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Abstract Visual tracking is an important scientific problem; the 
human visual system is capable of tracking moving objects in a 
wide variety of situations. It is also of considerable practical 
importance; many actual and potential applications of visual 
tracking algorithms exist in domains such as surveillance, 
medicine, robotics and the media. Although many effective 
tracking algorithms exist, occlusion and camouflage remain a 
common problem. These can cause a tracker to become 
dissociated from its target, so that the data it produces is 
unrelated to the target’s behaviour. We focus on the detection of 
occlusion and camouflage during particle filter-based tracking. 
We use a Gaussian Mixture Model of particle distribution, 
extracted via the EM algorithm, to investigate the effects of 
occlusion and camouflage on the particle set representing a given 
target. The information gained from this investigation informs 
the design of process-behaviour chart which alerts the tracker of 
the occurrence of occlusion or camouflage. Data produced by the 
process-behaviour chart is also used to map out the boundary of 
the interfering object, providing valuable information about the 
viewed environment.   
 
 

I.    INTRODUCTION 
 
 Visual tracking is a motion estimation process used when 
the target’s velocity is too large to allow the use of derivatives. 
Features are extracted from neighbouring frames and matched 
between those frames to allow their motion to be recovered. 
Data is provided only at selected targets, but both the camera 
and/or target can be in motion. Visual tracking is an important 
scientific problem; the human visual system is capable of 
tracking moving objects in a wide variety of situations. It is 
also of considerable practical importance; many actual and 
potential applications of visual tracking algorithms exist in 
domains such as surveillance, medicine, robotics and the 
media. 
 Several powerful visual tracking techniques exist. Most are 
based upon model estimation concepts, such as Kalman filters 
or Sequential Monte Carlo methods, with particle filters 
receiving particular attention [1]. Though these have been 
shown to be successful in their own right, each has its 
strengths and weaknesses. For example, the Kalman filter is 
proven to converge, but is limited to linear motion and uni-
modal priors. Particle filters can represent multi-modal 
distributions. These multi-modal distributions allow multiple 
hypotheses to be maintained and are represented by sets of 

discrete particles that are often shown as spots of different 
colour or intensity overlaid on image data. 
 While many effective tracking algorithms have been based 
on the particle filter, common problems such as image and 
motion noise, occlusion and camouflage remain. Occlusion 
arises when another object, usually with different features, 
falls between the camera and the target. Camouflage occurs 
when an object with similar features lies behind the target and 
makes the target invisible from the camera’s point of view. 
Either of these events can cause the tracker to become 
dissociated from its target, so that the data it produces is 
unrelated to the target’s behaviour.  
 Previous tracking techniques have sought to avoid these 
problems by keeping the tracker more tightly focused on the 
target, so that camouflage is simply not noticed and the tracker 
is more likely to reacquire the target following (short periods 
of) occlusion. Multiple motion models have been used, as 
have more detailed texture and colour cues that better model 
target appearance. Alternatively, areas of the environment in 
which the target is more likely to appear might be identified. 
While they improve tracker performance, these implicit 
methods do not entirely remove the problems of occlusion and 
camouflage. We take an alternative approach, arguing that the 
solution lies not in avoiding, but in detecting and explicitly 
reacting to these disruptive events.  
 In what follows, we focus on detecting occlusion and 
camouflage in a particle-filter based tracker by investigating 
the particle distributions that arise as particle-filter-tracked 
targets become occluded and/or camouflaged. The Expectation 
Maximization (EM) algorithm [2] is employed to cluster 
particles at each time step, providing vital information about 
the behaviour of particles whenever a target experiences 
occlusion and/or camouflage. This information is assessed 
using a process-behaviour chart which alerts the tracker to the 
occurrence of occlusion or camouflage. The information 
produced by the process-behaviour chart can then be used to 
map out the boundary of the interfering object, providing 
valuable information about the viewed environment. The 
ability to detect occlusion and camouflage raises the 
possibility of the tracker reacting appropriately to each event, 
though consideration of this is beyond the scope of the current 
paper. Though the method could be applied to any particle 
filter algorithm, Condensation [1] is used throughout. 



 The remainder of the paper is structured as follows. Section 
II reviews related work on occlusion and camouflage 
handling, the EM algorithm and particle clustering. The 
implementation of the particle clustering approach is discussed 
in section III. Section IV presents the process-behaviour charts 
used to detect occlusion and camouflage. Section V discusses 
the mapping approach used to identify the boundaries of 
interfering objects, and presents results obtained from real and 
artificial image sequences. Possible alternatives and 
extensions to the current methods are discussed in section VI 
before conclusions are drawn in section VII.  
 

II.   RELATED WORK 
 

A.    Occlusion and Camouflage Handling 
The occurrence of occlusion and camouflage is inevitable in 

visual tracking, and a variety of approaches have been adopted 
in response. 

Some researchers [3] have tried to overcome occlusion by 
improving the representation used within their tracker or 
modifying the underlying search engine [4].  Others attempt to 
use depth or trajectory reasoning [5, 6] to overcome it, while 
[7] incorporates a binary visibility process into the observation 
model.  

Camouflage has received less attention in the vision 
literature. In a substantial review, the only literature found that 
explicitly discusses camouflage is [8], where they used a 
stochastic process to handle the occurrence of camouflage 
whenever a new observation cannot be associated with an 
existing track. Their method does not, however, seek to detect 
these events as is done here.  

Examination of the literature has shown only limited 
analysis of the changes taking place within a tracker during 
occlusion and camouflage: over the few frames it takes for the 
target to transition from normal visibility to full occlusion or 
camouflage. Closer examination of the measurement stage of a 
particle filter-based tracker provides useful information on the 
changes taking place within the particle set during occlusion 
and camouflage events. Measurement steps are often quite 
complex, powerful operations but can provide a lot of 
information about the target’s local environment. In addition, 
particle filters are particularly good at providing this 
information, as they sample from both the target and its 
surroundings.  

 
B.    Expectation Maximization and Particle Clustering 
 The Expectation Maximization (EM) algorithm is an 
iterative maximum likelihood estimation process, mainly used 
when the data of interest are incomplete. The EM algorithm is 
widely applicable and has been used in numerous fields 
including biology, artificial intelligence and computer vision. 
Examination of the literature shows the EM algorithm to have 
been applied to a diverse range of problems in computer 
vision. Problems such as classification [9], motion estimation 
[10], optimization [11], segmentation and clustering [12, 13] 
have all utilized the EM algorithm successfully.  

In visual tracking, the EM algorithm has been used to 
improve temporal appearance model parameters [14], motion 

and trajectory models [15, 16], and colour and spatial models 
[17, 18]. Meanwhile, in [19], the interpretation of scene 
content and camera positions was improved by using the EM 
algorithm. The work reported in [20] showed the EM 
algorithm to be capable of empirically estimating tracking 
errors.  

The method presented here uses the Expectation 
Maximization algorithm to cluster particles at each time step 
of a particle filter-based tracking (Condensation [1]) process. 
The resulting descriptions of the particle set contain valuable 
information about the behaviour of the particles during 
occlusion and camouflage events. This information informs 
the design of a process-behaviour chart which alerts the 
tracker in the event of occlusion and camouflage.  

Clustering of particles is not the norm in visual tracking, but 
has been done, as shown in [21] and [22]. In [22], the EM 
algorithm was used as a clustering tool to cluster together 
particles from one time frame. Cluster membership was then 
taken into account when particles were propagated into the 
next time frame.  

 
III.   MODELLING PARTICLE DISTRIBUTIONS 

 
Our approach differs from the work reported in [21] and 

[22] in a number of ways. Here, cluster membership is less 
important that the global properties (or parameters) of the 
clusters produced. Moreover, clusters are not propagated 
forward in time, but are recalculated at each time step. 
Particles do not stay within the same cluster throughout the 
tracking process, and clusters may vary dramatically in size. 
The number of clusters found is also expected to change as 
tracking proceeds 

In our approach, an iterative EM algorithm is used to build 
a Gaussian mixture model to describe the particle set present 
at every time frame. The clusters’ mean and deviation values 
are weighted using (1) and (2) respectively.  
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)|( xP iθ is the probability of the particle being in a particular 

cluster and n is the total number of particles. Improved 
parameters for each cluster at time 1+t are computed by 
taking into consideration the probability of each particle being 
in each cluster. The convergence of the EM algorithm is based 
on the Euclidean distance between clusters at time 1+t and t . 



When the EM algorithm has successfully converged, particles 
are assigned to mixture components based on the clusters 
having the highest probability value and the clusters’ 
parameters are recomputed before feeding back the 
information to the tracker.  

Fig. 1 and Fig. 2 show graphical representations of the 
result of applying the Condensation + EM algorithm to real 
videos. In each case EM reports a single particle cluster, with 
the mean particle position being shown as a pink dot and the 
deviation shown as a pink circle. Fig. 1 exhibits an occurrence 
of occlusion, as the person walking along the path steps 
behind the tree. Fig. 2 exhibits an occurrence of camouflage, 
as the tracked white football moves in front of the white-
shirted players  

 

   
 
Fig. 1. Gaussian Mixture Model describing Condensation 
particles during occlusion 
 

   
 

Fig. 2. Gaussian Mixture Model describing Condensation 
particles during camouflage 

 
Analysis of these (and similar) examples leads to the 

following hypotheses: 
• When occlusion occurs, the particles stop tracking the 

target (woman) and become closely clustered together. 
The particles fail to re-attach themselves onto the target 
when the target reappears from being occlusion.  

• When camouflage occurs, the particles get transferred 
onto the camouflage object and start to spread widely. 
The particles never again re-attach themselves onto the 
target (ball). 

These effects are reflected in the parameters of the Gaussian 
Mixture Model produced by EM: 

• During occlusion, the cluster deviation drops but the 
speed of the particles within the cluster increases. The 
reduction in deviation is due to the particles being 
clustered at the back of the target. The increase in speed 
occurs because during occlusion, a small number of 

particles will land on the occluding object, move 
quickly across it and then be destroyed as their weight 
drops to zero.  

• During camouflage, the cluster deviation increases, as 
does the speed of the particles within the cluster. The 
increase in deviation and speed can be attributed to a 
general expansion of the cluster when the particles are 
transferred onto the similar, but larger, camouflaging 
object.  

 
The ability to reliably detect these changes in the particle set 
would enable the tracker to automatically identify occlusion 
and camouflage events. 

 
IV.   PROCESS-BEHAVIOUR CHARTS  

 
 Process-behaviour charts are a statistical graphical tool used 
to monitor the behaviour of fluctuation data. Literature has 
shown that process-behaviour charts are primarily a control 
engineering tool and have not previously been used in visual 
tracking. The Shewhart [23] and Exponentially Weighted 
Moving Average (EWMA) [24] control charts are the most 
commonly used.  EWMA charts are used when small changes 
in data mean and variance must be detected, as shown in [25]. 
Shewhart charts are typically used to detect large changes in 
the mean and variation of some data value. 

The Shewhart chart approach is employed here because 
particle fluctuations are quite large.  Maximum and minimum 
control limits are calculated using (3) and (4). These control 
limits are used as a measurement threshold to determine 
whether the data in question is still under control or has gone 
out of control. The maximum and minimum control points are 
computed from the mean of the data.  

 
σµ 3+=trolLimitMaximumCon        (3) 

 
σµ 3−=trolLimitMinimumCon        (4) 

 
In our method, the Shewhart chart parameters are computed 

over a moving window using the cluster results obtained from 
the EM algorithm. The moving window interval information is 
not gathered during the first 5 frames of the sequence as, 
during this stage, the particles are spreading within the 
boundary of the target object. The control limit is determined 
based on the Nelson rule. In the event of the mean value 
exceeding either of these control limits, the tracker notifies the 
user that the target in question is experiencing either occlusion 
or camouflage.  

Fig. 3 and Fig. 4 show the Shewhart control chart analysis 
for occlusion applied to the image sequence illustrated in Fig. 
1. Meanwhile, Fig. 5 and Fig. 6 show the Shewhart control 
chart analysis for camouflage applied to data extracted from 
the image sequence illustrated in Fig. 2. The control charts 
shown in Fig. 3 and Fig. 5 focus on the clustered particle 
deviation, while those shown in Fig. 4 and Fig. 6 focus on the 
clustered particle speed.  



Analysis shows that the clustered particle deviation means 
provide a clearer indicator of the occurrence of occlusion and 
camouflage. As a result, the clustered particle deviation means 
are used as the primary tool to determine when occlusion and 
camouflage have occurred, with the clustered particle speed 
mean providing supplementary information. 

 
Control Chart for Deviation
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Fig. 3. Control chart for clustered particle deviation when 

tracking experiences occlusion (Fig. 1) 
 

Control Chart for Speed
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Fig. 4. Control chart for clustered particle speed when 

tracking experiences occlusion (Fig. 1.) 
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Fig. 5. Control chart for clustered particle deviation when 

tracking experiences camouflage (Fig. 2.) 
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Fig. 6. Control chart for clustered particle speed when 

tracking experiences camouflage (Fig. 2.) 
 
 
 

V.   RESULTS: OCCLUSION AND CAMOUFLAGE MAPPING 
 

When the process-behaviour charts fires, i.e. when the mean 
deviation value of a cluster moves outside the acceptable 
range, the position and spread of the cluster provide an 
indication of the image location at which occlusion or 
camouflage occurred. If the camera is fixed, results obtained 
by tracking multiple targets through the same environment can 
be combined to produce an occlusion or camouflage map of 
the background scene. Each time an event is detected, the 
mixture model component describing the relevant particle 
cluster is added to a second Gaussian Mixture Model, situated 
on the image plane and describing the occlusion or 
camouflage structure of the viewed environment. The 
resulting maps are both useful in themselves, and a good 
indicator of the performance of the event detection method. 

Fig. 7 shows occlusion and camouflage maps created using 
simple artificial image sequences. Here, coloured circles are 
randomly placed at the boundaries of an image containing an 
identically (when considering camouflage) or differently 
(when considering occlusion) coloured rectangle. The circles 
are tracked until the process-behaviour chart fires, and then 
the Gaussian describing the particle cluster is added to a 
developing camouflage or occlusion map. The boundaries of 
the central rectangular region are clear in both, though it 
should be noted that the occlusion detector fires just outside, 
and the camouflage detector just inside, the interfering object. 

 

 
(a) 

 

 
(b) 

 
Fig. 7. (a) camouflage map, and (b) occlusion map obtained 
from simple artificial sequences in which the interfering object 
is a centrally placed rectangle.  

 



 
Fig. 8 shows an occlusion map obtained from a fixed 

camera monitoring an outdoor walkway at the University of 
Nottingham Malaysia Campus. The walkway comprises a roof 
supported by a series of narrow vertical pillars which occlude 
those using it. Several tens of pedestrians were tracked using 
Condensation employing an RGB colour histogram target 
representation. Fig. 8a shows a sample image from the 
sequence, Fig 8b shows the resulting occlusion map. Note that 
although the occlusion map entries are gathered around the 
pillars, the pillar boundaries are less clear than in the artificial 
data of Fig. 7. This is because the targets tracked here are of 
variable size and, more importantly, most are wider than the 
occluding object.  

 

 
(a) 

 

 
(b) 

 
Fig. 8. (a) Actual scene, (b) Occlusion map. 

 
VI.   DISCUSSION  

 
The EM algorithm-enhanced Condensation tracker 

implemented in this paper exploits only the position of the 
particles, the Condensation weights are not taken into 
consideration. The Condensation weights provide the tracker 
with information as to which particles are most likely to 
remain on the target and which ones are most likely to be 
propagated into the next frame. This extra information can be 
incorporated into the occlusion/camouflage detection method 
described above by simply extending the EM algorithm from 
two to three dimensions. However, comparing Fig. 9 with Fig. 
11 and Fig. 10 with Fig. 12, demonstrates that the clustered 
particle deviation and speed undergoes no significant changes 
with the inclusion of the Condensation weights.  

 
Fig. 9. 2D EM algorithm clustering while experiencing 

occlusion 
 

 
Fig. 10. 2D EM algorithm clustering while experiencing 

camouflage 
 

 
Fig. 11. 3D EM algorithm clustering while experiencing 

occlusion 
 

 
Fig. 12. 3D EM algorithm clustering while experiencing 

camouflage 
 

2D EM algorithm clustering results while experiencing occlusion
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2D EM algorithm clustering results while experiencing camouflage
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3D EM algorithm clustering results while experiencing occlusion
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3D EM algorithm clustering results while experiencing camouflage
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In this initial study we have adopted the Shewhart control 
chart. Other control chart methods could be employed. A more 
sensitive EWMA could be implemented if smaller changes 
were required to be detected. The EWMA algorithm, however, 
relies on a user-specified parameter, lambda, the choice of 
which would be vital in making the chart sensitive to the 
changes sought. The value of lambda must be between 0 and 
1, with values nearing 0 giving priority to older data and 
values near 1 will giving priority to new data. A lambda value 
of 1 will produce a Shewhart chart-like result. The choice of 
lambda will determine the distance of the maximum and 
minimum control points from the mean. Moreover, an initial 
lambda choice may not be applicable at detecting changes in 
mean and variance for all events, e.g. tracking normally, 
occlusion and/or camouflage.  

The experiments conducted here considered only a single 
cluster at each time step. Future work will extend the approach 
to deal with multiple particle clusters, allowing the tracker to 
detect (and react appropriately to) clutter. Clutter disrupts 
tracking by camouflaging the target. However, camouflage, as 
the word is normally used, has only one effect on the particle 
set (to spread it out) and clutter has two (to spread it out and 
have it become multimodal).  
 

VII.   CONCLUSION  
 

The novelty of the work reported here is three-fold. First, 
the EM algorithm is used within a particle-filtered 
(Condensation) tracker to analyse the effects of occlusion and 
camouflage and identify cues related to occlusion or 
camouflage. Secondly, by using a process-behaviour chart, the 
information gathered from that analysis is exploited to allow 
the tracker to determine when a target is experiencing 
occlusion and/or camouflage by monitoring the control points. 
Finally, the information produced by the process-behaviour 
chart is used by the tracker to build a Gaussian mixture model 
map of the boundaries of the interfering object(s), marking 
areas of the background environment in which occlusion and 
camouflage are likely to occur. This opens ups the possibility 
of the tracker both detecting and responding appropriately to 
inevitable, highly disruptive events. 
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