Front. Electr. Electron. Eng. China 2008, 3(3): 274-282
DOI 10.1007/s11460-008-0045-z

RESEARCH ARTICLE

Jiangtao WANG, Jingyu YANG

Relative discriminant coefficient based multi-cue fusion for

robust object tracking

© Higher Education Press and Springer-Verlag 2008

Abstract In visual tracking, integrating multiple cues
will increase the reliability and robustness of the tracking
system in situations where no single cue is reliable. In this
paper, a novel multi-cue based tracking method is pre-
sented under the particle filter framework. Considering
both practical distance and Bhattacharyya distance
between particles and the target, a parameter called rela-
tive discriminant coefficient (RDC) is designed to measure
the tracking ability for different features. Multi-cue fusion
is carried out in a reweighing manner based on this para-
meter. Experimental results demonstrate the high robust-
ness and effectiveness of our method in handling
appearance changes, cluttered background, illumination
changes and occlusions.

Keywords visual tracking, multi-cue fusion, particle filter

1 Introduction

Object tracking in video sequences is one of the main issues
of computer vision. Tracking object is useful for many
vision based applications, including visual surveillance,
human-computer interfaces, traffic monitoring systems
and video compression, and so forth. These applications
all require a robust tracking mechanism operated online
or offline. To achieve robustness and to reduce uncertainty
in object racking, over the past few years tremendous efforts
have been devoted to enhancing visual tracking perform-
ance by designing various tracking programs and making
use of different tracking features [1-6]. Great progress has
been made as reported in the literature.

However, object tracking still suffers from a lack of
robustness due to a dynamically changing environment.
Though it is noted that the fusion of multiple cues will lead
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to increased reliability of the tracking system, most of the
current tracking algorithms are based on single cue deter-
mined a priori and are, therefore, often limited to a par-
ticular environment. In this case, the fixed feature is either
chosen at random or sometimes preliminary experiments
are conducted to determine which feature to use.
Adopting multiple-cues in tracking the object has
attracted considerable interest from researchers to
improve robustness.

Various features can be used to represent objects, such
as color, depth, motion and texture. Since most of the
computer vision problems are ill-posed, more features
increase the robustness of solutions. Up to now, much
literature has been published about the fusion of mul-
tiple-cues. For a tracking system that utilizes multiple-
cues, the method by which the cues are integrated is a
key issue. A straightforward approach reported in Refs.
[7,8] used all cues in parallel and treating them as equival-
ent channels. In their work, different cues are combined
directly in a likelihood manner. However, one limitation
of this method is that it does not take account of the
discriminant ability of the cue. Democratic integration is
an architecture that allows for the tracking of objects
through the fusion of multiple adaptive cues in a self-
organized fashion. This method was proposed by
Triesch and Malsburg in Ref. [9]. It is explored further
in Refs. [10,11]. In this framework each cue creates a 2-
dimensional cue report or a saliency map, the cues fusion
is carried out by resulting a fused saliency map that is
computed as a weighted sum of all the cue reports.
Integration was extended by Spengler and Schiele in
Ref. [10] by using a particle filter for tracking multiple
targets. In Ref. [12] Pérez et al. presented a particle filter
based visual tracker that fuses three cues: color, motion
and sound. In their work, color cues serve as the main
visual cue, and according to the scenario under considera-
tion, color cues are fused with either sound localization
cues or motion activity cues. A partitioned sampling tech-
nique is applied to combine different cues. The particle re-
sampling is not carried out on the whole feature space but
in each single feature space separately. This technique
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increases the efficiency of the particle filter. However, in
their case only two cues can be used simultaneously, which
restricts the flexible selection of cues and the extension of
the method. Differing from the above-mentioned fusion
method, Loy et al. fused different cues based on relative
entropy [13], or the Kullback-Leibler distances between
the probability density function (PDF) of the cue and the
PDF of the target. In Ref. [14] Wu formulated the prob-
lem of integrating multiple-cues for robust tracking as the
probabilistic inference problem of a factorized graphical
model. To analyze this complex graphical model, a modi-
fied method is taken to approximate the Bayesian infer-
ence. Interestingly, the analysis reveals a co-inference
phenomenon of multiple modalities, which illustrates the
interactions among different cues, i.e., one cue can be
inferred iteratively by other cues. An efficient sequential
Monte Carlo tracking algorithm is used to integrate mul-
tiple visual cues, in which the co-inference of different
modalities is approximated.

In this paper, we concentrate on multi-cues based object
tacking in a particle filter framework. Our ultimate goal is
to develop a multi-cue based particle filter technique
which can combine various cues online and adaptively,
so as to track object robustly even in complex dynamic
environment. In our work, the relative discriminant coef-
ficients of different cues are computed to measure the
tracking ability of them. Each cue is weighted based on
this measure, and then all the cues are fused in a weighted
sum manner.

The remainder of the paper is organized as follows.
Section 2 briefly outlines theoretical background of par-
ticle filter (PF) tracking framework. Section 3 presents the
target dynamics model. Section 4 gives the feature selec-
tion and observation models. Section 5 introduces our
proposed data fusion tracker. This section is concluded
with a summary of the tracking algorithm. Section 6 pre-
sents tracking scenarios and illustrates the performance of
the tracking algorithm under a variety of conditions. The
usefulness of each localization cue and their combined
impact are evaluated. Finally, we conclude the paper in
Sect. 7 with a summary.

2 Particle filter review

As mentioned above, our method is based on the tracking
framework of the PF [15-17]. For completeness, we sum-
marize the main idea behind the particle filter in this section.

Visual tracking is often posed as a Bayesian sequential
estimation problem. In this sense, Kalman filter and the
extended Kalman filter have been highly popular in
designing visual trackers. However, in circumstances
where heavy background clutter leads to multi-model dis-
tributions, or the system is highly non-linear and the densi-
ties are highly non-Gaussian. These techniques often fail
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because of its assumption of Gaussian models or linear
dynamic system. Particle filter relaxes the Gaussian and
linear modeling assumption of Kalman filter by employing
samples to represent probability densities and invoking
Monte Carlo techniques to simulate density propagation.
Particle filters, also known as sequential Monte Carlo
methods (SMC), Bootstrap filters, Condensation trackers
and so on, are complicated model estimation techniques
based on simulation within a Bayesian framework. Denote
by X, = {xo,x1,....x;}, Y, = {yo.y1,...,y,} respectively the
hidden state and observation until time ¢. According to
Bayesian estimation theory, the optimal estimate of x; is
given by the posterior mean E[x,|Y,]. Given the posterior
PDF p(x,_4|Y,— ) at time ¢ — 1, then the current posterior
PDF can be obtained by the following two steps:
Prediction step

p¥en)- |

Xr—1

p(x]x—1)p(x;—1|Y,—1)dx,—y. (1)

Update step

Py lx)p(x,|Y,—1) )

PedY) == Y

(2)

In the prediction step, the prior p(x;—|Y; - 1) is propa-
gated to p(x,|Y,_) through a dynamical system model
p(xx,—1). The predicted state is then corrected by an
observation likelihood function L(Y]x,) in the update
step. In order to avoid the integral in Eq. (1), the key idea
of particle filtering is to approximate the posterior PDF by
a weighted sample set S= {(s“,b")n=1,2,...,N}. Each
sample s represents one hypothetical state of the object,
with a corresponding discrete sampling probability b,

N
where 3 b =1. The mean state of an object is estimated
n=1

at each time step by

N
E(S)=) b"s®. (3)
n=1

The sample weight corresponding to each sample is
proportional to the observation likelihood function, and
we would present the observation likelihood function in
Sect. 4.

3 Target dynamics model

To track an object sequentially in video, we initially
choose a region which defines the object. The shape of
this region is fixed a priori through the definition of an
ellipse or a rectangular box. In our case we choose a rect-
angular box characterized by the state vector

(4)

! ! / !
X = {x,y,x .V ,sx,sy,sx,sy},
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where x and y denote the centroid of the ellipse or rect-
angle, x" and )’ are the velocities of the centroid, s, and s,
denote the length of the half axes or sides and s/, and ¢/,
denote the velocities of s, and ). A first order auto-regres-
sion (AR) dynamics is chosen on these parameters. This
has the form

X[:Ax[71+BV[, (5)

where v, is a multivariate normal distribution; the matrix
A defines the deterministic component; B denotes the
stochastic component. It is straightforward to extend this
model to second order if it is required to capture more
complex dynamical motions. For the time being we use an
Ad-hoc model composed of three independent constant
velocity dynamics on x,, y, and s, with respective standard

deviations 1 pixel/frame, 1 pixel/frame, and 0.1 frame™".

4 Feature selection and observation model

Choosing appropriate features plays important roles for
robust tracking in the particle filter framework. Feature
selection relies on the availability of the object feature.
For simplicity, in this work, we select two popular fea-
tures: color and edge information as the representing fea-
ture. Our choice of features is based on their feasibility for
robust visual tracking and their adaptability to our prob-
abilistic framework. All the feature models are based on
histograms for it has the properties that they allow for
some changes in the object appearance without changing
the histogram.

4.1 Color model

Color models are widely used in object tracking as they
achieve robustness against non-rigidity, rotation and par-
tial occlusion. We take a histogram-based non-parametric
color model which is originally introduced by Comaniciu et
al. for the mean-shift based object tracking [6]. We deter-
mine the color distribution inside a rectangular region
R(x) centered at the location x, which is denoted as
p(x)={p(x)}, u=12,....,m, where m is the number of bins.
In our experiments, the histograms are typically calculated
in RGB space using 8 x 8 x 8 bins. To increase the reli-
ability of the color distribution and lower the weight of the
pixels, smaller weights are assigned to pixels that are closer
to the border of the target region by employing a kernel
weighting function. More specific p(x) can be obtained as:

pu(x):Efjk(Hy;x’
i=1

where 6 is the Kronecker delta function, & is a kernel func-
tion, such as the Epanechnikov kernel. Normalization fac-
tor E ensures that the sum of the bins is one. Given a

2) Slb(x)—1,  (6)
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reference histogram ¢ that defines the target model, and
histogram p(x) extracted from a candidate state x, the sim-
ilarity between them is evaluated based on the
Bhattacharyya coefficient

W= [1- 3 Vo )
u=1

Upon this, the corresponding weight can be defined as
follows:

I 1 d?
b.oclikelihood, = \/Z——Ttrn exp ( — 2_af> ) (8)

where o, is the standard deviation which specifies the
Gaussian noise in the measurement.

If the image is gray, we construct the intensity his-
togram in the same way as one channel of the color space.

4.2 Edge model

Edge feature has been proven useful for modeling the
shape of the object to be tracked. Here we describe the
edge using a histogram based on the estimated gradient
orientation. Let the target be represented by a rectangular
centered at (x, y), the width and height of it are 4 and w.
Then we can construct the gradient orientation histogram
as:

w

h
Ho(k)=> > k(x5 [0(xy)—z), z=12.....Z, (9)

x=1y=1

where z is the histogram bin index, 0(x,y) is the gradient
orientation of pixel at (x, y), 0 is the Kronecker delta
function, and k(i, j) is the kernel function emphasizing
the spatial arrangement of the features in the image.

In order to remove the burden of noise, the gradient
orientation is filtered to include only gradients with mag-
nitude m above a predefined threshold 7' In our case, 7 is
defined as follows:

T =wmax (im)+ (1 —w) mean (im). (10)
So we have

0(i ),
0, otherwise.

e<i,j)={ )= T (1)

For each cue, given two histograms ¢ and p that
describe the target model of the current frame and the
reference frame in this feature space respectively, by using
Bhattacharyya coefficient, the distance between them can
be computed as:

M
p(p.a) =Y \/Prdr,

k=1

(12)
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db(p7q>= V l—p(p,q). (13)

Based on the Bhattacharyya distance, the weight for part-
icles in this feature space can be defined as:

- ! d;
b, oclikelihood, = N exp (— 2;) . (14)
e

e
where o, is the standard deviation which specifies the
Gaussian noise in the measurement.

After selecting the tracking feature and constructing the
target model, we can use the particle filter tracking
method described in Ref. [16] to estimate the target state
in single cue cases.

5 Relative discriminant coefficient based
multi-cues fusion

When we use multi-cues for object tracking, we should
decide how to fuse these cues efficiently. Generally, there
are two choices: fusing different features with constant
weights and fusing features with time-varied weights
according to the change of tracking states. In practice, dif-
ferent features have different discriminant capacities despite
for the same target, and the discriminant capacities may
change in time. Thus constant weights may lead to poor
tracking performance, so the time-varied weighting idea is
applied here. In the tracking process, we suppose that fea-
tures with better quality have bigger weight and vice versa.

The Bhattacharyya distance defined in Ref. [18] shows
the similarity of the feature distribution between the par-
ticle sample and the reference model. And it is a popular
technique [19] for measuring the feature’s performance in
multi-cues based object tracking. In the single cue case,
particles with smaller Bhattacharyya distances approach
the target more closely. However, this is not tenable when
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multiple-cues are applied due to that different features have
different sensitivity to appearance changes of the target,
and the Bhattacharyya distance cannot describe the similar-
ity between particles and target veritably. To evaluate the
particle’s quality straightforwardly regardless of the feature
space it belongs to, another distance called practical dis-
tance is designed. Given two rectangles R; and R, centered
at (xy, y1) and (x,, y»), as shown in Fig. 1(a), they represent
the reference target and the sample particle (target candid-
ate) respectively. We define the practical distance as the
superposition degree between them. Generally, three factors
should be considered, i.e., the center distance between two
rectangles (Fig. 1(a)), the pose angle difference between
them (Fig. 1(b)) and the size (area) difference between
them(Fig. 1(c)). To have a more explicit understanding,
here we suppose that the object do not perform rotary
motion. Then when computing the practical distance we
only need take account of two factors: the position distance
and the size difference between them. As shown in Fig. 1,
this can be accomplished through Eq. (15) as:

dy(R1,Ry) = \/d§+dy2+W1|hz—h1|+h2|W1 —waf, (15)

where d, = x; — x, and d, =y, — y, are the center biases
between them, wq, /iy, w,, hy are the width and height of
these two rectangles respectively. In the computing of prac-
tical distance, the feature spaces which the particle belongs
to are not considered, so this distance gives the particle
quality in a straightforward manner for different feature
spaces.

In order to estimate the tracking ability of various cues,
we first compute the Bhattacharyya distances in all feature
spaces and the practical distance for each particle. Then in
each feature space, we rank all the particles in a ascend
sequence according to the Bhattacharyya distance for this
cue, and the first L particles are selected as the training
samples to evaluate the tracking ability of this cue. For
each particle in the training samples the performance ratio

Fig. 1

(b) (©)

Physical distance for two particles



278

t of it in this feature space is computed as:

_dip.R)
AR

The mean performance ratio for this feature space is

i=12,...,L. (16)

i

| L o
X > t;, t indicates the cue’s discriminant ability. To
i=1

measure the difference among these cues, we define the
relative discriminant coefficient (RDC) of cue f as:

1
RDC,=—/—, f=12,....F, (17)

F ~
PR?
i=1

where F'is the number of the cues we adopt. Our objective
is to fuse multiple-cues adaptively according to the current
cue weight, which can be achieved by generating new par-
ticle weight as:

F
B"= T (b)RPCa, (18)

Then the new weight is normalized to have a sum of 1:

B™

B — .
sum(B)

(19)

Based on Eq. (18) all cues are combined into one
through fusing the particle weight in different feature
spaces. This new weight is embedded in the particle filter
tracking framework described in Ref. [4] to locate the ped-
estrian. At the start frame, the reference models are initi-
alized manually, and each cue weight is also computed by
evaluating the performance of training samples. In the
next coming frame, the initialized cue weights are used
to estimate the target state in the particle filter framework,
and then the reference models are updated by the currently
estimated target models, and the cue weights are also
updated based on the new reference models. Thus we
update reference models and cue weights at n — 1 frame,
then we use it for the pedestrian tracking at n (n>1)
frames, through which different cues can be weighted
adaptively. The general algorithm is given as follows:

Initialization

For/=1,2,..., N, generate samples {xg)} from the prior
distribution p(xg). And initialize different features’ RDC
{RDCP} for f=1,2,...,F. Set initial weights as 5 = 1/N.

Fort=1:T

Resample
Select N states (they can repeat) starting from {xglll ,
and carry out the following procedure:
1) For each particle, calculate the cumulative prob-
ability as V=0, ¢/ =c!~! + 5!
2) We generate a random number r€[0,1] that is
uniformly distributed, and find the smallest j for which
c>r.
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3) The selected state is X/, =x]_,.
Prediction
1) Spread the states {x' ,|i=1,2,....,M} to
{x!|i=1,2,...,M} using the state dynamic model.
2) For each new state x/, find their corresponding
weights in each feature space based on the likelihood mod-
els given in Sect. 4;

3) Normalize the weights as

. 1Y
bf”‘zNZb?’k, k=12,...,M.
h=1

Multi-cues fusion Y, .
Combine multiple-cues through b= ZFt’;lbﬁ”,
i=1

1N
. . l _ 1
and normalize it as b} =V § 1 b.
iz
State estimation

N
X, = Z bltx;.
i=1
Update the RDC

Update {F,(k)} for k=1,2,...,M based on X,.
End

6 Experiment and analysis

This section evaluates the performance of the proposed
approach in real-word video sequences. In the test, four
distinctly different tracking scenarios:

1) Object tracking with changing illumination.

2) Object tracking with different poses.

3) Object tracking under occlusions.

4) Object tracking in infrared videos is considered.

In order to highlight the difference between tracking
results with different cues, both trackers based on single cues
and combined cues are used. All tracking results are obtained
using 200 particles. When multi-cues are used for tracking,
20 particles are selected as the training sample to weight
different cues. Implemented in the Matlab 6.5 environment,
our algorithm runs at 3 to 7 frame/s on an AMD 2.0 GHz
CPU. The tracking result is shown in the figures with a white
bounding box. We list the most difficult and representative
four video sequences in the following subsections.

6.1 Tracking a walking person under illumination changes

The first video sequence shown in Fig. 2 is a person walking
in a street (this sequence is available online at http://www.cs.
technion.ac.il/Labs/Isl/rudzsky/site/db.htm). The challenge
of this video sequence includes highly changing illumina-
tion caused by the shadows of trees, and rapid shape
changes of no-rigid human body. For comparison, we use
three particle filter algorithms, two of which use the single
cue of color and edge respectively and the other uses com-
bined-cues proposed in this work. The tracking results show



Relative discriminant coefficient based multi-cue fusion

279

Fig. 2 Tracking a person against an illuminate changing background. (a) Color cue; (b) edge cue; (c) our method (From left to right

they are frames 3, 59, 117 and 161)

that the tracker with the color cue is distracted quickly by
background regions with similar color (Fig. 2(a)); though
the tracker with edge cue can locate the person, large errors
appear when the person moves into region of the tree sha-

dows (Fig. 2(b)). Compared with tracker with single cue,
combined-cues based tracker can improve the tracker’s per-
formance. Even under illumination changes it can track the
person efficiently (Fig. 2(c)).

. |

Fig. 3 Tracking a face with different poses. (a) Intensity cue; (b) edge cue; (¢) our method (From left to right they are frames 343, 387,

402 and 435)
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(c)

Fig. 4 Tracking the face under occlusions. (a) Color cue; (b) edge cue; (c) our method (From left to right they are frames 419, 442, 459

and 472)

6.2 Tracking a man’s face under large pose variations

In Fig. 3, another difficult tracking situation is tested. In
this video a man walks in an office while changing his head
pose dramatically (this sequence is available online at
http://www.cs.toronto.edu/~dross/ivt). The difficulty in
this sequence is that the facial appearance changes signifi-
cantly due to pose variations. In this test, color feature is
replaced by intensity feature. If the feature model is single,
the tracker will lead to large errors after a short period of
time; especially when there is a drastic pose variation. But
the tracker with adaptively combined cues can stably fol-
lows the face throughout the sequence.

6.3 Tracking a woman’s face under occlusions

Object tracking under occlusions is one of the main bottle-
neck problems in computer vision. In this video sequence
the head of the woman is occluded by a man who passes in
front of her (this sequence is available online at http://
www.ces.clemson.edu/~stb/research/headtracker/seq/).
Figure 4 gives some tracking results of this test. We can
see that trackers with single cue fail when the occlusion
takes place (Fig. 4(a) and (b)). By contrast, the tracker
with combined cues obtains more perfect results. As
shown in Fig. 4(c), our algorithm is robust to these
difficult conditions.

To further illustrate the importance of fusing multiple
cue adaptively, we computed the tracking error in x-y
coordinate Error,,, of the three algorithms. Here, the error

is computed as:

Errory, =\/(s— 7 + 0=’ (20)
where (X;,;) is the estimated target position and (x,,y;) is
the real target position obtained manually. Figure 5
shows the error curves. They indicate that, smaller errors
occur by using the combined feature model.

6.4 Tracking a moving person in infrared video

Generally it was found that infrared images enable better
image segmentation, but their tracking performance with
current algorithms is poorer [20], for infrared image can-
not provide as much information as visible ones about
objects. In this test video a man walks from afar toward
the camera (this sequence is available online at http:/

e thod
. A et
4% —+edge

400 410 420 430 440 450 460 470 480 490
frame

Fig. 5 Tracking errors of three trackers
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Fig. 6 Tracking a person in an infrared sequence. (a) Intensity cue; (b) edge cue; (c) our method (From left to right they are frames

2041, 2147, 2405 and 2715)

www.cse.ohio-state.edu/otcbvs-bench/). Along the walk-
ing process, the intensity and shape for the pedestrian
region all change greatly. Figure 6 shows the tracking
performance of three trackers with the intensity cue, the
edge cue and combined cues respectively. The particle
filter with the intensity cue (Fig. 6(a)) is distracted by
background regions with similar intensity, and loses the
target quickly. Though the particle filter with the edge cue
(Fig. 6(b)) can track the pedestrian successfully; it loses
some scale information of the pedestrian. Compared with
the tracking results with single cues, the particle filter with
multiple-cues fused by our proposed method (Fig. 6(c))
performs much better and tracks the pedestrian both in
position and scale nicely.

Figure 7 shows RDC curves for intensity and gradient
cues combined with the presented approach. It can be seen
that the RDC of both cues vary along the tracking time,
and in general the RDC of the gradient is bigger than the
weight of intensity, which implies that the gradient feature
is more reliable than the intensity feature. This is sup-
ported by the practice that pedestrian tracking with
gradient cues has more accurate results than with intensity
cues.

7 Conclusions

We have presented a multi-cues fusion algorithm to
improve the performance of particle filter based object

0.9
0 il
!-'-'ii t I

0'?' 'In

0.6 HfT?
]
Sns —— intenstiy
2 03 —+ edge

0.4
(H u 1“. [I ']
0.2

0.1
2040 2]40 2740 3'&40 244(1 2540 2(:40 2740
frame

Fig. 7 RDC curves for intensity and edge cues

tracking. In this fusion algorithm both the feature dis-
tance and the physical distance for particles are consid-
ered and the relative discriminant coefficients are defined
to evaluate the tracking ability for different cues.
Compared with previous multi-cues fusing methods, the
strong points of our method are as follows: First, different
cues’ tracking ability can be measured distinctly; second,
the tracking frame in which new cues can be added or
removed flexibly. As demonstrated by four challenging
video sequences, our algorithm can track objects robustly
in the presence of illumination changes, large pose varia-
tions, expression changes, and partial or full occlusions.
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