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Abstract

The Particle filter estimates a probability distribu-
tion of target object’s state by sampled hypotheses and
their weights. This method is more expressive than ex-
isting method such as Kalman filtering, because the ob-
Ject state is represented as a multi-modal distribution.
However, the method can’t be directly applied to tempo-
rally variable appearance object tracking, for example,
a firefly or a flickering neon-sign. For solving this prob-
lem, we propose a particle filter for a variable appear-
ance object, which estimates a unique state parameter
independent of target’s position. Our method decom-
poses the state space into disjoint parameter spaces,
i.e., object position and posture space and Appearance
parameter space. In the appearance parameter space,
the likelihood of each hypothesis is evaluated at the po-
sition parameters generated in the other space, and the
best explain parameter is determined. Based on this pa-
rameter, likelihood in the position and posture space is
evaluated. By interacting the parameter estimations in
different spaces, we can successfully track blinking fire-
fly in the darkness.

1 Introduction

The Particle filtering (or called the CONDENSATION
[1]) or its extensions generate many hypotheses in a
state parameter space spanned by target’s position, pos-
ture and shape. The hypotheses’ weights are calculated
by consistency between hypotheses and captured image
[4, 6, 7, 8]. It develops characteristics 1) there are re-
lationships among state parameters, 2) it allows ambi-
guity about many combinations of parameters. These
characteristics should appear as an advantage, however,
it may become defects sometimes. For example, in a
case when a set of state parameters can be decomposed
into some classes, many hypotheses are generated on
unimportant state parameter. In tracking efficiency, this
can become a big problem. For solving this problem,
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importance sampling [2], partitioned sampling [5] and
many methods have been proposed [3].

This problem adversely affects not only efficiency
but also tracking stability. For example, in a problem of
blinking firefly tracking, parameters including appear-
ance, which can’t be represented as a shape or other ge-
ometrical model in the dark scene, independent of po-
sition exist. Under this condition, we have to estimate
a likelihood of firefly from the brightness. Therefore, a
likelihood estimation will vary whether each hypothesis
assumes “a firefly is lighting” or “disappears”. Because,
most hypotheses assume “disappears” using original
CONDENSATION, the tracking may be performed in a
dark place.

For solving this problem, we change criteria of likeli-
hood evaluation depending on unique object appearance
parameter. This is equivalent to daringly introducing
an uni-modal distribution that does not allow ambiguity
into the particle filter allowing ambiguity.

When the ambiguity is excluded completely, the par-
ticle filter doesn’t have any advantages. Therefore, for
tracking variable appearance object, state parameters
are considered as two types of parameters; ambiguity or
unique. For example, in the case of blinking firefly, the
unique parameter represents the brightness and it keeps
changing, which is independent of position. For esti-
mating the brightness parameter, we estimate probabil-
ity distribution which is excluded mlutimodality. This
uni-modal distribution estimation can obtain both a con-
sistency of likelihood estimation and stability of track-
ing. We call a parameter which includes ambiguity “ob-
Jject position parameter,” a parameter which is indepen-
dent of object position “appearance parameter.”’

2 Tracking a firefly

In the following discussion, we propose a stable like-
lihood estimation for tracking a variable appearance ob-
ject using the particle filter. We explain how the ap-
pearance parameter influences other parameter space in









Figure 6. The experiment results B

appearance number

L
300

frame

Figure 7. A state estimation results from
the experiments B: a horizontal axis indi-
cates frame, a vertical axis indicates ¢;

(frame number), vertical axis indicates the appearance
parameter estimated in Fig.6. The blue line indicates
true value, the red line indicates estimation value. Mean
value of the error margin between true value and esti-
mation value of state is 6.42(degree), standard deviation
value is 9.51(degree). Fig.7 shows estimation of unique
appearance parameter, the above-mentioned mean value
of the error margin and standard deviation value.

3.3 Experimental results with iteration (C)

Fig.8 shows an experimental result of our method
with iteration of k as well as experiment B.

Fig.9 shows a result of estimated appearance param-
eter in this experiment. Mean value of the error margin
between true value and estimation value of appearance
parameter in this experiment is 4.75(degree), standard
deviation value is 7.48(degree). These values represent
that correct appearance parameter estimation needs on
iteration of k. Fig.9 and values shows that we realize the
correct estimation of appearance parameter. Although,
behavior of hypotheses is a little unsteady when fire-
fly disappeared in frame 267 and 445. However, our
method can track the target better than any other exper-
iments.

4 Conclusion

In this paper, we proposed a stable likelihood esti-
mation for variable appearance object using the parti-
cle filter. Our method calculates unique “appearance

Figure 8. The experiment results C
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Figure 9. An appearance state estimation
results from the experiments C

parameter” of target which is used for likelihood esti-
mation in “position and parameter space.” Hence, we
can obtain correct target’s “appearance parameter” and
“position paramter.”

The experimental results show advantage that can es-
timate an appearance parameter “light” or “disappear”
and the target position only once, which a generic par-
ticle filter can’t deal with together.
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