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Abstract

Robust real-time tracking of non-rigid objects is a challenging task. Particle �l-
tering has proven very successfulfor non-linear and non-Gaussianestimation prob-
lems.The article presents the integration of color distributions into particle �ltering,
which hastypically beenusedin combination with edge-basedimagefeatures.Color
distributions are applied as they are robust to partial occlusion, are rotation and
scale invariant and computationally e�cien t. As the color of an object can vary
over time dependent on the illumination, the visual angle and the cameraparame-
ters, the target model is adapted during temporally stable image observations. An
initialization basedon an appearancecondition is introduced sincetracked objects
may disappear and reappear. Comparisonswith the mean shift tracker and a com-
bination betweenthe mean shift tracker and Kalman �ltering show the advantages
and limitations of the new approach.

Key words: Particle �ltering, Condensationalgorithm, Color distribution,
Bhattacharyya coe�cien t, Mean shift tracker

1 In tro duction

Object tracking is requiredby many vision applicationssuch ashuman-computer
interfaces[2], video communication/compression[22] or surveillance[3, 9, 27].
In this context, particle �lters provide a robust tracking framework as they
are neither limited to linear systemsnor require the noiseto be Gaussian.
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The ideaof a particle �lter { to apply a recursive Bayesian�lter basedon sam-
plesets{ wasindependently proposedby several research groups[8, 12, 14, 18].
Our work hasevolved from the Condensationalgorithm [12, 14]which wasde-
veloped in the computer vision community and was typically usedwith edge-
basedimage features[11, 12, 14, 20]. At the sametime this �ltering method
was studied both in statistics and signal processingknown in that context as
Bayesianbootstrap �lter [8] or Monte Carlo Filter [18].

We proposeto usesuch a particle �lter with color-basedimagefeatures.Color
histogramsin particular have many advantagesfor tracking non-rigid objects
asthey arerobust to partial occlusion,arerotation and scaleinvariant and are
calculated e�cien tly. A target is tracked with a particle �lter by comparing
its histogram with the histograms of the sample positions using the Bhat-
tacharyya distance.Figure 1 shows the application of the color-basedparticle
�lter for tracking the faceof a soccerplayer.

The novelty of the proposedapproach mainly lies in the original mixture of ef-
�cient components that togetheryield a reliableand fast tracking performance
for non-rigid objects.

In general, tracking methods can be divided into two main classesspeci�ed
as bottom-up or top-downapproaches. In a bottom-up approach the image is
segmented into objects which are then used for the tracking. For example
blob detection [19] can be usedfor the object extraction. In contrast, a top-
downapproach generatesobject hypothesesand tries to verify them using the
image.Typically, model-based[12, 14] and template matching approaches[5]
belong to this class.The proposedcolor-basedparticle �lter follows the top-
downapproaches,in the sensethat the imagecontent is only evaluated at the
samplepositions.

The related meanshift tracker by Comaniciuet al. [5] alsousescolor distribu-
tions. By employing multiple hypothesesand a model of the systemdynamics
our proposedmethod can track objects more reliably in casesof clutter and
occlusions.Jepsonet al., McKenna et al. and Raja et al. [16, 21, 26] have al-
ready discussedadaptive models,but theseapproachesemploy Gaussianmix-
ture modelswhile we usecolor histogramstogether with multiple hypotheses.
Isard et al. [15] have already employed color information in particle �ltering
by using Gaussianmixtures. In comparison, our target model has the ad-
vantage of matching only objects that have a similar histogram, whereasfor
Gaussianmixtures objects that contain one of the colors of the mixture will
already match. Recently, P�erez et al. [25] introduced an approach that also
usescolor histograms and a particle �ltering framework for multiple object
tracking. The two independently proposedmethods di�er in the initialization
of the tracker, the model update, the region shape and the observation of the
tracking performance.
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Fig. 1. A color-basedtarget model and the di�eren t hypotheses(black ellipses)cal-
culated with the particle �lter. The white ellipseon the left represents the expected
object location.

The outline of this article is asfollows. In Section2 we brie
y describe particle
�ltering and in Section3 we indicate how color distributions areusedasobject
models. The integration of the color information into the particle �lter is
explained in Section4 and Section5 describes the model update. As tracked
objects may disappear and reappear an initialization basedon an appearance
condition is introducedin Section6. Section7 comparesthe meanshift [5] and
the Kalman/mean shift tracker [6] with our proposedtracking framework. In
Section 8 we present someexperimental results and �nally , in Section 9, we
summarizeour conclusions.

2 Particle Filtering

Particle �ltering [12, 14] was originally developed to track objects in clutter.
The state of a tracked object is described by the vector X t while the vector
Z t denotesall the observations f z1; : : : ; ztg up to time t. Particle �lters are
often used when the posterior density p(X t jZ t ) and the observation density
p(Z t jX t ) are non-Gaussian.

The key idea of particle �ltering is to approximate the probability distribu-
tion by a weighted sample set S = f (s(n) ; � (n))jn = 1: : : N g. Each sample s
represents onehypothetical state of the object, with a corresponding discrete
samplingprobability � , where

P N
n=1 � (n) = 1.

The evolution of the sampleset is described by propagating each sampleac-
cording to a systemmodel. Each element of the set is then weighted in terms
of the observations and N samplesare drawn with replacement, by choosing
a particular samplewith probability � (n) = p(zt jX t = s(n)

t ). The mean state

3



of an object is estimatedat each time step by

E[S] =
NX

n=1

� (n)s(n) : (1)

Particle �ltering provides a robust tracking framework, as it models uncer-
tainty. It can keep its options open and considermultiple state hypotheses
simultaneously. Since less likely object states have a chance to temporarily
remain in the tracking process,particle �lters can deal with short-lived occlu-
sions.

3 Color Distribution Mo del

We want to apply a particle �lter in a color-basedcontext. Color distributions
are used as target models as they achieve robustnessagainst non-rigidity,
rotation and partial occlusion.Supposethat the distributions are discretized
into m-bins.The histogramsareproducedwith the function h(x i ), that assigns
the color at location x i to the corresponding bin. In our experiments, the
histogramsare typically calculated in the RGB spaceusing 8� 8� 8 bins. To
make the algorithm lesssensitive to lighting conditions, the HSV color space
could be usedinstead with lesssensitivity to V (e.g. 8� 8� 4 bins).

We determinethe color distribution inside an upright elliptic region with half
axes Hx and Hy. To increasethe reliabilit y of the color distribution when
boundary pixels belong to the background or get occluded, smaller weights
are assignedto the pixels that are further away from the region center by
employing a weighting function

k(r ) =

8
><

>:

1 � r 2 : r < 1

0 : otherwise
(2)

wherer is the distancefrom the regioncenter. Thus,we increasethe reliabilit y
of the color distribution whentheseboundary pixelsbelongto the background
or get occluded. It is also possibleto use a di�erent weighting function, for
examplethe Epanechnikov kernel [5].

The color distribution py = f p(u)
y gu=1 :::m at location y is calculatedas

p(u)
y = f

IX

i =1

k

 
ky � x i k

a

!

� [h(x i ) � u] (3)

whereI is the number of pixels in the region,� is the Kronecker delta function,
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the parametera =
q

H 2
x + H 2

y is usedto adapt the sizeof the region, and the
normalization factor

f =
1

P I
i =1 k

�
ky � x i k

a

� (4)

ensuresthat
P m

u=1 p(u)
y = 1.

In a tracking approach, the estimated state is updated at each time step by
incorporating the new observations. Therefore,we needa similarity measure
which is basedon color distributions. A popular measurebetweentwo distri-
butions p(u) and q(u) is the Bhattacharyya coe�cien t [1, 17]

� [p;q] =
Z q

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

Consideringdiscrete densitiessuch as our color histograms p = f p(u)gu=1 :::m

and q = f q(u)gu=1 :::m the coe�cien t is de�ned as

� [p;q] =
mX

u=1

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

The larger � is, the more similar the distributions are. For two identical nor-
malized histogramswe obtain � = 1, indicating a perfect match. As distance
betweentwo distributions we de�ne the measure

d =
q

1 � � [p;q] (7)

which is called the Bhattacharyya distance.

4 Color-Based Particle Filtering

The proposedtracker employs the Bhattacharyya distance to update the a
priori distribution calculatedby the particle �lter. Each sampleof the distri-
bution represents an ellipseand is given as

s = f x; y; _x; _y; Hx ; Hy; _ag (8)

where x, y specify the location of the ellipse, _x, _y the motion, H x , Hy the
length of the half axesand _a the corresponding scalechange.As we consider
a whole sampleset the tracker handlesmultiple hypothesessimultaneously.

The sampleset is propagatedthrough the application of a dynamic model

st = A st � 1 + w t � 1 (9)
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where A de�nes the deterministic component of the model and w t � 1 is a
multiv ariate Gaussianrandom variable. In our application we currently usea
�rst order model for A describinga regionmoving with constant velocity _x, _y
and scalechange _a. Expanding this model to secondorder is straightforward.

To weight the sampleset, the Bhattacharyya coe�cien t has to be computed
betweenthe target histogram and the histogram of the hypotheses.Each hy-
pothetical regionis speci�ed by its state vector s(n) . Both the target histogram
q and the candidatehistogramps( n ) arecalculatedfrom Eq. 3 wherethe target
is centered at the origin of the elliptic region.

As we want to favor sampleswhosecolor distributions aresimilar to the target
model, small Bhattacharyya distancescorrespond to large weights:

� (n) =
1

p
2� �

e� d2

2 � 2 =
1

p
2� �

e�
(1� � [p

s( n ) ;q])

2 � 2 (10)

that arespeci�ed by a Gaussianwith variance� . During �ltering, sampleswith
a high weight may be chosenseveral times, leading to identical copies,while
otherswith relatively low weights may not be chosenat all. The programming
details for one iteration step are given in Figure 2. The proposedcolor-based
particle �lter was introducedin [23, 24].

To illustrate the distribution of the sample set, Figure 3 shows the Bhat-
tacharyya coe�cien t for a rectangular region of the soccer player shown in
Figure 1. The samplesare locatedaround the maximum of the Bhattacharyya
coe�cien t which represents the best match to the target model. As can be
seen,the calculatedmeanstate of the sampledistribution correspondswell to
the maximum and consequently the localization of the faceis accurate.

5 Target Mo del Up date

Illumination conditions,the visual angle,aswell asthe cameraparameterscan
in
uence the quality of the color-basedparticle �lter. To overcomethe result-
ing appearancechangeswe update the target model during slowly changing
image observations. By discarding image outliers | where the object is oc-
cluded or too noisy | it can be ensuredthat the model is not updated when
the tracker has lost the object. So,we usethe update condition

� E [S] > � T (11)

where� E [S] is the observation probability of the meanstate E[S] and � T is a
threshold.
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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 probability � (n)

t � 1:
(a) calculate the normalizedcumulative 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�erential equation:
s(n)

t = A s0(n)
t � 1 + w (n)

t � 1

wherew (n)
t � 1 is a multiv ariate Gaussianrandom variable

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

p(u)

s( n )
t

= f
P I

i =1 k

0

@






 s( n )

t � x i








a

1

A � [h(x i ) � u]

for each sampleof the set St

(b) calculate the Bhattacharyya coe�cien t for each sample
of the set St

� [ps( n )
t

; q] =
P m

u=1

r
p(u)

s( n )
t

q(u)

(c) weight each sampleof the set St

� (n)
t = 1p

2� �
e�

(1� � [p
s
( n )
t

;q])

2 � 2

(4) Estimate the meanstate of the set St

E[St ] =
P N

n=1 � (n)
t s(n)

t

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

The update of the target model is implemented by the equation

q(u)
t = (1 � � ) q(u)

t � 1 + � p(u)
E [St ] (12)

for each bin u where � weights the contribution of the meanstate histogram
pE [St ]. Thus, we evoke a forgetting processin the sensethat the contribution of
a speci�c framedecreasesexponentially the further it lies in the past. A similar
approach is often usedfor model updatesin �gure - background segmentation
algorithms [7, 10].

To summarize,one single target model is used,respectively adapted, for the
wholesampleset of the particle �lter. We have alsoconsideredto usedi�erent
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Fig. 3. Surfaceplot of the Bhattacharyya coe�cien t of a small areaaround the face
of the soccerplayer shown in Figure 1. The black points illustrate the centers of the
ellipsesof the sampleset while the white point represents the mean location. It is
positioned closeto the maximum of the plot.

target models for each samplebut the computational cost increaseswhile the
results are not signi�cantly better. Furthermore, somesamplescould adapt
themselves to a wrong target.

6 Initialization

For the initialization of the particle �lter, we have to �nd the initial starting
valuesx, y, Hx and Hy. There are three possibilities depending on the prior
knowledgeof the target object: manual initialization, automatic initialization
using a known histogram as target model or an object detection algorithm
that �nds interesting targets. Whatever the choice, the object must be fully
visible, so that a good color distribution can be calculated.

If the target histogramq = f q(u)gu=1 :::m is known, we canplacesamplesstrate-
gically at positions where the target is expected to appear (seeFig. 4). The
tracker shoulddetect 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�cantly higher than the averagecoe�cien t of the background.
Therefore,we �rst calculatethe meanvalue � and the standard deviation � of
the Bhattacharyya coe�cien t for elliptic regionsover all the positions of the
background:

� =
1
I

IX

i =1

� [px i ; q] (13)

� 2 =
1
I

IX

i =1

(� [px i ; q] � � )2 (14)
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Fig. 4. Example from the surveillance experiment (seeSection 8). The samplesare
initially placed at positions where the known human head is most likely to appear,
like doors and image borders.

and then de�ne an appearancecondition as

� [ps( n )
t

; q] > � + 2� : (15)

This indicates a 95% con�dence that a sampledoesnot belong to the back-
ground. If more than b � N of the samplesful�ll the appearancecondition
during initialization, we considerthe object to be found and start tracking.
The parameterb is called the 'kick-o� fraction'.

Likewise,the samecondition is usedto determine if an object is lost during
the tracking. If the number of positive appearancesis smaller than b� N for
a couple of frames, the tracker returns into the `initialization' mode. In our
experiments a value of b= 0:1 hasbeenproven su�cien t.

In several of the experiments, the goal was to track faces,and we used an
automatic object detection algorithm basedon Support Vector Machines [4]
for the initialization.

7 Comparisons

The meanshift algorithm has beenintroducedrecently for tracking and seg-
mentation applications [5, 28]. It is a simpleand fast adaptive tracking proce-
dure that �nds the maximum of the Bhattacharyya coe�cien t given a target
model and a starting region. Basedon the meanshift vector which is an esti-
mation of the gradient of the Bhattacharyya function, the newobject location
is calculated.This step is repeateduntil the location no longerchangessigni�-
cantly. A target scalingis taken into account by calculating the Bhattacharyya
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coe�cien t for three di�erent sizes(samescale,� 5% change)and choosingthe
sizewhich givesthe highest similarity to the target model.

To reducethe number of iterations for the best object location the basicmean
shift tracker was enhancedby a state prediction using Kalman �ltering [6].
If a Kalman �lter is usedto estimate the new location, the search regionsof
subsequent framesno longer needto overlap and the tracker is more likely to
convergeto the correct maxima in caseof rapid movements.

To illustrate the di�erences between the mean shift, the Kalman/mean shift
tracker and our proposalwe discussa basketball and a snowboarder sequences.
The experiments have beenprocessedwith a Pentium3 800 MHz PC under
Linux, using the RGB color spacewith 8� 8� 8 bins.

In the basketball sequence(see Fig. 5) the ball is thrown into the basket,
afterwards bouncing from the 
o or again. The results of the three trackers
(seebottom row) are illustrated by the paths of the elliptic regions.The image
size is 360� 288 pixels and the initial elliptic search region contains 20� 20
pixels. As can be seenfrom the left image, the mean shift tracker can trace
the ball during the whole sequencebut does not always detect the correct
scale.The mean shift iteration itself has no integrated scaleadaptation. As
mentioned before,scaleis handledby calculating the Bhattacharyya distance
with di�erent �xed scalesin order to detect possiblesizechangesduring the
sequence.In this examplethe meanshift tracker choosesa largeenoughregion
so that the search regionsstill overlap despite of the fast movement of the
basketball. Consequently, the search region increasesalthough the target size
stays constant. If no scaling is employed or the maximum scalechangeis too
small, the meanshift tracker losesthe ball.

In contrast, the Kalman/mean shift tracker (seemiddle image)canhandlethe
scaling better due to the prediction of the search region. However, the state
estimation proves falseduring the bounceand consequently the tracker loses
the ball.

Finally, for the color-basedparticle �lter (seeright image)weprocessedN = 75
samples.In comparisonto the meanshift tracker the scalingresultslook better
but are lesssmooth as for the Kalman/mean shift tracker. An improvement
can be achieved by increasing the number of samplesbut this a�ects the
computational performance.The color-basedparticle �lter predicts the search
region similarly to the Kalman/mean shift tracker but it can still track the
ball after bouncing from the 
o or due to its multiple hypotheses.To increase
the 
exibilit y of the color-basedparticle �lter, it can be further enhancedby
switching betweenmultiple motion models [13].

In the snowboarder sequence(see Fig. 6) the goal is to follow the boarder
during his jump. The imagesizeis 352� 240pixels and the dimensionsof the
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frame 1 frame 35 frame 60

mean shift tracker Kalman/mean shift tracker color-basedparticle �lter

Fig. 5. Top row: The sequenceof the ball thrown into the basket; Bottom row: The
results of the meanshift tracker, the Kalman/mean shift tracker and the color-based
particle �lter.

initial elliptic search region is 14� 22 pixels. One of the biggest problems in
motion-basedtracking is to follow an object through clutter. Such a situation
is shown in frame 50 where for example the mean shift tracker (seesecond
row) convergesto a local maximum, which corresponds to a region in the
background that has a similar color distribution as the target model. In this
situation the tracker hasno chanceto recover and must be re-initialized. If a
Kalman �lter is usedto estimatethe newlocation for the meanshift iterations
(seethird row), the situation lookssimilar asthe state prediction doesnot cor-
respond well to the observation. The tracker still has problemsto follow the
object through clutter as a singlehypothesisis usedfor the tracking. In con-
trast, the color-basedparticle �lter (seelast row) tracks multiple hypotheses
and is thereforemore reliable.

In summary, �rst, the meanshift iteration itself hasno scaleadaptation while
in the color-basedparticle �ltering the scaleis directly estimatedand propa-
gated using the systemmodel. Consequently, the scalechangesfreely, adapts
better to the actual sizeof the object and is more accurate.

Secondly, a state prediction can improve the tracking resultsof the meanshift
approach in caseof rapid movements, but the systemdynamicsmust represent
the object's movement well enough.However, a single hypothesisstill limits
the 
exibilit y of the tracker in caseof clutter.

Thirdly , the meanshift and the Kalman/mean shift tracker have the advan-
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frame 1 frame 50 frame 55

mean shift tracker

Kalman/mean shift tracker

color-basedparticle �lter

Fig. 6. The top row shows the sequenceof a snowboarder jumping. The secondrow
displays the results of the meanshift tracker, the third row shows the output of the
combination of the mean shift tracker with the Kalman �lter and in the last row
the results of the color-basedparticle �lter are shown.

tage that a more preciselocalization is calculated, which corresponds to a
maximum of the similarity measure.In particle �ltering, the object location
hasto be estimatedby calculating the meanvalue of the sampledistribution.
Accordingly, the accuracyof the tracker is dependent on the sizeof the sam-
ple set. By increasingthe number of samplesthe discretization error can be
decreased.

The running time to processoneframedependsmainly on the regionsizefor all
approachesasmany color distributions have to be calculated.When using the
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Fig. 7. Running times betweentwo successive framesof the snowboarder sequence.

meanshift or the Kalman/mean shift tracker the number of thesecalculations
depend on the number of iterations, and with particle �ltering on the number
of samples.If the systemmodel represents the object movement well enough,
the Kalman state prediction can reducethe number of meanshift iterations.
The computing times of all trackersareshown in Figure 7 for the snowboarder
sequence.On the average,the meanshift tracker and the Kalman/mean shift
tracker are faster but they needmore computation time in frameswherethey
losethe object. However, all trackers have real time capabilities.

8 More Results

We considera mock surveillance sequenceof 450 framesto demonstratethe
e�ciency of the color-basedparticle �lter. The systemusestwo �xed cameras
to track a personwho is moving insidetwo connectedrooms.The ground plan
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 room B that is observed by camera 2.

Fig. 8. Camera setup and the person'spath in the surveillance example.
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frame 1 frame 44 frame 111

frame 140 frame 387 frame 430

Fig. 9. Frame selectionfrom the surveillance sequenceof camera1.

frame 1 frame 125 frame 150

frame 213 frame 300 frame 350

Fig. 10. Frame selectionfrom the surveillance sequenceof camera2.

Currently, the trackers in both camerasare working independently, i.e. each
of them usesa separateparticle �lter and do not exchangeinformation.

In this experiment we usedthe initialization method basedon a known his-
togram. Both trackersare put into the `initialization' mode and start tracking
as soon as a personenters their �eld of view. When the person later leaves
the room, the corresponding tracker will return to the `initialization' mode. In
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Fig. 11. The number of samplesin each frame that ful�ll the appearancecondition
for the surveillance sequence.

Figures9 and 10 the results of camera1 and camera2 are shown. The track-
ers handle the initialization successfully, even when the person is appearing
from di�erent sides.Also scalechangesand out-of-plane rotations are man-
agedproperly. In particular, the rotations are very large as the face is seen
from the front as well as from the side.

The method could be further improved by letting the trackersexchangeinfor-
mation. For examplewhena personleavesroom B, the exactposition, velocity
and regionsizecould be handedover to the tracker in room A which can then
initialize a sampledistribution using this knowledge.

Switching betweenthe `initialization' and `tracking' modesis doneby applying
the appearancecondition of Eq. 15. Figure 11 shows the number of positive
appearancesfor both cameras.In this experiment we usedN = 100 samples
and the kick-o� fraction b= 0:1.

To demonstratethe robustnessof our color-basedparticle �lter againstocclu-
sion and rapid movements, we show results for a soccer sequence,where the
tracker follows a single player over 438 frames.The results are displayed in
Figure 12. In this sequencethe camerais moving. The player is completely
occludedby the refereein frame 156,but despiteof other good object candi-
dates in the neighborhood, the particle �lter performs perfectly. Small gaps
during tracking can occur when the occlusion continues for a longer period.
In thesecases,the meanstate is not located very accurately for a short time,
but due to multiple hypothesesthe tracker can recover the player. Figure 13
shows the evolution of the sizeand position of the object region during the
soccer sequence.As can be seen,the scalechangesquite smoothly.

In Figure 14 we considera moving stairs sequencein a train station. A static
surveillance camera is installed to track the facesof passingpassengers.In
this experiment the robustnessof color-basedparticle �ltering against occlu-
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frame 1 frame 101 frame 151

frame 156 frame 161 frame 166

Fig. 12. This soccer sequenceshows the successfultracking of a player in casesof
occlusion and rapid movement.

sion and large scalechangesis demonstrated.During the whole sequencethe
tracker hasto cope with a large scalechangeasthe personis approaching the
surveillance camera.In frame 19, the object is temporarily lost as it is com-
pletely occluded,but canbe recoveredusingthe appearancecondition given in
Eq. 15. The new initial location is poor at the beginningbut improvesquickly
after a few framesdue to the useof multiple hypotheses.

To corroborate the importance of the model update we consider the tra�c
sequenceof 234framesrecordedby a highway monitoring system.There is an
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Fig. 13.The sizeand horizontal position of the elliptic object regionduring the soccer
sequenceis shown for every �fth frame. The scalingchangesrelatively smoothly. The
line indicates the horizontal displacement which is relatively small asthe player stays
more or lessin the center of the �eld of view, as a movable camerahas beenused.
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frame 1 frame 11 frame 19

frame 26 frame 31 frame 81

Fig. 14. The moving stairs sequenceshows the robustnessof the color-basedparticle
�lter against occlusionand strong scalechanges.Furthermore, in frame 26 the e�ect
of the initialization is illustrated.

frame 1, no update frame 100, no update frame 200, no update

frame 1, with update frame 100, with update frame 200, with update

Fig. 15. The tra�c sequenceillustrates the importance of an adaptive target model
in casesof occlusionsand large scalechanges.The white ellipsesrepresent the mean
states of the underlying sample distribution of N = 100 elements. In the top row
tracking without a model update is seento result in a failure of scaleadaptations,
while in the bottom row a model update is applied and the scaleremains correct.
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frame 1 frame 120 frame 320

frame 400 frame 470 frame 600

Fig. 16. The face sequenceshows the tracking performancewith an adaptive model.
The tracker handlesa large object motion and illumination changesusing N = 100
samples.

evident scalechangeduring this sequenceas the camerawas placed towards
the tra�c 
o w. Furthermore, di�erent viewing anglesof the car and partial
occlusionsmake the experiment more di�cult. In the top row of Figure 15
no model update is performedand the resulting region gets stuck on the left
front side of the car. In contrast, the bottom row shows the e�ectivenessof
the model update as now also the scaleis getting adaptedcorrectly.

Figure 16 shows the face sequenceof 600frames,taken under strong lightning
changesby the sun.At the beginningof the sequencethe faceis in the shadow
of the treesand at the end it is directly in the sun.The tracked faceis a�ected
by changingillumination conditionsand facial expressionsaswell asa full turn
of the personand large scalechanges.In frame 400, the tracked position is
not very exact as the model doesnot match the back of the head very well.
Nevertheless,the personcanstill be tracked and the position improvesrapidly
oncethe personhas turned around.

The target model of our tracker is only updated accordingto Eq. 11asoutliers
must be discarded,i.e. the update is only made when the object is tracked
stably. A related update condition is given by the maximization of the log-
likelihood [16] over the last T frames:L =

P T
t=1 log� (t )

E [S]. In Figure 17 both
update possibilities are plotted for the face sequence.The two update ap-
proachesbehave similarly in the sensethat a model update is only performed
under slowly varying imageconditions. As the history of samplesthrough the
log-likelihood does not signi�cantly improve the results, we use our simpler
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Fig. 17. The log-likelihood L and the observation probabilit y � E [S] (here scaledwith
factor 10) can be both applied as an update rule with an appropriate threshold.

and thereforemore e�cien t method.

9 Conclusions

The proposedtracking method addsan adaptive appearancemodel basedon
color distributions to particle �ltering. The color-basedtracker can e�cien tly
and successfullyhandle non-rigid and fast moving objects under di�erent ap-
pearancechanges.Moreover, asmultiple hypothesesareprocessed,objectscan
be tracked well in casesof occlusionor clutter. The proposedalgorithm runs
comfortably in real time with 10 to 30 framesper secondwithout any special
optimization on a normal 800MHzPC.

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 shouldbe optimized with respect to the noiseof the camera,as too
many bins can otherwiseposea problem. In thesecases,a di�erent similarity
measurecould be consideredthat alsotakesinto account neighboring bins. In
addition, further improvements can be achieved by usinga di�erent weighting
function for the histograms to put more emphasison the shape of the ob-
ject, i.e. to utilize someprior knowledgeof the expected object silhouette to
calculate the weighted histogram.

A straightforward kinematic systemmodel is currently usedto propagatethe
sample set. By incorporating more a priori knowledge, for example by em-
ploying a learnedmotion model, the quality of the tracking could be further
improved. The application of an adaptive model always implies a trade-o�
betweenan increasingsensitivity to extendedocclusionsand a more reliable
tracking under appearancechanges.

Our research interests now focus on multiple camera systemsthat can ex-
changeinformation about the state of the objects that they track.
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