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Abstract: In the field of mobile robotics, human tracking has emerged as an important objective for facilitating human-robot
interaction. In this paper, we propose a particle-filter-based walking prediction model that will address an occlusion situ-
ation. Since the target being tracked is a human leg, a motion model for a leg is required. The validity of the proposed model

is verified experimentally.
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0 Introduction

Human-following, combined with human-friendly
technology, is currently being actively developed.
Human-following can be applied in many service ar-
eas, including guide robots in a museum, nursing ro-
bots in a hospital, or porter robots in a factory.

In order to achieve human-following functional-
ity, an estimation process is required. There are
many Bayesian approaches to estimate a target of
interest. A particle filter is a well-known one of
these approaches. The advantages of a particle filter
over a Kalman filter or extended Kalman filter are
that multimodal states of a target can be represented
and that nonlinear and non-Gaussian motion can be
handled. A description of a particle filter can be
found in Ref. [1]. Moreover, a particle filter can
deal with an occlusion over a short time period. In
this paper, we propose a walking prediction model
that considers the occlusion situation and implement
it into a particle filter.

Various sensors can be adopted to visualize a hu-
man from the viewpoint of a mobile robot. In the
tracking community, Refs.[2] and [3], vision sen-
sors and laser sensors are the most popular. In our
method, we use a laser range finder (LRF) as our
sensor. An LRF is able to obtain accurate distance
information. The target being tracked is a human
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leg. A human leg is chosen, not only because obsta-
cles are normally placed at the height of a human
leg, but also because it is easy to integrate with an
autonomous navigation function. There have been
many human leg tracking studies, for example,
Refs.[4] and [5]. Our proposed walking prediction
model, therefore, is based on a leg motion.

It is very important to keep track of a target when
the target person is occluded from the robot’s view
by an obstacle. This paper is based on our previous
research®’. In Ref. [6], to extract leg data from
sensor information, a novel outlier detection meth-
od, supported by a vector data description, is de-
scribed. The walking prediction model is presented
and applied using a particle filter.

The rest of this paper is organized as follows. In
section 1, sampling importance resampling related
to a particle filter is explained briefly. Section 2 pr-
esents the proposed walking prediction model. Ex-
perimental results are shown in section 3. Section 4
concludes this paper.

1 Particle filter

Particle filtering is a Monte Carlo method that has
been studied for several decades”’. The method of
particle filtering is to represent a set of random sam-
ples with associated weights for posterior probabili-
ty, which is represented by
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Conventional particle filtering, however, has a
problem of sample degeneracy that could lower the
diversity of the samples. To address this problem,
the use of a sampling importance resampling (SIR)
filter is suggested in Refs. [8] and [9]. Due to its
resampling step, the concentration of samples with
large weights can be realized maintaining the diver-
sity of samples. According to Ref.[1], the posteri-
or probability of the particle filter at time k can be
computed as

Pl 12) = Dwiola, — ), (1)

where N is the total number of samples used.
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Eq. (2) presents the motion model for a leg. &, is
the process noise at time k. In this manner, we im-
plement stepped impedance resonator (SIR) filter to
estimate the states of targets about legs. The next
step is to define the motion model for a leg so that
we can propose the walking prediction model.

2 Walking prediction model

We propose the walking prediction model as the
motion model for application to an SIR filter in or-
der to address occlusion situations.

Human walking consists of straight walking and
rotating walking in a 2-D plane. According to Mo-
chon’ s research”, we can assume that straight
walking is a uniformly accelerated motion. By using
previously extracted leg data, we can predict rotat-
ing walking as well.

In this paper, we consider the case when another
pedestrian passes between the target person and the
robot, that is, an occlusion over a short time peri-
od. The objective of the walking prediction model is
to predict the motion of straight walking and that of
rotating walking on next time step based on 10 time
steps of extracted leg information before the occlu-
sion occurs.

As shown in Fig. 1 (a), assuming that straight
walking is a uniformly accelerated motion, the max-
imum velocity of straight walking, V', for T seconds
can be computed in the following equation using the
previous walking information.
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(b) Rotating walking pattern

Fig.1 Walking prediction model

In the case of rotating walking, previous walking
information must be transformed into the local co-
ordinate system of the time step that the target per-
son is missed, as shown in Fig. 1(b). The rotated
degree can be obtained by the difference between 0,
and 0, according to

0, = arctan2((y, — y),(x, — 29)) X 180/ 7,

0, = arctan2((y, — v,),(x, — x,)) x 180/x.
(4)

For each time step, the values of Egs. (3) and (4)
are obtained for the prediction process. In other
words, samples are predicted on the basis of this
walking prediction model.

3 Experimental results

To evaluate the performance of our method, we
experimented with a mobile robot, Pioneer 3DX, in
a real-world environment. The used LRF is Sick
LMS-200. The sensor frequency is set to 100 ms.

Fig.2 shows the mobile robot platform and exper-
imental environment where another pedestrian pass-
es between the target person and mobile robot.
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Fig. 3 illustrates the results of the experiment is il-
lustrated using a Matlab simulation. The different
colored marks imply different samples for the tar-
get.

In Fig.3(a), the target person is occluded by an-
other pedestrian, and therefore the legs of the tar-
get person, at that time, cannot be detected. Con-
sequently, samples for targets of the target person’s
legs are diverged as there are no observed measure-
ments with respect to the target person.

However, after the occlusion has occurred, as
shown in Fig. 3(b), the target person is rediscov-
ered. The time difference between Fig. 3(a) and
Fig.3(b) is 2 s.
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(b) Situation after occlusion

Fig.3 Results of the case

Fig. 4 indicates the error distance of the proposed
walking prediction model applied to the experi-
ment.

Error distance (cm)

1 2
Time step (0.1 s)

Fig.4 Error distance of walking prediction model

The errors are obtained by Euclidean distance be-
tween the measurement and the center of the sam-
ples of the targets. As seen in Fig.4, at the time of
the occlusion, the amount of error is increases in or-

der to search for the target in a larger area. Accord-
ing to the proposed walking prediction model, it can
be seen that the mobile robot platform can retrack
the target person after the occlusion.

4 Conclusion

In this paper, we propose a walking prediction
model using a particle filter. The proposed walking
prediction model considers both straight walking
and rotating walking simultaneously. We conduct
experiments to show that our method can robustly
deal with an occlusion over a short time period.
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