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ABSTRACT 
 

 

REALTIME COLOR BASED OBJECT TRACKING 

 
 

Özzaman, Gökhan 

M.Sc., Department of Electrical and Electronics Engineering 

Supervisor: Prof. Dr. İsmet Erkmen 

Co-Supervisor: Assoc. Prof. Dr. Gözde Bozdağı Akar 

 

April 2005, 137 pages 

 

 

A method for real time tracking of non-rigid arbitrary objects is proposed in 

this study. The approach builds on and extends work on multidimensional color 

histogram based target representation, which is enhanced by spatial masking with a 

monotonically decreasing kernel profile prior to back-projection. The masking 

suppresses the influence of the background pixels and induces a spatially smooth 

target model representation suitable for gradient-based optimization. The main idea 

behind this approach is that an increase in the number of quantized feature spaces 

used to generate the target probability distribution function during histogram back-

projection can lead to improved target localization.  

Target localization is performed using the recursive Mean shift procedure, 

which climbs the underlying density gradients of the discrete data to find the mode 

(peak) of the distribution. 

Finally, the real time test cases, such as occlusion, target scale and 

orientation changes, varying illumination and background clutter, are demonstrated.  

Keywords: object tracking, multidimensional color histogram, histogram 

back-projection, Mean Shift 
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ÖZ 
 

 

GERÇEK ZAMANLI RENGE DAYALI NESNE İZLEME 

 
 

Özzaman, Gökhan 

Yüksek lisans, Elektrik Elektronik Mühendisliği Bölümü 

Tez Yöneticisi: Prof. Dr. İsmet Erkmen 

Ortak Tez Yöneticisi: Doç. Dr. Gözde Bozdağı Akar 

 

Nisan 2005, 137 pages 

 

 

Bu çalışmada katı olmayan keyfi nesneleri izlemek için bir yöntem 

önerilmiştir. Yaklaşım, çok boyutlu renk histogramlarını kullanarak oluşturulan 

hedef modelinin, geri izdüşüm öncesi tekdüze azalan bir çekirdek profili ile uzamsal 

maskelenerek geliştirilmesi üzerine kurulmuş ve genişletilmiştir. Maskeleme, 

artalan görüntü öğelerinin etkisini bastırarak, gradyan tabanlı eniyilemeye uygun 

uzamsal düz hedef model gösterimini teşvik eder. Bu yaklaşımın arkasındaki 

anafikir histogram geri izdüşüm esnasında, hedef olasılık dağılım fonksiyonunun 

oluşturulmasında kullanılan nicemlenmiş öznitelik uzaylarının sayısındaki artışın, 

iyileştirilmiş hedef yerinin belirlemesine öncülük edebileceğidir. 

Hedef yeri belirlenmesi, ayrık verinin temelinde olan yoğunluk 

gradyanlarını tırmanarak dağılımın doruğunu bulan özyineli ortalama kaydırma 

yordamı kullanılarak gerçekleştirilmiştir. 

Son olarak, örtme, hedef ölçek ve yönelim değişimleri, değişen aydınlatma 

ve artalan parazit yansıma gibi gerçek zamanlı sınama durumları gösterilmiştir. 

Anahtar Kelimeler: nesne izleme, çok boyutlu renk histogramı, histogram 

geri izdüşüm, ortalama kaydırma 
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CHAPTER 1 
 

1INTRODUCTION 

 

 

 

1.1 MOTIVATION 

A variety of problems of current interest in computer vision require the 

ability to track moving objects in real time for purposes such as surveillance, video 

conferencing, robot navigation, etc. The fundamental challenges that drive much of 

the research in this field are the enormous data bandwidth implied by high-

resolution frames at high frame rates, and the desire for real-time interactive 

performance. 

Target tracking is an essential requirement for surveillance systems 

employing one or more sensor, together with computer subsystems, to interpret the 

environment. Typical sensor systems include infrared (IR) detectors, radar and 

sonar report measurements from diverse sources such as targets of interest, with 

background noise sources such as clutter and internal error sources, thermal noise 

etc. The objective of the target tracking system is to collect sensor data from a field 

of view (FOV) containing one or more potential targets of interest and then partition 

the sensor data into set of observations, or tracks, that are produced by the same 

sources. Once tracks are formed and confirmed (so that background and other false 

targets are reduced), the number of targets can be estimated and quantities, such as 

target velocity, future predicted position, and target classification characteristics, 

can be computed for each track. 

A large variety of tracking techniques and algorithms have been reported in 

the literature, but most tracking algorithms rely on one of three low level image 

processing techniques: edge extraction, variations on region based correlation, or 

segmentation techniques often referred to as “blob” tracking. Although edge based 

 1



and region based techniques are generally more accurate and robust than 

segmentation based techniques, they also incur a much higher computational cost, 

yet even these simpler algorithms are too computationally complex (and therefore 

slower at any given CPU speed) due to their use of color correlation, blob and 

region growing, Kalman filter smoothing and prediction, and contour 

considerations. The complexity of the these algorithms derives from their attempts 

to deal with irregular object motion due to perspective (near objects to the camera 

seem to move faster than distal objects); image noise; distracters, such as other 

similar objects in the scene; occlusion by other objects; and lighting variations. 

Conversely, blob tracking is computationally efficient and practical, particularly as 

standard desktop processors have become more powerful. The notion of blobs as a 

representation for image features has a long history in computer vision and has had 

many different mathematical definitions. It may be a compact set of pixels that 

share a visual property that is not shared by the surrounding pixels. This property 

could be color, texture, brightness, motion, shading, a combination of these, or any 

other salient spatio-temporal property derived from the signal.   

The difficult problem in visual tracking is performing fast and reliable 

matching of the target from frame to frame. Generally the environment in real time 

surveillance systems is composed of intensity variant multi-textured scenes and 

there are lots of distracters around the object to be detected, the main issue has to be 

to discriminate the object from the surrounding as accurate as possible. Most of the 

algorithms attempt to segment the entire static image; a high priority is placed on 

finding accurate borders for color regions in order to provide useful information for 

subsequent stages of processing. However, real time considerations limit the 

complexity of computation that can be performed on each newly acquired image. 

The motivation behind this work is to use multiple features gathered from scene 

statistics to generate the target probability distribution function in order to exactly 

localize the object. The approach has to be fast and accurate to be used in a real 

time system. 
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1.2 OBJECTIVE AND GOALS 

The objective of this thesis is to develop a robust, reliable visual tracking 

system, which is capable of tracking an object in a complex environments and able 

to overcome occlusion problems as well as abrupt changes in its trajectory. 

Furthermore target initialization is done automatically by object detection using the 

geometric shape of the object. Together with object detection, automatic 

initialization will be combined with tracking to form a visual tracking system. 

1.3 USED METHODOLOGY 

The tracking approach is based on a robust technique for climbing density 

gradients frame to frame to find the peak of the probability distributions of the 

target visual features. Mean shift algorithm, which is a robust, nonparametric 

technique, is continuously adapted for each frame. Prior to tracking, target 

localization is carried out using multiple quantized feature spaces obtained from 

scene statistics. The principle issue in this method is to perform an accurate 

segmentation of a set of candidate pixels into those that belong to the target and 

those that not. In order to track an object in a sequence of video, the object’s image 

data has to be represented by a probability distribution function. High priority is 

placed on finding accurate borders for color regions in order to provide useful 

information for subsequent stages of processing. Image data represented in RGB 

(red, green, blue) format is converted into HSV (hue, saturation, intensity) 

representation. Main reason for this format conversion is to exploit the advantage of 

distinguishing the objects, which have similar RGB pixel values. Color histograms 

obtained from intensity, saturation and hue values are used to create a desired model 

of the target object. Considering the dependency of the target object to multi-

textured background, the 3-D histogram of the target is weighted by a 

monotonically decreasing kernel profile prior to back-projection.  

It has been observed that an increase in the number of quantized feature 

spaces used to generate the target probability distribution function during histogram 

back-projection can lead to improved target localization where no assumptions have 

been made about the target to be tracked. 
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Target selection, namely track gate initialization, is done in three ways. The 

first one is the manual assignment. Target is selected by mouse selection and track 

gate is assigned over the selection. The second method is the object detection. 

Object detection is done by analyzing the geometric shape of the object using edge 

detection and contour processing techniques. Polygon approximation and curve 

fitting methods are applied to found contours to evaluate the shape of the object. 

Target is selected from the found objects list. The last track gate assignment method 

is the dynamic initialization based on selecting the object with desired shape that is 

mobile in the scene. 

1.4 CONTRIBUTION 

The tracking system develop in this thesis work mainly contributes to 

handling of occlusion problems caused by linear variations in the trajectory and as 

well as abrupt changes in fully occluded cases. The method proposed here is based 

on registering the motion properties of the scene and then segmenting the motion 

into separately moving parts. The method is fast and efficient to overcome the fully 

occluded cases. 

Object selection is another contribution of this thesis in target initialization 

phase. Object detection based track gate assignment is done either statically by 

extracting the features of the objects or dynamically by marking the desired moving 

object. 

1.5 THESIS OVERVIEW 

The thesis chapters are organized as follows; Chapter 2 is devoted to 

fundamental image processing techniques necessary for preprocessing of the scene 

and target representation.  

In Chapter 3, the kernel based tracking system is developed and the 

implementation details are given. Object detection method is outlined and track gate 

assignment is covered. 

Chapter 4 covers the simulation and results obtained from real time test 

cases. 
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In Chapter 5, a comparative study is given between the existing systems 

regarding the performance analysis of the approach of this study. 

Chapter 6 is the summary, conclusion, and possible future work after this 

study. 
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CHAPTER 2 
 

LITERATURE SURVEY: 

2COLOR BASED APPROACHES IN VISUAL TRACKING 

 

 

 

Equation Chapter 2 Section 2 

2.1 INTRODUCTION 

In the literature, there are alternative methods for detection of the targets in 

the image plane with varying complexity and advantages. For detection and 

tracking there has been many heuristic and pattern-recognition based strategies 

proposed for achieving robust and accurate solution. Among feature-based object 

detection methods, the ones using color as a detection cue, have gained strong 

popularity [1,2,3,4,5,6].  

Color has been widely used in machine-based vision systems for tasks such 

as image segmentation, object recognition and tracking. It offers several significant 

advantages over geometric cues and gray scale intensity such as computational 

simplicity, robustness under partial occlusion, rotation in depth, scale changes and 

resolution changes. Although color based object segmentation methods [7] proved 

to be efficient in a variety of vision applications, there are several problems 

associated with these methods, of which color constancy is one of the most 

important. A few factors that contribute to this problem include illumination 

changes, shadows and highlights, inter-reflection with other objects, and camera 

characteristics. Also, speed of segmentation may become an issue in real-time 

applications where use of computationally expensive operations during the 

segmentation process may be restrictive. The problem therefore is how to represent 

the object color robustly and efficiently, and provide means for a high-speed 

segmentation. 
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Feature space analysis is a widely used tool for solving low-level image 

understanding tasks. Given an image, feature vectors are extracted from local 

neighborhoods and mapped into the space spanned by their components. Significant 

features in the image then correspond to high-density regions in this space. Feature 

space analysis is the procedure of recovering the centers of the high-density regions, 

i.e., the representations of the significant image features. Histogram based 

techniques, Hough transform are examples of the approach.  

The aim of this chapter is to present tracking algorithms based on color 

histogram mapping and color image segmentation that gained popularity in the field 

of visual tracking. The techniques will briefly be described for comprehensiveness. 

The advantages and shortcomings will also be stated in this chapter.  

2.2 COLOR MODELS 

Digital color images consist of color pixels, each of which is associated with 

a color feature vector. Color pixels usually contain Red, Green and Blue values 

each measured in 8 bits. A color model is a method for explaining the properties or 

behavior of color within some particular context [33]. The purpose of a color model 

is to allow convenient specification of colors within some color gamut, where the 

color gamut is a subset of all visible chromaticity [34]. 

2.2.1 RGB COLOR MODEL 

The RGB (Red, Green, Blue) color model uses a Cartesian coordinate 

system and forms a unit cube shown in Figure 1. 

 

Figure 1 RGB Color Cube 
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The dotted main diagonal of the cube, with equal amounts of Red, Green 

and Blue, represents the gray levels. This diagonal is further referred to as the gray 

diagonal. The RGB color model is hardware oriented and is used in many image 

capturing, processing and rendering devices. 

2.2.2 HSV COLOR MODEL 

The HSV (Hue, Saturation, Value) color model suggested by A. Smith [35] 

is user oriented and is based on the intuitive appeal of the artist's tint, shade, and 

tone. The subspace within which the model is defined is a hexcone as shown in 

Figure 2.  

Figure 2 HSV Color S
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hexcone. The point , 0S = 1V =  is white. When 0S = , H is irrelevant and is 

undefined. There is a geometrical correspondence between the HSV and the RGB 

color models. The top of the HSV hexcone corresponds to the surface seen by 

looking along the gray diagonal of the RGB color cube from white toward black as 

shown in Figure 2-1. The RGB cube has subcubes as shown in Figure 2-2. Each 

subcube when viewed along its gray diagonal appears like a hexcone. Each plane of 

constant V in HSV space corresponds to such a view of a subcube in the RGB 

space. In other words, the top surface of the RGB subcube orthogonal projected 

along the gray diagonal onto a plane becomes a plane of a constant V in the HSV 

hexcone. 

2.3 COLOR IMAGE SEGMENTATION 

Based on the color model used in a real time system, there are different 

approaches to the problem of target representation and localization in visual 

tracking of non-rigid objects. 

One way of interpreting an image is to group and assign pixels to a region 

due to some criterion. This partitioning of the image into different regions is called 

segmentation [8]. Formally, segmentation can be defined as a method to partition an 

image into subimages called regions of common characteristics such that each 

subimage is an object candidate. The output of the segmentation process is a binary 

image. 

The core of color-based tracking is color-based segmentation. The most 

appreciated methods in the literature are thresholding and region growing 

algorithms. 

2.3.1 THRESHOLDING METHODS 

Thresholding is one of the simplest and most commonly used image 

segmentation methods. Segmentation of a whole image can be performed by a 

single threshold value. This approach is known as global thresholding, which is 

performed by defining a brightness value as threshold, assigning the pixels having 

greater values than the selected one to the background (or foreground) and 
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assigning the other pixels to the foreground (or background). The thresholding 

process can be formulated as 

 ( ) ( )1 ,
,

0T

if I i j T
I i j

otherwise
≤⎧ ⎫⎪ ⎪= ⎨ ⎬

⎪ ⎪⎩ ⎭
 (2.1) 

( , )I i j : Intensity value of pixel with coordinate ( ),i j  in the original image 

( ,T )I i j : Intensity value of pixel with coordinate ( ),i j  in the thresholded 

image. 

T  : Threshold value for the intensity values. 

Instead of a single threshold value, an intensity range can be selected in 

similar way: 

 ( ) ( )1 ,
,

0
L

T

if T I i j T
I i j

otherwise
≤ ≤ H⎧ ⎫⎪ ⎪= ⎨ ⎬

⎪ ⎪⎩ ⎭
 (2.2) 

 

For segmentation by thresholding to be successful, some predicates must be 

satisfied. Uniform illumination should be provided, objects in the scene should be 

fairly flat, variance of gray levels within the foreground and the background should 

be low and there should be sufficient contrast between the foreground and the 

background. Otherwise, selection of a good threshold becomes difficult and 

segmentation of the image may not yield satisfactory results. 

The main problem in thresholding is to select a proper value for the 

threshold. It is possible to select a fix value manually and use it for all of the images 

that will be processed. On the other hand, some automatic thresholding methods are 

available and these methods select threshold value based on the image under 

consideration. In addition to manual thresholding, some automatic thresholding 

algorithms are implemented. These automatic thresholding algorithms are as follow: 

2.3.1.1 MODE METHOD 

If the objects (foreground) in an image have the same gray value and the 

background has a different gray value, then the histogram of the image will show 

two separate peaks. In the ideal case, there will be two spikes in the histogram and 

the threshold can be set to any value between the spikes (Figure 3). However in 
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practice, the two peaks are not well separated and peaks and valleys should be 

detected to select a threshold. Value corresponding to the valley can be selected as 

threshold (Figure 4). This method is known as mode method [8]. 
Co
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Figure 3 Histogram of an image in the ideal case 
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Figure 4 Histogram in practice and the threshold value 

2.3.1.2 ITERATIVE THRESHOLDING 

Iterative threshold selection is a method in which an initial guess for the 

threshold is made and then this guess is refined successively. The histogram of the 

image is not needed in this method. The initial guess is selected as the mean gray 

level of the input image. To refine the threshold value, the mean gray level for all 

pixels below the threshold is found and called , and the mean gray level of the 

pixels greater than or equal to the threshold is found and called . The new 

1T

2T

 11



threshold value is computed as[ ]1 2 / 2T T+ . The refinement of the threshold is 

repeated until no change in two successive threshold values is detected [8]. 

2.3.1.3 MOMENT PRESERVING METHOD 

The threshold value T is selected according to the following equations 

 ( )
1

0

1 l
i

i
g

m g h
n

−

=

= ∑ g  (2.3) 

where n is the total number of pixels, ( )h g  represents the histogram value 

at gray level g. 
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After 0p  is calculated, the threshold is selected according to p-tile method. 

In this method it is assumed that an object occupies %p  of an image, the threshold 

is selected as the highest gray level that allows at least %p  of the pixels to be 

mapped into the object. In this case p is equal to 0100 p . 

2.3.1.4 MINIMUM ERROR METHOD 

Threshold value is determined according to the following equations. 

 ( ){ }
T G

T ArgMin J T
∈

=  (2.8) 
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2.3.1.5 EDGE BASED THRESHOLDING 

The input image is first convolved by suitable masks to detect edge pixels. 

Different masks can be used for edge detection. Sobel operator is used for this 

algorithm (Equation (2.16) and (2.17)). The maximum intensity value of edge-

detected image is determined and this value is multiplied by a constant value, which 

can be any value between 0 and 1. Locations of the pixels whose intensity values 

are greater than the multiplication in the edge-detected image are determined and a 

histogram is obtained by using the intensity values of input image pixels at these 

locations. Once the histogram is obtained, the threshold value is determined by 

using the mode method. 

  (2.16) 
1 0 1
2 0 2
1 0 1

xG
−⎛ ⎞

⎜= −⎜
⎜ ⎟−⎝ ⎠
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⎟
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1 2 1
0 0 0
1 2 1

yG
⎛ ⎞
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 (2.17) 
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Sahoo [9] presented a survey of thresholding techniques. The significant part 

of the paper is devoted to global thresholding methods. Some adaptive and multi 

thresholding methods are also discussed in the paper. Moreover, the performance of 

several global thresholding techniques is evaluated. Similarly, Sankur and Sezgin 

[10] conducted a survey of image thresholding methods and summarized 44 

different methods. These methods are categorized into six groups according to the 

information they are exploiting. These categories are summarized in Table 1

Table 1 Image Thresholding Methods 

CATEGORY METHOD 

Histogram Shape Based Thresholding based on the shape 

properties of the histogram. 

Clustering Based Gray level data is subjected to a 

clustering analysis with the number of 

clusters assigned to two and the gray 

level distribution is considered as a 

mixture of two Gaussian distributions, 

representing the background and the 

foreground. 

Entropy Based Threshold is determined by using 

the entropy of the gray level distribution 

in the image. 

Object Attribute Based Threshold is selected based on 

some similarity measure between the 

original image and its binary image. 

Spatial Based Spatial distribution information 

of foreground and background pixels is 

employed. 

Local Methods Threshold is selected for each 

pixel by local area processing using 

local statistics 
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2.3.2 REGION GROWING 

Thresholding algorithms do not use geometrical proximity information, 

which is important in image segmentation. Pixels lying in the same neighborhood 

tend to have similar statistical properties and belong in the same region. Therefore, 

segmentation algorithms must incorporate both proximity and homogeneity. 

One approach is to start with seed regions and grow these regions, which is 

known as region growing. The inputs of a region-growing algorithm are the image 

to be segmented and a second image containing the seed regions. For each border 

pixel, its neighborhood pixels are checked whether any of the neighborhood pixels 

can be merged with the region which border pixel belongs to. If the difference 

between intensity value of the neighbor pixel and the mean value of the region is 

below a selected threshold value, the pixel is assigned to that region. The mean 

value of a region is simply calculated by summing the intensity values of the pixels 

belonging to that region and dividing this summation with the number of pixels. 

Before applying region growing, a thresholding algorithm must be applied to 

obtain a binary image. This binary image is labeled to get an image containing the 

seed regions. 

2.4 REPRESENTATIONS OF COLOR DISTRIBUTION 

According to the representations of color distribution, current color-based 

tracking approaches can be classified into two general categories: nonparametric 

[17], [18] and parametric [26], [30].  

Parametric approaches model color densities in parametric forms such as the 

Gaussian model or the Gaussian mixture model [26], [30]. Let x be the color feature 

vector for each pixel. The color distribution of an image can be represented by a 

mixture density: 

 
1

( | ) ( | ; ) ( )
c

j
p x p x O j j pθ

=

Θ =∑ O j  (2.18) 

Where and where ∑
=

=
c

j
Ojp

1
1)( ( | ; )p x Oj jθ  is the conditional density for a 

pixel belonging to an object in the image, and it has beenOj );|( jOjxp θ  
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parameterized by jθ , and },,1,{ Cjj …==Θ θ . This conditional density can also 

be modeled by Gaussian mixtures: 

 
1

( | ; ) ( | ; ) ( )
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k
p x Oj j p x ck jk p ckθ θ

=

=∑  (2.19) 

Where and where ∑
=

=
T

k
kcp

1
1)( );|( jkkcxp θ  is the conditional density for a pixel 

belonging to a color component of the object in the image. Each mixture component 

can be modeled by a Gaussian model with mean kµ and covariance matrix . ∑k

This parametric approach makes use of parametric color models based on 

the Gaussian model or the Gaussian mixture model [26]. A difficulty is that there 

would not be enough prior knowledge to determine the number of components of 

the mixture density in advance. 

Pentland and Azarbayejani [30] developed a parametric approach to segment 

the images in complex scenes by extracting the features obtained from the inherent 

regions. In their method, feature vectors at each pixel location are formed by adding 

spatial coordinates to textural components of the imagery. These feature vectors are 

then clustered to so that image properties such as color and textural similarity 

combine to form coherent connected components, in which all the pixels have the 

similar image properties. In their model these 2-D regions are represented by low 

order statistics. Clusters of 2-D points have 2-D spatial means and covariance 

matrices, which are denoted by µ  and . The connected component has spatial 

statistics described in terms of second order properties, which is interpreted as a 

Gaussian model for computational convenience. 

K
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 (2.20) 

In addition to Gaussian interpretation, a pixel-by-pixel support map also 

calculated showing the actual occupancy. The support map for connected 

component is: k
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The aggregate support map ( ),s x y over all the connected components 

represents the segmentation of the image into spatio-color classes. In the 

initialization step of the model formation they are using a still image from which a 

person model is created as stated above. To predict the appearance of the person in 

the new frame; starting from the initial state of the model, a likelihood measure is 

calculated for each pixel if it is a member of the connected component. These pixel-

by-pixel likelihood functions are then resolved into support map and update the 

statistical models of all connected components. This representation can handle the 

global aspects of the shape and can be augmented with higher order statistics to 

attain more detail if the data supports it. The limitations of this method are; it 

expects the background to be significantly less dynamic than the object moving in 

the foreground. Another exception is; it cannot compensate for large, sudden 

changes in the scene. 

Y. Raja, S.J. McKenna and S. Gong [26] described a parametric approach 

for dynamic scene segmentation using Gaussian mixture models for color density 

estimation. In this approach a number of Gaussian functions are taken as an 

approximation to a multi-model distribution in color space and conditional 

probabilities are then computed for color pixels. The use of color mixture models in 

dynamic scenes is not without its difficulties. A common problem associated with 

density based modeling of the statistical data involves the selection of the number 

of parameters for a model, which is also known as model order selection problem. 

In this method it involves the selection of the number of the Gaussian components. 

The Gaussian mixture model formulation can be summarized as follows; let the 

conditional density for a pixel ζ  belonging to a multi-colored object be a 

mixture with component densities: 

Ο

Μ

 ( ) ( ) (
1

| |
M

j
)p p j P jζ ζ

=

=∑Ο  (2.22) 
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where a mixing parameter ( )P j corresponds to the prior probability that 

pixel ζ was generated by component j and where . Each mixture 

component is a Gaussian with mean µ and covariance matrix Σ, i.e. in the case of a 

2D color space:  

( )
1

1
M

j
P j

=

=∑

 ( ) ( ) (11
2

1
2

1| exp
2 | |

T )j jj

j

p j
ζ µ ζ

ζ
π

−
− − −∑=

∑

µ
 (2.23) 

Then, a constructive algorithm based on maximum-likelihood expectation-

maximization is used for training Gaussian mixture model. This algorithm selects 

an appropriate model order automatically.  The concept is applied to the generation 

of mixture models through an iterative scheme of splitting components and 

monitoring generalization ability. The available data set is partitioned into disjoint 

training and validation sets. A mixture model is initialized with a small number of 

components (typically one), and then model order is adapted iteratively by applying 

expectation maximization and splitting components. The likelihood for the 

validation set is computed after every iteration, and it is assumed that the optimal 

model order corresponds to the peak in this likelihood function over time. 

One of the nonparametric approaches is based on color histograms [1], [17], 

[18]. Since a color space is quantized by the structure of a histogram, this technique 

is confronted by the same difficulty as the nonparametric density estimation task, in 

which the level of quantization will affect the estimation. Generally, nonparametric 

approaches work effectively when the quantization level could be properly set and 

there are sufficient data available. However, how to select a good quantization level 

for color histograms is not trivial. Based on the color model used in the system, 

uniform quantization levels of 16x16x16 bins (e.g. 16 bins for each of the Hue, 

Saturation and Value components) could be used for reducing computational 

complexity. Although nonuniform quantization schemes would perform better than 

uniform quantization, they are much more complicated. 

Histogram-based segmentation approaches such as color predicate (CP) [18] 

work well when appropriately thresholding the histogram. One major advantage of 

the histogram representation is that the probability density function can be 
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evaluated trivially regardless of the complexity of the underlying distribution. 

Another advantage is histogram generality. The main disadvantage is that 

histograms in general are bad for representing sparse data, where only a fraction of 

the necessary samples is available. This can be dealt with via interpolation or 

Gaussian filtering of the histogram. 

There are many nonparametric approaches to calculate color probability 

distribution in a given image. Kernel based object tracking including adaptive scale 

and background – weighted histogram extension is described by Comaniciu [25] et 

al. (2003). In his work he described the feature z representing the color of the target 

model is assumed to have a density function , while the target candidate centered 

at location y has the feature distributed according to . The problem is then to 

find the discrete location y whose associated density is the most similar to the 

target density . Let 

zq

(y)pz

(y)pz

zq { } ni …1=
*
ix be the pixel locations of the target model, centered 

at . Define a function 0 { }mRb …1: 2 → , which associates to the pixel at location 

 the index  of the histogram bin corresponding to the color of that pixel. 

The probability of the color u  in the target model is derived by employing a convex 

and monotonic decreasing kernel profile k, which assigns a smaller weight to the 

locations that are farther from the center of the target. The weighting increases the 

robustness of the estimation, since the peripheral pixels are the least reliable, being 

often affected by occlusions (clutter) or background. The radius of the kernel profile 

is taken equal to one, by assuming that the generic coordinates and  are 

normalized with  and , respectively. Then it can be written: 

*
ix )b(x*

i

x y
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−=
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i
iiu uxbxkCq
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*2*
^

)||||( δ  

where δ is the Kronecker delta function. The normalization constant C  is 

derived by imposing the condition
^

1
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q

=
=∑ , from where: 
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since the summation of delta functions for mu …1=  is equal to one. Let 

be the pixel locations of the target candidate, centered at  in the current 

frame. Using the same kernel profile , but with radius , the probability of the 

color  in the target candidate is given by: 
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where  is the normalization constant. The radius of the kernel profile 

determines the number of pixels (i.e., the scale) of the target candidate. By 

imposing the condition that 

hC
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=∑  we obtain: 
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Note that  does not depend on . Since the pixel locations hC y ix  are 

organized in a regular lattice,  being one of the lattice nodes. Therefore,  can 

be precalculated for a given kernel and different values of . 

y hC

h

 

2.4.1 CLUSTER ANALYSIS 

Low-level computer vision tasks are misleadingly difficult. Incorrect results 

can be easily obtained since the employed techniques often rely upon the user 

correctly guessing the values for the tuning parameters. To improve performance, the 

execution of low-level tasks should be task driven, i.e., supported by independent high-

level information. This approach, however, requires that, first, the low-level stage 

provides a reliable enough representation of the input and that the feature extraction 

process be controlled only by very few tuning parameters corresponding to intuitive 

measures in the input domain. 

 20



Feature space-based analysis of images is a paradigm, which can achieve the 

above-stated goals. A feature space is a mapping of the input obtained through the 

processing of the data in small subsets at a time. For each subset, a parametric 

representation of the feature of interest is obtained and the result is mapped into a 

point in the multidimensional space of the parameter. After the entire input is 

processed, significant features correspond to denser regions in the feature space, i.e., to 

clusters, and the goal of the analysis is the delineation of these clusters. 

A description of what constitutes a cluster, which probably agrees closely 

with our intuitive understanding of the term [12] is given by considering entities as 

points in a p-dimensional space, with each of the p variables being represented by 

one of the axis of this space. The variable values for each entity define a p-

dimensional coordinate in this space. Clusters may now be described as continuous 

regions of this space containing a relatively high density of points, separated from 

other such regions by regions containing a relatively low density of points. This 

description matches the way we detect clusters visually in two or three-dimensional 

space. 

The main purpose of clustering data is to reduce the size and complexity of 

the data set and to identify classes of similar entities. Data reduction may be 

accomplished by replacing the coordinates of each point in a cluster with the 

coordinates of that cluster's reference point, or assigning a point to a particular 

cluster. Clustered data require considerably less storage space and can be 

manipulated more quickly than the original data. The value of a particular clustering 

method depends on the application and may, for example, reflect how closely the 

reference points represent the data, or, how closely clusters represent specific 

shapes or volumes. An important factor also is the speed of the clustering algorithm. 

The nature of the feature space is application dependent. The subsets 

employed in the mapping can range from parametric representations for example 

Gaussian mixture model as in color distribution representation of an image, to a 

spatial gradient representation in Laplacian edge detection. Both the advantage and 

the disadvantage of the feature space paradigm arise from the global nature of the 

derived representation of the input. On one hand, all the evidence for the presence of 

a significant feature is pooled together, providing excellent tolerance to a noise level, 
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which may render local decisions unreliable. On the other hand, features with lesser 

support in the feature space may not be detected in spite of being salient for the task 

to be executed. This disadvantage, however, can be largely avoided by either 

augmenting the feature space with additional (spatial) parameters from the input 

domain or by robust post processing of the input domain guided by the results of the 

feature space analysis. 

Analysis of the feature space is application independent. While there are a 

plethora of published clustering techniques, most of them are not adequate to analyze 

feature spaces derived from real data. Methods, which rely upon a priori knowledge 

of the number of clusters present (including those which use optimization of a 

global criterion to find this number), as well as methods which implicitly assume the 

same shape (most often elliptical) for all the clusters in the space, are not able to 

handle the complexity of a real feature space [11, Section 8]. 

The fundamentals of cluster analysis, as well as a good review of classical 

clustering techniques, are given by B. Everitt [12], R.O. Dabes et. al. [13], and J. 

Hartigan [14]. L. Kaufman and P. Rousseeuw [16] provide detailed programming 

examples of six common clustering methods. An interesting, simple, efficient 

clustering algorithm called a "greedy algorithm" was proposed by T. Gonzales [15] 

and later improved by T. Feder and D. Greene [19]. Further development of this 

method may be found in the work by P. Agarwal and C. Procopiuc [20]. Another 

simple and efficient algorithm for clustering data, an extremely popular "k-means" 

algorithm, was conceptually described by S.P. Lloyd [21]. Many papers [22, 23, 31, 

32] suggest various improvements to the "k-means " algorithm, mostly based on the 

use of the random sub-sampling of the data sets at various stages of the algorithm. 

K. Fu and R. Gonzalez [24] suggested a split-and-merge algorithm to cluster areas 

using a decreasing resolution technique. A 2D version of this algorithm, also know 

as a quad-tree algorithm, is described by R. Gonzalez and R. Woods [27]. 

Clustering techniques can be classified into following classes (Table 2) 

 

 22



Table 2 Clustering Techniques 

CLASS NAME METHOD 

Hierarchical Techniques The clusters themselves are 

classified into groups, the process being 

repeated at different levels to form a 

tree. 

Optimization Partitioning 

Techniques 

The clusters are formed by 

optimization of a "clustering criterion". 

The clusters are mutually exclusive, thus 

forming a partition of the set of entities. 

Density Mode Seeking 

Techniques 

The clusters are formed by 

searching for regions containing a 

relatively dense concentration of 

entities. 

 

The most popular hierarchical methods used in the literature are k-means 

and greedy algorithms. 

2.4.2 K-MEANS ALGORITHM 

Given  a set of  points and  the number of clusters, the algorithm S N K

Chooses  reference points (e.g., at random) from . Each reference point K S

iR  defines a cluster  iC

Then data points are partitioned into  clusters. Point K p  of  becomes a 

member of cluster if 

S

iC p  is closer in the underlying metric (e.g., the Euclidian 

distance) to iR  the reference point of  than to any other reference point. Closer 

means , where 

iC

(min ,id R p) ( ),id R p  is a distance between point iR  of R  and 

point p  of  in the underlying metric. S

The centroid for each cluster is calculated and the centroid becomes a 

reference point of its cluster. 

During successive iterations, the centroids of each cluster are adjusted. 

 23



During the iterations, the algorithm goes through all data points and 

determines if for point p  in cluster , the centroid of  is the nearest reference 

point. If so, no adjustments are made and the algorithm proceeds to the next data 

point. However, if the centroid of cluster  becomes the reference point closest to 

the data point 

iC iC

jC

p , then p  is reassigned to cluster , the centroids of the loosing 

cluster  (minus point 

jC

iC p ) and the gaining cluster  (plus point jC p ) are 

recomputed, and the reference points of clusters  and  are moved to their new 

centroids. After each iteration, every one of the  reference points is a centroid, or 

mean, hence the name "k-means". The iterations proceed until, for all data points, 

no re-allocation of points from cluster to cluster is possible. 

iC jC

K

Finally, the distribution of points will correspond to the centroidal Voronoi 

configuration, where each data point is closer to the reference point of its cluster 

than to any other reference point, and each reference point is the centroid of its 

cluster. 

The algorithm is similar to the fitting routine, which begins with an initial 

guess for each fitted parameter and then optimizes their values. The algorithm runs 

in  time. ( *O N K )
The "k-means" algorithm does not guarantee the best possible partitioning, 

or finding the global minimum in terms of the error measure, but only provides a 

local minimum. However, the improvement of the partitioning and the convergence 

of the error measure to a local minimum are often quite fast, even when the initial 

reference points are badly chosen. 

2.4.3 GREEDY ALGORITHM 

Given  a set of  points and  the number of clusters, the algorithm 

chooses, in a greedy manner, a subset  of  consisting of  points that are 

farthest apart from each other and maintains for every point 

S N K

H S K

p  of (  the value 

, where  is a point of  and 

)|S H

( ) ( )min ,dist p d p q= q H ( ),d p q  is the distance 

between p  and q  in the underlying metric (e.g. the Euclidian distance). Each point 
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h  of  determines a cluster, denoted . A point H iC p  of ( )|S H  is assigned to 

cluster  if it is closer to  than to any other point in . Note:  is a subset 

of  but not ,  and 

iC ih H ( |S H )

S H s p  are points of , h  is a point of . S H

 

The clustering techniques stated in Table 2 have different shortcomings 

related with the feature space used in the application. It should be noted that all 

available clustering methods have their specific problems with regards to clustering 

image pixels. For instance, the split-and-merge algorithm is sensitive to image noise 

and both "greedy" and "k-means" assume that k, the number of clusters, is given 

prior to clustering, and that clusters have a hyper-spherical shape. 

In general these methods have not performed satisfactorily for image data 

due to their reliance on an a priori parametric structure of the data segment, and/or 

estimates of the number of segments expected. 

To summarize shortly; hierarchical techniques either aggregate or divide the 

data based on some proximity measure. The disadvantage is since they contain no 

provision for reallocation of entities, which may have, been poorly classified at an 

early stage in the analysis. The hierarchical methods tend to be computationally 

expensive and the definition of a meaningful stopping criterion for the fusion 

(or division) of the data is not straightforward. 

Optimization techniques, which seek to optimize some criterion, have a 

problem of finding a sub-optimal solution instead of a global solution. This is 

known as a local optima problem. Most optimization techniques also presume that 

the number of clusters is either known or given prior to clustering. 

Arbitrarily structured feature spaces can be analyzed only by nonparametric 

methods since these methods do not have embedded assumptions. Nonparametric 

approaches have been successfully applied in density mode seeking techniques. The 

rationale behind the density estimation-based non-parametric clustering approach 

is that the feature space can be regarded as the empirical probability density 

function (pdf) of the represented parameter. Dense regions in the feature space thus 

correspond to local maxima of the pdf, that is, to the modes of the unknown 
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density. Once the location of a mode is determined, the cluster associated with 

it is delineated based on the local structure of the feature space. 

As a general nonparametric density estimator, mean shift is an old pattern 

recognition procedure proposed in 1975 by Fukunaga and Hostetler [28], and it is 

largely forgotten until Cheng’s paper [29] rekindled interest in it. Its efficacy on 

low-level vision tasks such as segmentation and tracking has been extensively 

exploited recently. 

2.4.4 THE MEAN SHIFT PROCEDURE 

Assume, for the moment, that the probability density function of the 

p-dimensional feature vectors is unimodal. This condition is for sake of clarity 

only, later will be removed. A sphere  of radius r , centered on  contains the 

feature vectors 

( )xp

x

xS x

y  such that || y x|| r− ≤ . The expected value of the vector 

z y x= − , given and  is  x xS
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If  is sufficiently small it can be approximated as xS

 ( ) ( ) .
x xxy x p

S Sp S p V where V c r∈ = =  (2.28) 

is the volume of the sphere. The first order approximation of ( )yp  is 

 ( ) ( ) ( ) ( )y x Tp p y x p= + − ∇ x  (2.29) 

where  is the gradient of the probability density function in . Then ( )xp∇ x
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since the first term vanishes. The value of the integral is 
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Thus, the mean shift vector, the vector of difference between the local mean 

and the center of the window, is proportional to the gradient of the probability 

density at . The proportionality factor is reciprocal to x ( )xp . This is beneficial 

when the highest density region of the probability density function is sought. Such 

region corresponds to large ( )xp  and small ( )xp∇ , i.e., to small mean shifts. On 

the other hand, low-density regions correspond to large mean shifts (amplified also 

by small ( )xp  values). The shifts are always in the direction of the probability 

density maximum, the mode. At the mode the mean shift is close to zero. This 

property can be exploited in a simple, adaptive steepest ascent algorithm. 

Mean Shift Algorithm 

i. Choose the radius r of the search window. 

ii. Choose the initial location of the window. 

iii. Compute the mean shift vector and translate the search window by 

that amount. 

iv. Repeat till convergence. 

 

To illustrate the ability of the mean shift algorithm, 200 data points were 

generated from two normal distributions, both having unit variance. The first 

hundred points belonged to a zero-mean distribution, the second hundred to a 

distribution having mean 3.5. The data is shown as a histogram in Figure 5. It 

should be emphasized that the feature space is processed as an ordered one-

dimensional sequence of points, i.e., it is continuous. The mean shift algorithm 

starts from the center of the shortest rectangular window containing half the data 

points. Since the data is bimodal with nearby modes, the mode estimator fails and 

returns a location in the trough. The starting point is marked by the cross (+) at the 

top of Figure 5

 27



 

Figure 5 Example of the Mean Shift Procedure 

In this synthetic data example no a priori information is available about the 

analysis window. In Table 3 the initial values and the final location, shown with a 

star (*) at the top of Figure 5, are given. 

 

Table 3 Evolution of the Mean Shift Procedure 

Initial Mode Initial Mean Final Mean 

1.5024 1.4149 0.1741 

 

The mean shift algorithm is the tool needed for feature space analysis. The 

unimodality condition can be relaxed by randomly choosing the initial location of 

the search window. The algorithm then converges to the closest high-density region. 

The outline of a general procedure is given below.  

Feature Space Analysis  

i. Map the image domain into the feature space. 

ii. Define an adequate number of search windows at random locations 

in the space. 

iii. Find the high-density region centers by applying the mean shift 

algorithm to each window. 
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iv. Validate the extracted centers with image domain constraints to 

provide the feature palette. 

v. Allocate, using image domain information, the entire feature vectors 

to the feature palette. 

The procedure is very general and applicable to any feature space. 
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CHAPTER 3 
 

3PROPOSED TRACKING SYSTEM 

 

 

 

3.1 SYSTEM CHARACTERIZATION AND ARCHITECTURE 

In this chapter the architecture of the implemented tracking system is 

presented. The major goal of the system is to track a moving object color 

distribution as defined by an adaptive color histogram in color space. The principal 

approach of the method is to is to perform an accurate segmentation of a set of 

candidate pixels into those that belong to the target and those that not. In order to 

track an object in a sequence of video, the object’s image data has to be represented 

by a probability distribution function. High priority is placed on finding accurate 

borders for color regions in order to provide useful information for subsequent 

stages of processing. The tracking is part of an iterative process, which recalculates 

the location of the object features in a sequence of images. Tracking is done by 

predicting the future parameters of the distribution and applying a warping on the 

distribution based on those predictions. The algorithm has three stages: 

initialization, histogram thresholding based segmentation and tracking. 

Occlusion handling is another aspect of the proposed tracking system. In this 

study this phenomena is handled by exploiting the motion properties of the target 

and dynamically changing background. Motion history of the environment is 

registered since the target is occluded. This motion history is then analyzed to get 

clues about the target new location. 

Target track gate initialization stage is done in three ways: 

i. Manual selection 

ii. Object detection and listing the features of found objects (Static 

Initialization) 
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iii. Object detection combined with mobility detection (Dynamic 

Initialization) 

Object detection is done by analyzing the structural properties of the scene 

using edge detection and contour processing techniques. 

The organization of the implementation steps will be as follows; section 

3.2.1 introduces how the probability distribution image is formed from the current 

frame using the color model used in the system. The section 3.2.2 covers the 

histogram back-projection of the probability distribution image for segmenting the 

potential targets of interest and improvements related to using multiple features to 

create a ratio histogram to handle the problems related with background. Section 

3.2.3 is devoted to clustering the set of data points in order to form the target 

connected component model. Section 3.3 covers motion analysis and develop the 

infrastructure to handle occlusion problems. Section 3.4 is the foundation of object 

detection process. It covers structural analysis to handle the shape of the object. 

Section 3.5 describes static and dynamic track gate assignment with procedural 

flowcharts for automatic initialization. 

3.2 CATCHING THE OBJECT TO BE TRACKED 

3.2.1 HISTOGRAM MODEL FORMATION 

To characterize the target to be tracked, first a feature space is chosen. In the 

development of this method the feature space used is the color of the scene and the 

reference target model is represented by its probability distribution function (pdf) in 

that space. The color pdf may be determined using any method that associates a 

pixel value with a probability that the given pixel belongs to the target. The pdf’s 

estimated from these discrete data densities should not impose too much 

computational overhead for real time applications. For this purpose m-bin 

histograms are exploited to estimate the discrete densities and to represent the pdf 

of the target model. 

The histogram is quantized into bins, which reduces the computational and 

space complexity and allows similar color values to be clustered together.  
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Let { } 1iX
i= …n

 defines the n normalized image pixel locations in the region 

defined as the target model and { }
1

^
q

u m=…

is the m-bin histogram. The function 

defined as { }2: 1c ℜ → …m  associates to the pixel at location iX  the histogram bin 

index ( i )Xc . The unweighted histogram is then computed as: 

Equation Chapter 3 Section 3 

 ( )
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iX
n

i
q cδ

=

u⎡ ⎤= −⎣ ⎦∑  (3.1) 

where δ  is the Kronecker delta function. 

The histogram bin values calculated above are scaled to be within the 

discrete pixel range of the 2-D probability distribution image as follows: 
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 (3.2) 

The interpretation of this scaling is to rescale the histogram bin values 

from to the new range [0,255]. The aim of this scale change is to map 

the pixels with the highest probability of being in the sample histogram, as visible 

intensities in the 2-D histogram back-projection image. 

0,max
^

uq⎡ ⎛ ⎞
⎜ ⎟⎢ ⎝ ⎠⎣ ⎦

Insert here the architecture of the system and color histograms obtained here. 

3.2.2 TARGET MODEL REPRESENTATIONS 

The target model used in section 3.2 is constructed by the image pixels in 

the selected region, if the initial selected region contains some pixels outside the 

object boundary, the 2-D probability distribution image will be influenced by their 

frequency in the histogram back-projection. In order to overcome this situation the 

target histogram model has to be weighted to increase the robustness of the density 

estimation since the peripheral pixels are the least reliable, being often affected by 

occlusions (clutter) or interference from the background. A weighted histogram 
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model is used to assign higher bias to pixels nearer to region center and smaller 

weights to pixels farther from the center. 

An isotropic convex, monotonically decreasing kernel profile  is used 

to generate the spatially weighted histogram used to model the target. 

( )k x

 ( )
1 , 1
0

k
x x

x
otherwise

− ≤⎧ ⎫
= ⎨ ⎬
⎩ ⎭

 (3.3) 

This profile assigns higher weight to pixels near the center of the normalized 

search window. 

The spatially weighted target histogram model is then computed as follows: 

 ( ) ( )2

1
|| ||

^

i iq k X δ X
n

i
c

=

u⎡ ⎤= −⎣ ⎦∑  (3.4) 

In the development stages, in a sequence of experiments it has been 

observed that if the target histogram contains a significant number of features that 

belong to the background image or neighboring objects, the target localization and 

scale cannot be accurately determined. 

The background information is important for at least two reasons. First, if 

some of the target features are also present in the background, their relevance for 

the localization of the target is diminished. Second, in many applications, it is 

difficult to exactly delineate the target, and its model might contain background 

features as well. At the same time, the improper use of the background information 

may affect the scale selection algorithm, making impossible to measure similarity 

across scales, hence, to determine the appropriate target scale. To come up with this 

problem a representation derived from the background features is exploited for 

selecting only the salient parts from the representations of the target model and 

target candidates. 

To achieve improved target localization an extended search window around 

the target is used. However the extent of this region is application dependent, in the 

implementation a region that is three times larger than the initial search window 

area is used. Within this new search window outside the normalized target location 

a ratio histogram is calculated with a kernel profile: 
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 (3.5) 

In this equation ‘a’ is a scaling factor and ‘h’ is the border of the new search 

window. In the experiments h is chosen to be 4 that means a background region that 

is three times as large as target region. In this region a histogram { }
1

^
O

u m= …

 is 

calculated using the equation (3.4) with a bandwidth h. 

The histogram bin values calculated for the outside region is scaled in 

similar concept as in equation (3.2). 
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where  is the smallest nonzero entry. 
^

*O

These calculated weights are only employed to define a transformation for 

the representations of the target model and the candidates. The transform diminishes 

the importance of those features, which have low , i.e., are prominent in the 

background. The new target model representation is then defined by: 

uw

  (3.7) ( ) ( )2
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3.2.3 TARGET LOCALIZATION 

The target model is constructed at the beginning either by a manual selection 

of a region of interest in the in the initial frame or automatic detection of the target 

by geometric contour processing. In this section the basis of target localization 

scheme will be presented and the automatic target detection phase will be derived in 

section 3.5. 

The target model represented in (3.7) is a spatially weighted, normalized 

histogram including the weights for the background suppression. This histogram is 

constructed from each dimension of the feature space within the region of interest 

(ROI) and the weights for background suppression are calculated in a window 

encapsulating the ROI. 
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The histogram is then back projected on the current frame to generate a 

probability image where the pixels with the highest probability of being in the target 

model histogram will map as visible intensities. 

Histogram back-projection is a primitive operation that associates the pixel 

values in the image with the value of the corresponding histogram bin. The back-

projection of the target histogram with any consecutive frame generates a 

probability image where the value of each pixel characterizes probability that the 

input pixel belongs to the histogram that was used. 

Histogram back projection is illustrated in Figure 6, the original image is 

shown in Figure 6 in which the toy bear is marked and the corresponding ROI is 

shown in Figure 7. 

 

Figure 6 Original Image 
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Figure 7 Region of Interest (ROI) 

Histogram back projection is carried over each dimension of the feature 

space. Figure 8, shows the result of the back projection image generated by the 

target model. 

 

 

Figure 8 Target Model Back Projection 

 

To find the location corresponding to the target in the current frame, the 

mean location (the target center) within the search window is calculated using the 

 36



moments of the 2-D discrete probability image. The moments are used to determine 

the scale and the orientation of the distribution [36]. 

Given the intensity, ( ),I x y , of the discrete probability image at ( ),x y  

within the search window. The zeroth moment is computed as: 

 ( )00 ,
x y

M I x y=∑∑  (3.8) 

The first moment is computed for x  and : y

 ( )10 ,
x y

M xI x y=∑∑  (3.9) 

 ( )01 ,
x y

M yI x y=∑∑  (3.10) 

The mean of the search window is then computed as 

 10 01

00 00

;c c
M Mx y
M M

= =  (3.11) 

The mean shift component of the algorithm is based on iteratively 

computing the center of the target ( ),c cx y  for the window position computed in the 

previous frame until there is no significant shift in the position. The zeroth moment 

can be considered as the distribution area found under the search window. The 

orientation of the major axis and the scale of the distribution are determined by 

finding an equivalent rectangle that has the same moments as those measured from 

the 2-D probability distribution image. During the mean shift iterations, the mean 

location of the search window is updated and then the area, namely the zeroth 

moment, is calculated for the next window size. 

The distribution size (the length and width) is calculated using the first two 

eigenvalues computed from the first and second moments found at the end of the 

mean shift iterations. First and second moments are defined as: 

 ( )2
20 ,

x y
M x I x y=∑∑  (3.12) 

 ( )2
02 ,

x y
M y I x y=∑∑  (3.13) 

 ( )11 ,
x y

M xyI x y=∑∑  (3.14) 

The intermediate variables , , and  a b c
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From these intermediate variables the orientation of the equivalent rectangle 

for the probability distribution image within the search window is: 

 11 tan
2

b
a c

θ − ⎛= ⎜
⎞
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 (3.18) 

The dimensions of the equivalent rectangle are given by 
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FLOWCHART OF THE TARGET LOCALIZATION 
 

The procedural flow chart of the method is represented below: 

i. Initial location of the region of the interest (ROI) is selected. 

ii. In the ROI the target model, { } 1u u m
q

= …
 is constructed  

iii. The target model is then back projected and a probability image is 

generated. 

{ } 2: 1b m highlights the pixels with intensity value
equal to the histogram bin index

→ℜ…
 

( ) ( )( ) { }1NEW i u iIntensity X b q Intensity X u mδ ⎡ ⎤= − ∈⎣ ⎦ …  

iv. The mean shift procedure based on the moment calculations is 

iterated to search for the mean (the center) of the probability image 

within the search window. 

v. The zeroth moment is stored to account for the area of the 

distribution. 

vi. Is the mean location found differs one pixel in either of the x and y 

from the one found in the previous iteration? 

vii. If “No” then go to Step iv 

viii. If “Yes” then stop go to next step 

ix. For the following frame, center the search window location found in 

Step iv and set the window size to a function of zeroth moment. 

x. Go to Step iii. 
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Figure 9 Basic Target Tracking Flowchart 
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3.3 MOTION ANALYSIS AND OCCLUSION HANDLING 

The tracked object undergoes screening by other objects in the environment 

in its course of run. These cases are called as “occlusion”, where sometimes a part 

of the target is uncovered, partial occlusion, and sometimes complete body is 

covered which is called as fully occluded case. In this section motion analysis will 

be used to derive a motion history model for the target model. The motion model 

will be segmented to separate the moving parts out of the frame. 

Motion
History
Analysis

Motion
Segmentation

Histogram
Matching

Input
Image

Tracked
Frame

 

Figure 10 Implementation Flowchart 

3.3.1 MOTION HISTORY IMAGE REPRESENTATION 

The motion history image, MHI, is a compact template representation of 

movement originally based on the layering of successive image motions. The basis 

of the representation is a temporal template, a static vector image where the vector 

value at each point is a function of the motion properties at the corresponding 

spatial location in an image sequence. 

Motion History Image (MHI) temporally layers consecutive image 

silhouettes (or motion properties) of a moving object into a single template form.In 

the MHI, each pixel value is defined as a function of the temporal history of 

position (or motion) at that point. The method focuses on accumulating and 

recognizing holistic “patterns of motion” rather than trajectories of structural 

features. The strength of the approach is the use of a compact, yet descriptive, real-

time representation capturing a sequence of motions in a single static image. 

The algorithm depends on generating silhouettes of the object of interest. In 

this study background subtraction method is selected for silhouette generation.  

Background subtraction involves comparing an observed image with an 

estimate of the image if it contained no objects of interest. The areas of the image 

plane where there is a significant difference between the observed and estimated 
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images indicate the location of the objects of interest. The name “background 

subtraction” comes from the simple technique of subtracting the observed image 

from the estimated image and thresholding the result to generate the objects of 

interest. 

Silhouette generation is done by frame differencing; calculating the distance 

in the intensity space between the current image kI  and the last image 1kI − as 

follows:  

 

 ( )( ) ( ) ( )1| , , |
,

0
k kmIncrement if I x y I x y Th

I x y
otherwise

ψ −− >⎧ ⎫⎪ ⎪= ⎨ ⎬
⎪ ⎪⎩ ⎭

 (3.21) 

 

where mIncrement corresponds to a factor of increment in the motion, and 

 corresponds to a motion threshold. hT

 

The background subtraction module selects foreground points at each time k 

by computing the distance, in the intensity space. 

 

The MHI is constructed by successively layering selected image regions 

over time (capturing the motion recency of pixels) using a simple update rule; 

replacement and duration operator based on time stamping. 
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τ δ
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 (3.22) 

 

Where, τ  is the current time stamp and δ is the maximum time duration 

constant (length of memory, typically a few seconds) associated with the template. 

Each pixel ( , )x y  in the MHI is marked with a current timestamp τ  if the 

function ψ  signals motion presence in the current video image ( , )I x y ; the 

remaining timestamps in the MHI are removed if they are older than the decay 
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valueτ δ− , this update function is called for every new video frame analyzed in the 

sequence. 

The use of time-stamps allows for a more consistent port of the system 

between platforms where speeds may differ. System time is consistent during 

processing where frame rate is not. Thus time is explicitly encoded in the motion 

template. The above update function is called each time a new image is received 

and the corresponding silhouette image is formed. By linearly re-normalizing the 

MHI time-stamp values to gray scale values (0-255), viewable image of the MHI 

can be generated.  

To illustrate the construction of an MHI, key frames from a sequence of arm 

movement and the corresponding (cumulative) MHIs are presented in Figure 11 

using a timestamp value of 2.5δ =  ms. 

 

 

 

 

Figure 11 MHI corresponding to key frames of arm movement sequence 
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For display purposes the timestamp pixel values in the templates are linearly 

mapped to gray level values 0–255. Here the brightness of a pixel corresponds to its 

recency in time (i.e., brighter pixels are the most current timestamps). Depending on 

the value chosen for the decay parameterδ , an MHI can encode a wide history of 

movement. 
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3.3.2 MOTION SEGMENTATION 

Representing an image as a single moving object often gives a very rough 

motion picture. The goal is to group MHI pixels into several groups, or connected 

regions, that correspond to parts of the scene that move in different directions.  

Then group (fill) the pixels whose values are close to each other. The pixel 

is considered to belong to the repainted domain if its value ( , )I x y  meets the 

following conditions: 

 ( )0 ,lw upv d I x y v d− ≤ ≤ +0  (3.23) 

where  is the value of the least one of the current pixel neighbors which 

already belongs to the repainted region.  and  are the lower and upper 

thresholds. 

0v

lwd upd

Using then a downward stepping flood fill to label motion regions connected 

to the current silhouette helps identify areas of motion directly attached to parts of 

the object of interest. 

Once MHI image is constructed, the most recent silhouette acquires the 

maximal values equal to the most recent timestamp in that image. The image is 

scanned until any of these values is found, then the silhouette’s contour is traced to 

find attached areas of motion, and searching for the maximal values continues. The 

algorithm for creating masks to segment motion region is as follows: 

i. Scan the MHI until a pixel of the most recent silhouette is 

found, namely the current timestamp. This is a boundary 

pixel of the most recent silhouette. Then flood fill to mark the 

region the pixel belongs to. (Figure 12(a)) 

ii. Walk around the boundary of the current silhouette region 

looking outside for unmarked motion history steps that are 

recent enough, that is, within the threshold. When a suitable 

step is found, mark it with a downward flood fill. If the size 

of the fill is not big enough, zero out the area. (Figure 12(b)) 

iii. Record locations of minimums within each down fill. 

Perform separate flood fills up from each detected location 

 45



Logical AND to combine each up fill with down fill it 

belonged to. (Figure 12(c)) 

iv. Store the detected segmented motion regions into the mask. 

(Figure 12(d)) 

v. Continue the boundary “walk” until the silhouette has been 

circumnavigated. 

vi. Go to step ii. 

 

Figure 12 Creating Motion Segment Mask 

In the algorithm above, “down fill” refers to flood fills that will fill (replace 

with a labeled value) pixels with the same value or pixels of a value one step 

(within threshold) lower than the current pixel being filled. The segmentation 

algorithm then relies on two parameters: (1) the maximum allowable downward 

step distance (e.g. how far back in time a past motion can be considered to be 

connected to the current silhouette); and (2) the minimum acceptable size of the 
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downward flood fill (else zero it out because the region is too small, motion “noise” 

region). 

Each step of the segmentation algorithm for creating masks is also shown in 

Figure 13, MHI is shown from flapping one’s arm. 

Figure 13 Motion Segment Mask  (a) MHI from flapping one’s arms. (b) Find current 

silhouette region; “walk” the boundary until a lower region outside within the threshold of the 

current region is found to down-fill; (c) Store the down fill area as a motion mask; Continue 

walking the boundary looking for areas to down fill until (d) the current silhouette region has 

been circumnavigated. 
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In Figure14 and Figure 15, the result of the motion segmentation applied to 

the arm movement and the ball sequence is shown. 

 

Figure 14 Motion Segmentation Example  Moving Hand Sequence  

First row is the current frame, second row MHI, third row motion segmentation mask, and 

fourth row is the marked motion connected component derived from motion segmentation 

mask. (Frames 158, 165, 175 respectively) 

Motion History Image duration 2 seconds, threshold for motion segmentation (how far back in 

time) is 0.5 seconds 
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Figure 15 Motion Segmentation Example  Ball Sequence 

First row is the current frame, second row MHI, third row motion segmentation mask, and 

fourth row is the marked motion connected component derived from motion segmentation 

mask. (Frames 50, 58, 88 respectively) 

Motion History Image duration 0.52 seconds, threshold for motion segmentation (how far back 

in time) is 0.1 seconds 
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Motion segmentation can be used to handle the occlusion problem. It 

extracts the motion information and generates connected component models by 

merging the pixels with their recency in time.  

The tracking system implemented in this study uses the histogram 

representation model as the basis to recognize the target. This representation is 

robust to scale and orientation changes in the tracked object but when the tracked 

object is occluded, the system loses the relation between the object and its 

histogram model. To come up with this problem, histogram model has to be re-

initialized or searched within the whole frame. Searching the whole frame is a time 

consuming process and computationally expensive, search window size should be 

made smaller. At this point, motion segmentation can be exploited to cluster the 

recent motion into connected components. Then searching the histogram model 

within these connected component regions will give a clue to handle the occlusion. 

In this study this idea is implemented and satisfying results are obtained 

when the object influences occlusion and changes its trajectory abruptly. 

The flowchart of the proposed method is given in Figure 16. 
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Figure 16 Flowchart of the Occlusion Handling Method 
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3.4 OBJECT DETECTION 

Automatic object detection is accomplished by extracting the features that 

constitutes the target. The methodology followed is based on computational 

geometry analysis that includes edge detection and contour processing. 

 

3.4.1 EDGE DETECTION 

Edges characterize the boundaries and is therefore a problem of fundamental 

importance in image processing and edge detection forms the first stage in a very 

large number of vision modules. 

Edges in images are areas with strong intensity contrasts, a jump in intensity 

from one pixel to the next. Edge detecting an image significantly reduces the 

amount of data and filters out useless information, while preserving the important 

structural properties in an image. 

The first criterion for the edge detector is the low error rate; edges should 

not be missed and there should be no response to non-edges. The second criterion is 

that the edge points should be well localized namely the distance between the edge 

pixels as found by the detector and the actual edge is to be at a minimum. A third 

criterion is to have only one response to a single edge. 

Based on these criteria, Canny edge detection algorithm is applied to each 

channel of the image with enhanced noise elimination. 

First of all the image is smoothed either by down scaling then up scaled 

using image pyramid representation or by Gaussian convolution. Then a simple 2-D 

first derivative operator is applied to the smoothed image to highlight regions of the 

image with high first spatial derivatives. Edges translate into ridges in the gradient 

magnitude image. The algorithm then tracks along the top of these ridges and sets to 

zero all pixels that are not actually on the ridge top so as to give a thin line in the 

output, a process known as non-maximal suppression. The gradient array is now 

further reduced by hysteresis. Hysteresis is used to track along the remaining pixels 

that have not been suppressed. Hysteresis uses two thresholds: T1 and T2 with 

T1>T2 and if the magnitude is below the first threshold, it is set to zero (made a 
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non-edge). If the magnitude is above the high threshold, it is made an edge, namely 

tracking can only begin at a point on a ridge higher than T1. Tracking then 

continues in both directions out from that point until the height of the ridge falls 

below T2. If the magnitude is between the 2 thresholds, then it is set to zero unless 

there is a path from this pixel to a pixel with a gradient above T2. 

 

Step 1: The first step is to filter out any noise in the original image before 

trying to locate and detect any edges. Gaussian smoothing can be performed using 

standard convolution methods once a suitable mask has been calculated. A 

convolution mask is usually much smaller than the actual image. As a result, the 

mask is slid over the image, manipulating a square of pixels at a time. The Gaussian 

mask used in the implementation is shown in Figure 17
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re 17 Gaussian Mask (Discrete approximation to Gaussian function with σ=1.4) 

 

Noise reduction is also performed with down scaling then up scaling with 

ge pyramid representation. The pyramid representation of a generic image I of 

 is defined as follows: xn n× y

Let 0I I= be the zeroth level image. This image is essentially the highest 

olution image (the raw image). The image width and height at that level are 

ined as and 0
xn n= x y

0
yn n= . The pyramid representation is then built in a 
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recursive fashion: compute 1I from 0I , and then compute 2I from 1I  and so on. Let 

be generic pyramidal level and let 1, 2L = … 1LI − be the image at level . Denote 

and 

1L −
1L

xn − 1L
yn −  the width and height of 1LI − . The image 1LI −  is then defined as 

follows: 

 

( ) ( )

( ) ( ) ( ) ( )

( ) ( ) ( ) (

1

1 1 1 1
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16

L L

L L L L
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I x y I x y

I x y I x y I x y I x y

I x y I x y I x y I x y

−
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− − − −

= +

⎡ ⎤− + + + − + + +⎣ ⎦

)⎡ ⎤− − + + + + − + + + +⎣ ⎦
 (3.24) 

 

For simplicity the in the notation define dummy image values one pixel 

around the image 1LI − (for 10 1L
xx n −≤ ≤ −  and 10 1L

yy n −≤ ≤ − ) 
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 (3.25) 

 

Then, equation (3.23) is only defined for values of x and such that 

and . Therefore the width and height of 

y
10 2 1L

xx n −≤ ≤ − 10 2 1L
yy n −≤ ≤ − L

xn L
yn

LI are the largest integers that satisfy the two conditions: 

 

1

1

1
2

1
2

L
L x
x

L
yL

y

nn

n
n

−

−

+
≤

+
≤

 (3.26) 

Equations (3.23), (3.24) and (3.25) are used to construct recursively the 

pyramidal representations of an image { }
0, ,

:
m

L

L L
I I

= …
. The value is the height of mL
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the pyramid. The practical values of are 2,3,4. For typical image sizes, it makes 

no sense to go above a level 4. for an image 

mL

I of size 720x576, the images 
1 2 3, ,I I I and 4I are of respective sizes 360x288, 180x144, 90x72 and 45x36.  

The central motivation behind pyramidal representation is to be able to 

handle large pixel motions. The pyramid height ( )mL should also be picked 

appropriately according to the maximum expected optical flow in the image. 

Equation (3.23) suggests that the lowpass filter 

1 1 1 1 1 1
4 2 4 4 2 4

T
x⎡ ⎤ ⎡

⎣ ⎦ ⎣
⎤
⎦ is used for image anti-aliasing so as to smooth 

the image. Given in Figure 18 below, the pyramidal representation of a sample 

image prior to edge detection. 

Step 2: After smoothing the image and eliminating the noise, the next step is 

to find the edge strength by taking the gradient of the image. The horizontal and 

vertical gradients are calculated using the differences between adjacent pixels, one 

way to find edges is to explicitly use a {-1, +1} operator. The Prewitt kernels are 

based on the idea of the central difference: 

 

 

( ) ( )

( ) ( )

1, 1,
2

, 1 , 1
2

I x y I x yI
x

I x y I x yI
y

+ − −∂
≈

∂
+ − −∂

≈
∂

 (3.27) 

 

This corresponds to the following convolution kernel: 

Horizontal kernel:  -1 0 1

 
-1

0 

1 

Vertical kernel: 

 

 

Step 3:Finding the edge direction is trivial once the gradient in the x and y 

directions are known. However there has to be a restriction set in the code whenever 

the gradient in the x direction is equal to zero. The edge direction has to be equal to 
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90 degrees or 0 degrees, depending on what the value of the gradient in the y-

direction is equal to. If the gradient in the y direction is equal to zero, the edge 

direction will equal 0 degrees, otherwise the edge direction will equal 90 degrees. 

 

 

 

Figure 18 Image Pyramidal Representations 
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For example at pixel ( ),P x y the values of the derivatives are dx and , 

then the direction of the gradient at that point can be approximated to one of the 

sectors showed in 

dy

Figure 19. 

 

Figure 19 Gradient Directions 

 

Once the direction of the gradient is known, the values of neighborhood 

pixels at the point under analysis are interpolated. The pixel that has no local 

maximum gradient magnitude is eliminated. The comparison is made between the 

actual pixel and its neighbors along the direction of the gradient. For example, if the 

direction of the gradient to be between 900 and 1350 then the magnitude of the 

gradient at  should be compared with the magnitude of the gradient at the 

point adjacent to  in the direction of the gradient as shown in 

( ,P x y)

)( ,P x y Figure 20.  
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Pa
ection Calculation 

e points and  are defined as follows: aP bP

1, 1 , 1 , 1 1, 1,
2 2

x y x y x y x y
a b

P P P P
P P− − − + + ++ +
= =  (3.28) 

ixel ( ),P x y is considered to be an edge, if and 

 conditions are not satisfied the center pixel is eliminated. The 

stage consists of some individual pixels. So it is thresholded to 

are significant. Two thresholds Th (High Threshold) and Tl  

 applied, where Th  > Tl . If the gradient magnitude is greater 

el is considered as a definite edge. If the gradient magnitude is 

t pixel is unconditionally set to zero. If the gradient magnitude 

, then it is set to zero unless there is a path from this pixel to a 

t above Th ; the path must be entirely through pixels with 

. A 3x3 moving window operator is used, the center pixel is 

 if at least one neighboring pixel value is greater than Tl , The 

 with sharp edges. 

( ), aP x y P>

Tl

 the edge directions are known, nonmaximum suppression has 

maximum suppression stage an edge point is defined to be a 

s locally maximum in the direction of the gradient. This is a 

 satisfy and is used to thin the ridges found by thresholding. 

h the magnitude and orientation of the gradient at the pixel 

 and creates one-pixel width edges. The values of each 
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component of the gradient got from the previous stage are used to get the magnitude 

and direction. Nonmaximum suppression is used to trace along the edge in the edge 

direction and suppress any pixel value (sets it equal to 0) that is not considered to be 

an edge. This will give a thin line in the output image. 

 

Step 5: Finally, hysteresis is used as a means of eliminating streaking. 

Streaking is the breaking up of an edge contour caused by the operator output 

fluctuating above and below the threshold. If a single threshold, T1 is applied to an 

image, and an edge has an average strength equal to T1, then due to noise, there will 

be instances where the edge dips below the threshold. Equally it will also extend 

above the threshold making an edge look like a dashed line. To avoid this, 

hysteresis uses 2 thresholds, a high and a low. Any pixel in the image that has a 

value greater than Tl  is presumed to be an edge pixel, and is marked as such 

immediately. Then, any pixels that are connected to this edge pixel and that have a 

value greater than Th  are also selected as edge pixels. 

Edge detection flow is given in Figure 21. 

 

Figure 21 Edge Detection Flow 
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Figure 22 Result of edge detection (Tl = 0 and Th = 255) 

 

 

Figure 23 Result of edge detection (Tl = 0 and Th = 511) 

 

Figure 24 Lena (Tl = 0 and Th = 255) 
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3.4.2 CONTOUR PROCESSING 

The next step in automatic object detection is contour retrieving. This step is 

needed to understand the objects using computational geometry.  

Most of the existing vectoring algorithms, that is, algorithms that find 

contours on the raster images, deal with binary images. A binary image contains 

only 0-pixels, that is, pixels with the value 0, and 1-pixels, that is, pixels with the 

value 1. The output of the edge detection module generates a binary image with 1’s 

denote found edge and the 0’s are the non edge points. The set of “connected” 0 or 

1-pixels makes the “0-(1-) component”. There are two common sorts of 

connectivity, the “4-connectivity” and “8-connectivity.” Two pixels with 

coordinates ( 1, 1)x y  and ( )2, 2x y  are called 4-connected if, and only if, 

 and 8-connected if, and only if 

. 

| 1 2 | | 1 2 | 1x x y y− + − =

(max | 1 2 |,| 1 2 | 1x x y y− − ) = Figure 25 shows these relations. 

 

e

Figure 25 Pixels Connectivity Patterns 
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Figure 26 Hierarchical Connected Components 

 

1-components W1, W2, and W3 are inside the frame (0-component B1), that 

is, directly surrounded by B1. 0-components B2 and B3 are inside W1.1-components 

W5 and W6 are inside B4 that is inside W3 so these 1-components are inside W3 

indirectly. However, neither W5 nor W6 enclose one another, which means they are 

on the same level.  

In order to avoid a topological contradiction, 0-pixels must be regarded as 8-

(4-) connected pixels in case 1-pixels are dealt with as 4-(8-) connected. In this 

study 8-connected is used for 1-pixels and 4-connected is used for o-pixels. 

Since 0-components are complementary to 1-components, and separate 1-

components are either nested to each other or their internals do not intersect, 

throughout this study 0-pixels are considered as making up the background. A 0-

component directly surrounded by a 1-component is called the hole of the 1-

component. The border point of a 1-component could be any pixel that belongs to 

the component and has a 4-connected 0-pixel. A connected set of border points is 

called the border. 
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Each 1-component has a single outer border that separates it from the 

surrounding 0-component and zero or more hole borders that separate the 1-

component from the 0-components it surrounds. It is obvious that the outer border 

and hole borders give a full description of the component. Therefore all the borders 

also referred to as contours, of all components stored with information about the 

hierarchy make up a compressed representation of the source binary image. 

3.4.2.1 CONTOUR REPRESENTATION 

Contours on the binary image are represented by chain code, for any pixel 

all its neighbors with numbers from 0 to 7 can be enumerated: 

 

 

Figure 27 Chain Representation 

 

The 0-neighbor denotes the pixel on the right side; 5-neighbor denotes the 

pixel on the lower left diagonal, etc. As a sequence of 8-connected points, the 

border can be stored as the coordinates of the initial point, followed by codes (from 

0 to 7) that specify the location of the next point relative to the current one.  

 

 

Figure 28 Contour Representation 
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3.4.2.2 CONTOUR RETRIEVING 

There are numerous algorithms that retrieve contours. They all do line-by-

line scanning. In this study border following procedure is applied to retrieve and 

store the border in the chain format. The procedure is derived as outlined in 

Suzuki’s [37] topological structural analysis. 

During the border following procedure the algorithms mark the visited 

pixels with special positive or negative values. If the right neighbor of the 

considered border point is a 0-pixel and, at the same time, the 0-pixel is located in 

the right hand part of the border, the border point is marked with a negative value. 

Otherwise, the point is marked with the same magnitude but of positive value, if the 

point has not been visited yet. Since the border can cross itself or tangent other 

borders. 

3.4.3 RECTANGLE DETECTION 

The methodology to detect the rectangles in a given image is constructed on 

an open architecture that can be modified to detect lines and triangles as well. 

To utilize a structural analysis on the given image it has to be transformed to 

its binary image format. This process is done by the help of the edge detection and 

contour retrieving tools described in previous headings.  

Once the binary image is obtained using edge detection, the contours are 

extracted with contour retrieving process. To define an object using only this 

information is not straightforward. For this reason a polyline approximation for the 

contour chain codes can be used. As soon as all the borders have been retrieved 

from the image, the shape representation can be further compressed. 

Implementation stages are shown in Figure 29

 

Image
 Smoothing

Edge
Extraction

Contour
Retrieving

Polygon
Approximation

Rectangle
Shape

Extraction

Input
Image

Image
with

detected
rectangles

 

Figure 29 Design Flow of the Rectangle Detection 
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The implementation consists of four stages 

i. Image Smoothing 

ii. Edge Extraction 

iii. Contour Retrieving 

iv. Polygonal Approximation 

v. Rectangle Shape Extractor 

The stages i, ii and iii are described in sections 3.6.1 and 3.6.2, polygonal 

approximation and square extractor will be defined in the following section. 

 

3.4.3.1 POLYGON APPROXIMATION 

Polygonal approximation algorithms aim to approximate the shape of a 

curve using a number of fundamental mathematical functions. They provide simple 

representations for relatively complex objects, and produce data that can easily be 

processed further. The main idea behind them is to find and keep only the dominant 

points, that is, points where the local maximums of curvature absolute value are 

located on the digital curve, stored in the chain code or in another direct 

representation format. 

The first step towards this approximation is to define the discrete curvature 

on the chain code. In the continuous case the curvature is determined as the speed of 

the tangent angle changing, in the discrete case different approximations are used. 

The simplest one, called L1 curvature, is the difference between successive chain 

codes: 

 ( )( )1 mod8 4i i ic f f −= − −  (3.29) 

 

This method represents the change in curvature between two points on the 

curve, the changes from 0 that corresponds to the straight line, to 4, that 

corresponds to the sharpest angle, when the direction is changed to reverse. 

First, for the given point ( ),i ix y  the radius , represents the neighborhood 

of points that can be selected as the next node in the curve. The following value is 

calculated for all pairs: 

im

( ),i k i kx y− −  and ( ), 1i k i k k m
x y+ + =…
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cos ,

| || |
ik ik

ik ik ik
ik ik

a b
c

a b
= = )a b  (3.30) 

where ( ) ( ), , ,ik i k i i k i ik i k i i k ia x x y y b x x y y− − + −= − − = − −  

The next step is the finding the index such that ih 1 1i iim im ih ihc c c c− −< < < ≥… . 

The value  is regarded as the curvature value of the point. The point value 

changes from -1 (straight line) to 1 (sharpest angle). This approximation is called 

the k-cosine curvature. 

iihc thi

To determine the dominant points on the chain codes Douglas – Peucker 

algorithm is applied. The idea of this method is to approximate the chain code with 

polylines, such as substituting ending points for horizontal, vertical, and diagonal 

segments. This preprocessing reduces the amount of data without any accuracy loss. 

The algorithm steps consists of pure geometrical steps for approximating a 

polyline with another polyline with required accuracy: 

Step1: Two points on the given polyline are selected, thus the polyline is 

approximated by the line connecting these two points. Then iteratively add new 

points to this initial approximation polyline until the required accuracy is achieved. 

If the polyline is not closed, two ending points are selected. Otherwise, some initial 

algorithm should be applied to find two initial points. The more extreme the points 

are, the better the accuracy. 

Step2: Iterate through all polyline vertices between the two initial vertices 

and find the farthest point from the line connecting two initial vertices. If this 

maximum distance is less than the required error, then the approximation has been 

found and the next segment, if any, is taken for approximation. Otherwise, the new 

point is added to the approximation polyline and the approximated segment is split 

at this point. Then the two parts are approximated in the same way, since the 

algorithm is recursive. For a closed polygon there are two polygonal segments to 

process. 
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3.4.3.2 RECTANGLE SHAPE EXTRACTOR 

After contour extraction and polyline approximation, contour area is 

computed using moment calculation and contour convexity is checked  

The region area within the contour consisting of  points n

( ) 0, , 0 ,i i i np x y i n p p= ≤ ≤ =  is calculated as a spatial moment: 

 00 1 1
1

1
2

n

i i i i
i

x y x yα − −
=

= −∑  (3.31) 

Contour convexity defects are checked and concave polygons are filtered out 

before searching for rectangles. 

Then the search is carried out on joint edges. In each iteration 4 polylines are 

evaluated by calculating the cosine of the angle at joint edges. The dot product 

operation is used to extract the cosine of the angle. If the summation of the cosine 

of the angles at four joint edges are approximately equal to zero than these four 

edges constitutes a rectangle. 

In figures below show the result of the detection process. 

 

 

 

Figure 30 Original Image 
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Figure 31 Edge Detection & Contour Retrieving  

Edge Detection output on R channel (Th1= 0, Th2= 500) 

Contours found on R channel 
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Figure 32 Edge Detection & Contour Retrieving  

Edge Detection output on G channel (Th1= 0, Th2= 500) 

Contours found on G channel 
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Figure 33 Edge Detection & Contour Retrieving  

Edge Detection output on B channel (Th1= 0, Th2= 500) 

Contours found on B channel 
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Figure 34 Polygon Approximation R, G, B channels from top to down respectively 
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Figure 35 Rectangle Detection 

 

Another example of rectangle detection is shown in figures below.  

 

 

Figure 36 Original Image 
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Figure 37 Edge Detection  & Contour Retrieving  

Edge Detection output on R channel (Th1= 450, Th2= 600) 

Contours found on R channel 
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Figure 38 Edge Detection  & Contour Retrieving  

Edge Detection output on G channel (Th1= 450, Th2= 600) 

Contours found on G channel 
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Figure 39 Edge Detection  & Contour Retrieving  

Edge Detection output on B channel (Th1= 450, Th2= 600) 

Contours found on B channel 
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Figure 40 Polygon Approximation R, G, B channels from top to down respectively 
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Figure 41 Rectangle Detection 
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3.4.4 TRIANGLE DETECTION 

The preliminary steps followed to detect square will also be applied to 

triangle detection. Image smoothing, edge extraction, contour retrieving and then 

polygonal approximation will be the basic steps as defined in parts 3.6.1, 3.6.2 and 

3.6.3.1.  

Search for triangles are carried out on three joint edges per iteration. The 

angles of three joint edges are summed up to check for the inner angle summation. 

In figures below show the result of the detection process. 

 

 

 

Figure 42 Original Image 
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Figure 43 Edge Detection on R,G,B Channels (Th1 = 0, Th2= 1500) 
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Figure 44 Polygon Approximation R, G, B channels from top to down respectively 
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After contour retrieving, low pass filtering is applied to joint edges to 

smooth the curvature. Found triangles are shown in Figure 45

 

 

Figure 45 Triangle Detection 

 

3.4.5 CIRCLE DETECTION 

Circle detection differs from the previous geometric object detection 

processes with added complexity. It shares the basic preprocessing steps as outlined 

in rectangle and triangle detection, image smoothing, edge extraction, contour 

retrieving, but differs with curve fitting method. 

The fitting of primitive models to scattered image data allows reduction and 

simplification of the data to the benefit of higher level processing stages. One of the 

most commonly used models is the ellipse which, being the perspective projection 

of the circle. 

The representation of general conic by an implicit second order polynomial 

is: 

 ( ) 2 2, 0a x a xF ax bxy cy dx ey f= = + + + + + =i  (3.32) 
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where [ ]a Ta b c d e f= and 2 2 1x x xy y x y⎡ ⎤= ⎣ ⎦ . is called the 

algebraic distance of a point 

( ,a iF x )

( ),x y to the conic ( ),a xF 0= . The fitting of a general 

conic may be approached by minimizing the sum of squared algebraic distances of 

the curve to the data points . N xi

  (3.33) ( ) ( )2

1
a

N

A
i

D F
=

= ∑ xi

c

1

In order to fit ellipses specifically while retaining the efficiency of solution 

of the linear least-squares problem (3.32) the parameter vector a  can be constrained 

so that the conic that it represents is forced to be an ellipse. The appropriate 

constraint is well known the discriminant  be negative. Although the 

imposition of this inequality constraint is difficult in general, however the 

parameters can be scaled arbitrarily. This also incorporates the scaling in the 

constraint and equality constraint,

2 4b a−

24ac b− =  can be imposed. This is a quadratic 

constraint, which may be expressed in the matrix form 1Ta aC = , where C is a 6 6×  

constraint matrix.  

 

 

0 0 2 0 0 0
0 1 0 0 0 0
2 0 0 0 0 0

1
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0

aT

⎛ ⎞
⎜ ⎟−⎜ ⎟
⎜ ⎟

a =⎜
⎜ ⎟
⎜ ⎟
⎜ ⎟⎜ ⎟
⎝ ⎠

⎟  (3.34) 

 

So the constrained ellipse-fitting problem reduces to: 

 2 1a aTminimizing E D subject to the constrained Ca= =  (3.35) 

where [ ]1 2 3x x x x T
nD = …  is the 6n×  design matrix. The solution of this 

minimization problem with respect to the 24ac b 1− =  constraint yields only one 

solution permitting an ellipse. The solution of this system is given in Appendix A. 

Roundness measure is used to test which of the fitted ellipses encapsulates 

circle like objects. It is defined as 
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 2
4 AR P
π=  (3.36) 

 

where  is the area of the contour circumscribed by the ellipse and  is the 

perimeter. In the experiments it is selected as 0.9. 

A P

In the figures below show the application steps of circle detection process. 

 

 

Figure 46 Original Image 
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Figure 47 Edge Detection  

Edge Detection output on R channel (Th1= 0, Th2= 1300) 

Ellipse fitting found on R channel 
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Figure 48 Edge Detection  

Edge Detection output on G channel (Th1= 0, Th2= 1300) 

Ellipse fitting found on G channel 
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Figure 49 Edge Detection  

Edge Detection output on B channel (Th1= 0, Th2= 1300) 

Ellipse fitting on B channel 
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Figure 50 Circle Detection 
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3.5 AUTOMATIC INITIALIZATION 

The software designed has the flexibility of selecting the target either 

manually or automatically. Automatic initialization can be done with two 

possibilities; either selecting the object from a list of found objects (static 

initialization) or assigning the track gate to one that moves in the scene (dynamic 

initialization). In this section these two possibilities will be presented along with 

their implementation flowcharts. 

3.5.1 STATIC INITIALIZATION 

After objects are detected, a list of the found objects with their position, size 

and color information is returned to the user. User can select the object from the list 

knowing its shape and color information apriory. 

The procedural flowchart of the object list generation is as follows: 

 

i. Apply edge detection and contour processing on the image 

ii. Perform the selected shape extraction method on found contours 

iii. Register each found objects in an array structure 

iv. Update the list whenever user requests 

v. Keep the recent found objects array in the memory 

vi. List the found objects on the screen with their structural 

properties 

vii. Free up the found objects array 

viii. Go to step i 
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Figure 51 Object List Flowchart 
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3.5.2 DYNAMIC INITIALIZATION 

In this procedure objects of interest are found prior to initialization then they 

are registered same as in static initialization. Target is selected automatically when 

it moves in the scene. This step is accomplished by exploiting the motion properties 

of scene. 

The procedural flowchart is as follows: 

 

i. Apply edge detection and contour processing on the image 

ii. Perform the selected shape extraction method on found contours 

iii. Register each found objects in an array structure 

iv. Update the list of found objects 

v. Dynamic initialization starts whenever user requests 

vi. Keep motion history image 

vii. Segment motion to find the recent moving silhouette 

viii. If segmented motion belongs to one of detected objects then assign 

the track gate to it. 

ix. If not go to step vi 
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Figure 52 Dynamic Track Gate Assignment Flowchart 
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CHAPTER 4 
 

4SIMULATION AND RESULTS 

 

 

 

In this chapter simulation result of the implemented real time color based 

tracking system will be evaluated under challenging test conditions. 

The internal architecture of the system and its peripheral is explained in 

section 4.1; comprehensive evaluation of the applied test sequences is given in 

section 4.2. Final section 4.3 is devoted to the discussion of the test results 

 

4.1 SYSTEM LAYOUT 

The software is developed using C++ with Borland Builder 6 IDE on 

Windows XP Professional edition. A commercial SONY DCR-TRV140E PAL 

handy cam is used as the video source. Analog S video output is used which sources 

frames at 720 576 size in PAL B format. The analog video is captured and 

digitized using the S video input of the video graphics card. The layout of the 

system is shown in 

×

Figure 53

C

S-Video

 

Figure 53 System Layout 
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The captured frames are in RGB format are converted to HSV format and 

32×16×32 histogram bins are used from the respective channels. Threshold values 

used in MHI generation and edge detection processes can be modified during the 

course of operation. 

 

4.2 SIMULATION 

The tracking phase can be initiated either with object detection or manual 

selection. In the experiments 3 test sequences are evaluated with different 

initialization options and tracking scenarios  

4.2.1 EXPERIMENT 1: CIRCLE SEQUENCE 

The circle sequence has 480 frames of 720×576 size. In the first frame the 

system is initialized with detection of all circle like shapes in the scene. The Figure 

54 shows the result of the detection. After successful detection of the circle the 

system returns the color features of the detected object and waits response from the 

user to start tracking the object. 

Object edges are identified depending on the threshold values selected in the 

edge detection process. In the first trial the threshold values are 119 and 1780 for Tl 

and Th respectively. 
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Figure 54 Circle Detection Tl= 119, Th = 1780 
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After successful detection of circles in the scene, the regions of interest with 

the color features determined are returned, and then user could select one of them as 

the target. 

In this experiment we search for the red circle in the scene. After initial 

detection the red one is selected and a track gate is opened automatically in the 

region enclosed by the detected circle border. Target histogram model is calculated 

within this region. This step is illustrated in Figure 55 and Figure 56.  

 

 

 

 

Figure 55 Initialized Track Gate 
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Figure 56 Histograms Obtained (Histogram calculated within a ROI of 22×19 size) 

 

The histogram back projection image generated is shown in Figure 57

 

 

Figure 57 Histogram Back Projection 
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Mean shift iterations are performed to find the new location of and size of 

the track gate in each frame. Starting from the location of the target in the previous 

frame new center and track gate size is found iteratively. Figure 58 shows the mean 

shift iteration required in each frame and Figure 59 illustrates the tracking of the 

object in several frames. 

 

 

 

Figure 58 Mean shift iteration function of frame index (The average number of iterations is 

2.7375) 
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Figure 59 Tracking of red ball frames 18,61,96,105,195,238  (Left to right top to bottom 

respectively) 

 

 

 

 98



The first peak in Figure 58 is due to first initialization phase of the tracker. 

The system iterates to determine the location and size of the object in the first 

frame. In the course of operation, the number of iterations is at most 5. In frame 79 

a part of the object is occluded, the system adapts itself for new object size and this 

gives rise to mean shift iterations. 

In the test scenario, the object is exposed to occlusion that completely covers 

its body. The object first encounters partial occlusion and then goes out of frame in 

time. This test is intended to show how motion segmentation presented in section 

(3.5.2) works in real case. 

When the track gate disappears, namely the tracker is no longer tracking the 

object; motion segmentation module wakes up and processes the whole frame. In 

the experiments MHI duration is 0.01 seconds and the maximum allowable 

downward step distance is selected as 0.5 seconds. The scenario is illustrated in 

Figure 60 below. 
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Figure 60 Occlusion Handling (Frames 424, 426, 428, 460, 461 and 471 top left down to 

bottom right in horizontal respectively) 
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Motion segmentation module starts executing when the track gate disappears 

in frame 427. Motion history images are generated beginning from frame 428. Since 

there is no motion between frames 428 and 458, motion history is blank. This is 

illustrated in Figure 61. 

 

 

 

Figure 61 Motion Segmentation Mask (Left image frame 459, right image frame460) 

 

Target histogram model is searched within this generated segmentation 

mask. In frame 459, it could not match the histogram model because of the smaller 

size of the segmentation mask. In frame 460 the object enters the scene a little 

more, and now the target model is matched within this segmentation mask. In the 

next frame, (frame 461) tracker initializes with the region of interest found from the 

motion segmentation mask in frame 460 and the track gate opened is shown in 

Figure 60 in bottom left image. 
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Figure 62 Mean Shift Iterations 

 

 

Figure 62 shows the mean shift iterations between frames 428 and 461 in 

which the target is lost and re-found respectively. When the object gets closer to the 

occlusion boundary, namely field of view of the camera, mean shift iterations are 

increasing in frames 426 and 427, reaching to the maximum allowed threshold 

value of 10. Since the tracker has completely lost its target in frame 428 there is no 

more mean-shift iterations performed till the target model has been matched within 

the motion segmentation mask in frame 460. When the target model is re-found, the 

tracker starts mean shift iterations to find the size of the object. 

 

 102



4.2.2 EXPERIMENT 2: TOY BEAR SEQUENCE 

In this scenario the object is a random shaped toy bear, the tracking is 

initialized with a hand drawn rectangular region of size 20 ×  13 in frame 31. Figure 

63 shows the initialization phase. 

 

Figure 63 Initialization  (In the figure below, object is marked with a rectangle in frame 31) 

 

 

 103



The part of the object is selected and the histogram model (3.7) is calculated 

inside this region of interest (ROI). The histograms obtained are shown in Figure 64

 

 

Figure 64 Histograms obtained  

a) H –Channel (Top left) b) S – Channel (Top right) c) V – Channel (Bottom center) 

 

 

The histogram based target model is calculated from the histograms obtained 

and then back projected onto the current frame to generate a probability image 

where most probable pixels belonging to the target are highlighted. 
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Figure 65 Histogram back projection 

 

The result of the mean shift iteration on the current frame localizes the target 

model and approximates its size. 

 

 

Figure 66 Result of the first iteration in frame 31 
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In the next frame (frame 32) mean shift iterations are performed in the track 

gate selected in previous frame (frame 31). Target object’s center and track gate 

size is calculated iteratively. New center and size is shown in Figure 67 for several 

frames. 

 

 

Figure 67 Toy Bear sequence frames 32, 65, 74, 84, 100, 115 (Left to right top to bottom 

respectively 
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The tracker adapted well to the nonstationary character of the object’s 

movements, which alternates abruptly between slow and fast action. 

The number of mean shift iterations necessary for each frame is shown in 

Figure 68. 

 

Figure 68 Mean shift iterations function of frame index (The mean number of iteration is 

2.7652 per frame) 

 

The three central peaks correspond to a large movement of the object on the 

cluttered background. In all these cases, the relative large movement between two 

consecutive frames put more of a burden on the mean shift procedure. 

In the test scenario, to demonstrate the tracker ability to handle occluded 

cases, the toy bear is hided behind the body of the person. The object is influenced 

by partial occlusion and then full occlusion in time. The track gate disappears when 

the object is out of sight. To handle this situation motion segmentation based on 

motion history templates is used as outlined in section 3.5.2. When the track gate 

disappears, namely the tracker is no longer tracking the object; motion segmentation 
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module wakes up and processes the whole frame. In the experiments MHI duration 

is 0.01 seconds and the maximum allowable downward step distance is selected as 

0.5 seconds. The scenario is illustrated in Figure 69 below. 

 

 

 

Figure 69 Toy Bear Sequence frames 156, 160, 167, 180, 204, 215 
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Motion segmentation module executes when tracker loses the target in frame 

167. Between frames 167 and 180 the result of the segmentation is shown in Figure 

70. 

 

 

Figure 70 Motion Segmentation Result  (Frames 166, 180 and 204 respectively) 
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Then it searches for the histogram model of the target in the generated 

connected components. In frame 204, the histogram model in the small, connected 

region matches with the target histogram model. It is also obvious in Figure 71 that 

the mean shift iteration increases between frames 160 and 165, but when the target 

disappears from the scene, tracker loses it is track gate and mean shift iterations 

goes to zero. When the target is found in frame 204, mean shift iterations increases 

to determine the track gate size and center location. 

 

 

Figure 71 Mean shift iterations per frame 
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4.2.3 EXPERIMENT 3: DYNAMIC INITIALIZATION 

The aim of this scenario is to test the dynamic initialization phase of the 

tracking system. The system is initialized by detecting circles in the scene. After 

successful detection object list is generated containing object structural properties. 

Track gate is assigned to one that is handled by the person. 

Figure 72 shows the initialization phase. There are two circles detected in 

the scene. 

 

Figure 72 Initialization phase 
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Figure 73 Object List View 
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Figure 74 Object List View 
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When the object are detected and listed in the “Found Objects” panel, 

dynamic initialization is selected within the “Target” menu as shown in Figure 75. 

 

 

 

Figure 75 Dynamic Initialization Selection 

 

 

After selecting the dynamic initialization the system begins to segment the 

motion in the scene. Target gate assignment is done on the object that has a 

movement in the scene. 

In Figure 76 below shows how the system assigned the track gate to red ball 

when the person handles it. 

Figure 77 shows the result of tracking of the red ball after auto detection  

Figure 78 shows the dynamic initialization performed to track the purple ball 

and Figure 79 is the results of tracking the purple ball with abrupt occlusion 

handling scenario. 
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Figure 76 Dynamic Initialization (Red Ball) (Frames 49 and 55 top to bottom respectively) 
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Figure 77 Balls Sequence (Frames 57, 64, 79, 90, 99 and 108, left to right top to bottom 

respectively) 
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Figure 78 Dynamic Initialization (Purple Ball) (Frames 200 and 203 top to bottom respectively) 

 117



 

Figure 79 Balls Sequence (Tracking purple ball and abrupt occlusion handling) (Frames 219, 

231, 244, 249, 270 and 285, left to right top to bottom respectively) 
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CHAPTER 5 
 

5PERFORMANCE ANALYSIS 

 

 

 

In this section a comparison between the tracker systems, the one 

implemented in this study and the Kanade-Lucas feature tracker is given.  

The Kanade-Lucas feature tracker is the most widely used feature tracking 

system. It uses the optical flow equation for a group of adjacent pixels and 

assuming that all of them have the same velocity. Optical flow is defined as an 

apparent motion of image brightness. Let x yu u u⎡ ⎤=⎣ ⎦  be an image point on first 

image I ; the motivation behind this tracker is to find the location 

 on the second image  such that x x y yv u d u d u d⎡= + = + +⎣ ⎤⎦ J ( )I u  and  are 

similar. The vector  is the image velocity at 

( )J v

( x yd d d= ) x , also known as the 

optical flow. A flow field describes the apparent movement of entire scene 

components in the image plane over time. Within these fields, motion blobs are 

defined as pixel areas of (mostly) uniform motion, i.e., motion with similar speed 

and direction. The image velocity  as being the vector that minimizes the residual 

function 

d

ε  defined as follows: 

Equation Chapter 5 Section 5 

  (5.1) ( ) ( ) ( ) (( )2
, ,

y yx x

x x y y

u wu w

x y x y
u w u w

d d d I x y J x d y dε ε
++

− −

= = − + +∑ ∑ )

)

where  and  are two integers that forms the integration window 

. The goal of the tracking is to find displacement vector  of 

the image point  by minimizing the residual function given in (5.1). 

xw yw

( ) (2 1 2 1x yw w+ × + d

u

In Kanade-Lucas feature tracker there is no object detection phase and the 

selection of points (such as u  in the image) is done by searching the steepest 
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brightness gradient along at least two directions. It tries to find corners with big 

eigenvalues in the image and assigns the feature points on area where texture 

variations are high. This promises good feature candidates to be tracked over time.  

In the test scenario, rectangle shaped object is tracked in several frames. 

Since Kanade-Lucas feature tracker does not have an object detection phase, the 

rectangle shaped object is detected by our system and region of interest is extracted. 

Within this ROI, Kanade-Lucas tracker is initialized by assigning 18 feature points. 

Figure 80 shows the detection of the rectangle and the initialization phase of two 

tracking systems. 

 

 

 

 

Figure 80 Detection of the rectangle (Tl = 119 and Th = 659) 

 

 

Figure 81 shows the track gate opened by our system and the feature points 

assigned by Kanade-Lucas tracker. 
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Figure 81 Track Gates Frames 1 and 3 

 (Left column shows our system track gate and right column is the Kanade-Lucas) 

Kanade-Lucas tracker is initialized with 18 image points as shown in Figure 

81. Our tracker system initialized in frame 1 (Top left image) computes the object 

size and adjusts the track window size to fit onto the object in frame3 (Bottom left 

image). 

 

As the sequence frames advance, Kanade-Lucas tracker loses one of its 

feature points in frame14 despite there is not such a large motion up to frame 14. 

(Figure 82) 
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Figure 82 Frame 14 Kanade-Lucas loses one of its feature points. 

 122



 

Figure 83 Comparison of trackers (Frames 113, 136 and 147 are shown, Left column 

images shows the result of our tracker, right column is the Kanade-Lucas tracker) 
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Figure 83 is the comparison throughout the sequence. It is observed that 

Kanade-Lucas tracker could not compensate for variable velocity of the feature 

points between the frames. In frame 113 there are only 5 feature points left inside 

the ROI, where as our tracker still handles the object size and location without error. 

It can be also seen that at the occlusion boundary, when the tracked object is hided 

behind the person in the figure, Kanade-Lucas tracker has only two points attached 

to the object ROI (frame 147, bottom right image in Figure 83).  

Occlusion scenario is illustrated in Figure 84. In this test the object is 

completely occluded behind the person. The object exits the occlusion region from 

the left side of the person with its trajectory and orientation has already altered. 

 

 

 

 

Figure 84 Occlusion Region (Frame 155) 
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Figure 85 Occlusion Performance (Frame 194) 
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When the object exits the occlusion region Kanade-Lucas feature tracker has 

already lost its feature points. Since there is no longer observation for pixel 

displacement vector it cannot determine the corresponding point on the next frame. 

With the motion history stamping capability, our system searches for its target 

model in the motion segmentation mask and it is able to re-capture the target. 

From the analysis derived in this chapter it is observed that Kanade-Lucas 

feature tracker has some drawbacks compared to the system implemented in this 

thesis work. First of all, Kanade-Lucas tracker selects feature points with high 

texture variations, but this can still be bad feature to track. This is observed in the 

analysis that a feature point on the object can intersect with a point on the 

background, whereas they are on different depths but seem to intersect on the 

image. Because of this, residual error (5.1) grows dramatically between frames. The 

result of this; the tracker gets stuck at that point and no longer tracks the feature 

point. Our system uses histogram based representation model, which is robust to 

scale and orientation changes. Since it does not have limitation such that constant 

velocity, it could able to track the object when its velocity alters from frame to 

frame. 
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CHAPTER 6 
 

6DISCUSSION AND CONCLUSION 

 

 

 

6.1 SUMMARY 

In this study, a real time color object tracker is implemented with a 

capability of geometric object detection with given color features. The core of the 

developed tracking system is based on modeling the target probability distribution 

function with spatially weighted, background-suppressed, normalized-histogram. 

Then to maximize the separation between the target and the other objects around, 

mean shift optimization procedure is exploited. The mean shift based feature space 

analysis is a nonparametric method used to cluster the regions in an image by 

climbing the gradients. The performance of this optimization procedure is well 

suited to our real time constraints. In the experiments it is shown that in the course 

of the operation, there are at most 10 mean shift iterations performed to find the 

target size and location.  

Another important aspect of this study is to handle occlusion problems that a 

generic tracking system always suffers. The idea revealed here does not apply only 

to linear motion problems; it is intended to handle abrupt changes on the trajectory 

of the target. The basis of the idea is; if we could separate the moving parts of the 

scene since the object is occluded, then we can search for the target representation 

in these connected regions. To segment the moving parts out of the scene we first 

record the motion history as a moving silhouette. Motion history image is generated 

from background-subtracted frames and shows only the pixels moving for some 

time period. These pixel intensities are related with their recency in time. Then 

boundary walk procedure is applied to MHI to search for most recent pixels and the 

pixels within a time duration threshold. These pixels are then labeled to construct a 
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region representing a connected component, which is the motion segmentation 

mask. Within this segmentation mask, target representation is searched and track 

gate is re-initialized. The performance of this method is evaluated in real test 

scenarios and the results were pleasing. Besides it is success to handle occlusion it 

is also computationally efficient method without imposing too much overhead on 

real time performance. 

The initialization phase of the tracker is done by object detection with given 

geometric shape and color features. Edge detection and contour retrieving are the 

main tools used in the architecture. For edge retrieving, Canny edge detection 

algorithm is used with improving its noise elimination with pyramidal image 

decomposition. Then contours are retrieved from the edge map using border 

following procedure. The polygon approximation is applied to found contours. 

Triangle and rectangle shape detection is done by checking the contour convexity 

and calculating the angle at joint edges of the approximated polygons. Compared to 

rather sophisticated methods such as Hough transform to detect lines, the method 

outlined in this study is size invariant and gives acceptable results with reduced 

computational time. The method developed here is also applicable to detect the 

deformed rectangle and triangle shapes whereas the Hough transform fails. For 

circle detection, curve-fitting process of rectangle and triangle detection is altered 

by ellipse fitting step. The aim of this step is to check the convexity and roundness 

of the contour for circle detection. The roundness measure derived is tested on 

rough circle like shapes and gave satisfactory results. 

However the edge information of objects can be retrieved with different 

threshold values used in edge detection. This causes such that two circle like objects 

to be identified with different threshold values.  

A comparative study is carried out between the system implemented and the 

Kanade-Lucas feature tracker. Kanade-Lucas tracker aims to find the corresponding 

displacement of a point in one frame to another by satisfying the optical flow 

constraint. The tracked points namely the features are selected as the points with the 

steepest brightness gradient along at least two directions. These two tracking system 

is tested with offline video sequences. From the experimental results it has been 

observed that Kanade-Lucas tracker loses its feature points when the object changes 

 128



appearance from frame to frame. It also have a limitation due to speed of the 

moving object. Since Kanade-Lucas tracker has no occlusion handling property, it 

stacks at pixel location where the feature points enter the occlusion region. When 

such an occlusion occurs the Kanade-Lucas tracker has to be reinitialized.  

 

6.2 FUTURE WORK 

A first step forward from this work is to extend this tracking system for 

multiple object trackers. Target histogram model representations have to be 

generated for multiple objects and meanshift iterations have to be executed 

separately.  

Instead of running average background subtraction, a comprehensive 

method can be implemented that takes care of the past frames with a comparison of 

a reference frame. This will provide a better motion segmentation. 

A stereo camera configuration can be used to handle the occlusion cases 

more accurately. 

This tracking system can be adopted for use in a perceptual user interface for 

aiding handicapped people to control the mouse by head movements. Circle 

detection module can be adopted to detect the iris of the eye then track its position. 

Then the output parameters of the tracker can be inserted into the mouse queue to 

control the mouse position on the screen. 

The next step is to develop trajectory-planning algorithms that use the 

outputs of the tracking system to perform some task specific items.  
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APPENDIX A 
 

7SOLUTION OF ELLIPSE FITTING PROBLEM 

 

 

 

Let us represent a general conic by an implicit second order polynomial: 

Equation Chapter 1 Section 1 

 ( ) 2 2, 0a x a xF ax bxy cy dx ey f= = + + + + + =i  (1.1) 

 

where [ ]a Ta b c d e f= and 2 2 1x x xy y x y⎡ ⎤= ⎣ ⎦ . is called the 

algebraic distance of a point 

( ,a iF x )

( ),x y to the conic ( ),a xF 0= . The fitting of a general 

conic may be approached by minimizing the sum of squared algebraic distances of 

the curve to the data points . N xi

  (1.2) ( ) ( )2

1

N

A
i

D F
=

= ∑a ix

 

In order to avoid the trivial solution 60a =  and recognizing that any 

multiple of a solution  represents the same conic, the parameter vector  is 

constrained in some way. Many of the published algorithms differ only in the form 

of constraint applied to the parameters. For instance, many authors suggest, 

 or  where  is the Jacobian 

a a

2|| || 1a = 2|| || 1Na = N ( ) ( )1; ;
T

NF a x F a x∇ ∇⎡ ⎤⎣ ⎦…  These 

constraints are either linear, of the form 1c a =i  or quadratic, constraining 1Ta Ca =  

where C  is a  constraint matrix. 6 6×

 

In order to fit ellipses specifically while retaining the efficiency of solution 

of the linear least-squares problem (1.2), we would like to constrain the parameter 

vector  so that the conic that it represents is forced to be an ellipse. The a
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appropriate constraint is well known, namely, that the discriminant  be 

negative. However, this constrained problem is difficult to solve in general. 

Although the imposition of this inequality constraint is difficult in general, however 

the parameters can be scaled arbitrarily. This also incorporates the scaling in the 

constraint and equality constraint,

2 4b a− c

124ac b− =  can be imposed. This is a quadratic 

constraint, which may be expressed in the matrix form 1Ta aC = , where C is a 6 6×  

constraint matrix 

 

0 0 2 0 0 0
0 1 0 0 0 0
2 0 0 0 0 0

1
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0

T

⎛ ⎞
⎜ ⎟−⎜ ⎟
⎜ ⎟

=⎜
⎜ ⎟
⎜ ⎟
⎜ ⎟⎜ ⎟
⎝ ⎠

a ⎟a  (1.3) 

So the constrained ellipse-fitting problem reduces to: 

 2 1Tminimizing E D subject to the constrained C= =a a a  (1.4) 

where [ ]1 2 3x x x x T
nD = …  is the 6n×  design matrix. The solution of this 

minimization problem with respect to the 24ac b 1− =  constraint yields only one 

solution permitting an ellipse. 

Introducing the Lagrange multiplier λ  and differentiating, we arrive at the 

system of simultaneous equations: 

 2 2
1

T

T

D Da Ca
a Ca

λ 0− =

=
 (1.5) 

This may be rewritten as the system: 

 Sa Caλ=  (1.6) 

  (1.7) Ta Ca

where  is the scatter matrix . . This system is readily solved by 

considering the generalized eigenvectors of (1.6). If 

S TD D

( ),i iuλ  solves (1.6), then so 

does ( ,i iu )λ µ  for any µ  and from (1.7) we can find the value of iµ   as 

, giving 2 1T
i i iu Cuµ =
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i T T

i i i iu Cu u Su
µ = =

1

iu

 (1.8) 

Finally setting i ia µ=  solves (1.5). We note that the solution of the 

eigensystem (1.6) gives six eigenvalue-eigenvector pairs ( ),i iuλ . Each of these pairs 

gives rise to a local minimum if the term under the square root of (1.8) is positive. 

In general,  is positive definite, so the denominator  is positive for all . 

Therefore, the square root exists if 

S T
iu Sui iu

0iλ > , so any solutions to (1.5) must have 

positive generalized eigenvalues. Now we show that the minimization of   

subject to  yields exactly one solution, which corresponds, by virtue of the 

constraint, to an ellipse. For the demonstration, we will require Lemma 1. 

2|| ||Da
24ac b−

LEMMA1: The signs of the generalized eigenvalues of Su Cuλ= , where 

 is positive definite and n nS R ×∈ n nC R ×∈  is symmetric, are the same as those of the 

constraint matrix , up to permutation of the indices. C

PROOF: Let us define the spectrum ( )Sσ  as the set of eigenvalues of  

and, analogously,  the set of generalized eigenvalues of(1.6). Let the 

inertia  be defined as the set of signs of

S

( ,S Cσ )

( )i S ( )Sσ , and let ( ),i S C  analogously be 

the inertia of . Then, the lemma is equivalent to proving that( ,S Cσ ) ( ) ( ),i S C i C= . 

As  is positive definite, it may be decomposed as  for symmetric , allowing 

us to write 

S 2Q Q

Su Cuλ=  as 2Q u Cuλ= . Now, substituting v Qu=  and premultiplying 

by  gives  so that  and 

thus . We have that for any symmetric and 

nonsingular

1Q− 1 1v Q CQλ − −= v )
)

)

( ) ( 11 1,S C Q CQσ σ
−− −=

( ) ( 1 1,i S C i Q CQ− −=

( ) (, TX i S i X SX= . Therefore, substituting 1TX X Q−= = , we have 

. ( ) ( ) ( )1 1 ,i C i Q CQ i S C− −= =

We can now state Theorem 1. 

THEOREM 1: The solution of the conic fitting problem (1.4) subject to the 

constraint (1.3) admits exactly one elliptical solution corresponding to the single 

positive generalized eigenvalue of (1.6). 
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PROOF: Since the eigenvalues of C  are {-2, -1, 2, 0, 0, 0}, from Lemma 1 

we have that (1.6) has exactly one positive eigenvalue 0iλ > , giving the unique 

solution i ia uµ=  to (1.5). As  is positive semidefinite, the constrained problem 

has a minimum, which must satisfy (1.5), and we conclude that  solves the 

constrained problem. 

TD D

a

This unique solution has also some desirable properties in ellipse fitting: 

Low Eccentricity Bias: An eigenvector of the eigensystem (1.6)is a local 

minimizer of the Rayleigh quotient 
T

T

a Sa
a Ca

 . In this case, the implicit normalization 

by  turns singular for 2 4b a− c 02 4b ac− = , which is a parabola. Since the 

minimization tends to “pull” the solution away from singularities , the unique 

elliptical solution tends to be biased towards low eccentricity. 

Affine Invariance: Let us represent the conic as . Under 

an affine transform  the leading form becomes , so 

that . Being the Rayleigh quotient that we minimize 

0T Tx Ax x b c+ + =

H ' TA H AH=

2| ' | | ' | |A H A= |
| |

Ta Sa
A

, the new 

error measure is a scalar multiple of the original one and thus the new minimizer is 

transformed by , which proved the affine invariance of the method. H
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