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Abstract. Color can provide an efficient visual feature for tracking non-
rigid objects in real-time. However, the color of an object can vary over
time dependent on the illumination, the visual angle and the camera
parameters. To handle these appearance changes a color-based target
model must be adapted during temporally stable image observations.
This paper presents the integration of color distributions into particle
filtering and shows how these distributions can be adapted over time. A
particle filter tracks several hypotheses simultaneously and weights them
according to their similarity to the target model. As similarity measure
between two color distributions the popular Bhattacharyya coefficient is
applied. In order to update the target model to slowly varying image
conditions, frames where the object is occluded or too noisy must be
discarded.

1 Introduction

Object tracking is required by many vision applications, but especially in video
technology [2,5,7,12]. 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 generally segmented into objects which are then used for the tracking.
For example blob detection [12] can be used for the object extraction. In contrast,
a top-down approach generates object hypotheses and tries to verify them using
the image. Typically, model-based [5,7] or template matching approaches [2]
comprise this class. The proposed particle filter with color-based image features
belongs to the top-down approaches as the image content is only evaluated at
the hypothetical object positions.

The idea of a particle filter — to apply a recursive Bayesian filter based on
sample sets — was independently proposed by several research groups [3,5,7, 11].
These filters provide robust tracking frameworks as they are neither limited to
linear systems nor require the noise to be Gaussian. In this paper we present the
integration of color distributions into particle filtering, which has typically used
edge-based image features [4,5,7,13]. 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. In [8] color information has



already been employed in particle filtering for foreground and background model
using Gaussian mixtures. Our target model has the advantage of matching only
objects that have a similar histogram, whereas for Gaussian mixtures objects
that contain one of the colors of the mixture will already match.

The color of an object can vary over time dependent on the illumination, the
visual angle and the camera parameters. To handle these appearance changes
the color model must be adapted during temporally stable image observations.
Particle filtering has already been used with several static target models [4], but
to the best of our knowledge it has not yet been applied with an adaptive model.

A related tracking approach which also uses color histograms is the mean
shift tracker [2]. In comparison, our proposal employs multiple hypotheses and a
model of the system dynamics which results in a more reliably tracking in cases
of clutter and occlusions. Adaptive models have been discussed in [9,14], but
both approaches employ Gaussian mixture models while we use color histograms
together with multiple hypotheses.

The outline of this paper is as follows. In Section 2 we briefly describe par-
ticle 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 is
explained in Section 4 and Section 5 describes the model update. Finally, some
experimental results are presented in Section 6.

2 Particle Filtering

Particle filtering [5,7] was developed to track objects in clutter, in which the
posterior density p(X:|Z;) and the observation density p(Z:|X:) are often non-
Gaussian. The quantities of a tracked object are described in the state vector
X, while the vector Z; denotes all the observations {z1,...,z:} up to time ¢.

The key idea of particle filtering is to approximate the probability distribution
of the object state by a weighted sample set S = {s), 7(")|n =1... N}. Each
sample consists of an element s which represents the hypothetical state of the ob-
ject and a corresponding discrete sampling probability = where 25:1 ™ =1.

The evolution of the sample set is calculated by propagating each sample
according to a system model. Each element of the set is then weighted in terms
of the observations and N samples are drawn with replacement, by choosing a
particular sample with probability 7(™) = p(z| Xy = st")). The mean state of
the object is estimated at each time step by

E[S] = iﬂ(")s("). (1)

Particle filtering provides a robust tracking framework, as it models uncer-
tainty. It can keep its options open and consider multiple state hypotheses si-
multaneously. Since less likely object states have a chance to temporarily remain
in the tracking process, particle filters can deal well with short-lived occlusions.



3 Color Distributions

We want to apply such a particle filter in a color-based context. To achieve
robustness against non-rigidity, rotation and partial occlusion we focus on color
distributions as target models. These are represented by histograms which are
typically calculated in the RGB space using 8x8x8 bins.

Not all pixels in a region are equally important to describe an object. For
example, pixels that are further away from the region center can be assigned
smaller weights by employing a weighting function

{11"2 cor<l

k(r) = 0 :  otherwise

(2)
where r is the distance from the region center. Thus, we increase the reliability of
the color 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 [2].

The color distribution p, = {pg,u)}uzlmm of a region R at location y is
calculated as | |
o =1 5 k(B s - Q
X, ER

where ¢ is the Kronecker delta function and h(x;) assigns one of the m-bins of

the histogram to a given color at location x;. The variable a provides invari-

ance against scaling of the region and the normalization factor f ensures that
mo(u)

Zuzl by = L.

In a tracking approach the estimated state is updated at each time step by
incorporating the new observations. Therefore, a similarity measure is needed
between the color distributions of a region in the newly observed image and the
target model. A popular measure between two distributions is the Bhattacharyya
coefficient [1,10]. Considering discrete densities such as two color histograms
p= {p(“)}uzl___m and ¢ = {q(“)}uzl___m the coefficient is defined as

plp gl = Vg, (4)

The larger p is, the more similar the distributions are. For two identical his-
tograms we obtain p = 1, indicating a perfect match. As distance between two
distributions we define the measure

d=+/1-plp.q] (5)

which is called the Bhattacharyya distance.

4 Color-based Particle Filtering

The proposed tracker employs the Bhattacharyya distance to update the a priori
distribution calculated by the particle filter. The target regions are represented



by ellipses, so that a sample is given as
5= {$,y73'37y7HmaHy,Hm,Hy} (6)

where x, y represent the location of the ellipse, &, ¥ the motion, H,, H, the
length of the half axes and H,, H, the corresponding scale changes.
The sample set is propagated through the application of a dynamic model

st = Asi_1+ W1 (7)

where A defines the deterministic system model and w;_; a random vector drawn
from the noise distribution of the system. In our application we currently use a
first order model for A describing an object moving with constant velocity for
z, y, H, and H,. Expanding this model to second order is straightforward.

To weigh the sample set, the Bhattacharyya coefficients are computed be-
tween the target distribution and the distributions at the locations of the hy-
potheses. Each hypothetical region is specified by its state vector s™). Both the
target ¢ and the candidate histogram pgx) are calculated from Eq. 3 where the

target is centered in the origin and a = /HZ + H2.

The observation probability of each sample

2 (A—plp_(n).a)
() = N e 2d<72 = b e 20(2) (8)

V2o V2o

is specified by a Gaussian with variance . During filtering, samples with a high
weight may be chosen several times, leading to identical copies, while others with
relatively low weights may not be chosen at all.

A comparison of this approach to the mean shift tracker [2] and different
methods for the initialization respectively re-initialization of the color-based
particle filter are described in [15]. An extension for multiple objects and the
usage of more than one histogram per sample can be found in [16].

5 Model Update

Illumination conditions, the visual angle as well as the camera parameters can
influence the quality of the color-based particle filter. To overcome these ap-
pearance changes we update the target model during slowly changing image
observations. By discarding image outliers — where the object is occluded or
too noisy — the tracker can be protected against updating the model when the
object has been lost. So, we use the update rule

TE[S| > (9)

where Tg(g) is the observation probability in terms of the mean state E[S] and
7 is a threshold.
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Fig. 1. The traffic sequence illustrates the importance of an adaptive target model in
cases of occlusions and large scale changes. The white ellipses represent the mean states
of the underlying sample distribution of N = 100 elements. In the top row the tracking
results without a model update are presented while in the bottom row an update is
applied.

The update of the target model is implemented by the equation
g = (1—a) g} +apil, (10)

for each bin u where « weighs the contribution of the mean state histogram
PE(s,) to the target model ;1. Thus, we evoke a forgetting process in the sense
that the contribution of a specific frame decreases exponentially the further it
lies in the past.

6 Results

To illustrate the adaptive color-based particle filter and its behavior, we applied
the proposed method to a traffic and a face sequence and show the tracking re-
sults. The experiments have been processed with a 800 MHz Pentium3 PC under
Linux, using the RGB color space with 8x8x8 bins and images of size 360x288
pixels. The goal of the experiments has been to track a manually initialized
object region (car, human) during the sequence until it has disappeared.

To show the importance of the model update we regard the traffic sequence
of 234 frames recorded by a highway monitoring system. There is an evident
scale change during this sequence as the camera was placed towards the traffic
flow. Furthermore, different viewing angles of the car and partial occlusions make
the experiment more difficult. In the top row of Figure 1 no model update is
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Fig. 2. The face sequence shows the tracking performance with an adaptive model.
The tracker handles a large object motion and illumination changes using N = 100
samples.

performed and the resulting region gets stuck on the left front side of the car.
In contrast, the bottom row shows the effectiveness of the model update.

In Figure 2 the face sequence of 600 frames is shown which has been captured
with a strong sun/shadow effect. At the beginning of the sequence the face is
situated in the shadow for the initialization and at the end of the sequence it
is moved into the sun. The tracked face is affected by changing illumination
conditions and facial expressions as well as a full turn of the person and large
scale changes. In frame 400, the tracked position is not very exact as the model
does not match the back of the head very well. Nevertheless, the person can
still be tracked and the positions improves rapidly once the person has turned
around.

The target model of our tracker is only updated according to Eq. 9 as outliers
must be discarded, for example when the person is turning. A related update
rule is given by the maximization of the log-likelihood [9] over the last M frames:
L= Zi\i 1 log ngS]. In Figure 3 both update possibilities are plotted for the face
sequence. The two update approaches behave similarly in the sense that a model
update is only performed under slowly varying image conditions. As the history
of samples through the log-likelihood does not significantly improve the results,
we use our more efficient method.

Finally, Figure 4 illustrates the running times of the adaptive color-based
particle filter for the face sequence for two different image sizes. The proposed
approach has real-time capability but the processing time is dependent on the
region size and the number of samples.
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Fig. 3. The log-likelihood L and the observation probability 7 g (here scaled with
factor 10) can be both applied as an update rule with an appropriate threshold.

7 Conclusion

The proposed tracking method adds an adaptive appearance model based on
color distributions to particle filtering. The color-based tracker can efficiently and
successfully handle non-rigid and fast moving objects under different appearance
changes. Moreover, as multiple hypotheses are processed, objects can be well
tracked in cases of occlusion or clutter. As a limitation of the proposed approach
the tracker might loose an object when it changes appearance quickly — for
example through occlusion — and makes a rapid movement at the same time.
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Fig. 4. Running times for the face sequence for two different image sizes using N = 100
samples.



The application of an adaptive model comprises always a trade-off between an
increasing sensitivity to extended occlusions and a more reliable tracking under
appearance changes.
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