
 
 

  

Abstract—This paper presents an automatic object detection 
and tracking algorithm by using particle swarm optimization 
(PSO) based method, which is a searching algorithm inspired by 
the behaviors of social insect in the nature.  A cascade of boosted 
classifiers based on Haar-like features is trained and employed 
to detect objects.  To improve the searching efficiency, first the 
object model is projected into a high-dimensional feature space, 
and the PSO-based algorithm is applied to search over this 
high-dimensional space and converge to some global optima, 
which are well-matched candidates in terms of object features. 
Then, a Bayes-based filter is used to identify the best match with 
the highest possibility among these candidates under the 
constraint of object motion estimation. The proposed algorithm 
considers not only the object features but also the object motion 
estimation to speed up the searching procedure. Experimental 
results of tracking on vehicle and face demonstrate that the 
proposed method is efficient and robust under dynamic 
environment.    

I. INTRODUCTION 

Many real-world applications, such as service robots, 
surveillance systems, public security systems, virtual reality 
interfaces, and more, request adaptive object detection and 
tracking under various environments.  The underlying 
mathematical models of most available tracking methods are 
either Bayes’ law estimation or Hidden Markov Model 
(HMM). Some state-of-the-art approaches to predict discrete 
probability distribution include Kalman filter [1], 
condensation [2], particle filter [3] and mean shift [4] [5]. 
Kalman filter has the same idea with HMM, while Kalman 
filter deals with discrete variables. Some researchers 
proposed different control and noise models into the 
recursion function for image processing, however those 
assumptions are dependent on varied applications and need to 
be tuned carefully. Condensation methods mainly focus on 
how to sample probabilities and likelihoods. When these 
methods are applied to multiple objects, a dominant peak is 
established if an object has large likelihood values more 
frequently, which may depress and lose other objects. The 
performance of particle filter based methods is limited by 
dimensionality of state space, which may be feasible in the 
cases with fewer targets, but may be intractable with a large 
amount of targets. Generally speaking, the mean-shift 
algorithm is efficient for object tracking. However the 
searching window may drift away from the object under 
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dynamic conditions. For example, if the kernel is lost from 
the tracked target in one frame under some emergent 
situations, such as illumination condition change, it would be 
difficult for the tracker to recover itself from this unpredicted 
event. 

Usually for object tracking, an analysis window based on 
the expectation of objects features is built and scan over the 
image to find out areas of interest (AOI) [4]. However, most 
conventional analysis-window based trackers are influenced 
by the shape and size of the window, which may vary from 
one frame to another. It is difficult to find the appropriate 
window for each frame, especially under dynamic 
environments where the content of the images may be 
dramatically changed.  

On the other hand, swarm intelligence based algorithms 
start attracting more and more researchers due to their 
robustness and flexibility especially for those problems under 
dynamic environments.  Particle swarm optimization (PSO) 
[6][7] is one of the popular swarm intelligence based 
methods.   In this paper, we propose a PSO based algorithm to 
adaptively detect and track object under dynamic 
environment.    

The basis idea of the proposed PSO-based algorithm is as 
follows: particles fly around randomly over the image 
searching for the best-fit tracking window parameters based 
on a predefined fitness function of object features. When 
some particles successfully detect the objects, they will 
broadcast this object information to their neighbors.  Each 
particle makes its own decision not only based on its 
neighbors, but also on its own cognition, which provides the 
flexibility and ability of exploring new areas. This 
decision-making procedure can efficiently prevent the local 
optimum effect. The searching procedure can be further 
expedited by embedding motion constraints of the tracked 
object through a Bayer-based filter into the PSO algorithm.  

The major advantage of this algorithm lies in the fact that 
the tracking algorithm can be applied to various objects under 
different environment, such as people in office environments 
or vehicles in outdoor fields.  Even if some objects may get 
occluded or disappear from the image, the tracking algorithm 
can still catch up the objects whenever the objects reappear in 
the image with the real-time performance.   

This paper is organized as follows. Section II simply 
reviews some related work in object detection and tracking. 
Section III introduces the PSO algorithm. The Bayes-based 
filter is described in Section IV. Experimental results are 
discussed and analyzed in Section V. Conclusion and further 
works are given in section VI.  

II. RELATED WORK 
Extensive research has been conducted for object detection 
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and tracking. Pfinder [8] proposed a real-time system for 
people tracking which used a multi-class statistical model of 
color and shape to segment a person from a background 
scene. It detected and tracked people’s head and hands under 
a wide range of viewing conditions. Viola [9] proposed a 
boosted cascade algorithm, which is a learning method by 
combining a set of weak 0/1 classifiers to quickly detect 
objects. Olson and Brill [10] built a general purpose system 
for moving object detection and event recognition, where 
objects were detected and tracked by both first-order 
prediction and nearest neighbor matching. The system 
proposed in [11] extracted moving targets from a real-time 
video stream, and classified them into pre-defined categories 
and tracked them. Tao, Sawhney, and Kumar [12] tried to 
build configurations for each target to naturally handle 
appearance, disappearance and occlusion. Then a local 
sampling stage and a global sampling stage were executed to 
deal with object motion, addition, and deletion separately. 

Beleznail [13] adopted the fast mean shift to cluster and 
track people. It was efficient when objects were spatially 
well-separated, because it assumed that offsets between 
frames were smaller than the kernel size. But special 
probability strategy was needed when occlusion happened. 
The Hydra system [14] was proposed to detect and track 
multiple people. A silhouette-based shape model, a motion 
model, and the correlation-based matching method were 
combined to make classification. The work which is most 
related to our method is [15], where the authors treated every 
particle as a classifier with different parameters. Those 
classifiers swarm in the solution space to converge to the 
optimal analysis window. However this is a simple 
application of PSO for people detection only. Reza Akbari 
etc. [16] employed both PSO algorithm and Kalman filter in a 
hybrid framework of region and object tracking, where 
vehicles were tracked in a cluttered background. A PSO 
algorithm was proposed in [17] to drive particles flying over 
image pixels directly, where object tracking emerged from 
interaction between particles and their environment. 

III. PARTICLE SWARM OPTIMIZATION 
The PSO algorithm was originally proposed by Kennedy 

and Eberhart in 1995 [18] [19].  It is a simulation of a 
simplified social model, which obviously has its root in 
artificial life in general, and in bird flocking, fish schooling 
and swarming theory in particular.  

The social metaphor that leads to this algorithm can be 
summarized as follows: the individuals that are part of a 
society hold an opinion that is part of a "belief space" (the 
search space) shared by neighboring individuals. Individuals 
may modify this "opinion state" based on three factors: (1) the 
knowledge of the environment (inertia part); (2) the 
individual's previous history of states (individual part); and 
(3) the previous history of states of the individual's 
neighborhood (social part). 

An individual's neighborhood may be defined in several 
ways, configuring somehow the "social network" of the 
individuals. Following certain rules of interaction, the 
individuals in the population adapt their scheme of belief to 
the ones that are more successful among their social network. 

Over the time, a culture arises, in which the individuals hold 
opinions that are closely related. 

In the PSO algorithm each individual is called a "particle", 
and is subject to a movement in a multidimensional space that 
represents the belief space. Particles have memory, thus 
retaining part of their previous states. There is no restriction 
for particles to share the same point in belief space, but in any 
case their individuality is preserved. Each particle's 
movement is the composition of an initial random velocity 
and two randomly weighted influences: individuality, the 
tendency to return to the particle's best previous position, and 
sociality, the tendency to move towards the neighborhood's 
best previous position.  

The velocity and position of the particle at any iteration is 
updated based on the following equations: 
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Where t

idv is the component in dimension d of the ith 

particle velocity in iteration t, t
idx is the component in 

dimension d of the ith particle position in iteration t, 21,cc are 

constant weight factors, t
idp is the best position achieved by 

particle i, t
gdp  is the best position found by the neighbors of 

particle i, 21,ϕϕ  are random factors in the [0,1] interval, and 
w is the inertia weight. The PSO requires tuning of some 
parameters: the individual and sociality weights 21,cc , and 
the inertia factor w . 

According to (1), each particle adjusts its velocity by 
combing three forces: keeping the velocity of last moment, 
moving to the best position from its own memory, moving to 
the best position found by its neighbors. Different parameters 
in (1) provide varied balance among those three factors. Then 
a particle moves in the search space according to the 
combined velocity calculated by (1) to achieve a new 
position, which can present a new value of object features. 

IV. THE APPROACH 

A. Object Detection  
      Usually the performance of object detection directly 
depends on the selected features of the object, such as color, 
texture, and shape. The basic procedure is to find regions 
which match the pre-defined configurations. However, for 
some complex objects like people faces, due to the huge 
variety, it is very hard to find a general template.  Therefore 
some statistical methods or classifiers are required to be 
trained and applied. 

Firstly, a classifier with a set of parameters is built up 
based on the knowledge of the interest object. Then both 
positive and negative sample data are fed into the classifier to 
adjust those parameters. There is a map between the object 
and the classifier, and those parameters define the map 
configuration.  

For complex objects, multiple classifiers may have to be 
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integrated, which is called cascade classifiers or boosted 
classifiers. The basic idea of these cascade classifiers is using 
many weak classifiers to cover different features of the object 
and combining them to reach a better classification globally. 
The Haar-like features are a set of simple features including 
edge, line, and center-surround constructions [20], which is 
employed by OpenCV for face detection. However, those 
features are independent of objects so that they can also be 
applied for any arbitrary object [21].  In this paper, both 
people face detection and vehicle detection have been 
conducted in our experiments. 

B. Adaptive Tracking Window Search using a PSO-based 
Algorithm  
Basically, object tracking can be considered as a 

probability-based classification and estimation, which 
searches for the best match of the target model. Usually 
searching algorithms rely on two factors: searching space and 
searching window. In terms of the searching space, the more 
features the object has, the larger the searching space will be. 
To expedite the search, we can either bound the searching 
space with some constraints, or develop an efficient searching 
algorithm. Considering the searching window, adaptive 
windows have been extensively utilized due to its robustness  
    From searching point of view, the PSO algorithm is a 
distributed convergence method. The key is to take advantage 
of sharing information between the particles as well as their 
own past experiences to accelerate the convergence. The PSO 
algorithm would provide an optimal or near-optimal solution 
using appropriate fitness functions without the complete 
knowledge of the searching space.  

To identify an object in an image, usually rectangle 
windows are utilized in most cases. Four parameters will be 
identified to describe the rectangle windows, including 2D 
location of the central point, width and height of the 
rectangle. These parameters can build up a four-dimensional 
search space. 

So in such a space, each particle presents a search window 
with specific values of parameters, which can be defined as:  

 
},...,2,1),,,,(|{ NiwlyxppP iiiiii ==            (3) 

 
Where ii yx  and  represent the central point of the 

rectangle related to particle i;  il and iw represents the length 
and width related to particle i; and N is the population of 
swarm particles. Each individual particle has different values 
of these parameters. In other words, they are distributed in a 
four-dimensional search space. 

Generally a four-dimensional feature space is very large, 
which makes search algorithms to be computation extensive. 
Some motion-based constraints can be applied to limit the 
search area to a smaller region where particles are initialized 
and move around. It is reasonable to assume that motion is 
continuous under most tracking situations. In this way, the 
initialization of particles could be accelerated. 
Suppose ),,,( ''''' bbbbb wlyxp  is the best particle (i.e., tracking 
window) in last frame, the initialized 
particles ),,,( iiiii wlyxp , where i = 1,2,…,N, in the new 

frame should be around 'bp  with some offsets in each 
dimension. Therefore, by dispersing particles in a relatively 
smaller region instead of the whole space, searching 
procedure can be definitely accelerated.  

Then a PSO-based algorithm comes to play. Firstly, it is 
safe to trust particle itself as well as the society. So that the 
weights of those two can be equal and the random tuning can 
be eliminated. Secondly, to make a fast convergence, it is 
good to adjust particle’s velocity quickly. So the weight of 
inertia should be reduced during the search. Thirdly, in the 
proposed 4-demensional space, the vertical axis and the 
horizontal one are independent; so are length and width of 
search window. Thus the behavior of particles can be 
customized as following:    

 
)()(1 tt

gdg
tt

sbs
t
xr

t
x xxwxxwvwv −×+−×+⋅=+    (4)      

   11 ++ += t
x

tt vxx                                                        (5) 

)()(1 tt
gdg

tt
sbs

t
yr

t
y yywyywvwv −×+−×+⋅=+   (6)      

   11 ++ += t
y

tt vyy                                                        (7) 

In equations (4) and (5), where t
xv is the velocity along 

horizontal axis of the ith particle in iteration t; t
sbx  is the best 

visited position of the ith tx until iteration t; t
gbx  is the best 

position from the society at iteration t; gsr www ,,  are 
weights of inertia, local best of particle, and global best of 
society.  Equation (6) and (7) are used for vertical direction. 
So for each iteration, every particle change their ii yx ,  
according to above equations. During the movement, preset 

max,max, YX vv will be used to control the step-length of 
particles to avoid over-walking.  

At each iteration, a global best particle with the highest 
fitness value is broadcasted as well as a pair of t

gb
t
gb wl , , 

which are global best size. All other particles will adjust their 
sizes towards this best one at a preset step.  In such a way, 
particles will converge to an optimization by adjusting their 
locations and sizes of associated windows.  The particles 
converge when their fitness values are beyond a preset 
threshold.  

C. Fitness Function  
A fitness function is necessary for the PSO-based 

searching algorithm.  Instead of using the image pixel values 
directly, images are first transformed from RGB format into 
HSV format, and the later one is more natural for people’s 
eyes. Then, the values of hue are abstracted to build the 
histogram. Such histogram refers to the gradation of color 
within the visible spectrum. When a PSO-based searching 
algorithm is applied, each particle at every moment is 
associated with a histogram. The best matched one can be 
obtained by comparing these histograms with the target 
histogram. Therefore, a special criterion is required to 
measure the similarity between the searched window and the 
target window, which means a method to measure the 
distance between two histograms is required.  
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In statistics [22], the Bhattacharyya Coefficient measures 
the similarity of two discrete probability distributions. It is a 
divergence-type measure that can be seen as the scalar 
product of the two vectors having components as the square 
root of the probability of the points x ∈ X. It thereby lends 
itself to a geometric interpretation: the Bhattacharyya 
Coefficient is the cosine of the angle enclosed between these 
two vectors. Therefore, the Bhattacharyya Coefficient is used 
to measure the similarity between these two histograms, 
which is defined as: 

 

∑
∈

=
Xx

gigi xHxHHHBC )()(),(                  (8) 

 
Where iH  represents the histogram of particle i, gH  
represents the histogram of the target, and X denotes the 
distribution domain, which is the range of hue values from 0 
to 255. )(xHi and )(xH g  are pixel numbers with a specific 
hue value x for the particle and target, respectively. 

By using (8), the distance between two histograms can be 
defined as [23]: 
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This distance is invariant to the scale of the target, while 

the popular used histogram intersection is scale variant [24]. 
The smaller this distance is, the better the particle is matched 
with the target object. Thus given the target histogram, the 
fitness function for particle i is inversely proportional to the 
distance between iH and gH :  

 
),(/1),( gii HHDgpF =          (10) 

 
The higher the fitness value, the more similar the 

corresponding area is with the target. 

D. Bayes-Based Filter  
For each frame, a motion vector V can be calculated 

according to a motion trajectory of the tracking window. The 
motion vector is zero in the first frame. And for others, it is 
the shift from the previous position to the current one. 

Given the previous tracking window associated with the 
target histogram and the motion vector { }gg VH , , where 

gV represents the motion vector of target. The PSO-based 
searching algorithm returns a set of candidate windows, 
which can be represented by{ }miVH ii ,...,2,1|, = , where iH  
represents histograms of particle i, iV  represents motion 
vectors of particle i, and m is the number of the selected 
candidate windows. All of these candidate windows are good 
enough in terms of appearance features, and their fitness 
values are higher than a preset threshold.  

According to Bayes’ law, the problem can be described as: 
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where ),|,( ggii VHVHp represents the condition probability 

of a particle with { }ii VH ,  given { }gg VH , . 

),( gg VHp represents the probability of the target window, 

which is same for all particles. ),|,( iigg VHVHp represents 
the back projection from candidates to the previous tracking 
window. Since all of particles can point back to the target 
window in different ways, it is hard to tell which particle is 
the most possible one without any predefined knowledge of 
the image environment. In this paper, we simply assume that 
all ),|,( iigg VHVHp , i = 1,2,…,m, are equal. However this 
assumption may not hold in some practical applications, for 
instance a mobile vision system where the previous motion 
trajectory of the mobile platform would provide more 
information for the back projection, which will be 
investigated in our future work.  

Considering that the PSO-based searching algorithm 
returns all of candidates which are good enough in 
appearance histogram, it is reasonable to ignore the histogram 
here and simplify (11) as: 

 
                   )()|( igi VcpVVp = ,                           (12) 

 
Where c is a positive constant factor, and )( iVp represents 

the probability of a particle on the motion trajectory. 
According to the inertia of motion, )( iVp depends on the 
distance between iV and gV . The closer two vectors are, the 
higher the possibility of the corresponding particle, which 
makes (12) as the following equation: 
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Where, k is a positive factor. If two vectors are shifted to 

the same original point, the distance between two vectors 
turns into the distance between two points, where Euclidean 
distance can be calculated.  

V. EXPERIMENTAL RESULTS 
To verify the robustness and efficiency of the proposed 

algorithm under dynamic environment, various real-world 
experiments are conducted under different environments. The 
algorithm is written in C++ using OPENCV library. 

To apply the PSO-based algorithm to the image, first, we 
have to deal with the population and distribution of particles, 
which usually vary with image sizes. Due to the continuous 
motion of object, it is reasonable to assume that the particles 
should be around the tracking window of previous frame.  In 
our experiments, the size of each frame is 320 by 240 pixels. 
The initial spread of particles is up to 15 pixels, which means 
that all ii yx ,  belong to ]15,15[ '' +− bb xx  
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and ]15,15[ '' +− bb yy . Then the boundary of window size is 
20 percent, which means that all ii wl , are bounded into 

]2.18.0[ '' bb ll ××  and ]2.1,8.0[ '' bb ww ×× .  So all particles are 
evenly distributed into such a smaller space and the number 
of particles usually is from 30 to 50.  By dispersing particles 
in a relatively smaller region instead of the whole space, 
searching procedure can be definitely accelerated. 

In experiment both gs ww ,  are set to be 2 while rw  is 
initialized into 1 in equations (4)-(7).   The maximum velocity 

max,max, YX vv  is setup as 10 pixels for all particles.  The preset 
moving step is set up as 5 pixels per iteration.  For image 
sequences of the following video experiments, most searches  
converge after 7 to 8 iteration. 

First video was taken in a parking lot, where a vehicle is 
detected and tracked, as shown in Fig. 1.  First, a white car 
drives in and is detected as the target by a blue rectangle 
window as shown in Fig. 1(a). Then, the white car traverses 
the scene and is occluded by a block of texts in the image, as 
shown in Fig. 1(b) and (c). During the occlusion, the tracking 
window changes with scenes, but still tracks the car.  As 
shown in Fig. 1(b), when the car starts moving into the block, 
the tracking has almost the same size with the one in Fig. 1(a). 
Under the influence of the block, the tracking window shifts a 
little and shrinks. But the object is still locked. When the car 
moves away as shown in Fig. 1(d), the window becomes 
smaller until disappeared. It can be seen that the tracker can 
still lock the object under occlusion. 

 

    
(a)          (b) 

    
(c)          (d) 

Fig.1. A car tracking process when an occlusion happened. 

 The second and third video were taken in an indoor office, 
as shown in Fig. 2 and Fig. 3, where two student’s faces are 
detected and tracked under dynamic background.  The student 
face is initially identified by a red window using the face 
detection method mentioned in Section IV.  The system 

tracks the students using a greed window while he is walking 
around in the office.   

In the second video, when the student enters a closet, his 
face is partially occluded; the system still can track the 
unoccluded part of the face.  When his face is completely 
occluded by a closet door, the tracking window lost its object.  
When the student comes out of the door again, the 
detection/tracking system recovers the tracking window 
immediately. During this procedure, the mobile platform 
keeps adjusting the camera’s position and its own position to 
following the movement of the object.   

In the third video, the tracking process contains occlusion.  
A student walks in an office environment, hides himself 
behind a box, and reappears from the box. This procedure 
includes occlusion, disappear, and reappear situation. The 
proposed algorithm showed the robustness to keeping 
tracking the object all over the cases. 

 

   
                    (a)                                (b) 

    
                             (c)                             (d) 

   
                          (e)                                  (f) 

   
                     (g)                                         (h) 

Fig. 2: Face detection and tracking in an indoor office. 
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(a)    (b) 

   
(c)    (d) 

   
(e)    (f) 

Fig.3: A tracking process when an occlusion happened. 

VI. CONCLUSION AND FUTURE WORK 
In this paper, we propose a framework which combines a 

PSO-based searching algorithm and a Bayes-based 
probability algorithm to achieve the efficiency and robustness 
of the tracking systems. Basically, a PSO-based searching 
algorithm identifies the changes in the scene, and the 
probability-based algorithm estimates the best candidate of 
the object with the highest possibility. More specifically, the 
PSO algorithm takes fast scouting in a high-dimensional 
feature space and finds out some object candidates. Then 
Bayes law filter decides which one is the best match.   

There are still several issues remained and need to be 
improved and extended in the future work. The first one is to 
investigate new object detection approaches. The employed 
classifier method can be extended to multiple. And the 
structure of weak classifiers can be adaptive to get more 
robustness. The second one is to concrete the Bayes filter 
using some predefined knowledge of the tracked targets.    
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