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Abstract Robust real-time tracking of non-rigid objects 1s a challenging task. Color distributions
provide an efficient feature for this kind of tracking problems as they are robust to partial occlu-
sion, are rotation and scale invariant and computationally efficient. This article presents the inte-
gration of color distributions into particle filtering, which has typically been used in combination
with edge-based image features. Particle filters offer a probabilistic framework for dynamic state
estirmation and have proven to work well in cases of clutter and occlusion. To overcome the prob-

lem of appearance changes. an adaptive model update is introduced during temporally stable image
observations. Furthermore, an initialization strategy is discussed since tracked objects may disap-

pear and reappear.
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1 Introduction
With the recent improvements in computer technology, real-time automated visual

1~31 " Nowadays surveillance cameras are

surveillance has become a popular research area
installed in many security-sensitive areas such as railway stations, parking blocks, air-
ports, banks or public building lobbies to improve the safety.

In this context, we focus on object tracking using color distributions 1n conjunction
with a particle filter. First of all, color histograms have many advantages for tracking non-
rigid objects as they are robust to partial occlusion, are rotation and scale invariant and are

calculated efficiently. Particle filtering'*™7”) on the other hand has been proven very suc-

cessful for non-linear and non-Gaussian estimation problems and 1s reliable in cases of clut-
ter and during occlusions. The novelty of the proposed tracker lies in the original mixture
of efficient components that together yield a reliable and fast system {or tracking non-rigid
objects.

In general, tracking methods can be divided into two main classes specified as bottom-
up or top-down approaches. In a bottom-up approach the image is segmented into objects
which are then used for the tracking. For example blob detection ¥ can be used for the ob-

ject extraction. In contrast, a top-down approach generates object hypotheses and tries to
verify them using the image. Typically, model-based”®' and template matching approa-
ches'®) belong to this class. The proposed color-based particle filter follows the top-down
approaches, in the sense that the image content 1s only evaluated at the hypothetical posi-
tions.

[.'"" which is a nonparametric density

The related mean shift tracker by Comaniciu ez a
gradient estimator, also uses color distributions. By employing multiple hypotheses and a

model of the system dynamics our proposed method can track objects more reliably 1n cases
710

of clutter and occlusions. Jepson et al. , McKenna et al. and Raja et al.-'*"'* have already

discussed adaptive models, but these approaches employ Gaussian mixture models while
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we use color histograms together with multiple hypotheses. Isard et al.'** have already
employed color information in particle filtering by using Gaussian mixtures, In compari-
son, our target model has the advantage of matching only objects that have a similar histo-
gram, whereas for Gaussian mixtures objects that contain one of the colors of the mixture
will already match. Recently, Pérez et al. ' introduced an approach that also uses color
histograms and a particle filtering framework {for multiple object tracking. The two inde-
pendently proposed methods'!"'** differ in the initialization of the tracker, the model up-
date, the region shape and the observation of the tracking performance. A detailed com-
parison of the color-based particle f{ilter to the mean shift tracker and a combination be-
tween the mean shift tracker and Kalman filtering"'*! is described in [ 17].

The remainder of this article is organized as follows. In Section 2 we brietly describe
particle filtering and in Section 3 we indicate how color distributions are used as object
models. The integration of the color information into the particle filter 1s explained in Sec-
tion 4 and Section 5 describes the model update. As tracked objects may disappear and re-
appear an initialization based on an appearance condition i1s introduced 1n Section 6. In Sec-
tion 7 we present some experimental results and finally, in Section &, we summarize our
conclusions,

2 Particle filtering

Particle filters->®' offer a probabilistic framework for dynamic state estimation. They
approximate the posterior density of the current object state X, conditioned on all observa-
tions {z;+2;.°** 42,7 up to time ¢ by a weighted sample set S = {{(s'V ;2" ){n=1,2,+-,N}.
Each sample s represents one hypothetical state of the object, with a corresponding dis-

N
crete sampling probability =, where Zfr“” =1.
n=1

The evolution of the sample set is described by propagating each sample according to a
systemm model. Each element of the set i1s weighted in terms of the observations and N
samples are drawn with replacement, by choosing a particular sample with probability
" =p(z,| X,=s5,”). The mean state of an object is estimated at each time step by

N
EI:S] __ Zﬁ_(nﬁsin} (1)

=1

Particle filtering provides a robust tracking {framework in case of clutter and occlu-
sion, as it models uncertainty. It can keep its options open and consider multiple state hy-
potheses simultaneously.

3 Color distribution model

We want to apply a particle filter in a color-based context. Color distributions are
used as target models as they achieve robustness against non-rigidity, rotation and partial
occlusion. Suppose that the distributions are discretized into m-bins. The histograms are
produced with the function h(x,), that assigns the color at location x, to the corresponding
bin. In our experiments, the histograms are typically calculated in the RGB space using
8 X 8X 8 bins. To make the algorithm less sensitive to lighting conditions, the HSV color
space could be used instead with less sensitivity to V (e. g. 8 X8X 4 bins).

We determine the color distribution inside an upright elliptic region with halt axes H,
and H,. To increase the reliability of the color distribution when boundary pixels belong
to the background or get occluded, smaller weights are assigned to the pixels that are fur-
ther away from the region center by employing a weighting function

ke = (1T T

0, otherwise

(2)
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where 7 is the distance from the region center. Thus, we increase the reliability of the col-

or distribution when these boundary pixels belong to the background or get occluded. It is

also possible to use a different weighting function, for example the Epanechnikov kernel*®*,
The color distribution p,= {p;”” Vel at location y is calculated as

pi = f Z (”yﬂx s )SEh(x)—u] (3)

where [ 1s the number of pixels in the region, ¢ 1s the Kronecker delta function, the pa-

rameter « = ./ H®+ H’ is used to adapt the size of the region, and the normalization factor

B 1
/- ik(\ly‘x H_) (4)

(=1

ey

ensures that E pl =1,

u—1

In a tracking approach, the estimated state 1s updated at each time step by incorpora-
ting the new observations. Therefore, we need a similarity measure which 1s based on col-
or distributions. A popular measure between two distributions p{u) and g(u) 1s the Bhat-

tacharyya coefficient-'®1%

ol psq] :J\/p(u)q(u)—du (5)

Considering discrete densities such as our color histograms p = {»" },=1...... and
g=1{q" },=1.2..... the coefficient is defined as

ol prg] =DV p™ g™ (6)

=1

The larger p 1s, the more similar the distributions are. For two identical normalized
histograms we obtain p=1, indicating a pertect match, As distance between two distribu-
tions we define the measure

d = V1—plp.q] (7)
which is called the Bhattacharyya distance.

4 Color-based particle filtering

The proposed tracker employs the Bhattacharyya distance to update the a prior: distri-
bution calculated by the particle filter. Each sample of the distribution represents an el-
lipse and is given as

S = Xy ¥o Xy v, H,s H,, a
where x,y specily the location of the ellipse, .,y the motion, H,, H, the length of the
half axes and ¢ the corresponding scale change. As we consider a whole sample set the
tracker handles multiple hypotheses simultaneously.

The sample set 1s propagated through the application of a dynamic model

S, — AS;—_l + W,
where A defines the deterministic component of the model and w,_ | is a multivariate Gauss-
1an random variable, In our application we currently use a first order model for A descri-
bing a region moving with constant velocity x ,vy and scale change a. Expanding this mo-
del to second order i1s straightforward.

To weight the sample set, the Bhattacharyya coefficient has to be computed between
the target histogram and the histogram of the hypotheses. Each hypothetical region is
specified by its state vector s'".
P . are calculated from Eq. 3 where the target is centered at the origin of the elliptic re-

Both the target histogram ¢ and the candidate histogram

g101.
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As we want to favor samples whose color distributions are similar to the target mod-

el, small Bhattacharyya distances correspond to large weights:

2
_ 4 _ $
n_(n} = - 1 e 252 — 1 e 2.52

N 2o N 2To

that are specitied by a Gaussian with variance . During filtering, samples with a high
welght may be chosen several times, leading to identical copies, while others with relative-
ly low weights may not be chosen at all. The programming details for one iteration step are
given in Fig, 1.

(10)

(Given the sample set S, and the target model

i
g =f Zk (sz | )6[h(xi‘) — ui,

1 =1
perform the following steps.
1. Select N samples from the set 5,-, with probability xf®;

a) calculate the normalized cumulative probabilities ¢,

(03

c,”'1 =0
(ny — {(n—1) (n)
C,i—1 7 ¢ T
{n)
! () Et—l
Ce—1 (NS
Cr—1

b) generate a uniformly distributed random number »r€[ 0,1 ]
¢) find, by binary search, the smallest ; for which ¢,V =~
d) set 5,7 =5
2. Propagate each sample from the set S;,— by a linear stochastic different:al equation

S;Eﬂ} . f{ﬂ} +w(rt

where wi”, is a multivartate Gaussian random variable

3. Observe the color distributions

a) calculate the color distribution

!

{-,-;J: Z (”S:E”)_xr ” )ﬁ[h(x,)—u]

for each sample of the set §,

b) calculate the Bhattacharyya coetficient for each sample of the set 5,

p[p (rz} g = ZJ(;qu

u=1

¢) weight each sample of the set 5,

| “‘P[Ps(n] gl
t
EH} — e ; 5
2o 7
4. Estimate the mean state of the set S
N
E S ] = ZHE”)Sﬁ"}
n=1

Fig. 1 An iteration step of the color-based particle filter
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The left image 1in Fig. 2 shows the application of the color-based particle filter for a
surveillance application. To illustrate the distribution of the sample set, the right image
displays the Bhattacharyya coetficient for a rectangular region around the tracked face.
The samples (black points) are located around the maximum of the Bhattacharyya coetfi-
cient which represents the best match to the target model. As can be seen, the calculated
mean state (white point) of the sample distribution corresponds well to the maximum and
consequently the localization of the face 1s accurate.

Fig. 2 The left image shows the ditterent samples (black ellipses) as well as the mean state (white el-
lipse) with respect to a chosen target model for a surveillance application. The right image il-
lustrates the surface plot ot the Bhattacharyya coefficient of a small area around the face of the
person. The black points indicate the centers of the ellipses of the sample set while the white
point represents the mean location which 1s positioned close to the maximum of the plot

5 Target model update

Illumination conditions. the visual angle, as well as the camera parameters can influ-
ence the quality ot the color-based particle filter., To overcome the resulting appearance
changes we update the target model during slowly changing image observations. By discar-
ding image outliers— where the object 1s occluded or too noisy——i1t can be ensured that
the model 1s not updated when the tracker has lost the object. So. we use the update con-
dition

TE ST > T (11)

where mgrgy 1s the observation probability of the mean state E| S| and n; is a threshold, We
have found that 7+=0. 9 has proven to be effective for our applications.

The update of the target model 1s implemented by the equation

¢, = (1 —a)g"l +apys; (12)

for each bin u where a weights the contribution of the mean state histogram pgrsj. Thus,

we evoke a forgetting process in the sense that the contribution of a specific {rame decrea-
ses exponentially the further it lies in the past. A similar approach 1s often used for model
updates in figure-background segmentation algorithms-?-?!/,

To summarize, one single target model 1s used, respectively adapted, for the whole
sample set of the particle filter. We have also considered to use different target models for
each sample but the computational cost increases while the results are not significantly bet-
ter. Furthermore., some samples could adapt themselves to a wrong target.,

6 Initialization

For the initialization of the particle hilter, we have to find the initial starting values x,
v,H, and H,. There are three possibilities depending on the prior knowledge of the target
object: manual initialization, automatic initialization using a known histogram as target
model or an object detection algorithm that {inds interesting targets. Whatever the choice,
the object must be fully visible, so that a good color distribution can be calculated.
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If the target histogram q ={q'“ },.=1.2....» 15 kKnown, we can place samples strategically

at positions where the target 1s expected to appear, like shown in Fig. 3. The tracker
should detect the object when it enters the field of view of the camera. In this case, the
Bhattacharyya coefficient in the vicinity of the object position should be significantly higher
than the average coeflicient of the background. Therefore, we first calculate the mean val-
ue ¢ and the standard deviation ¢ of the Bhattacharyya coefficient for elliptic regions over
all the positions of the background:

1

Ho [ Zp[pr ’q:l (13)
1=1
f

6 = } Z (p[}bxi VG| — p)° (145

i=1

and then define an appearance condition as
olpw gl > pt 20 (15)

Fig. 3 The particle filter samples can be initially placed at positions where the known human head is
most likely to appear, like doors and image borders

This indicates a 95% confidence that a sample does not belong to the background. If more
than & « N of the samples fulfill the appearance condition during initialization, we consider
the object to be found and start tracking. The parameter b is called the ‘kick-off fraction’.

[Likewise, the same condition is used to determine if an object 1s lost during the track-
ing. If the number of positive appearances 1s smaller than & » N for a couple of frames, the
tracker returns into the ‘initialization’ mode. In our experiments a value of 6 =0. 1 has
been proven sufficient.

In several experiments, the goal was to track faces, and we used an automatic object

detection algorithm based on Support Vector Machines-**' for the initialization.

7 Results

This section shows several surveillance sequences which demonstrate the efficiency of
the color-based particle filter to track non-rigid objects. We first consider the tracking re-
sults of a person and a car in tront of a parking place for the public PETS2001 dataset. As
presented in Fig. 4 both targets are tracked robustly while the car sequence is especially in-
teresting as scale changes and out-of-plane rotations have to be handled. The results are il-
lustrated by the tracked trajectories and the mean state of every 25th frame. In Fig. 5 the
corresponding computing times for the tracked person and the car respectively, with
N =100 samples are plotted. As can be seen, the proposed algorithm runs comfortably in
real-time without any special optimization on a normal 800MHz PC. The calculating time
of the color-based particle filter 1s dependent on the number of samples, the size of the el-
liptic object region and the number of bins for the histogram, whereas the weighting of the
sample set 1s the most time consuming part of the overall computation.
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In Fig. 6 students in front of the Katholieke Universiteit Leuven are being tracked in a
sequence of 222 frames. The experiment illustrates the robustness of the proposed initial-
ization strategy. As can be seen in frame 101, the target 1s temporarily lost as it 1s com-
pletely occluded by the tree, but can be recovered using the appearance condition given in
Eq. 15. The switching between the °initialization’ and °tracking’ modes is shown in
Fig. 7. A threshold (see the dashed line) which is fixed by the ‘kick-off fraction’ controls
the transition between the two modes. Besides the first occlusion which comes from the
tree, the target 1s two more times hidden by other passing students. As those disappear-
ances are short, the tracker 1s able to recover simply by propagating the samples according
to the system model. The switch to the ‘initialization” mode only needs to be done when
the object does not reappear for a couple of frames. The last decrease of positive appear-
ances in the plot ts forced by leaving the cameras ficld ol view.

i l E HF. . LS LR - N - LR R et et mew

Fig.4 The left image illustrates the tracking of a person while the right image
shows the results of a tracked car for the PETS2001 sequence. The tracked
trajectories and the mean state are displayed for every 25th [rame
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Fig. 5 Computing times for the tracked person and the car respectively, with N=100 samples
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Fig.7 The number of samples in each frame that fulfill the appearance condition

To demonstrate the importance of the model update we regard another result sequence
for the PETSZ2001 dataset. In Fig. 8 the results of a driver assistance application, where
the color-based particle filter has to handle rapid movements of the target and the camera,
are shown. Different viewing angles of the tracked car make the experiment quite difficult.
Nevertheless, the scale changes as well as the out-of-plane rotations can be handled well
by applying an adaptive target model. For a more detailed comparison the mean length of
the horizontal half axis H, of the target are plotted in Fig. 9 for the two approaches. The
target 18 better localized and can be tracked through the whole sequences by applying the
model update as the scale is estimated more accurately. For more sequences which illus-
trate the model update please have a look at [ 23],

Wk . e T . e T : _ : o

frame 1 frame 260 frame 500 © frame 590

Fig, 8 The traffic sequence of the PETS2001 dataset illustrates the importance of an adaptive tar-
get model in cases of large scale changes and out-of-plane rotations. In the top row the
tracking results without a model update are presented while in the bottom row an update is
applied
We also tested the color-based particle filter with a real application in a factory. The
proposed tracker 1s employed for face tracking in an Augmented Reality environment tor
training,on-line documentation and planning purposes. In Fig. 10 the result images of a
typical scene in a Siemens factory for such a service and training application are shown.
The tracked person carries out several operations on different machines, resulting large
out-of-plane rotations of the head and unpredictable locations in front of a highly textured
background. The color-based particle filter handles all requirements successfully over this
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450 frame sequence with only 100 samples. For reasons ol anonymity, the face of the

tracked person in the resultant images 1s pixelized., but the tracker was running on the

original images.

45 .

—*-H_'E_—wirh
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length (pixels)
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— FH —with model update

out model update

WA,

¢ 100

200 300 100 5O 600

frame index

Fig. 9 The scale changes of the horizontal hall axes H, ol the nmican object state are plotted {or

the traffic sequence to illustrate

the eflectivencess of the model update. The improvement

of an adaptive target model allows a morc accurate representation of the object as the

scale 18 estimated correctly
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fram“e 30. ﬁ"amé 451

Fig. 10 Head tracking for an Augmented Reality application. Despite large out-of-plane rotations

and unpredictable behavior, the

proposed tracker follows the head successfully during the

sequence, N =100 samples have been used

8 Conclusions

The proposed tracking method adds an adaptive appcarance model based on color dis-

tributions to particle filtering. The co.

or-based tracker can efficiently and successfully han-

dle non-rigid and fast moving objects under different appearance changes. Qur approach fo-

cuses on achieving a reliable tracking

without having to determine the exact parameters of
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the non-rigid transiormations. Moreover, as multiple hypotheses are processed, objects
can be tracked well in cases of occlusions or clutter. The proposed algorithm runs comfort-
ably in real time without 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 with respect to the noise of the camera, as too many bins can otherwise pose a
problem. In these cases, a different similarity measure could be considered that also takes
into account neighboring bins. In addition, further improvements can be achieved by using
a different weighting function for the histograms to put more emphasis on the shape of the
object, 1. e. to utilize some prior knowledge of the expected object silhouette to calculate
the weighted histogram.

A straightforward kinematic system model is currently used to propagate the sample
set, By incorporating more a priori knowledge, for example by employing a learned motion
model, the quality of the tracking could be further improved. The application of an adap-
tive model always implies a trade-off between an increasing sensitivity to extended occlu-
sions and a more reliable tracking under appearance changes.

Our research interests now focus on multiple camera systems that can exchange infor-
mation about the state of the objects that they track.
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