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Abstract In this research, we propose a method

executing the particle filter (PF) and the para-

metric eigenspace method (PEM) simultaneously.

Namely, the PEM is used as a re-sampling

method of the PF. Since the PEM is executed

at the same frequency as the number of parti-

cles, high-speed execution of the proposed method

is possible. Moreover, since the posture of the ob-

ject can be estimated by using PEM, the position

of the moving target object at the next time frame

can be estimated in high accuracy. We apply the

method to the real vision image, and examine the

effectiveness and the performance.

Keywords: particle filter, parametric eigenspace

method, object detection, target tracking, posture esti-

mation.

1 Introduction

Object tracking is required by many vision appli-
cations such as industrial automation, human in-
terface, robot navigation, and so on. The particle
filter (PF) framework is known to be effective for
the target tracking problems, and it provide a ro-
bust tracking framework as they are neither limited
to linear systems nor require the noise to be Gaus-
sian. The technique for the real time object track-
ing on the image by the PF is variously proposed
[1]-[7]. However, most of existing methods adopt
only simple perceptual cues such as color histogram
or contour similarity for hypothesis evaluation [1]-
[3]. Moreover, concretely, the problem of the PF is

that accuracy decreases when the number of parti-
cles is limited to small number. In a usual PF, the
number of particles needed to guarantee approx-
imate accuracy of probability density function in-
creases exponential when the dimension of the state
vector increases. Therefore, when the number of
particles is limited to extent in which the real time
tracking can be executed, a phenomenon in which
density of particle is insufficient versus dimension of
vector and a serious accuracy decrease are caused.
Thus, when the PF is applied, the idea of decreas-
ing the number of particles without an accuracy
decrease is necessary. Furthermore, to improve the
robustness and accuracy of tracking with more so-
phisticated hypothesis, we must devise methods for
the pertinent evaluation. The importance sampling
and the partitioned sampling, etc. have been pro-
posed as such a method, and high approximate ac-
curacy can be achieved without greatly increasing
the calculation cost by using these methods [4]-[7].

On the other hand, the parametric eigenspace
method [8] (PEM) has been widely used as a target
detection method in actual environment. Namely,
the detection and the posture estimation of a three-
dimensional object can be done by the PEM onl-ine
with one camera by using the dictionary database.
However, the relation of the volume of the dictio-
nary database (i.e. the recognition accuracy) and
the processing speed involves trade-off. Therefore,
a careful design of various parameters is necessary
for the construction of the recognition processing
system with the PEM.

Thus, in this research, we propose the method



executing the PEM and the PF simultaneously,
namely, the PEM is used as a re-sampling method
of the PF. In this method, the object detection, the
posture estimation, and the target tracking can be
done in high-speed by executing the PEM and the
PF simultaneously.

As related methods, there are methods such as
combined the cascaded classifiers based on Ad-
aBoost [9], the optical flow [10], and so on. How-
ever, there is no research that investigates the
method for executing the PF together with the
PEM.

In the next section, we describe about PEM, and
in Sec.3, the target tracking method using PF is
shown. Moreover in Sec.4, we describe the method-
ology of the target tracking using the information
of the dynamics estimated by PEM. In Sec.5, we
show several experimental results that show the ef-
fectiveness of proposed method, and we conclude in
Sec.6.

2 Object Detection by Para-

metric Eigenspace Method

The object detection procedure using PEM can
be divided by two phases, the first is dictionary
database generation phase and the second is detec-
tion phase. Here, each phase is described briefly.

2.1 Dictionary database

Let qn(x) , qn(x, y), Nt =
{

n
∣

∣n = 1, · · · , |Nt|
}

be a set of template images consisting of M × N
pixels. Moreover, let xn be its representation of
MN dimensional vector in scan line order i.e.,

xn = (q11, q12, · · · , qMN )T ∈ R
MN , (1)

where the vectors are normalized as ‖xn‖ = 1.
Next, the covariance matrix is generated as follows,

S , E
{

(xn − m)(xn − m)T
}

∈ R
MN×MN (2)

where m ∈ R
MN is the mean vector of xn. The

eigenvectors ui (i = 1, · · · , MN) corresponding to
the eigenvalue λi (λ1 ≥ λ2 ≥ · · · ≥ λMN ) given by
the principal component analysis of S. Let k is the
dimension of the sub space to be used, and we regis-
ter the following matrix consists of the eigenvectors
uk as a dictionary database,

U , (u1, · · · , uk) ∈ R
MN×k. (3)

Therefore, an input image vector xn is mapped to
the point yn in the k-dimensional eigenspace as fol-
lows,

yn = UT xn ∈ R
k, (4)

and the manifold Y =
{

y1, y1, · · · , yn ∈ R
k
}

. For
example, 36 template images of target object ro-
tated in units of ten degrees were prepared and
these mapped into an eigenspace according to
Eq.(4). This phase is finished by registering the
manifold y as a dictionary database obtained by
mapping the template image.

2.2 Object detection and parameter

estimation

Next, the preprocessing is executed for an input im-
age such as normalize, gray-scale conversion, and
so on. The range of around the target object is ex-
tracted by the preprocessing, and the input vector
x(t) ∈ R

MN is constructed. Then, the input vector
x(t) is mapped into the k-dimensional eigenspace,
and the index of the nearest point ynz

by the fol-
lowing expressions,

nz = argmin
n∈Nt

‖UT x(t) − yn‖. (5)

Thus, it can be said that the parameters of the tar-
get object is most similar to that of the template
image with the index nz. However, the computa-
tional cost for the detection and the posture estima-
tion of a fast movement target object by the PEM
is comparatively high.

3 Target Tracking by Particle

Filtering

The procedure flow chart of the proposed method
is shown in Fig.1. First, in the prediction part, the
position of the target object can be predicted from
the position of the target in the frame at time t by
following equations,

s(m)(t) ,

(

s(m)
x (t), s(m)

y (t)
)T

(6)

s(m)
x (t) = s(m)

x (t − 1) + rx + ∆x, (7)

s(m)
y (t) = s(m)

y (t − 1) + ry + ∆y (8)

where s(m)(t) represents the position of mth par-
ticle, rx = [−|rx|, |rx|] and ry = [−|ry|, |ry |] are
random numbers, and Mt = {m|m = 1, · · · , |Mt|}



is a set of indices of particle. Moreover, ∆x and ∆y

are the terms to increase the robustness of track-
ing calculated by estimating the moved distance of
the target � i.e. � the amount of the movement be-
tween frames are used for them. In the observation
part, PEM is executed at the position of the par-
ticle estimated by Eq.(8). Namely, M × N pixels
surrounding the particles are extracted, the input
vectors x(m)(t) ∈ R

MN are generated, and the ob-
ject detection is executed by Eq.(5). Here, at first
frame, PEM is executed to whole of the image and
the particle positions are initialized by

s(m)(0) = argmin
n∈Nt,xl∈F0

‖UT xl − yn‖. (9)

where F0 represents the first frame and xl is the
input vector extracted from the frame. Next, the
target object detection is executed by

d
(m)
min = min

n∈Nt,m∈Mt

‖UT x(m)(t) − yn‖. (10)

Thus, the object detection and the target track-
ing are executed by following steps.

Step 1 Likelihood of particles are calculated by

using d
(m)
min as follows,

π̂(m) =

{

0 d
(m)
min > dth,

1 − d
(m)
min/10 otherwise,

(11)

where in the following experiments, the thresh-
old value was set as dth = 10.

Step 2 The values of likelihood are adjusted as

π(m) := exp
(

100 · π̂(m)
)

, (12)

where
∑|Mt|

m=0 π(m) = 1.

Step 3 If π(m) ≥ πth, it is judged that the target
object is detected at the position of the mth
particle and the posture θ(m)(t) is calculated
by PEM. Else the particle lost sight of the ob-
ject, and the particle disappears.

Here, in the following experiments, the threshold
values were set as dth = 10 and πth = 0.1.

4 Robust Target Tracking by

Estimating of Dynamics

Since PEM is executed at the same frequency as
the number of particles, high-speed execution of the
proposed method is possible. Moreover, since the
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Figure 1: Flow of the processing of proposed
method.

posture of the object can be estimated by using
PEM, the position of the moving target object at
the next time frame can be estimated by high ac-
curacy. Namely, the particles can be generated in-
tensively to the place where the possibility that the
target moves is high by using the estimated posture
θ(m) as follows,

s(m)
x (t) = s(m)

x (t − 1) + rx cos
(

θ(m)(t − 1)
)

+ ∆x,

s(m)
y (t) = s(m)

y (t − 1) + ry sin
(

θ(m)(t − 1)
)

+ ∆y.

The outline of this processing is illustrated in Fig.2.

5 Experiments

5.1 Generation of dictionary database

First, the template images (64×64 [pixel]) of the
object that changed continuously the appearance
were acquired, and a part of them are shown in
Fig.3(a). Moreover, the number of dimension of the
eigenvector was experimentally set to be k = 20,
and a dictionary database was generated (Fig.3(b),
(c)).



Figure 2: Method for improving robustness of de-
tection and pursuit. The generation area of the
particle is deformed according to the posture of the
target.

5.2 Experimental conditions

We experimented on the target detection and the
tracking with a camera (160× 120 [pixel]) and a
Windows PC (PentiumM 1.9 GHz). A general view
of experimental environment is shown in Fig.5. The
number of particles was 100.

5.3 Preprocessing of input image

It is necessary to remove the background from the
input image for highly accurate object detection
by the PEM. In the following experiments, the in-
put images are preprocessed as shown in Fig.5, i.e.,
gray-scaled image (Fig.5(a)) is transformed to a hue
image (Fig.5(b)) by HSV transformation. More-
over, a similar hue image is generated from the
image of which it captured beforehand i.e., a hue
image of the background (Fig.5(c)) and the mask
image is generated (Fig.5(d)). Herein, to decrease
the influence of the shadow, the hue image is used
without using the brightness image. At last, the
target is extracted (Fig.5(e)) from a gray scale im-
age (Fig.5(a)) by using the mask image.

5.4 Experimental results

Examples of the experimental results of the detec-
tion, the posture estimation and the tracking of a

movement target object are shown in Fig.6. The
particle located at the center of the red rectangle
(64 × 64 [pixel]) had the highest likelihood, and
the figure in lower left shows the direction angle of
the object. Moreover, the particle with a higher
likelihood is represented in more vivid green, and
the black particles were lower than the threshold of
likelihood and disappeared in the next frame. The
processing speed was 14-15 [fps], high-speed pro-
cessing was achieved. From these experiment re-
sults, it is understood that the particle tracked the
object, although it fails in the detection and the
posture presumption of the object when the object

(a)

(b) (c)

Figure 3: Template images for the dictionary
database; (a) a part of template images rotated by
30 [deg] from 0 [deg] to 330 [deg], (b) an example of
re-constructed image (k = 20), and (c) an example
of eigenspace manifold (k = 3).



Figure 4: Over view of experimental environment.

(a) (b)

(c) (d)

(e)

Figure 5: Flow of preprocessing to remove back-
ground from image: (a) a gray scale image, (b) a
hue image generated by HSV transformation, (c) a
background image captured beforehand, (d) a mask
image generated by background subtraction, noise
reduction and binarization are executed by using
the (b) and the (c) images, and (e) extracted im-
age of the target object by using the mask image.

moves at high speed, and the proposed method was
effectively executed.

Further, Fig.7 shows the experiment result when

(a)

(b)

Figure 7: experiment result when other objects are
in surroundings of the target.

other objects are in surroundings of the target, and
then it is understood that the detection only of the
object was accurately executed.

6 Conclusion

In this research, we proposed the method for the
robust posture estimation and the tracking of the
target object in high-speed by executing PEM and
PF simultaneously. However, the following prob-
lems have been left. First, since the size of appear-
ance of the object changes according to the place
of the camera image, the accuracy of the detection
and the posture estimation by proposed method
which uses constant size template images decreases.
In general, to overcome this problem, the dictio-
nary database generated from the template image
of various sizes is used, or the input image is nor-
malized to constant size, however, these methods
increase the computational cost. Therefore, for ex-
ample, it is possible to prepare the plural dictionary
databases of the size of appearance of the object
as a method of dealing with the problem, and it
is a future work. Moreover, the propoed method is
scheduled to be built in to the service robot [11, 12].



(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6: Example of result of the detection, the target tracking, and the posture estimation of a moving ob-
ject. The figure in lower left shows the direction angle of the object, and the red rectangle (64times64[pixel])
shows the position of the detected target. Moreover, the particle with a higher likelihood is represented in
more vivid green, and the particle with a low likelihood is represented in black.
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