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Abstract 

In this Thesis, a robust background extraction and a novel object detection are 

proposed, which comprise with filtering operations to detect non background objects 

in a monitoring scene. Conventionally, a statistical background model is extracted by 

using a training sequence without foreground objects and updated the background 

model parameters are being updated continuously to adept changes in the scene. 

However, it is not possible to control the monitoring scene to become static. 

Furthermore, “static objects” in the scene could be adapted to become part of the 

background. Problems arise when static objects start to move again. The conventional 

method would detect a “hold” at position, therefore it produces false alarm in the 

detection process. In our proposed algorithm, two background models are 

constructed by using an N-bins histogram method to indicate short term and long term 

changes of the monitoring scene. We then apply background subtractions to the 

current frame to obtain two error frames, which are combined for object detection and 

classification. Object states are classified as active, static or re-active deal with 

different kinds of real time applications. Extensive experimental work has been done, 

results of which show that the present approach provides a better solution compared 

with conventional approach, including resolving the problem of re-active objects. 

In the research study, an object based bi-directional counting system is also 

proposed, which comprises of an advanced object detection and a tracking algorithm 

to count the people flow in the monitoring scene. Conventionally, an overhead camera 
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is used for objects counting purposes. However, this kind of setting is hardly to be 

installed in some places, especially for those low ceiling buildings.  

Another problem is the distortion of the image. A overhead camera needs a 

wide lens in order to capture more information in the monitoring scene, unless the 

camera is placed at a higher position. Besides, customers need to install the extra 

overhead camera for people counting propose only, which would increase the cost of 

the system. In our system, it can be acted as a plug-in software module to existing 

surveillance system that is usually installed with an angle of 45o to the monitoring 

scene. For this monitoring angle, recent researchers usually count the number of 

existing objects in a predefine detection region, which is lack of directional flow 

information. In order to resolve these problems, result of our investigation provides 

an efficient and easy to implement approach for real time monitoring system. Scene 

parameters can be calibrated to adapted different monitoring environments. Applying 

our advance objects detection system, with Initial Object Detector (IOD) and Existing 

Object Detector (EOD) models, objects can be tracked and counted with people 

directional flow. Real time experiment has been done. The result of which shows that 

the present approach can provide about 90% accuracy for bi-directional people 

counting with an angle of 45o to the scene. 
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Chapter 1  

Introduction 

 

  In the early stage of video surveillance system, cameras are used to 

representing human eyes for monitoring proposed. Due to this continuously operation, 

a monitoring scene can be monitored in 24 hours and become more secure. As the 

advancement of technology nowadays, digital cameras are being to use in today 

surveillance system, providing an opportunity for extending the functionality of a 

digital camera. Some video analytic systems are very delighting nowadays and still 

developing, such as motion detection, object recognition, etc. Objects detection and 

tracking are the main issues in most of the video surveillance system, such as traffic 

monitoring, objects counting systems, etc. Instead of using man power for the above 

application, people would believe that using computers will be a better choose to 

implement such kind of “boring” works. As people find that most of the video 

surveillance systems are installed by static camera, images captured from camera can 

be used for detecting foreground objects by the technology call background 

subtraction. In order to implement background subtraction to extract moving objects. 

The background model becomes a critical issue that affects the performance of object 

detection and tracking. Usually, a proper background model should have the ability to 

handle s situation in real time applications. The concept of background subtraction to 

segment moving object is obvious, that is comparing between two image sources. One 

is using a foreground free background model and the other using a currently captured 
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image. The foreground image would be the difference between them. The interesting 

points of this research are the techniques used to build a reliable background model, 

and then make use of this model to find out the foreground object that we would like 

to extract. After we get the extracted objects, detecting and tracking objects would be 

the follow up issue that we would like to handle. Once we got the target object, 

several applications can be implementing such as object tracking, people counting, 

vehicle flow control, etc. 

1.1 Parametric Background modeling 

The primary objective of object detection is to extract a reliable background 

model to implement the background subtraction. In recent researches, there are many 

methods to generate background model, such as using a single [1-3] or mixture of 

Gaussian distributions for each pixel in the background model [4-12]. The purpose of 

using a mixture of Gaussian distributions is to account for multi-model in the 

background, such as wavy water or tree branch, since this kind of scenarios cannot be 

modeled by a signal Gaussian distribution only. Therefore, very often a mixture of K 

Gaussian distributions is used to model each pixel. Each of the distribution represents 

one kind of modeling, such as shadow, illumination, etc. Some papers improved the 

problems of computation and the accuracy of object detection by background 

subtraction method, such as [4, 5] improved the processing time by increasing the 

convergence speed, stability and using Region based method. Other than using a 

mixture of K Gaussian distributions alone, some other papers combined other 

effective techniques to enhance the background model. HU, GONG, ZHU and 

WANG [6] suggested making use of local binary pattern (LBP) histograms to image 

blocks. To form the background model, [7] also suggested relating the background 
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with spatial information. [8, 9] showed to combine with optical flow and using 

Bayesian learning to classify the background model and foreground objects. Other 

possible methods are to model the background using a predictor, like Wiener, Kalman, 

particle and Wallflower filtering to predict the background pixels intensity values [14-

18]. The result found that it is robust to small movement in the background such as, 

swaying tree, raining, etc. However, by using the above methods to generate a 

background model, they assumed that the background model was trained by a period 

of the training sequence in which with no foreground objects appear and the 

computational time were expensive. 

 

1.2. Non-parametric background modeling 

In most of the scenarios, the appearance of foreground objects is unavoidable, 

especially in the initial state of the tracking system. Therefore the parameter models 

can only give good performance when using the training sequences do not contain 

foreground objects. Also the computational time is one of the important issues in real 

time objects tracking system, and the delay time should be minimized. Therefore, base 

on the purpose of robustness and simplicity, [19-22] proposed an efficient and simple 

method for moving objects detection by using section-distribution background model. 

The method is to construct a background frame in order to apply background 

subtraction to detect both moving and stationary objects in the monitoring scene [19]. 

The method is based on the intensity distribution of each pixel in a period of time. The 

intensity levels were quantized into several levels, and each level contains a number of 

intensity values. Before modeling the background, an appropriate intensity section 

would be selected initially. If the intensity values of a pixel fall into the section, each 

pixel would be modeled by evaluating the mean values over a period of time. The 
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technique of background subtraction then be applied to detect foreground objects. 

This is to compare the current frame to the modeled background frame to get an error 

pattern to detect foreground objects. A similar approach was used in [20], [21]. In 

[20], two background models were generated: one is the statistical background (SBG) 

and the other one is the feedback background (FBG). Actually the FBG is the 

difference between the current frame and the previous frame. By combining the 

characteristic of these two backgrounds, a static object can be adapted to the 

background faster. Therefore, this method can only detect moving objects in the scene. 

In [21], the authors found that in a static scene, each pixel contains its own pixel state. 

Two assumptions were used to determine the pixel state: to use the background pixel 

that appears with the maximum frequency and to require the appearance time of the 

pixel value in the video sequence exceeding 40% of the total frame. The above 

method apparently works well in totally static scene, however, there are no results 

observed on dynamic scene, such as, the scene contains non-static background objects, 

e.g. escalators in a shopping mall. Also, according to their updated strategies, all the 

stationary objects would finally adapt to the background. This assumption may not be 

true in reality in the sense that stationary objects may not belong to the background, 

such as human being. Problems arise when a static object starts to move again, 

especially if the static object has already been adapted to the background model. The 

background would be detected as “objects” when the static objects leave the place. 

Therefore the background model should have the ability to distinguish the static 

objects that were in motion some moment ago.   
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1.3. Multiple background layer 

In addition, some papers were proposed to use different layers of background 

model for target tracking [22-28]. In [23], the authors implemented background 

subtraction that relies on two-layer background model. They used a single intensity 

model for all pixels rather than separate models for individual pixel, therefore the 

approach did not only using temporal information, but it make use of the spatial 

dependency of pixels, so that static and moving object can be classified. In [24], the 

authors extracted the foreground objects from background scenes by pixels combines 

with multi-background modeling with dynamic thresholds. However, the above 

methods kept detecting the static objects in the scene and ignore the adaptive property. 

Also, problems arise when objects start to move without the prior knowledge that 

they were foreground objects, which is the same problems as we mention before. 

Therefore, our methods could handle these problems which affect the detected result. 

Our method is going to generating two background models with different 

updating rate. The purpose of this method is to classify different states of the objects, 

such as active, static and re-active objects. The idea is to try to form the objects in 

different layers, and than apply the tracking method to different layers according to 

different application. For example if the application works on detecting static object 

only, the detection processing would only apply to static states layer, etc. Our 

background modeling method is similar to [20] which is also constructing multi level 

histograms to each pixel to form background model, but use different background 

update and background subtraction strategy. After background subtraction, two error 

frames are produced. We make use of the characteristic of the two error frames to 

classify different states of the objects. This method improves the false detection on 

background recover area, and the occlusion between static and active objects.     
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1.4. Application related to object detection 

Followed by the background extraction and objects detection, some high-tech 

and practical applications can be implement to provide useful information for the end 

user, such as traffic flow control, object base motion event alarm or people counting 

in a monitoring site. In this project we targeted to implement a system that counting 

the number of people passing bi-directionally in a monitoring scene. In this section, 

some of the recent research will be reviewed. 

Many researchers have made efforts on people counting applications. 

According to recent research papers, it can be classify into two main approaches, they 

are Line Of Interest (LOI) detection and Region Of Interest (ROI) detection. Line of 

interest is using a line for detection. Usually, when objects pass the preset detection 

line on the screen are counted as one. Similarly, ROI is to count the number of people 

within a predefined detection area on the screen. Besides, the camera setting at 

different angle should be considered, such as 45o (normal surveillance angle), 60o 

(higher ceiling angle), 90o (Overhead angle), which produces different performance 

with different angles. In recent researches, an overhead camera with LOI is the most 

commonly used setting in order to reduce the occlusion problems. See, for example 

[30-32]. However, it is hard to install an ideal overhead camera in some monitoring 

site. It is due to the limited height of ceiling in many indoor environments. 

Some papers investigation of non-overhead camera for counting, [33, 34], 

objects are detected by a vertical projection to the background subtracted image and 

then applying group tracking for merged objects. However, the above counting 

method will be limited to the camera position that people need to walk towards the 

camera and the camera should be placed a high enough level. 
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Some other ROI counting is performed on using a mapping-based detection 

approach. The relationship between the segmented bold features and the number of 

people will be trained off line. And then different classifiers are used to estimate the 

number people in the detected pattern [31-37]. However, these kinds of counting 

method can only estimate the number of people in a region, which is lack of the 

direction information of people flow. 

In order to solve this problem, we proposed in this project an efficient and 

easy to implement counting approach for real time monitoring systems. This can be 

used as a plug-in module to an existing surveillance system that is usually installed 

with an angle of 45o to the monitoring scene.  

This project gives interesting results of our work on intelligent video 

monitoring, with an emphasis on background extraction and moving object detection. 

New ideas have been included in our monitoring procedure which includes 

background modeling, segmentation of moving object(s), object tracking process and 

objects counting, etc. The remaining parts of this thesis are organized as follows. 

Chapter 2 reviews the background extraction algorithms, objects detection and people 

flow counting method. Chapter 3 describes the detail on our background modeling 

techniques, advance objects detection and tracking method. In chapter 4, the method 

of bi-directional people flowing counting will be described. Chapter 5 gives result of 

some extensive experimental work on our new approaches given in chapter 3 and 4, 

which indicate the efficiency of proposed approach. Finally, a conclusion is given in 

Chapter 5. 
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Chapter 2  

 Review on background modeling and Object detection 

techniques 

In recent researches, there are a lot of interesting techniques for building 

reliable background model for objects detection as mentioned in Chapter one. The aim 

is to using some high tech method to predict or estimate an adaptive background 

model to process background subtraction. 

General speaking, the statistical method to construct background model can be 

defined as two main types. They are Parametric and non-parametric model. The main 

difference between them is that the assumptions made in parametric model are more 

than non-parametric. Parametric model is some kind of collection of statistical 

measures that are described by finite dimensional parameters, such as Gaussian model 

which is parameterized by means and standard deviations for some prior information. 

While non-parametric model do as not relay to assumptions, it is, instead, determined 

from collected data, such as histogram and Kernel density estimation. This chapter 

briefly reviews on both statistical models. After the background modeling review, 

some object detection methods will also be described, they are connected components 

labeling and morphology operation. 
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2.1 Review on Parametric model  

 

 For parametric model, the background image pixels are estimated by some 

prior statistical information, such as the mean and standard deviation of historical data. 

Typical example of parametric model is the Gaussian model. As mentioned in the 

previous chapter, a lot of object detection related researches are using Gaussian 

model to represent a particular environment. This method strongly relies on the 

accuracy of the prior data at the training stage. For example to construct a Gaussian 

model, the mean and variance must be known before building a background image. 

This means that results from would give you the characteristic of the model. 

 

2.1.1. Single Gaussian Model (SGM) 

 In statistical measurement, normal distribution is usually used to describe 

a set of data distribution. This kind of distribution is also called “Gaussian 

distribution” in image processing world. It is mainly constructed by two parameters, 

mean and standard deviation. With this kind of information, the characteristic of the 

data set can be easily to show. Let xi be a set of data, i=0,1,2,3….N. The equation of 

the Gaussian function is: 

f (x |m,s 2 ) = 1
2ps 2

e
1
2

(x-m )2

s 2            (2.1) 

where μ and σ2 is the mean and variance of the data set. A probability density 

function is formed to express the distribution of those data. In background modeling, 

each pixel contains a Gaussian distribution to describe a specific condition in the scene. 

The probability will be calculated for each new incoming pixel value, if it passes to 
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some threshold for example 2.5 standard deviation of the distribution. The pixel is 

defined as a background pixel, otherwise it belongs to foreground pixel.    

 

2.1.2. Mixture of Gaussian model (MoG) 

Another approach to dual with some complex background scene rather than 

modeling the pixels as one particular Gaussian distribution, the mixture of Gaussians 

model is introduced [41]. 

 In section 2.1.1, a single Gaussian model was shown to model a particular 

background such as under a very static or slowly changing light condition. However, 

in some situation the image sequence contain multi-model distribution of a pixel 

values. Such as, a pixel value that is representing a road in an image, the next image 

contain tree branch in the same pixel. Therefore, the assumption of single Gaussian 

model may not be hold. Since A Single Gaussian model can only model a particularly 

static pixel value. For example a sample data point from a pixel is xi , i=0,1,2…n. The 

first half data have a mean μ1 and the rest of data have a mean μ2. In this case if a 

single Gaussian model were used, false detection would occur, unless the rest of the 

change can keep longer than the first half. But for a better choose, mixture of 

Gaussian can be use in this case to representing different condition. For a mixture of 

K Gaussian distributions, the probability of the current pixel value can be expressed 

by the following equation: 

 P(xt ) = wi,th(xt,mi,t,s i,t
2 )

i=1

K

å          (2.2) 

where K is the number of Gaussian distribution (η), wi,t is the weighting factor 

to the ith Gaussian function at time t, μi,t  and σ2i,t is the mean and variance matrix of 

the ith Gaussian function. According to [41] the number of K is depends on the 
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complexity of different scene. Usually, 3 to 5 are used. In equation (2.2), The 

parameters of the probability function, such as the weighting values, means and the 

variances for each Gaussian model have to be estimated and updated to obtain the 

optimal mixture of Gaussian model. In [41] and [8], recalled in equation (2.1), which 

is the ith Gaussian model of the Gaussian model in the K Gaussian models. Their 

components are updated as follows: 

Ni = (1-Mi,t )Ni +M i,t (N i +1)
wi,t = N i / N
mt = (1-M i,t )mt +M i,t (((N i -1)mt-1 + xt ) / Ni )
s t = (1-Mi, t)s t-1 + ((1- r)s t-1 + r | xt -mt |)M i,t

r =ah(xt,mi,s i
2 )

ì

í

ï
ï
ï

î

ï
ï
ï

     (2.3) 

where N is the number of the image being trained, α is the learning rate, and ρ 

is the learning factor for adapting the recent distribution, the author set it to be 0.005. 

Mi,t  is defined as: 

Mi,t =
1 if xt is thematchGaussiancomponent
0 otherwise
ì
í
î

  (2.4) 

After a number of iteration of this process, the mixture of Gaussian model can 

be used to model the background scene. Therefore, every new pixel value is 

estimating this K Gaussian model until a match is found. If the pixels value is within 

about 2.5 standard deviations of the distribution is defined as a matching to one of the 

Gaussian model. The standard deviations can be different according to different 

situation. After a match is found for the new pixel, it is regarded as background pixel. 

Otherwise, that new pixel is classified as foreground pixel. And then repeat the 

updated process in equations (2.3). If none of the K Gaussian is matched. The least 

probable distribution is replaced with a new Gaussian function with the current pixel 

value as the mean, an initially large variance and lower weight.    
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2.2 Review on Non-parametric model 

Besides the parametric model that needs to have prior knowledge of data and 

to use fixed distribution as the model. The non-parametric model also uses historical 

data to generated background model. 

2.2.1 N-bins Histogram model 

  Histogram is the basic density estimation model that does not depend on 

particular parameters. It can describe the characteristic of a set of data. The main 

property of histogram is that it contains a number of bins, which erected over discrete 

intervals and show the frequencies of the data that belong to the same interval. For 

example, it can show the frequency of the pixels that are within the same range of 

intensity value on the image. Mathematically, a histogram is a function mi that counts 

the number of observed data falling into a collection bin. Let n be the total number of 

data, k is the total number of bins, and the equation represent a histogram is: 

n = mi
i=1

k

å         (2.5) 

The distribution of histogram can also use to describe the historical 

information of a pixels against times. In [20], the statistical information of a set of 

pixel intensities can be used to construct a histogram that shows the characteristic of 

the pixel over time. The histogram Is the frequency against the value of pixel intensity 

range, usually from 0 to 255 for 8-bit intensity value. The 255 intensity values is 

divided into several ranges, indicated as a0, a1, a2…an , where n = [γ/δ], and γ is a 

quantity of intensity level which is equal to 256. δ is to control the number of the 

ranges. General speaking, this histogram got n number of bins, therefore, every time a 

new pixel value would increase the frequency of a particular bin. According to [20], 
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their assumption is the probability of that the background can be observed is highest 

in a period of time, therefore the highest frequency of the bins is the most likely 

background intensity interval. Follow this assumption, any pixel fall into the 

background intensity interval would be define as background pixel, otherwise is 

foreground pixels.  

 

2.2.2. Kernel density model 

 In this section the kernel density estimation to construct the background 

model is described. Generally speaking, a background model is constructed by a 

number of previous images in a sequence, and is a model of the change of pixel 

intensity. Usually, this kink of model is not going to describe the whole image 

distribution but for a particular pixel over time. Therefore, most likely, every pixel in 

the image would contain a model. A particular non-parametric approach is to estimate 

the probability of a pixel intensity value in a probability density function (pdf) [42]. 

The following equation shows what is the pdf looks like: 

f (x)= aiK(x - xi )
i
å           (2.6) 

where K is a kernel function, xi is the ith data point in a set of data sequence 

with total number of N data, i = 1….N. and α i are weighting coefficients. The 

weighting coefficient is set to be 1
N

, so that the sum of those coefficients is equal to 

one. 

 In order to understand this non-parametric technique, let us give an 

example to show how it generally works. Base on equation (2.6). We assume a set of 

samples S = {xi} where i=1,2,3….N, and S be the set of data points from a particular 
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pixel in an image. The weighting coefficients typically uniform over the set of data, 

which meansαi equal to 1
N

. Therefore, the pdf of the density in x is: 

P(x) = 1
N

Ks (x - xi )
i=1

N

å        (2.7)  

where K is a kernel function with bandwidth σ. The condition of the kernel 

function should be K(t) ≥ 0 and 
K (t)dt =1ò  as it is the probability function. 

Equation (2.7) can be considered as averaging the differences between the current 

pixel value and each of the data point associated with the kernel function. For many 

research papers, the Gaussian kernel is typically used because of its continuity and 

differentiability. The usage of Gaussian kernel in non-parametric approach is different 

from the one in parametric approach. The Gaussian used in non-parametric model is 

just a function to weight the data sample. In parametric model the whole set of data is 

used to fit the Gaussian model. Therefore non-parametric model basically does not 

depend on any specific distribution. Fig. 2.1 shows an example of kernel density 

function. For simplicity,   we let the data set {xi} = {x1, x2, x3, x4, x5, x6} and 

distributed as in Fig. 2.1 which shows the kernel density estimation in black curves, 

and the 6 individual kernels (Gaussian function) are the red curves,. The data come 

from the camera which is monitoring a static scene. Each data Point will be fit into a 

Gaussian function ƞ(xi, σ2). From equation (2.7), the pdf of this set of data become: 

P(x t ) =
1
N

1
2ps 2

e
-1

2
(xt-xi )2

s 2

i=1

N

å    (2.8) 

where N is equal to 6 in this case, σ2 is the bandwidth of the Gaussian function, 

xt is the current pixel value. As we are constructing a background model for a static 
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scene, in equation (2.8), the new coming pixel is define as foreground object if P(Xt) 

< th, where th is a global threshold that need to be adjust to get a reasonable cut 

between background and foreground, which means that it is application dependence.     

 
 

 As we can see that the non-parametric kernel density estimation approach can 

converge to any pixel intensity density function. The update of this background model 

can just use the new sample in the sequence and discard the old sample [42], which 

means that a window is used in the whole sequences. The window size is depends on the 

memory size and the processing power of the computer than can be afforded.  

 

Both of the parametric and non-parametric approach can do the same effect of 

object detection and background modeling.  Parametric model is more specific to a 

particular environment, such as representing a very static scene. Therefore parametric 

approach can finally be a reliable model to some specific application. In the situation of 

real time application, it is contain large amount of drift data in a continuous operation. 

Although, parametric approach like a Gaussian model can be enhanced to mixture of K 

Gaussian models to adapted different kind of environment, it may not be a good choose 

to model a continuous changing environment. Therefore, it is more suitable to use non-

0.02 

0.06 

0.08 

X1 X2 X3 X4 X5 X6 

Density function 

Fig. 2.1 the kernel density estimation 
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parametric model to manipulate those data and tuning the parameter according to the 

ambiguously changing environment. 

 

2.3 Review on detection method 

 In the previous subsection, both parametric and non-parametric models 

can be used to construct a background image to compare with the current image. We 

are also extract foreground objects for further use in other applications. We call the 

difference between background and foreground image as the error image, which is 

usually a binary pattern that indicates the extraction objects. In this part, a techniques 

of connected-component labeling and morphology algorithm will be reviewed which 

are widely used in different research projects.  

2.3.1. Connected component labeling 

 After the error image has been obtained, some potential foreground 

objects can easily be observed which are in the form of binary patterns. Conceptually, 

items from the same object should be gathering together. Therefore, in computer 

vision, a technique call “Connected component labeling” is used to detect connected 

pattern in the binary images.  

 The main action done by this method is scanning through the image pixel 

by pixel, from left to right, top to bottom, or using custom scanning order, in order to 

find out the region that the adjacent pixels share the same label. Usually, a binary type 

of images will be used for scanning, 0 for background pixel, 1 for foreground pixel, 

where the binary image is formed by background subtraction. Since we would like to 

find out the label of pixel according to its surrounded pixels, therefore the constructed 

element will be used to find out the connectivity relationship between a pixel and its 

neighborhoods which is so call x-connectivity. Connectivity can be 4-connectivity and 
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8-connectivity which represent the directions of depending labeled pixel. For example 

8-connectivity model means 8 neighbors pixel around the target pixel which is 

represented by red color and is the center pixel in the 3x3 constructed element in Fig. 

2.2(b), Fig. 2.2(a) show 4-connectivity model which only depends on the four 

direction pixels, such as top, bottom, left and right. 

   For a faster implementation, the dependence neighborhood pixels will be reduced 

according to the scanning method. For example, if the scan start from top to bottom 

and left to right of the image. The dependence neighborhood pixels would be the left, 

upper left, top and upper right for 8-connectivity model; left and top pixels for 4-

connectivity model.  

The labeling rules for the red pixel as shown in Fig. 2.3 are as follows [41]: 

Assume that we are using the 8-connectivity model, scanning from top to 

bottom, left to right. Therefore only the left, upper left, top and upper right pixels 

have to be compared within the model. It is due to the lower part of the model in the 

binary image have not been analyzed.  

1. If all the neighbors have not labeled, new label would be assigned to the red pixel. 

2. If only one neighbor has labeled, assign that label to red pixel. 

3. If more than one of the neighbors have labeled, assign the one with smallest labels to 

red pixel 

Fig. 2.2 (a) 4-connectivity model, (b) 8-connectivity model 
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4. Recorded the equivalences labels that if the neighborhoods element is not the same as 

the scanned element, for example in Fig. 2.3(c). The equivalent labels is 2, 3.  

Once the initial labeling and equivalence notices are finished, the second scan 

merely replaces each pixel label with its equivalent element, for example, in Fig. 2.3 

(c), there is a equivalent labels 2,3. Therefore the label 3 will be replace as 2 as shown 

in Fig. 2.3 (d). 

 

2.3.2. Morphological operation 

 Morphological operation comes from the theory of mathematical 

morphology, which is a theory for analysis and description of the shape properties. In 
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Fig. 2.3(a) Binary image, (b) starting scanning the image,  (c) New label 
to the un-connectivity pixel in first pass. (d) Replaced the pixel with 
equivalence notices in second pass (the label 3 become 2 from (c) to (d)) 
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today’s computer vision application, this technique is widely used on image 

processing to describe objects. For image processing, usually, binary pattern images 

would be used, such that the value of each pixel is either 1 or 0. The basic idea of 

morphology is applying different “tools” on the image to produce different effects and 

results. The “tools” refer to structural elements, for example a 3x3 matrix, where 1 is 

equal to the object pixel value, 0 is for background pixel value:  

 

  This structural element will then be input to the target binary image for 

calculation. Different arrangement for the structural element can give different effect 

to the object in the image.  

The basic operation of morphology is translation. The pixel value is moving to 

a new target position in the image with a direction. For example, A is a set of pixels in 

a binary image, and T=(x, y) is a particular coordinate point. Therefore we define AT 

is the set A translated in direction (x, y),. It can be represented as follows: 

}),(|),(),{( AbayxbaAT +=   (2.9) 

Where (a, b) is the position in set A. An example illustrates the translation 

operation in Fig. 2.4. Assume A is a cross shaped set in the image and T= (2, 3). Note 

that the origin is at the top left corner of the image.  
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The operation of translation is further expended to the operation of dilation 

and erosion. Dilation can used to increasing the size of the object, while erosion can 

used to reduces the object size or remove small object. In the following part, erosion 

and dilation will be discussed. 

2.3.2.1. Dilation 

 Dilation can be considered as filling the “holds” or increase the size of the 

object in the binary image. For example, A and B are sets of pixels. The dilation of A 

by B is denoted as A⊕B, which is defined as: 

xBx
ABA


=   (2.10) 

From the above equation, set A is translated by those point x in set B. And 

then the union is taken to all these translations. This dilation is commutative, so that A

⊕B = B⊕A. 

0 1 2 3 4 5 
0 
1 
2 
3 
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6 
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0 1 2 3 4 5 
0 
1 
2 
3 
4 
5 
6 
7 

A AT 

Fig. 2.4 Translation 
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Fig. 2.5 gives an example of dilation of the set A by B. Suppose we have a set 

B at the position {(0,0), (0,1), (0, -1), (-1,0), (1,0)}. The arrangement of the set B can 

be change to an others pattern depends on different purpose for different application. 

And then the set A are translated by those coordinates in set B, i.e. Ab where b is the 

translation direction in B. The Gray color in set A is the original position of the object. 

After each of the translation, take union to all of these translations. It means make a 

copy of set B in the image. In Fig. 2.5 the constructed element B shows five 

directions that the pixels in set A should translate to and those translated pixels are 

marked as 1, i.e. black in color. A (0,0) means no translated apply, the pixels with black 

color in set A are all retained. The next translation is A (0,1) which means all the pixels 

in set A will translate down by one pixel, then the union is taken to all these 

translations. The rest of the 3 translation will act as the same as mentioned. If we 

combining all this translated result together, the final result will be shown as Fig. 2.5 

(f) 
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-1 0 1 
-1 

0 
1 

Construct element B 

(a) A(0,0) (b)  
A(0,1) 

(c) A(0,-1) 

(d) A(-1,0) (e) A(1,0) (f) A⊕B 

Fig. 2.5 Illustrate the dilation operation of A⊕B 
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2.3.2.2 Erosion 

 The idea of erosion is to input a structural element to an image, working like 

convolution process along the image to filter out some part of the object in a binary 

image. 

Erosion of A by B is denoted by AQB , and is the set of all translations for B 

is completely contained in A, 

AQB = {x | (B)x Í A}       (2.11) 

where   Bx  is the translation at the origin of B by the vector x. 

The above equation states that the erosion of A by B consists of all 

translations point in set B within set A. The operation can be performed by move the 

constructed element B over A. Any places in set A is fully fitted the translation point 

in set B, the origin (0, 0) at the constructed element B will be marked. The final result 

of erosion is those marked pixels. Fig. 2.6 shows an example of erosion operation. 

The constructed element B consist of 4 translation point, they are {(0, 0), (0, -1), (0, 

1), (1, 0)}.  Fig. 2.6 (a) shows the pixels in set A, which is black in color. Fig. 2.6 (b – 

e) is the place that the translation point in constructed element B is fully filled in set A. 

The marked pixels are dark gray in color. Final result is shown in Fig. 2.6 (f) which 

combined all the marked pixels in Fig. 2.6(b-e).  As a result, the object is strongly 

reduce by using this constructed element. 
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Construct element B 

-1 
0 
1 

-1 0 1 

Fig. 2.6 Illustrate the operation of erosion 

(b) (c) (d) 

(e) (f) AΘB 

(a) Set A 
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Chapter 3  

Object detection method via using the techniques of N-

bins histogram background modeling 

 

3.1. Background modeling  

Background subtraction is the major technique for the detection of moving 

and stationary objects in the system. Hence, background modeling is an important 

issue in the whole system. It directly affects the segmentation result. The method used 

in this paper is to generate a statistical background from the histogram of each pixel in 

the frame. We create a background image map that contains frequency-intensity 

histogram that shows the number of occurrences of an intensity of each pixel in a 

period of time. In order to reduce the computational time for real time processing, 

each pixel contains only an n-bins histogram H (x, y). Each bin, for example, contain a 

range of 16 pixel intensity values (i.e. {[0:16], [17:33],…..[139:255]}, the histogram 

then contains 16 bins in this case). Thus we have, 

}bin...bin,bin,bin{)y,x(H N321= …..         (3.1) 

where N is the number of bin in the histogram. The histogram is used to count the 

occurrence of intensity values for each pixel.   Let us assume that BINtn is the 

accumulated number of occurrences of the pixel at location (x,y) in the nth bin at time 

t. We have  
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and It(x,y) is the pixel value at location (x, y), at time t. 

According to the above equation, the most frequently occurred intensity 

interval (binb) in the histogram could be obtained. In our assumption, the most 

frequently occurred intensity bin should have the largest likelihood of being the 

background pixel intensity interval. We also make use of the current incoming pixel 

value (at this interval) as the current background pixel value in the model, i.e. 

btt binyxIyxB = ),(),(      (3.3) 

Bt (x, y) is the background pixel value at location (x, y) at time t, and binb is 

the background bin. Fig. 3.1 illustrates this background generation process 

 

 

 

 

 

Fig. 3.1 shows the algorithm of background 
generation.  
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 From the above graph, the most active intensity interval indicated in Fig. 3.2 

(b) is 20-40, therefore this interval would be chosen as the background interval, and 

the value of that pixel would be the latest value at that interval such as 35 for frame 

439. In the case for those intensity values that do not fall into the most active intensity 

internal, such as the blue circles in the graph, which indicate that there is a moving 

object containing this pixel, and then the background pixel value of this location 

remain the same during this active intensity interval. Lastly, the background frame 

could be constructed.  Due to this arrangement of background modeling, some of the 

“moving” background, such as the escalators in some shopping mall, can be visually 

seen the movement in the background model. By using this method, the background 
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pixel values are close to the current values.  Therefore the false detection around that 

area can be minimized.   

 

3.2 Background model update 

    In real life application, the background would not be the same all the time. 

The scene changes always, such as the illumination change at outdoor environment 

and the movement of the background. Objects that come into the scene may stay for a 

long time. In order to adapt these kinds of issues, background update is needed. In 

our background modeling method, the background frame is started to update 

immediately when it has been created. Each bin will have an upper bound record of 

occurrences of pixel values.  If any acuminated value of the histogram reaches to a 

pre-determined value, the histogram is reset. All bins are reset to zero except the one 

that belongs to background bin at time t-1.  The background will be set to half of the 

pre-determined value. The reason is that if the bin used to be a background bin, it is 

assumed to be also a background bin at time t+1. This arrangement makes the 

background bin remain its function after the reset.  

  Recall the equation (3.2) and note that BINtn < P, where P is the pre-

determined value, then, 

Recall the equation : BINtn = btn
t
å where btn =

1 if It (x, y) binn

0 if It (x, y) binn

ì
í
ï

îï

BIN tn =

btn
t
å if "BIN ti < P  where i = 0,1, 2,..., N

P
2

BIN tn = P

0 if BIN ti = P for any i ¹ n

ì

í

ï
ï
ï

î

ï
ï
ï

  (3.4) 
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In some cases, if a moving object come into the monitoring scene and stops 

for a long period of time. This object may not need to be detected anymore. The 

object is then said to be adapted into the background model. On the other hand, in 

some applications, the stopped objects may still have to be tracked. Therefore, the 

system is application dependent and the parameters of the system are tunable. The 

pre-determined value should be one of the tunable parameters. One option to adapt 

stopped object into the scene is to change the background interval as the most active 

intensity interval for the pixels that was covered by an object for a period of time. 

Fig.3.3 shows an example of our adaptive background that will adapt static objects 

into the scene.  

The criterion to change the most activity intensity interval is: 

If one of the other bins accumulative value is greater than the current 

background bin’s accumulative value in the histogram, the bin will become a new 

background bin  

Let binb is the background bin with accumulative value BINtb, and then it can 

be written as: 

î
í
ì

¹
¹
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  (3.5) 
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Fig. 3.3 gives an example of making possible adoption of background change. 

The upper graph is a pixel value distribution graph of the pixel at the red rectangle in 

the frame. Assume that the original pixel value was around 250 and this value lasted 

for 55 frames. Hence binb contains a value 55 while the others are zero, if there are no 

error values in the period of the time in the pixel. At frame 56, a book intruded into 

the scene and lasted for about 110 frames. After the book stayed in the scene for 56 

frames, bin2 contains the value 56 that is larger than the value at binb 55. According to 

the above criteria at equation (3.5), bin2 will become a new background bin while binb 

returns as a normal bin. Hence, every incoming pixel falls within this rang will be 

classified as background. The book in Fig. 3.3 is then considered to have been 

adapted into the background. 

 

The procedure of background modeling: 

1. Start the video sequence (either offline or real-time video). 

2. Prepare a histogram (pixel intensity against frame number) for each pixel. 

Fig. 3.3 An example of adaptive background: (a) a scene in the DSP Laboratory at time t1 (frame 1) and at 
time t2 (frame 112), and (b) Graph of the intensities of the marked pixels against the frame numbers. 

55 frames 110 frames 
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3. Continuously update the histogram of every frame. 

4. Find the most occurrence bin in the histogram of each pixel in each update. The 

current intensity values within the background bin become the background pixels.  

 

3.3. Short term and long term background models 

 

  Our detection method based on background modeling is to make use of two 

background models. One of them represents short-term background and the other is 

for long term background. The differences between the two backgrounds are the pre-

determinate values of the bins. The short-term background contains a smaller value, 

which means the background bin is easily to be replaced by other bin in the histogram. 

On the other hand, the long-term background contains a larger maximum update 

value of the bins; hence the background is not easily be updated.  Once an object is 

detected, the detected area in long-term background model may not be updated. 

Therefore the long-term background usually does not contain temporally adapted 

foreground objects. 

  In some papers, multi-backgrounds were introduced to give solution of fast 

adaptive background and stationary object detection. [20] suggests using two 

backgrounds models to adapt the stopped objects into the background faster. [26] 

used the method called background clustering to duel with complex environment. [27] 

shows how to use multi-backgrounds to detect static object in a monitoring system. 

[28] makes use of multi-foreground region to classify active and static objects. All the 

methods give good performance on adaptive background detection and the static 

objects were successfully detected or adapted onto background accurately. However, 

there are few papers discussing about the problem when objects start to move again in 



41 
 

the scene. Usually, when the object moves again in the scene, a “hold” would be left 

behind as an error in the frame, since the object has already adapted in the background 

frame. Fig. 3.4 (d) shows the “hole” left behind the re-active person.  While 

processing background subtraction, the “real background” would be different from 

the constructed background frame. As a result, false detection occurs in this area.  

  Our method using short-term and long-term backgrounds for background 

subtraction, not only classified active and static objects in the scene, but also classified 

“re-active” regions in the scene in order to reduce the false detection. After 

background subtraction, two different error frames are produced E1t(x,y) and E2t(x,y) 

at location (x,y) in time t. Both of the error frames contain different characteristics. 

Therefore, by combining the patterns of the two error frames, two new maps are 

generated at time t, we call them Final error map, Eft(x,y) and Classified map Ect(x,y). 

Final error map Eft(x,y) acts as an combination function of E1t(x,y) and E2t(x,y). 

Classified map Ect(x,y) contains 4 different representations for each pixel. They are 

background, active, static and “re-active” pixel. The corresponding numbers are 0, 1, 

2 and 3. For those error fames, each of them is a binary pattern frame with the pixel 

value either equals 1 or 0 at time t.  

î
í
ì <-

=
otherwise

thresholdyxByxIif
yxE tt

t 1
|),(),(|0

),(   (3.6) 

where Et(x) is the error frame, and the threshold is equal to 20. 

The threshold was determined by experimental results. 

Both of the maps contain important information of the pixels states, which 

enhance the classification ability of each object.   The following table shows the 

combination pattern and the corresponding physical meaning. 
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*This table shows a pixel in the frame only, the others pixels contain the same mechanism.  

Error Frame1 

|I(x, y) – Bshort-

term(x,y)| 

Error Frame2 

|I(x, y) – Blong-

term(x,y)| 

Final Error 

Map (Ef) 

Classified Map 

(Ec) 

Physical meaning 

0 0 0 0 Background pixel 

1 1 1 1 Active pixel 

0 1 1 2 Static pixel 

1 0 0 3 Re-active pixel 

  Table 1. The combination pattern and the corresponding physical meaning 

 

The column Ect(x,y) shows that classification of the pixel states and the 

corresponding “physical meanings” are shown at the last column.  

After the above arrangement, the final error map will be used for objects 

detection. The detected results showed indicate that the detected objects are either 

moving objects or static objects. The advantage of this arrangement is that if the static 

object starts moving again, the “hole” left behind the object will not be detected. 

 In addition, different applications will have different arrangements of the Final 

Error Map. In the above cases, we would like to detect both active and static objects, 

which means only the pixels defined as 1 and 2 in the Classified Map will be detected. 

On the other hands, if we just want to detect re-active object, then only the pixels 

defined as 3 in the Classified Map will be detected.  Suitable of different applications, 

such as stolen object detection, leaved person detection and many false alarms can be 

eliminated.   
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3.4 Object’s detection, Segmentation and tracking 

  The segmentation method used in the system is background subtraction. By 

subtracting the constructed background model and the current frame, the objects will 

appear in the scene and can be detected.     

 

  In the previous section, we have shown that how to create the final error map. 

However usually there contains a lot of noise due to the performance of the camera 

and some unwanted small movement in the scene. All these problems affect the 

segmentation result. Therefore, false detection as shown in Fig. 3.5 always appears 

during objects detection. 

(a)  (b)  

(c)  (d) 

Fig. 3.4 Video sequence took from HKPU (a) a man stays at the same position for a period of time. 
(b) The Classified frame shows on green color represents the static object. (c) The man starts to 
move again.  (d) The red and blue color pixels represent active and “re-active” pixels in the scene 
respectively. 

  
 

Static object 

Active Object 
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 In order to resolve this problem, usually in many others paper, the 

morphological operation was applied to the error frame. The operation of erosion and 

dilation eliminated the noise and small movement in the frame that we mention in 

Chapter 2. However, the computational time would increase dramatically. In our 

object detection method, the filtering and detection process will be comprised 

together. Our object detection algorithm makes use of the basis of morphological 

operation, and it is unlike the conventional connected component method to detect 

segmented object that need a clear error pattern frame and have to work through 

every foreground pixels. Our detection algorithm is robust to some noisy environment.      

 

 

- 

- 

=

  
=

  
Fig. 3.5 False detection, due to some noise and small movement in the scene 

Noise 

Noise 

Current frame Background frame Error frame 
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3.4.1 Robust object detection 

 

 At the start of the searching, a detector is built in order to help for searching 

objects in the error frame. The error frame used here is the Final error frame Eft that 

we have mentioned in the previous section. The detector, for example, is a 3X3 

matrix with the value of one except the center value is minus 8. This detector starts 

searching the error frame from top to bottom and from left to right. The error pattern 

is considered as an object, once the error pattern is fully filled the detector, which 

means the sum of the matrix is zero. A mathematic expression can be written as: 
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   (3.7) 

where Indicated element-by-element multiplication. 

Once the detector has found an error pattern, the location at the center of the 

block matrix becomes the starting point of next operation called boundary-seeking 

operation. This process consists of two parts. The first part is to find the initial 

boundary of the object that may not cover the whole object as shown in Fig. 3.6(c). 

Further seeking of the object boundary is the second part of the whole boundary-

seeking operation in Fig. 3.6 (d). The advantages of this method are time saving and 

the noise in the frame would also be ignored.  

 

  When the detector found a potential object in the error frame, the initial 

boundary of the object is found from the center of the “detector” matrix, c11(x,y). 

where x and y indicate the corresponding location in the frame. Firstly, the initial 

object left and right boundaries are found by expanding horizontally the searching 
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position from c11(x,y); similarly, the top and bottom boundaries are found by 

expanding vertically the searching position from c11(x,y). Therefore we can obtain the 

four corners at the top, bottom, left and right edge, (XT, YT), (XB, YB), (XL, YL), (XR, 

YR) as shown in Fig. 3.6(e) Then a rectangle can be drawn. In order to get the whole 

object, the second step of searching boundary is introduced. The search will start from 

the four edges, if any error pattern is found nearby the edges, the old location at the 

top, bottom, left and right will be replaced by the new locations, (X’T, Y’T), (X’B, 

Y’B), (X’L, Y’L), and (X’R, Y’R). Therefore the new object boundary can be found. 

This is a iterate process until none of the error pixel is detected from the four edges. 

As a result the whole object could be found. The graphic description shows in Fig. 3.6.  
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Noise  

Target object 

(XT, YT) 

(XR, YR) 

(XL, YL) 

(XB, YB) 

(X’T, Y’T) 

(X’R, Y’R) 

(X’L, Y’L) 

(X’B, Y’B) 

(a) 

(b) (c) 

(d) (e) 

(f) (g) 

Fig. 3.6 (a) noise and target object. (b) The detector matrix search the noise. (c) The detector reaches 
part of the object (d) The detector fully occupies the target object. (e) Start search from the yellow 
pixels. (f) The temporally boundary. (g) new edges locations  

c11(x,y) 
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  When an object was found in the error pattern and the feature of this object 

was recorded. It just simply set the pixels inside the rectangle to 0 as shown in Fig. 

3.7 (b). Therefore, the detected object would not be detected again in the next search. 

Fig. 3.7 shows an example of the masking of detected object. 

 

 
 

 

 

 

 

 

 

Target object 

(a) (b) 

(c) (d) 

Fig. 3.7 (a) Assume two target objects in the error frame. (b) the top right object 
was found by the detector and bounded by a rectangle  (c) the previous detected 
object was masked and the bottom left object was also found. (d) The last detected 
object was masked.  
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3.4.2 Multi-Objects detection and tracking 

 

In most of the detection and tracking system, in order to track objects, objects 

features needed to be extracted for comparison, such as shape, location and color 

feature. In our system, we use object based detection and tracking. Each object, O, 

contains an “Object describer”, on, which is used to describe the detected object such 

as object’s center (Cx, Cy), object’s states, shapes and color histogram.  

....3,2,1,0},,),,{(
....},,,{ 321

==
=

nwherehistogramcolorshapestatesCCowhere
oooO

yxn
 (3.8) 

This information is important for the recognition and tracking process.  

 The method requires a final error map, Eft, which is produced by background 

subtraction (i.e. the difference between the background frame and the current frame). 

During the background subtraction, a classified map, Ect, will also be used 

spontaneously. As mention previously, the classified frame is built according to the 

combination of the two error frames produced by the short term and long-term 

background. This frame classifies each pixel into four kinds of states: they are the 

active, static, re-active and background states. Their corresponding numbers in the 

frame are (1, 2, 3 and 0).  

  Once an object is detected in the monitoring scene, an object describer will 

start to record the object information. The object’s center and the boundary are used 

to determine the next searching position of that object. We assume the object will not 

move too far away between two successive frames, (i.e. with sufficiently high frame 

rate, for example 10 fps). The object’s center is found by including only the pixels that 

are defined as the foreground inside the bounded rectangle. That is,  
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  Px and Py are the coordinates of a new searching center. R is the area inside 

the object’s boundary. Then the shape of rectangle and the object center will form the 

next searching area. The target object can always be tracked until it leaves the 

monitoring scene. The reason of using the object center instead of the rectangle center 

is to make the next searching area more accurate. In some cases, the center of the 

object is not the same as the center of rectangle as shown in Fig. 3.8. Therefore, in 

order to keep tracking the object, the next searching area must bias to the object side, 

which will make the next searching area contain more foreground pixels belonging to 

the object to enhance the detection accuracy. 
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After the object was detected and bounded by a rectangle, the object would be 

analysis to decide whether it is active or static. The condition is depends on the ratio 

between active and static pixels within the bounded area of the object. 

Let Objactve be the number of pixels inside the bounded area is classified as 

active pixels, Objstatic be the number of pixels inside the bounded area is classified as 

static pixels and Objstates be the classified states result of the object.  

Recall the number of active and static pixels in our classification (types 1 and 2) 

åå
==

==
RyxEc

static
RyxEc

active ObjObj
2),(1),(
1,1       (3.10) 

Let us define the object status as follows: 
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where α is the decision factor which is greater than 0. This factor affects the 

decision of the states of the object. If α is greater than one, it means that the object is 

not easy to be defined as a static object unless the object contains a large amount of 

static pixels. 

x 

Rectangle center Object center Searching area using 
rectangle center 

Searching area using 
object center. 

Fig. 3.8 (a) the detected object. (b) different searching area in frame t+1 

(b) Frame t+1 (a) Frame t 
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  The above equation reveal that if the number active pixel is greater than the 

number of static pixel inside the boundary area, the object will be defined as active 

object, otherwise it is a static object. This definition can be used for many other real 

time applications, such as left objects detection, stopped vehicle detection, etc    

 

3.4.3 Target-object tracking via color histogram 

   

In order to track the same object in the whole tracing process, or to track the 

similar object through the tracking process. Color histogram is one of the useful 

features to distinguish different objects. In our system, normalized histograms are 

created for object tracking [29]. Which means that we are forming a unit vector for 

the color histogram. Normalized here means the Euclidean norm of this vector is 

equal to one.  

1)(
1

2 =å
=

N

i

normalized
iBIN      (3.12) 

where BINi is the normalized accumulated values of the ith bin.  

Let h  be the original color histogram and BINn be the accumulated values of 

the nth bin. Then 

　h

BINBIN nnormalized
n =       (3.13)     

where n = [1….N], 　h  is the Euclidean norm of the original color histogram 

 

This histogram is created immediately when the moving object is detected, and 

only the segmented foreground object’s color information that is inside the object-

bounded area will be extracted. Then the color feature of the target object in the 

previous frame is extracted to compare the detected object in current frame.  
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where unit vector p  is the previous target object normalized N-bins histogram, 

unit vector c  is the current detected object normalized N-bins histogram. By using 

the Euclidean distance measure between the two vectors c  and p , the distance 

between two histograms is: 

 

 pcd ,1 r-=       (3.15) 

where  å
=

=
m

n
cnpn binbinpc

1
],[r  

ρ is the coefficient which is so called the Bhattacharyya coefficient. Indeed, 

this coefficient is the correlation coefficient between two discrete distributions, which 

is used to measure the similarity between two patterns [29]. This coefficient can also 

be viewed as the angle of cosine of two unit vectors ( c  and p ).  

pc
pc 

=cos         (3.16) 

where θ is the angle between the two vectors. 

If the two vectors are similar, the angle between the two vectors should be 

very small. Therefore the approach is to maximized the Bhattacharyya coefficient, that 

is minimize the angle between c  and p . For example as the graph shows in Fig. 3.9, 

the two similar objects contain similar normalized histogram, so the coefficient is large. 

This means the distance is small. The same or similar object can be detected again. 

The normalized N-bins histogram, p , is then updated to adapt the change of the 

target object at time t.  
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where u is the updated factor. The current target histogram model is therefore 

adaptive to the change of the target object. 

 
 

 

 

 

 

 

 

 

(e) (f) 

(d) 

(c) (a) (b) 

Bhattacharyya coefficient 
= 0.89445039 

Bhattacharyya coefficient 
= 0.54330834 

Fig. 3.9 (a), (b) and (c) are capture from the video 
sequence, (d) is the normalized histogram of the mini bus 
in figure (a), (e) is the normalized histogram of the mini 
bus in figure (b), (f) is the normalized histogram of the 
taxi in figure (c). Using (d) and (e) the coefficient is 
0.894, and using (d) and (f), the coefficient is 0.54.  
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Chapter 4  

Effective bi-direction people flow counting for real time 

surveillance system 

 In this Section, an object based bi-directional counting system is proposed, 

which comprises of an advanced object detection and tracking algorithm that mention 

in the previous section to count the people flow in the monitoring scene. The result of 

which shows that the approach can provide about 90% accuracy for bi-directional 

people counting with an angle of 45o to the scene. 

Our system consists of three parts. The first part is an N-bins histogram double 

background modeling and subtraction algorithm. The second part involves camera 

calibration and object detection method. The third part is on a bi-directional flow 

counting of objects using a detection line. The method of background modeling and 

object detection are based on the previous chapter. For the objects detection 

algorithm, recall that the object location can be detected easily from the error frame 

obtained by the difference between the background frame and the current frame. In 

this chapter, the scene calibration and bi-directional flow counting of objects are 

described in details.   

 

4.1 Scene Calibration 

  In our counting system, a normal surveillance angle 45o is used. People in the 

monitoring scene are projected on a 2D image plane on the screen. A person may 

have different “heights” showing on this plane. People would tend to be “higher” 
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when it gets close to the camera compared with the far away person. In the object 

detection part, the prior knowledge of human height in the 2D plane can help to 

identify a person from the error frame. Let us assume that the height of human is a 

reasonable value, and allow some tolerance. 

  Before starting the counting function, scene calibration has to be applied, as 

shown in Fig. 4.1. Three points have to be selected in order to generate a linear 3D 

human head plane on the monitoring scene, which is shown in Fig. 4.1(b). This plane 

represents the height of a person at different position on the screen. Let P (x, y, z) be 

one of the point, x and y are the coordinate on the image. z is the height of the object 

in the 2D image. These 3 points are selected by drawing a rectangle box on the image 

around testing person. To obtain better estimation, the three points are chosen at 

different location on the image so that these 3 points can form a triangle shape. Fig. 

4.1 shows an example of camera calibration.  
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Linear plan 

Fig. 4.1(a) The 3D head plane model, (b) Scene Calibration by three rectangles 
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The equation for a 3D plane making is as follows: 
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         (4.1) 

which can also be formulated as: 

Ax + By + Cz + D = 0                    (4.2) 

where A, B, C and D are constants. 

The values of x and y can be found by objects detection method so that the 

only unknown z can be obtained. Also the human width-height ratio can also be 

recorded for reference. 

Rwh = h/w         (4.3) 

where Rwh is the object width-height ratio, h and w are the height and width of the 

boundary box that is drew on the screen for a person. This ratio is used to estimate 

the width of the detected object according to the height interpolated from the 3D head 

plane.  

 

4.2 Objects Detection method. 

  In our system, multi-objects detection is the critical point to be investigated. 

Object detection provides the location, size and other feature of a person, which are 

very important information in object based counting. Our object detection is divided 

into two parts. The first part is the Initial Object Detector (IOD) and the second part 

is the Existing Object Detector (EOD). IOD is a method to detect new objects in the 

scene. It initializes potential object features. EOD is to detect existing objects that are 

already detected in the scene. It then updated the features of objects and performs the 

tracking process. 
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   4.2.1. Initial Objects Detector (IOD) 

  Our objects detection method is based on the error frame obtained by the 

background subtraction approach in our system. Objects in error frame are classified 

as mentioned in [39]. The frame contains information of the states of each pixel. An 

object can be classified as an active, static, re-active and background object. Re-active 

pixel means that, when an object enters the scene and stays for a period of time which 

has been adapted to the background and then moves again. Usually a “hole” will be 

left on the error pattern. By using our previous work, the “hole” can be identified and 

reduced the false alarm. For objects detection, a matrix detector detects the potential 

size of an object. In IOD, the search starts from the bottom to top of the error frame, 

since we assume that the bottom of the image is closer to the position of human legs. 

Once an object is found, a boundary box is generated around the object with the 

boundary box location (x, y) coordinate values. The width and height are recorded for 

later verification. The (x, y) values are substituted to the liner 3D head plane equation 

to obtained z value, which represents the object height at that position. Compare with 

the possible height and the z value of a person recorded before, if the height is equal 

to or within the tolerance, a person will be identified, and at the same time a new 

object is initialized. After the new object is created, the area of the new object in the 

error frame will be masked, so that the detector will not re-detect the same object. 

This process is fast and easy enough to implement on real time applications and obtain 

good results. After the person has been detected and initialized, some parameters have 

to be stored as the object features, such as the object center, object size, initial 

position and the color histogram. All this features are used for object identification 

and tracking in next step.  
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4.2.2 Existing Object Detector (EOD) 

  All new objects found from the IOD are stored in a memory buffer. Every 

time when an error frame is entered into the detection module, the EOD is 

implemented firstly. The search starts from the existed object center, and moves spiral 

outward to detect objects. It is reasonable of us to assume that the objects would not 

move too far away from frames. Therefore the same object should be found within the 

object size area in the previous frame. When a pattern is detected, the system applies 

the same process as IOD. But the size of the detected object will be compared with 

the predicted size of an object according to the position. If the size is equal to or 

within the tolerance, the detected object is confirmed the same as the existed object. If 

not, a group of people is detected and this case is to be discussed in next section. 

Once the same object is detected again, the new object center, size and color 

histogram feature are extracted. Then the object features are updated according to the 

following equation. 



a

--+-=
--+-=
--+-=

))()1(()1()(
))()1(()1()(
))()1(()1()(

heightheightheightheight

widthwidthwidthwidth

centrecentrecentrecentre

tOtOtOtO
tOtOtOtO
tOtOtOtO

       (4.4) 

where O is the detected object, t is current time, α and β are the updated 

factor smaller then 1. In our systemα=0.8 and β=0.75. 

  After the entire existing objects have been detected, the area of those 

detected objects in the error frame will be masked. The rest of the error pattern would 

loop back to the IOD to detect new objects. 

 



60 
 

4.3. Detect groups of people 

In this section, the detection of groups of people is discussed. Firstly, we 

assume that the system has recorded the features of all the people in the monitoring 

scene, so that each person contains his or her own features as mentioned in the 

previous section. During the object detection, it is unavoidable to detect a large 

pattern in the error frame that the size is larger than the size of object predicted in the 

3D head plane and there is more than one previous object centers within the large 

pattern region. This situation usually means a group of people is found in the scene. In 

this case, the predicted object size in the 3D plane can be used to identify each person 

in the group. In the error frame, the background has been removed. Therefore, the 

rest of the error pattern would be assumed to be humans. Fig. 4.2 shows that there are 

three persons merging together in the middle of the scene. However, as we have the 

prior knowledge of human size at that position. The error pattern can be cut into a 

number of persons according to the existing object within the large pattern as shown 

in Fig. 4.2. Then the “prelim objects” can be detected. The term “Prelim object” in the 

sense means that the detected object is not yet verified.  

In order to look for the same object in the pattern, feature matching is applied, 

since we know the number of people in the large pattern. Two kinds of features are 

used. They are the center position and the color histogram which are used to find out 

the most matched prelim object and the existing object. The first rule of matching is to 

choose the closest distance of prelim object by comparing their center position, and 

then to perform template matching to their color histograms to find the most similar 

one, which we have mention in Chapter 3. 
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  By applying features matching method, the same object can be tracked and 

their position can be known until people leave the monitoring scene.  

 

4.4 Object Counting. 

 

  In some early works on people counting, a detection line is used as the 

control of the counting performance [30-32]. Usually, counting is started when the 

detection line detect some changes from the error pattern. In our system, the counting 

depends on object position in the scene. 

 

  To perform people counting, the user can draw any straight line on the scene, 

which is usually a line on the floor. Our counting definition is that when a person 

passes through the line, the counter will be incremented by one and it also depends to 

the people passing direction. The detection line will form a linear equation by 

intercept form, y = mx +c. where m is the slope and c is the y-intercept. In the 

previous section, people are tracked by the proposed method. Each human contain a 

number of features, so that the position of each object is known. Make use of this 

information, the coordinate of human foot position can be further extracted in the 

image. By using the foot coordinates and relating to the detection line equation, the 

number and direction of people pass through the line can be detected. For every 

Fig. 4.2 Groups of people detection 
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existing object, we can calculate the perpendicular distance between the detection line 

and the point of human foot (p, q). Let us make use of the 2D Point Line distance that 

was mentioned shown in [40] as shows below. 

The general equation of the detection line can be written as: 

aX+bY+c = 0           (4.5)                 

where a, b and c are the constant of the detection line equation. Equation (4.5) 

can be re-write to: 

b
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Therefore, points (x, y) on the detection line have the vector: 
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where D is the perpendicular distance between a point to the detection line. 

If we take away the absolute of the numerator, the values of D will be a signed 

value. The sign can be represented as the direction of the point. Based on this 

information, two kinds of information can be obtained: 

1. The distance between each person and the detection line. If the value approaches to 

zero, it means that the object is close to the detection line.  
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2. The direction of people passes the detection line. If the sign is different from the 

initial sign of the object, it means that the object passing through the detection line. 

 

Hence, once the sign of the object changes, it means that the object is passing 

through the line. The following shows the mathematical expression of the counting 

method. 

O(0)sign = initial sign  
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where O(t)sign is the sign parameter of an existing object at time t,  

O(t)Line distance is the distance between an existing object to the detection line. In 

order to avoid false counting when the existing objects standing on the line, the 

threshold is set as a margin of the detection line to detect the change of sign of an 

existing object. 
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Chapter 5  

Experimental result 

 

 In this Chapter, some for the experimental result were done to testing the 

performance of our background modeling, object detection and tracking, and also the 

performance of our real time application, bi-directional people flow counting system.  

To evaluate the improvement of the double n-bins histogram adaptive 

background models. Three kinds of real time process experiments were tested under a 

standard PC. They are (i) Time spent to create background. (ii) Comparison between 

conventional and proposed N-bin histogram adaptive background modeling and (iii) 

target object tracking experiment. Furthermore, in order to applying our algorithm to 

real application, different monitoring scenes had tested to count the bi-directional 

people flow is having found that satisfactory result achieved.  

In order to develop and perform evaluation, we have setup a testing perform 

for analysis and viewing the results for our algorithms. The test perform, as shown in 

Fig. 5.1,was built by C++ MFC program with a large member of testing video 

sequences and a live camera with direct video out function.  
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The above platform shows different processing status for background 

modeling, object detection and counting. The top left video screen shows the current 

frame from the live camera recording a video sequence. The screen next to it shows 

the current adaptive background model. We can then detect the change of the 

background model; hence it is easy to develop on algorithm for detecting moving 

objects. The bottom screen shows the result of the detection algorithm. All the 

screens can be arranged to display other visual results spontaneously to make our 

development work easy and smooth.  The following experiment results were 

produced by this testing platform. 

 

 

 

Fig. 5.1 Test platform for video object detection and parameterization. 
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5.1 Time spent to create background scene. 

Fig. 5.2 shows result of background modeling by using different modeling 

method within 200 frames. The first columns are the current frames at particular time. 

Second column shows the median filter method. The third column shows the 

comprised median filter and average values of 200 frames. The last column shows our 

background modeling. Different rows show the number of frame used to create 

background model. They are 20, 70, 120 and 200 frames from top to bottom rows 

respectively. 

We can see that the speed of creating a N-bins histogram background is faster 

than using a common median filter background, which is less than 200 frames when 

moving object appear during background modeling. The others background models in 

our test need up to 800 frames to create a clear background. At frame 200, the N-bins 

histogram adaptive background model provided a clear background already, it is due 

to the pixel value’s information of the moving objects are not occurs frequently and is 

not included as background pixel group. Therefore the pixels value outside the 

background bin will not be considered to become background pixels values. However, 

the median and media-average background model still contain some blurred area on 

the road, due to the moving object, yellow bus in this case, appeared in the scene 

initially.   
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(Frame 20) 

(Frame 120) 

(Frame 70) 

(Frame 200) 

Current Frame Median-average 
background model 

Median filter 
background model 

Fig. 5.2 shows result of background modeling by using different modeling method within 200 frames.  

N-bin histogram 
Background model 
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Fig. 5.3 shows the results by using two different background models under the 

same threshold, 20. The upper one is the proposed background model using only 200 

frames and the lower one is the median background using 800 frames. The error 

pattern by using median filter background still contain some noise (red circle in the 

error frame), while using the proposed background model, the moving objects have 

been segmented, noted that the error frame haven’t been filtered. The small-unwanted 

error pattern by using median-average background model was due to the previous 

unmatched pixels values. Since the median-average background model considers all 

values during background modeling or updating, the foreground pixels value would 

also be used for calculate the median value. However, in our background modeling 

method, the pixels value used in the background model were the latest value of each 

pixel that was fall into the background bin in each N-bins histogram. Therefore the 

pixels values of the background model were close to the current pixel values, which 

can minimize the noise in the error frame.    

 

- 

- 

=
- 

=
- 

Fig. 5.3 the results by using two different background models under the same threshold, 20.  
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5.2 Comparison between conventional and the proposed 

N-bins Histogram adaptive background modeling. 

Fig. 5.4 and Fig. 5.5 have shown the different result between the conventional 

and the proposed N-bins histogram adaptive background model. The testing sequence 

contains an initial moving van on the road. At the 470th frame the van stopped on the 

road and last for 230 frames. After than the van start to move again until it leave the 

scene. In Fig. 5.4, the conventional N-bins histogram adaptive background can detect 

and track the moving vans. When the van stopped for a while, it adapted into the 

background successfully [20]. Thus, the stopped van will no longer be detected. Or in 

some others method, like [27], they claimed that “a pixel is classified as static if it is 

labeled as foreground with the same color with a certain frequency”. So the static 

object can be detected under this criterion, but there were no result if the object starts 

to move again. 

 Those methods adapted the static objects into the background make false 

alarm when the static objects start to move again. Fig. 5.4 (i) show the error frame 

when the van moves again. According to this error frame for detection as shown in 

Fig. 5.4 (l) indicated by the yellow circle, a “hold” was detected where it was the 

stopped van location. But the conventional methods did not acknowledge that it is a 

“hole” and the results will incorrectly shows an active object appears there. It is due 

to the lack of classification to the detected regions. In our proposed double N-bins 

histogram adaptive background model enhance the conventional one that the “hole” 

can be classified as a re-active object as shown in Fig. 5.5(c) indicated by the yellow 

circle. The blue in color object were classified as re-active object; active and static 

objects were classified as red and green color respectively. 
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   In our proposed methods that classified different states of the objects, it can 

apply to different applications. For example, if the detection was only focus on re-

active objects, the system can become a ”stolen objects detector” or an “empty place 

in car park detector”. If the detection was only focus on static object, the application 

can become a “stopped object detector” and etc. Therefore, a wide range of 

application can be created based on our algorithm. 
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Fig. 5.4 shows the result of object detection by using conventional N-bin histogram 
adaptive background modeling. The first column shows the 470th frame result. The 
second column shows the 700th frame result, and the third column shows the 744th 
frame result.  

(a) Frame 470 (b) Frame 700 (c) Frame 744 

(d) Background model 
at frame 470 

(e) Background model 
at frame 700 

(f) Background model 
at frame 744 

(g) Error frame at 
frame 470 

(h) Error frame at 
frame 700 

(i) Error frame at frame 
744 

(j) Detection result at 
frame 470 

(k) Detection result at 
frame 700 

(l) Detected result at 
frame 744 
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(a) Frame 470 

(b) Frame 700 

(c) Frame 744 

Fig. 5.5 shows the objects detection result by using the proposed double N-bins 
histogram adaptive background modeling.   
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5.3. Target Object Tacking. 

 

 
In order to test the performances of the target object tracking by using the 

color histogram measurement and the proposed objects segmentation methods. The 

video sequence of a traffic scene was used for testing. Firstly, a predefined area was 

selected to detect object. Once the object passed through this region, a histogram of 

the detected object was recorded for the measurement of next frame according to our 

detection algorithm.  In Fig. 5.6 (a), a predefined area, the blue rectangle in the figure, 

was chosen to detect any object pass through this area. Fig. 5.6(b) shows a van 

reached to the detection region and being detected. At this moment, the color 

histogram has been extracted according to our methods and being recoded. Fig. 5.6(c) 

shows the van was keep tracking until the van leave the monitoring scene, although 

the size of the object was changing. It is due to the update of the color histogram of 

the van. Fig. 5.6(d) shows a bus was also passes through the detection area but it did 

not be tracked. Since the color histogram stored was the previous van that is 

unmatched to the bus’s histogram.  Fig. 5.6(e) the similar van arrived to the detection 

area again. The stored histogram match the van’s at this time, therefore the van was 

kept tracking again until it leave the scene.   

 

(a) (b) (c) (d) (e) 

Fig. 5.6 The target object detection result 
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5.4 Prelim application on people counting  

In this part, we will discuss some preliminary experimental results and analyzes 

important step to our new real-time bi-directional people flow counting. At the very 

beginning of the people counting application, a detection line has to be defined for 

detect moving objects in the monitoring scene.  The detection line could only be set in 

two ordinations, vertical or horizontal. 

Fig. 5.7 Auto captured image from the prelim object detection monitoring system 
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 This detection method is to monitor any changes on the detection line which 

is related to the presence of the detected objects. Once the line detects a person 

passing though, a picture will be captured automatically with the captured time. Fig. 

5.7 shows the detection line placed on the screen, which is used to monitor people 

going in and out of the room. However, this real-time application can only count the 

total number of people going through the door but cannot show direction of person 

flow. Also, this method cannot handle multi objects counting, that means if more than 

one person passing though the line, it will only count them as one object. Similar 

method was used in [30]. Therefore, the application can only perform in a limited area, 

for example, using an overhead camera in indoor scenarios, like corridors or entrances, 

where people are walking in parallel direction. In order to improve these problems, a 

more powerful system was developed which can provide more information such as the 

number of people walking in a specific direction, and can be used as a module to a 

surveillance system. The experiment results and the developed system of bi-directional 

people flow counting will be mentioned in next part.  

5.5 Bi-directional people flow counting. 

 
In this section, a real-time application software has been developed to perform bi-

directional people flow counting in a shopping mall.  It is a very useful and practical software 

which is now being used in TeleEye group holding limited (Call “TeleEye” in the rest of this 

section). The requirements used for this application are a multi-stream video server, a signal 

analog camera provided by TeleEye  and a standard computer with Windows Vista Business 

32-bit or above, Intel Core 2 Duo 4300 1.86GHz and 2GB RAM or higher. The software is 

associated with TeleEye SDK (Software development kit) to get video images and other 
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operations of the camera for our counting algorithm. Fig. 5.8 shows the video server that was 

used to get the video images from a monitoring scene.  

 

The software is now called “Video analytic software” which contains a video display, 

a setting page for scene calibration and statistical measurement graphs. Fig 5.7 shows the user 

interface of the “Video analytic software”. 

 In Fig. 5.9, a line on the screen is called the detection line for which a user can draw 

freely on the screen. The numbers next to the detection line are the number of people pass through 

the line. The graphs at the right hand side are the statistical graphs which represent the historical 

data of people passed through the line in different time scale, such as every 15 min, 30 min, 1 

Fig. 5.8 Video server for TeleEye, CX multi-stream video recording server. 

 Fig. 5.9 The user interface of “Video analytic software” 
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hour and day. All the data would be recorded, so that user can review the pattern of people flow 

in a particular time. Fig. 5.10 shows an example of the counting report.  

 

Fig. 5.10 shows a daily result of people flow counting,. From this graph, we can observe 

the peak hours of the monitoring scene. It can give the user a clear picture in their mind in order 

to have better management decision on their business. 

 

In Fig 5.11 – Fig 5.13, show how to calibrate the monitoring scene by using the 

calibration setting page in “Video analytic software”.  The procedure is as follows: 

1. The following diagram shows the graphical user interface of the Setting Page after 

the “Analytic setting” button is pressed. Choose the Cam ID that you want to make 

use of this analytic function. 

Fig. 5.10 The statistical data shows the pattern of people flow in a day 
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Fig. 5.11 analytic setting page-Add boundary 

 

2. To add the virtual line on the screen, simply press “Add Boundary” button. A 

boundary line will be added to the display window. To remove the boundary, press 

the “Remove” button if available. 

 
    Fig. 5.12 Analytic setting page – boundary added 

 

 



79 
 

3. User can adjust the length or position of the boundary to suit for different monitoring 

scene. Move the mouse cursor to the green point of the boundary until the cursor 

change to “Size-all” states. An individual point can move around the screen by the 

mouse left click. Using “Ctrl + mouse left click” on any point of the boundary, the 

whole boundary can be moved around the screen. 

 
4. User can also change the direction for detecting people flow. Right click on the 

boundary, choose property. A property window will be shown The user can choose in 

or out in the four directions around the boundary line. If you choose “in” in one 

direction, the opposite side will set automatically to “out”.  

 
5. Right click on the boundary, the “reset” is to reset the number to zero on the 

boundary which will not affect the display on the graphic. 

 
6. In the setting page, a user has to set the coarse size of a person, click the “set object 

size” check box, the display will freeze for setting the objects size. Hold the mouse 

left click and move on the display, an rectangle will appear. Draw three rectangles in 

different positions on the display. Adjust the size that matches the best to the person 

that shows in your screen. The following figure shows an example of setting object 

size.  
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Fig. 5.13 Three setting points on at the scene 
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7. To reset the object size, simply choose another starting position on the screen to form 

a new rectangle. After you have finished drawing, uncheck the “set object size” check 

box. The display will resume active. The Message box will pop up to confirm object 

size setting. 

 
8. Press “save” button to save your setting. 

Fig. 5.14 shows the best co-ordinates of the detection line. Basically, the detection line can be 

imagined as lying on the floor and count the feet of people passing through the detection line.  

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.14 Recommended boundary setting and camera view angle. 



82 
 

Fig. 5.15 show the flow diagram of our system over view 

 

 

 

Fig. 5.15 System over view 
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We have tested our algorithm on 3 different monitoring scenes. The first two 

sequences were taken from the university campus with a camera almost in 45o view 

angle to the scene. Different kinds of situations appear in the scene such as single 

person, groups of people, people keep standing on the detection line, etc. The third 

sequence is applied to a real implementing surveillance system, placed with an angle 

almost 40o adjacent to an indoor to monitoring people flow in a shopping mall. 

The first sequence, we have drawn a detection line in the middle of the scene, 

in order to counting the number of people passed in different directions. In Fig. 5.16(a) 

to Fig. 5.16(c) a groups of people entered into the building, and then three of them 

passed through the line. The detection line correctly counts the flow direction of these 

three people. For the girl dressing in gray walks from the left to the right of the image 

(See in Fig. 5.16(a) to Fig. 5.16(c)). She was partially merged to the groups of people 

when she passed through the line. Due to our features matching method, this person 

can still be tracked and the system correctly counts her direction. The accuracy is 

around 90% in both directions. It shows that our counting system able to give a 

reasonable accuracy. Sequence 2 is an outdoor environment outside the library. It can 

also have the same performances as sequence 1. Sequence 3 is a real monitoring scene 

in a shopping mall. The accuracy of this sequence has a slightly drop compared with 

the previous testing sequences. Due to the low ceiling level, sizes of the people are 

changed sharply. The ratio of human size from top to bottom of the screen is almost 

10:1. However, our 3D head plane can still estimate the height of human at different 

positions in the scene, which provides an acceptable tracking performance in our 

system. Therefore, the counting result can still perform well in this case. Table 2 

shows the accuracy of counting people passing the line in the sequences, which were 

counted by the system automatically. The calculation is based on the ground truth 
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value and the counting result from our system. The results of different directions 

produce different accuracies. This is due to a number of factors, such as the level of 

occlusion, total number of people flow in one direction and the change of the size of 

people. However, our proposed method can still provide accurate results under some 

complicated scene like sequence 3. 

 
Accuracy Sequence 1:  

Campus1 

Sequence 2: 

 Campus 2 

Sequence 3:  

HK Shopping mall 

People flow from bottom to 

top 

89.47% 88.89% 91.43% 

People flow from top to 

bottom 

95.56% 96.30% 89.52% 

Table 2. Accuracy of the three testing sequence.  
 

Fig. 5.16 (a–c) Sample frame from sequence 1. (d-f) Sample frames from sequence 
2. (g-i) Sample frames from sequence 3. 

 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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Chapter 6  

Conclusion and future work 

In this thesis, we have introduced a simple and fast algorithm to build double 

background model by using the non-parametric model, the N-bins histograms, and 

preformed long term and short term background update, in order to adapt the changes 

of the monitoring scene. According to the previous work in the literature, if the 

background is using parametric model, a very clear prior training data is need to 

provide accurate mean and variance to construct the Gaussian model. Mixture of 

Gaussian model uses much more computational power and memory to converge to 

optimal states. However, in practical situation, it is unavoidable to contain moving 

objects in the monitoring scene. Therefore the background model algorithm should 

have the ability to handle this kind of situation. Also the system is run in real-time 

application. A non-complicated algorithm should be chosen for lower the 

computational time. Therefore our approach that is not limited by the Gaussian 

constricts and easy to implement would be much more suitable to the real-time 

application. In the experiment result, we can see that a fast and clear N-bins histogram 

background model can be constructed. It is very helpful to segment foreground 

objects in background subtraction techniques.  

  The contribution in this thesis is that we are using two long terms and short 

term N-bins histogram background model, and combining the two error frame from 

background subtraction to classify different states of the pixels, they are background, 

active, static and “reaction” pixels. Most of the previous research is focusing on how 
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to detected moving object and static object in the monitoring scene. However, if the 

object is moving in to the scene and stay for a while, in most of the background 

updated algorithms, the static object would be adapted into the background. As a 

result, the system lost the track of that object. Some algorithm is smarter to recognize 

the static object, but if the object starts to move again, a “hole” will be left behind in 

the error frame and affect the accuracy of detection. Therefore, in our algorithm, four 

states of the pixel have suggested to classify the object and to solve this kind of 

problems. Nevertheless, the classified frame can be applied to different kind of 

applications, such as, detect stationary object in the monitoring scene, so that only the 

pixel defined as static will be detected in the proposed algorithm. The other example 

is “Stolen object detection System” which just detects the pixel that is classified as 

“re-action”. A lot of different real-time applications can be development by using our 

approach.  

In this project, a novel object detection method that combines the filtering and 

searching method, in order to reduce the computational time is proposed. The 

approach is robust to noisy environment and has been found suitable for various kinds 

of real-time applications, such as target object tracking, people counting, etc.  

Every time the objects are detected, the object’s parameters will be stored for 

further usage of tacking and identification. In our people counting application, the 

object size, positions in the image and color information have been used to preform 

counting purpose. In Chapter 5 the experimental result show a satisfactory result to 

the counting application, for which the accuracy was up to 90%. This application has 

been consolidated to a beta version standalone application package for the customers 

in Single communication limited at TeleEye Company.  
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  Our proposed algorithm provides a very important stepping-stone to many 

real-time applications. Since our basic algorithms of object detection and tracking 

could be used as real-time application. Our proposed application example that 

mentioned in Chapter 4 can further be extended to some more challenging 

applications such as crowd counting, abnormal event detection and tracking, etc. 

Those applications are very useful and valuable to do in real -time surveillance 

application.  

   After a careful examination of approaches in the literature on crowd 

counting, it is found that two categories can be divided: detection-based and map-

based method. For detection based method, individual objects are detected and 

tracked in video sequence with some prior knowledge of human. Most of the methods 

extracted the foreground by using background subtraction techniques. Features, such 

as size, shape and local position of the foreground object are extracted [35, 43] for 

analysis and for the estimation of the number of people in groups. [44] tried to 

estimate the number of people by counting the size of human in the foreground blobs. 

For map-based methods, some papers [45, 46] try to statistically map the number of 

foreground pixels or some other feature by training, such as HOG (Histogram of 

gradients), head features and 3D models from the foreground blobs. [47] uses the 

HOG based head-shoulder detection as the foreground feature. HOG is implemented 

by dividing the image window into small spatial regions, for each cell accumulating a 

local 1-D histogram of gradient directions over the pixels of the cell. The Ada boost is 

then used to train the head-shoulder detector to classify the human head in the 

foreground blobs. However, the above methods still have many problems affecting the 

counting accuracy such as, occlusion amount people, different camera setting during 

installation, etc.  
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 Much further work can be done after this project. We can give focus on 

detection based crowd counting, which is the enhancement of our objects counting 

methods. Based on our previous work, the position of target objects can be roughly 

detected, therefore, the searching area can substantially be reduced. The possible 

improvement of the application is crowd counting estimation in shopping mall, which 

is involved the techniques of human heads detection in groups. Since in crowd 

environment, human heads always appear and the shapes are the most static compared 

with the whole body. Therefore, both HOG and ASM (active shape model) could be 

investigated for detecting human heads based on previous works.  

 

  The next target can work on techniques of template matching or Kalman 

filter for predicting the next position of the individuals. The work is to prepare for 

other possible applications such as abnormal event detection, target object tracking, 

etc. 

 

 

 

 

Fig. 6.1 Illustrated picture for head detection in crowd. 
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Create m-bins 
histogram  

(e.g. 256/16 bins) 

Each pixel 
Input frame  

(New pixel value) 

Classify which bin is the pixel belongs to 

Increment the bin by 1 

Choose the bin which contain the largest 
number as the background model bin 

Is the incoming pixel value 
belongs to the background 

model bin? 

Get the current pixel value as the background 
pixel value 

Get the pervious 
background pixel value 

Background image 

No 

Yes 

Fig A2. Background model and Update flow 

Appendix A1, Program flow of Background modeling 
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Appendix A2, Program flow of object detection  

 

Error frame 

Search the whole or part of the error pattern 
by a block filter (e.g. a 3 x 3 block with the 
elements equal to 1 except the center element 
is -8) 

Is the block filter 
fully covered in the 

error pattern? No 

Starting the searching edge process 
from the centre point of the block filter 

(vertically and horizontally)  

Is error pixel found? 

No 

Yes 

Yes 

Searching edge process from the four 
edges of the temporality rectangle box 

(vertically and horizontally)  

Form a temporality box 

Is error pixel found? 

End of 
frame? 

No 

No 

Yes 

Is any error 
pixel near the 
four edges? 

Yes 

Mask the 
detected error 
pattern in the 
error frame 

No 

All objects are detected 

Yes 

Fig A3. Object detection flow 



91 
 

Reference 

[1] C. Xun, J. Long, H. Xing-wei, and M. Xiang-xu, "A New Region Gaussian Background 
Model for Video Surveillance," in Natural Computation, 2008. ICNC '08. Fourth 
International Conference on, 2008, pp. 123-127. 

 
[2] H. Tianci, Q. Jingbang, T. Sakayori, S. Goto, and T. Ikenaga, "Motion Detection Based on 

Background Modeling and Performance Analysis for Outdoor Surveillance," in Computer 
Modeling and Simulation, 2009. ICCMS '09. International Conference on, 2009, pp. 38-42. 

 
[3] G. Bailo, M. Bariani, P. Ijas, and M. Raggio, "Background estimation with Gaussian 

distribution for image segmentation, a fast approach," in Measurement Systems for 
Homeland Security, Contraband Detection and Personal Safety Workshop, 2005. IMS 
2005. Proceedings of the IEEE International Workshop on, 2005, pp. 2-5. 

 
[4] W. Hanzi and D. Suter, "A re-evaluation of mixture of Gaussian background modeling 

[video signal processing applications]," in Acoustics, Speech, and Signal Processing, 2005. 
ICASSP '05. IEEE International Conference on, 2005, pp. ii/1017-ii/1020 Vol. 2. 

 
[5] L. Dar-Shyang, "Effective Gaussian mixture learning for video background subtraction," 

Pattern Analysis and Machine Intelligence, 2005. IEEE Transactions on, 2005, vol. 27, pp. 
827-832. 

 
[6] H. Wenze, G. Haifeng, Z. Song-Chun, and W. Yontian, "An integrated background model 

for video surveillance based on primal sketch and 3D scene geometry," in Computer Vision 
and Pattern Recognition, 2008. CVPR 2008. IEEE Conference on, 2008, pp. 1-8. 

 
[7] Y. Ren, C.-S. Chua, and Y.-K. Ho, "Motion detection with non-stationary background," in 

Image Analysis and Processing, 2001. Proceedings of the 11th International Conference on, 
2001. 

 
[8] D. Zhou and H. Zhang, "Modified GMM background modeling and optical flow for 

detection of moving objects," in Systems, Man and Cybernetics, 2005 IEEE International 
Conference on, 2005, pp. 2224 - 2229. 

 
[9] O. Tuzel, F. Porikli, and P. Meer, "A Bayesian Approach to Background Modeling," in 

Computer Vision and Pattern Recognition, 2005. IEEE Computer Society Conference on, 
2005. 

 
[10] M. Haque, M. Murshed, and M. Paul, "A Hybrid Object Detection Technique from 

Dynamic Background Using Gaussian Mixture Models," in Multimedia Signal Processing, 
2008.  IEEE 10th Workshop on, 2008, pp. 915-920. 

 
[11] A. Shimada, D. Arita, and R. Taniguchi, "Dynamic Control of Adaptive Mixture-of-

Gaussians Background Model," in Video and Signal Based Surveillance, 2006. AVSS '06. 
IEEE International Conference on, 2006. 

 



92 
 

[12] Y. Zhang, Z. Liang, Z. Hou, H. Wang, and M. Tan, "An Adaptive Mixture Gaussian 
Background Model with Online Background Reconstruction and adjustable foreground 
mergence time for motion segmentation," in strial Technology, 2005. ICIT 2005. IEEE 
International Conference on, 2005, pp. 23-27. 

 
[13] F. M. Campbell-West, P.   Hongbin Wang "Independent Moving Object Detection Using a 

Colour Background Model," in Video and Signal Based Surveillance, 2006. AVSS '06. 
IEEE International Conference on, 2006, pp. 31-31. 

 
[14] H. Yoshimura, Y. Iwai, and M. Yachida, "Object Detection with Adaptive Background 

Model and Margined Sign Cross Correlation," in Pattern Recognition, 2006. ICPR 2006. 
18th International Conference on, 2006, pp. 19-23. 

 
[15] A. Monnet, A. Mittal, N. Paragios, and V. Ramesh, "Background Modeling and 

Subtraction of Dynamic Scenes," in Computer Vision, 2003. Proceedings of the 9th IEEE 
International Conference on, 2003, pp. 1305-1312. 

 
[16] Y.-T. Chen, C.-S. Chen, and Y.-P. Hung, "Integration of Background Modeling and 

Object Tracking," in Multimedia and Expo, 2006. IEEE International Conference on, 2006, 
pp. 757-760. 

 
[17] J. Zhong and S. Sclaroff, "Segmenting Foreground Objects from a Dynamic Textured 

Background via a robust  Kalman Filter," in Computer Vision, 2003. Proceedings of the 
9th IEEE International Conference on, 2003, pp. 44-50. 

 
[18] T. Wang, G. Chen, and H. Zhou, "A novel background modeling approach for accurate 

and real-time motion  segmentation," in Signal Processing 2006 The 8th International 
Conference on, 2006. 

 
[19] Y. Tang, W.-M. Liu, and L. Xiong, "Improving Robustness and Accuracy in Moving 

Object Detection Using Section-Distribution Background Model," in Natural Computation, 
2008. ICNC '08. Fourth International Conference on, 2008, pp. 167-174. 

 
[20] P. Wei, W. Kun, C. Zhi, and Y. Zhi-Sheng, "A Background Reconstruction Method Based 

on Double-background," in Image and Graphics, 2007. ICIG 2007. Fourth International 
Conference on, 2007, pp. 502-507. 

 
[21] S. Wang, Z. Zhong, P. Chen, G. Kang, M. Yang, and Y. Xu, "Foreground Detection 

Based on Real-time Background Modeling and Robust Subtraction," in Automation and 
Logistics, 2007. IEEE International Conference on, 2007. 

 
[22] B. Clien, Y. Lei, and a. d. W. Li, "A Novel BackgFound Model for Real-Time Vehicle 

Detection," in ICSP'O4 Proceedings, 2004. 
 
[23] M. Wan and J.-Y. Herve, "Adaptive, Region-based, Layered Background Model for Target 

Tracking," in Pattern Recognition, 2006. ICPR 2006. The 18th International Conference 
on, 2006, pp. 8003-807. 

 
[24] J. Batista, P. Peixoto, C. Fernandes, and M. Ribeiro, "A Dual-Stage Robust Vehicle 

Detection and Tracking," in Intelligent Transportation Systems Conference, 2006. ITSC 
'06. IEEE, 2006. 

 



93 
 

[25] S. Luo and L. Zhang, "A Background Model Estimation Algorithm Based on Analysis of 
local motion for video surveillance," in Information, Communications and Signal 
Processing, 2005. Fifth International Conference on, 2005. 

 
[26] M. Xiao, C. Han, and X. Kang, "A Background Reconstruction for Dynamic Scenes," in 

Information Fusion, 2006. The 9th International Conference on, 2006. 
 
[27] G. Monteiro, J. Marcos, M. Ribeiro, and J. Batista, "Robust segmentation for outdoor 

traffic surveillance," in Image Processing, 2008. ICIP 2008. The 15th IEEE International 
Conference on, 2008. 

 
[28] J. Gallego, M. Pardas, and J. Landabaso, "Segmentation and tracking of static and moving 

objects in video surveillance scenarios," in Image Processing, 2008. ICIP 2008. The 15th 
IEEE International Conference on, 2008. 

 
[29] Dorin Comaniciu, Peter Meer. "Kernel-Based Object Tracking". IEEE Transactions on 

pattern analysis and Machine Intelligence, 2003 VOL. 25. 
 
[30] Javier Barandiaran, Berta Murguia and Fernando Boto, “Real-Time People Counting 

Using Multiple Lines”, Image Analysis for Multimedia Interactive Services, 7-9 May 2008. 
The 9th International Workshop on  Klagenfurt on, 2008. pp. 159-162. 

 
[31] Shengsheng Yu ; Xiaoping Chen ; Weiping Sun ; Deping Xie, “A robust method for 

detecting and counting people”, Audio, Language and Image Processing,. ICALIP 2008.  
International Conference on, 7-9 July 2008. Shanghai pp 1545-1549 

 
[32]Chao-Ho Chen ; Yin-Chan Chang ; Tsong-Yi Chen ; Da-Jinn Wang , “People Counting 

System for Getting In OUT of a Bus Based on Video Processing”, Intelligent Systems 
Design and Applications, 26-28 Nov 2008. The 8th International Conference on,  2008. 
Kaohsiung. pp. 565-569 vol 3. 

 
[33]Honglian Ma ; Huchuan Lu ; Mingxiu Zhang, “A Real time Effective System for Tracking 

Passing People Using a Single Camera”,  Intelligent Control and Automation,. WCICA 25-
27 June  2008. The 7th World Congress on, 2008 Chongqing. pp6173-6177. 

 
[34]Zhang, Enwei ; Chen, Feng, “A Fast and Robust People Counting Method in Video 

Surveillance”, Computational Intelligence and Security, 15-19 Dec 2007. International 
Conference on, 2007. Harbin, China. pp. 339-343 

 
[35]Ryan, D. ; Denman, S. ; Fookes, C. ; Sridharan, S, “Crowd Counting using Multiple Local 

Features”, Digital Image Computing, 2009 Techniques and Applications,1-3 Dec 2009. 
DICTA '09, Melbourne, VIC. pp81 – 88 

 
[36]Min Li ; Zhaoxiang Zhang ; Kaiqi Huang ; Tieniu Tan, “Estimating the Number of People 

in Crowded Scenes by MID Based Foreground Segmentation and Head-shoulder 
Detection”, Pattern Recognition, 2008. ICPR 8-11 Dec, 2008. The 19th International 
Conference on, 2008 Tampa, FL. pp1-4 

 
[37]Keju Zu ; Fuqiang Liu ; Zhipeng Li, “Counting Pedestrian in Crowded Subway Scene”, 

Image and Signal Processing, 17-19 Oct, 2009. CISP '09. The 2nd International Congress 
on, 2009 Tianjin. pp. 1-4 

 



94 
 

[38]Vicente, A.G. ; Munoz, I.B. ; Molina, P.J. ; Galilea, J.L.L, “Embedded Vision Modules for 
tracking and Counting People”, Instrumentation and Measurement, Sep, 2009. IEEE 
Transactions on, 2009  pp. 3004-3011, vol 58, issue 9. 

 
[39]Kin-Yi Yam, Wan-Chi Siu, Ngai-Fong, Chok-Ki Chan, “Fast Video Object Detection Via 

Multiple Background Modeling”, ICIP, 2010 
 
[40]Kimberling, C. "Triangle Centers and Central Triangles." Congr. 1998. Numer. 129, 1-295. 
 
[41]David A. Forsyth, Jean Ponce, "Computer vision" a modern approach", Prentice Hall, 2003 
 
[42]Elgammal, A.; Duraiswami, R.; Harwood, D.; Davis, L.S.; "Background and foreground 

modeling using nonparametric kernel density estimation for visual surveillance",. 
Processings of the IEEE, July 2002. pp. 1151-1163 Vol. 90 

 
[43] Albiol, Antonio; Albiol, Alberto; Silla, Julia. “Statistical Video Analysis For Crowds 

Counting”, in Image Processing, 2009. ICIP 2009. 16th IEEE International. Conference on, 
2009 

 
[44] Fehr, D.; Sivalingam, R.; Morellas, V.; Papanikolopoulos, N.; Lotfallah, O.; Youngchoon 

Park; “Counting People in Groups“, Advanced Video and Signal Based Surveillance, 2009.  
p152-157. 

 
[45]  Keju Zu, Fuqiang Liu,Zhipeng Li. “Counting Pedestrian in Crowded Subway Scene.”, 

Image and Signal Processing, 2009. International Congress on, 2009. 
 
[46]  Weizhong Ye, Zhi Zhong. “Robust People Counting in Crowded Environment”, Robotics 

and Biomimetics, 2007. Proceedings of the IEEE, International Conference on, 2007. 
 
[47]  Min Li, Zhaoxiang Zhang, Kaiqi Huang, Tieniu Tan. “Estimating the Number of People 

in Crowded Scenes by MID Based Foreground Segmentation and Head-shoulder 
Detection” Pattern Recognition, 2008. The 19th International Conference on 2008 

 
 

 




