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Abstract

The goal of this article is to present an effective and robust
tracking algorithm for nonlinear feet motion by deploying
particle filter integrated with Gaussian process latent vari-
able model and embedded with Markov-switching approach.
Training trajectory data is projected from the observation
space to the latent space of lower dimensionality in a nonlin-
ear probabilistic manner. In the latent space, particle filter is
used to track indeterministic motions of feet. The number
of particles are reduced by incorporating learning knowl-
edge as well as temporal information explored by Markov-
switching model. The simulation results indicate that the
proposed approach is able to effectively track feet with rel-
atively different motion patterns, and even under temporal
occlusions.

1. Introduction

Tracking moving objects, especially human beings is a key
concern of surveillance systems. Potentially malicious activ-
ities frequently involve certain motions of body part, hence,
reliable tracking results can provide an advantage for effec-
tive event detection. The challenges of tracking human be-
ings as well as body parts include self occlusion, temporary
occlusion, illumination change, and etc.. Both linear and
nonlinear approaches have been used in tracking moving peo-
ple. The human motions are normally nonlinear and complex
with random noises, hence, nonlinear approaches like particle
filters are natural choices such tasks. However, particle fil-
ters produce accurate tracking results at the expenses of high
computation power due to the significant number of particles
involved. To resolve the resource consumption issue, learn-
ing approach can be integrated to derive useful particle hy-
potheses. Further, learning datasets can be projected onto la-
tent space by using probabilistic nonlinear method GPMS to
reduce dimensionality. Thereafter, the particle proposals are
generated by taking advantage of dynamic inference on time
series about the observed object using Markov-switching ap-
proach in the low-dimensional latent space.

Our contributions of this work are as follows. We use
trajectory classification instead of pose and motion classifi-
cation in feet motion tracking by employing particle filter
incorporating GPLVM with Markov-switching framework.
Therefore state sharing can be achieved on the latent space
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to take advantage of similar motion trajectory patterns. Our
research work is inspired by GPDM, GPLVM and GPDMPF
[16, 10, 13], but is different in that those approaches were
proposed to classify poses and motions. Furthermore, the dy-
namical mechanism and appearance model are different. In
addition, our research focuses on efficient trajectory tracking
as well as handling temporary occlusions to produce reliable
tracking results for high level analysis in the future.

2. Previous Work

The previous work is summarized as follows. Particle fil-
ter was used to track head, eye, and etc.. Hansen et.al de-
ployed particle filter to track eye region using log likelihood-
ratio function in terms of background and foreground gray
levels, given dark-bright pupil images [5]. In addition, par-
ticle filter was deployed to perform contour-based tracking,
like human head (approximated as ellipse) by Rui et.al. To
take advantage of previous observation, proposal distribution
generated from unscented Kalman filter is integrated with un-
scented particle filter[14]. Khan et.al proposed a template-
based particle filter system to track interacting ants [7]. Com-
pared with people, ants are more rotation-invariant and have
less contour changes, hence the learning system should be
different. James et al. detected and tracked multiple hockey
players by deploying particle filter incorporating Ada boost
detection proposal generation algorithm [11]. The Kernel
particle filter was developed to track multiple targets in image
sequences by Cheng Chang et al. [2]. A Monte Carlo Particle
Filter was proposed for the automatic reliable tracking system
of indefinite number of interacting targets. Multiple objects
are formulated by a joint state-space model [15]. It failed to
track some targets due to the weakness of color models.

Gaussian Process Latent Variable Model described by
Neil Lawrence handles probabilistic non-linear dimension-
ality reduction problems to model the high-dimensional ob-
servation data and the corresponding projections onto the
low-dimensional latent space [10]. Wang et al. incorporates
Markov dynamics on latent variable state transitions lending
Gaussian Process Latent Variable Model to handle time series
data and robustly track human body motion and pose changes
by classifying poses and motions [16]. Leonid et al. proposed
a Gaussian process annealing-particle-filter-based method to
perform 3D target tracking by exploring color histogram fea-
tures [13].









297 trajectories. We selected two sequences of thirty frames
and forty frames respectively containing different passengers
to test the proposed framework.

The simulation results shown in Figure 2 and 3 indicates
that the feet motions were tracked accurately with 100 parti-
cles sampled around the most possible motion regions. Fur-
ther, the trajectories were predicted by utilizing the state tem-
poral dependency estimated by Markov-switching model in
the latent space under the temporary self occlusions, as well
as the indiscriminative background and foreground cases. Ta-
ble 1 presents the tracking accuracy of the tested sequences.
The rotation invariant appearance model is demonstrated to
be robust in terms of the frequent angel changes of feet. As
far as GMM-KL approach is concerned, it is discriminative
in terms of the background and the object. As expected,
the system is capable of achieving excellent tracking perfor-
mance on the trajectory patterns similar to those in the train-
ing database. Particle hypotheses can capture most of the
unpredictable motions successfully.

Table 1. Tracking %Errors on Various Se-
quences

Frames | Number of Targets | %Error Rate |
30 1 ‘ 3.3% ‘

40 1 16.7%

Figure 2. Tracking results of the 1st. Seq.

Figure 3. Tracking results of the 2nd. Seq.

5. Conclusion

To summarize, this work highlights a nonlinear tracking
approach of feet motions by employing particle filter incor-
porated with GPMS. The learning datasets are mapped onto

the latent space of lower dimensionality, which provides sam-
pling proposal for particle filter to decrease the number of
particles without compromising the tracking performance. In
addition, Markov-switching approach is embedded in the la-
tent space to forecast the possible future motion changes out
of learning knowledge. Furthermore, the particle filter is used
to estimate the motion by generating multiple complimen-
tary hypotheses to ensure the reliability and robustness of the
tracking system. The simulation results indicate the proposed
approach is effective.
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