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In this paper, we propose a new method for kernel-based object tracking. Definition of union image
blob and mapping it to a new representation which we named as potential pixels matrix are the main
part of tracking algorithm. The union image blob is constructed by expanding the previous object
region based on the histogram feature. The potential pixels matrix of union blob is used to obtain an
algebraic equation for tracking the location of the kernel. We demonstrate that tracking accuracy is
independent of the previous object region and it takes effect only from the expanded area of the union
blob. To eliminate the background information, we propose a new method which is performed in two
stages. At first, the effect of background of expanding part is reduced using a threshold distance. Then,
the expanding part is divided into two parts. Tracking equations and a similarity criterion are used for
each part to detect the background and target regions. We demonstrate thatthe background removing of
proposed method has better performance than the mean shift tracking. Also, for better cancellation of
background, the segmentation of object is used. We demonstrate the capability of the proposed method
for several image sequences.
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1. INTRODUCTION

Tracking based on regional information which is also
called the kernel method, is one of the most common
methods of tracking. Among the various methods in this
category of tracking, the mean shift method is more
taken into consideration. This is because of the
simplicity in implementation and suitable speed for real-
time tracking. In mean shift tracking, object information
across a region is used for finding target from frame to
frame. The original mean shift tracker uses a weighted
histogram in rectangular or elliptic region for
representing the target [1]. Maximizing the weighted
histogram similarity iteratively led to the best locating
match in the current frame. Some efforts have improved
the performance of original mean shift by considering
additional information such as spatial information,
multiple features and predictive component [2-6].
Although the traditional mean shift tracking method is
simple and has a good performance, but because of
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fixed kernel bandwidth with radial symmetric kernel of
mean shift, it suffers from some problems such as
changes in objects size or shape and the influence of
background information on the target region. Fixed
kernel bandwidth in classical mean shift may cause
tracking failure when the object scale is changing in size
during tracking. An intuitive approach of solving the
scale changing is to implement the mean shift tracking
with three different kernel bandwidths and choosing the
size that gives the highest similarity to the target model
[7]. This method has computational complexity and may
not estimate object size well, because the effect of
object size on scale adaptation is relatively weak and it
depends only on the histogram similarity. In another
approach, difference of Gaussian means shift kernel in
scale space are used to solve the scale selection problem
[8]. This method provides good tracking results but
needs heavy computation and is not suitable for real-
time. Also, different bandwidth and Gaussian kernel
methods are not able to adapt to the orientation or the
shape of the object. For reducing the computational
complexity and orientation problems, some authors
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proposed adding scale and orientation dimensions to the
search space of mean shift iterations and considering
object’s changes in position, scale and orientation
dimensions simultaneously [9-11]. In another approach,
the corner points in different periods of time are used to
solve the scale problems [12]. The original mean shift
tracking employs geometric shape like an ellipse or a
rectangle and symmetric kernel to model the target. The
target model may include the background information
because the kernel shape does not always fit the object.
When the background colors are similar to the target,
the tracking may fail after a few frames. Many studies
have attempted to solve this problem by introducing an
adaptive asymmetric kernel which is constructed by a
mask of detected object [6, 7, 13].

Although, significant efforts have been made to
improve the tracking performance in the last decade, but
all mean shift trackers have an intrinsic weakness
because of iterative nature of the tracking algorithm.
This weakness is related to the initial region of tracking
and can be seen in other iterative methods such as
contour [14-16]. At the first iteration, the candidate
model is not consistent with the target region and
contains the background information. For removing the
background information a weighting kernel which
emphasis on pixels near the center and attenuate the
pixels of boundary is used in mean shift tracking. When
objects are spatially adjacent or moving quickly the
background information can influence the center of
candidate model and it may cause tracking failure. Also,
during the iteration process kernel may pass from region
where contains the background similar to the object
color and so can cause error in the tracking result.
Furthermore, moving the kernel to reach to the best
match of target model cannot detect the object changes.

Of course, the limitations of weighted kernel were
taken into account in later work [17]. To solve this
problem, use of background weighted histogram (BWH)
was proposed in order to reduce the interference of
background in target localization. In this method, the
author tried to apply the weighted background
coefficients in relation of tracking to reduce the
probability of prominent background features in target
model and target candidate model. Unfortunately, the
method of BWH is not correct and it has been shown in
recent work [18, 19]. In this method which is called the
Corrected Background-Weighted Histogram (CBWH)
algorithm, the weighted histogram is employed to
reduce the prominent background features only in the
target model but not in the target candidate model. In
other words, even in CBWH method, the target and
background are considered as a data set and the
algorithm is not able to detect them separately. So, in
this approach also, the emphasis is on reducing the
effect of pixels that may be similar to the background.
This means that the CBWH is appropriate to reduce the
interference between the background and target if there

is not a considerable overlap between them.

In this paper, we proposed a new kernel-based
method that uses the previous object region and
histogram feature for constructing the union image blob.
Mapping the union image blob to a new representation
which we named it as potential pixels matrix is the core
of the proposed method. The potential matrix has
information about color and position of pixels. We
demonstrated that this potential matrix and previous
object information can be used for finding the algebraic
equation of kernel location in the next frame. The union
blob is achieved by the union of the estimated object in
the current frame and the previous object region. Since
the previous object is known, the tracking accuracy is
dependent on the estimated portion of the object in the
current frame. The estimated area of the union blob
includes parts of the object and it may also include areas
of the background. The effect of background which is in
the estimated area of the union blob is eliminated in two
stages. Firstly, the pixels that are most likely to belong
to the background of estimated area of the union blob
are removed by a distance measure. Then, the corrected
area of union blob is checked for the object and
background regions using tracking equations and
similarity criterion. We show the background removing
of proposed method has better performance than the
mean shift tracking.

2.EXTRACTING UNION IMAGE BLOB

As shown in Figure 1, the union image blob can be
constructed by union pixels of previous and target
binary mask objects. Because the target area is
unknown, an initial estimation of the target region for
constructing the union blob is needed. The initial
estimation of the target region can be obtained using
morphological reconstruction on two images which are
called mask and marker. The mask and marker regions
of morphological operations are made using the binary
mask of previous object and its histogram features. So,
in the following, at first, the binary mask of previous
region and its histogram are defined. Then, we use them
to obtain mask and marker regions. The binary mask of
previous frame which contains object mask with n

pixels, {X.P,yf’} ,i=1,2,...,n,, is defined as:

1

(1

P_mask (x;,y;)=1 if (x;,y;)e {x,-P,y,-P}
P_mask (x;,y;)=0 Otherwise

where (x;y;j) is the jth pixel position in R2 (image)

space. The image histogram feature corresponding to

the binary mask region of Equation (1) with color u,
(=1,..., m) can be defined as:

q“:ié[F(Xi)_u] su=1,2,.,m 2)
i=1
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where 0 is the kroneker delta function and F(Xi) denotes
the bin corresponding to the pixel at location Xi. The
mask region of morphological operations must include
all areas like object. Thus, all pixels in the current frame
that includes the histogram of Equation (2) are
considered as the mask region:

M(x;,y;)=1 if I(x;,y;)eq,
0 Otherwise

3)

If the marker region be a part of object region, then the
morphological operation based on mask area of
Equation (3) can lead to object area in the current frame.
On the other hand, it is assumed for the tracking that a
part of object in the current frame is in the previous
area. This means that the marker region can be defined
as the common region of previous object and object area
in the current frame. As shown in Figure 1, the binary
mask of common region based on the binary mask
region of Equation (1) and (3) is:

fromen=

Now, the initial estimation of the target region can be
obtained by morphological reconstruction of the
common region (marker) of Equation (4) under the
image mask of Equation (3). As shown in Figure 2, the
morphological result can be affected by background
pixels that are similar to the object. The process for
removing the background information is described in
section 3.3. After modification of the target region, the
binary mask of initial estimation of the target region

if P_mask(x, y)#0, M(x, y)=0
Otherwise (4)

},i:l,Z,...,m

. . T T
with my pixels, {X' 2 i 1, can be defined as:

)

Timask(xj,yj):l if (xj,yj)e{x,T,y,T}
T mask (x;, y;)=0 Otherwise

and subsequently, the union image blob can be obtained
as:

(6)

M'(x, y)=1 if P_mask(x, y)+ T mask(x, y)#0
otherwise

M'(x, y) =0

where P_mask and T mask are defined by Equations (1)
and (5). Now, we demonstrate that the object in the
current frame (target) can be extracted from union
image blob of Equation (6) and previous object mask of
Equation (1).

(a) (b)
Figure 1. Constructing union image blob: (a) previous object
blob, (b) target object bloband (c) union image blob, Al:
previous object region (x), A2: target region (+) and A3:
region belongs to both of them (®).

Al

(a) (b) (© (d)
Figure 2. Initial estimation of the target region: (a) previous
object region, (b) candidate model, (c) common regionand(d)
the morphological reconstruction of the common region.

3. THE PROPOSED METHOD FOR TRACKING THE
TARGET

As shown in Figure 1, the union image blob contains
information about the previous object, the target and the
displacement vector of the object. Using this blob and
previous object, we can obtain the displacement vector
of target and subsequently formulating the target
location. For achieving the target location, we proposed
mapping the union blob to a new space. This mapping is
used to simplify the mathematical expression that
describes the relationship between the pixels of the
previous object and union blob.

3. 1. Mapping Union Blob The objective of
mapping is to simplify the mathematical relation for
achieving the target location. The union image blob
matrix of Equation (6) contains the locations of previous
and target pixels. This matrix can be mapped as below
which we named it potential pixels matrix.

W@, j)=a; ;.w;
a,; =1 ,w=i+s s=v-1 if M, j)=1 )
a;=0 ,w ;=0 if M'(4, j)=0

By this mapping, each pixel has an individual potential
proportional to its position in the image blob space (in
analogy with the potential of mass in the gravity of
earth). The potential matrix of union blob contains the
position of the previous and target pixels in the form of
complex numbers. The notation of image by potential
matrix 1is beneficial, because each pixel can be
considered as a vector in image space and then, vector
operations such as comparing, adding and subtracting
on pixels can be applied.

3. 2. Tracking Equations Finding the
displacement vector of object is the main issue of
kernel-based tracking. So, we demonstrate that the
displacement vector can be obtained using previous
object and union blob in potential matrix space.

Figure 3 shows a simple union image blob in potential
matrix space. The displacement between the target and
previous objects is determined by vector P. For a pixel
set in potential matrix space, the relation between
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previous object and its corresponding pixels in target
can be written as:

W2 (ky,1y)=W'(k,,1,)+P

W2 (ky +1,1,)=W'(k; +1,1,)+ P
: : ®)
W2 (ky +m, 1, +n)=W'(k; +m, I, + n)+ P

where W (i, j) and WA(i, j) are the pixel potential in the i,

J position of the previous and target objects,respectively.

Figure 4 shows that the union image blob in W
(potential pixels) space can be divided into two equal

g sets. Obviously, each g set contains half number of
union blob pixels. Simillar toEquation (8), we can write
the relation for these g sets as:

W2 (ks 1) =W (ki 1) + P
W2 (ky +1,1,)= W (ky +1,1,) + P

le(kz +my, Ly +n) =W (k; +my, 1, +n))+P

©)
W} (85, hy) =W, (g, b)+P
Wy (s +1,hy) = Wy (g, +1,hy) +P

V[/qz(g2 +mq,h2 +nq):W;(g1 +mq,h1 +nq)+P

where We (i. /) and W' G, J) are pixel potential in the i and
j position of the e™ pixel set in the previous and target
objects, respectively. By adding both sides of Equation
(9), the result can be written as:

my, 1y M 1)

Z(Zzaljﬂ ler) Z(Zzaljrl ljr1)+KP (10)

r2=1 i=1 j=1 rl=1 i=l j=1

where mfl, nfl and mf2, nf2 are the f" set pixels
coordinate of previous and target objects, respectively.
As mentioned, the union blob is divided into two equal
g sets of pixels and then, K, the last term in Equation
(10), is the half of union blob pixels. So, K can be
obtained as:

m n

ZZ% (11)

lljl

where a;; has been defined in Equation (7). With adding

M) 1y

Z(ZZ%H .irt) to both sides of Equation (10), we

rl=l i=l j=1
can write:

q m, n, 1
sz(zzai,j,n“’},j,n):

ri=1 =l j=I

q  m, n, )
[Z(zzai,j,rzwiz,j,rz)
r2=1 i=l j=I

(12)

m, 1,

+Z(zzaxjrl 1Jrl)

rl=l i=l j=1

o

Figure 3. Union image blob in potential matrix space

Figure 4.The temporal difference pixels in W (potential
pixels) space divided into two equal g sets of pixels

The sum of the bracket terms is exactly the sum of all
pixels potential in the union blob and then, the Equation
(12) can be written as:

q m, n, | : m n
ZXZ(ZZai,J‘,rIWi,J‘,rI):Zzai,jwi,j_KP (13)

rl=1 i=l j=1 i=l j=I

where a;; and w (i, j) are defined by Equation (7) and m
and n state the image blob with m x n size. Now, from
Equation (13) the displacement vector P can be obtained
as:

m, 1

lzl(zlzlaljrl 1]r1) (14)
:_zzau W j = 2x———
K

11]1

As mentioned, the number of pixels of W1, W2 and K
(Equation (11)) is the half number of union blob pixels.
Therefore, the last term in the right hand side of
Equation (14) can be considered as the center of
previous object which we denote it by W, and then, we
can write:

1 1

Z(zzaljrl 1]r1) (15)

rl=l i=1 j=I

Wy, = <

So, the displacement vector P of Equation (14) can be
obtained as:

:_Zzau j=2x W, (16)

1]_/]
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q My 0y
2
Again, by adding ;};;aﬂfﬂuﬁfﬂ ) in both sides
of Equation (10) we obtain:

q Mmoo m n
2x Z(iiafj,rz“fj,rz): DD 4w, +KP (17)

r2=1 i=l j=1 i=l j=1

By dividing Equation (17) to K and introducing W2, for
the center of target, and using Equation (16) for

1 m n
substituting E;;a"’fw’?f by 2 W,+P , the

Equation (17) can be written as:
W2 =W +Pp (18)

Equations (11), (16) and (18) are the desired equations
for tracking. The center of previous objectn W', can be
calculated from previous object mask. K is the half
number of pixels of the union blob and it is given by
Equation (11). The coefficienta;jin Equation (11) is
defined by Equation (7). Using W, and K, the
displacement vector P can be obtained by Equation
(16). Now, the center of target, W, can be computed by
substituting W ,and P in Equation (18). The target
region can be achieved by moving the kernel window
centered at W to window which centered at W,,.

It should be mentioned, because of the scale and shape
changes, the initial region of target can not describe the
target correctly. For including the enlargement or
shrinkage of the target, we can increase (+10%) the size
of the initial window. Then, the target region can be
achieved using the histogram feature of Equation (2) in
the window of target as:

{(Xi,yi)etarget if I(x,y)eq,

(x;, y;) € background (19)

otherwise
The final target region can be achieved by choosing the
largest 8 connected pixels at this expanded window.

3. 3. Background Removing For reducing the
influence of background in mean shift tracking, a
weighted kernel has been used. The function of
weighted kernel is to give more weight to pixels near
the color centeriod, and less weight to pixels near the
border of window. The weighted kernel could not
successfully reduce the background information in two
cases. First, if the candidate model at first iteration has a
significant amount of background information. Second,
during the iteration process, the kernel passes from
region which contains the background similar to the
object color. Figure 5 shows the influence of
background in the candidate region due to the adjacent
object with similar color to the target. As shown, the
weighted kernel of mean shift is not successful when the
influence of background in the candidate region is

considerable. The tracking result can be unacceptable,
especially if the background influences the center of
candidate model.

Figure 6 shows the candidate model at first
iterationwhich has no background information, but the
border of object contains similar background region.
The color centeriod position of this candidate model
causes that in the next operation it passes from region
which contains the background similar to the object
color. As seen, the result of original mean shift is weak
and also the asymmetric kernel method has a small
error. In contrast to mean shift tracking, the accuracy of
tracking Equations (16) and (18) depends on the
precision of previous object and union blob pixels
location. The previous object is known from previous
step and then the tracking accuracy directly depends on
the precision of union blob location.As shown in Figure
1, the union blob is composed of the previous object and
that part of target region which has nothing in common
with previous object. We named this part as non-
common part of target region. Therefore, the tracking
accuracy of the proposed method just depends on the
non-common region. The non-common region can only
be the object region, or it can be included in the object
and the background.To eliminate the influence of the
background on the non-common region, we propose to
select two largest connected pixels of the non-common
part of union blob. Then, the effect of the background is
eliminated in two steps. At first, the background
information of each region is decreased using distance
threshold relative to the center of weighted pixels of
target region. Then, a similarity criterion is used to
identify whether each of these two regions are
background or object.

L] v b | —
(a) (b) (c) (d)
Figure 5.Original and asymmetric kernel mean shift tracking
results when background information influenced the center of

candidate model: (a) previous object region, (b) candidate
model, (c) original mean shift methodand (d) asymmetric

R R
l *& | !‘E fi
(b)

(a) (© (d)
Figure 6.0riginal and asymmetric kernel mean shift tracking
results when background information influenced to the edge of
target:(a) previous object region, (b) candidate model, (c)
original mean shift methodand (d) asymmetric kernel method.
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As described, the accuracy of tracking depends on
non-common part and the background information on
the previous object region has no effect directly on the
tracking formula. This is one advantage of the proposed
algorithm in comparison to the mean shift method. Also,
the non-common part of target region can devise other
disadvantage of mean shift algorithm. Due to constancy
of the kernel in mean shift method, it cannot handle
non-rigid changes in the object shape. But, in the
proposed method, the non-common part of union blob
contains the object changes. As seen in Equation (16),
applying the union blob for computing P, permits the
algorithm to consider the object changes.

As mentioned in section 2, the target region is
achieved by the morphological reconstruction of the
common region (marker) of Equation (4) under the
mask region of Equation (3). Figure 7 shows the
morphological result when the background pixels lie
near the boundaries of the kernel and are similar to
object. As seen, the target region and subsequently the
non-common part of target region include these
background pixels which are connected to the actual
target region.

For attenuating the effect of boundary background,
we assume that the pixels near to the previous object
center (candidate model) more probably belong to the
target and the pixels far from it could be the influence of
background.

Suppose (W, Wn,) denotes the coordinates of
previous object center and d., presents the largest
distance of previous object pixels from this center.
Then, the center of weighted pixels of non-common part
is chosen as:

W = ¢ k(i) (20)
i
dfdey

Figure 7.The proposed method tracking results when
background influences the edge of target: (a) previous object
region, (b) candidate model, (c) common region, (d)
estimation of target by the morphological reconstruction of the
common region, (e) non-common region of target, (f)
modified non-common region by using Equations (20) and
(21), (g) background region of non common part, (h) target
region of non common part,(i) tracking result of asymmetric
mean shift method and (j) tracking result of proposed method.

where w(i, j) is the pixel potential in the i, j position of

the non-common part and K=2dG ) is used for
normalizing  the  pixel  weight in  which

A0, ) = = W) + (= Wy )? k)= dy = dG )| N,

_ y
for Woanger = (Wors Wir) the object and background of non-

common part are separated as:

() etarget i 3J(x— W2 + (3 — W) < @y

21
(x;, ¥;) € background (21)

otherwise

where o in Equation (21) is selected 0.6 experimentally.
Figure 7 illustrates the reduction of background
information using Equations (20) and (21). As seen in
Figure 7, the proposed method has found the correct
location of target, while the asymmetric kernel approach
shows a small error.

Equations (20) and (21) can successfully decrease
the effect of background which influence on the edge of
non-common part region and is connected to it. But as
shown in Figure 8, the morphological operations on the
common region which has background pixels similar to
the object can produce individual background region on
the non-common part of target region.

For removing the individual background
information, we use the similarity value as a criterion
for detecting background and object. The non-common
part of target region and also two largest connected
pixels of this region can be considered as three
individual objects. At first, the border background effect
of two objects is reduced by the method mentioned
above.Then, we add the previous object region to three
individual objects which the result is three union blobs.
The tracking Equations (11) and (16) give the values of
displacement (P1, P2, P3) of these three regions.

Now, the corresponding window of three objects can
be obtained by moving previous region window as:

(22)

tmin
i

tmax
i

tmin __ tmax __
{rl = Thin +Pi > T = I'imax +Pi

¢ :Cmin+Pi € :Cmax+Pi 51:15253

where Tmin> Tmax> Cmin> Cmax are the vertices of previous

tmin tmax tmin tmax

object window and i L G > G are the
corresponding vertices of ith target window. P; is the
displacement of ith target window.

Applying Equation (19) on each window of
Equation (22), we obtain three target regions. Then, for

m pixels of jth target, the similarity values of previous
region with individual pixel of target region can be
obtain as:
=1 if P_mask(x -PJ,y,-PI)=0

X (23)

=0 otherwise  ,i=1,2,.,mi ,j=1,2,3
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M@ﬁﬁ@
AR

(2 (h) (1)

Flgure 8. The proposed method tracking results when
background influences the center of candidate model: (a)
previous object region, (b) candidate model, (c) common
region, (d) estimation of target by the morphological
reconstruction of the common region, (¢) non-common region
of target, (f) modified non-common region by using Equations
(20) and (21), (g) background region of non common part, (h)
target region of non common part, (i) result of asymmetric
mean shift methodand (j) result of proposed method.

where P mask is the previous object mask. The

similarity values for m pixels of jth region (j=1, 2, 3)
are:

I_S R =
RI=D R} j=1,2.3 24)

By selecting the region with the biggest similarity value,
we can remove the background information. Figure 8
shows the power of proposed method for canceling the
background information which influenced the center of
candidate model. As illustrated, the result of asymmetric
kernel method is not acceptable.

3. 4. Object Segmenting Equations (2), (3) and
(19) show that for distinct ranges of histogram
distribution of the object and background, the tracking
result will have more accuracy. This means that object
in which all intensity values lay within a small range
will allow tracking algorithm to separate objects from
the background better than the object where its grey
level distribution is in a large range. Therefore, the
tracking performance can be improved by segmentation
of the image intensities and dividing histogram into two
narrow histogram groups. In practice, the segmentation
process may divide the object into more than two parts.
The biggest part isassumed as the main part of tracking.
The other parts can be considered or set aside as:

seg cg

n isconsidered  if ng, >0.1x 0y, & Ny >20
(25

n set aside otherwise

seg

where np, is the number of pixels of main part of
object and n, states the number of pixels of other parts.

3. 5. Tracking Procedure The procedure based
on Equations (1) to (25) can be described as follows:
Step 1. Segmenting of object in the first frame
(Equation (25)).

Step 2. Set initial values of first frame: mask, histogram
and window of segments (Equations (1), (2), (3)).

For each segment:

Step 3. Reading current frame and finding the common
region (Equation (4)).

Step 4. Estimating target region (the morphological
reconstruction of the common region of Equation (4)
under the imageof Equation (3)).

Step 5. Getting the non-common region and separating
it into two largest connected pixels.

Step 6. Using Equations (20) and (21) for modifying
two largest connected pixels of non-common region.
Step 7. Getting all union blobs corresponding to two
non-common region and union of them (Equation (6)).
Step 8. ComputingW,, from object of Equation (1).
Then, using Equations (16) and (18) for each union blob
to obtain (P, W*,,) for each target.

Step 9. Computing each target kernel and region by
using Equations (19) and (22).

Step 10. Using Equations (19) and (23) for computing
the similarity value. The target corresponding to the
biggest value is considered as desired target region.

Step 11. Finding final target region by expanding the
size of the initial window (+10%)

Step 12. Repeat Step 3 to Step 11 for all segments.

Step 13. Adding all segment regions for getting final
target region.

4. RESULTS AND DISCUSSIONS

The performance of proposed method algorithm is
tested on several video sequences. At the beginning of
tracking, an object detection method must be used to
achieve the object mask. The object mask region is
segmented for extraction of two narrow band histogram
distributions. The comparison of proposed method with
the traditional mean shift and mask object methods are
presented in the experiments which are shown in
Figures 9—11. The results show the superiority of the
proposed algorithm in comparison with other
techniques. In Figures 13 and 14 we demonstrated three
experiments in order to investigate the ability of
proposed algorithm for tracking the single and multiple
objects in crowded and cluttered environment.

4. 1. Comparison Experiments Figure 9 shows
an experiment in which the window of target model in
pervious frame contains considerably background
region. As seen, due to the background region in the
target model the result of original mean shift tracking is
not acceptable. But, the asymmetric kernel (mask
object) and proposed methods have a good performance.
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(a) (b) (c) (d) (e)
Figure 9. The candidate region with considerable background
andthe tracking results:(a) target model,(b) candidate region,
(c) the traditional mean shift, (d) the asymmetric kernel mean
shift and(e) the proposed method.

Figure 10 demonstrates another experiment of
outdoor sequences in which the boundary of target
contains a large amount of background information.
Because of the small background region on the
candidate model, the tracking results of the original
mean shift and asymmetric kernel methods are similar.
The results of Figure 10 show that the proposed method
has a better performance than the original mean shift
and asymmetric kernel methods.

In Figure 11 we present an experiment in which the
objects are close to each other and have similar color
features. The tracking results demonstrate the ability of
proposed method comparedtothe mean-shift algorithm
and are in agreement with our expectation as discussed
in section 3.2.

For better comparison of the proposed method to the
mean shift tracker, the results have been shown
quantitatively in Figure 12. Similar to some point-wise
template trackers [20, 21], we compute the confidence
value. Confidence is based on the residual error
associated with the difference between the target
template and the optimal region in the current frame.

bres = D WA NP(U(% )~ Ly (x, ). 0) 26)

(xy)eT

where (¥ 1w (X Y) denotes  the gray levels of
corresponding pixels of target template and tracked

region and P(1:0) =1"/* +0%) is the Geman-McClure
error norm. w(x,y) shows the weight coefficient for the
pixel and for all pixels are assumed to be equal to one.
Now, the normalized measure of confidence, 0 <7 <1,
can be given by:

o Cre

Y Wy 27

(x,y)eT

where the error residual, Eres is normalized through
dividing by( 2Mxy), Figurel2 shows the confidence

x,y)eT
value for tracking results of Figures 9 to 11. As can be
seen, if the confidence value is close to one, it means
that the tracking result is more accurate. But, if the
confidence value is closer to zero implies a weak
tracking result

(d) (e
Figure 10. Thecandidate region with a large amount of
background information at the boundary of target andthe
tracking results, (a) target model, (b) candidate region, (c) the
traditional mean shift, (d) the asymmetric kernel mean
shiftand (e) the proposed method.

(a) (b) (© (d) (e)
Figure 11. The candidate region with influence of background
information to the center of candidate model and the tracking
results:(a) target model, (b) candidate region, (c) the
traditional mean shift, (d) the asymmetric kernel mean
shiftand (c) the proposed method.
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Figure 12.Confidence n(a) for tracking results of traditional
mean shift tracker, asymmetric kernel mean shift tracker and
the proposed method based on the results of Figures 9 to 11.

4. 2. Tracking Results Figures 13 and 14
demonstrate that the algorithm is successful to track the
single and multiple moving objects in static and
cluttered background. The single objects indoor tracking
which go through translation and rotation movements
are shown in Figure 13a. As shown in figure, the
tracking algorithm is successful in following the target
objects.The single outdoor sequences with moving
waves and illumination changesare demonstrated in
Figure 13b. The results of tracking show the efficiency
of the proposed method. Figurel4 presents the results of
multiple objects tracking in complex outdoors
environments with shape variation. The results of
tracking show the power of algorithm for tracking the
multiple objects with spatially adjacent objects in clutter
environment.
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Figure 13. Single object indoor and outdoors scenes: (a)
translationand relatively rotatingindoor trackingand (b)
outdoors  tracking with moving waves and illumination
changes.

()
Figure 14. Multiple objects outdoors tracking.

5. CONCLUDING REMARKS

In this paper we proposed a new method based on
kernel tracking. The previous mask and the union blob
are used to extract the algebraic relation of kernel
movement. This is done using a novel idea that the
union blob is mapped into a new representation which is
called potential pixels matrix.

To overcome the problems of influence of
background and object changes, we concentrated on the
non-common region of union blob. The border
background information of non-common region is
decreased using distance threshold relative to the center
of weighted pixels of this region.

The tracking relations are in algebraic form which
allows us to divide the non-common region into two
parts and detect the object and background regions.
After cancelling the border background of non-common
region for each part, the similarity value criterion is
used for detecting the background and object. For each
part of non-common region and union of them, the
corresponding target regions are computed by applying
tracking Equations. Measuring the similarity value of

each region and selecting the region with biggest
similarity value 1is proposed for removing the
background information. This method has better
performance than the weighted kernel of mean shift
tracking which give attention to the center of candidate
model and attenuate the region near the boundary of it.
For improving the tracking result, a segmentation
process which divides the histogram into two narrow
histogram groups is used. Furthermore, the non-
common region of union blob contains the object
changes and therefore the proposed method is able to
consider the effect of changes in object shape. However,
if the background encompasses a large area of the
previous region boundaries, then the constraints for
selection of non-common region may not be optimal.
Research for finding the better constraints can improve
the tracking result.
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