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Abstract 

 

The important role of surveillance and control systems in maintaining human safety in 

nowadays life creates a vast field for designing algorithms to fulfill security. This thesis 

demonstrates the procedures of implementing background modeling and evolving fuzzy 

rule-based classifier (eClass) for real – time novelty detection and object tracking. 

Initially the ways which security systems perceive the information obtained from an 

outlook are described along with the basic design of a system for tracking the object. 

Kernel density estimation method is illustrated and performed as an advanced online 

approach which models the background and foreground of the scene in order to enable 

the system to be sensitive to important interactions happen in a location by evaluating the 

probability of information based on the data history. Illustrating significant values of 

machines performing autonomously and unsupervised is another aim of this project. In 

certain circumstances like unknown environments, human interaction is risky; therefore, 

developing algorithms to facilitate machines to execute certain tasks without having prior 

knowledge about the environment is accomplished in this report. Machines are equipped 

by algorithms with fuzzy logic characteristics in order to think more similar to human 

mind and learn by themselves. This thesis depicts a novel approach to novelty detection 

and object tracking with evolving property which can improve and update itself gradually 

by learning without supervision. Therefore eClass algorithm is explained in this report as 

a method to image segmentation and self-localization which consequently paves the way 

for object tracking. Tracking the object using eClass as a fast and recursive method is 

compared with the kernel density estimation and the advantage and drawbacks of each 

are presented. Ultimately, Kalman filter and evolving extended Takagi-Sugeno models 

are demonstrated in order to reveal the use of prediction module in surveillance systems 

and are compared with together to present their efficiency and accuracy in terms of 

correlation between the obtained predictions and real values. 
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1 

Introduction 

 

Surveillance and control systems play a major role in keeping the security of nowadays 

life which brings the researchers to design and implement new algorithms in order to 

fulfill safety. The key function of security systems is to enable the user to keep track of 

activities and motions happen in the environment where the system is mounted in. Most 

of these systems make use of a camera for observing the concerned outlook and recording 

the data in a storage space, however, there are many constraints these systems deal with, 

to say a few, operational time limitations and storage restraints are main issues where 

designers of such systems try to eliminate or optimize. Recording the outlook of the 

camera all the time and saving the observations, apart from requiring high capacity of 

storage locations, is not very efficient in preventing or handling the unwanted actions 

which may take in the environment. Therefore, the importance of a real-time system to 

recognize the activities and keep the track of the mobile objects in a scene is revealed.  

This work tries to overcome the mentioned drawbacks and demonstrates the implantation 

procedure of background modeling and evolving fuzzy rule-based classifiers for real-time 

novelty detection and object tracking. To fulfill these approaches it is needed initially to 

convey an overview about the structure of surveillance and control systems as well their 

basic functionalities. After describing the concept of a scene perceived by a camera, 

higher level of analyzing data is depicted; therefore, the entire purpose of this work can 

be shown in a concise form as below: 

a) Describing the concept of surveillance and security systems 

b) Perception of object tracking and its difference with target tracking 

c) Basic design of a control system 

d) Higher level of analyzing information included in the scene  
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e) Novel approach to online object tracking  

The first objectives of this project, is to establish a better understanding about the security 

systems and their procedures. The need of security systems in nowadays life is not only 

to control the people but also to help them having more safety. Therefore, improving the 

efficiency and accuracy of these systems are the major concern of this project. In order to 

achieve this it is needed to know the gadgets and tools which these systems make use of 

in order to perform. 

Later on the basic concept of foreground and background along with object tracking 

which is to detect the movements happen in an environment and discriminate these 

activities from the background is described as the major functions of a control system. In 

case a designer is intended to improve the algorithms of control systems, it is required to 

have knowledge about how the tool and gadgets of these systems perceive that data and 

analyze them. After the basics are demonstrated, a higher level of understanding the 

environment and analyzing the data captured from the scene is described. Kernel density 

estimation is implemented as a higher level approach which evaluates the probability of 

information included in the scene for being assigned as foreground or background [1, 2, 

4].  

Using fuzzy logic in understanding and computation enables the machine to think closer 

to humans and be replaced with them. Fuzzy logic methodologies recently have been 

developed rapidly turning to new algorithms like eClass, eTS and exTS which facilitates 

the machines to be highly unsupervised and self-leaner for clustering data  resulting in 

many application in pattern recognition, robotics, image and signal processing and 

security systems. Evolving classifiers and their extended versions are discussed in this 

report as essential aspects of novelty detection and object tracking using evolving fuzzy 

rule-based classifiers. In order to pave the understating of this approach, the procedure of 

eClass [11, 12, 13] is described along with image segmentation, self-localization and 

landmark recognition. Evolving classifiers are robust algorithms for extracting and 

grouping the information in an online and autonomous way while being unsupervised. In 

many circumstances, like unknown environments where the human needs to navigate and 
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map out the land, human interactions are risky and so should be replaced by machines 

which are somehow capable of deciding and learning. This project describes the methods 

which can improve the learning ability of machines for detecting and analyzing patterns 

of data.  

This work is organized in certain chapters in order to provide necessary fundamental 

information as well higher level procedures which are used in implementing novelty 

detection and object tracking as below: 

Chapter 1 provides an overview of the project and introduction to the purpose and 

methodologies. 

Chapter 2 demonstrates the concept of object tracking and basic method which are used 

for this purpose.  

Chapter 3 presents an advanced approach to object tracking using kernel density 

estimation techniques for evaluating the background and foreground model. 

Chapter 4 describes evolving fuzzy rule-based clustering and its applications, using this 

type of clustering implementation of image segmentation, self-localization and landmark 

recognition and ultimately object tracking is explained. Comparison between kernel 

methods and eClass is also illustrated.  

Chapter 5 Kalman filtering and exTS method are introduced to note out the use of 

prediction algorithms performing along with object tracking and their comparison with 

each other. 

Chapter 6 conveys the main purposes of this project and outlines the comparison between 

algorithms. 

The last chapter, Chapter 7, suggests a method for improving the algorithms implemented 

for novelty detection and object tracking. 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 12 

 

References are appended to the end of this project along with a CD containing resulted 

video and the software codes for executing object tracking. 

This project due to its emphasis on autonomous and self-learning algorithms is to be 

implemented on autonomous uninhabited vehicles (AUV) available at Digital Signal 

Processing laboratory of Communication Systems department at Lancaster University. 

The provided AUVs are ActiveMedia Pioneers 3-Dx robots.  
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2 

Object Tracking Concept 

 

In many visual control and surveillance systems there is a need of detecting objects in a 

scene for security purposes. Understanding the activities of different components of 

prospect enables the security system to detect the suspicious movements and to enforce 

the required consequences automatically or to warn the operator to do so. The basic 

functionality of surveillance systems like cameras is to capture the video sequence, 

perceive the events happening and to locate the position of the action in the outlook. 

Therefore, the changes happen in a video sequence are the basic data for a system to 

detect the unusual motions. The changes could be classified into two groups. Absurd 

changes do not carry any certain information for a system and does not worth the 

attention say the movement of tree branches in an outdoor environment and could be 

discarded, on the contrary the important alterations are the ones which should be 

processed by the system as like the human movement in the same outdoor environment. 

Therefore, the threshold is determined by the designer of the system according to the 

requirements. In some systems like traffic surveillance the major movements are 

important like cars passing through the streets, in contrast, for some indoor security 

systems, where a human position shift is important, high level of interpretation should 

also be performed like labeling person‟s body parts which require precise classification of 

the object. The entire procedure to determine and follow an important moving object in a 

scene is known as Object Tracking. A part of this project is to implement different 

algorithms for object tracking [1].  

2.1. Object Tracking Basics and its Difference with Target Tracking 

Target Tracking is also one of the methodologies used by many surveillance and control 

systems. The difference between these two methods lies in the different concept of target 
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and object. Target is an object which needs to be predefined for the system in order to be 

tracked. An operator specifies the object initially for the systems and thus the system 

follows the locked object during a video sequence or any other database whereas in 

object tracking, system determines the important moving object autonomously and hence 

performs the following action. Comparing the two systems, this could be concluded that 

surveillance systems performing object tracking are more sophisticated and applicable 

due to being able to control the environment without a human operator which may not 

initially specify the target properly or some certain changes in the video sequence may 

not be visible to his vision [2]. 

2.2. Real – Time Object Tracking  

In many visual surveillance systems, huge volumes of data are stored in the form of video 

in order to be inspected by humans after events happening in the scene focused by the 

camera. The off-line methods require a large amount of computer storage for archiving 

video streams for hours and hence it is not very efficient [1]. Currently the usual 

computers are fast enough which enables us create algorithms for object tracking in on-

line mode. These algorithms could facilitate the interpretations of video sequences in real 

time as well as reducing the storage requirement for archiving the videos, besides these 

methods could enhance the video transmission by discarding the unnecessary data and 

keeping the valuable information about those particular objects classified as important 

ones.  

2.3. Object Tracking Methods 

In order to specify the moving objects in a scene, initially, the prospect should be 

classified in two different groups. As mentioned in the introduction, video stream is a 

flow of images. Comparing two consecutive image frames, the components which their 

position is constant in both the frames are classified as background and the particles that 

are moving from a location to another location in successive frames are classified as 

foreground. Foreground concept could be extended to the objects that do not form the 
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earlier image and they come to existence in the later frames. Hence, the major work for 

object tracking is to distinguish the background and foreground portions. 

2.3.1 Background subtraction – block algorithm  

The easiest way to track an object is to compare the intensity (color) of each pixel in an 

image to the corresponding pixel in the next frame. Pixels at any certain position in an 

image frame, contain the color information, therefore, in case the color of two pixels at a 

same position but in successive frames is the same, they could be classified as 

background. This operation is done using simple mathematical subtraction [3]. In other 

way, the background is static and to detect the moving object in a video stream, each two 

frames should be subtracted from each other. Considering that an image frame in a video 

sequence is 120 x 120 pixels, Therefore, each to compare two frames following operation 

should be preformed: 

( ( ) ( ( 1)( , ) ( , )Frame K Frame Ki j i jpixelvalue Pixelvalue                    (2.1) 

Zero result of (2.1) shows that there is no change in the pixel value and therefore, these 

pixels are the part of background.  

2.3.2 Problems of Block Algorithm 

Various problems would occur in block algorithm due to following aspects [3]: 

 Illumination Changes: the brightness of a scene may vary from one frame to 

another, for instance, in a later frame clouds may appear in the environment that 

makes the frame darker than the previous one. Even though clouds most probably 

may not turn up suddenly in a frame, still they will alter the brightness of the 

image gradually. On the contrary, some events, may suddenly change the 

environment illumination, say a car with lights on in a dark environment coming 

to a scene, lights will brighten a part of the background which used to be dark in 

the previous frame.  
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 Camera Oscillations: The static camera may oscillate due to terrestrial conditions. 

Mostly the cameras are mounted on a shaft or the wall which may face to slight 

shocks because of wind, rain or fast movement of a heavy truck. Consequently, a 

pixel on the top left of the image which is not disturbed by any incoming object 

and should be classified as background, due to the camera shock, will be grouped 

as foreground in the (2.1) equation. Because that particular pixel does not have 

the same intensity at the corresponding position in the next frame. The frame is 

shifted after fluctuation. 

2.3.3 Color Transformation 

Various color systems are used to encode the color value of a pixel. Most commonly used 

system is „RGB‟ [4] which stands for Red, Green and Blue and is formed by combining a 

percentage of each to present a color. Basically „RGB‟ carries color information in such a 

way that the calculation is more convenient [5]. In this color system, each pixel contains 

of three channels, pertaining to each of the „RGB‟ factors. Range of each channel is 0-

255. For instance in order to represent red color, the red channel should be fully saturated 

and the other two channels should be empty like (255, 0, 0), hence combination of three 

channels would form the desired color. However, using this channel does not help us to 

overcome the illumination changes mentioned in 2.3.2. „HSV‟ is another color system 

which is more close to human perception because it corresponds better to how people can 

perceive a color. In „HSV‟ system „H‟ stands for Hue which represents the color in an 

angle from „0‟ to „360‟ degrees, „S‟ represents Saturation indicating the grey amount of 

color ranging from 0-100% or sometimes 0-1 in normalized form. If a darker color is 

designated, lowering the saturation which means more amount of grey color is needed; 

hence „0‟ in saturation channel represent grey color. „V‟ or Value is the brightness of the 

color and varies with the saturation; that is why „HSV‟ could be called as „HSB‟ as well. 

With the increase of „V‟ the color brightens up and varies from 0-100% or 0-1 in 

normalized form. This system enables us to eliminate the illumination disturbance of the 

image by removing the value channel from the color. Due to this, in case the brightness 
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of image changes from one frame to another, the pixel values would not differ at certain 

positions from each other.  

 

Figure 2.1: Representation of Hue, Saturation and Value (HSV) color space 

 

Based on previous explanations, it is needed to first transform color information captured 

by camera from „RGB‟ to „HSV‟ and then eliminating the brightness channel. The 

transformation is done using bellow formulae [4, 5]: 

 

max( , , )v R G B               (2.2) 

0                                                                           if max(R,G,B) = 0 

min(R,G,B)
1-                                                    otherwise

max( , , )

S

R G B




 

  

                           (2.3) 

undefined,                                                             if max(R,G,B) = min(R,G,B)

G - B
 60    + 0                 if max(R,G,B) = R and G B

max(R,G,B) - min(R,G,B)

G - B
H= 60    

max(R,G,

 



 

  + 360            if max(R,G,B) = R and G B 
B) - min(R,G,B)

B - R
60     + 120            if max(R,G,B) = G

max(R,G,B) - min(R,G,B)

R - G
60     + 240            if max(R,G,B) = B 

max(R,G,B) - min(R,G,B)









 

                

















            (2.4) 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 18 

 

2.3.4 Segmenting Image Frames into Blocks 

Camera Oscillation mentioned in 2.3.2 is another deficiency in this type of object 

tracking. Slight movement of static camera causes shift in pixel positions, therefore, (2.1) 

would not be proper evaluation for comparing two pixels in two consecutive frames at the 

same position. In order to sort out this drawback, it is possible to segment the image into 

blocks of say 16 (4 columns and 4 rows pixels forming a square) or 84 or even more 

pixels. The segmented block would be compared with the corresponding block in the next 

frame instead of pixel by pixel calculation. The mean of the color intensity of 16 or more 

pixels would be placed as „1‟ pixel with its color channels obtained from averaging colors 

of all the pixels included in the block. This process reduces the root mean square error of 

pixel displacement due to camera oscillation; however, this method decreases the 

resolution of the image due to data compression as taking the mean of 16 pixels and 

replacing it as 1 pixel. Ultimately, segmenting the image into blocks and eliminating the 

brightness channel after color transformation would not fully satisfy the equation (2.1) 

because of different amount of possible camera displacement which may result in more 

than 16 pixel variations or even less. Thus defining a threshold is a method to 

approximate the border between a foreground and a background in such a way that if the 

difference is less than the threshold, the processed block containing 16 or more pixels 

will be assigned as background and if more, it will be counted as foreground. Background 

is derived from equation (2.5). Threshold is assigned by try and error through 

experiments, or could be obtained by training for the first few frames to reach to a proper 

value; in addition, adaptive threshold is a way to modify its value to be compatible in 

different environments. 

( ( ) ( ( 1)( , ) ( , ) <Threshold Frame K Frame Ki j i jpixelvalue Pixelvalue          (2.5) 

As the major calculation in this process is a simple subtraction, this method could be 

implemented in real-time in such a way that the sequences of frames are captured by 

camera and at the same time are fed into the system, only 1 frame at a time should be 

stored in the buffer due to the need of comparing each newly coming frame with the 
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previous one. Hence the system is always one frame behind from the camera flow and as 

the camera captures almost 30-35 frames per second, one frame delay is not significant to 

the time of operation.  

(a) (b) 

Figures 2.2: Two Consecutive Image Frames on top : (a) is 1
st
 one, (b) is 2

nd 
 frame  

 

(c) 

Figures 2.3: Result of (b) 

Figure 2.3 illustrates the background subtraction for the second frame (b). Comparing the 

first and second frames in figure 2.2, it is obvious that a hand holding a book has been 

added to the scene; therefore by differentiating both frames, the added portions are 

classified as foreground by white color and the rest as background shown by black color. 

If case the proper threshold or segmenting the image into blocks is not applied, the result 

would be as bellow: 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 20 

 

 

Figures 2.4: Inaccurate Threshold, Not segmenting the image into blocks 

 

Figure 2.4 depicts the result of improper threshold assignment and not segmenting the 

image into blocks. In the left part of the image, there are some pixels allocated as 

foreground which is due to small shock of camera, however, in case of segmentation, this 

would be avoided as shown in figure 2.3. Another example is shown in the following 

figure 2.5. Raw video is taken from [1]. 

 

Figures 2.5: Background subtraction using block segmentation 

 

As figure 2.5 depicts, the object position could be the mean value of foreground pixel 

positions shown by a red dot. Foreground pixels related to a certain object turning into an 

image or moving along the image dimensions are intense due to the space occupied by 

the object. Therefore, taking the mean value of the intensities locates the center of object. 

2.4. Summary 

Perception of events happening in a scene is done by many visual surveillance systems. 

These systems are to detect unusual movements autonomously or by operator in order to 
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track the object and warn the required security batch to enforce the proper reactions. This 

chapter was to convey the concept of object tracking and the difference between an object 

and a target. The way of manipulating the raw data taken from a static security camera 

and the subtle methods of eliminating the effects of sudden or gradual brightness change 

in a scene along with the segmenting the image frames into square blocks was performed 

in this project in order to establish a better understanding of object tracking. However, 

methodologies introduced in this chapter are basic ways of tracking object and are not 

robust for various environments where the condition changes specially in outdoor scenes 

where rain, snow or other disturbances may occur to the prospect. In overall, 

methodologies implemented in this chapter are feasible for approximating the object 

location not to precisely perceiving the shape and the position of it. More sophisticated 

methods of object tracking will be discussed in coming chapters. 
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3 

Background Modeling 

Non-parametric Kernel Density Estimation 

 

This chapter aims to discuss about more sophisticated methods of novelty detection and 

object tracking. Basic concept of object tracking and novelty detection mentioned in 

former chapter paves the way for discussing more detail about this significant operation 

of many surveillance and security systems. The method which will be discussed in this 

section is based on non-parametric kernel density estimation (KDE) that is a way to 

perform background and foreground modeling of the object present in the scene in order 

to be detected and followed, however, other methodologies like parametric computation 

and mean shift algorithm will also be mentioned in order to establish a better 

understanding about the reason of choosing this method as a feasible on-line way to 

detect and track the object.  

3.1.  KDE General Approach 

Autonomous surveillance systems make use of cameras and other sensors to 

automatically realize and monitor the events happening at a site [1]. Automatic 

understanding by the systems would enable the users to detect the suspicious and 

abnormal activities which happen in important areas. Many of current systems work 

offline by archiving voluminous data as a backup to be provided for eventual human 

inspection which is not very applicable due to storage limitations and human mistakes, on 

the contrary unsupervised control systems draw the attention of human operators to 

potential mistakes and optimize the storage capacity of systems by discarding the 

redundant data which are the moments captured by camera where no event happens and 
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decreasing the bandwidth required for video transmission [1]. Real-Time or online 

autonomous control systems are to detect the unusual movements, object tracking or 

more precisely human body labeling and understanding the interaction among people in a 

scene where the systems is mounted. In order to achieve this by these types of security 

systems, lower level visional computation is needed or in the other word it is required for 

the systems to have a certain level of intelligence. It should be mentioned that all the 

online controllers do not necessarily need to have intelligence; an operator could initially 

specify a target for the systems and hence the system will be locked on the target and 

follow it consequently in different situations, however, as mentioned earlier these types 

of systems may not be fully accurate due to potential human mistakes for tracking 

unusual motions, however, autonomous controller need to distinguish sudden major 

changes in the scene in order to detect and follow them. 

To implement such task, the designer should make the system to determine different 

objects in the scene to ultimately distinguish between the constant and moving ones by 

building a representation of each object. Once the system defines a representation of each 

object present in the scene, it could classify the constant objects as background and 

compare the newly appearing objects in further frames with the background 

representation. The entire process is to subtract the background from the scene which is 

called background subtraction and whatever object that is not classified as background 

will be assumed as foreground and should be in the concern of the controller to be 

followed [1, 6, 7].  

This method focuses on two major steps: first to construct a statistical representation of 

the background to be sensitive to motive objects and then to build up another statistical 

model called foreground in order to follow the changes happen in the scene or in the 

other word to track the moving objects. A method for building background or foreground 

models is known as statistical modeling, where each pixel in an image is modeled as a 

random variable in a particular feature space along with the probability density function. 

For instance, each pixel of an R, G, B image, has 3 different values pertaining to each of 

the color channels and is modeled as feature space, say „R‟ represents the red feature of 
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the pixel; the probability of each pixel existing in a foreground or background is modeled 

by the probability density function [1, 8] in a parametric or non-parametric form. The 

probability of the pixel value could be estimated in a way by defining parameters for the 

probability density function obtained by training the data [8]. Alternatively, non-

parametric approaches enable the system to speculate the probability of the pixel‟s value 

in the future frame by the use of past samples. This approach which is in the scope of this 

project is very flexible and accurate, nevertheless it is very memory consuming due to the 

need of storing the former pixel values [1, 8]. On the contrary, implementing this method 

does not require any assumption about the underlying distribution [1]. In a simple way, 

the value of a pixel at particular position may or may not change at different times, thus 

to model the background or foreground, it is needed to know, whether this pixel is going 

to be in the same previous situation in terms of color and density or not. In case of having 

the same condition, this pixel is allocated as background, otherwise foreground. Another 

note which should be mentioned is that, no background or foreground model could be 

attained right away after the first frame, as mentioned earlier in the object tracking 

concept, background is a relative term and is achieved by comparing few consecutive 

frames, besides certain portions of an image which is specified as foreground could once 

be a part of background and vice versa, imagine a car enters an image and then stops; 

during this event, portions of the image are first background then converting to 

foreground and later they will be allocated as background again relative to future frames. 

So in order to model a background or foreground a window function is needed which is 

the same as buffering some frames according to window size at any certain time to role as 

a criterion for speculating the foreground or background. In this project the aim is to 

utilize the non-parameter estimation for both foreground and background modeling in 

order to execute background subtraction for detecting moving objects in various outdoor 

environments capable of performing in changing brightness and illumination of the scene. 

For estimating the underlying density probability function of a pixel, a particular 

nonparametric technique which reduces the accumulation requirement by avoiding the 

storage of the entire data is performed known as Kernel Density Estimation [1].  

    
ˆ ( ) ( )i i

i

f x K x x 
       

       (3.1) 
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Where K is the “Kernel Function” and is a function to weight random variables used in 

non-parametric estimation techniques for evaluating random variables where in this 

project is the pixel value in density functions. Kernel functions are several types that 

most commonly used is Gaussian, but could be changed in certain circumstance to other 

functions like Cauchy for simpler mathematical calculation of recursive features.  

Modeling the background could be implemented in different ways as mentioned earlier; 

however, the most commonly used is to manipulate the pixel intensity (color) over time 

[1]. One simple method is to model the pixel intensity using a single Gaussian 

distribution function with zero mean value; nonetheless this way is not feasible for the 

non static outdoor environment where small changes in the environment like moving of 

tree branches may result in disturbed background and hence a single Gaussian will not 

represent the entire pixel variations over time [1].  

3.2.   Kernel Density Estimation Techniques 

Assume a sequence of a particular pixel values over different frames [1]:  

 
1,2,....i i N

S x


               (3.1) 

„N‟ represents the number of frames which that particular pixel is included with a 

distribution function of ( )P x , and an estimate ˆ ( )P x  

1

1ˆ( ) ( )
N

i

i

P x k x x
N




              (3.2) 

where k is the kernel function which is also known as Window Function with a 

bandwidth. As mentioned earlier, window function is to buffer few frames at any initial 

stage to perform the comparison for finding the background and foreground elements. 

Window enables the estimation of the last pixel‟s distribution to be allocated as 
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foreground or background. The bandwidth of the kernel function is the bandwidth of 

distribution function, even though mostly Gaussian function is used for distribution and 

for this method as well, however, choosing this function is different from accumulating 

the distribution into Gaussian model which is known as normal distribution [1, 8]. As 

kernel function is symmetric and could converge asymptotically to any density function 

in case of proper sampling, for evaluating the probability of each point, it is needed to 

average the influence of kernel function centered at concerned estimation point [1]. 

If case of more feature spaces associated with pixel, which means more dimension for the 

data, the product of single dimensional kernels should be used as bellow [1]: 

1 1

( )1ˆ( )
dN

i j

j

i j j

x x
P x k

N


 


              (3.3) 

Based on (3.3) the same kernel function is used in each dimension with a proper 

bandwidth related to that particular dimension, therefore, it is needed to assign a suitable 

bandwidth for every channel. As mentioned earlier, combination of kernel functions used 

for different channels in non-parametric density estimation is not like mixture of 

Gaussians employed in parametric methods. Gaussian is used for its differentiability, 

continuity and locality property [1] that along with its symmetrical property enables the 

system to be more general in estimation and hence no assumption is needed for the shape 

of density function [1]. The major deficiency in using kernel density estimator is the 

computational cost where this problem is somehow sorted out by the current generation 

of computers with fast and efficient calculation capability. 

3.2.1.  Concept of Background modeling 

Based on previous explanations in chapter 2 and 3 in further detail, it is relatively clear 

that major surveillance systems, make use of an stationary camera mounted on a fixed 

place to grab image frames where form a video stream in order to be process by the 

system to detect and track the unusual motions in the scene. This can be implemented by 

comparing each frame with the previous frame in order to observe major changes which 
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have happened to the image known as background subtraction in case the first frame is 

constant and assumed as “no event happening” frame, otherwise the first image also 

should be classified into background and foreground itself. This is the initial stage of 

visual security systems.  

Background subtraction could be applied in various methods like the one explained in 

chapter 2 as block segmentation or pixel by pixel differencing based on features like 

intensity, edges and disparity.  In any methodology, the system should be aware of an 

important alteration of the background at certain circumstances. Illumination changes or 

unwanted motions of the camera in outdoor environments or the weather conditions may 

affect the background to change where these changes should not be classified as 

foreground, for instance in outdoor environment, due to wind the tree branches may 

move which this movement should be specified as background movement not entering 

the foreground zone. As mentioned earlier, the objects moving in the scene comparing to 

the previous frame as assumed as foreground, however, these types of motions should be 

discarded as disturbances. Another type of disturbance introduced to the geometry of the 

background is due to the relatively constant movement of the object in the scene like the 

human walking which causes shade or the car parking in the scene [1].  
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3.2.2. Non – Parametric Background Modeling 

For modeling the background the system uses the intensity (color) of the pixel as main 

feature, it keeps the value of each pixel in the memory and try to estimate the density 

function of the pixel intensity distribution [1, 8, 3].  

 

Figures 3.1: density function of the pixel intensity distribution [3] 

 

Figure 3.1 shows the performance of the Kernel Density Estimation function, the upper 

graph illustrates the density function of pixel intensity distribution over a certain period 

of time. The lower graph depicts the estimation of density function using non – 

parametric method. This way enables the model to estimate the probability of any newly 

observed color value. Flexibility of kernel function facilitates the surveillance system to 

be subtly robust in conditions where small variations happen to the background as like 

moving tree branches and bushes [1].  
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3.2.3. Mathematical Calculation of KDE 

Let 1 2 ,..... Nx x x be a sample group of intensity (color) values for a certain pixel, 

therefore, 
1x represents the color value of the pixel in 1

st
 frame and relatively the rest of 

the samples in further frames. Using these samples, it is possible to attain the estimate of 

pixel intensity pdf function at any color value [1].  

1

1
( ) ( )

N

r t t i

i

P x k x x
N




              (3.4) 

k is the kernel function with bandwidth  [1]. As shown in (3.4) there is only one kernel 

function which means only one feature space, in order to generalize this formula for more 

feature spaces that are the same as color channels, bellow formula could be derived from 

the product of kernel functions [1]. 

1 1

1
( ) ( )

j j j

dN

r t t i

i j

P x k x x
N


 

                            (3.5) 

where „d‟ represents the color channel and hence the 
j is the bandwidth of the kernel 

function in that particular channel. This formula shows that the probability of every 

pixel‟s intensity at time „t‟ in any channel is the average product of kernel functions. As 

mentioned earlier the most commonly used kernel function is Gaussian that will be 

replaced in (3.5) as bellow [1]: 
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         (3.6) 

After estimating the probability, if ( )r tP x threshold  the pixel tx  is considered as 

foreground otherwise as background, Threshold is assigned globally and could be 

adjusted in order to lower the percentage of false detection or defined as adaptive. 
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Practically the probability estimation in (3.6) could be processed right away by 

calculating the kernel function in offline mode as a lookup table and difference of 

intensity values. In this method the estimation takes place using a window function as 

most recent samples which means adding new frames and discarding the previous 

ones[1].  

Another major concern in this type of estimation is to define a proper bandwidth for 

kernel function. Theoretically, as the number of samples increases to infinity, the 

bandwidth role will fade, however, it is still necessary to choose the proper bandwidth 

because this method is supposed to be performed in real-time where a certain number of 

frames are only going to be kept as buffer and the process should take place at short time 

intervals. Hence the choice of suitable bandwidth plays an important role in kernel 

estimation as in case of small one, density estimation will tend to be ragged or on the 

contrary wide bandwidth causes the density estimation to be over-smoothed [1].  

In order to estimate the bandwidth of the kernel function, it is required to consider that at 

different environments, the pixel intensity (color) may have jumps instead of varying 

smoothly. This is because, different objects like sky, tree branches or rain drop may 

mirror onto the pixel while their edge is passed from the same pixel, and this creates a 

certain jumps for that particular pixel. In the other way, image a smooth background 

containing trees and a road, in ideal case where there is no rain or wind or camera 

motion, if nothing passing from the background, then the entire image remains constant 

and will classified as background in different frames, therefore, the intensity of a pixel at 

certain position is relatively the same as the value in previous frames or exactly the same 

in case of no illumination changes. Hence in terms of pixel value difference, the gap will 

be always smooth and increased or decreased in a rational and expected tendency. 

Despite the ideal case, especially in outdoor environments where the weather condition 

changes, consider a leaf or a tree branch moves due to the wind, then the edge of these 

objects coincide and overlap on a pixel which formerly used to be smoothly changing or 

constant in the background and even in the future frames also is going to carry the same 

value in case the leaf or branch moves back again by another wind. Therefore, only in 
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one frame this pixel value surges abruptly. These sudden gaps in the intensity of pixels 

caused by background movement are disturbances which should be eliminated by proper 

and robust kernel bandwidth and the effect of them is relatively small comparing to 

smooth and constant variation of background yet significant if a precise background 

subtraction is needed. Hence median absolute deviation (m) of any two successive frames 

1( , )i ix x   is calculated to represent bandwidth of kernel function. Median itself is a proper 

choice for calculating bandwidth as it divides the distribution into two equal parts, 

however, median absolute deviation is the average of the absolute difference of intensity 

pixels for any two consecutive frames
1i ix x  , therefore, median is calculated between 

as many successive frames that are available in the window (window size). Since the 

Gaussian distribution is symmetric with zero mean value 2(0,2 )N  the median of 

absolute deviations, m, is equal to the quarter of the total amount of deviation 

distribution. As the maximum probability of estimation is „1‟, therefore [1],  

2( (0,2 ) ) 0.25rP N m               (3.7) 

And hence, the standard deviation of the first distribution is assessed as [1]: 

0.68 2

m
                (3.8) 

3.2.4. Updating the Window and Background 

Background is modeled amongst number of frames in the window or in the other term 

window size; therefore, it is necessary to update the background at any instance where 

the window moves. The concept of the window is a buffer of few frames (the number of 

frames is defined once through the entire process and is chosen based on experimental 

results) where among these frames, the median of absolute deviation is calculated in 

order to model the background and find out the probability estimation of newly coming 

pixel intensities. Therefore, in real-time the window should also move to shift the scope 

of operation to the place where the new frames are fed into the system. In case of 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 32 

 

avoiding to update the background, the model may change after a period while the newly 

frames fed to the system are still compared with the old background model, for instance, 

if initially a car enters to the scene, that car is defined as moving object, but when the car 

stops in the prospect and a human enters in, the car this time should be classified as 

background and only the human should be foreground, however, in case of not updating 

the background both human and car are going to be classified as moving object cause the 

newly frame containing a constant car and a moving human is compared with the initial 

background modeled at early frame containing neither the human nor the car and by 

subtracting the added segments, two objects will remain in the foreground. 

Another important note in updating the background and foreground is the window size. 

Usually video surveillance systems capture 30-35 frames per second. Defining the 

window size should be in such a way to cope with the real-time system as well as 

facilitating the system to be capable of tracking fast moving objects entering the scene 

and exiting in a rapid pace. Therefore, there are two major concerns in window size 

definition keeping in mind that 35 frames are captured by the system in only „1‟ second: 

in case of choosing the window size too small, the calculation of kernel function and 

bandwidth of it would not be computationally efficient and may result to deficiency of 

the system performing real – time, on the contrary, if the window size is defined very 

large say 40 frames, foreground model may totally change as well as the background in 

that time interval and hence the intensity jumps turns to major disturbance is calculating 

in-time distribution which may result in failure of the system to detect and track the fast 

moving object. The most feasible and commonly used window size in KDE based on the 

experimental results is 10-15 frames on the condition that no abnormally fast object like a 

fighter jet passes from the scene (if the camera scope is small, then a giant voluminous 

object like a jet with more than 1000 km/h speed passes in small fraction of a second may 

disturb only 1 frame of the window) where in that condition, the object may be reacted by 

the system as a small interruption and will not be consequently detected.  

Movement of the window can be in two ways, either jumping or sliding. When the KDE 

operation is performed and the background is modeled, consequently the probability 
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estimation is executed and it is time to proceed with the newly coming frames, therefore, 

the window should be shifted in order to contain the new scope of the operation. If the 

window starts completely from the first new frame, means shifting equal to window size 

and the former data is discarded, this movement is called jumping, on the contrary, in 

case one frame is added up to the window and only one frame from the beginning of the 

window gets discarded, this window function moves in sliding way. Sliding way increase 

the computational cost and memory consumption as every frame should be operated more 

(stack wise operation) and the frames sustain in the memory for a longer time, 

nonetheless the result will be more accurate, therefore choosing the sliding or jumping 

window is a tradeoff between the benefits and disadvantages of each and is highly 

dependent on the system specifications, time and the prospects of operation. 

3.3. Experimental Results 

KDE algorithm has been implemented using MATLAB programming language. 

Following images are the results of KDE object tracking implemented on video sequence 

[9], the entire video sequence [9] processed in real-time is attached on the CD to this 

report. 

  

Figures 3.2: Background Subtraction and Object Tracking 
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  Figures 3.3: Object Tracking Results (right figures) in Real Time 

 

3.4. Analysis of the Results 

Results obtained from KDE algorithm using Matlab programming language were 

illustrated on section 3.3. The results are essentially into two groups: object tracked 

shown on the background subtracted frames in figure 3.2 and tracked object in real-time 

shown on color frames in figure 3.3. Basically figure 3.2 shows the core of operation and 

how the particles of the image is defined for the system, on the side figure 3.3 shows the 

skin of operation and the way where an operator or an observer may see the performance 

of security system. In addition, some other results showing the inaccurate implementation 

of the algorithm is shown in this section for comparison and to establish a better 

understanding about the importance of different steps of this algorithm.       
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As mentioned earlier, specifying the window size and the shifting method of the window 

along with the appropriate kernel bandwidth designation influence the robustness of the 

system in different circumstances. As the figure 3.3 clearly depicts, the outdoor scene is 

disturbed by heavy rain and in case of improper bandwidth the system will likely fail. 

Too wide a bandwidth for this situation will smooth out the density estimation and as the 

image itself is already disturbed by rain and the object is hardly recognized, the pixel 

intensities are close to each other, hence object may get lost for the system or tracked in 

the wrong position. The example of choosing a wide bandwidth in such condition is as 

bellow:  

 

  Figures 3.4: Improper Bandwidth of Kernel Function – Wrong Tracking 

On the contrary, small bandwidth will lead to a ragged density estimate [1] which 

hardens the system to properly discriminate between pixel intensities and results in 

disturbance of the background model. An example of small kernel bandwidth is 

illustrated as bellow: (raw video from [10])  

 

  Figures 3.5: Improper Bandwidth of Kernel Function – Disturbed Background Model 
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3.5. Summary 

Object detection and tracking was implemented for visual surveillance systems using 

non-parametric kernel density approach. This method develops a model of background 

and foreground at any interval related to the window size specified for the system, the 

model uses pixel intensity as a feature for modeling, further by keeping the intensity 

values of pixels, the system estimates the density function of the pixel intensity 

distribution and speculates whether the newly coming pixel should be allocated as 

foreground or background. This algorithm in addition to being capable of performing 

object tracking task in cluttered environment is non-parametric which is a general 

approach and makes the designer indifferent about the shape of density function and 

defining different parameters for every environmental condition. Obtained results made 

the robustness of the system in different illumination changes or camera motions visible, 

identified and tracked the objects efficiently in all the video sequences which are 

enclosed to this report on a compact disc.  
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4 

Evolving Fuzzy Rule – based Classifiers 

eClass 

 

Classification is a part of decision theory which assigns each data sample to a certain 

group or class and has many applications in image and signal processing, process control 

and pattern recognition. Classifying has been introduced for quite some time mostly 

using techniques work in off-line (batch) operation in order to train the classifier before 

the real – time execution and subsequently implementing the trained classifier on new 

sequence of data, on-line. However, before implementing the trained classifier on real 

online data, it is needed to validate the performance of the classifier in offline mode in 

order to modify the parameters to improve allocation of data to proper groups which 

requires cost and supervision [14]. On the contrary, there are innovative approaches 

which will be explained in this section to on-line classification making use of fuzzy rules 

while being evolving. This chapter apart from briefly explaining this methodology is to 

illustrate some of the applications of data classification like image segmentation or 

unsupervised data clustering for autonomous uninhabited vehicles (AUV) in order to be 

able to detect the novelty in a scene and perform the object tracking.  Some of the 

approaches using evolving fuzzy – rule based classifiers to detect and track a novelty or 

object are innovative which are going to be justified in this chapter. 

4.1.   eClass 

Extracting the features of data members in a sequence of information in order to allocate 

them into proper groups is a major concern in many industrial systems, robotics, signal 

and image processing, decision making, data mining and automatic object recognition. 

Each group of data contains a set of information with distinguishing characteristics which 

are common amongst data and are not similar to the features of data allocated in other 
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groups. Extracting data features and subsequently grouping data which in overall is called 

classification is a difficulty faced due to large quantity and fast production of information 

in many current practical problems [11]. Analyzing high – volume, non – stationary data 

flow is tedious and time consuming which brings innovative methodologies in order to 

reduce the complexity and time. Practically storing the entire voluminous data into a 

system and analyzing them in batch mode (offline) using the complete data set and 

observed labels is not an efficient way for grouping information and hence boosts the 

need of real time classifier capable of extracting tractable knowledge from data and 

digital signals [11].  

Evolving fuzzy rule – based classifiers are systems without a fixed structure. These 

transparent and interpretable systems [11] are “evolving” due to their ability to modify 

themselves and grow or shrink gradually. This changeable structure facilitates the system 

to become better and more adaptive while analyzing the data in real time; therefore 

“evolving” classifiers are systems which trend to adapt themselves gradually and 

naturally without defining any fixed parameters by designers or in the other terms they 

are evolutionary. Functionality of evolving fuzzy rule – based classifiers is more similar 

to how people think and become more matured in their life time. Humans learn more 

rules gradually during life through experience and based on their analytical power 

towards incoming data, whereas the rules are not fixed and predefined for them at the 

time of birth. Therefore evolving fuzzy rule – based systems can extract information from 

unlabeled data streams and classify them into certain groups making them very efficient 

for real time function approximation and unsupervised classification [11, 15].  

4.1.1.   Data Potential and Recursive Calculation 

Evolving classifier starts from scratch in the way that gets initialized with the first data 

sample. Each data sample in a class contains a fuzzy rule in order to define how much of 

the data is being allocated in each of the groups. As mentioned above, classifier starts 

from scratch which means that the first data fed to the system is assumed as the center of 

the group and is given a potential of „1‟ making it a prototype for the first group. Further, 

by feeding new data to the classifier the potential of each data is evaluated to find the 
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suitability of the data becoming another prototype (forming a new fuzzy rule). Deciding 

the newly coming data as a new prototype (means a newly fuzzy rule should be formed or 

in a simple way, a new group should be specified) depends on the data spatial density 

measurement called potential. Potential of each data is the function of accumulated 

distance between the concerned data sample and all other samples gathered in a group. 

Therefore, in order to measure the potential of each point, it is needed to measure the 

distance between that point and all the other points in the data space for every class which 

represents the density of data surrounding that particular point. In a simpler way, imagine 

a group where there are particular data gathered in a group with the common features and 

characteristics, a newly coming data, should be allocated to either this group or other 

groups, therefore, the potential of being a prototype (means the center of the group) 

should be measured. This measurement enables the system to find whether this data 

sample is suitable to be allocated to this group or not, and if so, can it be the center of the 

class or not. Potential measurement, calculates the density of the data around the point, 

which if the potential is higher than the potential of the current center in case of a close 

distance which will be explained later in this chapter, then it means there are more data 

around this point that makes it as a new center. Distance between data samples could be 

calculated using different formulae like Euclidean or Mahalanobis [11, 12, 13]. 
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                     (4.1) 

( ( ))kP X k  is the potential of the Kth data sample. Using this formula requires the 

previous data information to be stored in the systems in order to be accessed whenever 

the new data is arrived where this way is in contrast with the real time system concept. 

Therefore, there are some mathematical manipulation techniques explained in [16] to 

make (4.1) recursive as bellow: [12]  
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Values 
ka and 

kc  can be calculated using the current point 
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Values kb and j

kf  require past information which can be calculated recursively using 

equations (4.7) and (4.8) while keeping only the last value in the memory. 

1 1 1; 0k k kb b a b                    (4.7) 

1 1 1; 0
k

j j j j

k kf f x f
                   (4.8) 

Once the new data is fed to the system, the potential of the centers change, this is due to 

the new point entering the data space and hence influencing the data special density, in 

the other words, addition of a point changes the density of the gathered points around a 

center, thus subsequently after calculating the potential of the new data, the former data 

centers (focal points) should be updated in terms of their potential and compared with the 

new data spatial density. Bellow shows the equation for calculating the data centers of 

focal points recursively [11, 12]. 
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One of the famous data sets which are used as a benchmark for evaluating the 

performance of the classifiers is Iris data set. Classification of this data set using evolving 

classifiers starting from scratch with zero initial fuzzy rules is as bellow [11]: 

 

  Figures 4.1: Classification of a data set called Iris using eClass [11] 

As shown in figure 4.1 data are gathered around a group based on their specifications and 

the radius of the class and some of them do not belong to any group due to not having the 

similar features to any of the sets. Grouping the data as mentioned earlier is based on the 

features and their closeness to the features of the other data, based on these features, the 

position of data on the axes is formed and hence the data spatial density is presented. 

Radius of each class is the boundary of closeness of data included in that particular class. 

Later in this chapter the complete method of the classification using evolving fuzzy rule – 

based classifiers for image processing will be explained, but before, it is needed to 

explain eClass procedure. 
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4.1.2.   eClass Procedure  

Evolving fuzzy rule – based classifier can either start from scratch with no predefined 

rule or with some pre-specified fuzzy rules. Each data entering the classifier can form any 

new rule for the classifier or update and modify the previous existing rules [11]. In case 

the classifier is designed in such a way that the new data provided by a label can generate 

new rules, the classifier is suitable for on-line classification. If the label is not available, 

then the existing fuzzy rules can predict a new class. Evolving classifier is able to work in 

the combination of both methods. The significant property of evolving classifier is that, 

not only the number of fuzzy rules needs to be specified before the operation but also the 

number of classes is not pre-fixed.   

Implementing eClass in online mode starts with zero fuzzy rules, the first data entering 

the classifier, is assumed as a center of a newly formed class, hence the first data has the 

potential equal to the maximum potential of a prototype which is „1‟. From the second 

data onwards, the potential of each data is calculated recursively and consequently the 

potential of the previous centers should be updated because of the change happened to the 

spatial density due to the addition of a data. After these calculations, potential of new 

data is compared with the previous focal points (centers) and the possible outcomes are as 

bellow: 

*

1

( ( )) ( ( ))max
iR

i

k k
i

P x k P x k


          (4.10) 

Equation (4.10) shows a condition where the potential of new data is compared with the 

potential of centers which has already been updated. „R‟ is the number of available 

classes and the focal points are represented as *ix . Therefore, the new potential is 

compared with the potential of all centers from class „1‟ to „R‟. In case new data is 

having a higher potential for being a prototype than the maximum potential of any of 

previous focal points, it should be specified as a new data center, therefore, a new fuzzy 

rule – based should be formed around the new prototype. Furthermore, it is needed to 

check whether the previous focal points are well defined by the new added fuzzy rule or 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 43 

 

not, in other word the value of membership function for all the previous focal points 

should be evaluated. This membership function could be determined by measuring the 

distance between the new point and the data center which is having the maximum 

potential after the potential of new data. In case the distance is smaller than the 

predefined radius, the new data is of course a new prototype, but the number of classes is 

not increased and only the previous center is replaced by new data as the new center of 

the group, therefore the entire structure of the classifier does not change. However, in 

case the distance is higher than the radius, it means that the new data is having new set of 

features which could not be in overall as a member of that class, therefore, it will form a 

new class and the structure of the classifier is also modified. Ultimately, in case that the 

potential of new data is not higher than any of the focal points‟ potential, then this data 

should be allocated to one of the existing classes (whichever is closer based on its 

distance to centers) and the structure again retains unchanged. Following code is a part of 

eClass implementation using MATLAB programming language. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

[pmax,index] = max(p_centers); % for instance the second center’s 

potential is highest 

     

if ((p_current > pmax)&&(distance(index) <  0.5 * 0.5))   % 

(0.5*0.5) is half of the radius or radius 

 

xcentre(index,:) = Xk(:); 

centroids = xcentre(index,:); 

p_centers(index) = p_current; %new data is replaced with the 

former center 

cluster_id = index; %number of classes does not change, new 

data will be the center of the previous class which had the 

highest potential 

         

elseif ((p_current > pmax)&& distance(index) > 0.5 * 0.5 

         

        R = R+1; %new class will be added 

        xcentre(R,:) = Xk(:);%new data is the new center 

        centroids = xcentre(R,:);  

        p_centers(R,:) = p_current; 

   cluster_id = R; %new data is the center of the newly      

formed class 

else 

% no change in centers and classes, only one class will have  

one  more data based on the distance of the new data and all 

the centers 

        cluster_id = m; % min distance index 

        centroids = xcentre(m,:); 

end 
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  Figures 4.2: Flowchart of Evolving Classification for real-time application [11] 

The entire eClass procedure explained in this section is depicted concisely by figure 

(4.2). eClass is non-iterative and recursive classification suitable for on-line applications. 

The recursive property of eClass enables the system not to store the entire data history 

and performs without any significant loss of information. As shown in figure 4.2, 

classification can start in two ways, either from scratch with no predefined rule, called 

„D‟ (design mode) where the system learns and adapts itself to new data over time or with 

some initial rules which can be updated based on newly coming data, called „C‟ 

(classification). It also works with the combination of both. Results obtain from eClass 

are better than the off-line pre-fixed classifiers [11]. 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 45 

 

4.2.   eClass Applications 

Evolving classification as discussed in section 4.1, is a common approach to many image 

and signal processing, robotics and control systems due to the novel features which 

enable the system to perform accurately in real – time, without the need to memorize 

history and being evolving as the most significant property specially for autonomous and 

self – learner systems. This section aims to explain the implementation of novelty 

detection and object tracking based on eClass, however, before reaching that point it is 

needed to discuss about state-of-the-art in eClass as a novel, unsupervised and efficient 

approach for visual self – localization and novelty detection in an unknown environment 

as well as image segmentation.  

4.2.1.   Self – Localization and Novelty Detection in Completely Unknown 

Environment 

In order to navigate a vehicle in a land, it is needed to supply map and absolute 

coordinates for the system [12]. If the map is not available or reliable, the best way is to 

use the surrounding co-ordinates and environment to extract knowledge and make a map 

by self – localization of trees, rocks, roads or other objects as landmarks. On the contrary, 

sometimes at certain circumstances where human life is at risk like being in a war zone, 

or maybe other planets, it is risky for human to learn the environment in order to make a 

map, therefore, Autonomous Uninhabited Vehicles (AUV) are used in order to self – 

localize and design a map to be used by people. There are two essential demands in these 

situations; first is to avoid using human for learning the environment and making a map 

which is sorted out by using AUVs, and the other issue is that the AUV should be capable 

of detecting landmarks and self-localizing the map, unsupervised and autonomously 

which this is also resolved using a novel approach to eClass.  

In order to self – localize and make a map, it is needed initially to recognize and navigate 

the features of the scene which are the same as objects (landmarks). Therefore, self-

localization is an outcome of landmark recognition. Navigation in an outdoor 

environment is more complex than indoor scene due of lack of determined features or 
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objects like corners, doors and corridors, in the other word, the scope of prospect in 

outdoor environment is vaster than indoor with many different objects, besides analyzing 

the complexity gets more tedious due to motion of objects caused by their exposure to 

weather condition [12, 17]. Consequently, outdoor terrain navigation using AUVs 

requires on-line autonomous system to be able to self – localize and make the map. In 

order to satisfy the autonomous condition, AUV needs to localize the map unsupervised, 

means that it should move along the scene, grab the frames from the mounted camera 

(AUV system concerned in this report are Active-Media Pioneers 3-DX robots) and 

analyze the frames in order to determine the landmarks existing in the scene. Another 

note which should be considered is that the AUV starts performing autonomously and 

unsupervised, therefore, it should be having an evolving feature, because the number of 

landmarks is not pre-specified and fixed [12, 17].  

Various computationally efficient and fast landmark recognition and self-localization 

schemes exit like self – organizing maps (SOM), eSOM (evolving SOM), self-organizing 

neural networks, dynamic evolving neuro-fuzzy inference systems and resource 

allocation networks [12], however, none of these algorithms consider data density, hence 

they are prone to generate many landmarks (pseudo landmarks) and require cutting many 

of them, besides they are not based on specifying the focal points (prototypes) of the 

scene, this makes the system allocate the data in a spatial density inappropriately and 

classifying the newly coming data into groups where the centers are not correctly 

determined. Another disadvantage of these systems is that they eliminate much of 

important information because of not keeping the entire data in the history and just 

comparing new data with the inappropriately defined centers [12].  

Recently a novel approach for self-localization has been introduced using Mountain and 

subtractive clustering [11] and another new method for classification based on evolving 

fuzzy rule-based classifiers (eClass) [11, 12, 13]. This combined method is used in many 

robot tracking applications and autonomous self – learners due to being on-line, 

recursive, unsupervised, evolving and computationally fast and efficient. Unsupervised 
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feature of this method enables the system to start from scratch with no fuzzy rules and 

with no knowledge about the number of landmarks (classes).  

Using this method, the AUV travels in the unknown environment and captures frames 

from the mounted camera. The color intensity of frames is analyzed as the feature of data 

and the first seen frame is specified as a class or landmark with specific data centers 

(prototypes). While the AUV is travelling, more frames are captured and each frame is 

fed to the classification algorithm which analyzes the color intensities in order to define 

the centers. In the other word, every frame itself is segmented into clusters (when a group 

is specified in unsupervised mode it is called cluster) along with a label which is the 

index of landmark, as mentioned earlier the first frame is considered as the first 

landmark, therefore from the second frame onwards, after the centers of each frame are 

specified, these centers are compared with the existing landmark centers. In case the new 

centers are close to any of the existing landmarks, then this frame carries the same 

landmark index and the information is discarded, this enables the system to throw away 

the history which is not important and only keep the track of significant landmark 

centers. The closeness of the newly coming frame‟s centers to the existing landmark focal 

points is calculated using Euclidean, Mahalanobis or cosine distance. On the contrary, in 

case the centers of new frame is not close to any of the existing landmarks‟ centers, then 

the new landmark is formed and labeled and a fuzzy base – rule is specified around it. 

This process makes the system to be sensitive to the unseen environments by specifying 

them as new landmarks. The ability to differentiate between the common frames and the 

scenes which have not been ever seen by the AUV is called “Novelty Detection”. By 

observing the previously seen environments, the system recognizes the scenes using the 

fuzzy classifier which is to calculate the level of similarity between the new frame and 

the existing landmarks, resulting in a robust and flexible system to realize the 

environment. In overall, the eClass is performed to classify the different scenes from 

contextual background and is efficient for adaptive navigation and route planning [12]. 
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4.2.1.1. Feature Selection and Image Processing 

Algorithm of self-localization and novelty detection along with eClass procedure 

explained in former sections, however, the inputs of the eClass for self-localization is 

discussed in detail in this section.  

While the AUV is travelling, the frames are captured by the mounted camera and pre-

processed in real-time. One on the pre-processing methods, is to simply segment each 

grabbed image into bins (column wise and row wise), this method is the decomposition 

of the original bitmap image. Imagine a frame of M x N pixels, segmenting this image is 

done by breaking up the frame into a grid of smaller (m x n) local images [12], say a 

bitmap image of 640 x 480 pixels is segmented to 12 smaller local images with the size 

160 x 160 as shown below: 

 

 

  Figures 4.3: Breaking up an image into smaller local images [12] 

Each of the local images (bins) should be assumed as a pixel or one data which is going 

to be fed to eClass. As mentioned before, pixel intensity or color contains three different 

color channels: Red, Green and Blue. Therefore, in order to attribute a value to each of 
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the bins, the mean of the pixels included in the bin should be calculated for each of the 

color channels.  

160 160

2
1 1

1

(160)

R R

pq ij

i j

I
 

           (4.11) 

where 
R

ijI denotes the intensity of the red color in 
thi column and 

thj row of the bin. 
R

pq  

declares the mean value of the Red channel in the bin formed by thp vertical division and 

thq horizontal division   ( p =[1,3] and q =[1,4] in above image). Therefore, having 12 

bins, each containing 3 color channels (red, Green and Blue) results in 36 features in an 

image. These 36 features all with together represent each of the frames grabbed by the 

camera and will be fed to evolving fuzzy rule-based classifier in order to be clustered and 

only centers of clusters will be remained in the history. Note that in case of converting 

the RGB values to HSV as explained in chapter 2, better results will be obtained. The 

structure of evolving classifier as explained before is in such a way that the feature vector 

will be compared with the existing focal points and the similarity is computed by 

measuring the distances [12]. 

The feature vector contains three elements each include three members as below: 

 1 2[ , ,...., ]T

nx x x x                                          (4.12) 

11 34 11 34 11 34[ ,..., ; ,..., ; ,..., ]R R G G B B Tx                          (4.13) 

For instance 34

R  is the mean value of Red for the 3
rd

 row and 4
th

 column bin and the 

analysis of the fuzzy rule-based classifier is as shown below: 

* *

1 1: (     ) ....  (     )  (   )i i i

l n n lR if x is close to x AND AND x is close to x Then x is LM    (4.14) 
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L is the number of classes and i

lR  denotes the 
thi fuzzy rule; i=[1,N]; N is the number of 

fuzzy rules. Is case of the similarity the image will be classified with the label of 

landmark L.  

 

Figures 4.4: Flowchart of Landmark Recognition (left) – Network Diagram of eClass Land marking (right) 

[12]  

Figure 4.4 (left) depicts the flowchart of landmark recognition where the frames are fed 

recursively to eClass machine in order to be clustered and evaluated, ultimately as figure 

4.4 (right) reveals, each image is presented by 12 pixels (RGB mean of the 12 bins) and 

clustered, later the cluster centers are compared with the already existing landmark focal 

points where in case of closeness or similarity to the centers of any of the landmarks, the 

label of that particular landmark is indexed to the frame.  

4.2.2.   Image Segmentation using eClass 

The entire process of eClass has already been explained in former sections along with 

some of the applications. Another application of eClass is to use the spatial density of 

data included in the image like the way described in 4.2.1.1 but in order to cluster only a 
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single image and segment it into various regions where each region contains similar 

features [11, 12, 13]. 

For image segmentation using evolving fuzzy rule-based classifier, it is needed to pre-

process the data of an image before feeding it to eClass function. As like the previous 

applications of eClass for image processing, the pixel intensity (color) contains the data, 

therefore assuming the information of an image as an M x N matrix representing the size 

of the picture, it is required to initially convert this information to a row vector matrix 

feasible to be fed to eClass function as the data vectors should be in the form of (4.12). 

Ultimately information is fed to eClass and based on the pixel intensities and their 

similarity to the other pixels, the image is clustered into different groups. eClass 

algorithm is extremely fast and it takes about 330 milliseconds to cluster a single image 

with 256 x 256 pixels or almost 10 second for 30 frames using MATLAB on a Centrino 

1.5 GHz and 1 GB of RAM considering that using HSV values for pixel intensities 

instead of RGB, results in better image segmentation. In order to simply show the 

clusters‟ regions in the image, the color of each pixel changes to the color of the center 

pixel of that particular cluster which it has been allocated to, while the pixels are fed to 

the eClass function in real-time and the groups are formed in evolving way. 
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        (a)                                                        (b) 

 
         (c)                                    (d) 

Figures 4.5: Image Segmentation using eClass 

Figure 4.5.(a) depicts the original image and (b) is the segmentation of (a) using RGB 

values, while (c) illustrates the effect of segmentation making use of HSV values. It is 

clear that clusters which are filled with a unique color are less in numbers in (c) 

comparing to (b). In many applications like tracking the voluminous objects in an outdoor 

scene where the precision of the shape in not very important, less number of formed 

clusters resulting in faster computation in preferable, therefore HSV values fed to eClass 

machine are more efficient, notifying that (b) contains three clusters while (c) contains 

only 2. Another segmentation method using HSV is to eliminate the brightness, as 

mentioned earlier in object tracking sometimes it is needed to eliminate the brightness in 

order to overcome the illumination changes of the environment, hence (d) is the outcome 
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of segmentation implemented in this way. Using image segmentation to track the object 

will be explained in next section in detail; therefore, it is suffice to only describe different 

aspects of segmentation in this part and clarifying the ambiguity regarding the relation 

between image segmentation and object tracking is subject to the next part. Another issue 

which should be considered while implementing image segmentation using eClass is that 

the clusters are formed gradually and autonomously with no fixed priori; therefore, the 

system does not have any speculation about the data fed to eClass. In case the system 

could somehow speculate the data, which this requires supervision to some extent, then 

the adjusted clusters would be more precise, in other words, if the system obtains a 

general perception about the data before processing it, the clustering results would be 

more exact. This can be achieved by training the system with a part of data sequence in 

advance. Considering following images: 

 
(a)                                                         (b) 

 
        (c)                                   (d) 

Figures 4.6: Image Segmentation using eClass (Training the Systems) 
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Figure 4.6.(a) and (c) are the original images while (b) and (d) are respectively the 

segmented results. It is clear that (d) contains more accurate clusters comparing to (b). 

This is due to the small difference on top left of (a) and (c). This small block on top left 

of (c) carries the information of almost all the colors included in the entire picture and as 

the eClass is performed using the pixel intensities (colors), therefore, this block is a kind 

of training for the system. Figure 4.6.(c) is a manipulated image in order to show the 

difference of clustering in case of training the system, keeping in mind that processing 

number of images in a row in real-time does not allow the designer to initially pre-

process each of the images and then fed them to the system. To sort out this problem, it is 

possible to perform eClass „2‟ times for each of the frames in case of encountering 

sequence of images; this will enable the system to get a perception about the information 

included in the picture and consequently better clustering will be attained after the second 

time, besides as mentioned earlier about the time taken by the system to segment an 

image, eClass algorithm is recursive and highly fast, so the time consumption would not 

be significant.  

4.2.2.1. Comparing eClass and Kernel PCA in Image Segmentation 

Various algorithms are available for image segmentation apart from clustering using 

evolving fuzzy rule-based classifier. One the most recent approaches introduced in April 

2007 is Weighted Kernel PCA which focuses on spectral clustering analysis [18, 19]. In 

order to emphasize the significant superiority of eClass method for applications like 

image segmentation, it would be fruitful to compare some of the results derived from 

both the algorithms time wise as well as quality wise. 

According to [18, 19], weighted kernel PCA, partitions the image using methodologies 

representing graph-based segmentation. A pattern is analyzed using kernel methods along 

with principal component analysis. The image is subsampled into smaller images each 

contain a perception of the entire original image. The smaller images are fed to the 

system in order to specify suitable parameters for segmenting the original image. Later 

on, after number of processes on training, validation and test samples, the optimized 

parameters will be applied to the entire image using kernel functions [18, 19].  
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        (a)Original                                                              (b) Kernel PCA 

 
               (c) eClass 

Figures 4.7: Comparing eClass with Kernel PCA for Image Segmentation 

Figure 4.7.(b) and (c) depict the result of image segmentation using 2 different 

algorithms, it is clear that clusters formed by kernel PCA is slightly more precise than 

eClass. However, it is needed to take the time consumption of each procedure into 

account [18, 19].  

 

Figures 4.8: Time Consumption of Image Segmentation using Kernel PCA versus NCut [18] 
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Time consumption using two different algorithms is illustrated in figure 4.8. Upper graph 

is related to kernel PCA method which is in our concern. Required time for segmenting a 

color picture with „12000‟ pixels is approximately ‟10,000‟ seconds using Matlab 

programming language on a Pentium system with 2.8 GHZ and 1 GB of RAM [18] while 

according to section 4.4.2, the time usage for segmenting a color picture with ‟65,536‟ 

pixels is almost „0.33‟ seconds. Comparing this aspect of performance for the mentioned 

algorithms, it is clear that eClass is extremely faster than kernel PCA, making it efficient 

for real-time applications whereas kernel PCA is only applicable in off-line mode being 

slightly more precise. 

 

Figures 4.9: eClass performance versus Kernel PCA 

As figure 4.9 indicates, the time taken by eClass to segment an image is negligible 

comparing to kernel PCA system considering that even the number of pixels that eClass 

is applied to, is almost 6 time more.  

4.2.3.   Object Tracking using eClass 

A novel approach for Object Tracking using evolving fuzzy rule-based classifier is 

introduced and explained in this section. As mentioned earlier in chapter 2 and 3, for 

detecting a novelty and tracking the object, the system should be sensitive to outlook‟s 

significant variations and be capable of discriminating between the mobile objects and 
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absurd alterations which are worthless to be notified, while being robust to illumination 

changes and camera oscillations.  

The same procedure applied for self-localization [12] and image segmentation will be 

implemented with slight difference in formatting the data and feeding it to eClass. In self-

localization, a flow of frames are fed to the eClass machine in order to be clustered into 

different groups and ultimately the cluster centers of each image will be compared with 

the corresponding focal points in the other frames if the number of clusters are the same, 

in order to determine the similarity between them considering that the frames should be 

in the same window [11, 15]. Executing self-localization as explained earlier requires 

implementing image clustering using eClass. For object tracking also the same 

methodology is used, however, instead of passing the frames grabbed by the camera 

mounted on AUVs as an entire batch on data, a row of same position pixels belonging to 

window frames will be fed to eClass.  

 

Figures 4.10: Formatting the data to be fed to eClass 
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As shown in the figure 4.10, information of each frame is allocated in a horizontal vector 

while the data fed to eClass are the corresponding pixels from different frames in a 

vertical vector. The number of frames where the pixels are extracted from is subject to 

the window size which is „n‟ in above figure.  

Evolving fuzzy rule-based classifier is then applied to same position pixels in order to 

cluster them into groups. Imagine a pixel in position „p‟ belongs to background for say 

„10‟ frames, hence all the pixels holding position „p‟ in „10‟ frames are having the same 

intensity and should be allocated in one group. In case a change happens to the scene and 

affects the pixel „p‟, then the intensity of pixel, changes and consequently a new cluster 

should be formed. In other words if pixel position „p‟ changes the label of its cluster at 

time„t‟, it turns to be foreground at that particular time considering that assigning a pixel 

as foreground or background has already been explained in chapter „2‟ and „3‟. 

An ambiguous issue which may cross the mind is that a pixel could be in background for 

a certain period and turns to be foreground and ultimately again background or vice versa 

while being in the same window. This situation happens when an object enters a part of a 

scene and before the window comes to an end, it goes out of that portion. In this case the 

pixel intensity in the last status is equal or similar to its initial value and hence should be 

allocated to the same cluster. As mentioned before, at any certain time where a pixel 

changes its label, the status of that pixel should be modified to the next condition 

considering that there are only two possible conditions either foreground or background.  

There are some other basic issues which are better to be notified again. Problems due to 

camera oscillations and illumination changes could be resolved by segmenting the 

information matrix into blocks as described in chapter „2‟. Window size is another major 

concern in this method of object tracking. First it should be informed that only the frames 

in a window are in concern at each stage of operation and as eClass is a very fast 

recursive algorithm, the time taken for the system to analyze the entire data of a window 

is very short depending on window size. Therefore, window size should be defined in 

such a way to reduce the execution time in order to be feasible and efficient for real-time 

applications and should be synchronized with the maximum possible speed of the mobile 
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object in that particular time. For instance in case the surveillance system is mounted in a 

highway to control the traffic problems, the concerned objects are cars which may pass 

through the scene with a fast pace, in this situation widening the window function may 

cause in allocating more pixels in background, as the object influences only a small 

number of frames in the entire window, therefore the window should be relatively small. 

On the contrary for indoor security or the systems that are supposed to track human 

activities, window frames are influenced with slower pace, hence, small window is not 

exposed to many changes and will not be able to detect the foreground. For instance, 

imagine a human is moving through a scene, and the window size is say „3‟. As 

mentioned before, cameras usually grab 30-35 frames in a second, therefore „3‟ frames 

take approximately one-tenth of a second, in this period human body as an entire object 

does not change a lot in an outlook, therefore, the pixel intensities for these 3 frames are 

constant and will be allocated as background even though the human has been moving, 

thus specifying a wider window will cause the system to detect the alterations in the 

scene in order to allocate them as foreground. Ultimately window size should be trade off 

against the speed of the moving object depending on the scope of the outlook, but for 

eClass a window size of „40‟ frames has performed efficiently in different environments.  



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 60 

 

 

Figures 4.11: Object Tracking using eClass 

Figure 4.11 depicts the tracked objects in 4 frames of a video sequence; raw video has 

been captured from the mounted camera on a robot ActiveMedia Pioneer 3-DX and [10]. 

4.2.3.1. Comparing Object Tracking Results using eClass and KDE 

Object tracking using eClass is a novel approach introduced and explained for the first 

time in section 4.2.3. KDE algorithm described in chapter „3‟ is another method for 

background and foregrounds modeling and could be used in object tracking applications. 

However, here are some major differences between these two methodologies while being 

used in object tracking. As both ways have already been explained in detail, it is suffice 

to say only the significant performance distinctions. 
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a) Object tracking using eClass is 2.3 times faster than KDE procedure. Even though 

both the systems should be performed in real-time, however, the kernel method 

using data weight is more time consuming resulting in constraint on window size 

definition. In case of wide window (wide buffer) in KDE, the system would be 

always behind from the actual movement in the scene and results in miss 

targeting, this could be somehow sorted by making the window as „Jumping‟ 

instead of „Sliding‟, but this lowers the accuracy of the system. On the contrary, 

eClass always uses „Jumping‟ window with no effect of its performance due to 

the structure of the system using classification of pixels in buffer. 

 

b) eClass algorithm is recursive and computationally fast, discarding the worthless 

history and keeping only the focal points, requires less memory comparing to 

KDE. 

 

c) KDE is very sensitive to the threshold which should be defined based on 

experience and training the system for every environment, on the contrary, eClass 

does not need any threshold, the only factor which should be considered in eClass 

algorithm is to define how wide a cluster can be by assigning a radius, but this 

radius is more robust than KDE threshold and normally does not need to be 

modified in different environments.  

4.3.   Summary 

Unsupervised learning and clustering using evolving fuzzy-rule based classifier was 

explained and implemented for different applications. Using eClass for self-localization 

and image segmentation established a better understanding about data analysis while 

being unsupervised and autonomous and paved the way for background and foreground 

modeling, shaping the idea for accomplishing a novel approach to novelty detection and 

object tracking. eClass as a system which extracts the features of data autonomously with 

no supervision, is feasible for online applications where no or little knowledge is 

available from the concerned data. Evolving property of eClass enables the system to 
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analyze the information without having any pre-fixed structure and capable of online self 

learning. In self-localization and image segmentation, pixels of each frame are fed to 

eClass machine in order to be clustered and attributed by a label, subsequently frames‟ 

labels are compared with each other and any unique label is designated as a land mark 

facilitating the system for self mapping an unknown field. Ultimately, slightly different 

procedure of self-localization was implemented for object tracking; the system was 

capable of tracking the object in test color video sequences and the results were compared 

with KDE algorithm as a common approach to background subtraction, consequently 

eClass showed better efficiency and more robustness than KDE. 
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5 

Prediction of an Object Position 

 

While object tracking systems perform, it is possible to simultaneously estimate the next 

position of the object using Kalman Filtering or evolving extended Takagi Sugeno (exTS) 

or any other type of prediction, therefore object tracking algorithms could be combined 

with prediction methods.  Implementing a prediction module in parallel with the object 

tracking enables the system to be more confident in deciding the next position which 

should be under focused. The prediction methods which are going to be introduced in this 

chapter are fast and could be executed in real-time, however, as the performance of most 

of these algorithms depend on the data history, they are not assumed as authentic sources 

in the beginning steps, however, in further stages of operation where the object has 

already determined its pace, prediction of the next stage is very accurate. Often in order 

to reduce the computational cost, object tracking could be used in early stages and after a 

while, following the position of the object will be subject to prediction, however, in case 

the object direction changes in the scene, again object tracking module of the surveillance 

system would rather perform. The advantage of Kalman filtering and especially exTS is 

that they can keep pace with the object only after few steps (frames) even if the object 

changes its direction as described in former chapters, each step or frame is almost one-

thirtieth of a second which means that the time taken by these prediction algorithms to be 

synchronized with the object motion is negligible.  

5.1. Kalman Filter 

Kalman filter is a set of mathematical equations introduced by R.E. Kalman in 1960, 

which provides efficient recursive method to predict the state of the data while 

minimizing the mean of squared error making it beneficial to many autonomous and 

unsupervised applications [20]. It works as an adaptive filter in such a way to initially 
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estimate roughly by following the first data item imported to the system and later on, 

after realizing the second information in the sequence of discrete data flow, it starts to 

adapt itself by modifying the parameters in order to reduce mean of squared error [20, 

21]. In the other word, the major task of Kalman filter is to predict the future status of a 

data in discrete time linear system. This section aims to briefly explain the structure of 

Kalman filter [21].  

Below equation represents discrete time linear systems 

1j j jx ax bu                           (5.1) 

where jx  is scalar, a and b are constants and ju  is also scalar, j represent the time [21]. 

From now it is possible to model this equation, to a prediction system. Imagine 1jx   is the 

former data, fed to the system and after the manipulation caused by the system, jx  will be 

out. The purpose of prediction system is to predict jx  when the operation is at stage 1jx  . 

The above equation can be represented pictorially as below [21]: 

 

Figures 5.1: Representation of a Discrete Time Linear system [21] 

In case some noise is added to the system, the result would be as below: 

1j j j jx ax bu w                  (5.2) 

where jw  represents the white noise and is orthogonal with the input, so the mean is zero 

and the covariance is Q. 
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Figures 5.2: Noise (W) has been added to the system [21] 

In order to reduce or eliminate the added noise, filter should be applied; however, the 

applied filter also could add a certain amount of noise to the system [21]. 

j j jz hx v       (5.3) 

jz  which is the measurement of jx  depending on the gain h whereas jv as mentioned 

earlier is noise which will be imposed to the system through filtering process. This noise 

source is also independent of the input as well as the other noise source while having zero 

mean and covariance R [21].  

 

Figures 5.3: both the noise sources are added [21] 

As shown in figure 5.3, in order to eliminate the noise from the estimation of „x‟ another 

noise also will be added which is undesirable, therefore, the task of Kalman filter is to 

reach the estimation, means filtering „z‟ while minimizing the effect of „v‟ and „w‟. „T‟ 

denotes the time delay. 
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Figures 5.4: the whole Structure of Kalman Filter [21] 

As figure 5.4 depicts, 1
ˆ ˆ

j j jx ax bu

                                                     (5.4) 

where ˆ
jx
 is referred as a  priori estimate (estimate based on the previous data), in order 

to estimate ˆ
jz , as shown above, it is needed to initially obtain ˆ

jx
 . The difference 

between the estimate output of ˆ
jz  and the real output of first filter is called Residual [21]. 

„K‟ represents Kalman Filter. 

ˆˆResidual j j j jz z z hx                     (5.5) 

As shown in figure 5.4, the residual is fed to Kalman filter in order to be added with 

priori estimate, the resultant is called a posteriori estimate ˆ
jx .  As block diagram depicts, 

posteriori estimate with a time delay forms the estimate of the former data, therefore, 

larger Residual causes a larger posteriori estimate resulting in inefficient estimation of 

the former data. Therefore, the parameters of Kalman filter are playing a significant role 

in the entire procedure and should be defined optimally. However, as the block diagrams 

illustrate, Kalman filter gets feedback by a priori in order to adapt its parameters. This 

could be done by subtracting a priori from the actual current data at any time instance. 

Thus the system will adapt itself and reaches the suitable parameters after some iteration 

making it suitable for real-time prediction. Changing the index of time to „k‟:  
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^ ^ ^

| | 1 | 1( )k k k k k kk kX X K Z X                          (5.6) 

where 
^

|k kX  denotes the estimation based on information at the time „k‟ (past and current 

outputs) and 
^

| 1k kX   subsequently indicates the estimation based on only past values. 

Equation (5.6), predicts the object position at time „k‟ [22] reminding that „K‟ represents 

Kalman gain. 

In order to establish a better understanding about Kalman filter, it would be well worth to 

perform this system to a data set obtained from object tracking algorithms in order to 

compare the prediction of object position at any time instance with the actual value.  

 

 

Figures 5.5: Prediction of Object Position using Kalman Filtering 
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As figure 5.5 depicts, Kalman predictions are very close to actual values, the only 

instances where the predictions are slightly more different than the real values are the 

times that the object changes the direction suddenly. The reason behind this was 

explained earlier in this section. On figure 5.5 number of data represents time as well, 

because at any time instance, only one data is fed to the object tracking or Kalman 

System, therefore, the operation performs on the data say „thirtieth‟ at time „t=30‟. 

Considering this note, it is worth to take a look on the figure once more. At around time 

„t=40‟, object on both „x‟ and „y‟ axes suddenly changes its tendency, the position is 

decreasing on both axes means getting closer to the specified origin, and then it starts to 

increase again. At this certain point Kalman filter which uses the history of object motion 

needs some iteration to be updated and synchronized with the actual positions track.  

5.2. evolving extended Takagi – Sugeno (exTS)  

A system using Takagi – Sugeno model includes a rule – base which contains two fuzzy 

(IF – THEN) rules [23]. „E‟ which stands for „Evolving‟ is an added feature to (TS) 

enabling the model to adapt and modify the parameters and weights of the Takagi-

Sugeno system network. Evolving extended Takagi-Sugeno (exTS) is an extended model 

of (eTS) [16, 22] which performs based on the combination of evolving online clustering 

(eClustering) [16] and a set of recursive least squares (RLS) per cluster. eTS turns to 

exTS by changing the method of forming the clusters into a way that the clusters are 

learned using the data scatter [16, 22]. Hence, exTS initially clusters the input-output data 

space based on the potentials of data points and then the structure of the model evolves 

when the system encounters to a data which is more informative [16, 10]. exTS could be 

used for object tracking systems in order to predict the next position of the object 

whereas the complete description of this model could be found in [16, 22] but in order to 

express the general notion behind the exTS mode while predicting the object positions in 

a color video, its suffice to only illustrate a figure which shows the overall procedure of 

clustering the data.       
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Figures 5.6: Evolving Clustering Location – Cluster Focal Points and the Radius of their Influence 

 [16, 22, 10] 

It is clear from figure 5.6 that the pixels pertaining to the position of object on vertical 

and horizontal axes are clustered into groups represented by center points with the 

particular radius of influence, So any pixel which is under the scope of a particular 

cluster, will be allocated to that group.  
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In order to observe the performance of exTS, the same data sequence which was obtained 

by object tracking and predicted by Kalman filter, is now fed to evolving clustering 

system.  

 

Figures 5.7: Prediction of Object Position on Y axis by exTS 

 

Figures 5.8: Prediction of Object Position on X axis by exTS 

As figures 5.7 and 5.8 show, the similarity (correlation) between the predicted values and 

the real ones is very high, for „Y‟ axis this similarity is nearly „99‟ percent overall. This 

means that exTS is an efficient prediction system. 
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5.3. Comparing exTS with Kalman Filter 

In order to evaluate the performance of exTS and Kalman Filter in respect to each other 

for prediction applications, it is required to compare the correlation and root mean square 

(RMSE) factors of each regarding the actual values. In the other word, the result obtain 

by each method should be measured in terms of similarity and number of error pixels to 

real values.  

 

Figures 5.9: Comparing Kalman Filter and exTS Prediction 

As figure 5.9 depicts, the average number of pixels which are different than the actual 

values for the entire data sequence in Kalman Filter prediction is nearly 60% more than 

exTS which results in less correlation to the real information. Thus, even though Kalman 

Filtering is an efficient approach for prediction, exTS reveals better consequences in 

predicting the object positions.  
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5.4. Summary 

Prediction algorithms could be implemented simultaneously with the object tracking 

applications in order to reduce the computational cost and increase the confidence of the 

system in choosing then next position of the target. Kalman Filtering and exTS as two 

prediction methods were described and ultimately compared with together. Both showed 

efficient in estimating the future target position though exTS highlighted better results. 
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6 

Conclusion 

 

Extracting the features of information and allocating them into proper groups based on 

the distinguishing characteristics of data items, is a part of clustering procedure where in 

case of being capable of performing autonomously without a prior knowledge about the 

type of data, will be feasible and efficient in pattern recognition which plays a major role 

automatic object tracking applications. Methodology of evolving fuzzy rule-based 

classifiers and their performance while being applied for novelty detection and object 

tracking applications were explained in this report in order to show that these classifiers 

could be used in unknown environments to execute pattern recognition autonomously as 

well as unsupervised by making use of their evolving property, however, before 

implementing an object tracking system using eClass, this report aimed to establish a 

better understanding about the surveillance systems in general and their basic 

functionalities. Therefore, the important aims of this report were: 

a) To clarify the basic functions of security structure and design a simple real-time 

novelty detection and object tracking system 

 

b) To implement a real-time  object tracking system using background modeling 

 

c) To design a real time object tracking system using eClass 

The first part was to describe a structure for differentiating the frames captured from 

camera while eliminating the camera oscillations and illumination changes, this method 

was a general approach and the perception of the system about the scene was not very 

high level. 
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The second part was aimed to describe a more sophisticated method of novelty detection 

and object tracking making use of kernel density estimation in order to evaluate the 

probability of the a pixel in a frame to be specified as a foreground or background. Thus 

this method was a high level approach, being sensitive to only important activities occur 

in a scene enabled the system to discard the information pertaining to the absurd motions 

taking place due to weather conditions like movement of tree branches or rain and snow. 

However, this method was memory consuming and very much dependent on the 

threshold defined by the designer which should have been modified in different 

environments.  

The third major purpose of this report was to introduce a novel approach for object 

tracking making use of evolving fuzzy rule-based classifier while optimizing the memory 

consumption of the system and increasing the independency of it. However, in order to 

describe this system as a novel approach, it was required to initially explain the method 

of eClass [11, 12] in detail and some of its applications where their concepts had paved 

the way for designing the object tracking system. Therefore, the third part was contained 

of another new approach for image segmentation as well as self-localization and novelty 

detection. 

6.1. Image Segmentation 

In image segmentation, each frame as a data matrix with three dimensions, each 

representing the color channel, used to be converted to a vector data and fed to eClass 

machine. Based on pixel intensities, the data used to be segmented into certain groups 

holding similar characteristics among cluster members while being distinguishing 

comparing to other groups. Process of segmenting the image using eClass was extremely 

fast and it took about 330 milliseconds to cluster a single image with 256 x 256 pixels or 

almost 10 second for 30 frames using MATLAB on a Centrino 1.5 GHz and 1 GB of 

RAM. Ultimately this procedure was compared with another method introduced in April 

2007, named Kernel PCA. The comparison showed that eClass is a much faster than 

Kernel PCA however, kernel method is slightly more precise as it detects the edges of the 

pixels. 
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6.2. Self-localization and Novelty detection in an Unknown Environment 

This sections, explained the importance of novelty detection in self-localizing and 

mapping an unknown environment. In order to explain the method of self – localization 

and map making, it was needed to describe how to detect a novelty and navigate an 

object in the scene before reaching the self-localization. The entire methods were to be 

implemented autonomously and in online mode. The obtained frames from the camera 

used to be pre-processed with image segmentation method, each segment in the frame 

was specified by a center of cluster, these focal points used to be compared with the 

corresponding centers in the next frame and the similarity was measured by Mahalanobis 

or Euclidean distance based on the fuzzy rules formed around the centers. In case of 

similar centers, frame used to be attributed by the label of previously recognized 

landmark and evolving property of eClass enabled the system to map the land 

autonomously by self learning and clustering the scene into certain landmarks [12, 13]. 

6.3. Object Tracking 

The same procedure implemented for image segmentation was slightly changed to define 

and track an object in a scene autonomously and in online mode. Pixels with the same 

positions but in different frames used to be fed to eClass machine in order to be clustered 

to different groups. a pixel could be allocated as either foreground or background, in case 

of any variation in cluster labels of the pixel, it would be designated to alternative 

condition. The entire procedure was compared at the end with the KDE, consequently 

eClass revealed better results is terms of computational cost and memory consumption 

due to being recursive, besides, environment dependency which was a major drawback of 

KDE method forcing the designer to modify the threshold of the system in different 

outlooks was reduced in eClass way. Another benefit of eClass was the „Jumping‟ feature 

of the window function, allowing the system to perform faster and discard more of the 

information without losing important data.  

Ultimately, this report demonstrated two major methods for predicting future object 

positions. These methods could work simultaneously with the object tracking module of 
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the control system, increasing the confidence for tracking and reducing the computational 

cost. The performance of Kalman filter and evolving extended Takagi-Sugeno models 

were compared, results obtained from exTS prediction depicted more similarity and 

correlation with the actual values and less RMSE respectively than Kalman filter.   
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7 

Further Improvements 

 

The major work demonstrated in this report, was to implement a real-time system to 

recognize the important changes happen in a scene as objects and follow their motions 

autonomously and unsupervised without the aid of an operator. Thus a novel approach 

using eClass was accomplished and gained better efficiency comparing to a common 

approach for object tracking KDE. However, due to the vast operational scope and 

applications of surveillance systems, this work could be improved by considering moving 

cameras into account in order to track the object while the camera is rotating or changing 

its position from time to time. It should be mentioned that such systems are available 

however, most of them need an operator to initiate the position of the concerned object to 

subsequently particular target and hence the need of operator is essential. The significant 

advantage of object tracking using eClass was the capability to work unsupervised, thus 

the improvement can be done by synchronizing the system to camera movement while 

maintaining the autonomy and self-learning feature of this type of control systems.  
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Appendix A 

Contents of CD Rom 

 

1. Background subtraction 

2. Background-eCluster 

3. HSV first 15 Frames 

4. Image Segmentation 

5. Kalman 

6. Results for Image Segmentation 

7. Test Images 

8. Papers 

9. Documentation 

 

 

 

 

 

 

 

 

 

 

 



M.Sc Thesis: Implementation of Background Modeling and Evolving Fuzzy                                                                          Ramin Ramezani  
Rule-Based Classifier for Real Time Novelty Detection and Object Tracking    

 

    Department of Communication Systems 
             Lancaster University  
 82 

 

 

 

 

 

 

 

 

 

 


