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ABSTRACT. In this paper, we describe a human tracking method based on a particle filter
with the switching observation model. During tracking humans in video scenes, occlusions
and shape changes of target human often occur. Adaptive observation model in which
the model is updated in every frame is effective for shape changes; however, it causes
wrong tracking in occlusion scene. To realize robust tracking, switching observation model
is introduced. In the method, adaptive observation is basically used, and the update of
observation model is stopped when an occlusion occurs. To detect an occlusion, likelihoods
are used. The model is applied to some datasets, and the effectiveness of the method is
verified.
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1. Introduction. In recent years, with the increase in crime, awareness of crime preven-
tion is increasing in order to realize a safe and secure social environment [1]. In particular,
security measures with surveillance cameras have been already incorporated in shops, sta-
tions, streets and so on. According to a survey on the effects of surveillance cameras, crime
prevention effect in the parking lot and the hospital is large [2, 3]. In such surveillance
systems, videos are used for the early resolution of the crime, and captured images are
analyzed at a later date by the human eye. Therefore, it cannot respond quickly if the
detection of the red-handed is important, and it is not realistic taking into account the
costs, such as personnel expenses for humans to monitor the camera. Human tracking
is a technique that a human in the movie image is detected and is tracked, and it is a
hot topic in various fields in recent years [4]. By using a human tracking technology in
surveillance cameras, suspicious persons can be detected in real time and it is expected
that it is possible to prevent a crime. However, in a real environment, there are many
objects; a target person is often occluded. Furthermore, pose of the target person usu-
ally changes, and illumination condition sometimes varies. In such cases, it is difficult
to detect a target person, and it has become a problem in human tracking using movie
image.

Various human tracking methods have been proposed so far. As a basic method, a
template matching method [5], a mean shift method [6] and Kalman filter [7] are well
known and widely used. Template matching can detect a target person by calculating
matching degree between template image and local image in whole image of current frame,
and accurate tracking can be achieved if an adequate template can be designed. However,
it takes much computational costs when size of image becomes large, and it is not suitable
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for use in real-time application. Mean Shift method is one of the gradient methods by
moving the center position to the direction in which the similarity is high in the local
region. It is possible to shorten a calculation time by limiting the search area. However,
the method often loses a target, and it is not good to apply the method to surveillance
camera system. Kalman filter is a kind of time series filter [8] that estimates the state of
the subject from past observations. In Kalman filter, distribution of noise generated at the
time is assumed to follow a Gaussian distribution, and a position of the object is estimated
by using the state transition model. It is very useful and widely used to many applications;
however, in the human tracking characteristics of human motion, noise distribution and
so on do not follow Gaussian distribution. Particle filter [9] is a kind of the same time
series filter, whose efficacy has been demonstrated with respect to the position estimation
of the mobile object performing the irregular movement such as a person. In particle
filters, an estimate position of the target is represented as a discrete probability density
distribution using a set of particles, where each particle is characterized with state of the
target, e.g., position. Estimation is based on a distribution of a set of particles, and there
is no limitation for distribution. It is the most important difference between Kalman filter
and particle filter, and particle filter can robustly track human even if a target irregularly
moves. Researches of applying the particle filter in human tracking, are widely reported.

In human tracking methods using the particle filter, a discriminator and features which
are used for object detection are often used as an observation model. Furthermore, online
learning method in which discriminator is updated during tracking facilitates a robust-
ness of tracking for pose or illumination changes [10]. In the online learning, however,
discriminator sequentially updated; thus obstacles are sometimes tracked after occlusion
occurs. Although online real boosting method [11], semi-supervised tracking [12], and so
on are reported to cope with the problem, high computational cost is required and it is
not suitable for real-time application [13].

In this study, we proposed a simple but powerful human tracking method robust for
both pose/illumination change and occlusion by adopting the idea of online learning in
the particle filter. In the proposed method, occlusion can be detected by observing a
likelihood of particles, and update of the discriminator is stopped during the occlusion.
Although an additional special calculation is not required in the method, it is expected
that robust tracking can be realized. The effectiveness of the proposed method is verified
by some simulations in which experimental videos assuming a real environment.

2. Tracking by Particle Filter. The particle filter is a technique of estimating of fea-
ture state that is based on recursively computing Bayesian formulation. The Bayesian
formulation predicts the sequence of hidden parameters based on only the observed data.

The visual tracking problem is cast an inference task in a Markov model with hidden
state variables [14]. The state variables X} is described target configuration at time ¢, and
observation Y; extracted from images. We aim to estimate the value of the hidden state
variable of X; based on given all observation Y., = (Y7, ...,Y;) up to time ¢. The posterior
probability p(X;|Y7,) is estimated with the following Bayesian formulation. Bayesian
estimation updates the posterior probability with the following rule

P(Xi[Yi) o (Yl X2) / (XXt )P (X [Vio ) AX s, (1)

where, p(Y;|X;) denotes the observation model that measures how well the observation
fits the predictions, and p(X;|X; 1) represents the motion model that proposes the next
state X; based on the previous state X; ;. Condensation algorithm [9] which is based
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on factored sampling, approximates an arbitrary distribution of observation with a gen-
erated set of weighted samples. The distribution is represented by a set of particles
{(Xt(i), wgi)),i =1,...,N}, where, Xt(i) and wgi) denote a state and an associated weight
of the i-th particle at time ¢, respectively. Using importance sampling, Equation (1) is
recursively approximated by

p(XiYi) = p(VilX0) Y wi? p(Xi| X ). (2)

Given a set of particles from the previous time {(Xt(i)l,w,@ )} configurations at the

current time Xt(i), are drawn from a proposal distribution

o(X) = 3w ip (XX, (3

The weights are then updated as wgi) xXp <K|Xt(z)) The motion model predicts particle

position. The estimate of state of particles is based on a linear extrapolation of the
previous state plus Gaussian noise. The current state of target is estimated as weighted
average over the states of the particles. The observation model evaluates the weight by
likelihood, and is generally established the appearance of target from the image that is
utilized color, edges or texture as a feature [15].

In the human tracking, a pose of a target or illumination condition usually changes
during tracking. It is difficult to design an observation model which is useful for various
conditions. An adaptation method, in which the observation model is updated based
on the current observation, has been proposed and has an advantage for tracking under
pose/illumination change.

3. Switching Observation Model for Robust Tracking. As mentioned in the previ-
ous section, adaptive method is very effective in change of shape or illumination. However,
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in case that an object is occluded by obstacles, updated observation model includes obsta-
cles and it causes wrong tracking. In this paper, switching the observation model based on
the accuracy of tracking is employed to realize a robustness for both of pose change and
occlusion. In this idea, timing of switching the observation model is important. We focus
on the maximum likelihood in the particles, and an example of tracking result in which
the adaptive observation model is used is shown in Figure 1. In Figure 1, image of some
frames, the maximum likelihood in each frame, and differential of maximum likelihood
in each frame are shown. It is shown that the maximum likelihood drastically changes
when an occlusion occurs. We have confirmed that this phenomenon occurs in various
video scenes. Thus, we use the change of maximum likelihood as a trigger for switching
the observation model. In other words, adaptive observation model is usually used, and
the adaptation is stopped when the differential of maximum likelihood exceeds a thresh-
old value. When the maximum likelihood rises and exceeds the threshold, adaptation of
the observation model starts again. The proposed method does not require additional
calculation, and then the method is suitable for real time application.

4. Experimental Results and Discussion. We applied the proposed method to some
benchmark videos [16, 17] in which pose change and/or occlusion occurred in order to
confirm the effectiveness of the method. In the experiments, to calculate a likelihood of
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FIGURE 2. Results for “Jogging”. (a) Images of several frames, (b) change
of F-measures.
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FIGURE 3. Results for “Seq.D”. (a) Images of several frames, (b) change
of F-measures.

each particle, Harr-like feature is adopted as a feature and Bayesian classifier is used. To
quantitatively evaluate the accuracy of tracking, F-measure is used, and F-measure is
given by
2pv
ptv
where, p and v are called as recall and precision, respectively, and are given by
AP N AY
- ACQAL )
Aj

F= (4)

AP N AG

where, AY and AP are correct and estimated regions, respectively. Figure 2 and Figure
3 show the example of results for “Jogging” and “Seq.D”, respectively. In each frame
image, black box is a correct region, and yellow, red and green boxes represent region
estimated by without adaptation, adaptation and proposed method, respectively.

“Jogging” video includes occlusion, and then the adaptive observation model changes
to inadequate one during occlusion (see frame 77). On the other hand, “Seq.D” video
includes pose change only, and adaptive method succeeds in tracking the target. In both
videos, the proposed method exhibits robust tracking.
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In the method, change of maximum likelihood is used for deciding that adaptation is
stopped or not. Large threshold is useful for improvement of accurate tracking. Although
adaptation is sometimes stopped because of some reasons even if occlusion does not occur,
target can be found in some frames.

Calculation time of the proposed method is 60 [fps], under Intel i7 870 CPU (2.93GHz).
In the contrast, semi-supervised tracking [12] and online real boosting [18] perform 11 [fps]
and 20 [fps] under the environment Intel i7 3770 CPU (3.4GHz) and Intel Core 2 Duo
CPU (2.4GHz), respectively.

5. Conclusions. In this paper, we described a switching method for adaptive/nonada-
ptive observation model in the particle filter. In the method, adaptive observation model
is basically used, and the adaptation is interrupted when the target is occluded. To detect
an occlusion, differential maximum likelihood of set of particles. For all movies used in
the simulation, all occlusion could be detected by the method, and robust tracking was
achieved. Furthermore, the proposed method does not require additional calculation, and
then it is expected that the method can be applied to practical problems.
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