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Abstract

This paper introduces a hierarchical approach for multi-
component tracking, where the object-to-be-tracked is mod-
eled as a group of spatial related parts. We propose to use
a robust particle filtering framework for tracking the indi-
vidual components and outline how the spatial coherency
between the parts can be efficiently integrated by analyzing
a two-level hierarchy of particle filters. Including spatial in-
formation allows to handle common tracking problems like
occlusions, clutter or blur. Furthermore, the dynamic calcu-
lation of particle set uncertainties allows a dynamic adap-
tion of stiffness values for the spatial model to e. g. force
occluded parts to stay in spatial relation. The experimen-
tal section proves the robustness of the proposed tracker on
challenging sequences of the VIVID-PETS database.

1 Introduction

Visual tracking is an important task in many com-
puter vision applications like visual surveillance, human
computer interaction, traffic monitoring or sports analy-
sis. Many different methods have been proposed for visual
tracking but recently especially probabilistic methods like
particle filtering [1] were of high interest. Particle filtering
has been widely applied to tracking problems where it is
also known as Condensation algorithm. The particle filter
can be interpreted as a probabilistic search algorithm where
a set of particles, each representing one possible state, mod-
els the posterior probability representing the current knowl-
edge about the object state.

Particle filters applied for tracking are typically based on
color, contours or other appearance models as underlying
features. Because for every hypothesized state all features
have to be calculated the computational complexity strongly
depends on the number of particles. Unfortunately the re-
quired number of particles increases exponentially with the
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dimensionality of the state space. Therefore, various au-
thors describe ways to decrease the computational complex-
ity by using hierarchical approaches. In [14] and [6] the
complexity of features is increased in every level, while the
number of particles is decreased. Efficient methods for par-
titioning the state space are shown in [13, 12], nevertheless
a prior knowledge of possible states has to be given.

Many approaches also tried to simplify the problem by
using part based modeling. For example Brandao etal. [3]
introduced a subspace particle filter for hand tracking in-
cluding a graph-based representation of the hand. The graph
(of the hand) has to be given a-priori. A part-based method
for tracking loose-limbed people in 3D over multiple views
is presented in [11], which makes use of a bottom-up part
detectors to estimate possible part locations in each frame.
The recent work of Schindler and Dellaert [10] presents a
method for efficiently tracking objects represented as con-
stellation of parts. Rao-Blackwellization is used to integrate
out continuous parameters. This allows to maintain multiple
hypotheses for the object pose without the need to sample
in the high dimensional space, but the constellation of parts
has to stay constant.

We formulate the problem of visual tracking as tracking
a group of spatial related components. These components
can either be understood as parts of a single object or as sev-
eral objects sharing a common behavior e. g. a group of cars.
The main difference to the approaches mentioned above, is
that the spatial model between components has not to be
trained before, and is updated during the tracking process.
We propose a two-level hierarchy of particle filters to effi-
ciently model the state space as is illustrated in Figure 1.
In the first level, independent appearance based particle fil-
ters are used per component. This can be performed very
efficient using appearance model computation based on in-
tegral structures e.g. [9, 4]. Depending on the confidence
value of the particle set, different numbers of particles are
passed on. A second level combines the results of the indi-
vidual components in a spring-mas model, considering their
spatial arrangement. The stiffness between different com-
ponents is set proportional to the uncertainty values of their
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Figure 3. Uncertainty measurements used to
dynamically set the spatial stiffness between
objects during Egtest04 sequence.

Figure 4. Including spatial coherence in-
formation allows to prevent that the pro-
posed tracker (red) drifts, while a state-of-
the-art particle filter embedded covariance
tracker (green) fails because of the appear-
ance change by blurring.

quired particles to sample the high-dimensional state space.
A dynamic adaption of the spatial model stiffness allows to
handle occlusion and clutter problems by forcing e. g. oc-
cluded components to stay in relation to the other parts. Ex-
perimental evaluation proved that robust tracking results are
achieved on challenging data sets.
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