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ABSTRAT 

The availability of low-cost video cameras and digital media storage has invited huge investments 

in developing state-of-the-art algorithms that automatically evaluate and understand video 

datasets. One such class of algorithm is object tracking which analyzes the data and automatically 

determines the location of the object in a video sequence. As these algorithms are a prelude to a 

higher level decision making algorithms, therefore estimation of the trajectory of the object must 

be accurate and robust under many challenging constraints. A very popular class of object tracking 

algorithm is the hybrid object tracking category based on integrating Meanshift (MS) and Particle 

Filter (PF) (MSPF). The purpose of this integration was to overcome the limitation of the PF 

methods that required a large number of samples/particles PF method to approximate the object 

state. Consequently, this integration uses the MS optimization procedure to move fewer particles, 

in the direction of gradient ascent, which represents the dynamics of the target more accurately. 

The existing methods employ a pre-determined combination of features, inherently assuming that 

the background would not change. However in uncontrolled environment, it is difficult to specify 

the background of the object in advance as it moves around the field of view of the camera and 

thereof this assumption may not often hold. Moreover, hybrid tracking systems based on the MSPF 

methodology are very compute intensive and it is desirable to reduce this complexity.   

In the first part of this research, the dissertation aims to investigate an adaptive multi-feature 

framework that is implemented on top of the MSPF methodology that tracks the object in the local 

perspective. Essentially that takes care of the dynamic and changing characteristic of the 

background, which is one of the most important challenges in the object tracking domain.  In this 

research work, an Adaptive Multi-Feature framework is proposed and implemented on top of the 
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MSPF methodology (AMF-MSPF). An adaptive ranking module is proposed that is triggered after 

a certain criteria is violated, in which case a new set of features are selected for tracking the object. 

The top ranked features are selected to represent the object, which gives the tracker the ability to 

adapt to locate the object with an upgraded set of feature. Consequently, this improved local 

discrimination of the target from its immediate neighboring pixels.  

In most applications a small portion of computational resources are dedicated to trackers and rest 

is reserved for higher level decision making tasks, which mandate trackers to be efficient and less 

complex. Thereby, the second part of the dissertation looks into the complexity of the MSPF 

methodology. As the MSPF methodology is already a computationally intensive processing task, 

implementing a feature ranking module on top of it might complicate matters. The feature ranking 

module also requires a significant portion of the power, thereby a novel MS technique is proposed 

to free some resources for the ranking module. This novelty comes from an observation that only 

a fraction of random samples were required by the MS optimization to approximate the similarity 

metric without inducing significant error. This computational reduction would be advantageous 

given the complex integration of the MS and PF, because the MS procedure is directly proportional 

to the number of particles that would take many MS iterations to converge. The proposed novelty 

in the MS method has reduced its complexity that has greatly impacting the overall complexity of 

the proposed AMF-MSPF.  

The proposed AMF-MSPF framework is tested on sequences from the CAVIAR datasets such as 

Browse and Walkbyshop1and an s8 sequence was taken from the PET dataset. These datasets are 

known for a number of challenging constraints such as abrupt intensity variations, full occlusions, 

cluttered background etc. Qualitative results have shown robust and accurate tracking under 

stringent constraints. In the quantitative analysis, a comparison with the existing methods has been 
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carried out. The proposed framework has shown significant improvements in terms of root mean 

square error (RMSE), false alarm rate (FAR), and F-SCORE. The average RMSE, FAR, and 

F_SCORE, over all the video sets, of the proposed AMF-MSPF are 8.68, 0.15, and 0.92, which 

has improved manifold as compared to the chosen reference methods. Experimental results have 

proved the effectiveness of the proposed framework. 

Keywords: multi-object tracking, evaluation metric, Mean-shift procedure, Particle filter, Kalman 

filter, human activity recognition, hybrid tracking algorithms, feature selection. 
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CHAPTER 1 

INTRODUCTION 

1.1 History of Object Tracking 

Tracking is an activity that has been long practiced by ancient humans for trapping animals for 

food, for recreational activities, for removing predators from their surroundings in order to protect 

themselves and domestic animals, or for trading activities. Tracking of stars has been used for 

navigation purposes and climate changes in the environment for possible maneuvering or 

relocation. Object tracking has been an essential domain for human survival and has significant 

contribution to the human race. 

It has evolved from ancient human necessity to modern human security requirements around the 

globe. Historically Lovelace was the first lady who tossed the idea of intelligence, 100 years before 

the famous British scientist Alan Turing, who broke the German code in World War II, wrote his 

paper in 1950 [3]. She states "The analytical engine has no pretensions to originate anything. It 

can do whatever we know how to order it to perform". Later in 1960, Marvin Minsky opened the 

door towards the modern era of intelligence, and it wasn't long that in 1961 his student James R. 

Slagle developed the pioneer expert system, SAINT (Symbolic Automatic INTegrator), that 

heuristically solved symbolic integration [4]. So symbolic integration was some of the early dawn 

age programs that really took everyone with surprise, because integration is not a trivial task to be 

performed by a machine. In the late dawn age, there were programs that were based on reasoning 

Rule-based expert systems. In this age some powerful programs such as the MYCIN [5] and ARIS, 

state-of-the-art programs, took a leap into the commercial era or what may be called the business 
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age. MYCIN was a medical diagnosis program that recommended medicines based on the bacterial 

infections in the blood content. And ARIS system, was an aircraft parking system that saved $0.5 

million each day for the Atlanta airline company. Then came the all-out intelligent computer age 

which saw deep blue machines taking the lead by defeating the chess world champion in 1996/97 

[6]. So this was the age of intelligent computer programs and some of the earliest methods have 

been used in practice for many decades to come after. One of the most popular linear estimator, 

known as the Kalman Filter, was invented in 1960 by R. E. Kalman. This method latter produced 

some ground breaking results in the field of object tracking. Particle Filter (PF) was a modification 

to the concept of Kalman Filter to expand tracking to the non-linear applications as well. In 1975, 

Meanshift (MS) was introduced, a simple optimization procedure, based on gradient ascent method 

that maximizes a similarity metric. Thanks to continuous advancements in electronic process 

technologies, driven by Moore’s law that has taken the equation of transistor capacities of 

integrated circuits to an unprecedented level.  

This has invited a huge increase in investments on automated video analysis applications and 

accelerated research in object tracking that is the focus of this Dissertation. This class of algorithms 

lay the foundation for many higher level intelligent applications such human-computer interaction 

[7], security and surveillance [8], [9], video communication and compression, video search [10], 

augmented reality [11], traffic monitoring and control [12], medical imaging [13], activity 

recognition [14], [15], autonomous vehicle navigation [16], and even in medical sciences in 

tracking the fate of biological cells through multiple generations of birth and death under different 

chemical and environmental influences [17]. This chapter lays the foundation for an object 

tracking framework and the required domain knowledge. While addressing the problem of an 

adaptive framework for hybrid object tracking, it is necessary to understand some related 
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background that includes object tracking constraints, features used for object representation, and 

research motivations in the field of computer vision.     

1.2 Object Tracking Overview 

The goal of object tracking is to correlate object/s in successive video frames. Or more compactly, 

it could be said that object tracking is a computer vision task of automatically detecting/estimating 

the location of moving object/objects in consecutive frames of a video sequence. This 

association/estimation could be influenced by many factors such as occlusion, fast and complex 

object motion, cluttered background, size and scale variation of the object [1]. Another important 

characteristic of object tracking systems is feature selection to build a model of representation of 

the object. Object tracking, an area of automated data analysis, has gained significant importance 

in the wake of deteriorating law and order situation around the globe. Moreover, the proliferation 

of electronics technology has given rise to high performance computers and high quality 

inexpensive video cameras has accelerated research in object tracking [18], [19].  

Object tracking, the focus of this dissertation, is one of such a class of algorithm in which data is 

analyzed automatically to determine the location of the object in a video sequence. Typically the 

frame undergoes a pipeline of certain processing stages as depicted in Figure 1.1. In the low level 

pre-processing stage, filters might be applied to the frames or regions of interest for noise 

removal/reduction [20], image enhancement [21], segmentation and thresh-holding etc. The 

preprocessing is done to possibly enhance and identify any region of interest to be further process 

by any mid-level processing tasks. Mid-level tasks such as object detection and extraction of 

features to possibly initialize the tracking module. The preprocessing modules impacts the 

performance of any object tracking system.  
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And more over the increasing amount of data and the advent of cloud computing have made it 

possible to develop frameworks that automatically analyzes the data for object detection and 

process identification [22]. An arsenal of available tracking algorithms are then applied, to track 

these identified objects under various constraints. As the results of object tracking is a prelude to 

higher level decision making algorithm [15], [23], [24], estimation of the objects’ location must 

be accurate and robust against many constraints that shall be presented in this chapter. And more 

importantly these preliminary stages must be assigned a fraction of system resources as the higher 

level decision making tasks of the larger system require more computational power. 

 

Figure 1.1: A generic block diagram of an object tracking system 
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If a bigger portion of the much needed power is spent on these initial stages, the applicability of 

the system will be heavily constrained. Feature selection is also an important module that 

enormously influences performance of the tracking algorithms under challenging constraints. Next 

subsection throws some light on some of the most important features used to represent the object.  

1.3 Features for Object Representation 

There is not a single definition that can exactly outline what constitutes a feature, and the exact 

explanation often depends on the application specific information and the task at hand. A feature is 

a piece of evidence that is relevant to solve a computational task in a specific application domain, 

in this case object tracking. In general, the most required property of a visual feature is its 

distinctiveness so that the objects are easily distinguished in the video sequence. The plethora of 

applications in computer vision domain dictates the choice of features, making it quite dependent 

on the application. Selecting the most discriminative features plays a central role in automatic 

object tracking very closely coupled with object representation. Following are some of the most 

popular features used in the object tracking domain: 

1.3.1 Color Feature  

The perceptible component that makes the world look so colorful is mainly due to the spectral 

intensity distribution of illumination and the reflectance properties of the object surface. RGB 

(Red, Green and Blue) and HSV (Hue, Saturation and Value) are the two widely used popular 

color spaces; the former is not so perceptually uniform while the latter is a perceptually uniform 

color space. RGB in contrast to HSV is very sensitive to noise i.e. illumination variation. To make 

it less sensitive to these lightening conditions, RGB is usually converted to a more uniform HSV 

color space, see Figure 1.2 [25], two different cubic and conic views to clarify the concept. The 
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Since the color feature is heavily impacted by the surface reflectance properties of the object, the 

tracker might fail once the appearance of the object changes due to illumination or clutter 

background. However, due to its ease of representation through histograms, the RGB feature has 

been dominantly used for the task of object tracking by the computer vision community. To mold 

it to the required application, the linear combination of the RGB components is also employed to 

adaptively suppress or enhance certain components to make it less sensitive to illumination 

variations. In contrast, a good representation of HSV has to be searched along the continuous scale 

(as can be seen in Figure 1.2 (right)), that is an infinite dimension. Normally other features are also 

incorporated into the object representation in different ways to complement each other. 

 

Figure 1.2: RGB cube model (left), HSV color wheel model (right) [25] 

1.3.2 Edges Feature 

Edges in an image, interchangeably called gradient of an image, are one of the most desired 

building blocks in preprocessing stages that is required by many applications. Gradient means a 

directional change has occurred in the intensity level in an image. The key to detecting edges is 

based on the idea of local derivative or gradient operators. The intensity derivative of a region in 

an image is non-zero wherever a change in intensity level occurs and zero for constant intensity. 
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Regular occurring edges are often perceived as a form of textures which have also been widely 

used in computer vision applications. Edges are evaluated using the edge detection modules that 

is a fundamental pre-processing step in image understanding, pattern recognition and object 

tracking. Edge detection is the procedure of identifying a feature at a location which has a sharp 

transition between brightness levels of a pixel i.e. has discontinuities [26]. Given an image as input, 

the edge detector gives an output of a set of connected pixels between transition boundaries. The 

resulting image could be curves or lines representing various objects. An ideal edge is comprised 

of a group of pixels connected in the vertical or horizontal directions each of which is situated at 

an orthogonal-step transition in gray intensity level. The four types of edges that exist based on 

gray level intensity variations, are as follows: step, ramp, ridge, and roof [27], Figure 1.3 [26] 

highlights a step and ramp. 

 

Figure 1. 3: Model of an ideal step edge (left), Model of a ramp edge (right) [26] 

1.3.3 Texture Feature  

Texture is a widely used characteristic for image analysis, classification, object detection and 

tracking domain. An image texture is a set of regular occurring patterns that signify a spatial 

arrangement of color or intensity, or any other cue that might be perceived as texture. Texture 



Chapter 1                                                                                                                        Introduction 

8 
 

computes variations in intensity as a perceived measure that quantifies the smoothness and 

regularity. Comparing to color, texture similar to edge feature are less sensitive to changes in 

illumination. A few texture based measures include Edges, Gray Level Co-occurrence Matrix 

(GLCM), Local Binary Pattern (LBP), Local Ternary Pattern (LTP), Haar Wavelet Transform 

(HWT) etc. Edge detectors can be used to determine the number of pixels that are categorized as 

edges that helps determine a characteristic of the complexity of a texture. For determining the 

pattern of the texture, the direction of edges can also be applied as a characteristic of a texture. 

Gray Level Co-occurrence Matrix (GLCM) is a well-studied numerical metric of a texture that 

captures the spatial relations of similar gray level co-occurrences. These numerical feature are then 

employed for representation, comparison, and classification of textures. Contrast, Energy, 

Correlation, Entropy, Homogeneity, Kurtosis, Skewness are a few standard features that are 

derived from a normalized co-occurrence matrix. Its simplicity and effectiveness is overshadowed 

by its computational cost. Fortunately the wavelength bands of Haar Wavelet Transforms (HWT) 

have a strong correlation with the orientation elements in the computation of GLCM in which case 

it can be used to reduce the computation burden of GLCM [28].  

1.3.4 Corner Feature  

Another useful interpretation of edges are corners, a well-defined pattern formed by the 

intersection of two edges. Corners are well-defined locations inside a region of an image that can 

robustly be detected over a temporal space. Extra conditioning is required to suppress redundancies 

that may occur in the process of corner detection to perform recognition related tasks. Often 

evaluation of corner detectors involve testing the ability of the detector to detect same corners 

temporally in multiple images under controlled environment such as lightening, translation, 

rotation etc. [29]. Harris corner detector [29], an improvement over the Moravec method [30] that 
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uses Sum of Squared Difference (SSD) to evaluate similarity, has been widely used researchers in 

the  computer vision community. Harris uses an edge operator by combing corner and edge 

detector.  A mask is spatially moved over an image to calculate the weighted sum of square 

difference (SSD) between these two patches. This SSD is maximized over all the spatial space for 

detecting corners. As a last step a score is evaluated that determines whether a corner has been 

detected or not. There are three types of scores obtained, based on which it is decided whether it 

is an edge, corner, or flat as in Fig. 1.4 (right) [26].  

 

Figure 1.4: Different types of patterns (left), a chessboard pattern and its corners (center), 

type classification based on a score (right) [26] 

1.3.5 BLOB Feature  

A Binary Large OBject (BLOB) is a group of binary information as a single body connected in a 

concentrated region. A blob is a confined region that is lighter (or darker) than its neighborhood 

pixels surrounded by an edge curve. In simpler words, a blob detection is about detecting regions 

whose properties, such as brightness, color, or texture of a region differ from its surrounding 

neighborhood as shown in Figure 1.5 [31]. The pixels inside the blob exhibit some properties that 

are constant/nearly-constant that also means that the neighborhood have some connectivity like 
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4/8 type connected neighborhood. YACCLAB is a comprehensive benchmark on the connected 

component labeling (CCL) found in [32]. One of the motivations behind studying and developing 

CCL operators is to complement regions where edge and corner detectors fail.   

 

Figure 1. 5: Blob detection, regions whose properties differ from its immediate [31] 

1.3.6 Ridge Feature  

Ridge basically reinforces the concept of a local maxima. Ridges are a set of curves with points 

that are local maxima of the function. Consequently, the concept of valleys is defined by swapping 

the requirement of a local maximum with the condition of a local minimum. They correspond to 

some of the most important geometric relationship in an image that forms a compact representation 

of important features. The primary motivation for developing ridge and valley detectors comes 

from image analysis in computer vision to capture the core of stretched out objects. Being very 

sensitive to noise, these structures are usually computed at multiple scales, because in multi scale 

convolution with Gaussian is involved [33]. These multi-scale ridges, valleys and critical points 

must be robust over the temporal time scale. Ridges and valleys may also form a scale invariant 

skeleton for categorizing spatial constraints on local appearance, Figure [34].  
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Figure 1. 6: symmetrical ridges of an airplane and hand [34] 

1.3.7 Scale Invariant Feature Transform (SIFT) 

Corner feature points while invariant to translation and rotation, they are not invariant to affine 

transformation. The motivation behind Scale Invariant Feature Transform (SIFT) is to extract local 

feature points that are invariant to scale, rotation, affine distortion, variations in 3D viewpoint, and 

illumination. In 2004, Lowe presented a research work that extracted a range of dissimilar invariant 

features from images to reliably match between different viewpoints [35], [36].  

1.3.8 Optical Flow 

The computation of optical flow is a fundamental operation used by the computer vision 

community for a variety of applications. This image motion representation is obtained by 

processing sequences of images as a projection of velocities onto the imaging plane. Motion 

detection is a procedure for detecting a variation in the location of an object with respect to its 

surroundings. Optical flow are displacement vectors that signify dense fields in the image. They 

are computed using the constant brightness property in consecutive frames over corresponding 

pixels. Color information is used to estimate optical flow vectors without assuming any motion of 

the object in the frame [37]. Naturally, the image will differ in regions with certain variations such 
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as varying lightening conditions, camera flicker, and other manufacturing faults like CCD dark 

current. A pre-processing stage might be required to reduce the number of false positives. Other 

research in this direction have used luminance and color information with a motion model to find 

the optical flows vectors [38]. Applications where the camera is not stationary, more complex 

statistical based models are required for motion segmentation. For example statistical models that 

are based on motion detection of camera movements are used to distinguish it from the independent 

movement of objects in the field of view of the camera. 

1.4 Object Tracking Constraints 

Object tracking algorithms are influenced by many factors which makes object tracking algorithms 

not so trivial. The factors that make object tracking very difficult are the challenging constraints 

under which these algorithms have to operate in practical applications. Following are some of the 

most crucial constraints that needs to be taken care of while developing object tracking algorithms, 

and Table 1.1 summarizes a brief description. 

i. Scale-variation – There can be variations in the size and scale of the object due the relative 

motion of the object with respect to the camera. This effects the search windows that is in most 

cases the area used by the tracker to seek the object. The tracker that needs to be updated this 

information to maintain its accuracy and/or decrease its computational cost. 

ii. Appearance change – The shape of the object may deform overtime due to different activities 

of waking, running, occlusions etc. There can also be significant appearance variation because 

of illumination changes and/or relative to source/object rotation.  

iii. Occlusion – A situation where either an object is obstructed partially/fully by another object 
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called object-to-object occlusion or the object moves towards an abstraction to hide itself behind 

a scene known as object-to-scene occlusion.  

iv. Illumination variations – the visual tracker can get confused due to illumination variations in 

color models of the object. Two kinds of changes are encountered in real-life scenarios.  

a. Gradual illumination changes, usually generated by a smooth movement of the object with 

respect to the light source, or conversely, produced by outdoor environment such as 

different times of the day from dawn to night, weather etc.  

b. Abrupt illumination change is one of the most critical difficulties that is caused by patches 

of shadows of trees, buildings or sudden occlusions of light sources. 

v. Background Cluttered – This kind of situation can occur with a severe textured background or 

the target is camouflaged by backgrounds having similar objects. This outlier in the background 

may cause the tracking algorithm to drift and sometimes lose the target. 

vi. Split and merge – are situations when the objects either move towards each other and merge 

into one object or  move apart from each other and splits into multiple objects.  

vii. No. of objects – is another important constraint that plays a decisive role in not only the 

application in hand but also the complexity of algorithm and hardware resource requirements.  

viii. Entering / exiting the scene – Appearance and disappearances of the objects are some significant 

constraints that the tracking algorithm needs to guard against. In case of object disappearance, 

the tracker needs to keep track of it in memory to find it the next time it appears. The information 

from this detect-release of objects can be used for various decision level tasks and control the 
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resource requirements accordingly. 

ix. Dynamic background – most of the time the background is not static and objects may deform 

with the changing background due to the maneuvering object.   

x. Real-time processing – The object tracking algorithm needs to process the video frames fast 

enough, so that it doesn’t drops any incoming information. This is directly linked to the quality 

of the video, which is dependent on sensors and the acquisition environment. Typically, 30 

frames per second (fps) is usually aimed but 15 fps is enough for human perception.  

Table 1. 1: Summary of constraints in the object tracking domain 

Constraint Description 

Background Clutter The surrounding of the object boundaries have similar texture 

Deformation  Complex and non-rigid deformations undergone by the object  

Motion Blur Object has uncertain boundaries due to fast motion 

Fast-Motion The average speed, calculated as the Euclidean distance between the 

centroid of consecutive frames, is greater than a specified threshold 

Occlusion  Object gets partially or fully blocked by another object   

Scale-Variations The object move towards or away from the source 

Appearance Change Significant changes to appearance of the objet due camera-object angle 

view change or illumination change 

Dynamic 

Background 

Deformation in the background region  

Shape Complexity Geometric shapes and other articulated objects having complex 

boundaries such as human part and joints.  
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A robust tracking algorithm should be able to track under all the above constraints, which is a very 

challenging problem in itself. While the tracker should be able to track under these constraints, 

however, this should not come at the cost of computational efficiency. Researchers usually 

constrained their systems to mold it to their specific requirements and application. Many tracking 

methods assume smooth object motion with no abrupt motion while others assume that there are 

no occlusions. Some assume stationary cameras while others use more advance statistical methods 

to model the camera motion in order to compensate their trackers. Usually assumptions are made 

to constraint the object tracking algorithm in the context of a particular application in order to meet 

customer and/or real-time requirements. While too many constraints will render the application 

void in many scenarios, however, relaxing the constraint too much will create new challenges in 

processing the information in real-time. Strong user specifications should be generated in 

consultation with the customer regarding the target application. Figure 1.7 visualizes these 

constraints in a clear flow graph dependency diagram. The next subsections give a brief account 

of performance parameters followed by applications that can benefit from the object tracking class 

of algorithms. 

 

Figure 1. 7: Constraints in video sequences 
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1.5 Object Tracking Performance 

Object tracking systems should be evaluated against some quantitative and qualitative metrics to 

prove their efficiency. More detailed discussion and mathematical formulation of these metrics 

will be discussed in the experimental results chapter. Following are a few performance measures 

that are widely used by the computer vision research community:  

Robustness - The tracker must not lose the target even under the most complicated and stringent 

constraints such as abrupt illumination changes, clutter background, occlusions etc. 

Object Model Adaptation - The tracking system must have a mechanism that adapts the target 

model to the changing appearance of the object i.e. angle view change, size/scale variations etc.  

Accuracy – The location error must be minimized with respect to the ground truth information or 

any other annotation that is provided by the dataset. The search for the object should minimize a 

certain kind of error or a cost function. Accuracy is usually traded off with robustness. 

Efficiency – This specification is related to real-time processing. Object tracking algorithms must 

be able to run at speeds that are fast enough to process the incoming data, or otherwise it will lose 

the incoming data. Real-time video processing algorithms usually requires 15-30 frames per 

second. Efficiency is sometimes traded with accuracy to process the frames fast enough to meet 

these requirements. 

1.6 Object Tracking Applications 

There is a broad spectrum of applications where object tracking plays a critical role. These 

applications are subject to constraints that are defined by the environment they are deployed. A 



Chapter 1                                                                                                                        Introduction 

17 
 

brief description of a few of these applications are given below: 

1.6.1 Air Space Monitoring 

The usage of radar for aircraft tracking has been an important tracking problem in modern warfare 

surveillance systems as well as commercial applications. Radar works by simply transmitting 

electromagnetic waves that are reflected by the object and the receiver detects these waves. These 

radio waves are used to measure the distance, direction, and tangential speed and location of the 

detected object. This information is used to classify whether or not the object is a threat and the 

results are displayed on a radar display screen. Different types of radar have various kinds of 

measurement abilities ranging from simple to high-resolution imaging. Figure 1.8 depicts a typical 

radar system installed on a ship to measure distance and speed of objects [39]. 

However, as these systems are prone to jamming and are not passive, they give away their location 

that is highly undesirable. Moreover radar-based tracking is also prone to error from various 

uncertainties. These uncertainties in measurements includes birds, animals, terrain, environmental 

objects such as clouds, rain, snow and other signal noise that might be generated by nearby radars. 

Therefore, these applications are highly attracted towards vision based tracking [40]. 

 

Figure 1. 8: Radar tracking to measure distance and speed of the object [41] 
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Object tracking plays a vital role under these circumstances and constraints where the object needs 

to be identified for false positives and equally important false negative. 

1.6.2 Video Surveillance 

Automated video surveillance – is an important application that is used for monitoring a scene to 

detect suspicious activities or unlikely events. The growing security concern around the globe is 

the driving force in research of these systems that has spawned great interest especially in United 

State and Europe. Thereby in recent years, video surveillance has been the prime topic of many 

international computer vision conferences and workshops. Their use in airports, railway subways, 

banks; underpasses, shopping centers etc. are the main public places where these systems have a 

very high demand. Security agencies uses surveillance for intelligence gathering, deterrence of 

crime, protection of a process, person, group or object in an industry or for investigation of crime. 

Video cameras that work across the full band of electromagnetic spectrum provides an opportunity 

of merging visible and thermal wavelengths for a clearer vision in places of high concern [42]. 

While video surveillance are already popularly installed in public places, however they are only 

of use as a forensic material used as an investigative tool. 24-hour automated surveillance is 

required to alert the security to prevent crime before it happens [43]. Usually trained personals are 

required to visually monitor restricted areas for any intrusion or accident in industrial processes. 

So dealing with this huge amount of data can sometimes not only be very tedious and inconvenient 

but it also carries a margin of error due to human capacity.   

Fortunately the proliferation of electronic technology has enabled powerful processor that can run 

very compute intensive algorithms to automate these security surveillance activities. This has been 

further accelerated with the emergence of high-speed broad band wired/wireless networks [44] and  
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adaptive bit-rate optimization [45]. That does not only enable networking large number of cameras 

but also storing a large cloud of data for security purposes. Artificial intelligence based programs 

analyze this gigantic data from cameras in order to recognize humans, vehicles or objects and their 

interaction with each other to identify certain hostile activities. Object tracking algorithms are used 

to process the video sequences for producing entirely new labeled datasets by detecting/estimating 

trajectories that are recorded with action of each trajectory. These datasets are used by machine 

learning algorithms to train systems for identifying and recognizing behavioral activities in areas 

such as underpasses and other public places to preempt suspicious behavior.   

 

Figure 1. 9: Video Surveillance of unauthorized restrict areas to track any intrusion [46] 

Before deploying any surveillance system for monitoring an outdoor premise, it is essential that it 

robustly track objects, classify them and detect certain trajectory patterns to identify unwanted or 

hazardous activities [9]. The location of the object and its trajectory is used by higher level modules 

to control a sensitive space for preventing intruders and/or unauthorized movements [47]. Figure 

1.9 is a security controlled room where a network of screens display the results of intelligent 

algorithms that give prior indication of suspicious activities [46].   
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1.6.3 Traffic Monitoring and Control 

The explosive growth in economies of countries has increased the import/export of vehicles for 

various applications. However, this increase in the automobile industry has also caused the 

increase in road accidents, consequently aggravating the fatality rate as shown in the Gantt chart 

in Figure 1.10. As can be seen, the highest percentage of injuries are automobile related than any 

other event. These fatalities has potentially reached a level where it can be classified as an 

epidemic. This has created a new dilemma in traffic management domain and has driven it to adopt 

technology to prevent accidents by controlling the flow of traffic to prevent traffic jams. Object 

tracking is used to analyze real-time traffic data, gathered from different sources, to project certain 

events which are helpful in the control of traffic flow. 

  

Figure 1.10: Dublin’s traffic control room (left), Road traffic injury statistics (right) [48] 

There has been a volume of research in Intelligent Transportation System (ITS) whose focus is to 

prevent congestion and perform robustly even under stringent constraints such as shadows, 

intensity variations and occlusion etc. [49]. Vehicular Ad hoc Network (VANET) is an example 

of ITS technology [50] , which is widely used in many applications such as traffic management, 

road condition monitoring etc. The resulting trajectories obtained from the object tracking modules 

serve as traffic parameters from which new derivatives could be obtained for advance automated 
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systems. This includes surveillance systems for crime prevention, traffic control such as traffic 

accident detection that might have occurred due to acceleration/deceleration, autonomous vehicle 

navigation etc. These applications would require that different datasets are recorded/collected for 

applications that are targeted at the above mentioned applications. 

1.6.4 Intelligent Robots  

A robot is an electromechanical piece of equipment that is guided by an intelligent program for 

navigation, decision, identification and detection. Intelligent robots are concerned with intelligent 

activities by learning and reasoning for problem solving to interact with our complex world. These 

robots are finding their way into our homes for performing daily life activities as well as outdoor 

activities. However for safe deployment, the navigational ability of these robots are heavily 

dependent on robust object detection module, accuracy of the sensors and the ability to tracking 

under various object motions [51]. Usually these robotic platforms consists of a multi-sensor setup, 

sensors such as pressure, proximity, sound, position, accelerometers, inertial measurement units 

etc. These sensors are used to not only understand the environment but to interact with it. Other 

sensor-based techniques involve obstacle-avoidance for navigational capability in unknown 

environments. Laser-based perception, foot step planning and smooth walking control for 

navigation is an important aspect of these robots. Some examples are as follows:  

 A robotic spacecraft is an unmanned space vehicle designed for scientific measurements 

from places that are either costly or the environment is hostile to humans. 

 Unmanned ground vehicle (UGV) operates autonomously, for use in applications where 

monitoring by a human is either dangerous or inconvenient.  

 Outdoor robots perform duties such as lawn mowers, pool cleaners, gutter cleaners etc.  
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 Indoor robots are involved in activities such as vacuum cleaners, floor-washing etc.  

 Humanoid robots, known as social robots, are used for social interaction by exhibiting 

feelings and emotions. These humanoids are used for comforting the elderly and less 

mobile people. Medical robots permit health-care staff to monitor their patients or taking 

care of children who cannot leave the house due to some injuries, illnesses, or some other 

physical challenges [52]. They further have made an impact in orthopedic surgery, 

emergency response, and a list of other medical domains. Other humanoids are used in 

rehabilitation activities, tutoring children, remote area explorations [53].  

1.6.5 Cell Tracking in Biology 

Cell biology is the study of cells as the basic unit of life which includes different structures and 

functions of the cell. The main focus is on tracking the division, birth and death time among each 

generation of cells. Medical researchers prepare the cells carefully and sequential images are taken 

at regular intervals collected over the time periods of many days. This data set is then analyzed for 

the parameters of interest of each cell i.e. speed, division and death [17]. Traditionally this was 

done manually that is not only impractical but also very time consuming and subject to human 

error. This is where object tracking can prove not only practical in tracking each cell’s parameters 

over a sequence of images but is also faster and reliable. Cell tracking can also be used to discover 

other previously unobserved patterns that can be used for break through diagnosis as given in 

Figure 1.11 [17]. 
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Figure 1. 11: Medical diagnosis: Cells’ parameter tracking for pattern recognition [17] 

1.7 Problem Statement 

This dissertation aims to investigate an Adaptive Multi-Feature framework implemented on top of 

the Mean-Shift (MS) based Particle Filter (PF) methodology (AMF-MSPF), which tracks the 

object in the local perspective. Essentially that takes care of the dynamic background as the object 

moves through various constraints. A major research in advancing the MSPF methodology is, 

however, focused on generalizing the tracker by taking advantage of the in-built capability of the 

Monte-Carlo-Simulation (MCS) that can combine information from multiple sources. 

Consequently, these methods have utilized a set of fixed multiple features (selected a-priori) for 

object representation, inherently assuming that the background would not change. Researchers 

have used a fixed set of features while paying less attention to the fact that tracking is the ability 

of discriminating the target locally i.e. from its immediate background. Selection of features 

beforehand, in the global perspective, tends to fail the tracker as and when the object move toward 

regions with a texture in the background not modelled by the prior selected features. Therefore it 

is necessary that the problem of object tracking is carried out in the local context to account for 

the dynamic background of the moving object and remove the constraints on its maneuverability.  
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Another aspect of improvement to the MSPF hybrid tracking methodology stems from the fact that 

the hybrid integration has an additional cost of incorporating the MS optimization into the already 

complex PF algorithm. As the MS procedure is directly proportional to the number of particles 

and keeping in view the convergence iterations of the MS, it is pertinent that the complexity of the 

MS optimization procedure is reduced to increase efficiency. The major contributions presented 

in this dissertation are as follows: 

i. Implementation of the proposed AMF-MSPF by implementing a feature ranking module 

on top of the MSPF methodology that ranks and selects the best features from a given pool.  

ii. Implementation of the proposed novel MS optimization procedure that reduces its 

complexity by an order of magnitude, consequently, saving resources for implementing the 

ranking module that selects features among a pool. 

iii.  Simulations of the proposed framework were carried out on video sequences of Browse4, 

WalkbyShop1Corr, and S8 that are taken from the CAVIAR dataset1, CAVIAR dataset2 

and PETS 2007 respectively. These sequences are known for their challenging constraints. 

1.8 Thesis Organization 

In trying to achieve the goals of this research, chapter 1 clarified various definitions in the object 

tracking domain, it also discussed some of the popular constraints that exist in this domain. The 

chapter further highlighted the importance of feature selection/extraction for representation of the 

object and subsequently highlighted the advantages of the object tracking domain. The 

organization of the rest of this dissertation is structured as follows: 

Chapter 2 presents literature review, including some of the main categories of object tracking with 

an emphasis on algorithms based on recursive Bayesian framework. There is a discussion section 
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after each category of tracking to summarize the advantages and disadvantages, possibly with a 

Table or Figure. The main emphasis of discussion will be on the PF method and the hybrid 

methodology, MSPF that is based on integrating MS into the PF method. Literature review also 

highlights some of the most prominent features used by the research community and its impact on 

the performance of object tracking algorithms in view of various specifications and constraints. 

The main objective of this chapter is to identify research gaps and define some research objectives.   

Chapter 3 discusses the proposed adaptive multi feature framework for hybrid object tracking 

methodology. It discusses the importance of features selection that might adversely/favorably 

affect the accuracy of the tracking algorithm or unnecessarily add to the computational cost of the 

algorithm. It develops and implements an adaptive multi feature framework that is built on top of 

the MSPF methodology. Further it also describes the mathematical formulation in detail and 

implementation of the proposed AMF-MSPF. First the feature evaluation process establishes the 

discriminative-ness of various features and selects the most suitable for the given instance in the 

video frame. The mathematical formulation of the proposed novel MS optimization procedure is 

then described and how it is embedded into the PF framework is explained in detail. Improvement 

to the MS procedure is discussed and that as a consequence also reduces the computational cost of 

the AMF-MSPF hybrid tracking framework.   

The experimental environment along the chosen video datasets and results are presented in chapter 

4. A detailed account of the dataset characteristics and some case studies have been carried out. 

Results of the proposed AMF-MSPF is demonstrated in light of qualitative and quantitative 

measurement metrics, comparisons with existing methods are recorded to prove the effectiveness 

of the proposed framework. The dissertation is concluded with a summary of key points and a brief 

overview into some cutting edge future directions that can possibly extend this research further.  
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CHAPTER 2 

LITERATURE REVIEW 

Object tracking, as discussed in chapter 1, is the problem of approximating /estimating the location 

and/or trajectory of the moving target as it moves around the camera’s field of view. In its simplest 

form, object tracking can be thought of as correspondence of objects detected that are represented 

by points in consecutive frames. And what makes tracking challenging are the constraints that the 

object has to move around in a scene. The tracking problem can be simplified by constraining the 

object’s motion and/or its appearance. For example, one can constraint the motion of the object to 

have fix velocity with no abrupt changes, the entrance and exits and size of object could be decided 

a-priori and so on and so forth. Two decades of research in computer vision have introduced an 

arsenal of object tracking algorithms. These algorithms vary by different parameters such as the 

features selected, the representation methods used, and the constraints they operate in. Object 

tracking has seen a lot of achievements and advancements after the electronic revolution that has 

increased the processing power of computers. They are broadly classified into deterministic and 

statistical categories and some of the representative methods in their respective categories are 

discussed in this chapter.  

2.1 Deterministic Based Methods 

Tracking is basically a problem of matching/associating points across single/multiple frames that 

help track the state of the maneuvering object in a set of given constraints. Mostly the brute force 

method comes in the deterministic domain. In deterministic methods, a solution consists of one-

to-one correspondence between all possible associations or unique set of association of a point 
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between consecutive frames. Another solution is a multi-frame correspondence approach that 

preserves a certain correlation across multiple frames along the temporal scale. A combination of 

some motion constraints, i.e. proximity, maximum velocity, small velocity change etc., are usually 

used as the correspondence cost. The main aspect of solving the tracking problem in this category 

is to come up with a solution that minimizes this correspondence cost. Next subsection discusses 

these methods in detail.  

2.1.1 Normalized Cross Correlation 

Historically a template based Normalized Cross Correlation (NCC) brute force methods were used 

for object tracking applications that correlated template/s with frame/s to obtain locations with the 

highest score. Mostly this template is formed of image intensity color feature; nevertheless other 

features are also used. However the high computational cost due to its brute force search 

mechanism, as can be seen in equation 2.1, is not suited for real-time applications. Researchers 

have reduced this computational cost using different techniques such as restraining the search to 

the vicinity of the detected object in the previous frame such as Fast-NCC (F-NCC)  [54], [55]. 

The intuition behind the research work of  [54] proposed F-NNC, based on an upper bound criteria, 

which states that “if the optimal calculated correlation score at present position is lower than the 

previously obtained maximum score then the template takes on the next location without even 

processing the rest of the pixels in the current position”. Other improvements in this category are 

template matching by enhanced bounded correlation [56], early termination rules [57] discards 

around 50% of the pixels, and use of integral image based weak classifiers [58]. The mathematical 

relationship between the image and template is given in equation (2.1).   
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𝛄𝒖,𝒗 =
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𝒙,𝒚

                             (𝟐. 1) 

 

Where, 𝑓(𝑥, 𝑦) is the image of the window at that template location, 𝑡, 𝑡̅ are the template and its 

mean respectively, and 𝑓̅
,  is the mean over the region 𝑢, 𝑣 as given by equation (2.2) 
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                                   (𝟐. 2) 

Other improvements use matching methods by employing multi-scale and multi-rotation 

templates. Hybrid systems combining feature and template based approaches were used to improve 

accuracy of template matching [59]. While these improvements reduced the computational cost 

and processing requirements, nevertheless, these systems fail under a variety of constraints. The 

real-time requirements were also violated when target size is large or multiple objects are present 

in the scene. These types of trackers fail under occlusion, object transformations, and complex 

object motion.   

2.1.2 Background Subtraction Technique 

Background Subtraction (BS) has been a widely used approach for detecting moving objects in 

static camera systems. The BS method, in its simplest form, models the background by averaging 

many frames of a video and separates out foreground objects by subtracting incoming frames from 

it. The deviation map generated from this process signifies the targets in region of significant 

change and is highlighted accordingly. Toyama et.al. has done a thorough comparison between BS 

techniques to develop some principles and criterions [60]. The following are some of the principles 

that governs background subtraction: 
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i. Robust segmentation technique is applied to detect the object appearance in the scene. 

ii. Good background modeling criterion classifies between background/foreground pixels 

iii. These model must take into account any abrupt changes to the background  

iv. These models are required to take into account occlusion, size/scale variations etc. 

A simple functionality of BS methods and the working of a recursive background modeling 

technique is depicted in a set of equations below: 

𝑩𝒕 =
𝟏

𝒍
𝑰𝒊

𝒍

𝒊 𝟏

                                                              (𝟐. 3) 

𝑩𝒕 = (𝟏 − 𝜶)𝑩𝒕 𝟏 + 𝜶𝒁𝒕                                                   (𝟐. 4)  

|𝑰𝒕 − 𝑩𝒕| > 𝑻𝒉                                                            (𝟐. 5) 

An 𝒍  number of frames are averaged to initialize a background model 𝑩𝒕 using equation (2.3). 

Equation (2.4) is used for maintenance of this model with 𝛼 being the rate of tuning the background 

model and the newly acquired frame 𝒁𝒕 so that the model is maintained. Equation (2.5) is what 

actually implements the BS algorithm where 𝑰𝒕 is the input frame at current time stamp and 𝑇ℎ is 

the threshold for classifying a target and non-target. Systems based on these type of algorithms are 

usually very sensitive to 𝑇ℎ and requires a careful tune to suit the required application. A robust 

BS algorithm should handle the most challenging constraints such as lighting changes, clutter 

backgrounds and long term temporal and seasonal changes to the scene. Figure 2.1, taken from the 

official documentation website of openCV [61], depicts the functionality and results of a BS 

method. The BS method is computationally inexpensive that does not require any prior knowledge 

regarding the scene and the object does not need to be initialized as well [62]. Another research in 
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this direction was the introduction of an adaptive background model updating technique [63]. In 

the object detection step, as some pixels are not well defined in the background, and that needs to 

be modeled recursively or non-recursively. 

 

Figure 2.1: BS Algorithm flow (left), Results obtained from BS method (right) [61] 

R. Zhang and J. Ding in [63], introduced non-recursive methods that require a buffer to store the 

required number of frames to take into account the history of frames for modeling the background. 

As the history is finite and these non-recursive methods do not depend on frame beyond it, they 

have a very adaptive behavior. Whereas the recursive methods do not require any storage 

estimating the background, because it updates a single background model that is based on the 

incoming input frames [64]. Generally these techniques are computationally efficient due to the 

fact that they require minimal amount of memory. Usually non-recursive methods use 

mean/median filters and frame differencing techniques while mixture of Gaussian (MoG), 

Gaussian Mixture Model (GMM) and Kalman Filters (KF) are used for recursive modeling. The 

mean and median filtering are simple image processing techniques that are based on sliding 

windows and changes the central pixel of the window by the corresponding result. On the other 

hand MoG, GMM and KF recursive background techniques are not so trivial techniques. While 
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non-recursive algorithms have no need to maintain a background model because of a history that 

it carries, recursive techniques maintains a background model that is evolved over time.  

Background subtraction and correlation based tracking methods are not useful in complex 

environments. Moreover, these methods require that the background scene remain constant and 

any change needs to be incorporated. Though a number of techniques exist that takes into account 

any change in static backgrounds [65] and dynamic scenes [66], such as fountain or fan in the 

background. However, at an extra computational cost of the pre-processing module.  

2.1.3 Mean-Shift Algorithm 

Modern methods in this category alleviated from the brute force search shortcoming by introducing 

a reference template model that are followed incrementally by hill climbing a gradient descent. 

The MS optimization procedure is a well-studied and powerful non-parametric method that 

determines the location of the object by measuring distance between the target and candidate 

histograms. The smallest distance between the two templates determine the location of the target. 

Distance minimization is done through maximizing a similarity metric, the Bhattacharyya 

coefficient, until it converges. And Since its inception in 1975 by Fukunaga and Hostetler [67], 

the MS method has found use in a broad spectrum of applications in the research circle. A volume 

of research has expanded on this idea and introduced some ground breaking improvements. The 

most prominent of which include kernel-based object tracking [68], MS tracking through scale 

space [69], [70], [71], Asymmetric kernels were used with MS for scale variations [70], MS with 

anisotropic kernel [72], ensemble tracking [73], and Continuous Adaptive Mean Shift (CAMshift) 

[74], [75] were improvements over the original idea.  

In 2000, Comaniciu was the first to solve the object tracking problem through the use of MS 
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optimization procedure and ever since it has shown continuous presence in the research 

community. MS is an iterative procedure that is based on density gradient climbing to find local 

maxima peaks along the probability distribution function (PDF). The procedure uses a gradient 

ascent to maximize a similarity measure, Bhattacharyya coefficient, to converge onto local modes 

[76]. This step is iteratively repeated over the MS vector until there is no change (convergence). 

The Bhattacharyya coefficient ρ is given by equation (2.6).  

ρ ≡  ρ[𝐩(y), 𝐪] = 𝐩𝐮(y). 𝐪𝐮

𝐦

𝐮 𝟏

                                                  (𝟐. 6) 

Here 𝐪𝐮 and 𝐩𝐮 are m-bin discrete densities of the color histograms of the target and candidates, 

respectively. The Bhattacharyya coefficient is used to compute a similarity measure between the 

two densities based on the Euclidean distance between the two probability densities as given by 

equation (2.7) 

𝐝(𝐲) =  𝟏 − 𝛒[𝐩(𝐲), 𝐪]                                                        (𝟐. 7) 

The MS procedure maximizes equation (2.6) at location 𝐲, which in turn minimizes equation (2.7) 

until it converges onto the new location y  (these terms will be explained in chapter 3, where the 

proposed novel optimized MS procedure is discussed). The Bhattacharyya coefficient is evaluated 

for the new probable location of the object that is given in equation 2.8, 

𝐲𝟏 =  
∑ 𝐱𝐢𝛚𝐢

𝐍𝐡
𝐢 𝟏

∑ 𝛚𝐢
𝐍𝒉
𝐢 𝟏

                                                             (𝟐. 8) 

Update 𝐩(y ) and evaluate Bhattacharyya coefficient over the new location, ρ[𝐩(y ),𝐪], 

until ‖y − y ‖ < Є, where Є is usually 1 pixel, y and y  are the previous and estimated location. 
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The target window moves along the gradient direction of the MS vector towards the local extreme 

of a probability density function and determine the best location i.e. where Bhattacharyya 

coefficient is the highest. The MS procedure works by initializing a target and searching over a 

neighborhood in the next frame to maximize a similarity metric until convergence. This process 

generates an MS vector over a given search window as given in Figure 2.2 [77]. 

 

Figure 2.2: MS vector moving towards areas with dense data points [77] 

The MS procedure associates the data points with the near-by peaks of its PDF. A window, also 

known as the kernel, is defined over these data points to calculate the mean. The center of the 

window is shifted towards this mean until convergence, i.e. there is no change in the location.  

In 2003, Camaniciu proposed an Epanechnikov kernel based tracking using the MS method [68]. 

This is a comprehensive and high cited paper which proposed multiple improvements over the MS 

procedure. The kernel based MS method is a very simple algorithm that proves efficient and 

effective in tracking objects under partial occlusion and mild clutter. However, MS method fails 

under size/scale variations, fast object motion, and full occlusion. In order to accommodate 
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size/scale variations of the object, Comaniciu proposed maximizing the Bhattacharyya coefficient 

over different kernel sizes and selecting the one that gives highest value for the coefficient. 

However, this is computationally intensive as now the Bhattacharyya coefficient has to be 

evaluated over multiple kernel sizes.  

G. R. Bradski [74] introduced a low cost and efficient modification to the original idea of MS [67],  

for providing solution to the issue of continuous variations in size and scale of the object [69]. The 

CAMSHIFT method continuously adapts the search window for each frame, depending on object 

size, using the first and second order statistical moments. The results scaled well to the size/scale 

variations and was applied to graphics and gamming controller through head tracking. Other 

research in the scale space category includes the prominent research of using an anisotropic kernels 

[72], and mixture of Gaussian (MoG) [69], [71], fragment-based methods [78], however, these 

methods are complex and costly in terms of computations. 

A few drawbacks that are implicit in the MS based kernel tracking, hinders the usefulness of this 

optimization method in the object tracking domain. The use of histograms to represent object and 

candidates disassociates the target from the very important neighborhood pixel information. 

Consequently failing under fast object motion, clutter background, and full occlusion. This 

restraints the object from large displacements in consecutive frames that mandates some part of 

the object to lie in the basin of search. To alleviate from this constraint, an improvement was 

introduced in the form of integrating MS with a KF linear estimator that estimates the basin of 

search (search window) to relax the constraint on the object fast motion [68]. However, this 

integration could not perform well under non-linear motion of the object as the KF cannot track 

systems with a non-linear and non-Gaussian behavior [79, 80].    
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One of the disadvantages of the MS method is highlighted when it loses the object, its convergence 

either becomes very slow or eventually loses the object completely. MS also becomes slow when 

the size of the object increases. In addition the MS method cannot inherently deal with multimodal 

distributions i.e. multiple objects. And like the BS method, the MS procedure also requires data 

association techniques to track multiple objects. Due to its poor response when object is under 

illumination change, researchers have experimented with different representations in a multi-cue 

setup to complement the color feature.  

2.1.4 Silhouette and Contour Based Tracking 

The outline boundary of an object is the contour and the region inside the contour is the Silhouette 

of an object. Contour/silhouette based trackers have their own area of applications where it has 

shown advantageous results, especially in applications where the non-rigid objects have a complex 

shape. Some objects may have complex shapes that are not well-defined or well-represented by 

trivial geometric shapes, tracking using silhouette-based methods have an inherent capacity of 

dealing with a wide range of object shapes [23].  

The object may have different shapes based on these silhouette and contours, such as a structure 

composed of different parts held together by joints are called articulated objects. So applications 

that require description of human parts like, head, hands, torso, arms, legs etc., silhouette based 

methods provide an accurate solution. Other structures can be represented by shapes like circles, 

ellipses, and lines etc. Thereby, handling different types of articulated object shapes is the biggest 

advantage of silhouette-based tracking, and in the process occlusion handling involving merge and 

split scenarios are other advantages of this class of algorithms. Another important issue related to 

silhouette trackers is their capability of dealing with object split and merge. Silhouette based 
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trackers either uses the state space models to evolve the contour or directly minimizes some energy 

function using a gradient descent technique.  

Object silhouettes are extracted using simple BS techniques and the resulting image is passed 

through a threshold to form a binary image [81]. Consequently, some unattended noisy isolated 

pixels are also generated that needs to be suppressed using median filter operators of different 

kernel sizes. The silhouette of an object is extracted using a segmentation method based on the 

level-set technique [82]. Segmentation using level-set gives a more realistic silhouette models as 

compared to morphing and grey-valued threshold.  

2.1.5 Kanade- Lucas-Tomasi (KLT) 

The Method of Kanade–Lucas–Tomasi (KLT) is basically an approach that was introduced to deal 

with the complexity of the traditional image registration techniques in computer vision [83]. So 

basically KLT is a feature extraction technique that extracts point and corners. The KLT algorithm 

was however invented to be used in image registration, but the technique was improved to track 

the most suitable features for tracking algorithms [30]. A tracking method that is based on [83], is 

what basically is known as a KLT tracker. To put everything in perspective, this is how a KLT 

tracker works: 

 Harris corner detector detects an expressive texture and marks them as points or corners.  

 These points are then tracked to compute the motion vectors between consecutive frames  

 At every mth frame, new corners are introduced  

 These new corners are tracked along the old ones for a spatio-temporal relationship to compute 

the trajectory of the object. 
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Another research was carried out by the same authors to investigate what features were tracked 

more robustly over a temporal space [84]. In the research, an affine transformation is tested 

between alternate frames (at least frames that are not consecutive), for the currently tracked feature. 

If the affine fitted image has a high dissimilarity score, then the feature is discarded. The reasoning 

is that, fitting affine transformation in alternate frames is a sufficient model for tracking.  

Features are selected based on the criteria that both the obtained eigenvalues of the gradient matrix 

were larger than some threshold. Using the spatial intensity feature, essentially the search is 

directed towards positions that yields the best match. Consequently, speeding the process in 

comparison to traditional techniques due to fewer potential matches between different video 

frames. Processing a video frame through an optical flow estimation module gives the velocities 

and directions for all the pixels represented as a two-dimensional motion vector [85]. Such 

techniques are also called motion segmentation due to segmenting motion of the object using 

threshold operations. The segmented results are enhanced using morphological operations and 

finally a bounding box is placed over its centroid. However robust, yet very compute intensive 

with a very heavy constraint that the lightening effects be controlled.  

2.2 Statistical Tracking Algorithms 

In contrast to its deterministic counterpart, the statistical class has a very rich set of methods that 

are robust against occlusions, misdetections, outlier in the background, size/scale variations and 

can be extended to multi object  tracking. This chapter, however, presents only Kalman Filter (KF) 

and Particle Filter (PF), which are among the representative algorithms in the statistical domain. 

The statistical correspondence methods use the state space approach to model the object dynamics 

such as motion, surrounding environment, trajectory etc. Measurements obtained from video 
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sensors invariably contain noise which is taken into account for the object state estimation. The 

pioneering work in the statistical domain treats the tracking problem as a recursive computation in 

the state space. State space estimation problems are mainly based on recursive Bayesian 

framework that lies at the heart of statistical estimation. Before going into any discussion on KF 

and PF, it is of great importance that the concept of Recursive Bayesian Filters (RBF) is 

understood. A simple relation can be given through equation 2.9 and demonstrated in Figure 2.3:  

𝑷𝒐𝒔𝒕𝒆𝒓𝒊𝒐𝒓 =
𝑳𝒊𝒌𝒆𝒍𝒊𝒉𝒐𝒐𝒅 .  𝒑𝒓𝒊𝒐𝒓

𝒆𝒗𝒊𝒅𝒆𝒏𝒄𝒆
                                               (𝟐. 𝟗) 

 

Figure 2.3: A basic Recursive Bayesian Filter (RBF) 

The estimation of the posterior in the RBF relationship are expressed in terms of hypothesis, 𝑯𝒌 

and 𝑯𝒌 𝟏 as the hypothesis at time stamp 𝑘 and 𝑘 + 1 respectively, and data, 𝑫𝒌 and 𝑫𝒌 𝟏 as the 

data at the previous time stamp and the new incoming data at the current time stamp respectively. 

The RBF uses these two components to recursively compute the posterior as in equation (2.10):   

𝑷(𝑯𝒌 𝟏|𝑫𝟏:𝒌 𝟏) =
𝑷(𝑫𝒌 𝟏|𝑯𝒌 𝟏). 𝑷(𝑯𝒌|𝑫𝟏:𝒌)

𝑷(𝑫𝒌 𝟏|𝑫𝒌)
                                (𝟐. 𝟏𝟎) 
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𝑷(𝑫𝒌 𝟏|𝑫𝒌) = ∫ 𝑷(𝑫𝒌 𝟏|𝑯𝒌). 𝑷(𝑯𝒌 𝟏|𝑫𝒌)𝒅𝑯𝒌                                 (2. 11) 

𝑷(𝑯𝒌 𝟏|𝑫𝟏:𝒌 𝟏), is the posterior distribution of the hypothesis at time stamp 𝑘 + 1 give all the 

data up until 𝑘 + 1, 𝑷(𝑫𝒌 𝟏|𝑯𝒌 𝟏) is the measurement distribution of the data given the 

hypothesis at time stamp 𝑘 + 1 and 𝑷(𝑯𝒌|𝑫𝟏:𝒌) is the prior distribution that is recursively 

computed at the previous time stamp 𝑘. Since the likelihood is not a probability distribution, the 

posterior is normalized by dividing each point of the posterior by the area underneath the likelihood 

(equation 2.11) to guarantee that it normalizes to one. So essentially, RBF is a two-step process 

that performs recursive estimation of the posterior distribution through updating the prior 

distribution with the posterior from the previous time stamp. Kalman Filter (KF) and Particle Filter 

(PF) methods are based on the recursive Bayesian framework that are only separated based on 

certain requirements and assumptions. This is the topic of the proceeding subsections.  

2.2.1 Kalman Filter 

Kalman Filtering (KF) is a very popular class of statistical based algorithms that are governed by 

the dynamic state equations (discussed in chapter 3 when the PF method is presented). KF method 

has found applications in computations that has a dynamic system with uncertain information, a 

state evolution and process measuring mechanism. Under the strict assumption of a linear state 

transition model with Gaussian process and measuring noises, the KF would often find optimal 

results even if there are inaccurate measurement estimates [86], [79]. Under the restriction of the 

above assumptions, the KF filtering methods are also called optimal linear estimators.   

The KF method is a very unique class of optimization that was first introduced by R. E. Kalman 

in 1960 where the author showed prediction and detection of signals in the presence of random 

noise [87]. KF methods essentially are a mathematical tool that implements a set of equations 
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working in a prediction-correction stages to compute the posterior in a way that optimally 

minimizes the estimated error covariance under the assumptions studied. In the prediction step, the 

process covariance and state transition matrices are used to compute the prior distribution that is 

needed in the correction step to update the posterior distribution.  

While KF was initially invented to improve the accuracy of aerospace applications to 

automate/assist navigation/control of space crafts, vehicles, missiles etc., nevertheless it found a 

core application in the object tracking domain as well. KF methods, an optimal recursive data 

processing technique, that takes into account all the available information such as: 

 Knowledge of the system and dynamics of the measurement process 

 Statistical description of the process and measurement system errors, and 

 Information about initial states of the variables  

KF, as already discussed above, finds the most optimum averaging factor for each consequent state 

and remarkably it also somehow remembers a little bit about the past states since it is recursive. 

Before anything it is important to understand KF and its variations, the state estimation expression 

of the KF method. Keeping the abstraction high, based on the transition and measurement dynamic 

equations, KF method can be expressed by the following equation: 

𝒔𝒌 𝟏 = 𝑲𝒌 𝟏𝒛𝒌 𝟏 + (𝟏 − 𝑲𝒌 𝟏). 𝒔𝒌                                        (𝟐. 𝟏𝟐) 

The state at the current time stamp 𝑠  is the estimate of the posterior distribution, 𝒛𝒌 𝟏 is the 

measurement value that potentially can be noisy. The 𝒔𝒌  is the estimate of the posterior on the 

previous time stamp. And finally 𝐾  is the “Kalman Gain”, the only unknown that we need to 
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calculate. All the previous measurement values and the previous estimated values are needed to 

calculate this “Kalman Gain”. If 𝐾  is assumed to be equal to 0.5, it would just act like an 

averaging filter, however, we need a smarter coefficient that knows how much the measurement 

and predicted state (from the previous time stamp) should be tweaked to adjust it to estimate a 

more accurate state. Following is a literature review of research papers on KF and its variants in 

an attempt to waive off some the shortcomings of the KF method.  

In 2006, Shiuh-Ku Weng proposed an adaptive KF (ADF) that is initialized with a motion model 

of the system [88]. The measuring process is defined by the feature that are detected in the HSI 

color space in consecutive frames. The measuring process and the estimated parameters of the 

ADF are tuned using an occlusion ratio defined as the ratio of regions of moving objects in 

consecutive frames. The results showed good response to partial occlusion, fast object motion, 

some kind of non-linear motion under constant velocity. However, the algorithm is tested on 

unknown video sequence that contains a single object with a fix background.  

In 2010, Xin Li proposed a feature-based KF for tracking multiple object under split merge, full 

occlusion, and size and scale variation [89]. The motion model is defined by the feature centroid 

and area of the maneuvering object in a fix static scene. The algorithm is tested on unknown 

outdoor and indoor sequences that however performs well under linear motion constraint. 

KF based tracking methods has found some applications that can operate under controlled 

environments that restraints the system to be linear and Gaussian. However, video sequences often 

exhibits many challenging constraints such as scene clutter, occlusion, outliers in the background, 

and other temporal dynamics that are all non-linear and non-Gaussian. Consequently, the 

restrictive hypothesis of the KF method restraints its applicability in the object tracking domain. 
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Moreover, including non-linearity in the measuring process has a good reason to take care of 

challenging constraints such as complex appearance changes of the object and other temporal 

dynamics. To embrace non-linearity to widen the scope of KF methodology, successful attempts 

were made to derive new variants of the KF family that linearizes non-linear system through first 

and second order approximations. Extended Kalman Filter (EKF) [80] and Unscented Kalman 

Filter (UKF) [80], [90] are two such approximations, which only differ in how they approximate 

the underline non-linear dynamics. EKF is a first-order approximation method that takes the partial 

derivatives of the non-linear system or expands its Taylor series [91], [92], [93] to transform the 

non-linear state vector of the object to something that is approximately linear. This linearization 

gives approximation errors that are not taken into account in the update step. However, EKF can 

only model simple linear system that are almost linear on the time scale of updates and cannot 

model other systems with more complex non-linear dynamics. This constraints the observation 

model to a simple non-linear function that would not be able to handle key constraints such as 

background clutter and complex object appearance changes. 

On the other hand, the UKF method is a second order approximation function based on recursive 

estimation that parameterizes the mean and covariance of the posterior density [94], [95], [96], 

[97]. The computational procedure of the UKF method implements a set of recurrent equations 

based on the prediction and correction model. This method has some similarities to the PF 

methodology as it transforms the state vector in to a weighted set of sigma points via non-linear 

equations that are used for estimating the mean and covariance of the state [92]. These sigma points 

are what determines the requirement of the UKF to operate on higher order moments [98] that 

represents the update of the filtered distribution required for approximating the moment based 

Gaussian distribution.  
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After discussing the EKF and UKF variants, a question arises about applicability of the KF variants 

to problems having multimodal distributions with non-Gaussian noise sources. Like the EKF, the 

UKF are also only useful for uni-modal distributions, in which case the Sequential Monte Carlo 

(SMC) based PF methodology finds a natural application to non-linear multi-modal distributions 

[92]. The next subsection, highlights its advantages, disadvantages and improvements over years 

of research in non-linear filtering using the PF methodology.    

2.2.2 Particle Filters 

In the previous section we discussed the KF method along with its conventional methods of EKF 

and UKF that had put an effort in linearization of non-linear systems. However,   these methods 

have never truly coped with large scale non-linear unsTable dynamic systems having non-linear 

and non-Gaussian processes. These methods could not deal with non-linearity that were not 

sufficiently smooth and they were also fundamentally limited to uni-modal posteriors. There was 

a need of a tool that is capable of representing multi-modal posteriors that could evaluate multiple 

significantly different hypotheses in addition to dealing efficiently with non-linear system. PF 

method is an intriguing alternative designed to handle the drawbacks of restrictive hypothesis and 

uni-modal posteriors of the KF method and estimates the posterior density by combining random 

samples associated with weights. 

The PF method was inspired by the genetic mutation-selection mechanism that keeps a balance 

between alleles that are produced by mutation and removed by selection [99]. PF algorithm 

replaces the predict-update transitions used in the KF filtering equation by a genetic type of 

mutation-selection based sampling mechanism. The sample set of particles are used to represent 

the posterior distribution of a dynamic process in a noisy environment. This method potential non-
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linear non-linear distribution possibly with non-Gaussian noise distributions. This technique 

provides a well-established methodology for generating samples from the required distribution 

without restricting the state-space model or the state distributions [100]. The PF, also known as 

Sequential Monte-Carlo method, is a set of online posterior density estimations that is directly 

implemented using the recursive Bayesian framework. Unlike KF, the PF method does not use 

models rather it uses simulations i.e. Monte-Carlo simulations, on data samples to get the 

estimates. Though the input output relationship is the same as in the KF method however the PF 

method uses sampling techniques rather than doing any explicit function, thereby it avoids the 

linearity restriction. Since its inception in 1950, the PF method has been approved by a large body 

of research as a very accurate, and robust methodology that has outperformed traditional 

estimation methods, particularly under non-linear motion, full occlusion, and complex background 

[79],  [80], [98], [101-111],.  

Israd et al. [101], BraMBLe [105], Pe’rez et al. [102], and Nummiaro et al. [112] are some of the 

early prominent research works that have used color histograms in the probabilistic framework of 

PF method for object tracking. PF, a method based on sequential Monte Carlo Simulation (SMC) 

[98], find various names in the literature  such as Bootstrap filter [80], condensation [103], and 

survival of the fittest [104]. 

CONDENSATION [101] method proposed by Israd, was one of the earliest work to use PF for 

the purpose of tracking by combining random samples and learned shape dynamics. The results of 

this temporal propagation of the integrated shape and motion dynamics are more accurate and 

robust than KF. A Bayesian multiple-blob tracker, known as BraMBLe [105], was proposed to 

successfully verify the multimodal claim of PF. The method was effective in multi-object tracking 

however it gets confused when two objects cross (occludes) the target.  
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P. Perez et al. [102] proposed color histogram similarity measure using probabilistic Bayesian 

framework based on PF methodology. It is an enhancement of the BraMBLe method that takes 

into account occlusion in addition to tracking under fast object motion, and similar background. 

The method is extended to multi-part segments that include some spatial information ignored by 

global histograms used by other methods. The results were convincing when compared to global 

histogram based tracking methods because the histogram loses relationship with its neighborhood.  

Katja Nummerio [106, 112], has used color in combination with the edge feature to obtain the 

shape of the target. Model adaptation is included based on temporal stability over a certain 

observation, to encounter the changing angle and camera parameters. Comparison with the MS 

method and MS combined with the KF method, PF proved to be quite superior in tracking under 

clutter, fast motion, and size and scale adaptation. But as an adaptive model is used, a trade-off 

exists between robustness to prolonged occlusions and appearance change due to illumination. 

The approach by Chang Yang [107] has speed-up processing by the use of integral images to 

efficiently compute the color and edge histograms. These features are then used along with the 

quasi-random sampling based PF method. By using integral images, the observation likelihood 

becomes a mere lookup operations. Consequently, that gives the advantage of choosing more 

particles to represent the posterior with more accuracy. The algorithm was able to track multiple 

objects with fast motion and adapted well to size/scale of the object.  

Jaward [108] used color, texture and edges as observation features along with joint probabilistic 

data association techniques. Multiple objects with partial occlusions are successfully tracked, 

however the methods are not extended to include full occlusion, abrupt illumination changes, and 

also fails with similar objects in the background. 
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Similar to the method of [107], Ruohong Huan [109] uses cumulative integral histograms that 

reduces the cost of feature extraction. This computational reduction as a consequence, allows to 

combine color and local binary pattern features to be fused additively based on the deterministic 

difference between the foreground and the background features. However, the method is unable to 

track under severe occlusion and background clutter.  

Likelihood function is used to associate weight with every particle, which represents the 

probability of particles being sampled from the probability density function. A common issue 

arises in these algorithms when over a certain time period the weight disparity among particles 

increases leading to weight collapse. This process is called degeneration, which is accounted by 

resampling from the likelihood distribution to cope with these uneven weights [79], [80], [86]. 

There are several adaptive resampling principles in the literature such as variance among weights 

and relative entropy w.r.t to the uniform distribution [110]. The negligible weights are replaced 

with newer particles that are sampled from the locations that have gained higher weights.  

Recalling the update-predict cycle of the Recursive Bayesian framework, the posterior distribution 

𝒑(𝒔𝒌|𝒛𝟏:𝒌) is recursively computed in two phases (prediction-update equations). In the prediction 

step, we compute: 

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤) = 𝐩(𝐬𝐤 𝟏|𝐬𝐤)𝐩(𝐬𝐤|𝐳𝟏:𝐤)𝐝𝐬𝐤                                     (𝟐. 𝟏𝟑) 

Where 𝐩(𝐬𝐤|𝐳𝟏:𝐤) the posterior at time stamp k is (assumed to be known due to recursion) 

combined with the state transition distribution, 𝐩(𝐬𝐤 𝟏|𝐬𝐤), to form the predictive prior 

distribution given all the measurement up till time stamp k (equation (2.13)). The distribution 

𝐩(𝐬𝐤 𝟏|𝐬𝟏:𝐤) is how the state evolves and the probability 𝐩(𝐬𝐤|𝐳𝟏:𝐤) can be thought of as the prior 
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over 𝒔𝒌 before receiving the most recent measurement 𝒛𝒌 𝟏. In the update step, using the Bayes’ 

recursion, the posterior distribution is updated with the new measurement 𝒛𝒌 𝟏 in combination 

with the prior to obtain 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏) as given in equation (2.14):  

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏)  𝛂  𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏)𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤)                               (𝟐. 𝟏𝟒) 

 In general, the computations in the prediction step of equation (2.13) and update step of equation 

(2.14) can only be analytically evaluated under strict assumptions as in the case of KF. Most of the 

time these assumptions are not valid in which case the PF approximation methods such as the 

Monte Carlo sampling is used to evaluate these steps. The posterior distribution of equation (2.13) 

is usually approximated using equation (2.15).  

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏)~ 𝐰𝐤 𝟏
𝐢 𝞭(𝐬𝐤 𝟏 − 𝐬𝐤 𝟏

𝐢 )

𝐍𝐬

𝐢 𝟏

                                    (𝟐. 𝟏𝟓) 

For more on stochastic based probabilistic methods, the reader is referred to an elaborate paper by 

Y. Salih and A.S Malik [111]. Out of the large number of features available to the research 

community, color has been dominantly used in the object tracking domain. The two well-known 

representative approaches, MS [68-71], [113-114], [78] and PF [102], [105-108], [115] have made 

intensive use of color as the feature of choice. However, color alone is not a recommended choice 

for representing the object as its performance is heavily constrained by the environment it operates 

in. Applications that requires to track objects under illumination and clutter variations, would 

certainly be impacted by surface reflectance properties of the object, which might fail the trackers 

once the appearance of the object changes due to illumination change or clutter background. 

Normally other features are combined/fused in different ways to offset this limitation. In a 
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potentially overwhelming amount of digital data storage from a wide spectrum of both visible and 

infrared sensors [116], intelligent applications have at their disposal a huge feature set [117].  

The PF method takes advantage of the SMC-based technique that inherently allows integrating 

different measurements from various sources. Multiple features have been combined to take 

advantage of their respective characteristics. Color is combined with other features in a 

complementary fashion to account for its sensitivity to noise. Low-level features ( i.e. edges and 

points) have been used to represent the appearance and shape of the object into the PF probabilistic 

framework [118]. 

Yang et. al. uses color and edge orientation histograms, computed using integral images, to 

represent the object characteristics [107]. The likelihood of these features are calculated and 

integrated together before the Bayes’ recursive rule could be applied to estimate the posterior 

[119]. Other research that has used edges in conjunction with color are [120-123]. 

Linear models of spatio-temporal feature, such as shape, depth and texture, have been included as 

the state space measurement function [124]. Color, Optical and depth multi-cues, obtained from 

the Kinetic camera with multiple sensors working in different electromagnetic spectrums, are 

integrated into the tracking framework [125]. Thomas Brox included color, texture, and motion 

spatio-temporal cues in a non-linear diffusion coupling in a belief that under varying constraints 

only one cue cannot distinguish object location [126].  

D. M. Gavrila and S. Munder have proposed a pedestrian tracking system, called PROTECTOR, 

which is a complex combination of different modules in a cascade [127]. Each module utilizes a 

criteria, provided by complementary multi-features, to narrow the search space in the current 

frame. These consecutive modules, i.e. ROI generation, detection, classification and verification, 
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are tightly integrated by the sparse shape-texture-dense stereo-based features respectively.  

Z. Yin, F. Porikli, R.T. Collins [128] have combined heterogeneous features of intensity, motion, 

saliency, texture and template matching in a likelihood image fusion that is an extension of their 

earlier work [69].  

As the literature is awash with a variety of feature combinations targeting different scenarios, 

various methods of fusing exists that has a profound impact on the applications at hand. From the 

combination of the vast features studied above, different methods of feature fusion have been 

reported in the research community such as weighted fusion, multiplicative fusion, democratic 

integration of features and min max rules etc. These fusion techniques proved very effective in 

encountering various constraints faced by the object tracking community. Weighted fusion has 

been widely used in [129-131], where the multi-cue is fused in a way that complements each other. 

When one cue is not discriminative of the object, other features play a leading role in 

complementary fashion. Weights are assigned to the cues on the basis of the confidence they show 

towards the true state of the object. While in multiplicative fusion the outlier noise might also get 

enhanced due to the independence assumption of the features, in weighted fusion the noise is not 

accumulated though but the robustness of the feature is also not enhanced [132], [109].  

In the research work of [109], a multi-cue adaptive particle filter is developed that uses color and 

texture features in a dual feature fusion strategy to adaptively form a new feature vector that is 

more discriminative of the target. In the normal mode, the usual multiplicative fusion enhances the 

features to boast object representation, however as soon as occlusion occurs, the particles perform 

Brownian motion and weighted fusion adapts to the most discriminative feature vector [109]. 

Singular value divergence have been used to measure and verify the performance of the available 
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fusion techniques [133]. Adaptive color spaces were evaluated to discover the features most 

discriminant of the current scenarios, with a combination of different tracking techniques. The best 

features were then fed into the MS tracking method that was tested under heavy cluttered 

background and other abrupt changes [113], a 2-D color space model was used to switch between 

different colors space into the CAMSHIFT for the application of face tracking [134]. Multiple 

Haar-like feature transforms are computed using viola and jones fast object detection [135] that 

are reselected online when outliers in the vicinity confused the tracker. Nguyen adaptively 

switches between Gabor filter models to encounter variations in the appearance of the object due 

to the influence of the background [136].   

A prominent trend is identified in the literature review is the extensive use of color in combination 

with different features such as motion, texture, LBP, shape,  depth etc. [107-109], [128], [129], 

[124-126]. However, besides a few, only a fixed set of features are used that can only model the 

object in a small subset of backgrounds from a vast set of scenarios that can arise in an uncontrolled 

environment. Therefore, these methods can only solve some part of the challenge facing the 

tracking problem. Because fixed set of features are only able to model the static background 

assumed implicitly a-priori, neglecting the local perspective of the dynamically changing 

background relative to the object. Table 2.1 highlights this fact along with a summary of 

comparison of the tracking algorithms in the deterministic and statistical categories studied so far. 

2.3 Trend towards Hybrid Object Tracking  

In the backdrop of the literature investigated above, a prominent factor identified was that no single 

tracking method that performed well under all circumstances. The representative tracking methods 

had their merits and demerits conditioned on the environments and constraints they are deployed.  
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A popular paradigm shift has resulted in combining the advantages of both the worlds to develop 

hybrid algorithms based on combining trackers from different categories. There is a quality of 

research that integrated these methods in different combinations to harness their advantages. This 

section goes into the literature review of methodologies that advocate integration of different 

tracking algorithms to benefit from their advantages. In this regards, background modeling is 

combined with the MS algorithm that track vehicles for monitoring application [137]. Background 

subtraction modules are placed in areas of trigger to detect the object and then MS is used for 

tracking. The KF linear optimization method is used in conjunction with the non-parametric MS 

optimization method based on gradient decent. Since MS methods does not well with fast object 

motion, the KF linear estimator is integrated that estimates the basin of search (search window) to 

relax this constraint [68].  

However, this integration could not perform well under non-linear motion of the object as the KF 

cannot track systems with a non-linear and non-Gaussian behaviors [79], [80]. This integration is 

mostly for the purpose of estimating search window for the MS for the next frame and 

complementing MS in case of any failure. Feng et. al. has combined KF with MS that essentially 

reduces the effects of their respective assumption of linearity and fast object motion [138]. In this 

research work the KF method is again used to estimate the basin of search for the MS method and 

takes into account any similar object in the background in addition to fast object motion. Similarly 

Kuo Hsien Hsia combines the CAMShift , a modification of MS, with KF to ease the restrictions 

on the object movements [139]. In this category of hybrid tracking domain [137-139] color has 

been used by the MS procedure guided by the KF method that estimates the basin of search for the 

next frame. In a similar research, MS and KF methods were combined for tracking the eye pupil 

in a complementary way so that if one tracker fails the other takes charge [140].
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Table 2.1: Summary of various tracking algorithms 

Author, year Ref. Technique Features Advantages Disadvantages 

Comaniciu, 
2003 

[68] MS Color, 
Texture  

A powerful non-parametric method that 
measures the distance between target and 
candidate histograms. The results show 
robustness towards partial occlusion and 
mild clutter 

Fails under full occlusion, fast object 
motion, doesn’t scales well to 
size/scale, and can divert if any outlier 
present in the background  

Yilmaz, 2007 [70] MS 

 

Color Unlike [68], this research proposes an 
asymmetric kernel to take care of non-
regular shapes. Robust against various 
scale, orientation and clutter  

Since the kernel shape remains 
constant, it cannot handle shapes 
completely s contour based methods 
does. It also fails under similar outlier 
in the background 

R.T Collins [69] MS Color A Difference ofGuassian is chosen as a 
kernel for MS method which empowers 
efficient tracking in scale space 

Require extra processing step to 
generate Difference ofGuassian 

Bradski, 1998 [74] PF Color Continuous adaptive mode seeking was 
applied pioneering MS based research in 
tracking domain.  

Like MS and other variants, CAMShift 
fails if there is any outlier in the 
background or any abrupt illumination 
change 
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Katja 
Nummerio, 
2002 

[106] PF Color The authors clearly demonstrated the 
superiority of the PF method, based on 
Monte Carlo sampling, over MS, KF and 
MS/KF combined. The method has 
shown real-time capabilities. 

Any abrupt appearance change might 
fail the tracker 

Z. Yin  [128] MS Color, 
motion, 
texture, 
Saliency 

The MS procedure is initialized with an 
ensamble likelihood map that is 
generated by fusing heterogeneous 
features. This methodology has produced 
good resultsin boasting discrimination of 
the target from the background   

Generating likelihood maps from 
multiple sources is a computationally 
intensive task, therefore the 
performance evaluation of this idea is 
necessary if it is intended to become 
part of a bigger system. 

Y. M. Dai, 
2010 

[129] MS Color, 
Texture 

The traditional MS method is extended 
by independently maximizing the 
Bhattacharyya measure for color and 
texture. The center of the target location 
is computed through integration of both 
the cues and that give better performance 
against clutter background. 

However, the drawback of MS still 
persists, i.e. it uses expensive 
processing to encounter size/scale 
variations of the object by evaluating 
the Bhattacharyya coefficient for both 
the cues with multiple multiple kernel 
sizes. 

C. Yang,  [107] PF Color, 
Edge 

Integral images are used to reduce the 
characterization of the target to mere a 
few Table lookups. By using integral 
images, the computational load of using 

However, the orientation of the object 
is fixed while tracking. The method 
could be enhanced if the object is 
assigned an orientation using edge 
orientation histograms.  
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multiple features is considerably 
reduced. 

Perez, 2002 [102] PF Color, 
Histogram
orientation  

An enhancement to the concept of global 
histogram that trims away spatial 
information. The framework performs 
well under full occlusion, mild 
background clutter and fat motion. 

Due to inherent draw back of the color 
representation, it fails under abrupt 
intensity change and heavy clutter 

Jaward, 2006 [108] PF Color, 
Texture, 
Edges 

This research extends the PF method to 
include color, texture, and edges into into 
its observation equation. The algorithm 
was successful in tracking multiple 
objects under partial occlusion. 

The algorithm is not extended to 
handle full occlusion, abrupt 
illumination change and similar object 
in the background. 

R. Huan, 
2018 

[109] PF Color, 
LBP 

Feature extraction process is performed 
using integral images that saves 
computational resources. Consequently 
providing room to fuse color and local 
binary pattern features. 

Fails under severe occlusion and 
clutter background because difference 
based fusion is not robust.  

J. Giebel, 
2004 

[124] PF  Shape, 
Depth, 
Texture  

A Bayesian framework has been 
proposed that uses multiple spatio-
temporal features for object 
representation. State space propagation 

The framework, however, is 
computationally very expensive. The 
particle count is set to 500 in which 
case it takes 300ms/frame. That means 
approx. 3 frames per second.  
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of the PF method is reinforced by 
combining shape, texture, and depth.  

Q. Wang, 
2014 

[125] PF Color, 
Optical, 
Depth 

Color, optical flow and depth cues are 
incorporated to model the appearance of 
the target. This forms an information 
enhancement that is more supportive of 
tracking the target. 

The proposed method, however, does 
not take into account the changing 
model appearance of the object. 
Furhter more, no quatitiave analysis 
have been carried out to justify the 
method in realtime. 

Thomas Brox, 
2010 

[126]  Color, 
Texture, 
Motion 

A level-set based multi-feature 
extraction and the spatio-temporal 
combination of these feature is proposed. 
Color, motion and texture has been 
utilized to distinguish between the 
foreground and background. However 
intended for segmentation framework, it 
has also been extended to the tracking 
domain too.   

There was no discussion on 
performance evaluation and also no 
comparisons were done with existing 
methods 

Gavrila, 2007 [127] PF Shape, 
Texture, 
Stereo 

A multi-cue vision system is developed 
for a moving vehicle that merges 
multiple features in a cascade fashion. 
Each precededing classifier module uses 
a cue that complements the proceeding 
modules by generating weights for the 

The restriction on area of the sensor 
coverage and processing speed, 
however, requires more research for 
real-world deployment. 
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cues. This essentially narrows down the 
search area.   

J. Ma, C. Han, 
Y. Chen , 
2007 

[141] PF Color, 
texture 

Spatio-temporal color models of the 
object are calculated using integral 
images. This accelerates the computation 
of particle weights. 

The experiments were conducted 
using datasets that had a controlled 
environment. Besides, the algorithm 
requires a large storage capacity 

H. Liu and F. 
Sun, 2012 

[142] PF Color 
based 
spatiogra
ms 

An incremental-based likelihood 
calculation is performed by including 
histogram and Bhattacharyya coefficient 
which improves efficiency. The method 
can be applied in areas of low-resource 
hardware systems. 

Trades accuracy for efficiency 
(algorithm speed), because it weight 
particles incrementally. 
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Katja Nummerio in a similar research compares the PF method with the MS, KF, MS / KF 

combined [112]. All the algorithms uses color as the representation feature for the object and 

results are obtained by testing them on a few sequences exhibiting non-linear, fast object motion 

and size/scale variations. Figure 2.4 depicts this comparison in a graphical way.  

 

Figure 2. 4: MS tracker, MS-KF combined tracker, PF tracker [112] 

While setting aside the reaction to the size constraint by the tracker, MS (left) performs well but 

the search region increase due to fast object movement. In comparison to the MS method, the 

combination of KF and MS (center), was able to handle the scaling variation better due to 

prediction of search window by the KF estimator. However, as KF methods are vulnerable to non-

linear dynamics, it fails when the basketball bounces upwards. 

The PF method has excelled in comparison to both the algorithms and tracks the object well even 

under non-linear behavior of the ball, as it bounces back from the floor. PF methods can handle 

arbitrary multi-modal posterior probability densities and has the advantage of inherent support for 

multi-object tracking which otherwise has to get support of data association techniques. 

On the one hand, while MS is an efficient gradient based non-parametric method that performs hill 

climbing on a gradient density to find maxima i.e. peaks of a distribution, however, it fails when 
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the object has a small size, fast motion, and full occlusion. Moreover, when it loses the target, the 

convergence of the MS tracking method either becomes very slow or never recovers and loses the 

target. On the other hand, the PF method provides all the remedies to the problems of the MS 

method and also waives off the restrictive hypothesis of its KF counterpart. However accurate and 

robust, PF methods are very compute intensive because of their reliance on large number of 

particles. The approximation error goes down to zero as the number of particles approach infinity. 

However, with higher dimensional state space, the number of particles required to estimate the 

posterior PDF increases exponentially. The number of particles are directly proportional to the 

count of objects (requires particles for each object multiplied by the number of objects) that as a 

consequence increases the computational cost as well. The increasing trend towards hybrid 

tracking systems has found a solution to PF’s constraint of its dependence on a large number of 

particles. The MS optimization procedure has found a natural integration into the PF’s particle 

validation process. The MS procedure moves a small number of particles towards their local modes 

and give them a more accurate location. In contrast to having a large number of particles, using a 

small set that is moved by the MS towards their local mode is more likely to enable the PF method 

to estimate the true state of the object. This integration of MS into the PF particle validation process 

have formed what is popularly known as the MSPF methodology and their advantages have been 

approved by a large body of research [143-150].   

Caifeng Shan [143] in 2004 introduced the idea of a hybrid object tracking algorithm to combine 

the strengths of the MS and PF methods. The idea behind this development, as discussed above, 

was to reduce the disadvantage of the PF reliance on a large number of particles. The aim of this 

integration was to improve sampling by herding the particles towards precise local modes, 

resulting in better representation of the posterior by fewer particles.  
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In 2005, a similar research was undertaken by Cheng Chang [151], a Kernel-based PF (KPF) was 

proposed. The kernel was invoked to continuously estimate the posterior by shifting the particles 

towards more accurate neighboring regions. The results were convincing in comparison to 

traditional PF and its versions. The error was the lowest for KPF under 3 iterations with 200 

particles versus 600 for other PFs. For that same number of particles (200), traditional PFs loses 

the target while the KPF track on with only 30 particles. 

The method of [144] proposes a two-stage hybrid tracker (TSHT) that incorporates the MS into 

the PF algorithm with updating the dynamic model in each iteration depending on the appearance 

change of the target in the previous frame. Color histograms is used in combination with 

orientation edge histograms to include the shape and inner edges of the object. The results though 

robust toward changes in size/scale variations and non-linear motion, however, it may fail under 

the assumption that there is no abrupt motion because the method updates the dynamic model 

based on previous frame.  

Caif Shan et al. [145] developed a method known as Mean-Shift Embedded Particle Flter (MSEPF) 

that integrates both of these representative methods. Color and motion cue based MS optimization 

is used to move particles to local peaks. The execution time as well as the position error (in pixels) 

is also decreased by 55% and 33% respectively. The MSEPF method is also robust to similar color 

distraction, illumination change and fast hand motion. Since the intended application is hand 

tracking, there is no rapid change in background or abrupt illumination change, therefore further 

investigation is required to expand it to outdoor tracking applications. 

In extension to[145], Wang Zhaowen proposed an algorithm that replaces the MS method with 

Camshift guided PF (CAMSGPF) [146]. A traditional MS if applied to the particles would require 
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5 iterations on average for every particle, CAMSGPF reduces the time by 20%~50% depending 

on the sequence and number of objects. While assuming uniform illumination, results show robust 

response to size and scale adaptation, fast object motion, cluttered background, and occlusion. The 

particle reduction employing just 2 camshift iterations on each particle makes CAMSGPF faster, 

more robust and efficient than TSHT [144], MSEPF [145]. It takes less time than TSHT and 

MSEPF with more accurate similarity metric. Chia et al. [147] develops a similar hybrid algorithm 

where the MS optimization procedure is integrated in the PF sampling process to move particles 

to their local modes. Color and edge orientation histograms have been combined to cope with 

occlusion and object outlier. 

In 2010, Anband Yao observed that the widely used Bhattacharyya coefficient as a similarity 

metric is not discriminative enough [148], as it only compares same bins while neglecting latent 

similarities (cross-bin interaction). The proposed improvement introduces the concept of 

incremental Bhattacharyya dissimilarity (IBD) that embeds an incremental similarity matrix (ISM) 

to continuously compare between the object and background particle. This method targets partial 

occlusion and severe clutter background constraints and results were aligned with the claim. 

Subsequently a PF based Kernel Object Tracking (PFKBOT) was proposed that uses the ISM 

similarity in the MS method [149]. Through the ISM technique, background particles are 

continuously distinguished to isolate them from the target region. This essentially filters out 

particles that are most suitable for initializing the KBOT method. Consequently the result shows 

robustness to background clutter and occlusion, however, at the cost of large computational power. 

SOAMST [152], scale and orientation adaptive MS method was proposed in response to poor 

scale/orientation response of the MS method. In this technique, the zero-order moment was used 

to select scale and orientation, while the second-order was used to estimate the width of the target 
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window. Although this integration improves scale/orientation variations, however, its 

computational load increases. Hongxia Chu et. al. in 2013 proposed SOAMSTPF, which embeds 

SOAMST into the PF methodology to process the particles through this technique that reinforces 

the PF method with a better representation of particles that captures the true mode of the posterior  

[150]. The results have, however, shown an insignificant decrease in number of particles i.e. 100 

particles, research in MSPF based hybrid trackers have already achieved a significant reduction as 

Katja Nummerio has reduced the particle count to 75 [112], while Maggio Emilio to 30 [144],  and 

10 particles have been claimed in [145]. Table 2.2 highlights a summary of comparison between 

different state-of-the-art MSPF based tracking algorithms.  

An evident trend noted in the literature review on the hybrid methodologies, was the intensive 

efforts to combine local and global features to benefit from a combination of spatiotemporal 

features to address the fast and significant appearance changes by the maneuvering object [143-

152] and [129]. 

A high cited research work by Arnold W. M. Smeulders et. al., an experimental survey paper on 

visual tracking, has identified and pointed out the importance of locality that has influenced 

tracking magnanimously [153]. The authors have noted this changing trend towards infusing local 

information (LBP, SURF, SIFT) into the global descriptors for object tracking algorithms. 

However, selecting features in advance inherently assumes that the background will not change 

considerably. Because a fixed set of features might only model a small subcategory of background 

scenarios that changes continuously. Therefore, methods using a fixed set can only solve some part 

of the challenge that the tracking community is facing. Because fixed set of features are only able 

to model the static background assumed a-priori, neglecting the local perspective of the 

dynamically changing background that is relative to the object.
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Table 2. 2: summary of MSPF hybrid tracking algorithms 

Author, year Ref. Features Advantages Disadvantages 

Zhang, 2011 [130] Color, 

Motion 

A CAMSHIFT is embedded to the PF method 

with a focus  on controlling the concentration 

and spread of the particles.  

The system is unable to track under 

long occlusion. 

C. Shan, 2004 [143] Color, 

Motion 

An MS procedure is embedded into the PF 

method and the numbers of particles has been 

reduced as in other MSPF methodologies. The 

paper claims to have overcome the degeneracy 

problem of the conventional PF methods. 

The algorithm is targeted at 

controlling a wheelchair using skin 

color of the hand. The assumtion is a 

uniform background and slow hand 

motion.   

Cheng Chang, 

2005 

[151] (R-G) 

Color  

A kernel is invoked that continuously estimates 

the posterior more accurately even with just 30 

particles compared to the 500 particles for PF 

method. 

Only a limited testing is carried out 

using a sequence to track the head.  

Emmilio, 2005 [144] Color, 

Orientation 

TSHT implements MSPF methodology with 

updating the dynamic model of the system. 

Color and orientation edge histograms that also 

Because the dynamic model is 

updated in every frame, any abrupt 



Chapter 2                                                         _________________________________________________________Literature Review 
 

63 
 

edge 

histogram  

take into account the shape of the object. The 

implementation have shown good results in 

response to size/scale variation and non-linear 

motion. 

motion by the object can potentially 

fail the tracker.  

C. Shan, 2007  [145] Color, 

Motion 

The MS optimization procedure is integrated 

into the PF method to herd particles towards 

their local modes, which improves the sampling 

efficiency of PF. It effectively tracks a hand for 

gesture recognition. It includes color and motion 

cues into its measuring process. The method is 

robust to similar color distraction in the 

background, illumination change and fast  hand 

motion 

The test case sequence is an indoor 

sequence that does not exhibit any 

abrupt background or illumination 

change. 3D articulated objects are not 

considered in the same category of 

application. 

Wang 

Zhaowen, 

2009  

[146] HSV and 

Color 

An improvement to the MSEPF [145] in terms 

of execution time, a CAMSHIFT method is 

integrated into the PF method to form 

CAMSGPF. This modified MS achieves 

convergence in just two iteration. Therefore it is 

The assumption of  uniform 

illumination is the bottleneck. And 

accuracy is traded with execution 

time. 
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faster than the MSEPF. It has shown good 

tracking results 

Y. S. Chia, 

2011 

[147] Color and 

Edge 

An MSPF methodology is proposed that 

combines color with edges of the target in a 

complementary manner. The method is robust 

against full occlusion and change in motion. 

However, the experiments were 

carried out using sequences showing 

clear contrast between the target and 

background. It needs to be tested 

against more challenging video 

datasets. 

Anbang Yao, 

2010 

[148] Color The introduction of cross-bin interaction has 

been employed that continuously identifies 

background particles. Thereby the results shows 

robustness against background clutter and 

occlusion. 

Large computational cost 

A. Yao, 2012 [149] Color  An MSPF method s proposed with a new 

similarity metric known as ISM. Unlike 

Bhattacharyya measure, the ISM metric looks 

into the cross-bin information as well. That gives 

it an additional edge of finding the most suitable 

The author plan to enhance the 

robustness in tracking performance 

by including heterogeneous features 

i.e. colour, shape and texture. That 
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particles to process while isolating the ones 

representing the background. 

would address the objects long term 

appearance changes. 

Hongxia Chu, 

2013 

[150] Color SOAMSTPF applies MS adaptively to respond 

to scale and orientation, which consequently 

improves scale and orientation variation. 

Large computational power. 

Ling, 2010 [154] Color  A hybrid realtime surveillance system is 

implemented based on blob and PF method. This 

allows the advantages of both the domains.  

Does not take into account the 

merging of two objects. The object 

must be in the tracked window before 

merging.  
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The author further noted that tracking, in light of sudden variations in the appearance of the target 

due to rotation, similar object in the background, and long occlusions is harder than 

classification/detection as only one frame is available to detect the location of the object. In 

contrast, classification and detection tasks are trained using well known examples and have gone 

beyond human levels. The survey has undertaken an intensive performance evaluation research on 

around 20 single tracking methods. It has further established evidence that trackers with simple 

low complexity models performed better. The paper has concluded with an observation that in 

order to progress the field of object tracking, selection of a few but right features from the available 

pool of a large space and low complexity update mechanisms will play a key role.  

Since tracking algorithms are vulnerable to a broad spectrum of possible scenarios in an 

uncontrolled environment, a pre-determined set of fixed features inherently assumes that the 

possible scenarios would not deviate significantly from the fixed feature model that has been 

selected in advance. Modeling an object using a small subset of pre-determined features can only 

be useful in a small subset of scenarios. It has been identified in the literature review that 

encouraged this research work to develop an adaptive ranking mechanism for multi-feature 

framework that reinforces the tracker with features more discriminant of the current scenario. The 

next subsection highlight these research gaps followed by the research objectives of this thesis. 

2.4 Research Gaps 

The literature review has pointed out that PF offers great improvements and opportunities in the 

domain of visual object tracking under challenging constraints (especially non-linear behaviors of 

the environment and objects). However its dependence on a large number of particles has led to 

the popular integration of an MS optimization procedure into the PF’s particle validation process 
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forming a class of algorithms known as the MSPF that waives off its dependence on a large number 

of particles. Though the MSPF has proved to be very successful, however, following are some 

research problems that have been identified as open research questions that needs to be addressed: 

1. Table 2.1 and Table 2.2 have highlighted the trend of using a fix set of features that is 

selected in advance, which essentially targets the tracking problem from the global 

perspective without taking advantage of the correlation between the object and its 

immediate background. This implicitly assumes that the background remains constant, 

which restraints the maneuverability aspect of the object. This leads the tracker to failure 

in scenarios that are not discriminant of the object under the preselected features. Because 

tracking is the ability of an algorithm to discriminate the object in the local perspective 

relative to the immediate surroundings of the object. A fixed set of features would only be 

useful to a subcategory of scenarios that may arise as and when the object moves relative 

to its immediate background. Therefore a fix combination of a set of predetermined 

features neglects the adapting nature of the background that is caused by the moving object. 

This creates an impasse when the object moves towards background exhibiting sudden 

changes. Although a large number of methods have been used to address the problem by 

combining/fusing multiple features, surprisingly only a fixed-set of features are used in 

literature. The performance evaluation of the linear combination of the RGB components 

of color feature and their adaptive integration into the MSPF framework is a promising 

area that has been addressed in this dissertation, which provides a new layer of 

improvement on top of the MSPF.    

2. Another research direction that has been identified in the literature review, is the 

complexity of the MSPF methodology. The MS method is an iterative optimization 
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procedure that requires a number of iterations to converge by hill climbing a performance 

cost function. Essentially, it produces a new set of particles that are closer to their true local 

modes. Applying as many MS procedures as the number of particles could increase the 

load of the PF methodology that is already a computationally intensive task. Therefore, 

performance of the MSPF based hybrid trackers are directly proportional to the 

effectiveness of the MS procedure. Reducing complexity of the MS procedure is desirable 

to free resources for any further layer of improvement over MSPF methodology. A novel 

MS technique is proposed in this dissertation that takes into account an observation that 

only a fraction of samples are required to accurately evaluate the Bhattacharyya coefficient.  

2.5 Research Objective 

A new generation of hybrid object tracking category has evolved from simple MSPF methodology 

to more sophisticated and capable systems that experimented with various kernels, similarity 

metrics and features. The major objectives of this dissertation are two-fold as identified in the 

literature review.  

One of the major research objective that has been identified and addressed in this dissertation, is 

the reliance of the MSPF hybrid object tracking method on a combination of predetermined fixed 

features. In which case it neglects the adaptive nature of the background that might be caused by 

the moving object. This creates an impasse when the object moves toward a background that 

camouflage the object with either a similar texture or any other abrupt change such as illumination. 

Consequently, the maneuvering aspects of the object constraints the existing MSPF methodology. 

Out of the plethora of features available to the research community for characterizing video frames, 

only a few are effective and robust in the tracking domain under various constraints. Selection of 
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the right features given a particular scenario, plays an important role in object tracking. While fix 

number of features used by the research community does not sufficiently model all situations well, 

nevertheless having a large number of them does not necessarily increase tracking performance 

and accuracy. This research gap is addressed through the implementation of an adaptive multi-

feature framework on top of the MSPF (AMF-MSPF), which reinforces the tracker with the most 

effective and useful features. A feature ranking module ranks among a pool of features to select 

the ones that are the most discriminant of the object in the current situation at hand. This is one of 

the major contribution of this thesis that gives a new dimension of capability to the MSPF 

methodology that takes into account the local context surrounding the object as and when it moves 

around various constraints. 

The second objective of this research stems from implementation of the proposed layer of 

improvement without aggravating the already complex MSPF methodology. In the MSPF based 

methodology, an MS procedure is embedded into the PF particle validation process to relax its 

dependency on a large number of particle. The MS optimization procedure essentially herds the 

particles to their local modes and hence increases accuracy of the particles’ state. Consequently, a 

small number of particles would be sufficiently enough to estimate the posterior pdf with good 

accuracy. However, MS is an iterative process that is proportional to the number of particles that 

traditionally requires an additional 5 iterations (depending on the distribution) per particle to 

converge onto local modes. Thereby integration MS into the PF methodology will only absorb 

improvements if the computational load of the MS is reduced. Since the MS procedure is 

reinforced with a set of optimal features in the proposed AMF-MSPF, obtained from the feature 

ranking module, which consequently accelerates convergence towards the local modes. This 

improvement possibility has been investigated in this dissertation by proposing a novel method for 
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the MS procedure.     

2.6 Discussion 

This section goes through the literature review of object tracking algorithms. The section discussed 

the contributions of different tracking algorithms in the context of various constraints, features 

selected for object representation, and also talks briefly about the importance of the feature 

selection process during the motion of the object. Object tracking algorithms are categorized into 

two major approaches:  

 Approach 1: Target Representation & Localization 

 Approach 2 : Filtering and Data Association 

Target representation & localization category is mostly a bottom-up process at the heart of the 

deterministic category of tracking. The algorithms in this category offers a broad spectrum of tools 

for identifying, locating and tracking the trajectory of the moving object. Typically the 

computational complexities of algorithms in this camp are low however are not robust towards 

many abrupt and non-linear constraints, besides the assumption of a static background. The 

following are some of the algorithms that falls into this category: 

1. Point tracking – it includes tracking a group of pixels, known as blobs, using block-based 

correlation or optical flow method. 

2. KLT and shape based Contour/Silhouette tracking  

3. Kernel-based tracking – The MS procedure is at the heart of kernel-based tracking methods that 

iteratively maximizes a similarity measure between the target and the candidates. MS has 
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gained a wide popularity due to its ease of implementation, efficiency and robustness towards 

partial occlusion and mild clutter. When the object distribution is simple, the MS optimization 

procedure is efficient and simpler with more accurate results than any probabilistic tracking 

methods. However, MS fails to track complex distributions encountering complete occlusion, 

outlier in the background, fast object motion. Besides the expensive remedies to track under 

size and scale variations. 

On the other hand the filtering and data association approach based on the probabilistic methods, 

are usually a top-down process aligned with the statistical category of tracking. These methods 

involve integrating prior information about the scene or the object and modeling these dynamics 

into the tracker using Bayes recursion framework. KF and PF filters have been successfully used 

to the problem of visual tracking applications. The applicability of the two is decided based on 

whether the system process state and measurement models are linear/non-linear with 

Gaussian/non-Gaussian process and measurement noises. The KF method dictates that the 

dynamic system should be linear and Gaussian for an optimal estimation of the state distribution. 

While the Gaussian restriction can be ignored as a lot of system around us are Gaussian in nature, 

however, there are a lot of system that have non-linear dynamics. Linearizing these non-linear 

systems by the EKF and UKF variants of KF have found a limited use in many vision applications. 

However, besides being very difficult and costly to implement, these attempts have not truly coped 

with systems that were not sufficiently linear.   

This is where the PF algorithm outperforms KF by waiving off this restrictive hypothesis of the 

KF. The PF algorithms come under the filtering category that are based on SMC and recursive 

Bayesian framework. The basic idea of this method is that the posterior can be estimated by 

sampling random particles with no restriction on the hypothesis. The particles are selected 
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according to some probabilistic measure, the higher the probability signifies denser concentration 

of particles. The particles evolve over time according to the dynamic equations and new 

measurements pour in to strengthen the belief of this evolution. The computational complexity and 

cost of algorithms under this category is usually much higher. Though the UKF variant of KF 

provides a balance between the low computational effort of the KF and high performance of the 

PF method, however, the PF method chooses the points randomly, whereas the UKF draws the 

points from a specific function. Consequently, the number of particles used in PF usually needs to 

be much greater than the points sampled in the UKF method. However, the estimation error using 

the UKF technique does not converge to zero, but the estimation error of the PF method converge 

to zero as the number of particles approaches infinity (at the expense of huge computational 

resources). This has been overcome by introducing the re-sampling step into the PF method that 

however operates on all the particles jointly, consequently restraining the algorithm to parallelize 

the computations. 

The high number of particle requirement is overcome by integrating the MS method into the 

particle validation process which reduces this count. This is the new trend where tracking 

algorithms in different categories are merged to take advantage of their respective strengths while 

reducing the effects of their weaknesses. By integrating an MS procedure into the particle 

validation process, the particles are processed to form a new generation of particles that are 

clustered around the local density modes.  

Another noTable trend, as identified in the literature review, is the dominant use of color as the 

feature of choice for representing the object, which is mainly due to its ease of representation and 

computational efficiency. However, since color feature is heavily impacted by the surface 

reflectance properties of the object, object tracker fails under sudden appearance changes to the 
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object due to illumination variation or clutter background. Therefore color is complemented by a 

plethora of available features such as edge, corner, shape, motion, and texture etc.  

The next chapter presents the proposed adaptive multi-feature selection framework, implemented 

on top of the MSPF methodology that addresses the problem of tracking based on discriminating 

the object from its immediate background and hence relaxing the constraints on object 

maneuverability. Essentially that takes care of the dynamically changing background of the target.  
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CHAPTER 3 

PROPOSED HYBRID OBJECT TRACKING FRAMEWORK 

In the previous chapter, a large volume of research has been identified that solves the problem of 

object tracking under different constraints. Representative methods, such as MS and PF, does a 

good job under specific requirements and certain constraints. MS, a deterministic method, 

maximizes the Bhattacharyya metric to search for similarity among the target and candidate 

distributions over a certain region in the frame. Although efficient and robust in many simple 

scenarios, however, it fails under full occlusion, fast object motion, and doesn’t handle size and 

scaling variations very well. On the other hand, the PF method is an elegant algorithm that is 

widely used in applications having a non-linear dynamic behavior with non-Gaussian distribution 

noise and performs well under full occlusion, fast object motion and scales well under size 

variations. However, since the PF method is based on Monte Carlo sampling technique, it’s 

reliance on a high number of samples often takes toll on the computational resources.  

This shortcoming has been waived off by merging the two representative methods of the 

deterministic and statistical categories to take advantage of both the worlds while reducing their 

disadvantages. This chapter presents the integration of MS into the PF’s particle validation process 

to form the MSPF methodology, which has maintained accurate tracking of the PF method while 

reducing its dependence on a large number of particles through the use of MS procedure. The 

MSPF methodology leads to better sampling under the guidance of MS because it shifts all the 

particles to their local neighboring modes. The subsequent subsections introduces the proposed 

AMF-MSPF framework and lays the mathematical foundation.  
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3.1 Introduction 

The MSPF methodology waives off reliance of the PF method on a large number of particles by 

herding a small number towards a more accurate state, consequently feeding the PF with well-

placed particles. However, as the dominant trend followed by the computer vision community, the 

MSPF methodology also relies on the global context by combining predetermined fixed features 

neglecting the adaptive nature of the background that is constantly changing. The proposed 

framework implements an adaptive multi-feature framework on top of MSPF that solves the 

tracking problem in context of local changes of the background. This has been implemented by 

developing a ranking module that selects the right features on top of the MSPF, which essentially 

plays an important role in relaxing some of the parameters/specifications of tracking algorithms. 

Since the adaptive feature selection process is a computationally intensive task, it is desired that a 

proportionate amount of resources be used in implementing the MSPF methodology. The proposed 

research work takes into account the above mentioned concern and presents the following two 

novelties: 

1. The proposed AMF-MSPF framework [2] implements a feature ranking module on top of the 

MSPF methodology. Thereby an adaptive multi-feature framework is developed that selects 

the required features on-demand as and when required. Consequently, this enables the object 

tracking algorithm to discriminate the object locally. The feature ranking module re-initializes 

the MS procedure with new features and is triggered based on the re-sampling step, as a result 

of which a new set of 𝐍₣ features are selected to update the target model. 

2. As the PF algorithm itself is a very compute intensive method, embedding an MS into its 

particle validation process can potentially increase its computational load. Thereby it is 

pertinent that the complexity of the MS method is reduced to enable the proposed AMF-MSPF 
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framework to run in considerable time. The thesis presents a novel MS optimization procedure 

based on an observation that the MS optimization method only requires a fraction of sample to 

accurately converge on to local modes. This has led to great reduction in computational 

complexity without inducing any significant error. 

The proposed AMF-MSPF framework implements a new dimension of improvement on top of the 

MSPF methodology, adding an additional layer of dynamic capability that discriminate the object 

locally from its immediate background. A feature ranking module is implemented on top of the 

MSPF methodology that ranks features among a given pool. Essentially, the best features are 

selected on-demand as and when required. Consequently, enabling the object tracking algorithm 

to discriminate the object locally. Since the MS procedure is applied to all the particles, its 

complexity is directly proportional to the number of particles. In order to implement the adaptive 

layer of improvement, it is necessary to reduce the complexity of the MSPF methodology to save 

resources for this improvement.   

A novel MS optimization procedure is proposed that is able to track in real-time, without inducing 

any significant error, regardless of the size of the object. The improvement comes from an 

observation that only a fraction of samples are required for evaluating the Bhattacharyya 

coefficient instead of the complete range of pixels. Moreover, as the adaptive feature selection 

mechanism initializes the MS procedure with the most discriminant features, it requires lesser 

iterations to converge onto local modes. Essentially this reduces the complexity by an order of 

magnitude i.e. from quadratic to linear. This simplifies the MS method greatly, which as a 

consequence spares resources for implementing the proposed adaptive feature ranking module. A 

brief note on feature selection is described next, followed by the mathematical formulation of the 

proposed AMF-MSPF.  
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3.2 Feature Selection 

Unlike the domain of image understanding and medical applications where offline feature ranking 

and selection are successfully adopted, object tracking is an application that demands real-time 

processing under challenging constraints. These constraints have a profound impact on how 

distinguishable the object is from its background that is continuously changing due to the motion 

of the object. This signifies a fact that under less challenging constraints simpler tracking 

algorithms would suffice. Whereas complex scenarios, such as low contrast or cluttered 

background, would require prior knowledge about the structure of the background that should be 

modeled into a complex type of tracker. Thereby clarifying the fact that it is the ability of the 

tracker to distinguish the object from its immediate background. A large volume of research is 

focused on improving tracking capabilities at the cost of generality and empirically selects multiple 

features a priori assuming that the background would not change. However, realistically speaking, 

this assumption of fully specifying the background in an uncontrolled environment would often 

not hold. This highlights the importance of discriminating the object locally from its immediate 

background rather than selecting predetermined features in the global context. This demands 

selection of the right features under the varying constraints as and when the object maneuvers 

through different backgrounds. 

In a potentially overwhelming amount of data, one of the fundamental ideas of feature selection is 

mainly focused on processing the information that is more relevant to the task at hand. Theoretical 

studies and empirical results indicate that many algorithms scale poorly to domains with the 

presence of a large subset of irrelevant features [155]. Because the number of features required to 

reach a certain requirement of accuracy level appears to grow exponentially with the number of 

irrelevant features. Mathematical formulation for the proposed framework is presented next. 
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3.3 Mathematical Formulation for Proposed Framework  

This framework reinforces the MSPF methodology with an adaptive multi-feature mechanism that 

selects the most discriminant cues from a large feature space. A set of uniformly distribute particles 

are generated using dynamic equation of 3.16. A template of the object is obtained from these 

particles, which are processed through the feature ranking module to select the top features that 

initializes the MS optimization procedure. This new set of particles reinforces the PF method with 

particles closer to their local modes. These particles are used by the PF method to estimate the 

posterior probability densities using the recursive Bayesian framework. The flow diagram of the 

proposed AMF-MSPF framework is shown in Figure 3.1, each module is explained in the 

subsequent subsections. 

  

Figure 3. 1: Proposed Adaptive Multi-Feature Framework for MSPF 
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3.3.1 Feature Ranking 

In the context of tracking, the computational load of algorithms can be overwhelmingly reduced 

by only using the subset of features that discriminates target the most. An adaptive ranking module 

is implemented to give the MSPF a dynamic capability of using the most discriminant features in 

the given situation.  

Feature selection is about introducing certain measures or criteria that would evaluate features 

through a search strategy that ranks among different candidate features. A simple criteria is 

selected for evaluating a discriminant index that is based on the variance ratio between background 

and foreground densities. Consequently that takes into account the changing variations such as 

clutter background and abrupt illumination change, caused by the maneuvering object. The 

proposed framework uses multiple features obtained by maximizing this variance ratio on demand. 

The likelihood images formed by the selected features are based on the highest variance ratio that 

would suppress the background while enhance the foreground i.e. increasing the contrast. This 

essentially maximizes the between-class ratio of the two probability densities. These likelihood 

images eases the requirements of the tracker by initializing the MS procedure that evaluates 

Bhattacharyya using features that are more discriminant of the target. In this subsection the 

mathematical representation of ranking module is described. The feature space ₣ is formed by a 

linear combination of the RGB color components of the target initialized by the tracking algorithm. 

₣ = {𝐜𝟏𝐑 + 𝐜𝟐𝐆 + 𝐜𝟑𝐁}                                                       (𝟑. 1)                                    

Where, coefficients c , c , and c  ranges from c ϵ [−2 − 1 0 1 2] and a combination of which 

produces 5  possible candidates in our feature space. As shown in Figure 3.2, a few images of the 

linear combination of RGB have been extracted to demonstrate the visual effectiveness of some 
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features (color combinations) over others. Filtering out the redundant and useless cases involving 

negative or uniform pixel values leave a pool of 50 features. Figure 3.2 shows that not all RGB 

components are robust in distinguishing the object under all constraints, therefore prior selection 

could lead to failure under backgrounds that deviates from the empirically selected features. 

 

Figure 3. 2: Linear combination of the RGB components 

While tracking objects in a low-complexity background is a trivial task, tracking in a complex 

background remains a daunting one. A subset of features might discriminate well in one 

background, but not be able to distinguish the object as it moves towards a changed background. 

Figure 3.2 demonstrates how discriminant some RGB combination might be over others, and other 

feature descriptors can also be added to further enhance tracking accuracy. Let fg and bg be the 

normalized discrete densities of background and foreground respectively. These probability 
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density features are discretized to 5 or 6 bits to bring it into 32/64 bin buckets for efficiency. The 

dimensions of fg and bg are 𝑘 × 𝑙  and 𝑛 ∗ 𝑘 × 𝑛 ∗ 𝑙 respectively, where a fixed proportion of pixel 

neighborhood for the foreground and 𝑛=0.75 times greater area around the object is its background. 

The likelihood ratio of these discrete densities is given by equation (3.2).   

𝓵𝒋(𝐮) = 𝐥𝐨𝐠
{𝒇𝒈(𝒖)}𝒖 𝟏:𝒎

{𝒃𝒈(𝒖)}𝒖 𝟏:𝒎 𝒋 𝟏:₣

                                           (𝟑. 2) 

Multiple likelihood images are obtained using these likelihood ratios, which generates new images 

having various contrast characteristics. Some likelihood images separates the object from its 

surrounding background while others do not produce good separation between the foreground and 

background classes. A few random images have been generated from these likelihood images, to 

show how distinguishable some features are over others, as depicted in Figure 3.3.  

 

Figure 3. 3: Likelihood images formed using the likelihood ratio 
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Clearly it can be seen that some likelihood images produces a good contrast between the two 

density classes and if used to initialize trackers will lead to better result. Therefore a criteria is 

required that automatically evaluates the feature pool and performs selection based on a 

discrimination score that would be high for features that discriminates well.  

The criteria that defines this contrast between the two classes is determined using a variance ratio 

that maximizes interclass variance between these densities. For this purpose the traditional 

definition of variance, var(x) = E(x) − [E(x)] , is used to calculate the variance of ℓ(j) w.r.t the 

object and background densities to maximize the inter-class variance between them. Equation (3.3) 

and (3.4) are used to calculate these variances: 

𝐯 𝓵𝒋; 𝐟𝐠 = 𝐄 𝓵𝒋
𝟐(𝐮) − 𝐄 𝓵𝒋(𝐮)

𝟐
= 𝐟𝐠(𝐮)𝓵𝒋

𝟐(𝐮) −

𝐮

[ 𝐟𝐠(𝐮)𝓵𝒋(𝐮)

𝐮

]𝟐

𝒋 𝟏:₣

(𝟑. 3) 

𝐯 𝓵𝒋; 𝐛𝐠 = 𝐄 𝓵𝒋
𝟐(𝐮) − 𝐄 𝓵𝒋(𝐮)

𝟐
= 𝐛𝐠(𝐮)𝓵𝒋

𝟐(𝐮) −

𝐮

[ 𝐛𝐠(𝐮)𝓵𝒋(𝐮)

𝐮

]𝟐

𝒋 𝟏:₣

(𝟑. 𝟒) 

In the final ranking step, equation (3.5) finds the Variance Ratio (𝑉𝑅). Essentially, the inter-class 

variance of the foreground and the background is maximized for the feature space ₣.  

𝑽𝑹 𝓵𝒋; 𝐟𝐠, 𝐛𝐠 =
𝐯(𝓵𝒋; (𝐟𝐠 + 𝐛𝐠)/𝟐)

[𝐯𝐚𝐫 𝓵𝒋; 𝐟𝐠 + 𝐯𝐚𝐫(𝓵𝒋; 𝐛𝐠)]
𝒋 𝟏:₣

                         (𝟑. 𝟓) 

This variance ratio is sorted while recording the features, combination of the RGB components, to 

select the top N₣ features. The likelihood, corresponding to features with the highest score, are 

used to form new likelihood images. These images are used to initialize the MS optimization 
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procedure that produces new N₣ locations for each particle. 

The benefits that are achieved by adaptively initializing the MS procedure by the top ranked 

features are two-fold; firstly it takes care of the varying constraints, such as background clutter 

and abrupt illumination changes as the object moves towards complex background; and secondly 

the MS convergence becomes faster because the selected features produces a clear contrast 

between the target and its background in which case the Bhattacharyya coefficient between the 

target and candidate densities becomes trivially fast because it requires fewer iterations. 

Symbolically equation (3.1-3.5) is represented as∶ 𝑁₣ = ƒeatureƦnk(₣); the ranking module that 

produces 𝑁₣ top features. The pseudo code of the feature ranking algorithm is given in Table 3.1. 

Table 3. 1: Pseudo code of Feature Ranking 

Algorithm Steps Comments 

1. Calculate {𝒇𝒈𝒋(𝒖)}𝒖 𝟏:𝒎,𝒋 𝟏:₣ ; {𝒃𝒈𝒋(𝒖)}𝒖 𝟏:𝒎,𝒋 𝟏:₣ 

2. 𝓵(𝓵𝒋) = 𝐥𝐨𝐠
{𝒇𝒈(𝒖)}𝒖 𝟏:𝒎

{𝒃𝒈(𝒖)}𝒖 𝟏:𝒎 𝒋 𝟏:₣
 

 

3. 𝐯 𝓵𝒋; 𝐟𝐠
𝒋 𝟏:₣

 & 𝐯 𝓵𝒋; 𝐛𝐠
𝒋 𝟏:₣

  

 

4. 𝐍₣ = 𝒎𝒂𝒙
𝟎 𝒋 ₣

𝑽𝑹𝒋  

Calculate the discrete densities of 
the foreground and background 
over all the feature space. 

Calculate the LOG likelihood 
ratios of these discrete densities 
over all the feature space.  

These likelihood images are used 
to calculate the variance using the 
log likelihood values w.r.t to the 
foreground and background using 
equation 3.3 and 3.4. 

Maximize the interclass variance 
between the foreground and 
background and select the top N₣ 
features 

The next section discusses improvements over the traditional MS optimization procedure, as it has 
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to be integrated into the MCS based PF method. The sole purpose of the MS is to herd the particles 

to their local modes by minimizing a distance between the target and candidate histograms. 

Consequently, MS produces particles closer to their local modes that represents the true state of 

the object. Essentially, embedding the MS procedure waives off the dependence of PF method on 

large particle count, as fewer but more accurate particles would suffice, in our case 30 particles. 

In the next subsection section the proposed novel MS optimization procedure is addressed. 

3.3.2 Proposed Efficient MS Optimization Procedure 

PF, which is a SMC-based sampling technique, have rose to prominence due to its robustness to 

some of the stringent constraints such as non-linear system, full occlusion, size and scale variations 

etc. And moreover the inherent ability of these methods to combine multiple information gives it 

a powerful authority over other methods. The popularity of PF was, however, hampered by its 

dependency on large particle count. The introduction of the MS optimization procedure into the 

PF algorithm, to form the MSPF methodology, was aligned with its primary claim of reducing the 

numbers of Particles. However, keeping in mind that the MS method is an iterative gradient 

descent based procedure that converges to local modes after a certain number of iterations. 

Applying as many MS procedures to as many particles could eclipse the advantages of the hybrid 

MSPF methodology if the complexity of the iterative procedure is not considered. Therefore, the 

proposed improvements to the MS procedure has further increased efficiency of the hybrid MSPF. 

This section sheds some light over this improvement and goes through a thorough mathematical 

formulation that describes the proposed innovations introduced into the MS optimization 

procedure. 

The MS computation is a moderate alternative that lies between the extremes of blob trackers and 
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template based matching. At a higher level of abstraction, MS based tracking is composed of the 

following components: histogram representation for the target and candidate regions, maximizing 

a matching criteria of bin-to-bin comparison (or conversely minimizing distance between the two 

densities), and finally computing the meanshift vector for determining the best location coordinates 

of the object. These components will be explained in this section.  

We begin with the heart of the MS optimization procedure that is maximization of a cost function 

using histogram matching of bin to bin discrete densities of the target and candidates. Although 

many methods have been employed by the research community, this dissertation presents 

maximization of the Bhattacharyya coefficient used by [76] and that is given by equation (3.6):   

𝛒𝟏:𝑵₣
≡  𝛒𝟏:𝑵₣

[𝐩(𝐲),𝐪] = 𝐩𝐮(𝐲). 𝐪𝐮

𝐦

𝐮 𝟏

                                               (𝟑. 𝟔) 

The Bhattacharyya coefficient, 𝛒𝟏:𝑵₣
, is maximized over all 𝑵₣ features for all the particles. 

𝐪𝐮 and 𝐩𝐮 are m-bins discrete color histograms of the target and candidates respectively. These 

densities are given by equation (3.7) and equation (3.8): 

𝐪𝐮 = 𝐂 𝐤(‖𝐱𝐢𝐡
∗ ‖𝟐)

𝑵𝒉

𝐢 𝟏

𝛅[𝐛(𝐱𝐢
∗) − 𝐮]                                              (𝟑. 𝟕) 

𝐩𝐮(𝐲) = 𝐂𝒉 𝐤
𝐲 − 𝐱𝐢𝐡

𝐡

𝟐
𝑵𝒉

𝐢 𝟏

𝛅[𝐛(𝐱𝐢) − 𝐮]                                   (𝟑. 𝟖) 

Where, x∗ } …  and x } …   are pixels of the target and candidates respectively. 𝛿  is 

the Kronecker delta function that is equal to 1 only at the particular bin u and 0 otherwise. These 

bins are simply a series of small intervals that divides the whole range into smaller buckets to 
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merge a range of pixels into one bin and in the process reduces the computational load of having 

to count the frequency of each pixel. This simple mapping is done through the function 𝒃 that takes 

the input color value and maps it to the corresponding bin. In order to represent 𝐪𝐮, 𝐩𝐮 as densities, 

multiply by a normalization coefficient Cℎ =
𝟏

∑ 𝒌
𝒚 𝒙𝒊𝒉

𝒉

𝟐𝑵𝒉
𝒊𝒉 𝟏

 to restrict the summations ∑ 𝐩𝐮 

and ∑ 𝐪𝐮 to 1. And 𝑦 is the central coordinates of the candidate’s search window at the current 

frame and ℎ is the bandwidth of the kernel. Kernel 𝐤 is applied to the histogram representations to 

modify it slightly to take advantage of the target heuristic that assumes the target to be in the center 

of the search window. This weighting mechanism is one of a key idea of MS procedure for target 

and candidates representation. So essentially, the kernel give a higher weight to the central pixels 

of the region and the background get the tail values of the kernel. The traditional Epanechnikov 

kernels [68] are not good at dealing with non-rigid objects. Moreover traditional MS procedures 

uses the full spectrum of pixels to match the similarity of the target and candidate regions (bin to 

bin histogram matching). An interesting observation based on [156], [157] that have applied the 

concept of approximate histogram based distance evaluation for optimizing queries on large 

databases. This has encouraged experimenting with the MS procedure using randomly selected 

samples to find an approximate match. This experimentation has validated that only a fraction of 

random sampling is able to determine the location of the target based on approximate similarity 

match. And moreover, the ranking module of the proposed framework initializes MS procedure 

with a simpler basin of search using features that are discriminant enough to absorb this 

approximate similarity match. Thereby only a fraction of randomly selected pixels from within the 

target and candidate regions, has led to huge savings in terms of computational processing 

overhead. The quantitative and qualitative results of the proposed MS optimization procedure will 

be demonstrated in chapter 4. Equation (3.9) computes the approximate similarity measure based 
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on the distance between the target and candidates using a fraction of samples. 

𝐝𝟏:𝑵₣
(𝐲) =  𝟏 − 𝛒𝟏:𝑵₣

[𝐩(𝐲),𝐪]                                                (𝟑. 𝟗) 

The MS procedure maximizes equation (3.6), which consequently minimizes equation (3.9). The 

MS optimization process is an iterative process and is initialized in the previous frame with the 

target position y . The new location y  is evaluated based on the convergence of equation (3.6). 

By expanding the Taylor series around coefficient 𝐩 (y ), assuming that the target and candidate 

histograms would not change abruptly, the linear approximation of equation (3.6) is obtained after 

some manipulation [68, 76] as: 

𝛒𝟏:𝑵₣
[𝐩(𝐲),𝐪𝐮] ≈

𝟏

𝟐
𝐩𝐮(𝐲𝟎). 𝐪𝐮

𝐦

𝐮 𝟏

+
𝟏

𝟐
𝐩𝐮(𝐲)

𝐪𝐮

𝐩𝐮(𝐲𝟎)

𝐦

𝐮 𝟏

                        (𝟑. 𝟏𝟎) 

By substituting equation (3.8) in equation (3.10), gives equation 3.11 

𝛒𝟏:𝑵₣
[𝐩(𝐲),𝐪𝐮] ≈

𝟏

𝟐
𝐩𝐮(𝐲𝟎). 𝒒𝒖

𝐦

𝐮 𝟏

+
𝐂

𝟐
𝛚𝐢𝐤

𝐲 − 𝐱𝐢

𝐡

𝟐
𝐍𝐡

𝐢 𝟏

                  (𝟑. 𝟏𝟏) 

Where,  

ω =
𝐪

𝐩 (y )
δ[b(x ) − u] 

The first term, of equation (3.11), is actually the previous location of the target which is not 

dependent on the new coordinates y. While the second part of the equation, is the density estimate 

obtained with the kernel profile 𝐤 at the location y in the current frame weighted by ω . Therefore, 

we only maximize the second term of the equation to get the new target location y . 
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𝐲𝟏 =  
∑ 𝐱𝐢𝛚𝐢

𝑵𝒉
𝐢 𝟏 𝐠

𝐲𝟎 − 𝐱𝐢

𝐡

𝟐

∑ 𝛚𝐢
𝑵𝒉
𝐢 𝟏 𝐠

𝐲𝟎 − 𝐱𝐢

𝐡

𝟐                                                (𝟑. 𝟏𝟐) 

Where g(x) is a constant for the kernel profile that reduces equation (3.12) to a simple weighted 

distance average as in equation (3.13). 

𝐲𝟏 =  
∑ 𝐱𝐢𝛚𝐢

𝐍𝐡
𝐢 𝟏

∑ 𝛚𝐢
𝐍𝒉
𝐢 𝟏

                                                            (𝟑. 𝟏𝟑) 

Update 𝐩(y ) and evaluate 𝛒𝟏:𝑵₣
[𝐩(𝐲),𝐪] until ‖y − 𝑦‖ < Є for every 𝑁₣ feature and Є is usually 

1 pixel. The particles along the gradient direction of the MS vector move to the local extreme of a 

probability density function and that determines the best location i.e. where Bhattacharyya 

coefficient is the highest. Given the distribution of the object {𝐪𝐮} …  and estimated location of 

the object  𝐲
𝟎

 in the previous frame, the Bhattacharyya maximization is efficiently attained using 

MS iterations through the algorithm given in Table 3.3. The Table demonstrates how the MS 

procedure converges onto local modes by minimizing the distance equation (3.9) in the basin of 

search around the neighborhood of the target.  

Table 3. 2: Pseudo code of Meanshift algorithm 

Algorithm Steps Comments 

1. 𝐩𝐮(𝐲) = 𝐂 ∑ 𝐤
𝐲 𝐱𝐢

𝐡

𝟐𝑵𝒉
𝐢 𝟏 𝛅[𝐛(𝐱𝐢) − 𝐮] 

𝛒[𝐩(𝐲𝟎),𝐪] = 𝐩𝐮(𝐲𝟎). 𝐪𝐮

𝐦

𝐮 𝟏

 

2. 𝛚𝐢 = ∑
𝐪𝐮

𝐩𝐮(𝐲𝟎)
𝐦
𝐮 𝟏 𝛅[𝐛(𝐱𝐢) − 𝐮] 

Initialize the location of the object in 
the current frame with y computer the 
distribution p(y0) and evaluate rho 

Derive the weights {𝛚𝐢}𝑖=1…𝑚
  

Based on the mean-shift vector, derive 
the new location of the target 
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3. 𝐲𝟏 =  
∑ 𝐱𝐢𝛚𝐢

𝑵𝒉
𝐢 𝟏

𝐠
𝐲𝟎 𝐱𝐢

𝐡

𝟐

∑ 𝛚𝐢
𝑵𝒉
𝐢 𝟏

𝐠
𝐲𝟎 𝐱𝐢

𝐡

𝟐        

𝛒𝟏:𝑵₣
(𝐲𝟏),𝐪] = 𝐩𝐮(𝐲𝟏). 𝐪𝐮

𝐦

𝐮 𝟏

 

4. While 𝛒𝟏:𝑵₣
[𝐩(𝐲𝟏),𝐪] < 𝛒[𝐩(𝐲𝟎),𝐪]  

Do 𝒚𝟏 =
𝟏

𝟐
(𝒚𝟏 + 𝒚𝟎) 

5. 
𝑸𝑼𝑰𝑻                                             ‖𝒚𝟏 + 𝒚𝟎‖ < Є
𝒚𝟎 = 𝒚𝟏 𝒂𝒏𝒅 𝒈𝒐𝒕𝒐 𝒔𝒕𝒆𝒑 𝟏          𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆

 

Update{𝛒 𝐩 𝐲
𝟏

,𝐪]} …  ,& 
evaluate 𝛒[𝐩(𝐲𝟏),𝐪] for all the 𝑵₣ 
features 

Step 4 validates the new location of 
the object to obtain 𝑵₣ locations for 
each particle  

Stop if there is no significant change  
OR Go to step 1 for evaluating the 
new location 

The proposed MS procedure applies the mean shift vector in step 3 to every particle over all the 

selected top N₣ features to maximize the Bhattacharyya coefficient given by equation (3.11). In 

step3, 𝛒[𝐩(y),𝐪] wouldn’t have evolved without step 4, which is responsible to validate the new 

target location. And moreover, it was determined that the Bhattacharyya coefficient obtained at 

the location defined by equation (3.12), was most of the time greater than what was defined by y  

[76]. Therefore, step 5 is required as a criteria that stops the mean-shift iterations based on whether 

there is a significant change, and the stopping criteria is defined by ‖𝑦 + 𝑦 ‖ < Є. 

By processing all the particles through the MS procedure over all the top N₣ features, a new set of 

N₣ ∗ N ∗ 𝐼𝑡𝑒𝑟 estimated locations are obtained, y ( : ₣)
:  equation (3.14). Or in other words, for 

every particle there are a number of MS iterations, in which case there are N₣ ∗ 𝐼𝑡𝑒𝑟 locations for 

each particle that must be passed through a median function to select one location for every 

particle. Symbolically, equation (3.6-3.13) are represented as:  

[𝐲𝟏(𝟏:𝐍₣)
𝟏:𝐍𝐬 ] = 𝐌𝐧𝐒𝐟𝐭𝟏:𝐍₣(𝒔𝒌 𝟏

𝟏:𝐍𝐬)                                                 (𝟑. 𝟏𝟒) 

Where, y ( : ₣)
:

, are the estimated N₣ locations for every N  particle. Taking median over the 

corresponding  y
1(1:N₣)

1:Ns  locations give us the new estimates of particles, as given the median value 
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for every N  particle as in equation (3.15).  

[ŝ𝐤 𝟏
𝟏:𝐍𝐬] = 𝛍𝐞𝐝𝐢𝐚𝐧 𝐲𝟏(𝟏:𝐍₣)

𝟏:𝐍𝐬                                                   (𝟑. 𝟏𝟓)                                           

ŝ
:  are the new estimate of the particles that are now closer to their local maxima thans

: . The 

top N₣ features along with the initialized particles serves as the input to the MS modules. Or in 

other words, the particles after processing through MS, gives rise to N₣ locations for each particle. 

The median over all the locations for every particle gives a new set of particles, ŝ
: , which are 

closer to their local modes and hence represents more accurate state of the object. These new 

hypothesis are used by the PF method to estimate the posterior density function of the object. 

The prime responsibility of the MS procedure, in the MSPF methodology, is to shift the particles’ 

state, 𝒔𝐤 𝟏
𝐢  towards their new state ŝ𝐤 𝟏

𝐢 that is closer to its local distribution mode. The ranking 

module as discussed in section 3.3.1, obtains likelihood images that initializes the MS procedure 

corresponding to the top 𝑁₣features. The new set of features provide the MS with a new search 

space that produces a contrast between the background and foreground. Essentially making the 

object more prominent and hence relaxing tracker specifications. The MS procedure is applied to 

all the particles that essentially gives as many new locations for each particle. These 𝑵₣ locations 

are merged, over each particle, using median filter. Evaluating 𝑵₣ times MS iterations over 𝑵𝐬 

particles, generates 𝑵𝐬 ∗ 𝑵₣ ∗ 𝐼𝑡𝑒𝑟 locations, which is apparently a computationally intensive 

processing task. However, the proposed novelties introduces two factors to the existing MSPF 

methodology that has reduced the complexity of the MSPF methodology and are presented next.  

The innovation in the MS optimization procedure bring two improvements; first, the likelihood 

images obtained from the ranking module produces clear contrast between the foreground and 

background. Consequently, this would enable the tracker to converge faster onto local modes as 
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the selected features would discriminate better. And second, an observation that only a fraction of 

samples were required to minimize the distance between the target and candidate histograms, led 

to great improvements. Foreground pixels, in the region identified as target, are used for estimating 

weights in each MS search window. The estimated weights are obtained from pixel of the object 

that has been segmented using normalized cut algorithm based on J. Shi [158]. The segmentation 

extracts from these normalized cuts, give pixels spatial distributions inside the object that are used 

for building a two-dimensional histogram as a way for weighing the pixels in the target and 

candidate regions. We pick only a fraction of samples from the target and candidate regions 

according to these estimates. The proposed MS procedure only operates on a fraction of samples 

that as a consequence reduces its complexity by an order of magnitude. 

3.3.3 Adaptive Multi-feature MS Embedded into PF 

In the preceding sections, the formulation for the proposed adaptive multi feature ranking and 

optimized MS modules are presented. The ranking module adaptively evaluates and ranks features 

from a feature space. Essentially, a new set of features are selected that are more discriminant of 

the object, which accounts for the dynamic background of the moving object. The likelihood 

images obtained from the variance ratio of the top ranked features were used to initialize the MS 

procedure. Using this new set of features, the MS method herds the particles to their local modes 

to produce a set of new particles that represents the true state of the object. This new set of particles 

are finally used by the PF method to estimate the new posterior of the object state. This section 

develops the mathematical formulation of the proposed AMF-MSPF.  

The PF method is a two-step process update-predict: first step predicts the prior by using the 

posterior distribution from the previous time stamp combined with the state transition distribution; 
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and the second step updates the posterior distribution using the predicted prior. So the belief 

network is strengthened as the particles are propagated. The PF method can be applied to any 

dynamic system that has a model of how the system changes in time, possibly in response to certain 

inputs, and a model of what observations or measurements are available in a particular state. In a 

general discrete-time state-space dynamic model, the state of a system evolves according to the 

two dynamic equations (3.16) and (3.17):  

𝐬𝐤 𝟏 = 𝐟𝐤 𝟏(𝐬𝐤, ᵞ𝐤)                                                      (𝟑. 𝟏𝟔) 

𝐳𝐤 𝟏 = 𝐡𝐤 𝟏(𝐬𝐤 𝟏, ɳ𝐤 𝟏)                                               (𝟑. 𝟏𝟕) 

Where, k denotes discrete time domain, 𝑠 ∈ ℝ  represents the object state, 𝑧 ∈ ℝ  represents 

the observations, ᵞ  and ɳ  are the stochastic noise of state transition function 𝑓(. ): ℝ × ℝ ᵞ →

ℝ  and the measurement function (also known as the likelihood equation) ℎ(. ): ℝ × ℝ ɳ →

ℝ . The process and measurement noise can be possibly non-Gaussian while the state transition 

and measurement functions could possibly be non-linear. In the probabilistic form equations (3.16) 

and (3.17) can be written as 𝐩(𝐬𝐤 𝟏|𝐬𝐤) and 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏) respectively. Essentially the belief 

network is reinforced by the measurement process through the dynamic equations. Figure 3.4 

depicts how a dynamic system works according to the Hidden Markov Model (HMM).  

 

Figure 3. 4: Hidden Markov model 
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The observations (measurements) are conditionally independent given the state but there is no way 

to measure the states, in which case it has to be estimated. Now here is a system that works on the 

principle of these dynamic equations and hence the RBF can be applied for state estimation. The 

RBF is a standard way for estimating the state of the object based on the state space model and the 

noisy measurements provided that the following two assumptions are full filled: (Figure 3.4) 

i. The states should follow a first-order Markovian process: 

𝐩(𝐬𝐤 𝟏|𝐬𝟏:𝐤) = 𝐩(𝐬𝐤 𝟏|𝐬𝐤)                                                            (𝟑. 𝟏𝟖) 

ii. The measurement are independent of the previous states: 

𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏) =  
𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤)𝐩(𝐳𝟏:𝐤)

𝐩(𝐬𝐤 𝟏)
                                            (𝟑. 𝟏𝟗) 

Suppose that the required posterior distribution 𝐩(𝐬𝐤 𝟏|𝐳𝐤 𝟏) at time stamp k + 1 is to be 

estimated, the prior is calculated in the prediction stage using equation (3.20) when measurements 

are available till time k. The posterior is then corrected in the update stage through equation (3.21) 

when a new measurement is available at time k + 1. Then object state distribution is the filtered 

estimates of 𝐬𝐤 𝟏 based on the sequence of all the previous measurements up to time k, 𝐳𝟏:𝐤, 

𝐩(𝐬𝐤|𝐳𝟏:𝐤) →  𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤) which theoretically is: 

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤) = 𝐩(𝐬𝐤 𝟏|𝐬𝐤)𝐩(𝐬𝐤|𝐳𝟏:𝐤)𝐝𝐬𝐤                                         (𝟑. 𝟐𝟎) 

Equation (3.20) uses the fact that 𝐩(𝐬𝐤 𝟏|𝐬𝐤, 𝐳𝟏:𝐤) =  𝐩(𝐬𝐤 𝟏|𝐬𝐤) state evolution also known as 

transitional density, 𝐩(𝐬𝐤 𝟏|𝐬𝐤) is combined with the posterior, 𝐩(𝐬𝐤|𝐳𝟏:𝐤), from the previous time 

stamp k to form the prior at time stamp k + 1, 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤).  

From a Bayesian point of view, the problem of tracking is to recursively quantify (to some degree 
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of belief) the state s  at time k + 1 when a measurement z  becomes available. It is required 

to estimate the posterior 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏) assuming that the prior, p(s |z ), is available. z , denotes 

that there is no measurement and x  is the initial location of the object. Then theoretically, the 

posterior 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏) can be estimated recursively through a two stage process: prediction and 

update. Using the Bayes rule, the prior is updated by the posterior that is calculated in the 

prediction stage and the posterior distribution is estimated using this prior when a new 

measurement 𝐳𝐤 𝟏 is available in the update stage as in equation (3.21).  

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏) =
𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏)𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤)

∫ 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏)𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤)𝐝𝐬𝐤 𝟏

                                      (𝟑. 𝟐𝟏) 

Where, 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏) and 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤) are the likelihood and prior distributions 

and∫ 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏)𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤)𝐝𝐬𝐤 is the normalization factor also called the evidence until that 

time. The normalization constant depends on the likelihood function 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏) that is defined 

by the measurement model in equation (3.17) and ɳ  the measurement noise associated with it. In 

the update (estimation) step equation (3.21), the measurement 𝐳𝟏:𝐤 is used to update the prior 

density to obtain the required posterior density of the present state. The recurrence relations of 

equation (3.20) and equation (3.21) forms the foundation for optimal Bayesian solution to calculate 

the posterior, 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏), to solve the probabilistic inference of the PF methodology. Knowing 

the posterior density function, it enables one to compute an optimal state estimation with respect 

to any criteria such as minimum mean-square error and maximum a posteriori.  

However, the recursive estimation of the posterior density estimation using the update and 

prediction has an integration over all the states until that point in time, which often may potentially 

have a non-linear and non-Gaussian behavior. Therefore, analytically tracking recursion is only a 
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theoretical solution as it is not analytically tracTable in practice. Because then it would require that 

the whole (non-Gaussian) pdf is stored or in other words it means the integral would have to be 

applied over an infinite dimensional vector for all the possible range of 𝐬𝐤 and 𝐬𝐤 𝟏. Since in most 

of cases of practice, this analytical solution is intracTable, therefore one has to resort to the use of 

approximation or suboptimal Bayesian algorithms for efficient computation.  

PF is the method in which the estimation of the posterior density function is usually approximated 

through summations or weighted summation over all particles, as in equation (3.22). In traditional 

PF method, this approximation though efficient in most cases, nevertheless it may incur errors as 

a tradeoff exist between the number of particles and efficiency. In contrast to traditional PF 

methods, the number of particles are reduced in the MSPF methodology where the state of the 

object is first processed through the MS procedure to produce a new set of particles,ŝ , which 

are closer to their local modes. To formulate the MSPF algorithm, assume that {(𝒔𝒌 𝟏
𝒊 ,  𝒘𝒌 𝟏

𝒊 )}𝒊 𝟏
𝑵𝒔  

are random samples that defines the posterior pdf, 𝐩(𝐬𝐤 𝟏|𝐳𝐤 𝟏), where {𝒔𝒌 𝟏
𝒊 }𝒊 𝟏

𝑵𝒔  is a set of 

particles along with their associated weights {𝒘𝒌 𝟏
𝒊 }𝒊 𝟏

𝑵𝒔 . To simplify the notational usage, from 

this point onward, 𝒔𝒌 𝟏
𝒊  and 𝒘𝒌 𝟏

𝒊 would exclusively be treated as {𝒔𝒌 𝟏
𝒊 }𝒊 𝟏

𝑵𝒔  and {𝒘𝒌 𝟏
𝒊 }𝒊 𝟏

𝑵𝒔  

respectively. 

𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏)~ 𝐰𝐤 𝟏
𝐢 𝞭(𝐬𝐤 𝟏 − ŝ𝐤 𝟏

𝐢 )

𝐍𝐬

𝐢 𝟏

                                        (𝟑. 𝟐𝟐) 

Here, ŝ  are the new particles obtained by processing 𝐬  through the MS procedure using 

equation (3.14) and (3.15). So now, effectively the PF particle validation process is replaced with 

the MS procedure by inserting ŝ  into the posterior distribution function in equation (3.22). The 
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vector 𝐰 is the weight matrix that is calculated through equation (3.23). 

𝐰𝐤 𝟏
𝐢 =  𝐰𝐤

𝐢
𝐩 𝐳𝐤 𝟏|𝐬𝐤 𝟏

𝐢 𝐩 𝐬𝐤 𝟏
𝐢 |𝐬𝐤

𝐢

𝐪(𝐬𝐤 𝟏
𝐢 |𝐬𝐤

𝐢 , 𝐳𝐤)
                                                 (𝟑. 𝟐𝟑) 

Usually the latest observation distribution, 𝐩(𝐳𝐤 𝟏|𝐬𝐤 𝟏), is used to weight the particles as in 

equation (3.24).  

𝐰𝐤 𝟏
𝐢 =  𝐰𝐤

𝐢 𝐩 𝐳𝐤 𝟏|𝐬𝐤 𝟏
𝐢                                                        (𝟑. 𝟐𝟒) 

In order to get normalized weights, 𝐰  is divided by sum of all weights to constraint: 

𝐰𝐤 𝟏
𝐢 =  

𝐰𝐤 𝟏
𝐢

∑ 𝐬𝐮𝐦(𝐰𝐤 𝟏
𝐢 )

𝐍𝐬
𝐢 𝟎

                                                             (𝟑. 𝟐𝟓) 

The recursive propagation of the estimated posterior may often has to model multimodal non-

linear and non-Gaussian systems, which are analytically not tracTable. Therefore it is represented 

by a weighted summation, as of equation (3.22). Expectations are commonly used to approximate 

these posterior densities as given in equation (3.26): 

𝔼(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏)~
𝟏

𝐍𝐬
(𝐰𝐤 𝟏

𝐢 𝐬𝐤 𝟏
𝐢 )

𝐍𝐬

𝐢 𝟏

                                                  (𝟑. 𝟐𝟔) 

Plugging equation (3.22) into equation (3.21) gives the original idea of obtaining the density 

function that is used to sample from. This idea is well known to diverge after a few iteration, as 

the majority of weights become zero. Fortunately, the Smith and Gelfand [159] and Gordon et. al. 

[80] introduced the resampling step that solved the problem of divergence at the cost of 

computational power. This requires resampling after every prediction and is known as the 
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Sampling Importance Resampling (SIR) [80]. A popular cost effective alternative is the Sequential 

Importance Sampling (SIS) [98], that delays the resampling step until any divergence is to be 

avoided using a threshold 𝑁 . A reasonable measure of degeneracy, 𝒩 𝒻𝒻, is calculated using 

equation (3.27)  

𝓝𝐞𝓯𝓯 =
𝟏

∑ 𝐰𝐤 𝟏
𝐢𝐍𝐬

𝐢 𝟎

                                                              (𝟑. 𝟐𝟕) 

So, if 𝒩 𝒻𝒻 ≤ 𝑁  we redistribute the clusters of particles, so that new particles are generated out 

of this cluster and re-initialize their weights to . 𝑁  is a threshold that triggers re-sampling if it 

is greater than  𝒩 𝒻𝒻. The idea behind resampling is to get rid of particles with tiny weights and 

generate more particles from the ones with greater weights. As resampling only executes jointly 

on all particles, it has to wait until weight calculation and normalization is done. Therefore, re-

sampling becomes a potential bottleneck in parallelizing the PF computations, however delaying 

resampling until all the weights of the particles are calculated, the CPU is spared for other 

activities. The resampling approach in this research is based on [79]. Re-sampling although 

reduces the effects of degeneration, however, it might potentially introduce loss of diversity among 

the particles. This is known as impoverishment that occurs due to the fact that the resultant 

resampled particles are clustered to close vicinity [79], [160]. This is because redundant particles 

are chosen from the same points and hence the tracker has a chance to lose the object. This results 

in a large percentage of particles getting insignificant tinny weights. Consequently, the tracker 

loses the target due to particles drifting towards one side. To mitigate from this problem, the 

proposed framework ties the feature ranking module alongside the resampling to update the model 

of the object. Table 3.4 gives the pseudo code for the proposed AMF-MSPF framework. 
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Table 3. 3: Pseudo code of the proposed AMF-MSPF framework 

Algorithm Steps Comments 

1. {𝒊 = 𝟏: 𝑵𝒔; 𝒌 = 𝟏; }  

[{𝒔𝟏
𝟏:𝑵𝒔 , 𝒘𝟏

𝟏:𝑵𝒔 = (
𝟏

𝐍𝐬
)𝟏

𝟏:𝑵𝒔}]← {(𝒔𝒌
𝒊 ,  𝒘𝒌

𝒊 )}𝒊 𝟏
𝑵𝒔  

2. [𝐍₣] = ƒ𝐞𝐚𝐭𝐮𝐫𝐞Ʀ𝐧𝐤(₣) 

3. 𝒑(𝒔𝒌 𝟏|𝒔𝒌)=(𝒔𝒌 𝟏
𝟏:𝑵𝒔 ,  𝒘𝒌 𝟏

𝟏:𝑵𝒔)} 

4. [𝐲𝟏:𝐍₣

𝟏:𝐍𝐬] = 𝐌𝐧𝐒𝐟𝐭𝟏:𝐍₣(𝐬𝒌 𝟏
𝟏:𝐍𝐬) 

[ŝ𝐤 𝟏
𝟏:𝐍𝐬] = 𝛍𝐞𝐝𝐢𝐚𝐧 𝐲𝟏:𝐍₣

𝟏:𝐍𝐬  

5. 𝐩(𝐬𝐤 𝟏|𝐳𝟏:𝐤 𝟏)~ ∑ 𝐰𝐤 𝟏
𝐢 𝛅(𝐬𝒌 𝟏 − ŝ𝐤 𝟏

𝐢 )
𝐍𝐬
𝐢 𝟏  

 

6. 𝐰𝒌 𝟏
𝒊 =  𝒘𝒌

𝒊 ∗ 𝒑 𝐳𝒌 𝟏|𝐬𝒌 𝟏
𝒊  

𝐰𝐤 𝟏
𝟏:𝑵𝒔 =  

𝐰𝐤 𝟏
𝟏:𝑵𝒔

∑ 𝐰𝐤 𝟏
𝐢𝐍𝐬

𝐢 𝟎

 

𝓝𝐞𝓯𝓯 =
𝟏

∑ 𝐰𝐤 𝟏
𝐢 ∗ 𝒘𝒌 𝟏

𝒊𝒕𝐍𝐬
𝐢 𝟎

 

 

7. 𝑰𝑭 𝓝𝐞𝓯𝓯 ≤ 𝑵𝑻 

𝒔𝒌 𝟏
𝟏:𝑵𝒔 , 𝐰𝐤 𝟏

𝟏:𝑵𝒔 = 𝐫𝐞𝐒𝐚𝐦𝐩𝐥𝐞{𝒔𝒌 𝟏
𝟏:𝑵𝒔 , (

𝟏

𝐍𝐬
)𝟏:𝑵𝒔} 

GOTO STEP 2 and REPEAT 

ELSE 

                  GOTO STEP 3 and REPEAT 

Initialization step – generates particles 

using the random function generator 

and associating uniform weight to them. 

Feature Ranking module (Table 3.1).   

Propagation step – (Equation 3.16)   

Mean shift procedure (Table 3.3), used 

to generate a new set of particles that 

are closer to their local modes  

Estimation Step also known as the 

Posterior Estimation 

Weight update step in which the weights 

are updated using the most likelihood 

state of the object  

𝓝𝐞𝓯𝓯 – A measure that indicates 

whether or not degeneration occurred. 

 

In the Re-sampling step, redistribution 

of particles 𝑠
: and their associated 

weights are re-initialized to  (
𝟏

𝐍𝐬
)𝟏:𝑵𝒔 
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3.4 Discussion 

This chapter has presented the proposed adaptive multi-feature framework that targets the tracking 

problem from the point of view of local features selected for representing the object. It turns out 

that tracking is the ability of distinguishing the object from its immediate background that is 

composed of various constraints, which are continuously changing due to the motion of the object. 

The right features are needed to represent the object as not all features are discriminant enough in 

the context of various applications. Out of the huge feature space that is available, only a smaller 

dimension is required to perform a particular task. This is the reason why humans are best at 

performing many tasks of recognition and classification better than the machines that has at their 

disposal a huge memory and power processing capabilities. This is because the human brain is 

best at adaptively selecting, from among the huge space, the features that suits the situation at 

hand. One of the methods used in feature selection is to exhaustively evaluate all possibilities in 

the given feature space to select the best features. The implementation of such exhaustive search 

mechanisms are not only prohibitively costly but also carries the dangers of over fitting and is 

intracTable for large datasets. Alternative solutions are based on greedy methods that evaluates 

and selects features based on minimizing an error cost function. 

The inherent capability in the MCS based methods of combining information/features from 

different sources can be advantageously used in object tracking domain. Combining multi-features 

would certainly impact tracking in being able to distinguish the object in challenging uncontrolled 

environments. As discussed in this chapter, less challenging constraints requires simpler 

algorithms while complex scenarios may require a complex model of computation to distinguish 

the object from the background. Essentially, it turns out that it is the ability of the tracker to 

distinguish the object from its immediate background rather than having a complex tracker that 
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utilizes a complex dynamic model for the object. Most of the trackers in practice uses a pre-defined 

set of features to model the environment for all constraint assuming that the background would not 

change significantly. However, this assumption of fully specifying the background would mostly 

not suffice and hence the importance of discriminating the object locally from its immediate 

background is highlighted.  

In the proposed AMF-MSPF framework the ranking module gives score to features based on a 

simple criteria of variance ratio that signifies the contrast in a given search window. The top 

features are used to form likelihood images that facilitates the MS procedure to search in a simpler 

space and converges faster as compared to traditional MS implementation. Moreover, it also uses 

only a fraction of samples to evaluate the Bhattacharyya coefficient, which consequently reduces 

complexity in terms of numbers of operations. Thereby, the proposed AMF-MSPF framework 

surpasses other methodologies in the same category in terms of accuracy, robustness to various 

stringent constraints and the computational load is reduced considerably. Next chapter presents the 

experimental results, setup and challenging datasets that are known to have sequences with 

stringent constraints.
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CHAPTER 4 

EXPERIMENTAL RESULTS 

4.1 Experimental Setup 

This section evaluates and compares the proposed AMF-MSPF [2] framework with the TSHT of 

[144] and PFKBOT of [149]. The choice of selecting these reference approaches, was because 

they employ multi-features and an adaptive model updating technique similar, in some way, to the 

proposed multi-feature framework. The experiments have been conducted on video sequences of 

varying frame sizes and the processing was done using a core i5 2.60 GHZ desktop computer with 

4 GB RAM. To illustrate the efficiency of the proposed AMF-MSPF [2] framework, it is applied 

to many challenging video sequences extracted from the Context Aware Vision using Image-based 

Active Recognition  (CAVIAR), Performance Evaluation of Tracking and Surveillance (PETS), 

BEHAVE, and Amsterdam Library of Ordinary Video (ALOV++) datasets. These datasets are 

popularly used by the computer vision research community for testing their algorithms against 

constraints such as full occlusions, abrupt intensity changes, clutter background introduced by the 

moving object etc., and has generated a volume of publications dedicated to a vast spectrum of 

applications. The next section gives a detailed account of these datasets and highlights some of 

their key characteristics.  

4.2 Dataset Description  

Applications are usually tested against some taxonomy of datasets or arrangement of information 

that is processed to meet some specified goals. These common traits that exist in publically 

available datasets have heterogeneous set of actions such as jumping, running, walking etc. and 

other sequences identify specific events or behaviors such as abandoned objects, crowd behavior, 
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pose, gestures etc. These datasets are being used for different purposes such as activity recognition, 

object detection, behavioral analysis, object tracking etc. The Calibration and Ground Truth (GT) 

parameters of these datasets are given in Extensible Mark-up Language (XML) files that are 

extracted using Matlab. XML is like the Hyper Text Markup Language (HTML) that contains a 

hierarchy of nested pieces of tagged information tied in a structure that provides an easy interface 

to extract the required information [161]. Various challenging sequences have been selected from 

the CAVIAR, PETS, BEHAVE, and ALOV++ video datasets that are targeted at behavioral 

analysis, surveillance and object tracking applications. The ground truth for some datasets were 

manually recorded while others use specialized tools to record this information. BEHAVE uses 

the Video Performance Evaluation Resource (ViPER) ground truth tool to record target central 

locations and sizes [162]. Different applications require different types of information, while 

tracking requires the position and size of each object in the frame to evaluate the performance of 

the trackers, surveillance system may require individual and group behavioral description. The 

sequences in these datasets are well annotated using a ground truth file in CVML, an XML-based 

mark-up language used in the computer vision domain. For each frame a situation and a scenario 

label is given that shows moving, inactive, browsing, immobile, drop down etc. The file includes: 

 Coordinates of a bounding box,  

 An activity label with object appearance/disappearance, occlusion, inactiveness, walking, 

running etc. 

 Scenario label that has a fighter, browser, left object roles for each individual 
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4.2.1. CAVIAR Dataset 

The CAVIAR (2002) datasets was a project recorded for addressing many challenges such as rich 

image description selected by visually attended, processed and guided using task, function, and 

object contextual knowledge. The publically available dataset is comprised of CAVIARDATA1 

and CAVIARDATA2 variants that are recorded in different places and can be downloaded from 

their official website [163], [164]. The CAVIAR dataset is a collection of video sequences that 

show people performing many activities such as browsing, meeting, window shop, fighting, 

entering and exiting from shops, walking, slump, and left over objects. These datasets were 

recorded in two different places: the first is the INRIA Labs at Grenoble, France, and the other is 

recorded along the hallway across a shopping center in Lisbon. Two synchronized sequences were 

recorded at the same time with one view showing corridor, while the second is focused on the 

frontal view of the scene. The two video datasets are in PAL standard of 384 x 288 resolution with 

a capture rate of 25 frames per second and compressed with the MPEG2 video encoders. 

A number of video sequences have been selected from the CAVIAR datasets i.e. Walk1, Walk2, 

Browse1, Browse2, Browse3, Browse4, Meet_WalkTogether1, OneLeaveShop1cor, 

WalkByShop1cor, and LeftBox. The selection of these video sequences is due to challenging and 

varying characteristics shown by the objects moving against a wide variety of backgrounds motion 

paths. These videos are perfectly suited for evaluating visual trackers against constraints such as 

occlusions, similar outlier in the background, appearance change etc. The CAVIAR research team 

members have labelled these sequences with the target location and activities of individuals and 

groups of individuals. To highlight the invariance of the proposed framework to abrupt change in 

illumination conditions, a few sequences have been considered for case1 and case 2. 
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4.2.2. PETS Dataset 

The PETS 2007 dataset has been recorded from 4 different sensors containing many sequences 

pertaining to applications such as activity recognition, surveillance, unattended luggage detection 

etc. The datasets contain videos taken from different angle of the same region synchronized with 

different times of the day, and were captured using 25 frames per second at 640x480 resolution 

using a commercially available camcorder. The scene in these videos are never empty of people, 

therefore separate background of 40 second video frames are extracted and provided to researchers 

who need to train their systems on these images. A total of eight sequences have been recorded for 

4 different view angles at different times of the day. can be downloaded from their official website 

[165]. Similar to case studies in 1 and 2, the sequence “S8” has been considered for evaluating the 

proposed framework against clutter and abrupt illumination variations and  

4.2.3. BEHAVE Dataset 

The BEHAVE dataset provides a number of video sequences in both “AVI” format as well as 

JPEG single images. The video sequences are named as “N-M.avi”, where N is the starting frame 

and M is the ending frame of the sequence. The video sequences and images comprises of two 

views and were captured using 25 frames per second at 640x480 resolution using a commercially 

available camcorder. The sequences contain interaction among multiple humans, each interacting 

person has a bounding box and the non-interacting people were not labeled while moving inside 

the field of view of the camera. BEHAVE dataset have many challenging scenarios of people 

walking together, meeting, fighting, running together, following etc. Altogether, 125 instances of 

people were marked up for a total of 83545 bounding boxes [166]. These scenarios are rich in 

characteristics such as occlusion, appearance change, and abrupt variations in intensity, motion 
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and shape of the object. Tracking under these scenarios is of immense importance to the 

applications of surveillance and monitoring. 

Every interacting person is given a bounding box with central location of the object, height and 

width. The ground truth was designed using the ViPER ground truth labeling tool that encoded 

central location of the objects in XML [166]. The aim for this dataset is to consolidate interaction 

between humans’ observation and computer-aided understanding. The computer would signal 

regions that needs attention and this collaboration would assist human operator to pay more subtle 

attention to undesired events. These sequences containing stringent constraints, evidently making 

the experiments very challenging and suitable for testing tracking algorithms. The accuracy and 

robustness of the proposed AMF-MSPF framework is tested on these datasets to highlight the 

effectiveness of adaptive selection of features that takes advantage of the local context of the 

object. Table 4.1 highlights some of the important characteristics of these sequences.  

4.2.4. ALOV++ Dataset 

The Amsterdam Library of ordinary video dataset (popularly known as ALOV++) [167], [168], 

[169] is a specialized collection of dataset that is widely used by the research community to 

evaluate their visual tracker against these scenarios in PETS 2009 [170], PETS 2010 workshop 

[171] , visual tracking benchmark [153]. ALOVA++ dataset was built with an aim to capture as 

much diversity in scenarios as possible that provide sequences of target-specific events particularly 

designed for evaluating the robustness of tracking algorithms independent of any application. 

These events contain fast and complex motion, low-contrast, occlusion among objects, varying 

illumination conditions due to multiple sources, smooth and shaky camera motions with unsTable 

zooming. For more on these hard constraints, the reader is referred to the works of Smeulders 
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[171]. The data is mainly collected from the YouTube with a broad category of targets including 

human face, pedestrians, skating, surfing, mountain cycle ride, dancing, jogging, and walking. 

These video sequences are taken under smooth and shaky camera motions with pan, tilt and 

zooming constraint.  

The average duration of the videos in the ALOVA++ dataset are between 9.2 to 35 seconds, and 

total frame numbers (also given in jpg format) is 89364 that are annotated every fifth frame in 

smooth motion sequences and the annotation is done more frequently in abrupt motion. The ground 

truth is a rectangular rounding box over the objects i.e. central location (x, y), width and height 

(w, h) of the object. Only the ground truth for the first frame and the total numbers of frames are 

provided to the user and the subsequent annotation is done through interpolation. This could be 

problematic in video sequences with abrupt motion and camera jitter, as the rounding box would 

no more conform to the true location of the object, which could give misleading quantitative 

measures.       

4.3 Results and Analysis 

The computer vision research community widely uses these datasets to evaluate their algorithms. 

This section presents a qualitative and quantitative evaluations using the above mentioned datasets 

to highlight the various aspects of the proposed framework in comparison with existing methods.  

4.3.1. Qualitative and Quantitative Analysis 

The quality of tracking algorithms can only be established using a precise ground truth information 

about the testing sequences usually provided by teams responsible for data collection and labelling. 

Qualitative analysis is a visual inspection methods based on the characteristic and description of 
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things, contrary to their quantitative approaches that are based on count or certain metric 

evaluations [172]. Visual comparison of results, however, can sometimes be insufficient. 

Especially when the results of the trackers come in close vicinity of each other and it is difficult to 

quantify, then a quantitative evaluation becomes imperative. Bashir and Porikli [173] proposed 

two ways of recording quantitative metric, first is based on just the current frame and the other 

method takes into account the whole history span i.e. trajectory of the object. This research only 

takes into account the frame-based metrics that counts the number of occurrences of centroid 

locations of the tracker. Ground truth and the information obtained from the tracker are knitted in 

a relationship to evaluate certain measures as in the research works of  [174], [175]. For more other 

performance metrics and parameters, the reader is referred to the work of [176]. The four types of 

quantitative counts are: 

True Negative (TN) – Tracker correctly determines the absence of an object in agreement with 

the ground truth. 

True Positive (TP) – Tracker correctly identifies an object in agreement with the ground truth. 

False Negative (FN) – Tracker incorrectly determines the absence of an object in disagreement 

with the ground truth or in short misses the target. 

False Positive (FP) – Tracker incorrectly identifies an object in disagreement with the ground truth 

or one might take it as missing the target as well. 

These counts are obtained by measuring the distance between the centers of the GT regions, 

denoted by Ꞧ  and the results from the tracker regions, denoted as Ꞧ . This is given by the 

regional location of center error, Ꞧ , as given in equation (4.1): 

Ꞧ = 𝑑 𝐶𝑒𝑛𝑡𝑒𝑟(Ꞧ ), 𝐶𝑒𝑛𝑡𝑒𝑟(Ꞧ )                                            (𝟒. 𝟏) 
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Here, 𝑑 is the Euclidean distance that can also be expressed in Lp-norm (p=2) as in equation (4.2): 

Ꞧ = 𝐶𝑒𝑛𝑡𝑒𝑟 Ꞧ − 𝐶𝑒𝑛𝑡𝑒𝑟(Ꞧ )                                     (𝟒. 𝟐) 

Besides giving an overlap between the tracker’s detected region and the ground truth, equation 

(4.2) also gives us an evolving curve that propagates the central location error of all the frames of 

the video sequence under consideration. The Ꞧ  is averaged over all 𝑘 frames of the sequence to 

get a more realistic measure of the complete trajectory of the object. This is also known as the 

Root Mean Square Error (RMSE) and the unique property of this measure is that its units remain 

the same as the distance (Euclidean distance in eq. (4.2)). The RMSE is given in equation (4.3): 

𝑅𝑀𝑆𝐸 =
1

𝑇
Ꞧ                                                    (𝟒. 𝟑) 

Correct and incorrect determination of object means whether the detected object region has an 

overlap of at least 80% with the ground truth or not. A simple and reasonable choice for this 

overlap is based on the VOC challenge [177] is given in terms of intersection (∩) and union (∪) 

as, 
Ꞧ ∩Ꞧ

Ꞧ ∪Ꞧ
≥ 0.5. This is the definition of a successful frame having an overlap larger than the 

threshold and the expression is obtained using the Euclidean distance of equation 4.2. As a result 

of this criteria, the obtained count numbers are used to form other extremely important quantitative 

performance metrics such as precision and recall. While Precision (Ƥ) is percentage of results of 

the tracker that are relevant, Recall (Ʀ) is the percentage of total relevant results that are correctly 

tracked by the tracker. These two metrics are given in equations (4.4) and (4.5): 

Ƥ =
𝐓𝐏

𝐓𝐏 + 𝐅𝐏
                                                              (𝟒. 𝟒) 
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Ʀ =
𝐓𝐏

𝐓𝐏 + 𝐅𝐍
                                                              (𝟒. 𝟓) 

The other two metrics that quantify the results of the algorithm are the F_SCORE and False Alarm 

Rate (FAR). F-Score is computed by using equations 4.4 and 4.5 and FAR through the definitions 

of FP, FN, TP, and TN as given in equation (4.6) and equation (4.7) respectively: 

𝐅 − 𝐒𝐂𝐎𝐑𝐄 = 𝟐 ∗
Ƥ ∗ Ʀ

Ƥ + Ʀ
                                                     (𝟒. 𝟔) 

Similarly, FAR is calculated as the ratio between the number of negative event wrongly 

categorized as positive and the total number of actual negative events using equation (4.7).  

𝐅𝐀𝐑 =
𝐅𝐏

𝐓𝐍 + 𝐅𝐏
                                                           (𝟒. 𝟕) 

These quantitative measures, the F-SCORE, False Alarm Rate (FAR) and RMSE are evaluated for 

various case studies to validate the performance of the proposed framework.  

4.3.2. Case Study 

This subsection presents six case studies that were considered in these experiments. The prime 

goal of simulations in these case studies, was to track manually initialized regions of interest during 

various video sequences under clutter background and occlusions by intensity. Six case studies 

were conducted on video sequences from the CAVIAR, PET 2007, and BEHAVE datasets. The 

ground truth locations of these video sequences were obtained from the XML files provided by 

the team of these datasets. The reason for selecting these datasets were because of their rich 

characteristics such as full occlusion, clutter, size/scale variations, mild and abrupt illumination 

changes. The first three case studies have been carried out to prove the validity of the proposed 
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AMF-MSPF framework in comparison to other reference methods. The fourth case study presents 

the results of empirically established observation that lead to improvement in the proposed MS 

optimization procedure. The fifth case study presents a rigorous quantitative analysis of the 

proposed framework on a broad range of video sequences from the above mentioned datasets. And 

finally the sixth case study is a comparison of the proposed framework with different state-of-the-

art methods in the probabilistic and deterministic categories. The summary of these case studies 

along with information about the video sequences is given in Table 4.1. 

4.3.2.1. Case Study 1 

As discussed above, the video sequence (WalkByShop1Corr) is taken from the CAVIAR dataset2 

that is a long video sequence captured by a static camera where objects move under various 

constraints. The selected target (a lady wearing a long coat with a hanging purse) walks in parallel 

with a man wearing an almost similar long color coat. The couple regularly stops by shops to watch 

stuff in their showcases. The lady is repeatedly occluded by people who are entering and exiting 

these shops. The couple move towards the camera with a continuous change in size/scale under 

mild but regular intensity variation due to the shades of the pillars. Red, blue, green and yellow 

depicts the results of the ground truth, proposed AMF-MSPF, PFKBOT, and TSHT respectively. 

The video sequence encounters multiple full occlusions in addition to similar object appearance in 

the background as in frames 350-410 and 870-930. The results of the proposed AMF-MSPF 

framework are close to the ground truth and outperforms TSHT and PFKBOT methods as shown 

in Figure 4.1. PFKBOT fails upon encountering instances having a background similar to the 

object. The error accumulates until the PFKBOT loses the target because the false positives (FP) 

would stray the particles to false mode.  
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However in THST, the object recovers from the occasional distraction by the background clutter. 

This is due to the fact that TSHT method takes into account both the spatiotemporal aspects of the 

object that leads the particles towards more likely modes. Under mild but regular intensity change, 

TSHT is quite comparable to the proposed AMF-MSPF in the WalkByShop1cor dataset, and has 

come in close proximity to the proposed framework (Figure 4.1), a quantitative analysis is 

conducted for a closer look (using RMSE metric). In Table 4.2, the RMSE, of AMF-MSPF, THST 

and PFKBOT for WalkByShop1cor dataset are 5.76, 7.76 and 30.70 respectively. Due to very few 

false positives, consequently the FAR of the proposed method is the lowest i.e. 0.13 as compared 

to 0.24 and 0.35 for THST and PFKBOT respectively. Moreover, the F_Score of the proposed 

method is 0.93 as compared to 0.86, 0.79 for THST and PFKBOT. 

 

Figure 4. 1: WalkByShop1cor sequence: mild but regular occlusion
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Table 4. 1: Description of video sequence 

Case 
Study 

Video Sequence No. of 
Frames 

Size of 
Frame 

Characteristic of Sequences Purpose of Case Study 

C
as

e 
1 

C
A

V
IA

R
 

 
WalkByShop1cor 

 
100-1000 

 
384 × 288 

Couple walking under 

regular intensity variation 

and occlusions by objects 

These case studies have been undertaken 

to validate the proposed MSPF based 

adaptive framework for multi-features. 

These tests were conducted on video 

sequences of object motion under abrupt 

intensity variations and occlusions.  C
as

e 
2 

 
Browse4 

125-525  
 

384 × 288 

Non-linear movement 

under abrupt intensity 

variation 

540-1080 

C
as

e 
3 

PE
T

S 
20

07
  

S8 
 

500 
 

576 × 720 
People walking in crowd 

under severe occlusions  

C
as

e 
4 

C
A

V
IA

R
 

Walk1 310-510  
 
 

384 × 288 
 

The events in these video 

sequences are rich in 

characteristics such as 

occlusion, S-line and  

This case study was conducted to show 

the effects of using only a fraction of 

random samples to evaluate an 

approximate similarity metric between 

the target and candidate regions.  

Walk2 320-550 
Fight_RunAway 200-450 
Browse3 370-825 
Browse4 125-525 

540-1080 

LeftBox 400-600 

C
as

e 
5 

B
E

H
A

V
E

 

Fight_RunAway 200-400  
 
 
 

384 × 288 
 

Challenging instances of 

group of people walking 

together, meeting, running, 

and fighting showing 

occlusions, fast motion, and 

other complex interactions. 

In addition to the video sequences in 

case 4, two more video sequences were 

added to perform quantitative analysis of 

the proposed AMF-MSPF.  

MeetWalkTogether 250-450 

OneLeaveShop1cor  
10-295 

WalkByShop1cor 100-1000 

11500-17450 280 X 800  
640 × 480 

59800-66750 660 X 950 
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C
as

e 
6 

 

A
L

O
V

+
+

 

Walking2 500 288 X 384 The ALOVA++ dataset was 

built with an aim to capture 

as much diversity in 

scenarios as possible that 

provide sequences of target-

specific events particularly 

designed for evaluating the 

robustness of tracking 

algorithms independent of 

any application. These 

video sequences are taken 

under smooth and shaky 

camera motions with pan, 

tilt and zooming constraint. 

The ground truth for the first 

frame and the total number 

of frames are provided to 

This case study has been conducted to 

perform the qualitative and quantitative 

analysis of the proposed framework on a 

large dataset of video sequences. The 

importance of this case study stems from 

the fact that the selected reference 

trackers, based on the online tracking 

category, have given access to their 

respective results on all the sequences of 

the ALOV++ datasets. This not only 

allows to compare trackers for 

performance evaluation but also 

provides a mechanism for identifying 

various future research directions based 

on the results of the available wide 

spectrum of trackers on these datasets. 

The selected reference methods uses 

particle filters in some capacity to 

amalgamate it with the online tracking 

category. 

Crossing 120 240 X 360 

Joggin-1 308 288 X 352 

Subway 176 288 X 352 

Human7 250 240 X 320 

Human2 1128 640 X 480 

Human8 128 240 X 320 

MountainBike 228 360 X 640 

Woman 597 288 X 352 

Skating2 473 352 X 640 

MotorRolling 164 360 X 640 

Couple 140 240 X 320 

Kitesurf 84 270 X 480 

Biker 142 360 X 640 

Girl 500 96 X 128 

Human9 305 240 X 320 

Walking 412 576 X 768 

CarScale 252 272 X 640 

Dog 127 240 X 352  

Man 134 193 X 240  
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4.3.2.2. Case Study 2 

In the next experiment, two clips extracted from the Browse4 video sequence belonging to the 

CAVIAR dataset1 that is also captured by a static camera. Clip1 is the extract of frames 120-525 

and clip2 is the extract of frames 900-1080. These are significant video sequences that are 

specifically chosen to test the proposed framework against non-linear motion of the object and 

abrupt intensity variations when the object moves toward severe occluded regions. The abrupt 

intensity change occurs in multiple instances from frames 230 – 410 in the first clip, frames 880 - 

920 and frames 1005 – 1050 in the second clip. But since the proposed framework adaptively 

reinforces the visual tracker with features that are more suitable for the current situation, it is able 

to track the object under these abrupt changes.  

The reference methods have used just the HSV dimension of the color for object representation, 

which although makes objects less sensitive to lightening variations but not completely invariant 

to surface reflectance properties of the object. The object tracker fails once the appearance of the 

object changes due to illumination change. The experimental results show that under abrupt 

intensity change, the AMF-MSPF is robust and tracks the object well, as highlighted in Figure 4.2 

and Figure 4.3. In Table 4.2, the RMSE of AMF-MSPF, TSHT, and PFKBOT is recorded to be 

9.18, 41.30 and 55.80 respectively. Low RMSE indicates low FAR and consequently a higher 

F_SCORE that is 0.91 for the proposed framework (Table 4.2). 

4.3.2.3. Case Study 3 

In the third experiment, the proposed AMF-MSPF is tested on the PETS 2007 dataset, which 

exhibits continuous background change due to occlusion by intensity as well as other objects. In 

this video sequence there is a scene of crowd with luggage that is never empty, therefore 
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experimenting on this sequence would validate robustness of the proposed framework under rich 

background with occlusion among people and intensity variations.  

 

Figure 4. 2: Browse4 sequence (clip 1): Occlusion by high intensity 

 

Figure 4. 3: Browse4 sequence (clip 2): Occlusion by high intensity 



Chapter 4                                                                                    _______       Experimental Results 
 

116 
 

 The results of AMF-MSPF were convincing as compared to the TSHT and PFKBOT methods 

shown in Figure 4.4. Contrasting TSHT and PFKBOT, the proposed AMF-MSPF framework 

selects a new set of 𝐍₣ features that are used to initialize MS procedure to increase the contrast 

between the object and background. These features are selected by the ranking module that is 

triggered whenever the resampling step occurs that is used to overcome the degeneracy problem. 

As a consequence, comparing to the other reference methods, the proposed method is more 

accurate because it re-initializes the object based on local features. In some video instances of the 

video datasets, the results of different methods come closer to each other and it is not able to 

distinguish based on visual contents. Table 4.2 and Table 4.3 has been recorded for a quantitative 

analysis and comparison to give a closer look through RMSE, F-Score, FAR.   

 

Figure 4. 4: PETS 2007 Crowd sequence
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Table 4. 2: RMSE, Accuracy and F_SCORE for all video sequences 

Video Sequence RMSE FAR F_SCORE 

PFKBOT TSHT Proposed PFKBOT TSHT Proposed PFKBOT TSHT Proposed 

WalkByShop1cor 30.70 7.76 5.76 0.35 0.24 0.13 0.79 0.86 0.93 

Browse4 55.80 41.30 9.18 0.49 0.47 0.17 0.67 0.71 0.91 

PETS 2007 24.70 15.30 11.12 0.35 0.27 0.15 0.71 0.79 0.91 

Table 4. 3: Results of various trackers under challenging constraint 

Constraint/Methods [149] [144] Proposed method 

Full Occlusion    

Clutter Background    

Intensity Change    
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4.3.2.4. Case Study 4 

This case study has been conducted to validate the novelty of the proposed MS optimization 

procedure that uses only a fraction of samples from the target and candidate regions to evaluate an 

approximate similarity metric. The experimentation results have shown good accuracy at the cost 

of negligible error incurred due to the proposed approximation. The RMSE has been recorded for 

a simulation conducted on different sequences from the CAVIAR dataset using 38x35 window 

size. Table 4.4 shows the RMSE (which is a summation over the difference between the tracked 

object locations and the GT values obtained from the ground truth XML files) to calculate the pixel 

error of the full trajectory of the object. To visually demonstrate the effectiveness of the proposed 

novelty, Figure 4.5 shows the Bhattacharyya scores for the Browse4 sequence recorded over a 

range of different under-sampling schemes with window size of 22x22. And moreover the results 

on Walk1 sequence is extracted in Figure 4.6 to illustrate the negligible error incurred using the 

proposed approximation based on a fraction of random samples.       

Table 4. 4: RMSE from random sampling simulations 

 

Quantitative 

Video Sequences 

Walk1 Walk2 Fight_RunAway1 Browse3 Browse4 
(clip 2) 

LeftBox 

RMSE 
(Full Range) 

13 13 17 36 19 26 

RMSE 
(75% samples) 

16 15 20 38 21 29 

RMSE 
(50% samples) 

18 20 23 42 23 28 

RMSE 
(25% samples) 

19 23 41 45 29 31 

RMSE 
(20%) samples 

25 29 55 53 33 37 
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Figure 4. 5: Bhattacharyya score and error for the Browse3 sequence 

 

Figure 4. 6: Walk1 sequence: a) Central location of full range vs. fraction of pixels b) Visual 

tracked sequence c) Full range vs. Fraction of pixels d) Error for fraction of pixels 
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4.3.2.5. Case Study 5 

In contrast to the previous case study, where the proposed MS was evaluated to find the effects of 

dropping samples for evaluating an approximate similarity match, this case study is undertaken to 

perform a quantitative analysis of the proposed AMF-MSPF framework against a large set of 

sequences with a variety of challenging constraints to approve its robustness. A rigorous testing 

has been carried out involving different scenarios that are extracted from the CAVIAR and 

BEHAVE datasets. Table 4.5 shows a comprehensive result of a quantitative analysis of the study 

and highlights the advantage of the adaptive feature discrimination against a variety of non-linear 

motion of the object in the given sequences under various illumination variations and occlusion. 

Table 4. 5: A quantitative analysis on various sequences 

 
Video Sequences 

COUNTS  
FAR 

F - 
SCORE 

 
RMSE 

 
Characteristic FP TP FN TN 

Fight_RunAway 3 241 14 15 0.16 0.95 11.16 
 

Occlusion and fast 
motion 

Meet_WalkTogether1 5 165 11 12 0.15 0.95 11.12 Occlusion, clutter 
background 

OneLeaveShop1cor 2 265 13 10 0.15 0.95 13.73 Occlusion and 
intensity variation 

Walk1 5 180 17 15 0.25 0.95 15.17 Straight line 

Walk2 2 318 15 17 0.10 0.97 11.43 Straight line and 
return 

Browse 1 3 443 16 20 0.20 0.97 8.05 Non-linear motion 

Browse 2     0.18 0.97 8.87  

Browse 3 2 254 20 18 0.10 0.95 13.78 S-line and abrupt 
intensity change 

LeftBox 4 287 18 19 0.17 0.96 15.17 Leaving bag 

11500-17450 8 509 14 19 0.23 0.97 16.29 People meeting in 
group groups, 
walking together 
and fighting   

59800-66750 5 236 13 15 0.21 0.96 14.51 
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4.3.2.6. Case Study 6 

This case study has been performed to test the robustness of the proposed framework against some 

of the main categories of stringent scenarios (as discussed in the introduction chapter and dataset 

section), and compare the framework with other state-of-art methods in the online tracking 

category. The ALOV++ dataset, as discussed in the dataset section, is used in this study. The 

reason for selecting ALOV++ dataset for this study is that it provides a wide range of sequences 

that are targeted at specific events involving particular constraints. The selected methods for 

comparisons are popular state-of-the-art trackers that are built on the PF methodology combined 

with the online tracking category. The importance of this case study stems from the fact that the 

selected reference trackers have given access to their code and respective results on all the 

sequences of the ALOV++ datasets for comparison and evaluation of tracker performance. Results 

of these trackers have provided a mechanism to produce large scale benchmarking on trackers that 

would be useful in identifying new research directions in the object tracking domain. A massive 

performance benchmark results of a large number of online trackers have already been reported in 

the [153], [178], and [179]. 

Particle filters, as already discussed, are popular methods, as already discussed, which have relaxed 

the restrictive hypothesis problem of Kalman filters. However, the computation requirements of 

PF has invited a volume of research to reduce this computational load. The MSPF methodology 

was one such direction in which the MS is incorporated to optimize the state of a small number of 

particles. However other methods have also surfaced in the computer vision and artificial 

intelligence community that worked towards computational efficiency of tracking systems based 

on PF [180], [181]. The PF search mechanism has been employed in online training classifiers that 
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have recently become very popular in the field of object tracking systems [182], [183], [184], 

[185]. Unlike supervised learning, where sometimes incorrect labels of data can lead to failures, 

online trackers involve training (on-the-fly) while new data arrives to be incorporated in these 

semi-supervised networks also known as bootstrapping. Sparse learning is another popular 

category of trackers that also builds on the particle filter methodology [185], [186]. And another 

category that has been selected for comparisons is the traditional template based target modeling 

from the previous frame [187]. The selected reference methods use particle filters in some capacity 

to amalgamate it with the online tracking category. Following are a brief account of these high 

cited online trackers selected for comparisons in this case study:  

Multiple Instance Learning (MIL) trackers learn the appearance of the object model by bootstrap 

classification method that separates out the background and foreground from the present frame as 

negatives and positives [184]. Multi Task Tracking (MTT) treats particles a separate task as a 

linear combination of templates based on sparse learning computation [185]. Locally Order-less 

Tracking (LOT) uses the particle filter to sample the state of the object with each particle 

representing a template over a neighborhood for calculating the super-pixels and moreover the 

method also adapts the appearance model of the target [187]. However, online appearance 

adaptation causes the tracker to drift away as more and more background information of similar 

texture is modeled into the object representation. Therefore a Semi-supervised online Boosting 

Tracker (SBT) method is also included in the comparison, which updates the object representation 

model using the prior and online classifier in a semi-supervised fashion. A traditional Color-based 

PF (CPF) method by Perez et. al. [102] has also been included in the comparison to have a 

reference method upon which researcher have developed a large volume of trackers.   
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 The qualitative results of all the six trackers given in red, blue, cyan, black, green, and yellow 

corresponds to the ground truth, MIL, SBT, CPF, LOT, and MTT respectively. The 20 sequences 

have been clustered in three groups for processing through the computational phases of qualitative 

(Figure 4.7, 4.8, 4.9) and quantitative analysis (Table 4.6). The results of all the six trackers have 

been generated in Figure 4.7, Figure 4.8 and Figure 4.9, where group1 mostly contain pedestrians 

with smooth and uniform motion (Walking21, Crossing3, Jogging3, Subway2, Human21, Human7, 

Human81), group2 contains sports related activities involving fast motion under occlusion 

(MountainBike1, Woman1, Skating23, Couple2, MotorRolling1, KiteSurf3) and group3 has a set of 

videos that has extreme camera movements, size/scale variation and change in angle view (Biker1, 

Girl1, Walking, Human9, CarScale3). The upper script indicates the top three position that the 

trackers grabbed for each video sequence, which are highlighted using blue, green, and red (Table 

4.6) for the first, second and third positions respectively. 

Sparse representation and multiple instance learning based trackers are good against appearance 

variations (e.g. occlusion, object deformations). It has been observed and also validated through 

the benchmark survey [178] that performance of trackers varies with the scale of the object. The 

experimentation in this case study has revealed that LOT and CPF are more sensitive to 

background clutter because these trackers performed well when the bounding box only encircled 

the object. This improvement is a direct consequence of only including the object appearance detail 

in the tracking model. MTT on the other hand mostly failed because of the drift that it incurred 

due to accumulating the background while updating the appearance model of the object. MIL was 

observed to be one of the most successful tracker in the face of stringent constraints involving 

shaky camera, size scale variations. Thought the proposed AMF-MSPF tracked well under many 

of the constraints, however, failed under shaky and large camera motion. 
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Figure 4. 7: Result of all six trackers on the first group of sequences 
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Figure 4. 8: Result of all six trackers on the second group of sequences 
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Figure 4. 9: Result of all six trackers on the third group of sequences 
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Table 4. 6: A quantitative analysis on various sequences 

S. 
No. 

Video 
Sequences 

𝑅𝑀𝑆𝐸  𝑅𝑀𝑆𝐸  𝑅𝑀𝑆𝐸  𝑅𝑀𝑆𝐸  
 
 

𝑅𝑀𝑆𝐸  
 
 

𝑅𝑀𝑆𝐸  

1 Walking2* 5.14 39.10 44.27 42.50 46.96 52.81 

2 Crossing*** 22.47 3.07 172.81 11.26 66.36 42.35 

3 Joggin-1*** 43.96 125.72 33.19 21.51 97.67 162.55 

4 Subway** 15.34 8.32 155.14 162.66 20.36 143.95 

5 Human7 51.33 46.67 63.35 43.04 43.19 44.59 

6 Human2* 165.12 181.50 246.74 188.43 187.41 499.41 

7 Human8* 40.96 49.96 198.57 48.43 50.36 77.68 

8 MountainBike* 53.29 58.51 182.66 69.67 58.15 219.53 

9 Woman* 70.52 145.23 196.50 145.28 147.18 237 

10 Skating2*** 70.19 137.38 200.10 31.12 27.64 625.83 

11 MotorRolling* 107 135 239 142.62 147.10 206.12 

12 Couple** 32.84 59.23 92.57 14.74 58.98 160.90 

13 KiteSurf*** 52.12 40.35 41.22 59.18 67.30 176.47 

14 Biker* 116.98 119.96 196.48 119.84 122.53 319.58 



Chapter 4                                                                                    _______       Experimental Results 
 

128 
 

15 Girl* 16.18 18.98 40.26 26.15 35.21 40.95 

16 Human9 102.55 40.81 105.64 56.13 69.71 51.10 

17 Walking*** 12.06 15.37 321.53 5.77 4.23 237.88 

18 CarScale*** 75.77 15.88 128.05 99.12 61.46 164.64 

19 Dog* 18.53 24.86 171.30 12.86 21.84 86.49 

20 Man* 46.37 47.57 48.57 46.67 47.55 74.52 
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4.4 Computational Complexity 

After evaluating AMF-MSPF on several challenging video datasets, the proposed framework 

showed improved results in term of robustness and accuracy. This section explains where does the 

efficiency comes from and investigates the computational cost analysis of the framework. 

4.4.1. Asymptotic Analysis and execution analysis 

While incorporating the MS into the PF methodology has mitigated its dependence on a large set 

of particles, nevertheless this integration has aggravated the already complex estimation 

methodology of PF. Because the MS optimization procedure is an iterative computation that 

processes each particle to converge onto local modes, thereby increasing the computational 

complexity of the MSPF hybrid methodology. One of the novelty of the proposed MS was to 

reduce its computational complexity to mitigate the implicit cost of its incorporation into PF. 

The simplification came through an observation, that only a fraction of samples were required by 

the MS optimization procedure to evaluate the similarity metric. The computational efficiency of 

the proposed MS was evaluated on many sequences extracted from the CAVIAR datasets (Table 

4.4). Figure 4.5 and Figure 4.6 further demonstrates the visual results of the propose MS on 

Browse4 and Walk1 sequences to test the effectiveness of the proposed MS optimization 

procedure. Since the ranking module reinforced the MS method with features that discriminates 

the object locally, the performance is exceedingly better. This improvement should be weighed in 

light of the fact that the proposed MS only used a fraction of samples and incurs negligible error. 

And moreover the selection of the best features accelerates the MS convergence and only takes 2 

iterations. As can be seen in Figure 4.5 and Figure 4.6, the error introduced, due to dropping more 
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than 75% of the samples, is negligible. And the proposed simplified MS is able to track the object 

successfully in real-time, even under Matlab implementation.  

Traditionally, the classical Bhattacharyya similarity metric is evaluated across the whole spectrum 

over all the pairs of pixels between the target and candidate distributions. Since the proposed MS 

only uses a fraction of the pixel spectrum, it alleviates from the quadratic complexity to reduce it 

to a linear order. This has led to a huge computational reduction in the MS method without 

significantly compromising its accuracy as is evident in Figure 4.5. The proposed MS procedure 

tracks the object accurately and reliably with an average number of iterations as 2.15 and average 

processing speed per frame is 0.00193s for a low complexity distribution. As the number of 

features N₣ = 3, average iteration I = 2.5, and number of particles N = 30, the total MS 

execution time is calculated to be 0.0579. Reducing the number of samples in the modified MS 

module has consequently saved resources for the feature ranking module that also takes 0.025 s of 

the total time. Depending on whether the ranking module is invoked or not, the AMF-MSPF 

framework on the average can process 12-20 frames per second, which is perceived by humans. 

While none of the reference methods are able to run in real-time.  

The overall execution time of the proposed AMF-MSPF is derive next. Let 𝐼  be the total number 

of iteration for each MS procedure (in our case average 𝐼 = 2.15), 𝑇 _ _  be the execution 

time of the uniform random function that generates the required numbers of particles using the 

dynamic equation. And 𝑇 , 𝑇 , 𝑇 , and 𝑇   are the execution times for the 

resampling, MS procedure, adaptive ranking and weight update modules respectively. Then the 

execution time of the AMF-MSPF framework is given by equation (4.8): 

𝑻𝑨𝒎𝒇 𝒎𝒔𝒑𝒇 = [𝑻𝒑_𝒈𝒆𝒏_𝒘𝒕
+ 𝑻𝒘𝒆𝒊𝒈𝒉𝒕 𝒖𝒑𝒅𝒂𝒕𝒆 + 𝑻𝒎𝒔 + 𝑻𝒓𝒆 𝒔𝒂𝒎𝒑𝒍𝒊𝒏𝒈 + 𝑻𝒓𝒏𝒌]               (𝟒. 𝟖) 
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The execution time of the different components of the AMF-MSPF as given in equation 4.8 is 

highlighted in Table 4.6. The total execution time is approximately between 0.075s to 0.1s, 

depending upon whether the ranking module has been invoked or not. Thereby, the proposed 

AMF-MSPF framework implements a new layer of improvement on top of the MSPF methodology 

without aggravating its computational complexity. Consequently, the complexity of the proposed 

framework is considerably reduced as compared to TSHT and PFKBOT that can process 5 and 10 

frames per second (on average) respectively.    

Although MS is initialized in multiple features over all particles, however down sampling the 

number of pixels reduces its execution time by an order of magnitude. Thus modifying the 

traditional MS to only use a fraction of samples for approximating the similarity metric between 

the target and candidate, has reduced the complexity and the proposed MS is asymptotically 𝑂(𝑚 ∗

N₣ ∗ 𝑁 ) that has no significant impact on the equation (4.8). This saves enormous computational 

power that is utilized by the ranking module. Since the MS optimization is applied multiple times 

to every particle until convergence, it moves the particles to new locations where it no longer 

conforms to the posterior distribution. This is what is known as the degeneracy problem in which 

a small number of particles dominate the weight race and therefore the estimates are heavily 

influenced by them.  

Essentially, the re-sampling stage is introduced to mitigate from the degeneracy problem by 

replicating particles with larger weights and removing the particles with negligible ones. This, 

however, constraints the system that re-sampling step be carried out after the particle weighting 

and normalization steps that requires all the particles to be available. And that makes resampling 

a bottleneck in parallelizing the PF computations. The complexity of the re-sampling module is 

also equal to the particle generation and weighting step i.e. 𝑂(N ). While the ranking module is 
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quadratic in number of samples from the background and foreground i.e. 𝑂(₣ ∗ 𝑓𝑔 ∗ 𝑏𝑔), 

nevertheless, it is only triggered when the re-sampling step is required. Table 4.6 highlights the 

execution times of the different modules of the proposed framework.  

Since the re-sampling step is not executed in every step, most of the time the tracking is performed 

only using the proposed MSPF using the optimized MS procedure. Therefore asymptotically 

speaking, this makes the overall complexity of our proposed AMF-MSPF framework equal 

to 𝑂(N ∗ N ∗ 𝑁₣ ∗ 𝐼 ). Since 𝑁₣ = 3 and average 𝐼 = 2.15 are negligible, therefore the 

complexity function collapses down to 𝑂(N ∗ N ) with high probability. Table 4.6 summarizes 

the asymptotic analysis of this section and it can be clearly noted that the ranking module and the 

weight update step that is tied to the likelihood calculation from pair-wise match between linear 

combinations of color histograms, takes a substantial amount of the total computational load. The 

analysis of the computational cost of multiplication and addition/subtraction for the proposed 

AMF-MSPF framework is given in the next subsection. 

Table 4. 7: Execution times of different modules 

 
Modules 

 
Description 

Avg. Exec. 
Time 

(seconds) 

Adaptive 
Ranking 

An adaptive module that selects among a pool of features based 
on a discriminative criteria between the object and its immediate 
background 

0.025 

Rand module The random function is responsible to generate particles based 
on the dynamic equations  

0.025 

Weight 
Update 

This is required in the update step where the weights are 
assigned the likelihood values 

0.018 
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Mean shift  An optimization procedure that processes the particles and 
moves them to their local mode on the gradient scale, 
consequently reducing the particle count 

0.00579 

Resampling A sequential module that was introduced to solve the problem of 
degeneracy that led majority of particles towards zero  

0.0002 

Misc. All the other supporting operations that are required by the 
Matlab for simulation 

0.0153 

TOTAL  0.064449 

 

4.4.2. Computational Cost Analysis 

This subsection highlights the computational cost analysis of the proposed framework in terms of 

number of multiplications, additions/subtraction, and other tasks/operations that make up a 

significant portion of the proposed framework. The main challenge for the PF algorithm is 

reducing its computational complexity. Because the filter processing rate of updating the priors 

and hence estimating the posterior for a single frame should be more than the input data rate from 

the sensor. If otherwise, the PF filter would have to abandon some data and hence compromise on 

the accuracy. A lot of effort has been put into improving the computation speed of the PF to meet 

real-time constraint without any significant loss of performance levels that has been achieved. 

Thereby, this section looks into the computational cost analysis of the proposed framework.  

A complete dissection of the algorithm is done to have a detailed look into the cost analysis of the 

proposed AMF-MSPF framework. The analysis is done in terms of number of multiplications, 

additions and all other instructions that make up a significant portion of the computation. The 

major components of the computation are that forms the complexity bottleneck of the MSPF based 
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frameworks are: the number of particles, mean shift iterations, weight update, re-sampling, random 

number generator etc., which are examined next. 

i. Reduction of number of particles using the mean shift iterations: The reduction in 

number of particles is desirable because the PF method is dependent on a large number of particles 

to accurately estimate the state of the object. The solution is that the number of particles, used to 

estimate the underline pdf, should be reduced in a way that avoids inducing imprecision and 

complexity while approximating the posterior. The solution comes in the form of a technique that 

pulls the particles closer around the measurement in the vicinity of the neighborhood. This is 

performed through embedding an MS optimization procedure into the particle validation process 

of the PF method. This essentially pulls the particles towards their local modes that are closer to 

the true state of the object. Since now only a few particles are being made more relevant by moving 

them to their local modes through the use of MS, the need for a large number of particles have 

been waived off. And moreover the improvement of the proposed MS procedure that it only uses 

a fraction of samples, reduces the computational cost of the MSPF. The MS algorithm calculates 

the discrete pdfs of the target and candidates to minimize distance between them. This is an 

iterative task that conventionally takes 5 iterations on the average depending on the sequence. The 

proposed MS only takes 2.15 iterations on the average because it is initialized though the ranking 

module with features that are more discriminant of the target. Dropping 75% of the pixels and 

reducing the convergence iterations, saves enormous amount of computational load. 

ii. Weight Update: Other bottleneck that takes a significant amount of time is the weight 

update mechanism. In various real-life applications, since the weight-updating step of the filter is 

computationally more expensive, therefore the weight update step heavily constraints the accuracy 

and computational speed of the PF method. One way is to determine the weight of the particles by 
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using the likelihood values and since calculating the likelihood for a vast number of particles 

becomes a potential bottleneck, the reduction of particle using the improved version of the MS 

procedure has proven useful and efficient. A substantial amount of computational cost is saved by 

reducing the number of particles to just 30. 

iii. Resampling: One of a well-known problem with the original PF methods was the 

occurrence of degeneracy, which is the tendency of particles to attain zero weights after a few 

iterations. This problem of divergence is solved by introducing a re-sampling step, however, since 

it is a sequential component of the algorithm that requires to process all the particles jointly and 

hence prevents the PF algorithms to parallelize. That is why the re-sampling component has also 

been taken into the complexity cost analysis.    

iv. Random number generator: The complexity of random numbers generator are assumed 

to be 𝐶  because the built-in function of the Matlab has been used in the framework. The 

complexity of random number generator can be improved by storing in lookup Tables but since 

these Tables would be large, there is a possibility of reuse which would kill the purpose of 

randomness. Table 4.7 and Table 4.8 highlights the asymptotic and the computational analysis 

(number of multiplications, additions) respectively. And other miscellaneous operations are also 

recorded that though do not occur in loops but adds a significant amount of complexity to the 

proposed algorithms. 
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Table 4. 8: Asymptotic analysis of the proposed framework 

Tasks/operations Multiply Add Misc 

Feature space (𝑘 ∗ 𝑙)₣ (𝑘 ∗ 𝑙)₣ -  

Discrete pdf  -  2(𝑁 ∗ 𝑚)₣ -  

LOG of likelihood ratio -  -  
𝑚 ∗ ₣ 

Variance b/n bg and fg 8 ∗ 𝑚 ∗ ₣ 2 ∗ ₣ -  

Variance Ratio   2 ∗ ₣ ₣ 

Rand() function -  -  
30 ∗ 𝐶  

RGB representation 6 ∗ 𝑟 ∗ 𝑐 11 ∗ 𝑟 ∗ 𝑐 -  

Color histograms of candidates 120 ∗ 𝑁 ∗ 𝑁 ∗ 𝑁₣ ∗  𝐼  225 ∗ 𝑁 ∗ 𝑁 ∗ 𝑁₣ ∗ 𝐼  2𝐶 ∗ 𝑁 ∗ 𝑁 ∗ 𝑁₣ ∗ 𝐼  

Bhattacharyyaa evaluation 𝑁 ∗ 𝑁 ∗ 𝑁 *𝑁  𝑁 ∗ 𝑁 ∗ 𝑁 *𝑁  𝑁 ∗ 𝑁 ∗ 𝑁 *𝑁  

Likelihood calculation 2 ∗ 𝑁  𝑁  𝑁  

Weight update 𝑁  -  -  

Weight normalization -  𝑁  𝑁  

Part moments 100 + 170 𝑁  390 + 600 𝑁  -  

𝒩 𝒻𝒻 𝑁  𝑁 − 1 𝑁  

Resampling 5 ∗ 𝑁  8 ∗ 𝑁  -  
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Table 4. 9: Cost analysis of the proposed framework 

Tasks/operations Multiply Add Misc 

 

R
a

n
k

in
g

 M
o

d
u

le
 Feature space 180,000 180,000 -  

Discrete pdf   576,000 -  

LOG of likelihood ratio  -  800 

Variance b/n bg and fg 6400 100 -  

Variance ratio   100 50 

M
S

 E
m

b
e

d
d

e
d

 P
ar

ti
lc

e
 F

il
te

r 

M
S

 I
te

ra
ti

o
n

 RGB representation 663,552 1,216,512 -  

Rand () function  -  30 ∗ 𝐶  

Color histograms of candidates (pdf) 17,280,000 32,400,000 324,000 ∗ 𝐶  

Bhattacharyyaa evaluation 6480 6480 6480 

P
a

rt
ic

le
 F

il
te

r 
M

et
h

o
d

 Likelihood calculation 60 30 30 

Weight update 30 -  -  

Weight normalization  30 30 

Part moments 5200 18,390 -  

𝒩 𝒻𝒻 30 29 -  

Resampling 150 240 -  
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CHAPTER 5 

CONCLUSION AND FUTURE DIRECTION 

5.1 Conclusion 

This dissertation addressed the problem of an adaptive environment for selecting multiple features 

for robust object tracking. One of the major challenges facing the domain of object tracking are 

the constraints that these algorithms have to consider while tracking. Modern applications, i.e. 

analysis in sports, classification of videos over the social media, crowd control and analysis, and 

surveillance systems, require new tracking methods that are robust and can be applied in 

unconstraint scenarios of sudden changes effecting the background and object. The best object 

tracking algorithm should be able to track under all these constraints over long periods of time. 

This dissertation is an effort in this direction, to provide an adaptive multi-feature capability to the 

MSPF methodology and adapts to the required scenario.  

An on-line feature ranking module is developed based on the two-class variance ratio measure that 

is applied to the log likelihood data obtained from the foreground and background distributions. 

This ranking module is implemented on top of the MSPF methodology to give it an additional 

layer of extra capability that discriminates the object in the local context. This results in a system 

that selects features used for tracking and the model of object/background appearance evolve over 

time.  Consequently, this has increased the performance of the MSPF that now takes into account 

any rapid movement of the object that changes its background. 

This dissertation investigated an adaptive feature ranking framework implemented on top of the 

MSPF methodology, quite in contrast to traditional ways that are employed in the tracking domain. 
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Traditional tracking applications are implemented using a fixed set of feature space that is 

determined a-priori and that constraints the application spectrum. These approaches ignore the 

most important fact that it is the ability of the tracker to discriminate the object locally rather in 

the global perspective. As the literature review reveals this very important fact, this dissertation 

develops and presents an effective framework that continuously evaluates multi-feature space 

while tracking. Since the appearance of the target evolve over time, the features should evolve too 

in order to adjust to the conditions of the object and background around the object. A ranking 

module ranks the given pool of feature space based on maximizing the inter-class variance between 

the log likelihood value of the background and foreground distributions. High variance score 

signifies the chances for better target discrimination and thereby the top features are selected. 

Features are continuously evaluated to select a set of multi-features that are most suitable for the 

given instance of time in the video sequence. Consequently, the evolving dynamics of the 

background are taken into account while modeling the object. 

The likelihood corresponding to these features are continuously used to form new likelihood 

images that dynamically initializes the MS that reinforces the probabilistic  based PF method with 

a set of new particles that are closer to their local modes. The feature ranking and selection 

facilitates the tracker to use a set of most suitable features that eventually improves tracking 

performance. 

Second contribution of the dissertation the proposed novelty in the MS optimization procedure. 

The MS method is an iterative-based gradient decent algorithm that is directly proportional to the 

number of particles of the PF. Since an MS is embedded into the PF method to herd a few particles 

to their local modes, applying it over each particle would require a large number of iteration to 

converge. And moreover the accuracy of the MSPF methodology is highly dependent on the 
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performance of the MS optimization procedure. And essentially to provide any layer of increased 

capability on top of the already strained MSPF methodology, the complexity of MS would have 

to be taken into account. The second major contribution of this dissertation was an improved 

version of the MS optimization procedure that is more efficient in terms of computational load 

without compromising on its accuracy. This improvement comes through an observation that MS 

only requires a fraction of random samples to track the object accurately without incurring 

significant error. This observation inspired experimentations that evaluated approximate distance 

measures to compute the similarity between the target and the candidate regions. And moreover, 

since the MS procedure is adaptively fed with features that are locally discriminative of the object, 

it also contributed to faster convergence of MS as compared to traditional MS methods that uses 

fixed set of features. Because now the likelihood images obtained from these features produces 

clear contrast between the target and its background surroundings. With this contrast the MS 

procedure tends to move faster towards local modes. The under-sampling technique adopted in 

this research improved the robustness of the MSPF methodology that runs in real-time unlike other 

methods in the hybrid tracking category that can only process a few frames per second.  

The accuracy and robustness of the proposed AMF-MSPF is tested on a number of sequences from 

challenging datasets. These sequences are known for their challenging constraints that makes the 

experimentation environment very difficult. The AMF-MSPF framework was found to provide 

improved tracking performance compared with other conventional methods based on hybrid object 

tracking methodology. The experimental results demonstrate successful visual tracking even under 

extreme intensity variations and full occlusion. The average F_SCORE, over all the video sets, of 

the AMF-MSPF is 0.92 as compared to 0.79 and 0.72 for TSHT and PFKBOT respectively. 
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5.2 Future Directions 

The world is continuously being shaped by the advancements in electronic process technologies 

which in turn have tremendously changed the equation of transistor capacities of the integrated 

circuits. This has accelerated the manufacturing industry to design wide spectrum of cameras based 

on visible and infrared wavelengths that can be merged to develop applications that fuse 

information from multiple sources. With this proliferation of technology, the presented adaptive 

multi-feature framework is not limited to object tracking, but a whole spectrum of applications are 

possible such as object detection, behavioral event analysis of surveillance video stream obtained 

from cameras installed on the high ways, public places and other surveillance cameras installed all 

around the cities. In light of this huge amount of data, researchers have at their disposal a huge 

feature space and object tracking algorithms that could utilize the proposed framework. Following 

are some of the areas that can further improve the AMF-MSPF framework: 

1. As the ranking module selects a predefined fixed area in the image for the object and the outer 

surrounding is considered its background. During occlusion, some part of the target is eclipsed and 

the background is falsely considered in the target portion. This could hinder the performance of 

the feature evaluation process. The likelihood of the two distributions with background falsely 

assume to be part of the target, which would affect the variance ratio. There is a need of devising 

background weighting mechanisms that either statistically estimates or deterministically weight 

the target to boast it in occlusions. And other criteria may also be experimented with to determine 

the discriminative-ness of the target under occlusion.  

2. As the ranking module is tied to the sampling step of the MSPF, it might not be powerful enough 

to provide better results under all scenarios. This assumption needs to be carefully studied and 
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there is a need to research on a more robust dynamic technique that defines certain criteria to 

trigger feature ranking module. 

3. Another research direction is to employ other features from a potentially large spatio-temporal 

space available. And evaluate the performance of these cues using the proposed AMF-MSPF 

framework. In order to take maximum benefit from the multi-features, an appealing research 

direction would be to investigate multi-fusion techniques that weight these features adaptively 

because one fusion technique may be good for one scenario but may not offer good results in other 

scenarios. Therefore, it is important that fusion techniques are learnt adaptively to combine/fuse 

multiple features according to the dictates of the given constraint. There is a need for an 

investigation into performance measures that signifies results under different fusion techniques. 

The extension of multi-feature framework to include multi-fusion that is evaluated through some 

performance measures is an open research field. 

4. The PF method is an elegant way of tracking object as an estimation of the posterior using 

samples from distribution that are not limited to linear and Gaussian nature. It has been merged 

with the MS, forming the MSPF, to waive off its reliance on a high number of particle count. While 

the primary goals have been met, however by moving the particle towards their local modes, the 

MS procedure tends to accelerate clustering of the particles more tightly. This gives rise to sample 

impoverishment, a process that tends to ignore particles with smaller weights during the 

resampling step. Though this issue has been partially addressed, the solutions however aggravate 

the computational complexity. Thereby, particle degeneracy and impoverishment problems 

remains a challenge regardless of the amount of attention they have attracted.
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