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Abstract: In this paper, we present an improved mean shift for robust object tracking in complex environment.
Traditional RGB color model used in mean shift tracker is sensitive to interference from similar background. In
order to solve this problem, a new saliency-color target model is proposed through using the state-of-the-art
target representation and updated background-weighed method. In addition, traditional mean shift method using
fixed tracking window may cause tracking errors when target becomes close to or far away from the camera
Therefore, tracking window with self-adjust scheme is proposed in this paper. The tracking region parameters
are updated through affine transform of feature corner datasets between adjacent frames. Moreover, a new
prediction strategy is utilized to track the target with fast motion and partial occlusion. Experiment results
demonstrate the effectiveness of proposed method, which can track object robustly under similar background,

size changing, partial occlusion, etc. Copyright © 2014 IFSA Publishing, S L.
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1. Introduction

Robust object tracking has been a research focus
in recent years. It is a critical issue in computer, and
widely applied in robot grasp [1], human computer
interface [2], intelligent surveillance system [3],
visua navigation [4], etc. As can be seen in [5-§],
lots of object tracking algorithms have been proposed
by researchers and achieved significant progress in
visual tracking field. Among different kinds of
tracking methods, mean shift algorithm is the most
popular one for its high efficiency, utility and
convenience to being combined with other method.
However, robust object tracking is till a chalenging
task in reality due to some complex factors such as
similar background interference, changing target
scadle and orientation, fast motion and
partial occlusion.

The mean shift is a non-parameter density
estimation method, originally proposed by Fukunaga
for cluster analysis [9], and now it has been applied

http://www.sensorsportal.com/HTML/DIGEST/P_2311.htm

in various fields such as object tracking [10], image
segmentation [11], pattern classification [12], etc.
Among various mean shift tracker, the kernel-based
object tracking proposed by Comaniciu [13] is the
most typical one. This method uses the kernel-
weighted color histogram as the target model and
candidate one, and the similarity between them is
evaluated by Bhattacharyya coefficient. In general,
kernel-based object tracking method can obtain
satisfying performance. However, it is not robust
enough in complex environment since only color
information is used to represent the target. The
interference from clutter and similar background may
lead to inaccurate tracking. Later, Ning [14]
presented an object model using color-texture
histogram and applied it to the mean shift framework.
He demonstrates that the proposed method greatly
improved the tracking efficiency and accuracy,
especially when the target color is similar to the
background one. In Ning's method, the target model
may not be precise enough for only a small number
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of pixels on the target are used. Recently,
Tavakoli [15] presented a novel local saliency
operator called local similarity number (LSN), and he
used ajoint saliency-color histogram to represent the
target in a mean shift tracking framework.
Experiment results show that the proposed tracking
algorithm can create excellent tracking result and
outperform Ning’s method. The main contribution of
Tavakoli's method [15] is in preserving the unity of
the target better. However, the background
information was neglected by Tavakoli, which may
be one of the reasons why target is lost in Tavakoli’s
third experiment [15].

Along with the background interference, change
on scale and orientation also presents a challenge to
mean shift tracker with fixed window. As shown
in[16], when the target moves away from the
camera, a fixed tracking window will cause lots of
interference information with the target becoming
small, inaccurate even lost tracks may occur. In [13],
Comaniciu performs the mean shift procedure at
previous scale, 10 % larger scale and 10 % smaller
scale respectively, the best scale is selected in terms
of the largest Bhattacharyya coefficient. This method
is only suitable for the target with decreasing size,
and it may become invalid when the target size is
enlarging. In [17], Collins presented a scale selection
method based on Lindeberg's scale space theory
which shows a good adaptability to changing size.
However, this method requires recomputing Gaussian
kernels at each mean shift iteration, which is time
consuming. Besides, it cannot deal with target
rotation as same as A. Dulai’s method [18]. Recently,
feature points based mean shift tracker attracts
researcher’s attention. In [19, 20], the famous SIFT
(scale invariant feature transform) keypoint
information is used to correct the changed scale and
orientation of mean shift tracking window. SIFT [21]
shows good performance in many respects, including
high repeatability with changing scale and
orientation, robustness to illumination variation and
noise interference. However, SIFT’s calculation is
complex, and it may be invalid on the target with
uniform color distribution. Lately, some researchers
employ the Harris corner matching method to
caculate the affine structure between adjacent
frames [22], then the scale and orientation variations
are obtained based on the affine structure. In fact,
only three pairs of matched points are used to
caculate affine structure, which is not accurate
enough. Besides, mathematical  optimization
techniques such as least square method can also be
used to calculate the affine parameters, which are
time-consuming.

According to above issues, we combine the
saliency-color target model with a corrected
background weighting method [23] which can
effectively reduce background's interference. During
the mean shift iteration phase, a novel tracking
window with self-adaptive scale and orientation is
utilized to track the object more tightly and
accurately. Our self-adaptive scheme takes full
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advantage of location changes of corresponding
points between adjacent frames. Furthermore, in
order to track target more robustly under fast motion
and partial occlusion, our method use a dynamically
switching prediction scheme. In genera, we use
Kalman filter [24] to predict target location, and a
linear prediction method is utilized when partia
occlusion happens. Finally, we will verify that our
improved mean shift algorithm could track target
robustly under complex environment as mentioned
above.

2. Target Representation

In this section, we introduce a state-of-the-art
target representation method, and then we modify it
through a corrected background weighting strategy
which is expected more robust to similar background
interference.

2.1. Saliency-Color Target Representation

In [15], Tavakoli defined a new visual descriptor
caled local saliency operator which count the
number of similar pixels in a neighborhood and he
named this operator local similarity number (LSN):

LSNZ =3 1(0,-0..0) )

P neighbouring pixels lying on a circle of radius
R, d isthetolerant of intensity difference, and

f(x,d)={;

Fig. 1 shows the nine saliency degrees of center
pixel for 8-connected neighborhood.

In Tavakoli's color-LSN target representation, he
modified |9\ 5, to preserve the unity of the target as
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well as its edges, lines, and corners through LSN
mask as follows:
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The saliency-color representation histogram can
be achieved by 8-bin quantized color RGB channels
and 5-bin saliency information from mLSN, whose
size is 8x8x8x5=2560. Then the target model
can be represented through the probability
distribution of saliency-color feature{q,} , :
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where {x},, , are the coordinates of target pixels
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weights to pixels farther from the center, and §(x) is
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Fig. 1. The nine saliency degrees of LSNs1. Black circles
mean pixels similar to the center.

Similarly, the target candidate model can be
represented as follows:

2

pu<y>=Ch_nZ"k<X';y W[b(x)-u]. ®
and
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As shown in Fig. 1, any of the 256 patterns is a
member of LSNsg1 groups, so more useful

information could be used to model the target.
Compared with Ning's color-texture representation
method utilizing only the nine uniform LBP texture
patterns, LSN is expected to model the target
more accurately.

2.2. Background Weighting

Although saliency-color model could represent
the target well, some background information in the
target region still affects tracking accuracy, especialy
when the target color is similar to the background.
Comaniciu [13] introduced the background-weighted
coefficient to make the target model more robust to
background interference. However, as declared by
Ning in [23], traditional background-weighted
histogram [13] actually does not enhance mean shift
tracking performance by  modifying the
representation of target model and candidate model at
the same time. This is mainly because mean shift
iteration formula is invariant to scale changes of the
weights. In this paper, we utilize the background
information only on the target model but not the
candidate one [23] to decrease the weights of
prominent background features.

As shown in Fig. 2, the target of interest is
included in the red rectangle, and background region
is around the target with the same size. Suppose the

background is represented as {é (with

u}u:J.,.”,m

Zm:@ -1), and O isthe smallest nonzero value. The
u
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B
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From (8), we can see that the bigger the
background intensity is, the smaller weight
coefficient it has.

weight coefficient is
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Fig. 2. Foreground and background region of the target.

Then the target model can be redefined

as follows:
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And the normalization const is
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3. Target Localization through Mean
Shift Iteration

To track the target in the current frame, we should
find out candidate region which is the most similar to
target model. Bhattacharyya coefficient is used to
measure the similarity between target model and
candidate model:

m

p(p(y),a)=2 4P, (¥4, - (1)

u=1

The target location can be obtained when
Bhattacharyya coefficient achieves maxima value.
Using Taylor expansion around the starting point y,

(target tracked in the previous frame), Bhattacharyya
coefficient can be approximated as

p(p(y),d):%i\/pu(yo)qu +02“2wik[ X';y J
(12)
where
&9
- L , 13
Z; P,(¥,) (13)

In (12), the first term is a const, so the maximal
Bhattacharyya coefficient is achieved only when the

second term is maximized. W, represents the kernel

based probability density distribution, and its
physica meaning is the likelihood of current pixels
belonging to the target. Then through mean shift
iteration [25], we can find out optimal candidate
region similar to the target model, among which each
iteration moves the current candidate region center
from y, tonew positiony;,:

V1= (14)
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From the andysis above, we can see that the
accurate probability density distribution W is a

|
critical foundation for mean shift iteration, and

formula (11) demonstrates that W directly depends

on target representation method. So our mean shift
tracker is expected to track target more robustly
compared with traditional algorithm, especially when
there existing interferences from background.

4. Tracking Window Self-adjust
and Prediction

During the tracking phase, the target size and
orientation may be changed, the fixed tracking
window usually causes tracking errors. To track
target more tightly and precisely, in this section, we
present a self-adaptive tracking window strategy
based on corner dataset. Firstly, we extract feature
points on the target and match them between adjacent
frames. Considering that there are only small extent
of scale and orientation changes of target between
adjacent frames, we utilize FAST (Features from
Accelerated Segment Test) [26-27]. As an efficient
corner detection agorithm, FAST has low
computation cost and high performance in
repeatability compared with SUSAN, Harris and
DoG. FAST compares the intensity of a pixel p with

its 16 neighborhood pixels (a circle of radius 3), if
there are more than N contiguous pixels brighter or
darker than P, then P will be considered as afeature
point. Rosten [27] suggest that the best FAST
detector is achieved when N takes 9.

Suppose that there are N pairs of matched feature
corners on the target between adjacent frames, the
correﬁpondlng corner datasets are named as

..........

respectlvely, and the target center are Ct = {Xr,c’ ytyc}
and C,,, = {X,10, Yiui |, asillustrated in Fig. 3.

t+1

Fig. 3. The matched feature corner datasets on the target
between adjacent frames.

The variation of scale and orientation changesis
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Then the scale and orientation of target on the
current frame can be adjusted through

{% =g xAs
(17)
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Besides, we use a dynamically switched
prediction method to forecast the target center in the
next frame, which is essential for target with partia
occlusion and fast motion. Bhattacharyya coefficient
can be agood indicator of target occlusion. When the
Bhattacharyya coefficient is larger than the threshold,
the target is considered visible. We use Kalman filter
[24] to predict the target center in the next frame, so
target through fast motion can be tracked where
traditional mean shift tracker will lost the target for
no overlaps. Otherwise, when Bhattacharyya
coefficient is smaller than the threshold, we deem
that the target is obscured by something. Now, mean
shift iteration based on the current target location and
probability density distribution is not accurate any
more, so we switched to linear prediction according
to previous target center location until target
visible again.

5. Experimental Results

In order to verify the performance of our
improved mean shift tracking agorithm, we
conducted several experiments and compared them
with some other typical target tracking agorithm
based on mean shift. All of our experiments are
implemented using C++ and OpenCV 2.3.1 on Visua
Studio 2010. The running computer is configured
with a 2.70 GHz Pentium(R) Dual-Core and 2GB
RAM, and the operating system is Windows 7.

5.1. Target Tracking Through Similar
Background and Rotation

In the first experiment, EgtestO1 sequence [28] is
used to testify the performance of our improved mean

shift tracker. The color of the car to be tracked is
similar to the background in some extent, and the
attitude of car changes gradually, so chalenge from
similar color interference and target rotation both
exist in this sequence. Part of the tracking results
(frame 15, 168, 210, and 314 respectively) using our
improved mean shift tracker are shown in Fig. 4, we
also listed out the corresponding tracking results
using traditional mean shift tracker [13] and the
sdliency-color based sate-of-the-art mean  shift
tracker [15].

(c) Our tracker

Fig. 4. Part tracking result of the EgtestO1 sequence.

As can be seen in above, traditional mean shift
tracker is sensitive to smilar  background
interference, and the tracking window cannot be
adjusted when object’'s attitude changes. The
sdliency-color based state-of-the-art mean  shift
agorithm can track target more accurately than
traditional mean shift.

However, the  orientation  self-adaptive
problem still not be solved. Our improved mean
shift algorithm can track the target well even
under similar  background interference and
changing attitude.

This is mainly attributed to the corrected
background weighting method and corner dataset
based target orientation self-adaptive scheme in our
mean shift tracker.

Quantitative  assessments are shown in
Table 1 (frame 1 to frame 350 are used), in which
we summarized the specific tracking
information including average error, standard
deviation, average iterations and computation time
per frame.

Table 1 shows that our improved mean
shift tracker outperforms other two agorithms,
although the computation time is dlightly longer
than them.
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Table 1. Quantitative assessments of car sequence

tracking result.
- Saliency-
Traditional color based Our
tracker tracker
tracker

IAverage error 11.74 518 2.33
Standard deviation 10.62 4.85 171
IAver ageiterations 527 381 319
per frame
IAver age
computation time 8.35 12.58 14.46
per frame (ms)

5.2. Target Tracking Through Scale
and Occlusion

The second experiment tries to follow a woman
through scale and partial occlusion, and the
experimental sequence can be available in CAVIAR
data set [29]. In this sequence, the woman walks
away from the camera, and the scale is becoming
smaller and smaller. At the mean time, her trousers
color is similar to the floor. Beginning from the 160"
frame, a man comes out of a shop and walks across
the woman, so partial occlusion occurs. Fig. 5
presents part of tracking results (frame 17, 160, 192
and 285) of the CAVIAR sequence using traditional
mean shift tracker, Kang's scale adaptive mean shift
tracking algorithm [22] and our improved mean shift
tracking method respectively.

(c) Our tracker

Fig. 5. Part tracking result of the CAVIAR seguence.

From the tracking results above, we can see that
traditional mean shift algorithm with fixed tracking
window cannot track the target tightly, and it also has
no mechanism for handling partial occlusion
problem. As shown in Fig. 5(a), fina tracking
window mistakenly converged to the obstruction (the
man). Kang's scale adaptive mean shift tracker
caculates the affine structure between adjacent
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frames and target size thus is corrected through the
affine parameters. Fig. 5(b) shows the effectiveness
of this scheme. However, the anti-occlusion
capability is still not so enough that the target is lost
since the 168th frame. Fig. 5(c) demonstrates that our
improved mean shift tracking algorithm has a good
robustness to scale change and partial occlusion. This
benefits from our dataset based scale adaptive
mechanism and target location prediction method.
The average tracking error is shown in Table 2.

Table 2. Average tracking error of CAVIAR seguence.

Salienc
Traditional | y-color Our
tracker based tracker
tracker
Averageerror
of frame1to 17.66 8.93 5.84
frame 160
Averageerror
of frame 161 to 62.45 56.31 7.79
frame 300

Table 2 shows that before occlusion (frame 1 to
frame 160), al three algorithms can follow the target
basically. But our method has less tracking errors
than the two others for using corrected background
weighting method and scale self-adaptive scheme.
After frame 160, the woman gradually obscured by
this man, both traditional mean shift tracker and
Kang's scae adaptive mean shift tracker lost the
target. However, good tracking results are achieved
in our method by taking use of target location
prediction based on alinear estimation method.

6. Conclusion

Traditional mean shift algorithm cannot track the
target well in complex environments such as similar
background interference, changing scale and
orientation, and partial occlusion etc.. In this paper,
we present a saliency-color model and corrected
background weighting method to represent the target,
then a tracking window self-adjust and prediction
scheme is used to track target more tightly and
precisely. Experiment results verify the performance
of our proposed methods, it could track the object
effectively and accurately even in complex
environments mentioned above.
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