.55 0.86 0.7 0.17 0.30
MEDIAN FLOW 0.97 0.61 0.1 0.32 0.98
MOSSE 0.00 0.02 0.0 0.19 0.97
DECISION TREE 0.99 0.99 1.0 0.99 0.99
RANDOM FOREST 0.99 0.99 1.0 0.99 0.99
LINEAR 0.99 0.99 1.0 0.99 0.99
RIDGE 0.99 0.99 1.0 0.99 0.99
XGBOOST 0.99 0.99 1.0 0.99 0.99
KNN 0.99 1.0 1.0 0.99 0.99
POLYNOMIAL 0.99 0.99 1.0 0.99 0.99
PLS 0.99 1.0 1.0 0.99 0.99

Table 5.7: Precision comparison of different tracking algorithms at threshold = 20
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TRACKER Skater | GYM | KiteSurf | Dog | Dancer
BOOSTING 0.58 0.23 0.21 0.33 0.60
KCF 0.04 0.01 0.14 0.01 0.11
CSRT 0.62 0.24 0.26 0.39 0.73
MIL 0.61 0.39 0.33 0.33 0.61
TLD 0.35 0.31 0.31 0.48 0.52
MEDIAN FLOW 0.48 0.12 0.14 0.42 0.33
MOSSE 0.47 0.0 0.0 0.01 0.44
DECISION TREE 0.86 0.83 0.60 0.78 0.85
RANDOM FOREST | 0.87 0.85 0.59 0.79 0.86
LINEAR 0.82 0.77 0.59 0.72 0.82
RIDGE 0.82 0.77 0.59 0.72 0.82
XGBOOST 0.86 0.84 0.60 0.78 0.85
KNN 0.87 0.86 0.57 0.78 0.85
POLYNOMIAL 0.87 0.80 0.60 0.79 0.86
PLS 0.71 0.71 0.26 0.12 0.71

Table 5.8: Expected Average Overlap comparison of different tracking algorithms

TRACKER Twinnings | Girl | Freeman4 | David | Coupon
BOOSTING 0.53 0.29 0.10 0.21 0.90
KCF 0.21 0.02 0.04 0.02 0.46
CSRT 0.69 0.54 0.12 0.14 0.86
MIL 0.47 0.43 0.08 0.07 0.76
TLD 0.33 0.49 0.00 0.02 0.19
MEDIAN FLOW 0.46 0.18 0.10 0.11 0.87
MOSSE 0.0 0.02 0.00 0.12 0.88
DECISION TREE 0.89 0.81 0.74 0.81 0.96
RANDOM FOREST 0.90 0.82 0.74 0.80 0.96
LINEAR 0.85 0.79 0.60 0.55 0.93
RIDGE 0.85 0.79 0.60 0.55 0.93
XGBOOST 0.89 0.81 0.74 0.81 0.96
KNN 0.90 0.83 0.69 0.75 0.95
POLYNOMIAL 0.86 0.81 0.73 0.65 0.94
PLS 0.53 0.70 0.14 0.52 0.78

Table 5.9: Expected Average Overlap comparison of different tracking algorithms
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5.2.5 Swuccess Rate :

A Threshold

Success Raate

Overlap Error

Figure 5.17: An illustration of Success Rate calculation

The success rate of an object tracking algorithm is calculated as the ratio of frames in
which the algorithm successfully tracks the object to the total number of frames in a video
sequence. The formula for the success rate (SR) is as follows:

No. of Frame with successfull Tracking
Success Rate =

(5.7)

Total no. of Frame

This formula provides a percentage that represents the algorithm’s effectiveness in track-
ing the object throughout the entire video sequence. The result shown in Table b=3 indicates
that the success rate of My proposed model performs far better than the deep learning tracker.
Four of My proposed meta-learning models such as Decision Tree, Random Forest, KNN and
XGBOOST, produce exceptional results in terms of success rate, with a remarkable score of
0.79, 0.74, 0.62 and 0.53 respectively Although the table bI0 and table 511 illustrate the
success rate comparison of proposed model in different video sequences of OTB 50 dataset..
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TRACKER Skater | GYM | KiteSurf | Dog | Dancer
BOOSTING 0.72 0.05 0.27 0.18 0.78
KCF 0.05 0.01 0.18 0.02 0.12
CSRT 0.88 0.01 0.32 0.14 0.95
MIL 0.82 0.17 0.40 0.11 0.7
TLD 0.16 0.04 0.39 0.42 0.5
MEDIAN FLOW 0.33 0.03 0.19 0.41 0.27
MOSSE 0.40 0.0 0.0 0.01 0.63
DECISION TREE 0.99 0.99 0.73 0.99 0.99
RANDOM FOREST | 0.99 0.99 0.71 0.99 0.99
LINEAR 0.99 0.98 0.77 0.96 0.99
RIDGE 0.99 0.98 0.78 0.96 0.99
XGBOOST 0.99 0.99 0.74 0.99 0.99
KNN 0.99 0.99 0.69 0.97 0.99
POLYNOMIAL 0.99 0.99 0.74 0.99 0.99
PLS 0.94 0.93 0.16 0.07 0.96

Table 5.10: Success Rate comparison of different tracking algorithms at IOU = 0.5

TRACKER Twinnings | Girl | Freeman4 | David | Coupon
BOOSTING 0.55 0.23 0.13 0.08 0.97
KCF 0.19 0.02 0.05 0.03 0.49
CSRT 0.85 0.58 0.15 0.09 0.98
MIL 0.23 0.47 0.06 0.03 0.98
TLD 0.39 0.54 0.00 0.00 0.15
MEDIAN FLOW 0.39 0.16 0.10 0.05 0.96
MOSSE 0.0 0.02 0.00 0.05 0.97
DECISION TREE 0.99 0.99 0.98 0.99 0.99
RANDOM FOREST 0.99 0.99 0.95 0.99 0.99
LINEAR 0.99 0.99 0.74 0.66 0.99
RIDGE 0.99 0.99 0.74 0.66 0.99
XGBOOST 0.99 0.99 0.97 0.99 0.99
KNN 0.99 0.99 0.86 0.91 0.99
POLYNOMIAL 0.99 0.99 0.97 0.82 0.99
PLS 0.52 0.91 0.03 0.56 0.91

Table 5.11: Success Rate comparison of different tracking algorithms at IOU = 0.5
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5.3 Ablation Study

This section describes the different aspects of the models and the intuition behind the model
selection of the research work. I have done three ablations on the proposed model such as, a
study on different combinations of the base tracker, a study on different meta-learners.

5.3.1 A study on different combinations of the base tracker

Table 5.12: RMSE and Frame Rate of the combination of based trackers. C1 represents the
combination of MEDIANFLOW and MOOSE. C2 represents the combination of MOOSE
and KCF. C3 represents the combination of KCF and MIL. C4 represents the combination of
MIL, BOOSTING, and CSRT. C5 represents the combination of CSRT, TLD, and MEDIAN-
FLOW. C6 represents the combination of MIL, BOOSTING, CSRT, and TLD. C7 represents
the combination of CSRT, MIL, and TLD.

Model LINEAR | RIDGE | Decision | Random
C1 RMSE 140.38 140.04 132.45 122.43
Frame Rate 430.47 326.84 467.76 72.73
9 RMSE 134.62 134.30 124.72 119.86
Frame Rate 199.96 183.36 209.17 67.75
3 RMSE 94.42 94.33 118.82 100.70
Frame Rate 13.85 14.18 12.95 12.28
4 RMSE 105.61 105.32 99.78 83.34
Frame Rate 8.45 9.06 9.58 8.42
o5 RMSE 91.50 91.44 149.59 117.81
Frame Rate 15.19 16.94 15.56 13.20
C6 RMSE 99.24 98.99 103.55 84.95
Frame Rate 8.94 9.41 8.42 8.84
o7 RMSE 80.95 80.97 105.41 84.42
Frame Rate 15.80 15.47 15.97 13.47
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Model XGBOOST | KNN | Polynomial | PLS
C1 RMSE 124 .81 163.06 143.49 145.40
Frame Rate 717.73 196.35 257.00 300.64
9 RMSE 112.70 190.64 127.44 139.10
Frame Rate 122.49 113.11 181.76 287.77
3 RMSE 99.52 118.76 102.65 97.64
Frame Rate 10.10 13.33 12.57 14.59
4 RMSE 92.64 101.82 139.16 85.85
Frame Rate 6.96 7.49 8.99 9.19
o5 RMSE 113.96 132.21 136.72 101.73
Frame Rate 12.07 12.62 17.52 14.°77
06 RMSE 89.60 107.76 134.69 84.27
Frame Rate 7.56 7.80 8.60 9.23
o RMSE 87.89 98.15 109.10 77.6
Frame Rate 12.16 12.90 14.90 15.13

Table 5.13: RMSE and Frame Rate of different Proposed Meta-learner.

The Table BI2 represents the analysis of different combinations of the base models. In
this analysis, the C1 represents the combination of MEDIANFLOW and MOOSE, which
is a fast processing tracker but very low accuracy. The second column C2 represents the
combination of MOOSE and KCF Tracker which improve the accuracy according to the
Root Mean Squared value. The combination of C1 is fast compare to the combination of
C2. The third column C3 represents the combinations of KCF and MIL, where accuracy is
improved due to MIL but still struggling. The next column C4 represents the combination of
MIL, BOOSTING, and CSRT, where the top three accurate-based models are used. The next
column C5 represents the combination of CSRT, TLD, and MEDIANFLOW. The column C6
represents the combination of MIL, BOOSTING, CSRT, and TLD trackers. Under occlusion,
the TLD tracker performs the best result, which affects the accuracy of the proposed model
shown in C5 and C6. In that way I move toward slow processing but more accurate and
robust tracking results. In My proposed model, I mainly used CSRT, MIL, and TLD shown
in column C7, which is more accurate with sufficient processing time. As the C7 combination
shows better performance I have used this combination as the final tracker in the research
work.

5.3.2 A study on different meta-learners

In this ablation study, I systematically examine the distinctive contributions of My meta-
learner in object tracking. By applying the predicted tracker results on different learners
such as the LINEAR regression, RIDGE regression, Decision Tree regression model, Random
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Forest regression model, XGBOOST regression model, KNN regression model, Polynomial
Regression Model and PLS Regression Model. Table b3 shows the performance of the
different meta-learners on different combinations of base trackers in terms of RMSE and
frame rate. In C7 combination PLS meta-learner gives better accuracy in terms of RMSE
value and Decision Tree meta-learner provides slightly better Frame rate than other models.

Table 5.14: RMSE Value of proposed Models in the initial and final training process.

’ Model \ Without Feedback \ With Feedback ‘

LINEAR 81.28 80.95
Ridge 81.27 80.97
Decision 103.42 105.41
Random 82.95 84.42
XGBOOST 90.04 87.89
KNN 112.99 98.15
Polynomial 103.24 109.10
PLS 79.96 77.6

5.3.3 A study on the effect of feedback in the learning process

In this study, I tested the proposed model performance on two seniors, such as the model
training with the previous frame prediction as feedback and without the previous frame
prediction. Table 64, In the first column, I present the performance of the model without
feedback, while the second column represents the training RMSE value with feedback. I have
used the C7 combination as it gives the best result. Table bT4 shows the model without
feedback has very little higher RMSE than the model with feedback. Without feedback, the
Decision Tree and Random Forest meta-learner gives best performance but with feedback
Linear, Ridge, XGBOOST, KNN and PLS meta-learner provides best performance.
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Chapter 6

Conclusion And Future Works

In this study, I aimed to develop a reliable real-time object tracking system that lever-
ages the benefits of machine learning-based trackers over deep learning-based approaches.
The proposed method demonstrated significant improvements in success rate, reduced object
tracking error, and enhanced model accuracy when compared to existing tracking algorithms.
By combining various conventional trackers, I achieved an overall improvement in tracking
performance. My model outperformed previous tracking systems in real-time scenarios, with
a frame rate of 15.97.

However, there are certain limitations to My proposed model. It is primarily designed for
tracking single objects and has a higher frame rate than the current deep learning models,
which may impact its performance in real-time applications. In the future, I plan to focus
on improving the model’s frame rate to ensure seamless performance in real-time scenarios
and explore the possibility of extending the system to track multiple objects simultaneously.
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