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Abstract— The particle filter (PF) has been presented for tracking multiple people in a visual surveillance application. The 

particle filter has proven to be an efficient, simple and robust tracking algorithm to detect and track colour objects in video. 

Detection is based on automated background modelling rather than a manually generated object colour model. In this research 

a methodical comparison between the new PF tracking method and one other multi-object trackers is presented on the PETS 

2004 benchmark data set.  

Reliable visual tracking is indispensable in many emerging vision applications such as automatic video surveillance, human 

computer interfaces and robotics. The PF tracker gives significantly fewer false alarms owing to explicit modelling of object 

birth and death processes, while maintaining a good detection rate. 
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I. INTRODUCTION 

Tracking moving objects in video sequences is a central concern in computer vision. Visual surveillance applications require 

real-time detection and tracking of objects such as people and vehicles from video streams. Reliable visual tracking is 

indispensable in many emerging vision applications such as automatic video surveillance, human computer interfaces and 

robotics. Tracking an object involves estimation of the objects state (e.g. position, size) over time from observations or 

detections. This is not as simple as establishing correspondences between detections at adjacent time steps. A detection might 

be temporarily missing, distorted by noise or a false detection that does not correspond to the object being tracked (i.e. clutter). 

Traditionally, the tracking problem is formulated as sequential recursive estimation [1]: having an estimate of the probability 

distribution of the target in the previous frame, the problem is to estimate the target distribution in the new frame using all 

available prior knowledge and the new information brought by the new frame. The state space formalism, where the current 

tracked object properties are described in an unknown state vector updated by noisy measurements, is very well adapted to 

model the tracking. Unfortunately the sequential estimation has an analytic solution under very restrictive hypotheses. The 

classic method for tracking a single object is the Kalman filter [2,3]. 

Tracking of multiple objects is further complicated by the ambiguities involved with matching tracked object states to 

detections. There are several issues that must be explicitly addressed: Object birth, Object death, Missing detection, Clutter, 

Ambiguities. A popular tool for dealing with these issues is the particle filter (PF) [1], The particle filter (PF), a numerical 

method that allows to and an approximate solution to the sequential estimation [4], has been successfully used in many target 

tracking problems [1] and visual tracking problems [5]. A specific formulation of the PF for visual tracking is the PF for Joint 

Detection and Tracking (PFJDT) [5]. In the PFJDT algorithm, each particle represents the number of objects in the scene and 

their bounding boxes. Since the number of objects is tracked, the birth and death processes of objects can be modeled explicitly. 

The PFJDT algorithm [6] has some limitations that prohibit its use for tracking in visual surveillance. 

1) As the name implies, the PF filters detections rather than tracking them over time, hence the PFJDT is effectively a 

time varying estimator (estimates the number of objects and their states), not a tracker. Nevertheless, the filtering 

should provide a state density estimate that makes tracking a relatively easy matter of labeling corresponding states 

over time. 

2) It relies on an object appearance (color) model that must be constructed beforehand, for example by manually 

segmenting targets in a training sequence. 

The algorithm presented in this paper makes use of the PFJDT framework of [6], but introduces new modifications to 

enable tracking of people in surveillance video. 

The measurement update step uses foreground detections from a statistical background model, rather than a foreground 

color model. 

The algorithm is then compared with two other tracking methods on the standard PETS 2004 surveillance data set, which 

has ground truth data for the tracked people. The data consist of over 26,000 frames and allows a rigorous quantitative 

comparison to be made.  

The paper proceeds as follows. Section 2 surveys the approaches to object tracking in video and presents the fundamentals 

of particle filtering. Section 3 describes the components of the proposed visual surveillance system: background modelling, 
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particle filtering and object labelling. In Section 4 the proposed particle filtering method is compared with two other tracking 

methods. The conclusion and suggestions for future work are presented in Section 5.  

II. BACKGROUND 

Multiple target tracking has its origins in radar/sonar applications and has been under intensive research for more than 50 years 

[16]. However, the majority of these conventional techniques developed in the radar/sonar context assume that the targets are 

very small, typically one or a few resolution cells (or pixels) in size. We refer to this class of algorithms as point-target tracking 

algorithms. In video surveillance, however, the objects are much bigger, typically consisting of hundreds or thousands of pixels. 

This type of object is commonly referred to as an extended object in the tracking literature. Point-target tracking techniques, 

such as Kalman filters, JPDA [17], multi-dimensional assignment [18], and the PHD filter [20] can then be applied in this 

context. A very different approach to tracking moving regions or blobs of pixels is proposed using colour as a feature. 

Comaniciu et al. [21] proposed to use a weighted histogram computed from a circular region to represent an object. The 

similarity between colour histograms was measured by the Bhattacharya coefficient. Tracking was carried out using a gradient 

ascent with an adaptive step. This was a very popular algorithm with several improvements on the basic mean-shift reported in 

[22]. For tracking coloured objects, a few versions of the PF have been proposed: Nummiaro et al. proposed a PF for tracking 

a single coloured object, with manual initialization[23]. Multi-object versions of colour-based PFs with automatic object 

initialisation/deletion were proposed in and also in the PFJDT framework of [6]. The main limitation of both of these methods 

is that for all objects to be detected and tracked, a manually generated object colour model had to be available. 

III. INITIAL BACKGROUND MODEL 

The main goal is to obtain the background model even if there are moving foreground objects in the field of view, such as 

walking people, moving cars, etc. It uses a two stage method based on excluding moving pixels from background model 

computation.  

1) In the first stage, a pixelwise median filter over time is applied to several seconds of video (typically 20-40 seconds) 

to distinguish moving pixels from stationary pixels.  

2) In the second stage, only those stationary pixels are processed to construct the initial background model. 

Let V be an array containing N consecutive images,  
i

V x is the intensity of a pixel location x in the 
th

i image of 

V .  x and  x are the standard deviation and median value of intensities at pixel location x in all images in V . Here, 
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V x  is classified as stationary pixels. The initial background model for pixel location x ,      , ,m x n x d x  
 is 

obtained as follows: 

    

    

      

     

1

m in

m ax

m ax | |

| | 2 *

z

z

z

z

z z

z

z

m x V x

n x V x

d x V x V x

w here

V x x x 







 

 
………..(1) 

IV. FOREGROUND REGION DETECT 

Foreground objects are segmented from the background in each frame of the video sequence by a four stage process: 

Thresholding, Noise cleaning, Morphological filtering, and Object detection. 

Each pixel is first classified as either background or foreground pixel using the background model. Giving the 

minimum   m x , maximum  n x , and median of the largest inter frame absolute differenced  d x  images over entire 

image that represent  background scene model, pixel x  from image 
t

I  is a foreground pixel if: 
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We ran a series of experiments to determine the best threshold constant k using different background scenes while the 

background intensity variation is at different levels. Our experiments show that k=2 gives the highest true positive rates with 

the lowest false positives rates; we consistently used k=2 in our system. 
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Thresholding alone, however, is not sufficient to obtain clear foreground regions; it results in a significant level of 

noise. We use region-based noise cleaning and morphological filtering to eliminate noise regions.  

As the final step of foreground region detection, that is object detection a binary connected component analysis is 

applied to the foreground pixels to assign a unique label to each foreground object. 

 
Fig. 1: Example of background modelling and foreground detection results a Input image b Detected Foreground Objects 

V. PF TRACKING SYSTEM 

The multi-target PF follows the PFJDT methodology described in [6] and [12]. The aim is to perform simultaneous detection 

and tracking of objects without any image features, in a video sequence  1 2
, ,...,

k k
Z z z z where 

j
z , is the image frame at 

discrete-time (sequence) index 1, 2, ...,j k . This task is to be performed in a sequential manner, that is as the image frames 

become available over time. 

In the state–space formalism, the state of the target is described by a state vector 
k

x containing parameters such as 

target position, velocity, angle, or size. In multi-target PF, the state vector consists of a discrete random variable 
k

R  and single 

object state vectors 
,i k

x , 0,1, ...,
k

i R . Here  max
,1, ...,

k
R S represents the number of targets in the scene at time k , (

max
S Is a parameter, denoting the anticipated maximum). This random variable is assumed to be a Markov chain with a known 

transitional density matrix 
ij

  
 

. Compound multi-target state vector is given by 
k

y The pseudo-code for a single 

iteration of the algorithm is given in Fig. [2]. 
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Fig. 2: Pseudo-Code 

The multi-object approach makes a specific choice of particle representation  , transition density   and observation 

density  . The nth particle   contains an estimate of the number of objects in the scene   and each of their locations andsizes. 
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Where, N is the number of particles, and each 
, , , , ,

, , ,
n n n

i k i k i k i k i k
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 represents a bounding box centred at the ith 

object  1,...,
n

k
i R

 
The transition density is sampled in three steps. 

1) The new object count is drawn from a transition probability matrix  1 ,
|

k k j m
P R m R j 


   . The 

implementation of this step is described by Table 3.9 in [1]. The transition probability matrix P is constructed under 

the assumption that the number of objects can change by at most one for each time step, with a configurable probability. 

2) This step involves updating the object positions according to the new object count. If the count decreased, one of the 

, 1

n

i k
x


 is chosen stochastically and deleted. If the count increased, then a new object position 

,
n

k

n

R k
x is created by 

sampling object birth pdf.  

3) The third step is the application of the dynamical model to the remaining object states. In this paper no dynamical 

model is used, process noise is simply added to each object location estimate 
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The observation density is used to validate each particle against the current observation 
k

z  by computing the particle weighting 

as 
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Where  n n

k k
L R  is the particle likelihood ratio, and  is a complexity penalty factor, typically 0.5  . Model 

complexity is an issue owing the fact that different particles hypothesis different numbers of objects. The mathematical 

formulation of the PF does not take into account  n

k
p y , the prior probability of particles according to their complexity n

k
R . 

This could lead to over-fitting with the filter hypothesising too many objects. In (3) we can see that a weight of 1 has arbitrarily 

been chosen for zero objects. The likelihood ratio must then scale relative to 1, which is the motivation for using an exponent 

for the complexity penalty. The likelihood ratio is computed as 
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Where 
b

C is a tuning parameter to balance the contribution of object likelihoods relative to 1 for 0
k

R  , 
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where the weighting is higher towards the centre of the hypothesised bounding box 
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The centre-weighted summation encourages particles to centre their boxes over the objects being tracked. 

A fundamental question for extended object tracking is how the system segments or delineates objects. In this case, 

however, the criterion is simply look for rectangles containing as many foreground detection pixels as possible. Consequently 

the filter can at times over segment and hypothesise two or more bounding boxes to cover the interior of a single object, where 

the bounding boxes are more full. The role of resampling (line 8 in Fig. 2) is to eliminate the particles with low importance 

weights and to clone the particles with high importance weights. 

At the end of an iteration the output of the PF is computed as a multi-object state that summarises the particles. The 

estimated number of objects ˆ
k

m is the most frequent value of 
n

k
R among the particles. Then for each of the ˆ

k
m objects an 

average state vector is computed over those particles with ˆ
n

k k
R m . 
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where  ,i j  is 1 if , 0i j  otherwise. 

VI. EXPERIMENTAL EVALUATION 

To evaluate the usefulness of the PFJDT algorithm for visual surveillance tracking, the algorithm was compared with other 

multi-object tracking algorithms on a standard data set with ground truth data:  

A. Condensation 

uses the conditional density propagation [14] single-object PF from the OpenCV library [15] in a multi-object context. 

Heuristics are used to spawn new trackers or terminate unmatched ones based on association with foreground mask connected 

components. 

1) Pets 2004 Data And Ground Truth Evaluation 

The both tracking methods were evaluated using the CAVIAR (Context Aware Vision using Image-based Active Recognition) 

data set from VS-PETS 2004 [22]. The data set contains 14 MPEG sequences of resolution 384 × 288 pixels that have associated 

ground truth data files. The ground truth describes bounding boxes of detections, track identifiers and high-level behaviour 

descriptors. 

2) Results 

The results for the both tracking algorithms on the PETS 2004 data set are shown in Table 1. From table we see that the PFJDT 

achieved quite a low false alarm rate over all the ground truth detection boxes. This success is attributable to the explicit 

modelling of object birth and death: the creation and deletion of tracks is robust and not as subject to momentary clutter or 

detection drop-out. In comparison the Condensation method had a particularly high false alarm rate because of the inadequacy 

of object birth and death heuristics and the coalescence problem which was not addressed. 

 Condensation PF 

False alarm rate 0.50 0.12 

Fraction of ground truth tracks matched 0.99 0.87 

Fraction of false alarm tracks 2.73 0.55 

Number of frames in false alarm tracks 9491 647 

Table 1. Track matching results 

The reader might consider a 50% detection rate to be quite low, however the absolute accuracy is not critical for the following 

reasons: 

a) By manual inspection the ground truth data was found to be imperfect, for example in some cases the centroid is not located 

on the target. 

b) Some of the people labelled in the ground truth data are barely visible even to the naked eye and hardly move throughout 

the sequence. No method based on object movement such as this one would detect these objects. 

c) Both tracking methods used the same background model output, and so are limited by the quality of the foreground 

segmentation from the background model which is itself imperfect. 

Table 1 also displays the empirical results on a per-track basis rather than a per-detection basis. The fraction of ground 

truth tracks that had a matching track from the algorithm was slightly lower for the PFJDT, but the number of false alarm tracks 

that had no match in the ground truth was considerably lower. When the Condensation tracker created a false alarm track, it 

lingered for many more frames than those from the PFJDT (‘Number of frames in false alarm tracks’). Again, this indicates a 

robust estimation of the number of objects in the scene compared with the other methods. 
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Fig. [3] shows the example frame of one video sequence from dataset that is original image then next is background 

modelling and foreground detection result and detected PF object state. 

 
Fig. 3:  Example of PFJDT tracker 

VII. CONCLUSIONS 

PF has been presented for tracking multiple people in a visual surveillance application. The method is based on a previous 

formulation of the PF, the PFJDT, in which the number of objects is estimated. However a number of modifications have been 

developed to make it amenable to tracking of arbitrary objects. The algorithm was then compared empirically on a benchmark 

PETS data set with other tracking algorithm that is Condensation algorithm. The PF tracker gives significantly fewer false 

alarms owing to explicit modelling of the object birth and death processes, while maintaining a good detection rate than 

Condensation algorithm. 

This work has shown the strength of the PFJDT state representation in robustly estimating the number of objects in 

the scene. The most notable disadvantage of the PFJDT is the combinatorial complexity of the state space which would prohibit 

tracking of large numbers of objects. A number of avenues could be explored to further improve this method. Addition of 

object-specific features such as colour, shape and texture would help in disambiguating objects that are near one another. These 

appearance models would have to be learned automatically as objects appear, which presents a challenging bootstrapping 

problem. The PFJDT does not explicitly handle occlusion, which was not a significant problem in the PETS 2004 data set 

owing the high vantage point of the camera. 
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