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ABSTRACT 

 

Video surveillance in dynamic scenes, especially for humans and vehicles, is currently 

one of the most active research topics in computer vision and pattern recognition. The 

goal of this research is to develop a real-time automatic tracking system which is both 

reliable and efficient by utilizing computational approaches. The literature has 

presented many valuable methods on object tracking; however, most of those 

algorithms can only perform effectively under simple scenarios. There are a few 

algorithms which attempt to accomplish object tracking in a complex dynamic scene 

and have successfully achieved their goals when the dynamic scene is not too complex. 

However no system yet is capable of accurately handling object tracking, especially 

human tracking, in a crowded environment with frequent and continuous occlusions. 

Therefore, the goal of my research is to develop an effective human tracking algorithm 

which takes into account and overcomes the various factors involved in a complex 

dynamic scene. The founding idea is that of dividing the human figure into five main 

parts, and track each individually under a constraint of integrity. Data association in 

new frames is performed on each part, and is inferred for the whole human figure 

through a fusion rule. This approach has proved a good trade off between model 

complexity and actual computability. Experimental results have confirmed the 

effectiveness of the methodology. 
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CHAPTER 1             
INTRODUCTION 

 

1.1 OVERVIEW AND RESEARCH ISSUES 
 

Visual surveillance is the action of monitoring the behaviours of people, vehicles or 

other objects using video cameras for security or social control purposes. The 

monitoring of behaviours is mainly based on the detection of any suspicious, illegal, 

abnormal or emergent activities. Currently, this process is mostly accomplished by 

human operators manually watching the video tapes recorded by surveillance cameras. 

Since the early 1980s, many researchers have put enormous effort into research to 

automate the process of visual surveillance while preserving or improving the reliability 

and accuracy of human operators. Some excellent automatic visual surveillance systems 

have been developed over the years, especially in the area of traffic monitoring, as 

vehicles are much easier to track than humans. In the area of human monitoring, current 

surveillance systems are capable of tracking multiple humans in small groups in both an 

indoor and outdoor environment with minor illumination changes and a small degree of 

occlusion. A big challenge here is how to automatically handle visual surveillance in a 

very crowded environment where dozens of people are walking in all directions and 

continuously occluding each other.  
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1.2 OBJECTIVES 
 

The objective of my research is to develop a computer vision-based prototype and 

related methodology which can be used to develop a real-time human tracking system 

that is capable of detecting and tracking humans in crowded environments in real life 

situations such as train stations, airports and shopping malls. However the purpose of 

tracking in crowds is only targeted on tracking each individual targets in a scene where 

people are expected to be occluded frequently, rather than tracking crowds in the sense 

of people flow or crowds movements in a scenario such as the marathon. To make the 

overall objective more attainable, this is broken down into the following tasks:  

• Propose a human model to represent the target person 

• Propose a head detection algorithm for detecting all people within an 

approximate range of the target person 

• Propose a data association algorithm that can accurately associate the target’s 

human model with candidate’s human model 

• Propose an occlusion handling mechanism that enables correct tracking during 

occlusion events 

• Design a software structure for implementing the methodology 

• Develop a prototype of the methodology 

• Conduct experiments on the system and validate the algorithm 

• Conduct experiments on state-of-the-art tracking algorithms and perform a 

comparative analysis of results 

Aligned with the objectives set for this thesis, the main contributions of the thesis are: 

• Combined multi-appearance with shape constrain based head detection for 

distance surveillance video. This is further improved using multi-variate 

Gassusian mixture for modelling the hair and skin colour plus corner feature 

point detector.  

• A spatial configured body part-based human model through a geometrical 

rectangular shape and a 6-DOF in the image plane. Each body part is 

represented with a rich set of features and constraint by its spatial dimension. 
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• Data association of the human model through frequent and heavy occlusions,  

validated with solid and comprehensive experimental results. 

 

1.3  SIGNIFICANCE 
 

This PhD research aims to develop a methodology and a system to solve the problem of 

automatic human tracking in a crowded environment. The research is expected to have 

significant impact and benefit for both scientific research and the industrial practice. 

The proposed methodology offers new ideas to solve human segmentation and tracking 

in crowded environments. The experimental results are useful for other researchers in 

different fields of visual surveillance and provide the foundations for further research. 

The methodology has already been implemented into a tracking system and can be 

easily modified into commercialised software that can deliver accurate and reliable 

results to customers in real life. Furthermore, this system could be expanded to include 

behaviour recognition and object classification to build a complete visual surveillance 

system. 

The scientific significance of this research is proven by the considerable attention that 

the international computer vision and pattern recognition research communities have 

dedicated to the problem of accurately tracking objects in crowds. Traditionally, human 

tracking is performed using data association on the whole body; however this method 

will only solve the tracking problem when the whole body is visible. In a crowded 

environment where most of the time people are occluding each other causing only parts 

of the body to be visible, this traditional tracking method is most likely to fail. 

Therefore our methodology applies data association on body parts instead of the whole 

body. Each body part is matched independently and formal reasoning and statistical 

training are used to decide whether we have tracked the target or not, based on the body 

parts that have been matched. Geometric and statistical methods are applied and 

proposed in the various stages (e.g., background modelling, object segmentation, head 

detection, data association) involved in the tracking process. 
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The commercial significance of this research is proven by the enormous interest 

expressed by the video surveillance industry in a product with such capabilities. The 

problem of protecting airports, stations and other public areas from potential threat is 

inherently important and has – unfortunately – become increasingly pressing nowadays. 

The outcome of this research can advance the knowledge base of this discipline by 

defining a comprehensive methodology to reliably monitor those highly critical public 

areas by detecting and recognizing any potentially dangerous activities and events. An 

example would be to detect any suspicious person or luggage that could be involved in 

a terrorist activity in an airport or train station. Such premises are by nature crowded, 

and occlusions pose a major challenge to computer vision-based tracking algorithms. 

This is a core issue in this thesis. 

 

1.4 THESIS STRUCTURE 
 

This doctoral thesis consists of eight chapters (see Figure 1-1): 

1. Chapter 1 presents an overview of this research, including research issues, 

research objectives, and the research significance. 

2. Chapter 2 reviews the related research areas, and especially addresses the 

research background with regard to background modelling, foreground object 

segmentation, general object tracking, human tracking, and head detection. 

3. Chapter 3 illustrates the overall methodology of this thesis and gives a brief 

explanation of each process involved during the tracking methodology. The 

processes are carried out in the following order: foreground segmentation, 

initialization, prediction, occlusion detection, head detection, construction of 

human model, match the human model and update the human model. Within the 

eight processes, half the processes are relatively straightforward and simple, 

while the balance are much more difficult and complicated. Those difficult 

processes are further explained in detail in separate chapters. 

4. Chapter 4 proposes the head detection algorithm that is applied to act as an 

‘anchor’ for constructing the human model of the target. The head detection 
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algorithm uses a combination of the appearance and feature models for 

representing the head. The appearance model is a set of Gaussian mixtures in 

the XYZ and HSV colour spaces which model the colours of hair and skin. The 

feature model is a set of point features that are invariant to illumination and 

deformation.  

5. Chapter 5 demonstrates the structure and construction of the human model 

which is used to represent the target person. The human model consists of five 

body parts: the head, the left and right torso, and left and right leg. Each body 

part is represented by a set of features, such as colour, shape, and motion. This 

chapter presents an in-depth explanation of both the decision of the geometrical 

structure of the human model and the selection of the feature sets. 

6. Chapter 6 presents the data association for the tracking of the target. The data 

association is performed by matching the candidate models with the state human 

model of the target and selecting the best match to be updated into the target 

model. An error detection and correction mechanism is applied to refine the 

chosen model in order to prevent the corruption of the features in the target 

model due to occlusion events.  

7. Chapter 7 reviews the experimental results and analysis of the prototype of the 

tracking methodology on numerous surveillance video sets. There are three 

separate video sets used for testing: PETS2009, AVSS2007 and ETSEO. In 

order to analyse and measure the performance of the proposed methodology, the 

experimental results are compared with the tracking results of two well-known, 

state-of-the-art trackers.   

8. Chapter 8 summarises the whole thesis and describes future research. The 

methodology for tracking a single person within a crowded environment is 

proven to be very successful. Further research could incorporate an extension of 

this methodology to a simultaneous multiple people tracking algorithm with 

automatic initialization. 
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FIGURE 1-1 THESIS STRUCTURE 

chapter 1: introduction
•background of this research: where from
•the research question: what problem to solve
•objectives to conduct the research: how to do
•justification of this research: significance

chapter 2 : literature review
•critical analysis of the state-of -the-art methods on

various processes involved on the tracking
methodology
•foreground segmentation
•human tracking
•head detection

chapter 3: methodology
•the overall layout of the methodology
•detailed explanation on some simple processes
•brief explanation on complex processes

chapter 4: head detection
•construction of the hair and skin colour distribution

model
•head shape modelling and fitting of the detected

head region
•head detection experiments
•further improvements

chapter 5: human model
•explanation and construction of the human model
•possible feature set
•selection of feature set

chapter 6: data association
•local match (match of body parts)
•construction of the PDFof body part features

•global match (match of human model)
•model correction after locating the target
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CHAPTER 2                               
RELATED WORK 

Video surveillance offers the ability to monitor a dynamic scene for social or security 

control, for which it should be able to track a specific object throughout its appearance 

in the scene, recognize/classify each detected object and detect any abnormal 

behaviours. This monitoring action is becoming especially important due to the 

increasing number of terrorism threats and activities around the world in recent years 

and the urgency to tighten security measures in crowded environments such as train 

stations, airport and shopping malls. As a result, video surveillance is currently one of 

the most active research topics in computer vision and pattern recognition, especially in 

human-based video surveillance. Video surveillance has a wide spectrum of promising 

applications, including access control in special areas, human identification at a 

distance, crowd flux statistics and congestion analysis, detection of anomalous 

behaviours, interactive surveillance using multiple cameras, and so on.  

In general, the processing framework of video surveillance in dynamic scenes includes 

the following stages: background modelling, motion detection, tracking, object 

classification, behaviour analysis, human identification and fusion of data from 

multiple cameras. My research mainly targets the first three of these, background 

modelling, motion detection and human tracking which will be discussed in the 

following sub-sections.   
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2.1 BACKGROUND MODELLING 
 

Background modelling is the process of modelling the background correctly in either 

2D or 3D space. This process is the foundation for foreground segmentation and object 

tracking to work accurately. The background is defined as the relative non-moving or 

out-of-interest regions in the scene. Background modelling can be achieved as either a 

one-time-off or a continuously updating one. The one-time-off model is normally 

applied in an indoor environment with almost no illumination changes in the scene and 

a low probability of background geometry changes. Due to its high constraints on the 

environment, it can rarely be applied in real life. The continuously updating model is 

much more robust and accurate than the one-time-off model; however a much higher 

computational power is required. This model is often used in outdoor scenes with 

gradual illumination changes, small motion changes and background geometry changes. 

Despite its heavy computational load, this model is more applicable in real life and has 

been adopted by most surveillance system developers in recent years, an early use of 

this model is proposed by Aach et al. [1993]. 

It is ideal to recreate a 3D environment for the background model which can capture all 

information in the scene. However, due to the computational cost and environmental 

complexity, it is almost impossible to achieve this within both time and accuracy 

constraints. Therefore, most common techniques aim to automatically create a 2D 

background model of the scene. In this case, the background model will most likely be 

stored in the form of a background probability density function that updates itself 

automatically for illumination and geometry changes. The factors that make a 

background complex were addressed by Toyama et al. [1999] as posing the following 

eight problems: 

• Bootstrapping, where there is no training period without moving foreground 

objects because of its apparent stationarity 

• Foreground aperture, where the centre of objects may be detected as 

background 

• Background motion, where objects in the background, such as trees and plants, 

move 
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• Gradual illumination changes, such as when low-level clouds move creating 

shadows on the ground 

• Sudden illumination changes, such as when the light in a room is switched on; 

objects that have moved becoming stationary and becoming the background, 

such as a vehicle parked in a car park 

• Foreground object camouflage, where a moving object looks similar to the 

background, either in colour or in shape 

• Shadow effects, where shadows created by moving objects are not actual 

foreground objects but often cannot be captured as the background 

Toyama et al. [1999] also suggest that some of these factors, such as shadows, may be 

more appropriately addressed in higher models than the background model. This is 

actually achieved in Zhao and Nevatia [2004b] by calculating the human shadow from 

the sun’s position and the estimated human body, then extracting the shadow out of the 

detected moving regions.   

 
2.1.1 IMAGE AVERAGING  
 

A common and simple approach for estimating the background model is to calculate the 

average or median of the scene over time. Lo and Velastin [2001] derived the 

background model by keeping the median value of previous ‘n’ frame(s). Using this 

method, the background modelling will be rather fast; however, it requires a lot more 

physical memory. Cucchiara et al., [2003] solved the memory consumption problem 

without affecting accuracy by sub-sampling the original frame rate. However in 2004, 

Piccardi argued that despite its advantage in the processing speed, the median-based 

approach suffers from a memory problem as it continuously requires a buffer for its 

computation and does not provide an adequate statistical model of the background.  

 
2.1.2 SINGLE GAUSSIAN MODEL 
 

Another common approach to estimating the background model is proposed by Wren et 

al. [1997], based on ideally fitting a Gaussian probability density function (PDF) on 
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each pixel location for its value in the past ‘n’ frames. A Gaussian function is normally 

represented as the following: 

 𝒇(𝒙) = 𝟏
𝝈√𝟐𝝅

𝒆−(𝒙−𝝁)𝟐/(𝟐𝝈𝟐)  (2-1) 

The model is updated as a running average for each incoming frame in order to avoid 

fitting the PDF repeatedly: 

 𝝁𝒕 = 𝜶𝑰𝒕 + (𝟏 − 𝜶)𝝁𝒕−𝟏 (2-2) 

Where 𝐼𝑡 is the pixel’s current value,  𝜇𝑡 is the previous average, and 𝛼 is the weight 

used for the running average. The advantage of this method is that its low memory 

requirement will provide a fast processing speed and reasonable accuracy if the only 

challenge in the background is gradual illumination changes. The proposed method was 

originally used for intensity images (gray-level); however it can easily be extended to 

multi-channel colour spaces such as RGB or XYZ.  

 
2.1.3 GAUSSIAN MIXTURE MODELS 
 

A major improvement in the background modelling is the use of a mixture of Gaussians 

to represent the background model, which is currently being widely applied by 

researchers in the field.  Each pixel location in the image is modelled by a Gaussian 

mixture rather than a single Gaussian PDF, as it can capture the temporal changes, 

continuous movements and changes in the background objects or background scenes. 

For example, sea waves, rain or snow, a branch swinging in the wind, can all lead to 

multiple background values for each pixel location. A Gaussian mixture PDF can 

model all possible values of the background pixels and therefore provide higher 

accuracy and flexibility in the background model. 

Stauffer and Grimson [1999] proposed an adaptive background model which models 

each pixel as a mixture of Gaussians and updates using on-line approximation. Each 

pixel can be classified as either a background pixel or foreground pixel based on the 

Gaussian component which represents it most adequately. Therefore, this method can 

be defined as an object segmentation method as it provides a description of both 
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foreground and background.  The probability of observing a certain pixel value, X, at 

time t is 

 𝑃(𝑋𝑡) = ∑ 𝜔𝑖,𝑡 ∗ N(𝑋𝑡, 𝜇𝑖,𝑡,𝐾
𝑖=1 ∑𝑖,𝑡)  (2-3) 

where 𝐾  represents the number of Gaussian distributions, 𝜔𝑖,𝑡 , 𝜇𝑖,𝑡  and ∑𝑖,𝑡  are the 

weight, mean, and covariance matrix of the ith

An improvement of Stauffer and Grimson’s method is proposed by KaewTraKulPong 

and Bowden [2001], where they claim that by utilizing different update equations at 

different phases and introducing a shadow detection scheme, they can achieve much 

better segmentation results than the original method at a faster speed. One difficulty in 

background modelling through adaptive Gaussian mixture models is the adequate 

estimation of the parameters used. This issue is addressed and improved by Power and 

Schoonees [2002] as they thoroughly demonstrate the implementation and parameter 

approximation of Stauffer-Grimson algorithm. 

 Gaussian in the mixture at time t 

respectively, and 𝑁 is a Gaussian pdf. 

 
2.1.4 KERNEL DENSITY ESTIMATION METHODS 
 

Apart from modelling the background using parametric models, non-parametric models 

have already been used to represent the distribution of the background. Elgammal et al., 

[2000] have proposed a non-parametric background model based on Kernel Density 

Estimation (KDE) that estimates the probability of observing pixel intensity values 

using a smooth and continuous intensity histogram. The background pdf of a pixel at 

time t can be non-parametrically estimated as 

 Pr(𝑥𝑡) =  1
𝑛
∑ 𝐾(𝑥𝑡 − 𝑥𝑖)𝑁
𝑖=1   (2-4) 

where 𝑥𝑡 is the intensity value of the pixel at time t, 𝐾 is the kernel estimator function 

with a normal distribution N(0,∑), and 𝑥𝑖 are the recent samples of the intensity value 

of the pixel. Based on this estimation equation, a pixel is defined as a foreground pixel 

if Pr(𝑥𝑡) < 𝑡ℎ  where 𝑡ℎ  is an adjustable global threshold over all the images. The 

model is continuously updated by discarding the oldest sample/pair and adding a new 
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sample/pair based on two alternative update methods. One is the ‘selective update’ used 

for a short-term model where the new sample is added to the model only if it is 

classified as a background sample. The other method is the ‘blind update’ designed for 

a long-term model where the new sample will be added to the model regardless of its 

classification. During the pixel classification process, the intensity value of the pixel is 

matched not only to the corresponding pixel in the background model, but also to the 

nearby pixel locations. Thus, this approach can handle camera jitter or small 

movements in the background and enables more accurate moving object detection. 

However, KDE has a higher memory requirement (in the order of 100 frames) than the 

Gaussian mixture models [Piccard, 2004].  

Another background modelling method based on KDE is the Sequential Kernel Density 

approximation proposed by Han et al. [2004]. In the proposed method, a recursive 

density approximation based on the propagation of the density modes is used. At each 

time step, the modes of the density which are detected by a variable-bandwidth mean 

shift are re-estimated using heuristics and a Gaussian component is assigned to each 

mode. This method is proven to be memory efficient while still maintaining the 

flexibility of other non-parametric methods. 

 

2.2 FOREGROUND SEGMENTATION 
 

Foreground segmentation in video frames refers to the action of detecting moving 

objects using motion detection or feature detection, and distinguishing different objects 

from their appearance, motion and shape. It is impossible to detect every moving object 

in the scene irrespective of its size, as the computational power required is far beyond 

the capability of any computer system that currently exists. Therefore, assumptions are 

made to reduce the complexity of the scenario to an attainable scale. The most widely 

used assumption is that objects of interest within the field of view are either currently 

moving, or once were moving, and the objects’ size and moving motion are coherent 

with a certain defined range. This implies that all other objects which do not satisfy this 

assumption would be considered and modelled as the background. In general, 
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segmentation of the moving objects from a two-dimensional video is difficult due to the 

lack of depth information at the boundaries between different objects. 

Based on Hu et al. [2004b], there are three conventional approaches in foreground 

segmentation namely background subtraction, temporal differencing, and optical flow. 

Even though these approaches are quite different in principle, it is possible to combine 

them into a hybrid algorithm. Collins et al., [1999] have combined an adaptive 

background subtraction algorithm with a temporal differencing technique. Yang et al. 

[2004] also incorporate temporal differencing in background subtraction to analysis 

properties of object motions to handle various scene changes. In addition, Stringa 

[2000] proposed a novel morphological motion segmentation algorithm which is able to 

obtain stable segmentation results even under varying environmental conditions.  

Apart from the mainstream approaches in foreground segmentation, there are numerous 

methods proposed based on other techniques such as  

• data clustering based on partial group [Yu and Shi, 2004],  

• hierarchical differential global motion estimation (GME) [Qi et al., 2008],  

• PDF-based modelling of both background and foreground [Rittscher et al., 

2000; Elgammal et al., 2002; Isard and MacCormick, 2001; Zhou and Tao, 

2003]  

• and others [Li and Leung, 2002; Thirde and Jones, 2004].  

As shown in the literature, there is an increasing trend towards modelling background 

and foreground simultaneously for video object segmentation and tracking. Friedman 

and Russell [1997], Isard and MacCormick [2001], and Elgammal et al. [2002] all use 

statistical representation for background and foreground modelling. The difference 

between them is that the first two approaches model the PDF with mixture of 

Gaussians, while the latter method models with non-parametric, kernel density 

estimation techniques. In addition, Zhou and Tao [2003] proposed a layer-based 

modelling approach based on depth ordering of foreground layers. The approach 

introduces the concept of background occluding layers which lies in front, behind, and 

in between foreground layers. Each pixel in the background regions belongs to one of 

these layers and occludes all the foreground layers behind it. By modelling all pixels in 
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separate multiple layers, the approach can be adapted easily for handling occlusions in 

object tracking. 

  
2.2.1 BACKGROUND SUBTRACTION 
 

Background subtraction is the most popular technique for motion segmentation in a 

relatively static background environment. The technique is rather simple and involves 

simply taking the pixel-based difference between the current image and the reference 

background image and identifying moving regions that differ significantly from the 

background model. The reference background image is mostly likely generated by one 

of the background modelling techniques explained in Section 1.1.  

This idea was initially raised by Wren et al. [1997] as they proposed generating a 

stationary background by modelling a single 3D (Y, U, and V colour space) Gaussian 

for the colour of each pixel. Once the background model is derived, for the likelihood 

of the colour of every pixel in the frame, coming from its Gaussian distribution is 

computed; subsequently, based on a threshold, each pixel can be labelled as a 

foreground or background pixel. Following the initial proposal, numerous approaches 

on background subtraction have been introduced to the field [Jung 2009; Seki et al. 

2003; Stauffer and Grimson 1999; Su and Chen 2008; Zhong and Sclaroff 2003].  

There are many challenges in developing a good background subtraction algorithm. 

First, it must be robust against changes in illumination. Second, it should avoid 

detecting non-stationary background objects such as moving leaves, rain, snow, and 

shadows cast by moving objects. Monnet et al. [2003] addressed the problem of 

modelling dynamic scenes by proposing an on-line auto-regressive model that captures 

and predicts the behaviour of such scenes. Finally, its internal background model 

should react quickly to changes in the background such as the starting and stopping of 

vehicles. Despite the drawbacks of background subtraction, many researchers are still 

in favour of this method for its overall performance in speed and accuracy and its 

simplicity of use.  
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2.2.2 TEMPORAL DIFFERENCING 
 

Temporal differencing makes use of the pixel-wise differences between two or three 

consecutive frames in an image sequence to extract moving objects. It differs from 

background subtraction in that this technique is very adaptive to dynamic 

environments, but generally fails to extract all relevant pixels for a moving object; that 

is, at the end of the process there may be holes left inside the moving regions and 

‘ghosts’ (nonexistent yet detected objects).  

This approach was first introduced by Jain and Nagel [1979] and has been well studied 

since. A more recent publication using this approach comes from Lipton et al. [1998] 

where temporal differencing was used to detect moving targets in real video streams. In 

their paper, a threshold function is used to determine changes after the absolute 

difference between the current and the previous frame is obtained. By using a 

connected component analysis, the extracted moving sections are clustered into motion 

regions. To improve the accuracy of the approach, a three-frame differencing is 

introduced which takes two previous consecutive frames into consideration when 

estimating the temporal difference for the current frame. An advanced temporal 

differencing approach is proposed by Hu et al. [2008] in which they employ multi-

feature clustering based on the result of a standard temporal differencing approach. In 

their method, a twice-difference image is generated from the three successive video 

frames, the noise of background is eliminated with the estimation of the feature 

parameter, and the object motion area is extracted. Afterward, they apply the improved 

Fuzzy C-Means (FCM) clustering method to segment the motion area and obtain the 

object mask by processing the previous result using the morphological method. Finally, 

the ideal object is acquired. 

 
2.2.3 OPTICAL FLOW 
 

Optical flow describes the direction and the speed of motion of the features in the 

image. According to Horn and Schunck [1981], optical flow is computed using the 

brightness constraint which assumes brightness constancy of corresponding pixels in 



16 

 

consecutive frames. Optical-flow-based motion segmentation uses characteristics of 

flow vectors of moving objects over time to detect moving regions in an image 

sequence.  

An example of this approach is the system proposed by Meyer et al. [1998] who 

compute the displacement vector field to initialize a contour based tracking algorithm 

for the extraction of articulated objects. Optical flow techniques can be used to detect 

independently moving objects even in the presence of camera motion. However, most 

flow computation methods are computationally complex, very sensitive to noise, and 

cannot be applied to video streams in real time without specialized hardware. Despite 

the disadvantages of this approach, optical flow is still a very popular technique for 

object segmentation, as all other object segmentation methods will fail in a very 

crowded environment with limited background in view and continuous motion in most 

regions of the scene. The performance of different optical flow techniques can be found 

in the survey by Barron et al., [1994]. 

 

2.3 SHADOW REMOVAL 
 

One major issue in foreground segmentation is the misclassification of shadow pixels 

as foreground objects. The attachment of shadows in foreground objects can lead to 

distorted appearance and geometrical properties of the original objects. Therefore, it is 

crucial that shadows be detected and removed accurately and precisely as failures can 

significantly affect many subsequent tasks such as object classification, object tracking, 

and action recognition. Moreover, as shadows may connect different objects into a 

single blob, the probability of having an under-segmentation fault is increased.  

Moving shadows can be detected at two separate stages, either classified as the shadow 

pixels while modelling the background image or detected as shadow pixels within a 

segmented foreground object. Another way to classify shadow detection approaches is 

by using a two-layer taxonomy proposed by Prati et al. [2003]. According to their 

taxonomy, the first layer classification considers whether the decision process 

introduced uncertainty. Statistical approaches use probabilistic functions to describe 
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class membership [Friedman and Russell 1997; Martel-Brisson and Zaccarin 2005; 

Rittscher et al. 2000], while deterministic approaches use on/off decision process to 

separate shadows from the foreground [Cucchiara et al., 2003; Jung, 2009; 

KaewTraKulPong and Bowden, 2001; Zhang et al., 2007].  Statistical approaches can 

be further divided into parametric and nonparametric methods. Deterministic 

approaches also include two subclasses, the model-based approach and non model-

based approach.  

 
2.3.1 STATISTICAL APPROACH 
 

In the approach proposed by Friedman and Russell [1997], each pixel is learned by a 

mixture of Gaussians classification model using an unsupervised technique. The 

mixture model automatically classifies each pixel as background, foreground, or 

shadow (in their application, the classification is road, vehicle and shadow respectively) 

and updated according to its likelihood of membership. Another approach using 

mixture of Gaussians for shadow modelling is proposed by Martel-Brisson and 

Zaccarin [2005]. In their approach, Gaussian mixture is applied to model the 

distribution of the shadowed background surfaces based on their repetitive properties. 

Even though moving shadows are modelled separately from the background modelling 

process, they can be easily added to a GMM-based foreground segmentation approach. 

Rittscher et al. [2000] represent the intensity variations of a pixel in a video sequence as 

discrete state of background, foreground and shadow state using Hidden Markov 

Models.  

 
2.3.2 DETERMINISTIC APPROACH 
 

The shadow detection scheme in the background modelling approach proposed by 

KaewTraKulPong and Bowden 2001 is based on the comparison of the chromatic and 

brightness components of a non-background pixel against the current background 

component. If the difference in both components is within some threshold, then the 

pixel is classified as a shadow pixel. Cucchiara et al., [2003] apply a shadow mask on 

every moving pixel to separate shadow pixels for foreground object pixels. The shadow 
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mask is proposed based on the analysis of the Hue-Saturation-Value (HSV) colour 

space on moving pixels. Based on their study, if a shadow is cast on a background, both 

the hue and saturation component change within a certain limit.  Skifstad and Jain 

[1989] introduced a concept of ratio edge which is proven to be illumination invariant. 

Based on the distribution of the ratio edge, intensity constraint and geometric heuristics 

are imposed to classify each moving pixel into a foreground object or moving shadow. 

This is further extended by Zhang et al. [2007]. 

 

2.4 GENERAL OBJECT TRACKING 
 

Object tracking refers to the task of tracking individual moving objects accurately from 

one frame to another in an image sequence. This process typically involves matching 

objects in consecutive frames using features such as line segments, geometrical points 

and blob appearance (data association). Object tracking is the essential and the most 

difficult part in video surveillance as occlusions will interfere with the usual object 

tracking process and thus raise the process complexity. Occlusion occurs when an 

object is blocked completely or partially by other objects, either the background or 

other moving objects. There are also other factors which influence the tracking process 

complexity, and the main factors can be summarized as follows: 

• Number of detectable objects, increase difficulty in timing and decrease 

accuracy 

• Complexity of the background scene, a background scene of an empty park is 

much easier to cope with than a background scene of a forest 

• Type of object to be tracked, a vehicle is relatively easier to track than humans, 

as humans are articulated and vary significantly in shape, and the motion is non-

rigid and unpredictable 

• Occlusion complexity, a light and short occlusions normally raise no difficulty 

to most tracking algorithms, while heavy occlusions of several objects are 

almost unsolvable for any current tracking algorithm.   
 



19 

 

As the number of object tracking methods in the literature is vast, there are several 

different classification approaches to categorize these methods based on different points 

of view. Yilmaz [2006] categorizes object tracking by point tracking, kernel tracking 

and silhouette tracking.  However no  such categories can fully and clearly separate all 

the proposed tracking methods, as there are always numerous methods overlapping 

between categories. Therefore, there is no standard classification approach widely 

accepted and recognized by the object tracking community. In this thesis, an object 

tracking method will be distinguished based on three criteria: the use of a tracking 

model, the selected feature (set), and the data association approach.  

• Model selected for tracking 

The model used in an object tracking method refers to the underlying concept of 

how tracking is performed.  An object tracking method is defined as a model-

based tracking algorithm if the data association of the tracking is performed 

between a target model and the current measurement. If the tracking is 

performed purely based on comparison between measurements in consecutive 

frames, the tracking algorithm is seen to be model-less. 

• Features selected to represent the object 

The right feature selection is critical in a tracking method [Ayromlou et al., 

2002]. In principle, a desirable feature set should uniquely identify its 

representative object in the feature space. There are numerous features that can 

be used to represent the object [Lowe 2004; Shi and Tomasi 1994] and most 

tracking methods use a combination of such features [Huttenlocher et al. 1993; 

Ozyildiz et al. 2002; Serby et al. 2004]. Examples of commonly used features 

include centroids, areas, motion, colours (in various colour spaces), texture, 

template, contour (line segments, curves, edges), corner vertices and colour 

invariant features (SIFT). The selection of the features is often highly dependent 

on the tracking model used. For example, the Kalman filter is generally more 

suitable for use on features such as centroid and motion rather than colour or 

texture as the latter features may not abide by a linear/Gaussian dynamic. 

• Data association techniques for feature matching 
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The correspondence between a state model, a prediction or the previous 

observation with the current observation is calculated based on certain distance 

metrics. Some of the methods for data association [Cox, 1993; Rasmussen and 

Hager, 2001] include the Mahalanobis distance measure, nearest neighbour 

algorithms, track-splitting, joint likelihood, and multiple hypothesis algorithms 

[Hue et al., 2002], each method solving an increasingly more complicated 

optimization. The Mahalanobis distance measure is one of the most widely used 

approaches as the distance metric can provide an immediate solution to the 

correspondence problem [Betke et al., 2007]. 

As the topic of this thesis is mainly focused on human tracking rather than general 

object tracking, only a selected number of popular approaches in object tracking are 

highlighted in the literature review. 

 
2.4.1 KALMAN FILTER 
 

The Kalman filter proposed by Kalman [1960] is an efficient recursive solution to the 

discrete-data linear filtering problem. It consists of a set of mathematical equations that 

recursively estimate the state of a process from a series of noisy measurements by 

minimizing the mean of the squared error. The filter only needs the estimated state from 

the previous time step and the current measurement to estimate the current state. 

The Kalman filter resembles a predictor-corrector process based on two distinct phases, 

the predict phase and update phase. The predict phase uses the state estimate from the 

previous time step to predict the state at the current time step. This predicted state 𝑥�𝑘− is 

named as a priori state since the prediction is only based on measurements from 

previous time steps.  

 𝑥�𝑘− = 𝐴𝑥�𝑘−1 + 𝐵𝑢𝑘−1  (2-5) 

 𝑃𝑘− = 𝐴𝑃𝑘−1𝐴𝑇 + 𝑄  (2-6) 
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where 𝑃𝑘− is the a priori estimate covariance and Q is the process noise covariance. 

Typical choice of 𝐴  includes: constant velocity, constant acceleration, and periodic 

movement. 

The update phase linearly combines this a priori prediction with the current 

measurements to refine the current estimated state. This final state estimate is known as 

a posteriori state estimate. The process of predict and update is repeated at each time 

step with the previous a posteriori estimates used to project or predict the new a priori 

estimates. 

 𝐾𝑘 = 𝑃𝑘−𝐻𝑇(𝐻𝑃𝑘−𝐻𝑇 + 𝑅)−1  (2-7) 

 𝑥�𝑘 = 𝑥�𝑘− + 𝐾𝑘(𝑧𝑘 − 𝐻𝑥�𝑘−)  (2-8) 

 𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻)𝑃𝑘−  (2-9) 

where 𝐾𝑘 is the Kalman gain which minimizes the a posteriori error covariance, H is 

the measurement prediction, 𝑧𝑘 is the actual measurement at the current time step, R is 

the measurement noise covariance and 𝑃𝑘 is the posteriori estimate covariance.  

The recursive nature makes the Kalman filter a very practical algorithm to use in a wide 

number of applications such as radar tracking and object tracking. The Kalman filter 

can be used for various purposes within object tracking, such as motion prediction of 

the target object [Gao et al., 2005; Ozyildiz et al., 2002; Weng et al., 2006], or feature 

estimation and smoothing [Nguyen and Smeulders, 2002].     

One essential assumption in the Kalman filter which restricts its application is the linear 

discrete data assumption. The Extended Kalman filter is introduced as a nonlinear 

version of the Kalman filter which only linearises the current mean and covariance. 

However if the state and measurement models are highly nonlinear, even the Extended 

Kalman filter cannot give a reasonable performance. This failure is due to possible 

large error in the true posterior mean and covariance caused by having the mean and 

covariance propagated through linearization of the underlying nonlinearity. Julier and 

Uhlman [1997] proposed the Unscented Kaman filter targeted to solve this problem as 

they use a deterministic sampling technique to pick a minimal set of sample points 

around the mean to capture the true mean and covariance.  
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2.4.2 PARTICLE FILTERS 
 

One fundamental assumption of the Kalman filter is that the distributions of the state 

variables are Gaussian. However there are many applications where this assumption 

does not hold, leading to the introduction of particle filters by Tanizaki [1987] which 

generalize the traditional Kalman filter models. Particle filters are sophisticated model 

estimate techniques based on simulations which generate a set of random samples 

{𝑠𝑘
(𝑙): 𝑙 = 1, … ,𝑁} (particles) with weights 𝑤𝑘

(𝑙)(sampling probability) that approximate 

the filtering distribution. The weight of each sample is used to define its importance, 

which can also be seen as the observation frequency.  

One popular approach in particle filters is importance sampling by Gordon et al. [1993]. 

The initial step is to draw N samples �̂�𝑘
(𝑙)  from the proposed distribution 𝑆𝑘−1  by 

generating a random number 𝑟 ∈ [0,1]  and finding the smallest 𝑗  such that the 

cumulative weight 𝑐𝑘−1
(𝑙) is less than 𝑟.  

 𝑠𝑘
(𝑙)~𝜋(𝑠𝑘|𝑠0:𝑘−1,

(𝑙) 𝑧0:𝑘)  (2-10) 

 �̂�𝑘
(𝑙) = 𝑠𝑘−1

𝑗   (2-11) 

For each selected sample �̂�𝑘
(𝑙), then generate a new sample 𝑠𝑘

(𝑙) using a non-negative 

function 𝑓and a zero mean Gaussian error 𝑊𝑘
(𝑙). 

 𝑠𝑘
(𝑙) = 𝑓(�̂�𝑘

(𝑙),𝑊𝑘
(𝑙))  (2-12) 

Finally, for the each of the newly generated sample 𝑠𝑘
(𝑙), its corresponding weight 𝑤𝑘

(𝑙) 

will be computed using measurements  𝑧𝑘. The new samples 𝑆𝑘 will be used to estimate 

the current state.  

 𝑤𝑘
(𝑙) =  𝜋(𝑧𝑘|𝑥𝑘 = 𝑠𝑘

(𝑙))  (2-13) 

Currently, particle filters have been widely applied in object tracking, one example is a 

multiple target tracking approach proposed by Hue et al. [2002]. In their approach, 
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particle filters are used for the estimation of multiple state processes given realizations 

of several kinds of observation processes. Isard and MacCormick [2001] also applied 

particle filter for tracking objects in 3D where the state vector of the particle filters 

include the 3D position, shape and velocity of all objects in the scene. In their 

approach, the prediction and correction scheme of the particle filtering is altered with 

the ability to increase or decrease the size of the state vector to include or remove 

objects.  

In applications where the state variable clearly does not follow a Gaussian distribution, 

particle filters have been proven to be very effective. However, their efficiency comes 

with an expensive computational cost, as the algorithm is keeping track of all the best 

particles simultaneously. Li et al. [2003a] tried to overcome this problem by proposing 

a Kalman particle filter (KPF) which is a combination of a particle filter and the 

principle of the Kalman filter.  KPF can effectively steer the set of particles towards 

regions with high likelihood, and therefore can considerably reduce the number 

of particles needed for tracking conventional particle filters. Satoh et al. [2004] 

modified the KPF for colour-based tracking. Additional improvements on particle 

filters have been achieved by Odobez and Gatica-Perez [2004]. In their approach, they 

applied a visual motion-based particle filter without the assumption that observations 

are temporally independent given the sequence of object state.    

Another interesting application of particle filters in object tracking is proposed by Zhou 

et al. [2004]. In their method, a particle filter is used for tracking objects in the presence 

of occlusions. The particle filter is based on a simple, linear state transition equation, 

but the velocity and noise statistics are adapted along the time, thus making the model 

more flexible. The number of particles in the filter is also adapted along the time. The 

features used for tracking consist only of appearance features: observations consist of 

2D image patches in grey levels; the appearance model of each object is pixel-based 

and consists of a mixture of Gaussians at each pixel. The appearance model is kept up 

to date by an EM algorithm that is invoked upon every new matching observation. An 

interesting aspect of this method is in its explicit detection and handling of occlusions. 

Whenever a pixel in the image patch is too distant from the corresponding mixture-of-

Gaussian model, it is labelled as an outlier. Then, if the number of outliers in the image 
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patch is above an assigned fraction, an occlusion is declared and the appearance model 

and velocity are not updated. Such an approach can effectively prevent incorrect 

updating of the model even for extended periods of time. However, it makes the 

method prone to false detection of occlusions in the case of sudden illumination 

changes.   

2.4.3 MULTIPLE HYPOTHESIS TRACKING 
 

To improve the tracking result obtained from motion correspondence, Reid [1979] 

proposed multiple hypothesis tracking (MHT) to maintain several correspondence 

hypotheses for each object at each time instance so that the correspondence decision 

can be deferred until several frames have been examined. The final track of the object 

is the most likely set of correspondences over the deferred period. The approach is 

capable of creating new tracks for objects entering the region of interest and 

terminating tracks for objects exiting the region of interest. MHT also has the ability to 

survive short-term occlusions, as the decision of motion correspondence can be 

deferred after the occlusion. This approach is an iterative procedure that begins with a 

set of current track hypotheses. For each disjoint track hypothesis, a prediction of each 

object’s position in the next frame is made. The predictions are then compared with 

actual measurements by evaluating a distance measure. Based on the distance measure, 

a set of correspondences are computed for each hypothesis which introduces new 

hypotheses for the next iteration. Each new hypothesis represents a new set of tracks 

based on the current measurements.  

One example of using the MHT for tracking complex objects is proposed by Polat et al. 

[2003]. In the proposed method, the authors use a 4D feature for representing the 

edge/line segments and the data association of the tracking the feature is solved by 

applying the MHT. In addition, Hausdorff image matching is applied to match and 

organize those edge/line segments into objects based on given 2D object models. The 

method is also extended into a 3D model-based object tracking algorithm for which the 

tracking is performed by estimating object poses in 6D space. 

 
2.4.4 ACTIVE CONTOUR-BASED TRACKING 
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In an active contour-based tracking framework, object segmentation and object tracking 

are merged together. Object segmentation is performed by evolving a closed contour to 

the object boundary and extracting the contour from the image, and object tracking is 

achieved by updating the contours of the object dynamically in successive frames. An 

energy function 𝐸(𝑡)which defines the fitness of the object contour is used for the 

evolution process. 

 𝐸(𝛤) =  ∫ (𝐸𝑖𝑛𝑡(𝑣) + 𝐸𝑖𝑚(𝑣) + 𝐸𝑒𝑥𝑡(𝑣))1
0 𝑑𝑠  (2-14) 

where 𝑠  is the arc-length of the contour 𝛤 , 𝐸𝑖𝑛𝑡 and 𝐸𝑒𝑥𝑡  are the regularization and 

additional constraints respectively, 𝐸𝑖𝑚is the appearance-base energy.  

Active contour-based approaches aim at directly extracting shapes of objects and 

provide more effective descriptions of objects than region-based algorithms. Traditional 

features used in early active contour-based approaches include geometric [Kass et al., 

1988; Caselles et al., 1995] and probabilistic models of the object shapes and their 

dynamics. Those models are applied to the real-time analysis of shapes in motion, and 

address issues of learning, temporal filtering and the problems of video clutter. Later in 

the literature, features such as colour [Yilmaz et al., 2004] and texture that are extracted 

inside and outside of the object region are also applied. In Isard and Blake [1998], a 

generalized algorithm called CONDENSATION (Conditional density propagation), a 

particular particle filter is proposed for active contour tracking that is capable of 

handling density propagation over time with multi-modal, non-Gaussian distribution 

densities. The algorithm uses ‘factor sampling’ in which the probability distribution of 

possible interpretation is represented by a randomly generated set. There are three steps 

involved in the algorithm: deterministic drift, stochastic diffusion and reactive effect of 

measurement. The first step generates a random set, while the remaining steps use the 

stochastic dynamic model and observation model respectively. The major disadvantage 

of this method is that it can only deal with short-term and simple occlusions as it’s 

difficult for it to separate each occluded moving object from the rest. Another example 

of active contour tracking method is graph cut based active contour introduced by Xu 
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and Ahuja [2002]. The advantage of this method is that it does not need any a priori 

global shape model and is non-sensitive to initial conditions.  

The advantage in active contour-based object tracking is that even in the presence of 

partial occlusions, some of the sub-features of the moving object remain visible. 

However, the tracking precision of the active contour-based method is limited at the 

contour level. The recovery of the 3-D pose of an object from its contour on the image 

plane is a demanding problem. A further difficulty is that the active contour-based 

algorithms are highly sensitive to the initialization stage, making it difficult to fully 

automate the system. 

 
2.4.5 KERNEL-BASED TRACKING 
 

Kernel tracking typically refers to the tracking of an object by computing the motion of 

the kernel of the object in consecutive frames. The domain used is usually the shape or 

appearance of the object, such as an elliptical template with an associated colour 

histogram. The colour histogram is computed by applying a kernel (a mathematical 

function) to each point in the template. The kernel motion between two consecutive 

frames is typically either in the form of a parametric transformation (rotation, affine 

and translation) or the dense flow field computed in subsequent frames. Examples of 

kernel-based tracking are template matching [Nguyen and Smeulders 2004; Pan and Hu 

2007; Schweitzer et al. 2002; Singh et al. 2004], colour matching [Han and Davis, 

2005; Mckenna et al., 1997; Ozyildiz et al., 2002; Perez et al., 2002; Zivkovic and 

Krose, 2004; Zhao and Tao, 2005], and shape and motion-based tracking [Huttenlocher 

et al., 1993; Sato and Aggarwal, 2004]. Templates and colour matching have been 

widely used in tracking because of their relative simplicity and low computational cost. 

In the approaches proposed by Comaniciu et al. [2000; 2003], the template of the target 

object is represented with a circular spatial mask with a weighted colour histogram 

computed from the kernel regions. Mean-shift procedure is applied to optimize the 

appearance similarity iteratively by comparing the colour histogram of the object and 

the window around the hypothesized object location. The process is repeated until 

convergence is achieved. Another example of kernel-based tracking is tracking 
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translational and rotational objects by Zhang et al. [2004]. A kernel-based spatial-

colour model is used for object representation and a similarity measurement 

formulation is derived for the translational and rotational tracking of the object.  

 
2.4.6 BLOB-BASED TRACKING 
 

Blob-based tracking methods track objects according to variations of the image regions 

corresponding to the moving objects. The background image is maintained dynamically 

and the motion regions are usually detected by subtracting the background from the 

current image. The idea is to identify a connected region in the image - a ‘blob’- 

associated with each object and then track it over time using a cross-correlation 

measure.  

Blob tracking can be performed using different techniques; one example is to use mean-

shift proposed by Collins [2003]. The approach starts with blob scale detection using 

differential scale-space filters, followed by the mean-shift procedure that tracks the 

modes in this scale space. Each mode represents the spatial location and scale of a blob. 

Another approach of blob tracking is proposed by Khansari et al, [2007] where the 

tracking is performed based on temporal tracking using un-decimated wavelet features 

and texture analysis. The target object is manually selected and a feature vector (FV) 

based on the un-decimated wavelet feature is constructed for every pixel in the object 

region. The tracking of the target object is achieved by optimal search for the best 

match of the FVs inside an adaptive search window in consecutive frames.  

A major disadvantage of blob-based tracking is that it cannot reliably handle occlusion 

between objects. Furthermore, as those algorithms only obtain the tracking results at the 

blob level and are essentially procedures for motion detection, the outline of objects 

cannot be acquired. As those algorithms cannot satisfy the requirements for 

surveillance against a cluttered background or with multiple moving objects, they have 

become less popular since other algorithms have been proposed to target occlusion 

handling while tracking. 
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2.4.7 OTHER APPROACHES 
 

Apart from the main stream approaches in object tracking, other approaches include 3D 

objects tracking [Jurie and Dhome, 2002; Masson et al., 2004], colour invariant feature-

based tracking [Tang and Tao, 2005; Nguyen and Smeulders, 2002], and others [Arce-

Santana et al., 2007; Conte et al., 2006; Frank et al., 2003; Jorge et al., 2004; Lin et al., 

2004; Xie et al., 2004; Yu et al., 2007].  

An interesting and effective object tracking approach has been proposed by Tao et al. 

[2002] which handles tracking under occlusions by capturing the spatial and the 

temporal constraints on the shape, motion and appearance of the tracking objects in a 

dynamic layer representation. Each object, including the background of the scene, is 

defined as a ‘layer’ and modelled by four features: appearance, approximate elliptical 

shape, position and motion. Such features are not allowed to freely vary between 

successive frames. Rather, they have to undergo a ‘coherency model’ where smooth, 

gradual changes are assumed to be more likely. This is simply obtained by using a 

constancy model with a noise component added for each feature. At every new frame, 

the optimization of the layer representation is achieved by applying an EM algorithm to 

re-estimate the membership of pixels to the layers and the layers’ parameters with 

maximum a posteriori probability (MAP). As it is not computationally practical to 

address this optimization simultaneously for all features, the EM algorithm is used for 

four separate formulas for the layer ownership of the motion, shape and appearance 

models, respectively. As gradual changes can be accommodated, short-term occlusions 

do not significantly affect the objects’ models. 

An extension of the dynamic layer representation has been proposed by Zhao and 

Nevatia [2003] by using multiple occluding background layers and explicitly inferring 

the depth ordering of foreground layers. Occluding background layers are regions of the 

static scene that occur to be in front of some moving objects. Depth ordering is the 

relative depth of the foreground layers from the closest to camera to the furthest from 

camera. By adding those two concepts in the model, the prior function of the dynamic 

layer representation now becomes the product of the depth ordering, the foreground 
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layer shape prior, the background layer shape prior, motion model and foreground layer 

appearance. 

 

2.5 HUMAN TRACKING 
 

Human detection and tracking has become one of the most popular areas in video 

processing and computer vision due to its numerous applications. The approaches 

proposed for human tracking also vary significantly depending on the nature of the 

application. The approaches in human tracking can be generally categorized as single-

camera oriented, multiple-camera oriented, and multiple-sensor oriented. However, as 

this research is tracking humans from single cameras, this section is only focused on 

tracking methodologies with single-camera orientation. 

The general approach for human tracking is known as analysis-by-synthesis, and it is 

used in a predict-match-update style. Firstly, the pose of the model for the next frame is 

predicted according to prior knowledge and tracking history. Then, the predicted model 

is synthesized and projected into the image plane for comparison with the image data. 

A specific pose evaluation function is needed to measure the similarity between the 

projected model and the image data. According to different data association strategies, 

this is done either recursively or using sampling techniques until the correct pose is 

found and used to update the model. Pose estimation in the first frame needs to be 

handled. Generally, human tracking involves three main issues: 

1. construction of human body models 

Construction of human body models is the basis of model-based human body 

tracking. Generally, the more complex a human body model is, the more 

accurate the tracking results are, but the more expensive the computation is and 

the higher the image resolution required. Traditionally, the geometric structure 

of the human body can be represented in the following five styles, stick figure, 

body contour [Poon and Fleet, 2002; Bhuvaneswari and Abdul Rauf, 2009], 

silhouette [Chen et al., 2006; Wang et al., 2008b], ellipsoidal model [Hu et al., 

2004a], volumetric model (3D) [Zhao and Nevatia, 2004b], and hierarchical 
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model [Wu and Nevatia, 2007]. The most common model used is an ellipsoidal 

model which gives accurate position information but provides little information 

about the full posture of a human. 

2. representation of prior knowledge of motion models and motion constraints 

Motion models of the human limbs and joints are widely used in tracking. They 

are effective because the movements of the limbs are highly constrained. These 

motion models serve as prior knowledge to predict motion parameters, to 

interpret and recognize human behaviours, or to constrain the estimation of low-

level image measurements. 

3. prediction and data association strategies 

Pose estimation in a high-dimensional body configuration space is intrinsically 

difficult, therefore data association strategies are often carefully designed to 

restrict the solution space. Generally, there are several popular data association 

strategies: dynamics [Lim et al., 2006; Snidaro, 2008; Tao et al., 2002], mean 

shift [Lerdsudwichai et al., 2005; Li et al., 2002], Kalman filtering [Jang et al., 

2002; Thombre et al., 2009], particle filtering [Deguchi et al., 2004; Smith et al., 

2005], and stochastic sampling [Kang et al., 2002]. 

There are a vast number of approaches proposed for human tracking in the literature 

and, similar to the object tracking literature, there are numerous ways to categorize the 

approaches. In this thesis, I have selected three well-known and significantly different 

categories of human tracking approaches for presentation. 

 
2.5.1 APPEARANCE MODELS 
 

There are a vast number of human tracking approaches based on the use of appearance 

models, either as colour models [Sabeti and Wu 2007], texture [Utsumi and Tetsutani 

2002] or template [Wen et al. 2008].  

One example of the use of an appearance model is proposed by Haritaoglu et al. [2000]. 

In their approach, an appearance-based human model is constructed for tracking 
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multiple people during occlusion events. It combines the greyscale textural appearance 

with expected shape information to generate a 2D dynamic template. Another example 

is by Cucchiara et al. [2004a; 2004b] who proposed a tracking algorithm by using 

probabilistic masks and appearance models. The algorithm is capable of tracking 

people interacting with each other and still maintains the pixel to track assignment, 

even with major occlusions. Recently, Tsai et al. [2006b] have introduced a method 

which assigns each pixel to a different human object based on its relative distance to 

that object and the corresponding colour model. If there is no occlusion event taking 

place, they can easily track each object independently based on each segmented object 

region and optical flow. During occlusion events, they analyse the colour distribution of 

the occlusion group to differentiate each object in the group. By calculating the 

distances between objects, the proposed algorithm can determine whether an object is 

separated from the occlusion group and is to be tracked individually afterwards. 

 
2.5.2 3-DIMENSION HUMAN MODEL 
 

Based on camera calibration or other methods to obtain the depth information, it is 

possible to construct a 3D human model to represent the targets. Due to the low 

resolution rate of surveillance videos and the constraints on the tracking speed, only 

simple models are adopted for the 3D representation of the human body. 

Zhao and Nevatia [2004b] proposed a multiple human tracking method which uses both 

top-view and side-view of the camera scene to generate a 3D human model to detect 

and track each human and recognize each body posture. The 3D human model used is 

simply an ellipsoid. The model is generated by taking the side-view of the human body 

to estimate the human height and width, and the top-view is used to identify the central 

point of the body. The top-view can also be used to isolate each human body under 

occlusion. The tracking process involves generating a texture template which represents 

the appearance of a person and a foreground probability template of each person to 

store the probability of each pixel in the elliptic mask as foreground. Both templates are 

used in calculating the best match between the predicted human model and the actual 

human figure extracted from the current frame. The Kalman filter is used to predict the 
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position for each human model and to find the best match. After the best match is 

found, the human model used to predict the new position will be updated according to 

the new observation from the current frame. This method is quite successful for 

tracking humans in outdoor environments with small degrees of occlusion. This 

approach is further improved by Zhao et al. [2008b]. 

Another example of using a 3D human model was originally proposed by Zhao et al. 

[2001] and further extended by Zhao and Nevatia [2003; 2004a]. The method uses the 

Markov Chain Monte Carlo (MCMC) method combined with jump-diffusion dynamics 

to find the maximum posterior estimation for the human models. In this method, the 3D 

human model is composed of four ellipsoids corresponding to head, torso and two legs. 

Each ellipsoid is controlled by two parameters, namely length and fatness. There are 

also three models considered for model movement: both legs together, left leg forward 

and right leg forward. 

 
2.5.3 BODY-PART MODEL 
 

Body part-based tracking performs human detection and tracking based on the 

detection, re-assembly and tracking of the individual body part(s). The splitting of the 

human body into body parts is introduced as it is often difficult to detect and track 

people accurately based on their overall shape, appearance and motion due to the 

arbitrary shape of the human body and the frequent occurrence of occlusion. Body part-

based tracking methods usually use a partially articulated human model with at least 

three body parts: head and shoulders, torso, and legs. Each body part of the human 

model is firstly modelled or detected by a part detector using local features such as 

edge, body part shape and local motion, and then matched results from separate body 

parts are fused together to form the complete human body tracking. As the idea of 

modelling the human body for tracking is relatively new to the field, there is limited 

literature in relation to body part-based tracking.  

An early application of body part detection and modelling was proposed by Haritaoglu 

et al. [2000]. The authors have implemented a system called 𝑊4 which employs a 

combination of shape analysis and an appearance-based human model which is created 
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based on the location of the body parts (head, hands, feet, torso). The appearance model 

for each person is constructed with a static shape model consisting of six main body 

parts and second order motion tracking of the dynamic appearance model. As a result, 

the system has the ability to track multiple people simultaneously through occlusions. 

Wu and Nevatia [2005] proposed a two step method. The first step is to detect body 

parts using a part detector from a set of edgelet features. The second step is to combine 

the results of various part detectors and formulate the multiple occluded human 

detection using Maximum a posteriori (MAP) on the joint likelihood model to find the 

best interpretation of the image observation. The human model used includes three 

parts: head and shoulders, torso and legs. An edgelet feature is a line segment of an 

edge of a body part. It is represented by a set of positions in the image, a set of norms 

of the edgelet at each position and a set of intensities of the edgelet at each position. For 

each edgelet feature, a weak classifier is firstly built. The Real AdaBoost algorithm is 

then used to linearly combine the set of weak classifiers into a strong classifier (body 

part). Finally, nesting structured detectors are constructed from those strong classifiers 

and this completes the task of part detector. The joint likelihood consists of two parts: 

the state of the occluded humans and the responses from the part detectors. The state is 

defined as a set of all visible parts for the group of occluded humans and this is 

calculated based on the depth ordering of those occluded humans. Based on the 

assumptions and responses from the head detector and the full-body detector, an 

occupancy map can be generated on the group of occluded humans. From the 

occupancy map, It is possible to work out the visibility of each human body part for 

those humans. The match between the responses and parts are made in a greedy way. 

First a distance matrix of all possible response-part pairs is calculated. Then in each 

step, the pair with the smallest distance is taken and the corresponding position in the 

matrix is deleted. This selection is done iteratively until no more valid pairs are 

available.  

Wu and Nevatia [2006] have extended their method to include the continuously 

updating human model to form a complete human tracking algorithm. A forward 

human tracking algorithm has been proposed which combines static human detection 

with data association and meanshift tracking to achieve the tracking of multiple, 
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partially occluded humans by body parts. The responses from the static part detector 

proposed by Wu and Nevatia [2005] are taken as input into the human tracker and then 

matched with the human model. There are two steps to matching: firstly, to match with 

the combined detection responses; if this match fails, to match against part detection 

responses. When both fail, a meanshift style tracker is used in place of data association 

to track humans. For each body part, there are three part detectors from three different 

side views: front/rear, left and right. Thus for detection, the input image is scanned by 

all three detectors and the union of their responses is taken as the multi-viewed 

detection response. The match of the detection responses with the human model is 

achieved through a greedy algorithm. The first step is to compute an affinity matrix of 

all possible pairs of response predictions based on the model for the next time instant 

and the actual responses at the current time instant. In each subsequent step, the pair 

with the largest affinity is taken as a match and the corresponding position in the matrix 

is deleted. This procedure is repeated until no more valid pairs are available. The 

tracking of the humans is achieved using the two strategies of data association and 

meanshift tracking. If there is a new response matched with the current human model, 

the model grows based on data association; otherwise meanshift tracking is used. There 

are two steps involved in the data association; the first step is try to match the human 

model with the combined responses for models which are not matched, and the second 

step is to match them against the remaining part responses which do not belong to any 

combined response.   

Another example of body part modelling for human tracking is proposed by Zhao et al. 

[2006b]. In order to better deal with various challenging issues in human tracking such 

as occlusions, sudden motion changes and multi-person confusions, the authors propose 

a fusion framework where multiple cues are combined to seek the optimal object state, 

and more reliable cues have a larger influence on the final decision. Body part-based 

tracking is adopted to provide a second-level information fusion in that body parts that 

have been occluded and blocked for by other objects can be compensated by tracking 

other more visible ones. 

Recently, Ramanan et al. [2007] have proposed a human tracking algorithm based on 

two stages; it first builds a model of appearance of each person in the video sequence 
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and then it tracks by detecting those models in each frame. The authors have developed 

two algorithms that build models: one bottom-up approach groups candidate body parts 

found throughout a sequence. They also describe a top-down approach that 

automatically builds people-models by detecting convenient key poses within a 

sequence. 

The body part model can also be used for applications of human detection. Micilotta et 

al. [2005] have proposed a methodology for assembling detected human body parts into 

a full human model. By training different body parts with AdaBoost, the algorithm is 

able to detect face, torso, legs and hands in cluttered scenes based on body part 

detectors. The body parts are then assembled into a full human model using RANSAC 

with a coarse heuristics applied to eliminate obvious outliers. In addition, an a priori 

mixture model of the upper-body configuration is used to provide a pose likelihood for 

each configuration. A joint-likelihood model is then determined by combining the pose, 

part detector and corresponding skin model likelihoods. The assembly with the highest 

likelihood is selected by RANSAC, and the elbow position can be estimated to 

complete the upper body pose. This methodology can be easily extended with a data 

association technique into a human tracking algorithm. 

Compared with other human tracking methods, tracking by body parts can be seen as a 

significant advance in human tracking on other methods that recognize a single person 

as a whole. The modelling of the human object using partial articulated models has 

demonstrated its effectiveness as it has taken into account the deformable nature of 

humans when performing model matching and target tracking. As a result, body part-

based tracking methods are much more favoured than other methods in situations of 

tracking multiple humans under severe occlusions. 

 
2.5.4 OTHER APPROACHES 
 

Apart from the three categories of human tracking approaches, there are numerous 

other approaches proposed in human tracking [Hsieh and Hsu 2007; Ma et al. 2008; 

Mckenna et al. 2000; Ning et al. 2004; Wang et al. 2008b; Yamashita et al. 2008].  
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Wren et al. [1997] explored the use of small blob features to track a single human in an 

indoor environment. In their work, a human body is considered as a combination of 

blobs respectively representing various body parts such as head, torso and the four 

limbs. Meanwhile, both the human body and background scene are modelled with 

Gaussian distributions of pixel values. Finally, the pixels belonging to the human body 

are assigned to the blobs of different body parts using the log-likelihood measure. 

Therefore, by tracking each small blob, the moving human is successfully tracked.  

McKenna et al. [2000] proposed an adaptive background subtraction method in which 

colour and gradient information are combined to cope with shadows and unreliable 

colour cues in motion segmentation. Tracking is then performed at three levels of 

abstraction: regions, people, and groups. Each region has a bounding box and regions 

can merge and split. A human is composed of one or more regions grouped together 

under the condition of geometric structure constraints on the human body, and a human 

group consists of one or more people grouped together. Therefore, using the blob 

tracker and the individual colour appearance model, tracking of multiple people is 

achieved even during occlusions. 

A hybrid approach for human tracking has been proposed by Gilbert and Bowden 

[2007] in which they use the strengths of two separate methods: a global object detector 

and a localised frame by frame tracker. In their approach, the human target is modelled 

only based on the torso of the body. A temporal relationship model of torso detections 

is built during normal event which is applied to further disambiguate during occlusion 

events. 

 

2.6 HEAD/FACE DETECTION 
 

In general, head/face detection plays an important role in a wide range of computer 

vision and multimedia applications such as human tracking in video surveillance 

systems [Ishii et al., 2004], human interaction with computers and robots, intelligent 

environments  [Haritaoglu et al., 1999; Kakumanu et al., 2007], smart in-vehicle 

technologies, and others [Krotosky et al., 2005]. In particular, it is essential in the 
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proposed tracking methodology as the head is used as the anchor for constructing the 

human model during occlusion events. By head detection, we refer to the detection of 

the head region in the image irrespective of the orientation of the head. Where 

resolution and pose permit, face detection can be used to surrogate head detection. By 

face detection we mean any techniques relying on the visibility of the main facial 

features such as the eyes, eyebrows, nose and mouth. It is critical to have a thorough 

review and analysis of the literatures in the field of both head and face detection in 

order to identify whether any of the current algorithms satisfy the requirements of the 

need for head detection in the proposed tracking methodology.  

Depending on the type of input images (e.g., passport photo-like vs. scene at distance) 

and the application, the approaches used for head detection vary significantly. 

According to Yang et al. [2002], the head/face detection methods can be classified into 

four categories, with some methods clearly overlapping category boundaries: 

knowledge-based methods, feature invariant approaches, template matching methods, 

and appearance-based methods. In the recent literature, it is often seen that researchers 

have combined different approaches into hybrid head detection algorithms in order to 

improve the detection rate.  

 
2.6.1 FEATURE-INVARIANT DETECTION 
 

Feature-invariant detection algorithms aim to find structural features that exist even 

when the pose, viewpoint, or lighting conditions vary, and then to use those features to 

locate heads/faces. Examples of feature invariant are facial features [Colmenarez et al., 

1999; Shen et al., 2008; Zhao et al., 2006a], texture, skin [Kakumanu et al., 2007; 

Karlsson et al., 2008; Kovac et al., 2003; Lai and Li, 2006] and hair colour [Yacoob 

and Davis, 2005; Zhao et al., 2008a], and the integration of skin colour, hair colour, 

size and shape [Chen and Kee, 2005; Luo et al., 2003]. Among all invariant features, 

the most popular features in the literature are skin colours and facial features for face 

detection. 

Garcia and Tziritas [1999], use approximation of the skin colour in the HSV or YCBCR 

colour spaces to determine the colour regions which are further constrained by shape 
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and face texture. In this approach, a LBG colour quantization is performed on the input 

images and the quantized images are filtered with skin colour models to generate skin 

colour regions. The skin colour regions are merged iteratively to provide a set of 

candidate face areas which are then processed under shape constraints and face texture 

analysis.  

Another similar approach based skin colour detection is introduced by Hsu et al. 

[2002]. In their approach, a light compensation technique is firstly applied to the input 

images followed by a nonlinear colour transformation on the images. Then skin region 

detection is performed on the modified image to detect skin patches which are then 

analysed on their spatial arrangement for the generation of face candidates. This 

approach also includes the detection of facial features such as eye, mouth, and 

boundary maps in order to further verify each face candidate.  

 
2.6.2 TEMPLATE-BASED DETECTION 
 

Template-based detection normally means calculating the correlation between an input 

image and a predefined face template to detect the face in the input image. A common 

approach in generating the face template is by using a shape template which attempts to 

detect the boundaries of the objects using noise removal techniques and transformations 

invariant to scale and rotation for more complex scenes.   

An early approach proposed by Birchfield [1998] models the head shape as an ellipse 

whose position and size are continually updated by a local search combining the output 

of a module concentrating on the intensity gradient around the ellipse’s perimeter with 

that of another module focusing on the colour histogram of the ellipse’s interior.  

Another approach based on the elliptical shape of the head is presented by Nanda and 

Fujmura, [2004]. In their approach, the head is projected into a 3D depth map of the 

scene and, similar to the approach by Birchfield, the head is also modelled as an ellipse 

whose position and size are continually updated by a local search. Ellipse detection is 

performed on depth discontinuities using Chamfer Distance.  
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2.6.3 APPEARANCE-BASED DETECTION 
 

In general, appearance-based detection algorithms rely heavily on statistical analysis 

and machine learning techniques to find the relevant characteristics of the head region 

and non-head region images. The appearance model is often learned from a set of 

training images to capture the representative characteristics of facial appearance. The 

appearance models are usually constructed in the form of distribution models or 

discriminate functions. Common approaches used in appearance-based detection 

include eigenface [Tsai et al. 2006], distribution-based [Jin and Mokhtarian, 2005; Qu 

et al. 2005], neural network [Bojkovic and Samcovic, 2006; Garccia and Delakis, 

2004], support vector machine (SVM) [Shih and Liu, 2005], and fuzzy theory [Wu et 

al. 1996a; Wu et al. 1999].  

One early approach of neural network-based face detection algorithm is presented by 

Rowley et al. 1998. In the proposed method, the face is detected by examining a 

retinally connected neural network within each small window of an image to determine 

if a face is contained within the window. The connected neural network is built upon a 

set of training data of both face and non-face images. Apart from the standard labelling 

of collecting negative samples, the authors use a bootstrap algorithm which adds the 

face detection into the training set automatically. The training images contain faces of 

various sizes, orientations, positions, and intensities. By manually labelling the eyes, tip 

of the nose, and corners and centre of the mouth of each face, all images can be 

normalized with the same scale, orientation, and position. To further improve the 

accuracy, simple heuristics, such as using the fact that faces rarely overlap in images 

are also added into the algorithm. 

 

2.7 SUMMARY 
 

There is a vast number of related works in the field of computer vision and image 

processing for tracking. However, the main focus of this literature review is only on the 

techniques from the basic phases of video surveillance, which are background 
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modelling, foreground object extraction, object tracking and head detection. The 

research review results are used in the development of the background modelling and 

foreground object extraction, and the conception of ideas for the body part modelling, 

the data association techniques and the head detection algorithm described in the 

chapters that follow. 

  



41 

 

 

CHAPTER 3                    
METHODOLOGY 

 

This study proposes a methodology which aims to effectively track people in a crowded 

scene for video surveillance. The methodology is based on the adoption of a simplified 

articulated human model to support the various stages of data association and tracking. 

An articulated model for a human may range from a minimum of three parts (such as 

head and shoulders, torso and legs) to anatomical degrees of freedom depending on the 

application. Articulated human models used for human action analysis and simulation 

normally consist of numerous degrees of freedom, as it is essential for them to capture 

and model all the movements of the limbs and joints in the human body. However, as 

our purpose of using an articulated human model is only to improve the data 

association of the human targets during occlusions, we require a much simpler human 

model. In addition, as we want to retain the use of typical wide-area surveillance views, 

the resolution of each human target is of low-medium quality. This prevents us from 

using a high number of degrees of freedom in the human model. Therefore, we choose 

to limit the number of parts to five: the head, left and right torso, left leg and right leg. 

Each part is characterized by a feature set including appearance (e.g., HSV colour 

histogram) and spatial features (e.g., centroid of the blob). A layered data association is 

provided by matching each of the candidate body parts to those corresponding body 

parts in the target model. Finally, each of the individual matching responses from each 

of the body part layer is combined in order to form a joint likelihood for the whole 

body. This likelihood is used for the overall matching procedure between the candidate 



42 

 

model and the target model. In the proposed methodology, the target represents the 

person that we are currently tracking and the candidate could be any person that we 

may consider to be the target during tracking. 

 

3.1 OVERVIEW 
 

The outline of our tracking algorithm can be summarized as follows and the overall 

tracking process is described in Figure 3-1. 

1. Foreground segmentation  
Extract the foreground object from each frame by applying foreground 

segmentation with a Gaussian Mixture background model [Kaewtrakulpong and 

Bowden 2001]. Apply morphological operations and shadow removal to 

improve the quality of the foreground object detected. 

2. Initialization 
Manually select the target as it enters the scene. Construct the human model of 

the target by dividing the target into five body parts and extract relevant features 

for each part. 

3. Prediction 
Based on the state model of the target in the previous frame, the Kalman filter is 

used to predict its movement speed and size in the current frame. A gating is 

calculated based on the predicted speed to locate its possible positions. All 

objects detected within the gating are identified as a candidate.   

4. Occlusion detection 
By comparing the differences between the predicted size of the target and the 

colour histogram of the target model with the actual size of the detected blob 

within the gating and its colour histogram, we can determine whether the 

detected blob is under occlusion or not. In the event of occlusion, we use 

different tracking procedures than we would use when occlusions were not 

present. 
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5. Head detection 
In an occlusion event, we have to identify the number of people involved in the 

occlusion and the location of each of them within the occlusion blob. Hair and 

skin colours are used in combination to identify heads within the blob. In 

addition, using the head image of the target from previous the frame, SURF 

[Lowe et al. 2004] can be extracted and searched in the current frame to identify 

the target’s head.  

6. Construct the human model 
In a normal event, the human model of each candidate can be constructed by 

extracting the six degrees of freedom (blob position, blob centroid and blob 

size) directly from blobs within the gating. The blob is divided into five body 

parts according to the six degrees of freedom and each body part is described by 

five features (colour histogram, movement speed, area, perimeter, overlapping 

regions). In an occlusion event, it is not possible to detect the target solely and 

measure its dimension and position directly as the target is occluded by other 

objects. Therefore, predictions and estimations are used instead of true 

measurements for obtaining the six degrees of freedom for constructing the 

human model.  

7. Match the human model 
Each candidate model is compared with the target model based on their body 

part features. The global match is inferred based on body part match 

probabilities. The candidate with sufficient and highest probability is considered 

as the current status of the target (referred as the ‘target model’) and is used for 

the update of the target model. If there is no candidate model matching the 

target model with sufficient probability, the target is considered as lost in the 

current frame. 

8. Update the human model  
For various reasons, the target model maybe slightly displaced from the target’s 

actual position in the current frame. To improve the quality of the target model, 
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an error correction procedure is carried out to reduce the possible displacement 

of the best candidate model before it is updated into the target model. The target 

model is updated with the refined best candidate model with each body part 

updating separately depending on its matching probability.  

 

 

FIGURE 3-1TRACKING PROCEDURE 

 

3.2 FOREGROUND SEGMENTATION 
 

The initial process for most object tracking algorithms from static camera views 

consists of background modelling and foreground object extraction. In our 

methodology, we have applied adaptive Gaussian mixture for our background model 

using the approach by Kaewtrakulpong and Bowden [2001] which represents each pixel 

in the image as a mixture of Gaussian distribution of pixel intensity. In this approach, a 

pixel is defined as a foreground pixel when its distribution is shifted away. The 

foreground image is morphologically closed, smoothed by a median filter, and labelled 

by using connected components labelling. A size filter is applied to remove noisy small 

regions, and holes inside remaining regions are filled. A shadow removal technique 
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[Cucchiara et al., 2003] has also been taken into account to improve segmentation 

accuracy on the foreground image. Using the foreground image, all connected 

components can be extracted and defined as foreground objects (as demonstrated in 

Figure 3-2). There are various types of error that intrinsically affect the segmentation 

stage, such as under-segmentation (multiple visual objects merged into a single blob) 

and occlusions.  

 
 

 
(a)  (b) 

FIGURE 3-2 FOREGROUND SEGMENTATION WITH SHADOW REMOVAL. (A) THE ORIGINAL IMAGE, (B) THE 
FOREGROUND IMAGE  

 

3.3 INITIALIZATION 
 

The initialization is performed manually by allowing users to select the target to be 

tracked. While the video is displayed on the screen, the user can pause the video at any 

instant and select the target person by drawing its contour on the screen using the 

mouse (See Figure 3-3(a)). However, to ensure an accurate and meaningful human 

model of the target to be initialized, two conditions have to be satisfied: 1) the target 

has to be completely within the scene, and 2) the target is not involved in an occlusion 

event.  

Once the contour is drawn, the contour filling procedure and morphological closure are 

carried out to obtain a complete blob of the contour (Figure 3-3(b)). The blob is 

measured in dimension and position within the current frame to provide clues to locate 

the target in the foreground image. Based on those measurements, the corresponding 
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connected component in the foreground image is extracted. All geometrical and 

statistical measurements required to construct a human model can be gathered from the 

connected component, from which the initial human model of the target can be built. If 

we initialize the human model based on a single frame, any feature requiring historical 

information (such as motion speed) can not be measured. Those features can only be 

properly calculated after the target is tracked at the next frame. As a result, we require 

two consecutive frames to initialize a track and build a complete human model for the 

target, provided both frames meet the two conditions mentioned earlier.  

 

 
 (a) (b) 

FIGURE 3-3 TRACK INITIALIZATION. (A) MANUALLY DRAW THE CONTOUR OF THE TARGET, (B) EXTRACT 
THE REGION OF THE SELECTED TARGET ( THE BLOB OF THE TARGE) 

 

3.4 PREDICTION 
 

Prediction is a critical step for most tracking methodologies as it provides clues and 

approximations of the targets in the next frame. Predictions can be used for various 

purposes, such as motion prediction, gait prediction, feature prediction and so on. In our 

methodology, prediction is required for the two distinctive procedures of gating and 

target size estimation. For prediction and tracking, Kalman filters [Kalman 1960] have 

often been adopted wherever conditional probabilities have appeared to follow 

Gaussian hypotheses and linear propagation. In this case, we have used two separate 

Kalman filters for each procedure, as we assume they are independent of each other.  
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3.4.1 GATING 
 

The first procedure requiring prediction is the approximation of a region (gate) where 

the target is most likely to appear in the next frame provided the target has been located 

in the current frame. The underlying assumption is that the target movement speed 

cannot change dramatically within a frame, which implies that a target cannot move far 

between consecutive frames. Therefore, gating seeks to find a minimum number of 

candidates that are likely to be the target based on their locations. The gate is calculated 

based on the prediction of the target speed using a Kalman filter algorithm [Kalman 

1960]. Unlike other types of targets, a person can suddenly change their motion towards 

any direction; this is especially the case with the relatively low frame rates of typical 

surveillance cameras. Therefore, due to this unpredictable nature of human motion in 

terms of direction, the speed magnitude of the target’s movement is the only 

measurement used for the computation of the gate. Some tracking methodologies in the 

field perform the prediction of human motion (both direction and speed) using 

nonparametric models such as particle filters, which are meant to capture all possible 

likelihood motion changes. However such models normally involve high computational 

costs. 

 

3.4.1.1 THE GATE 
 

The gate is defined as a rectangular region cantered at the centroid of the target model 

(see Figure 3-4). It assumes that the target can move in any direction with equal 

probability from the previous frame to the current frame. The gate dimension (width, 

height) are set linearly proportional to the speed magnitude of the target. This speed is 

estimated using the Kalman filter 𝐾𝐹1. Its measurement space consists of the centroid 

of the target (𝑋𝑐,𝑌𝑐) that is represented in frame-based coordinates.   

 𝐾𝐹1: 𝑍1 = {𝑋𝑐,𝑌𝑐};𝑋1 = {𝑋𝑐,𝑌𝑐, �̇�𝑐, �̇�𝑐}  (3-1) 

From empirical measurements, the speed of a blob in the state space appears to be 

relatively stable. Due to the likelihood of the target speed increasing and the prediction 
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errors within  𝐾𝐹1 , the dimension of the gate is often larger than the predicted 

movement speed.  

In surveillance videos, where the movement speed is highly dependent on the ratio of 

the target’s size compared to the frame size, this ratio is also taken into account during 

the calculation of the gate. The ratio is comparatively small if the target is below and 

relatively far from the camera. In this case, the movement speed of the target is 

relatively slow and even in the event of a sudden change in speed, the differences are 

quite small. On the other hand, the ratio is larger when the target is in front and 

relatively close to the camera. The target movement speed is much faster and thus it 

makes a significant difference if there is a sudden change in the motion.  

Another interesting case arises when the tracking has failed in the previous frame (in 

this case, the target model remains unchanged); the dimension of the gate is doubled, as 

the target can be seen moving through two frames at once. As the number of 

unsuccessful frame increases, the gate enlarges accordingly until the track is considered 

to be completely lost.  

 

3.4.1.2 CANDIDATE SELECTION 
 

A blob is considered to be within the gate if at least a certain proportion of the blob is 

within the gate. However, the threshold for this proportion varies for normal events and 

occlusion events. In a normal event, as the target is expected to be almost fully within 

the gate, the threshold is set to be quite high. By contrast, in an occlusion event, the 

proportion is set to be much lower, as an occluded blob may include numerous people 

within it and it is unlikely that all those occluded are within the gate. 

To further eliminate the number of possible candidates of the target within the gate, an 

additional examination is carried out on the location (the centroid) of all possible 

candidates that fall within the gate. The locations of the all possible candidates within 

the gate are calculated, based either on direct extraction of the blob (in a normal event) 

or head detection (in an occlusion event). This examination is only enforced if an 
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occlusion event is present to eliminate people that are outside the gate but attached to 

the blob within the gate due to the occlusion.   

 

 
(a)  (b) 

FIGURE 3-4 GATING (RED, SQURE BOUNDING BOX). (A) NORMAL EVENT, (B) OCCLUSION EVENT 

 

A demonstration of the use of these two conditions will be illustrated by Figure 3-4(b). 

There are two blobs involved within the gate (the red square bounding box); the blob on 

the left-hand side includes a lady dressed in black and a man behind her, while the blob 

on the right-hand side includes our target, and two men behind him. Based on the first 

condition, the blob on the left-hand side is excluded from possible candidates as only a 

very small proportion of the blob is within the gate. Based on the second condition, the 

furthest man within the blob on the right-hand side is also excluded as its centroid, 

estimated based on its head location, is outside the gate. By enforcing those two 

conditions, we end up with only two possible candidates for data association. 

  
3.4.2 TARGET DIMENSION PREDICTION 
 

Prediction is also applied to approximate the dimension of the target in the current 

frame. The estimation of the target’s current dimension is a critical process in the 

tracking methodology as it serves two important purposes.  

• Detect occlusion events within the gate as any occlusion taking place will result 

in a much larger blob than the actual size of the target. Therefore, by comparing 

the measured dimension of each blob within the gate with the predicted 

dimension of the target, we can classify the blob as either normal or occluded. 
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•  Construct the candidate model for any possible candidates involved within an 

occlusion event. Since it is impossible to measure the 6 DOF for building a 

candidate model in an occluded blob, the 6 DOF can only be inferred based on 

historical data and predictions. This procedure will be further explained in 3.5.  

 

The prediction is also carried out using the Kalman filter, 𝐾𝐹2. Its measurement space 

consists of the height and width of the target (ℎ ,𝑤 ) represented in frame-based 

coordinates.    

 𝐾𝐹2: 𝑍2 = {ℎ,𝑤};𝑋2 = {ℎ,𝑤, ℎ̇, �̇�}  (3-2) 

Based on human motion studies, the human walking gesture changes periodically, and 

this change can lead to dramatic differences on 𝑤 if the target walks horizontally across 

the scene (see Figure 3-5). Therefore, the periodic prediction mode in the Kalman filter 

is applied to capture the periodic change in 𝑤  in order to deliver more accurate 

predictions. 

 

 
(a)  (b) 

FIGURE 3-5 PEROIDIC MOTION OF HUMAN MOVEMENT 

 

If the blob within the gate is involved in an occlusion event after the target is identified 

within the blob, the true dimension of the target cannot be measured as its body is being 

partially occluded. If no new measurements of the target (ℎ,𝑤) are provided to the 

Kalman filter, 𝐾𝐹2is likely to calculate the same prediction continuously until a new 

measurement is given. Even though both 𝐾𝐹1 and 𝐾𝐹2 are facing the same issue, the 

movement speed of a person is much more stable and constant than the dimension. For 
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example, if the target is moving towards or away from the camera, its dimension (ℎ,𝑤) 

change quite dramatically between frames. Even if the target is moving across the 

frame, the width also changes dramatically through frames due to the periodic motion 

of the walking gesture. The result of such an issue is that by the end of the occlusion, 

the predicted width and height is very likely to be quite different from the current 

measurement, therefore leading to a lost track. To solve this issue, we generate a set of 

human model dimensions for each candidate to be used for building the candidate 

model. The set is created based on adding a small noise factor to the predicted 

dimension (ℎ,𝑤).  

 𝑤𝑖 = 𝑊𝑝 + 𝑁 × 𝑖,−2 ≤ 𝑖 ≤ 2  (3-3) 

 ℎ𝑖 = 𝐻𝑝 + 𝑁 × 𝑖,−2 ≤ 𝑖 ≤ 2  (3-4) 

Where 𝑊𝑝 and 𝐻𝑝 are the predicted dimensions of the target in the current frame, 𝑁 is 

the noise factor and (𝑤𝑖, ℎ𝑖) is each pair of possible dimensions within the set. For each 

possible candidate selected from the gating process, multiple human models with 

different dimensions are constructed.  

 

3.5 OCCLUSION EVENT DETECTION  
 

An occlusion event can be classified as either long-term or short-term. Long-term 

occlusion events could take up hundreds of frames depending on the frame rate, while 

short-term occlusion events can be as fast as a few frames. In our system, the aim is to 

track people in a crowded environment where people pass by each other frequently. 

Therefore, the main assumption for occlusion events in such an environment is that 

people may frequently occlude each other, but the occluded parts are only occluded 

temporarily.  

We categorize the blobs within the gate as either a normal or occlusion event:  

• A normal event represents an un-occluded blob which is likely to be our target. 

There are two criteria used to classify a blob as a normal event.  
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• The first criterion is the comparison of the measured dimension of the blob with 

the predicted dimension of the target 

• The second criterion is the comparison of the blob’s colour histogram with the 

colour histogram of the target. 

Thresholds are used for comparison of both criteria in order to separate normal 

events from occlusion events. A blob is classified as a normal event if and only 

if the blob can satisfy the thresholds for both criteria. In such a case, the blob 

will be treated as possible candidate and a human model is constructed based on 

the 6 DOF measured directly from the blob. 

• An occlusion event represents a large blob that contains multiple objects and 

possibly includes our target. Its measured dimension is significantly larger or 

smaller than the predicted dimension of the target. If the target is among the 

occlusion event, there are two possible states of the target. 

• One possibility is that the target is obstructed completely or partially either by 

other moving objects or elements of the static scene. As a result, the target is 

partially visible and the human model constructed based on the observation of 

the target is partially reliable. 

• The other possibility is that the target is occluding other moving objects or 

elements of the static scene. In this case, the target is completely in front view 

and the human model constructed based on the observation of the target is 

mostly reliable with some noise (due to possible inaccurate separation from the 

rest of the blob).  

In either case, it is impossible to calculate the 6 DOF directly from the blob. The 

solution of this problem is explained in the following section, Head Detection.  

 

3.6 HEAD DETECTION 
 

Head detection is only applied if an occlusion event has taken place. In our tracking 

methodology, one critical assumption is that the head of our target is visible at all times 

during its appearance in the scene. Such an assumption is widely utilized in the tracking 
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literature, such as Wang et al. [2008] and Zhao and Nevatia [2004]. Therefore, we use 

the head as an ‘anchor’ for constructing the human model for each possible candidate 

selected from the gating process. We decided to leave out the concept of depth ordering 

since we found empirically that the use of heads as anchors and some basic assignment 

rules between models and blobs supply equivalent information to depth ordering.  

The head detection is performed based on detecting head regions among the occluded 

blobs using a combination of the appearance and feature model of the head. The 

appearance model is a set of Gaussian mixtures in the XYZ and HSV colour spaces 

which model the colours of hair and skin. It is applied to the occluded blob to detect 

any head pixels. The head region is reinforced by an elliptical shape constraint based on 

the human anatomy to improve detection accuracy and precision. The feature model is 

a set of point features that are invariant to illumination and deformation. The head 

region is detected by matching identical features between the occluded blob and the 

head of the target model. As the appearance and feature models are completely 

independent but complementary to each other, the head detection rate is much higher 

when the two models are applied in parallel compared to applying each solely. As a 

result, it is also possible that a single head could be detected twice and counted as 

separate heads in the final result of head detection. The duplication of the heads is 

likely to cause an issue in the data association process, which is explained in Section 

3.8. 

 
3.6.1 APPEARANCE MODEL 
 

As hair and skin colours only occupy a certain range in the colour space, it is possible 

to model that range and use it to detect the hair and skin regions in any image.  

However, researchers in image processing have not reached a consensus as to which 

colour space is more efficient for representation, thus a combination of the modelling of 

hair and skin colours in two distinctive colour spaces is used to improve the efficiency 

of the modelling. In our case, we have selected to use XYZ colour space together with 

HSV colour space.  
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From analysis of all natural hair colours, it seems that human hair colour is clustered 

around a few basic colour categories, namely black, blond, red and brown. Thus, we 

decided to build a categorical model representing the hair colour based on the four 

categories.  

Skin colour is distributed differently from hair colour and spreads much more 

continuously within a bounded range. Therefore, it is not appropriate to model it in the 

same way as hair colour. Instead, for the modelling of skin colour to be flexible and 

accurate for different environments and/or lighting conditions, skin colour is modelled 

in three categories based on different illumination conditions, namely, bright, standard, 

and dark.  

The appearance model is applied for every pixel within each occluded blob. By 

comparing the pixel value with the appearance model, the likelihood of the pixel being 

either a skin or a hair pixel is calculated. If the likelihood is above a certain threshold, 

the pixel is classified as a head pixel.  After the detection, three smoothing processes 

are applied to the resulting image from the head detector: morphological closure, 

connected-component labelling algorithm and noise filtering. On each of the connected 

components found, a set of ellipses is then fitted in order to find the most appropriate 

ellipse representing the head. The modelling of hair and skin colour, and the 

enforcement of the shape constraints, is explained in detail in Chapter 4. The drawback 

of this head detector is that occluded heads cannot be identified, as the shape modelling 

can only model one head in a connected component. If multiple heads exist in a head 

region, only the top-most head can be located.   

 
3.6.2 FEATURE MODEL 
 

The feature model is constructed based on a set of SURF (Speeded-up Robust Features) 

[Bay et al., 2006]. As the feature model gathers features based on historical data, this 

model can only be used in a tracking algorithm. However, the appearance model and 

shape model can be applied in still images as well as video sequences as the model is 

predefined. 
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The detection of head using the feature model is by calculating SURF within the 

occluded blobs and comparing them against SURF in the model. All matched SURF 

inside the occluded blobs are clustered together and any outliers are removed. The head 

of the target is defined to be cantered in those clustered regions. Again, further 

explanation of this algorithm is carried out in Chapter 4. 

 

3.7 CONSTRUCT THE HUMAN MODEL 
Our human model consists of five body parts: head, left and right torso, and left and 

right legs. The human model has six degrees of freedom (DOF) and it is constructed 

based on six measurements. 

• The position (Xtl, Ytl) 

• The centroid (Xc, Yc) 

• The dimension (w, h) 

According to the study of anthropology, the height of the head is approximately one-

seventh of the height of a human body. Based on the six DOF and the assumption of the 

height of the head, a human body can be split into five body parts. The top one-seventh 

is considered as the head, 𝑌𝑐 is used to separate the torso from the legs, and 𝑋𝑐 is used 

to separate the left-hand side body part from the right-hand side body part. A 

demonstration of the geometrical structure of the human model is shown in Figure 3-6. 

 

FIGURE 3-6 HUMAN MODEL 

𝑋𝑐 ,𝑌𝑐  

𝑤 

ℎ 

𝑋𝑡𝑙 ,𝑌𝑡𝑙 
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Each of the body parts is represented by a set of features and spatial constraints. Such 

features include colour histograms (both a 2-dimensional HS colour histogram and a 3-

dimensional XYZ colour histogram), area, perimeter, the overlapping region image, 

and the movement speed of the body part. The spatial constraints include the position, 

the centroid and size of the body part. 

In a normal event, all measurements can be derived directly from the candidate blob. 

However in occlusion events, as there are multiple objects occluding into one blob, the 

six DOF of the candidate within the occluded blob cannot be measured directly; 

instead, such measurements are inferred by using head detection on the occluded blob 

and predicted dimensions of the target. Detail illustration on how to construct the 

human model is presented in Chapter 5. 

  

3.8 MODEL COMPARISON 
 

In order to identify the human model of the target among a set of candidate models, the 

probability of each candidate model being the target is calculated by comparing it with 

the target model. The candidate model with the highest matching probability is selected 

as the tracked target in the current frame provided its probability is higher than the 

predefined minimal probability.  

 
3.8.1 BEST CANDIDATE MODEL SELECTION 
 

There are three hierarchies to the computation of the matching probability: 

1. For each feature within each body part, compute its probability of being the 

target by comparing it with the corresponding feature of the corresponding body 

part in the target model 

2. For each body part, compute a weighted sum of all the feature probabilities 

3. Compute a weighted sum of all body part probabilities 
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In order to calculate the probability of a feature belonging to the target, we firstly have 

to model how much the selected features of the target vary between frames. The feature 

model is constructed using a Gaussian mixture which models the feature differences 

between consecutive frames for the two classes ‘same object’ and ‘different object’. 

The features are extracted from the ground-truth of the target in several sets of 

surveillance videos in order to obtain an unbiased statistical model of the feature 

variation between frames. The probability of a feature belonging to the target is 

obtained by comparing its difference between the target model and the feature model. 

There are five features representing body parts and the computation of the feature 

differences between the corresponding body part of the candidate model and the target 

model is illustrated in the following (all measurements are body-part-based): 

• Colour histogram: There are two colour histograms used to represent a body 

part; each is in a different colour space. For each colour histogram, its 

difference from the target model is computed using a cross-bin comparison 

method.  

• Area: The difference in area is calculated as the difference in the number of 

foreground pixels between the two models. 

• Perimeter: The difference in perimeter is calculated as the difference in the 

number of contour pixels between the two models. 

• Movement: The movement speed is the displacement in the centroid position of 

the target model compared with the candidate model. 

• Overlapping region: By comparing the foreground image between the two 

models, the overlapping region is defined as the number of pixels that belong to 

the foreground in both models.  

As a ratio can be a much more stable measurement than the actual value, all feature 

differences, except the colour histogram, are calculated as the actual differences divided 

by the feature value of the target model. The computation of the model comparison is 

further explained in Chapter 6.  

There are mainly two thresholds used in model comparison: 
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1. The first threshold is used to determine whether a body part in a candidate 

model is successfully matched with the target model. 

2. The second threshold is used to determine whether the candidate model is 

successfully matched with the target model. There are two sets of values used 

for this threshold; one is applied for the normal event and the other is used for 

the occlusion event.   

 
3.8.2 CANDIDATE MODEL CORRECTION 
 

After the comparison of all candidate models with the target model, the candidate 

model with the highest probability is selected to be the current model of the target if 

and only if it satisfies the second threshold. Beside the selected candidate model, if 

there are other candidate models which have very similar probabilities as the selected 

candidate, we classify them as multiple-responses. The most likely reason for multiple-

responses is that there were ghost candidate models built around the target. These ghost 

candidate models are the result of duplicate head detection (mentioned in Section 3.6.1) 

or inaccurate head detection near the location of the target head. In this situation, it is 

possible that the selected model is not the best-fitting model of the target in the current 

frame but is actually a ghost candidate model due to noise in the target model. To 

ensure that we obtain the best-fitted model of the target, a model correction step is 

performed among all multiple responses. The model correction step is also applied if 

the confidence of the accuracy of the head position of the selected model is low. In 

either case, template matching is used to refine the current position of the target’s head 

and the candidate model is re-constructed based on the new head position.  

 

3.9 MODEL UPDATES 
 

During the update stage of the target model, all the spatial features and body part 

images are updated regardless of the status of the target, either under a normal event or 

occlusion event. To maintain the consistency of the spatial structure of the human 
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model, ratios between different measurements of the spatial structure are used. These 

ratios are always updated in the same manner through a running average: 

• The ratio of target dimension (𝒘,𝒉) compared to the frame dimension 

• The ratio of the height of upper body parts (head and torso) against  the lower 

body parts (legs) 

• The ratio of the width of left-hand side body parts (left torso and left leg) 

against right-hand side body parts (right torso and right leg) 

• The ratio of the width against the height of the target 

To maintain the robustness of the spatial structure, the running average is calculated 

based on a minimal number of historical data of the tracked targets. This minimal 

number of frames to be included in the running average is called the ‘window length’ 

and it varies depending on the stability of the target and the frame rate of the video 

sequence.  

Each body part is updated independently. The features in the body part can be either 

updated completely or partially depending on the match probability of the body part. A 

complete update of the body part is only performed for the body parts with a match 

probability satisfying the first threshold mentioned in Section 3.8.1.   

• Complete update of the body part 

All statistical and spatial features of the body part are updated into the 

corresponding body part in the target model with different weightings. The 

weight for updating each feature is positively related to its reliability and match 

probability with the target model. 

• Partial update of the body part 

Only the spatial feature of the body part is updated in a partial update in order to 

maintain the consistency of the spatial structure of the human model and the 

correctness of the statistical features. A conflict arises in the partial update as 

the centroid can be considered as both a spatial and a statistical feature as the 

movement feature is calculated based on the centroid. Therefore updating the 

centroid in a partial update could increase the possibility of polluting the target 
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model. In this situation, the centroid is updated by adding the average 

movement speed of the body part on it.  

Depending on the length of the occlusion and conditions of the scene, it is likely that 

the target will be lost after it survives an occlusion event. The main cause is the 

inaccurate prediction of missing measurements of the six DOF during the occlusion 

event. As a result, the target model is partially polluted by updating with inaccurate 

models. Therefore, we propose a separate set of update weightings that is only used 

right after an occlusion event to ensure the recovery of the target model from all the 

inaccurate updates during the occlusion event. 

 

3.10 SUMMARY 
 

In this section, we have presented the overall structure and procedures of our proposed 

methodology. The methodology is designed for human tracking in crowded 

environments with occlusions that tend to be: a) repeated and frequent; b) partial, with 

different parts of the individual occluded at different times, and c) provided by different 

occluding elements at different times. Under these assumptions, we proposed a part-

based people tracking approach suitably supporting the various stages of data 

association and tracking by mirroring the occlusion distribution of crowded 

environments. We adopt a simplified articulated human model consisting of five body 

parts with six degrees of freedom to represent the target. Each part is represented by a 

rich set of features. The designed feature set supports correct data association even in 

challenging circumstances by being limitedly variant to pose, deformation and the 

imprecise fitting of the spatial model onto a candidate. During an occlusion event, the 

head is used as an anchor for aligning the human model onto the candidates for 

matching, and for this purpose, we propose a head detection algorithm that is capable of 

handling significantly variable conditions. The tracking of the target is performed by 

comparing the target model with candidate models through a layered data association 

approach. Individual matching probabilities from the body part layer are combined with 
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the whole body matching probability to form a joint probability for the overall 

matching and updating procedures. 

In our methodology, the human model allows us to have correct target association even 

when only a few parts of a target are visible. Moreover, its updating procedure updates 

the model’s parts independently of one another, guaranteeing that the overall model can 

be kept up to date even in the absence of completely un-occluded views for sustained 

periods of time. However this algorithm will break down wherever medium-size 

occlusion events affect most parts (say, 4 out of 5) of the model for a sustained period 

of time. Incorrect data association/correspondence might then occur if the features of 

the occluding object are similar to those of the tracked target.  

In order to clarify each component of our proposed methodology, a general comparison 

between our proposed methodology with a widely adapted tracking method, the particle 

filter, is provided in Table 3-1. 

TABLE 3-1 COMPARISON WITH THE PARTICLE FILTER 

Spatial model Our method Particle filter 
• 5 finite regions 
• adaptable in size 
• in correspondence with 

the human parts 

• N(>5) finite regions  
• often of fixed size 
• not in correspondence 

with the human parts 
Dynamical 
model 

Gating Predict the centroid of the 
human model and gate the 
region for correspondence 

Absent 

Candidate 
creation 

Head detection and 
alignment of model with 
image 

Match the particle with the 
predicted area 

Data 
association 

Global matching from 
parts matching, attempted 
with different sizes of 
human model 

Matching particle by 
particle and normalization 
of the total weight 

Model 
update 

Update each part according 
to match results and body 
part weight 

Histogram update of 
particles according to 
matching results 
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CHAPTER 4                
HEAD DETECTION 

 

This chapter presents the details of a robust head detection algorithm that is capable of 

handling significantly variable conditions in terms of viewpoint (i.e. frontal, profile, 

back view, from -180 degrees to +180 degrees), tilt angle (i.e. from horizontal to aerial), 

scale and resolution. The proposal of such a head detection algorithm is highly 

important to this tracking methodology, as the head acts as an anchor for the 

construction of the human models during an occlusion event.  

In general, head detection plays an important role in a wide range of computer vision 

and multimedia applications. Depending on the type of input images and the 

application, the approaches used for head detection vary significantly. A 

comprehensive literature review on face and head detection is illustrated in Section 2.6. 

Most of those head/face detection algorithms reviewed are targeted for high resolution 

images or videos with the human head occupying the majority space of the frame. 

However as the purpose of the head detection in my methodology is for use as anchors 

in surveillance video, a generalized head detection algorithm is required to accurately 

detect heads that in size, view point and illumination in low resolution frames. 

Therefore face feature detections and other techniques that required high resolution 

cannot be applied here. 

The initial proposed head detection algorithm is an appearance-based detector that 

consists of a set of categorical probabilistic models that represent hair and skin colours 
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in two distinct colour spaces. We train the models for four categories of hair (brown, 

red, blond and black) and three categories of skin representing the different illumination 

conditions (bright, standard and dark). In addition, a shape constraint is applied to fit an 

elliptical model onto the detected skin/hair region and to compare its parameters with 

priors based on human anatomy. The experimental results validate the usability of the 

proposed algorithm in various surveillance videos. However, as detecting the head of 

the target in an occlusion event is crucial to successes of the tracking, we further 

improve the head detection algorithm by adding a feature-based head detector 

component along with the existing appearance-based detector. 

The feature-based head detector is based on the correlation of the SURF extracted from 

the target head with the SURF extracted from the occluded blobs to detect the head 

region within the occluded blobs. The SURF are invariant to illumination changes and 

deformation, however they are highly dependent on the stability of the appearance. 

With a small movement of the head between frames, the SURF extracted in the 

previous frame is likely to be significantly different from the SURF extracted in the 

current frame. Therefore, the appearance-based detector and the feature-based detector 

are complementary to each other. Experiments results have proven that having two 

independent head detectors working in parallel is very effective for detecting target 

heads in most occlusion events. Circle detection based on the Hough transform [Duda 

and Hart, 1972] has also been experimented with, but the results have proven to be 

more disturbing than useful.  

 

4.1 HAIR COLOUR DISTRIBUTION MODEL 
 

The choice of an appropriate colour space is of great importance when the aim is the 

representation and comparison of colour distribution. In image processing terms, an 

object’s colours are influenced mainly by two physical factors, (i) the spectral power 

distribution of the illuminant and (ii) the surface reflectance properties of the object. 

Overall, a variety of colour spaces have been used in object detection, tracking and 

recognition. The RGB colour space is the most widely adopted colour space for 
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representation. However, this colour space is not perceptually uniform and the RGB 

dimensions are highly correlated [Yilmaz et al. 2006]. The XYZ colour space was 

derived from the RGB colour space as a perceptually uniform colour space representing 

colours in a scale similar to the sensitivity of human eyes. In addition, HSV is an 

approximately uniform colour space that has been widely used for colour distribution 

modelling thanks to its separation of luminance and chrominance components. 

However, such colour spaces are reputedly sensitive to noise. Overall, researchers in 

image processing have not reached a consensus as to which colour space is more 

efficient for representation [Yilmaz et al. 2006]. In our approach, we have decided to 

adopt a combination of two distinct colour spaces (XYZ and HSV) in an attempt to 

increase the overall representation accuracy.  

Human hair colours seem to cluster around a few colour categories, namely black, 

blond, brown, and red. Therefore, it is reasonable to approach hair colour modelling by 

constructing a categorical statistical model for hair and training a separate model for 

each category. Our hair colour training dataset consists of manually extracted image 

clips from a range of head images with different illumination conditions collected from 

both the WWW and the colour FERET database 

[http://www.itl.nist.gov/iad/humanid/colorferet/home.html]. Figure 4-1 shows some 

samples from our training set.  

We fit a Probability Density Function (PDF) for each category of hair colour. The PDF 

is estimated using a Gaussian mixture whose parameters are estimated through the 

Expectation Maximization (EM) algorithm [Dempster et al., 1977]. For each mixture, 

the number of components is set manually by examining the histogram of the training 

samples. Experimental observations show that the estimated Gaussian mixture models 

fit head images from various datasets with good accuracy [Zhang et al., 2007].  

 

(a) 

(b) 

(c) 
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(d) 
FIGURE 4-1 EXAMPLE OF HAIR COLOUR TRAINING SAMPLES MANUALLY EXTRACTED FROM A RANGE OF 
HEAD IMAGES : (A) BROWN, (B) RED, (C) BLOND AND (D) BLACK 

 

For a pixel to be labelled as a hair pixel, the likelihood of its colour in the hair 

distribution models must be high. Let us assume that a pixel, 𝑥 , is represented as 

{𝑥𝑋,𝑥𝑌,𝑥𝑍} and {𝑥𝐻, 𝑥𝑆, 𝑥𝑉} in the XYZ and HSV colour spaces, respectively, and that 

𝐻 is a variable representing the hair colour category, 𝐻 ∈ {black, blond, brown, red}. 

The likelihood of 𝑥 given 𝐻 in the XYZ and HSV colour spaces are then estimated as 

follows: 

 𝑝𝑋𝑌𝑍(𝑥|𝐻) = 𝑝(𝑥𝑋|𝐻) ∗ 𝑝(𝑥𝑌|𝐻) ∗ 𝑝(𝑥𝑍|𝐻)  (4-1) 

 𝑝𝐻𝑆𝑉(𝑥|𝐻) = 𝑝(𝑥𝐻|𝐻) ∗ 𝑝(𝑥𝑆|𝐻) ∗ 𝑝(𝑥𝑉|𝐻)  (4-2) 

The right members of Equation (4-1) and Equation (4-2) are a simplification of the joint 

probability assuming statistical independence between colour channels. The combined 

probability of 𝑥 given 𝐺 for the two colour spaces is then estimated as: 

 𝑃ℎ𝑎(𝑥|𝐻) = 𝑤1𝑝𝑋𝑌𝑍(𝑥|𝐻) + 𝑤2𝑝𝐻𝑆𝑉(𝑥|𝐻)  (4-3) 

In an ideal case, 𝑝𝑋𝑌𝑍(𝑥|𝐻) and 𝑝𝐻𝑆𝑉(𝑥|𝐻) should have very similar values; therefore, 

an assumption of independence in Equation (4-3) would be inappropriate and the 

combined probability is instead approximated by a weighted sum criterion.  𝑤1 

represents the weight of the probability of a pixel being hair in XYZ colour space and  

𝑤2 represents the weight of the probability of a pixel being hair in HSV colour space. 

Both weights are chosen experimentally so as to maximize correct hair pixel detection 

over a training set. 

The final probability of pixel 𝑥 being a hair pixel 𝑃ℎ𝑎(𝑥) is estimated as: 

 𝑃ℎ𝑎(𝑥) = 𝑎𝑟𝑔𝐺𝑚𝑎𝑥�𝑃ℎ𝑎(𝑥|𝐻)�  (4-4) 

In Equation (4-4), we deliberately avoid the use of category priors in order to not trade 

off individual accuracy for higher accuracy over the entire population. Eventually, a 

binary decision is made for x based on inequality 𝑃ℎ𝑎(𝑥) > 𝑡ℎℎ𝑎 , where 𝑡ℎℎ𝑎  is a 
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Black X 

threshold determined experimentally. The following figures (Figure 4-2 to Figure 4-5) 

show the PDF modelling of each hair colour category in the XYZ colour space. It is 

clear that the distribution of each hair colour category is uniquely different from the 

others. 

 

 

 
 

FIGURE 4-2 PDF MODEL OF THE BLACK HAIR COLOUR CATEOGRY 
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FIGURE 4-3 PDF MODEL OF THE BROWN HAIR COLOUR CATEGORY 
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FIGURE 4-4 PDF MODEL OF THE BROWN HAIR COLOUR CATEGORY 
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FIGURE 4-5 PDF MODEL OF RED HAIR COLOUR CATEGORY 
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4.2 SKIN COLOUR DISTRIBUTION MODEL 
 

The colour distribution of human skin is spread more continuously in the colour space 

than hair colour distribution. Thus, it is not possible to model skin colour based on 

colour categories. Instead, for the algorithm to be flexible for different environments 

and/or lighting conditions, we model the skin colour in three categories based on 

different illumination conditions, namely, bright, standard, and dark. 

 

(a) 

(b) 

(c) 
FIGURE 4-6 EXAMPLE OF SKIN COLOUR TRAINING SAMPLES MANUALLY EXTRACTED FROM A RANGE OF 
HEAD IMAGES UNDER DIFFERENT ILLUMINATION CONDITIONS: (A) BRIGHT, (B) STANDARD, (C) DARK 

 

Our skin colour training dataset also consists of manually extracted image clips from a 

range of head images with different skin colours and different illumination conditions 

collected from both the WWW and the colour FERET database 

[http://www.itl.nist.gov/iad/humanid/colorferet/home.html]. Figure 4-6 shows samples 

of skin image clips. The categorical modelling of the skin colour distribution by a 

Gaussian mixture was performed in a similar manner to each category of the hair colour 

distribution model. Since the general principle of the categorical skin colour model is 

the same as the hair colour model, the equations for deriving the final probability of a 

pixel 𝑥 being a skin pixel is very similar to those used for hair colour training.  

For a pixel to be labelled as a skin pixel, the likelihood of its colour in the skin 

distribution models must be high. Let us assume that a pixel, 𝑥 , is represented as 

{𝑥𝑋,𝑥𝑌,𝑥𝑍} and {𝑥𝐻, 𝑥𝑆, 𝑥𝑉} in the XYZ and HSV colour spaces, respectively, and that 

𝑆 is a variable representing the skin colour category, 𝑆 ∈ {dark, standard, bright}. The 

likelihood of 𝑥  given 𝑆  in the XYZ and HSV colour spaces are then estimated as 

follows: 
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 𝑝𝑋𝑌𝑍(𝑥|𝑆) = 𝑝(𝑥𝑋|𝑆) ∗ 𝑝(𝑥𝑌|𝑆) ∗ 𝑝(𝑥𝑍|𝑆)  (4-5) 

 𝑝𝐻𝑆𝑉(𝑥|𝑆) = 𝑝(𝑥𝐻|𝑆) ∗ 𝑝(𝑥𝑆|𝑆) ∗ 𝑝(𝑥𝑉|𝑆)  (4-6) 

The right members of Equations (4-5) and (4-6) are a simplification of the joint 

probability assuming statistical independence between colour channels. The combined 

probability of 𝑥 given 𝐺 for the two colour spaces is then estimated as: 

 𝑃ℎ𝑎(𝑥|𝑆) = 𝑤1𝑝𝑋𝑌𝑍(𝑥|𝑆) + 𝑤2𝑝𝐻𝑆𝑉(𝑥|𝑆)  (4-7) 

In an ideal case, 𝑝𝑋𝑌𝑍(𝑥|𝑆) and 𝑝𝐻𝑆𝑉(𝑥|𝑆) should have very similar values; therefore, 

an assumption of independence in Equation (4-7) would be inappropriate and the 

combined probability is instead approximated by a weighted sum criterion. Weights in 

Equation (4-7) are chosen experimentally so as to maximize correct skin pixel detection 

over a training set. The final probability of pixel 𝑥  being a skin pixel 𝑃ℎ𝑎(𝑥)  is 

estimated as: 

 𝑃ℎ𝑎(𝑥) = 𝑎𝑟𝑔𝐺𝑚𝑎𝑥�𝑃ℎ𝑎(𝑥|𝑆)�  (4-8) 

In Equation (4-8), we deliberately avoid the use of category priors in order to not trade 

off individual accuracy for higher accuracy over the entire population. Eventually, a 

binary decision is made for x based on inequality 𝑃ℎ𝑎(𝑥) > 𝑡ℎℎ𝑎 , where 𝑡ℎℎ𝑎  is a 

threshold determined experimentally. Eventually, pixel 𝑥  is labelled as a head pixel 

simply if it is labelled as a hair pixel or a skin pixel. 

Finally, since this head detection method is purely based on colour, the detection 

accuracy is highly dependent upon the difference of illumination conditions between 

the training datasets and the surveillance videos used in practice. In order to increase 

the flexibility of the proposed head detection method, a lighting compensation 

technique (similar to Hsu et al, [2002]) is performed before applying the head colour 

detection to normalize the illuminations of the input frame. 
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4.3 HEAD SHAPE MODELLING AND FITTING 
 

In addition to the colour models, we also impose a shape constraint on the detected 

skin/hair colour regions by modelling the shape of the head in the image plane as an 

ellipse. 

On the set of points returned by the hair and skin detection algorithms, we first apply a 

morphological closure, a connected-component labelling algorithm and noise filtering. 

On each of the 𝑁 connected components found, 𝑂𝑗 , 𝑗 = 1. .𝑁, a set of ellipses are fitted 

in order to find the most appropriate one to model the detected head precisely. There 

are two methods proposed to fit an ellipse on the connected-component resulting from 

hair and skin detection.  

• The first method calculates the size and gradient of an ellipse covering up the 

connected-component (tilted-ellipse fitting).  

• The second method searches the best-fitted ellipse to represent the head region 

by calculating a best fitting ratio of each possible ellipse over the connected 

component (best-fitting ellipse). 

 
4.3.1 TILTED-ELLIPSE FITTING  
 

In this method, the tilted-ellipse is modelled by five parameters (see Figure 4-7) which 

we express as: 

• The centroid of the region, 𝐶 = �𝐶𝑥,𝐶𝑦�  

• The semi-length of the major axis, 𝛼 

• The semi-length of the minor axis, 𝑏 

• The direction of the major axis 𝛼 

𝐶 and 𝛼 can be computed easily by using the first and least second moments of the 

connected-component 𝑂𝑗. We compute the semi-length of the major axis, 𝛼 (see), by 

first detecting the top-most point, 𝑇, and the bottom-most point, 𝐵, intersecting the 

principal axis of inertia, and then choosing the minimum of the two distances from the 

centroid, 𝐶. The calculation of the ellipse is shown in Equation (4-9). 
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 𝑎 = min (‖𝑇 − 𝐶‖, ‖𝐵 − 𝐶‖)  (4-9) 

Similarly, the semi-length of the minor axis, 𝑏, is computed along the line through 𝐶 

normal to the principal axis of inertia. In addition to computing the parameters of the 

five ellipses, we compute an occupancy ratio, 𝑅 , as the fraction of the connected 

component’s pixels that are internal to the ellipses’ boundaries; and moreover, we 

compute certain redundant parameters such as the eccentricity, area, and so on. This 

parameter set is then tested against a set of rules constraining the size, position, 

orientation, and occupancy ratio of the candidate head region to confirm or discard it. 

 

 
(a)  (b) 

FIGURE 4-7 ILLUSTRATION OF THE TILTED-ELLIPSE FITTING PROCEDURE. (A) ORIGINAL IAMGE AND (B) 
RESULT OF THE HEAD DETECTION PROCEDURE 

 

The major drawback for this method is that for people with long hair, the entire hair 

region is classified as the head region, so in this case the ellipse will be either very large 

or incorrectly fitted. Nevertheless, the main purpose is to find the location of the head 

in the image and how much the head is tilted is not of great importance in surveillance 

videos, as the target head is most likely to be straight up when the target walks through 

the scene. 

 
4.3.2 BEST-FITTING ELLIPSE 

C
 
 

  

a 

b 
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In this method, the best-fitting ellipse for the connected-component 𝑂𝑗  is found by 

calculating the best fitting ratio 𝑟(𝑎), which is defined as the occupancy of the ellipse 

over 𝑂𝑗, multiplies the proportion of the ellipse’s region compared to the 𝑂𝑗’s region. 

By trying different size ellipses, the ellipse that maximizes 𝑟(𝑎) is selected as the best-

fit-ellipse of the connected component. This ellipse is then tested against a set of rules 

constraining the position and occupancy ratio of the candidate head region to confirm 

or discard it. The best fitting ratio 𝑟(𝑎) is defined as follows: 

 𝑟(𝑎) = 𝑚𝑎𝑥 � 𝐻
𝐸(𝑎)
1 ∗

𝐸(𝑎)
2

𝐵
�   (4-10) 

where  0.65𝐼0 ≤ (𝑎 = 0.65𝐼0 + 𝑖) ≤ 1.35𝐼0, 𝑖 = 1,2, … 

In the Equation (4-10): 

• 𝑎 is the major axis of the ellipse, which is assumed to be always vertical with no 

tilt as this speeds up the localization of the best-fit-ellipse of the connected 

component. This assumption does not cause degradation in performance. 

• I𝟎 (a constant) is the approximation of length (in pixels) of the major axis of the 

ellipse that best fits the head in the image. 

• 𝐻 is the number of skin/hair pixels within the ellipse. 

• E(𝒂)
𝟏  is the area of the ellipse. 

• E(𝒂)
𝟐  is the size of the best-fit-rectangle of the ellipse. 

• 𝐵 is the size of the best-fit-rectangle of the connected component.  

The fitting of all the possible ellipses are initially at the top-most position on the head, 

𝑇. 𝐶 is the centroid of the largest ellipse fitting onto the connected component. The 

operation of the algorithm for finding the best fitting ellipse is illustrated in Figure 

4-8(b). The red ellipse is the starting ellipse, the blue ellipse is the ending ellipse, and 

the green ellipse is the best-fit ellipse.  

 



75 

 

 
(a)  (b) 

FIGURE 4-8 ILLUSTRATION OF THE HEAD SHAPE MODELLING AND FITTING PROCEDURE. (A) RESULT OF 
HEAD DETECTION; (B) FITTING PROCEDURE  

 

4.4 HEAD DETECTION EXPERIMENTS  
 

In this section, we present the experimental results of the appearance-based head 

detection on a variety of different image sets and video sets. We separate the 

experiment into two stages of increasing difficulty.  

• During the easy stage, the head detector is experimented with based on a set of 

high resolution head images gathered from the WWW and a face image 

database. As the quality of this set of head images is ideal for face/head 

detection based on colours, we have achieved a high detection rate in this stage. 

The analysis of the easy stage of the experiment is presented in Section 4.4.1. 

• To further prove the usability of the appearance-based head detector in 

surveillance videos, we use two surveillance videos for testing our head detector 

during the difficult stage. As the purpose of our head detector is to identify 

heads within an occlusion event, both video sets are segmented to remove the 

background. The resolution of the frames within the video sets are much lower 

compared to the head images used in the easy stages; in addition, the second 

video set also abnormal illumination condition. As the difficulty level in this 

stage is significantly higher than the first stage, the detection rate has dropped, 

as expected, and the false alarm rate has increased to some degree. 

T 

C 
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Nevertheless, the detection rate is still acceptable for application in our 

methodology.   

 
4.4.1 GENERAL HEAD IMAGES 
 

We tested our head detection algorithm on a large variety of still image databases 

acquired under significantly variable conditions in terms of viewpoint, tilt angle, scale 

and resolution as follows: 

1.  An independent set of 64 images obtained from the WWW,  

2. An independent set of 25 images obtained from our laboratory ,  

3. 50 images from the  ‘Colour FERET’ database 

[http://www.itl.nist.gov/iad/humanid/colorferet/home.html] 

We obtained a 100% detection rate and 0% false alarm rate for the detection of actual 

heads in the aforementioned datasets. A qualitative assessment of our method is 

provided in Figure 4-9 and Figure 4-10. Overall, the method displays excellent 

accuracy in the detection of heads in still image.  
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FIGURE 4-9 RESULTS OF THE HEAD DETECTOR APPLIED ON IMAGES FROM THE WWW 
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FIGURE 4-10 RESULTS OF THE HEAD DETECTOR APPLIED ON IAMGES FROM THE FERET DATASET 

 

In addition to the detection rate on the head image set, a pixel-level measurement is 

provided which illustrates the accuracy for the proposed head detector both before and 

after applying the spatial constraints. To this aim, we select 15 head images from the 

original head image sets. For each image, the head region is manually extracted based 

on the ground truth of the image. The extracted head region is compared with the 

region obtained from the tilted-ellipse fitting method. The detection rate is defined as 

the number of correctly labelled head pixels compared with the number of ground-truth 

head pixels. The false alarm rate is calculated as the number of incorrectly labelled non-

head pixels compared with the number of ground-truth head pixels. The comparison 

results are presented in Table 4-1. Overall, the results confirm the accuracy of the 
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appearance-based detector and the appropriateness of the spatial and topological 

process. 

 
TABLE 4-1 ACCURACY AND FALSE ALRAM RATE ON PIXEL-LEVEL AVERAGED OVER 15 IMAGES: MANUAL 
EXTRACTION VS THE PROPOSED ALGORITHM 

 
Without  
morphology 

With  
morphology 

With shape  
constraints 

Detection rate 44% 68% 72% 
False alarm rate 14% 12% 5% 

 

4.4.2 VIDEO SURVEILLANCE DATASETS 
 

As the main goal of the proposed head detection algorithm is to assist human tracking 

in realistic environments and scenarios, experiments were carried out to evaluate the 

proposed head detector in two different settings:  

• Laboratory experiment, aims to compare the laboratory environment versus the 

surveillance environment. We used AVSS 2007 multiple faces dataset for lab 

settings [http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html], and 

AVSS 2007 abandoned baggage scenario dataset for surveillance environment 

[http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html].  

• Surveillance video experiment, aims to compare the proposed head detector and 

the face detection algorithm provided by OpenCV on a variety of video 

sequences from ETISEO datasets [http://www-sop.inria.fr/orion/ETISEO/] and 

AVSS 2007 abandoned baggage scenario dataset for surveillance settings 

[http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html]. 

To analyse the experimental results, we have defined several detection accuracy 

measurements. The accuracy or hit rate (HR) is calculated as the number of correctly 

detected heads divided by the number of actually present heads. We define the false 

alarm rate (FAR) as the number of incorrectly detected heads divided by the total 

number of detected heads. In addition, we analyse the reasons why the proposed head-

detection method may fail: changes of illumination, occlusions, heads that are very 
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close to each other (adjacent heads) and colour similarity (many non-objects can have 

similar colours to the hair colour categories). 

 

4.4.2.1 LABORATORY EXPERIMENT 
 

The AVSS laboratory video contains four targets repeatedly occluding each other while 

appearing and disappearing from the field of view of the camera (see Figure 4-11). The 

AVSS surveillance video was taken from a subway platform and was initially created 

for event detection in CCTV footage (see Figure 4-12). Foreground extraction was 

applied to both videos prior to the head detection procedure.  
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FIGURE 4-11 LAB ENVIRONMENT: RESULTS ON MANUALLY SEGMENTED AVSS 2007 SEQUENCES 
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FIGURE 4-12 SURVEILLANCE ENVIRONMENT: RESULTS ON SURVEILLANCE VIDEO SEQUENCES TAKEN 
FROM AVSS 2007 DATASET 

 

For the Laboratory experiment, the overall experimental results are presented in Table 

4-2, and the analysis of the false alarm rate (FAR) and miss detection under different 

reasons are shown in Table 4-3. As presented in the table, the result of Exp. 1 performs 

much better than Exp. 2. The reason is that Exp.1 is carried out in a laboratory 

environment where the image resolution, size of the head, and illumination are much 

better than in Exp.2 where is carried out using surveillance videos. We observe that 

100% of the false detection cases are due to some foreground regions having similar 
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colours to either skin or hair colour (the black hair category). Miss detection, contrast, 

is mainly caused by adjacent heads and/or head occlusions. At times, miss detection is 

encountered due to a combination of reasons such as colour similarity and adjacent 

heads. Table 4-3 reveals that in a surveillance video, it is unlikely that occurrences of 

head occlusions as well as adjacent heads will be found, but illumination plays an 

important role.   

 
TABLE 4-2 HIT RATE (HR) AND FALSE ALARM RATE (FAR) FOR BOTH EXPERIMENTS 

 Exp.1 Exp.2 
No. of frames 252 379 
Ground truth (total no. of heads) 778 803 
Total no. of detected heads 684 354 
Total no. of falsely detected heads  15 613 
Average HR 79% 44% 
Average FAR 2% 78% 

 

TABLE 4-3 ANALYSIS OF FALSE ALARM RATE (FAR) AND MISS DETECTION UNDER DIFFERENT REASONS 

Reasons 
FAR Miss detection 

Exp 1 Exp 2 Exp 1 Exp 2 
Illumination 0% 57% 10% 100% 
Occlusion 0% 0% 47% 0% 
Adjacent heads 0% 0% 38% 0% 
Colour similarity 100% 43% 5% 0% 

 

4.4.2.2 SURVEILLANCE VIDEO EXPERIMENT 
 

The surveillance video experiment is used to demonstrate the differences between the 

performance of our head detector and the OpenCV face detector in surveillance videos. 

We use several video sequences from AVSS 2007 abandoned baggage scenario dataset 

[http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html] and ETISEO datasets 

[http://www-sop.inria.fr/orion/ETISEO/]. The results of our head detector in these 

video sequences are illustrated in Figure 4-12 and Figure 4-13. 
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FIGURE 4-13 SURVEILLANCE ENVIRONMENT: RESULTS ON SURVEILLANCE VIDEO SEQUENCES TAKEN 
FROM ETISEO DATASET 

 

It is clearly shown in Table 4-4 that using a face detector for surveillance videos is 

inappropriate as it cannot detect any heads due to low resolution and abnormal 

illumination. This in turn demonstrates the need to use a head detector targeted for such 

environments. Despite the detection rate being not very high, the proposed algorithm is 

still perfectly suitable for video surveillance applications. It can be efficiently used as 

an anchor for model-based human tracking that can tolerate frequent occlusions. The 

false alarm rate can also be significantly eliminated using spatial and temporal 

constraints such as a head location constraint, or various motion features. However, 
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enforcing those constraints is only possible if the previous history and the prediction of 

the head of all tracking targets in the current frame are available. 

 
TABLE 4-4 COMPARISON BETWEEN OUR ALGORITHM (OUR) AND THE STANDARD FACE DETECTION 
ALGORITHM (STD) 

Dataset Frame 
HR FAR 

Our Std Our Std 
AVSS multiple face 252 79% 83% 2% 12% 
AVSS surveillance 379 45% 0% 70% 0% 
ETISEO corridor 1240 70% 0% 50% 0% 
ETISEO footpath 1122 62% 0% 25% 0% 

 
 

4.5 FURTHER IMPROVEMENT 
 

As the rate of the head detection is directly proportional to the tracking accuracy of the 

human tracker, it is best if we can obtain close to a 100% detection rate. To achieve this 

goal, we have adjusted the current appearance-based head detector in two ways: 

• Use multivariate Gaussian mixtures (MGM) for the modelling of the hair and 

skin colour. The hair and skin colours in each of the XYZ and HSV colour 

space can be much better captured and represented by a 3D multivariate 

Gaussian model than three separate single dimension Gaussian mixture models 

for each colour channel. Also as fewer PDF are created for the representation of 

the hair and skin colour, the number of thresholds to be tuned for the 

classification of head pixels is decreased dramatically. The re-modelling of the 

colour models is explained in detail in Section 4.5.1. 

• Beside the appearance-based detector, a feature-based detector is added to the 

head detection module to further increase the detection rate. The feature model 

is a set of point features that are invariant to illumination and deformation. The 

head region is detected by correlating features extracted in the occluded blob 

and features extracted from the target head of the target model. The appearance 

model and the feature model are independent of each other while being 
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complementary to each other. Therefore, the union of the two models can 

significantly improve the detection rate of heads within the blob. 

 
 
4.5.1 COLOUR MODELLING BASED ON MGM 
 

The original modelling of the skin and hair colour distribution seeks to model the 

colour distribution in each channel of the HSV and XYZ colour space with one-

dimensional Gaussian mixtures. This modelling has weakened the boundaries of hair 

and skin colour distributions with other colours. Therefore, we modified the colour 

modelling with a multivariate Gaussian mixture for the representation of the skin and 

colour hair in each of the HSV and XYZ colour spaces respectively. Another advantage 

of using MGM to model the skin and hair colour is that there are fewer parameters and 

thresholds to be tuned for the detection of the head pixels. As a result, the appearance 

model can be quickly adapted to different environments with various illumination 

conditions. 

  
4.5.2 HEAD DETECTION BASED ON SURF FEATURES 
 

The introduction of the feature template is to overcome the major weakness in the 

appearance model, which is the high dependency upon the illumination conditions of 

the input images. Therefore, we have selected features that are invariant to illumination 

changes for the feature template. Even though the feature template seems more reliable 

than the appearance template, it has its own weakness, which is the high dependency on 

the stability of the appearance of the target head between consecutive frames. That is, it 

is very unlikely that any feature correlation can be established if there is a sharp turning 

of the target head between consecutive frames. In this case, the appearance model has 

the advantage of colour detection, as no matter the view point of the head, the colours 

of the skin and hair are likely to remain the same. Therefore, we propose a hybrid 

methodology of the appearance model and the feature template to take advantage of 

their complementary properties. 
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By analysing different features that can be extracted from a head, we have decided to 

use the Speeded Up Robust Features (SURF) for the feature template. The SURF 

features are local and based on the appearance of the object at particular interest points, 

which are highly distinctive and invariant to image scale and rotation and robust to all 

those possible changes to an image. It was first presented by Bay et al., [2006] and was 

partly inspired by the Scale-invariant feature transform (SIFT) descriptor. SIFT is an 

algorithm in computer vision to detect and describe local features in images. The 

algorithm was published by Lowe et al. [2004]. We choose SURF over SIFT as the 

standard version of SURF is several times faster than SIFT and, as claimed by its 

authors, it is more robust against different image transformations than SIFT.

The initial feature template is created by extracting SURF features from the head of the 

initial target model of the target. The template is updated with the most current SURF 

features each time the target model is updated. During occlusion events, SURF features 

are extracted from the occluded blobs and matched against the feature template of the 

head. If correspondent features are found, the locations of the SURF feature in the 

occluded blob are analysed. The analysis is based on the distribution of the SURF 

features within the occluded blob. Each position of the correspondent SURF feature is 

converted to linear distance to the left-corner of the occluded blob and sorted in 

ascending order. By analysing the distribution of the sets of distances, it is quite easy to 

locate the mean and remove the outliers based on the assumption that the number of 

outliers is very limited and the correct correspondent SURF features are all clustered 

closely together. After all outliers are removed, the region where all correspondent 

SURF features are clustered is the region of the head. From experimental results, it can 

be seen that the feature template head tracking is efficient and accurate for finding the 

correct head with no false alarms; however, its performance is limited to the 

precondition that there are only slightly variations in the orientation of the head 

between consecutive frames. 

  

 

 

 

http://en.wikipedia.org/wiki/Scale-invariant_feature_transform�
http://en.wikipedia.org/wiki/Computer_vision�
http://en.wikipedia.org/wiki/David_Lowe_(computer_scientist)�
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4.6 SUMMARY 
 

We have presented a novel and efficient algorithm for human head detection in colour 

images suitable for surveillance videos for tracking purpose. This method is able to 

achieve good accuracy for all possible head orientations under various illumination 

conditions. The head detection module consists of two separate head detectors: one is 

an appearance-based detector and the other is a feature-based detector. Both detectors 

have their own strengths and weaknesses. Therefore, by applying the two detectors in 

parallel, they can complement each other and achieve a much higher detection rate. 

For the appearance-based detector, we constructed and trained probability models for 

four categories of hair colour (brown, red, blond and black) and three categories of skin 

colour representing the different illumination conditions (bright, standard and dark). 

The appearance model is presented by a set of Gaussian mixtures in the XYZ and HSV 

colour spaces. The shape constraint fits an elliptical model to the detected head regions 

and compares its parameters with priors based on human anatomy. Currently, the 

appearance-based detector can achieve a hit rate of 45-79% across video sets with 

different difficulties. This hit rate can allow a tracker to detect the head of a tracked 

person every second or third frame. This is sufficient to maintain the target's model up 

to date and disambiguate even challenging data association. The false alarm rate is 

remarkably high, with a maximum of 70% in one scenario. However, such extra 

matches do not compromise the application since they can be pruned in the following 

stage of model-observation comparison. One drawback of the appearance-based 

detector is that many non-head objects may have similar colours to the hair colour 

categories, such as dark clothes and wooden objects. However, as the main goal of the 

head detector is to assist human tracking in realistic environments and scenarios for 

visual surveillance applications, many of the detected background objects can be 

removed relatively easily by using an appropriate background subtraction technique, or 

other temporal constraints.  

In order to further increase the detection rate of the head detection algorithm, we have 

improved the existing algorithm in two aspects. Firstly, we have re-modelled the skin 

and hair colour models with MGM, which can better capture and represent the 
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distribution of the skin and hair colour. The second modification is the introduction of 

SURF features for head detection in conjunction with the colour models. The 

effectiveness of the modifications will be shown in Chapter 7 as the proposed 

methodology is able to detect and track the target through the large majority of 

occlusion events.   
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CHAPTER 5                                 
HUMAN MODEL 

In this tracking methodology, we designed a human model based on five independent 

body parts: head, left and right torso, and left and right legs. The geometrical 

construction of the model has an overall rectangular shape and a total of six degrees of 

freedom (DOF) in the image plane. The six parameters which are used to construct a 

human model are the top left point of the target, (𝑋𝑡𝑙,𝑌𝑡𝑙) ; the target’s centroid, 

(𝑋𝑐,𝑌𝑐); and the width, 𝑤 and the height, ℎ of the target. In addition to the six DOF, an 

assumption regarding the head height is addressed such that the head always occupies a 

fixed percentage of h from the top of the human body. Based on the six DOF and the 

assumption of the head’s height, a human body can be split into five body parts. Each 

body part is represented by a set of features and spatial constraints. Those features 

includes a colour histogram (both a 2-dimensional HS colour histogram and a 3-

dimensional XYZ colour histogram), area, perimeter, overlapping region between the 

candidate and the target, and the movement speed of the body part. The spatial 

constraints include the position, the centroid and size of the body part.  

In the case of normal events, all measurements can be derived directly from the blobs 

within the gate. However in occlusion events, where there are multiple objects 

occluding within a blob, it is not possible to directly derive the six DOF for any of the 

occluded objects. Instead of measuring the six DOF, we apply head detection on the 

occluded blob to detect all object locations and use predicted dimensions of the target 

for constructing the human model. 
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5.1 MODEL SELECTION 
 

In the literature for tracking humans, a human body can be represented by both its 

shape and appearance [Yilmaz et al. 2006]. Depending on the applications and 

underlying assumptions of the tracking methodology, the representation of the human 

body can vary significantly. A number of the most popular representations of the 

human model are listed as follows (a graphical demonstration of the different human 

model representations is shown in Figure 5-1): 

• Centroid. The human body is represented by a point, that is, the geometrical 

centre of the body. This is one of the simplest representations of the human 

model. In general, the point representation is suitable for tracking humans that 

walk in a straight trajectory without any occlusion events. 

• Elliptical bounding box.  The human body is represented by an elliptical shape. 

Within the bounding box, the regions can be modelled as a set of 

representations, such as colour models, motions, and texture models.  As the 

representation of the human model is bounded to a fix shape, it is most suitable 

to use for tracking humans in scenarios with minor and short occlusion events 

and limited deformation of the human body. During challenging occlusion 

events, as the majority of the human model is being blocked by the occluding 

objects, it is unlikely that the data association can be performed successfully on 

the target. 

• Rectangular bounding box.  The shape of the human body is represented by a 

rectangle. This representation is very similar to the elliptical representation. The 

major difference between these two representations is that the rectangular shape 

tends to include some background pixels in the model while the elliptical shape 

tends to exclude some of the foreground pixels of the human body.    

• Articulated human model. Articulated human models are composed of body 

parts that are held together with joints. For example, the human body is an 

articulated object with head, torso, arms, hands, feet and legs connected by 

joints. The degree of complexity of the articulation is dependent on the 

application of the human model. In order to represent the articulated body, one 
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can model the constituent parts using either cylinders (in 3D representation) or 

ellipses (in 2D representation). Articulated human models are widely applied in 

the field of the human behaviour analysis, human motion analysis and human 

action simulation. However in the field of tracking humans for surveillance 

videos, it is very unlikely that a fully articulated human model would be 

employed for the representation of the target due to the high computational cost 

and low quality image of the human body. 

• Feature points. The human body is represented by a set of feature points, such 

as corners, SIFT points, or other points of interest. These points are likely to be 

either invariant to illumination changes or invariant to deformation. Similar to 

the centroid representation, the feature points are unlikely to survive the 

tracking of a human body under occlusions. 

• Object contour. The contour representation defines the boundary of an object. It 

is mostly applied for tracking non-rigid objects such as humans. Depending on 

the specific scenario, object contour representation can allow successful 

tracking of the human object through simple occlusion events.  

By analysing the advantages and disadvantages of different representations of the 

human body, we believe none of the representations are suitable for tracking humans 

that undergo frequent and continuous occlusions for the reasons explained in above 

section. Therefore, we have proposed a partial articulated human model consisting of 

five body parts. During occlusion events, the articulation of the body allows the correct 

data association to be performed on body parts which are not under occlusion and still 

give an overall matching of the target model.  
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 (a) (b) (c) 
 

 
 (d) (e) (f) 

FIGURE 5-1 VARIOUS HUMAN MODEL REPRESENTATIONS. (A) CENTROID, (B) ELLIPTICAL BOUNDING BOX, 
(C) RECTANGULAR BOUNDING BOX, (D) ARTICULATED MODEL, (E) FEATURE POINTS, (F) BODY CONTOUR 

 

5.2 GEOMETRICAL CONSTRUCTION 
 

The geometrical construction of the human model is the splitting of the human body 

into five body parts based on the six DOF, which are: 

• The position of the model (𝑥𝑡𝑙 ,𝑦𝑡𝑙)  

• The centroid of the model (𝑥𝑐,𝑦𝑐) 

• The dimension of the model (𝑤,ℎ) 
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From the study of somatology, we assume that the head’s height is approximately one-

seventh of the height of a human body. Based on the six DOF and the assumption of the 

head’s height, the spatial human model can be constructed as such: (𝑋𝑡𝑙,𝑌𝑡𝑙) aligns the 

model on the observation in the current frame; (𝑤,ℎ) defines the dimension of the 

model; and with the top part considered as the head, (𝑋𝑐,𝑌𝑐) symmetrically splits the 

remaining body into four parts with similar width. As illustrated in Figure 5-2Error! 

Reference source not found., the torso and two arms are split into two body parts, 

with each including an arm and half a torso. We decided to construct the model in this 

way as the torso component provides some desirable stability to the part model which 

compensates for the instability of the arms. 

 
FIGURE 5-2 HUMAN MODEL 

 

If the candidate blob is un-occluded, the six DOF are measured directly from 

observation: the top left point, (𝑋𝑡𝑙,𝑌𝑡𝑙) is measured as the top left location of the blob; 

the blob’s centroid, (𝑋𝑐,𝑌𝑐) is calculated as the geometric centre of the blob; and the 

width, 𝑤 and the height ℎ, are measured directly as the dimension of the blob. However 

if the candidate blob is under occlusions, it is not possible to directly measure the six 

DOF for candidates within the blob. In this case, the six DOF for each candidate are 

estimated based on the results of head detection and spatial dimensions of the target 

model in past frames. The estimation approach is dependent upon two underlying 

assumptions: 

𝑿𝒄,𝒀𝒄 

𝒘 

𝒉 

𝑿𝒕𝒍,𝒀𝒕𝒍 
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• The centroid, (𝑋𝑐,𝑌𝑐), lays vertically underneath the top of the head by a certain 

distance. That is, the x-coordinate of the centroid, 𝑋𝑐 , is set to be the same 

position as the x-coordinate of the top of the head. 

• The location of the centroid is rather stable within the human body despite its 

deformations.  

We use two ratios, 𝛼 and 𝛽, to illustrate the stability of (𝑋𝑐,𝑌𝑐) with the target model 

respectively. To maintain the stability of the ratios throughout the trajectory of the 

target, both ratios are updated using running averages. The equation of running average 

or moving average is provided in Equation (5-1). 

 𝒔𝒊 = 𝟏
𝒏
∑ 𝒂𝒋𝒊+𝒏−𝟏
𝒋=𝒊  (5-1) 

Where {𝑎𝑖}𝑖=1𝑁  is a sequence and 𝑎𝑗 is the new object added to the sequence. 

The ratio calculation and updating are performed each time the target is tracked and the 

model is updated. Ratio 𝛼 represents the ratio of the width of the left-hand side body 

parts compared with the width of the right-hand side body parts, see Equation (5-2). 

 𝜶 = (𝑿𝒄−𝑿𝒕𝒍)
(𝒘−𝑿𝒄)

 (5-2) 

Ratio 𝛽 represents the ratio of the height of the torso compared with the height of the 

leg, see Equation (5-3). 

 𝜷 =
(𝒀𝒄−

𝟏
𝟕𝒉)

(𝒉−(𝒀𝒄−𝒀𝒕𝒍))
  (5-3) 

By applying head detection on the occluded candidate blob, the top-positions of all 

heads that are detected within the blob are provided. A candidate model is constructed 

positioned upon each head position. The six DOF can be calculated as the following: 

• (𝑤,ℎ) is estimated based on the Kalman filter prediction of the dimension of the 

target. 

• 𝑋𝑐 is easily inferred based on the first assumption; 𝑌𝑐 is estimated based on the 

top-position of the head, the estimated height, ℎ, and the ratio 𝛽. 
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• 𝑋𝑡𝑙 is estimated based on the centroid, 𝑋𝑐, the estimated width, 𝑤, and ratio 𝛼. 

𝑌𝑡𝑙 is set to be the same as the top-position of the head. 

 

5.3 FEATURE SET 
 

There are many features that can potentially contribute to obtain an effective tracking 

and data association algorithm and the choice amongst them is essentially empirical. In 

our case, we aim to select features that are relatively invariant to pose and deformation, 

and also to imprecise fitting of the spatial degrees of freedom of the model. They 

should also be lightweight to extract and compare for computational reasons. Such 

requirements tend to exclude appearance templates as their cross-correlation is very 

sensitive to alignment and computationally heavy.  

We note that all the above features enjoy limited variance to small pose changes, 

deformations, imprecision in fitting of the spatial model, and light occlusions. On the 

other hand, major occlusions will cause significant changes to their values. Therefore, 

the chosen feature set, {𝑓𝑖}, 𝑖 = 1 …𝑀,𝑀 = 5, promises a good choice towards correct 

data association. 

 
5.3.1 POSSIBLE FEATURES 
 

There are a number of features that can be used to represent a region. In the context of 

human tracking, we gather a set of features that could be suitable for representing the 

body part: 

• Area 

The area of a body part is measured by counting the actual number of 

foreground pixels in the region. As we assume that the total mass of the human 

body remains relative constant across frames and the centroid position remains 

stable within the human body, this feature can be seen as invariant to both 

illumination changes and body part deformations. Depending on the level of 
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occlusions, the feature can be either stable during occlusion events or fluctuate 

significantly due to the major occupancy of the occluding regions within the 

body part.  

• Perimeter 

The perimeter of a body part is the length of its region contour measured in 

pixel level. This feature performs similarly to the area feature as it is also 

invariant to both illumination changes and body part deformations in most 

scenarios.  

• Motion displacement 

The motion displacement is calculated as the direct displacement between the 

centroid of the same body part between consecutive frames. The centroid of the 

body part is computed as the geometrical centre of the body part region. This 

feature is also invariant to both illumination changes and body part 

deformations. However if the body part is occluded, depending on the degree of 

the occlusion, the centroid may change significantly resulting in an unreliable 

measurement. 

• Principal axis of inertia 

The moment of inertia, also called mass moment of inertia, is the rotational 

analog of mass, that is, the inertia of a rigid rotating body with respect to its 

rotation. This feature is invariant to illumination changes; however depending 

on the motion of the body part, it may not be completely invariant to the 

deformation of the body part. This feature is expected to be vulnerable to any 

degree of occlusion as the occluding regions within the body part region can 

result in a dramatic change of the moment of inertia. 

• Colour histogram 

Appearance of the body part can be described by the colour histogram of the 

body part in both HSV and XYZ colour spaces. A colour histogram is the most 

popular feature used to represent a region, especially in non-rigid objects such 

as the human body, as it is the most distinctive feature to represent a region and 
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is invariant to any deformation of that region. However, the colour histogram is 

very vulnerable to illumination changes between consecutive frames and major 

occlusion events.  

• Overlapping region 

Despite deformations, we expect the same body part of the target to show 

significant overlap between consecutive frames. The overlapping region is 

firstly obtained based on the silhouette of the body part and it is updated as a 

running average of the body part’s historical silhouettes. Similar to other 

features, the overlapping region is expected to be reliable during minor 

occlusion but likely to fail during major occlusions. 

• Optical flow 

The optical flow is the velocity field which warps one image into another 

(usually very similar) image. It attempts to calculate the motion between the 

corresponding body parts in consecutive frames at every pixel position. It 

includes both the direction and speed information of the motion in the body 

part. However as the body part is a deformable object with limbs moving 

towards different directions, the overall optical flow vectors are expected to be 

noisy and unreliable.  

• Shape/contour  

Similar to the overlapping region, which uses the silhouette of the body part, 

this feature only uses the contour or edgelet points. Depending on the possible 

deformation of each body part and the frame rate of the video sequences, the 

performance of the shape/contour can vary significantly. This feature is also 

expected to be unreliable during occlusion events. 

• Invariant points 

Invariant points are interesting points on the object that can be extracted to 

provide a ‘feature’ description of the object. This description extracted from a 

body part image from the previous frame can be used to identify the same body 

part when attempting to locate the body part. Such points are normally robust to 
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changes in illumination, image scale, local geometric distortion and noise. SIFT 

and SURF features are excellence examples of invariant points. However, these 

points are usually weak against shape changes in the orientation of the body part 

or occlusions. 

• Appearance template 

Templates are usually formed using simple geometric shapes or silhouettes. An 

advantage of a template is that it carries both spatial and appearance 

information. Templates, however, only encode the object appearance generated 

from a single view. Thus, they are only suitable for tracking objects whose 

poses do not vary considerably during the course of tracking. 

 
5.3.2 FEATURE SELECTION 
 

As it is essential for the feature set to be invariant to both illumination changes and 

deformation of the body part, we need a close monitor of how each feature varies under 

different scenarios in order to make the final selection. For this purpose, we have 

constructed an experiment which compares the features calculated for the target model 

between consecutive frames. The target model is built based on the ground truth 

measurements. The comparison of each feature across frames is performed by 

measuring the differences of the feature between the body parts of the target model in 

the current frame with corresponding body parts in the previous frame. The comparison 

differences are only calculated between non-occluded body parts to provide a clear 

illustration of the stability of each feature under normal situations. The experiments are 

carried out with several sequences from difference video sets to provide a rich variety 

of scenarios for the comparison. The differences for each feature are collected and 

plotted in a graph. If the graph shows a linear trend with minimal fluctuation and a 

minimal number of outliers, then that feature is proven to be invariant to all variations 

in the human body.  

After the analysis of each of the features listed in Section 5.3.1, we selected five 

features to be used for the representation of the body part. The feature set includes a 

colour histogram (both in HSV and XYZ colour space), area, perimeter, displacement, 
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and overlapping regions. From Figure 5-3 to Figure 5-6, it is clearly shown that the 

selected features satisfy the selection criteria.  

 

 

 
FIGURE 5-3 COLOUR HISTOGRAM COMPARISON DIFFERENCE BETWEEN OBSERVATION WITH STATE 

 

 
FIGURE 5-4 AREA COMPARISON DIFFERENCE BETWEEN OBSERVATION WITH STATE 

 

 
FIGURE 5-5 PERIMETER COMPARISON DIFFERENCE BETWEEN OBSERVATION WITH STATE 
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FIGURE 5-6 DISPLACEMENT COMPARISON DIFFERENCE BETWEEN OBSERVATION WITH STATE 

 
FIGURE 5-7 OVERLAPPING REGIONS COMPARISON DIFFERENCE BETWEEN OBSERVATION WITH STATE 

5.4 SUMMARY 
 

After analysing various options for representing the human body, we have designed a 

partially articulated human model based on five independent body parts: head, left and 

right torso, and left and right legs. The spatial model has an overall rectangular shape 

and a total of six degrees of freedom (DOF) in the image plane. In addition to the six 

DOF, we assume that the head always occupies a fixed percentage of the height of the 

target human body. After splitting the human body into five body parts, each of the 

body parts is represented by a set of features and spatial constraints. By comparing the 

reliability and stability of numerous possible features, we have selected colour 

histograms (both a 2-dimensional HS colour histogram and a 3-dimensional XYZ 

colour histogram), area, perimeter, the overlapping region, and the motion displacement 

to represent the body part. The spatial constraints include the position, the centroid and 

size of the body part. 
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CHAPTER 6                                    
DATA ASSOCIATION 

In the proposed methodology, the data association is performed with a layered 

architecture. The matching between the target model and candidate models is referred 

to as a global match whereas the matching between corresponding body parts of the 

target model with the candidate model is referred to as a local match. Local matching is 

based on direct feature comparison while the global match is inferred from the results 

of the individual local matches.  

The overall matching process can be described by the following steps: 

1. For each un-occluded candidate, divide its blob region into five parts based on 

the blob’s bounding box and centroid. Extract features for each part as 

explained in Chapter 5. 

2. For each occluded candidate, estimate the six DOF of the candidate and align 

the spatial model onto the candidate blob and extract features for each part 

accordingly as explained in Chapter 5. 

3. Apply part-by-part feature comparison between the target model and the 

candidate model to calculate local match probabilities. 

4. Infer the global match based on the probabilities of the local matches. 

5. Choose the candidate that provides the highest global match probability. The 

global match must also be above a threshold and provide an adequate match 

ratio with the runner-up. 
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6. If there are multiple responses with similar global match probability as the 

chosen candidate, apply model correction procedure to correct and refine the 

chosen candidate model. 

7. Update the target model with the chosen candidate model based on a part-by-

part feature update scheme. Depending on the probability of the local match for 

each body part, each feature is updated differently. This process is described in 

detail in Section 6.2. 

 

6.1 LOCAL MATCH 
 

For each body part, a comparison can be obtained by calculating the difference between 

the features of the candidate model and the features of the target model. Each feature of 

the part in the candidate model and the target model are represented as 𝑓𝑐𝑖  and 

𝑓𝑠𝑖respectively. The difference between the feature from the candidate model, 𝑓𝑐𝑖, with 

the corresponding feature in the target model, 𝑓𝑠𝑖, is described as 𝑑𝑓𝑖:  

 𝑑𝑓𝑖 = |𝑓𝑐𝑖 − 𝑓𝑠𝑖|  (6-1) 

In order to determine if the 𝑑𝑓𝑖 is within acceptable range of the feature variations of 

the target between consecutive frames, we have trained a Gaussian mixture which 

models the ground-truth differences of features in the target model between consecutive 

frames. The probability of the feature belonging to the target model, 𝜋𝑓𝑖 , can be 

calculated by fitting  𝑑𝑓𝑖  into the Gaussian model. We then progress from feature 

matching to part matching by calculating the overall body part matching probability, 

𝜋𝑝𝑗. This is calculated as a weighted average of all feature match probabilities:  

 𝜋𝑝𝑗 = ∑ 𝑤𝑓𝑖𝜋𝑓𝑖
5
𝑖=1   (6-2) 

Weights in Equation (6-2) have been chosen empirically based on video observations 

and testing, and follow the constraint that they sum up to 1: 

 ∑ 𝑤𝑓𝑖 = 15
𝑖=1   (6-3) 
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The head has higher weight than the other body parts due to its role as anchor in the 

proposed methodology. A threshold is set to determine if the body part matching 

probability, 𝜋𝑝𝑗, is sufficient to declare as the current observation of the corresponding 

body part in the target model. The body part that satisfies the threshold is classified as a 

matched body part, otherwise it is defined as an unmatched body part. Depending on 

the classification of the body part status, a different approach is applied in the update 

procedure once the candidate model is defined as the current observation of the target. 

All weights and thresholds have been tuned empirically in our experiments to date. 

However, learning them automatically from labelled training data is the focus of future 

development. 

 
6.1.1 COMPARISON BETWEEN FEATURES 
 

In this section, we explain how to compute the differences between the candidate model 

and the target model. We have applied different techniques for different feature 

comparisons. We use relative difference ratio for the area, perimeter and motion 

displacement comparison. This ratio has proved to be sufficient to cope with the 

changes occurring between feature values in two successive frames, without occlusions.  

We have adopted a cross-bin colour histogram comparison for the colour histogram and 

direct image-to-image comparison for the overlapping regions. In order to maintain the 

stability of the features and achieve the most accurate feature comparisons, we use 

relative ratios on the comparison difference rather than the raw values.  

The difference in the area feature, 𝑑𝑓1
 is calculated as the difference in the area of the 

same body parts between the candidate model and the target model. 

 𝑑𝑓1 =
�𝑓𝑐1−𝑓𝑠1�

𝑓𝑠1
  (6-4) 

The difference in the perimeter feature, 𝑑𝑓2 , is calculated as the difference in the 

perimeter of the same body parts between the candidate model and the target model. 

 𝑑𝑓2 =
�𝑓𝑐2−𝑓𝑠2�

𝑓𝑠2
  (6-5) 
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The difference in the motion feature, 𝑑𝑓3 , is calculated as the distance between the 

centroid of the same body parts of the candidate and the target model. 

 𝑑𝑓3 = ‖𝐶𝑐−𝐶𝑠‖
𝐷+‖𝐶𝑐−𝐶𝑠‖

  (6-6) 

Where 𝐷 is the global displacement of the target in the previous frame. As the motion 

displacement ratio can fluctuate acutely if the global displacement is at a relative small 

value, therefore the absolute difference in the motion feature is all added to the 

denominator to maintain the stability of this ratio. 

The comparison between colour histograms, 𝑑𝑓4is calculated based on the conventional 

histogram intersection (HI) algorithm proposed by Jia et al. [2006]. The algorithm 

computes the intersection of the corresponding colour histograms in order to measure 

the similarity rate of the two colour histograms. Since this algorithm is strictly based on 

the matching between bins of identical colours, the final matching rate can be easily 

affected by colour variation caused by various environment changes. In the proposed 

method, the authors apply a Gaussian weighted histogram intersection (GWHI) 

algorithm to facilitate the histogram matching by taking into account  the matching of 

both identical and neighbouring bins. The weight is determined by computing the 

distance between two colours. The results of the conventional histogram intersection 

(HI) algorithm are proven to be much more robust and effective than standard bin-to-

bin comparison techniques, such as Chi-square, correlation, and 

Finally, the overlapping regions difference, 𝑑𝑓5, is calculated as the sum of the pixel-

based difference between the silhouettes of the same body parts of the candidate model 

with the target model.  

Bhattacharyya 

distance.  

 𝑑𝑓5 =
∑ ∑ (𝑝𝑐(𝑥,𝑦)−𝑝𝑠(𝑥,𝑦))y

y=0
x
x=0

𝑓𝑠1
  (6-7) 

Where 𝑝𝑐(𝑥,𝑦) and 𝑝𝑠(𝑥,𝑦)  are defined as the pixel value at position (𝑥,𝑦) in the silhouette 

of the candidate model and target model respectively.  
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6.1.2 CONSTRUCTION OF FEATURE DIFFERENCE PDF 
 

From Section 5.3.2, the five features selected to represent a body part were proven to be 

stable and invariant in most environments. That is, the variations of the features 

between consecutive frames are expected to be quite similar. The modelling of the 

feature variations provide the means to decide if the particular feature of the candidate 

body part belongs to the corresponding body part of the target model. We decide to 

model the feature variations using a probability density function (PDF) which can give 

us a probability of the likelihood of the body part belonging to the target for each 

feature. In particular, we assume Gaussianity of the feature variations PDF, thus the 

PDF are modelled as either single Gaussian or Mixture of Gaussians depending on the 

individual feature variation histogram.  

In order for the PDF to reflect the variations in the target model as accurately as 

possible, numerous video sequences (corridor, train station, shopping mall, outdoor) are 

used as the labelled training data. For each selected video sequence, we extract all 

foreground objects automatically by applying foreground segmentation. Then we 

manually label the target object and measure the ground-truth position and dimension 

of the target in each frame. Based on these ground-truth measurements, the target 

object’s features are extracted. The feature differences between the features in the 

current and previous target objects are calculated. In order to monitor the variations of 

the features during occlusion events, we have also included minor occlusion events 

within the training data. During occlusions, only the body part which is completely un-

occluded or slightly occluded is included in the construction of the PDF; the labelling 

for the classification of the body parts is performed manually.  

After the feature differences are collected, all outliers are manually removed and the 

remaining values are used to generate a Gaussian mixture distribution based on the EM 

algorithm (sometimes just single Gaussian). Theoretically, the best classification 

approach to obtain the probability of the feature match is by modelling each feature 

with two PDFs; one is modelled based on matched body parts and the other is modelled 

based on non-matched body parts. By having two unique PDFs, the final probability of 

the feature match is determined as the highest probability result between the two PDFs. 
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However in practice, the PDF for the non-matched body parts is too dispersed to be 

modelled or provide useful information. As there are too many scenarios that lead to the 

failure in matching body parts, such as comparing the non-target candidate model with 

the target model, comparing a corrupted candidate model with the target model due to 

occlusion, etc., the feature differences obtained vary significantly and result in a very 

scattered distribution.  Figure 6-1 to Figure 6-5 show the feature differences collected 

for each feature after outliers are removed. The final Gaussian mixtures are constructed 

based on these histograms. We use MAP to find the best Gaussian models which fits 

the histogram and we manually tests the number of models for the Gaussian mixture. 

 

 

 
FIGURE 6-1 HISTOGRAM OF AREA DIFFERENCE 

 

 
FIGURE 6-2 HISTOGRAM OF PERIMETER DIFFERENCE 
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FIGURE 6-3 HISTOGRAM OF COLOR HISTOGRAM DIFFERENCE 

 

 
FIGURE 6-4 HISTOGRAM OF DISPLACEMENT DIFFERENCE 

 

 
FIGURE 6-5 HISTOGRAM OF OVERLAPPING REGION DIFFERENCE 

 



109 

 

 
 

6.2 GLOBAL MATCH 
 

Global match is performed based on the weighted combination of the local match 

probabilities,  𝜋𝑝𝑗, following the constraint that the weights sum up to 1. The weights, 

𝑤𝑗, are empirically set to reflect the stability of the features in different body parts and 

the likelihood of occlusions to take place in that body part. 

 𝜋k = ∑ 𝑤j𝜋𝑝𝑗
5
𝑗=1   (6-8) 

The current model of the target is selected as the candidate model with the highest 

global match probability among all candidates. 

 𝐷∗ = 𝑎𝑟𝑔𝐷max (𝜋𝑘)  (6-9) 

A strong local match is given a higher weight than a weak local match. The final 

decision for the data association process is made based on the results from the global 

match of all the potential candidates. In general, the candidate model with the highest 

global match probability is considered as the current position of the target person. 

However if multiple potential candidates have similar global match likelihoods or all 

the global match likelihoods are too weak, then we do not make a final decision at this 

stage. We apply a model correction procedure (refers to Section 6.3) to validate the best 

modelling of the current observation of the target. 

 

6.3 MODEL CORRECTION 
 

After the comparison of all candidate models with the target model, the candidate 

model with the highest probability is selected to be the current model of the target if 

and only if it satisfies the second threshold. Nevertheless, if there are other candidate 

models which have very similar probabilities to the selected candidate, we classify 

them as multiple-responses. The most likely reason for having multiple-responses is 
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that there were ghost candidate models built around the target. Those ghost candidate 

models are the result of duplicate head detection or inaccurate head detection nearby 

the location of the target head. In this situation, it is possible that the selected model is 

not the best-fitting model of the target in the current frame but actually a ghost 

candidate model due to noises in the target model. To ensure that we obtain the best-

fitted model of the target, a model correction step is performed among all multiple 

responses. The model correction step is also applied if the confidence of the accuracy of 

the head position of the selected model is low. 

The approaches used in the model correction step are different for these two cases: 

• Multiple responses 

An image template of the target head is computed and compared with each 

image template of the head of the multiple responses. The head with the highest 

matching result is defined as the most accurate position of the target head in the 

current frame. If the position of the best-matched head is very similar or 

identical to the position of the head in the selected human model, it is not 

necessary for any correction to be made. On the other hand, the human model of 

the best matched head is defined as the current model of the target and used for 

target model update instead of the previously selected model. 

• Inaccurate head position 

An image template of the target head is computed and a gate for the head 

positions in the current frame is defined based on the head position of the 

selected model. By scanning through the gate using the image template, the 

region within the gate with the highest likelihood can be located. In order to 

classify this region as the head region of the target, the region must satisfy three 

criteria: 

• The comparison likelihood is above a certain threshold to be defined as 

similar image pattern 

• The region is within a blobs 

•  The region is not very distant from the head position of the selected 

model.  
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If all three criteria are satisfied, the region is defined as being the head of the 

target in the current model and a new human model is constructed based on the 

new position of the head. This new human model is also compared with the 

target model and used in the model update if and only if its matching probability 

is higher than the selected model.  

The relocation of the chosen model is achieved by locating the head position in a search 

range using template matching. Template matching is performed by constructing 

a convolution mask (template 𝑇(𝑥𝑡,𝑦𝑡)) of the head image in the target model, moving 

the centre (or the origin) of the template 𝑇(𝑥𝑡,𝑦𝑡) over each (𝑥,𝑦) point in the search 

image, 𝑆(𝑥𝑥,𝑦𝑠)  and calculating the sum of products between the coefficients 

in 𝑆(𝑥𝑠,𝑦𝑠) and 𝑇(𝑥𝑡,𝑦𝑡) over the whole area spanned by the template. As all possible 

positions of the template with respect to the search image are considered, the position 

with the highest score is the best position.

 

  

6.4 MODEL UPDATE 
 

The updating process is crucial for the proposed methodology to perform as desired. 

Correct updates of the target model allow correct prediction and matching, while 

incorrect updates corrupt the target model and lead to significant faults in the prediction 

and matching processes. In general, a decision for update is based on both global and 

local match results of the best candidate model. Update at the global level involves 

update of the geometrical structure of the target model, that is, the six DOF and the 

histogram of the un-occluded human body. During occlusion events, as the six DOF of 

the best candidate model is not derived directly based on foreground segmentation but 

rather estimated based on prediction, the spatial dimension of the target model cannot 

be fully replaced by the candidate model; a running average of the past spatial 

dimensions are calculated and updated to the target model instead.  The length of the 

running average is defined by a window-size which depends on the frame rate of the 

video sequence.  

http://en.wikipedia.org/wiki/Convolution�
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The update for a body part depends on the body part matching probability and decision. 

If the body part is considered as matched, then there is a complete replacement of the 

spatial structure (centroid and position) and a full update of the feature sets by using a 

weighted average (see Equation 6-10). The update weight for each feature is highly 

dependent on its match likelihood with the target model; the higher the matching 

probability, the higher the update weights towards observation and vice versa.  

 𝑓𝑠 = 𝑓𝑠 ∗ 𝑤 + 𝑓𝑐 ∗ (1 − 𝑤)   (6-10) 

In the case of ‘no match’, only spatial structures are replaced; other features remain as 

they are. Geometrical features, on the other hand, are always updated to keep the whole 

body model consistent. These rules apply to all body parts and all cases. 

Depending on the length of the occlusion and conditions of the scene, it is often 

possible to lose track of the target once occlusion is over. This is mainly due to the 

inaccurate prediction of missing measurements during occlusion so that the target 

model is not updated as properly as it could be if there is no occlusion. Therefore, we 

propose a separate set of feature weights after occlusion that will ensure the target 

model can recover fully from all the inaccurate updates during occlusion. After 

occlusion, it is likely that the target model has been corrupted in some extent due to 

occlusion, therefore the weights for the update is set to be higher in the observations 

than it normally would. 

6.5 SUMMARY 
 

We have proposed a layered data association technique to compare the candidate 

models with the target model. Within the layered architecture, the differences across the 

same features of the candidate model and the target model are calculated. The weighted 

sum of the feature difference is referred to as the local match and is used to determine 

whether the body part belongs to the target or not; whereas the weighted sum of the 

local match is referred to as the global match and is calculated as the final probability 

of the candidate model compared with the target model. The candidate model that 

obtains the highest global match probability is selected as the current observation of the 

target. Before updating the target model with the new observation, we apply model 
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correction to the chosen candidate model to ensure the correct modelling of current 

observation of the target. During the model correction process, the target’s head is re-

located using template matching and the candidate model is reconstructed by aligning 

with the new position of the target’s head. The corrected candidate model is then 

updated into the target model, for which each body part is updated separately into the 

target model depending on its local match results.  
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CHAPTER 7                         
EXPERIMENTS AND 
EVALUATION 

 

This chapter presents the experimental results of the proposed methodology and its 

performance evaluation compared with two well-known tracker algorithms. The 

experiments and subsequent evaluation are carried out over three different, recognized 

and extensively used video sets.  For each of the video sets, both quantitative and 

qualitative analysis techniques are performed in order to evaluate the efficiency of each 

of the tracking algorithms.  

In order to demonstrate the validity of our methodology, we used numerous videos 

containing frequent and short-term human occlusions. In addition, we will present 

numerous figures, tables and plots in order to facilitate the analysis and comparison of 

the performance evaluation among the tracker algorithms. 

  



115 

 

7.1 VIDEO SETS 
 

In this first section, we present the three long sequences that we have used for our 

experiments: 

1. The first video set is a selection from ‘PETS2009 sparse crowd people tracking’ 

dataset [http://www.cvg.rdg.ac.uk/PETS2009/a.html], which is captured with a 

stationary camera, mounted on a tripod and looking forwards towards a T-

intersection pathway in a campus. The frame size is 720 x 576 and the sampling 

rate is 25 fps.  

2. The second video set is came from ‘AVSS2007 i-LIDS: bag and vehicle 

detection challenge’ dataset with medium density 

[http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html], which was 

used for two separate events of interest: abandoned baggage and parked 

vehicles. The video set used for the experiment is called ‘Abandoned baggage 

detection’ which is taken from CCTV footage of a railway station platform. The 

frame size of this video set is 720 x 576 with a sampling rate of 25 fps.  

3. The third video set is called ETISEO, which is collected for ‘Video 

Understanding Evaluation project’ [http://www-sop.inria.fr/orion/ETISEO/]. 

Within the video sets, there are six subsets from different environments for 

different research topics, including airport, highways, metro station, building 

corridors and building entrance. The video used for the experiment is the metro 

station subset, which is the most challenging subset in terms of human tracking 

within the ETISEO video set. The scene is taken from the central hall of a metro 

station with a stationary camera mounted on the ceiling near the entrance of the 

station. The frame size is 720 x 576 and the sampling rate is 25 fps.  

There are also other video sets publicly available for experiment, the most well-known 

of which is CAVIAR. However, those datasets are not suitable for the proposed 

tracking methodology, which comprises target environments with the following 

characteristics: 1) frequent and short-term occlusions; 2) heads of all people in the 

scene are visible most of the time; 3) the complete body of all people in the scene is 

visible near the scene entrance or exit. Video sets such as CAVIAR are not as 
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satisfactory for these criteria, since occlusion often happens before any target can be 

solo identified, or simply no occlusion takes place at all. 

7.2 COMPARATIVE ALGORITHMS 
 

The ideal performance evaluation of our tracker is to compare it with the most recent, 

state-of-the-art tracking algorithms in the field. However, it is almost impossible to re-

implement most of those trackers precisely in a short period of time based on their 

publications alone. Therefore, we decided to choose two well-known and publicly 

available trackers/algorithms in the field for the performance evaluation of our tracker. 

The first is the meanshift tracker (MS) proposed by Comaniciu et al. [2000], and the 

second is the connected component meanshift with particle filter tracker (CCMSPF), 

which is a hybrid tracker proposed by two different authors. Both trackers are 

implemented as a “Blob tracking module” under a blob tracking system in Open 

Computer Vision Library (OpenCV) [http://sourceforge.net/projects/opencvlibrary/]. 

The blob tracking system includes six modules, as depicted in Figure 7-1. To apply 

different trackers under this system, just to load alternative modules into the system.  

 

FG/BG 
Detection 
Module 

Blob 
Tracking 
Module 

Trajectory Generation 
Module 

Frames 
Blob Entering 
Detection 
Module 

Trajectory 
PostProcessing 
Module 

Blobs  
(Id,Pos,Size) Blob position correction 

Trajectory 
Analysis 
Module 

Abnormal 
Tracks 

 

FIGURE 7-1 OPENCV VIDEO SURVEILLANCE SYSTEM PIPELINE 

  

These modules have the following characteristics: 

• FG/BG Detection module performs foreground/background segmentation for 

each pixel.  

• Blob Entering Detection module uses the FG/BG mask generated from the first 

module to detect a new blob object entering a scene on each frame.  

http://sourceforge.net/projects/opencvlibrary/�
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• Blob Tracking module is initialized by using the results from the second 

module and tracks each blob.  

• Trajectory Generation module performs a saving function. It collects all blob 

positions and saves each whole blob trajectory to hard disk when it.  

• Trajectory PostProcessing module performs a blob trajectory smoothing 

function. This module is optional and can not be included in a specific pipeline.  

• Trajectory Analysis module performs a blob trajectory analysis and detection of 

abnormal trajectories. 

By default, the FG/BG detection module uses the approach proposed by Li et al. 

[2003b] for its capability in processing complex backgrounds. The method is based on 

pixel colour and colour correlation statistics. The pixel colour and colour co-occurrence 

distributions are represented by colour histograms. Bayes’ decision rule is applied to 

classify the pixels into background or foreground. The background is updated after the 

classification of pixels. The paper claims that the algorithm can successfully handle 

gradual as well as sudden background changes, and stationary as well as moving 

objects. However by applying this FG/BG detection algorithm with the MS and 

CCMSPF trackers as the blob tracking module, the foreground objects detected are in a 

much worse shape than the foreground images obtained from the proposed 

methodology. Not only are there random noises all around in the foreground, but 

shadows are attached to each foreground object, resulting in very imprecise and larger 

sized detected blobs. Therefore, to obtain a fair comparison between the trackers, it is 

better that all trackers use the most efficient foreground segmentation algorithm 

available. By applying the foreground segmentation approach used in my tracking 

methodology, both the MS and CCMSPF trackers have a significant improvement in 

tracking performance. 

The MS tracker is implemented based on non-rigid objects tracking using the 

meanshift. The main algorithm is based on the mean shift iterations and finds the most 

probable target position in the current frame. The dissimilarity distance between the 

target model (based on its colour distribution) and the target candidate is expressed by a 

metric derived from the Bhattacharyya coefficient. Each object in the scene is 
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periodically analysed to account for possible updates of the target models due to 

significant changes in colour. 

The CCMSPF tracker is a hybrid object tracker that consists of two components (see 

Figure 7-2). The first one is a connected-component tracker proposed by Senior et al. 

[2006] which is capable of providing reliable and fast tracking results when there is no 

or minimum occlusion between two human blobs. In this algorithm, objects are 

represented by appearance models which are used to localize objects during partial 

occlusions, detect complete occlusions, and resolve depth ordering of objects during 

occlusions. The second component is based on mean-shift algorithms used by MS 

tracker and particle filtering from Nummiaro et al. [2002] which integrate 

colour distributions into particle filtering. The target model of the particle filter is 

defined by the colour information of the tracked object. As the tracker should find the 

most probable sample distribution, the model is compared with the current hypotheses 

of the particle filter using the Bhattacharyya coefficient. The proposed tracking 

algorithm directly incorporates the scale and motion changes of the objects. In the 

CCMSPF tracker, a Kalman filter is used to predict the position of the blob in the next 

frame, thus implying that occlusion will occur in the next frame. If there is occlusion, 

the second component, the particle filter-based tracker, is used. Otherwise, the fast 

connect-component-based tracker will be applied. 

 

 

 

 

FIGURE 7-2 SWITCHING OF ALGORITHMS IN CCMSPF TRACKER 

 

7.3 EXPERIMENT EVALUATION METHODS 
 

The evaluation of the experiment results are evaluated from three different points of 

view. The first is to quantitatively measure the efficiency of the trackers in terms of 

accuracy and false alarm rates in comparison with the ground-truth. The second is to 

MSPF tracker CC tracker 

Object collision detection 

Yes No 
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directly compare the result trajectory between each tracker with the ground-truth for a 

number of challenging trajectories. Lastly, we evaluate the performance of each tracker 

in occlusion handling with different levels of difficulty. The next sections present each 

of these three points. 

 
7.3.1 TRAJECTORY ACCURACY ANALYSIS 
 

The most crucial measurement for evaluating the performance of a tracker is to 

calculate its accuracy and false alarm rates. Accuracy rate means the percentage out of 

the complete track in which the target has been correctly identified and tracked, while 

false alarm rate means the percentage out of the complete track in which the target has 

been either falsely identified or lost (temporarily or permanently).  However, those two 

measurements are normally used for the performance evaluation of a tracking 

methodology on a single trajectory. For a comprehensive analysis on the performance 

of a tracker in a video set, there are several other important criteria to be measured (a 

demonstration of the criteria is shown in Figure 7-3): 

• The number of mostly tracked trajectories (tracked frames greater than 80%) 

• The number of mostly lost trajectories (tracked frames less than 40%) 

• The number of false trajectories (a result trajectory corresponding to no object 

in the ground truth) 

• The number of missing trajectories (the human object is completely omitted) 

• The number of under-segmented trajectories (incoming  target is identified as 

an exiting trajectory rather than being initialized with a new ID) 

• The number of over-segmented trajectories (a unique ID is corresponds to 

multiple trajectories) 

• The average number of unique IDs in a trajectory 

• The frequency of identity switches (ID exchanging between two trajectories 

during their intersection; additional IDs are assigned to a trajectory). 

• The average number of unique IDs per frame. 
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FIGURE 7-3 TRACKING EVALUATION CRITERIA (BLUE TRAJECTORY REPRESENTS THE TRACKING 

RESULT, RED TRAJECTORY REPRESENTSTHE GROUND-TRUTH) 

7.3.2 SEGMENTATION ACCURACY ANALYSIS 
 

Another important measurement method is to evaluate the segmentation of the target in 

each frame of the result track compared with the ground truth. The definition of 

‘tracked’ in object tracking is a very fuzzy concept, corresponding to different levels of 

tracking performance. For example, an object may be considered as tracked as long as 

part of the body is being tracked, irrespective of the size and position of the body area. 

Another example would be if the tracking is always behind the target but is following 

the movement of the object. Therefore, it is important to know not only if a trajectory is 

being tracked accurately and continuously, but also how precisely.  There are four basic 

metrics used to determine the precision of the tracking result, Equation (7-1) to 

Equation (7-4). The first two metrics measure the average difference between the centre 

positions of the target measured from the result trajectory, (𝑐𝑥𝑟 , 𝑐𝑦𝑟), and ground-truth, 

(𝑐𝑥𝑔, 𝑐𝑦𝑔). The last two metrics measure the average difference between the dimension 

of the target measured from the result trajectory, (𝑊𝑟 ,𝐻𝑟 ), and the ground-truth, 

(𝑊𝑔,𝐻𝑔).  

 𝒅𝒊𝒇𝒇(𝒄𝒙) = ∑  𝟏
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Where  

• 𝑛 represents the frame number 

• 𝑡 represents the trajectory number 

• 𝑡(𝑖) represents each response within a trajectory 

• 𝑁(𝑡) is the total number of frames within a trajectory 

• 𝐼(𝑡, 𝑛) is the total number of responses within a trajectory at any frame 𝑛  

• 𝑇 is the total number of trajectories used for the experiment 

If there is an overlapping between the different responses, that is, multiple IDs are 

assigned for the same target, the overlapping segment will be taken into account by 

only one response, and the average value across all the responses involved in the 

overlapping segment will be used.  

 
7.3.3 OCCLUSIONS EVENTS ANALYSIS 
 

There are three criteria affecting the difficulty of tracking in occlusion:  

1. The temporal length of the occlusion (ST short-term occlusion/LT long-term 

occlusion) 

2. The spatial overlapping extent in the occlusion (MA major/MI minor) 

3. The colour similarity between the occluding objects (SC similar colour/ DC 

different colour).  

The division of the difficulty level is subjective to the video sequences we used in our 

experiment. In general, an occlusion event and its complexity are measured in the 

aspects of all occluding objects in the scene. However, in a complex occlusion event in 

which multiple objects are involved, each either being occluded or occluding others, 

each with different or similar colour to its neighbouring objects, and each with its own 

time duration in the occlusion, it is very difficult to accurately identify the difficulty 

level of such an occlusion event. In order to analyse an occlusion event more 

thoroughly, it is more meaningful to identify an occlusion event based on each target 
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object independently. Therefore, the temporal length of the occlusion event will be how 

long the target is involved in the occlusion; the spatial overlapping extent will be how 

much the target is occluded; and the colour similarity will be how similar the colour of 

the target is to its neighbouring objects during occlusion. The tracking success of an 

occlusion means that the target object is not lost, its trajectory is not broken, and its ID 

remains the same after the occlusion. 

7.3.4 TRAJECTORY-BASED ANALYSIS 
 

The above analysis methods give an overview of how each tracker is performed on 

average for each of the video sets used in the experiment. The last analysis method 

aims to provide an in-depth comparison of the tracking performance between different 

trackers for each selected trajectory within each of the video sets. There are 9 

trajectories selected from the first video set, 3 from the second video set and 1 from the 

last video set.  

The analysis of each trajectory is evaluated based on three components: 

• A brief explanation of trajectory, including the challenges and difficulties faced 

by the three trackers 

• A demonstration of the tracking result of the proposed tracker 

• A visualization of the comparison between the tracking results of the three 

trackers and the measurement of the ground-truth in terms of target positions 

and dimension  

In a tracking system, the most important measurements for the evaluation of accuracy 

and correctness are the centre position and dimensions of the tracked target in each 

frame of the trajectory. To evaluate the performance of a tracking system, the positions 

and dimensions of the tracked target are compared with the corresponding 

measurements of the ground-truth track. In the analysis of the trajectory, four graphs 

are used to demonstrate those comparisons: 

1. The first graph shows the comparison between tracks of the three trackers and 

the ground-truth track. The tracks are presented by the centre position of the 

target.  
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2. The second graph presents the same comparison as the first graph, except that 

the tracks are displayed with only the x-coordinates of the centre position of the 

target along the timeline of the trajectory. In this graph, due to the limitation on 

the size of the graph and the similarity of the performance between different 

trackers, only a general overview of the tracking results of the three trackers 

compared to the ground-truth track can be presented. In order to fully 

distinguish the accuracy and preciseness between the three trackers, we select 

one or two segments of the trajectory for detailed analysis. 

3. The third graph is also used to illustrate the comparison between the tracks of 

the three trackers and the ground-truth track. Similar to the second graph, the 

tracks are displayed with only the y-coordinates of the centre position of the 

target along the timeline of the trajectory.  

4. The last graph displays the difference in the dimension of the target between the 

tracking results of each tracker with the actual measurement from the ground-

truth.  

In the first three graphs, each coloured dotted line represents a track of the trajectory,  

while in the last graph, each coloured dotted line represents the difference between the 

tracking results (in terms of dimensions) of each tracker and the corresponding 

measurements from the ground-truth. In all trajectory analysis, the red dots represent 

the ground-truth track, the black dots represent the tracking result of the proposed 

tracker, the pink dots represent the tracking result of the CCMSPF tracker, and the 

remaining trajectories represent the tracking results of the MS tracker for all the 

different IDs that are assigned to the target.  

 

7.4 EXPERIMENT RESULTS 
 

As there are three separate video sets used for the experiment of the proposed tracking 

methodology, the evaluation and analysis is carried out for each video set individually. 

Within each video, the experiment results are presented by using the four analysis 

methods explained in Section 7.3.  



124 

 

The three datasets are:  

1. PETS2009 sparse crowd people tracking dataset  

2. AVSS2007 i-LIDS abandoned baggage detection dataset (medium density)  

3. ETISEO metro station sub-dataset 

The proposed approach is implemented into a software that is called Human Model 

(HM) tracker. Its parameters tuned for each video set are applied uniformly across all 

video sequences within the set, without taking advantage of the tuning parameters 

separately for individual video sequences. Also, across different video sets, the 

variations in the parameters are quite limited. Therefore, the proposed methodology is 

highly adaptive to different surveillance videos without too much effort in parameter 

tuning. The values for the most important parameter used in the HM tracker are listed 

in Section 7.5.  

 
7.4.1 PETS2009 SPARSE CROWD PEOPLE TRACKING 

DATASET 
 

This set contains several sequences, each of them identical but recorded from different 

angles. The video used for this experiment is based on one of the sequences, with 

overall 939 frames and 26 tracking targets. Thus we have divided the video into 26 

trajectories based on each target in the scene. The scene is very clear, of good quality, 

medium resolution and size. However the inter-object occlusion is very frequent and 

intensive. Different interactions between humans are involved, such as talking, shaking 

hands, and walking beside each other, which make this set very difficult for 

conventional tracking. In addition, the human movements in these videos are very 

unpredictable, such as walking backwards, sudden turns, uneven motion, ‘u’ shape and 

‘s’ shape trajectories.  

Table 7-1 summarizes the comparative performance results of the three trackers against 

the ground-truth. It is clearly shown that the performance of the HM tracker is much 

better than the performance of the MS and CCMSPF trackers for this video set. The 

HM tracker is able to successfully track 25 out of 26 trajectories, while the MS and 

CCMSPF tracker can only track 11 and 6 trajectories with unique IDs respectively. The 
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detection rate is much higher for both the MS and CCMSPF tracker if tracked 

trajectories assigned with multiple IDs are included as successful trajectories. However 

in a real video surveillance application, a track assigned with multiple IDs provides 

more distractions than usefulness to end users.   

 
TABLE 7-1 COMPARISON BETWEEN DIFFERENT TRACKERS 

 GT HM MS CCMSPF 
No. of mostly tracked trajectories 26 25(96%) 18(69%) 13(50%) 
No. of mostly tracked trajectories (unique 
ID) 

26 25(96%) 6(23%) 11(42%) 

No. of mostly lost trajectories 0 1(4%) 1(4%) 1(4%) 
No. of false trajectories 0 0(0%) 2(8%) 2(8%) 
No. of missing trajectories 0 0(0%) 1(4%) 1(4%) 
No. of under-segmented trajectories 0 0(0%) 5(19%) 1(4%) 
No. of over-segmented trajectories 0 0(0%) 9(35%) 4(15%) 
Average no. of unique IDs per trajectory 1 1 2.04 1.58 
Average freq. of ID switches per trajectory 1 1 2.54 1.63 
Average no. of unique IDs per frame 1 1 1.42 1 

 
 

TABLE 7-2 COMPARISON BETWEEN DIFFERENT TRACKERS (FOR SEVERED OCCLUDED TRAJECTORIES) 

 GT HM MS CCMSPF 
No. of mostly tracked trajectories 10 10(100%) 8(80%) 5(50%) 
No. of mostly tracked trajectories (unique 
ID) 

10 10(100%) 0(0%) 2(20%) 

No. of mostly lost trajectories 0 0(0%) 0(0%) 0(0%) 
No. of missing trajectories 0 0(0%) 1(10%) 1(10%) 
No. of under-segmented trajectories 0 0(0%) 1(10%) 0(0%) 
No. of over-segmented trajectories 0 0(0%) 5(50%) 3(30%) 
Average no. of unique IDs per trajectory 1 1 3 2.33 
Average freq. of ID switches per trajectory 1 1 4.11 2.44 
Average no. of unique ID per frame 1 1 1.61 1 

 
 

The HM tracker is able to track targets with a single ID throughout the trajectory and 

there are no switch IDs or multiple IDs assigned to the target due to occlusions or other 

events. The CCMSPF tracker assigns with one ID at any given time, but there could be 

multiple IDs assigned to the target during its trajectory due to the discontinuity of the 
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tracking. The MS tracker can not only have multiple IDs assigned to the target during 

its trajectory but can also have multiple IDs at the same time. For the CCMSPF tracker, 

when a trajectory is lost, the IDs remain active for a minimal amount of time and 

terminate, while for the MS tracker, the IDs are active for a long period of time until 

another object comes near, at which time that object will be assigned with this ID.   

Table 7-2 shows the performance of each tracker on a selective number of trajectories 

that involve frequent or challenging occlusions. From the difference in the performance 

results showed in the two tables, it is clearly seen that the performance of the HM 

Tracker has improved in all aspects, while the issue of discontinuity and multiple IDs 

for the CCMSPF and MS trackers has worsened. Both trackers have initialized with 

more IDs or switched IDs more frequently during challenging trajectories than on 

average. This is the result of a failure in occlusion handling. The multiple IDs occurs 

when the target is lost during the occlusion and a new ID is assigned to the target when 

it is re-identified after the occlusion. The switch IDs refers to situations where, the 

target has been mistaken as another object involved in the occlusion; or the target is 

considered lost during a occlusion and after the occlusion is over, the target is detected 

as a new object; in either case, the target is assigned with another ID after the 

occlusion. Therefore, in this video set, the HM tracker is more efficient and effect in 

occlusion handling than the CCMSPF and MS trackers. 

 
TABLE 7-3 SEGMENTATION ACCURACY OF DIFFERENT TRACKERS 

 

 

Table 7-3 clearly illustrates that there is a dramatic difference in the segmentation 

accuracy of the tracking results from the HM tracker and the comparative trackers. The 

HM tracker is capable of tracking the target precisely and accurately during its 

appearance in the scene, with an average difference of 2.4% and 9.2% of the tracked 

position and dimensions respectively compared to the ground-truth. Compared with the 

segmentation accuracy of the HM tracker, the MS and CCMSPF tracker perform much 

 HM MS CCMSPF 
Difference in Cx 3.01% 5.08% 14.23% 
Difference in Cy 1.77% 21.03% 23.08% 
Difference Width 13.08% 25.89% 23.07% 
Difference Height 5.17% 24.79% 20.09% 
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worse. For the same measurements, the CCMSPF tracker has obtained an average 

difference of 18.6% and 21.5% respectively, while the MS tracker has tracked with an 

average difference of 13% and 25% respectively.  As presented in Table 7-3, the 

segmentation accuracy for all three trackers in the dimension measurements of the 

tracking results is much worse than the segmentation accuracy in the position 

measurements. Nevertheless, the HM tracker has obtained a much better segmentation 

accuracy than the other two trackers. 

 
TABLE 7-4 FREQUENCIES AND PERFORMANCE ON OCCLUSION EVENTS FOR A TOTAL OF 26 TARGETS 

 GT HM MS CCMSPF 
ST|MA|SC 7 7 2 4 
ST|MA|DC 21 20 16 11 
ST|MI|SC 6 6 5 6 
ST|MI|DC 19 19 14 8 
LT|MA|SC 1 1 1 1 
LT|MA|DC 1 1 1 1 
LT|MI|SC 0 0 0 0 
LT|MI|DC 0 0 0 0 

 

Table 7-4 clearly shows that the HM tracker is able to survive in almost all the 

occlusion events, despite the difficulty level, while the comparative trackers can only 

survive less than 60% of the time. As the movement of all objects in the video is very 

fast compared with the other two video sets used in the experiment, short-term 

occlusion events in this video set can take place in less than 4 frames and normal 

occlusion events take less than 20 frames on average. Therefore, only two long-term 

occlusions are identified in this video, and the majority of occlusions are short-term 

occlusions.   

 

7.4.1.1 TRAJECTORY ‘1’ (FRAME 149 TO FRAME 318) 
 

This trajectory is mainly based on two people standing around shaking hands and 

talking to each other while other people pass by either behind them or in front of them. 

We split this scenario into two separate trajectories (Trajectory ‘1’ and Trajectory ‘2’), 
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tracking each individual person at a time. In this trajectory, the target is the person 

walking towards the T intersection. The major challenges in this trajectory are the 

repeated occlusions, the similarity between the appearance of the target and the nearby 

candidates, and the continuous body-twist movement of the target while its global 

motion is almost zero. However, as this trajectory exactly complies with as our 

principal assumption for human tracking (target head is visible at all times, different 

body parts are being frequently occluded by other objects but each occluded part is only 

occluded temporarily), the body part-based human model allows the HM tracker to 

successfully handle all the challenges in this trajectory and track the target (displayed as 

green or blue bounding box) throughout the trajectory. 
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FIGURE 7-4 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

The comparisons between the tracking result of the HM tracker and the MS and 

CCMSPF trackers are shown in Figure 7-5 to Figure 7-7. From Figure 7-5, it is clearly 

shown that the tracking result of the HM tracker is almost identical to the ground-truth 

track. On the other hand, the tracking results from both the MS and CCMSPF trackers 

have quite different trends from the ground-truth track. As their tracks are well below 

the ground-truth track, it suggests that both the MS and CCMSPF trackers cannot track 

the target with a high accuracy and preciseness, especially in the vertical positions of 

the target. The difference in the performance of the three trackers can be further 

demonstrated by Figure 7-6 and Figure 7-7. As shown in Figure 7-6, the overall 

performances of the three trackers are all acceptable, except that the MS tracker 

assigned multiple IDs to the target for more than half the trajectory. The graph within 

the red bounding box shows the performances of the three trackers in a segment of the 

overall trajectory in detail. The chosen segment includes a continuous occlusion of the 

target with another object and a temporary occlusion with a third object. In this 

segment, the CCMSPF tracker has failed to track the target due to its inability to handle 
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challenging occlusions occurred within the segment. The discontinuity of the track can 

be easily identified in the graph as the sudden drops in the tracks. Figure 7-7 further 

illustrates that neither the MS nor the CCMSPF tracker can correctly pinpoint the target 

during tracking, and the y-coordinates of the target in the frame are always displaced. 

 

 
FIGURE 7-5 COMPARISON OF TARGET CENTRE POSITIONS (ALL DOTTED LINES LABELLED AS MS ARE 
MULTIPLE RESPONSES FROM THE MS TRACKERS)  

 

 

 
FIGURE 7-6 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-7 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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Each time the target is tracked by a tracker, the dimension of the tracked target is 

compared against the ground-truth dimension of the target. The closer this comparison 

difference is to zero, the accurate is the dimension of the tracked target. As shown in 

Figure 7-8 by comparing the three trackers, only the tracking results from the HM 

tracker have comparison differences scattered around the zero coordinate. Therefore, it 

is proven that the HM tracker can not only accurately track the position of the target, 

but can also precisely locate the region of the target. Both the CCMSPF and MS tracker 

tend to track the target in a much larger region than the actual target itself, especially in 

the height. This may also be the cause of the relatively poor tracking results of the 

target positions in the y-coordinate.  

 

 
FIGURE 7-8 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

7.4.1.2 TRAJECTORY ‘2’ (FRAME 151 TO FRAME 317)  
 

This trajectory is very similar to the first trajectory except that the target object is the 

one walking forward towards the occlusion. The major challenges in this video are the 

repeated occlusions and a long-term major occlusion. From the frames shown in Figure 

7-9, the HM can successfully track the target object throughout the trajectory despite 

the fact that the tracking is not very accurate for some frames towards the end of the 

trajectory, as the target just survives a long-term occlusion. 
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FIGURE 7-9 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 
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The comparison of the ground-truth track with the tracking results of the HM, MS and 

CCMSPF trackers are demonstrated in Figure 7-10. It is clear that the tracking result 

obtained from the HM tracker is closest to the ground-truth track, whereas both the MS 

and CCMSPF trackers have tracked the target with a relatively different track. Figure 

7-11 and Figure 7-12 illustrates the tracking results from each tracker in comparison 

with the ground-truth track in terms of the x-coordinate and y-coordinate of the target 

position respectively. As this trajectory is very similar to trajectory 1, the performances 

of different trackers are also quite similar to their performance in trajectory 1. 

Generally speaking, all trackers obtain similar tracking results to the ground-truth track. 

However, both the MS and CCMSPF tracker have issues of discontinuity in the track or 

multiple responses for the target. Also, due to the same issue in the location of the 

target region, both the MS and CCMSPF tracker have problems accurately and 

correctly tracking the target in term of the y-coordinate. 

 

 
FIGURE 7-10 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-11 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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FIGURE 7-12 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

Figure 7-13 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. As demonstrated in the diagram 

below, the target dimensions identified from the HM tracker are more similar to the 

ground-truth than the other trackers, as the tracking result that is scattered around zero 

is from the HM tracker. 

 
FIGURE 7-13 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

7.4.1.3 TRAJECTORY ‘5’ (FRAME 222 TO FRAME 373)  
 

In this trajectory, the target object walked through the major occlusion undertaken in 

trajectory ‘1’ and ‘2’ and walked forwards towards the camera. The major challenges in 

this trajectory are the repeated occlusion events and the dramatic change in the size of 

the target object during its appearance in the scene. From the frames shown in Figure 

7-14, the HM tracker is able to track the target object throughout the trajectory and 

successfully handle all occlusion events. 
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FIGURE 7-14 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 
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Figure 7-15 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Again, it is clearly shown 

from the graph that the HM tracker performs the best in accuracy and preciseness. 

Figure 7-16 and Figure 7-17 illustrate the tracking results from each tracker compared 

with the ground-truth track in terms of the x-coordinate and y-coordinate of the 

positions of the target respectively. The overall performances of the three trackers seem 

to be similar, all following the similar track as the ground-truth track. However, a close-

up analysis of the trajectory segment reveals the difference in the performance of each 

tracker. There is one occlusion event involved in the segment where the target walks 

behind the occlusion event and moves towards the far back of the street. During this 

occlusion event, only the MS tracker has temporarily lost track of the target, while the 

both the HM and CCMSPF trackers have survived the occlusion quite successfully, 

albeit with different accuracy levels. As with previous trajectories, the HM tracker has 

outperformed both the MS and CCMSPF trackers in both accuracy and preciseness. 

 

 
FIGURE 7-15 COMPARISON OF THE TARGET CENTRE POSITION 

 

Figure 7-18 shows the difference in the dimension (width and height) of the target 

measured from the tracking results and the ground-truth. As with previous trajectories, 

all measurements obtained from the HM tracker are closer to the zero coordinates than 

the measurements from either the MS or CCMSPF trackers. Therefore, the HM tracker 

can track the complete target with much fewer false target pixels than the other two 

trackers. 
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FIGURE 7-16 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-17 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-18 COMPARISON OF TARGET DIMENSION DIFFERENCES 

 

7.4.1.4 TRAJECTORY ‘12’ (FRAME 457 TO FRAME 609)  
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The target object in this trajectory is following a ‘Z’-shape path in which the object 

makes two sudden turns of direction. The ‘Z’-shape trajectory is almost impossible to 

track by a tracker based on the Kalman filter, since linear motion prediction does not 

hold in this situation. Since the proposed methodology uses a human model with 

several body parts and the prediction of the motion is only based on the speed rather 

than the direction, such trajectories pose no difficulty for the HM tracker. Compared 

with previous trajectories, the challenges in this trajectory are the frequent occlusions 

between the same persons and the high colour similarity of their appearances. However 

this is not such an issue for the HM tracker, since it uses a variety of features to 

represent the body part rather than just the colour feature. As a result, the HM tracker is 

able to distinguish the target from the occluding person with no major difficulty. From 

the frames shown in Figure 7-19, the HM tracker can successfully follow the target 

object throughout the trajectory.  
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FIGURE 7-19 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

Figure 7-20 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Figure 7-21 and Figure 

7-22 illustrate the tracking results from each tracker compared with the ground-truth 

track in terms of the x-coordinate and y-coordinate of the positions of the target 

respectively. There are two trajectory segments selected from this trajectory for a 

detailed analysis. In the first segment, the target undertakes a short-term occlusion 

while the target is walking towards the ‘T’ intersection. As it is shown in Figure 7-21, 

both the MS and CCMSPF trackers lose the target for a short period of time during the 

occlusion. In the second segment, the target moves towards the centre of the ‘T’ 

intersection and stands around for a while. During this segment, the CCMSPF tracker 

temporarily loses the target due to the challenges in the occlusion event, while both the 

HM and MS trackers continuously track the target. Based on these three graphs, the 

performance of both the MS and CCMSPF trackers are quite similar as they also face 

the problem of track discontinuities, and inaccurate detection of the target.  
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FIGURE 7-20 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 

 
FIGURE 7-21 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-22 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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Figure 7-23 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. It is clear that the tracking result from 

the HM tracker is most similar to the ground-truth measurements compared to other 

trackers, as the tracking results from the HM tracker are distributed closest to the zero 

coordinate. 

 
FIGURE 7-23 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

7.4.1.5 TRAJECTORY ‘14’ (FRAME 479 TO FRAME 610)  
 

The target object in this trajectory follows a downwards ‘∝’ -shape path in which the 

object enters from the left, orbits in the middle and exits from the right. The challenges 

in this trajectory are very similar to the challenges in trajectory ‘12’, with frequent 

occlusions, frequent changes in movement direction, similar colour appearance of the 

target with the occluding person, and significant variations in the target dimensions. 

During occlusion events, since the HM tracker uses a human model with several body 

parts, different body parts are occluded while other body parts are completely in view. 

Therefore, the matching of the un-occluded body parts allows correct data association 

between the observed target and its target model. Since the HM tracker does not place 

any assumption on the direction of the motion model, it is capable of following any 

kind of trajectory as long as the movement speed is stable. Additionally, even though 

the target is occluded by a person who has a similar colour appearance to itself because 

the HM tracker uses a variety of features to represent the body part rather than just the 

colour feature, the HM tracker is still able to distinguish the target from the occluding 
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person. From the frames shown in Figure 7-24, it is clear that the HM tracker can 

successfully track the target object throughout the trajectory. 
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FIGURE 7-24 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

Figure 7-25 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Figure 7-26 and Figure 

7-27 illustrate the tracking results from each tracker compared with the ground-truth 

track in terms of the x-coordinate and y-coordinate of the positions of the target 

respectively. From these three graphs, it is clearly shown that only the HM tracker is 

able to accurately and precisely track the target throughout the trajectory without any 

discontinuity. Even though the MS tracker also tracks the target continuously in the 

trajectory, its tracking result is not as accurate as that of the HM tracker, because it 

assigns multiple IDs to the target during the majority of the trajectory. The performance 

of the CCMSPF tracker is the worst compared to the other two, since it not only fails to 

accurately locate the target during the trajectory, it has also lost the target several times 

due to occlusion events. 

 

 
FIGURE 7-25 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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FIGURE 7-26 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-27 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-28 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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Figure 7-28 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. It is clear that the tracking result from 

the HM tracker is more similar to the ground-truth measurements than the other 

trackers. 

 

7.4.1.6 TRAJECTORY ‘19’ (FRAME 794 TO FRAME 904)  
 

This trajectory is more difficult than all previously analysed trajectories as not only is 

the target in this trajectory not following a straight-line path, but there are also frequent 

and major occlusion events involved. There are seven occlusions in total in this 

trajectory, for which the target is completely occluded (90% of the target object is non-

viewable due to occlusion) for numerous frames in five out of seven occlusion events. 

Despite all the challenges, Figure 7-29 demonstrates that the HM tracker is capable of 

handling all occlusions and tracks the target object successfully throughout the 

trajectory.  
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FIGURE 7-29 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

 

Figure 7-30 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Figure 7-31 and Figure 

7-32 illustrate the tracking results from each tracker compared with the ground-truth 

track in terms of the x-coordinate and y-coordinate of the positions of the target 

respectively. From the three graphs, it is clearly shown that both the MS and CCMSPF 

tracker have failed once or twice due to the inability to track of the target through an 

occlusion event, and only the HM tracker has successfully tracked the target 

continuously through the whole trajectory. A challenging segment of the trajectory is 

selected for detailed analysis as it includes several occlusion events. As it is shown in 

Figure 7-31, both the MS and CCMSPF trackers have difficulty in successfully tracking 

the target through all the occlusion events within this segment with a reasonable 

segmentation accuracy, especially in the y-coordinate of the target positions.  
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FIGURE 7-30 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 

 
FIGURE 7-31 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-32 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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Figure 7-33 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. As none of the tracking results are 

distributed tightly around the zero coordinate, it means that none of the trackers have 

been accurately detecting the target region during the trajectory. However, comparing 

across those three trackers, the tracking result from the HM tracker still outperformed 

both the CCMSPF and the MS trackers.  

 
FIGURE 7-33 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

7.4.1.7 TRAJECTORY ‘20’ (FRAME 834 TO FRAME 936)  
 

In this trajectory, the target has undertaken several abnormal behaviours such as 

walking backwards and sudden turns of direction. Also, there are several occlusion 

events involved in this trajectory, and in three of them, there is complete occlusion. As 

a result, the trajectory can be defined as a very challenging scenario for tracking. 

However, since the HM tracker does not apply any directional motion assumption, the 

HM tracker tracks the target in the same manner despite these behaviours, as long as 

the movement speed is reasonable stable. Also, as the three complete occlusions the 

target is involved with are short-term occlusions, the body part-based human model can 

ensure a successful match of the target model with the target model as soon as the 

target is partially visible. As is demonstrated in Figure 7-34, the HM tracker is capable 

of handling all occlusions and tracking the target object successfully throughout the 

trajectory.  
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FIGURE 7-34 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 
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The comparison of the ground-truth track with the tracking results of the HM, MS and 

CCMSPF trackers is demonstrated in Figure 7-35. It is clear that the tracking result 

obtained from the HM tracker is the closest to the ground-truth track, whereas both the 

MS and CCMSPF trackers have tracked the target with a relatively different track. 

Figure 7-36 and Figure 7-37 illustrates the tracking results from each tracker compared 

with the ground-truth track in terms of the x-coordinate and y-coordinate of the 

positions of the target respectively. As with all previous trajectories, the performances 

of different trackers behave in a similar manner.  

 
FIGURE 7-35 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 

 
FIGURE 7-36 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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FIGURE 7-37 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

Figure 7-38 shows the difference in the dimension (width and height) of the target 

measured from the tracking results of each tracker and the ground-truth track. Similar 

to previous trajectories, all measurements obtained from the HM tracker are much 

closer to the zero coordinates than the measurements from either the MS or CCMSPF 

trackers. Therefore, the HM tracker can track the complete target with much fewer false 

target pixels than the other two trackers. 

 

 
FIGURE 7-38 COMPARISON OF TARGET DIMENSION DIFFERENCES (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

7.4.1.8 TRAJECTORY ‘22’ (FRAME 839 TO FRAME 937)  
 

The occlusion events involved in this trajectory are swift and frequent. Nevertheless, 

the most difficult issue in this example is the target’s size since the model is very easily 

corrupted by noise when fewer measurements are fed into the tracker. Despite all the 
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challenges, as is demonstrated in Figure 7-39, the HM tracker is capable of handling all 

occlusions and tracking the target object successfully throughout the trajectory. 
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FIGURE 7-39 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

The comparisons between the tracking result of the HM tracker and the MS and 

CCMSPF tracker is shown in Figure 7-40 to Figure 7-42. Figure 7-40 clearly shows 

that the tracking result of the HM tracker is almost identical to the ground-truth track. 

On the other hand, the tracking results from both the MS and CCMSPF trackers have 

quite different trends compared to the ground-truth track. This suggests that neither the 

MS nor CCMSPF trackers can track the target with high accuracy and preciseness, 

especially in the vertical positions of the target. The difference in the performance of 

the three trackers can be further demonstrated by Figure 7-41 and Figure 7-42.  In this 

trajectory, only the HM tracker has successfully and accurately tracked the target. Even 

though the MS tracker has managed to track the target to the end of the trajectory, the 

track is clearly different from the ground-truth measurements. The lowest performance 

comes from the CCMSPF tracker, which completely lost the target during the occlusion 

events and only managed to recover it at the very last stage of the trajectory.  

 
FIGURE 7-40 COMPARISON OF THE TARGET CENTRE POSITION (ALL DOTTED LINES LABELLED AS MS 
ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 
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FIGURE 7-41 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-42 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-43 COMPARISON OF TARGET DIMENSION DIFFERENCES 
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Figure 7-43 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. Again, the target dimensions 

identified from the HM tracker are more similar to the ground-truth than the other 

trackers, as the tracking result that is scattered around zero is from the HM tracker. 

 

7.4.1.9 TRAJECTORY ‘25’ (FRAME 863 TO FRAME 918)  
 

This trajectory is rather short but highly interesting. The target is walking straight 

across the scene, passing by multiple objects walking on the same pathway. In less than 

fifty frames, the target is occluded six times, of which half involve more than three 

people. In addition, the occluding people are wearing similar coloured clothes to the 

target, making it even more difficult to track. Despite all the challenges, as is 

demonstrated in Figure 7-44, the HM tracker is capable of handling all occlusions and 

tracking the target object successfully throughout the trajectory. 
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FIGURE 7-44 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

 

Figure 7-45 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Again, it is clearly shown 

from the graph that the HM tracker has the best accuracy in both detection and 

segmentation of the target throughout the trajectory. Figure 7-46 and Figure 7-47 

illustrate the tracking results from each tracker when compared with the ground-truth 

track in terms of the positions of the target in both x and y coordinates separately. In 

this trajectory, it is clearly shown from the graphs that there is a dramatic difference 

between the performance of the three trackers. Both the MS and CCMSPF trackers 

have failed to track the target continuously throughout this trajectory. As there are very 

challenging and frequent occlusion events involved during the trajectory of the target, 

both the MS and CCMSPF tracker lost the target in the middle of the track.  The HM 

tracker has clearly outperformed the other two trackers and it is the only tracker that is 

able to continuously and accurately track the target through the challenging occlusion 

events to the end of the trajectory. 
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FIGURE 7-45 COMPARISON OF THE TARGET CENTRE POSITION 

 

 
FIGURE 7-46 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-47 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE 

 

Figure 7-48 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. Due to the frequent occlusions, none 

of the three trackers could achieve a precise detection of the target region. However, the 

HM tracker still managed to obtain a more precise tracking result than either the 

CCMSPF or MS trackers. 
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FIGURE 7-48 COMPARISON OF TARGET DIMENSION DIFFERENCES 

 
7.4.2 AVSS2007 I-LIDS ABANDONED BAGGAGE 

DETECTION MEDIUM DENSITY 
 

AVSS2007 i-LIDS Abandoned Baggage Detection video set 

[http://www.elec.qmul.ac.uk/staffinfo/andrea/avss2007_d.html] contains three video 

clips, which are classified into low density, medium density and high density, based on 

the crowdedness on a railway station platform. The original purpose of the video set 

was to identify and detect abandoned baggage in public areas. Nevertheless, it is also 

suitable for human tracking in crowded scenes, except that the number of desirable 

human objects satisfying the HM tracker’s criteria is limited.  The video selected for the 

experiment is classified as medium density, with overall 4833 frames and more than 10 

traceable targets. The video is of good quality, reasonable resolution (720x576) and 

there is a clear image of the human targets. The major difficulty would be the 

background modelling, since the frequent arrival and departure of trains causes 

inaccurate foreground mask near the edge of the platform.  

There are three trajectories selected for the experiment, each of which contains one 

long-term occlusion. The trajectories themselves are rather simple and straightforward; 

there is no shape change of motion or sudden deformation of the human body. The only 

remarkable challenge is the long period of continuous occlusion of the target with a 

group of people.   

As the occlusion in these trajectories is much simpler than the trajectories in the 

PETS2009 video sets, the HM, MS, and CCMSPF tracker are expected to track the 

target accurately and continuously most of the time. However, in terms of segmentation 
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accuracy, the HM tracker is expected to outperform the other two trackers, and this is 

clearly confirmed by Table 7-5. This is due to the fact that we have a much precise 

modelling of the human model due to the nature of our approach (we  precisely locate 

the head and separate the body parts, even under occlusions), while both MS and 

CCMSPF are tracking the target just based on a overall model, which is likely to be 

corrupted due to failure in occlusion handling or other factors. We analyse the 

segmentation accuracy in detail in the next sections, in which we will show the results 

of each compared tracker for each trajectory individually. 

TABLE 7-5 PRECISION MEASUREMENTS OF DIFFERENT TRACKERS 

 

 

As the actual frame rate of this video set is much slower than the PETS2009 video sets, 

all occlusions taking place in this video set can be defined as long-term occlusions 

compared with occlusions occurring in the PETS2009 videos. There are three 

occlusions involved in total, which are all partial occlusions and have significant colour 

differences from the occluding objects.  Both the HM and CCMSPF tracker can handle 

the occlusions quite successfully. However the MS tracker can only partially track the 

target objects during occlusion. 

7.4.2.1 TRAJECTORY ‘1’ (FRAME 649 TO FRAME 861) 
 

In this trajectory, the target appears from the back of the platform and walks towards 

the bench. Only one occlusion takes place in which the target occludes another object 

walking towards in the opposite direction. There is no major difficulty raised in this 

trajectory and thus the HM tracker can easily track the target successfully with high 

precision and accuracy (See Figure 7-49). 

 HM MS CCMSPF 
Difference in Cx 2.5% 12.3% 17.8% 
Difference in Cy 2.8% 17.2% 24.2% 
Difference Width 11.2% 36.5% 33.5% 
Difference Height 8.0% 44.8% 32.8% 
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FIGURE 7-49 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

Figure 7-50 shows the comparison of the ground-truth track with the different tracking 

results in terms of the target positions during the trajectory. Again, it is clearly shown 

from the graph that the HM tracker performs the best in accurately and precisely 

tracking the target throughout the trajectory. Figure 7-51 and Figure 7-52 illustrates the 

tracking results from each tracker compared with the ground-truth track in terms of the 

x-coordinate and y-coordinate of the positions of the target respectively. In this 
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trajectory, both HM and CCMSPF trackers have successfully tracked the target to the 

end, while the MS tracker can only track the target halfway through the track. 

 

 
FIGURE 7-50 COMPARISON OF THE TARGET CENTRE POSITION 

 

 

 
FIGURE 7-51 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-52 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE 

 

To measure the precision of the tracking result, the dimensions of the tracked target is 

compared with the target’s ground-truth dimensions. The closer this comparison 

difference is to zero, the more precise are the dimensions of the tracked target. Figure 

7-53 shows that by comparing the three trackers, only the tracking results from the HM 
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tracker has comparison differences scattered around the zero coordinate. Both the MS 

and CCMSPF tracker, similar to their performance in the PETS2009 video sets, tend to 

track the target at a much larger region than the actual target itself, especially in height.  

 

 
FIGURE 7-53 COMPARISON OF TARGET DIMENSION DIFFERENCES 

 

7.4.2.2 TRAJECTORY ‘2’ (FRAME 985 TO FRAME 1142) 
 

This trajectory is the most challenging out of the three trajectories. The target is 

partially occluded continuously for a long period of time and the occluding object is 

walking in the same direction as the target.  Figure 7-54 clearly shows that the HM 

tracker can easily track the target successfully. However, the tracking results of the 

dimension of the tracked target are not as precise and accurate as previous trajectories 

due to segmentation fault on the target after the occlusion. 
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FIGURE 7-54 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

 

The comparisons between the tracking results of the HM tracker and the MS and 

CCMSPF trackers is shown in Figure 7-55 to Figure 7-57. Figure 7-55 clearly shows 

that, of the three trackers, the tracking result from the HM tracker is the most similar 

track to the ground-truth track. On the other hand, the tracking results from both the MS 

and CCMSPF trackers have quite different trends from the ground-truth track. The 

difference in the performance of the three trackers can be further demonstrated by 

Figure 7-56 and Figure 7-57. Similar to the comparison results from previous 

trajectories, only the HM tracker has successfully and accurately tracked the target 

through its presence in the scene. 
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FIGURE 7-55 COMPARISON OF THE TARGET CENTRE POSITION 

 

 
FIGURE 7-56 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-57 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE 

 

Figure 7-58 shows the difference in the dimension (width and height) of the target 

object between each tracker and the ground-truth. In this case, none of the three 

trackers have tracked the target with precise target dimensions. The performance of the 

HM and CCMSPF is similar and slightly better than the performance of the MS tracker. 

The failure of precisely model the target region for the HM tracker is due to the 

segmentation fault on the target after the occlusion, thus the detected target region is 

smaller than the actual dimension of the target. 
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FIGURE 7-58 COMPARISON OF TARGET DIMENSION DIFFERENCES 

 

7.4.2.3 TRAJECTORY ‘3’ (FRAME 2138 TO FRAME 2246) 
 

This trajectory is taken place right after the subway train has pulled in and passengers 

have already got off the train. The target is making its way to get onto the train from the 

queue to another entrance. As it is very crowded with people queuing to get onto the 

train, the target is repeated under occlusion till the end of the trajectory. Despite the 

long-term occlusion involved, as it is demonstrated from Figure 7-59, the HM tracker is 

capable of handling all occlusions and tracking the target object successfully 

throughout the trajectory. 
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FIGURE 7-59 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 

 

The comparison of the ground-truth track with the tracking results of the HM, 

CCMSPF and MS trackers are displayed in Figure 7-60. Tracking results from each 

tracker in comparison against the ground-truth track in terms of the x-coordinate and y-

coordinate of the target position are illustrated in the Figure 7-61 and Figure 7-62 

respectively. Again, in this trajectory, the HM tracker has achieved the best 

performance among the three trackers. Also, due to the same issue mentioned in 

previous trajectories, both the MS and CCMSPF tracker have problems in accurately 

and precisely tracking the target in terms of the y-coordinate. 

 
FIGURE 7-60 COMPARISON OF THE TARGET CENTRE POSITION 
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FIGURE 7-61 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE 

 

 
FIGURE 7-62 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE 

 

Figure 7-63 shows the difference in the dimensions (width and height) of the target 

object between each tracker and the ground-truth. In this case, none of the three 

trackers has tracked the target with precise target dimensions. The reason for the 

inaccurate measurement of the target dimensions is the long-term occlusion event in 

which the target was involved in until the end of the trajectory.  

 
FIGURE 7-63 COMPARISON OF TARGET DIMENSION DIFFERENCES 
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7.4.3 ETISEO METRO STATION SUBSET 
 

This dataset contains several sequences from different locations of a station, such as the 

platform, the entrance to the platform and the central hall. The sequence in the lobby is 

chosen to carry out the experiment since it is the most challenging sequence with 

repeated and extensive occlusions. The sequence is of poor image quality but 

reasonable resolution.  

There are overall 1255 frames and more than 10 traceable targets. However, as the 

camera is mounted on top of the entrance, most of the targets enter the scene occluded 

and pass by the scene in a very short period of time. As they enter the scene occluded, 

our tracker cannot be initialized correctly. There is only one target that can be properly 

initialized and remains in the scene for the entire sequence. The target is walking 

around in the centre of the lobby with frequent changes of pose and direction, and is 

also frequently occluded by passing pedestrians. This makes this target a perfect choice 

for examining the performance of each tracker in an extremely challenging 

environment.  

Due to the poor image quality of the video and the high frequency of the occlusion, the 

MS and CCMSPF trackers failed to track the target successfully to the end. Both 

trackers are only capable of tracking the target for the initial few occlusions and lose 

the target as the occlusions become intense and challenging. However, the HM tracker 

accurately tracks the target to the end of the sequence with no discontinuity or false 

alarms. Even though the MS and CCMSPF tracker can only track fragments of the 

trajectories, their tracking accuracy in terms of target segmentation has also been 

calculated and compared with the segmentation accuracy of the HM tracker. The 

comparison is presented in Table 7-6, and it is clearly shown that the HM tracker can 

follow the target more accurately in both position and dimension than the other two 

trackers. 
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TABLE 7-6 SEGMENTATION ACCURACY OF DIFFERENT TRACKER 

 

 

As the movement of all objects in the video is similar to the AVSS2007 video sets, 

there is no occlusion that takes less than 30 frames, and the longest occlusion holds for 

more than 120 frames. It is demonstrated from Table 7-7 that the HM tracker survives 

all occlusions, no matter their length or complexity, whereas the MS and CCMSPF 

trackers only survived less than half the occlusion events. 

TABLE 7-7 FREQUENCIES AND PERFORMANCE ON OCCLUSION EVENTS 

 GT HM MS CCMSPF 
ST|MA|SC 0 0 0 0 
ST|MA|DC 1 1 0 0 
ST|MI|SC 0 0 0 0 
ST|MI|DC 2 2 1 1 
LT|MA|SC 0 0 0 0 
LT|MA|DC 3 3 1 1 
LT|MI|SC 0 0 0 0 
LT|MI|DC 0 0 0 0 

 

In this trajectory, the target circles around the centre of the hall with slow motion but 

constant changes of pose and direction. The main challenges are the frequent and 

unpredictable occlusions between the target and other human objects walking through 

the hall. As people can enter and exit the scene from all sides, the occlusions of the 

target with other objects take place in various part of the target body with various 

degrees of overlapping.  

An additional difficulty is the poor quality of the video, causing imperfect foreground 

segmentation of all the objects in the scene, especially the target of interest. For more 

than half the sequences, the head of the target is completed missed out by the 

foreground detection, causing difficulties in head detection and hence building a correct 

human model of the target. Despite all these issues, the HM tracker can successfully 

track the target continuously to the end, as is shown in the following snapshots of 

tracked results 

 HM MS CCMSPF 
Difference in Cx 2.1% 7.8% 15.8% 
Difference in Cy 7.7% 15.6% 24.5% 
Difference Width 11.6% 66.0% 51.4% 
Difference Height 11.1% 53.2% 48.6% 
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FIGURE 7-64 TRACKING RESULTS FROM THE PROPOSED METHODOLOGY 
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The tracking results from each tracker in comparison with the ground-truth track in 

terms of the x-coordinate and y-coordinate of the target position are illustrated in Figure 

7-65 and Figure 7-66 respectively. It is clearly shown in the following two graphs that 

only the HM tracker is able to track the target through the trajectory to the end with 

reasonable accuracy and precision. Both the MS and CCMSPF trackers fail completely 

in this trajectory due to the frequent occlusion events that take place during the 

trajectory of the target. 

 
FIGURE 7-65 COMPARISON OF X-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

 
FIGURE 7-66 COMPARISON OF Y-COORDINATE OF THE TARGET CENTRE (ALL DOTTED LINES LABELLED 
AS MS ARE MULTIPLE RESPONSES FROM THE MS TRACKERS) 

 

As neither the MS nor CCMSPF tracker can successfully track the target for more than 

half of the trajectory, it is expected that their tracking results of the target dimension 

will not be comparable with the tracking results of the HM tracker. It is clearly shown 

in Figure 7-67 that only the tracking results from the HM tracker are scattered around 
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the zero coordinate, illustrating that the HM tracker can track the target with only a 

small difference in its dimensions compared with the ground-truth measurements.   

 
FIGURE 7-67 COMPARISON OF TARGET DIMENSION DIFFERENCES 

 

7.5 PARAMETER SETTINGS 
 

There are numerous parameters used in the HM tracker. By tuning different parameters 

for different video sequences, the best performance of the HM tracker can be achieved. 

Table 7-8 shows a list of the most influential and important parameters used in the HM 

tracker with its values tuned for each separate video set.  

 
 

TABLE 7-8 THE VALUE OF IMPORTANT PARAMETERS TUNED FOR EACH VIDEO SET 

Parameter PETS AVSS ETISEO Description 
Foreground object segmentation 

Lower_bound 1000 1000 5000 The minimal size of a blob 

Win_size 200 200 600 
Parameters used in Background 
modelling (Section 3.2) 

Min_area 700 700 2500 
Parameters used in Background 
modelling (Section 3.2) 

Bg_threshold 0.4 0.4 0.35 
Parameters used in Background 
modelling (Section 3.2) 

Alpha 0.7 0.6 0.6 
Parameters used in Shadow 
removal (Section 3.2) 

Beta 1 1 1 
Parameters used in Shadow 
removal (Section 3.2) 
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Tau_S 40 400 400 
Parameters used in Shadow 
removal (Section 3.2) 

Tau_T 40 400 400 
Parameters used in Shadow 
removal (Section 3.2) 

Head detection 

Dark_RGB 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘dark’ category 
(RGB)  

Normal_RGB 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘normal’ category 
(RGB)  

Bright_RGB 0.0005 0.0005 0.0005 
Threshold for classification of 
skin colour for ‘bright’ category 
(RGB)  

Red_RGB 0.01 0.01 0.01 
Threshold for classification of 
hair colour for ‘red’ category 
(RGB)  

Brown_RGB 0.01 0.01 0.01 
Threshold for classification of 
skin colour for ‘brown’ category 
(RGB)  

Blond_RGB 0.01 0.01 0.01 
Threshold for classification of 
skin colour for ‘blond’ category 
(RGB)  

Black_RGB 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘black’ category 
(RGB)  

Dark_HSV 0.001 0.001 0.001 
Threshold for classification of 
skin colour for ‘dark’ category 
(HSV)  

Normal_HSV 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘normal’ category 
(HSV)  

Bright_HSV 0.001 0.001 0.001 
Threshold for classification of 
skin colour for ‘bright’ category 
(HSV)  

Red_HSV 0.005 0.005 0.005 
Threshold for classification of 
hair colour for ‘red’ category 
(HSV)  

Brown_HSV 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘brown’ category 
(HSV)  
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Blond_HSV 0.005 0.005 0.005 
Threshold for classification of 
skin colour for ‘blond’ category 
(HSV)  

Black_HSV 0.01 0.01 0.01 
Threshold for classification of 
skin colour for ‘black’ category 
(HSV)  

Data association 

Area_mw 0.3 0.3 0.3 
Weight of ‘area’ feature in 
calculation of body part match 

Perimeter_mw 0.25 0.25 0.25 
Weight of ‘perimeter’ feature in 
calculation of body part match 

Motion_mw 0.15 0.15 0.15 
Weight of ‘motion’ feature in 
calculation of body part match 

Colour_hist_mw 0.15 0.15 0.15 
Weight of ‘colour histogram’ 
feature in calculation of body part 
match 

Overlap_mw 0.15 0.15 0.15 
Weight of ‘overlap region’ 
feature in calculation of body part 
match 

Local_match 0.6 0.6 0.6 
Threshold for classification of 
body part match 

Head_weight 0.3 0.3 0.3 
Weight of the ‘head’ body part in 
calculation of candidate match 

Global_match 0.6 0.6 0.6 
Threshold for classification of 
candidate match 

Area_uw 0.55 0.45 0.45 
Weight of ‘area’ feature in update 
of the target model 

Perimeter_uw 0.55 0.45 0.45 
Weight of ‘perimeter’ feature in 
update of the target model 

Motion_uw 0.55 0.45 0.45 
Weight of ‘motion’ feature in 
update of the target model 

Colour_hist_uw 0.75 0.65 0.65 
Weight of ‘colour histogram’ 
feature in update of the target 
model 

Running_avg 10 30 30 

The number of frames of 
historical data to be included in 
the calculation of running 
averages 
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7.6 SUMMARY 
 

The experimental results and evaluation of three separate and diverse video sets have 

validated the correctness and effectiveness of the proposed methodology. These results 

and evaluation also show that the HM tracker has completely outperformed both the 

MS and CCMSPF in all aspects.  

In terms of trajectory accuracy, the HM tracker is able to successfully track the majority 

of the trajectories in the three video sets, while the MS and CCMSPF tracker can track 

only half the trajectories. Also, the HM tracker is able to track each target with a unique 

ID assigned to it without any ID switch. By contrast, the MS tracker shows that even 

though it can track more than half of the trajectories, most of the targets are assigned 

with multiple IDs simultaneously and the occurrence of ID switch is frequent during 

occlusion events. The CCMSPF tracker assigns the target with a unique ID at any point 

of time, but due to its inability to handle challenging occlusions, a target is often 

temporarily lost during occlusions and reassigned to another ID after occlusions.  

In terms of segmentation accuracy, the HM tracker is capable of tracking the target 

precisely and accurately during its appearance in the scene. Compared with the HM 

tracker, the performances of the MS and CCMSPF tracker are much worse. Not only 

are they unable to locate the target in its correct position, but the dimensions of the 

tracked target are always much larger than the actual size of the target.  

In terms of occlusion handling, the HM tracker can successfully track targets through 

the majority of the occlusion events that occur in the video sequences, despite their 

level of difficulty. Both the MS and CCMSPF have difficulty surviving occlusions that 

are short term but severe.  
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CHAPTER 8                           
CONCLUSIONS AND 
FURTHER RESEARCH 

 

Many video tracking algorithms have been presented in the literature in recent years. 

However, the literature reports little research on tracking humans in complex, dynamic 

scenes with frequent and continuous occlusions. The goal of this research has been to 

develop a tracking methodology which takes into account the various factors involved 

in a complex dynamic scene, such as illumination changes, the deformable nature of the 

human body, and frequent and continuous occlusions. To accomplish this goal, we have 

proposed a body-part based human model for representing the human body. Each body 

part is modelled by a set of features that are proven to be invariant to either illumination 

changes or body part deformation. In a normal event, the human model can be 

constructed directly based on detected blobs. However during an occlusion event, in 

order to identify the location of the target within the occluded blob, a head detection 

algorithm is proposed to detect human heads, which can be used as anchors to build the 

human model. The detection is based on combined colour models (skin and hair 

colour), shape constraints (elliptical shape and proportional size) and invariant features. 

A layered probabilistic data association approach has also been proposed to perform the 

matching of the human models of the observations with the state. Each individual body 

part of the target model is updated with the best candidate model based on the 
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corresponding matching probabilities of the body part. During an occlusion event, a 

model correction procedure is applied before the update takes place to avoid noisy 

features to be incorporated into the target model and to ensure the most accurate 

modelling of the target.  

We have implemented a tracking system based on the proposed methodology. In order 

to validate the methodology and examine the performance of the tracking system, we 

have used three separate surveillance video sets with completely different settings. The 

tracking results of our tracking system have been analysed and compared with the 

tracking results of two well-known object trackers in the field. From the experimental 

results, it can be seen that the proposed system has a low false alarm rate, high accuracy 

and preciseness, and achieves a highly successful tracking rate. It can work in normal 

situations as well as in challenging occlusion conditions.  

The major limitation in my proposed methodology is that the initialization is semi-

automatic instead of fully automatic. The user has to manually select a target which 

satisfies the initialization criteria (that is, un-occluded for more than two frames) and 

initialize the tracking by drawing the contour of the target on the user interface. 

Fortunately, this limitation can be easily amended in further developments. A further, 

future development would be extending the tracking algorithm to multiple targets. 

  



179 

 

 

APPENDIX A 

The proposed methodology has been implemented into a tracking software using C++ 

and OpenCV to provide a real-time processing speed of the tracking. The interface, 

architecture and process flow of the tracking system are demonstrated in this section. 

A.1 SOFTWARE INTERFACE 
 

Figure A-1 presents the main interface of the tracking system. The panels on the left-

hand side are settings for tuning the parameters of the tracker. The panel on the right-

hand side displays the video sequence with the tracking results. The buttons below the 

displaying panel are controls for the tracking process. 

 

FIGURE A-0-1 INITIAL INTERFACE OF THE HUMAN TRACKER 
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The first step to start the tracker is to select the input video sequences for tracking. This 

can be performed by clicking on the “Initialization” button, which opens up the “Open 

File Dialog” shown in Figure A-2. In the dialog, choose the input data type, either as 

“sequences of images” or “video”. After select the input data type, provides the 

directory of the input file. 

 

 

FIGURE A-0-2 VIDEO/SEQUENCE SELECTION INTERFACE 

 

 

 

 

 

 

 

 

 

 



181 

 

The next step is to set the parameters for the foreground segmentation process. Click on 

the “Object Segmentation” button, opens the “Segmentation Dialog” (see Figure A-3). 

In the dialog, choose the type of methods for background modelling, either 

“GaussasinBGModel”, “BGModelFGD”, “BGModelFGDSimple” or 

“BGModelMOG”. Then input parameters for proper background modelling and 

shadow removal based on the environment of the input video/image sequences. 

 

 

FIGURE A-0-3 OBJECT SEGMENTATION PROPERTY INTERFACE 
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Then the users can choice to set the parameters for the head detection algorithm by 

click on the “Head Detection” button. In the “Head Detection Dialog” (see Figure A-4), 

the users can set parameters for skin colour detection thresholds, hair colour detection 

thresholds and head shape thresholds. 

 

 

FIGURE A-0-4 HEAD DETECTION PROPERTY INTERFACE 
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It is also optional to set the parameters for data association. By clicking on the “Object 

Tracking” button, the “Object Tracking Dialog” is popped up (see Figure A-5). Inside 

the dialog, the user may choose to set parameters for feature comparison thresholds and 

model update thresholds. 

 

 

FIGURE A-0-5 OBJECT TRACKING PROPERTY INTERFACE 
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Figure A-6 shows the dialog for setting different display options. This function is 

mainly for the purpose of detail analysis of the tracking procedure and debugging of the 

tracking system. 

 

 

FIGURE A-0-6 DISPLAY OUTPUT SELECTION INTERFACE 
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A.2 RUNNING THE TRACKING SYSTEM 
 

After setting the parameters for the tracking algorithm, the video is ready to be 

processed. By clicking on the “Play” button, the input file is displayed in the panel. At 

this point of all other buttons are disabled (see Figure A-7). 

 

 

FIGURE A-0-7 PLAY THE VIDEO/SEQUENCE IN THE HUMAN TRACKER INTERFACE 
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The background modelling is processed for a pre-defined period of time, then the 

“Pause” button is enabled and the target can be selected at anytime onwards. Click on 

the “Pause” button, the interface is frozen to the current frame to allow the selection of 

the target to proceed.  The selected can be done in two ways, 1) press and hold the 

mouse right-click and drag down starting from the head of the target to draw an ellipse 

on the target; 2) press and hold the mouse left-click and draw the contour of the target. 

The selected target can be seen from Figure A-8. 

 

 

FIGURE A-0-8 MANUALLY SELECT THE TARGET 
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When the mouse is released from selecting the target, the “Select” button is enabled. 

Click on the “Select” button, the region which is selected by either contour or ellipse 

can be extracted from the image as a blob and the initial human model for the target is 

built based on it. From Figure A-9, the blue bounding box shows the selected target in 

this video sequence. 

 

 

FIGURE A-0-9 INITIALIZE THE HUMAN MODEL FOR THE TARGET 
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The tracking of the chosen target can be started by clicking the “Track” button. The 

tracking result at any frame can be seen from Figure A-10. If the target is lost for more 

than five consecutive frames, the track is considered as lost and the user is allowed to 

re-initialize a new track. 

 

 

FIGURE A-0-10 TRACK THE TARGET 

 
  

Person’s ID 

Bounding box 

frame number 

Gating 
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A.3 SYSTEM ARCHITECTURE 
 

Figure A-11 illustrates all the classes that are declared for the implementation of the 

proposed methodology and the relationships between each class. 

 

FIGURE A-0-11 SYSTEM ARCHITECTURE 
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interface) 
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A.4 SYSTEM FLOWCHART 
 
 

 

FIGURE A-0-12 SYSTEM FLOWCHART 
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