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Abstract

In this paper, we propose a novel approach which
integrates adaptive appearance model and hierarchical
estimation mechanism composed of global estimation
and local estimation. Hierarchical estimation runs in
two phases: In first phase, global estimation coarsely
predicts a region in where true state may be present,
and then local estimation tries to find out the true state
inside the region at second phase. The benefits from
Hierarchical estimation are two-fold, on one hand, it
reduces the number of particles significantly, which en-
ables real-time tracking, while on the other hand, it im-
proves tracking accuracy even with less number of par-
ticles. Experimental results show the effectiveness and
robustness of the proposed approach.

1. Introduction

Visual tracking is a challenging problem due to in-
trinsic and extrinsic variations which are the princi-
pal cause of failure. Most visual tracking approaches
adopt two models in their algorithms; one is appearance
model that describes target object in some way, and the
other is dynamical model that predicts next state based
on dynamics of target object. For appearance model,
EigenTracking algorithm [1] inspired us to determine
what is a good pattern for tracking can be. Even now,
Subspace representation is still the most meaningful de-
scription of target. However, constant subspace repre-
sentation itself is also sensitive to the variations. Lim
et al. [2] proposed incremental subspace update method
and Ming et al. [3] proposed dynamic feature selection
method, both of them aiming to solve subspace adapta-
tion problem. In dynamical model context, CONDEN-
SATION algorithm [4] is also called Particle filter and
famous for introducing sequential Monte Carlo method
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into visual tracking literature with great effect. The su-
perior characteristic of Particle Filter comes from its
property of allowing to maintain multiple-hypotheses in
the presence of ambiguities, which is more robust to the
algorithms that trace only one configuration state [5, 6].
But, none of these algorithms give complete integration
of adaptive appearance model and particle filter-based
dynamical model. Although Lim et al. [2] proposed
random walk scheme in their particle filter, it is not a
truly meaningful dynamical model, which is the reason
why it often fails in rapid movement.

In this paper, we propose complete integration of
adaptive appearance model and stochastic dynamical
model, where both affine and motion parameters are
handled. Affine parameter is used in adaptive appear-
ance model and motion parameter is used in dynam-
ical model. Both parameters have 6 dimensions with
two position elements in common. The combination
of affine and motion parameters forms a very attrac-
tive state variable that reveals almost the whole informa-
tion about the target object. However, in particle filter,
the increasing dimension of state variable definitely re-
sults in exponential increase of the number of particles.
MacCormick et al. [7] developed partitioned sampling
which allows for a more efficient exploration of state
space, but how to allocate number of particles between
partitions is still a crucial problem. Handling the two
parameters efficiently and effectively is the core issue
addressed in this paper.

Our key strategy is based on the phenomenon that
most of natural motions fit linear Gaussian model in
global view and scale and nonlinear motion is usually
restricted in local view and scale. Using this assump-
tion, we proposed an hierarchical estimation method in
which local estimation is performed by Particle filter for
dealing with non-linearities and non-Gaussian statistics
within a local Gaussian region, and global estimation
is performed by Kalman filter to determine the mean
and variances of the Gaussian region. By hierarchi-
cally combining these two estimations, our algorithm
not only can significantly reduce number of particles
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Figure 2. Upper row: PF with 800 parti-
cles. Lower row: HE AV E with 50 parti-
cles.
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Figure 3. Error Comparison.

of the proposed method. In the figure, when the num-
ber of particles reduced in half repeatedly from 800 to
25, the RMS error of HE AV E only increased from
5.76 to 11.47. Meanwhile the RMS error of Hierarchical
Estimation(HE) and PF increased from 7.24 to 34.90,
and 9.10 to 67.31 respectively. Figure 4 shows the track-
ing result of car video sequence captured by camcorder
with severe camera vibration. 100 particles are used in
this experiment with HE AV E. In Figure 5, the left
image is the trajectory of camera motion and the right
image is the estimated car trajectory in video sequence.

5 Conclusion

In this paper, we proposed an hierarchical estima-
tion method which comes from a natural phenomenon
and ’coarse to fine’ search strategy. We applied this ap-
proach to adaptive visual tracking, and demonstrated the
effectiveness and robustness of proposed method.
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Figure 4. Tracking with severe camera mo-
tion
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Figure 5. Trajectories of camera and car.
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