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Abstract | Robust real-time trac king of non-rigid ob jects
is a challenging task. Particle �ltering has b een pro ven very
successful for non-linear and non-Gaussian estimation prob-
lems. Ho wever, for the trac king of non-rigid ob jects, the
selection of reliable image features is also essential.

This pap er presen ts the in tegration of color distributions
in to particle �ltering, whic h has t ypically used edge-based
image features. Color distributions are applied as they are
robust to partial occlusion, are rotation and scale in varian t
and computationally e�cien t. Th us, the target mo del of
the particle �lter is de�ned by the color information of the
trac ked ob ject. As the trac ker should �nd the most probable
sample distribution, the mo del is compared with the curren t
hyp otheses of the particle �lter using the Bhattac haryy a
coe�cien t, whic h is a p opular similarit y measure b et ween
t wo distributions. The prop osed trac king metho d directly
incorp orates the scale and motion changes of the ob jects.
Comparisons with the well kno wn mean shift trac ker show
the adv an tages and limitations of the new approac h.

Keywor ds| Ob ject trac king, Condensation algorithm,
Color �ltering, Bhattac haryy a coe�cien t, Mean shift trac k-
ing

I. Intr oduction

Object tracking is required by many vision applications
such as human-computer interfaces [1], video communica-
tion/compression [2] or surveillance[3], [4], [5]. In this con-
text, particle �lters provide a robust tracking framework
as they are neither limited to linear systems nor require
the noise to be Gaussian. They have typically been used
with edge-basedimage features [6], [7], [8]. The idea of a
particle �lter { to apply a recursive Bayesian �lter based
on sample sets { was independently proposed by several
research groups [7], [9], [10]. Our work has evolved from
the Condensationalgorithm [7] which wasdeveloped in the
computer vision communit y. At the sametime this �ltering
method was studied both for statistics and signal process-
ing known as Bayesianbootstrap �lter [9] or Monte Carlo
Filter [10].

We proposeto usesuch a particle �lter with color-based
image features. Color histograms in particular have many
advantagesfor tracking non-rigid objects asthey are robust
to partial occlusion,arerotation and scaleinvariant and are
calculated e�cien tly . A target model is tracked with a par-
ticle �lter by comparing its histogram with the histograms
of the samplepositions using the Bhattacharyya distance.
A complete segmentation of the image is not required as
the imagecontent only needsto be evaluated at the sample
positions. Figure 1 shows an application of the color-based
particle �lter for tracking the faceof a soccer player.

A related approach is the mean shift tracker [11] which
also usescolor distributions. By employing multiple hy-
pothesesand a model of the systemdynamicsour proposed
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Fig. 1. A color-based target model and the di�eren t hypotheses
(black ellipses) that are calculated with the particle �lter. The white
ellipse represents the expected object location.

method can track objects more reliably in casesof clutter
and occlusions. In comparison to edge-basedparticle �l-
ters [6], [7], [8], our target model is more robust against
out-of-plane rotations. In [12] color information has been
used in particle �ltering for initialization and importance
sampling. Furthermore, in a recent paper [13], color cues
havebeenemployed in a foregroundand background model
using Gaussian mixtures. Our target model has the ad-
vantage of matching only objects that have a similar his-
togram, whereasfor Gaussian mixtures objects that con-
tain one of the colors of the mixture will already match.

The outline of this paper is as follows. In Section I I we
brie
y describe particle �ltering and in Section I I I we indi-
catehow color distributions areusedasobject models. The
integration of the color information into the particle �lter is
explained in Section IV. As tracked objects may disappear
and reappear an initialization basedon an appearancerule
is intro duced in Section V. Section VI comparesthe mean
shift tracker [11] with our proposedtracking framework as
both methods use related color features as object models.
In Section VI I we then present someexperimental results
for surveillance and soccer scenes.

I I. Par ticle Fil tering

Particle �ltering [7] was developed to track objects in
clutter, in which the posterior density p(X t jZ t ) and the
observation density p(Z t jX t ) are often non-Gaussian.The
quantities of a tracked object are described in the state
vector X t while the vector Z t denotesall the observations
f z1; : : : ; zt g up to time t.
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The key idea of particle �ltering is to approximate
the probabilit y distribution by a weighted sample set
S = f (s(n ) ; � (n ) )jn = 1: : : N g. Each sample consistsof an
element s which represents the hypothetical state of an ob-
ject and a corresponding discrete sampling probabilit y �
where

P N
n =1 � (n ) = 1.

The evolution of the sampleset is described by propagat-
ing each sampleaccording to a system model. Then, each
element of the set is weighted in terms of the observations
and N samplesare drawn with replacement, by choosinga
particular samplewith probabilit y � (n ) = p(zt jX t = s(n )

t ).
The meanstate of an object is estimated at each time step
by

E[S] =
NX

n =1

� (n ) s(n ) : (1)

Particle �ltering provides a robust tracking framework,
as it models uncertainty. It can keepits options open and
consider multiple state hypothesessimultaneously. Since
lesslikely object stateshavea chanceto temporarily remain
in the tracking process,particle �lters can deal with short-
lived occlusions.

I I I. Color Distribution Model

We want to apply such a particle �lter in a color-based
context. To achieve robustnessagainst non-rigidit y, rota-
tion and partial occlusionwe focuson color distributions as
target models. Theseare represented by histograms which
are produced with the function h(x i ), that assignsone of
the m-bins to a given color at location x i . The histograms
are typically calculated in the RGB spaceusing 8x8x8bins.
To make the algorithm lesssensitive to lighting conditions,
the HSV color spacecould be usedinstead with lesssensi-
tivit y to V (e.g. 8x8x4 bins).

Not all pixels in the region are equally important to de-
scribe the objects. For example, pixels that are further
away from the regioncenter canbeassignedsmallerweights
by employing a weighting function

k(r ) =
�

1 � r 2 : r < 1
0 : otherwise

(2)

where r is the distance from the region center. Thus, we
increasethe reliabilit y of the color distribution when these
boundary pixels belongto the background or get occluded.
It is also possibleto use a di�eren t weighting function for
example the Epanechnikov kernel [11].

The color distribution p(y) = f p(y)(u) gu=1 ::: m at loca-
tion y is calculated as

p(y)(u) = f
IX

i =1

k
�

ky � x i k
a

�
� [h(x i ) � u] (3)

where � is the Kronecker delta function and the parameter
a is usedto adapt the sizeof the region. The normalization
factor

f =
1

P I
i =1 k

�
ky � x i k

a

� (4)

ensuresthat
P m

u=1 p(y)(u) = 1.
In a tracking approach the estimated state is updated

at each time step by incorporating the new observations.
Therefore, we needa similarit y measurewhich is basedon
color distributions. A popular measurebetweentwo distri-
butions p(u) and q(u) is the Bhattacharyya coe�cien t [14],
[15]

� [p;q] =
Z p

p(u) q(u) du: (5)

Considering discrete densities such as our color his-
tograms p = f p(u)gu=1 ::: m and q = f q(u) gu=1 ::: m the co-
e�cien t is de�ned as

� [p;q] =
mX

u=1

p
p(u) q(u) : (6)

The larger � is, the more similar the distributions are. For
two identical histograms we obtain � = 1, indicating a
perfect match. As distance between two distributions we
de�ne the measure

d =
p

1 � � [p;q] (7)

which is called the Bhattacharyya distance.

IV. Color-based Par ticle Fil tering

The proposed tracker employs the Bhattacharyya dis-
tance to update the a priori distribution calculated by the
particle �lter. The target regions are represented by el-
lipses,so that a sample is given as

s = f x; y; _x; _y; H x ; H y ; _H x ; _H y g (8)

where x, y represent the location of the ellipse, _x, _y the
motion, H x , H y the length of the half axesand _H x , _H y the
corresponding changes.As we considera whole sampleset
the tracker handlesmultiple hypothesessimultaneously.

The sampleset is propagated through the application of
a dynamic model

st = A st � 1 + w t � 1 (9)

where A de�nes the deterministic and w t � 1 the stochastic
component. In our application wecurrently usea �rst order
model for A describing an object moving with constant
velocity for x, y, H x and H y . Expanding this model to
secondorder is straightforward.

To weigh the sample set, the Bhattacharyya coe�cien t
has to be computed between the target distribution and
the distribution of the hypotheses. Each hypothetical re-
gion is speci�ed by its state vector s(n ) . Both the tar-
get q and the candidate histogram p(s(n ) ) are calculated
from Eq. 3 where the target is centered in the origin and

a =
q

H 2
x + H 2

y . Currently a �xed target model is used,
but an adaptive approach as presented in [16], [17] could
also be implemented.

As wewant to favor sampleswhosecolor distributions are
similar to the target model, the Bhattacharyya distance is
usedfor the weighting. The probabilit y of each sample

� (n ) =
1

p
2� �

e� d2

2 � 2 =
1

p
2� �

e� (1 � � [p(s( n ) ) ;q])
2 � 2 (10)
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Given the sampleset St � 1 and the target model

q = f
P I

i =1 k
�

kx i k
a

�
� [h(x i ) � u],

perform the following steps:

1. Select N samplesfrom the set St � 1 with
probabilit y � (n )

t � 1:
(a) calculate the normalized cumulativ e

probabilities c0
t � 1

c(0)
t � 1 = 0

c(n )
t � 1 = c(n � 1)

t � 1 + � (n )
t � 1

c0(n )
t � 1 =

c( n )
t � 1

c( N )
t � 1

(b) generatea uniformly distributed random
number r 2 [0; 1]

(c) �nd, by binary search, the smallest j for
which c0( j )

t � 1 � r

(d) set s0(n )
t � 1 = s( j )

t � 1

2. Propagate each samplefrom the set S0
t � 1 by

a linear stochastic di�eren tial equation:
s(n )

t = A s0(n )
t � 1 + w (n )

t � 1

where w (n )
t � 1 is the stochastic component

3. Observ e the color distributions:
(a) calculate the color distribution

p(s(n )
t )(u) = f

P I
i =1 k

� 




 s( n )

t � x i








a

�
� [h(x i ) � u]

for each sampleof the set
(b) calculate the Bhattacharyya coe�cien t for

each sampleof the set St

� [p(s(n )
t ); q] =

P m
u=1

q
p(s(n )

t )(u) q(u)

(c) weight each sample

� (n )
t = 1p

2� �
e� (1 � � [p(s( n )

t ) ;q])
2 � 2

4. Estimate the mean state of the set St

E[St ] =
P N

n =1 � (n )
t s(n )

t

Fig. 2. An iteration step of the color-based particle �lter.

is speci�ed by a Gaussianwith variance� . During �ltering,
sampleswith a high weight may be chosenseveral times,
leading to identical copies,while others with relatively low
weights may not be chosenat all. The programming details
for one iteration step are given in Figure 2.

To illustrate the distribution of the sampleset, Figure 3
shows the Bhattacharyya coe�cien t of a small areaaround
the tracked face of the soccer player shown in Figure 1.
The samplesare located around the maximum of the Bhat-
tacharyya coe�cien t which represents the best match to
the target model. As can be seen, the calculated mean
state of the sample distribution corresponds well to the
maxima and consequently the localization of the face is
very accurate.

V. Initializa tion

For the initialization of the particle �lter, we have to
�nd the initial starting valuesx, y, H x and H y . There are
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Fig. 3. Surface plot of the Bhattac haryy a coe�cien t of a small area
around the face of the soccer player shown in Figure 1. The black
points illustrate the centers of the ellipses of the sample set while the
white point represents the mean location.

three possibilities depending on the prior knowledgeof the
target object: manual initialization, automatic initializa-
tion using a known histogram as target model or an object
recognition algorithm that �nds interesting targets. The
manual initialization requires operator interaction at the
beginning of the tracking. Furthermore, the whole object
must be fully visible, so that a good color distribution can
be calculated.

If the object histogram q = f q(u)gu=1 ::: m is known, we
can place samplesstrategically at positions where the tar-
get is expected to appear (seeFig. 4). The tracker should
detect the object when it enters the �eld of view of the
camera. In this case,the Bhattacharyya coe�cien t in the
vicinit y of the object position should be signi�can tly higher
than the averagecoe�cien t of the background. Therefore,
we �rst calculate the mean value � and the standard devi-
ation � of the Bhattacharyya coe�cien t for every pixel of
a background image:

� =
1

M

MX

i =1

� [p(x i ); q] (11)

Fig. 4. The samples are spread over the image areas, where the
known object is most lik ely to appear, lik e doors and image borders.
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frame 1

frame 50

frame 55

Fig. 5. Snowboarder sequencetracked with the mean shift algorithm.
In frame 50 the tracker loses the object and it is not able to recover
afterw ards.

� 2 =
1

M

MX

i =1

(� [p(x i ); q] � � )2 (12)

and then de�ne an appearancerule as

� [p(s(n )
t ); q] > � + 2� : (13)

This indicates a 95% con�dence that a sample does not
belong to the background. If more than a fraction f of the
sampleset ful�lls the appearancerule during initialization,
we consider the object to be found and start tracking.

Likewise, the same rule is used to determine if an ob-
ject is lost during the tracking. If the number of positive
appearancesis smaller than f for a couple of frames, the
tracker enters the `initialization' mode. In our experiments
a value of f = 0:1 has beenproven su�cien t.

As the most advancedinitialization method weusea face
detection schemebasedon Support Vector Machines[18] to
�nd a target location and calculate the color distribution
to initialize the particle �lter. Using existing collections
of classesfaces and non-faces, the data classi�cation al-
gorithm basedon SVM calculatesan optimal hyper-plane

frame 1

frame 50

frame 55

Fig. 6. Snowboarder sequencetracked with the color-based particle
�lter. The tracker is able to follow the fast moving object during the
whole sequence.

that separatesthese two classes.After training, an image
region is classi�ed to determine whether it contains a face
or not. When a facehasbeenrecognized,the particle �lter
is initialized at the found position.

VI. Comparison with the Mean Shift Tra cker

The meanshift algorithm hasbeenintro ducedrecently in
several computer vision papers for tracking and segmenta-
tion applications [11], [19]. It is a simple and fast adaptive
tracking procedure that �nds the maximum of the Bhat-
tacharyya coe�cien t given a target model and the starting
location x, y and size H x , H y . Based on the mean shift
vector which is an estimation of the gradient, the new ob-
ject location is calculated. This step is repeated until the
target location no longer signi�can tly changes.The scaling
is taken into account by calculating the Bhattacharyya co-
e�cien t for three di�eren t sizes(samescale,� 5% change)
and choosing the sizewhich givesthe highest similarit y to
the target model.

To illustrate the di�erences between the mean shift
tracker and our proposal we consider the snowboarder se-
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Fig. 7. Running times between two successive frames of the snow-
boarder sequence.

quence which is processedwith a 800Mhz Pentium3 PC
under Linux. The goal is to follow the snowboarder during
his jump. The imagesizeis 352x240pixels and the dimen-
sions of the initial elliptical search region is 14x22 pixels.
The sequencehas been processedusing the two trackers.
Figure 5 shows the result of the mean shift algorithm and
Figure 6 the result of our color-basedparticle �lter using
N = 100 samples. In both casesscaling was included and
the histograms were calculated in the RGB color spaceus-
ing 8x8x8 bins.

One of the biggest problems in motion-basedtracking is
to lose the object due to rapid movements. Such a situa-
tion is shown in Figure 5 on frame 50. If the old and new
region do not overlap the mean shift tracker can converge
to a local maxima on the background that has a similar
color distribution asthe target model. In this situation the
tracker hasno chanceto recover and must be re-initialized.
If a Kalman �lter is usedto estimate the starting location
for the mean shift iterations [20], the situation improves
as the regionsno longer needto overlap and the tracker is
more likely to converge to the correct maxima. However,
as a single hypothesis is used the tracker will still have
problems to follow the object through clutter. In contrast,
the particle �lter tracks multiple hypothesesand is there-
fore more reliable. For a more detailed discussionabout
the advantagesof particle �ltering vs. Kalman �ltering in
regard to non-linear and non-Gaussianproblems see[7].

The mean shift algorithm has itself no scaleadaptation.
In practice, this hasto be handled by calculating the Bhat-
tacharyya distancewith di�eren t �xed scalevaluesin order
to detect possiblesizechangesduring the sequence.In our
particle �ltering the scaleis directly integrated and prop-
agated using the system model. Consequently , the scale
changesunrestricted and adapts better to the actual sizeof
the object and is more accurate. As a further improvement
the acceleration of the movement could also be included
into the state vector. This facilitates to track objects with
more complex movements with rapid stops and turns.

The mean shift tracker has the advantage that a more
preciselocalization is calculated that correspondsto a max-
ima of the similarit y. In particle �ltering the mean value

Fig. 8. Camera setup and the human movement of the surveil lance
example.

of the sampledistribution has to be calculated as an esti-
mation of the object location. Accordingly, the accuracyof
the tracker is dependent on the sizeof the sampleset. By
increasing the number of samplesthe discretization error
can be decreased.

The running time to processone frame depends mainly
on the region sizefor both approachesas several color dis-
tributions have to be calculated. When using mean shift,
the number of thesecalculations dependson the number of
iterations, and in particle �ltering on the number of sam-
ples. The computing times of both trackers for the snow-
boarder sequenceare shown in Figure 7. On the average,
the mean shift tracker is faster but needsmore computa-
tion time in frameswhere it is losing the object. However,
both trackers run in real time.

VI I. Resul ts

Some of the most important object tracking applica-
tions are surveillancesystems.Thesekind of systemsmust
perform many computer vision tasks like object tracking,
recognition, classi�cation and analysis of di�eren t actions.

We consider such a surveillance sequenceof 450 frames
to demonstrate the e�ciency of our approach. The system
usestwo �xed camerasto track a person who is moving
inside two connectedrooms. The con�guration is shown in
Figure 8. The camerasare kept static without any zoom,
pan or tilt and their relative exterior orientation is known.
Camera 1 in room A is pointed to a door which leads to
a closedroom B that is observed by camera2. Currently ,
the trackers in both camerasare working independently ,
i.e. each of them usesa separateparticle �lter.

For our surveillance task of following a personinside the
rooms,we usea �rst order kinematic model for the system
dynamics (Eq. 9). The new state parametersare predicted
based on the old values and an uncertainty vector. The
noiseterms are chosenproportional to the sizeof the initial
region. In fact, both the systemand noisemodelsrepresent
prior knowledgeof the tracking framework.

In this experiment we used the initialization method
based on a known histogram. Figure 9 shows the target
histogram of the face/head tracker. Both trackers are put
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Fig. 9. Known face histogram for the surveil lance example.

into the `initialization' mode and will start tracking assoon
asa personenters their �eld of view. When the personlater
leaves the room, the corresponding tracker will return to
the `initialization' mode. In Figure 10 and Figure 11 the
results of camera 1 respectively camera 2 are shown. The
trackers handle the initialization successfully, even when
the person is appearing from di�eren t sides. Also scale
changesand out-of-plane rotations are processed.In par-
ticular, the rotations are very large as the faceis seenfrom
the front as well as from the side.

The method could be further improved by letting the
trackersexchangeinformation. For examplewhen a person
leavesroom B, the exact position, velocity and region size
could be given to the tracker in room A which can then
initialize a sampledistribution using this knowledge.

Switching between the `initialization' and `tracking'
modes is done by applying the appearancerule given in
Eq. 13. Figure 12 shows the number of positive ap-
pearancesfor both cameras. In this experiment we used
N = 100 samplesand the fraction was set to f = 0:1.

To demonstrate the robustness of our particle �lter
against occlusion and rapid movements, we applied it to
a soccer sequenceand let the tracker follow a single player
over 438 frames. The results are displayed in Figure 13.
In this sequencethe camera is not �xed but moving. The
player is completely occluded by the refereein frame 156,
but despite of other good object candidates in the neigh-
borhood, the particle �lter performs perfectly. Small gaps
during tracking can occur when the occlusioncontinuesfor
a longer period. In these cases,the mean state is not lo-
cated very accurately for a short time, but due to multiple
hypothesesthe tracker can recover the player. Figure 14
shows the sizesand displacements of the object region dur-
ing the soccer sequence. It can be seen, that the scaling
changesquite smoothly.

In Figure 15 we considera moving stairs sequenceof 90
frames in a train station. A static surveillance camera is
installed to track the facesof passingpassengers.In this
experiment the e�ciency of color-based particle �ltering
against occlusion and large scalechangesas well as the ef-

frame 1 frame 44

frame 111 frame 140

frame 387 frame 430

Fig. 10. Frame selection from the surveil lance sequenceof camera 1.

fect of the `initialization' mode can be observed. During
the whole sequencethe tracker has to cope with a large
scalechangeas the person is approaching the surveillance
camera. In frame 19, the object is temporarily lost as it
is completely occluded, but can be recoveredusing the ap-
pearancerule given in Eq. 13. The new initial location
is poor at the beginning but improves quickly after a few
frames with the useof multiple hypotheses.

In the last experiment we want to point out a current
limitation of the tracker. Figure 16showsa tra�c sequence
of 257 frames recorded by a freeway monitoring system.
As we are currently working with a �xed target model,
the resulting region gets stuck on the left front side of the
car. This is the case,as the target histogram was chosen
in the �rst frame and not updated over the sequence.To
overcomethis problem an adaptive target model could be
implemented similar as in [16], [17].

VI I I. Conclusion

The proposedtracking method adds the robustnessand
invariance of color distributions to particle �ltering. The
tracker can successfullyhandle a fast moving object, even
if its search regions do not overlap in consecutive frames.
As multiple hypothesesare generated,objects can be well
tracked in casesof occlusion or clutter. The proposedal-
gorithm runs comfortably in real time with 10 to 30 frames
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frame 1 frame 125

frame 213 frame 350

Fig. 11. Frame selection from the surveil lance sequenceof camera 2.

per secondwithout any special optimization.
The object model is represented by a weighted histogram

which takes into account both the color and the shape of
the target. The number of bins in the histogram should be
optimized to the noiseof the camera,as too many bins can
otherwise posea problem. In thesecases,a di�eren t simi-
larit y measurecould be consideredthat also takesinto ac-
count neighboring bins. In addition, further improvements
can be achieved by using a di�eren t weighting function for
the histograms to put more emphasison the shape of the
object.

We are currently using a straight forward kinematic sys-
tem model to propagate the sample set. By incorporat-
ing more a priori knowledge, for example by employing a
learned motion model, the quality of the tracking could be
further improved.
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Fig. 12. The number of samples in each frame that ful�ll the ap-
pearance rule for the surveil lance sequence.

frame 1 frame 101

frame 151 frame 156

frame 161 frame 166

Fig. 13. This soccer sequence shows the successful tracking of a
player in casesof occlusion and rapid movement.

The �xed target model posesa limitation in sceneswhere
the object changessigni�can tly . Our research interestsnow
focus on slowly adapting models which can cope with ap-
pearancechanges.We are also investigating multiple cam-
era systemsthat can exchangeinformation about the state
of the objects that they track.

Ackno wledgment

This research was partially supported by STAR (IST-
2000-28764)which is a project of the European Commis-
sion and by the GOA/99/05-VHS project �nanced by Re-
search Fund K.U.Leuven. The authors would like to thank
David Serby for providing the implementation of the par-
ticle �lter.

References
[1] M. Black and A. Jepson, \A probabilistic framework for match-

ing temp oral tra jectories: Condensation-based recognition of
gestures and expressions," in European Conference on Com-
puter Vision , 1998, vol. 1, pp. 909{924.

[2] B. Menser and M. Br •unig, \F ace detection and tracking for
video coding applications," in Asilomar Conference on Signals,
Systems, and Computers , 2000, vol. 1, pp. 49{53.

[3] D. Beymer, P. McLauc hlan, B. Coifman, and J. Malik, \A real-
time computer vision system for measuring tra�c parameters,"
in Computer Vision and Pattern Recognition , 1997, pp. 495{501.

[4] M. Grei�enhagen, V. Ramesh, D. Comaniciu, and H. Niemann,
\Statistical modeling and performance characterization of a real-



60

50 100 150 200 250 300 350 400
-10

-5

0

5

10

15

20

25

Frame index

S
iz

e 
[p

ix
el

s]
   

   
   

   
 

Fig. 14. The sizes and displacements along the x-coordinate of the
object region during the soccer sequenceis shown for every �fth frame.
The scaling changes relativ ely smoothly .

time dual camera surveillance system," in Computer Vision and
Pattern Recognition , 2000, vol. 2, pp. 335{342.

[5] J. Segen and S. Pingali, \A camera-based system for tracking
people in real time," in International Conference on Pattern
Recognition , 1996, vol. 3, pp. 63{67.

[6] T. Heap and D. Hogg, \W ormholes in shape space: Tracking
through discontin uous changes in shape," in International Con-
ference on Computer Vision , 1998, pp. 344{349.

[7] M. Isard and A. Blak e, \CONDENSA TION { conditional den-
sity propagation for visual tracking," International Journal on
Computer Vision , vol. 29, no. 1, pp. 5{28, 1998.

[8] J. MacCormic k and A. Blak e, \A probabilistic exclusion princi-
ple for tracking multiple objects," in International Conference
on Computer Vision , 1999, vol. 1, pp. 572{587.

[9] N. Gordon and D. Salmond, \Ba yesian state estimation for
tracking and guidance using the bootstrap �lter," Journal of
Guidance, Contr ol and Dynamics , vol. 18, no. 6, pp. 1434{1443,
1995.

[10] G. Kitaga wa, \Mon te Carlo �lter and smoother for non-Gaussian
nonlinear state space models," Journal of Computational and
Graphical Statistics , vol. 5, no. 1, pp. 1{25, 1996.

[11] D. Comaniciu, V. Ramesh, and P. Meer, \Real-time tracking
of non-rigid objects using mean shift," in Computer Vision and
Pattern Recognition , 2000, vol. 2, pp. 142{149.

[12] M. Isard and A. Blak e, \ICONDENSA TION: Unifying low-level
and high-lev el tracking in a stochastic framework," in European
Conference on Computer Vision , 1998, vol. 1, pp. 893{908.

[13] M. Isard and J. MacCormic k, \BraMBLe: A bayesian multiple-
blob tracker," in International Conference on Computer Vision ,
2001, pp. 34{41.

[14] F. Aherne, N. Thacker, and P. Rockett, \The Bhattac haryy a
metric as an absolute similarit y measure for frequency coded
data," Kybernetika , vol. 32, no. 4, pp. 1{7, 1997.

[15] T. Kailath, \The divergence and Bhattac haryy a distance mea-
sures in signal selection," IEEE Transactions on Communic a-
tion Technology, vol. COM-15, no. 1, pp. 52{60, 1967.

[16] A. Jepson, D. Fleet, and T. El-Maraghi, \Robust online appear-
ance models for visual tracking," IEEE Conference on Computer
Vision and Pattern Recognition , vol. 1, pp. 415{422, 2001.

[17] Y. Raja, S. McKenna, and S. Gong, \T racking and segmenting
people in varying ligh ting conditions using colour," in 3rd In-
ternational Conference on Face and Gesture Recognition , 1998,
pp. 228{233.

[18] C. Burges, \A tutorial on support vector machines for pattern
recognition," vol. 2, pp. 121{167, 1998.

[19] A. Yilmaz, K. Sha�que, N. Lobo, X. Lin, T. Olson, and M. Shah,
\T arget-trac king in FLIR imagery using mean-shift and global
motion compensation," in Computer Vision Beyond the Visible
Spectrum , 2001, pp. 54{58.

[20] D. Comaniciu and V. Ramesh, \Mean shift and optimal predic-
tion for e�cien t object tracking," in International Conference
on Image Processing, 2000, vol. 3, pp. 70{73.

frame 1 frame 11

frame 19 frame 26

frame 31 frame 81

Fig. 15. The moving stairs sequence shows the e�ciency of the
color-based particle �lter against occlusion and strong scale changes.
Furthermore, in frame 26 the e�ect of the initialization is illustrated.

frame 1 frame 80

frame 150 frame 225

Fig. 16. Tra�c sequence where the resulting region is inaccurate
located on the left front side of the car due to large histogram changes
of the target.


