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Abstract 

Motion tracking is an important part of the Intelligent Vision Agent System, IVAS. In this thesis, 

the Gaussian mixture approximation of the Probability Hypothesis Density filter (GM-PHD) was 

implemented to provide a reliable and computationally efficient multiple human tracker in the 

activity space of the IVAS. The GM-PHD filter estimates both the number and states of multiple 

targets by propagating the first order moment of the posterior distribution of the targets state 

space. A typical room dimension was adopted as the activity space. Human movements were 

simulated to show the position of human(s) at different instants in the activity space. The 

human movement path(s) or trajectory(ies) were observed with a camera and tracked with the 

GM-PHD filter. The implementation of the GM-PHD filter algorithm in tracking multiple target(s) 

across the activity space was validated using the random free walk motion type. The mean error 

in the filter prediction and ground truth was measured against velocity and angular alteration 

of a circular motion model using the Wasserstein’s error distance. The result of this work shows 

that the GM-PHD filter is reliable for multiple target tracking. 
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1. Introduction 

 

Tracking moving objects has very diverse applications in today’s world. The need for tracking is 

seen virtually in all endeavours of life; security and surveillance, robotics, aeronautics, medicine 

and sports to mention just a few. It is the fulcrum of the Intelligent Vision Agent System (IVAS). 

The Intelligent Vision Agent System, IVAS, is a high-performance autonomous distributed vision 

and information processing system. It consists of multiple sensors and actuators in the vision 

sensor system for surveillance of the human activities space which includes human and his 

surrounding environment such as robots, household appliances, lights and so on [1]. The object 

of interest in the system is the human being(s) whose state at any point in time in the activity 

space must be known.  

 

Knowing the state of the target, humans in this case requires that the sensors or cameras must 

be able to observe the human(s) all the time in a defined activity space. The implication of this 

is that humans’ locations and motions need to be predicted, in order to control the cameras to 

track humans and keep them in the cameras’ FOVs (Field of View). The prediction of human 

location and motion is achieved by tracking algorithms. The objective of tracking algorithms is 

to estimate state of the target under consideration from measurements received from 

sensor(s) at each time step. The Bayesian recursion provides the mathematical framework on 

which tracking is based. The Baye’s recursion or filter computes the posterior probability 

density of a process based on the prior probability density of the process and the likelihood 

function. 

  

It is pertinent to state that a typical dynamic state estimation problem or scenario is 

characterized by the state process and the measurement or observation process. In our 

situation, the state process comprises of the human target(s) position in the surveillance region 

or activity space while the observation process is typified by the camera(s) or sensor(s) covering 

our surveillance region. 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 
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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 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. Computationally this recursion is very 

intensive thus discouraging practical implementation. This leads to approximation techniques in 

order to reduce the computational load. The constant gain Kalman filter provides the 

computationally fastest approximate filtering approach for single target tracking [13]. The 

Kalman filter propagates the first order moment of the probability distribution instead of the 

whole distribution, thus providing a faster and less computationally intensive recursion. It 

describes a dynamic tracking system as a Gaussian distribution characterised by the mean and 

the variance.  

 

When tracking multiple targets, the multi target Baye’s recursion is even more computationally 

intensive than the single target tracker.  When targets to be tracked are more than one, 

additional challenges other than the computational load of the Baye’s recursion are introduced. 

The first challenge is the fact that the number of targets which may not be known may vary 

with time. The second challenge is that the size of the state space grows exponentially with the 

number of targets, hence the computational effort required in estimating the joint distribution 

of multiple targets increases exponentially.  Algorithms for tracking multiple objects have to 

contend with resolving these two challenges. The Multiple Hypothesis Tracker and the Joint 

Probabilistic Data Association are algorithms which manage the challenges. However these two 

methods are still very computationally intensive and in some situations cannot be used to 

model some certain practical constraints. They also suffer from data association problem. 

 

Mahler and Zajic [14, 15] using random finite set and the Bayesian filtering statistics formulated 

an algorithm for propagating a combined density over all targets, instead of modelling the 

probability density function, (PDF) for each individual target. Modelling the collection of targets 
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and observations as random finite set, the Probability Hypothesis Density (PHD) is able to 

estimate both the time varying number of targets and their states, thereby solving the problem 

of comparing state spaces of varying dimensionality as well as the data association problem 

suffered by multiple targets tracker of earlier generation. Analogous to the Kalman filter for 

single target tracking, the PHD propagates the first order moment of the multi target posterior 

instead of the full probability distribution or density functions, thus alleviating the 

computational intractability of the multi-target Baye’s filter.  

 

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 the need for techniques to be 

adopted for the practical implementation. There are several of such implementations. We have 

adopted the Gaussian Mixture implementation for our thesis work. The Gaussian Mixture 

Probability Hypothesis Density filter (GM-PHD filter) provides a closed form solution (that is, a 

practical implementation that terminates the unending recursion of the PHD filter) to the PHD 

filter recursion for multiple target tracking [9]. It assumes a Gaussian model for the probability 

distribution of the multi-target tracking system.  

 

In this thesis we do not only demonstrate the implementation of the GM-PHD filter modelled 

for multi-target tracking but also validate the model and investigate the filter’s error incurred in 

estimating the state, position, of the targets.  

 

In chapter two of this research work, a review of related works using GM-PHD filter for multi-

target tracking is given while chapter three highlights the problem statement, research 

questions, hypotheses and main contribution of this research work. Chapter four of this report 

gives a detailed description of the modelling of GM-PHD filter algorithm while chapter five 

shows how it was implemented in our research work. Chapter six is a discussion of results 

obtained and validation or otherwise of the model and its implementation. In chapter seven, 

the performance of the GM-PHD filter modelled is evaluated. 
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1.1 Basic Definitions 

Target State: The state of a target refers to the unknown parameters which the filter is meant 

to determine (predict and estimate). It could be velocity, acceleration, position, direction 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 human in an activity space over time. 

 

Target State Space: A single target state space is given by�� � ��� � � [12]. � is a  set whose 

elements are vectors of the form x = (x1, …….,xn, c) where x1......xn   are in the set R of real 

numbers, � is the target state and it varies with time, � belongs to some finite set � which 

could be some target classification set. The multi-target state space is the class of all finite 

subsets of��, that is 	�
�������, where n is the target number in the state space.  Hence it 

could be seen that the multi-target state space is a set of number of targets, target types and 

states of the targets. 

 

Data Association: In multi-target multi sensor tracking system, there is a need to associate the 

measurements of different targets from different sensors to the corresponding target. This 

process is called Data Association. When the number of target becomes very large, the risk of 

confusing targets becomes very high, the identification of target and their respective tracks or 

state becomes difficult and prone to error and thus impacts negatively on the tracking ability of 

the filter. 

 

Markov Process: is a mathematical model for the random evolution of a system, in which the 

likelihood of a given future state, at any given moment, depends only on its present state, and 

not on any past states [16]. 

 

 

 



5 
 

2. Review of Related Works 

 

As stated in Chapter 1, the PHD filter algorithm itself is recursive iteration with no closed form 

solution. Practical implementation of the algorithm requires a closed form solution. There are 

two broad categories of techniques for achieving this which are the Sequential Monte Carlo 

(SMC) and Gaussian Mixture (GM). The Gaussian Mixture was proposed by Ba-Ngu Vo and 

Wing-Kin Ma prior to the research work [10]. Although more restrictive than the SMC, the GM 

provides a faster and less computational overload for the PHD filter implementation. Apart 

from providing a better closed form solution, the GM-PHD filter also takes care of the curse of 

dimensionality, a problem that has to do with geometric increment in computational load as 

number of targets increases. The curse of dimensionality is one of the plagues of the Bayesian 

filter from which the PHD filter also suffers. 

 

The focus of the work done by Rongrong Chen and Min Zhu [3] is on the modeling of the birth 

intensity for the multiple targets tracking using the GM-PHD filter. In implementing the GM-

PHD filter algorithm, there is a need to properly choose the probability density function for 

representing the birth intensity of targets. The research work evaluated target discovery of the 

filter for different target birth densities and birth density models. A comparison of the target 

detection results when using different distributions for the prediction of birth targets and true 

target trajectories in the GM-PHD filter recursion was made.   

 

Based on the procedure of GM-PHD filter proposed by Ba-Ngu Vo and Wing-Kin Ma, [11], 

different probability density functions, including Poisson, uniform and both wide and narrow 

Gaussian distribution are used as both target birth models  and true target trajectories in the 

GM-PHD recursion. It was aimed at providing a source of reference for how well the GM-PHD 

filter works for different probability density functions, how to generate true target trajectory 

and arrange targets births in the GM-PHD filter.  
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In [10], a GM-PHD filter algorithm was presented for tracking multiple targets in high clutter 

density. The algorithm has the ability to estimate the number of targets, track the trajectories 

of the targets over time, operate with missed detections and give the trajectories of the targets 

in the past, once a target has been identified. This was an improvement on the initial 

implementation of the GM-PHD filter which provided estimates for the set of target states at 

each point in time but did not ensure continuity of the individual target tracks. It was also 

shown that the trajectories of the targets can be determined directly from the evolution of the 

Gaussian mixture and that single Gaussians within this mixture accurately track the correct 

targets. A comparison was made between the algorithm and the Multiple Hypothesis Tracker, 

MHT, a specimen of an earlier generation of multiple tracking algorithms mentioned earlier. It 

was shown to outperform the track-oriented MHT in its ability to operate in regions of high 

density clutters with fewer false tracks; it initiates and eliminates targets more accurately. 

 

Pham et al. [6] proposed a multiple-camera multiple-object tracking system that can track 3D 

object locations even when objects are occluded at cameras using the GM-PHD filter. The 

proposed system was said to track objects and fuses data from multiple cameras by using the 

GM-PHD filter. Data association between observations and states of objects, a problem 

encountered in multiple cameras tracking system, was avoided with the use of the Gaussian 

Mixture Probability Hypothesis filter. This system also tracks multiple objects in single-object 

state space and hence has lower computation load than existing methods using joint state 

space for multi target tracking. Moreover, the system is also said to be able to track varying 

number of objects and their 3D location. Their proposition was also considered to be able to 

handle occlusion where there are many persons in a room. The system is such that each target 

has a track label and are viewed simultaneously by more than one camera in the room, such 

that when one camera is occluded, the information from any of the other camera is used to 

update the occluded camera information so that track continuity is maintained until the 

target(s) are back in the field of view of the said occluded camera. 

 



7 
 

Pham et al. [7] demonstrated that tracking objects using multiple sensors is more efficient than 

using one sensor. Using sequential sensor updating, a method to fuse data from multiple 

sensors in Gaussian mixture probability hypothesis density filter was proposed. This method 

avoids the data association problem in multi-sensor multi-object tracking. An experiment was 

carried out in bearing and range tracking to validate the proposition of this method. Also by 

experimenting with multiple speakers tracking, this research work proved that, the GM-PHD 

filter is more reliable and more computationally efficient than particle probability hypothesis 

density filter for multi-sensor multi-object tracking.  

 

In [8], a method of using GM-PHD filter to track multiple objects by incorporating colour 

representation was described. It was shown that the PHD is proportional to an approximated 

density from colour likelihood, which helps to define the colour measurement random set. A 

PHD recursion for visual observations with colour measurements was thus proposed. The 

method operates on the single object state space instead of the joint state space.  

 

An interesting twist to the application of the GM-PHD was the research work done by D. Clark 

et al. [5]. In audio analysis, it is required that it should be conceptually straightforward to 

distinguish between measurements that are generated by actual targets and those which are 

false alarms. The Gaussian mixture Probability Hypothesis Density filter was applied to the 

problem of multiple-target tracking of sinusoidal components from harmonics of notes played 

on a piano. The filter uses a 2-dimensional model for tracking the frequency and amplitude of 

these components. The state space model assumes a constant position model for the frequency 

domain and uses the mean damping coefficient at each time-step to predict the amplitude of 

the sinusoids. When a new note is played, the estimated number of harmonics rapidly 

increases, showing that the harmonics are rapidly identified. Similarly, when the note 

terminates, there is a corresponding dip in the estimated number of harmonics. The results 

show that the Gaussian mixture PHD filter can effectively identify the onset and termination of 

individual harmonics produced from notes played on a piano and maintain their identities. It 

also showed that the PHD filter can be used to estimate the number of harmonics and that this 
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information is particularly useful to identify the times when notes begin and end. These 

estimates may then be incorporated in subsequent processing algorithms, such as sinusoidal 

coders or for music transcription. 

 

Previous implementations of the GM-PHD filter were for linear Gaussian dynamic systems. The 

research work done by Clark et al. provides a review of Gaussian filtering techniques for non-

linear filtering and shows how these can be incorporated within the Gaussian mixture PHD 

filters [4]. It was demonstrated that four of the Gaussian filters namely, the unscented filter, 

the second-order divided difference filter, the Gaussian particle filter and the Monte Carlo 

Kalman filter can be implemented with the GM-PHD for non linear dynamic systems. Amongst 

the four, the unscented filter was deemed to be very efficient. However, it is possible that the 

performance will differ from the performances of other filters in a different non linear 

environment, hence it cannot be concluded that the unscented Kalman GM-PHD filter is the 

best for non-linear systems. 

 

Juang et al. [2] implemented the GM-PHD for tracking the movement of multiple cells and their 

lineage. The filter was used to track the motion of multiple cells over time and to keep track of 

the lineage of cells as they spawn. Experimental results were provided illustrating the approach 

for dense cell colonies. The application of the GM-PHD filter in the bio-medical field is a very 

interesting development as automated techniques for analyzing time-lapse cell microscopy 

imagery has become essential to various biological studies due to the fact that current analysis 

mostly involves manual visual inspection. This process is prone to errors and does not scale to 

the large image sets produced by automated time-lapse image acquisition. Often times, images 

are not fully exploited to produce quantitative analysis when employing the current tools that 

rely on manual visual inspection. Due to this need, the GM-PHD filter was proposed for the 

automated visual analysis of live cells throughout their entire life cycles. The simulation result 

shows that the GM-PHD filter tracks the lineage and motion of cells relatively well. 
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Not to be discounted are the particle implementations of the PHD filter. This implementation 

has been used for different scenarios of multiple- target tracking, especially in non-linear 

dynamic systems. A good example of this is the work of Sidenbladh [12], where a particle filter 

implementation of the PHD was applied to tracking of multiple vehicles in a terrain. The result 

of the implementation shows the robustness of the method to tracking a changing number of 

targets, a situation that can be described as very near to real life performance. However, it was 

noted that estimation of target state was more accurate than estimation of target number 

when this implementation of GM-PHD is used for multi-target tracking 
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3. Problem Statement, Research Questions, Hypotheses and 

Main Contribution 

The basic requirement of the Intelligent Vision Agent System, IVAS, is for the sensors or 

cameras to be able to observe the human(s) all the time in a defined activity space. The 

implication of this is that humans’ locations and motions need to be predicted, in order to 

control the cameras to track the humans 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 

is the Gaussian mixture implementation of the PHD filter, GM-PHD filter. 

 

The motivation behind this research work is therefore enumerated in the following research 

questions: 

(i) How can the GM-PHD filter be modelled and implemented as a computationally 

tractable human tracking system that can track multiple targets in a 3-D activity 

space? 

(ii) How to validate the model tracking multiple-targets in a 3-D activity space? 

(iii) How can the performance of the model be evaluated? 

 

The hypotheses we have formulated to answer the above questions is stated below: 

(i) The GM-PHD filter for tracking multiple human in a 3-D activity space can be 

modelled as an algorithm illustrated by the flowchart in Fig. 4.1. The modelled filter 

illustrated by the flowchart in Fig 4.1 can be implemented using Matlab 

(ii) We can validate that the GM-PHD filter model estimates the number of targets and 

their respective position in the 3-D activity space using the free walk model. 

(iii) The performance of GM-PHD filter can be evaluated using the Wasserstein distance 

to estimate the error of tracking the circular motion using two key parameters, 

velocity and direction alteration of the motion. 
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The main contributions can thus be summarised: 

• Modelling of the GM-PHD filter algorithm for tracking multiple targets in a 3-D activity 

space. 

• Implementation and validation of the GM-PHD filter model in Matlab using the random 

free walk model. 

• Modelling of the human motion as a circle and using it as a test signal to evaluate the 

performance of the GM-PHD filter. 
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4. Modeling 

The GM-PHD filter assumes a linear Gaussian multi-target model. The model includes certain 

assumptions on the birth, death and detection of targets, which are summarized below: 

 

(i). Each target follows a linear Gaussian dynamical model and the sensor has a linear Gaussian 

measurement model. The model consists of two functions: the multi-target transition density 

expressed mathematically as: 

 

������
������ �� ���������
�����
� ���������������������������������������� 
� 
 

and the multi-target likelihood function expressed as: 

����
������ �� ����������������������������������������������������������������������������� ������

 

where ��is the normal or Gaussian distribution operator while�� denotes the multi-target state 

and � is the multi-target observation or sensor measurement.   

��� �!� denotes a Gaussian density with mean m and covariance P, 

���
 is the state transition matrix,  

���
 is the process noise covariance, 

�� is the observation matrix, and 

�� is the observation noise covariance. 

������
������ is the multi-target transition density from a previous target state �  at time step 

� " 
 to a present target state  � , at time step �� The previous state �  can also be expressed 

as ���
. 

������ is the multi-target likelihood function or put in another way the probability density of 

obtaining observation or measurement�� from present target state  �. 
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(ii). The survival and detection probabilities are state independent, i.e. 

 

            �#$����� �� �#$����������������������������������������������������������������������������������������������������� %�����
            #&����� � �#&������������������������������������������������������������������������������������������������������ �������� 
 

(iii). The intensity of the birth is a Gaussian mixture of the form 

'���� � �()'���*��+���� '���*� �� !'���*� ,
-'��
*.


���������������������������������������������� /� 
 

where -'��, )'���*� ,  '���*� �� !'���*� , i = 1,………� -'��� are model parameters that determine the shape 

of the birth intensity: 

- represents the number of Gaussian components of the intensity function. 

 '���*� � 01232�* � 
���� � -'����are the peaks of the spontaneous birth intensity in (4.5) and 

represent where the targets are most likely to appear.  

The covariance matrix�!'���*� , determines the spread of the birth intensity in the vicinity of the 

peak� '���*� .  

The weight�)'���*� , gives the expected number of new targets originating from� '���*� .  

With the above models as a background we can discuss the GM-PHD filter recursion algorithm 

step by step. 

 

4.1 The GM-PHD Algorithm 
 

The GM-PHD filter recursion algorithm depicted in Figure 4.1 can be thus explained stepwise as 

follows: 

Step 0: Initialization 

The recursive algorithm is initialized at time� � 4, with the initial intensity 54 which is the sum 

of all Gaussian components at that particular time step. Mathematically this is expressed as: 
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54��� �()4�*����+��� 4�*��� !4�*�,
-4
*.


��������������������������������������������� 6� 
 4�*�� is the mean state vector, !4�*�� is the covariance matrix and )4�*�� is the weight of each 

Gaussian components in (4.6). 

 

Step 1: Prediction 

For every succeeding time step after � � 4, the filter computes intensity v which is a Gaussian 

mixture of (4.6). The intensity at a particular time step forms the basis for the filter’s prediction 

of the next time step intensity. On the assumption that we have intensity�5��
��� at a specific 

time step � " 
, it thus goes that the predicted intensity 5�����
���� at time � is also a 

Gaussian mixture of (4.6) and is a function of �5��
��� expressed mathematically as: 

 

5�����
���� � ( )�����
��*�� �� +��� �����
��*�� � !�����
��*� ,
-����7
�
*.


��������������������������������������������� 8� 
 

It is worthy to note that the tracker at this step makes use of information about the mean (from 

previous state) and the state transition matrix from previous state����� " 
, to compute the 

predicted mean. The process noise covariance with the system covariance at the previous time 

step constitutes the predicted variance. These two variables with the weight of the previous 

time step are propagated to compute the predicted intensity. 

 

Step 2: Update 

The third stage of the recursion is the update stage. The system collects information from the 

observation process to validate and update the prediction of the previous stage. The computed 

updated intensity 5����at time � is characterised by the observation process 9 and is also a 

Gaussian mixture of the equations (4.6) and (4.7). 
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Step 3: Pruning 

This stage of the GM-PHD implements a strategy for managing the number of acquired 

Gaussian components to increase efficiency. With the passage of time the number of Gaussian 

components increases. This could lead to computation problems if the increase is left 

unbounded. The pruning procedure is meant to address this problem by discarding those with 

weights below some preset threshold, or by keeping only a certain number of components with 

strongest weights.  

 

Step 4: Merging 

Some of the Gaussian components are so close together that they could be accurately 

approximated by a single Gaussian. In this stage of the algorithm, merging of such components 

is done. This is done by setting a specific threshold for the distance between the means of the 

different Gaussian components and the maximum allowable Gaussian component. All Gaussian 

components that fall below this distance are then aggregated. This has the same effect of 

reducing the components propagated by the filter hence improving its computational 

efficiency. 

 

 Step 5: Target state estimation 

The target states are determined by taking the mean of Gaussians with weights above a given 

threshold. Mathematically this given by: 

 �� �� : ; ��*�<�������������������������������������������������������������������������������������������������������������������������������� =�   
Where �� is the set of target state estimates and : ; ��*�< is the mean of Gaussians above the set 

threshold. 
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Figure 4.1: The GM-PHD Filter Flowchart 

 

54 
Definition of Initial Intensity 

5�����
� 
Prediction: Establishment of Predicted 

Intensity 

5� 

Update: Computation of Posterior 
Intensity 

Establishment of lower limit of 
Gaussian component 

 

Component 
below 

threshold? 
 

Define New 

Weights 

Prune 

 

Establish Merging threshold 

 

Update Posterior Intensity 

Gaussian 
component 

within merging 
threshold? 

Merge 

�� 
Estimate Target State 

Break 

 

PHD Filter Initialization 
{select;  -4�� 4��!4��)4� }  

 

Y 

   Y 

N 

   N 



17 
 

5. IMPLEMENTATION  

The simulation tool used to implement the multiple-target tracking system is Matlab. The 

Epipolar Geometry Tool box (EGT) which is a toolbox designed for Matlab to cater for vision 

problems was used to simulate the surveillance region, the trajectory of the human motions 

and the sensor (camera) in the activity space. As stated in chapter 1, the state of the human 

targets is their respective positions in the activity space. Thus the states of the targets refer to 

their [x, y, z] coordinates at different times within the surveillance region. 

 

The GM-PHD was implemented first by defining the state process and the observation model 

for the tracking system. These are characterized by the state transition and observation 

matrixes respectively. The state transition matrix ���
 and observation matrix �� from 

equations (3.1) and (3.2) respectively were implemented in Matlab as an   �  identity 

matrixes [8 - 10], [16] where  is the dimension of the activity space, expressed 

mathematically: 

 

���
 � �� � >
 ? 44 
 ?4 4 
@��������������������������������/� 
� 
T is the sampling interval. 

 

The process noise covariance, ���
 and the observation noise covariance�� �� are noisy 

version of the process and observation matrixes respectively, mathematically expressed as: 

 

�� � ���
 � A� ��>
 ? 44 
 ?4 4 
@���������������������/� �� 
 

Variance A� for the process noise is set to 0.01 while that of the observation noise is set to 

0.001 [2].  The identity matrices are simulated in Matlab using the BCB function. 
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Next is the Matlab simulation of the Gaussians which defines the intensity functions of the GM-

PHD filter,   i.e, the birth intensity, the initial intensity in stage 0, the predicted intensity in step 

1 and the posterior intensity of step 2 in the GM-PHD algorithm. As stated in equation (3.5), the 

intensity functions are characterised by three parameters; the weight, the mean and the 

covariance.  The initial values for these parameters are defined in Matlab thus: 

(i) The Weight = 
� 4�B��  

B is a Matlab function for the mathematical exponential function. 

(ii) The mean = �BDEF�G� 
� 
Zeros is a Matlab function which is used to set aside storage for a matrix whose elements are to 

be generated one at a time. In this instance our matrix is a column matrix. G is the activity space 

dimension. In this instance since the activity space is three dimension (x,y,z), G � %. 

(iii) The covariance = BCB�G� 
The covariance is implemented with the Matlab function eye for identity matrix.  

 

The GM-PHD filter algorithm was then implemented stage by stage. Also some functions were 

written to implement this algorithm. The function called spos was used to implement the target 

birth within the activity space, function called prunning was used to implement the pruning 

stage and also the merging stage and sest was used to extract the target state estimate. The 

complete Matlab code is shown in the appendix. 

����
Using the EGT, a typical room dimension of 8 m x 8 m x 3 m was simulated as the activity 

space.The activity space is required to be covered by the camera’s Field of View.  A pin-holed 

camera model was used.  The camera was placed perpendicularly from the top of the room in 

such a way that its image plane is parallel to the X-Y plane (ground surface) of the room.  

Figure 5.1 aptly describes this. 
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Figure 5.1: Simulation Environment 

 

The image from the camera provides the observation data for the GM-PHD filter to execute its 

update stage described in the algorithm.  
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6. Validation 

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

their respective states in the activity space. The validation of the modelled and implemented 

GM-PHD is geared towards this. It must be shown that the model tracks varying number of 

humans and their respective position satisfactorily in our simulation environment.  It is 

pertinent to state at this point that there are some parameters of the filter that enables it to 

track satisfactory well. A tabular representation of these parameters according to Rongron 

Chen et al [3] is shown in table 6.1 below 

 

Table I: Filter’s Parameters 

Probability of Target Survival 0.9 

Probability of Target Detection 0.99 

Pruning Threshold 10e-5 

Time Sample 100 Hz 

 

 

Sequel to the defining the filter parameters, we simulated human motion in the activity space 

in order to validate the tracking process of the GM-PHD filter. A short description of the signal 

used to simulate what we called the free walk is given below. 

 

6.1 Validation Scenario. 

The scenario for validation of the GM-PHD filter should help to prove that the tracker can 

estimate correctly the number of targets in the activity space. The number of points that the 

filter is able to estimate will be compared with the number of points in the motion true 

trajectory. The differences will be determined. We check this behaviour for up to a total of four 

human targets represented by four free walk motion trajectories. We increase the number of 
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targets one at a time and see if the filter is able to estimate the 3D points as the target number 

increases. 

 

6.2 Free walk Motion. 

The free walk motion is a random motion type that exemplifies the general human movement. 

The motion trajectory is a 3-D point representation (x, y, z) of our human target position, at 

different time within the activity space. The motion can be described mathematically as: 









=

=

=

cz

kbarandomy

kbarandomx

yy

xx

),,(

),,(
                                                                         (6.1) 

where random is Matlab function. a and b are defined as the beginning and end point of x and y 

coordinates in horizontal plane (ground plane of our simulated room), c is a constant value in 

the vertical direction within the range of the activity space. This implies the human motion is 

assumed to be in the ground plane of our simulated room environment. k , which is the time 

sample provides the number of 3D (x, y, z) points of the trajectory. This represents the position 

of the human target in the activity space at different time while the filter is tracking it. For the 

purpose of the validation k  was set to 100. Figure 6.1 shows the graphical description of this 

motion type for the two targets case. 
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Figure 6.1 The Free walk Motion 

  

6.2.1  The Wasserstein Error Estimation 

Vo [10] advocates the use of the Wasserstein distance, WD, over the normal Euclidean distance 

or other type of conventional error estimation strategy, which uses the root-mean square error. 

Quantitatively, the standard root-mean-squared error used in single target problems is not 

appropriate since this requires correct data to measurement association. WD is more 

appropriate for multi-target tracking error computation because of the finite set representation 

used in its computation. Wasserstein distance calculates multi target miss distance as a 

distance between two finite sets representing the actual target state and the filter estimate. 

Given the multi target ground truth, �� � � H�
� � � � � � � �����I and its estimate, 

J � HJ
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K&�J��� � LMN� O�( ( ��*� P�Q��* " �P�Q�����
P.
 ������������

*.
 ���������������������6� 
�� 
 

The minimum evolves over all the sets � of the matrix of transportation � � H��*� PI� and each 

matrix entity fulfils the condition 

 

��*� P� R �4� STB�U ��*� P � 
�������*.
                                                                  (6.2) 

 

and                                        

 

��*� P� R �4�� U ��*� P � 
�������P.
                                     (6.3) 

 

 

6.3 Validation Results. 

Based on the scenario described in former chapter our filter model was validated by evaluating 

the number of points estimated against the total 3D points representing the ground truth while 

the Wasserstein distance was used to compute the accuracy in position estimates of the filter 

as against the actual positions. For the sake of brevity and clarity, the filter tracking diagrams up 

to four targets is presented in Figure 6.2 - 6.5.  

 

 

 



24 
 

 

Figure 6.2: GM PHD filter tracking for one target 

 

 

Figure 6.3: GM PHD filter tracking for two targets 

0 10 20 30 40 50 60 70 80 90 100
0

500

1000

x-
m
ot
io
n 
[p
ix
el
]

time [n]

Target Motion Path and the PHD Filter Tracking Marked with x

0 10 20 30 40 50 60 70 80 90 100
0

500

1000

y-
m
ot
io
n 
[p
ix
el
]

time [n]

0 10 20 30 40 50 60 70 80 90 100
0

500

1000

x-
m
ot
io
n 
[p
ix
el
]

time [n]

Target Motion Path and the PHD Filter Tracking Marked with x

0 10 20 30 40 50 60 70 80 90 100
0

500

1000

y-
m
ot
io
n 
[p
ix
el
]

time [n]



25 
 

 

Figure 6.4: GM PHD filter tracking for three targets 

 

 

Figure 6.5: GM PHD filter tracking for four targets 
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The result obtained is tabulated in table 6.2 below. 

 

Table II: GM-PHD filter tracking validation result. 

No of 

Targets 

Ground 

Truth  

points 

Estimated  

points 

Number 

of Failure 

Mean 

Wasserstein 

Error- 

 X axis(pixels) 

Mean 

Wasserstein  

Error- 

 Y axis(pixels) 

Absolute 

Mean 

Wasserstein 

Error 

(pixels) 

Variance  

1 100 99  1 0.34 2.04 1.59 0.53 

2 200 197  1.5 1.78 4.17 1.89 0.23 

3 300 298  0.7 2.91 2.41 2.28 0.16 

4 400 386  3.5 3.99 3.33 2.72 0.60 

 

From the Table II it can be deduced that the proposed model, tracks well with the free walk 

motion used. Observing the number of estimated points even when the target number is more 

than one, we can see that the GM-PHD filter estimate is very near to the total number of 3D 

points that exists in the ground truth of the motion trajectory. From the results presented in 

Table II for one to three targets the number of estimated points per target compared with the 

number of points in the ground truth differs by just a single point or less than two. Although the 

number of points estimated from four targets upwards differs from the ground truth by more 

than 1 point, the obtained values gives us a correct estimate of the total number of targets in 

the activity space.  The error figures also show that the position of the targets was closely 

estimated compared to the ground truth. It should be noted that as number of targets 

increases the error of estimation increases, nevertheless it can be said that the filter estimates 

follow the ground truth well. This assertion is attested to by the diagrammatic representation 

of the filter tracking result shown in figure 6.2 - 6.5.  

 

The ground truth is represented by solid line and the filter estimate is the cross markings. 

Observe that the track pattern since the spontaneous target birth to the time when the target 
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leaves the surveillance region follows the movement pattern very well. This is an indication of 

the tracking fidelity of the GM-PHD filter. 

The deviation observed when the number of targets increase can be partly attributed to the 

fact that our motion type is randomly generated and there are times when the tracks cross 

each other. When this happen, the camera view of the targets becomes impaired and the 

observation data fed into the GM-PHD filter is affected. This was investigated by running the 

simulation many times for 4 targets and it was observed that the more the targets cross each 

other’s path, the less the total number of 3D estimates and the higher the Wasserstein distance 

error. This phenomenon is called occlusion. Occlusion problems and how they affect tracking 

has been simulated as shown in Figure 6.6 (simulation 1) to Figure 6.6 (simulation 10). Table 6.3 

shows the different point estimates and mean error values for four targets when some of the 

targets cross one another. 
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                                      (simulation 1)                                                                             (simulation 2) 

 

 

 

 

(simulation 3)                                                           (simulation 4) 

 

0

2

4

6

8 0

2

4

6

8
0

1

2

3

Ym
XXXX

YYYY

Target Surveillance Region

Xm

ZcYcXcZcYcXcZcYcXcZcYcXcZZZZ

Z
m

0

2

4

6

8 0

2

4

6

8
0

1

2

3

Ym
XXXX

YYYY

Target Surveillance Region

Xm

ZcYcXcZcYcXcZcYcXcZcYcXcZZZZ

Z
m

0

2

4

6

8 0

2

4

6

8
0

1

2

3

Ym
XXXX

YYYY

Target Surveillance Region

Xm

ZcYcXcZcYcXcZcYcXcZcYcXcZZZZ

Z
m

0

2

4

6

8 0

2

4

6

8
0

1

2

3

Ym
XXXX

YYYY

Target Surveillance Region

Xm

ZcYcXcZcYcXcZcYcXcZcYcXcZZZZ

Z
m



29 
 

 

 

                                      (simulation 5)                                                                  (simulation 6) 

 

 

                                     (simulation 7)                                                                   (simulation 8) 

 

 

                                        (simulation 9)                                                                 (simulation 10) 

Figure 6.6: Diagrams of 4 targets with some targets crossing each other, signifying occlusion. 
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Table III: Table showing the different point estimate and mean error values for 4 targets  

when some target crosses each other 

Figures Number of Estimated  

points from a total of 

400  

Number of Failures Absolute Mean 

Wasserstein 

Error(pixels) 

Simulation 1 346 18.9 7.16 

Simulation 2 343 22.4 9.82 

Simulation 3 390 3.8 2.76 

Simulation 4 359 14.7 5.62 

Simulation 5 361 19.3 5.62 

Simulation 6 371 10.3 3.71 

Simulation 7 375 21.4 3.83 

Simulation 8 309 27.4 10.11 

Simulation 9 336 26.7 7.52 

Simulation 10 360 19.1 2.53 

 

As can be seen from simulation 3 in figure 6.6, the trajectories of the targets are more 

distinct than the others and thus have the best tracking values. Simulations 5, 6 and 7 also have 

fairly distinct trajectories. The tracking estimates for these in the table are also better than the 

rest. Simulation 8 with the targets trajectories crossing each other so much that one of the 

targets is almost invisible has the lowest number of point estimates and the largest position 

estimation error. This lends credence to the fact that the degradation in the tracking pattern of 

our filter model is partly attributed to the effect of targets occluding each other. 

 



31 
 

 

7. Performance Evaluation 

To evaluate the performance of the GM-PHD filter, we adopted a circular human motion 

type. This test motion is a novel proposition for the evaluation of the performance of the GM-

PHD multi-target tracker. Before discussing the performance of the PHD filter we need to shed 

more light on the dynamics of the circular motion and the parameters used in evaluating the 

performance. 

 

7.1 Motion dynamic model 

Assuming that a target moves in a horizontal plane; such as ground, then the coordinate 

variable in vertical direction can be assumed to be a constant. The point Tk-1 = (Tx(k-1), Ty(k-1)) at 

time k-1 represents the target position in the plane. This point is assumed to have moved to a 

new position Tk at time k. Fig. 1 shows a target motion illustration and can be described as: 

11 aTT −−− ∆+= k1kkk kv  (7.1) 

where vk-1ak-1 denotes the velocity in time k-1. The vk-1 is the speed (absolute amplitude of 

velocity), and ak-1 is the direction vector of velocity in horizontal plane, (||a||‖ = 1). The target 

motion velocity direction can be presented as the vector, αk-1 = (cos(θk-1), sin(θk-1)). The angle 

θk-1 is the angle between the motion direction and X-axis at time k-1. The sample interval, Δk, is 

the observation sampling time when the target moves from position k-1 to k. 

The motion angular shift, Δθk can be presented as: 

1−−=∆ kkk θθθ  (7.2) 

The tracking performances versus target motion speed, v, and angular velocity, ω = Δθk/Δk, 

were studied. 
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                 Figure 7.1 Target motion dynamics illustration 

 

 

7.2 Human circular motion model 

In a bid to easily measure the dynamic tracking ability of the filter for non-linear target 

motion, a circular human motion is applied. This type of motion trajectory was used to evaluate 

the GM-PHD filter performance as it enables us to easily control the different quantities of 

motion, such as number of targets, targets’ velocity and motion direction, for the purpose of 

comparison [18].  

The target initial position T0 in 2D plane can be described by the function: 

( ))sin(),cos( 00 αα⋅+= rCT0  (7.3) 

where C = (cx, cy) is a circle centre and r is the radius of the circle, the initial angle α0 is an angle 

between the line from the circuit center to target position. Then, the target motion state xk can 

be approximated by: 

( ))sin(),cos( 111 −−− ⋅∆+= kkkk kr θθωTT  (7.4) 

where the angular velocity, ω = 2π/(K·Δk), and K is the measurement sampling rate (samples 

per rotation). The motion direction alteration, Δθk = ωΔk. The motion speed is ωr. 
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7.2.1     Performance Analysis 
 

(a) Performance versus target motion 

The circular motion with three different radiuses was used. The measurement sampling rate, k, 

varies from 80 samples/circle to 120 samples/circle. The motion direction alteration, 

∆θ = 360 ⁰/K, ∆k is sampling time interval. The target motion distance, s, in the sampling time 

interval, Δk, was a constant value and could be described as s = 2πr/K. 

Figure 7.2 shows that the mean Wasserstein error varies with the radius r and sampling rate 

K. The blue, green and red curves represent the circular motions with three different radiuses, 

0.64m, 0.48m and 0.32m. The mean Wasserstein error increases when the radius increases, and 

nearly exponentially decreases versus the sampling rate K. In general the larger motion distance 

per time interval and bigger motion direction alternation, the mean error becomes big. The 

errors are less than 1 pixel, when the sampling rate is greater than 70, 100, 130 for radius with 

0.32m, 0.48m and 0.64m respectively.  

 

Figure 7.2 Mean error vs. measurement sampling rate K and circular radius r 

 

 

 

 

 

 

 



34 
 

(b) Performance versus number of targets 

The performance versus the target number was studied by the comparing the tracking 

performances for one target and two targets respectively. The circular motion radius is 0.48m. 

Figure 7.3 shows how the mean Wasserstein errors varies with sampling rate, K, for one target 

tracking by green curve, also the variation of the mean Wasserstein error versus the sampling 

rate for two targets is shown by the red curve, the variation is shown in blue curve for three 

targets, for four targets in yellow curve while the variation of the mean Wasserstein error 

versus the sampling rate for five targets is shown with the black curve. Observe that there is 

dearth of large differences in the mean Wasserstein errors even when the number of targets 

increases. It is worthy to note that in all these cases, increments in the numbers of targets do 

not necessarily culminate into larger mean tracking errors. 
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Figure 7.3 Mean error vs. target number for 1 target (in green), for two targets (in red), 

for three targets (in blue), for four targets (in yellow) and for five targets (in black). 
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The dynamic ability of GM-PHD filter tracking was evaluated by the proposed motion dynamic 

model. The motion dynamic was described by motion speed and direction alteration. Then, the 

human circular motion model was suggested and it enabled us to easily control the motion 

speed and direction alternation. The mean errors in the tracking showed that the GM-PHD filter 

tracking performance is limited by the target motion speed and angle alternation. The errors 

increase when the target moves faster and changes directions larger. It slightly affects by the 

target tracking number. 

From the proceedings of the implementation of the filter, the circular curvature of the motion 

signal reveals that the filter is able to cope well with changing speed of the target. It also 

performs well when the direction of target motion changes with time. This shows that the filter 

is able to perform well with changing target dynamics. Speed and angular perturbations does 

not cause a significant shift in the tracking fidelity of the filter. Apart from being able to easily 

locate a moving target in the surveillance region, the filter does not lose its track easily once the 

target is located inasmuch as the target still exists in the surveillance region. 

 

 

 

 

 
                                                          

 

 

 

 

 

 

 

 

 



37 
 

8. CONCLUSION AND FUTURE WORK 

 

In Chapter 1, a chronicle of the areas of applicability of the GM-PHD filter was enumerated. The 

filter is rendered as being applicable to a lot of real life situations of which motion tracking is an 

integral part of most of these problems. The filter implementation to several cases of human 

motion as shown in this thesis makes the filter a suitable candidate for the IVAS and other 

similar autonomous distributed vision and information processing system. 

 

The results further indicates that autonomous physical services capable of human centred 

computation can be implemented in a well defined intelligence space with the ability to  

provide needed services for humans in the intelligent space. Speed and angular alteration of 

the human target do not make the filter to easily lose its tracks. Also, the GM-PHD filter can 

track multiple targets very well in the activity space.  Such systems as exemplified in this thesis 

can capture events in this space and utilize the information thus captured to actuate robots, 

computers and other appliances to render valuable service for the human target. 
 

A very good dimension in future endeavours will be to examine the usage of multiple cameras 

in solving occlusion problems in motion tracking. 
 

Also, a new frontier in the usage of the PHD filter can be achieved if an extra dimension of 

intelligence is added to the filter. The observation part could be made to recognise and identify 

a particular target among a multiplicity of other targets and track the same. This will usher in a 

new era where the filter will be applicable to areas in need of extra indices of intelligence such 

as in criminal identification and tracking. 
 

Several works had shown that multiple cameras may be used for the GM-PHD filter 

implementation. An appendage of this area worthy of exploration is to examine if the 

Wasserstein errors can be reduced for the same number of targets when multiple cameras 

were used. This will provide an extra measure of tracking accuracy. 
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