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Abstract. Particle filter (PF) based object tracking methods have been
widely used in computer vision. However, traditional particle filter track-
ers cannot effectively distinguish the target from the background in com-
plex scenes since they only exploit appearance information of observation
to determine the target region. In this paper, we present an adaptive par-
ticle filter based on energy field (EPF), which makes good use of moving
information of previous frames adaptively to track the target. Besides,
we present the mechanism of result rectification to ensure the target
region is accurate. Experiment results on several challenging video se-
quences have verified that the adaptive EPF method is compared very
robust and effective with the traditional particle filter in many compli-
cated scenes.
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1 Introduction

Object tracking is a challenging research topic in the field of computer vision and
has been widely used in many applications such as surveillance, human-computer
interfaces, vision-based control, and so on. In the previous literature, a huge
number of tracking algorithms have been proposed. The two main categories
into which most tracking algorithms fall are deterministic methods [112l345]
and stochastic methods [GI7USI9QITOITT].

In the deterministic methods, the simplest method is tracking the target by
comparing all candidate regions with the target model, the candidate region
that has the most similarity with the target model is regarded as the tracking
result [3]. Because exhanstive search is time-consuming and can not be used
in real-time applications, some improved algorithms have been proposed, which
are usually implemented by minimizing a cost function using a gradient descent
search. Mean shift, which firstly appeared in [12], is applied by Comaniciu [4]
to object tracking and has been widely used because of its excellent properties
such as simplicity, real-time. It is a fast matching algorithm of non-parametric
pattern, in which the cost function between two color histograms is minimized
through the mean shift iterations. Although mean shift tracker has obtained

G. Qiu et al. (Eds.): PCM 2010, Part I, LNCS 6297, pp. 437 2010.
© Springer-Verlag Berlin Heidelberg 2010



438 X. Sun et al.

good performance in real-time applications, it has a significant drawback that
the mean shift iteration easily become trapped in local minima.

In the other hand, stochastic methods fuse some stochastic factors, so their
searching process can cover a much larger range and have a higher probability of
reaching the global optimum of the cost function. Particle filter methods [I3] have
become more and more prevalent in solving the tracking problems, especially in
nonlinear and non-Gaussian ones. The popularity also comes from their sim-
plicity, flexibility, and ease of implementation. Sequential Monte Carlo methods
are used to implement online learning which is based on a Bayesian framework.
In this method, a set of weighted particles are used to simulate the probability
distribution of target. The particle with the largest weight is regarded as the
tracking result. The key point of this method is to compute weights of particles
which is based on the similarity between the particle and the reference model.
Traditional methods usually measure the similarity by appearance information.
For example, in [14], the color histogram is used to model the appearance of the
target while the sound and shape are used in [I5] and [I6] respectively. How-
ever, appearance information alone is not enough to accurately discriminate the
target from the background, especially in complex scenes where the background
has the same image features with the target or the target itself changes. Some
other approaches to refine the PF method exist such as [I7JI8] which use lay-
ered sampling for accurate object localization and effective search for the state
parameters. There are also many algorithms in literature that take advantage of
motion constraint to improve the classic particle filter framework, such as [19]
in which the motion constraint is used in measurement step.

In this paper, we propose an adaptive particle filter algorithm based on energy
filed (EPF). The energy field is set up according to previous moving information,
and updated adaptively with time. We compute weights of particles according to
not only appearance factors but also their energy values, which show the simi-
larity between their current moving trend and that of the object in past time. So
this method can choose the particle closer to the true object accurately. Besides,
we present the mechanism of result rectification to get accurate target region
in each frame and avoid the bad result diffusing to the following frames. Ex-
periments on several challenging video sequences have proved that the proposed
algorithm achieves better performance than traditional particle filter in many
complex scenes.

The rest of this paper is organized as follows: A brief introduction to the
particle filter framework is presented in Section 2. In Section 3, the adaptive EPF
algorithm is described in detail. Experiment results on different video sequences
are shown in Section 4, and Section 5 is devoted to conclusion.

2 Particle Filter Framework

Particle filter algorithms, more detail in [20], accomplishes online learning within
a Bayesian framework. Its purpose is to estimate the unknown state xj at time
k from a sequential observations z1.;, = {z1,..., 2} perturbed by noises. Two



Adaptive Particle Filter Based on Energy Field for Robust Tracking 439

basic equations involved in the whole algorithm, state equation and observation
equation, are shown as follow:

Tpi1 = fr(Tr, ur) (1)
2k = hi(xp, vi) (2)

where uy and vy are the system noise and observation noise. fj, and hy represent
the state transition and observation models. The two equation correspond to
probability distributions p(ax|zr—1) and p(zg|xk) respectively. The key idea of
particle filter is to approximate the posterior probability distribution p(x|z1.x)
by a set of welghted samples {azk,wk}z 1, which are sampled from a proposal
distribution ¢(-): x} ~ q(zk|zi_|,21%), (i = 1,...,N). The weight of each
particle is set to ‘ o

i p(zrlzp)p() |z,

wy, ,
Q(mk‘a:}c,ly zl:k)

3)

Finally, the posterior probability distribution is approximated as

p(xk|z1:k) Zwké (zx —a:k) (4)

where §(-) is the Dirac function.

3 The Adaptive EPF Algorithm

In this section, we give out the proposed method in two steps. First, we introduce
the adaptive approach to track the target which is valid in complex scenes.
Second, we rectify the tracking result to ensure the target region is accurate.

3.1 Adaptive Method to Determine the Target Region

In the proposed method, We explore multiple factors to weight each particle and
ensure the target can be identified exactly in complicated situations.

The color-cues likelihood model is still constructed due to its availability and
simplicity when the color distribution of the target is invariable. A similarity
measure between the color histograms of the particle region p = {p(“)}uzl,m’m
and the template ¢ = {q(“)}u:L,,,m had been defined as follow:

plp.al = Vpmg® (5)
u=1

The larger value of p is, the more similar the distributions are.

In general, the differencing method can be used to track moving object. The
sum of pixel intensity values in particle region corresponding in differences image,
sum, can show the amount of moving elements. However, there is a fatal dis-
advantage when the video is captured by mobile camera. The proposed method
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Fig. 1. Motion compensation in four possible cases

use motion compensation to overcome this disadvantage. We firstly estimate the
motion vector v(z,y) of the whole image in two consecutive frames. Then the
corresponding parts, rectangle A; and As, can be got from the two frames, in
which the background has the same location while the target has different ones.
Four possible cases are listed in Fig.[Il It is obvious that the differencing method
based on the regions of rectangle A; and A, is valid.

Only considering the two appearance factors introduced above are not reliable
in complicated tracking conditions. When the background has the same features
with the target, some particles at the wrong location may have high weight. But,
the wrong particles can be easily eliminated since they usually have exaggerated
distances or angle from the location of the target in last frame. Therefore, we
propose an adaptive approach in the third factor which can make use of the
previous moving information adaptively and track the target effectively.

Usually, the fluctuation of the distances the target moves in two successive
time slices can not be very large. We show the tracking result on ship sequence
as an example in Fig. 2l We can see that the fluctuations of two consecutive
distances are concentrated in a small range which is independent with the moving
speed of the target. The mutation, occurred at frame 36, represents that the
particles lose the target and fall in mess until they reach the target again at
frame 40.
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Fig. 2. Fluctuation of distances in two successive time slice on ship sequence
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Fig. 3. Statistics of cos§ on ship sequence

Besides, the directions the object moves toward in two successive frames are
usually the same or have little difference. That is, the angle 8 between linel and
line2 should approach 0°, where linel connects the two positions of time k—2 and
k—1 while line2 connects the positions of time k—1 and k. Fig. Blshows the same
experiment result on ship sequence. Comparing with the tracking performance,
we can see that the good-tracking frames are usually with the value of cos 6 close
to 1 whereas the frames with low value of cosf are corresponding to the poor
performance, where the the particle regards the spoondrift as the target and
makes the tracker trapped.

Based on this truth, we build an energy field GG, which can measure the sim-
ilarity between current moving trend of each particle and that of the target in
past time and can update adaptively with time.

First, we calculate a reference distance at each time according to the locations
of the target in previous two frames

dis refy = (prog_1 — prag—o)® + (Pryp—1 — Pryg—2)> (6)

where preg_1, pryr—1 and prrg_o, pryg—o denote the final locations of the target
at time k — 1 and k — 2 respectively. The distance from a certain position p to
the last final position can be calculated as follow:

dis fp=(p x —prax—1)>+ (p y — pryr—1)* (7)

where p x and p y is the coordinates of position p.
Then we can get the difference measure by comparing it with the reference

distance
5 = Pdis refr — dis fp-‘
! 1
where 7 is quantization step size and set at 500 experimentally.

(®)
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For position p, the value of cosf can be calculated as follow:
dis refy +dis fp, — dis sp
2\/dz's refr x dis fp

where dis s, is the square of the distance from position p to the final target
position of frame k — 2:

cosf, = —

9)

dis s, = (p © = prag—2)” + (p y — pryr—2)* (10)
Then, the energy of position p can be defined as
Gp = —0p+ A X cosO, (11)

where A can be set at 25 experimentally.

Obviously, the energy field is centered by the point which has the same dis-
placement with last motion. It get the largest energy in center and weakened to
the edge gradually. The whole idea of this factor can be described by Fig.[dl The
particle with large energy has more likelihood of being true target.

Fig. 4. Weight particles by moving information of consecutive frames

Finally, the weight of the ith particle at time k is specified by a Gaussian:

2
1 dj

wt = e 202 12
k \/27T0' ( )

where d; is related with the three factors introduced above:
di = a X plpi,q) + B x sum; + v X G; (13)

where «, (3, v are the proportional coefficients. We choose them according to
the order of magnitude of each factor and set them at 0.7, 0.4 x 10~°, 0.003
experimentally.
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Note that, in previous literature, though the particles are produced around
the position which has the same displacement with the last motion, they are
still weighted by appearance factor and the motion information can not effect
any more, so the particle at wrong place can also get the highest weight just
because it has the similar feature with the target. In our method as a contrast,
the motion information can participate in the weight assignment by the form
of energy field, the particles can rise their weights appropriately according to
the similarity of moving trend. Also, if the object motion is not regular, the
appearance factor part can work. The proportional coefficients will decide how
much one trusts the motion information versus the appearance model.

3.2 Rectification Mechanism of Tracking Result

Because of the random positions and sizes of the particles, it is common that
the trackers take a part region of the target with the same image features as the
final result. For example, the particle covering a small region of the target which
has the same color distribution with the whole target may get the largest wight.
In addition, the object usually moves a short distance between two successive
frames and only two edges have value in differences image. This can also result
in the same phenomenon, as we show in Fig.

Fig. 5. Inaccurate tracking result caused by the favor particle covers only a part of the
target

To tackle this issue, we represent an adaptive rectification method. When the
region of current tracking result become smaller, we consider the farthest rectan-
gles that have the same size with the last tracking result and contain the current
region. Then we get a best one with the largest weight and shrink it to the right
size. The idea of this method is shown in Fig.[6l The rectangle rect current rep-
resents the current tracking result. All the rectangles that contain rect current
and have the same size with last tracking result are contained by rect globe.
rect last, for example, is one of them. We take the center point as the represen-
tation of the rectangle, so the center points of all the rectangles like rect last
compose the searching range. It has the same center with the current tracking
result and the width and height of it, s w and s h, can be defined as follow:

sw=gw—-2xlw/2=2xlw—cw)—lw=lw—cw (14)
sh=gh—2x1h/2=2xlh—ch)—lh=1h—ch (15)
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Fig. 6. The adaptive amending method to determine the target region accurately

where g wand g h,l wand !l h, c wand ¢ h is the width and height of rect globe,
rect last, rect current respectively.

Obviously, the four vertexes of searching range correspond to the four rectan-
gles at the edge of rect globe, so we compute the weights of them and choose a
best one as the candidate region.

We shrink the candidate region to the direction of rect current by binary
search, the coordinate of the center point and the size change iteratively as
follow:

T =x4-1 (w1 —cw)/4
Yo = Yt—1 %+ (he—1 —c h)/4
wy = wi—1 £ (w1 — ¢ w)/2
ht = ht—l + (ht—l — C h)/Q

t=0,1,... (16)

After each iteration, we calculate the weight of the new candidate region. If the
weight is larger than that in last iteration, we go toward to rect current and
use “-”, else if the weight is become smaller, we go to the opposite direction and
use “4”. The times of iterations can be chosen experimentally and are set at 3
in our experiment.

This method can get a region covering the target accurately, whose position
and size are rectified adaptively according to the result of last frame.

4 Experiment Results

In this part, we test the adaptive EPF algorithm on several challenging video
sequences. All these video sequences are taken from moving cameras outdoors.
We set the number of particles at 100 in each iteration, and use HSV color space,
make ¢ = 0.5.

First, we compare the adaptive EPF algorithm with the traditional particle
filter using only appearance information on three video sequences which corre-
spond to different challenges for visual tracking. To give a convincing comparison,
experiments of the three algorithms are carried out under the same conditions.
The first sequence describes a ship navigating on the river, which looks very
small and has similar color distribution to the water. The waves also can be
regarded as moving objects especially for those behind the ship, and the illumi-
nation changes constantly because of the moving waves. The tracking results of
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(a) Traditional PF algorithm

(b) The adaptive EPF algorithm

Fig. 7. Tracking results on ship video sequence for frames of 1, 60, 120, 180 and 240

the two algorithms are shown in Fig. [ As we can see, it is a challenge for tradi-
tional PF since it may consider the background region with the same features as
the target. Besides, to the ship, only the pixel at two edges have value in differ-
ences image, this may lead the particle become small and lose the target easily
in following frames. Our algorithm, in contrast, makes good use of the moving
information. The particles on exaggerative positions are given comparative small
weights even if they have similar features with the target model. Furthermore,
we rectify the tracking result at each time to avoid the bad result diffusing to
the following frames. All of these make the adaptive algorithm perform well.

In the second video sequence, an insect is moving randomly on a leaf. The
insect is always followed by a big black shallow which is also can be regarded as
moving object. What is worse, the insect itself also contains the color of black
by a large proportion. The above reasons make the appearance factors cannot
distinguish the target from the background effectively. The tracking results of
the traditional particle filter and the adaptive EPF are show in Fig. B from
which we can notice that the traditional PF tracker can follow the object be-
cause of the color contrast between the insect and the leaf, but the localization
accuracy is unsatisfactory. In comparison, our method, which has a mechanism
of result rectification, can achieve accurate performance, also demonstrating the
validation of our method on unpredictable-motion target.

The third sequence shows a man in black clothes, which is not outstanding
or discriminative, walking in cluttered background. Further more, the man is
usually occluded by the branches and the littered stuff such as the black windows
are also interference. Fig. @ shows the tracking result of the two algorithms. As
can be seen, it is a challenge for traditional PF to capture the target due to
the indiscriminate color feature while the EPF method can achieve accurate
performance by exploring motion information.
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(b) The adaptive EPF algorithm

Fig. 8. Tracking results on insect video sequence for frames of 1, 20, 40, 60, 80 and
100

(b) The adaptive EPF algorithm

Fig. 9. Tracking results on man video sequence for frames of 1, 70, 120, 150, 180 and
220

(a) Shelter, large appearance and illumination changes

b) Bypass the obstacles

Fig. 10. More experimental results
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In order to further evaluate the performance of the adaptive particle filter, it
is tested on another two video sequences with different environments. The first
video sequence contains a woman walking in a street, the background has many
other stuffs and large illumination changes. The second video sequences describes
a ship moving past a pole. Both of these two video sequences have sheltering
cases. From the tracking result shown in Fig. [10(a), we can see the adaptive
method is not affected by the appearance and illumination changes. Though
the feature changes when the woman is sheltered by the cars, the tracker can
also follow her accurately based on the motion information in previous frames.
Fig.|10(b)|shows the tracking result of the second video sequences, which demon-
strates our algorithm is very robust to bypass the obstacles.

5 Conclusion

An adaptive particle filter based on energy field for visual tracking has been
presented in this paper. Compared with the traditional particle filter trackers
that use only appearance information, the adaptive method effectively explores
the motion information of consecutive frames. The weights of all particles are
set according to the moving information adaptively. Besides, we also present the
mechanism of result rectification after each frame to ensure the tracking result
is accurate. The adaptive particle filter is compared with the traditional PF on
several challenging video sequences, which verifies that the adaptive algorithm
is more effective and robust than traditional particle filter tracker in complex
scenes.
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