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ABSTRACT

In this Chapter, we present a new face detection and tracking algorithm using Bayes-
constrained particle swarm optimization (BC-PSO), which is a population based
searching algorithm. A cascade of boosted classifiers based on Haar-like features is
trained and employed for object detection. Then the PSO-based algorithm is applied for
object tracking. Basically the searching can be divided into two steps in this method.
First, the object model is projected into a high-dimensional feature space, and a PSO
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. Second, a
Bayes-based filter is used to identify the one 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 demonstrate that the proposed method is
efficient and robust under dynamic environment.

1. INTRODUCTION

In computer vision, object detection and tracking is an active research area which has
attracted extensive attentions from multi-disciplinary fields, and it has wide applications in
many fields like service robots, surveillance systems, public security systems, and virtual
reality interfaces. Detection and tracking of moving object like car and people are more
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concerned, especially flexible and robust tracking algorithms under dynamic environments,
where lightening condition may change and occlusions may happen.

The general process of object detection consists of two steps. The first step is building
models. According to the prior knowledge of the interested objects, the feature model is built
up to describe the target object and separate it from other objects and backgrounds. And since
most images are noisy, statistic information are usually adopted to quantify features. The
second step is to find a particular region in the image, called area of interest (AOI), which
either can best fit the object model or have the highest similarity with the model.

If the detection is executed successfully for each frame of a image sequence, it means that
the object is tracked, where every frame is treated independently. Another category of
tracking algorithms takes advantage of correlations between image frames to accelerate
tracking process. Basically, the features of the object itself are local information, and the
features of a image sequence belong to global information. For instance, movement
correlations include predicted object heading and velocity.

Extensive works have been conducted for object detection and tracking. Most available
algorithms focus on estimating movements of AOI using probabilistic theories. Some popular
models and approaches, like HMM (Hidden Markov Model), Kalman filter [1], condensation
[2], and particle filter [3] predict discrete probability distributions, while other algorithms, for
example, mean shift methods [4] [5] study how to search the object model in a more robust
manner. For Kalman filter based methods, some researchers proposed different control and
noise models into the recursion function; however those assumptions are dependent on
specific applications and need to be tuned carefully. Condensation and Particle filter methods
mainly focus on how to sample probability and likelihood, so as to represent simultaneous
alternative hypotheses of the object which could not be handled by Kalman filter. Generally
speaking, the mean-shift,method, as a well-known kernel-based local searching algorithm, is
efficient for object tracking. However, the searching window may drift away from the object
under dynamic conditions. For example, if the kernel is lost from the tracked target in one
frame under some emergent situations, such as the changes in illumination condition, it would
be difficult for the tracker to recover itself from this unpredicted event.

Some other methods have also been proposed. Wren et al. [6] proposed a Pfinder real-
time system for people tracking, where a multi-class statistical model of color and shape was
proposed to segment people from background scenes. Viola and Jones [7] 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 [8] 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 [9] extracted moving
targets from a real-time video stream, and classified them into pre-defined categories and
tracked them. Tao et al. [10] tried to build configurations for each target to naturally handle
appearance, disappearance and occlusion. Beleznail et al. [11] adopted the fast mean shift to
cluster and track people. In the Hydra system [12], a silhouette-based shape model and the
correlation-based matching method were combined together to conduct classification.

In this Chapter, we will focus on using particle swarm optimization (PSO) based method
for object tracking. Particle Swarm Optimization (PSO) was proposed by Kennedy and
Eberhart in 1995 [13] [14] from the simulation of a simplified social model, which has its root
in bird flocking, fish schooling and swarming theory particularly. This population-based
technique involves simulating social behavior among individual particles “flying” through a
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multidimensional search space, each particle representing a single intersection of all search
dimensions. And with the movements of particles, a set of potential solutions evolve to
approach an optimal solution for a problem. Being an optimization method, the aim is to find
the global optimum of a real-valued fitness function defined in a given search space. Rather
than just being a social simulation, PSO can be treated as a powerful new search algorithm,
capable of optimizing a wide range of N-dimensional problems.

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 the
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 vy is the component in dimension d of the ith particle velocity at iteration t, xjy is the
component in dimension d of the ith particle position at iteration t, ¢;,c,are constant weight

factors, piy is the best position achieved by particle i, p‘gd is the best position found by the

neighbors of particle i, ¢,,¢, are random factors in the (O,l)interval, and wis the inertia

weight. The PSO requires tuning of some parameters: the individual and sociality
weightsc,,c,, and the inertia factor w. According to (1), each particle adjusts its velocity by

combing three behaviors: keeping the velocity of last moment, moving to the best position
from its own memory, and moving to the best position found by its neighbors. Different
parameters in (1) provide various balances 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 presents a new solution.
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During particles’ movements, every visited point will be evaluated by a specific fitness
function. And those points with highest fitness are assigned as the best positions. Then
particles keep moving around until some stop conditions are met, such as reaching the
maximum of iterations or a predefined threshold of the fitness value, or no more improvement
can be made. In [15], a general idea of PSO has been explained, where, unlike hill-climbing,
particles jump along the surface, which leads to a significant expedition in searching.

Since the first introduction of the basic PSO in 1995, many works have been conducted to
improve the performance and to extend applications of PSO. According to the structure of the
swarm, there are two categories called gbest and lbest PSO [16], related to global best and
local best separately. For gbest PSO, all particles equally share the social information, which
means that the neighborhood is the entire swarm. While in Ibest PSO, the swarm consists of
local neighborhoods and only particles of the same neighborhood can share information.
Many topologies of neighborhoods can be used, like star, ring, wheel and so on. The Ibest
PSO reflects local information of the environment.

Initially, most proposed PSO methods deal with single solution. Some problems may
have more than one global optimum or both global and local optima need to be located.
Therefore, some variations have been developed to deal with particular problems with
multiple solutions. Niching algorithms [17] have been proposed to locate multiple solutions.
Multi-objective optimization with particles swarms, called MOPSO, was also developed to
solve the problems that require the simultaneous optimization of a number of objectives [18].
Many PSO algorithms [19] have been developed to solve optimization problems under
dynamic environments instead of static ones. Binary PSO and other discrete PSO try to
handle optimization problems in discrete space, for example the traveling salesman problem
[20].

PSO algorithms have been applied to many problems, including neural network training,
design optimization, scheduling and image or data clustering. One of the first applications of
PSO is the neural network training [21][22]. The general process is to develop a fitness
function, while each particle presents a set of weights that need to be adjusted. With
evolvements of particles, the optimized weights of the neural network are gained. Compared
with other training methods like gradient-descent, the PSO-based methods are more robust
and faster. Sousa et al. [23] used PSO for data mining, where each particle represents a single
rule with a set of attributes. Rasmussen and Krink [24] used PSO to train Hidden Markov
Model for multiple sequence alignment in biology. PSO was also applied to predict stock
prices in financial companies by building the PSO-based social programming model [25].
Some clustering problems in the field of image processing are transformed into optimization
problems and various PSO-based algorithms have been applied. In [26], PSO was used to
tune the parameters embedded in the relevance evaluation for Content-Based Image Retrieval
(CBIR) system. The ranking of the retrieved images are improved after using PSO. Omran et
al. [27] used a PSO-based method for image classification, where each particle represented a
clustering result and specific distance metric were used to measure the goodness of solutions.

2. RELATED WORK USING PSO-BASED METHODS
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Some tracking methods adopt PSO into their own frameworks as supporting or
accelerating tools, like tuning weights for neural networks. However, as a search algorithm,
PSO itself can be applied directly for detection and tracking. In [28], PSO was combined with
feature-based object classification. Every particle was treated as a self-contained classifier
with different parameters to detect people in infrared images. Those classifiers swarmed in
the solution space to converge to the optimal analysis window. Sequential niching technique
was used to handle multiple objects. After searching, the swarm could find positions and sizes
of objects and optimize the classifier parameters. Then in [29], this idea was extended and the
PSO-based classifiers were embedded into a 3D framework to detect pedestrian from
independently multiple views.

In [30], a PSO algorithm was proposed as a prey-predator scheme for real-time object
tracking. Image pixels, as preys, are characterized by their scent intensity that reflects image
features. Particles, as predators, fly over image pixels and hunt for preys that are interested to
them. The rules of particle movements are specifically defined according to interactions
between particles and their environment. During the tracking, particles try to keep themselves
in a group as well as be adaptive with images changes.

Akbari et al. [31] employed both the PSO algorithm and Kalman filter in a hybrid
framework of region and object tracking, where vehicles were tracked in a cluttered
background. PSO was applied to conduct template matching and optimization recognition for
photo time-stamp [32]. In [33], PSO was used to optimize elastic bunch graph matching
technique to improve the performance of face recognition. A hybrid PSO algorithm was
proposed in [34], which incorporated initial user guidance for single-slice 3-D-to-3-D
biomedical image registration. By overcoming drawbacks of general local optimization
methods, the proposed hybrid method produced more accurate registrations. Scheutz [35]
introduced a hierarchical extension to the standard PSO to cope with dynamically changing
fitness space, and applied it for dynamic face detection.

3. A BAYES-CONSTRAINED PSO (BC-PSO) ALGORITHM

Usually object detection focuses on a single image to search for the object. It is difficult
to build a simple model to describe the object, especially under dynamic environment. So
offline-learning is widely used to improve the accuracy. In this section, we will use an
offline-learning method, where a set of cascade classifiers are trained to learn features of the
object and conduct detection.

For the tracking problem, given the AOI as well as the feature model, the goal is to
search for the best fit region in the new image, which has the highest similarity with the
object model. For the tracking, real-time performance and robustness are critical. To
accelerate the searching procedure, both object features and the expectation of movements
can come to play, which leads to two different ways for tracking. One is feature-based
searching and the other is knowledge-based estimation. In this section, a combined
framework of Bayes-based estimation and PSO-boosted searching is built up to achieve the
system efficiency and robustness. The Bayes estimation constrains the searching space
according to the motion vectors acquired from the previous frames. Then, the PSO-based
searching method identifies the size and position of the AOI tracking window in a high-
dimensional feature space.
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3.1. Object Detection

A set of cascade classifiers with the ability of learning are trained and applied to detect
objects. 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 mapping between the object and the classifier. For
complex objects, multiple classifiers may have to be integrated, which is called cascade
classifiers or boosted classifiers. The basic idea of these cascade classifiers is that several
weak classifiers are used to cover different features of the object and combined to reach a
better classification globally.

The widely used Haar-like features are a set of simple features including edge, line, and
center-surround constructions [36]. Each feature is described by a template with size and
scale factor. In real applications, hundreds of features and fast computation methods are used
to calculate a decision value for each feature, where different weights are assigned to all of
the decision values. And those decision values are fed into the complicated decision tree to
make the final classification. OpenCV [37] employs this algorithm for the face detection.
Since the features are independent of objects, they can also be applied for other objects as
well, such as vehicles. Therefore, this detection method is adopted here for object detection.

3.2. Object Tracking

3.2.1. PSO-Based Searching

When an object is detected, a tracking window is marked to highlight the AOI. The
location and size of the window reflect information of the object. The window is also
associated with the feature model of the object. Suppose an object is detected at frame t, its
feature model can be expressed asH (t) = H(x, y,l,w,t), where (x, y), |, w represent the

location, length, and width of the tracking window, respectively. H function contains feature
information and is usually expressed by histograms. When a new frame at t+1 comes, there
are many possible regions or windows in the new image with different locations and sizes.
First, we set a group of particles as followings, where each particle represents one possible
window:

P={pi | pi(X;, i, li W), i =12,..., N} )

Where (x;,y;) represent the central point of the rectangle related to particle i; I; and
w; represents the length and width related to particle i, respectively; and N is the population
of the swarm. Each individual particle is associated with a feature model:

Ht+)={H(p;,t+1)|i=12,..,N} 4)
So the objective of tracking is to find a region with H(p,t+1) e H(t+1)so that
H(p,t+1) has the highest similarity with the previous object model H(x, y,I,w,t). The
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measurement of similarities between object models can be defined as the fitness function of
PSO, which will be discussed later.

Obviously, brute search is a straightforward method. However, it is very time consuming.
Some methods take advantage of the gradient of feature planes to find the best fit. However,
due to the variance of images, the gradient-decent methods are not always working well and
may fail at local maxima. On the other hand, PSO-based searching algorithms can balance
exploration and exploitation through the weight parameters of cognitive and social
components. Each individual particle represents a different tracking window, which has
different values of parameters for window size and location. These parameters build up a
four-dimensional searching space, as shown in Figure 1, where every point in this space has
an object model H which represents a potential solution for tracking. Therefore, instead of
searching for object features in the image itself, the PSO-based method searches in this four-
dimensional searching space.

A W
o+
A
L (x,v)
Y

Figurel. The Four-Dimensional Space

Considering the correlations between image frames, object positions of consecutive
frames should be close to each other. So the PSO search can be executed in a constrained
small region instead of the whole space of an image frame, which can expedite the tracking
and secure the efficiency. Based on previous information H(x, y,l,w,t), the initial search

region can be constrained as {xiAx,yiAy,I + Al,w+ Aw } The shifting volumes depend

on specific problems, for instance, the size of the object, or the movement velocity.

Following the rules of (1) and (2), particles start to move in the solution space. At each
iteration, each particle calculates the fitness value according to its current position, updates its
velocity, and move to next position. A total of N updates are performed per iteration, where N
is the population of the swarm. This process is automatic and independent on knowledge of
image contents. To accelerate convergence, the weight of inertia component w can be reduced
step by step. Since w presents the ability of exploration of particles. When w goes down,
particles are more attracted by founded solutions and are reluctant in exploring new area.
Similarly, the weight of cognitive component ¢, can also be reduced if the swarm focuses

more on the global best. More detailed discussion of parameter tuning can refer to [4].
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Particles keep moving around until some stop conditions are met. The stop conditions of
iterations can be different, such as reaching the maximum number of iterations, reaching a
predefined goodness of the fitness value, or no more improvement can be observed. In
practice, those conditions can be used together or independently. In most experiments, a good
result can be approached after 6 or 7 iterations. When iterations are over, particles cluster
around one or several optimal points in the space, which present several regions in the image
with varied locations and sizes. These regions are good candidates for the Bayes-based
estimation, which will be discussed in the later section.

3.2.2. Fitness Function

As mentioned above, a feature model is constructed as the fitness function to drive the
particles in PSO-based method. Most commonly-used features, such as color, shape, texture,
and structure, can be employed independently or combined together. Among features, color
might be the most popular one and it is independent with objects, view point and scale. The
major drawback of color is the affection of lightening condition and physical characters of
cameras. We will use histogram to measure these features.

First, images are transformed from RGB format into HSV format, which is more natural
for people’s eyes. Then, the values of hue are abstracted to build the histogram. Since hue
specifies the dominant wavelength of the color, 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 such a histogram expressed in (3) and (4). The
best matched ones 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.

In statistics [38], the Bhattacharyya Coefficient is used to measure 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. 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 can be used to measure the similarity between these two
histograms, which is defined as:

BC(H(),H(p;,t+1) = > \H, (). H,(p;,t+1) ®)

xeX

where H(p;,t+1) represents the histogram of particle i, H(t) represents the histogram of
the object, and X denotes the distribution domain, which is the range of hue values from 0 to
255. H,(p;,t+1)and H, (t) are pixel numbers with a specific hue value x for the particle and
target, respectively. By using (5), the distance between two histograms can be defined as [39]:

D(H (t), H(p;,t +1)) = 1= BC(H (t),H(p;,t +1)) (6)

This distance is invariant to the scale of the target, while the popularly-used histogram
intersection is scale variant. The smaller this distance is, the better the particle matches with
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the target object. Thus, given the target histogram, the fitness function for particle i should be
inversely proportional to the distance between H, (p;,t+1)and H,(t):

F(p;,t+1)=1/D(H(t),H(p;,t+1) (7)

The higher the fitness value, the more similar the corresponding area is with the object. If
the tracked object is occluded partially by other subjects, the proposed PSO-based tracking
window would eventually converge to the non-occluded part of the object since the histogram
value is independent of the window size. For the same reason, when the occlusion is released,
the object can be recovered to its original window size.

3.2.3. Bayes-Based Estimation

After the PSO searching, more than one optimum may be found. Then Bayes-base
estimator can be used as a filter to identify the best-fit result. During the tracking, the object
has a motion trajectory that consists of a series of motion vectors from one frame to another
as V(t). V(t) can be calculated according to locations of consecutive tracking windows. The
motion vector should be set up as zero in the first frame. For other frames, it can be
represented by the shift from the previous position to the current one. Respect to previous
object model H(t), particles have a set of motion vectors as{V (p;,t+1),i=12,...,N},

whereV (p;,t+1) represents motion vectors of particle i, and N represents the total number of
particles.

Given the previous tracking window associated with the target histogram and the motion
vector{H (t),V(t)}, the PSO-based searching algorithm can produce a set of candidate
windows, which can be represented by{H(pi,t+1),V(pi,t+1)|i=1,2,...,m}, where
H(p;,t +1) represents histograms of particle i, V(p;,t+1)represents motion vectors of

particle i, and m is the number of the selected candidates that is usually less than N. All of
these candidate windows are good enough in terms of appearance features since their fitness
values are higher than a preset threshold. According to the Bayes law, the estimation of the
best fit can be described as:

PH®.VO[H(p;, t+2),V(pi, t+D)p(H(p;, t+1).V(p; t+1))

H(p,, t+D.V(p, t+) [ HEO).V (D) =
P(H(p;, t+1),V(p;, t+D) | H(E) V(1)) p(H(), V(1))

(8)

where p(H (p;,t +1),V (p;,t +1) | H(t),V (t)) represents the condition probability of particle i.
p(H (t),V (t)) represents the probability of the target window, which is the same for all
particles.  p(H(t),V(t)|H(p;,t+1),V(p;,t +1)) 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. It is simply assumed that
allp(H@),V@)|H(p;,t+1),V(p;,t+1), for i=12,..m, are equal. However this
assumption may not hold in some practical applications, for instance, a mobile vision system,
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where the previous motion trajectory of the mobile platform would provide more information
for the back projection.

Considering that the PSO-based searching algorithm returns candidates which are good
enough in appearance histogram, it is reasonable to ignore the histogram here and simplify (8)
as:

PV (pi, t+D [V (1) =cp(V (p;,t+1)) )

where ¢ is a positive constant factor, and p(V (p;,t+1)) represents the probability of a
particle on the motion trajectory. According to the inertia of motion, p(V (p;,t+1)) depends
on the distance betweenV (p;,t+1)andV (t). The closer two vectors are, the higher the
possibility of the corresponding particle has. Then formula (9) turns into:

PV (pi, t+ D[V (1) = cp(V (p;, t+1)) =k/D(V (p;,t +1),V (1)) (10)

where Kk 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.

3.2.4. BC-PSO Algorithm Summary
The Bayes-Constrained PSO (BC-PSO) algorithm for object tracking can be summarized
by the following pseudo codes.
while (a new image arrives)
{if (no object detected)
{run the cascade classifiers to detect objects;
if (new object detected)
{build up object model H (t) = H(x, y,I,w,t);
build up object motion vector V (0) =0;
change system state to tracking;

¥

else go back to while for next image

}

else

{initialize particles P ={p; | p; (X;, ¥;,l;,w,),i =12,..., N};

while (stop condition no met)

{for (each particle in the swarm)

{calculate fitness F (p;,t +1) =1/D(H (t), H(p;,t +1));
update particles states by (1) and (2);
adjust weights w, ¢;,c,;
}

}
get good candidates {H (p;,t +1),V (p;,t +1) |i =12,...,m};
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Bayes filter executes p(V (p;,t +1) [V (1)) =k /DN (p;,t +1),V (1)) ;
Object is tracked; update H (t) andV (t) ;
go back to while for next image

} end

4. EXPERIMENTAL RESULTS

To verify the robustness and efficiency of the proposed algorithm, it has been applied for
several video clips under dynamic environment, which includes various situations like
partially or completely occlusion, disappearance, reappearance. Some experimental results are
conducted, as shown in Figure 2, Figure 3, and Figure 4. The algorithm is written in C++
using OPENCYV library. Figure 2 shows the procedure of the proposed PSO searching for
candidate windows. In the left picture, a number of particles are distributed, then move
around and eventually converge. The new tracker is showed in the right picture.

Figure 2. PSO searching process.

Figure 3 shows a car tracking process when occlusions happened. First, a white car drives
in and is detected as the target. Then, it passes the scene and is occluded by the texts in the
middle. During the occlusion, the tracking window changes, but still tracks the car. When the
car moves away, the window becomes smaller until disappeared.
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Figure 3. A tracking process when an occlusion happened.

In Figure 4, the student’s face is initially identified by a red window. Then the system
tracks the student using a green window while he is walking around in the office. When he
enters a closet, his face is partially occluded. However, the system can still track the parts that
are not occluded. When his face is completely occluded by a closet door, the tracking window
loses 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 of the
camera keeps adjusting the camera’s position and its own position to following the movement
of the object.

The experimental results demonstrate the proposed algorithm is efficient and robust for
object detection and tracking. The presented algorithm transfers the tracking problem into a
searching problem by projecting potential solutions into a particle swarm searching. Each
particle is a high dimensional vector that presents a possible tracking window instead of only
a single pixel. Compared with pixel-classification methods [28], the presented algorithm
focuses more on pitches, which makes it more robust and gives it more natural and
continuous results. For tracking problem, due to the unpredictable character of images, it is
difficult to build up adaptive tracking windows both in locations and sizes. The proposed
algorithm integrates all parameters together into the frame of particles, which brings more
flexibility and reliability. With movement of particles, all parameters are adjusted naturally
without specific addressing, which makes the proposed algorithm easy to implement.
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Figure 4. Face detection and tracking with disappear and recapture.

The Bayes-based filter takes advantage of correlations between image frames to guide
and constrain PSO searching. In this way, the setting of PSO can be simplified and the
tracking procedure can be accelerated. Actually the introduction of the Bayes filter opens a
way to integrate PSO with other global algorithms. This frame can supply a good balance
between exploration and exploitation, which is more powerful than traditional searching
methods.

5. CONCLUSION

In this Chapter, an automatic object detection and tracking algorithm is proposed. First, a
cascade of classifiers based on Haar-like features is applied to detect people face. Then a
PSO-based searching algorithm searches for good candidates of adaptive tracking windows
with parameters on the current frame. Finally, Bayes-based filter is employed to identify the
best-matched tracking window under the motion constraints of the tracked object. The
proposed algorithm was applied for several video clips under dynamic environment in an
indoor office environment, which includes various situations like partially or completely
occlusion, disappearance, reappearance. Experimental results showed that our proposed
method is robust enough to adapt to the dynamic environment.

There are still several issues remained and need to be improved and extended in the
future work. As we mentioned above, more object features need to be embedded to train the
object model under different environment and light conditions. Furthermore, the employed
classifier method can be extended to multiple classifiers so that the structure of weak
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classifiers can be more adaptive to achieve higher robustness performance. The Bayes filter
can also be concreted by using some predefined knowledge of the tracked targets.
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