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Abstract: In this paper, we present a new algorithm to traekoving object based on color information emplgyan

particle filter algorithm. Recently, particle fitthas been proven very successful for non-linear mon-Gaussian
estimation problems. It approximates a posteriabpbility density of the state such as the objeditipn by using

samples which are called particles. The probabiliggribution of the state of the tracked objecapproximated by a
set of particles, where each state is denotedeabythothetical state of the tracked object anavégght. The particles
are propagated according to a state space mod#tismpaper, the state is treated as the positicheo object. The

weight is considered as the likelihood of eachiglartFor this likelihood, we consider the simitgrbetween the color
histogram of the tracked object and the region mdabe position of each particle. The Bhattachaiigtance is used to
measure this similarity. And finally, the mean staf the particles is treated as the estimatediponsf the object. The
experiments are performed to confirm the effectdgnof this method to track the moving object.
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[.INTRODUCTION

Tracking objects through the frames of an image
sequence is an elementary task in online and efflin
image-based applications including surveillance,
human-machine interface, motion capture, and médica
imaging, etc. Many researches of tracking objediogno

been typically used for tracking problems of moving
object contours. For another particle filter, Moftarlo
filter was introduced byKitagawa [2] and Bayesian
bootstrap filter was introduced by Gordon et a). [3

The most important step in tracking based on color
information is to establish color distribution made
which provides a basis for weight updating and dtairg

in image sequences have been proposed based o@ imag state estimation. There are different approachdsiiid

subtraction such as background subtraction and-inte
frame difference, optical flow, skin color extractiand
probabilistic methods such as Kalman filter andiplar
filter. Recently, probabilistic methods become gdapu
method among many researches. Kalman filter is a
common approach for dealing with target trackinghie
probabilistic framework. But it cannot resolve the
tracking problem when the model is nonlinear and-no
Gaussian. The extended Kalman filter can deal i® th
problem, but still has a problem when the nonlifigar
and non-Gaussian cannot be approximated accurately.
Recently, particle filter has been proven very
successful for non-linear and non-Gaussian estimati
problems [1-4]. It approximates a posterior probigbi
density of the state such as the object positionsigg
samples which are called particles. As for onehef t
particle filters, the Condensation algorithm was
introduced by M. Isard et a[l]. This algorithm has
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the target model. McKenna et al. [5] use adaptiverc
threshold to distinguish the target from backgrqund
Olson et al. [6] use model intensity of each piakthe
target with a normal distribution and Isard et[@].use

a mixture of Gaussian distribution to model pixalue.

But in practical application, all these methods razn
provide robust and computationally efficient satats
when the background and target are in a complicated
condition.

Comparatively, a color histogram has many
advantages for target tracking as it is robust ddigl
occlusion, rotation and scale invariant, and i® &asy
to be implemented [8-9]. In this paper, we employ a
particle filter to track a moving object based aioc
information. A target model is tracked using thetigke
filter by comparing its histogram with the histograf
every sample using the Bhattacharyya distance which
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makes the measurement matching and weight updating 2.2. Color Distribution M odel

more reasonable. To achieve robustness against mixed color, rotation
The remaining of this paper is organized as and variant illumination condition, we focus on
following. In section 2, we describe a dynamic niaafe weighted color histograms to represent the targeteh
our system and the color histogram of the trackgdab. The color histogram is used as the discretizedrcolo
The implementation of color histogram into particle distribution. Letm be the number of segments of the
filter is presented in section 3. Section 4 presemhe segmented color space. The histograms are produced
experimental results and finally section 5 is the from the functionh(x;) that assign the color at location
conclusion of the paper. X; to the corresponding bin. In this paper, we usdBRG
color space with &8><8 hins.
1. TRACKING AND COLOR . _We determine the (?olor distribution of t_hg_ object
DISTRIBUTION MODEL inside a rectangular region. Tollncrease the. rdibalof
the target model, smaller weight are assigned & th
2.1. Tracking M odel pixels that are further away from region center by
We consider the motion of a target as the discrete employing a weighting function
time 2 dimensional motion with constant velocithel 1-r2 <1
state vector at a time stdpis denoted byx, which g(r) :{ . (6)
0 otherwise

usually contains information about the coordinétéhe
current position of the object and the differentilit.
Our dynamical model is described as The color histogram py ={p§/u)}u =1...m at

locationy is calculated as
Xy = FXyg—q + Gwy ) ‘

Here,r is the distance from the center of the region

L bl

_ y o _ pil=f ¥ g J[h(x,—)—u] ()
whereF is the transition matrixG is the system noise j=1 a
matrix and w, is a Gaussian noise vector. This
d ical model i dinth li tep ofi " . . I
-ynamlca% modetis use !n © sampiing S P q:?ar position of pixels in the regiog is the Kronecker delta
filters. With the assumption that the object mowes  fnction, a is the normalization factorand f is the
constant velocity (uniform motion), we can desciibe scaling factor defined as

ti followi tions:
motion as following equations ;= 1 (8)

[ ly=xl
X = X + (X = Xea) @) Zi-1 g( a j
Vit = Vi + (Vi = Yka)

wherex, yx represent the center of the target region at " _
time step k, respectively. From this, the state The similarity between two color histograms

vectorxl(!)of the i-th particle at time stefx, system p={p(u)}u=1,---,m and q={q(u)}u=1,---,m is

Wherel is the number of pixels in the regiax,is the

to ensures tha " p{! =1.

matricesF and G and noise vectorsy, are defined measured using Bhattacharyya distance defined as
respectively as follows: d=y1- g p.ql 9)
. e N
@ - 0 (@) @ 0)
X =Yk - Yk @) where

ppal=>pMq® (10)
u=1

2 0-10 10
02 0 -1 0 1 From this equation, the larggrshows the more similar
F= 100 ol G= 0 0 4) the distributions. For two identical histograms etsain
01 0 0 0 0 pzl,_ indicating a perfect match.
Fig.1. shows an example of reference color
. . T histogram at time stefk, and the candidate color
WE) :[ngzwgﬂ (5) histogram at time stepwith hypothesized statg.
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1. Initialization:
+ Given the color histogram of tracked object:

q= {q(u)}u =1...m

\‘1 “ i + Initialize theN particles.

2. Important sampling : For each particle do the
following:
¢+ Propagate each sample according to system
model of Eq. (1).

\‘ bl + Calculate the color histograrrp;'l(g) from Eq. (7).

(b) + calculate the Bhattacharya coefficient

Fig.1. Color histogram used for tracking. (a) @&rehce i
9 g g-(a) dyo = /1-P[P(XE) j'q]

color histogram at time stdg (b) candidate color

histogram at time stelp + calculate the weight
20 = _ ‘Plp(xlg))ql)
[11.IMPLEMENTATION OF PARTICLE N Dy 202
FILTER

In the particle filter, the probability distributioof 3. Estimated position ofx, according to mean

the state of the tracked object is approximated lsgt estimate :
; D_py @ (N (1= 0 j N () (

of particless"={x®, 2} (i=1,2,...N) where eac® is E(Xk)=Zi:1ﬂ|E')X|(<')

denoted as the hypothetical state of the trackgecbb
and 7 is its weight. In this paper, the state is treaed
the position of the object. The particles are pgaped 0 0
according to a system model. Then, the mean sfate o Xy 1=1...N
the particles is treated as the estimated postiothe + Calculate the normalized cumulative probability
object. The weight is considered as the likelihadd
each particle. For this likelihood, we consider the
similarity between the color distributions of thadked
object and the regioraround the position of each
particle using Bhattacharya distance.

The weightz" of i-th statex?) is calculated as

4. Resampling : Generate a new set of samples

ck(') :

(i)
©) _ (i) = ~(-D) () 0 - %
Cy =0, C' =C 7 +m’, ¢ _cl((_N)

¢ Generate Uniformly distributed numbgr[0,1].
Find, by binary search, the smallgdbr which

() 1 42 c;((j) >rand setxl((i) =xl((j)
i
Yy’ o= exp| - ——
. (11) V. EXPERIMENTAL RESULT
= ! exp| - ﬁ—p[p(x('))q]) We have done the experimettt track a movin

object with our proposed method. The experimengs ar

Wherep(x”) andq are the color histogram of sample implemented on Pentium IV with 2.53 GHz CPU and
and target, respectively. From this equation we sm@m 512 MB RAM. The resolution of each frame is
that small Bhattacharya distance corresponds @elar 390 240pixels image.

weight. During resample step of particle filterrgdes
with a high weight may be chosen several timesitepd
to identical copies, while others with relativelgw

Initially, we prepared the color histogram of the
tracked object and the region to make the histogras
set to 30 x 30 pixels. We performed the experiment

weights may be ignored. _ _ using 100 and 300 particles. Fig.2 and Fig.3 shosv t
The proposed tracking algorithm is performed by oy herimental results of the tracking object. Thel re
four steps as following:
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circle shows the estimated position of the tracking
object and the red square shows the region of the [1]
tracked object used in color histogram. As shown in
those figure, the accuracy of the tracking ressihg
100 particles is lower than using 300 particleswigeer,

in both case, satisfactory experimental results are
achieved with RMSE for each case is 6.48 and 2.28,
respectively.

2]

[3]

V. CONCLUSION 4]

This paper presented a new method to track the
moving object based on color information employing
particle filter algorithm. The experimental results
showed the satisfactory performance on each frame.

Furthermore, the performance of the tracking of the [6]
moving object needs moreamprovement. There are
many aspects in tracking the moving object thatrente
considered yet in this paper. The problem of oéchss
between object and speed up the computationaldin@e
examples of related studies conducted by existing
researchers. Taking them into consideration coegd |
to some improvement. These are remaining for our
future works.

[5]

[7]

[8]

[9]
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Fig.3. Tracking result using 300 particles
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