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Abstract 

We apply a multi-target recursive Bayes filter, the 
Probability Hypothesis Density (PHD) filter, to a 
visual tracking problem: tracking a variable number of 
human groups in video. First, we use background 
subtraction to detect human groups which appear as  
foreground blobs. The PHD filter is implemented using 
sequential Monte Carlo methods; and the centroids of 
the foreground blobs are used as the measurements to 
update the PHD filter. Our experimental results show 
that when human groups appear, merge, split, and 
disappear in the field of view of a camera, our method 
can track them correctly.  
 
1. Introduction 

Tracking multiple targets remains a challenge [17]. 
Tracking problems are usually modeled as a dynamic 
system [1] whose order is fixed when there is the fixed 
number of targets. However, the problem becomes 
challenging when the number of targets is unknown 
and variable. The following works are some attempts 
to meet this challenge. Miller et al. generated the 
conditional mean estimates of an unknown number of 
targets and target types via jump-diffusion process [13]. 
Musicki et al. proposed integrated probabilistic data 
association (IPDA) [15] as a recursive formula for 
both data association and probability of target 
existence. Khan et al. used the trans-dimensional 
Markov chain Monte Carlo method to track a variable 
number of interacting targets [10]. Mori and Chong 
gave a point process formalism for multi-target 
tracking problems [14].  

The finite set statistics (FISST) proposed by Mahler 
is the first systematic treatment of multi-sensor multi-
target tracking. It contributes to a unified framework of 
data fusion [6, 11, 12]. The problem of FISST is its 
combinational complexity when dealing with multiple 
sensors and multiple targets. To reduce the complexity, 
Mahler devised the Probability Hypothesis Density 
filter as an approximation of multi-target filter [12]. 
The PHD filter was implemented using particle filters 

by Sidenbladh [19] and Vo et al. [21]. The particle 
filter or the sequential Monte Carlo method is a Monte 
Carlo simulation based recursive Bayes filter and can 
be applied to solve nonlinear and non-Gaussian 
problems [5, 7]. Sidenbladh used the observation of 
human observers rather than automatic sensors as their 
measurements [19] while Vo et al. demonstrated their 
algorithm by simulations [21]. Tobias and Lanterman 
[18] applied PHD for radar application while Clark and 
Bell [3] used PHD in tracking in sonar images. There 
is no prior work involving the use of PHD for tracking 
human groups using a camera automatically. 

There are some works on tracking multiple targets 
using particle filters. These works can mainly be 
divided into two categories: 1) one particle filter with 
the joint state space for multiple targets [8, 9, 10]; 2) 
one mixture particle filter, where each component 
(mode or cluster) is modeled with one individual 
particle filter that forms part of the mixture [20, 16, 2]. 
The PHD filter is similar with the second approach but 
the PHD filter has an important property that the 
integral of the PHD over a region in a state space is the 
expected number of targets within this region, which 
differs from the other multi-target particle filters.          

In this article, we combine the object detection with 
the PHD filter to automatically track an unknown 
number of human groups in video without human 
intervention. When human groups appear, merge, split, 
and disappear in the field of view of a camera, our 
method can track the number and positions of human 
groups correctly.  

 
2. Finite set statistics and the PHD filter 

Mahler proposed random set theory as a theoretical 
framework for multi-sensor multi-target data fusion. 
Under this theory, the state of a target (e.g., position 
and velocity) is represented by a state vector x ; a state 
set of multiple targets at time t is represented as a 
random finite set (RFS) },,{ )(1 tNt xxX …= and N(t) is 
the variable target number at time t. A measurement of 
a sensor is represented by a measurement vector y . 



The measurement set at time t is also represented as a 
random finite set },,{ )(1 tMt yyY …=  and M(t) is the 

variable measurement number at time t. tY is used to 
denote the time sequence tYY ,,1 … , i.e., the 
measurement sets accumulated from time 1 to time t.  

The 1st moment, or probability hypothesis density, 
of a random finite set is the analogue of the expectation 
of a random vector [12]. The integral of the PHD over 
a region in a state space is the expected number of 
targets within this region. Consequently, the peaks of 
PHD are points the highest local concentration of 
expected number of targets and can be used to generate 
estimates for the states of targets.  

Let )|( t
t YxD  denote the probability hypothesis 

density associated with the multi-target posterior 
)|( t

t YXp  at time t. The PHD filter consists of two 
steps: prediction and update. The PHD prediction 
equation is: 
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where )( 1+txb  denotes the intensity function of the 
spontaneous birth RFS, )|( 1 tt xxb +  denotes the 
intensity function of the RFS of targets spawned from 
the previous state tx , )( tS xp  is the probability that the 
target still exits at time t+1 given it has previous state 

tx , and )|( 1 tt xxp +  is the transition probability density 
of individual targets. The PHD update equation is: 
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where )( 1+tD xp  is the probability of detection, 
)|( 1+txyp  is the likelihood of individual target, λ  is 

the average number of clutter points per scan,  )(yc  is 
the probability distribution of each clutter point, and 

111 )|()(][ +++∫= t
t

tt dxYxDxhhD .  
 

3. Detecting the foreground human groups 
in video 

We detect human groups in video using the 
adaptive background subtraction method [4] because 
the camera is fixed and the background image is easily 
obtained. Let ( )baPt ,  and ( )baBt ,  represent pixel 
intensity and the background intensity at position (a, b) 
at time t, respectively. Pixel (a, b) belongs to the 
foreground region if: 

( ) ( ) ThresholdbaBbaP tt >− |,,|  (3) 

A pixel-based update method periodically updates the 
background model. When the pixel (a, b) belongs to 
the background region, its background value is updated 
as follows:   

( ) ( )baPbaBbaB ttt ,,)1(),(1 γγ +−=+  (4) 

where γ  is the learning rate for the background model. 
When the pixel (a, b) belongs to the foreground region, 
its background value is not updated. The foreground 
image obtained using background subtraction is 
usually noisy and morphological operations are 
performed to remove noise. Erosion and dilation are 
applied to the binary foreground images. The resulting 
foreground objects are our detected objects. 
 
4. Tracking a variable number of human 
groups using a particle filter based PHD 
filter 

In this work, the state of each target tx  at time t is 
its position in frame t. We assume that the motion  
 model of each target is a constant velocity model, i.e., 

tttt uvxx ++=+1   (5) 

where tv  is the target’s velocity and can be 

approximated by 1−−= ttt xxv , and tu is a zero-mean 
Gaussian white process noise. This model is used as 
our proposal density of the particle filter for the 
existing targets. For the spontaneous birth targets, the 
proposal density is a uniform distribution on the whole 
image region, i.e., 

],1[],1[~)( 1 heightUwidthUxb t ×+  (6) 
where width and height are the size of the image and 
U[c, d] is a uniform distribution function on the 
interval [c, d]. For each target, we use the centroid of 
its foreground blob as our measurement y  to update 
the PHD filter. The likelihood function is: 
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where M is the covariance matrix of the measurement 
noise. The PHD filter is implemented using the particle 
filter proposed by Vo et al. [21]. Let tL  denote the 
particle number at time t, 

tJ  denote the new particle 
number for the spontaneous birth targets at time t, and 
w denote a particle’s weight. The basic algorithm is 
summarized as follows:   

At time 0≥t , let tL
i

i
t

i
t wx 1

)()( },{ =  denote a particle 
approximation of the PHD. 
1. Detection  



Detecting the foreground objects using background 
subtraction described in Section 3. The centriods of 
all foreground blobs are the measurement set 1+tY  
at time t+1. 
2. Prediction  
For i = 1, … , 

tL , generate a sample )(
1

~ i
tx +  according 

to (5) and compute the predicted weights  
)()(

1ˆ i
t

i
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For i = 
tL +1, … , 

tL + 1+tJ , sample )(
1

~ i
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to (6) and compute the predicted weights  
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3. Update  
For each 1+∈ tYy , use the likelihood (7) and 
compute  
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For i = 1, … , tL + 1+tJ , update weights  
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4. Resampling  
Compute the target number at time t+1  
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5. Experimental results 

We tested our method using the dataset of the EC 
Funded CAVIAR project [22]. Video 
“OneStopMoveEnter1front” has 1589 frames. There 
were two human groups appearing, merging, splitting, 

or disappearing in the field of view of the camera. The 
detection results using background subtraction are 
shown in Fig. 1.  

 

  
frame 870  frame 980 

  
frame 1010  frame 1110 
Figure 1. Our detection results 

 

(a)  two groups appear (frame 870) 

 
(b) two groups merge (frame 980) 

 
(c) two groups split (frame 1010) 

 
(d) one group disappears (frame 1110)     

Figure 2. The two human groups appear, merge, split, 
and disappear in the filed of view of the camera. The 
white circles are the centroids of human groups. 
 

Fig. 2 shows 4 video frames with white circles 
indicating the tracking results: the centroids of human 
groups. Because the PHD filter explicitly models the 
processes of birth, surviving, death of targets and false 



alarms of clutter, as shown by our experimental results, 
our algorithm is able to track the variable number of 
human groups. 

Figure 3 provides the tracking results for the first 
1000 frames of Video “OneStopMoveEnter1front”. 
The correct frame number is 744 for these 1000 frames. 
The errors mainly come from two factors: 1) the 
inaccuracy of measurements; 2) the importance 
sampling for birth targets (6) does not generate 
samples near the birth target’s position.   

 

 
Figure 3. The solid line is the ground truth number of 
human groups. The dashed line is the tracking result of 
the PHD filter.  
 
6. Conclusions 
In this paper, we apply the probability hypothesis 
density filter to a visual tracking problem. Foreground 
objects are detected using the background subtraction 
method, and a variable number of human groups are 
tracked using a particle filter based implementation of 
the PHD filter. The results demonstrate that our 
method can track a variable number of human groups 
in video.   
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