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Abstract| Robust real-time
is a challenging task. Particle
successful for non-linear and non-Gaussian estimation prob-
lems. However, for the trac king of non-rigid ob jects, the
selection of reliable image features is also essential.

This pap er presen ts the integration of color distributions
into particle ltering, whic h has typically used edge-based
image features. Color distributions are applied as they are
robust to partial occlusion, are rotation and scale invarian t
and computationally ecien t. Thus, the target model of
the particle Iter is dened 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 Iter using the Bhattac haryy a
coecien t, whic h is a popular similarit y measure between
two distributions. The prop osed trac king metho d directly
incorp orates the scale and motion changes of the ob jects.
Comparisons  with the well known mean shift trac ker show
the advantages and limitations of the new approac h.

Keywords| Ob ject trac king, Condensation algorithm,
Color Itering, Bhattac haryy a coecien t, Mean shift trac k-
ing

trac king of non-rigid ob jects
Itering  has been pro ven very

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 systemsnor require
the noiseto be Gaussian. They have typically been used
with edge-basedmage features [6], [7], [8]. The idea of a
particle lter { to apply a recursive Bayesian lter based
on sample sets{ was independertly proposedby seweral
researd groups [7], [9], [10]. Our work has ewolved from
the Condensationalgorithm [7] which wasdewvelopedin the
computer vision community. At the sametime this Itering
method was studied both for statistics and signal process-
ing known as Bayesianbootstrap Iter [9] or Monte Carlo
Filter [10].

We proposeto usesudh a particle Iter with color-based
image features. Color histogramsin 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 Iter by comparingits histogram with the histograms
of the sample positions using the Bhattacharyya distance.
A complete segmeration of the image is not required as
the imagecontent only needsto be evaluated at the sample
positions. Figure 1 shaws an application of the color-based
particle Iter for tracking the face of a soccer player.

A related approad is the mean shift tracker [11] which
also usescolor distributions. By employing multiple hy-
pothesesand a model of the systemdynamics our proposed
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Fig. 1. A color-based target model and the dieren t hypotheses
(black ellipses) that are calculated with the particle Iter. The white
ellipse represens the expected object location.

method can track objects more reliably in casesof clutter
and occlusions. In comparisonto edge-basedparticle |-
ters [6], [7], [8], our target model is more robust against
out-of-plane rotations. In [12] color information has been
usedin particle ltering for initialization and importance
sampling. Furthermore, in a recert paper [13], color cues
have beenemployedin a foreground and badkground 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 asfollows. In Section|l we
briey describe particle Itering and in Sectionlll we indi-
cate how color distributions are usedasobject models. The
integration of the color information into the particle lter is
explainedin SectionlV. As tracked objects may disappear
and reappear an initialization basedon an appearancerule
is introducedin SectionV. SectionVI comparesthe mean
shift tracker [11] with our proposedtracking framework as
both methods userelated color features as object models.
In Section VII we then presert someexperimental results
for surveillance and soccer scenes.

Il. Particle Fil tering

Particle Itering [7] was developed to track objects in
clutter, in which the posterior density p(XjZ;) and the
obsenation density p(Z:jX) are often non-Gaussian. The
guantities of a tracked object are described in the state
vector X; while the vector Z; denotesall the obsenations



The key idea of particle Itering is to approximate
the probability distribution by a weighted sample set
S=f(sM; (M)jn=1:::Ng. Each sample consistsof an
elemen s which represerts the hypothetical state of an ob-
ject ang a corresponding discrete sampling probability
where N (M =1,

The ewolution of the samplesetis described by propagat-
ing each sampleaccordingto a systemmodel. Then, eat
elemen of the setis weighted in terms of the obsenations
and N samplesare drawn with replacemen, by choosing a
particular samplewith probability (M = p(zjX; = s\™).
The mean state of an object is estimated at eat time step
by

X
E[S] = (M) g(n).
n=1

Particle ltering provides a robust tracking framework,

asit modelsuncertainty. It can keepits options open and

consider multiple state hypothesessimultaneously. Since

lesslik ely object stateshave a chanceto temporarily remain

in the tracking process,particle Iters can deal with short-
lived occlusions.

1)

I1. Model

We want to apply such a particle lter in a color-based
cortext. To achieve robustnessagainst non-rigidity, rota-
tion and partial occlusionwe focuson color distributions as
target models. Theseare represerted by histograms which
are produced with the function h(x;), that assignsone of
the m-bins to a given color at location x;. The histograms
aretypically calculatedin the RGB spaceusing 8x8x8 bins.
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 regioncerter canbe assignedsmaller weights
by employing a weighting function

1 r? r<1
0 . otherwise

Color Distribution

k(r) = )
where r is the distance from the region certer. Thus, we
increasethe reliabilit y of the color distribution when these
boundary pixels belongto the badkground or get occluded.
It is also possibleto usea di erent weighting function for
examplethe Epanednikov kernel [11].

The color distribution p(y) = fp(y)") gy=1.:m at loca-
tion y is calculated as
K ky Xxik

X
(u) =
p(y) f a

i=1

(h(xi) u (3

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

(4)
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P m
ensuresthat |, p(y)™) = 1.

In a tracking approach the estimated state is updated
at ead time step by incorporating the new obsenations.
Therefore, we needa similarity measurewhich is basedon
color distributions. A popular measurebetweentwo distri-
butions p(u) and g(u) is the Bhattacharyya coe cien t [14],

[15] 7 0
[p;q] = p(u) g(u) du: (5)
Considering discrete densities such as our color his-

tograms p = fpWgyz1..m and q = fqWgy=1..m the co-
ecient isde ned as

X p_—
[p;al = p(w) g

u=1

(6)

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

de ne the measure
p
d= 1 [p;d

which is called the Bhattacharyya distance.

(7)

IV. Color-based Par ticle

The proposed tracker employs the Bhattacharyya dis-
tance to update the a priori distribution calculated by the
particle Iter. The target regions are represered by el-
lipses,sothat a sampleis given as

s=fx;y;x yY;Hx; Hy; He; Hyg (8)
where X, y represert the location of the ellipse, x, y the
motion, Hy, Hy the length of the half axesand Hy, Hy the
corresponding changes. As we considera whole sample set
the tracker handles multiple hypothesessimultaneously.

The samplesetis propagatedthrough the application of
a dynamic model

Fil tering

St = As 1+ Wi g ()]

where A de nes the deterministic and w; ; the stochastic
componert. In our application wecurrently usea rst order
model for A describing an object moving with constan
velocity for x, y, Hy and Hy. 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 specied by its state vector s("). Both the tar-
get g and the candidate histogram p(s(")) are calculated
from qu. 3 where the target is certered in the origin and
a= HZ+HZ Currently a xed target model is used,
but an adaptive approac as presened 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 probability of eadh sample

a2 1 @ [ps"™)a)
2 2

2
(”)zpzlrezzzpzre (10)



Given the sampleset S; ; and the target model
a="f ik % [hea) ol
perform the following steps:
1. Select N samplesfrom the setS; ; with
probability ("):
(a) calculate the normalized cumulativ e
probabilities ¢
(0)

C2)1:0( ) (n)
ny _ (n 1 n
Ctl_ct()l o
an) _ &
G 1=

t 1

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

(c) nd, by binary seard, the smallestj for
ai)

which ¢7; T
(d) sets™™} = s,

2. Propagate ead samplefrom the setS? ; by
a linear stochastic di erential equation:
(n) — an) (n)
St T =AS Wy
where wt(”)1 is the stochastic componert

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

N P (n)
psM)®W=f Lk ——— [h(x)) u]

St
for each sample of the set
(b) calculate the Bhattacharyya coe cien t for
eat sampleofpthe sat St
ps™)d =" [ ps™) g
(c) weight each sample
@ Ip(si™):a)
™ - N @ lets7)ia)
4, EstimateP the mean state of the set S;
E[S] = N (n) (n)
n=1 t St

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

is speci ed by a Gaussianwith variance . During ltering,
sampleswith a high weight may be chosenseral times,
leading to identical copies,while others with relatively low
weights may not be chosenat all. The programming details
for oneiteration step are givenin 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 shovn in Figure 1.
The samplesare located around the maximum of the Bhat-
tacharyya coe cien t which represens 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 consequetly the localization of the face is

very accurate.
V. Initializa tion

For the initialization of the particle Iter, we have to
nd the initial starting valuesx, y, Hy and Hy. 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 represerts the mean location.

three possibilities depending on the prior knowledge of the
target object: manual initialization, automatic initializa-
tion using a known histogram astarget 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, sothat a good color distribution can
be calculated.

If the object histogram q = fq“)gy=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 cantly higher
than the averagecoe cien t of the badkground. Therefore,
we rst calculate the meanvalue and the standard devi-
ation of the Bhattacharyya coe cien t for every pixel of
a badkground image:

X
= o [

(11)

Fig. 4. The samples are spread over the image areas, where the
known object is most likely to appear, like doors and image borders.
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Fig. 5. Snowhoarder sequencetracked with the mean shift algorithm.
In frame 50 the tracker losesthe object and it is not able to recover
afterw ards.

1 X
( [pxi)id )2
=1

2

M 12

and then de ne an appearancerule as

Ip(s™); dl > (13)

This indicates a 95% con dence that a sample does not
belongto the badkground. If more than a fraction f of the
samplesetful lls the appearancerule during initialization,
we considerthe object to be found and start tracking.

Likewise, the samerule 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 erters the “initialization' mode. In our experiments
avalue of f = 0:1 has beenproven su cien t.

As the most advancedinitialization method we usea 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

+ 2

frame 50

frame 55

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

that separatesthesetwo classes.After training, an image
region is classi ed to determine whether it contains a face
or not. When afacehasbeenrecognized,the particle lIter
is initialized at the found position.

VI. Comparison with the Mean Shift Tra cker

The meanshift algorithm hasbeenintro ducedrecertly in
seeral computer vision papers for tracking and segmetsa-
tion applications [11], [19]. It is a simple and fast adaptive
tracking procedurethat nds the maximum of the Bhat-
tacharyya coe cien t given a target model and the starting
location x, y and size Hy, Hy. Basedon 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 cantly changes. The scaling
is takeninto accourt by calculating the Bhattacharyya co-
e cien t for three di erent sizes(samescale, 5% change)
and choosing the sizewhich givesthe highest similarity to
the target model.

To illustrate the dierences between the mean shift
tracker and our proposal we consider the snowlmarder se-
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Fig. 7. Running times between two successie frames of the snow-
boarder sequence.

guence which is processedwith a 800Mhz Pentium3 PC
under Linux. The goalis to follow the snonvboarder during
his jump. The image sizeis 352x240pixels and the dimen-
sions of the initial elliptical seard 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 Iter 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 problemsin motion-basedtracking is
to losethe object due to rapid movemerts. Suc 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 corverge
to a local maxima on the badckground that has a similar
color distribution asthe target model. In this situation the
tracker has no chanceto recover and must be re-initialized.
If a Kalman Iter is usedto estimate the starting location
for the mean shift iterations [20], the situation improves
asthe regionsno longer needto overlap and the tracker is
more likely to convergeto the correct maxima. However,
as a single hypothesis is used the tracker will still have
problemsto follow the object through clutter. In contrast,
the particle Iter tracks multiple hypothesesand is there-
fore more reliable. For a more detailed discussionabout
the advantagesof particle Itering vs. Kalman ltering in
regard to non-linear and non-Gaussianproblems see[7].

The mean shift algorithm hasitself no scaleadaptation.
In practice, this hasto be handled by calculating the Bhat-
tacharyya distancewith dierent xed scalevaluesin order
to detect possiblesizechangesduring the sequence.ln our
particle Itering the scaleis directly integrated and prop-
agated using the system model. Consequetly, the scale
changesunrestricted and adapts better to the actual sizeof
the object and is more accurate. As a further improvemen
the acceleration of the movemert could also be included
into the state vector. This facilitates to track objects with
more complex movemerts 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 similarity. In particle Itering the mean value
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Fig. 8. Camera setup and the human movement of the surveil lance
example.

of the sample distribution hasto be calculated as an esti-
mation of the object location. Accordingly, the accuracyof
the tracker is dependert on the size of the sample set. By
increasing the number of samplesthe discretization error
can be decreased.

The running time to processone frame depends mainly
on the region sizefor both approacesas seeral color dis-
tributions have to be calculated. When using mean shift,
the number of thesecalculations dependson the number of
iterations, and in particle Itering 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 frameswhereit is losing the object. However,
both trackersrun in real time.

VI 1.

Some of the most important object tracking applica-
tions are surveillance systems. Thesekind of systemsmust
perform many computer vision tasks like object tracking,
recognition, classi cation and analysisof di erent actions.

We consider such a surveillance sequenceof 450 frames
to demonstrate the e ciency of our approach. The system
usestwo xed camerasto track a personwho is moving
inside two connectedrooms. The con guration is showvn in
Figure 8. The camerasare kept static without any zoom,
pan or tilt and their relative exterior orientation is known.
Camera 1l in room A is pointed to a door which leadsto
a closedroom B that is obsened by camera?2. Currently,
the trackersin both camerasare working independerily,
i.e. eadh of them usesa separateparticle lter.

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

In this experiment we used the initialization method
basedon a known histogram. Figure 9 shows the target
histogram of the face/head tracker. Both trackers are put

Resul ts
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Fig. 9. Known face histogram for the surveil lance example.

into the “initialization' mode and will start tracking assoon
asapersonenterstheir 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 cameral respectively camera?2 are shovn. The
trackers handle the initialization successfully even when
the person is appearing from dierent sides. Also scale
changesand out-of-plane rotations are processed.In par-
ticular, the rotations are very large asthe faceis seenfrom
the front aswell asfrom the side.

The method could be further improved by letting the
trackersexdciangeinformation. 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 = 100samplesand the fraction wassetto f = 0:1.

To demonstrate the robustness of our particle lter
against occlusion and rapid movemerns, we applied it to
a saceer sequenceand let the tracker follow a single player
over 438 frames. The results are displayed in Figure 13.
In this sequencethe camerais not xed but moving. The
player is completely occluded by the refereein frame 156,
but despite of other good object candidatesin the neigh-
borhood, the particle lter performs perfectly. Small gaps
during tracking can occur when the occlusion contin uesfor
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 displacemerts of the object region dur-
ing the saccer sequence. It can be seen,that the scaling
changesquite smoothly.

In Figure 15 we considera moving stairs sequenceof 90
framesin a train station. A static surveillance camerais
installed to track the facesof passing passengers.In this
experiment the e ciency of color-based particle ltering
against occlusion and large scalechangesas well asthe ef-
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frame 1 frame 44

frame 111

frame 430

frame 387

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

fect of the Tinitialization" mode can be obsened. During
the whole sequencethe tracker has to cope with a large
scalechangeasthe personis approading the surveillance
camera. In frame 19, the object is temporarily lost as it
is completely occluded, but can be recovered using the ap-
pearancerule given in Eq. 13. The new initial location
is poor at the beginning but improves quickly after a few
frameswith the useof multiple hypotheses.

In the last experiment we want to point out a current
limitation of the tracker. Figure 16 shavsatrac 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
implemerted similar asin [16], [17].

VI I1. Conclusion

The proposedtracking method adds the robustnessand
invariance of color distributions to particle Itering. The
tracker can successfullyhandle a fast moving object, even
if its seard regionsdo 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 10to 30 frames
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Fig. 11. Frame selection from the surveil lance sequenceof camera 2.

per secondwithout any special optimization.

The object model is represerted by a weighted histogram
which takesinto accourt both the color and the shape of
the target. The number of bins in the histogram should be
optimized to the noiseof the camera,astoo many bins can
otherwise posea problem. In thesecases,a di erent simi-
larity measurecould be consideredthat alsotakesinto ac-
count neighboring bins. In addition, further improvemerts
can be achieved by using a di erent 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.

100 —
5 .
901 ' ?' |
{ §
g 70- g == Camera #2 ' |
g j :
g 60r ' H 1
(5] ] 1
g i i
< 501 R : |
5 : !
E 40+ 1 H 7
g ! i
R '
2 0 : : |
R '
201 i ! 1
H '
10} ' : ]
N N ] Y
0 50 100 150 200 250 300 350 400 450
Frame index
Fig. 12. The number of samples in each frame that fulll the ap-

pearance rule for the surveil lance sequence.
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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 movemert.

The xed target model posesa limitation in sceneswvhere
the object changessigni cantly. Our researd 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.
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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 Iter 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. Trac sequencewhere the resulting region is inaccurate

located on the left front side of the car due to large histogram changes
of the target.



