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Abstract
Particle filtering is an approach to Bayesian estimation

of intractable posterior distributions from time series sig-
nals distributed by non-Gaussian noise. A couple of variant
particle filters have been proposed to approximate Bayesian
computation with finite particles. However, the performance
of such algorithms has not been fully evaluated under cir-
cumstances specific to real-time vision systems.

In this article, we focus on two filters: Condensation
and Auxiliary Particle Filter (APF). We show their contrast-
ing characteristics in terms of accuracy and robustness. We
then propose a novel filtering scheme that switches these fil-
ters, according to a simple criterion, for realizing more ro-
bust and accurate real-time visual tracking. The effective-
ness of our scheme is demonstrated by real visual track-
ing experiments. We also show that our simple switching
method significantly helps online learning of the target dy-
namics, which greatly improves tracking accuracy.

1. Introduction
Particle Filtering is an approach to Bayesian estimation

of intractable posterior distributions from time series signals
with non-Gaussian noise, as such that generalizes the tradi-
tional Kalman filtering methods. This approach has been at-
tracting attention in various research areas, including real-
time visual processing [1][3][6], which deals with images
contaminated by non-Gaussian noises due to not only sig-
nal noises but also obstacles and/or distracters. Several par-
ticle filters have been proposed for approximating Bayesian
computation with finite particles. The performances of such
algorithms have not, however, been fully evaluated under
circumstances specific to real-time vision systems.

In this article, we focus on two filters: Condensation [3]
and Auxiliary Particle Filter [4] (APF). Condensation was
the first successful implementation of a particle filter for
real-time visual tracking, which employs the Sampling Im-
portance Resampling (SIR) method [2], and can run on a

cheap standard PC. The APF was proposed to solve a cer-
tain problem with the basic particle filter. We show their
contrasting characteristics; actually, they can be considered
compensatory in terms of accuracy and robustness under the
circumstances specific to real-time vision systems. To ex-
ploit their advantages, we propose a novel filtering scheme
that switches these filters according to a simple criterion.
We demonstrate the effectiveness of our scheme with real
experiments in which the task is to track a moving ball
passing behind an occluder. We also show that our simple
switching method significantly helps online learning of tar-
get dynamics, which greatly improves tracking accuracy.

2. Switching Particle Filters
2.1. Particle Filters

Particle filters are based upon point-mass representation
of probability densities. Let xt ∈ RNx denote the contin-
uous state vector of a tracking target at time step t, and
zt ∈ RNz a measurement vector. Using a point-mass set
{(x(n)

t−1, π
(n)
t−1), n = 1, ...,N} at time step t − 1, the filtered pos-

terior at time step t is approximated as

p(xt |zt) ≈kt p(zt |xt)
∑

n

π(n)
t−1 p(xt |x(n)

t−1), (1)

in which the prediction step p(xt |zt−1) is approximated as∑
n π

(n)
t−1 p(xt |x(n)

t−1), and p(xt |xt−1) is the state transition prior.
For the next iteration step, sampling from the posterior de-
scribed by Eq. (1) is called resampling.

In Condensation, p(xt |xt−1) used as the proposal distri-
bution is independent of the observations zt at each time
step t, and the state space is explored regardless of zt. This
property suffers from the outlier problem [4], i.e., model-
implausible observations that may occur when there are
unexpected occluders, distracters, and changes in the tar-
get motion. For example, Fig. 1 (left) shows that most of
the particles drawn from the transition prior have low like-
lihood. Then the position becomes inaccurate which pro-
duces poor tracking.
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Since the particle filters use a sampling method with a
limited number of particles, its performance is largely at-
tributed to which resampling method is used. Furthermore,
a couple of algorithms have been proposed to solve Con-
densation’s outlier problem [4].

The Auxiliary Particle Filter [4] proposed by Pitt and
Shepherd includes elegant resampling method that solves
the outlier problem. In their approach, the likelihoods are
calculated as weights at any likely point that characterizes
p(xt |x(n)

t−1). Then, by resampling with the weights, we can ac-
curately estimate the posterior depicted in Fig. 1 (left). By
conducting simulations using artificial images, we tested the
accuracy of the APF. Figure 1 (right) presents the averaged
finding speed (upper), and the standard deviation σ (lower)
over 500 trials, with the abscissa denoting the number of
particles. The finding speed denotes the number of frames
necessary for almost all particles to find the target after at
least one of them has found it. This figure shows that the
APF has a faster finding speed regardless of the number of
particles.
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Figure 1. Particles drawn from the proposal dis-
tribution (left), and finding speed (right).

2.2. Switching the Particle Filters
Although it seems that the APF provides better perfor-

mance than Condensation, we found that it often loses the
target when it is occluded and/or distracted (See Section
4.2), which is a natural condition in the real world. Be-
cause the APF weights its observation strongly, it tends to
lose diversity among particles. In contrast, we found that
it is very difficult to distract Condensation, since it gives
greater weight to its prediction than to its observation. Thus,
Condensation and the APF seem compensatory in terms of
accuracy and robustness under realistic circumstances. To
exploit their advantages, we propose a novel scheme that
switches these algorithms dynamically. In this scheme a
confidence matrix, Vest ∈ RNx×Nx , the covariance matrix of
the current estimated target state, is used for the switch-
ing. The confidence matrix that shows the confidence level
of the current estimated target state in the target space is
Vest,i j = σ

2
est,i j(i, j = 1, ...,Nx), where

σ2
est,i j =

∑
n π

(n)
t (x̂t,i − x(n)

t,i )(x̂t, j − x(n)
t, j )

N − 1
, (2)

and x̂t is the expectation of a target state xt at time step t.
Equipped with a threshold matrix γ, the switching scheme
is depicted in Fig. 2 and described as:

if σest,i j > γi j (∃i, j), then use APF,
otherwise, use Condensation.

The strategy of the switching scheme can be stated as:

Condensation APF

yes yesnono
σest,i j > γi jσest,i j > γi j

Figure 2. A flowchart of switching method.

“Don’t believe the thing you see too much if you are con-
fident with your estimation.” We also emphasize that this
switching scheme contributes to reducing computational
costs, since it maintains only N particles, rather than 2×N.

3. Experimental Setup
The task in our experiments is to track a red ball moved

sinusoidally either by hand or by an industrial manipulator.
Real video images were taken by a digital video camera and
processed by a Pentium 4 (2 GHz) Linux PC. These images
were downloaded to the PC by Video for Linux at a reso-
lution of 640 × 480 pixels, then reduced to 320 × 240. Our
system processed one frame in only about 8 msec.

3.1. Likelihood of the Target
For the particle filters, we need to prepare the observa-

tion model, or the likelihood function, of the ball. In gen-
eral, the more precise and complicated the model is, the less
robustly the model would fit and find its actual target, i.e.,
the likelihood tends to be too peaked. Moreover, it is time-
consuming for each particle to calculate such complicated
model. Thus, we employ a simple model that roughly ap-
proximates the likelihood with color information. The red
ratio at pixel x= (x1,x2) in the image coordinates is given by

r(x) =
R(x)

R(x) +G(x) + B(x)
, (3)

where R(x),G(x), and B(x) are observed colors of red,
green, and blue, respectively. Then, the weight π(n)

t of a sam-
ple point x(n)

t is given by

π(n)
t ∝α +

1√
2πσh

exp

−
(r(x(n)

t ) − µh)2

2σ2
h

 , (4)

where µh and σ2
h are the mean and the variance of a red ra-

tio, respectively, which are calculated for the pixels com-
posing the actual red ball beforehand. We set α to 10% of
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the maximum value of the above Gaussian term, such as to
represent the background level, cf. [3].

3.2. Switching Threshold and Particle Size

For simplicity we assume that the 2D-size of the ball is
constant, which means the distance between the camera and
the ball is fixed. We also assume that the random variables
xi, (i = 1, 2) are independent. Under this assumption, the co-
variance matrix Vest(t) becomes diagonal. Then, all we need
to consider for the switching threshold are γii, (i = 1, 2).
Since we confirmed that the radius of the ball can be used
as the standard deviation of the well-estimated target state,
we preset the switching threshold γii to the ball radius (8
pixels) in our actual experiments.

We also have to determine the number of particles. From
simulation results using artificial images, we set the number
of particles to 800 to maintain the accuracy and real-time
quality, cf. Fig. 1 (right).

3.3. Target Dynamics Models and Learning

Since the prediction step p(xt |zt−1) is approximated as∑
n π

(n)
t−1 p(xt |x(n)

t−1), it is better to have correct knowledge of
the dynamics model of the target for appropriate tracking.
A previous research effort attempted to learn it by a batch
EM algorithm [5]; however, the target dynamics is unknown
in general, thus one needs to learn the dynamics model in an
online fashion. Moreover, online learning usually includes
a forgetting scheme, which is suitable for tracking of a tar-
get whose dynamics is smoothly changing.

In our experiments, we assume that target dynamics is
a second-order linear system. In the case of no learning as
well as initial parameters for learning, we assume the tar-
get dynamics is xt+2 = 2xt+1 − xt + wt, i.e., constant veloc-
ity motion, where wt is white gaussian noise with mean=0,
variance=1. See the Appendix for our learning algorithm.

4. Experimental Results
First of all we show how online learning of the target dy-

namics contributes to tracking, with or without the switch-
ing. We then show how our switching method outperforms
other filters in a realistic task: tracking with an occluder and
distracters.

4.1. Learning the Target Dynamics

Figure 3 (left) is a sample image depicting the task envi-
ronment, in which a red ball was moved sinusoidally by a
human. Successful learning was achieved except in the case
of the too-narrow time window for Kalman smoothing. Em-
pirically, we set the window size to 60 frames.

Figure 3 (right) shows representative tracking trajecto-
ries acquired by Condensation with or without learning.
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Figure 3. Online learning of a dynamics model.
A sample image (left), and estimated trajecto-
ries (right).
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Figure 4. Learning progress. Standard devia-
tions of the target state (left), and the number
of frames that APF selected (right).

With learning, the tracking improves its robustness com-
pared to the tracking without learning, although it some-
times loses the target in the early phase of learning.

Figure 4 (left) shows the relationship between the learn-
ing progress and the standard deviation of the estimated tar-
get state. As the learning progresses, σest got smaller and
the tracker became armed with confidence. However, with
the switching, it kept small from the beginning.

Figure 4 (right) shows the number of frames the APF se-
lected according to the cycle of the ball’s sinusoidal motion.
The number of frames decreased as learning progressed,
which means that the observation was more weighted in
the early phase of learning, whereas the prior was more
weighted as the learning converged.

4.2. Tracking with an Occluder and distracters

To statistically compare the performance of different par-
ticle filters under normal circumstances for vision systems,
we prepared an environment in which we placed a board
as an occluder between the red ball and the camera, cf.
Fig. 5 (left). There were also some distracters, i.e., red ob-
jects around the trajectory and the board.

The bar graph in Fig. 5 (right) represents the mean abso-
lute position errors acquired over 50 trials by different parti-
cle filters without learning dynamics. The true ball position
behind the board was linearly interpolated based on the ob-
served data.
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Table 1 shows success rates in the same task with or
without learning dynamics. “Success” means that a track-
ing did not fail for 420 frames. The denominators are the
trial numbers and the numerators are success counts.

These figures show that our switching particle filter out-
performs other filters, including Unscented Particle Filter
(UPF) [6], whose efficiency for visual tracking has already
been shown. Because the APF took particular note of the
current observation, it sometimes failed to track the target as
it crossed behind the board due to distracters. Condensation
was more robust for crossing the board, but subsequent con-
vergence to the target was very slow and not promising. The
UPF was more robust and accurate than those two filters,
but its accuracy was much worse than that of the switch-
ing method.

We found that it was very difficult to learn the target dy-
namics in this type of severe circumstance: surprisingly, the
success rates of Condensation and the APF were 0 in the
learning task. In general, an occluder and distracters tend to
degrade tracking accuracy, leading to learning of irrelevant
parameters. This vicious circle accounts for those low suc-
cess rates. Despite that, our switching method worked very
well, presumably because of one of its functions that auto-
matically controls the balance between observation and pre-
diction (see 4.1)
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Figure 5. A sample image in the occlusion task
(left), and mean absolute position errors (right).

with learning without learning

Cond 0/50 2/50
APF 0/50 25/50
UPF 45/50 47/50

Switch 44/50 49/50

Table 1. Success rate in occlusion task.

5. Conclusion

We proposed a novel particle filtering scheme, “switch-
ing particle filter,” for real-time vision systems. The
switching particle filter uses two particle filters that in-
corporate different resampling algorithms. The two par-
ticle filters are Condensation and Auxiliary Particle Fil-
ter (APF). Through simulations and real experiments where

distracters and occluders exist, we found that their in-
herent properties are compensatory in terms of accuracy
and robustness. To exploit their advantages, our pro-
posed filter switched them dynamically according to a
simple criterion: the confidence level of the current es-
timated target state. We demonstrated that the switching
particle filter outperforms other well-known particle fil-
ters through real visual tracking experiments. We have also
shown that the switching scheme significantly helps on-
line learning of target dynamics, which greatly improves
tracking accuracy. In this article, the threshold param-
eter for switching was preset to the ball radius. Auto-
matic determination of this parameter can be regarded
as learning of a hyper-parameter, which will be our fu-
ture work.

Appendix

For online learning, fixed-lag Kalman smoothing (win-
dow size T ) is applied to filtering estimates to time step t,
obtaining

S i(t) =(1 − η)S i(t − 1) + ηS i(t), (5)
S i j(t) =(1 − η)S i j(t − 1) + ηS i j(t), (6)

where η is a learning coefficient, and

S i =

T−K∑

t=1

x̂t+i, S i j =

T−K∑

t=1

x̂t+ix̂T
t+ j −

1
T − K

S iS
T
j , (7)

which are the first-order moments and the autocorrelations
calculated in the window. This scheme can be achieved on-
line. If learning coefficient η is scheduled, the online learn-
ing will progress smoothly; in the experiments, however, we
fix η = 0.01 because the target may behave aperiodically in
the real world.

References

[1] M. J. Black and A. D. Jepson. Recognizing temporal trajecto-
ries using the condensation algorithm. In IEEE Int. Conf. Au-
tomat Face Gesture, pages 16–21, 1998.

[2] N. Gordon, J. Salmond, and A. Smith. Novel approach to non-
linear non-gaussian bayesian state estimation. In IEEE Proc.
Radar Signal Processing, volume 140, pages 107–113, 1993.

[3] M. Isard and A. Blake. Condensation-conditional density
propagation for visual tracking. IJCV, 29(1):5–28, 1998.

[4] M. k. Pitt and N. Shephard. Filtering via simulation: Auxil-
iary particle filter. Journal of American Statistical Assosia-
tion, 94:590–599, 1999.

[5] B. North and A. Blake. Learning dynamical models using
expectation-maximisation. In ICCV, 1998.

[6] Y. Rui and Y. Chen. Better proposal distributions: Object
tracking using unscented particle filter. In CVPR, 2001.

0-7695-2128-2/04 $20.00 (C) 2004 IEEE


	Select a link below
	Return to Main Menu
	Return to Previous View


