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Abstract 

Video tracking occupies an extremely important position in computer vision, and it 

has been widely applied to military and civil fields. However, video tracking needs 

a large number of calculations due to complex image processing and computer vision 

algorithms. In addition, video tracking needs to face various complex scenarios which 

pose great challenges to the robustness of tracking algorithms.  

In this thesis, an efficient and robust multi-target video detection and tracking 

framework, which integrates automatic video target detection, multi-feature fusion 

based video target modelling, multi-target data association, video target management, 

state estimation fusion, and distributed multi-camera tracking, is presented. 

Firstly, an automatic, robust, and efficient target detection approach is proposed. 

The Canny edge detector and the simplified multi-scale wavelet decomposition are 

exploited to simultaneously extract the contour of targets. Also, efficient background 

modelling based on improved Gaussian mixture models (IGMMs) is investigated to 

implement background subtraction (BGS) and to segment the foreground. Compared 

with traditional GMM, IGMMs improves the initialization process and optimizes the 

background-pixel matching strategy by using the mesh-updating technique. In addition, 

three-consecutive-frame difference (TCFD) is integrated with the proposed IGMMs-

based BGS to quickly locate video targets. Moreover, fast morphological operations are 

performed on monochrome foreground images to segment targets-of-interest and to 

extract corresponding contours.  

After that, multi-feature fusion-based target modelling is introduced to robustly 

describe video targets. The spatial colour distribution, rotation-and-scale invariant as 

well as uniform local binary pattern (RSIULBP) texture, and edge orientation gradients 

are calculated and fused to build a fused-feature matching matrix which is integrated 

into data associations to realize reliable and precise multi-target tracking. In addition, 

low-dimensional regional covariance matrices-based multi-feature fusion is exploited to 
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improve the matching degree of targets in single target tracking. Parallel computing 

based on multi-threaded synchronization is employed to boost the efficiency of feature 

extraction and fusion. 

An accurate and efficient multi-target data association method that integrates an 

improved probabilistic data association (IPDA) and a simplified joint probabilistic data 

association (SJPDA) is designed in this study. IPDA combines the augmented posterior 

probability matrix with the fused-feature matching matrix to perform multi-target 

associations. SJPDA ensures the efficiency of data associations and yields a better 

accuracy in the presence of low PSNR and sparse targets by sifting out big probability 

events. 

In order to record and update target trajectories, as well as increase the accuracy of 

multi-target tracking, a video target management scheme is presented. The states 

throughout the whole lifecycle of targets are defined and analysed. Meanwhile, a 

prediction interpolation-based data recovery approach is discussed to restore missed 

measurements. Afterwards, a flexible and extensible data structure is designed to 

encapsulate target states at each time step. Variable-length sequence containers are 

exploited to store existing targets, newly appearing targets, and targets which have 

disappeared. The switching criterion of target states is discussed. 

To quickly and robustly estimate the motion states of rigid targets, mixed Kalman/ 

H∞ filtering based on state covariances fusion and state estimates fusion is proposed. 

The H∞ filter makes no assumptions about process and measurement noise, and it has 

similar recursive equations to the Kalman filter. Thus, it is more robust against non-

Gaussian noise. The mixed Kalman/H∞ filter can guarantee both the efficiency and 

robustness of state estimations under uncertain noise. To predict the state of high-

maneuvering targets, mixed extended Kalman/particle filtering is introduced. The 

extended Kalman filter is able to linearize system dynamic models using Taylor series 

expansion. Hence it can implement a slightly nonlinear state estimation. An improved 

sequential importance resampling particle filtering is discussed to estimate target states 

in the case of strong nonlinearity and dynamic background. The mixed extended 

Kalman/particle filtering is performed by feeding the state output of the extended 

Kalman filter back to the particle filter to initialize the deployment of particles. 
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Compared with single-camera video tracking, multi-camera tracking retrieves more 

information about the targets-of-interest from different perspectives and can better solve 

the problem of target occlusions. A multi-camera cooperative tracking strategy is 

investigated and a relay tracking scheme based on improved Camshift is proposed. To 

further extend the scope of tracking, a distributed multi-camera video tracking and 

surveillance (DMVTS) system based on hierarchical centre management modules is 

developed.  
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EKFw , PFw       State weights of the EKF and the particle filter 

( )h k                Adaptive kernel bandwidth 
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1 
Introduction 

Video target detection and tracking systems have significant advantages in anti- 

electromagnetic interference, concealment, visualization, and installation. Compared 

with radar tracking systems, video tracking systems have lower hardware requirements 

and are easy to implement [1]. The performance of image sensors have been greatly 

boosted, which could provide high-resolution images to improve the detection accuracy. 

With the rapid development of very-large-scale integration (VLSI), the processing 

ability of general purpose and dedicated chips have been tremendously improved. Video 

detection and tracking can be efficiently performed both on the embedded systems, such 

as DSP, FPGA, and ARM, and on the pure software platforms, such as Windows and 

Android. Embedded system-based video detection and tracking has good performance 

in parallel computing and is easily deployed. Therefore, hardware performance is no 

longer a major bottleneck to execute complex algorithms of image processing, computer 

vision, and intelligent analysis.      

Video tracking has become a research hotspot across multiple fields such as image 

processing, machine vision, pattern recognition, deep learning, augmented reality, and 

motion control [2]. In intelligent transportation systems (ITS), vehicle type, vehicle 

speed, and traffic flow information can be obtained by analysing live videos or archived 

video sequences. Meanwhile, vehicle trajectories are recorded and updated in real time 

to help to analyse traffic accidents. In addition, in self-driving systems, lane keeping (in-
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cluding lane detection and lane departure warning), recognition of traffic signs, ped-

estrian avoidance, safe-distance judgement (adaptive cruise control), and automatic cali-

bration of cameras are closely related to video detection and tracking. In the field of 

intelligent video surveillance, video detection and tracking-based virtual electronic fe-

nce (perimeter detection) are scalable and adjustable, and are able to effectively detect i-

ntruders. As well as this, video tracking can be involved in people counting systems, hu-

man behaviour and activity analysis, and content-based video compression and coding. 

In the military field, video tracking has been utilized in real-time infrared-image guidan-

ce, which can track and control the attitude and trajectory of missiles and other space-

flight objects. Moreover, video detection and tracking can be directly applied to the ide-

ntification of friend or foe (IFF), obstacle avoidance of unmanned aerial vehicles, visual 

servoing, man-machine interactive systems, individual soldier locating systems, and rec-

ognition of important military targets. 

1.1 Principle of Video Detection and Tracking 

Video tracking is the process of locating moving targets and updating the 

trajectories of targets [3]. It mainly includes video acquisition and distribution, video 

target detection, feature extraction and target modelling, target matching and association, 

and target management (trajectory updating), as shown in Figure. 1.1.   
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Figure 1.1: Schematic of video detection and tracking 
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Video acquisition is implemented by using network video recorders which integrate 

high performance central processing chips and powerful image compression chips. In 

this phase, video sequences with different resolutions are available. Multiple users may 

request video stream and execute video tracking simultaneously. The compressed video 

packets are sent to video distribution modules first, and then transmitted to destination 

IP addresses for decoding and analysing.  

Video detection refers to utilizing image processing technology, combined with 

intra-frame and inter-frame analysis to find targets-of-interest, which can be moving or 

static. A video sequence is composed of consecutive frames, each of which contains the 

foreground and the background, as shown in Figure 1.2. Actually, video detection is to 

separate the foreground from the background, it is only to find targets instead of iden-

tifying or labelling targets. In addition, the contours and centroids of video targets are 

respectively extracted and calculated. 

t

Segmented foreground

Segmented background

Position

Bt

Ft

( , )tt x

tI

 

Figure 1.2: Foreground and background in video sequences 

(Dataset URL:ftp://ftp.cs.rdg.ac.uk/pub) 

In the feature extraction and target modelling phase, features-of-interest will be 

extracted. Video target features can be divided into visual features, statistical features, 

transform coefficient features, geometric features, algebraic features and dynamic 

features [4], as shown in Figure 1.3.   
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Figure 1.3: Classification of video target features 

The video target model which is built based on single feature or multi-feature 

fusion depends on the complexity of the scenarios. If a single feature is discriminative 

and robust against ambient changes, the target model based on this feature is reliable 

and accurate. Otherwise, multi-feature fusion-based modelling is preferred [5].  

In the target matching and association phase, a series of efficient matching criteria 

such as template matching and histogram comparison are exploited to calculate 

matching degrees between candidate targets and reference targets. For multi-target 

video tracking, data associations are employed to calculate associated probabilities 

which reflect one-to-one correspondences between targets and measurements.     

In the target management phase, target states are recorded over the life cycle. 

Newly appearing targets, existing targets, and disappeared targets are stored in separate 

data containers. The trajectories of new targets and existing targets are generated and 

updated in real time. The disappeared-target trajectories will be removed from the 

storage container. 



 

5 

 

1.2 Challenges in Video Tracking  

When video targets move in complex scenes, the features of targets are vulnerable 

to unfavourable factors such as illumination changes, poor image sensors, and ambient 

noise. Hence video tracking has to face various challenges, as shown in Figure 1.4.  
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 Figure 1.4: Challenges of video tracking 

 Occlusions will happen when a target moves behind other targets. Occlusions mainly 

contain partial occlusion and complete occlusion, as shown in Figure. 1.5.  

  
 (a)                                               (b) 

  
  (c)                                               (d) 

Figure 1.5: Partial occlusion and total occlusion, (a) no occlusion, (b) partial occlusion, (c) 

complete occlusion, (d) free of occlusion 

(Dataset URL:ftp://ftp.cs.rdg.ac.uk/pub) 
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 In the presence of partial occlusion, the target is partially occluded and cannot be 

entirely observed. If the ratio of the occluded area to the target area is less than 0.5, the 

target can still be detected by using algorithms such as texture distribution-based 

detection, key points-based detection, and global stable features-based detection. 

Nevertheless, in the case of complete occlusion, traditional detection and tracking 

methods are insufficient to find and track the totally occluded target. In principle, the 

depth information of targets can solve the problem of occlusions. However, the depth of 

fields is missing in two-dimensional images and the cost of three dimensional image 

sensors is unacceptable in low-budget video tracking systems. Thus, in the absence of 

depth information, motion estimation and prediction approaches such as particle filterin-

g and the unscented Kalman filtering are capable of dealing with partial and complete 

occlusions. 

A similar colour distribution between the foreground and the background of images 

will increase the difficulty of detection and tracking. As can be seen from Figure 1.6, 

the first and the third regions have similar colour distributions; the second and the fourth 

regions have similar colour distributions as well. When a target moves to the region w-

ith a similar colour distribution, the contrast between the target and the background is 

quite low. In this case, colour feature-based target modelling is unable to accurately 

represent the target. Multi-feature fusion-based modelling methods could efficiently 

resolve this issue. 

                

A B

F(focus)

D

PP

C

Convex lens

 
   Figure 1.6: Similar colour distribution           Figure 1.7: Target scaling under variable viewing 

(URL: groups.inf.ed.ac.uk/vision/caviar/caviardata1/)                               distances 

Target scaling is caused by a variable viewing distance (the distance between the 

camera and the scene), as shown in Figure 1.7. The target will be scaled down in the 

image sensor when it moves from position „B’ to position „A’ in the direction of  BA  . 
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In this case, target features such as corners, shape, and area will change. However, the 

normalized colour (intensity) histogram and the normalized texture histogram remain 

unchanged. Target deformations mainly include two situations: deformation of the 

target itself and variation in viewing angle. As can be seen from Figure 1.7, if the 

person moves from position „B’ to position „D’ in the plane of P , the imaging of the 

target will be slightly deformed. The variation in ambient illumination tends to impact 

the colour distribution of the target appearance. Hence video tracking algorithms only 

based on colour-related features have a weak performance in robustness. Noise is 

inevitably involved in video sequences during image acquisition and transmission. The 

image quality could be badly affected and the tracking accuracy will be reduced 

spontaneously. For random noise, an effective way is to improve the performance of 

image sensors. But for regular distribution noise, image enhancement processing 

contributes to eliminating the negative influence.  

Multi-target video tracking (MTVT) systems need to detect and track multiple 

targets simultaneously. MTVT systems have a higher algorithm complexity and a larger 

number of calculations than single target video tracking (STVT) systems. Data 

associations which determine one-to-one correspondences between measurements and 

targets further improve the tracking accuracy. The computational cost of data 

associations in MTVT systems increase tremendously with the growth of the number of 

targets. Thus, traditional data association methods which are not simplified or optimized 

would have poor performance in efficiency and cannot be directly applied in MTVT 

systems.  

Target management is to maintain all the target states over the whole life cycle of 

targets. The newly appearing targets, existing targets, and targets which have 

disappeared are stored in separate containers which are scalable and easy to access.  

It is difficult to find a universally applicable method to efficiently and accurately 

track video targets in different scenarios. Generally, a customized and optimized 

tracking method is designed for a specific scenario. A good tracking algorithm should 

balance tracking efficiency and accuracy. Thus, there is a trade-off between the 

efficiency and the accuracy in video tracking systems. 
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1.3 Research Contributions 

This thesis aims to improve the robustness, accuracy, and efficiency of multi-target 

video tracking. In this thesis, a series of technologies such as automatic target detection, 

target modelling based on multi-feature fusion, efficient data association, video target 

management, distributed multi-camera tracking, and state estimation fusion are 

proposed for MTVT tracking. In the meantime, the efficient and practicable algorithms 

are designed and verified. Specifically, the main contributions of this thesis are as 

follows: 

(1) An automatic, efficient, and accurate detection framework for video targets 

Firstly, the Canny operator and the multi-scale wavelet decomposition are exploited 

to simultaneously process video frames and individually obtain the edge information of 

targets. Secondly, a new background model based on improved Gaussian mixture 

models (IGMMs) is proposed to carry out a background subtraction (BGS). Compared 

with traditional GMM-based background models, our proposed background modelling 

method improves the initialization of the GMM and optimizes the background-pixel 

matching strategy by using the meshed updating technique. In addition, a three-

consecutive-frame difference (TCFD) method is integrated into our proposed BGS to 

quickly segment the foreground. Finally, efficient morphological operations and a fast 

contour extraction method are performed on monochrome foreground images to 

segment targets-of-interest and to extract target contours. Parallel computing based on 

multiple threads is exploited to execute individual subtasks and to guarantee the detecti-

on efficiency. 

(2) Robust video target modelling based on multi-feature fusion  

A multi-feature fusion-based target modelling scheme is proposed to reliably and 

accurately represent video targets. Spatial colour distribution feature, rotation and scale 

as well as uniform LBP texture feature, and edge orientation gradients are extracted to 

construct a fused-feature matching matrix by using linear weighted fusion. In multi-

target tracking systems, the fused-feature matching matrix is integrated into data 

associations to realize a reliable and precise multi-target tracking. Besides this, multiple 
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features of the pixels in the detection region are fused into low-dimensional regional co-

variance matrices. The degree of matching of two targets can be replaced by the match-

ing degree of the two regional covariance matrices. Likewise, multi-threaded synchroni-

zation-based parallel computing is employed to boost the efficiency of feature extract-

ion and fusion. 

(3) An efficient data association for multi-target video tracking  

A mixed data association method based on improved probability data association 

(IPDA) and simplified joint probability data association (SJPDA) is investigated for 

multi-target video tracking. In the presence of high PSNR and sparse targets, IPDA is 

adopted due to better accuracy and efficiency. However, in the case of dense targets, 

SJPDA is exploited to remarkably reduce the computational effort compared with 

traditional JPDA, and yield more accurate association results. The modified posterior 

probability matrix is obtained by calculating the Hadamard product between the fused 

feature matching matrix and the association matrix. 

(4) Video target management and tracking performance improvement 

The life cycles of video targets are analysed and defined. Meanwhile, an efficient 

method of handling target splitting and occlusions is proposed. To solve the problem of 

detection failure, a practical data recovery approach based on prediction-interpolation is 

presented to restore missed measurements. A flexible and extensible data structure is 

designed to store newly appearing targets, existing targets, and targets which have 

disappeared. A target management framework is designed to maintain all the target 

states over the life cycle of targets and to realize reliable and fast target-access. 

Moreover, an adaptive frame-skipping sampling method is presented to boost efficiency 

of tracking. 

(5) Fusion state estimation for multi-target video tracking 

A fused Kalman /H∞ filtering is proposed to robustly and efficiently estimate and 

predict motion states of rigid video targets. Firstly, the Kalman filter-based state 

estimation is investigated. After that, a similarly efficient but more reliable state 

estimate method based on the H∞ filter is studied. Secondly, the state covariances of the 

Kalman filter and the H∞ filter are fused into a new covariance. Likewise, a new state is 

formed by fusing the states of the two filters. The fused covariance and state are fed 
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back to the two filters to predict target states at the next time step. To predict the state of 

high maneuvering targets, a mixed extended Kalman/particle filtering is proposed. State 

estimation of video targets based on the extended Kalman filter is introduced first. In 

addition, a state estimation based on an improved sequential importance resampling 

particle filtering is presented. The state outputs of the extended Kalman filter are fed 

back to the particle filter to initialize the deployment of particles. 

(6) Distributed multi-camera tracking and video surveillance 

A multi-camera cooperative video tracking framework is proposed. After that, the 

overlapped FOVs and non-overlapped FOVs are discussed. To realize intra-camera and 

inter-camera video tracking, a target tracker based on improved Camshift is investigated. 

A back-projected probability distribution image based on multi-histogram is exploited 

to boost the robustness and precision of target models. In addition, a motion state 

estimation method based on robust H
 filtering greatly improves the convergence rate 

of the mean shift. To extend the video tracking and surveillance to a larger scale, a 

distributed multi-camera video tracking and surveillance scheme is presented. 

1.4 Thesis Organization 

In Chapter 2, the state-of-the-art target detection, target description (modelling), 

and multi-target tracking are reviewed. In Section 2.1, a variety of competitive 

background modelling methods such as adaptive median and temporal median, colour 

distribution statistics, fuzzy theory, Gaussian modelling, texture analysis, nonparametric 

estimation hybrid estimation, and deep learning are introduced. In the second section, 

three-level feature descriptors are described. In the last section of this chapter, some 

mainstream multi-target tracking methods are compared. 

In Chapter 3, a video target automatic detection and segmentation framework is 

proposed. In Section 3.2 and Section 3.3, the Canny edge operator and a multi-scale 

wavelet decomposition-based edge detection method are simultaneously exploited to 

extract target edge information. In Section 3.4, three-consecutive-frame difference is 

employed to fast locate targets. A background model based on improved Gaussian 

mixture models is discussed in Section 3.5. Target segmentation and contour extraction 
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are discussed in Section 3.6. After that, a video target automatic detection framework is 

presented. Finally, the performance evaluation is illustrated in Section 3.8.  

In Chapter 4, we mainly focus on the representation of video targets, namely, video 

target modelling based on multi-feature fusion. In the second section, spatial colour 

distribution feature, rotational and scale invariant as well as uniform LBP texture 

feature, and edge orientation gradients are extracted. After that, a fused-feature 

matching matrix is formed and a multi-feature fusion scheme based on low-dimensional 

regional covariance matrices is presented. In addition, a parallel computing method for 

multi-feature extraction and fusion is introduced. In Section 4.4, the performance 

evaluation of our proposed target modelling based on multi-feature fusion is illustrated. 

In Chapter 5, an efficient data association scheme is presented for multi-target 

video tracking. In the second section, an improved probability data association (IPDA) 

is proposed for sparse-target associations. Afterwards, a simplified joint probabilistic 

data association (SJPDA) is presented for dense-target associations. In Section 5.4, a 

novel data association approach based on mixed IPDA and SJPDA is presented. The 

performance evaluation of our proposed data association is illustrated in Section 5.5. 

In Chapter 6, an efficient and practical video target management method is 

proposed. In Section 6.2, target states over the whole life cycle are discussed and 

analysed. After that, a data recovery approach is investigated to restore missed 

measurements. A flexible and extensible data structure is designed to represent video 

targets, and a target management framework that supervises the life cycle of targets 

from presence to absence is proposed in Section 6.4. An adaptive frame-skipping 

sampling strategy is introduced in Section 6.5. 

In Chapter 7, state estimation fusion strategies are proposed for video tracking. In 

Section 7.2, video target state estimation based on the Kalman filter is designed. 

Meanwhile, a robust H  state estimate for video tracking is introduced. After that, 

mixed Kalman/ H
filtering is presented to robustly and efficiently estimate target states. 

In Section 7.3, a state estimation based on the extended Kalman filter is introduced for 

video tracking, and an improved sequential importance resampling particle filtering is 
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designed. Thereafter, a state estimation fusion strategy by mixing extended Kalman and 

particle filtering is proposed. 

In Chapter 8, a multi-camera cooperative video tracking scheme is presented. The 

principle of multi-camera video tracking (MCVT) is introduced in Section 8.2. After 

that, the overlapped FOVs and non-overlapped FOVs are compared in MCVT. In 

Section 8.3, multi-camera relay tracking based on improved Camshift is designed. The 

logical structure of distributed multi-camera video tracking and surveillance (DMVTS) 

is investigated in Section 8.4. 

In Chapter 9, conclusions are drawn and future research is presented. 
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2 
Literature Review and Related Work 

 

2.1 Target Detection Based on Background Modelling  

A video sequence is composed of consecutive frames which can be separated into 

foreground and background. The moving targets belong to the foreground and the rest 

of the frame belongs to the background. Actually, the purpose of video tracking is to 

detect, associate and locate the foreground targets in real time. Video targets can be 

directly recognized by subtracting the background from the current frame in the 

presence of a static camera. Therefore, background subtraction (BGS) is regarded as a 

highly efficient target detection method. The accuracy of foreground segmentation 

depends on the precision of the background model. In real world applications, video 

tracking faces various challenges, such as cluttered background, uncertain noise, camera 

factors, shadow changes, illuminance changes (gradual or sudden change), dynamic 

background which can be branches swaying ,water wave transmission and diffusion (w-

ater ripples).  

Image noise refers to random variations of brightness or colour information of a 

pixel or a region in an image. Video sequences are easily contaminated by noise such as 

Gaussian noise, salt-and-pepper noise, uniform noise, and shot noise. The ambient 

illumination like natural illumination and indoor lighting may change unexpectedly. 

Camera factors include white balance, light control, exposure time, and camera jitter. In 

https://en.wikipedia.org/wiki/Image
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addition, the interconversion between the foreground and the background, for example, 

a video target stops moving and remains stationary for a long time, is a great challenge 

for background modelling. The problem of partial or complete inter-object occlusions 

cannot be solved only by background modelling. Moreover, if the foreground has a 

similar colour distribution to the background, blob holes will be produced in the 

foreground and cannot be removed by using only morphological processing. Target 

shadow is erroneously assumed to be the foreground and will weaken the detection 

accuracy.  

The background should be updated in BGS-based target detection; otherwise, the 

segmented foreground cannot accurately represent video targets. In the presence of 

target occlusions, BGS methods are inclined to treat inter-occluded targets as a single 

target. BGS-based target detection combined with other supplementary approaches, 

such as target management and motion prediction can deal with partial or complete 

occlusions. 

2.1.1 Background Adaptive Median and Temporal Median  

Adaptive and temporal median background modelling have been widely used in 

video target detection due to low algorithm complexities [6]. The mean values of all the 

pixels of previous image frames are calculated to build the background model. 

Assuming kI  is the kth frame of a video sequence, and 
kB  is the background frame at 

time k , then  

            1

1

( 1) ( ) ( )1
( ) ( ) or ( )

N
k- k

k k k

k=

k - B x,y + I x,y
B x,y = I x,y    B x,y =

N k
                        (2.1) 

The mean-value method has a low computational effort and is conveniently 

implemented by programming. However, it has inherent deficiencies in some situations 

such as density targets. The background pixels will experience different colours in a 

short time, and the traces of moving targets will be generated, as shown in Figure 2.1. In 

other words, the background is not that „clean‟. 

javascript:void(0);
javascript:void(0);
javascript:void(0);
https://en.wikipedia.org/wiki/Median
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                  (a) The 225

th
 frame in video sequence                       (b) Temporal-average filter 

(dataset URL: http://www.ftpstatus.com/file_properties.php ?sname= 

ftp.ira.uka.de&fid=38) 

Figure 2.1: Temporal-average for background modelling 

In addition, the interconversion of the foreground (moving targets) and the background 

will affect the detection result as well. Therefore, the mean-value method is suitable for 

a scene with sparse targets.   

2.1.2 Colour Distribution Statistics-Based Background Modelling 

A background model based on colour distribution statistics is introduced in [7]. 

When a target moves in the scene, the pixels in the target region belong to the 

foreground. If the target leaves the region, the pixels become the background. That is, 

image pixels can switch back and forth between the background and the foreground 

over time. The value of pixels changes with the role of pixels. Image pixels are more 

likely to be background pixels rather than foreground pixels in the presence of 

lowdensity targets. A pixel can be represented by three colour elements R, G, and B, as 

shown in Figure 2.2(a). 

                            

R

BG

a

b

o

 
               (a) The ISO RGB colour space               (b) Distribution of RGB elements on a sphere 

Figure 2.2: The RGB colour model 

The pixel colour can be computed by 

2 2 2C R G B                                                   (2.2) 
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Assuming the background pixel is the centre of the sphere, as shown in Figure 2.2(b), 

the sampling pixel at the same position will distribute around the sphere centre. More 

specifically, if the sampling pixel belongs to the background, the pixel will be close to 

the sphere centre. Otherwise, the sampling pixel belongs to the foreground and is far 

away from the sphere centre. The colour distance between the sampling pixel and the 

background pixel is calculated as: 

              2 2 2

o( ) ( ) ( )ab a a o a oDiff R R G G B B                                         (2.3) 

Ideally, the colours of a background pixel at different moments are very close, that 

is to say, the colour differences of the same pixel at different moments are quite small. 

But when the pixel converts to a foreground pixel, the colour difference will become 

bigger. The average colour difference at pixel(x, y) at time step k can be computed as: 

                 , ,

1

( )
n

x y x y

k

C C k


                                                             (2.4) 

The standard deviation of the colour difference 

             
2

,,

1

1
( )

n

x yc x y

k

S C k C
n 

                                                     (2.5) 

where , ( )x yC k is the colour of pixel(x, y) at time k. The procedure of evaluating whether 

a pixel belongs to the background or the foreground can be summarized as follows: 

Step 1: Get and store the pixel values up to and including time k 

Step 2: Calculate the mean value of pixels 

Step3: Calculate the colour difference between the average colour and the instantaneous 

colour  

Step 4: Calculate the standard deviation of the colour difference 

Step 5: Discard the pixel if the colour difference is larger than the standard deviation of 

the colour difference (discard foreground pixel) 

Step 6: Averaging the rest pixels, the mean value is the background colour at this pixel.  

Background modelling based on colour distribution is to obtain the pixel-wise colour 

statistics information over time, and to calculate the average colour and the standard 

deviation at each time step.  
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A foreground-background segmentation method that uses codebooks to represent a 

compressed form of background model for a long image sequence is proposed in [8]. 

Each pixel in the background is quantified into codebooks. In addition, the layered 

modelling and the adaptive codebook updating are introduced to handle scenes such as 

dynamic backgrounds and illumination variations, and to achieve robust detection for 

different types of videos. 

Hofmann et al. present a novel foreground segmentation which adopts a non-

parametric background modelling paradigm [9]. The background model is established 

on a history of recently observed pixel values. The foreground is segmented by using a 

decision threshold. Meanwhile, a learning parameter-based background updating is 

exploited. Both of the parameters are extended to dynamically obtain pixel-wise state 

variables and to introduce a dynamic controller for each pixel. McFarlane et al. present 

a background segmentation that integrates blob-edge detection, Laplacian operator, and 

image difference [10] to realize an accurate detection.  

A general-purpose method combines statistical assumptions with the object-level 

knowledge of moving objects, apparent objects, and shadows acquired in the processing 

of the previous frames is presented in [11] to model and update the background, and to 

deal with shadows. Calderara et al. describe a motion detection system based on 

background suppression for complex scenes with vacillating background, camouflage, 

and illumination changes [12].The background bootstrapping, shadow removal, ghost 

suppression, and selective updating of the background model are exploited.  

2.1.3 Fuzzy Related Theories-Based Background Modelling  

Background modelling based on fuzzy related theories, such as fuzzy integral, 

fuzzy Choquet integral, and fuzzy Gaussian has received increasing attention. A novel 

approach that uses fuzzy integral to fuse the texture and colour features for background 

subtraction is introduced in [13]. The proposed method could deal with various small 

motions of targets, such as swaying of branches and bushes, with low cost of 

computation and proven to be effective and efficient under complex environment. A 

robust approach that utilizes Choquet integral is proposed to fuse the texture and colour 

features and to establish the background model against some critical situations, such as 

http://dl.acm.org/author_page.cfm?id=81319489308&CFID=685780410&CFTOKEN=66213342
http://dl.acm.org/author_page.cfm?id=81319489308&CFID=685780410&CFTOKEN=66213342
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shadow and illumination variation [14]. A fuzzy approach for background modelling 

and background subtraction is proposed and a fuzzy averaging strategy is suggested for 

background modelling [15]. A Type-2 fuzzy mixture of the Gaussian model is presented 

in [16] to build a robust background model. The method is able to handle critical 

situations like camera jitter, illumination changes, waving trees, water rippling, and 

target shadow. Zhao et al. propose a novel background modelling method based on 

Type-2 fuzzy Gaussian mixture model (T2-FGMM) and Markov random field (MRF) 

for motion detection in dynamic scenes [17].The spatial-temporal constraints are 

introduced into the T2-FGMM to adapt to the dynamic backgrounds like water rippling 

and waving trees. 

2.1.4 Gaussian Background Modelling 

 Gaussian background modelling has a satisfactory precision in extracting the 

updated background. State-of-the-art research on background modelling based on 

Gaussian statistics mainly aims to improve the efficiency of background segmentation. 

A real-time system that uses a multi-class statistical model of colour and shape is 

introduced to obtain a two dimensional representation of head and hands in a wide range 

of viewing conditions and to interpret people‟s behaviour in different physical locations 

[18]. The proposed approach demonstrates the utility of stochastic and region-based 

features for real-time image understanding. A novel probabilistic method that regards 

each pixel as a separate Gaussian mixture model and utilizes a stable and robust on-line 

approximation to update the background is proposed in [19]. The Gaussian distributions 

of the adaptive model are evaluated to determine which pixels are most likely to be 

background pixels.  

Gaussian mixture models further improve the accuracy of background segmentation. 

A background modelling method based on an improved adaptive background mixture 

model is proposed in [20]. In addition, a computational colour space-based shadow 

detection scheme that makes use of the proposed background model is introduced. 

Zivkovic et al. develop an efficient adaptive background modelling algorithm using 

Gaussian mixture probability density [21]. The recursive equations are used to 

constantly update the parameters and the appropriate number of Gaussian components 
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for each pixel is automatically selected. Bouwmans et al. give an original classification 

of the improvements of the existing GMM-based background modelling methods, and 

present relevant solutions to reduce the computational time [22]. Xia and Song propose 

a modified Gaussian mixture model to improve sensitivities in highly dynamic 

environments and to overcome the low background recovery rate of traditional Gaussian 

mixture models [23]. The neighbourhoods of each pixel are randomly sampled to 

complete the spatial background modelling. The time distribution of each pixel is 

employed to build the Gaussian mixture background model.  

2.1.5 Texture-based Background Modelling 

Colour and texture features-based statistical methods are widely utilized in 

background extraction. A novel and efficient texture-based background modelling is 

proposed in [24] to detect moving objects from a video sequence. The invariant LBP 

features with respect to monotonic grey-scale changes are extracted, and each pixel is 

processed and modelled as a group of adaptive local binary pattern histograms in the 

proposed method. Yao et al. present a robust multi-layer background subtraction 

technique that utilizes local texture features represented by local binary patterns (LBP) 

and photometric invariant colour measurements in RGB colour spaces [25]. The colour 

information is exploited to overcome LBP‟s limitation in poor texture regions and the 

cross-bilateral filter is employed to implicitly smooth detection results over regions of 

similar. The approach presented can model moving background pixels with quasi 

periodic flickering and background scenes. 

2.1.6 Non-parametric Estimation Background Modelling 

Non-parametric estimation methods make no assumptions about the probability 

distributions of samples, which is quite different from parametric estimation methods. 

The procedure of nonparametric modelling has no fixed and meaningful parameters. 

Actually, non-parametric estimation has a variable number of parameters which are 

derived from the training data. Nonparametric estimation methods mainly consist of 

kernel density estimation and artificial neural network. Background modelling based on 

http://dl.acm.org/author_page.cfm?id=81309491875&CFID=686680904&CFTOKEN=52805087
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Probability_distribution
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nonparametric estimation is able to reduce the process of formula derivation and 

decrease the computational complexity.  

Elgammal et al. propose a novel non-parametric background model that estimates 

the probability of the observed pixel intensity values based on a sample of intensity 

values for each pixel to handle complex situations such as cluttered background, 

branches swaying, and water ripples[26]. The proposed model can adapt quickly to the 

change of scenes and yield sensitive detection results with lower false alarm rates. 

Godbehere et al. present a background modelling which adopts a certain number of 

initial frames for statistical background image estimation and employs Bayesian 

inference-based probabilistic foreground segmentation to identify possible foreground 

objects [27]. The new observations have greater weight than the old observations to 

accommodate variable illumination.  

Goyat et al. introduce a non-parametric background modelling algorithm based on 

discrete estimation of the probability distribution, or VuMeter as it is called, to measure 

vehicle trajectories [28]. In the proposed method, each pixel is regarded as a discrete 

random variable and the new frame is updated by a temporal model updating algorithm. 

Lee and Park propose a pixel-based background modelling method that uses modified 

nonparametric kernel density estimation for target detection [29]. The modified KDE 

method is initialized by the first frame, and subsequently updated at each frame by 

controlling the learning rate according to the situations. In addition, an adaptive 

threshold and histogram approximation are applied to reduce the computational 

complexity and memory requirements and effectively subtract the dynamic backgrounds.     

Spampinato et al. present a background modelling algorithm which exploits scene 

depth estimation devices such as Microsoft Kinect to make the background and 

foreground models more robust to effects such as camouflage and illumination changes 

[30]. Meanwhile, a kernel density estimation approach in a quantified x-y-hue saturation 

depth space is employed to model the background and foreground. Barnich et al. present 

a technique that incorporates several innovative mechanisms for motion detection [31]. 

A set of values in the past at the same location or in the neighbourhood of each pixel are 

chosen and stored. The current pixel needs to compare with the data set to determine 

whether the pixel belongs to the background or not.  
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2.1.7 Background Modelling Based on Hybrid Estimation  

Hybrid estimation models that combine parametric statistics and non-parametric 

statistics have been put into use for background generation. A probabilistic framework 

that deals with foreground detection and shadow removal simultaneously by building 

probability density functions (PDFs) for foreground segmentation under dynamic scenes 

is proposed in [32]. The PDF is constructed by the KDE-GMM hybrid model (KGHM), 

and refined by the tracking information. Besides this, the spatial dependencies of 

neighbouring pixels are modelled based on KGHM to deal with highly dynamic scenes.  

Liu and Huang propose a novel foreground detection scheme that integrates the 

expectation maximization-based top-down information [33]. A Markov random field 

(MRF)-based model is constructed to fuse the spatial information and to adjust the 

contribution of the top-down information for target detection. Moreover, kernel density 

estimation (KDE) mixed with Gaussian mixture models (GMM) is presented to 

construct the probability density function of the background. 

Ding et al. introduce an online and unsupervised technique that uses multiple cues 

such as colour, location, temporal coherence, and spatial consistency to find optimal 

foreground/background segmentation in a Markov Random Field (MRF) framework 

[34]. The multiple cues are learned online from complex scenes and fused together in 

the MRF framework to increase detection accuracy. Moreover, a novel mixture of a 

nonparametric regional model and a parametric pixel-wise model is proposed to 

estimate the background colour distribution.   

2.1.8 Deep Learning-based Background Modelling 

Deep Learning is an extension of machine learning. It attempts to build a high-level 

abstract model from the given mass data. Compared with shadow learning models such 

as support vector machines (SVM), boosting, and maximum entropy methods, deep 

learning can yield more accurate data models. Deep Learning-based image recognition 

has become a hot research topic.  

A background modelling method based on self-organization via artificial neural 

networks is proposed in [35] to handle complex scenes including moving backgrounds, 
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gradual illumination variations, and camouflage. Simultaneously, a spatial coherence 

variant to such an approach is proposed to enhance robustness against false detections 

and a fuzzy model is formulated to deal with decisions. The proposed method has no 

bootstrapping limitations and can be included into the background model shadows cast 

by moving objects.  

Zhang et al. train the convolutional networks (CNNs) with a structured loss that 

explicitly penalizes the localization inaccuracy, and propose a search algorithm based 

on Bayesian optimization [36]. A simple and scalable algorithm that combines multiple 

low-level image features with high-level context is presented to improve the mean 

average precision (mAP) of detection[37].The high-capacity CNNs are applied to 

bottom-up region proposals to form a region-based convolutional network(R-CNN), and 

then localize and segment video objects. The pre-trained data are supervised for an 

auxiliary if the labelled training data are insufficient.  

As a clean and fast update of R-CNN and SPPnet, a fast region-based convolutional 

network method (FRCNN), which can efficiently classify object proposals using deep 

convolutional networks for object detection, is proposed in [38]. The fast R-CNN has a 

higher mean average precision (mAP) than the R-CNN and the SPPnet, and it only 

needs a single stage training by using a multi-task loss. Furthermore, disk storage is not 

required for feature caching. Ren et al. design a region proposal network (RPN) that 

shares full-image convolutional features with the detection network, thus enabling 

nearly cost-free region proposals [39]. The RPN is trained end-to-end to generate 

highquality region proposals, which are used by Fast R-CNN for detection. In addition, 

the RPN and the Fast R-CNN are merged into a single network by sharing their 

convolutional features.  

A background subtraction algorithm based on spatial features learned from 

convolutional neural networks (ConvNets) is studied for target segmentation [40]. The 

proposed background model is used to reduce to a single background image. Meanwhile, 

a scene-specific training dataset is exploited to feed ConvNets to determine how to 

subtract the background from an input image. Kang et al. present a fully convolutional 

neural network (FCNN) that uses one-by-one convolution kernels to replace the fully 

connected layers in CNN for crowd segmentation [41]. The whole images are taken as 

https://arxiv.org/find/cs/1/au:+Zhang_Y/0/1/0/all/0/1


 

23 

 

the inputs of FCNN and the segmentation maps are directly output by one pass of forw-

ard propagation. In addition, multi-stage deep learning based on FCNN is presented to 

integrate appearance and motion cues. 

2.2 Video Target Representation Based on Feature 

Descriptors 

Video target modelling or representation based on feature descriptors plays highly 

important role in video tracking systems. The robustness and precision of target models 

depend on the selection and extraction of distinctive features.  

A feature descriptor is an algorithm that takes local image features as input, and 

generates encoded feature descriptions such as binary codes and feature vectors. Feature 

descriptors are adopted to differentiate one feature from another. The information-of-

interest encoded into feature descriptors should be invariant to different perspectives. A 

good feature descriptor should provide a high detection rate from over 0.95 and a low 

false positive rate under 0.05. To be specific, good feature descriptors should have the 

characteristics of repeatability, robustness, locality, rotational and scale invariance, 

illumination invariance, and viewpoint insensitivity. However, in practical applications, 

feature descriptors can hardly possess all the above-mentioned characteristics. Usually, 

a specific feature descriptor is designed for one or several specific scenarios or 

applications. The keypoint descriptor and the region descriptor are two commonly used 

feature descriptors in the field of computer vision. 

Feature descriptors can be classified into low-level feature descriptors, mid-level 

feature descriptors, and high-level feature descriptors according to the hierarchy of 

features.  

2.2.1 Low-level Feature Descriptors 

Low-level features mainly refer to visual features, such as colour (grey), statistical 

histograms, texture features, contour, corner point, edge and regional distribution. 

(a) Image keypoint descriptors 
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Image keypoints, or points-of-interest as they are called, can be spatial locations or 

predefined interesting and salient points of images. Keypoints should maintain consist-

ency no matter how the image changes. It means keypoints should be invariant with res-

pect to translation, rotation, scaling, deformation, and illumination changes. Scale invar-

iance and orientational invariance are two basic requirements to form robust keypoint 

descriptors. To strengthen the scale invariance of keypoint descriptors, the image is de-

composed into multiple scales. The points-of-interest for each scale are extracted and 

combined together to produce the final output. The general approach for obtaining the 

orientation of keypoints is to search the neighbouring pixels of keypoints and to figure 

out the orientation of pixels or corresponding patches.  

Researchers have been making great efforts to extract robust keypoints with the 

aforementioned merits. A robust object recognition system based on scale invariant 

feature transform (SIFT) is introduced in [42]. The direction of the first peak of the 

gradient histogram is considered as the main direction of feature points. If the second 

peak is greater or equal to 80% of the first peak, its direction is regarded as the main 

direction as well. In such a case, the cost of computation will increase. The SIFT 

descriptor is identified as the most resistant to image deformations and can easily be 

extended to a wide range of different feature types, as shown in Figure 2.3. Nevertheless, 

the algorithm efficiency is unable to meet real-time requirements. 

   
(a) Image resolution: 352 288                         (b) Image resolution: 768 576  

Processing speed: 13 fps                                        Processing speed: 5fps 

     (Dataset URL: http://www.openvisor .openvisor.org                       (Dataset URL:ftp://ftp.cs.rdg.ac.uk/pub) 

                        /video_details.asp? idvideo=112)                                     

Figure 2.3: Efficiency of the SIFT feature descriptor 

Sukthankar et al. propose a more distinctive and robust local feature descriptor 

called PCA-SIFT to represent video objects [43]. The proposed descriptor encodes the 
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salient aspects of image gradients and applies principal component analysis (PCA), 

instead of smoothly weighted histograms, to normalize gradient patches. PCA extracts 

principal features from a two dimensional dataset to find orientations of video targets. A 

PCA-based local descriptor is more distinctive and robust against image deformations, 

and more compact and accurate than the standard SIFT descriptor.   

A considerably faster approximation of the well-known SIFT is proposed in [44]. 

Efficient data structures are employed for both the detector and the descriptor. An 

integral image is adopted to considerably speed up the detection of regions-of-interest 

for scale space computation. In addition, an integral orientation histogram is used to 

accelerate orientation of histograms-based descriptors. Compared with other traditional 

methods, the fast-SIFT can speed up the computation by a factor of eight at the cost of 

slightly decreased matching and repeatability performance. 

Edward et al. propose an efficient corner detector based on features from 

accelerated segment test (FAST) in [45]. The FAST corner detector employs a circle 

with 16 pixels labelled from one to sixteen to classify whether a candidate pixel is a 

corner point. If all the neighbouring pixels have bigger intensities than the candidate 

pixel plus a threshold, or have smaller intensities than the candidate pixel minus a 

threshold, the candidate pixel can be regarded as a corner point. The FAST descriptor 

based corner detector is much faster than other conventional corner detectors, as shown 

in Figure 2.4. Nevertheless, if the image has a quite small PSNR, the proposed corner 

detector has a weak performance in robustness. 

  
(a) Image resolution: 384 288                         (b) Image resolution: 768 576  

                     Processing speed: 125 fps                                      Processing speed:  25fps 

  (Dataset URL: http://groups.inf.ed.ac.uk /vision/caviar/caviardata1/)    (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/)                       

Figure 2.4: Efficiency of the FAST feature descriptor 
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Bay et al. present a fast and performant interest point detector and descriptor called 

speeded-up robust features (SURF) [46]. The integral images drastically reduce the 

operation number for simple-box convolutions, which are used to boost the descriptor. 

As well as this, the Hessian approximation is introduced to further speed up the detector. 

The summed Haar wavelet components-based SURF descriptor gives a satisfactory 

performance in repeatability, distinctiveness, and robustness. The SURF feature 

descriptor is an approximation of SIFT but has better efficiency. As can be seen from 

Figure 2.5, the SURF descriptor has a real-time processing frame-rate in the presence of 

low-resolution image frames.  

  
             (a) Image resolution: 640 480                                    (b) Image resolution: 768 576   

                   Processing speed: 15 fps                                                 Processing speed: 10 fps      

 (Dataset URL:https://www.mpi-inf.mpg.de/departments/com           (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/)                       

puter-vision-and-multimodal-computing/software-and-datasets/)                                     

Figure 2.5: Efficiency of the SURF feature descriptor 

A new coding scheme, called directional binary code (DBC), is proposed in [47] to 

efficiently capture the directional edge information in near-infrared (NIR) images for 

face recognition. Calonder et al. propose binary robust independent elementary features 

(BRIEF) to represent image patches as binary strings [48]. The binary strings-based 

feature descriptor is able to discriminatively represent objects by using relatively few 

bits. The BRIEF descriptor is neither orientation-and-scale invariant nor robust against 

noise, but outperforms BRISK and ORB descriptors in illumination changes. 

Rublee et al. introduce a very fast binary descriptor called oriented FAST and 

rotated BRIEF (ORB) in [49]. Actually, the ORB descriptor fuses FAST and BRIEF 

descriptors by introducing many modifications to enhance the feature description. 

Firstly, the FAST descriptor is used to find all keypoints, and the Harris corner detector 

is applied to find the top N keypoints among them. The proposed descriptor is much 
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faster than SIFT and SURF descriptors. Besides this, the patch matching, instead of 

pixel matching, is adopted to further accelerate the descriptor and to improve the 

resistance to noise. The ORB descriptor is efficient, as shown in Fig. 2.6 and 

comparable to the FAST descriptor, although it is not scale-invariant. 

   
               (a) Image resolution: 640 480                                 (b) Image resolution: 768 576  

                       Processing speed: 66 fps                                             Processing speed: 58 fps        

 (Dataset URL:https://www.mpi-inf.mpg.de/departments/com           (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/)                       

puter-vision-and-multimodal-computing/software-and-datasets/)                                     

Figure 2.6: Efficiency of the ORB feature descriptor 

Leutenegger et al. present a binary-robust-invariant-scalable keypoints (BRISK) 

descriptor [50]. Unlike other descriptors, the BRISK descriptor employs a hand-crafted 

sampling pattern, and utilizes the Gaussian filter to smooth a small patch around the sa-

mpling point.The BRISK descriptor has a fundamental performance of rotational 

invariance and it outperforms the BRIEF descriptor in the presence of complex scen-

arios, but is slightly weaker than the ORB descriptor. The processing result is illustrated 

in Figure 2.7. 

   
(a) Image resolution: 768×576                            (b) Image resolution: 384×288 

Processing speed: 35 fps                                        Processing speed: 100 fps  

             (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/)                       (Dataset URL: http://groups.inf.ed.ac.uk/vision 

                                                                                                                           /caviar/caviardata1/)             

Figure 2.7: Efficiency of the BRISK feature descriptor 
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A novel keypoints descriptor inspired by the human visual system and more 

precisely the retina, called fast retina keypoints (FREAK) is discussed in [51] to make 

descriptors more efficient and compact but remaining robust to scale, rotation and noise. 

Image intensities over a retinal sampling pattern are efficient when compared with 

computing a cascade of binary strings. 

(b) Region detectors 

Region detectors provide a complementary description of image structures and can 

detect areas which are too smooth to be detected by corner detectors. Good region 

detectors should be robust in the presence of variable perspectives, blurring images 

(out-of-focus), camera jitter, uncertain noise, and illumination changes. 

Matas et al. propose affine- invariant stable maximally stable extremal regions 

(MSER) for efficient and practical detection [52]. Meanwhile, a new robust similarity 

metric is presented for establishing tentative correspondences. The robustness ensures 

that the invariants from multiple measurement regions are significant and contribute to 

establishing tentative correspondences. However, the speed of the MSER descriptor is 

quite low, as shown in Figure 2.8. 

   
(a) Image resolution:768×576                        (b) Image resolution: 384×288 

                         Processing speed: 4 fps                                            Processing speed: 14 fps 
            (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/)                       (Dataset URL: http://groups.inf.ed.ac.uk/vision 

                                                                                                                           /caviar/caviardata1/)             

Figure 2.8: Efficiency of the MSER feature descriptor 

 A new structure-based region detector called principal curvature-based region 

(PCBR) detector that detects stable watershed regions within multi-scale principal 

curvature images is presented for object class recognition [53]. A principal curvature 

image combined with a greyscale morphological close operation and a new eigenvector 

flow hysteresis threshold are used to detect robust watershed regions. The maximally 
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stable regions across consecutive scales are selected as the robustness across scales. The 

proposed PCBR mainly detects distinctive patterns distributed evenly over objects and 

shows significant robustness against local perturbations and intra-class variations.  

A regional contrast-based object detection algorithm that simultaneously evaluates 

global contrast differences and spatial weighted coherence scores is proposed to 

automatically estimate salient regions across images without any prior assumption or 

knowledge of the corresponding scenes [54]. Full-resolution and high-quality saliency 

maps are generated to initialize a novel iterative for high quality unsupervised salient 

object segmentation. The proposed algorithm is efficient and somewhat scale-invariant. 

A relation-augmented image descriptor (RAID) is presented to describe the spatial 

relationship between image regions [55]. Region-to-region relations are encoded as the 

spatial distribution of point-to-region relationships between two image regions. The 

proposed descriptor is able to retrieve sketches based on minimal training data and to 

extract nontrivial images with complex inter-region relations.  

(c) Optical flow descriptor 

Dalal et al. introduce a histogram of oriented gradients (HOG)  for target detection 

[56]. The HOG descriptor utilizes intensity gradients and edge directions to describe 

local regions of targets. Firstly, the pre-processed image is divided into rectangular 

blocks, each of which is composed of cells, as shown in Figure 2.9(a). Secondly, the 

normalized contrast of the overlapping blocks is adopted to improve the detection 

accuracy. Finally, the gradients of pixels in the blocks are computed and the weighted 

votes of cells are achieved. The HOG feature vectors are extracted and fed to a linear S-

VM to classify the video target, as shown in Figure 2.9(b). 

 
        (a)Block and Cell                     (b) Block vectors                  (c) Histogram of gradients 

Figure 2.9: HOG descriptor and feature vectors 

https://en.wikipedia.org/wiki/Object_detection
https://en.wikipedia.org/wiki/Object_detection
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            (a) Image resolution: 768 576                                  (b) Image resolution: 1920 1080  

        Processing speed: 7fps, CPU usage: 24 %                 Processing speed: 1fps, CPU usage: 28% 

  
               (c) Image resolution: 768 576                                 (d) Image resolution: 360 288  

               Processing speed: 6fps, CPU usage: 24%            Processing speed: 24fps, CPU usage: 20%      

   ((a,c) dataset  URL:ftp://ftp.cs.rdg.ac.uk/pub/) , (b,d) URL: http://www.ee.cuhk.edu.hk/~xgwang/MITtraffic.html)                                           

Figure 2.10: Efficiency of the HOG descriptor 

The HOG descriptor is insensitive to illumination changes and suitable to detect rigid 

targets. However, the computation based on CPU is expensive, as shown in Figure 2.10. 

Therefore, GPU-based computing platforms are preferred. The aforementioned feature 

descriptors and region detectors are summarized in Table 2.1. 

Table 2.1: Performance comparisons of feature descriptors 

Descriptor 

(Detector) 
Detection Type 

Scale 

Invariance 

Rotation 

Invariance 

Efficiency(CPU) 

(FPS) 

Binary 

Descriptor 

FAST Corner(keypoints) No No 22~28 No 

SURF  Region(Blob) Yes Yes 10~15 No 

SIFT Corner(keypoints) Yes Yes         5~10 No 

BRISK Corner(keypoints) Yes Yes 33~38 Yes 

BRIEF Corner(keypoints) No No 25~30 Yes 

ORB Corner(keypoints) No Yes 55~60 Yes 

FREAK Corner(keypoints) Yes Yes 15~20 Yes 

MSER Region Yes No 4~8 No 

PCBR Region Yes No 10~15 No 

GCBSR Region Yes Yes 12~15 No 

RAID Region Yes No 9~14 No 
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HOG Optical flow No No 7~10 No 

2.2.2 Mid-level Feature Descriptors 

A number of low-level features are transformed into a medium complex 

representation, namely mid-level feature, for video targets by coding and pooling. A 

new and effective scheme that mines relevant patterns of local compositions of densely 

sampled low-level features is presented to extract mid-level features [57]. The local 

histogram information is preserved; and the most relevant set of frequent local 

histograms (FLHs) patterns with reduced size are selected for classification in the 

proposed method.  

Gordo et al. propose local mid-level features learnt by leveraging character 

bounding box annotations on a set of training images to address the problem of image 

representations [58]. The cropped image is exploited to find a descriptive, robust, and 

compact fixed-length image representation, on which the machine learning techniques 

are supplied to produce models for recognition. Local mid-level features are aggregated 

to produce a global word image signature in the proposed method. 

A novel approach that uses supervised mid-level information in the form of hand 

drawn contours to learn and detect local contour-based representations for sketch tokens 

is proposed in [59]. In addition, a random forest classifier is used for efficient detection 

in novel images and the manually generated contours are clustered to form sketch token 

classes. Moreover, the complementary information provided by sketch tokens is 

combined with low-level features to further improve detection accuracy. 

Li et al. propose a new framework that does not learn many convolutional features 

during the unsupervised feature learning process, and only use a few parameter settings 

to represent mid-level features [60]. In the presented method, an unsupervised feature 

learning mechanism called sparse auto encoder (SAE) is exploited to learn a relatively 

small number of convolutional features from input datasets. Also, global low-level 

feature descriptors such as histogram moments, mean, variance, and standard deviation 

of pixels are adopted to build mid-level feature representations. 
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2.2.3 High-level Feature Descriptors 

High-level features refer to semantic features, such as shape context, human actions 

and behaviours, body gestures, and facial expressions. High-level features are mostly u-

sed in machine learning to realize interpretation or classification of video targets. A hu-

ge number of samples are pre-trained by the learning system to recognize or classify tar-

gets. The image sequence with unknown targets is taken as an input of the classification 

system to determine the classification of targets and to locate a region of interest where 

an action is detected. 

P. Szwed et al. design an event recognition system that uses fuzzy ontology and 

fuzzy semantic Petri net (FOSPN) to establish a complete processing chain from the 

extraction of low-level features to the generation of high-level semantic features [61]. 

The fuzzy theory-based method allows coping with imprecise information caused by 

image analysis algorithms. 

A multi-target video tracking system that exploits a geometric shape co-tracking 

strategy is introduced in [62]. Video targets are decomposed into geometric shapes 

located on the body and head parts based on reasonable target geometry. Furthermore, 

features-of-interest are selected from decomposed geometric shapes to track targets 

through the intersection of occlusions. In addition, the image projection histogram and 

the ellipsoid model are employed to maintain the decomposed geometric shapes for 

video targets.  

A novel pooling scheme that encodes the second-order statistics of local descriptors 

inside a region is proposed [63]. Max-pooling and multiplicative second-order analog-

ues are exploited to avoid any type of feature coding. In addition, the enriched local des-

criptors with additional image information combined with the proposed pooling metho-

dology can achieve large performance gains. The second-order pooling performed on 

the free-form region yields better results than other state-of-the-art semantic 

segmentation approaches. 
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2.3 Multi-target Real-time Video Tracking  

 A novel online learning approach based on recurrent neural networks (RNNs) is 

proposed to realize multi-target video tracking under complex scenarios [64]. In [65] a 

novel parameterization of the data association problem is investigated for multi-target 

tracking. A particle filter combined with JPDA to track multiple targets is presented in 

[66]. However, the performance of the proposed algorithm depends on the target nu-

mber, which makes it impractical in MTVT systems. In [67] online multi-target tracking 

is formed as the problem of decision making in Markov decision processes (MDPs). In 

[68] the color and Hu moments features from the motion segmented object blob are 

extracted to establish object associations based on Chi-Square dissimilarity measure and 

nearest neighbor classifier for multi-target tracking. 

Tracking-by-detection has proven to be the most successful strategy to fulfill the 

task of multi-target tracking in unconstrained scenarios. A novel pedestrian tracking 

framework that combines detection and tracking is proposed to improve hypotheses for 

position and articulation of each person in several subsequent frames and to allow 

detecting and tracking multiple people in cluttered scenes with reoccurring occlusions 

[69]. Also, the hierarchical Gaussian process latent variable model is established to 

represent the prior knowledge with respect to possible articulations and temporal 

coherency within a walking cycle. 

Riahi et al. introduce a robust online multiple objects tracking approach based on 

multiple features to solve challenging tracking problems such as long-term and heavy 

occlusions, and similarity between target appearance models [70]. A multi-feature 

fusion scheme that chooses a colour model, a sparse appearance model, a motion model 

and a spatial information model is employed to build a robust appearance model. In 

addition, a linear affinity function that integrates similarity scores from each feature is 

calculated to select the most matched candidate target. 

A sparse collaborative model-based object tracking algorithm that adopts both 

global templates and local representations to account for drastic appearance changes is 

proposed in [71]. Besides this, a sparse discriminative classifier (SDC) which separates 
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the foreground from the background based on global templates is presented. A sparse 

generative model (SGM) that takes the spatial information of each local patch into 

consideration is developed as well. Moreover, the original templates and the latest 

observations are updated simultaneously to effectively deal with appearance changes 

and alleviate the problem of tracking drift.  

Multi-target tracking based on a multi-feature joint sparse representation is pro-

posed in [72]. The pixel values, textures, and edges are exploited to build the templates 

for the sparse representation. The multi-object tracking problem is simplified as a joint 

Bayesian inference. Sparse weighted constraints are exploited to dynamically determine 

the relevant templates from the set of templates. The weights of different features are 

adaptively adjusted by a variance ratio measure. The multi-feature joint sparse 

reconstruction-based occlusion handling scheme is investigated for multi-object track-

ing.  

A multi-target tracker that exploits low-level image information and associates 

super-pixels with targets is proposed in [73] to obtain a video segmentation. Meanwhile, 

a unified CRF model is presented for joint tracking and segmentation of multiple 

objects in challenging video sequences. Besides this, image evidences of partially 

occluded objects are exploited to significantly increase the number of the recovered 

trajectories in crowded sequences and to obtain the credible segmentation masks.  

A multi-target tracking system combines asynchronous HOG detections with 

simultaneous KLT tracking and Markov-Chain Monte-Carlo data association is 

presented in [74] for a stable and accurate head-location estimation. The errors of data 

associations are corrected and the gaps caused by the missed observations are filled by 

performing data association over a sliding window of frames. The proposed approach 

based on multi-threaded techniques and a Minimal Description Length (MDL) objective 

is executed to realize precise location estimates for crowded pedestrians.  

A greedy algorithm that incorporates integer linear programming (ILP) formulation 

is proposed in [75] for real-time multi-object tracking. To estimate multi-tracks in the 

current frame, the tracks formed in the previous frames are simply performed to 

determine whether the existing tracks are continuous or new tracks. The costs of tracks 

can be updated every frame due to the greedy manner of the algorithm. New tracks are 
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estimated at the cost of affordable computation. 

An improved Gaussian mixture probability hypothesis density (GM-PHD) tracker 

with weighted penalization is proposed to effectively and accurately track multiple 

moving targets [76]. An entropy-based intensity estimation scheme is employed firstly 

to eliminate false positives as well. In addition, a multi-feature fusion with weighted 

penalization is incorporated to accurately track targets. Moreover, a weighted matrix 

that contains updated weights between measurements and target states, and a robust 

game-theoretical method are introduced for tracking with occlusions.  

Tang et al. propose a multi-target tracking framework that jointly links and clusters 

plausible detections across space and time [77]. The multi-target tracking is regarded as 

a minimum cost sub-graph multi-cut problem in the presented method. In addition, the 

evidence with respect to detection hypotheses is integrated to facilitate a long-range re-

identification and intra-frame even the detections have existed in the historical frames.  

 An information-weighted, consensus-based, and distributed multi-target tracking 

algorithm called multi-target information consensus (MTIC) is designed in [78] to 

address the naivety and data association problems. The proposed MTIC and its extended 

methods are able to converge to a centralized minimum mean square error. 

An alternative formulation of multi-target tracking as minimization of a continuous 

energy is proposed in [79] to reduce the large space of possible trajectory hypotheses to 

a finite size. Unlike traditional approaches, such as data driven and regular discretiza-

tion, the proposed algorithm aims to design an energy distribution corresponding to a 

more complete representation rather than a global optimization. The energy function ta-

kes physical constraints such as target dynamics, mutual exclusion, and track persiste-

nce into account. A suitable optimization scheme that alternates between the continuous 

conjugate gradient descent and the discrete trans-dimensional jump is designed to 

search for strong local minima of the non-convex energy. 
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3 
Video Target Automatic Detection and 

Segmentation  

 

3.1 Overview 

Video target detection is the process of finding targets-of-interest (TOI) such as 

pedestrians, vehicles, and animals in image frames or video sequences. The final aim of 

video detection is to find the localisations and regions (contours) of video targets. 

Moving targets or short-term static targets can be viewed as foreground in video 

sequences from static cameras. Long-term stationary targets of which the colour and 

intensity could vary over time are regarded as background. Thus, video target detection 

can be converted to a foreground segmentation problem under static cameras. Robust 

and discriminative features are extracted based on the accurate target localisation and 

region for target modelling and trajectory updating. A good video tracking framework 

should be efficient, accurate, and robust. The tracking efficiency mainly depends on 

how fast the target can be found and identified. The tracking accuracy relies on the 

accuracy of target detection and matching. The reliability of tracking algorithms 

determines the robustness of video tracking. Thus, a high-performance target detection 

method contributes greatly to a real-time and reliable video tracking. 
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In this chapter, an automatic target detection and segmentation method that ensures 

both the efficiency and the accuracy is presented. Firstly, the Canny edge detector and 

the simplified multi-scale wavelet decomposition are exploited to simultaneously obtain 

the edge of targets. Secondly, a three-consecutive-difference approach is introduced to 

quickly locate video targets. After that, an efficient background modelling method 

based on improved Gaussian mixture models (IGMMs) is investigated to implement 

background subtraction (BGS) and to segment the foreground. In addition, fast 

morphological operations and eight-pixel contour searching are performed to obtain a 

connected and clean contour. Finally, the performance evaluation of our proposed 

automatic detection method is given. 

3.2 Target Edge Detection Based on the Canny Edge 

Detector 

The Canny edge detection aims to satisfy three performance indicators: low error 

rate, good locating ability, and minimal response. Thus, non-edge pixels will not be 

processed. The detected pixels are in close proximity to the real edge pixels, and only 

one detector responds to each edge. The entire detection procedure includes three main 

steps. Firstly, Gaussian smooth filtering is adopted to implement noise suppression. Th-

ereafter, the gradients of pixels are calculated and the non-maxima parts are restrained. 

Finally, a double-threshold method is exploited to extract and connect single pixel wide 

target contours [80]. The target detection based on the Canny operator is shown in Alg-

orithm 3.1. 

Algorithm 3.1: Edge detection based on the Canny operator 

Input: srcImg is the source image, lowThreshold and highThreshold are the two thresholds for 

edge determination;  

Output: the processed image. 

01: Procedure CannyEdge (Input1 srcImg, Input2 lowThreshold, Input3 highThreshold, 

Output &outImg) 

02:   removeNoise (srcImg, outImg); //remove the noise of image. 

03:   getGreyImage (outImg); // Greyscale processing 

04:   getHorizontalGradients (outImg); //Sobel horizontal gradients  
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05:    getVerticalGradients (outImg); //Sobel vertical gradients  

06:    calGradientDirection; //calculate the direction of gradients, four possible directions  

07:    calGradientStrength; //calculate the strength of gradients 

08:    supressNonMaximum; // non-maximum gradients are suppressed and remain thin edges 

09:   edgeSelection (lowThreshold, highThreshold); // if the gradient strength of a pixel is larger 

than the highThreshold, then the pixel is accepted as an edge pixel; else if the strength is less than 

the lowThreshold, the pixel will be discarded. 

10:    return outImg; 

11:  return; 

3.3 Edge Detection Based on Fast Multi-scale Wavelet 

Decomposition 

Wavelet transform can be viewed as a linear combination of operators which are 

applied to represent the different scales and to extract edge information with different 

levels [81]. Wavelet transform-based edge detection methods have good performance in 

detection accuracy and noise immunity. Given a time-domain signal 2( ) ( )f t L R , the 

wavelet transform of ( )f t can be given by 

*1
( , ) ( ) ( )

t b
F a b f t dt

aa







                                        (3.1) 

where ( )t is the wavelet basis (mother wavelet), *( )t is the corresponding complex c-

onjugate form, and ( )t  holds the following constraints: 
2

2

2

( ) ( )

( ) 1

( ) 0

t L R

t dt

t t dt















 

 








                                                   (3.2) 

The parameters „a‟ and „b‟ respectively represent the scaling factor and the time transla-

tion. To facilitate computer programming, a discrete wavelet transform, which is based 

on the scaling factor „a‟ and the translation parameter „b‟ instead of time variables, is e-

xploited. In addition, to simplify the calculation and boost the efficiency of the wavelet 

transform, the scaling factor and time translation are both set as a multiple of 02
P N

P . 

Also, the wavelet basis is shifted and scaled by the power of two. The discrete wavelet 

function is given by  
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1 1
( , ) ( )

22
pp

W p q q                                             (3.3) 

The discrete wavelet transform coefficient 

1 1
( , ) ( ) ( )

22
pp

C p q f t q dt





                                     (3.4) 

Usually, the discrete wavelet transform is implemented by filter banks in the field 

of edge detection. A digital image is simultaneously decomposed into high-frequency 

and low-frequency coefficients by respectively using high-pass and low-pass quadrature 

mirror filters [82]. The high-frequency part represents sharp grey variations in small 

areas, namely, the edge information. Conversely, the low-frequency part has a gradual 

transition in grey intensity and represents the main body frame of video targets. The 

core idea of multi-scale (multi-resolution) image edge detection is to use edge operators 

with different scales to detect the pixels which have the maximum modulus. If ( , )f x y

represents a digital image, the image can be decomposed via wavelet transform into four 

parts: (1) horizontal low frequency and vertical low frequency ( , )p

LLf x y , (2) horizontal 

low frequency and vertical high frequency ( , )p

LHf x y ,(3) horizontal high frequency and 

vertical low frequency ( , )p

HLf x y , and (4) horizontal high frequency and vertical high 

frequency ( , )p

HHf x y . The schematic of multi-scale wavelet decomposition for digital 

image is shown in Figure 3.1.  

( , )f x y

1 ( , )LLf x y
1 ( , )LHf x y 1 ( , )HHf x y

1 ( , )HLf x y

2 ( , )LLf x y

2 ( , )HLf x y 2 ( , )LHf x y
2 ( , )HHf x y

3 ( , )LLf x y3 ( , )HLf x y 3 ( , )LHf x y 3 ( , )HHf x y
 

Figure 3.1: Schematic of the multi-scale wavelet decompose 

To boost the decomposition efficiency and facilitate programming, a fast multi-

scale wavelet decomposition method is introduced, as shown in Figure 3.2. 
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Figure 3.2: Block diagram of the fast multi-scale wavelet decomposition 

3.4 Consecutive-frame Difference Method 

The consecutive-frame difference method can efficiently detect moving targets, and 

even the background experiences a short-time drastic change [83]. Two-consecutive-

frame difference and three-consecutive-frame difference are the two most commonly 

used frame difference methods.  

A) Two-consecutive-frame difference 

The two-consecutive-frame difference method is to calculate the difference value 

between two consecutive frames 1kI   and kI  , as shown in Figure 3.3 (a). The detected 

areas originate from the „OR‟ operation of the two frames. Two-consecutive-frame 

difference is insensitive to background variations; even the background undergoes a 

short-time drastic change. But the disadvantages are obvious as well: if the overlapping 

regions in the two consecutive frames have similar colour distributions, the difference 
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operation and the threshold processing will form holes, as shown in Figure 3.3 (b, c). In 

addition, two-consecutive-frame difference will also lead to the expansion of detection 

regions. 

   
(a)  Three consecutive frames               (b) Two-consecutive-frame difference 

   
(c) Two-consecutive-frame difference           (d) Three-consecutive-frame difference 

 Figure 3.3: Three-consecutive-frame difference  

B) Three-consecutive-frame difference 

Three-consecutive-frame difference is similar to two-consecutive-frame difference. 

Actually, it is to execute two-consecutive-frame difference twice as follows:  

                       1 1k kI I I                                                           (3.5) 

                          2 -1 -2k kI I I                                                          (3.6) 

The monochrome image, which contains the detected regions, can be represented by 

 4 1 1 2
) )2 ( 2 (

k k k k
m bw mBW I I I IbI Iw

  
                             (3.7) 

where the notation 2 ( )Im bw  represents a thresholding operation. 2 -1, ,k kI I and kI are three 

consecutive frames. The final detected result  4BW  is the „AND‟ operation of 1I  and

2
I , as shown in Figure 3.3 (d). Three-consecutive-frame difference is insensitive to 

illuminance changes and it is robust against scenario changes. In addition, three-con-

secutive-frame difference-based target detection has a good performance in efficiency 

and is able to greatly restrain the expansion of detection areas and to remove parts of 

holes which are inevitable due to two-consecutive-frame difference. Fortunately, most 

holes can be removed by the aid of morphological image processing.  
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3.5 Background Modelling Based on Improved 

Gaussian Mixture Models 

Background subtraction (BGS) is another highly efficient target detection method. 

In the case of a static camera, the foreground can be easily segmented by performing 

BGS. The background is vulnerable to ambient factors such as illumination changes and 

various noises. Hence, dynamic background updating is absolutely necessary for BGS. 

Background extraction is divided into manual extraction and automatic extraction. Ma-

nual extraction refers to extracting the background manually when no target moves in 

the scene. In real-world applications, the ambient illuminance and the video scenario m-

ay change irregularly. It is neither practical nor convenient to obtain such a „clean‟ 

background without any video targets when the detection system is running. Thus, 

automatic background extraction is a good option to conveniently achieve the latest 

background by using real-time background segmentation and updating algorithms.  

In this section, a background modelling method based on improved Gaussian 

mixture models is investigated to extract the most up-to-date background. The Gaussian 

model is categorized as a single Gaussian model (SGM) and Gaussian mixture models 

(GMM).The probability density function of a d-dimensional vector 1 2( , ,..., )T

dX x x x

with a Gaussian distribution [84] can be given by 

 2 2 1

/2

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

(2 ) 2

T

d
f X X X    

 

 
    

 
                      (3.8) 

where   is the mean or the expectation of the distribution,  is the standard deviation,

2 is the diagonal covariance matrix of the Gaussian distribution. If the dimension d is 

equal to one, the probability density function of a Gaussian stochastic process [85] is 

given by   

2 2 1

1/2

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

(2 ) 2

Tf X X X    
 

 
    

 
                   (3.9) 

In SGM, it is clear whether the training samples belong to the Gaussian model or 

not. Thus, the mean   can be replaced by the sample mean, and 2 can be represented 

by the sample variance. The probability distribution with an arbitrary shape can be 

https://en.wikipedia.org/wiki/Expected_value
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represented by Gaussian mixture models [85]. Given a mixture of Gaussians, the 

probability density function is defined as: 

 2

1

( ) ( | , )
M

j j j

j

p X w f X  


                                                (3.10) 

where ,j jw  ,and j  are respectively the mean, the weight, and the standard deviation,  

of the jth Gaussian component. M is the number of Gaussian components. All of the M 

weights are positive and sum-to-one constrained. The jth Gaussian component can be 

given as:  

2 2 1

1/2

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

(2 ) 2

T

j j j j j

j

f X X X    
 

 
    

 
                  (3.11) 

The parameters of a Gaussian distribution are unknown and need to be estimated. For a 

sample 1 2{ , ,..., }nX x x x  drawn from the Gaussian distribution 2( , )N   , the maximum 

likelihood estimation can be used to achieve the approximate values of the parameters   

and 2 . The log-likelihood function can be represented by 

 
 2 2

2 1
ln

ln(2 ) ln ( )

( , )
2

n

i

i

n x

L

   

  

  

 


                               (3.12) 

The maximum likelihood estimation is expressed as: 
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                                              (3.14) 

The sample mean ̂  is a uniform minimum variance estimation and is normally 

distributed, such that, 

 
2ˆ ( , / )N n                                                   (3.15) 

Let 
2( , , )j j jw    represent the parameters of the jth Gaussian, 1 2( , ,..., )T

M   

represent the parameters of GMM. Given a sample set 1 2{ , ,..., }nX x x x  with an 

unknown distribution, the problem is how to determine the parameters of GMM to fit 

the sample set. The maximum likelihood function ( | )p X  with regard to the parameters 

of GMM can solve this problem. Expectation maximization (EM) is an effective 

approach to calculate the maximum likelihood [86]. The EM method includes multiple 

iterations, each of which has two phases: estimate the joint distribution and maximize 
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the joint distribution. The parameters of GMM are iteratively updated. If the distance 

between two maximum likelihoods is less than a threshold, the iteration of EM will be 

terminated. The Euclidean distance between parameters of any two adjacent iterations 

can be used as a termination criterion as well. The log likelihood function of the sample 

set X  can be defined as [87]: 

2

1 1

( | ) log ( | , )
n M

j j j j

i j

L X w N X  
 

                                   (3.16) 

Traditional GMM-based methods need to scan all pixels and to calculate the 

background probability of pixels. Each pixel in the current image frame will match with 

the components of GMM. If a pixel satisfies the matching criterion, it can be regarded 

as the background; otherwise, it belongs to the foreground. The colour or intensity of 

pixels can be regarded as a stochastic process. Thus the probability of pixels obeys a 

Gaussian distribution. Let ( , )B x y represent the intensity of a background pixel(x, y).The 

distribution of B(x, y) is Gaussian, such that, 

2( , ) ( , )B x y N                                                   (3.17) 

and the updated mean is given by 

    1( , ) ( , ) (1 ) ( , )k k kx y x y B x y                                      (3.18) 

The initialization of GMM greatly impacts the convergence of EM iterations. If the 

training data is insufficient and inaccurate, the convergence can be delayed. The worst 

case is that the GMM is non-convergent. Generally, the k-means and the LBG algorithm 

can be used to initialize the GMM. In video tracking systems, researchers propose 

GMM initialization methods by extracting pixel attributions from the first image frame. 

Actually, these methods are based on the assumption that no targets appear in the initial 

frames. However, new targets may be present in the scene at the beginning of the video 

sequence. Foreground pixels are mistaken for background pixels, which will delay the 

convergence of GMM.  

In this section, a novel GMM initialization method is proposed. The target positions 

fed back from the target management in the first five frames are used to determine back-

ground pixels. Assuming the number of targets at time k is kN , the minimum bounding 
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rectangles(MBR) of video targets are 1( ) | kN

k nR n  , the background in the frame 1kI  can be 

expressed by 

                                                
1

1 1 1

1

( )
kN

k- k- k-

n

E = I R n




                                            (3.19) 

  ( ) ( ), ( ), ( ), ( )k k k k kR n x n y n w n h n                                        (3.20) 

where ( )kx n and ( )ky n  respectively represent the horizontal and vertical coordinates of 

the left-top of the MBR; ( )kh n and ( )kh n  respectively represent the width and height of 

the MBR. The average background can be expressed as: 

1 1(1 )k k kB B E                                                      (3.21) 

where   is the updating ratio ranging from 0.05 to 0.1. The average background in the 

first five frames is 5B .Let ( , , )j x y k , ( , , )jw x y k , and 
2 ( , , )j x y k  respectively denote the 

mean, the weight and the variance of the jth Gaussian for pixel ( , )x y at time k. The 

parameters of GMM can be initialized as: 

 5( , ,0) ( )j x y B x,y                                                      (3.22) 

1
( , ,0)jw x y

M
                                                        (3.23) 

2 2( , ,0) ( 0)j jx y x,y,                                                    (3.24) 

Generally, the information-theoretic criteria, such as minimum message length 

criterion (MMLC), Akaike‟s information criterion (AIC), and Bayes information crite-

rion (BIC), are used to determine the optimum number of Gaussians [88]. To simply the 

calculation in video tracking systems, the maximum number of components is equal to 

five. In traditional GMM-based background modelling, each pixel in the image needs to 

match with the CN Gaussian components of GMM. The computational effort of the alg-

orithm increases sharply and thus the real-time performance is poor. We propose an 

efficient and accurate pixel matching algorithm, as shown in Figure 3.4.  
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Figure 3.4: Block diagram of the background modelling based on improved GMM 

Firstly, the whole image frame is divided into square meshes, as shown in Figure 3.5. 

The mesh size is proportion to the frame size. The average intensity of meshes is 

computed as well. Secondly, the target positions in the current frame are predicted by 

reference to the target positions in the previous frame. 

 
Figure 3.5:  Meshes division for IGMMs 

                                             (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

In addition, the predicted regions of targets (PRoT) are calculated. Finally, each pixel in 

the PRoT matches with the CN Gaussian components of GMM. In the meantime, the 

meshes, independent of the PRoT, are regarded as super pixels and match with the CN  
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Gaussian components of GMM. Let w and h respectively represent the width and height 

of the image frame. The width and height of a mesh can be given as:  

    
0 0,

w h
w h

 
                                                         (3.25) 

where  is the ratio of the image size to the mesh size. The number of meshes is 

 2

mN                                                              (3.26) 

The position of the ith mesh can be given by 
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where the notation „mod’ represents the calculation of the remainder, and the „floor‟ 

denotes the calculation of the largest previous integer of a real number. Let ( , , )x y k  

denote the intensity of the pixel ( , )x y at time k, then the average intensity of the ith 

mesh can be calculated as: 
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                                                     (3.29) 

Let ( )p

kR n  denote the predicted region of the nth target at time k, then 

                1 1 1 1( ) ( ) ( ) ( ) co( ) sk- k- k- k-

p

k x R xR n n n n V n t                           (3.30)     

   1 1 1 1( ) ( ) ( ) ( ) si( ) nk- k- k- k-

p

k y R yR n n n n V n t                           (3.31) 

   1 1(( )) ( ) ( )p

k k k- kw n R nR n wn                                      (3.32) 

   1 1(( )) ( ) ( )p

k k k- kh n R nR n hn                                       (3.33) 

where   is a scale factor ranging from 1.05 to 1.1; 1( )k-V n  is the velocity vector of the 

nth target at time k-1,and its argument is  ; t  is the time interval between two consec-

utive frames. The arithmetic signs of the velocity depend on the moving direction of 

targets.  
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All the pixels in the PRoT will match with the CN  components of GMM. Thus, the 

average intensities of the meshes in the PRoT do not need to be computed. The meshes 

which are intersected with the PRoT can be merged, as shown in Figure 3.6.    

 

Figure 3.6: Expanded PRoTs of IGMMs 

The expanded region of the PRoT can be calculated as: 
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                                  (3.35)  

To find out which Gaussian component generates the current average intensity of a 

mesh, we need to judge whether the mesh and the Gaussian components are matched or 

not. The components are sorted in descending order by the ratios of the weight to the 

standard deviation. The judgment criterion of matching is as follows: 

2

, 1 ,( ) ( 1) ( 1)m j m j mA k k T k                                     (3.36) 

where ( )mA k is the average intensity of the mth mesh at time k, 1T  is a threshold ranging 

from two to three, , ( 1)j m k 
 
and 

2

, ( 1)j m k  are the mean and the covariance respectivel-

y of the jth component of the mth GMM at time k-1. If the jth component of the mth G-

MM is matched with the mth mesh, then the parameters of the jth component can be up-

dated as: 

 , ,( ) (1 ) ( 1)j m j mw k w k                                              (3.37) 

, ,( ) (1 ) ( 1)j m j mk k                                                (3.38) 
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   2 2

, , , ,( ) (1 ) ( 1) ( ) ( 1) ( ) ( 1)
T

j m j m m j m m j mk k A k k A k k                         (3.39) 

 ,/ ( )j mw k                                                          (3.40) 

where   and  are two updating coefficients of parameters. The parameters of the rest 

of the Gaussian components will remain unchanged. Normalizing the weights of Gauss-

ian components as: 
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                                                 (3.41) 

If there is no Gaussian component matches with the mth mesh, the parameters of 

Gaussian components having smaller ratios of weight-to-standard deviation will be repl-

aced by a new Gaussian distribution. The number of Gaussian components being 

replaced can be calculated by 

   ,

2

1 ,

arg max
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q j j m
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                                                (3.42) 

where 2T is a threshold to determine the number of components. The parameters of the 

new Gaussian components are given as: 

                , 1( ) | ( )q

j m j mk A k                                                         (3.43) 
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                                           (3.45) 

The components are re-sorted in descending order by the ratios of weight to standard 

deviation. The Gaussian components with larger weights than a threshold will be extrac-

ted to build the mixture Gaussian background model. The number of the Gaussian com-

ponents can be calculated as: 

  , 3

1

argmin
b

b j m
b j

N w T


                                               (3.46) 

where 3T  is a threshold ranging from 0.7 to 0.85, and represents the priori probability 

that the mth mesh belongs to the background. 
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3.6 Fast Extraction of Target Contours 

In video tracking systems, a moving target is referred to as the foreground; the 

remainder of the image is the background. The target contour is a closed boundary 

between the foreground and the background. The two-dimensional edge experiences an 

obvious change in grey scale and hence can be regarded as a target contour [89]. A 

rapid and accurate contour extraction contributes to efficient and precise target detection 

and tracking.  

3.6.1 Rapid Morphological Processing 

In the process of target segmentation, the binary image produced by a single 

threshold-based method is likely to appear as holes and isolated small blobs. 

Morphological image processing relies solely on the relative order of pixel values 

instead of numerical values and is especially suited to patch holes and remove isolated 

blobs in binary images. In addition, morphological image processing contributes to 

extracting the outline and skeleton of the foreground; it includes the operations of 

dilation, erosion, opening, and closing.   

The dilation operation is to convolute a binary image with a kernel which can be a 

square of any size or a circle centred at a predefined anchor point. The kernel, also 

known as a structuring element, is a binary image and is used to scan the input image. 

The maximum pixel overlapped by the kernel is computed to replace the pixel at the 

anchor point position. Thus the dilation operation is able to enlarge the bright regions 

within an image. Similarly, the erosion operation is actually a convolution of a binary 

image and a kernel. However, the minimum pixel overlapped by the kernel is adopted to 

substitute the pixel located in the anchor point position. Therefore, the bright regions 

within an image will be shrunk. The opening procedure firstly adopts an erosion 

operation, and then follows a dilation operation. It is capable of removing the isolated 

pixels surrounding the target. Inversely, the closing process first performs a dilation 

operation, and then executes an erosion operation. The closing operation is able to 

eliminate the inner holes of targets.   
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Let B  represent a two-dimensional binary image which can be regarded as a subset of 

a Euclidean space 2 . Let S  be a square kernel, the dilation of the image B  by the 

kernel S  can be defined as: 

  ( ) | , p
p B

B S S B p q p q SB S


                                    (3.47) 

The erosion operation can be defined as: 

  | ,pSB S p B p B B S                                         (3.48) 

where B denotes the pixel-wise „NOT‟ operation (inversion) of the image B , S 

represents the reflection of S .The opening operation adopts erosion, which is then 

followed by a dilation operation, such that 

( ) B S B S S                                                    (3.49) 

The unbonded blobs which are smaller than the kernel size are filtered. The closing 

operation can be expressed as: 

 ( ) B S B S S                                                     (3.50) 

The holes in the foreground regions are smaller than the kernel size will be patched. The 

square kernels (kernel size is equal to three), as shown in Figure 3.7, are the most 

commonly used kernels in the morphological image processing.  

                                                    

  (a) Vertical kernel     (b) Horizontal kernel    (c) Crisscross kernel    (d) Skew crossing kernel     (e) 8-neighborhood 

Figure 3.7: Structuring element (Square kernel, kernel size equals to three) 

The dilation and erosion operations based on the aforementioned kernels are as shown i-

n Figure 3.8 and Figure 3.9. 

 

 
  

https://en.wikipedia.org/wiki/Subset
https://en.wikipedia.org/wiki/Euclidean_space
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(a)Original binary image                    (b) Crisscross                             (c) Horizontal 

 
   (d) Vertical                                 (e) Skew crossing                               (f) Square kernel 

Figure 3.8: Dilation operation under different kernels (single iteration), the yellow pixels are 

produced by the dilation operation 

   
(a)Original binary image                (b) Crisscross erosion                      (c) Square kernel 

   
(d) Vertical crossing                              (e) Horizontal crossing                          (f) Skew crossing 

Figure 3.9: Erosion operation under different kernels (one iteration), the green pixels are eroded 

by the erosion operation 
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The algorithms of morphological image processing are listed as follows: 

Algorithm 3.2: Morphological processing over a threshold image 

Input: srcImg is the source image (a threshold image); nIter is the number of iterations. 

Output: outImg is the processed image. 

01:  Procedure Morph_Process (Input1 srcImg, Input2 nIter, Input3 ProcType, Output outI-

mg) 

02:  if ProcType is the opening operation then 

03:  for each iteration in nIter do 

04:  perform_erode (srcImg, kSize, kernelType, & outImg); // return eroded outImg 

05:   perform_dilate (outImg, kSize, kernelType, &outImg); // return dilated outImg 

06:   end loop 

07:   else  

08:     for each iteration in nIter do 

09:         perform_dilate (srcImg, kSize, kernelType, &outImg); // return dilated outImg 

10:         perform_erode (outImg, kSize, kernelType, &outImg); // return eroded outImg 

11:      end loop 

12:    end if 

13:  return outImg; 

14:  end Procedure; 

Algorithm 3.3: Fast Dilation Processing 

Input: srcImg is the source image (threshold image); kSize is the kernel size; KernelType is the 

type of kernel such as crisscross, skew crossing. 

Output: outImg is the processed image. 

01: Procedure perform_dilate (Input1 srcImg, Input2 kSize, Input3 kernelType, Output 

outImg) 

02:  createKernelStruct (kSize, kernelType); //return morph_struct 

03:  createMorph_Filter (morph_struct); //return engine of morphological filter  

04: for each image_row in srcImg do    // start loop1, row-wise processing 

05:   scan the image_row //obtain all pixels in the line and store in memory 

06:     for each pixel in the image_row   do   // start loop2, process each pixel in the line 

07:       for each kernel_row in kernelstruct     // loop3, 

08:         for each element in kernelstruct    // loop4, iterate through all non-anchor pixels 

09:             if the element value equals to black then //the non-anchor pixel is foreground pixel 

10:             set the corresponding pixel in srcImg to black 

11:             end if 

12:          end loop4 

12:         end loop3 

13:     end loop2 

14: end loop1 

15: return outImg; 

16: end Procedure 
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Algorithm 3.4: Fast Erosion Processing 

Input: srcImg is the source image (threshold image); kSize is the kernel size. 

Output: outImg is the processed image. 

01: Procedure perform_erode (Input1 srcImg, Input2 kSize, Input3 kernelType, Output 

outImg) 

02: createKernelStruct (kSize, kernelType); //return morph_struct 

03: createMorph_Filter (morph_struct); //return engine of morphological filter  

04: for each image_row in srcImg do //start loop1, row-wise processing 

05:    scan the image _row and obtain all pixels in the row// store all pixels to the memory 

06:    for each pixel in image _row       // loop2 

07:      for each kernel_row in kernelstruct   // loop3 

08:         for each element in kernelstruct   // loop4, iterate through all non-anchor pixels 

09:           if the element value equals to white then // the non-anchor pixel is white  

10:              set the corresponding pixel in srcImg to white; //set pixel value to srcImg 

11:            end if 

12:          end loop4 

12:       end loop3 

13:     end loop2 

14:  end loop1 

15:  return outImg; 

16:  end Procedure 

3.6.2 Target Contour Extraction 

Image segmentation refers to segmenting moving objects and attaining the contours 

of connected domains [90]. Eight-neighbourhood pixel searching is an effective way to 

divide the searching direction into eight directions, as shown in Figure 3.10(a). The 

pixel „0‟ represents the current contour pixel, and its neighbouring pixels distributed at 

eight different directions from the pixel „1‟ to the pixel „8‟. 

   
    (a) Eight neighbouring                    (b) Connected domain                      (c) Contour extraction  

Figure 3.10: Target contour fast extraction 

The segmentation process is as follows: 
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(1) Get the leftmost pixel on the nethermost line of the contour of the connected 

domain, this pixel is the first pixel of the contour. 

(2) Set the first pixel as the centre pixel of the eight-neighbourhood searching. Start 

searching the neighbouring pixel in the direction of „1‟. If this pixel belongs to the 

connected domain (the colour is white), it must be the contour pixel. Otherwise, get 

the neighbouring pixel in the direction of „2‟. Similarly, if this pixel belongs to the 

connected domain, it will become a new-contour pixel. If the edge pixel still has not 

been found, then search the next neighbouring pixel. 

(3) Once a new-contour pixel is found in the direction of „i‟, the next search of contour 

pixels should be started in the direction of „i-1‟. 

(4) Repeat the third step; continue searching until the first contour pixel is found again, 

a closed contour is achieved. 

(5) Extract the contour in accordance with the sequence of contour pixels (get contour 

pixels) and work out the minimum bounding rectangle and the centroid of the 

connected domain. 

For a single connected domain, eight-neighbourhood searching is an accurate and 

reliable method. But for multiple connected domains, it cannot automatically locate the 

initial searching point of the new connected domain. The new start searching point 

needs to be manually assigned when the last contour is found. Thus it is unsuitable to 

extract multiple contours. 

The fast scan line method only needs to scan each line of the image and gets the 

whole line pixels every time; it is much faster than pixel-wise searching methods. For a 

morphologically processed image as shown in Figure 3.11(b), white pixels represent the 

moving object and black pixels represent the background. The procedure of fast scan 

line method is listed as follows: 

(1) Scan the binary image from the first line and get all white pixels. 

(2) Get the number of the separated pixel segments on this line; if there is only one 

pixel segment, then initialize a connected domain, else if the number of segments is 

greater than one, the same number of connected domains are initialized. Meanwhile, 
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record the location of the leftmost and rightmost pixels of each segment, and label 

each connected domain. 

(3) Create a data set to store each pixel segment. The elements in the data set are 

structures which are used to store the location information of the first and the last 

pixel of each segment.  

(4) Scan the next line of the image; get the location information of each segment at this 

line and save segment structures into the data set.  

(5) Find the adjacent segments between two adjacent lines. The adjacent segments 

mean if the rightmost pixel of the nether segment lies in the pixel range of the upper 

segment or the leftmost pixel of the nether segment lies in the pixel range of the 

upper segment. 

(6) Merge the connected domains according to the principle of adjacent segments, 

continue step (4) until the last line is scanned, and get the contour of the connected 

domain according to the segments stored in the data set. 

The structure „SEGMENT‟ is defined as follows: 

{

_ ;

_ ;

;

}

typedef struct

Integer line ID

Integer segment ID

Cpoint firstPixel;

Cpoint lastPixel

Integer connectedDomain_ID;

SEGMENT



 

 





 

 

where „line_ID‟ is the ID of a line, „segment_ID‟ is the ID of a segment, „firstPixel‟ de-

notes the coordinate of the first pixel of current segment, „lastPixel‟ denotes the 

coordinates of the last pixel of current segment, and „connectedDomain_ID‟ represents 

the connected domain ID. 

3.7 Video Target Automatic Detection 

The proposed video target automatic detection framework integrates Canny edge 

detection, fast multi-scale wavelet decomposition, three-consecutive-frame difference, 

and improved Gaussian mixture models. Let xBW  represent all the monochrome images, 
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8BW  denote the detection result of fast multi-scale wavelet decomposition, and 
6BW

represent the result of Canny edge detection. Let 
kB denote the most up-to-date 

background calculated by the improved Gaussian mixture models (IGMMs) background 

modelling method. Assuming 
3BW is the result of IGMMs-based BGS, 

4BW is the result 

of three-consecutive-frame difference (TCFD), and
5BW  is the integration of TCFD and 

IGMMs-base BGS. The block diagram of the proposed video target automatic detection 

is illustrated in Figure 3.11. 
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Figure 3.11: Block diagram of video target automatic detection 

3.8 Performance Evaluation 

In this section, four different video scenarios are adopted to evaluate our proposed 

background modelling and updating method. In addition, some up-to-date foreground 

extraction approaches are exploited to compare with our proposed method, as shown in 

Figure 3.12. The ground truth results have been added to compare as well. 
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(a) Indoor scene                   (b) Tree swing                 (c) Fast-moving targets       (d) Illumination changes 

              (219th frame)                          (301th frame)                              (93th frame)                      (193th frame) 

      
(e) GMG background subtraction 

      
(f ) Mixture of Gaussian (MOG1)  

      
(g) Mixture of Gaussian, version 2 (MOG2) 

      
(h)Kernel density estimation (KDE) method 

      
(i) PBAS foreground mask [15] 

      
(j) VuMeter foreground extraction 
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(k) T2-FGMM 

      
(l) Ground truth (GT) 

     

(m) Our proposed method 

 Figure 3.12: Foreground extraction under different background modelling methods 

     (Dataset URL, (b): ftp://ftp.cs.rdg.ac.uk/pub/, (d): http://groups.inf.ed.ac.uk/vision/caviar/caviardata1/) 

In the case of an indoor scenario, as shown in Figure 3.12(a), our method is able to 

obtain a complete and accurate foreground region which is closest to the ground truth. 

The PBAS method can yield a second-best result, but in the meantime, it will produce a 

big hole in the foreground. Regarding the detection in the presence of a dynamic 

background, such as tree swing and illumination changes, our method has a better 

robustness to extract the foreground. Compared with other algorithms, our method has a 

higher response to fast-moving targets. The average processing time (per frame) is 

computed as follows: 

 
Total time of processing

Total number of validated frames
AT

  


   
                                    (3.51) 

Ideally, a good detection result should be very close to the ground truth, as shown 

in Figure 3.13(a, b). However, the detection result may deviate or be totally wrong, as 

shown in Figure 3.13(c, d). 
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                                (a) Ground truth                                (b) Good detection result     

  
                                (c) Deviated detection                       (d) Wrong detection (false positive) 

Figure 3.13: Accurate detection and deviated detection 
(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

The detection rate can be given as:    

 
Number of truth positives

Total number of ground truth targets
RD 

    
                               (3.52) 

The deviated detection as shown in Figure 3.13(c) can be regarded as the target 

being detected only if the detected centroid locates in the minimum bounding rectangle. 

To further compare the detection accuracy, we compute the centroid root-mean-square 

error (CRMSE) which represents the deviation between detection positions and ground 

truth positions, as shown in Figure 3.14.  

 
  (a) x-direction RMSE                                       (b) y-direction RMSE 

Figure 3.14: RMSE in the x and y directions 
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The CRMSE can be computed by 

 
    2 2

1
ˆ ˆ

N

i i i ii
x x y y

CRMSE
N


  




                                     (3.53) 

where ( , )i ix y  and ˆ ˆ( , )i ix y respectively represent the detection position and the ground 

truth position; N is the number of image frames. The normalized CRMSE is given as: 

    2 2

1

2

max min

ˆ ˆ

( )

N

i i i ii
x x y y

NCRMSE
N Z Z


  





                                      (3.54) 

where maxZ and minZ  are the maximum and the minimum centroid deviations between 

detection positions and ground truth positions. The comparisons of average processing 

time and detection rate of different algorithms under different scenarios are respectively 

illustrated in Table 3.1 and Table 3.2. 

Table 3.1: Comparison of efficiency of background modelling methods under different 

scenarios 

             Scene  

Model 

  Indoor scene 

    (360×288) 
   Tree swing 

    (768×576)   

 Fast-moving cars 

    (1280×720) 

Illumination changes 

(384×288) 

GMG 14ms 43ms 70ms 15ms 

MOG 6ms 12ms 30ms 6ms 

MOG2 6ms 17ms 36ms 8ms 

KDE 17ms 32ms 50ms 18ms 

PBAS 5ms 18ms 35ms 6ms 

VuMeter 8ms 32ms 55ms 9ms 

T2-FGMM 14ms 26ms 62ms 12ms 

Our method 6ms 12ms 28ms 7ms 

Table 3.2: Comparison of detection rate of background modelling methods under different 

scenarios 

            Scene 

BG model 

Indoor scene 

(360×288) 
 Tree swing 

  (768×576)   

Fast-moving cars 

   (1280×720) 

Illumination changes 

(384×288) 

GMG 94% 93% 95% 94% 

MOG 95% 93% 94% 94% 

MOG2 95% 92% 93% 95% 

KDE 96% 94% 95% 96% 
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PBAS 98% 96% 95% 95% 

VuMeter 95% 93% 93% 95% 

T2-FGMM 95% 94% 94% 94% 

Our method 98% 97.5% 97% 97% 

Table 3.3: Comparison of centroid root-mean-square error of background modelling 

methods under different scenarios 
         Scene 

BG model 

Indoor scene 

(360×288) 
 Tree swing 

  (768×576)   

Fast-moving cars 

   (1280×720) 

Illumination changes 

(384×288) 

GMG 3.8 3.6 3.6 3.6 

MOG 3.4 3.5 3.4 3.5 

MOG2 3.4 3.8 3.7 3.3 

KDE 3.6 3.5 3.4 3.6 

PBAS 2.5 2.8 2.8 2.8 

VuMeter 3.6 3.6 3.8 3.6 

T2-FGMM 3.8 3.5 3.6 3.4 

Our method 2.6 2.8 2.5 2.8 

As can be seen from Table 3.1 and Table 3.2, the GMG foreground segmentation is 

the least efficient among all the methods, especially when detecting fast-moving targets 

in a high-definition scenario.T2-FGMM has the second poor efficiency. Our proposed 

method keeps a high efficiency in all scenarios. Compared with the PBAS method, our 

method can be equally if not more efficient. In the comparison of detection rate, all the 

methods have good performance in the case of an indoor scenario. However, some of 

them are unsatisfactory in the complex scenarios such as tree swing and illumination 

changes. As can be seen from Table 3.3, our method and PBAS have comparable 

detection accuracy and outperform other methods. In particular, our method performs 

best in the scenario of fast-moving cars. In conclusion, our method has considered both 

the accuracy and the efficiency and is comparable or superior to the most state-of-the-

art background modelling methods. 

3.9 Summary 

In this chapter, an efficient automatic target detection framework that integrates 

Canny edge detection, simplified multi-scale wavelet decomposition, three consecutive 
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frame difference, and improved Gaussian mixture models is proposed. In the Canny 

edge operator-based edge detection, the Gaussian smooth filtering is used to suppress 

noise. Non-maxima gradients are restrained. A double-threshold method is used to 

extract and connect a single-pixel wide target contour. The Canny edge operator has a 

good performance in speed. The processing speed of the operator can reach up to 80 

frames per second when performed over a video sequence with a resolution of 768 576 . 

The fast multi-scale wavelet decomposition-based edge detection is able to extract a 

relatively clean target edge. Therefore, the combination of Canny edge detection and the 

fast multi-scale wavelet decomposition is able to quickly extract more accurate contour 

of targets. In addition, three-consecutive-frame difference, which is insensitive to 

illuminance changes, is exploited to efficiently locate targets. Furthermore, an improved 

Gaussian mixture model (IGMM) that divides image frames into small meshes ,and 

optimizes the initialization of GMM, is investigated to avoid pixel-wise matching, and 

to extract the most up-to-date background. Fast morphological image processing and 

target contour extraction are employed to remove noise and extract connected target 

contours. Finally, the output of the automatic target detection is fed back to initialize the 

IGMM and accelerate the convergence of iterations.   
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4 
Robust Video Target Modelling Based on 

Multi-feature Fusion  

4.1 Overview  

Target features are vulnerable to unfavourable factors such as illumination changes, 

variation in scale and rotation, target deformations, and occlusions. Therefore, single 

feature-based video target modelling is unreliable and cannot discriminatively represent 

video targets. Multi-feature fusion-based target modelling is more robust and accurate 

for representing video targets.  

In this chapter, a target modelling approach based on multi-feature fusion is 

introduced to robustly describe video targets. Firstly, the spatial colour distribution, 

rotation-and-scale invariant as well as uniform local binary pattern (RSIULBP) texture, 

and edge orientation gradients are calculated and fused to build a fused-feature 

matching matrix which will be integrated into data associations to realize reliable and 

precise multi-target association and tracking. In addition, low-dimensional regional 

covariance matrices-based multi-feature fusion is exploited to improve the matching 

degree of targets in single target tracking. Moreover, multi-threaded synchronization 

based parallel computing is employed to boost the efficiency of feature extraction and 

fusion. Finally, the robustness and accuracy of the proposed target model are evaluated. 
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4.2 Multi-feature Extraction and Selection 

4.2.1 Spatial Colour Distribution Feature 

In digital imaging systems, a colour image consists of pixels which are the smallest 

addressable physical points. The colour of a given pixel can be represented by the RGB 

model-based colour space or other colour spaces, such as HSL and CMYK. The 

hardware-oriented RGB colour model is mainly used to sense, represent, and display 

digital images. However, RGB colour spaces cannot intuitively represent one colour 

through the combination of R, G, and B components. The HSL colour space consists of 

three components: hue, saturation, and luminance, and it is more intuitive than RGB 

spaces. For greyscale images, a luminance histogram is assigned to represent the 

intensity change of pixels. To obtain luminance statistics, the R, G, and B components 

of pixels need to be converted to the HSL components and the processed results should 

be converted back to RGB spaces to display. Both the interconversion between two 

colour spaces and the computation of luminance statistics for all the pixels are efficient 

and acceptable.  

The colour distribution of video objects depends on the corresponding pixel 

distribution. Generally, different objects have different colour distributions. A colour 

histogram, as an effective colour statistical measure, is able to represent the colour 

distribution of a digital image as shown in Figure 4.1 (a-f) (dataset: „PETS2001_test1‟).  

However, the colour histogram can only reflect the mapping relationship between 

pixels and colour indices, instead of considering pixel positions. Therefore, different 

colour distributions may have similar colour histograms as shown in Figure 4.2(a-f). 

       Stanley et al. introduce a spatial colour histogram which calculates the covariance 

matrices of pixels of bins to realize object matching [91]. However, the computational 

complexity of the algorithm is high, and the real-time performance is badly impacted.  
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                     (a) 934

th
 frame                            (b)  1148

th
 frame                           (c)  1164

th
 frame 

   
(d)                                              (e)                                               (f) 

Figure 4.1: Hue histogram of the green car at different time steps 

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

     
(a)                                   (b)                                  (c) 

     
(d)                                   (e)                                 (f) 

Figure 4.2: Different colour distributions have the same colour histogram 

In this section, a fast colour space distribution histogram based on a quantified HSL 

colour space histogram and pixel probability distribution vectors is investigated, as 

shown in Figure 4.3. The HSL colour space is one kind of visual perception-oriented 
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model in which the hue H ranges from 0 to 360º. Both the saturation S and the luminan-

ce L range from zero to one.  
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Figure 4.3: Schematic of spatial colour distribution feature matching 

Compared with the RGB model-based histogram, the HSL colour model-based 

histogram is more practical and able to directly describe the colour distribution. Given a 

pixel with , , [0,255]R G B , the hue    0 ,  360H   ,the saturation   0 ][ ,  1S , and the 

luminance    0,  1L can be calculated by [92] 

max

max

max

'
60 ( mod6), '

'
60 ( 2), ' , [0,360 )

'
60 ( 4), '

G' B
C R

C
B' R

H C G H
C

R' G
C B

C








  

 
     


   

 

                (4.1) 

   max min

1

2
L C C                                                            (4.2) 

 , 1
1 2 1

C
S L

L
 

 
                                                         (4.3) 

where                                
max

min

max min

' / 255 Max( )

' / 255 , Min( )

' / 255

R R C R',G',B'

G G C R',G',B'

B B C C C

  
 

    
     

 

To simplify the calculation of the histogram and boost the efficiency of matching, 

the three-dimensional HSL colour model is reduced to a one-dimensional model. The 

hue component is quantified as sixteen levels; the saturation and lightness components 

are individually quantified as four levels
 
by 
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Thus, one colour can find a corresponding index in the 256-level HSL colour histogram. 

The minimum bounding rectangle (MBR) of the target contour investigated in Chapter 3 

is employed to analyse the colour distribution. The pixels adjoining the centroid of the 

MBR have bigger weights and the circumjacent pixels have smaller weights. Supposing 

the width and height of the MBR are w and h respectively, the centroid coordinates are

0 0( , )x y . Assuming the quantified colour index of pixel (x, y) is L(x, y); the HSL 

histogram of the MBR can be expressed as [93]: 
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where w  is a weighted coefficient, and F(a, b) is a switch function which only returns 

zero or one. Point 
0 0( , )x y  is the centroid of the MBR. The min-max normalized 

histogram can be expressed as: 
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The commonly used histogram matching metrics include Chi-squared distance, 

intersection of histograms, correlation of histograms, and Bhattacharyya distance. 

Supposing the reference histogram and the candidate histogram are respectively RH

and HC, the number of bins is bN , then the four metrics can be given as follows [94]: 

Bhattacharyya distance:   
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Chi-Squared distance:  
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Intersection of histograms:     
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Correlation of histograms 
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where  
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As can be seen in Table 4.1 and Table 4.2(test dataset: „PETS2001-test1‟, URL: 

ftp://ftp.cs.rdg.ac.uk/pub), the correlation method has the highest matching accuracy, 

but at the same time, it has the lowest efficiency. The Chi-Square method has the 

second highest efficiency. The Intersection method is the most efficient. The Bhattacha-

ryya distance method has a balanced performance, and it has a comparable accuracy to 

the correlation method and a similar processing speed to the Chi-Square method. In 

video tracking systems, the Chi-Square distance method is preferred for high-speed 

targets and the Bhattacharyya method is suitable for medium and low speed targets.   

Table 4.1: Comparison of accuracy of histogram matching methods  
             Methods 

Targets 
Chi-Square Intersection Bhattacharyya Correlation 

White Car 91% 90.5% 92% 93% 

Young Man 91.5% 90.5% 92% 92% 

Old Lady 90.5% 89% 91.5% 92% 

Table 4.2: Comparison of efficiency of histogram matching methods  

Methods 

Targets 
Chi-Square Intersection Bhattacharyya Correlation 

White Car 3ms 2ms 4ms 8ms 

Young Man 3ms 2ms 4ms 7ms 
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Old Lady 2ms 2ms 3ms 7ms 

The Bhattacharyya distance 
BDd  ranges from zero to one. Ideally, if 

BDd  goes to 

zero, the two histograms are completely matched. Let
255

0
{ ( ) }R i
B i


 represent the quantified 

reference histogram, 
255

0
{ ( ) }C i
B i


denote the quantified candidate histogram. The degree of 

matching between the candidate histogram and the reference histogram can be given as: 

255

0

1
( , ) 1 1 ( ) ( )

256
HSL R C R C

i
R C

d B B B i B i
B B 

                                 (4.12) 

where    
255

0

1
( )

256 i

H B i


  . 

Let ( )PDV i  denote the pixel distribution vector of the ith bin of the quantified HSL 

colour histogram, such that, 
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The Bhattacharyya coefficient [10] is employed to measure the overlapping degree bet-

ween two vectors. Let 1 1 2 256( , ,..., )TV p p p and 2 1 2 256( , ,..., )TV q q q represent two n-dime-

nsional vectors, then the Bhattacharyya coefficient of the two vectors  
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where  is the angle between vectors 1V  and 2V .The greater the Bhattacharyya 

coefficient, the closer the two vectors. Let 255

_ 0{ ( ) | }PD PD R iP V i 
 
represent the reference 

pixel distribution vectors, and 255

_ 0{ ( ) | }PD PD C iQ V i  denote the candidate pixel distribution 

vectors. The weighted matching degree of PDP  and PDQ  can be calculated as: 

_

1
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0 _ _
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( , ) ( )
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T
m
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PDV PD PD

i PD R PD C
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The colour probability density image also known as back-project image reapplies 

the modified colour histogram to the original image [95].In other words, the pixels 

located in the same bin will be replaced by the corresponding bin value which 

represents the probability that pixels belong to the target. In video tracking systems, the 

probability density centroid (mass centre) can be calculated by the zero moment and the 

first moment of the probability density image [96]. Let ( ,  )D x y  represent the probability 

density image, ( ,  )h x y  represent the hue value of pixel(x, y), and ( ( ,  ))Hist h x y  

represent the histogram of hue. Supposing the width and height of the search window 

are respectively w and h, then the zero moment can be given by 

 00

0 0 0 0

( , ) ( , )
w h w h

x y x y

M D x y Hist hue x y
   

                                 (4.17) 

The first moment       

 01

0 0 0 0

( , ) ( , )
w h w h

x y x y

M yD x y yHist h x y
   

                               (4.18) 

 10

0 0 0 0

( , ) ( , )
w h w h

x y x y

M xD x y xHist h x y
   

                                        (4.19) 

The probability density centroid coordinates of the search window  

0 10 00 0 01 00/ , /x M M y M M                                              (4.20) 

The pixels probability density vector ( )PPDV k  at time step k can be calculated by  

 10 00( ) ( ) arccos ( / / 2) / ( )PPD PPD PPDV k V k M M W V k                 (4.21) 

   2 2

10 00 01 00( ) ( / / 2) ( / / 2)PPDV k M M W M M H                         (4.22) 

The Bhattacharyya coefficient between the vector ( )PPDV k and the vector ( 1)PPDV k   

( ) ( 1)

( ) ( 1)

T

PPD PPD

PPD

PPD PPD

V k V k
d

V k V k

 


 
                                        (4.23) 

The matching degree of the colour spatial distribution can be computed as 

 ( , ) ( , )SCD HSL HSL R C PDV PDV PD PD PPD PPDM d B B d P Q d                       (4.24) 

where ,HSV PPD ,and PDV are the weighted coefficients and hold the constraints as 

follows: 
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                                             (4.25) 

4.2.2 Rotational and Scale Invariant as well as Uniform LBP  

Image texture, as an effective quantitative metric, is able to provide the spatial 

distribution of intensity and colour of regions-of-interest. Texture analysis methods are 

classified as structural description-based methods, statistical methods, geometric 

methods, and signal processing methods [97].
 
Statistical methods are easy to implement 

and widely used. Local binary pattern (LBP)
 
is an efficient and practical texture 

operator which utilizes a binary code to represent the threshold relationship between a 

pixel and its neighbourhoods. The formulized description of LBP is firstly introduced to 

optimize the original LBP in [98]. A circular LBP which has neighbouring pixels on a 

circle with a variable radius is introduced in [99]. A rotation and illumination invariant 

LBP is investigated in [100]. 

In this section, an improved LBP operator, which comprehensively considers 

rotational and scale invariance, as well as uniform (RSIULBP), is proposed. The 

original LBP is given as: 
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                            (4.26) 

where pN  is the number of neighbouring pixels, and ( , )k kB x y  is the intensity value of 

the kth pixel around the kernel centre pixel 0 0( , )x y . The return value of the function 

( )x is zero or one. If the variable x is non-negative, the function ( )x returns one, 

otherwise it returns zero. Normally, the original LBP has an odd kernel size and the 

number of patterns is 2 ( 8 , 1,2,.3,...)pN

pN R R   , as shown in Figure 4.4 (a). Actually, 

LBPs with variable radiuses are more robust against variations in intensity and scale. 

The coordinates of neighbour points are given as: 
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where the angular space between two neighbour points is 2 / pN , and R is the radius of 

the circle centred at pixel 0 0( , )x y . The data type of R can be an integer or floating point. 

The symmetric neighbour points are distributed on the circle with radius R, as shown in 

Figure 4.4(b). If the neighbour points do not match with the coordinates of true pixels, 

the bilinear interpolation will be utilized to compute the corresponding coordinates. The 

intensity of the interpolated pixel can be computed as: 

  1 1 1 2 2
2 1

2 1 2 2 1

2 1 2 1

( , ) ( , )

( , ) ( , )
( , )

( )( )

B x y B x y y y
x x x x

B x y B x y y y
B x y

x x y y

   
        


 

                          (4.28)  

where the points 1 1 1 2 2 1( , ),( , ),( , )x y x y x y and 2 2( , )x y are the four nearest surrounding pixels.   
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                     (a)                                    (b)                                            (c) 

Figure 4.4: Three-resolution LBP operator, (a) neighbour distribution of the original LBP, (b) 

multi-scale circular LBP neighbour distribution, (c) divisional LBP 

If the radius is non-integer, all the neighbour points should be generated by an 

interpolation operation, which will increase the amount of computation. Therefore, only 

the integer radiuses are adopted in this research. Let   1, | pN

k k k ip x y   represent a set of 

circular neighbour points centred at the pixel 0 0( , )cp x y .The binary codes of circular 

LBPs can be calculated as: 
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To improve the rotational invariance, the circular LBPs can be optimized as: 

   0 0 0 0_ ( , ) max ( , )
p p

R R

N NRI LBP x y Rot LBP x y                                   (4.30) 
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where ( )Rot   represents the bit-wise rotation of the binary code corresponding to a LBP 

pattern. Although the extended circular LBP is capable of significantly reducing 

patterns, e.g. if the number of neighbourhoods is equal to eight, it still has 256 original 

patterns. However the binary codes with rotational invariance only have 36 patterns. 

Thus the residual patterns are still redundant and need to be further optimized to reduce 

the dimension of spatial histograms. A uniform pattern is proposed to reduce redundant 

patterns of which the bit-hopping times are greater than a threshold [101]. Let 

,_ T

m nRIU LBP  represent the rotation invariant and uniform patterns where the subscript m 

denotes the sampling radius of target pixels, and n indicates the number of sampling 

pixels which increases with the sampling radius m. The superscript T represents the 

number of 0-1 transitions, and it increases with the number of uniform patterns. 

Therefore, the RSIULBP can be calculated by 
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(4.31) 

where 1 2 30.6, 0.3, 0.1     .The smaller circle radius would have a bigger weighting 

coefficient. The implementation of calculating the RSIULBP is given in Algorithm 4.1 

and Algorithm 4.2. 

Algorithm 4.1: Calculation of rotational invariant and uniform patterns 

Input: input1 is the number of neighbors (int numNeighbors); input2 is the bit hopping 

threshold (int hopThreshold), both inputs are integer type. 

Output: vector<int>&rotUniPatternsVector, a container used to store Uniform_RI patterns. 

01:  Procedure Get_UniRiPatterns (input1, input2, output)  

02:  clear uniRotPatternsVector; //clear all existing data  

03: calculate all biggest patterns; //call getBiggestPatterns (numNeighbors, biggestPatternsVe-

ctor)  

04:  get the number of all biggest patterns;  

05:  for each pattern in rotUniPatternsVector do 

06:  calculate bit hopping count; //call calBitHopCount (numNeighbors, patternValue), return 

hoptimes, 

07:  if hoptimes is bigger than hopThreshold do               

08:  set this pattern to zero; //temporary value 

09:  end if 
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10:  end loop 

11:  remove repeated nodes in the vector; //no redundancy  

12:  return rotUniPatternsVector; 

Algorithm 4.2: Calculation of the biggest patterns 

Input: number of neighbors (int numNeighbors);  

Output: a container (vector<int>&biggestPatternsVector) used to store patterns with biggest 

value. 

01:  Procedure getBiggestPatterns (input, output)  

02:  declare vectors for all patterns and other purposes 

03:  clear biggestPatternsVector; // clear existing   data 

04:  calculate all patterns; // stored in allPatternsVector 

05:  get the number of all patterns; //return vector size 

06:  for each pattern in allPatternsVector do// loop1 start 

07:  get the binary code of pattern; //call calBinaryCode ()  

08:  predefined the biggest pattern value;  

09:  for each binary pattern do//loop2 start 

10:  calculate new pattern by left shifting current pattern; 

11:  if new pattern is bigger than the predefined values do 

12:  Reset the biggest pattern value; 

13:  end if 

14:  end loop2// loop repetition lasts numNeighbors-1 times 

15:  store biggest pattern; //save to biggestPatternsVector       

16:  end loop1// loop1 last the size of allPatternsVector 

17:  remove the repeated patterns; //keep redundancy  

18:  return biggestPatternsVector; 

If the number of neighbour points 
pN  is equal to 14, the number of original LBPs 

reaches 16384, and the number of rotational invariant LBPs is more than 1000. The 

number of uniform LBPs (2 tops or 3 hops) is equal to 185. However, the number of 

RSIULBP is only 16, which is much less than the other four types of LPBs. The 

comparison of pattern numbers under different neighbours is shown in Table 4.3. 

 

 



 

76 

 

Table 4.3: LBP numbers with different neighbour points 

        Neighbours 

Patterns 
8pN    9pN   10pN   11pN   12pN   13pN   14pN   

Original 256 512 1024 2048 4096 8192 16384 

Uniform(2 hops) 59 75 93 113 135 159 185 

Uniform(3 hops) 59 75 93 113 135 159 185 

Rotational Invariant 36 60 108 188 352 632 1182 

RSIU 10 10 12 13 14 15 16 

To calculate the matching degree of target textures, the RSIULBP histogram is 

exploited. The histogram is divided into uniform bins, in which the number is equal to 

the number of patterns. In addition, the RSIULBP histogram is normalized by the L2-

hysteresis normalization that utilizes L2-norm and discards values less than a predefined 

threshold, and performs L2-norm again. The normalization can be expressed as follows: 
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where  is a threshold and e is a small positive constant. The target region is divided 

into four sub-regions, as shown in Figure 4.4(c). Supposing the candidate RSIULBP 

histogram is _C LBPH , the reference histogram is _R LBPH , and the number of bins is bN . 

The Bhattacharyya distance between _C LBPH and _R LBPH  in the ith sub-region is given by 
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  .The matching degree of texture can be calculated by 
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4.2.3 Edge Orientation Gradients  
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If a video target is detected, the target contour can be extracted. The target centroid 

and the normalized colour histogram based on the HSL colour space can be calculated 

as well. Let ( , )kf x y  represent a binary image including the contour, 
1

[ ] k
N

jkw j


 and 

1[ ] k

k

N

jh j   respectively denote the width and height of the MBR of the jth target contour. 

The horizontal coordinate ranges from 10[ ] kN

jjx  to 10[ ] kN

jjx  1[ ] k

k

N

jw j  , and the vertical 

coordinate ranges from 10[ ] kN

jjy   to 10[ ] kN

jjy  1[ ] k

k

N

jh j  .The centroid coordinates of the 

contour can be calculated by 
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11 0 1[ ] [ ][ ] k k

k

N N

j jj w jx j x                                                (4.38) 

11 0 1[ ] [ ][ ] k k

k

N N

j jj h jy j y                                                (4.39) 

The image gradient is a directional change in the intensity or colour in an image
 
and 

the edge gradients of video targets represent the grey change of edge pixels. The 

gradient ( , )G x y  of pixel (x, y) in grey image ( , )I x y can be defined as [102]: 

( , ) ( , ) /
( , )

( , ) ( , ) /
x

y

I x y I x y x
G x y

I x y I x y y

    
       

                              (4.40)  

Actually, the differential operation in image processing can be replaced by a difference 

operation .The aforementioned first order derivative can be rewritten as: 

  
( , ) ( , ) ( 1, )

( , ) ( , ) ( , 1)

x

y

f x y I x y I x y

f x y I x y I x y

  

  
                                           (4.41)  

The magnitude of gradient at pixel(x, y)  

   
2 2

( , ) ( , ) ( 1, ) ( , ) ( , 1)M x y I x y I x y I x y I x y                              (4.42) 

The angle of gradient   
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1
( , )

tan
( , )

y

x

I x y

I x y
                                                        (4.43)  

To facilitate the computer programming, the horizontal gradient operator [ 1 0 1]  

and vertical gradient operator [1 0 1]T are used
 
to perform a convolution operation over 

the image respectively. Obviously, edge pixels have greater gradients than neighbouring 

pixels. In this section, the divisional histogram of edge-oriented gradients (HEOG) is 

employed to compare the candidate contour with the reference contour. The HEOG is 

defined as: 

1 2 3 9[ , , ,..., ]EOGH bin bin bin bin                                         (4.44)   

The whole gradient is divided into nine equal directions (bins) as shown in Figure 4.5. 

The angle range of each bin is 20 degrees. Let 
9

1|j jbin   represent the weighted values of 

bins. 

 
Figure 4.5: The gradient argument is divided into nine bins 

The target contour is automatically extracted in Chapter 3 and divided into eight 

segments as shown in Figure 4.6. The HEOG of each contour segment is calculated as 

shown in Figure 4.7. The origin coordinate is the centroid of the video target. 

   
(a) The 1060

th
 frame                (b) The 1061

th
 frame                            (c) The 1062

th
 frame 
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   (d) Greyscale image             (e) Background frame (IGMM)           (f) Canny edge detection 

   
(g) Efficient wavelet detection        (h) foreground   segmentation        (i) Target contour extraction 

Figure 4.6: Target contour extraction based on Canny edge detection, multi-scale wavelet 

transform, three-consecutive-frame difference, and improved GMM 

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub) 

0.1

0.2

0.3

NBV

9

1

1i

i

bin




1b

2b

9b

3b

4b

5b

6b

7b
8b

bin1  bin2 

D1

bin9 

0.1

0.2

0.3

NBV

1b

2b
9b3b

4b

5b

6b
7b

8b

D2

bin1  bin2 bin9 

9

1

1i

i

bin




 

0.1

0.2

0.3

NBV

1b

2b

9b
3b

4b

5b
6b 7b

8b

D3

bin1  bin2 bin9 

9

1

1i

i

bin




      
(a)                                                 (b)                                                   (c) 

0.1

0.2

0.3

NBV

1b
2b

9b3b
4b

5b
6b

7b

8b

D4

bin1  bin2 bin9 

9

1

1i

i

bin




 

0.1

0.2

0.3

NBV

1b

2b

9b

3b

4b

5b
6b

7b
8b

D5

bin1  bin2 bin9 

9

1

1i

i

bin




0.1

0.2

0.3

NBV

1b
2b

9b3b

4b

5b

6b

7b

8b

D6

bin1  bin2 bin9 

9

1

1i

i

bin




  
(d)                                                    (e)                                                    (f) 



 

80 

 

0.1

0.2

0.3

NBV

1b 2b

9b
3b

4b
5b

6b
7b

8b

D7

bin1  bin2 bin9 

9

1

1i

i

bin




 

0.1

0.2

0.3

NBV

1b
2b

9b3b
4b

5b

6b
7b

8b

D8

bin1  bin2 bin9 

9

1

1i

i

bin




 
 (g)                                                      (h) 

Figure 4.7: Histograms of edge-oriented gradients 

Let 8

0[ ]C jH j  and 8

0[ ]R jH j  respectively represent the HEOGs of the candidate target ad 

the reference target. For high-speed video targets, the Chi-Square distance metric is 

used to compare two histograms; otherwise, the Bhattacharyya distance is preferred 

[103].The Chi-Square distance and the Bhattacharyya distance between CH and RH are 

respectively expressed as: 
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where 
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    .The similarity of  targets based on the divisional HE-

OG can be given by 
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4.3 Multi-feature Fusion for Video Target Modelling 

A single feature of video targets is susceptible to various negative factors such as 

illumination, scale and rotational changes, target deformations, and occlusions. 

Therefore, the target model based on a single feature is inaccurate and unreliable. Multi-
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feature fusion-based target modelling is more reliable and accurate to describe video 

targets especially in the presence of a complex background.  

Multi-feature fusion methods can be classified into the following categories: 

selective fusion, serial hierarchical fusion, parallel fusion, and direct fusion [104]. 

Selective fusion needs to compute all the features-of-interest and select two or more 

discriminative features according to online ranking and learning. Therefore, selective 

fusion methods adopt the dynamic combination of features and have a high efficiency in 

target matching. Serial hierarchical fusion refers to serially combining the different 

features, which are usually scale, rotation, and translation invariant, to form a 

comprehensive feature descriptor. Parallel fusion includes weighted-feature fusion and 

complex-vector fusion.  

4.3.1 Fused-feature Matching Matrix Based on Linear-weighted 

Fusion  

To better describe video targets, the features mentioned in Section 4.2 are fused as 

follows: 

_ _f HEOG HEOG RSIU LBP RSIU LBP SCD SCDM M M M                                  (4.49) 

where HEOG ,
_RSIU LBP ,and SCD  are the weighted coefficients. For rigid targets such as 

vehicles, 

 
_ 0.4, 0.2RSIU LBP SCD HEOG                                            (4.50) 

For non-rigid targets such as pedestrians, 

_ 0.4, 0.2RSIU LBP HEOG SCD                                            (4.51) 

In multi-target video tracking systems, a data association method based on matrix 

operation is exploited to reflect one-to-one correspondences between measurements and 

targets. To facilitate data associations, a fused-feature matching matrix is designed as 

follows: 
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where Nk-1 is the number of video targets at time k-1, k  is the number of measurements 

at time k. The subscripts of rows and columns denote the index of video targets and 

measurements respectively. The entries  
1

1,  2, , ; 1,  2, ,
k -ij k

i j Nq     of the matrix 

(4.52) represent the matching degree of the jth video target and the ith measurement, 

and can be calculated by (4.47). If the matching matrix k is a square matrix, that means 

the number of measurements at time k is equal to the number of video targets at time k-

1.More specifically, no new video targets appear in the scene at time k. If 1k kN    , it 

means new targets appear in the scene and the number of newly appearing targets is 

1k kN T  .Conversely, if 1k kN T  , some existing targets disappear from the scene. The 

fused-feature matching matrix integrated with data associations can provide an accurate 

target description and robust multi-target tracking. 

4.3.2 Multi-feature Fusion Based on Low-dimensional Regional 

Covariance Matrices  

Let 1|nk kV  represent a feature vector, of which the elements can be location, colour, 

intensity, and the transform features. Let 1( , ) Mx y   denote the mapping function of 

features, a feature vector can be expressed as: 

 1 2  ( , ) ( , )  ( , )k MV x y x y x y x y                                     (4.53) 

where ( , )x y  are the pixel coordinates, and M is the number of transform features. Given 

a rectangular region R with n pixels, the regional covariance matrix [105] is denoted as: 
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                                  (4.54) 

where   is the mean vector. The regional covariance matrix RC is a positive, definite, 

and square matrix with a dimension independent of the size of target regions. The ( , )i j  

entry of the matrix RC  is expressed as: 

1 1 1

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

1

n n n
T

R k k k k

k k k

C i j V i V V j V
n n n  

  

                              (4.55) 



 

83 

 

The diagonal entries of the matrix represent the variance of features and the non-

diagonal entries represent the correlations of features. In [106] an efficient distance 

metric for covariance matrices in the space ( , )Sym n  is proposed as follows: 

 2

1 2 1 2

1

( , ) ln ( , )
n

k

k

d C C C C


                                                 (4.56) 

where  1 2 1( , ) n

k kC C   denote the joint eigenvalues satisfying the eigenvalue equation  

  1 2( ) 0k kC C X                                                     (4.57)  

where kX is a regular linear transformation of n  and represents the eigenvector 

corresponding to the eigenvalue k .The distance between covariance matrices has the 

properties of symmetry, positivity and triangle inequality for all ( , )RC Sym n . 

Accordingly, if the candidate region has the same covariance matrix as the reference 

region, the distance between the covariance matrices is zero, and the two regions are 

fully matched.  

The selection of video target features should consider scale, translation, and 

rotational invariance. In this sub-section, the location, colour, texture, and transform 

features of pixels are fused by regional covariance matrices to represent video targets. 

(a) Spatial location feature 

Although the dimension of covariance matrices is independent of the size of target 

regions, the pixel location in the region still reflects a highly important structural feature 

of covariance matrices. Supposing the centroid coordinates of a target region are (x0, y0), 

the width and height of the minimum bounding rectangle (MBR) of the target are w and 

h respectively. The polar coordinate system which offers significant scale invariance is 

adopted to denote the location of pixel ( , )x y .The normalized polar radius is given as: 
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                                        (4.58) 

The polar angle  
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                                 (4.59) 

(b) Colour index feature 

A three-dimensional HSL colour space-based colour feature is reduced to one 

dimension in Section 4.1. The colour index of the pixel (x, y) can be represented as: 

     8 ( , ) / 4 ( , ) 4( ( )) ,, ceil H x y ceil S x y ceil Lx y x y                   (4.60) 

where ( )ceil  is the function of obtaining the smallest following integer of a real number. 

(c) Horizontal and vertical derivatives 

The Sobel operator adopts an odd square kernel to convolve with the original image 

to calculate the approximate gradients of the image intensity [107]. The Scharr kernel 

has the best performance in rotational symmetry when the kernel size is equal to three 

[108]. Accordingly, the horizontal and vertical derivatives can be given as: 

3 0 3

10 0 10 ( , )

3 0 3
xG I x y

  
    
   

                                           (4.61) 

3 10 3

0 0 0 ( , )

3 10 3
yG I x y

   
  
    

                                           (4.62) 

The gradient magnitude 

 2 2

x yG G G                                                              (4.63) 

Theoretically, more features adopted in the feature vector kV  could improve the 

accuracy of target models. However, the computational complexity of forming a 

regional covariance matrix is 2( )O d , and the computation of joint eigenvalues takes the 

https://en.wikipedia.org/wiki/Integer
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time of 3( )O d . Thus, the dimension of feature vectors should be as small as possible. 

Two feature vectors with lower dimensions are designed as follows: 

 ( , )  ( , ) ( , ) ( , )kV R x y RSIx y x y BP xUL y                                   (4.64) 

( ( , ), )   x yk xV R x Gy y G                                                 (4.65) 

The corresponding regional covariance matrices 
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                                        (4.67) 

The matching degree of two regional covariance matrices can be computed as: 

      2 2

1 2 1 2

1 1

ln ( , ) ln ( , )
n n

k k

k k

d C C C C   
 

                                (4.68) 

where 0.6, 0.4    . 

4.3.3 Parallel Computing for Multi-feature Extraction and Fusion 

Video tracking systems have high requirements in real-time performance. However, 

the extraction and fusion of multiple features cost a large amount of computational 

effort. Serial computing is logically simple, and is easy to implement. However, serial 

computing has poor performance in processing efficiency and is unsuitable for multi-

feature extraction. Compared with serial computing, parallel computing is able to carry 

out time-consuming calculations simultaneously and thus significantly boost the 

efficiency of processing. Specifically, the whole task is divided into small subtasks 

according to different functional roles. The total execution time depends on the most 

time-consuming subtask. 

 In this section, an efficient multi-thread model is introduced to simultaneously 

extract and fuse multiple features as shown in Figure 4.8.  
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Thread_TFD

Thread_BGS Thread_WT

Thread_PDCV Thread_PMV Thread_NCH

Thread_MainThread_fusion

Thread_Predict

Thread_Contour

Thread_HEG

Thread_QHSL

DataAssociation

Thread_Canny

Thread_RSIU

  

Figure 4.8: Multi-feature fusion and algorithm 

On a single-processor platform, multi-thread tasks are performed by time-division mul-

tiplexing (TDM). However, on a truly multi-core platform, multiple threads can be co-

ncurrently executed. In this model, multiple threads are created for subtasks as shown in 

Table 4.4.  

Table 4.4: Roles and tasks of multiple threads in multi-feature extraction and fusion 

Thread Name Tasks of Threads 

Thread_TFD Three-consecutive-frame difference to coarsely obtain target positions 

Thread_BGS 
Background subtraction based on improved Gaussian mixture models to 

extract the foreground  

Thread_WT fast multi-scale wavelet decomposition to implement edge detection  

Thread_Canny Edge detection based on Canny edge operator  

Thread_Contour 
Target contour extraction by integrating the threads of „Thread_TFD‟, „-

Thread_BGS‟, „Thread_WT‟, and „Thread_Canny‟ 

Thread_QHSL 
Quantified HSL colour space, manage the threads of „Thread_PDCV‟, 

„Thread_PMV‟, „Thread_NCH‟ 

Thread_PDCV 
Calculate the probability density vectors and the matching degree of the 

reference and the candidate probability density vectors. 

Thread_HEG 
Calculate the histogram of edge gradients (HEGs) and the matching 

degree of the reference and the candidate histograms of edge gradients 

Thread_PMV 
Calculation of pixel mean vectors (PMVs) and the matching degree of 

the reference and the candidate pixel mean vector 

Thread_NCH 
Calculate the normalized colour histogram (NCH) and the matching 

degree of the reference and the candidate normalized colour histograms 
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Thread_Fusion 
Multi-feature fusion, calculate the matching degree of targets; coordinate 

the threads of „Thread_Contour‟, „Thread_HEG‟,and „Thread_QHSL‟ 

Thread_RSIU 
Calculate the rotation and scale invariant as well as uniform (RSIU) 

LBPs, compute the matching degree of RSIULBPs 

Thread_Main Manage and coordinate all the sub-threads 

Efficient communication and cooperation among all the threads is a big challenge in 

multi-threaded synchronization. An event notification mechanism and synchronization 

functions are exploited to solve this problem and realize multi-threaded synchronization 

and data sharing as shown in Algorithm 4.3.   

Algorithm 4.3: Multi-thread synchronization based on event notifications 

01:  Procedure InitialEvents (Event Number)  

02:  for each event do 

03:  CreateEvent; //create an event for each sub-thread 

04:  ResetEvent (EventHandle); //reset the event signal to zero;  

05:  end loop 

06:  return EventHandles; 

07:  ThreadProc DWTThread (lpParam) // thread for wavelet transform 

08:  DiscreteWT (); //perform fast wavelet transform 

09:  SetEvent (h_DWTEvent); //notify the contour extraction thread to receive data 

10:  return SuccessCode; 

11: ThreadProc ThreeFrameDiffThread (lpParam)//thread for three-frame difference 

12:  TFD (); //perform three adjacent frames difference  

13:  SetEvent (h_TFDEvent); // notify the contour extraction thread to receive data 

14:  return SuccessCode; 

15:  ThreadProc BGSThread (lpParam)//thread for background subtraction 

16:  IGMMBGS (); //perform background subtraction based on IGMMs 

17:  SetEvent (h_BGSEvent); // notify the contour extraction thread to receive data 

18:  return SuccessCode; 

19:  ThreadProc RSIULBPThread (lpParam)//thread for RSIU LBP calculation and matching 

20:  RSIULBP (); //perform rotation and scale invariant and uniform LBP 

21:  SetEvent (h_RSIULBPEvent); 

22:  return SuccessCode; 

23:  ThreadProc CannyThread (lpParam)//thread for Canny edge detection 

24:  CannyEdgeDetection(); //perform Canny edge detection 

26:  SetEvent (h_CannyEvent); 

27:  return SuccessCode; 

28: ThreadProc ContourExtractionThread (lpParam)//thread for contour extraction 

29: WaitforMultipleObjects (4, EventArray, true, 30); //wait for triggered events 
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30:  if (TriggeredEvents equal to WAIT_OBJECT_3)// All the events have triggered 

31:  ReceiveDWT(); //receive data from the sub-thread DWT; 

32:  ReceiveCanny(); //receive data from the sub-thread Canny; 

33:  ReceiveTFD(); //receive data from the sub-thread TFD; 

34:  ReceiveBGS(); //receive data from the sub-thread BGS; 

35:  ContourExtract(); 

36:  end if; 

37:  return SuccessCode;  

4.4 Performance Evaluation 

To evaluate our proposed multi-feature fusion method, the target models based on 

single features such as colour, shape and key points are exploited to compare the 

reliability and accuracy. The test video scenarios include rigid targets with variable 

scale, similar colour distribution between the foreground and the background, poor 

illuminance, and small targets, as shown respectively in Figure 4.9, Figure 4.10, Figure 

4.11, and Figure 4.12. 

 
(a) The 851

th
 frame                 (b) The 875

th
 frame                     (c) The 915

th
 frame 

Figure 4.9: Rigid targets with variable scales 

In the 851
th

 frame, the white car is quite distinguished from the background and 

easy to be detected via a colour-based target model. Shape and key-point features are 

inconspicuous due to the long distance between the car and the camera. In addition, the 

white car and the black car have a similar shape contour, which decreases the matching 

degree of the white car in two consecutive frames. In the 875
th

 frame, the white car is 

closer to the camera and clearer in the appearance, but it is disturbed by the road 

marking (the white arrow). Thus, the reliability of the colour-based model decreases. 

Likewise, the white car has a similar shape contour to the black car, and the model 

accuracy decreases as well. In the 915
th

 frame, all the accuracies of models have 

improved. The matching degrees of target models for the white car are compared in 
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Table 4.5. Our proposed target modelling based on multi-feature fusion has a better 

robustness against scaling, shape similarity and colour similarity. 

Table 4.5: Comparison of model accuracy of scale-variable and rigid targets 

            Methods 

Time  
Colour-based 

model 

Shape-based 

model 

Key points-

based model 

Our proposed 

fusion method 

The 851
th

 frame 94% 90% 91% 95% 

The 875
th

 frame 92% 91% 93% 96% 

The 915
th

 frame 95% 95% 94% 97% 

The video sequence „shop Assistant‟ is used to evaluate the model accuracy in the 

case that the foreground and the background have a similar colour distribution. The 

young man (in the yellow bounding box) has a partially similar colour distribution to the 

background in the 620
th

 frame; the colour distribution-based target model has decreased 

reliability. Even in the 269
th

 frame and the 529
th

 frame, the colour distribution-based 

model does not have a satisfactory reliability. The target model based on shape feature 

is impacted by the same type targets. In addition, the keypoints-based model is non-

robust. The reliabilities of target models in the presence of similar colour distribution 

are compared in Table 4.6. Our proposed target model outperforms other methods in 

reliability. 

 
(a)The 269

th
 frame                     (b) The 529

th
 frame                       (c) The 620

th
 frame 

Figure 4.10: Similar colour distribution between the foreground and the background 

(Dataset URL: http://groups.inf.ed.ac.uk/vision/caviar/caviardata1/) 

Table 4.6: Comparison of model accuracy in the case of similar colour distribution 

        Methods 

Time  
Colour-based 

model 

Shape-based 

model 

Key points-

based model 

Our proposed 

fusion method 

The 269
th

 frame 89% 89% 90% 93% 

The 529
th

 frame 91% 91% 91% 94% 

The 620
th

 frame 90% 92% 94% 95% 

The poor ambient illuminance poses a huge challenge for video tracking. The 

appearance features-based target modelling becomes unreliable in this situation. A 
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video sequence with dim light, as shown in Figure 4.11, is used to compare the accuracy 

of target models. In the case of poor visibility, the target models based on colour, shape, 

and keypoints have lower accuracies than our proposed multi-feature fusion-based 

target model as shown in Table 4.7. 

 
(a)The 340

th
 frame                     (b) The 350

th
 frame                       (c) The 355

th
 frame 

Figure 4.11: Target matching under poor illuminance 

Table 4.7: Comparison of model accuracy in the presence of poor illuminance 

        Methods 

Time  
Colour-based 

model 

Shape-based 

model 

Key points-

based model 

Our proposed 

fusion method 

The 340
th

 frame 88% 91% 89% 93% 

The 350
th

 frame 90% 91% 89% 93% 

The 355
th

 frame 89% 90% 88% 92% 

Target modelling and matching based on appearance features become unreliable for 

small targets. The football player (yellow bounding box) is small and moves fast in the 

field of vision as shown in Figure 4.12, and can be distinguished from the opponent 

team by using a colour-based model. However, the player cannot be distinguished from 

his own team. The shape-based model has the lowest accuracy due to the similar shapes 

of all the players. Our proposed fusion model has a decreased accuracy compared with 

the three abovementioned scenarios, but is still better than the three models, as shown in 

Table 4.8.  

 
(c)The 267

th
 frame                             (c)The 323

th
 frame                        (c)The 357

th
 frame 

Figure 4.12: Small and fast-moving targets 

Table 4.8: Comparison of model accuracy in the case of small and fast-moving targets 
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        Methods 

Time  
Colour-based 

model 

Shape-based 

model 

Key points-

based model 

Our proposed 

fusion method 

The 267
th

 frame 87% 85% 86% 91% 

The 323
th

 frame 88% 87% 86% 92% 

The 357
th

 frame 89% 88% 87% 93% 

 

4.5 Summary 

A single feature-based target model is unreliable and inaccurate at representing 

video targets due to complex scenarios. Video target modelling based on multi-feature 

fusion has a better immunity to environmental change.  

The spatial colour distribution feature reflects not only the colour statistics but also 

the colour spatial position information. It can provide better accuracy in colour feature 

matching. Image texture is regarded as a quantitative metric capable of providing spatial 

distribution of the intensity and colour of regions-of-interest. A local binary pattern 

(LBP)
 
is an efficient and practical texture operator which utilizes a binary code to 

represent the threshold relationship between a pixel and its neighbourhoods. An 

improved LBP called rotation and scale invariant as well as uniform LBP (RSIULBP), 

which considers rotational and scale invariance as well as uniform, and computational 

complexity, is investigated in this chapter. The normalized contour mean vector and the 

edge gradient histogram further boost the accuracy of target matching. 

For multi-target video tracking, matrix operation-based data association that reflects 

one-to-one correspondences between measurements and targets is necessary. In this 

chapter, a fused-feature matching matrix is formed to integrate with data associations to 

realize a reliable multi-target tracking. The elements of the fused-feature matching 

matrix can be calculated via our proposed linear weighted multi-feature fusion method. 

For single target video tracking, multi-feature fusion based on low-dimensional regional 

covariance matrices is employed to efficiently and reliably describe video targets. In 

addition, parallel computing based on multi-threaded synchronization is developed to 

extract and calculate multiple features and therefore to ensure the real time performance 

of video tracking. 
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5 
Data Association for Multi-target Video 

Tracking  

5.1 Overview 

Data association (DA) is the process of associating uncertain measurements with 

known tracks. DA aims to select the measurement which most likely originated from the 

target by calculating the association probabilities between measurements and targets 

[109]. In other words, DA needs to determine which measurement originates from 

which target and to find one-to-one corresponding relationships between targets and 

measurements as shown in Figure 5.1. The measurements M1, M2 and M3 (at time step 

30) may originate from any one of the three tracks. DA is to find the correspondences 

between measurements and tracks. Multi-target data association faces many challenges 

such as small targets or targets without distinguished appearance, density targets, target 

occlusions, and variable target numbers. 

 
Figure 5.1: Association uncertainty between the targets and measurements,  

M1, M2 and M3 are the three measurements at time step 30 
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Data association can be classified as single-target data association (STDA) and 

multi-target data association (MTDA). Nearest neighbour (NN), track splitting (TS), 

and probabilistic data association (PDA) belong to STDA [110]. Joint probabilistic data 

association (JPDA), global nearest neighbour (GNN), and multiple hypotheses tracking 

(MHT) are regarded as MTDA [111]. 

In multi-target video tracking systems, DA is to determine which detections are 

target-originated and to decide if the detected targets are newly appearing or existing 

targets. DA is utilized in situations like: (1) single target multi-camera (STMC), (2) 

multi-target single camera (MTSC), and (3) multi-target multi-camera (MTMC). MTSC 

is the most common case in video tracking. In this study, we mainly focus on MTSC 

data association. Researchers propose various data association methods for multi-target 

video tracking. An improved maximum likelihood probabilistic data association filter is 

proposed to realize single target multi-sensor data association [112]. Qin et al. propose 

an improved JPDA method by calculating the K-best assignments to realize multi-target 

video tracking with a low computational cost [113]. However, Qin‟s method only 

considers the motion feature of targets and will discard other auxiliary features, such as 

visual features; hence the tracking accuracy cannot be guaranteed. Jaward et al. utilize a 

particle filter combined with joint probabilistic data association to track multiple targets 

[114]. However, the proposed algorithm is based on the condition that the number of 

moving targets is known. A modified PDA method is investigated to improve the 

tracking accuracy and to reduce the possibility of target missing by modifying the 

posterior association probability between the target and the measurement in the 

overlapping validation gate [115]. Smith et al.
 
propose a non-Bayesian algorithm called 

tracking splitting filter (TSF) to cope with the situation of an unknown number of 

targets [116]. TSF splits a track into several sub-tracks for validated measurements. The 

computational effort rapidly increases with the sub-track number. A variational 

Bayesian method is adopted to cluster measurements, and to integrate target identities 

into JPDAF to associate uncertain measurements with targets [117]. Nevertheless, the 

association efficiency is not satisfactory due to the non-optimized traditional JPDA. An 

improved data association utilizes JPDA and an evidence theory to calculate and fuse 

association probability matrices is presented in [118]. Lee et al. utilize an order statistics 
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based decision logic algorithm called OSPDA to accomplish measurements to targets 

associations [119].  

The strengths and weaknesses of traditional JPDA are both obvious. JPDA has a 

good performance in accuracy and is suitable for multi-camera and multi-target video 

tracking. However, the efficiency of traditional JPDA is unsatisfactory in the presence 

of density targets. Especially, if the measurements are contaminated by noise, the 

efficiency of traditional JPDA will undergo a significant degradation. In addition, the 

number of association events increases sharply with the number of targets. Accordingly, 

the computational cost increases exponentially with the target number. Besides this, 

JPDA assumes that the number of targets is constant. Nevertheless, video targets may 

frequently move in and move out of the video scenario, or experience the process of 

merging and splitting due to occlusions.  

In this chapter, an efficient and accurate multi-target data association scheme is 

proposed for multi-target video tracking. Firstly, an improved probabilistic data 

association (IPDA) is introduced to combines the augmented posterior probability 

matrix with the fused-feature matching matrix to perform multi-target associations. In 

addition, a simplified joint probabilistic data association (SJPDA) is designed to sift out 

big probability events. Afterwards, a mixed data association method based on IPDA and 

SJPDA is investigated to ensure the efficiency and accuracy of multi-target data 

associations. Finally, performance indicators of our proposed data association scheme 

are evaluated. 

5.2 Improved Probability Data Association 

The measurements obtained from the target detection algorithm can be divided into 

four categories: false positives, false negatives, measurements originated from the new 

targets, and measurements originated from the existing targets. A false positive, or false 

alarm as it is called, refers to the error that a non-target measurement is mistaken for a 

target [122]. Similarly, a false negative is the error that a target-originated measurement 

is regarded as a non-target detection result. Both the false positive and the false negative 

are spurious measurements, but fortunately the probability of these occurring is quite 
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low. The most difficult task is to identify which measurements originate from the 

existing targets. Usually, the measurements originating from targets are Gaussian 

distributed and will fall into the expected measurement region, or validation gate as it is 

called [123]. The measurements within the validation gate are called validated 

measurements. Generally, the shape of the expected measurement region is a two 

dimensional ellipse centred at the predicted measurement, and the size depends on the 

covariance matrix of the measurement prediction. Mathematically, the validation gate is 

defined on the basis of Mahalanobis distance. 

Let vector 1 2 3[ ], , ,..., T

NX x x x x  denote a measurement from a group of measurem-

ents with mean value 1 2 3[ , , ,..., ]T

N      and covariance S; the Mahalanobis distance 

between X and   (with respect to the covariance matrix S) [124] can be given by
  

1( ) ( ) ( )T

MD x X S X                                                     (5.1) 

Let ˆkz  represent the predicted measurement at time k, and kz  represent the actual meas-

urement which is assumed to be Gaussian and centred at the predicted measurement. Let 

kS  denote the measurement covariance matrix, then  

 ˆ( ) ( , , )k k k kp z N z z S                                                     (5.2) 

The validation gate model can be given by 

 
1 ˆˆ( ) { :( ) ( ) }G k k k k k k G

T
k ST z z z z z T    

                                (5.3) 

where GT  is a given validation gate threshold. The validation gate is a region where 

only one to five percent of true measurements are rejected. 

The associations between measurements and targets are quite complex as shown in 

Figure 5.2. Validation gates G1, G2, G3, and G4 represent four targets centred at the 

predicted target positions 
1 2 3
ˆ ˆ ˆ, ,Z Z Z  and

4Ẑ respectively. The measurements from Z1 to Z8 

are obtained via video detection algorithms. Measurement 1Z  falls in the intersection 

area of the validation gates G1 and G3; Measurement 3Z  falls in the intersection area of 

the validation gates G1, G2 and G3. Generally, Z3 can associate with any of the three 

validation gates. However, there are still some special circumstances, e.g., when the 

measurements are unavailable, the position of the validation gates is inaccurate, and the 
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measurements falling into the validation gates is possibly false positive. In addition, 

some measurements, such as Z6, Z7 and Z8, have not appeared in the validation gates. 

However these measurements can represent new targets, false positives, or targets 

which already exist. 

Z1

Z2

Z3

Z4

1Ẑ

2Ẑ
3Ẑ

Z5

4Ẑ

Z6

G1 

G4
G3

G2

Z7

Z8

  
Figure 5.2: Relationship between multiple measurements and targets 

Traditional PDA, originally used in single target tracking, considers only the 

measurements falling into the validation gate, and discards the measurements outside 

the validation gate [125]. The core of PDA is to calculate the statistical centre or the 

equivalent measurement for all the measurements within the validation gate. More 

specifically, PDA is performed by calculating the weighted sum of the validated 

measurements. In multi-target video tracking systems, new targets occurring, inter-

target occlusions and target disappearance could happen frequently; therefore, the 

number of targets is variable. Thus, traditional PDA should be modified for multi-target 

video tracking.   

Assuming the number of video targets at time k-1 is Nk-1, the number of validated 

measurements associated with the nth target at time k is n

km
1

1 )(
k

n N


  . Let 1( ) k

i iy k


  

represent all the measurements, 1 2 3( ) { ( ), ( ), ( ),..., ( )}n n n n n
n
km

Z k z k z k z k z k represent n

km  

validated measurements falling into the validation gate which belongs to the nth target. 

Let { (1), (2),..., ( )}n n n n

kY Z Z Z k  be a cumulative sequence of the validated measurements 

falling into the validation gate till time k, then 

1 ( )n n n

k kY Y Z k                                                     (5.4) 

Let ( )(1 )n n

j kk j m    represent the events that the validated measurement ( )
n

j
z k originates 

from the nth target at time k, and 0 ( )n k denote the event that no measurement originates 
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from the nth target. The association probability of the jth measurement to the target can 

be expressed as: 

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

j k j k kP k Y P k Y Z k m                                        (5.5) 

The elements in the event set   0( )
n
kmn

j jk 
 are mutually independent, then 

0

( ( ) | ) 1n n

j k

n
k

j

m

P k Y


                                                     (5.6) 

According to the law of Bayesian total probability: 
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                                             (5.7) 

The association probability that the jth measurement originates from the nth target at 

time k can be computed by 
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                      (5.8)    

The associate probability augmented matrix between measurements and targets at time k 

is defined as follows: 
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                                      (5.9) 

where k  represents the number of all measurements inside and outside the validation 

gate at time k, then  

1

1

kN
n

k k

n

m




                                                        (5.10) 

If the entry in the ith row and jth column of matrix kF
 
is equal to zero, it means the thi  

measurement is not associated with the jth target. The non-zero elements of the matrix 

kF  can be calculated. The rank of column vectors denotes the number of validated 

measurements falling in the same validation gate; the rank of row vectors represents the 

number of validation gates into which the corresponding measurement falls.  

The fused-feature matching matrix, which reflects the matching relationships 

between measurements and targets, was obtained in Chapter 4. The association 
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probability matrix kF  and the fused-feature matching matrix k have the same 

dimension. The Hadamard product is performed over the two matrices to calculate the 

modified association probability matrix
'

kF , namely, 
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The matrix 
'

kF represents the association degree between the measurements and targets. 

For a given column j, if ( 0,1,2,..., )0.1ij ij kip q  , then, all entries in this column are less 

than 0.1, it means the jth target disappears at time k. Similarly, given a row number i, if

10.1( 0,1,2,..., )k-ij ij j Np q  , it means the ith measurement originates from a newly 

appearing video target. The normalized column vectors of
'

kF can be given by 
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The weighted measurements of video targets can be calculated by  

1

( ) ( )j ij i

k

i

Y k f y k






                                                       (5.13) 

5.3 Simplified Joint Probabilistic Data Association  

As a natural extension of PDA, the joint probabilistic data association (JPDA) filter 

considers all the permutations and combinations between measurements and targets, 

namely, JPDA needs to jointly calculate measurement-to-target association probabilities 

for the most up-to-date measurements [126]. If video targets are closely spaced, the 

target-originated measurement is vulnerable to the impact of the measurements which 

fall into the same validation gate but belong to other targets. JPDA can address this 

issue and is well suited in the case of dense targets and cluttered background. JPDA is 



 

99 

 

based on the assumption that the number of video targets is known or fixed, and the 

motion model of each target should be linear (otherwise, model linearization is 

performed first). 

Assuming the number of video targets at frame k-1 is 1kN  , the number of the 

validated measurements for all the targets at time step k is km , the number of the 

validated measurements for the nth target is 1

1{ | }k
Nn

k nm 

 . Let 1{ | }kmk j

k jZ z  indicate all the 

validated measurements at time k, and ,t j

k  represent the probability of associating the 

thj  measurement with the tht target. Let ,

k

j t
  denote the association event that the thj

validated measurement originated from the tht target. Therefore, the joint association 

events can be expressed as: 

                   1kd

k k i

i                                                      (5.14) 

where 
k

d  is the number of joint association events. The ith joint association event, 

which represents a correlation between the km measurements and the 1kN   targets, can 

be given by 
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The probabilities of joint association events at time k can be calculated as:  
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where DP  is the probability of the target being detected, FPP represents the probability 

of false positives, and ,ˆj j t

k kz z indicates an innovation between the jth validated 

measurement and the predicted measurement of the tth target. 
,ˆ j t

k
S is the error 

covariance matrix of ,ˆj j t

k kz z .The video targets and measurements follow one-to-one 

correspondences; in other words, the association constraints over measurements and 

targets are ensured. The association probability of assigning the jth measurement to the 

tth target can be calculated by 
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                                       (5.17) 

where , ( )j t i

k k   is an indicator. If the joint association event k contains the hypothesis 

that the measurement j

kz originated from the target t, then , ( )j t i

k k   is equal to one, 

otherwise , ( )j t i

k k   is equal to zero. The validated measurements can be false positives, 

so the number of joint association events [127] can be given by
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where 1 1min( , ), max( , ).k k k km N m N              

To guarantee the accuracy of associating measurements with targets, the standard 

JPDA needs to calculate the measurement-to-target association probability for each 

feasible hypothesis. The cost of computation exponentially increases with the growth of 

validated measurements and targets. Obviously, if not being simplified, the standard 

JPDA is impractical and unsuitable to directly apply to multi-target video tracking due 

to the tremendous amount of computation. Thus, it is necessary to seek a balance 

between the association accuracy and the association efficiency. In Figure 5.3, the target 

number 1kN  equals to four and the validated measurement number km is equal to five, 

thus the corresponding validation matrix
 
can be derived as follows: 

0 1 2 3 4

1

2

3
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1 1 0 1 0

1 1 1 0 0

1 1 1 1 0

1 0 0 0 1

1 0 0 1 0
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z

z
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z

z

   

  
  

   
 
   

                                           (5.19) 

where the matrix row 0,1,2, , kj m   represents the index of validated measurements, 

and the matrix column 10,1,2, , kt N   represents the index of targets. All the entries in 

the first column have been assigned a value of 1, which means all the validated 

measurements may be false positives (even they are in the validation gates). 

Accordingly, the first column can be viewed as a false target. Substituting 1 4kN    and 

5km 
 into (5.21), the number of joint association events kd

 is equal to 510. In 

accordance with one-to-one correspondences between measurements and targets, the 
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validation matrix kV can derive kd  joint association matrices which mathematically 

represent joint association events. Let 1{ } kdn

k k n   represent the collection of joint 

association matrices, and k

n represent the nth joint association matrix. [ ]k

n i, j  should 

satisfy the following constraints: 
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The possible joint association matrices are derived from the validation matrix (5.19) as 

shown in Figure 5.3. 
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Figure 5.3: Joint association matrices, the number of targets equals to four, the number of 

validated measurements is equal to five 

If the entries in the first column of the joint association matrix are equal to one, it 

means the corresponding validated measurements are false positives
 
[128]. The number 

of false positives in this column depends on the probability of the target being detected, 

that is, PD. Actually, one reason that the number of all the possible joint association 

events becomes so large is the consideration of false positives. For joint association 

matrices, if the number of „1‟ in the first column is greater than k Dm P , that is, if the 

number of false positives is greater than k Dm P , the corresponding joint association 
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matrices should be discarded due to too many false positives. If DP  is equal to 0.95, the 

matrices n

k  with two or more entries of „1‟ in one column could be discarded. In Figure 

5.3, the matrices marked with blue dotted lines represent small probability events. 

Assuming the number of remaining joint association matrices is k , the probability of 

associating the jth measurement with the tth target can be rewritten as 

, ,

1

( ) ( )
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The final association matrix between the validated measurements and targets 
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The joint association matrix
k

  is integrated with the fused-feature matching matrix kQ  

to further improve the association accuracy.  The matrix kQ can be rewritten as follows: 
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The modified posterior probability matrix '

k can be obtained by calculating the Hadam-

ard product of matrix 
'
kQ   and k  
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Normalizing the column vectors of matrix '

k , the final association probability matrix 

can be calculated as: 
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5.4 Data association based on Mixed IPDA and SJPDA  

In this section, a mixed data association method based on an improved probability 

data association (IPDA) and a simplified joint probability data association (SJPDA) is 

proposed for multi-target video tracking as shown in Figure 5.4.  
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Figure 5.4: Multiple video targets tracking based on mixed data association 

In the presence of high PSNR and sparse targets, IPDA is employed due to the 

better association accuracy and efficiency. While in the case of dense targets, SJPDA 

can yield more accurate results and remarkably reduce the computational effort 

compared with traditional JPDA. The determination of the time switching between 

IPDA and SJPDA is quite important. Assuming the PSNR at time k is kR , the predefined 

thresholds for the PSNR and the number of measurements are respectively TR and Tm. If 

k
R  is less than 

R
T  and the number of measurements is less than m

T , IPDA is preferred. 

Otherwise, SJPDA is much better.  

Three commonly used metrics of image quality assessment are mean squared 

error (MSE) [120], peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) 

index [121]. In statistics, the mean squared error (MSE) refers to the average of the 

https://en.wikipedia.org/wiki/Statistics
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squares of the errors or deviations between estimates and the data points which need to 

be estimated. The MSE value is non-negative, and the smaller the MSE value, the better 

the quality of the estimator. MSE is one of the most efficient and practical image quality 

assessment methods to evaluate how much the image frame has been influenced by the 

noise and other unfavourable factors, such as illumination variation and poor image 

sensors. Let ( , )I x y and ( , )I x y denote the original noise free image and the noise 

contaminated image respectively. The corresponding MSE value of the image can be 

calculated by  
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                               (5.26) 

where w and h represent the width and height of the image respectively. For a 

monochrome image, the MSE value can be calculated as: 
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                                                (5.27) 

The PSNR can be expressed as: 

                                              
255

20 lg( )PSNR
MSE

                                             (5.28) 

5.5 Performance Evaluation 

To evaluate the performance of our proposed data association method for multi-

target video tracking, we put the traditional JPDA-based method [129], the MHT-based 

association method [130], and the SH Method [131] together for comparison. The 

performance indicators of data associations include detection rate, false positive, and 

processing time .The test datasets contain multiple scenarios as shown in Figure 5.5. 

  
   (a) PETS2009-L2S1                                     (b) PETS2000-test 
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(d) PETS2001-test1                     (d) Indoor walking 

  
(e) Fast-moving cars                                 (f) PETS2001-test3 

  
(g) Illumination changes                            (h) TUD-Stadtmitte 

Figure 5.5: Multi-target tracking under different scenarios 

(Dataset URLs, (a), (b), (c), (f):ftp://ftp.cs.rdg.ac.uk/pub/;   (g):http://groups.inf.ed.ac.uk/vision/caviar/caviardata1; 

(h): https://www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-computing/software-and-datasets/) 

The processing time represents the algorithm efficiency and can be given by 

Total time of association

Total number of validated frames
DAT

  


   
                                     (5.29) 

The comparisons of detection rates, false positives, and processing time under different 

scenarios are respectively illustrated in Table 5.1, Table 5.2, and Table 5.3. 
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Table 5.1: Comparison of detection rates of data associations under different scenarios  

                Methods      

Scenarios 

JPDA-based 

Method[129] 

MHT-based 

Method[130] 
SH Method[131] Our Method 

 PETS2009-L2S1  95.3% 96.1% 94.8% 97.5% 

PETS2000-test 97.3% 97.5% 95.6% 98.1% 

PETS2001-test1 97.2% 97.8% 96.8% 98.1% 

Indoor walking 97.4% 97.5% 96.8% 98.2% 

Fast-moving cars 95.6% 96.5% 95.6% 97.3% 

PETS2001-test3 

(Tree swing) 
95.8% 96.2% 95.9% 97.5% 

Illumination 

changes 
95.5% 95.9% 96.5% 97.1% 

TUD-Stadtmitte 97.1% 97.5% 97.1% 98.5% 

Table 5.2: Comparison of false positives of data associations under different scenarios  

               Methods  

    Scenarios 

JPDA-based 

Method[129] 

MHT-based 

Method[130] 

SH 

Method[131] 
Our Method 

 PETS2009-L2S1 0.06 0.05 0.07        0.04 

PETS2000-test 0.05 0.04 0.05  0.03 

PETS2001-test1 0.05 0.05 0.05  0.04 

Indoor walking 0.05 0.04 0.06  0.03 

Fast-moving cars 0.06 0.05 0.06  0.04 

PETS2001-test3 

(Tree swing) 
0.05 0.04 0.05  0.03 

Illumination 

changes 
0.06 0.05 0.06  0.03 

TUD-Stadtmitte 0.05 0.04 0.05  0.04 

Table 5.3: Comparison of processing time of data associations under different scenarios  

             Methods  

     Scenarios 

JPDA-based 

Method[129] 

MHT-based 

Method[130] 
SH Method[131] Our Method 

 PETS2009-L2S1 8.2ms 8.6ms 8.3ms 7.4ms 

PETS2000-test 6.2ms 6.5ms 6.2ms 5.8ms 

PETS2001-test1 5.2ms 5.6ms 5.3ms 5.0ms 

Indoor walking 5.2ms 5.6ms 5.3ms 4.8ms 

Fast-moving cars 6.1ms 6.6ms 6.2ms 5.5ms 

PETS2001-test3 

(Tree swing) 
5.3ms 5.8ms 5.5ms 4.6ms 

Illumination 

changes 
5.1ms 5.5ms 5.4ms 4.4ms 

TUD-Stadtmitte 5.2ms 5.6ms 5.3ms 4.8ms 
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As can be seen from the tables above, the MHT-based association method has 

smaller false positives and higher detection rates than JPDA-based data association and 

the SH‟s Method. However, it takes more processing time compared with other 

algorithms. JPDA-based data association and SH‟s method have compromised 

performance in the three indicators. Our proposed data association method is more 

robust against multiple video scenarios and has better efficiency than the other three 

methods. In the presence of complex scenarios with variable and numerous targets such 

as „PETS2009-L2S1‟, our method can still yield the best results. 

5.6 Summary 

In this chapter, a mixed data association framework that integrates improved 

probability data association (IPDA) and simplified joint probability data association 

(SJPDA) is presented to efficiently and accurately build one-to-one correspondences 

between validated measurements and video targets for multi-target video tracking.  

In the context of high PSNR and sparse targets, IPDA is exploited due to better 

accuracy and higher efficiency of associations. Nevertheless, in the case of dense targets, 

SJPDA could yield more accurate results and remarkably reduce the computational eff-

ort compared with traditional JPDA. The time switching between the IPDA and SJPDA 

is determined by the predefined threshold RT  for the PSNR and the threshold mT  for the 

number of measurements. The associate probability augmented matrix is formed and the 

modified association probability matrix is derived in IPDA. On this basis, the weighted 

measurements are computed. The traditional JPDA has an acceptable accuracy but 

needs to calculate measurement-to-target association probabilities for all feasible 

hypotheses, of which the number exponentially increases with the growth of validated 

measurements and targets. Accordingly, the number of joint association matrices will 

increase dramatically. The matrix constraint criteria are designed to screen non-

redundant joint association matrices and then reduce the cost of computation. In other 

words, low probability events are discarded and only high probability events are 
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reserved to decrease the computation of association probabilities. In addition, the joint 

association matrix is integrated with the fused-feature matching matrix which takes into 

consider the matching degrees between measurements and targets. The modified 

posterior probability matrix is obtained by performing the Hadamard product over the 

joint association matrix and the fused feature matching matrix. The performance 

evaluation proves that our presented mixed data association is capable of guaranteeing 

high efficiency and real-time performance in the presence of density targets and variable 

target numbers. 
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6 
Video Target Management and Tracking 

Efficiency Improvement 

6.1 Overview 

In this chapter, a video target management scheme is presented. Firstly, the states of 

targets throughout the whole lifecycle are defined and analysed. In addition, a data 

recovery approach based on prediction interpolation is discussed to restore missed 

measurements. After that, a flexible and extensible data structure is designed to 

encapsulate target states, and variable-length sequence containers are exploited to store 

targets with different states. Moreover, the switching criterion of target states is 

discussed. Finally, an adaptive frame-skipping sampling strategy is investigated to 

improve the efficiency of tracking. 

6.2 Target State Analysis  

(a)   New targets enter video scenes 

Usually, if video targets travel across the boundary transition zone (BTZ) or appear 

in the core zone (get out of the door or other blocks), as shown in Figure 6.1, and have 

no historical trajectories in the scene, they can be preliminarily considered as new 

targets. The states of targets over the past image frames are non-existent. The width and 

height of the BTZ are both set as one tenth of the size of the scene. 
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  (a) New targets travel across BTZ of scenes      (b) Targets appear in the core zone of scenes 

Figure 6.1: New targets appear in video scenes 
The measurements originating from target detection algorithms cannot be absolutely 

accurate. Therefore, a target might be segmented into multiple parts, some of which are 

erroneously considered as new targets. Multiple targets move too close and form inter-

occlusions which could be mistaken for „new‟ targets as well. 

(b) From dynamic motion to static   

A video target may stop moving and remain in a state of rest in the scene for a long 

time. In such a case, the moving target switches to a static target, which is different 

from the case of occlusions. The target has no motion information but can still be 

detected by visual feature-based matching algorithms, and its position can be obtained 

by calculating the centroid coordinate of the target contour. However, the static target 

could have been regarded as part of the background by detectors due to persistent static 

states. If the target stays at rest for over ten seconds, it would be considered as a static 

target.   

(c) From static to dynamic motion 

The static target may restore movement from static at any time, and can be detected 

and tracked immediately. If the target remains at rest for over ten seconds, regardless of 

whether there is motion information, it can be regarded as a new target. If the target 

remains static for less than ten seconds, and the measurements have been existent 

excluding these ten seconds, the target would be regarded as an existing target.  

(d) Continuous and steady movement  

If a moving target can be continuously detected and tracked, which means the target 

keeps continuous and steady movement, then its motion state will be updated over time. 

If the physical memory permits, all the historical positions of the target could be stored. 
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Otherwise, only a certain number of up-to-date positions are reserved. Generally, the 

moving target does not dramatically change in scale in a short time. The motion state of 

the target at each time step follows the normal Gaussian distribution and treats the 

predicted state as a mean value. 

(e)   Target disappears from the scene 

If a target travels across the boundary transition zone and continuously moves 

toward the boundary, this means the target will eventually move out of the scene. 

Another situation is when the target moves in the core zone, but cannot be detected (e.g., 

step out of the door) over the next 50 frames. The target is considered to be disappeared 

even if the target will be present at some time in the future.   

(f)   Occlusions and Splitting 

Target occlusions usually include three stages: (1) formation of occlusions, (2) 

partial occlusion, and (3) complete occlusion, as shown in Figure 6.2(a).  
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(a) Target occlusions                                    (b) Target splitting 

Figure 6.2: Process of target occlusion and splitting 

Let ( ( ), ( ))j jMBR w k h k  and ( ( ), ( ))i iMBR w k h k respectively denote the minimum bounding 

rectangles (MBRs) of targets j and i at time step k .Supposing the centroids of the two 

targets are respectively ( ( ), ( ))j j jO x k y k  and ( ( ), ( ))i i iO x k y k , as shown in Figure 6.2 

(a) .The distance between the two centroids can be calculated as: 

 2 2( ) ( ( ) ( )) ( ( ) ( ))ij j i j id k x k x k y k y k                                (6.1) 

The inter-occlusion is formed only if one of the following constraints holds. 

Horizontal occlusion constraints:  
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Vertical occlusion constraints: 
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Two targets are partially occluded if they hold the following constraints. 
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If video targets keep moving along individual directions, they will form a complete 

occlusion. The completely occluded target cannot be detected by the traditional visual 

methods [132]. Target splitting is the reverse process of occlusions, as shown in Figure 

6.2 (b). It also includes three stages: (1) formation of splitting, (2) partial splitting, and 

(3) complete splitting. If one of the following constraints holds, the two targets are 

splitting completely. 

Horizontal splitting constraints: 
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Vertical splitting constraints: 
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6.3 Restoration of Missed Measurements 

Measurement missing (detection failure) contains occasional missing, intermittent 

missing, and permanent missing, as shown in Figure 6.3.  

kI mN frames
1mk NI      kI 1kI   

(a) Occasional   missing                             (b) permanent missing 

kI mN frames
1k mI   uN frames

 
(c) Intermittent missing 

Figure 6.3: Measurement missing in video tracking 

Various reasons, such as camera jitter, too poor or too strong illuminance, and non-

robust target model might lead to measurement missing. In the case of an occasional 

missing, the corresponding frame indices of missed measurements are recorded. A 

prediction interpolation is used to restore the missed measurements. Assuming the 

number of the missed measurements between time step k  and 1mk N   is
mN , the 

positions of the thj target and the ( 1) thmk N  target are respectively
 

( , )j k kP x y  and

1 1, )(
m mj k N k NyP x     . The target position in the thq frame is calculated as: 
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                      (6.7) 

Supposing the predicted position of the thj target at time step q  is 
' '( , )j q qQ x y ，the 

target position is revised as: 
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                 (6.8) 

In the presence of a permanent missing, video targets still stay in the scene, but cannot 

be detected due to some extreme conditions. Accordingly, these targets are considered t-

o have disappeared and should be removed from the detection list. As for an intermittent 

missing, actually, it is an irregular repeat of an occasional missing.  

To avoid tracking failure due to the loss of measurements, a fast measurement 

restoration scheme is proposed in this section. In the first step, the target number 
kM  

and the new target number 
kN  at time step k  are separately calculated. If the difference 

between 
kM and 

kN is equal or greater than the target number at time step 1k  , there is 

no need to restore measurements, and the target positions can be calculated directly. 

Otherwise, switches to the second step, namely, determining the number of targets 

which have moved out of the scene. If no target moves out of the scene, that means 

some measurements are missing. Accordingly, the number of missed measurements is 

calculated. The task of the third step is to determine the number of inter-occluded 

targets and to deal with occlusions. The block diagram of the restoration of missing 

measurements is shown in Figure 6.4.  
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Figure 6.4 Block diagram of the restoration of missing measurements 
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6.4 Data Structure Design for Video Targets 

To accurately describe the video target and facilitate programming, a flexible and 

extensible data structure is designed to effectively maintain and manage video targets, 

as shown in Figure 6.5.  
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Figure 6.5: Data structure design for video targets  

The notation DT represents the targets which have disappeared, ET represents the exis-

ting targets, and MT denotes the detected targets. The structure of ET encapsulates imp-

ortant properties, such as target ID, detection time (frame number), centroid coordinates 

and minimum bounding rectangles (MBR). The centroid coordinates and MBRs are s-

tored from time step 
fk N to k, where 

fN
 
is

 
the number of frames, usually assigned a 

value of 100. The continuous records of centroids and MBRs contribute to analysing an-

d managing target trajectories. Multiple histograms, such as colour, texture, and edge g-

radients are normalized and encapsulated in the data structure of video targets. The var-

iable-length data container vector in C++ is exploited to store video targets and provide 

efficient data access. The existing targets, the disappeared targets, and the targets which 
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have been measured, are respectively stored in Vector1, Vector2 and Vector3. The basic 

operations of target management are illustrated in Figure 6.6.  
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  Figure 6.6: Basic operations of video target management 

The operations „NewTargetAppear‟, „TargetUpdating‟, „TargetDisappear‟ and „Target-

Reappear‟ respectively represent new target presence, target feature updating, target 

disappearance, and target resume moving. The block diagram of target management is 

illustrated in Figure 6.7. 
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 Figure 6.7: Schematic of video target management 

where  
1D  is the threshold to determine if the detected targets are matched with the  

targets which have disappeared, and 
2D is the threshold to determine if the detected 

targets are matched with the targets that already exist. The newly detected targets are 

stored in Vector3 first. The newly detected targets are used to compare with targets 

stored in vectors. If there are targets in Vector2 totally match with the newly detected 

targets, it means the disappeared targets re-entry the scene. The corresponding targets 

will be removed from Vector2. If the newly detected targets do not find the matched 

targets in Vector2, these targets will be stored in vector1 as existing targets. The 

correspondences between target states and target trajectories are illustrated as Figure 6.8. 
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Figure 6.8: Correspondences between target states and trajectories 
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6.5 Adaptive Frame-skipping Sampling 

The resolution of video sequences becomes increasingly high with the development 

of digital cameras. A „D1‟ format image has a resolution of 704×576 (approximately 0.4 

mega pixels), not to mention the „2K‟ resolution image (1920×1080) and the „4K‟ 

resolution image (4096×2160). In addition, the frame rate of video sequences can reach 

up to 30 fps (frames per second). Thus, it is time-consuming to execute a frame-by-

frame sampling. A commonly used image size reduction method uses a max pooling or 

a mean pooling to down-sample each image frame [133].  

In this section, an efficient selective sampling method called adaptive frame 

skipping sampling, which skips a certain number of frames according to the motion 

states of targets, is proposed to greatly improve the real-time performance of video 

tracking. The football player, as shown in Figure 6.9, moves slowly in the three consec-

utive frames from figure (a) to figure (c). In such a case, frame-by-frame sampling is 

not necessary. 

   
(a) The 1

st
  frame       (b) The 2

nd
  frame       ( c) The 3

rd
  frame 

Figure 6.9: Low speed and low density video targets 

Thus it is critical to determine the moving state of video targets. Let ( )iR k  represent the 

bounding rectangle of the ith target as shown in Figure 6.10.  

Wi

1

Hi

1

C ( )i k

C ( +1)i k

R ( )i k

 
 Figure 6.10: Motion state of video targets 

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

ftp://ftp.cs.rdg.ac.uk/pub/
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Let ( )iw k  and ( )iH k  respectively represent the width and height of ( )iR k , ( ( ), ( ))i i iC x k y k  

represent the centroid coordinates of the ith target. To distinguish whether the target 

moves fast or slow, the centroid movement rate (CMR) of targets is exploited. 

Assuming the number of moving targets at time k is
kN . Let 1{ ( ) | }kN

i iD k   represent the 

displacement of the ith target between time step k-1 and k, then 

 
   

2 2
( ) ( ) ( 1) ( ) ( 1)i i i i iD k X k X k - Y k Y k -                                      (6.9) 

Assuming ( )iP k  is the smaller of ( )iW k  and ( )iH k , given a circle with a radius of ( )iP k

and centred at point ( )iC k , the centroid movement rate can be calculated as: 

              ( ) ( ) / ( )i i iCMR k D k P k                                                     (6.10) 

Let ( )maxCMR k  represent the maximum value of ( )
i

CMR k , then                     

  max ( ) max ( )iCMR k CMR k                                              (6.11) 

The average movement rate of target centroids between time step k-1 and k 

1

( ) ( ) /
kN

AVG i k

i

CMR k CMR k N



                                           (6.12) 

 

The mean square deviation of centroid movement rate 

       
2
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( ( ) ( ) ) /
kN

msd i AVG k

i

d CMR k CMR k N


                                          (6.13) 

Let 
fsT  denote the threshold of frame skipping, when max ( )CMR k is less than

fsT , it means 

all the targets move slowly and the frame-skipping detection has no impact on the final 

detection accuracy. If max ( )CMR k  is equal to
fsT , one frame can be skipped. If max ( )CMR k  is 

equal to half of 
fsT , two frames can be skipped and so on. Moreover, if the square 

deviation of max ( )CMR k is greater than
fsT , frame skipping sampling is impracticable. The 

block diagram of frame-skipping detection is shown in Figure 6.11. 
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 Figure 6.11: Block diagram of adaptive frame-skipping sampling 
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6.6 Summary 

The entire life cycle of video targets includes target presence in the scene, trajectory 

updating (continuously move in the scene), occlusions and splitting, absence from the 

scene (disappear from the scene or blocked totally by some barriers), and target 

reappearance. The management of video targets from presence to absence contributes 

greatly to improving the reliability, efficiency, and accuracy of video tracking. Target 

occlusions and splitting are great challenges in video tracking. To solve these problems, 

a fast judgement criterion is proposed in this chapter. Targets may not be detected due 

to extreme conditions such as too poor or too strong illuminance. A prediction 

interpolation method is investigated to restore missed measurements. To accurately 

describe video targets and facilitate programming, a flexible and extensible data 

structure is designed. The key properties, such as normalized feature histogram, MBR 

of targets, and historical trajectories, are encapsulated in the target structure. The 

existing targets, measured targets, and the targets which have disappeared, are stored in 

length-variable data containers. Meanwhile, a target management framework, which 

realizes the adding of new targets, the updating of existing targets, and the maintenance 

of disappeared targets, is presented. In the last section of this chapter, an adaptive frame 

skipping sampling strategy is discussed to avoid frame-by-frame sampling and to boost 

the real-time performance of tracking. 
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7 
State Estimation Fusion for Multi-target 

Video Tracking 

7.1 Overview 

Motion state estimation and prediction for video targets help to reduce the search 

scope and to avoid a global search, and thus it can boost the efficiency and accuracy of 

feature extraction. The design of a high-performance state filter is quite critical for 

multi-target video tracking. Generally, video targets, such as vehicles and pedestrians, 

are non-maneuvering and follow an obvious law of motion. The frame rate of video 

sequences can reach up to 40 frames per second (FPS), hence the inter-frame time 

interval t  is less than 25 milliseconds, the video targets move approximately linearly 

and not drastically [134] in such a short time. 

In this chapter, two kinds of fusion filters are designed for different types of video 

targets tracking. Firstly, mixed Kalman/H∞ filtering based on state covariances fusion 

and state estimates fusion is proposed to quickly and robustly estimate the motion states 

of rigid targets. The H∞ filter makes no assumptions about process and measurement 

noise, and it is more robust against non-Gaussian noise. The mixed Kalman/H∞ filter 

can guarantee both the efficiency and robustness of predictions under uncertain noise. 

Secondly, mixed extended Kalman/particle filtering is introduced to predict states of 

high-maneuvering targets. The extended Kalman filter is capable of linearizing system 

dynamic models using Taylor series expansions. Hence it can implement a slightly 
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nonlinear state estimation. In addition, an improved sequential importance resampling 

particle filter is discussed to estimate target states in the case of strong nonlinearity and 

dynamic background. Mixed extended Kalman/particle filtering is performed by feeding 

the state output of the extended Kalman filter back to the particle filter to initialize the 

deployment of particles. 

7.2 Mixed Kalman/H∞ Filtering for Robust and 

Efficient Video Tracking 

7.2.1 Fast State Prediction Based on Kalman Filter 

A two-dimensional coordinate system is designed for video tracking, as shown in 

Figure 7.1. The upper-left of the image is considered the origin of coordinates. The 

motion state vector of the video target is composed of velocity and displacement. 

Supposing ( )xv k  and ( )yv k  are the horizontal and vertical speeds of the video target at 

time k respectively; and ( ), ( ))( x yc kc k  denotes the centroid coordinates
 
[135].  

 
Figure 7.1: Motion state representation of the Kalman filter 

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

The dynamic system model of video targets can be expressed as:  
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The motion state vector can be represented as: 
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                                                    (7.2)    

( ) ( ) ( ) ( )
T

k x y x yx k k k kc c v v                                          (7.3) 

The system model and the observation model for video targets can be described as: 
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                      (7.5) 

where matrix ku  is an input. The observations of video targets are vulnerable to the 

impact of uncertain factors, such as poor image sensors, ambient variations, cluttered 

background, and noise. Therefore, the dynamic system model and the observation 

model need to be modified as follows: 

1k k

k k

k k

k

X AX B

Y HX

u w

v
  


 

                                                 (7.6) 

where kw  is the process noise, kv  is the observation noise. The goal of Kalman filtering 

is to resume the state vector kX  from the observation kY . In video tracking systems, the 

noise kw  and kv are uncertain (Gaussian or non-Gaussian). In the presence of Gaussian 

noise, the prior knowledge of the process and measurement noise is known; the Kalman 

filter, which utilizes the present measurement, the previous updated estimate, and the 

recursive equations to estimate and predict target states, is regarded as an optimal linear 

quadratic estimator [136]. Besides this, the Kalman filter aims to minimize the expected 

variance of estimation errors [137].The classic Kalman filtering includes two phases: 

prediction phase and updating phase
 
[138]. In the prediction phase, the predicted state 

estimate is expressed as: 

1 1| 1
ˆ ˆ

k|k- k- k-X AX                                                        (7.7) 
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The covariance of the predicted state estimate is calculated by   
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  (7.8) 

where kQ is the covariance matrix of the process noise. In the updating phase, the 

measurement residual is given as: 

| 1
ˆ

k k k k-z Y HX 
                                                    

   (7.9) 

The residual covariance is calculated by                   

1cov( )
T

kk k|k- kS z HP H R                                              (7.10) 

where kR is the covariance matrix of the observation noise, such that, (0, )k kN Qw and

(0, )k kv N R .The optimal Kalman gain can be expressed as: 

                          
T 1

| 1 kk k kG P H S


                                                      (7.11) 

The updated state estimate is 

                  | | 1
ˆ ˆ= +k k k k- k kX X G z                                                   (7.12) 

Substituting (7.9) into (7.12), the updated state can be rewritten as: 

| 1| 1 1| 1= ( )ˆ ˆ ˆ
k k k k k k- k-kG HX AX y AX                                             (7.13)   

The updated estimate covariance is  

| 1 1cov( ) = ( - )(ˆ= )T

k k k k|k k k- |k- kP X - I G H AP A +QX
                      

 (7.14) 

Actually, the goal of Kalman filtering is to resume the state vector ( )X k  from the 

observation ( )Y k , as shown in Figure 7.2.  
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Figure 7.2: Block diagram of Kalman filtering 

where  CMat  represents the calculation of covariance. 
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7.2.2 Robust H∞ State Estimation for Video Tracking  

The state observations of video targets are easily affected by noise with unknown 

distribution [139]. Therefore, the system dynamic model and the observation model can 

be given as follows: 
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                            (7.15)                                                                     

In the H filtering, the noise is assumed to be the worst case and the filter expects 

to minimize the worst-case estimation error [140]. In comparison to the Kalman filter, 

the H filter has a better robustness in the absence of knowledge about the system mod-

el and the disturbance model [141]. Furthermore, the H filter has similar recursive 

equations to the Kalman filter, which makes it highly efficient in practical applications. 

Thus, the H filter can be regarded as the robust version of the Kalman filter [142]. 

To solve the H filtering problem, Zames et al. propose a frequency domain method 

[143]. Shaked et al. present a transfer function method [144]. Wang et al. introduce an 

algebraic matrix inequality to address the H∞ problem, and they design a variance 

constrained state estimator for linear discrete invariant systems with parametric 

uncertainties in both the system model and the measurement model [145]. Hung et al. 

propose a unilaterally coupled Riccati difference equation to analyse the performance of 

robust H filtering over a finite horizon discrete variant system with unmeasured but 

admissible perturbations, and to obtain the sufficient conditions satisfying error variance 

constraints [146]. Banavar et al. investigate a game theory-based approach to solve H

filtering problem [147]. Consider the discrete dynamic system shown as follows: 

1k k k k

k k k k

k k k

X A X w

Y H X v

Z L X

  


 
 

                                                  (7.16) 
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where kw  and kv  are the process and observation noise which need not be Gaussian, 

and q

kw R , ;p n

k kR Xv R   is the motion state vector, p

kY R  is the measured output. 

The system matrix kA and the observation matrix kH have corresponding dimensions. 

The dynamic system should be both controllable and observable due to the non-singular 

system matrix kA  and the measurement matrix kH .The output kZ  denotes a linear 

combination of the system state kX , and the pre-defined full-rank matrix kL  is the 

combination coefficient. Supposing ˆ
kZ is the estimate of kZ , ˆ

k k kZ Z Z  is the 

estimation error, the initial state estimation is 0X̂ , and the initial estimation error

0 0 0
ˆX X X  . The disturbance and the user of the H filter are two game players. The 

H filter desires to achieve the minimum estimation error kZ . However, the disturbances 

such as kw  and kv  will maximize the estimation error. That is, both sides want to 

maximize their profits. The Game theory-based method is suitable for balancing the 

estimation error and the natural noise. The corresponding cost function
 

can be 

represented by
 
[148]
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                                  (7.17)  

where 0P  denotes the impact of the initial estimation error 0X  , kU ,and kS  respectively 

represent the influence of process and measurement noise, kF  represents the different tr-

eatment on the elements. The weighted matrices kF  ,
0P ,

kU and kS are symmetric, positi-

ve definite, and pre-defined on the basis of practical applications
 
[149]. To avoid direct-

ly calculating the minimum value of the cost function, a user defined and flexible perfo-

rmance bound is defined for the cost function. In the extreme case, when the performan-

ce bound goes to infinite, the H filter transforms into the Kalman filter
 
[140] [150]. Su-

pposing the performance bound is b , then  

 1 1 1
0

1 1
2 2 2 2'

0

0 0

1
0

k kk

N N

k k kP U SF
k kb

J Z x w v


  

 

 

                           (7.18)      
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According to the dynamic system (7.16), the estimation error is  

ˆ( )k k k kZ L X X                                                   (7.19)  

For a linear discrete-time system, the measurement noise can be represented by the 

measurement and the state value:  

k k k kv Y H X                                                     (7.20)  

The H filter is to minimize the cost function 'J via seeking the optimal state ˆ kX  when 

the noise kw  and kv  are in the worst case. So the H filtering problem can be converted 

to solving a minmax problem
 
[151], namely, 

0

'' '

ˆ , ,
min max ( )

k kk X w YX
J J                                              (7.21)  

The minmax problem can be decomposed into two steps: calculate the maximum value 

of 'J with respect to 0 ,  kX w  and kY ; and calculate the minimum value of 'J  with respect 

to ˆ
kX . The inequality (7.18) can be rewritten as: 

 1 11
0

1
2 2 2 2'

0

0

0
T

k kk k k

N

k k kU SP L F L
k

J X X w v  





                                   (7.22) 

The updated covariance of estimate errors can be computed by the discrete-time Riccati 

equation as follows:  

' ' ' 1 ' 1

1 [ ]T T T

k k k b k k k k k k k k K kP A P I L F L P H S H P A U  

                                (7.23)  

The updated state estimate is given as: 

1
ˆ ˆ( )k k k k k k kX A M H X M Y                                           (7.24) 

The gain of the H filter can be computed by 

' ' 1 ' 1 1[ ]T T T

k k b k k k k k k k k k kM P I L F L P H S H P H S                                     (7.25) 

The location measurements are chosen as the input of the H  filter to initialize 

parameters such as the initial state 0X , the covariance 0P , and the weighting matrices kM ,

kQ , and kR . The updated motion state, which is calculated by the H filter, is fed back 

to feature extraction to avoid global searching and to speed up the searching and 

matching, as shown in Figure 7.3. 
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Figure 7.3: Schematic of video tracking based on multi-feature fusion and the H∞ filter 

7.2.3 Mixed Kalman/H∞ Filtering by Fusing State Estimation 

Covariances 

In this section, the Kalman filter and the H filter are mixed by fusing state estimat-

ion covariances to predict motion states of video targets. The schematic of the mixed 

Kalman/ H filter is shown in Figure 7.4. 
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Figure 7.4: The mixed Kalman/filter for video tracking 

As can be seen from (7.14) and (7.23), the covariances of the two filters have the 

same dimension. In addition, the covariance matrices are positive, definite, and 

symmetric. The diagonal entries represent the variances, and the non-diagonal entries 

denote the correlations
 
[152]. The covariance intersection algorithm

 
[153] is used to fuse 
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the covariances and the state estimations of the two filters. The covariance intersection 

algorithm is given by  

    1 1 2 2fX X X                                                         (7.26) 

    
1

1 1

1 2(1 )fP P P 


                                                  (7.27) 

where fX and fP  represent the fused state estimation and covariance respectively; 1X

and 2X represent the two state estimations; 1 and 2 are two known coefficients; 1P  

denotes the covariance of X1, P2 represents the covariance 2X , and  denotes the 

weighted factor. Substituting (7.14) and (7.23) into (7.27), the fused estimation 

covariance can be calculated as: 

 

 

1
'' ' ' 1 ' 1

1 1 1 1 1 1 1 1 1 1 1

1
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          (7.28) 

Substituting (7.13) and (7.24) into (7.26), we can achieve the fused state estimation 

   '' ' '

1 1 1 1 2 1 1( )ˆ ˆ ˆ ˆ( )
k kk k k k k k kA G Y HX A M H X M Y X AX                        (7.29) 

where 1
ˆ

kX  is the updated state estimation of the H  filter, and
'

1
ˆ

kX  is the updated state 

estimation of the Kalman filter. In real-world applications, each target is allocated a 

mixed Kalman / H filter to estimate and update motion states, as shown in Figure 7.5.  
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Figure 7.5: Schematic of multi-target tracking based on mixed Kalman/ H∞ filtering 
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In Kalman filtering, the time complexities of Equation (7.7) and Equation (7.8) are 

2( )O n and 2.373( )O n respectively. The time complexities of Equation (7.9) and Equation 

(7.10) are both 2( )O n . The complexities of Equation (7.11) and Equation (7.14) are both

2.373( )O n . Hence the total compliexity of Kalman filtering is 2.373( )O n . Similarly, in H

filtering, the time complexities of Equation (7.23) and Equation (7.24) are 2.373( )O n  and 

2( )O n respectively. The complexity of Equation (7.25) is 2.373( )O n . Therefore, the total 

time complexity of mixed Kalman/ H filtering is 2.373( )O n . 

Actually, the convergence process of Kalman filtering is dependent on the con-

vergence process of the Ricatti equation. If the dynamic system model is observable and 

the variance matrix is positive and definite, the Kalman filter will converge to a stable 

state from an initial estimate which could greatly impact the convergence rate. The H

filter can regarded as a special Kalman filter with noise covariance matrix varying over 

time. Thus the convergence of H filtering can refer to the analysis of convergence of 

Kalman filtering. 

The one-to-one correspondences between measurements and state estimations are 

established by the mixed IPDA /SJPDA. A filter pool, which is composed of multiple 

mixed filters, is created when the video tracker is initialized. In this pool, a certain 

number of Kalman/ H filters are created and set as idle states. A pair of mixed filters 

contains one Kalman filter and one H∞ filter. When a new target appears in the scene, an 

idle filter pair is allocated to the new target. If the number of idle filter pairs is less than 

a threshold, new filter pairs will be created. If a target disappears, the corresponding 

filter pair is reset to be idle and begins to wait for another target in the filter pool.  

To evaluate the performance of the mixed Kalman/ H filter in video tracking, the 

multi-feature fusion scheme investigated in Chapter 4 and the improved data association 

method discussed in Chapter 5 are integrated into the state estimation fusion. In addition, 

the video sequence „PETS2000-test‟ with a resolution of 768 576  is employed as a 

test dataset. The young man is partially occluded by the black car from the 805
th

 frame 

to the 882
th

 frame and can be detected, as shown in Figure 7.6(a-f). The white car and 

the old lady have totally appeared in the video scene and can be detected accurately to 
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match with reference targets maintained by the target management module. The three t-

argets are not occluded after the 882
th

 frame. The white car is driving out from the scene 

from the 914
th

 frame. 

 
           (a) The 805

th
 frame                          (b) The 820

th
 frame                     (c) The 882th frame                                

 
                 (d) The 914th frame                  (e) The 943

th
 frame                        (f) The 975

th
 frame 

Figure 7.6: Multi-target matching and tracking    

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

Table 7.1: Performance comparison of RSIULBP-based target matching under different L2-

normalization parameters 

                    Params 

    Items 

µ=0.4 

e=0.04 

µ=0.5 

e=0.05 

µ=0.6 

e=0.06 

µ=0.7 

e=0.07 

µ=0.8 

e=0.08 

µ=0.9 

e=0.09 

Matching degree 0.8 0.8 0.85 0.82 0.82 0.85 

Matching Time 3ms 3ms 3ms 3ms 3ms 4ms 

As can be seen from Table 7.1, when 0.6, =0.06e  , the matching accuracy based 

on RSIULBP reaches the maximum, and the matching time is the smallest. The global 

pixel distribution vector and the HSL colour space have the equivalent ability to 

represent rigid targets. Thus, we choose = 0.5
HSV PDV
   for rigid targets and =0.7

HSV


, 0.3
PDV
  for non-rigid targets. Similarly, the coefficients of the multi-feature fusion can 

be assigned as 0.33
EOG LTF HSV PDV
  


   for rigid targets and 0.5

EOG
  , 0.25

LTF
  ,

0.25
HSV PDV



 for non-rigid targets. The fused feature matching matrices are calculated 

as follows: 
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805 820

0.91 0.06 0.08 0.92 0.07 0.10

0.11 0.88 0.29 , 0.13 0.86 0.22

0.07 0.35 0.59 0.10 0.19 0.70

   
      
   
     

882 914

0.87 0.04 0.05 0.82 0.07 0.08

0.05 0.86 0.24 , 0.03 0.88 0.25

0.07 0.25 0.85 0.08 0.29 0.89

   
      
   
     

                                 

943 975

0.61 0.06 0.08 0 0 0

0.11 0.89 0.22 , 0 0.86 0.21

0.07 0.19 0.87 0 0.27 0.88

   
      
   
     

The corresponding association probability matrices are calculated by (5.25) and shown 

as follows: 

805 820

'' ''
0.92 0.02 0.04 0.90 0.03 0.05

0.04 0.90 0.10 , 0.05 0.88 0.10

0.04 0.08 0.86 0.05 0.09 0.85

F F
   
    
  










   

882 914

'' ''
0.86 0.03 0.03 0.85 0.02 0.05

0.08 0.89 0.11 , 0.08 0.90 0.09

0.06 0.08 0.86 0.07 0.08 0.86

F F
   
    
  










   

943 975

'' ''
0.80 0.04 0.04 0.02 0.01 0.01

0.11 0.92 0.06 , 0.02 0.91 0.10

0.09 0.04 0.90 0.01 0.09 0.89

F F
   
    
  










   

The degrees of matching for video targets calculated by the colour-based modelling in 

[154], the shape-based modelling in [155], and our method are compared as shown in 

Figure 7.7.  

 
 (a) The white car 
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                                         (b) The young man                                           (c) The old lady 

 Figure 7.7: Comparison of matching degree of targets 

The average degrees of matching from the 800
th

 frame to the 1000
th

 frame are compared 

in Table 7.2.  

Table 7.2: Comparison of the average matching degrees of target modelling methods 

           Methods  

 Targets 

Colour-based 

Method[154] 
Shape-based Method[155] Our Method 

The white car 88.20% 88% 93.50% 

The young man 82.10% 80.15% 86.24% 

The old lady 84.16% 83% 89.32% 

As can be seen from Figure 7.7 and Table 7.2, our method outperforms the colour 

based and the shape-based target matching. Since the white car is rigid and the 

pedestrians are non-rigid, all the methods performing over the white car achieve better 

degrees of matching than over the pedestrians. In addition, the old lady has not been 

occluded. Hence, the degree of matching is higher than that of the young man. The 

detection rates, false alarms, and the processing time, which are compared in Table 5.1, 

Table 5.2, and Table 5.3 respectively, are the major performance indicators of multi-

target associations. The JPDA-based method has poor performance in the detection rate 

and false alarm. The MHT-based association method has the smallest false alarm, but 

the second best detection rate; however, its efficiency is the lowest. Our method has the 

fastest processing speed, the smallest false alarm, and the highest detection rate. The 

linear combination matrix 
k

L  and the weighting matrices
0
, ,

k k
P M S , and 

k
U  in the H



filter can be initialized as  
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0

1 0 0 0 5 0 0 3 1 0 0 0

0 1 0 0 0 7 2 0 0 2 0 0
, ,

0 0 1 0 0 2 9 0 0 0 2 0

0 0 0 1 3 0 0 11 0 0 0 1

K k
L P M

     
     

        
     
     

   

0.2 0 0 0 1 0 0 0

0 0.2 0 0 0 1 0 0
,

0 0 0.3 0 0 0 2 0

0 0 0 0.1 0 0 0 1

k k
S U

   
   

    
   
   

 

The initial motion states of the three video targets (the white car, the lady and the young 

man) are given as: 

   
0 0

768 300 15 8 380 20 3 2,
T Ta b

X X    
 

                                                      0 [507 230 0 0]c TX    

The initial value of the performance bound 
b

 in the H


filter is 2.5. The process noise 

k
w  and the measurement noise 

k
v in the Kalman filter are assumed to be uncorrelated 

at each time step. The process noise covariance matrix 
k

Q  and the observation noise 

covariance matrix 
k

R  can be calculated as follows: 

0.15 0 0 0 0.2 0 0 0

0 0.15 0 0 0 0.2 0 0

0 0 0.15 0 0 0 0.2 0

0 0 0 0.15 0 0 0 0.2

,
k k

Q R

   
   

    
   
     

The coefficients of the covariance intersection algorithm in (7.26) and (7.27) for the 

mixed Kalman/ H filter can be assigned as 

1 2
0.6 , 0.35, 0.65       

The old lady is slightly occluded by the trees before the 566
th

 frame. The young 

man is partially blocked by the black car before the 860
th

 frame. To further evaluate the 

performance of our method, the root mean square error (RMSE), which represents the 

deviation between the measured position and the actual position, is computed and 

shown in Figure 7.8(a-f). 
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                            (a) x-direction (the white car)                           (b) y-direction (the white car) 

  
                            (c) x-direction (the old lady)                         (d) y-direction (the old lady)      

  
                          (e) x-direction (the young man)                        (f) y-direction (the young man)      

Figure 7.8: Comparison of RMSE of video tracking methods  

Kim‟s tracking method in [156] and Vashui‟s method in [157] have the RMSE 

values ranging from 3 to 3.2 when tracking the white car. However, the RMSE value of 

our method drops in the range from 2.6 to 2.7. Likewise, our method has smaller RMSE 

values when tracking the old lady and the young man. 
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7.3 High-maneuvering Target State Estimate Based on 

Mixed Extended Kalman/Particle Filtering  

7.3.1 Target State Estimation Based on Extended Kalman Filter 

 For linear or weakly nonlinear motion targets, such as vehicles, the Kalman filter is 

able to efficiently estimate and update target states, and to greatly reduce the search 

scope. However, for the high-maneuvering targets, which move nonlinearly, the Kalman 

filter cannot predict target states accurately. The extended Kalman filter (EKF) is the 

nonlinear version of the Kalman filter [158] and is suitable for nonlinear systems with 

Gaussian noise. The state transition and the observation model require linear functions 

instead of differentiable functions [159].The state model and the observation model of 

nonlinear systems are described as follows:        

1 1( )

( )

k k- k -

k k k

X f X W

Z h X V

 


 
                                           (7.30) 

where kX   is the state vector, kZ  is the observation vector, kW  is the process noise vector, 

and kV  is the observation noise vector. The function ( )f   represents the process 

nonlinear vector function, and ( )h   denotes the observation vector function. kW  and kV  

are assumed to be white noise. Supposing the covariances of kW and kV  are respectively 

kQ  and kR , then 

[ ] 0

[ ] 0

[ ]

[ ]

k

k

T

k k k

T

k k k

E W

E V

E W W Q

E V V R








 

                                                  (7.31) 

The functions ( )f   and ( )h  , which need to be Taylor expandable and have a continuous 

first derivative, are used to compute the predicted state and observation from the 

previous estimate and predicted state respectively. The EKF consists of predicting and 

updating phases. In the predicting phase, the predicted state estimate at time k is: 

| 1 1| 1( )k k k kX f X                                                           (7.32) 

The predicted estimate covariance is presented by 

http://blog.163.com/wiki/Differentiable
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| 1 1 1| 1 1 1

T

k k k k k k kP F P F Q                                                    (7.33) 

In the updating phase, the updated state estimate 

   | | 1 | 1( )k k k k k k k kX X G Z hX                                              (7.34) 

The updated estimate covariance 

| | 1( )k k k k k kP I G H P                                                      (7.35) 

The near-optimal Kalman gain                    

 
1

| 1 | 1( )T T

k k k k k k k k kG P H H P H R 

                                            (7.36) 

where 1| 1k kX   is the optimal estimate at time k-1, |k kX  is the optimal estimate (updated 

estimate) at time k, and 1| 1k kP    is the covariance of 1| 1k kX   , such that 

1| 1

| 1

1 |

|

k k

k k

k X X

k X X

f
F

X
h

H
X

 



 




 

 
 



                                                         (7.37) 

The schematic of video tracking based on the EKF is shown in Figure 7.9. 

    

( )xv k

( )yv k



d

(0,0)

( ( ), ( ))C x k y k

 

Figure 7.9: Video target state estimation                 Figure 7.10: Video target state 

                        based on the EKF                                    representation in the EKF 
                                                                                              (Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

The motion state of video targets is shown in Figure 7.10. Let ( )xv k  and ( )yv k  

respectively represent the target velocity in the x and y directions at time k, and

( ( ), ( ))C x k y k denotes the centroid coordinates of the target. Assuming ( )d k  is the 

distance between the target centroid and the original point, the observation equation  

2 2( ) ( )
( )

( ( )) ( )
( ) arctan

( )

x k y k
d k

h X k y k
k

x k


 
   

     
  

                                 (7.38) 

The system state can be expressed by

      

                  

1 1k k- k k-
k k k

x x y y
X x y

t t

  
    

     

                           (7.39) 
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The system matrix  

1

1 0 0

0 1 0 0

0 0 1

0 0 0 1

k

t

F
t

 
 

  
 
 

                                                   (7.40) 

where t  is the time interval between two adjacent frames. 

7.3.2 Improved Sequential Importance Resampling Particle 

Filtering 

Particle filtering makes no restrictive assumption about the dynamics of state-space and 

noise distribution [160]. Particle filters are suitable for nonlinear systems with non-Gau-

ssian noise distribution and hence are appropriate to track non-rigid targets such as ped-

estrians. Given observed values, particle filters use a group of random samples in the st-

ate space to approximate probability density functions (PDFs) and estimate state values 

[161, 162]. A random sample state space is known as a particle. Thus, the samples origi-

nating from a PDF can be represented by a data set which can be particles. Each particle 

is assigned a weight to denote the probabilistic sampling. If the size of samples goes to 

infinity, the particle filter is able to approximate any probability density distribution.  

      The sequential importance resampling (SIR) particle filtering used in video tracking 

includes dynamic system modelling, initialization of particles, sampling of particles, 

and importance resampling [163], as shown in Figure 7.11. The discrete dynamic 

system model can be represented as:  

    
11k k

k k

k k

kk

X

Z X

X A Q

= H +V







                                                  
(7.41) 

where kX  is the system state vector at time k, 1kQ   is the system noise vector, kA  is a 

possibly non-linear state transfer matrix describing the evolution of state vectors, kH  is 

a non-linear observation matrix representing the observation process, and kV  is the 

observation noise vector. Assuming 1 kZ   are the observations up to and including time 

k. The state vector estimation, which is regarded as the calculation of the filtering 

distribution 1( | )k kp X Z  , can be implemented by using predicting and updating methods. 
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Theoretically, the state filtering is to estimate the internal states of the dynamical system 

in the presence of partial observations and random perturbations.  

Particles deployment
(according to the video 

target observations)

Particle sampling
(features extract and video 

target modelling)

Weighted particles
(calculate weighted 
matching degree)

Importance resampling

Particles redeployment

(a certain number of 

particles are deployed 

around the weighted 

target position)

Prediction result

 

Figure 7.11: Flow chart of the SIR particle filter in video tracking 

The particle filtering directly performs a prediction-updating transition by using 

genetic and mutated particle algorithms [164].In the prediction phase, the filtering 

distribution is written as: 

  1 -1 -1 -1 1 -1 -1( | ) = ( | ) ( | )k k k k k k kp X Z p X X p X Z dX                                (7.42) 

where -1( | )k kp X X  is calculated by the system state equation, and -1 1 -1( | )k kp X Z  is assumed 

to be known due to the recursive principle. Actually, 1 -1( | )k kp X Z   can be regarded as a 

prior probability distribution over the state vector kX  and is updated by the up-to-date 

observation kZ . In the updating phase, the posterior probability with respect to kX can be 

given as: 

 
 1 1 -1( | ) = λ ( | ) ( | )k k k k k kp X Z p Z X p X Z                                        

(7.43) 

where   is a constant coefficient, ( | )k kp Z X is attained from the observation equation. If 

the size of samples becomes greater, the closer the posterior probability described by the 

weighted particles get toward the probability distribution [165] .  

Assuming 0 kX   is the state vector up to and including time k. Let 0 0 0{ , | }j j N

k k jX w    

denote a group of particles with individual weights, and the state sample set 0 0{ | }j N

k jX    

https://en.wikipedia.org/wiki/Filtering_problem_(stochastic_processes)
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represent N state samplings at each time step. As a statistical analysis technique, particle 

sampling is used to manipulate, and analyse data-of-interest extracted from the region 

associated with a particle, and build a data model for pattern recognition. Assuming the 

coordinates of the thj  particle in the thi  sampling at time k are  ( , ) ,( , , )x i j,k i j k , and 

the matching degree associated with the thj  particle in the thi sampling at time k is

( , , )M i j k , thus, the normalized weight for each particle can be expressed as: 

         
0

( ) = ( , , ) / ( , , )
N

j

k

j

w i M i j k M i j k


                                      (7.44) 

The coordinates of the weighted particle can be computed as:  

   

i=1

i=1

( , ) = ( , , ) ( )

( , ) = ( , , ) ( )

N
j

x k

N
j

y k

P j k x i j k w i

P j k y i j k w i










                                     (7.45) 

To implement target matching in video tracking systems, the reference model of video 

targets should be established first. The features-of-interest are extracted from the initial 

target region which can be manually selected or determined in the previous frame. The 

deployment of particles plays quite an important role in particle filtering. It includes two 

steps: initial deployment and redeployment. Accordingly, the sampling process is divid-

ed into two stages: initial sampling and resampling. The initial deployment of particles 

depends on the target state predicted by the EKF filter. If the target state prediction is f-

ailed or missed, a certain number of particles are deployed in a circle with a radius of R 

and centred at the target position 1kO  , as shown in Figure 7.12(a). Otherwise, particles 

will be deployed in a 90-degree sector, in which the predicted target position eP  is 

an equal division point, as shown in Figure 7.12(b). Supposing the width and height of 

the minimum bounding rectangle of video targets time 1k   are respectively 1kw  and

1kh  , such that the radius can be given as: 

 1 1( , )

2

k kMax w h
R                                                (7.46) 

The particles in the initial deployment stage are uniformly distributed in the circle 

region. The sampling areas are rectangular and centred at the positions of particles, and 

they have the same size as the minimum bounding rectangle of the target. The features-

of-interest in these areas are extracted to build candidate models. 

http://whatis.techtarget.com/definition/statistical-analysis
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(c) Redeployment of particles 

Figure 7.12: Deployment of particles in the improved SIR particle filter 

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 

The HSL colour histogram is quite an efficient feature to represent video targets 

under simple video scenarios. However, in the context of complex video scenarios, 

multiple features based target modelling is more reliable and accurate. The matching de-

gree of the reference model and the candidate model is calculated for each particle. The 

normalized weight for each particle can be computed by (7.44), and thus the weighted 

target position wP  can be obtained, as shown in Figure 7.12(a). The initial sampling has 

been implemented efficiently. Nevertheless, the weighted target position calculated in 

the initial sampling stage obviously deviates greatly from the ground truth position kO

of the target.  

In the resampling stage, particles are normally redeployed in a sector of 90 degrees, 

where the weighted target position of the initial sampling is a symmetry point, as shown 
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in Figure 7.12(c). This circular sector is also called the important region. Similarly, 

features-of-interest in the rectangular sampling regions corresponding to the new 

particles are extracted to build candidate models and to calculate matching degrees. The 

normalized weighted matching degree pd and the weighted target position rP  are 

figured out. If pd is greater than a pre-defined threshold 0d , it means the video target has 

been detected in the current frame. Otherwise, the next resampling will be implemented. 

In the meantime, if the resampling frequency rS  is greater than a threshold 0S , the 

occlusion analysis procedure is exploited to recognize the target, and then follows the 

management of targets. The block diagram of the particle filtering for video tracking is 

shown in Figure 7.13.   
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Figure 7.13: Block diagram of video tracking based on the improved SIR particle filter 

The initial sampling of the particle filtering is able to coarsely detect video targets. 

The resampling procedure can more accurately find target positions, and effectively 

avoid particle degeneracy. Target matching in the particle filtering refers to calculating 

the degree of similarity between candidate targets and the reference target model. In the 

presence of complex scenarios, multiple features, such as LBP texture, edge gradients, 

and space color distribution, should be fused to denote the target. The number of 

particles in the initial sampling stage is different from that of the resampling. If the 

resampling needs to implement multiple times, the particle number needs to adaptively 

change in different rounds of resampling. More particles deployed in the sampling stage 
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contribute to improving the detection precision. Ideally, if a large number of intensive 

particles are uniformly deployed throughout the frame, the filtering algorithm will yield 

the most precise detection results. However, it would greatly increase the cost of 

calculations. The performance of the SIR particle filtering with different particle 

numbers are compared and illustrated in Table 7.3 and Table 7.4. 

Table 7.3: Comparison of efficiency of particle filtering under different particle numbers 

                Particle number 

Items 
N=500 N=750 N=1000 N=1250 N=1500 N=1750 

Initial sampling 8ms 9ms 10ms 11ms 12ms 13ms 

Once resampling 15ms 17ms 19ms 21ms 23ms 25ms 

Twice resampling 23ms 26ms 29ms 32ms 35ms 38ms 

Table 7.4: Comparison of detection precision (RMSE) under different particle numbers  

                Particle number 

Items 
N=500 N=750 N=1000 N =1250 N =1500 N =1750 

Initial sampling 13 13 11 11 9 9 

Once resampling 6 6 5 5 4 3 

Twice resampling 4 4 3 3 3 2 

Some factors, such as the number of video targets, target size, resampling frequency, 

and features-of-interest extracted for modelling, could impact the determination of the 

number of particles. Assuming the target number is TM , and the resampling frequency is

fR . Supposing the particle number for each video target is 1 1( ) | | fT
RM

i jN i, j   . Let feT  denote 

the time expense of feature extraction, and tmmT  represent the time cost of target 

modelling and matching for each particle. The total sampling time of the particle 

filtering can be computed by 

 

 
0 1

( , )
f T

R M

S fe tmm

j i

T N i j T T
 

                                          (7.47) 

7.3.3 State Estimation Fusion Based on Mixed Extended Kalman/ 

Particle Filtering 

The extended Kalman filter (EKF) and the particle filter compose a parallel filtering 

system to simultaneously estimate and update video target states. The target state 

predicted by the EKF is fed back to the initial deployment stage of the particle filter to 

boost the particle sampling. The updated states are fused by the state fusion module 
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based on the weighted state fusion criteria. Let 
EKFS  and 

PFS  represent the target state 

of the EKF and the particle filter respectively. The fused state estimation         

    
 

i EKF EKF PF PFS w S w S                                                 (7.48) 

where EKFw and PFw are respectively the state weights of the EKF and the particle 

filter. The schematic of the fusion state estimation based on mixed extended Kalman 

filtering and particle filtering is shown in Figure 7.14.  

The target management module is to effectively maintain, manage, and update 

target states. As well as this, it can distribute corresponding observations to state filters. 

For multi-target video tracking, an EKF is assigned to predict motion states for each 

target, and a particle cluster is deployed to compute a weighted matching degree for 

each target, as shown in Figure 7.15. The updated target state of the EKF is fed back to 

the initial sampling of the particle filtering and the final state output is produced by 

using a linear weighting method. If the EKF loses the target, the final updated state is 

determined by the particle filter. Meanwhile, the updated target state is fed back to the 

video target management to update target positions. 
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 Figure 7.14: Block diagram of state estimation fusion based on extended Kalman/particle 

filtering 
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Figure 7.15: Mixed EKF /particle filtering for multi-target video tracking 

7.4 Summary 

Video tracking systems have high requirements of real-time performance in target 

detection and recognition. Global search in video detection can yield accurate detection 

results. However, it is computationally expensive and time-consuming in the presence 

of high-resolution video scenario. Motion state estimation and prediction applied to 

video tracking can quickly locate targets and avoid global search, and thus greatly 

improve the efficiency of target detection. In addition, target detection algorithms 

cannot thoroughly deal with partial and complete occlusions of video targets. A motion 

state estimator is a good solution to predict and update target states, and to help to 

recognize different targets.  

The Kalman filter is proven to be the optimal linear quadratic estimator and has 

been successfully exploited in video tracking. It utilizes current measurements and 

previous updated estimates, as well as recursive equations to estimate and predict target 

states at the current time step. Therefore, the Kalman filter is a highly efficient recursive 

filter which can estimate the state of a linear dynamic system from a series of 

incomplete measurements and noise. The probability density functions (PDFs) of noise 

in Kalman filtering is assumed to be known, namely, the Kalman filter requires the prior 

knowledge of process and measurement noise. Unlike the Kalman filter, the H filter 
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makes no assumption about noise and is able to minimize the worst-case estimation 

error, and is more robust in the absence of knowledge about the system and disturbance 

models. In addition, the H filter has similar recursive equations to the Kalman filter, 

which makes it highly efficient and practical in the state estimation of video tracking. 

Thus, the H filter is considered the robust Kalman filter. The mixed Kalman/ H  

filtering fuses state estimate covariances and possesses both the efficiency of the 

Kalman filter and the robustness of the H filter. Hence it is suited to estimate and 

predict motion states of fast-moving and rigid targets such as vehicles. Even the video 

scenario undergoes a short-time but drastic impact, such as uncertain noise and light 

changes, the mixed filter is able to efficiently predict target states and address the 

problem of target occlusions. Besides this, in some special cases, motion state 

observations may be missing or deviate from true values too much, but state estimation 

fusion is able to resume valid target states. 

The highly-manoeuvring and irregularly moving targets, such as football players, 

can be thought of as nonlinear models. The extended Kalman filter (EKF) has a real-

time performance similar to the Kalman filter and is able to predict motion states of 

highly manoeuvring targets. Although the calculation of the Jacobian matrix and the 

extraction of the first order term of Taylor series cost a little time, it keeps high 

efficiency and does not impact practical applications. The particle filter has no 

restrictions on the dynamic system and the noise distribution, and it is well suited in 

both linear and nonlinear state estimation. Sequential importance resampling of the 

particle filtering effectively solves the problem of particle degeneracy. State estimation 

fusion based on the mixed extended Kalman/particle filtering can deal with complex 

situations such as occlusions and dynamic background. 

 Unscented transform-based H fitering can also be used to solve nonlinear fitering 

problem. Unscented transform neither linearizes nonlinear dynamic system nor 

calculates Jacobian matrices. It utilizes a series of samples to approximate the 

probability density function of the nonlinear system model instead of approximating 

nonlinear function. The unscented transform-based H  nonlinear filtering has better 

accuracy. However, the high-order terms have not been discarded, which leads to a 
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larger amount of calculation in multi-target video tracking. Thus the H  unscented filter 

cannot guarantee the efficiency of state estimation in video tracking. 
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8 
Distributed Multi-camera Video Tracking 

and Surveillance System 

8.1 Overview 

A single camera can capture one or more targets from a fixed perspective in most 

scenarios. However, in some special situations such as occlusions, merging and splitting, 

and poor points-of-view, single camera-based video tracking may not complete its 

mission. Multiple cameras can retrieve more information related to the targets-of-

interest from different perspectives. Multi-camera tracking has become an inter-

disciplinary research hotspot which integrates computer vision, information fusion, 

pattern recognition, and artificial intelligence. A space-time-view hyper-graph-based 

multi-camera tracking is proposed in [166]. Amudha et al. introduce an efficient multi-

camera activation mechanism and a virtual grid-based target recovery scheme to 

implement multi-camera tracking [167]. A factor-graph model is investigated to 

generate probabilistic occupancy maps and define a cost network model [168].  

Ideally, a unified target model based on appearance and transform features is built 

for all the fields of view of multiple cameras. However, different scenes have different 

intensity distributions. In addition, different cameras have different perspectives; hence 

the transfer models between the cameras should be built to serve target matching across 

cameras. The target height used in target matching contributes greatly to improving the 
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degree of matching. But in practice, it is hard to precisely calibrate the height of targets 

ahead of time.  

The early pinhole cameras only had a tiny aperture through which light passed and 

formed an upside-down image. With those kinds of cameras, it is easy to generate 

significantly distorted images due to the absence of camera lens. The homography 

matrix, which reflects mapping relations between the ground plane-based imaging and 

the camera perspective-based imaging, is an effective way to calibrate cameras [169]. 

However, the calibration of cameras has to depend on camera parameters, installation 

position, and scene information; otherwise, regular calibrations cannot yield accurate 

results. For modern high-quality cameras, manufacturers have optimized the imaging 

process and improved imaging quality. Thus, there is no need to deliberately calibrate 

cameras.   

Efficient and reliable camera scheduling is capable of avoiding track loss when 

video targets move from one scene to another scene. Actually, it is an issue of camera 

handoff (targets handover across cameras).Thus, the communication and coordination 

between the cameras is meaningful to continuous and reliable multi-camera tracking. 

The distributed multi-camera video tracking and surveillance (DMVTS) has wider 

fields-of-view, which means it can significantly reduce the uncertainties of a single 

view. 

In this chapter, multi-camera cooperative tracking is firstly investigated. Afterwards, 

an improved Camshift algorithm is proposed to realize relay tracking across cameras. 

Finally, a distributed multi-camera video tracking and surveillance (DMVTS) system 

based on hierarchical centre management modules (CMMs) is developed to further 

extend the scope of multi-camera tracking. 

8.2 Multi-camera Cooperative Video Tracking 

8.2.1 Principle of Multi-Camera Detection and Tracking 

Usually, multiple cameras work simultaneously in multi-camera cooperative visual 

tracking (MCVT). Video packets, generated by digital cameras, are sent to hardware 

https://en.wikipedia.org/wiki/Aperture
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video decoders to extract key frames. The decoded video frames are continuously input 

to target detectors where the contour and centroid of targets are calculated and the 

features-of-interest are extracted. Target associations in multi-camera video tracking 

include intra-camera association and inter-camera association. The intra-camera target 

association is to associate candidate targets with reference targets in a single camera. 

The state of reference targets will be updated if the association is successful. Target 

positions and shapes are encapsulated as Listing 8.1, and are sent to the inter-camera as-

sociation module to re-identify targets in different scenes. The schematic of multi-target 

cooperative detection and tracking is illustrated in Figure 8.1. The target tracker will be 

introduced in Section 8.3. 
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Figure 8.1: Multi-camera cooperative detection and tracking 

 Listing 8.1: An XML data format of detection results 

01:  <?xml Version=“1.0” encoding="UTF-8" ?> 

02: <Message Version="1.0.2"> 

03:     <IE_HEADER> 

04:               <MsgType>MSG_TARGETSTATE</ MsgType > 

05:                 <DomainID>1200</DomainID> 

06:                 <DetectionTime>12:00</ DetectionTime > 

07:                 <CamerID>00005</ CamerID > 

08:        <PktTotalNum>1</ PktTotalNum > 

09:        <PktSeqNum>1</ PktTotalNum > 

10:               <SessionID>1030</SessionID> 

11:        </IE_HEADER> 

12:       <IE_ TARGETCENTROID _INFO> 

13:             <Horizontal>500</ Horizontal > 

14:             <Vertical>300</ Vertical > 

15:       </IE_ TARGETCENTROID _INFO> 
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16:       <IE_ TARGETSHAPE _INFO> 

17:                   <Topleft>200,300</ Topleft > 

18:                 <Height_width>400,300</ Height_width > 

19:        </IE_ TARGETSHAPE _INFO>  

20:       <IE_ CONTOURPOINT_INFO> 

21:               <Point> 200-300 </Point> 

22:             <Point> 210-310 </Point> 

                                        . 

                                        . 

                                        . 

23:       </IE_ CONTOURPOINT_INFO> 

24:  </Message> 

8.2.2 Overlapped and Non-Overlapped Fields of View 

The fields-of-view (FOV) of cameras can be divided into horizontal FOV, vertical 

FOV, and diagonal FOV, as shown in Figure 8.2(a). Video detection and tracking based 

on multiple cameras have non-overlapped and overlapped FOVs, as shown in Figure 

8.2(b). 
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         (a) non-overlapped fields of view                                 (b) Overlapped fields of view 

Figure 8.2: Non-overlapped and overlapped fields of view of multiple cameras 

When a video target moves across non-overlapped FOVs, the target trajectory generated 

in the previous camera contributes little to the subsequent tracking due to independent 

FOVs. Thus, a robust and accurate target model is able to re-identify targets in a new sc-

ene. In addition, the colour intensity-based target transfer model helps to improve target 

matching across cameras. In the case of overlapped FOVs, including both the small-sc-

ale and large-scale overlaps, FOV lines, which separate the overlapped regions on the g-

round plane into several parts, are exploited to determine which camera is responsible 

for tracking. Namely, a FOV line divides the overlapping FOVs of two cameras into t-
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wo sub-regions which are supervised by individual cameras. If a target travels across the 

FOV line, the target hand-off between the two cameras needs to be handled. 

8.3  Multi-camera Relay Tracking Based on Improved 

Camshift 

Probability density estimation can be classified as non-parametric estimation and 

parametric estimation. The parametric estimation methods applied to video tracking 

mainly include Gaussian mixture models, image moments, maximum likelihood 

methods, and particle filtering. The widely used non-parametric estimation methods in 

video tracking contain histogram-based target matching, kernel density estimation 

(KDE), K-nearest neighbour (KNN), and local polynomial regression (LPR). 

Kernel density estimation-based video tracking has attracted increasing attention in 

recent years. A low-cost extended Camshift tracking method, which accumulates 

multiple histograms to build a more complex object appearance model against the 

cluttered background, is proposed [170]. Besides this, the corresponding GPU-level 

implementation procedure is introduced. An improved Camshift algorithm based on 

Kalman filtering is presented in [171] to realize robust video tracking. In [172] a 

Bayesian approach is utilized to estimate the colour probability density function which 

gives the probability of a pixel corresponding to an object. An improved Camshift 

method, which adopts histogram improvement, occlusion judgment, and Kalman 

filtering, is presented to enhance the tracking accuracy and reliability [173]. A two-level 

approach, which uses a multi-dimensional colour histogram, an improved histogram 

back-projection, and the Kalman filter, to robustly track targets is proposed in [174]. An 

efficient Camshift-based tracking method, which employs the background weighted 

histogram and the Kalman filter, is proposed to solve the occlusion problem [175]. An 

extended Camshift by integrating the SURF feature matching and the UKF is introduced 

in [176]. All of the above-mentioned algorithms cannot automatically select the initial 

targets. The adaptive sizes of the kernel and the search window are not supported in 

[170, 171, 172, and 173]. The tracking accuracy under poor illumination cannot be 
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guaranteed in [171, 172, 173,175,  and 176]. Only a single feature is adopted in [171, 

172, 173, and 176]. Occlusions have not been resolved in [172, 176].The colour 

histograms of the video target at different times need to be pre-computed and stored in 

[170]. 

The continuously adaptive mean shift, or Camshift as it is called, is an effective 

non-parametric estimate method used to locate the peak of a continuous probability 

distribution. The standard Camshift procedure is decomposed into the following steps. 

Firstly, the size and location of the search window is initialized, and the mean shift is 

computed. Secondly, the search window is shifted along the mean shift vector and 

centred at the mean position. Finally, the local maximum of densities is found by 

comparing the candidate model with the reference model. In the meanwhile, multiple 

iterations based on the hill climbing algorithm are performed till convergence. 

As a nonparametric clustering technique, mean shift does not need to know the 

prior knowledge about the number of clusters; it does not constrain the shape of the 

clusters as well. Given a set of finite data samples 1{ }n

i ix  in the d-dimensional 

Euclidean space dR , the multivariate kernel density estimation can be denoted as: 
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                                                (8.1) 

where d represents the dimension of data, h denotes the bandwidth (window size), and 

the larger the h, the slower the convergence rate. The kernel function ( )K  represents the 

relationship between the weight and the probability density, and it has a convex and 

monotonic decreasing kernel profile, :[0, ]k R  , such that 

 2
( )K x k x                                                   (8.2) 

The kernel function holds the constraints as follows: 
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Namely, the kernel functions have the properties of normalization, symmetry, and 

exponential decay. Besides these, they should be isotropic, convex, differentiable, and 

monotonically decreasing. The most widely used kernel functions in the non-parametric 

density estimation are as follows [177]: 

Gaussian Kernel: 

     

2/2 1
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                                         (8.4) 

Epanechnikov Kernel: 
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Uniform Kernel: 
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Normal Kernel: 

21
( ) exp  

2
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The kernel function is a weighting function which assigns bigger weights to the 

samples near the centre point, and assigns smaller weights to the circumjacent samples. 

The Gaussian kernel can efficiently converge to a local maximum and the estimation 

density function is smooth. The uniform kernel needs only finite steps to reach a local 

maximum, but its estimation density is not smooth. The normal kernel has a smooth 

trajectory, but it converges slower than the uniform kernel. The Epanechnikov kernel is 

the most efficient and can greatly smooth the estimation density; thus it is employed in 

our proposed extended Camshift .Therefore, equation (8.1) can be rewritten as: 
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where h  is the kernel bandwidth. Let *

1{ }| hN

i ix   represent the pixels of the reference target, 

and *( )iq x  denote the feature index in the quantified feature space with respect to pixel

*

ix . Assuming the centroid of the target in the previous frame is y0, let fN  denote the 

number of features .The probability density distribution of the jth feature of the 

reference target model [178] can be represented as: 
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where hN  is the number of the pixels in the reference target, and ( )  is the Kronecker 

function. Let 1{ }| hN

i ix   represent the pixels of the candidate target. Assuming the centroid 

of the candidate target in the current frame is y, the probability density distribution of 

the jth feature of the candidate target can be computed as: 
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where y  is the position of the previous search window. Let the probability density 

distribution vectors 0{ | }fN

j jP P   and 0( ) { ( ) | }fN

j jL y L y   represent the reference target and 

the candidate target respectively. The Bhattacharyya coefficient between P  and ( )L y

can be given as: 
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where 0y is the predicted centroid of the target. The weight i can be computed as:   
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The mean shift vector in the search window can be computed by 
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where ( ) ( )g x k x   .The position of the search window is updated as: 
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If the Epanechnikov kernel is adopted, such that   
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The probability density function will converge to a local maximum by multiple 

iterations. The number of iterations is determined by the termination criteria which can 

be maximum iteration, threshold iteration, and adaptive iteration.  

The traditional Camshift-based video tracking has obvious weaknesses. Firstly, the 

initial location of the target needs to be manually selected. Hence, if a new target 

appears in the scene, the reference target model cannot be automatically represented by 

the probability density function in the chosen feature space. Secondly, the fixed kernel 

bandwidth easily makes the mean shift algorithm trap into a false local maximum [179]. 

In addition, if the target moves fast in the scene and changes in scale, the search window 

in the previous frame is unable to cover the centre of the target in the current frame. The 

return value of the similarity function will be less than the local maximum. Finally, a 

single colour feature-based target model may change during the brute-force search, 

which will reduce the accuracy and efficiency of model matching. In addition, if the 

target has a similar colour distribution to the background, the colour feature-based 

probability density description is non-discriminative. To address the abovementioned 

problems, an improved Camshift combined with automatic target detection and the H∞ 

filter is proposed, as shown in Figure 8.3. 
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Figure 8.3: Block diagram of video tracking based on improved Camshift 
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The initial target location is fed back from the target automatic detection module 

discussed in Chapter3. Therefore, the manual selection can be avoided. The quantified 

HSL-based colour histogram and the LBP histogram, described in Chapter 4, are 

utilized to represent the probability density model of the target. The HSL colour model 

is quantified to 256 levels, which make the numeric calculation more efficient. The 

rotation and scale invariant LBP represents the structure information of the target.  

8.3.1 Back-projected Probability Distribution Image Based on 

Multiple Histograms 

To facilitate the computer programming, the back-project image, which reapplies 

the modified histogram to the original image, is employed to represent the probability 

density distribution of features [180]. The pixel locations in the same bin are replaced 

by the relative histogram bin values which represent the probability that the pixels 

belong to the video target. The image moment, as a structural descriptor, is employed to 

describe the spatial distribution of points. The probability density centroid can be 

calculated by the zeroth moment and the first moment of the probability density 

distribution image. Let ( , )hD x y  represent the hue probability density image, and 

( , )TD x y  denote a rotation invariant, scale invariant, and uniform LBP (RSIULBP) 

probability density image. Assuming the functions ( , )hue x y  and ( , )Tex x y  are the hue 

value and the RSIULBP value of the pixel(x, y) respectively. Let ( )Hist hue  and ( )Hist Tex  

respectively denote the hue histogram and the RSILBP histogram. The zeroth moment 

denotes the contour area for a binary image or the sum of grey level for a greyscale 

image. The zeroth moments of the hue value and the RSIULBP can be expressed as: 

 
 00 ( , ) ( , )h

y yx x

M D x y Hist hue x y                               (8.16) 

 00 ( , ) ( , )T

y yx x

M D x y Hist Tex x y                                (8.17) 

The weighted zeroth moment can be given as: 

                       00 00 00h TM M M                                               (8.18) 

where h and T  are the weighted coefficients, and they hold the sum-to-one constraint. 

Likewise, the weighted first moments are computed as:       
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The mean-shift vector can be represented as: 

10 01

00 00

( , )
M M

v x y x, y
M M

  
   

  
                                              (8.22) 

The centroid coordinates are expressed as: 
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8.3.2 Searching Promotion Based on Motion State Estimation 

Traditional Camshift needs to implement an exhaustive search to find a local 

maximum. This kind of brute-force searching is time-consuming and impractical. If the 

target speed is greater than the threshold, the target region in the previous frame cannot 

cover the centroid of the target in the current frame. The target centroid will be beyond 

the scope of the search window. In such a case, the local maximum is not a reliable 

indicator. The computation of the mean-shift vector and the number of iterations (mean-

shift vector) become a drag on performance. The mean-shift algorithms should be opti-

mized to adapt the complicated situations in real-world applications.  

Usually, video targets move in the scene by a motion law. The motion states of 

video targets include the velocity and the position information, as shown in Figure. 8.4 

(dataset: „PETS2000-test‟). 

( ( ), ( ))c cx k y k

( )xv k

( )yv k ( )v k

(0 0)O ,

ˆ ˆ( ( 1), ( 1))c cx k y k 

 
Figure 8.4: Motion state estimation for improving Camshift  

(Dataset URL: ftp://ftp.cs.rdg.ac.uk/pub/) 
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Assuming the predicted centroid coordinates of the video target at time 1k   are 

ˆ ( 1)cx k  and ˆ ( 1)cy k  , which could be calculated by using H
 filtering, as discussed in 

Section 7.1.2. The distance between the two adjacent locations of the target can be 

computed as: 

   
2 2

ˆ ˆ( ) ( 1) ( ) ( 1) ( )h c c c cd k x k x k y k y k     
                    

       (8.24) 

The search window of the proposed improved Camshift is designed as a circle with a 

radius of /( ) 2hd k , and centred at the predicted centroid, as shown in Figure 8.4. The 

adaptive kernel bandwidth can be expressed as: 

( ) ( 1)
( ) ( 1) sgn

( )

h h

h

d k d k -
h k h k

d k

 
    

 
                                   (8.25) 

where sgn( )x  is the sign function. 

8.4 Logic Structure of DMVTS 

The distributed multi-camera video tracking and surveillance (DMVTS) system can 

detect intruders and provide all weather video surveillance services. Intrusion detection 

uses image recognition and computer vision technologies to establish a flexible and 

adjustable virtual fence instead of a physical fence. If a target moves across the 

perimeter of the virtual fence, the video detection and analysis module will find and 

track it, and simultaneously trigger alarm systems. The hierarchical video surveillance 

divides the whole monitoring scope into different levels of domains. Generally, the 

users can only access the video cameras located in their own domain, however, if the 

users are authorized, they can access the cross-domain cameras as well.  

8.4.1 Single-domain Video Tracking and Surveillance 

A single-domain video tracking and surveillance (SDVTS) system is able to 

provide a complete video detection and tracking as well as surveillance service. The 

SDVTS system mainly consists of network physical devices (NPD), physical devices 

authority and access (PDAA) module, central record management (CRM) module, 

centre control and management (CCM) module, video dispatch and distribution (VDD), 

client access authority (CAA) module, alarm control and management (ACM) module, 
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database management (DBM) module, and multi-camera cooperative detection and 

tracking module (MCVT), as shown in Figure 8.5.  

The PDAA module is responsible for the login of network physical devices. The 

VDD module takes charge of the real-time video distribution and transmission between 

the NPDs and clients. The CAA module is responsible for clients‟ access authorization 

and data communication. The DBM module is dedicated to the operation of the database. 

The CCM module is the heart of the whole tracking and surveillance system, and it is in 

charge of the inter-connection between the functional modules. In addition, the CCM is 

the only module connecting with the DBM module. The MCVT module is responsible 

for intrusion detection and tracking, as well as sending detection results to the CCM. In 

order to identify each module in the SDVTS system, a globally unique identifier (GUID) 

is exploited. For example, if the PAA module is assigned a GUID of „1001-010-0001‟, 

the 4-digit group „1001‟ is a domain ID, the group „010‟ represents a module type (here 

is the PAA module), and „0001‟ denotes the index of the specified module.  
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Figure 8.5: Multi-camera tracking and surveillance in a single domain 

(A) System Initialization 

To initialize the SDVTS system, the CCM module should be launched first, and 

then followed by the DBM module. The rest of the modules are started successively and 

send connection requests to the CCM module. When all the peripheral modules have 

connected to the CCM module, the surveillance system is initialized and starts running.  

(B) Data Link Control (Signal Flow and Video Stream) 

(1)  Real-time video stream request 
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If the authorized clients want to access remote cameras for live videos, they need to 

login to the CAA module and to send video request packets. The CAA module will 

transfer the live video requests to the CCM module, which transfers the requests to the 

VDD module. The live video request packets consist of the client and camera address 

information. The VDD module will distribute the video stream to the correct destination 

IP address.  The data flow diagram of the live video request is illustrated in Figure 8.6.   
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Figure 8.6: Signal flow and video Stream in real-time video requests 

(2) Playback and video recording download request 

The playback and video recording requests of the authorized clients are firstly sent 

to the CCM module, and then forwarded to the CRM module to verify the legality of 

requests. Once the verification is approved, packets of the archived videos will be 

directly transmitted to the clients with the validated IP addresses. The data flow diagram 

of the playback and video recording request is shown in Figure 8.7.  
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Figure 8.7: Data flow diagram of playback and video recording requests 

(3) Target detection and tracking request 
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The clients send target detection and tracking request packets to the CCM module, 

where the requests are forwarded to the MCVT module. Once the requests are verified 

and approved, the MCVT module will carry on target detection and tracking, and send 

the results back to the CCM module. Alternatively, the MCVT module keeps running 

all the time. The tracking results such as target position and size are transmitted to the 

DBA module to store and update. The CCM needs only to search from the database and 

send the results back to the clients, as shown in Figure 8.8. 
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Figure 8.8: Data flow diagram of playback and video recording request 

(C) Network Communication Protocol and Data Encapsulation 

Network communication protocol and data encapsulation occupy important 

positions in the SDVTS. A reliable and efficient communication between the functional 

modules and the coordination between domains are closely related with good network 

protocols. In addition, the sessions between physical network devices and software 

modules need robust and efficient network protocols as well. The session initiation 

protocol (SIP) is a text-based application-layer protocol; it is capable of bridging 

functional modules and physical network devices, and thus suitable for managing the 

session between two or more heterogeneous modules [181]. Besides this, SIP needs 

only define the way of managing the session, instead of the session type, which makes it 

easy to control the communication and the session between modules in large-scale 

distributed video surveillance systems.  

The data types of the SDVTS system mainly include signaling data and stream data. 

Signaling data has a small packet size, but needs a high quality of service (QoS) of 

networks. The service request and response packets based on the TCP transport layer 

http://www.baidu.com/link?url=98AJGJqjJ4zBBpC8yDF8xDh8vibi2kkfF7k4hIcTM2H6LUpnFnUhbNW
http://www.baidu.com/link?url=98AJGJqjJ4zBBpC8yDF8xDh8vibi2kkfF7k4hIcTM2H6LUpnFnUhbNW
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protocol belong to signaling data. The video or audio data based on the UDP transport 

layer protocol belong to stream data. It is necessary to encapsulate all kinds of 

signalling data into a uniform data format. The extensive makeup language (XML) 

wrapper and parser are used to encode and decode signaling data respectively. An XML 

object is capsulated in SIP data packets as a message body. In addition, a heartbeat 

detection method, which calculates the packet loss probability between two connected 

modules, is adopted to monitor the quality of communication between the connected 

modules. The XML encapsulations for user-logins and detection result requests are 

shown in Listing 8.2 and Listing 8.3 respectively. 

Listing 8.2: An XML encapsulation for user‟s login to the CCA module 

01:  <?xml Version=“1.0” encoding="UTF-8" ?> 

02: <Message Version="1.0.2"> 

03:     <IE_HEADER> 

04:                <MsgType>MSG_USERLOGIN_REQ</ MsgType > 

05:        <PktTotalNum>1</ PktTotalNum > 

06:        <PktSeqNum>1</ PktTotalNum > 

07:               <SessionID></SessionID> 

08:      </IE_HEADER> 

09:      <IE_USERLOGIN_INFO> 

10:               <UserID>1200-0101-0002</ UserID > 

11:               <UserName>videotracking@akl.com</UserName> 

12:               <UserPWD>1234</UserPWD > 

13:                 <DomainID>1200</DomainID> 

14:       </IE_ USERLOGIN _INFO> 

15:  </Message> 

Listing 8.3: An XML encapsulation for query request of target detection results 

01:  <?xml Version=“1.0” encoding="UTF-8" ?> 

02: <Message Version="1.0.2"> 

03:     <IE_HEADER> 

04:               <MsgType>MSG_QUERYTARGETDETECTION_REQ</ MsgType > 

05:        <PktTotalNum>1</ PktTotalNum > 

06:        <PktSeqNum>1</ PktTotalNum > 

07:               <SessionID>1010</SessionID> 

08:       </IE_HEADER> 

09:      <IE_QUERYTD_INFO> 

10:               <UserID>1200-0001-0001</ UserID > 

11:               <UserName>videotracking@auckland.ac.nz</UserName> 

12:               <UserPWD>1234</UserPWD > 

file:///C:/Users/Administrator/AppData/Local/youdao/dict/Application/7.0.1.0227/resultui/dict/
file:///C:/Users/Administrator/AppData/Local/youdao/dict/Application/7.0.1.0227/resultui/dict/
file:///C:/Users/Administrator/AppData/Local/youdao/dict/Application/7.0.1.0227/resultui/dict/
mailto:videotracking@akl.com%3c/UserName
mailto:videotracking@auckland.ac.nz%3c/UserName
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13:                 <DomainID>1200</DomainID> 

14:                 <BeginTime>12:00</ BeginTime > 

15:                 <EndTime>14:00</ EndTime > 

16:                 <CamerID>00010</ CamerID > 

17:       </IE_ USERLOGIN _INFO> 

18:  </Message> 

 

8.4.2 Distributed Multi-camera Video Tracking and Surveillance  

The core module of the DMVTS is the CCM module which is not only responsible 

for data scheduling in the SDVTS system, but also for signal forwarding across domains. 

In other words, multiple SDVTS systems are connected through individual CCM 

modules regardless of whether they are in the same region. As can be seen from Figure 

8.9, all the CCM modules are hierarchically connected according to the level of 

domains. 

C
C

M

L
ev

el3

M
o
n
io

rin
g
 

S
u
b
sy

stem

CCM

LMVTS

Level1

CCM

LMVTS

Level1

CCM

LMVTS

Level1

CCM

LMVTS

Level1

CCM

LMVTS

Level1

CCM

LMVTS

Level1

CCM

M
o
n
io

rin
g
 

S
u
b
sy

stem

L
ev

el2

CCM

M
o
n
io

rin
g
 

S
u
b
sy

stem

L
ev

el2

 

Figure 8.9: Multi-domain hierarchical structure 

That is, the CCM module is responsible for cross-domain signal interaction and transmi-

ssion. Besides this, the alarm data from each SDVTS cannot be stored only in the local 

alarm server, but also needs to be uploaded to upper-level systems. Therefore, the auth-

orized users can quickly and conveniently obtain real-time and historical alarm informa-

tion.  

      The DMVTS has a hierarchical multi-CCM structure, as shown in Figure 8.10. Both 

the communication between modules within a SDVTS and the communication between 

domains with different levels are implemented by the data forwarding of CCM modules. 
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Figure 8.10: Distributed multi-camera video tracking and surveillance 

8.5 Summary 

Multiple cameras observe a target from different perspectives. Thus, multi-camera 

video tracking is able to effectively solve target occlusion which is a great challenge in 

single camera-based tracking. In this chapter, a multi-camera video tracking framework 

is designed. A relay-tracking strategy based on an improved Camshift is proposed. The 

improved Camshift method presented not only inherits the advantages of non-

parametric estimation, but also integrates robust H
 filtering. The colour and LBP 

texture are adopted in the improved Camshift to strengthen the reliability and 

adaptability of target models, and to improve the precision of target matching. 

Furthermore, both the kernel size and the search-window size are adaptive, which 

makes the improved Camshift move robust and accurate to track small and fast-moving 

targets. The single-domain video tracking and surveillance system provides a complete 

video detection and tracking as well as surveillance service in a local domain. The 



 

166 

 

distributed multi-camera video tracking and surveillance (DMVTS) system is composed 

of multiple SDVTSs, and is able to provide a wider range of tracking and surveillance. 
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9 
Conclusions and Future Research 

9.1 Conclusions 

In this thesis, a robust and efficient multi-target video detection and tracking 

framework, which includes automatic video target detection, reliable video target 

modelling based on multi-feature fusion, fast and practical data association for multi-

target video tracking, efficient multi-target management, robust state estimation fusion, 

and distributed multi-camera video tracking, is proposed. 

 A good target detection method is the crucial premise of robust video tracking. In 

this study, we propose an automatic, robust, and efficient target detection approach. 

Firstly, the Canny single-pixel-wide edge detector and the simplified multi-scale 

wavelet decomposition are exploited to synchronously extract the edge of targets. 

Meanwhile, an efficient background modelling based on improved Gaussian mixture 

models (IGMMs) is investigated to execute background subtraction (BGS). Compared 

with traditional GMM-based background models, our proposed background modelling 

improves the initialization of the GMM, and optimizes the background-pixel matching 

strategy by using the mesh-updating technique. In addition, three-consecutive-frame 

difference (TCFD) is integrated with the proposed IGMMs-based BGS to quickly locate 

video targets. Moreover, fast morphological operations are applied to the monochrome 

foreground image to segment targets-of-interest and to extract connected and clean 

contours. Multiple threads-based parallel computing, which synchronously execute all 
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the sub-tasks, is utilized to ensure the efficiency of detection. The experimental results 

illustrate our proposed automatic target detection method is able to guarantee the 

robustness, accuracy, and efficiency of target detection. 

A single feature of video targets suffers from complex conditions and cannot 

discriminatively represent targets. To accurately and reliably describe video targets, a 

multi-feature fusion-based target modelling scheme, which integrates colour spatial 

distribution feature, rotational and scale invariant as well as uniform local-binary pattern 

texture (RSIULBP) feature, and edge orientational gradients, is presented. Besides these, 

a multi-thread parallel computing strategy is exploited to improve the efficiency of 

feature extraction. A fused-feature matching matrix is formed to facilitate multi-target 

data association. In addition, a low dimensional regional covariance matrices-based 

multi-feature fusion is exploited to model target for single target tracking.  

Data association contributes to boosting the accuracy of multi-target video tracking. 

A mixed data association method that integrates improved probability data association 

(IPDA) and simplified joint probability data association (SJPDA) is presented to 

efficiently and accurately establish one-to-one correspondences between measurements 

and targets for multi-target video tracking (MTVT). Combined with the fused-feature 

matching matrix, the mixed data association is able to achieve matching degrees up to 

93.5% for rigid targets and 89.32% for non-rigid targets. Even when the target is 

partially occluded, the matching degree of our proposed method can still reach 86.24%. 

Compared with traditional JPDA-based and MHT-based associations, the mixed IPDA 

/SJPDA have higher detection rates, lower false alarms, and less processing time. Thus, 

the proposed data association method can ensure both matching accuracy and real-time 

performance in MTVT systems.  

If the target states throughout the whole lifecycle are recoded and stored, the target 

trajectories could be updated precisely and continuously, and the target occlusion 

problem could be solved as well. In this thesis, the target states are particularly defined 

and analysed. A prediction interpolation-based data recovery approach is discussed to 

restore missed measurements. In addition, a flexible and extensible data structure is 

designed to encapsulate video target states. Thereafter, an efficient video target 

management scheme is investigated.  
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Motion state prediction is able to greatly improve detection and tracking, as well as 

help to deal with inter-target occlusions. State fusion estimation further boosts the 

accuracy of states and the robustness of state estimators. The mixed Kalman/ H

filtering based on state covariance intersections is fit for the tracking of rigid and fast 

moving targets. The mixed extended Kalman/particle filter is suited to track non-rigid 

and low speed targets.  

A single camera only generates two-dimensional image information and is unable 

to deal well with occlusions. Multiple cameras can observe a video target from different 

perspectives and obtain more information-of-interest. In the thesis, local multi-camera 

cooperative video tracking based on improved Camshift is introduced. In addition, 

larger domain distributed multi-camera video tracking is investigated by importing 

hierarchal centre control and management (CCM) modules.  

9.2 Future Research 

9.2.1 GPU Computing-Based Motion Detection and Video 

Tracking    

Modern CPUs utilize multi-level hardware caches to accelerate data access. Both 

the unprocessed and the processed data are kept in the caches to boost the input and 

output of data. As well as these, a specialized and sophisticated logic control unit is 

designed for CPUs to manipulate the operation of processors and to guide I/O devices to 

respond to external program instructions [182]. Thus, CPUs have strong performance in 

I/O ability and logic process control, and are suitable for serial computing. However, the 

cores of CPUs are limited, which severely restricts the computing performance.  

GPUs have small caches to improve memory access by avoiding data residing in 

caches for too long a time. In the meantime, most GPUs provide only simple control 

strategies without branch prediction and data scheduling. Nevertheless, GPUs have a 

great deal of arithmetic logic cores, as shown in Figure 9.1, which makes the 

computation more efficient, and especially in the field of parallel computing, GPUs 

have dominant advantages. 
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Figure 9.1: CPU and GPU architecture comparison 

Actually, digital image processing is based on matrix operations and parallel 

computing. Thus, GPU-based parallel computing is highly suitable for image processing 

and computer vision algorithms. In addition, a variety of program interfaces of GPUs 

are developed to simplify the implementation of algorithms and to facilitate the call of 

multiple programming languages, as shown in Figure 9.2. 
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Figure 9.2: Flow diagram of video detection based on GPU computing 

Future research on video detection and tracking based on GPU parallel computing 

will include: (1) extraction of complex features, such as HOG descriptor, SURF features, 

LBP features, and KLS features; (2) program development in OpenCL and CUDA, 
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direct GPUs to implement complex calculations in video detection and tracking; and (3) 

cooperative computing based on multiple GPUs. 

9.2.2 Deep Learning in Video Detection and Tracking  

Deep learning also known as hierarchical structured learning is a series of matching 

learning algorithms, which utilizes multi-layer non-linear transformations, to achieve 

higher-level abstract concepts [183]. Deep learning has been striding forward to the 

practical stage in the fields of image classification, detection, and object segmentation 

due to the availability of big data, novel deep learning neural networks (DNNs), and the 

computing capability of GPUs.  

Big data mainly includes images, audio, video, text, and signal data. If the training 

and validation data are insufficient, the trained network models will have a poor mean 

average precision (mAP). The basic requirement of the number of training data should 

be more than ten thousand.  

The classical deep learning models consist of convolutional neural networks 

(CNNs), deep belief networks (DBNs), auto-encoder networks (feed forward neural 

networks and back propagation), and recurrent neural networks (RNNs). CNNS have a 

clear and efficient logic structure, as shown in Figure 9.3. The improved CNNs, such as 

AlexNet, GoogLeNet, VGG Net, F-RCNN, and ResNet, have been widely used to train 

massive datasets and have yielded fantastic classification and detection results. In 

addition, corresponding deep learning frameworks and libraries, such as Caffe, CNTK, 

TensorFlow, and Torch, provide great convenience to train huge data and to verify deep 

learning networks. 

 
Figure 9.3: Structure of DNN in video detection and classification 

https://en.wikipedia.org/wiki/Software_framework
https://en.wikipedia.org/wiki/Software_library
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Traditional pedestrian detection methods, such as HOG descriptor respectively 

combined with SVM, DPM, and Adaboost, have relatively good performance in mAP. 

Nevertheless, the missing detection rates are still more than 60%, especially in the 

presence of crowded situation. Deep learning-based pedestrian detection can easily ach-

ieve fairly high mAPs and low missing detection rates. Deep learning does not need to 

design and extract handcrafted features in advance. DNNs can automatically learn and 

optimize features-of-interest for detection and recognition. In addition, the DNNs have 

good fault tolerance and scalability and can be used to solve different problems. 

The powerful parallel computing ability of GPUs has been greatly boosted recently. 

Big data training and numerous epochs, as well as the growing number of network 

layers (the number of layers has reached up to 1000) are always time-consuming. CPUs 

have been unable to cope with such intensive and complex computations, but GPUs 

with thousands of computing cores are well suited to train massive data. 

Future research on deep learning mainly include: (1) structure design and 

optimization of DNNs for video detection and tracking; (2) semi-supervised and 

unsupervised learning, as well as enforcement learning; and (3) big data co-training and 

maximal epochs based on multiple GPUs. 
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