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Abstract: 

In this thesis, the performance of the Gaussian Mixture Probability Hypothesis Density (GM-PHD) filter using a 

pair of stereo vision system to overcome label discontinuity and robust tracking in an Intelligent Vision Agent 

System (IVAS) is evaluated. This filter is widely used in multiple-target tracking applications such as surveillance, 

human tracking, radar, and etc. A pair of cameras is used to get the left and right image sequences in order to extract 

3-D coordinates of targets’ positions in the real world scene. The 3-D trajectories of targets are tracked by GM-PHD 

filter. Many tracking algorithms fail to simultaneously maintain stability of tracking and label continuity of targets, 

when one or more targets are hidden for a while to camera’s view. The GM-PHD filter performs well in tracking 

multiple targets; however, the label continuity is not maintained satisfactorily in some situations such as full 

occlusion and crossing targets. In this project, the label continuity of targets is guaranteed by a new method of 

labeling, and the simulation results show satisfactory results.  A random walk motion is used to validate the ability 

of the algorithm in tracking and maintaining targets’ labels. In order to evaluate the performance of the GM-PHD 

filter, a 3-D spatial test motion model is introduced. Here, the two target trajectories are generated in a way that 

either occlusion or crossing occurs in some time intervals. Then, the two key parameters, angular velocity and 

motion speed, are used to evaluate the performance of algorithm. The simulation results for two moving targets in 

occlusion and crossing show that the proposed system not only robustly tracks them, but also maintains the label 

continuity of two targets.    

Keywords- Gaussian Mixture probability Hypothesis Density Filter, Human Motion Tracking, Data Association, 

Occlusion Handling, Stereo Vision 

 

 

 

 

 

 

 



 

iii 
 

Acknowledgments  

First of all, I would like to appreciate Professor Wlodek Kulesza for his enlightening guidance in the course of 

my Master’s thesis. I shall be grateful to have this opportunity to learn from him, not only to do research in an 

appropriate path, but also to overcome difficulties in my daily life.  

Also, I would like to thank Lic. Jiandan Chen for his deep insight in computer vision and image processing; and 

his wise comments on my thesis.  

 

Karlskrona, October 2010 

Soheil Ghadami 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

iv 
 

 

 

 

Dedicate to 

 

 

My father for his endless support and inspiration 

and 

My lovely mother who brings love and passion in my life 

and 

My sister who has always been next to me in my life 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

v 
 

Contents 
 Abstract   .......................................................................................................................................... ii 

 Acknowledgment ............................................................................................................................ iii 

 List of Figures ................................................................................................................................ vi 

 List of Tables .................................................................................................................................viii 

 List of Abbreviations ...................................................................................................................... ix 

1 Introduction ..................................................................................................................................... 1 

1.1 Definitions ............................................................................................................................... 3 

2 State of the Art ................................................................................................................................ 8 

3 Research Methods.......................................................................................................................... 11 

3.1 Problem Statement and Research Questions ………………………………………………………….…………..… 11  

3.2 Hypothesizing Solutions ………………………………………………………………………………………………......... 12  

3.3     Contributions ………………………………………………………………………………………………………………………. 12 

4 The Gaussian Mixture PHD Recursion for Linear Gaussian Models ............................................... 13 

4.1 Random Finite Set Formulation of Multiple-Target Filtering ……………………………………………..… 13  

4.2 The Probability Hypothesis Density (PHD) Filter ………………………………………………….…………..… 15  

4.3 The Gaussian Mixture PHD Recursion ……………………………………………………………….…………..… 16  

 4.3.1   Initialization ……………….……………………………..……………………………………………….…………..… 18  

 4.3.2   Prediction ………………………………………………….……………………………………………….…………..… 18  

 4.3.3   Update ……………….……………………………….…………………………………………………………………..… 19  

 4.3.4   Pruning ………………………………………………………..…………………………………………….…………..… 20  

 4.3.5   Merging …………………………………………………………………….……………………………….…………..… 20  

4.4 Targets' Labeling …………………………………………………………………….………………………….…………..… 20  

5 A 3-D Spatial Motion Test Model .................................................................................................. 22 

6 Implementation, Validation, and Evaluation ................................................................................... 25 

6.1 Implementation ...................................................................................................................... 25 

6.2 Validation ………………………………………………….……………………………………………………….…………..… 26  

6.3 Performance Evaluation of the GM-PHD Filter ...................................................................... 30 

 6.3.1   Evaluation of Label Continuity Maintaining ……………………………………………………………… 31  

 6.3.2   Performance Analysis versus Target Motion Speed …………………………………………………… 34  

 6.3.3   Performance Analysis versus Angular Velocity …..…………………………………………………… 35  

7 Conclusion .................................................................................................................................... 39 

8 References ..................................................................................................................................... 41 



 

vi 
 

List of Figures 

Figure 1.1. A parallel stereo vision system from top view. B is the baseline in meter, f is the focal length in meter, Pl 

and Pr are the projections of P on the corresponding left and right image planes respectively ..……..… 4 

Figure 1.2. The pinhole camera model used in EGT. Xw is projected onto m through the optical center Oc ……..…. 7 

Figure 4.1. Illustration of state space      with corresponding observation space, and its transition to    with its 

observation space  …………………………….…………………………………………………….…. 15 

Figure 4.2. Probability hypothesis densities in two consecutive time steps . Local maxima of the intensity v represent 

the expected number of targets in the region at each time step. ………………………………………...16 

Figure 5.1. The illustration of the circular motion of the target  ..……………………………………………………22 

Figure 5.2. The motion trajectories of two targets represented by red and green curves respectively; (a)  left image 

plane view and (b) top view of the scene. …………………………………………………………..…..23  

Figure 6.1. Top view of the scene with two random targets’ trajectories……………………….……………………28  

Figure 6.2. View of the scene with two random targets’ trajectories ………………………………………………..28 

Figure 6.3. Projection of the two targets trajectories; (a) left image plane and (b) right image plane …...….……....29 

Figure 6.4. Target motion path in world coordinate system, x, y, and z. The ground truths are marked as solid lines 

and the predictions by filter are marked as crosses and circles. Target_A and Target_B are indicated by 

the red and green colors respectively…………………………………………………………………....29 

Figure 6.5. Top view of the scene with two targets’ trajectories. The green and red curves correspond to the 

Target_1 and the Target_2 respectively………………………………………………...……………… 32 

Figure 6.6 . View of the scene with the two targets’ trajectories ………………………………………..…………...32  

Figure 6.7. Projection of the two targets trajectories; (a) left image plane and (b) right image plane ……..………. 33 

Figure 6.8. The filter maintains labels while tracking targets in two periods. The ground truths are marked as solid 

lines and the predictions by filter are marked as crosses and circles…...…………………………….....33 

Figure 6.9. Mean value of absolute error for different radiuses vs. sampling rate in x dimension………………….. 36 



 

vii 
 

Figure 6.10. Mean value of absolute error for different radiuses vs. sampling rate in y dimension …………...…… 37 

Figure 6.11. Mean value of absolute error for different radiuses vs. sampling rate in z dimension …..…...……….. 37  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

viii 
 

List of Tables 

Table I.       Implementation parameters for validation of the GM-PHD filter …..….……………………………….28 

Table II.     Mean and variance of tracking error in each dimension for      …....…………………………...….30 

Table III.    Mean and the variance oftracking error in each dimension for      and       ……….……….….34 

Table IV.    Mean and variance of tracking error in each dimension for      in fifty periods ...……………...….35 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

ix 
 

List of Abbreviations 

IVAS              …………………….             Intelligent Vision Agent System. 

GM-PHD        …………………….            Gaussian Mixture Probability Hypothesis Density. 

RFS                …………………….             Random Finite Set. 

FISST             …………………….             Finite Set Statistics. 

EGT                …………………….             Epioplar Geometry Toolbox. 

WD                 …………………….             Wasserstein Distance.  

CPHD             …………………….             Cardinalised Probability Hypothesis Density. 

SM-PHD        …………………….             Sequential Monte Carlo Probability Hypothesis Density. 

MHT              …………………….             Multiple Hypothesis Tracking. 

JPDAF           …………………….             Joint Probabilistic Data Association Filter. 

CCD               …………………….             Charge-Coupled Device. 

  

 

 

 

 

 

 

 

 

 

 

 

 



 

1 
 

1. Introduction  

The tracking of moving objects has very diverse applications in almost all endeavours of life in present-day 

society, including security, surveillance, robotics, aeronautics, medicine and sports. The object tracking is the 

fulcrum of the Intelligent Vision Agent System, IVAS [1], which is a high-performance autonomous distributed 

vision and information processing system. It consists of multiple sensors for surveillance of the human (target) 

activity space which includes human and his surroundings.  

Knowing the state of the targets requires that the sensors must be able to observe the targets all the time in a 

defined activity space. The implication of this is that targets’ locations and motions need to be predicted, in order to 

control the cameras to track targets and keep them in the cameras’ FOVs (Field of View). The prediction of target 

location and motion is achieved by tracking algorithms. The objective of multiple-target tracking is to estimate the 

number of targets at each time step from noisy measurements and correctly track them in the consecutive time steps. 

However, a missed detection, vague tracks, and information lost due to occlusion and crossing-targets are among 

essential problems in motion tracking research field.  

A typical dynamic state estimation scenario is characterized by the state process and the measurement or 

observation process. Here, the state process comprises of the targets’ positions in the surveillance region or activity 

space while the observation process is typified by a stereo vision camera covering the surveillance region. Depth 

reconstruction uncertainty depends on the stereo pair baseline length, the target distance to the baseline, the focal 

length, and the pixel resolution. The farther the target is the less depth reconstruction accuracy is. Thus, a stereo 

vision camera is more suitable for indoor environments such as a standard (8 8 3) m room, [2].  

An intrinsic problem in multiple-target tracking is the unknown association of measurements with appropriate 

targets. Due to its combinatorial nature, the data association problem makes up the bulk of the computational load in 

multiple-target tracking algorithms. Most traditional tracking algorithms such as Multiple Hypothesis Tracking 

(MHT), [3], and Joint Probabilistic Data Association Filter (JPDAF), [4], involve explicit association between 

measurements and targets. However, recently researchers have focused on Random Finite Sets (RFS) theory in 

which measurements and states are treated as random sets. Modeling of the set-valued states and set-valued 

observations as RFSs allows the problem of dynamically estimating multiple targets in the presence of clutter and 

association uncertainty to be cast in a Bayesian filtering framework, [5], [6]. A typical tracking algorithm based on 
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the Bayesian’s recursion computes the posterior probability density of a process based on the prior probability 

density of the process and the likelihood function. Furthermore, the multiple-target recursive Bayes filter based on 

the random Finite Set Statistics (FISST) is the theoretically optimal approach to multiple-sensor multiple-target 

detection, tracking, and identification.  

From the Bayesian filter’s statistics, the state in a single target tracker is assumed to follow a Markov process 

with transition density, (analogous to the prior probability of the Bayesian recursion) which describes the probability 

density of a transition from the target state at a previous time to the target state at the present time. The process is 

observed by the likelihood function, which describes the probability density of receiving the observation or 

measurement. It thus follows that the probability density at a particular time (posterior density) can be derived from 

the transition density and the likelihood function. The posterior probability density gives the estimated state of the 

target at that particular time. But the Bayes filter is computationally intractable, [7]. Mahler, developed an 

approximation model called Probability Hypothesis Density (PHD) filter for Bayes filter to compensate its 

computational intractability, [6].  

The integral of the PHD over the multi target state space provides an estimate of the number of targets in the 

state space, while the peaks of the distribution can be used to estimate the target states. The PHD filter itself is an 

unending recursion; hence it is necessary to adopt some practical implementation techniques. There are several of 

such implementations. The Gaussian Mixture implementation is adopted for this thesis work. The Gaussian Mixture 

Probability Hypothesis Density (GM-PHD) filter provides a closed form solution to the PHD filter recursion for 

multiple target tracking. It assumes a Gaussian model for the probability distribution of the multi-target tracking 

system. The original Gaussian Mixture PHD filter algorithm provides a means of estimating the number of targets 

and their states at each point in time. The method for determining the targets simply uses the weights of the 

Gaussian components and does not take into account temporal continuity, [7]. The original formulation of the GM-

PHD filter allows targets to be spawned from existing targets. For simplicity, this functionality has been omitted in 

simulations.  

In this thesis work, a new method of targets’ labeling is introduced. Each target is assigned by a unique label at 

the beginning of the tracking process. The labels are stored in a set which is random from the Bayesian statistical 

view. Generally, label set is not a fixed-length vector, but a finite-length set. The proposed method guarantees that 

the assigned label of each target is maintained through the tracking process. If a new target appears in the activity 
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space, a new label is assigned to it. Similarly, if a target disappears, its corresponding label is discarded from the 

labeling set. Here, a two-target scenario is simulated in MATLAB, and the obtained results validate this labeling 

method.  

1.1 Definitions  

Target State: The state of a target refers to the unknown parameter which the filter is meant to determine. It could 

be velocity, position, etc. It could also be a combination of two or more of these parameters. In this thesis work, the 

target state refers to the position of target in an activity space over time. In the framework of the multi-target tracker, 

the multi-target state can be described by the RFS. The multi-target state can be represented as a discrete time k set 

   defined as: 

                     

where       is the number of targets in the scene in time k, and i are the index variables.  

Measurement State: the information acquired by sensors is stored as a set. These data can be a position, velocity, or 

other measurable quantities. In the framework of the multi-target tracker, obtained data are mainly targets’ pixels 

coordinate in the image plane. The multi-target measurements from the camera sensor are defined as the set: 

                      

where       is the number of observations in the time k, and j are the index variables. 

 CCD Camera: CCD stands for Charge-Coupled Device which is an image sensor technology that is used in digital 

cameras. Therefore, the camera that has a CCD sensor is called CCD camera. The CCD chip (sensor) is made of an 

array of micro transducers, and it replaces the film in the conventional camera. Each element in the sensor array is 

called pixel.   

Disparity: The displacement of the corresponding projections, of a certain point in space, on the left and the right 

images is called the disparity of this point. This displacement differs from point to point, and it relates the depth of 

the point. Due to discretization in the sensors, the disparity is usually measured in pixels and can be positive or 

negative. 
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Parallel Stereo Vision Camera: A parallel stereo vision system, a setup of two cameras with parallel optical axes, 

is applied to get the left and right image sequences of the targets’ positions in the scene. In this project, the left 

camera’s optical center is set as the original coordinate system i.e. xy plane is parallel to the cameras’ image planes, 

and z is the target’s distance to the left camera’s position. Figure 1.1 shows a typical stereo set up used in real world 

applications, [9]. 

If we can observe the same points from two different positions, we can deduce two rays from the left and the 

right camera centre and their corresponding projection points in the images. The intersection of the rays defines the 

point location in space. The 3-D reconstruction from the two views is based on an epipolar geometry which 

describes the relationship between the corresponding image and the scene points. In order to obtain the 3-D 

information, the image points’ coordinates and the cameras’ configurations are needed, [2]. 

An important issue should be clarified before any further explanation: the projection of scene points onto the 

image planes is a noisy process which occurs before the depth reconstruction procedure. Thus, the addition of 

quantization noise is done before the depth reconstruction.  

 

 

 

 

 

 

 

 

 

 

 

Figure 1.1. A parallel stereo vision system from top view. B is the baseline, f is the focal length, 

Pl, Pr are the projections of P on the corresponding image plane respectively. 
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With the stereo vision camera’s configurations given in Chapter 6, and taking the left camera’s coordinate 

system of the stereo pair as the reference, we are able to obtain                       , the reconstructed 

position of target j at time k, in the real world frame with respect to the left camera’s coordinate system described 

by, [10]:  

                                                                                   (1.3)                                

                                                                                          (1.4) 

                                                                                             (1.5) 

where, (ul, vl) and (ur, vr) are the left and right image plane coordinates in pixel respectively, ∆ is the pixel size, f is the 

focal length, B is the baseline length, and D = ul - ur is the disparity value. In the description k and j subscripts are 

skipped for generalization.  

The depth reconstruction accuracy depends on the system configuration which is defined by sensor resolution 

(pixel size), focal length, baseline length, and convergence angel. The depth reconstruction uncertainty is described by 

the iso-disparity geometry model and depends on the target distance to the baseline, the baseline length, and the focal 

length. However, when determining the accuracy of a 3-D reconstruction, the depth spatial quantization caused by a 

discrete sensor is one of the most influential factors. This type of uncertainty usually cannot be decreased by reducing 

the pixel size because of the restricted sensitivity of the sensor itself and the declining signal to noise ratio. By 

adjusting the stereo pair’s profile, such as the baseline, the focal length, and the pixel size, the depth reconstruction 

accuracy can be improved. The depth spatial quantization factor is one of the most influential factors when 

determining the accuracy of a 3-D reconstruction, [2]. 

Wasserstein Distance:  The Wasserstein Distance (WD) defines multi-target missed distance as a distance between 

two finite sets representing the actual target state and the filter estimate. WD is a type of error estimation strategy for 

multi-target tracking error computation.  

Let     be the RFS of target states at time k and     be the RFS of estimated target states. The    Wasserstein 

distance between the two sets is defined as follows, [8]: 
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where                        : 

     
 

      

     

           ,                

or equivalently: 

     
 

     

      

          ,                                                                               (1.8) 

This metric has been used for assessing the performance of the PHD and GM-PHD filters. 

Epipolar Geometry Toolbox: The Epipolar Geometry Toolbox (EGT) was created by Mariottini and Prattichizzo, 

[11], to provide MATLAB users with a frame work for visualization and manipulation of single and multiple view 

cameras. EGT facilitates the design of vision-based control systems for both pinhole and central catadioptric 

cameras (or omnidirectional cameras). It is an additional toolbox to MATLAB containing a set of functions for 

computer vision problems such as camera placement, estimation of epipolar geometry entities, calculation of 

intrinsic and extrinsic matrices, etc.  

Consider Figure 1.2 to gain a general view of the world frame, camera frame, and the image plane adopted in 

EGT, [11]. We fix the point Ow in the real world as the origin of the real world coordinate system. Oc is the origin of 

the camera coordinate system. We take a top left corner of the image plane as the origin of the image plane 

coordinates. And the optical axis goes through the centre of the image plane, namely, (u0, v0). The relationship 

between a point     = (xw, yw, zw, 1) in the world frame and its projection    = (u, v, 1) onto the image plane is 

described by (1.9). Note that the 3-D point and its projection on the image plane are described in homogeneous 

coordinates.  

                                                                                        (1.9) 

where,   is the camera’s intrinsic parameters matrix,         is the external parameters camera matrix, and R and 

t are rotation and translation of the camera with respect to the world frame respectively. The camera’s intrinsic 

parameters matrix   is given by the following matrix:  
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                                                                            (1.10) 

here, (u0, v0) are pixel coordinates of the center of the image frame,    and    are the number of pixels per meter in 

u-direction and v-direction in the image frame coordinates respectively,   is the focal length of both the left and the 

right cameras, and   is the orthogonality factor of the image plane axes. Note that the stereo vision set has two CCD 

cameras with the same focal length f.  

 

 

 

 

 

 

 

 

 

 

 

Figure 1.2. The pinhole camera model used in EGT. Xw is projected onto m through the optical center Oc, [11]. 
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2. State of the Art 

A typical tracking algorithm based on the Bayesian’s recursion computes the posterior probability density of a 

process based on the prior probability density of the process and the likelihood function. Furthermore, the multiple-

target recursive Bayes filter based on the random FISST is the theoretical optimal approach to the multiple-sensor 

multiple-target detection, tracking, and identification, [6].  

In single target tracking, the constant gain Kalman filter provides the computational fastest solution of 

approximate filtering which propagates the first-order moment of the posterior distribution. Mahler, [6], proposed an 

analogous solution, named PHD filter, for the multiple target tracking. The first-order statistical moment of the 

multiple target posterior distribution, known as the PHD, is propagated instead of the posterior one. The integral of 

the PHD over the state space provides an estimate of the number of targets, and the target states can be estimated by 

determining the peaks of this distribution. The PHD filter is a more practical solution to the intractability of the Bayes 

filters.  

The PHD filter avoids the combinatorial problem that arises from data association. These salient features render 

the PHD filter extremely attractive. However, the PHD recursion has no closed-form solution in general. Sequential 

Monte Carlo implementations of the PHD filter were developed to provide a practical solution to the PHD recursion 

using a particle filter approach, [12]. A generic sequential Monte Carlo technique estimates states from the particles 

representing the posterior intensity using clustering techniques such as K-mean or expectation minimization.  

 Vo and Ma, [5], proposed GM-PHD filter by which the posterior intensity function is estimated by a sum of 

weighted Gaussian components whose means, weights, and co-variances can be propagated analytically in time. It is a 

recursive algorithm for estimating the number of targets and their states from a set of measurements. The approach 

involves modeling of the respective collections of targets and measurements as random finite sets and applying the 

PHD recursion to propagate the posterior intensity in time. It is proved that under linear, Gaussian assumptions on the 

target dynamics and birth process, the posterior intensity at any time step is a Gaussian mixture.  

Pham et al, [13], proposed the GM-PHD filter for tracking multiple targets by multiple cameras. The proposed 

system track 3D targets’ positions in challenging scenarios such as occlusions. Data association between 

observations and states of targets, a problem encountered in multiple cameras tracking system, is avoided with the 

use of the GM-PHD filter. This system also tracks multiple targets in a single-target state space, and hence has lower 
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computation load than existing methods using joint state space for multi target tracking. Each target in the activity 

space has a label, and is observed simultaneously by more than one camera. So, even if a target is occluded to one 

camera’s view point, it can be observed by other cameras in the activity space. The information from these cameras 

is used to maintain tracking occluded targets correctly.   

Clark et al, [8], introduced a modified GM-PHD filter in which each Gaussian component is identified by a label. 

Since the original GM-PHD algorithm does not guarantee targets’ tracks continuity, they show that the trajectories 

of the targets can be determined from the evolution of the Gaussian mixture, and that single Gaussians accurately 

track the correct targets. They propose a procedure in which the trajectory of the targets in the past can be 

determined by looking at the previous trajectory of the Gaussians. They results in the case of crossing targets 

outperform the MHT algorithm.  

Pham et al, [14], addressed the issue of track continuity in the GM-PHD filter. They use a set of labels from 

Gaussian components to create hypotheses for label association process. In simple words, each Gaussian component 

is assigned by a label at each time step. Then, a bipartite graph is constructed in which vertices are state predictions 

from state estimates. A criterion is introduced to define the edges between vertices. Consequently, the Hungarian 

algorithm is applied to search for the best hypothesis association. 

Mozerov et al, [15], have proposed an approach based on the matching of the multiple trajectories in time to 

overcome long-term occlusion of targets. They apply a multiple-camera system in which the target is visible at least 

at one camera. This system allows skipping the object recognition part in tracking, which is computationally 

expensive. The algorithm clusters all visible and occluded points that belong to the same target in one trajectory. 

Then, in order to avoid mismatches due to possible measurement outliers, they introduced an integral distance 

between compared trajectories. It is an interpolation algorithm to match the disconnected parts of the same trajectory 

during the occlusion. 

Parrilla et al, [16], presented an algorithm for 3-D tracking objects in a stereo video sequence by combining 

optical flow and stereo vision, and then proposed an adaptive filter and neural networks to handle occlusion.  

Darrell et al, [17], presented an approach to real-time person tracking in crowded environments using integration 

of multiple visual modalities. They combine stereo, color, and face detection modules into a single system. In other 

words, a stereo system is used to identify people and separate them from background. This is useful to locate people 
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in occlusion and at different distances to the stereo system. Then, the algorithm tries to track likely body parts of the 

identified people within the silhouette of a person. Face detection is also done in order to improve the performance 

of the tracking people. However, the simulation results show that a face detection module operates slower than the 

other modules due to poor illumination and small size of the head. 

Mohedano et al, [18], presented a 3D people positioning and tracking system, which shows robustness to static 

and people occlusions. The system holds on a set of multiple cameras with partially overlapped field of view. 

Moving regions are segmented independently in each camera stream by means of a background modeling strategy. 

People detection is carried out on these segmentations through a template-based correlation strategy. Detected 

people are tracked independently in each camera view. Finally, 3D tracking and positioning of people is achieved by 

geometrical consistency analysis over the tracked 2D candidates, using a head position to increase robustness to 

foreground occlusions. 

Bahadori et al, [19], proposed a new system called People Localization and Tracking based on a calibrated fixed 

stereo vision camera. The system analyzes the left intensity image, disparity, and positions of the targets in the real 

world to subtract people from background. The obtained data is used to track people in an indoor environment. The 

architecture of the system can be divided into different components. A stereo vision camera is used to compute 

disparities from the stereo images. The system updates model of the background continuously. Combining intensity 

and disparity information, foreground pixels and image blobs are extracted. The system projects foreground points 

into a real world coordinate system in order to identify moving objects in the scene. At the final stage, the system 

tracks people using a Kalman filter.  
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3. Research Methods 

This thesis concerns theoretical research related to an intelligent multi-sensor system used to monitor a human 

activities space. Information acquired by the system concerns the state of the human activities and the surrounding 

environment. The information is captured by a stereo vision camera. This thesis consists of several phases: problem 

statement and inquiry, hypothesizing a solution, validation and evaluation of the solution; and finally the main 

contributions of the thesis. 

3.1.  Problem statement and research questions 

The implication of the IVAS is that targets’ locations and motions need to be predicted, in order to control the 

cameras to track targets and keep them in the cameras’ FOVs (Field of View). This necessitates the need for a 

practical implementation of a multi-target tracker. One of such implementations is the Gaussian mixture 

implementation of the PHD filter, GM-PHD filter, which has been adopted for use in this thesis work. There are 

some challenging situations such as occlusion and crossing when the tracking filter fails to track targets accurately. 

Moreover, in order to distinguish different targets and their corresponding information in the scene, each target 

needs to be labeled and the label identity of the target through the tracking process needs to be maintained.  

Target movement features are influential factors in evaluation of the tracking filter performance. Target motion 

speed and angular velocity play a key role in the GM-PHD filter’s tracking performance.  

Challenging to the mentioned problems, the research questions can be summarized as follows: 

 How can the GM-PHD filter be modeled and implemented in a stereo vision system to track multiple 

targets? 

 How to validate the GM-PHD filter implemented on a stereo vision system? 

 How robust is the labeling continuity guaranteed in the proposed test motion model? 

 How to evaluate the performance of the GM-PHD filter with a stereo vision system for tracking multiple 

targets? 
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3.2. Hypothesizing solutions 

Following the research questions, the hypotheses are summarized as follows:  

 The GM-PHD filter tracking multiple targets in a 3-D activity space is modeled using mathematical 

expressions applied to stereo vision system, and then it is implemented in MATLAB by transforming the 

defined mathematical model into the suitable algorithm.  

 The proposed GM-PHD filter applied on a stereo vision system can be validated using a two-target 

random walk motion in the activity space. The filter performance is verified by estimating the number of 

targets and their corresponding positions in the activity space. The mean values of absolute errors in WD 

are applied in the validation scenario.  

 Each target assigned label; and its continuity are fully ensured in the proposed test motion model.  

 The performance of the GM-PHD filter with a stereo vision system can be evaluated by using a 3-D 

circular motion test signal with varying the target speed and angular velocity.  

3.3. Contributions 
 

The main contributions of the thesis can be summarized as follows: 

 The GM-PHD filter for multi-target tracking is modelled and implemented in MATLAB, and then 

validated by appling two random motion trajectories; 

 The 3-D spatial motion test signal is introduced for performance evaluation of the filter. The two key 

parameters, motion speed    and angular velocity  , are proposed to be used for performance 

evaluation of the GM-PHD filter; 

 Proving that the filter successfully tracks targets while maintaining target’s labeling when targets occlud 

each other, or when they cross each other; 
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4.  The Gaussian Mixture PHD Recursion for Linear 
Gaussian Models  

Before analyzing GM-PHD filter in details, a mathematical background of the PHD filters, RFSs, and Bayesian 

framework is needed and is discussed in the following section.  

4.1. Random finite set formulation of multiple-target filtering 
 

Consider a multi-target scenario in which       is the number of targets at time k, and the target states at time 

k-1 are       ,…,                  Some of these targets may disappear, survive, or evolve to their new states in 

the next time step k. Consequently, there are       received measurements     ,…,             at time k. The main 

problem is that there is no information specifying the origins of these measurements. It means that, every target does 

not necessarily generate its unique measurement at the sensor. There may be some observations whose origins are 

not from the targets at all. Meanwhile, the number of targets and the number of measurements are not necessarily 

equal at any time. Therefore, it is not possible to present X and Z in vector forms. So, we need to find a remedy for 

this problem. An RFS is the alternative way of showing targets’ states and their measurements. From statistical point 

of view, an RFS is a finite-set-valued random variable which can be described by a discrete probability distribution 

and a family of joint probability densities. It formulates the target set   and measurement set   as the multiple-target 

state and multiple-target observation respectively, [6], [20]. In the following, an RFS model is explained for the 

multiple-target space scenario.   

The state transition is modeled by a Markov process on the state space     , with the transition 

density                . This process is defined in the measurement space     , in which the probability of 

receiving data/measurement       at time k is given by          . 

For a given multiple-target state      at time k-1, each target            either continues its existence at time 

k with probability           , or dies with probability              . A new target at time k can arise 

spontaneously or be spawned from an existing target at time k-1. The behavior of each state at two consecutive time 

steps is modeled by an RFS               that can take on either value {  } when the target survives or   when 
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the target dies. Assuming that a multiple-target state      at time k-1 is given, then, the multiple-target state at time 

k is given by the union of the surviving targets, the spawned targets, and the spontaneous births [5]: 

              

      

             

      

                                                            

                 

where,    is the RFS of the spontaneous birth at time k, and           is the RFS of targets spawned at time k from 

a target with previous state  . 

The same methodology is applied to describe the RFS measurement model. The target is detected with a 

probability  
   
    and missed with probability          . Each state generates an RFS        that can take on 

either value {  } when the target is detected or   when the target is missed. In addition to the correct measurements, 

the sensors may receive some false measurements, or clutter Kk at time k. The multiple-target measurement    

received at the sensor is formed as follows, [5]: 

          

    

                                                                                            

  

Figure 4.1 shows an example, in order to understand the idea behind RFSs and multi-target filtering problems. 

Assume that     , a multi-target state at time k-1, is an RFS consisting of some unknown targets. On the other hand, 

the sensor(s) acquire(s) the multi-target measurements and store(s) it as an RFS,     . In the context of the target 

tracking example, the numbers of targets change within the time due to new targets appearing and old targets 

disappearing from the scene. In this example, there are fewer targets in the following time k than previous time k-1at 

the scene which means that some of the targets have left the state space. It is quite probable to get different size of 

observation sets     , and   , even if the size of state sets does not change in time. Generally, apart from 

occasionally failing to detect some of the existing targets, a real sensor also acquires a set of spurious measurements. 

As a result, the observation at each time step is a set of indistinguishable elements; only some of them are generated 

by detected targets, [21], [5].  
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Figure 4.1. Illustration of state space      with corresponding observation space, and its transition to    with its observation space, [21]. 

4.2 The Probability Hypothesis Density (PHD) filter 
 

It was discussed in Chapter 4.1 that the randomness in state and measurement spaces of multiple-target filtering 

are encapsulated in the RFSs. Explicit expressions for the probability densities and state transitions are derived from 

physical models of targets and sensors using finite set statistics (FISST). These statistics are the first approach for 

multiple-target filtering using RFSs in the Bayesian framework, [6]. In multiple-target Bayes filtering, the 

probability density of the state    at time k is propagated in time. Posterior density is computed using the Bayes 

recursion. The FISST Bayes multi-object recursion is generally intractable. If the number of targets is large, 

considering all the mathematical calculations of the recursion and other probability densities, it would be almost 

impossible to solve the problem. This is a drawback of Bayes filter which makes it necessary to introduce alternative 

practical filters such as PHD filter and GM-PHD filter.  

The PHD filter is an innovative engineering approximation that captivated many researchers in multi-target 

tracking. It provides an important step towards the practical application of FISST, [21]. The PHD filter propagates 

the first-order statistical moment of the posterior multiple-target state instead of the whole posterior density. For an 

RFS   on   with probability distribution P, the first-order statistical moment of RFS is a nonnegative function   

on  , called the intensity. In tracking literatures, intensity   is referred as probability hypothesis density. From 

statistical point of view, the integral of   over any region gives the expected number of elements of   in that region. 

In Figure 4.2, the area inside the circle shows the most probable region in which targets are located. The local 

maxima of the intensity   are points in   with the highest local concentration of expected number of elements, and  
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they can be used to generate estimates for the elements of  , [22], [5]. Intensity of spawned target is not taken into 

account in this thesis.  

Although, the PHD filter is a remedy to Bayes recursion, but its recursion still involves multiple integrals with no 

closed forms in general. Some features of PHD filter which are summarized as follows, [23]:  

 Its computational complexity is order O (mn) where n is the number of targets in the scene and m is the 

number of observations in the current measurement set  . 

 It applies statistical models for missed detections, sensor field of view, and false alarms. 

 It applies statistical models for the major aspects of multi-target dynamics: target disappearance, target 

appearance, and the spawning of new targets by prior targets. 

 It can be implemented using both Monte Carlo and Gaussian Mixture approximation techniques. 

 It does not require measurement to track association.  

4.3 The Gaussian mixture PHD recursion  
 

Under some assumption, a closed form of PHD recursion for linear Gaussian multiple-target models is obtained. 

The measurement of multiple targets in the tracking system can be modeled by RFS. The appearance of new objects 

can be described as RFS of spontaneous births (i.e. independent of any existing target) or spawning from an existing 

target. The GM-PHD algorithm estimates the number of targets and their states at each point in time. The algorithm 

 

Figure 4.2. Probability hypothesis densities in two consecutive time steps. Local maxima of the intensity v represent the 

expected number of targets in the region at each time step, [21]. 
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is a recursion consisting of two stages: prediction and update. The multi-target state can be represented as a discrete 

time k set    defined as: 

                                                                                        (4.3) 

where       is the number of targets in the scene in time k, and i is the index variable. The multi-target 

measurement from the camera sensor is the set: 

                                                                                  (4.4) 

where       is the number of observations in the time k, and j is the index variable. 

The prediction stage estimates and produces a hypothesis about the new number and state of targets at the current 

time based on previous stages and can be calculated using the PHD. The PHD prediction stage depends on the 

intensity of the birth random finite sets, the intensity due to existing targets and the intensity of the spawned target. 

The expected number of targets can be estimated from the integration of the predicted intensity over all surveillance 

regions. The corresponding target states can be found from the peaks of the prediction intensity, [2].  

The GM-PHD filter is based on three additional assumptions compared to the PHD filter: 

 Each target follows a linear Gaussian dynamical model and a sensor has a linear Gaussian measurement 

model, 

                                                                               (4.5) 

  

                                                                                   (4.6) 

where        ) denotes a Gaussian density with mean   and co-variance  ,      is the state transition matrix, 

     is the process noise co-variance,    is the observation matrix, and    is the observation noise co-

variance.              is the multi-target transition density from a previous target state   at time step k-1 to a 

present target state   at time step k.         is the multi-target likelihood function. 

 The survival and detection probabilities denoted as               and               are independent. 

 

 The intensity of the spontaneous birth is a Gaussian mixture: 
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where      ,     
   

,      
   
      

   
 ,            are given model parameters that determine the shape of the birth 

intensity.      represents the number of Gaussian components of the intensity function. The weight     
   

, gives the 

expected number of new targets originating from      
   

 . The mean      
   

,           , are the peaks of the 

spontaneous birth intensity. They represent where the targets are most likely to appear. The co-variance matrix     
   

, 

determines the spread of the birth intensity in the vicinity of the peak      
   

.  

The posterior intensity at time k-1 is the sum of all Gaussian components at that time step. It is given as follows: 

              
           

        
    

    

   

                                                                

 

where all the model parameters are defined according to the ones expressed in (4.7).  

Following the mentioned explanations, the GM-PHD filter can be explained stepwise as follows: 

4.3.1   Initialization 
 

The recursion algorithm is initialized at time    , with the initial intensity    which is expressed according to 

(4.8).  

4.3.2   Prediction 
 

The prediction stage estimates and produces a hypothesis about the new number and state of targets at the current 

time based on previous stages and can be calculated using the PHD. The PHD prediction stage depends on the 

intensity of the birth random finite sets, the intensity due to existing targets and the intensity of the spawned target. 

The expected number of targets can be estimated from the integration of the predicted intensity over all surveillance 

regions. The corresponding target states can be found from the peaks of the prediction intensity, [2]. 
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For every succeeding time step, the filter computes the posterior intensity. The intensity at any time step forms 

the basis for the filter’s prediction of the consequent intensity. Then, the predicted intensity at time k is given by: 

 

                         
   

             
   

         
   

 

    

   

                                              

 

where   is the birth intensity and   is the weight parameter.  

It is shown in (4.10) that the filter makes use of the means from the previous state,      
   

             , and 

the state transition matrix from the previous state,     , in order to compute the predicted means. 

         
   

           
   

                                                                                             

Furthermore, the predicted co-variance         
   

 at time k is shown in (4.11), which is constituted of the process 

noise co-variance     , the state transition matrix     , and co-variance matrix     
   

 at time k-1. 

        
   

               
   

    
                                                                              

4.3.3   Update 

The update stage introduces the measurement information at the current time step to refine the previous 

prediction. In this manner, the object detection has been finished, the set of measurements of the multiple targets’ 

positions is available, and the state is updated during this step. After the object detection has been finished and    is 

available, the state (posterior intensity) is updated according to:  

                                    

   

                                                 

 

where  
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where,      
   

 are the peaks of the spontaneous birth intensity,   
       gives the expected number of new targets 

originating from      
   

,    is the intensity of clutter at time k, and      is the probability of detection at time k.   

The closed-form expressions for computing the means      
   

, co-variances     
   

, and weights of posterior 

intensity    from those of        when a new set of measurements arrive are given in [5]. 

4.3.4   Pruning 
 

The Gaussian mixture PHD filter suffers from computation problems associated with the increasing number of 

Gaussian components as time progresses. A pruning procedure can be used to reduce the number of Gaussian 

components propagated to the next time step, [5]. This step of the GM-PHD filter implements a strategy for 

managing the number of acquired Gaussian components to increase efficiency. The pruning procedure discards 

those components with weights below some preset threshold, or keeps only certain numbers of components with 

highest weights. 

4.3.5   Merging 
 

This step is another way to increase the efficiency of the GM-PHD filter. Some of the Gaussian components are 

so close together that they could be accurately approximated by a single Gaussian, [5]. This can be achieved by 

setting a threshold for the distance between the means of the different Gaussian components and the maximum 

allowable Gaussian components. All components that fall below this threshold are then merged.  

4.4 Targets’ labeling  

In this thesis each target is assigned by a fix label. If a new target appears a new label is added to the set, and 

similarly if a target dies or disappears its corresponding label is discarded from the set. The set of labels at time k is 

  =    
    

      
    , where    is the number of targets at time k. Consider                     , a two-target 

measurement set, and its corresponding prediction state                               . The labels’ set is defined as a 

two-value set, i.e.,    =    
    

  , in which   
  and   

  are labels of the first and the second target respectively. The filter 

detects targets’ label discontinuity if the following condition holds: 
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                                                                                                (4.16) 

Thus targets’ labels at time k are swapped to maintain label continuity of the targets.   
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5. A 3-D Spatial Motion Test Model 

The point                          at the time k-1 represents the j-th target’s position in the 3-D space. This 

point is assumed to have moved to a new position      at the time k . The target motion can be described as follows: 

                                                                                                (5.1) 

where,        is the direction vector of velocity of j-th target in the 3-D space.        is the speed (absolute 

amplitude of velocity). The sample interval,   , is the observation sampling time when the target moves from 

position        to     .   

The 3-D circular motion characteristic of the target in terms of speed and angular velocity is proposed to be used 

for the evaluation of the tracking filter performance. Figure 5.1 illustrates the 3-D circular motion test signal, where 

the target point ζk-1, j at the time k-1 represents the target j position in the 3-D space. This target is assumed to have 

moved to a new position ζk, j at the time k. The target test motion trajectory can be described as a circle with the 

centre O and the radius r. It is characterised by the direction vector αk-1,j  of the velocity of the target j in the 3-D 

space. The angle θk-1,j is the angle between the motion direction and the YZ plane, and the angle φk-1,j is the angle 

between the motion direction and the XY plane. Vector Vk-1,jαk-1,j denotes the velocity during the time k-1.  

 

θk-1,j φk-1,j 

ζk-1, j

X

Y

Z

ζk, j

Vk-1,j αk-1,j o

r
α0,j 

β0,j 

ζ0, j

 

Figure 5.1. The illustration of the circular motion of the target, [2].  
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The target position ζk, j can be expressed by: 

 

 

where the angular velocity is            , and   is the measurement sampling rate in samples/period. The 

circular radius is r and Δk is the sample interval. The motion direction alteration is defined as           , [2]. The 

target moves along the 3-D spatial motion circle. The target motion speed is constant at any point during the circular 

motion for the same radius and angular velocity. The test motion speed can be described as   . The angular shift per 

sample interval is           where   is a sampling rate. The ability of the filter to track targets with increasing 

motion speed and angular velocity can be evaluated by changing the radius r or the sampling rate  .  

In order to evaluate the multi-tracking continuity, two targets whose trajectories follow the 3-D circular motion 

are proposed. The initial position ζ0,j of target j in the 3-D space is shown in Figure 5.1 and described by: 

 

    

where O=(Ox, Oy, Oz) is the circle centre, α0,j is an angle between the radius vector and the YZ plane and β0,j is the 

angle between the radius vector and the XY plane. By choosing the different initial angle to α0,j and β0,j, the two 

targets may approach each other in the X, Y and Z dimensions, respectively, [2]. This causes occlusions in each 

dimension, respectively. The two targets’ motion trajectories are shown in Figure 5.2.  

 

 

  ,sin,sin,cos ,1,1,1,1, jkjkjkjkjk kr   

    

 (5.2) 

  ,sin,sin,cos ,0,0,0,0 jjjjj rO    (5.3) 

 

(a)                                                       (b) 
Figure 5.2. The motion trajectories of two targets represented by red and green curves respectively. (a) Left image plane 

view and (b) top view of the scene. Red paths with motion parameters                          m, and green 

paths with motion parameters                        m 

 



 

24 
 

The proposed 3-D motion test signal characterizes the target motion in terms of speed and angular velocity which 

can be easily related to the radius and measurement sampling rate. If the radius is increased also the motion speed of 

the target is increased, and vice versa. Moreover, the sampling rate is included in the proposed motion model. Then, 

it would be also possible to evaluate the effect of different sampling rates in the performance of the tracking filter. 

We discuss about the effect of the target motion speed and the sampling rate on the performance of the tracking 

filter in Chapter 6. 
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6. Implementation, Validation and Evaluation  

The objective of this thesis is to prove that the GM-PHD filter accurately estimates the number of targets and 

their respective positions in the activity space; and the GM-PHD filter maintains the identities of the detected targets 

through the tracking process. A stereo vision camera is applied to record image sequences. This chapter introduces 

the GM-PHD implementation procedure in MATLAB. Then, the implemented GM-PHD filter is validated by 

random motion walk simulated in MATLAB according to the motion model presented in Chapter 5. Finally, the 

performance evaluation of the GM-PHD filter is analyzed. 

6.1 Implementation 

GM-PHD filter is implemented in MATLAB by transforming the mathematical model presented in Chapter 5 

into the algorithm. In addition, the Epipolar Geometry Toolbox, [11], of MATLAB is used to simulate targets’ 

trajectories, and a stereo vision system consisted of two identical CCD cameras.  

The state process and the observation model for the tracking system are characterized by the state transition and 

observation matrices respectively. The state transition matrix      and observation matrix    are implemented in 

MATLAB as an n×n identity matrix where n is the dimension of the activity space, expressed mathematically as: 

         
   
   
   

                                                                              (6.1) 

where   is the sampling rate. Note that      and    are not necessarily identical. Here, they are considered 

identical for the calculation simplicity, [5]. 

The process noise covariance,      and the observation noise covariance,    are noisy version of the process 

and observation matrices, mathematically expressed as: 

     
  
   
   
   

                                                                          (6.2) 

       
  
   
   
   

                                                                          (6.3) 
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where   
   and   

  are the variances of the observation noise and process noise respectively. Note that the matrices 

     and    are simplified expressions. One may use other alternatives to define these matrices. However, (6.2) and 

(6.3) fulfill our requirements of this research project, [24].  

As it was discussed in Chapter 4, the GM-PHD filter is a mixture of Gaussian components. The posterior 

intensity function presented in (4.8) is characterized by three parameters at any time step, k, weight,   , mean,   , 

and covariance   . The initial values for these parameters are defined and then implemented in MATLAB. Here, the 

weight is set to 10-4, and the intensities are zero mean Gaussians with covariance equal to 1. The covariance is 

implemented with the function eye in MATLAB for the identity matrix of size 3×3.   

6.2 Validation 
 

A multi-target tracking algorithm must be able to correctly estimate the number of targets, and with required 

accuracy their respective positions in the activity space. In addition, the algorithm has to label each target in the 

activity space. The label assigned to a target becomes the identity of the target through the tracking process. The 

algorithm must maintain the continuity of each target’s label even if the target is temporally occluded. In this thesis, 

the ability of the GM-PHD filter for tracking multiple targets in the scene is validated using a two-target random 

motion walk. In our validation scenario of the tracking algorithm, we investigate how well the filter is able to 

estimate the targets’ position in the activity space while maintaining the targets’ labels. To do so, we use WD to find 

the difference between the targets’ ground truths and their corresponding estimations by the GM-PHD filter.  

As mentioned in Chapter 6.1, a pair of CCD cameras being a part of a stereo vision system is simulated in 

MATLAB. Each camera is modeled as a pinhole camera with the focal length of 6 mm, and pixel size of 12.9 µm. 

The baseline length, B is 100 mm. Each camera has an image plane of the size 1024×1024 pixels. The simulated 

space considers a regular room of the size (8×8×3) m, in which targets are covered by the cameras’ FoV. The stereo 

vision parameters and the implementation parameters of the GM-PHD filter applied for the validation, i.e., focal 

length  , baseline length  , pixel size   , the sampling rate  , probability of detection   , probability of survival   , 

pruning threshold    , standard deviation of observation noise   , and standard deviation of process noise     are 

tabulated in Table I.  Note, that    ,   , and      do not have any dimension.  
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Table I. Implementation parameters for validation of the GM-PHD filter 

             
    
 [m] 

    

[m/s2] 

  
[samples/2π 

radians] 

  

[mm] 
  

[mm] 
  

[µm] 

0.99 0.9 10
-5 

0.031 0.1 70 6 100 12.9 

 

The random motion walk is simulated in MATLAB according to (6.4). 

 

               
               

               

                                                                          (6.4) 

where, a and b are arbitrary starting and ending points respectively. In the description x, y, and z subscripts are 

skipped for generalization.      is a build-in function for generating random Gaussian distribution in MATLAB, 

and   is the sampling rate of dimension samples/period. Here, each period is set to 2  radians.   

In order to validate the GM-PHD filter, the proposed algorithm for the mentioned two-target scenario is run in 

MATLAB. Figure 6.1 shows the top view of simulated activity space with trajectories of two targets. According to 

this viewpoint, the targets intersect each other at a point. However, Figure 6.2 shows the view of the simulated 

activity space from a different angle where the targets do not cross each other. Figure 6.3 provides the projection of 

two targets’ trajectories on the left and right image planes respectively. The simulated targets’ trajectories and their 

corresponding predictions by the GM-PHD filter are shown in Figure 6.4. The Target_A and Target_B are 

represented by the red and green paths respectively. It is seen that although the filter starts tracking targets as soon as 

the targets appear in the surveillance region, it takes few samples for the filter to assign the label to the appropriate 

target correctly. In other words, there is a transient period in the beginning of the tracking process which takes some 

time for the filter to reach to the stability and reliable tracking. Then, the filter is able to assign the correct label to 

the appropriate target. Targets’ labeling is more crucial when the targets’ trajectories are very close to each other in 

the beginning of the tracking process.  

 



 

28 
 

 

 

 

 

 

Figure 6.2. View of the scene with two random targets’ trajectories  

 

Figure 6.1. Top view of the scene with two random targets’ trajectories  
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             Figure 6.4. Target motion path in world coordinate system, x, y, and z; the ground truth is marked as solid lines and the filter predictions 

are marked as crosses and circles. Target_A and Target_B are indicated by red and green respectively. 
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Figure 6.3. Projection of the two targets trajectories on (a) left image plane and (b) right image plane. 
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For a quantitative analysis of the performance of the GM-PHD filter for tracking random walks, mean values of 

absolute errors and corresponding variances in x, y, and z dimensions are estimated and given in Table II. It can be 

seen from the results in Table II that the mean and variance values in z dimension are much greater than their 

corresponding values in the other dimensions. The possible explanation is the depth reconstruction accuracy 

including spatial discretisation in z dimension. From Figure 6.4 it is seen that the predictions in z dimension are 

farther from their ground truths compared to the distance between predictions and ground truths in x and y 

dimensions.   

According to Table II, the variance of tracking error for Target_A is slightly greater than the variance of tracking 

error for Target_B in x dimension. Similarly, the same conclusion can be made for the two targets in y dimension. 

The deviation can be partly attributed to the fact that the motion type is randomly generated. Though, the differences 

are still neglectable; and the filter tracks the two targets with very close accuracy in the both x and y dimensions. 

The first target, Target_A, has a bigger variance in z dimension compared to the variance of the second target, 

Target_B. Both targets’ variances in x and y dimensions are much smaller than the obtained variances in z 

dimension. In general, the obtained results indicate that the GM-PHD filter tracks x and y dimensions more accurate 

than z dimension.  

The obtained results from the simulated models of random trajectories in the activity space applied the filter 

input in MATLAB, showed that the GM-PHD filter correctly estimates the number of targets in the surveillance 

region; and the filter tracks each target well while the targets labels are maintained throughout the tracking process.    

Table II. Mean and variance of tracking error in each dimension for K=70. 

Target 

x y z 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

Target_A 35.40 0.064 21.10 0.062 94.60 2.214 

Target_B 34.70 0.051 18.26 0.041 75.31 1.416 

6.3 Performance evaluation of the GM-PHD filter 

In order to evaluate the performance of the GM-PHD filter, a 3-D spatial circular movement is proposed. This 

circular test signal was introduced in Chapter 5. The quantitative analysis of the performance of the tracking 

algorithm implemented in the stereo vision system can be done by means of the absolute error versus the target 
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motion speed and the angular velocity. The ability of the filter to track targets with increasing motion speed or 

angular velocity can be evaluated by changing the radius r or the sampling rate K. Furthermore, two distinct targets 

whose trajectories follow the 3-D circular motion are proposed to evaluate the multi-target tracking continuity.  

6.3.1 Evaluation of label continuity maintaining 

In this scenario, we evaluate the performance of the GM-PHD filter for maintaining targets’ label continuity. To 

do so, we apply the proposed GM-PHD filter to track two targets whose trajectories follow the spatial motion model 

defined by (5.1), (5.2) and (5.3). Here, two targets have equal motion speed and angular velocity. Thus, according to 

(5.3), by choosing different initial values for angles      and     , the two targets may approach each other in the x, y, 

and z dimensions, which consequently may cause occlusions in each dimension respectively. Each target needs to be 

assigned by a label which should be maintained throughout the whole tracking process. Especially, when the two 

targets approach each other in any of dimension in the space, the label continuity of each target becomes a difficult 

situation to be maintained.  

Two targets whose trajectories follow the spatial motion model with the equal value       m, and      

samples/period in two periods are applied. The first and the second targets are named Target_1 and Target_2 

respectively. First target’s initial values for angles are                   . The target motion parameters 

are                    . The label continuity maintained by the filter can be verified when an occlusion in any 

dimension happens.  

Figure 6.5 shows the two targets in the surveillance region from top view. The targets’ initial values for the angels 

are chosen according to the above mentioned values. The targets’ paths intersect each other at two different points 

from this perspective. Figure 6.6 shows the same region from a different angle. It is seen that the targets’ trajectories 

are very close to each other in the depth dimension. This is a challenging situation for the performance of the tracking 

filter due to the depth reconstruction uncertainty. Figure 6.7 illustrates the projection of the targets’ motion on the left 

and the right image planes. Figure 6.8 shows the trajectories of the proposed targets in each dimension. Obviously, 

each target’s trajectory intersects the other target’s trajectory in some time instants in x, y, and z dimensions. For 

instance, from the beginning of the tracking process, each target follows its own trajectory in the x dimension; and 

finally they meet each other at time    , and they diverge after that intersection. It is seen that each target’s label is 

well preserved when the targets meet each other at     in the x dimension. Furthermore, the proposed GM-PHD 
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filter is able to identify each target after they intersect and consequently assign the correct label to it. In other words, 

the filter assigns the appropriate labels to the targets even after they meet and pass each other the in the x dimension. 

At the same time, the filter maintains each target’s identity in the corresponding y and z dimensions. The same 

conclusion can be made for the y and z dimensions when targets’ trajectories cross each other (see Fig. 6.8). Finally 

from the results one can conclude that the GM-PHD filter tracks each dimension of the two targets with high 

accuracy; and the filter not only tracks the trajectories accurately, but also maintains labels’ continuity. 

 

 

 

Figure 6.6. View of the scene with the two targets’ trajectories.  

 

Figure 6.5. Top view of the scene with two targets’ trajectories. The green and red curves correspond to the Target_1 and the Target_2 

respectively. 
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        Figure 6.8. The filter maintains labels and while tracking targets in two periods. The ground truths are marked as the solid lines, and the 

predictions by the filter are marked as crosses and circles. 

 

Figure 6.7. Projection of the two targets trajectories on (a) left image plane and (b) right image plane.  
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In the end, the simulation results for Target_1 and Target_2 are tabulated in Table III. In this scenario, the first 

target’s initial values for angles are                     and the second target’s initial values for angels 

are                    . The simulated results are tabulated in Table III.   

 

Table III. Mean and variance of tracking error in each dimension for      and       

Target 

x y z 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

Target_1 41.03 0.051 54.10 0.036 142.54 1.46 

Target_2 39.53 0.034 55.42 0.031 141.08 1.21 

 

According to Table III, the mean value of the absolute error for Target_1 in x and z dimensions are greater than 

their corresponding values for Target_2. However, the mean value of absolute error for Target_1 in y dimension is 

slightly smaller than the mean value of absolute error for target_2. Moreover, it is observed that the variance values 

for Target_1 are greater than their corresponding values for Target_2 in the three dimensions.   

6.3.2   Performance analysis versus target motion speed 
 

The performance evaluation of the filter to track targets for increasing motion speed can be done by changing 

radius   while   is kept constant. To do so, three different radiuses       m,     m,       m are used. 

Meanwhile, the sampling rate is set to 25 samples/period. Table IV shows the mean and variance values of absolute 

error in the x, y, and z dimensions for different radiuses and      samples/period in fifty periods. It can be 

depicted that the mean value of absolute error is proportional to radius  . The mean value for radius       m in x 

and y dimensions are very close to each other. This is also true for the radius       m. The mean value of absolute 

error is slightly greater in y than its value in x. It is seen that for       m, the mean value of absolute error in z 

dimension is much bigger than the other dimensions. The same conclusion can be made for radiuses     m and 

      m. In general, the bigger the radius is the bigger the mean value of absolute error is.  

According to Table IV, the variance value in x dimension decreases as the radius increases. However, the 

variance value in y decreases when the radius is increased from       m to     m. Then, the variance increases 

when the radius is increased to       m. This can be concluded for the variance values in z dimension as well. It is 
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seen that the variance value in x dimension is much smaller than the variance in the other two dimensions. In other 

words, the filter performs more accurate in x dimension than y and z dimensions. 

6.3.3    Performance analysis versus angular velocity 

As it was explained in the proposed motion model in Chapter 5, the angular velocity,            , is a 

function of measurement sampling rate  . Thus, the performance evaluation of the filter to track a target for varying 

angular velocity can be done by changing sampling rate   while   is kept constant. For further illustration, we 

analyze the performance of the filter to track a target for three different radiuses when the sampling rate is increased. 

To do so, the simulation is done for radiuses       m,     m, and       m. The sampling rate varies from 

    samples/period to      samples/period.  

 

Table IV. Mean and variance of tracking error in each dimension for      in fifty periods 

Radius r  

[m] 

x y z 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

Mean 

[mm] 

Var 

[mm] 

0.60 32.40 0.049 33.10 0.18 121.60 1.21 

1.00 41.20 0.031 48.90 0.12 143.20 0.56 

1.40 65.70 0.020 66.20 0.31 159.30 1.41 

 

It is shown in Figure 6.9 that the mean value of absolute error in x dimension decreases when the sampling rate 

  increases for different values of  . It is depicted that the mean value of absolute error is approximately 11 cm for 

   1.4 m and     samples/period. The mean value of absolute error reaches to approximately 4 cm when the 

sampling rate increases to      samples/period. It is observed that the mean value of absolute error does not 

change significantly between      samples/period and      samples/period. In general, it can be deducted that 

the mean value of absolute error does not reduce significantly even if the sampling rate increases to values higher 

than      samples/period. In addition, the mean value of the absolute error for       m in x dimension is 

smaller than its value for     m and       m. Similarly, the simulation results for performance evaluation of the 

filter in y dimension are illustrated in Figure 6.10. It is seen that the mean value of absolute error in y dimension 

decreases when the sampling rate   increases.  
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According to the simulation results shown in Figure 6.11, it is observed that the mean values of absolute error for 

different radiuses in z dimension does not decrease significantly when the sampling rate increases. Though, the 

mean error is greater than in a case of the other two dimensions. The most influential noise in each camera is the 

spatial noise, which may originate from discrete sensor pixels and the resolution of the focal length. Furthermore, 

the depth reconstruction accuracy depends on the system configuration which is defined by sensor resolution, focal 

length, and baseline length. However, indirectly it can be concluded that depth spatial quantization plays a key role 

in determining the accuracy of a 3-D reconstruction, [24]. The effect of reconstruction on the tracking performance 

is not discussed in this thesis.  

 

 

Figure 6.9 . Mean value of absolute error for different radiuses vs. sampling rate (samples/period) in x dimension.  
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Figure 6.11. Mean value of absolute error for different radiuses vs. sampling rate (samples/period) in z dimension.  

 

 

 

 

 

Figure 6.10. Mean value of absolute error for different radiuses vs. sampling rate (samples/period) in y dimension. 
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As it was discussed in this chapter the ability of the GM-PHD filter implemented in MATLAB for tracking 

multiple targets in the activity space was validated using a two-target random motion walk. Finally, according to the 

3-D spatial motion model introduced in Chapter 5, we analyzed the performance evaluation of the GM-PHD filter 

by varying the target motion speed   , and angular velocity  . The obtained results showed that the filter tracks 

targets accurately, while maintaining the targets’ labels continuity. 
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7 Conclusion 

The  objective  of  multiple-target  tracking  is  to  estimate  the  number  of  targets  from  noisy  measurements  

and correctly track them. However, missed detection, vague tracks, and information lost due to occlusion and 

crossing-targets are among the essential problems in the motion tracking research field. 

In this thesis, a new approach to tracking multiple targets by the GM-PHD filter in the real scene with the use of a 

stereo vision system is presented. The filter tracks x, y, and z coordinates of the targets in the world coordinate system 

with respect to the left camera’s coordinate system, in contrast to many single-view filters which track the pixel 

coordinates in the image plane. The GM-PHD filter is modeled using the mathematical expressions and then it is 

implemented in MATLAB by transforming the mathematical model to an appropriate algorithm.  

The proposed GM-PHD filter is validated using a two-target random walk motion in the surveillance region. It is 

shown that the filter is able to estimate the targets’ positions in the region while maintaining the targets’ labels.  

A 3-D test motion of the spatial movement is modeled by two key parameters, motion speed and angular velocity, 

which are useful for the evaluation of the tracking filter. The angular velocity and speed of the test motion model are 

easily related to the sampling rate and the radius what simplifies the filter evaluation. The mean value of absolute 

error in any dimension is proportional to the target’s motion speed,   . However, the error is much greater in z 

dimension in comparison with the other dimensions. The bigger the radius is the bigger the error is. The angular 

velocity is a function of measurement sampling rate. The mean value of absolute error in the x and y dimensions 

decrease when the sampling rate increases; but, the error in z dimension does not decrease significantly when the 

sampling rate increases. Generally, the error between the prediction and the ground truth in the tracking shows that 

the GM-PHD filter performance depends on target motion features and the tracking accuracy is proportional to 

motion speed and angular velocity.  

The continuity of the labels for two targets which follow the 3-D circular motion is fully ensured. The targets’ 

identities are maintained even when two targets cross and occlude each other in any dimension.   

In future research, it would be useful to evaluate the performance of the GM-PHD filter using multiple cameras in 

multiple-view multiple-target tracking problems, especially when the target is occluded for a significant period of 

time. The comparison of performance for different tracking algorithm can be implemented.   
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In the GM-PHD filter and its variants, data association between measurements from different sensors and target 

states is not explicitly considered. It is necessary to find a remedy for maintaining target identity in a multi-camera 

multi-target scenario. This can be resolved by providing an additional input data to the tracking filter to improve its 

performance. This input can be a signal transmitted from radar, or an infrared.  
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