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ABSTRACT

Traditional video surveillance is labour intensive and usually not very effective in continuous 24-hour monitoring. Video Surveillance with Computer Vision Algorithms, however saves on labour and provide a consistent monitoring quality. 

The main aim of this project is to develop an Intelligent Video Surveillance and Monitoring system which is capable of analyzing the video image content by separating the foreground from the background, detecting and tracking the human movement as they move around an environment and monitoring of video surveillance. The monitoring of video surveillance provides an intelligent feedback by determine intruders in the perimeter. Hence alleviate the load on humans and to enable preventative acts when an anomaly is detected or the protected area had been breached into.

This report outlines the design and implementation of an Intelligent Video Surveillance and Monitoring system. In our system, we uses Statistical Algorithm under Bayesian framework to effectively separate the background from the foreground objects. Although there are many models available, it is important to understand the basic working principles of the algorithm to be use for this project. The blob detection tracks the image by using Growing Regions Algorithm. Based on the knowledge gain from the previous documentation and research, different processes or methods required to improve the existing security system could be drawn out. All these will help to contribute towards the Intelligent Video Surveillance and Monitoring system project.











ACKNOWLEDGEMENT  

I would like to take this opportunity to thanks my Project Tutor Dr Li Liang for his guidance and time. This project would not have been possible without his help, direction and especially his patience, when I am struggling with the software which took longer than expected to finish things. Besides recommending journals, textbooks, websites and references, he also offered his knowledge in computer vision that were of tremendous contribution to the project completion.

Thanks to my UniSIM friends for their continuous encouragement and also gratefulness to have the  around and made my studies in UniSIM so enriching, exciting and fruitful. 

Last but not least, I would like to thanks my manager at my previous work place, Mr. Anthony Ang, for his thoughtfulness and understanding of letting me to self manage both my works and my project to be carried out equally and also his willingness to allow me to take time off from work to complete the project. 



















LISTS OF FIGURES
Figure 1. Proposed flowchart for the Intelligent video surveillance and 		
monitoring System									4
Figure 2. One example of learned principal features for a static background 
pixel in a busy background.								18
Figure 3. One example of learned principal features for dynamic background 	
Pixels											19
Figure 4.  Block Diagram of the proposed method	25
Figure 5.  Image Representation in black and white pixels	26
Figure 6: A flow chart of intelligent video surveillance and monitoring system	27
Figure 7. Intelligent video surveillance and monitoring system			28
Figure 8.  Illustrates the experiment results using FGDstatModel with single 
target (indoor)			30		
Figure 9.  Illustrates the experiment results using FGDstatModel with multiple 
targets (outdoor)		31		
Figure 10.  Illustrates the experiment results using FGDstatModel with single 
small target (outdoor)	32		
Figure 11. Illustrates the experiment results using FGDstatModel with single 
large target (outdoor)		32		






















LIST OF TABLES

Table 1: Gantt Chart									8
Table 2: Classification of Previous methods and the Proposed Method		13
Table 3: Parameters used for the experimental 	29

	













































TABLE OF CONTENTS
						  				   Page

ABSTRACT 		ii

ACKNOWLEDGEMENT		iii

LISTS OF FIGURES		iv

LIST OF TABLES		v


CHAPTER ONE

	INTRODUCTION		

	1.1	Background and Motivation	1		

	1.2	Project Objectives	2				

	1.3	Proposed Approach	3

	1.4	Skill Review	3	

	1.5	Discussion on the Project Proposal and Approval Process	3

	1.6	Layout of the Project Report	5	
	

CHAPTER TWO

	PROJECT SCOPE	

	2.1	Scope of work	6	

	2.2	Project Plan	6	



CHAPTER THREE

	REVIEW OF THEORY AND PREVIOUS WORK	

	3.1	Literature Review	8

	3.2	Previous Work	10	

	


CHAPTER FOUR

	OVERVIEW OF STATISTICAL BACKGROUND SUBTRACTION 

	4.1	Bayes Classification of Background and Foreground	14

	4.2	Principal Feature Representation of Background	15

	4.3	Feature Selection	17
	4.3.1	Features for Static Background Pixels	17	
	4.3.1	Features for Dynamic Background Pixels	18

	4.4	Implementation of the Statistics for Principal Features	19
	4.4.1	Condition for Gradual Background Changes	19
	4.4.2	Condition for “Once-Off” Background Changes	20
	4.4.3	Convergence of the Learning Process	22
	4.4.4	Selection of the Learning Rate	23

4.5        The Algorithm of Foreground Object Detection		24

OVERVIEW OF GROWING REGIONS ALGORITHM 

4.6        The Blob Detection using Growing Regions Algorithm		26	  

	CHAPTER FIVE
	
		     IMPLEMENTATION OF SYSTEM 
	
	5.1	Programming Flowchart	27
	5.2	Software Features	28
	5.3	Testing of Program	29

	CHAPTER SIX

	     SUMMARY, CONCLUSIONS AND FUTURE WORK	

	6.1	Summary	33
	6.2	Conclusions	33
	6.3	Future Work	34

	







CHAPTER SEVEN
	
	REFLECTION                                                                                            
	
	7.1       Reflection	35 

REFERENCES	36		

APPENDIX A	38

	






















BME499  ENG499  ICT499  MTD499  MTH499  CAPSTONE PROJECT REPORT                                                       	    i


BME499  ENG499  ICT499  MTD499  MTH499  CAPSTONE PROJECT REPORT                                                       	    ii

CHAPTER ONE

INTRODUCTION

1.1 	Background and Motivation: 

Due to the current rise of crime rates, especially after the event of September 11, surveillance, alarm and security systems are in demand. There are immediate needs for more reliable surveillance systems in commercial, law enforcement and military applications to enforce extra security measures

Video surveillance has been one of the most important security equipment and the most common device being used. However there are limitations as in what the today systems will be able to provide. 

One of the limitations will be:
As existing CCTV monitoring system solely depends on the personnel monitoring for the active real-time monitoring, its efficiency is substantially degrades as the number of areas to monitor (or cameras) is increased. 

In most scenarios whereby the CCTV is not monitored, when incident actually took place, events will not be notified momentarily. There is no instantaneous alerting. It will be too late when investigator went back to retrieve information

It is also inconvenient to retrieve the recorded video of a specific event as the many stored video images have to be manually reviewed one by one. It is time consuming 

Mounting video surveillance camera is cheap but finding reliable human resource to monitor is expensive

As for Alarm System currently available in the market, there is no visual capability. The system will only be triggered if there is a break in. Any suspicious events that take place will not be captured.  


The items listed below are type of sensors commonly used in Alarm/Security System:

Passive Infra Red sensors (PIR sensors) use for motion detection
Inertia Sensor used for vibration detection
Magnetic Door Contact switch for doors and windows
Beam sensor for parameter protection
Panic button for instant alarm 

There are 3 different types of settings that can be established for triggering the Alarm/Security System:

Instant - The system allows immediate triggering regardless the arm status.  
Arm Zone – The system will only be triggered when arm. 
Entry Zone – The system will be equipped with delay timing for the end user to disarm before triggering the alarm.  

Therefore, currently, the market is lacks of a video surveillance system which can provide both capability in instant alerting and visual capturing. Taking advantage to the recent video technology that has glow rapidly over the last few years due to the steep development of information technology. This gives us a chance to integrate and develop an intelligent video surveillance system to monitor and capture unauthorized image

1.2	Project Objective: 

The aim of this project is to develop an intelligent video surveillance and monitoring system that shall capture all human movements in its field of scope either indoor or outdoor where the surveillance camera is installed. At the end of the project, the listed items should be achieved:

To develop a program that will to be able to detect and track human movement using basic image processing algorithms and C++ programming 
The tracking system with be able detect single or multiple human moving targets from a webcam or recorded video 
The targets will be able to monitor and analysis
1.3 	Proposed approach and method to be employed: 

The project intends to carry out a detailed research on the different types of methods or algorithm of human tracking using Computer Vision Library OPENCV and Visual C++. The aim is then to develop a computer vision techniques using Foreground and background Detection, Blob Entering Detection, Blob Tracking, and Trajectory Generation to detect and recognize a person image captured by a USB camera or directly from a recorded video. 

1.4	Skill Review: 

Since this project requires software knowledge. The challenges that i am facing now is to understand the software and their basic image processing algorithms as I do not have experience with designing video surveillance system. Nevertheless, I intend to read up and gather information from the website. My project tutor has given some information on how to kick start with my project after two sessions of discussion. There are numbers of articles, tutorials and discussion group available.

1.5 	Discussion on the Project Proposal and Approval Process

Intelligent video surveillance and monitoring design will be implemented by integrating the followings: 
Using USB web-camera or recorded video to capture moving human image
A foreground and background detection algorithm performs foreground and background segmentation for each pixel and classified them as either foreground or background. 
A blob detector module which groups adjacent "foreground" pixels into blobs, flood-fill style. 
A blob tracker module which assigns numbers such as coordinates to blobs and tracks their motion frame-to-frame. A Region of Interest is identified so that the colour of the blobs will change if it crosses the red zone.  


The functions of each module are controlled by software application, Microsoft  Visual C++ 2008 express edition. This software provides a powerful and flexible development environment for creating Microsoft Windows–based and Microsoft .NET–based applications. The implementation of each module goes through a typical flow of design and implementation, after which all modules will be integrated to form a video surveillance and monitoring System. Once it is completed, an experiment will be conduct to detect and track moving human images for the overall performance of the Intelligent video surveillance and monitoring System. Figure 1 below shows the proposed flowchart for the Intelligent video surveillance and monitoring System
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Figure 1. Proposed flowchart for the Intelligent Video Surveillance and Monitoring System




















1.6 	Layout of the Project Report

The project report is organized as follows. 

After the introduction of literature review of previous work in Chapter three

Chapter four in section one, describes the statistical modelling of complex background based on principal features. First, a new formula of Bayes decision rule for background and foreground classification is derived. Based on this formula, an effective data structure to record the statistics of principal features is established. Principal feature representation for different background objects is addressed. 

In Chapter four in section two, three and four describes the method for learning and updating the statistics of principal features. It proposed strategies to adapt to different background condition such as gradual and sudden “once-off” background. Properties of the learning process are analyzed. 

In chapter four in section five, describes algorithm for foreground object detection based on the statistical background modelling. It contains four stages in foreground object extraction. Change detection, change classification, foreground segmentation, and background maintenance. 

Chapter five presents the experimental results on the selected environments. Evaluations and comparisons with an existing method are also included. 

Chapter six give the summary, conclusions and future work.

Finally, reflection are given in chapter seven






CHAPTER TWO
PROJECT SCOPE

2.1	Scope of Work
The scope of work involves both software and hardware aspects. Hardware aspects include Laptop and video camera. And software aspects include the implementation of the good Foreground Algorithm and Software Application for the human detecting and tracking system.

2.2 	Project Plan
	MONTH'09
	FEB
	MAR
	APR
	MAY
	JUNE
	JULY
	AUG
	SEP
	OCT
	NOV

	RESEARCH AND DISCUSSIONS
	

	Literature Review
	
	
	
	
	
	
	
	
	
	

	HARDWARE DESIGN
	

	Selection of hardward component
	
	
	
	
	
	
	
	
	
	

	Setup hardward
	
	
	
	
	
	
	
	
	
	

	SOFTWARE DESIGN
	

	Fundamental using OpenCV
	
	
	
	
	
	
	
	
	
	

	Understanding Blob Tracking
	
	
	
	
	
	
	
	
	
	

	Different kinds of Object Tracking Algorithms
	
	
	
	
	
	
	
	
	
	

	Development of Software
	
	
	
	
	
	
	
	
	
	

	SOFTWARE AND HARDWARE DESIGN
	

	Testing and Fine tune program
	
	
	
	
	
	
	
	
	
	

	REPORT
	

	Submission of TMA 01
	27-Feb
	
	
	
	
	
	
	
	
	

	Writing and Submission of Interim Report
	
	
	30-Apr
	
	
	
	
	
	
	

	Writing of Final Thesis Report
	
	
	
	
	
	
	
	
	
	

	Submission of Final Thesis Report
	
	
	
	
	
	
	
	
	
	9-Nov

	PRESENTATION
	

	Preparation of Slides
	
	
	
	
	
	
	
	
	
	

	Oral Presentation
	
	
	
	
	
	
	
	
	
	28-Nov


Table 1: Gantt Chart





The Gantt chart in Table 1 shows the project development schedule. The project has been break down into steps for easy reference and there are: 

Literature Review for Face Recognition System 
Selection of hardware component and setting up
Fundamental using OpenCV
Understanding Blob Tracking
Different kinds of Object Tracking Algorithms
Development of Software
Testing and Fine tune program
Writing of Final Thesis Report
Submission of Final Thesis Report
Preparation of Slides
Oral Presentation

The project proposal had been accepted after the submission of Interim Report in April 2009 and according to the proposed method of implementation and the available time for completion, which will take about seven months to complete. The project can only be done during any available spare time and on weekends; this is due to work, family and other commitments. 

















CHAPTER THREE

THEORY OF REVIEWS AND PREVIOUS WORK

3.1 	Literature Reviews
As digital cameras and powerful computers have become more common, the number of computer vision applications using vision techniques has also increased enormously. In computer vision applications, such as video surveillance, objects of interest are often the moving foreground objects. One effective way of foreground object extraction is to suppress the background points in the image frames [1]–[6]. A complete video surveillance system typically consists of foreground segmentation, object detection, object tracking, human or object analysis, and activity analysis. 

To accurately achieve this, an adaptive background model is often desirable. Background usually contains non living objects that remain passive in the scene. The background objects can be stationary objects, such as walls, doors and room furniture, or non stationary objects such as wavering bushes or moving escalators.

The appearance of background objects often undergoes various changes over period of time. For example, the changes in illumination caused by changing weather conditions or the switching on/off of lights, waving tress branches. We can use static and dynamic pixels to describe the images in the background. The static pixels are associated to the stationary objects where else the dynamic pixels are associated with non stationary objects. The static background pixel can be converted to a dynamic pixel as time advances, for example by turning on a TV monitor screen. A dynamic background pixel can also turn to a static pixel, such as a pixel in the bush when the wind sudden stops. To describe a general background scene, a background model must be able to

Represent the appearance of a static background pixel;
Represent the appearance of a dynamic background pixel;
Self-evolve to gradual background changes;
Self-evolve to sudden “once-off” background changes.

The background is usually represented by image features at each pixel for background modeling without specific domain knowledge. The features extracted from an image sequence can be classified into three types: spectral, spatial, and temporal features. Spectral features could be associated with gray-scale or color information, spatial features could be associated with gradient or local structure, and temporal features could be associated with interframe changes at the pixel. 

Many current methods utilize spectral features to model the background by making use of distributions of intensities or colors at each pixel [4], [5], [7]–[9]. Some spatial features are also exploited so that images can be extracted even under the influence of illumination changes [2], [10], [11]. The spectral and spatial features are more suitable to describe the appearance of static background pixels. Recently, a few methods have introduced temporal features to describe the dynamic background pixels associated with non-stationary objects [6], [12], [13]. 

There is, however, a lack of proper approaches to integrate all three types of features together  to represent complex background. This features should be able to differentiate stationary and dynamic background objects. If a background model can describe a general background, it should be able to learn the significant features of the background at each pixel and provide the information for foreground and background classification. 

Motivated by this, a Bayesian Framework which incorporates all three types of features for modeling complex backgrounds is recommended. The major novelties of the proposed method which are taken into consideration are as follows.

A Bayesian framework is proposed to include spectral, spatial, and temporal features in the background modeling.

A new formula of Bayes decision rule is derived for background and foreground classification.

The background is represented using statistics of principal features associated with stationary and non stationary background objects.
A novel method is proposed for learning and updating background features to both gradual and “once-off” background changes.

The convergence of the learning process is analyzed and a formula is derived to select a proper learning rate.

A new real-time algorithm is developed for foreground object detection from complex environments.


3.2	Previous Work

There are many different approaches suggested in the literature for video surveillance. This section presents an overview of some of the most important approaches. A simplest way to describe the background at each pixel is to use the spectral information, i.e., the gray-scale or color of the background pixel. Early studies describe background features using an average of gray-scale or color intensities at each pixel. 

One thing that both Infinite impulse response (IIR) and Kalman filters [7], [14], [15] have in common are  they are used to update slow and gradual changes in the background. These methods are applicable to backgrounds consisting of stationary objects. To tolerate the background variations caused by imaging noise, illumination changes, and the motion of nonstationary objects, the statistical models are used to represent the spectral features at each background pixel. 

The most frequently used models include Gaussian [8], [16]–[22] and Mixture of Gaussians (MoG) [4],[23]–[25]. In these models, Mixture of Gaussians (MoG) [11, 9] is considered as a promising method  to be used as representation of  the color distributions at each background pixel applying to outdoor scenes such road surfaces under the sun or in the shadows [23]. The parameters (mean, variance, and weight) for each gaussian are recursively updated using an IIR filter to adapt to gradual background changes in the video. Pixels are classified into foreground pixel.  Moreover, by replacing an old gaussian with a newly learned color distribution, MoG can adapt to “once-off” background changes.

In [9], a Non Parametric Model is proposed for background modeling, where a kernel-based function is employed to represent the color distribution of each background pixel. The kernel-based distribution is a generalization of  MoG which does not require parameter estimation. The computation is high for this method. A variant model is used in W4 [5], where the distribution of temporal variations in color at each pixel is used to model the spectral feature of the background. MoG performs better in a time-varying environment where the background is not completely stationary. But, the method can lead to misclassification of foreground if the background scenes are too complex [19], [26]. For example, if the background contains a nonstationary object with significant motion, the colors of pixels in that region may change widely over time. Foreground objects with similar colors (the camouflage foreground objects) could easily be misclassified as background. 

The spatial information has recently been exploited to improve the accuracy of background representation. The Local Statistics of the spectral features [27], [28], Local Texture features [2], [3], or global structure information [29] are found helpful for accurate foreground extraction. These methods are most suitable to stationary background. 

Paragios and Ramesh [10] use a Mixture Model (gaussians or laplacians) to represent the distributions of background differences for static background points. A Markov random field (MRF) model is developed to incorporate the spatio-spectral coherence for robust foreground segmentation. 

In Color & Gradient model [11]. Color based background systems are subject to sudden changes in illumination. Gradients of image are relatively less sensitive to changes in illumination and can be combined with color information effectively and efficiently to perform quasi illumination invariant background subtraction. gradient distributions are introduced to MoG to reduce the misclassification purely depending on color distributions

Spatial information helps to detect camouflage foreground objects and suppress shadows. The spatial features are however not applicable to non stationary background objects at pixel level since the corresponding spatial features vary over time. A few more attempts to segment foreground objects from non stationary background have been made by using temporal features. One way to separate background changes from foreground objects is to employ Optical Flow model to estimate the consistency of optical flow over a short duration of time [13], [30]. This method was reported of being able to effectively detecting foreground objects in complex outdoor scenes. The dynamic features of nonstationary background objects are represented by the significant variation of accumulated local optical flows. 

In Color co-occurrence  model [12], Li et al. propose a method to employ the statistics of color co-occurrence between two consecutive frames to model the dynamic features associated with a non stationary background object. Temporal features are suitable to model the appearance of non stationary objects. 

In Wallflower [6], Toyama et al. use a linear Wiener filter, a self-regression model, to represent intensity changes for each background pixel. The linear predictor could learn and estimate the intensity variations of a background pixel. It works well for periodical changes. The linear regression model is difficult to predict shadows and background changes with varying frequency in natural scene. 












A brief summary of the existing methods based on the types of features that are used is listed in Table 2. 
Further, experiment had been done to test on performance with response to the background and foreground classification with one or more heuristic thresholds. These methods results are taken from a recorded experiment 


	Method
	Spectral
	Spatial
	Temporal

	Kalman
	
	
	

	Single Gaussian
	
	
	

	MoG
	
	
	

	Non Parametric
	
	
	

	Local Structure
	
	
	

	Mixture Model
	
	
	

	Color & Gradient
	
	
	

	Optical Flow
	
	
	

	Color Co-occurrence
	
	
	

	Wallflower
	
	
	

	Bayesian
	
	
	



Table 2:  Classification of Previous methods and the Proposed Method






























CHAPTER FOUR

OVERVIEW OF STATISTISCAL BACKGROUND SUBTRACTION  

4.1	 Bayes Classification of Background and Foreground

For arbitrary background and foreground objects or regions, the classification of the background and the foreground can be formulated under Bayes decision theory to effectively separate the background from the foreground objects. Let be the position of an image pixel, be the input image at time , and be a  -dimensional feature vector extracted from the position from the image sequence at time instant . Then, using Bayes rule to compute  the posterior probability of the feature vector  from the background 

			(1)

where  denotes background and  denotes the foreground. is the probability of the feature vector being observed as a background at  ,is the prior probability of the pixel belonging to the background, and  is the prior probability of the feature vector being observed at the position . Similarly, the posterior probability that the feature vector  comes from a foreground object at  is

			(2)

Using the Bayes decision rule, a pixel  is classified as belonging to the background according to its feature vector  observed at time  if both satisfy the equation (3)

 			(3)

Otherwise, it will be classified as belonging to the foreground. Note that a feature vector observed at an image pixel comes from either background or foreground objects, it follows:

 	(4)

Substituting (1) and (4) into (3), it follows that the Bayes decision rule (3) becomes

			(5)

By using equation (5), the pixel with observed feature vector may be classified as a background or a foreground point, provided that the prior and conditional probabilities, , and  are known in advance.

4.2	 Principal Feature Representation of Background

In general, for complex background, the probability functions  of , and  are unknown. One way to estimate these probability functions is to use the histogram of features over the entire feature place. The main problem that would be encountered is expensive in storage and computation. This method would be unrealistic in terms of computational and memory requirements. 

It is reasonable to assume that if the selected features represent the background effectively, the intra class spread of background features should be small, which implies that the distribution of background features will be highly concentrated in a small region in the histogram. Further, features from various foreground objects would spread widely in the feature space. Therefore, there would be less overlap between the distributions of background and foreground features. 

To effectively represent the background, the selection of the intra class spread of the background should be small such that the distribution of background features will be highly concentrated in a small region in the histogram.Therefore with a proper selection of features, it would be possible to approximately describe the background by using only a small number of feature vectors. A concise data structure to implement such representation of background is created as follows.

Let  be the quantized feature vectors sorted in descending order with respect to for each  pixel . Then, for a proper selection of features, there would be a small integer ), a high percentage value , and a low   percentage value M2 (e.g. M1 = 80% ~ 90% and  M2 = 10% ~ 20%) such that the background could be well approximated by

 and		(6)

The value of ) and the existence of , and   depend on the selection of the feature vectors. The feature vectors are defined as the principal features of the background at the pixel . To learn and update the prior and conditional probabilities for the principal feature vectors, a table of statistics for the possible principal features is established for each feature type at  . The table is denoted as

	(7)

Where  is the learned , based on the observation of the features and  records the statistics of the  most frequent feature vectors at pixel  . Each contains three components


	(8)


where is the dimension of the feature vector . The  in the table are sorted in descending order with respect to the value .The first elements from the table , together with , are used in equation (5) for background and foreground classification.


4.3	 Feature Selection

The next important task is to have the right feature selected for the principal feature representation. The features of different background objects are different but crucial in implementation to achieve effectively and accurately the representation of background pixels with principal features. Three types of features, the spectral, spatial, and temporal features, are used for background modelling.

4.3.1	 Features for Static Background Pixels

For a pixel belonging to a stationary background object, the stable and most significant features are its color and local structure (gradient). Hence, two tables are used to learn the principal features. They are andwith  and  representing the color and gradient vectors respectively. Since the gradient is less sensitive to illumination changes, the two types of feature vectors can be integrated under the Bayes framework as the following. Let  and assume that the and are independent, the Bayes decision rule (5) becomes


	(9)


For the features from static background pixels, the quantization measure should be less sensitive to illumination changes. Here, a normalized distance measure based on the inner product of two vectors is employed for both color and gradient vectors. The distance measure is


		(10)

Where  can be  or , respectively. If is less than a small value  ,   and  are matched to each other. The robustness of the distance measure shown in equation (10) to illumination changes and imaging noise is shown in [2]. The colour vector is directly obtained from the input images with 256 resolution levels for each component, while the gradient vector is obtained by applying Sobel Operator to the corresponding gray-scale input images with 256 resolution levels. By applying ,, it is good enough to learn the principal features for static background pixels accurately . In Figure 2, an example of principal feature representation for static background pixel is shown, where the histograms for the most significant colour and gradient features in and are displayed. 



Figure 2. One example of learned principal features for a static background pixel in a busy background. The first  image on the left shows the position of the selected pixel. The two right images are the histograms of the statistics for the most significant colors and gradients, where the height of a bar is the value of , the light gray part is  , and the top dark gray part is . The icons below the histograms are the corresponding color and gradient features


The histogram of the color features shows that only the first two are the principal colors for the background, and the histogram of the gradients shows that the first six, excluding the fourth, are the principal gradients for the background.

4.3.2	 Features for Dynamic Background Pixels
 
For dynamic background pixels associated with nonstationary objects, color co-occurrences are used as their dynamic features. This is because the color co-occurrence between consecutive frames has been found to be suitable to describe the dynamic features associated with nonstationary background objects, such as moving tree branches or a flickering screen [12]. Giving an interframe change from the color  to at the time instant    and the pixel , the feature vector of color co-occurrence is defined as . Similarly, a table of statistics for color co-occurrence )  is maintained at each pixel. Let  be the input color image; the color co-occurrence vector is generated by quantizing color components to low resolution. For example, by quantizing the color resolution to 32 levels for each component and selecting  ) = 50, one may obtain a good principal feature representation for dynamic background pixel. An example of the principal feature representation with color co-occurrence for a flickering screen is shown in Figure. 3. Compared with the quantized color co-occurrence feature space of 326 cells, ) = 50 implies that with a very small number of feature vectors, the principal features are capable of modeling the dynamic background pixels.





Figure 3. One example of learned principal features for dynamic background pixels. The left image shows the position of the selected pixel. The right image is the histogram of the statistics for the most significant color co-occurrences in , where the height of a bar is the value of, the light gray part is  , and the top dark gray part is . The icons below the histogram are the corresponding color co-occurrence features. In the background, the color changes among white, dark blue, and light blue periodically.


4.4	 Implementation of the Statistics for Principal Features 

Two strategies are proposed to learn and update the statistics for principal features to adapt both gradual and “once-off” changes. The convergence of the learning process is analyzed and a formula to select a proper learning rate is derived.

4.4.1	 Condition for Gradual Background Changes

At each time instant, if the pixel  is identified as a static point, the features of color and gradient are used for foreground and background classification. Otherwise, the feature of colour co-occurrence  is used. Assume that the feature vector  is used to classify the pixel  at time based on the principal features learned previously. Then the statistics of the corresponding feature vectors in the table ) ( and  or ) is gradually updated at each time instant by

		

		

 	(11)


Where the learning rate   is a small positive number and . In (11),  means that  is classified as a background point at time  in the final segmentation, otherwise, . Similarly,  means that the  th vector of the table ) matches the input feature vector  , and otherwise 

The above updating operation states the following. If the pixel  is labeled as a background point at time  , is slightly increased from due to . Further, the probabilities for the matched feature vector are also increased due to  . However, if , then the statistics for the un-matched feature vectors are slightly decreased. If there is no match between the feature vector  and the vectors in the table )  , the th vector in the table is replaced by a new feature vector

 ,	,	  (12)

If the pixel  is labeled as a foreground point at time  , and  are slightly decreased with  . However, the matched vector in the table  is slightly increased. The updated elements in the table )  are resorted in a descending order with respect to , such that the table may keep the most frequent and significant feature vectors observed at pixel  .

4.4.2	 Condition for “Once-Off” Background Changes

According to equation (4), the statistics of the principal features satisfy equation (13) 

	(13)

These probabilities are learned gradually with operations described by equation (11) and (12) at each pixel. When a “once-off” background change has happened, the new background appearance soon becomes dominant after the change. With the replacement operation (12), the gradual accumulation operation (11) and resorting at each time step, the learned new features will be gradually moved to the first few positions in ). After sometime duration, the term on the left hand of (13) becomes large ) and the first term on the right hand of (13) becomes very small since the new background features are classified as foreground. From equation (6) and (13), new background appearance at can be found if

= 	(14)

In equation (14), denotes the previous background before the “once-off” change and denotes the new background appearance after the “once-off” change. The factor prevents errors caused by a small number of foreground features. Using the notation in (7) and (8), the condition (14) becomes

	(15)

Once the above condition is satisfied, the statistics for the foreground should be tuned to be the new background appearance. According to equation (4), the “once-off” learning operation is performed as follows;





		(16)
For 


4.4.3	 Convergence of the Learning Process

If the time-evolving principal feature representation has successfully approximated the background, then  should be satisfied. Hence, it is desirable that  will converge to 1 with the evolution of the learning process. To prove the learning operation in equation (11) had met the following condition, we assume  at time  , and the   th vector in the table matches the input feature vector which has been detected as background in the final segmentation at time . Then, according to equation (11), we  will have

(17)


Which means the sum of the conditional probabilities of the principal features being background will remain equal or close to 1 during the evolution of the learning process. Let assume  at time due to some unforeseen circumstances such as the disturbance from foreground objects or the operation of “once-off” learning, and the  from the first  ) vectors in  ) matches the input feature vector  , then we have

		(18)

If the pixel  is detected as a background point at time    , it leads to

	(19)


If   , then . The sum of the conditional probabilities of the principal features being background will increase slightly. On the other hand, If  , there will be , and the sum of the conditional probabilities of the principal features being background will decrease slightly. From these two scenarios, it can be concluded that the sum of the conditional probabilities of the principal features being background converges to 1 as long as the background features are observed frequently.

4.4.4	 Selection of the Learning Rate

In general, for an IIR filtering-based learning process, there is a substitution in the selection of the learning rate . To make the learning process to adapt to the gradual background changes smoothly and not to be perturbed by noise and foreground objects, a small value should be selected to substitute for   . On the other hand, if is too small, the system becomes too slow to respond to the “once-off” background changes. Previous methods select it empirically [4], [5], [8], [14].  A formula is therefore derived to select to respond to “once-off” background changes in response to the required time for the system. An ideal “once-off” background change at time can be assumed to be a step function. Suppose the features before  fall into the first vectors in the table )  , and the features after   fall into the next  elements of )  . Then, the statistics at time can be described as


  ,		 ,	


  	  	(20)

Since the new background appearance at pixel  after time  is classified as foreground before the “once-off” updating with (16), , and decrease exponentially, whereas increases exponentially and will be shifted to the first   positions in the updated table ) with sorting at each time step. Once the condition of (15) is met at time ,  the new background state is learned. To make the expression simpler, let us assume that there is no resorting operation. Then the condition (15) becomes

	(21)

From (11) and (20), it follows that at time  , the following conditions hold:


	(22)

	(23)

	(24)

By substituting (22)–(24) to (21) and rearranging terms, one can obtain

		(25)

where is the number of frames required to learn the new background appearance. Equation (25) implies that if one wishes the system to learn the new background state in no later than frames, one should choose  , such that (25) is satisfied. 


4.5	The Algorithm of Foreground Object Detection

Foreground object detection is the backbone of most video surveillance applications. The main concern in Foreground object detection is mainly detecting objects of interest in an image sequence. With the Bayesain formulation of background and foreground classification, as well as the background representation with principal features, an algorithm for foreground object detection from complex environments is developed. It consists of four stages in foreground object extraction: change detection, change classification, foreground object segmentation, and background maintenance. 

The block diagram of the algorithm is shown in Figure. 4. The white blocks from left to right correspond to the first three steps, and the blocks with gray shades correspond to background maintenance. 

		          Figure 4.  Block diagram of the proposed method

In the first step, unchanged background pixels in the current frame are filtered out by using simple background and temporal differencing. The detected changes are separated into static and dynamic points according to interframe changes. 

In the second step, the detected static and dynamic change points are further classified as background or foreground using the Bayes rule and the statistics of principal features for background. Static points are classified based on the statistics of principal colors and gradients, whereas dynamic points are classified based on those of principal color co-occurrences. 

In the third step, foreground objects are segmented by combining the classification results from both static and dynamic points. To overcome the small percentage of the background pixels being classify wrongly as foreground pixel, a morphological operation such as dilate and erode are applied to remove the random error points.

In the fourth step, background models are updated. It includes updating the statistics of principal features for background as well as a reference background image. 
4.6	Blob Detection using Growing Regions Algorithm

After foreground object detection, a black and white image with the white area being the blobs is created. The image has a representation of matrix with a certain number of pixels on a certain number of lines. When the image is grayscale, every one of those pixels has a value which indicates the brightness of the image at that point

The algorithm will check the first line of the image and find groups of one or more white pixels. Refer to Figure 5, These are the blobs on a certain line with starting point 1 to point 2, called lineblobs. This lineblobs in this group is assign with an identity number and repeat this sequence on the next line. While collecting the lineblobs, it will check the lineblobs on this current line and see if these blobs overlap with the previous line. If so, it will merge these lineblobs as one blob by assigning with the same identity number as given before from the previous line. The sequence will end once it has completed every line.  

 (
lineblob
s
)



Figure 5. Image Representation in black and white pixels

CHAPTER FIVE
OVERVIEW OF SOFTWARE

5.1	 Programming Flowchart
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Figure 6: A flow chart of intelligent video surveillance and monitoring system














5.2	 Software Features

In the Intelligent video surveillance and monitoring system, to build a function to track human movement, carry out surveillance and monitoring task the same time. A rectangle blob and crosswire alarm is introduced into the system. The rectangle blob will detect and track people, when the human cross a predefined line in a specific direction, the crosswire alarm will trigger the alarm. When the moving target is in the safe zone, it will indicate as Green rectangle Blob. However, if the targets were crossing over to the Region of Interest, it will be highlighted in Red rectangle Blob indicating the area had been breached. The crosswire equation in the program is written as follows:

if((*i).second.center.y > ((*i).second.center.x *(-0.171875))+ 120)	
{ cvRectangle(finalFrame, cvPoint((*i).second.min.x,(*i).second.min.y), cvPoint((*i).second.max.x, (*i).second.max.y),cvScalar(0, 0, 153), 2); }

 (
Crosswire
Safe Zone
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Figure 7: Intelligent video surveillance and monitoring system
5.3	 Testing of Program
	
In order to compare and evaluate the performance of the proposed method, we use the same values for the algorithm in all the tests. We first test out the system with different videos in various environments, indoor and outdoor. Secondly, we apply two different segmentation methods to each video taken, GaussianBgModel and FGDstatModel. In GaussianBgModel, it uses Mixture of Gaussians Algorithm where else FGDstatModel uses Statistical Algorithm under Bayesian framework. The Display Results are based on FGDstatModel. Parameters that are use in the programming to initialize the algorithm are listed in table 3. 

Table 3: Parameters used for the experimental 
	Parameters of MoG detection algorithm
	Paremeters of  FGD detection algorithm

	MY_BGFG_MOG_BACKGROUND_THRESHOLD = 20 
MY_BGFG_MOG_STD_THRESHOLD = 3.5 
MY_BGFG_MOG_WINDOW_SIZE = 10 
MY_BGFG_MOG_NGAUSSIANS = 2 
MY_BGFG_MOG_WEIGHT_INIT = 0.5 
MY_BGFG_MOG_SIGMA_INIT = 1 
MY_BGFG_MOG_MINAREA = 300.f 

	MY_BGFG_FGD_LC = 128 
MY_BGFG_FGD_N1C = 15 
MY_BGFG_FGD_N2C = 25 
MY_BGFG_FGD_LCC = 64 
MY_BGFG_FGD_N1CC = 25 
MY_BGFG_FGD_N2CC = 40 
MY_BGFG_FGD_ALPHA_= 1 0.1f 
MY_BGFG_FGD_ALPHA_= 2 0.005f 
MY_BGFG_FGD_ALPHA_= 3 0.1f 
MY_BGFG_FGD_DELTA = 2 
MY_BGFG_FGD_T = 0.9f 
MY_BGFG_FGD_MINAREA = 15.f 




















Figure 8. Illustrates the experiment results using FGDstatModel with single target (indoor)
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Figure 9. Illustrates the experiment results using FGDstatModel with multiple targets (outdoor)
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Figure 10. Illustrates the experiment results using FGDstatModel with single small target (outdoor)
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Figure11. Illustrates the experiment results using FGDstatModel with single large target (outdoor)
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CHAPTER SIX
SUMMARY, CONCLUSIONS AND FUTURE WORK

6.1	 Summary
The experiment results obtained from the indoor environment  shows a person walking randomly and staying stationary for a couple of seconds. Multiple moving targets from the outdoor environment, shows a person walks in follows by the second person. Taking these situations into account, the foreground extraction is very good in using Statistical Algorithm over Mixture of Gaussian Algorithm. The Statistical Algorithm is sensitive enough to detect and track human moving targets in the sequence as show in the above examples. The system uses Growing Regions Algorithm to track the moving target with a green rectangle blob and highlight Red colour when it crosses the region of interest. It has demonstrated the alarm capability of detecting intruder. 

6.2	 Conclusion
This project set out to implement an Intelligent video surveillance and monitoring system so that it could be widely used in the consumer or commercial market to provide extra security. The performance and results from the experiment are satisfactory. Our experimental results have shown that the principal features are effective in representing the spectral, spatial, and temporal characteristics of the background base on the few experiments conducted at different areas. We have build a simple and efficient method for segmenting the moving objects in a video sequence using Statistical Algorithm and blob detection method using Growing Regions Algorithm. With this, we have achieve  in creating a basic requirement as a security surveillance system. However, there are still many improvements to be made in order to be deem as a successful video surveillance system. This is because there may have potential problem that the foreground object be wrongly classified as background if there are too many foreground object presented in the scene or foreground objects being absorb into the background if it stay motionless for a long time. 

Using the Visual C++ software has been a challenging task for me as I have no in depth knowledge of programming with computer vision application. Visual C++ is indeed a very powerful tool for many applications, but I have only managed pick up some knowledge about image acquisition and processing for this project through Computer Vision Library OPENCV. 

The initial phase for the project was a tough one as I do not have prior knowledge on the Intelligent video surveillance and monitoring System and had spent a long time reading up on previous documentation and the different techniques developed. The reason of taking up this topic as my final year project as it is an interesting subject to work on. Even though there are many obstacles along the way while working on this project, I felt that it is still worthwhile as it was fun and has provided a great learning experience.

6.3	 Future Work

As computers technology are improving and new architectures are begin investigated, this algorithm can be run quicker and efficiently on large images, by applying larger number of Gaussians in the mixture model or improved Statistical model. All of these factors will increase performance and stand a chance of developing a better system. Potential problems in foreground object segmentation can be solve using combining information from high-level object recognition and tracking in background updating as suggest by articles written in [34], [35]. Adjusting the learning rate based on the feedback from the optical flow could also provide a possible solution to overcome false foreground objects. [36]

In our evaluation, we deal with relatively small amount of data to do comparison and improvement which is enough for setting up a basic system. This system can extract moving images and tracking data robustly on recorded videos. This is good enough for us to establish a base system that can serve as a platform for future Video Surveillance research and also allow us to  investigate their performance for future development, such as different object classification, real time video images and hardware configuration.




CHAPTER SEVEN
7.1	 Reflection

In my first TMA report stated that my objectives were to develop a hardware and program to establish communication between the CPU and the Alarm System. However, As the project moves on, I realized that there are difficulties in implementing the software into the hardware, which will greatly affecting  the completion date  as it require a lot of time to find the solution. There are also limitations on the software that was chosen for this project. Therefore, due to time and cost constraint, we have decided to develop a software system that with be able to function as an intelligent video surveillance and monitoring system. In my Interim Report, I have shown some studies on the various methods and also tested some programming samples. Most of it, are really good and the information I gather from the OPENCV. There are sufficient literature background coverage on the field that I am working on. 

As I have mentioned early, Foreground Object Detection is the backbone of most video surveillance applications. Therefore, it is important to select the right algorithm for the task. In the computer vision world, there are many types of algorithm models available and to study each of them in details are challenging for me. It took me some time to understand the concepts of the algorithms and its implementation of the algorithms into the software application. In my experiment, i have used the recommended parameters to apply into my software as it require more time to carry out the trial and error approach to optimize the results. Therefore, i choose the environment that are sufficient enough to test on the performance of the program and the results are satisfactory. Overall, I did enjoy learning the fundamental of computer vision application and applying it into the software. Most of all, I am satisfied with the completion of this project. 
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APPENDIX A


#include <iostream>
#include <fstream>
#include <string>
#include <vector>
#include <map>
#include <ctime>

#include "cv.h"
#include "highgui.h"
#include "cvaux.h"
#include "highgui.h"
#include <stdio.h>
using namespace std;

#define MY_BGFG_MOG_BACKGROUND_THRESHOLD 20 
#define MY_BGFG_MOG_STD_THRESHOLD 3.5 
#define MY_BGFG_MOG_WINDOW_SIZE 10 
#define MY_BGFG_MOG_NGAUSSIANS 2 
#define MY_BGFG_MOG_WEIGHT_INIT 0.5 
#define MY_BGFG_MOG_SIGMA_INIT 1 
#define MY_BGFG_MOG_MINAREA 300.f 

/* paremeters of foreground detection algorithm */
#define MY_BGFG_FGD_LC 128 
#define MY_BGFG_FGD_N1C 15 
#define MY_BGFG_FGD_N2C 25 
#define MY_BGFG_FGD_LCC 64 
#define MY_BGFG_FGD_N1CC 25 
#define MY_BGFG_FGD_N2CC 40 

/* BG reference image update parameter */
#define MY_BGFG_FGD_ALPHA_1 0.1f 
#define MY_BGFG_FGD_ALPHA_2 0.005f 

/* start value for alpha parameter (to fast initiate statistic model) */
#define MY_BGFG_FGD_ALPHA_3 0.1f 
#define MY_BGFG_FGD_DELTA 2 
#define MY_BGFG_FGD_T 0.9f 
#define MY_BGFG_FGD_MINAREA 15.f 

struct coordinate
{
unsigned int x, y;
void * data;
};

struct lineBlob
{
unsigned int min, max;
unsigned int blobId;

bool attached;
};

struct blob
{

coordinate min, max;
coordinate center;
};

// blobs detection algorithm starts here
void detectBlobs(IplImage* frame, IplImage* finalFrame)
{

		int blobCounter = 0;
		map<unsigned int, blob> blobs;

		unsigned char threshold = 235;

		vector<vector<lineBlob>>imgData(frame->width);


for(int row = 0; row<frame->height; ++row)
	{
	for(int column = 0; column<frame->width; ++column)
		{
			unsigned char byte = (unsigned char)frame->imageData[(row*frame->width)+ column];

		if(byte >= threshold)
			{
			int start = column;
			for(;byte >= threshold; byte = (unsigned char)frame->imageData[(row*frame->width)+ column], ++column);
		
			int stop = column-1;
			lineBlob lineBlobData = {start, stop, blobCounter, false};
			imgData[row].push_back(lineBlobData);
			blobCounter++;
			}
		}
	}


// Check lineBlobs for a touching lineblob on the next row
for(unsigned int row = 0; row < imgData.size(); ++row)
	{
	for(unsigned int entryLine1 = 0; entryLine1 <imgData[row].size(); ++entryLine1)
		{
		for(unsigned int entryLine2 = 0; entryLine2 <imgData[row+1].size(); ++entryLine2)
			{
			if(!((imgData[row][entryLine1].max <imgData[row+1][entryLine2].min) || (imgData[row][entryLine1].min >imgData[row+1][entryLine2].max)))
				{
				if(imgData[row+1][entryLine2].attached == false)
					{
					imgData[row+1][entryLine2].blobId =imgData[row][entryLine1].blobId;
					imgData[row+1][entryLine2].attached = true;
					}
						else
							{	
							imgData[row][entryLine1].blobId = imgData[row+1][entryLine2].blobId;
							imgData[row][entryLine1].attached = true;
							}
				}
			}
		}
	}

// Sort and group blobs
for(unsigned int row = 0; row < imgData.size(); ++row)
	{
	for(unsigned int entry = 0; entry < imgData[row].size(); ++entry)
		{
		if(blobs.find(imgData[row][entry].blobId) == blobs.end()) // Blob does not exist yet
			{
			blob blobData = {{imgData[row][entry].min, row},{imgData[row][entry].max, row}, {0,0}};
			blobs[imgData[row][entry].blobId] = blobData;
			}
			else
				{
				if(imgData[row][entry].min <blobs[imgData[row][entry].blobId].min.x)blobs[imgData[row][entry].blobId].min.x = imgData[row][entry].min;

				else if(imgData[row][entry].max > blobs[imgData[row][entry].blobId].max.x)blobs[imgData[row][entry].blobId].max.x = imgData[row][entry].max;

				if(row < blobs[imgData[row][entry].blobId].min.y)blobs[imgData[row][entry].blobId].min.y = row;

				else if(row > blobs[imgData[row][entry].blobId].max.y)blobs[imgData[row][entry].blobId].max.y = row;
				}
		}

	}

// Calculate center of blob
for(map<unsigned int, blob>::iterator i = blobs.begin(); i != blobs.end(); ++i)
	{	(*i).second.center.x = (*i).second.min.x + ((*i).second.max.x - (*i).second.min.x) / 2;
		(*i).second.center.y = (*i).second.min.y + ((*i).second.max.y - (*i).second.min.y) / 2;

		int size = ((*i).second.max.x - (*i).second.min.x)*((*i).second.max.y - (*i).second.min.y);

// Print coordinates on image, if it is large enough
	if(size > 800)
		{
			CvFont font;
			cvInitFont(&font, CV_FONT_HERSHEY_PLAIN, 1.0, 1.0, 0, 1,CV_AA);
			char textBuffer[128];

		// Draw crosshair and print coordinates 		
cvLine(finalFrame, cvPoint((*i).second.center.x - 5,(*i).second.center.y), cvPoint((*i).second.center.x + 5,(*i).second.center.y), cvScalar(255, 255, 255), 1);

		cvLine(finalFrame, cvPoint((*i).second.center.x,(*i).second.center.y - 5), cvPoint((*i).second.center.x,(*i).second.center.y + 5), cvScalar(255, 255, 255), 1);

		sprintf(textBuffer, "(%d, %d)", (*i).second.center.x,(*i).second.center.y);

		cvPutText(finalFrame, textBuffer,
		cvPoint((*i).second.center.x + 5, (*i).second.center.y - 5), &font,
		cvScalar(0, 0, 153)); 

		cvRectangle(finalFrame, cvPoint((*i).second.min.x,(*i).second.min.y), cvPoint((*i).second.max.x, (*i).second.max.y),cvScalar(0, 255, 0), 1);

// Show center point
		cout << "(" << (*i).second.center.x << ", " <<(*i).second.center.y << ")" << endl;
		printf( " Blobcounter %d" , &blobCounter );

		}

/*sample1*/
if((*i).second.center.y > ((*i).second.center.x *(-0.171875))+ 120)

/*sample2*/
//if((*i).second.center.x < 174) 
	
{
cvRectangle(finalFrame, cvPoint((*i).second.min.x,(*i).second.min.y), cvPoint((*i).second.max.x, (*i).second.max.y),cvScalar(0, 0, 153), 2);





}
	}

}


//end of blob detection loop

//main program starts here..................................

int main()

{

//Parameters Gaussian Model Declaration + Allocation
CvGaussBGStatModelParams* param=new CvGaussBGStatModelParams();

//GAUSSIAN MODEL MOG PARAMETERS SETTINGS
param->win_size = MY_BGFG_MOG_WINDOW_SIZE;
param->n_gauss = MY_BGFG_MOG_NGAUSSIANS;
param->bg_threshold = MY_BGFG_MOG_BACKGROUND_THRESHOLD;
param->std_threshold = MY_BGFG_MOG_STD_THRESHOLD ;
param->minArea = MY_BGFG_MOG_MINAREA;
param->weight_init = MY_BGFG_MOG_WEIGHT_INIT;
param->variance_init = MY_BGFG_MOG_SIGMA_INIT;





//Parameters FGD Model Declaration + Allocation
CvFGDStatModelParams* param2=new CvFGDStatModelParams();

//FGDMODEL PARAMATERS SETTINGS
param2->Lc = MY_BGFG_FGD_LC ;
param2->N1c = MY_BGFG_FGD_N1C ;
param2->N2c = MY_BGFG_FGD_N2C ;
param2->Lcc = MY_BGFG_FGD_LCC ;
param2->N1cc = MY_BGFG_FGD_N1CC ;
param2->N2cc = MY_BGFG_FGD_N2CC ;
param2->is_obj_without_holes = 1;
param2->perform_morphing = 1;
param2->alpha1 = MY_BGFG_FGD_ALPHA_1;
param2->alpha2 = MY_BGFG_FGD_ALPHA_2;
param2->alpha3 = MY_BGFG_FGD_ALPHA_3;
param2->delta = MY_BGFG_FGD_DELTA;
param2->T = MY_BGFG_FGD_T;
param2->minArea = MY_BGFG_FGD_MINAREA;


/*sample1*/
CvCapture * capture = cvCaptureFromFile("005d.avi");

/*sample2*/
//CvCapture * capture = cvCaptureFromFile("cap0031a.avi");

if(!capture)
{
fprintf( stderr, "ERROR: capture is NULL \n" );
getchar();
return -1;
}

// Create a window in which the captured images will be presented
cvNamedWindow( "Capture", CV_WINDOW_AUTOSIZE );
cvNamedWindow("Result", CV_WINDOW_AUTOSIZE);
cvNamedWindow("Foreground_GaussianBGModel", CV_WINDOW_AUTOSIZE);
cvNamedWindow("Foreground_FGDStatModel", CV_WINDOW_AUTOSIZE);

IplImage* tmp_frame = cvQueryFrame(capture);



//create BG model
CvBGStatModel* bg_model;
bg_model = cvCreateGaussianBGModel( tmp_frame, param );

CvBGStatModel* bg_model1;
bg_model1 = cvCreateFGDStatModel( tmp_frame, param2 );


for( int fr = 1;tmp_frame; tmp_frame = cvQueryFrame(capture), fr++ )
{


cvUpdateBGStatModel(tmp_frame, bg_model);
cvUpdateBGStatModel(tmp_frame, bg_model1);


); 

if(!tmp_frame)
{
fprintf( stderr, "ERROR: frame is null...\n" );
getchar();
break;
}


IplImage* finalFrame;
IplImage* frame;



frame = cvCloneImage(bg_model1->foreground);
finalFrame = cvCloneImage(tmp_frame);

/*sample1*/
cvLine(finalFrame, cvPoint(0,120), cvPoint(320,65), cvScalar(0, 255, 255), 1);

/*sample2*/
//cvLine(finalFrame, cvPoint(174,0), cvPoint(174,320), cvScalar(0, 255, 255), 1);


// Blur the images to reduce the false positives
// Dilate and erode to get people blobs
cvDilate(frame, frame, NULL, 18);
cvSmooth(frame, frame, CV_BLUR);
cvErode(frame, frame, NULL, 10);
cvSmooth(frame, frame, CV_BLUR);


//blob detection
detectBlobs(frame, finalFrame);

// Show images in a nice window
cvShowImage( "Capture", tmp_frame );
cvMoveWindow("Capture", 20, 0);

cvShowImage("Foreground_GaussianBGModel", bg_model->foreground);
cvMoveWindow("Foreground_GaussianBGModel", 350, 400);

cvShowImage( "Result", finalFrame );
cvMoveWindow("Result", 680, 0);

cvShowImage("Foreground_FGDStatModel", bg_model1->foreground);
cvMoveWindow("Foreground_FGDStatModel", 350, 0);


cvReleaseImage(&finalFrame);


if( (cvWaitKey(100) & 255) == 27 ) break;

}

// Release the capture device housekeeping
cvReleaseCapture( &capture );
cvReleaseBGStatModel(&bg_model);
cvReleaseBGStatModel(&bg_model1);
cvDestroyWindow( "Capture" );
cvDestroyWindow( "Result" );
cvDestroyWindow( "Foreground_GaussianBGModel" );
cvDestroyWindow( "Foreground_FGDStatModel" );



return 0;
}

image18.png

image19.png
[~ |[2][] = Foreground_Fcpstatmodel (Z)E)(X) m Resule

BERRE Blobcounter 1244516207,
i
f B D )

© goodvrack

goodtrack

Appication

Date Modified: Today, October
M

Start ® € © [ fm2wndowse.. - | goodrad-Vis.. | P mubtrackng-. M 5 goodvack OB T GG 3 s m2m




