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K-means Clustering Based Pixel-wise Object Tracking
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This paper brings out a robust pixel-wise object tracking algorithm which is based on the K-means clus-
tering. In this paper, the target object is assumed to be non-rigid and may contain apertures. In order to
achieve the robust object tracking against such objects, several ideas are applied in this work: 1) Pixel-wise
clustering algorithm is applied for tracking the non-rigid object and removing the mixed background pixels
from the search area; 2) Embedding the negative samples into K-means clustering so as to achieve the adap-
tive pixel classification without the fixed threshold; 3) Representing the image feature with a color-position
feature vector so that this algorithm can follow the changes of target colors and position simultaneously; 4)
A variable ellipse model is used to restrict the search area and represent the surrounding background sam-
ples; 5) Tracking failure detection and recovery processes are brought out according to both the target and
background samples; 6) A radial sampling method is brought out not only for speeding up the clustering
process but also improving the robustness of this algorithm. We have set up a video-rate object tracking
system with the proposed algorithm. Through extensive experiments, the effectiveness and advantages of
this K-means clustering based tracking algorithm are confirmed.

1. Introduction

Years of vision research have yielded in lots of
powerful object tracking algorithms. Numerous
powerful and effective algorithms have been ap-
plied into object tracking, such as the Kalman fil-
ter [7], template matching [8], EM algorithm [11],
CONDENSATION [9] (also called as the “particle
filter”) algorithm, dynamic Bayesian network [10],
mean shift [12] and iterative clustering [6].

In [16], the original template matching algorithm
uses the sum of grey value of the pre-defined tem-
plate to describe the target feature. The object
tracking is achieved by searching over the image to
find out the region that has the maximum similarity
to the pre-defined template. Because the grey value

of template is used to describe the target feature, the

original template matching is very sensitive to the
illumination changes and target deformation. Im-
proved works on template matching [8] have been
reported.

Background subtraction is able to track the tar-
get object by checking the differences between the
observed image and the pre-defined background
model. Therefore, it is especially suitable to work
indoors, such as the subway station, airport, etc.
Although adaptive background subtraction [17] has
been proposed, background subtraction still suffers
from the random noise (such as rains or snows)
and is not suitable to work in the dynamic scene.
The same problem also exists in the optical flow
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method [18] which tracks the target object by ex-
amining the characteristics of flow vectors of the
moving target over the surrounding background.

In [12], Comaniciu et al. use the color distribu-
tion of the target to describe the target feature and
bring out the mean-shift tracking algorithm, which
can achieve the robust object tracking for the non-
rigid objects under the cluttered condition. One of
the key issues in mean shift algorithm is to produce
the center-weighted image (which is also a 3D color
histogram) at time with the Bhattacharyya coeffi-
cient. In this center-weighted image, the pixels on
the target object have high weight, while pixels on
the background have low weight. By applying the
hill-climbing calculation to find out the peak within
such weight image, mean shift algorithm achieves
the robust object tracking under cluttered condition.
But means shift algorithm is not suitable for the
monochromatic and planar objects, because such
objects usually appear like a vertical line or a nar-
row peak in the color histogram; even the illumina-
tion just changes a little, such narrow peak will be
drifted dramatically and hill-climbing method will
fail because there is no overlap of the target tem-
plate in two adjacent frames.

CONDENSATION [9] can track the target
through occlusion and clutter by reasoning over a
state-space of multiple hypothesis. Because it com-
bines the random sampling techniques with the pos-
terior probability of the target object together, it
achieves very robust object tracking.

However, although these algorithms are quite
powerful, they only concentrate on the similar-
ity between the target model and an unknown re-



gion/pixel. In order to measure such similarity, a
threshold is usually applied into these algorithms.
Since the target object may move under the clut-
tered condition, it is difficult to select the proper
threshold to work stably under all conditions. Fur-
thermore, there is no guarantee that if the object
with the maximum similarity is really the target one
or not.

Collins {14] et al. bring out an idea that: while
object tracking, the most important thing is the abil-
ity to discriminate the target object from its sur-
rounding background. They propose a method to
switch the mean-shift tracking algorithm among
the different linear combination of the RGB colors
which can select the very features that distinguish
the object most from the surrounding background.
Therefore, the kernel of this paper is how to select
the best combination of RGB colors to discriminate
the target from background. The combination that
achieves the maximum ratio between the color dis-
tribution of target and that of the background is con-
sidered as that best features. Improved performance
compared with the standard mean-shift algorithm
has been reported in that paper. Even so, the color
histogram has very little identification power and
this method appears to work only when the target is
solid and its appearance does not change dramati-
cally. Meanwhile, in the case of high dimensional
features like textures, the large number of combina-
tion of colors (in fact, each image contains 49 such
color combinations) will prevent it from achieving
the real-time performance.

Similar ideas have been applied by Nguyen [15]
and Zhang [19]. In [19], they describe the tar-
get and background features with their color his-
tograms. An unknown pixel is classified into target
or background by comparing the bin values of its
color between the target histogram and the back-
ground one. Therefore, when some parts of the
surrounding background contains similar color to
that of target, this ratio will become very low and
wrong conclusion will be made. Furthermore, be-
cause they assume that both the target and back-
ground are solid, the long-term performance of this
paper is not ensured. Meanwhile, this work can
not be applied to track the object with apertures
because the mixed background will pollute the tar-
get histogram. In [15], although the more powerful
Gabor filter is used to discriminate the target from
the background, the performance of that work in the
long term is suspected because the target is assumed
to be solid. When the target is non-rigid, there will
be no guarantee that the update of target template
is correct, and the multi-scale problem is also re-

mained in [15].

Therefore, obviously almost all the mentioned
tracking algorithms share one common problem:
when the target object is non-rigid and/or contains
apertures, background pixels will be mixed into the
target object; when the target object moves under
the cluttered background condition, the continu-
ously mixed background pixels will greatly degrade
the purity of the target feature (such as color or tex-
ture). In this paper, this phenomenon is called as
background interfusion.

In order to solve this background interfusion
problem, we bring out a pixel-wise object tracking
algorithm which is based on applying a reliability-
based K-means clustering algorithm into both the
target and background samples. This reliability-
based K-means clustering algorithm is applied
within a variable ellipse model which is used to re-
strict the search area as well as represent the rep-
resentative surrounding background samples. Ac-
cording to the triangular relationship among an un-
known pixel, its nearest target center and its nearest
representative background center, each pixel will
be assigned with a reliability value which indicates
how reliable it is to classify this pixel into target or
background groups. Noise pixels that neither be-
long to the target clusters nor the background clus-
ters will be given low reliability value. Then, un-
der such reliability, the probability that this pixel
belongs to the target /or background clusters will
be computed. Embedding this probability into K-
means clustering, the proposed algorithm is able
to remove the background pixels as well as the
noise pixels from the target object. By represent-
ing the image feature with a color-position feature
vector and updating the target centers with such fea-
ture vector, this tracking algorithm can smoothly
follow the position and color changes simultane-
ously. Since both the target centers and the back-
ground ones are continuously updated while ob-
ject tracking, this algorithm achieves the adaptive
object tracking without threshold. A radial sam-
pling method is used not only for speeding up but
also improving the robustness of the proposed al-
gorithm. Finally, with both the target samples and
background samples, this algorithm achieves the
automatic tracking failure detection and recovery.

2. K-means Clustering Based Object Track-
ing

2.1 Image Feature Representation

In order to describe the image feature properly,
all the objects (including the target object and the
background objects) located in the image are rep-



resented by the following assumption: each object
is composed of one or several regions, all the pix-
els within each region should contain two proper-
ties — 1) all the pixels located within one region
should contain similar colors to each other — 2)the
pixels within each small region should be close to
each other in the 2D image space.

Therefore, according to this assumption, the im-
age feature is described by a constructed color-
position 5D feature vector “f = (¢,p)7”. Any kind
of color system can be applied to this feature vec-
tor (such as the “RGB”, “CMY”, “YIQ”, “YCbCr”
and “YUV” color system). Here, “¢c = (Y,U,V)7”
is used to describe the color and the position of a
pixel is described by “p = (x,5)7 ™. That is because
the output of the camera applied in this tracking al-
gorithm is the “YUV” colors and the directional ap-
plication of “YUV™ colors will reduce the process-
ing time.
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Fig.1 Explanation for the 5D feature vector.

In this 5D feature space, the Euclidean distance
between two points f; and f; is calculated as:

Ifi-glP=la-cP+alp-p°. @

By performing the pixel classification in such a
feature space, the proposed tracking algorithm has
the ability to simultaneously follow the changes of
position and color of the target.

2.2 Pixel-wise Object Tracking with K-
means Clustering :

K-means Clustering with Negative Sam-

ples

In this paper, since the target object is allowed
to be non-rigid and contain apertures within it, the
conditional model-based object tracking algorithms
are unsuitable for such object, because they usually

2.2.1

assume the target object to be priorly known and
solid.

In order to solve the problems of the model-based
tracking algorithms, we select the K-means clus-
tering algorithm for object tracking, because it: 1)
Does not need any prior target appearance model,
so the initialization becomes simple; 2) Can track
the non-rigid (human body) and object with aper-
ture (hand) well, even the target object deforms
greatly.

However, most of the conventional pixel-wise
tracking algorithms only use the target informa-
tion for pixel classification, which is similar to
those model-based methods. Thus in those works,
they only measure the similarity (or dissimilarity)
between an unknown pixel and the target sam-
ple. Therefore, a threshold is required to determine
whether this pixel belongs to the target group or not,
according to the estimated similarity. However, it
is well known that, while object tracking, both the
target appearance and the surrounding background
can change easily due to the illumination variance,
target deformation, etc, so a fixed threshold can not
be suitable under different conditions.

In this paper, we introduce the concept of non-
target and apply the K-means clustering to both the
target and non-target samples. The motivation to
introduce this concept is that: through our exper-
iments, we found out that the ability to discrim-
inate the target from its surrounding background
is the key element that resolves the tracking suc-
cess or failure. Therefore, it is reasonable to con-
sider that a good tracking algorithm should be per-
formed between the target and background infor-
mation. In this work, we introduce the concept of
non-target (background) for the target discrimina-
tion. As shown in Fig.2, whether an unknown pixel
within the searching area is the target or not is dis-
criminated by measuring its similarity to the target
group and non-target ones.

In this case, the similarity measurement becomes
a problem of “yes” or “no” and we consider this
measurement is better than only comparing the sim-
ilarity with the target. That is because, with the neg-
ative reference, it will be more confirmable that the
pixels that do not belong to the non-target groups
will belong to the target group. In Fig.2, RTB
means the “Real Target Boundary” that really dis-
criminate the target from the background. Since
it is difficult to stably get the RT B, we propose a
model named as “absolute target region” (hereafier
ATR) to approximate RT'B and describe the target
object and its surrounding background. The ATR
is an area that contains all the target object pixels,
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Fig.2 Ilustration for describing non-target samples

meanwhile, all the pixels on the outline of 4TR are
the representative non-target pixels around the tar-
get object.

In this paper, we use the ATR to: 1) restrict the
search area for speed up and increasing the robust-
ness of our tracking algorithm; 2) represent the ap-
proximate target shape and direction; 3) model the
surrounding non-target background. Since both the
target sample and surrounding ATR are continu-
ously updated, our method becomes robust against
the target appearance variance.

2.2.2 Reliability-based K-means Clustering

However, two problems degrade the performance
of K-means clustering algorithm: 1) When the
noise data not belonging to any cluster exist, K-
means clustering will wrongly classify them into
some pre-defined clusters; 2) the wrongly as-
sumed number of clusters sometimes leads to the
wrong clustering result. Although some researchers
brought out some improvements [1-5] on K-means
clustering, while object tracking such problems still
affect the performance of K-means clustering.

i

(a) Input image (b) Result of K-means

Fig.3 In[13], K-means tracker will suffer from the noise data.

The problem caused by the noise data can be ex-
plained as: the K-means clustering only classifies
the unknown data according to its distance to the
prototype (or cluster centers). As shown in Fig.5,
K-means clustering algorithm only check d; and d;
(which are the distance among an unknown data x

Fig.4 The illustration of EKM, when the noise data exists.

and the cluster centers m;, m;) to judge which clus-
ter x should belong to, even if x is more like to be a
noise data.

In order to solve the mentioned problems, we
introduce the reliability estimation into K-means
clustering. The reliability value for each data is
used to judge if it is reasonable to classify an un-
known data into one cluster or not.

Because the noise data are always distant from
the data belonging to the initialized clusters (called
as normal data), the distance from noise data to its
nearest cluster center should be longer than that of
the normal data. Therefore, the distance between
a data and its closest cluster center can be used to
classify the unknown data. However, a standard is
necessary for estimating how far a data is from its
nearest cluster center. Here, we use the triangular
relationship among an unknown data and its two
nearest cluster centers to measure if it is reliable or
not to classify this data into some clusters. A high
reliability value should be assigned to the normal
data, and a low value to the noise one.

w
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Fig.5 The relationship between data vectors and their two
closest cluster centers.

As shown in Fig.5, w| and w are the cluster cen-
ters, x; and x» are the unknown data vectors. Only
according to d11 and d»;, we can not judge x; and
X2 to be the noise data vectors or the ones that be-
long to some clusters except that x5 is closer to w
than x;. However, according to the shape of trian-
gle Axywywy and Axowiwy, we can draw a con-
clusion that, compared with x;, x; has higher prob-
ability to be a noise data vector.

While clustering an arbitrary data vector x; of
data set X ({xg;k = 1,...,n}), the reliability value
of x; is defined as the ratio of the distance between
its two closest cluster centers to the sum of the dis-



tance from x;, to the two cluster centers:

” Wrix,) — Ws(x) ”
R =k N 3
(xx) diy + s 3)
where d i i
k=0 Xk~ Wey s 4
dic =[x~ Wegry | “

JS{(x¢) and s(xx) are the subscript of the closest and
the secondly closest c!uster centers to Xg:
J(xic) = argmin (|| x; —w; ||)

i=1,...c
s(xg) =  argmin
i=1,...,c0# f(x)
The degree (u7) of a data vector x; belonging to

its closest cluster f(x;) is computed from dis and
dksl

Hhf = ks _ (6)

/ dis+dis
Since R (x;) indicates how reliable that x; can

be classified, the probability that x; belongs to its
closest cluster can be computed as the product of
R (Xk) and Hicf-

tey = R (xi) * s (7
txr denotes that: under the reliability R (xj), the
probability that x; belongs to its closest cluster.
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Fig.6 RK-means clustermg can detect the outliers with the
reliability evaluation.

2.2.3 Data grouping

Assuming the number of clusters and the initial
cluster centers are given, the data grouping in RK-
means clustering algorithm is carried out by two
steps:
1. For each data vector Xy, compute its probability
of belonging to its nearest cluster center as Eq(7).
2. Update the clusters by minimizing the following
objective function:

Jrien (W Z’kf Ixe=wrg 1. (8)
The cluster centers w are obtained by solving the
equation 3
J,
Wrim(W) _, ©

d
The existence of the vgolution to Eq.(9) can be
proved easily if the Euclidean distance is assumed.

To solve this equation, we first compute an approx-
imate w with the following equation:
wo = k=10 (Xk)erXi

/= Y18 (xk)tkf

1 ifj=f(xs
8 (xe) = 0 otherwij;sa : (1

Then w can be obtained by applying Newton’s al-
gorithm using the result of Eq.(10) as the initial val-
ues. Since there is a dependency between the clus-
ter centers and the probability of belongingness, the
step one and two are performed iteratively until w
converges.

2.2.4 Redundant cluster deletion

When the assumed number of clusters is greater
than the one that a data set really has, there will be
some redundant clusters. Such redundant clusters
will scramble for the data vectors that should be-
long to one cluster, thus those data vectors will be
divided into two or more clusters forcibly. Since
this partition does not match with the natural struc-
ture of those data vectors, the clustering will be-
come unstable and sensitive to noise.

To solve this problem, we merge two redundant
clusters into one cluster according to their variance
and reliability.

(10)

where

Fig.7 Reliability field around two cluster centers. The
reliability values are showed by intensity.

Fig.7 illustrates a reliability field in a two-
dimension space around two cluster centers. The
data vectors located on the line connecting the two
cluster centers will have higher reliability values
than the other data vectors. Such data vectors will
have the effect to attract the two cluster centers to-
gether, and this effect will become stronger when
the two cluster centers really get closer.

Fig.9 shows an experimental result of clustering
one crowd of data vectors when given two initial
clusters. Here the two cluster centers (red circle) get
closer and closer as the iteration increases. Then,
the average reliability of the data vectors of the two
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Fig.8 Investigation on the possibility of merging two clusters.

clusters will become lower and lower according to
Eq.(3).

initial state iteration: 5 iteration: 9
Fig.9 The changes of two cluster centers in one crowd of data
vectors during updating,

We considered that it is possible to judge if two
clusters should be merged by checking their aver-
age reliability and variance. Although the variance
of a data set of » dimensional vectors are generally
described by its covariance matrix, here we com-
pute a single value to describe the dispersion of the
data vectors of cluster / as following:

v(i) = ZxkECluster(i)(Xk —Wi)z | .

where N is the number of data vectors in cluster i.
The average reliability of cluster / can be computed
by:

r(i) = Zxkeclust;\r/(i) R (xk) . (13)

In order to establish a standard for checking if
two clusters should be merged into one big cluster
or not, we did some experiments to segment vari-
ous simulated data set with the method described in
subsection 2.2, and analyzed the relation between
the average reliability, the dispersion and the distri-
butions of the data vectors.

In Fig.8, Case 1~4 show the clustering results
of data sets under different distribution. In order to
check if two clusters should be merged or not, we
compare the average reliability and the dispersion
before and after merge. The result of this compari-

son is obtained by the following equations:
Rli) = L%RH (14)
Ry(ij) =40
where iU j indicates the merged cluster from cluster
iand j.

The graph in the right part of Fig.8 shows the re-
sults of R, and R, of the two clusters. By analyzing
these results, we discovered that the ratio of R, to
R, can be used to judge if two clusters should be
merged:

Merge(s )= Pali]) = 20 (19

VALS)

If Pn(i,j) < 1 then the cluster i and the cluster j
should be merged. Then, the redundant cluster dele-
tion can be carried out as the following steps:
1. For each cluster (i), find out its nearest cluster j
then check if P, (i, /) < 1.
2. If such cluster pairs do not exist, terminate this
procedure.
3. Find out the pair that the distance between the
two cluster centers is shortest and let i and j de-
note the number of the smaller and bigger clusters,
respectively.
4. Merge the data vectors in the cluster j into cluster
i. This can be done by assigning the cluster number
i to all the data vectors of cluster /, and using (w; +
w;)/2 as the initial cluster center of the new cluster
i, which is the cluster merged from cluster / and ;.
5. remove the cluster ;.
6. repeat step 1.

This procedure should be executed after each up-
date of cluster centers. Therefore, we add the re-
dundant cluster deletion procedure as the third step
into the process of data grouping described in sub-
section 2.2,

2.2.5 The RK-means algorithm

The RK-means clustering algorithm is summa-
rized as:

1) Initialization



i) give the number of clusters ¢ and

ii} give an initial value to each cluster center
wi,i= 1,...,C.

The initialization can be performed manually or
by using an external method.

2) Tteration of data grouping

while w;,i = 1,... ¢ do not reach fixed points,

Do

i) calculate f(xx) and s(xy) for each x;.

ii) update w;,i = 1,...,c by solving Eq.(9).

iii) delete redundant cluster with the method de-
scribed in subsection 2.4

2.3 Object Tracking with Reliability-based

K-means Clustering

By applying the RK-means clustering algorithm
into object tracking, we bring out the RK-means
tracker, which is a pixel-wise algorithm that re-
move the target pixels from the surrounding back-
ground one within a search area in each frame of a
video sequences.

Correspondently, the target centers are described
asfr(i) i=1~ K, the representative background
clusters are represented as fz(/) j=1~m, and
an unknown pixel is described as f,,.

O Cross point O Unknown pixel

© Target centers Yy Nearest point

Fig. 10 RK-means clustering on multi-color object with target
and background samples.

As shown in Fig.10, the classification for an un-
known pixel is performed between its nearest target
and background clusters. The minimum dissimilar-
ity from f, to the target clusters will be calculated
as:

dr= min | G~t@)l, (6
correspondently, we can get the nearest target clus-
ter center fr(i) to f,. The minimum dissimilarity
between f, and the surrounding background sam-
ples (which are selected from the ellipse contour) is
computed as:

dp= min | §,—1(j) |, (7

J=l~m

the dissimilarity between the nearest target center

and the nearest background sample (f5()) is calcu-
lated as follows:
dr =l fr(i) —13(j) | - (18)
The reliability of the clustering f,, into target clus-
ters or background clusters i; estimated as:
R(t)=—2_, 19
(F)- dr+dp (19
Then the probability that f, belongs to i*” the tar-
get cluster is calculated as: y
B

ey _dg
/IT (fu) - R(fu) * dT'*‘dB‘

By applying ,ug)(fu) into Eq.(10), the new target
center £5°) (i) can be calculated. However, if the
target centers are only updated in such simple way,
one problem will arise: the abrupt color shifting
(e.g. high light reflecting) may happen because of
the glossy surface of the target object (such as the
iris). When such color shifting happens, the feature
of the target centers may be completely destroyed.
In order to solve this problem, a simple average fil-
ter is used to gradually decrease the influence of the
rapid color shifting as:

&0 =" 0+ -0, e

Where, 0 < y < 1 is a coefficient, the superscripts
(1), (new), (z — 1) denote the time. £ (i) is the
output of Eq(10), f' g_ D (#) is the output of the previ-
ous frame, and fg) (7) is the final result of the present
frame. With this equation, when the abrupt color
shifting happens, this average filter can resist such
influence and when the target color turns back to
the original color again, it will continue to update
the correct color.

2.4 Update Of The Search Area

After updating the target center, the selected rep-
resentative background samples are also required to
be updated in order to follow the changes of the sur-
rounding background caused by the movement of
target object. In this work, since the background
samples are selected from the ellipse contour (or it
also can be said to be the boundary of search area),
the update of background samples is equivalent to
that of the search area.

In order to follow the movement and shape
changes of the target, the corresponding parameters
of the search area are determined according to the
distribution of the classified target pixels which are
obtained in the current frame. Because the pixels of
the target object can be considered as a set of ran-
dom distributed points, we can represent them by
using a probability distribution. Here, the Gaussian
probability density function (“pdf”) is used to rep-
resent the target distribution. The motivation to use
the Gaussian pdfis:

(20)



(1) it is robust to the deformation of the target
object;

(2) it can reduce the influence of the mis-
detected target pixels caused by the image
noise.

Let Sz = [Z,,Z,,..2Z ] represent the pixel set of

the detected target object, where Z; = [x;,]” is the

position of one detected target pixel and » is the
number of the pixels belonging to the target object.

The Gaussian pdf that describes the distribution of

Sz can be represented as:

Sz ~ N(mgz,%z), (22)
where, mz is the mean of Sz and Tz is the covari-
ance matrix. And they can be descrlbed as the fol-
lowing equations:

mz = "], (23)
my
= [pcxofcxcy] L o] @

where, m, and m, are the centers of the whole
detected target pixels in the x and y direction, 6 and
o, are the corresponding variances. p (0 <p < 1)
denotes the correlation coefficient of variables. The
inverse matrix can be expressed as: .
5l = L[CZZ _021] _ {"22 C,21] @5)
[Zz]l—ci2 en ) €
With such distribution, in the 2]5 image coordi-
nate, the Mahalanobis distance of a vector Z can be
expressed as:

g(Z) = [Z—mz) 377 MZ ~ mg)
= ey (x — 1) — 2¢1 (x — ) (v — my)
+c’n (v — my)?

= cpx —2c12xy+c”yz+2x szmy“czzmx)(z)

2

+2y(crame — cyymy) + cppm? + cum,

—2C12mx7'ny.
With Eq(26), we can determine an ellipse £(M)
that contains M% pixels of the whole target object
as:

7

’ 7 7 1
8(Z) = cypx* = 2e1p09 + € + 2x(cipmy — cppmy)

2

I 1 ! 2 1
+2y(cipme — cyymy) + cpmy + ey my,

’
—zclzmxm)/ = J,

where, J = —2/n(1 — TAGJG) (as shown in Fig.11).
When we let M be large enough (e.g. 95), the el-
lipse E(M) will contain the overwhelming majority
of the target pixels.

Comparmg with the normal ellipse function

Ax? +2Bxy+Cy +2Dx+2Ey+F =0, (28)

Detected target pixels
Enlarged search area 7/

p(x,y)

B B0E o 4L, oL e

Image plane

Fig.11 Ellipse search area determined by the Mahalanobis
distance.

we can determme the parameters of the ellipse as:
C= C”

’
E= CypMiy —

4= 022 B= —612
cnmy
2c12mxmy J. 29)

3. Tracking Failure Detection

D= Clzmy szmx

F= C22m +C11m

In most of the present feature-based tracking
algorithms, the target tracking is performed by
searching over a small region around the target de-
tected in the previous frame. The advantages of this
searching method are:

e reducing the computational cost and making
the video-rate object tracking become possible
o improving the robustness of the system when

objects similar to the target exit in the image,
because they only search over the local region
but not whole image.

And the success of such feature-based tracking al-

gorithms is dependent on:.

(1) The tracking result obtained in the previous

frame is correct.

The object has not moved out of the search

area. -

Therefore, after the object tracking has been carried

out in the previous frame, a feature-based tracking

algorithm is believed to be able to work more ro-

bust if it can perform a verification procedure that

checks two mentioned elements. In this paper if the

tracking failure occurs and is detected by the verifi-

cation process, a failure recovery process should be

carried out. The object tracking will be restarted un-

til the tracking recovery is successfully performed.

As shown in Fig.12, the following situation is de-
fined as the tracking failure: in the current frame,
the target object moves partially out of the search
area that is determined in the previous image, and
the original target center contains different color
that is similar to the background color. In such case,
the tracking failure is regarded as having happened.



Target center

In frame t-1 In frame t
Fig. 12 Definition for the tracking failure.
Failure detection by

checking the boundary
of search area

Failure detection by
checking the target center

Part1 Part2

Fig. 13 A perfect tracking failure detection should consist of
the failure detection for target centers as well as the
background samples.

A correct tracking fatlure detection is regarded to
consist of two parts (as shown in Fig.13): 1) track-
ing failure for the target center; 2) the tracking fail-
ure detection for the surrounding background sam-
ples. That is because, according to the definition
of tracking failure, when tracking failure occurs,
some of the background samples on the ellipse con-
tour will absolutely contain the target color (like the
Part 2 in Fig.13). However, since it is quite pos-
sible for the background to contain target color in
a random sequence, neither only checking the tar-
get centers nor only checking the surrounding back-
ground samples will give the reliable detection re-
sult. Therefore, we consider a reliable tracking fail-
ure detection should be based on checking the tar-
get centers as well as the surrounding background
samples simultaneously.

3.1 Tracking failure detection for target cen-

ters

In this chapter, because the target object is as-
sumed to contain multiple colors, it is nature that
the target object consist of multiple target cluster
and the tracking failure detection for those cluster
center will be performed one by one independently.
In the following part of this section, we just explain

the examination on one target cluster center.
In frame ¢ — 1, the i target cluster is located at
p(i) in the 2D space and cp’(j)l) is the target color

of this point, cg_l) (/) is the color contained by the

Jj" background sample. In next frame, the color
contained by p(i) will be expressed as c(')i and we
can perform the tracking failure detection for one
target cluster center as:
; 1 if d(i)<dr(i
fr()= 0 otherw(is)e 0 ’ (30)

where dr (i) =| eb! — ¢ 1P, ds(i) = Jmin |
cggi) — 7V (j) 2. When f7(i) = 1, it means that in
the current frame, the color contained by p(i) looks
more like to be the background color rather than the
previous target color. And at this time, we will con-
sider that the i target color may be lost, otherwise
p(i) still contains the i target color.

3.2 Tracking failure detection for back-

ground samples

As mentioned in Sectionl0, the ellipse contains
the whole target object in the previous frame and
should still include the target object in the current
frame. Therefore, if tracking failure occurs, the tar-
get object will get over the ellipse boundary in the
current frame. This may happen when the velocity
of the target is greater than the assumed maximum
velocity. As shown in the Part 2 of Fig.13, this situ-
ation can be verified by checking whether the color
of the background samples selected from the ellipse
contour contains similar color to that of the target
color or not.

4] CT(igt-l) the target color in frame t-1
@ CB(t'l)(i) background color in frame -1

(o] CB(‘)(i) background color in frame t

¢ Do

Ny

BB(j)

Image coordiante 3D Y-U-V color space

Fig.14 Tracking failure detection for the surrounding
background samples.

As shown in Fig.14, cg(—i)l) is the color of the i'*

. . ()

target cluster center in the previous frame, ¢, (/)
is the color of the j** selected background sample
in the previous frame. While, cg)( j) is the color



contained by j* background sample in the current
frame. And the tracking failure detection for the
selected background samples will be performed:

1 if  dpryy < dpay
f By T otherwise ’ Gn

11)

here, dar) =I| €5 - <’)( ') (12 is the dissimilar-

ity between the color of c () ) and that of ¢ B)( )

dpp(y) =l cB (j) (')( i) ||? is the dissimilarity
between the colors contained by the j** background
sample in two adjacent frames. When f o =L
it means that in the current frame, the color of the
j* background sample is much more similar to the
color of the i target cluster center (which is de-
termined in the previous frame) than the color con-
tained by the j' background sample in the previous
frame, otherwise the j/# background sample will be
still considered as a normal background point. In
such case, we will consider that some parts of the
ellipse contour is overlapped by the target object,
which indicates that the target object moves out of
the search area.

However, if the target object does not move out
of the search area and the selected background hap-
pens to contain the color that is similar to the tar-
get color, only checking one background sample
will be unreliable. Therefore, to make the tracking
failure detection for background sample reliable, in

this step we let j =1 ~ 36. When Y

i B T

Threshold (T hreshold = 14 means 46% of the se-

lected point are wrong), some of these selected

background samples contain the i*# target color in

the current, we will say that the failure detection for

- background samples stands and the target object is
quite possible moves out of the search area.

The probability of tracking failure over the multi-

color target object can be estimated with the follow-

ing equation:

K
> (i) 2 2/‘
Pro(failure) = 0.5 =1 +0.5% I_Ij<_—36

(32)

When Pro( failure) is greater than 0.7 (this is the

least value when tracking failure happens), we will

claim that the tracking failure has occurred. Since

all these calculations are very simple, the tracking

failure detection process will cost little time and has
little affection on the processing speed.

4. Tracking Failure Recovery

After knowing the tracking failure has occurred,

The previous frame.
failure happens
Fig. 15 Successful tracking failure detection when the colors
of both the target and background are changed by the
abrupt camera flash. To indicate the failure detection
result clearly, we change the ellipse contour to green,

Tracking

Vi

Tracking

The previous frame.
failure happens
Fig. 16 Successful tracking failure detection. Since the veloc-

ity of object is too high, the object moves out of the
search area.

the recovery from such tracking failure is naturally
required. In order to get the correct new target
center, the tracking failure recovery process is per-
formed in the 5D feature spaces. That is because
only checking the color information will not be reli-
able, some components of the background may con-
tain similar color to the target color, and at this time
the geometric feature becomes important for recov-
ery.

In this step, as shown in Fig.17, the last tar-
get center which is detected in the previous frame
is represented as £ . f¥) means the arbitrary
pixel within the original search area (or ellipse), so
) € ellipse. The new recovered target center f g) is
detected by searching over the whole ellipse pixel-
by-pixel and finding out the nearest pixel to f (thl
in the 5D feature space. And this calculation can be
expressed as:

£ = argmin || !
T T
D eellipse

After getting the newly recovered f ('), f(T') will be
taken as the new target cluster center, and the orig-
inal search area will be translated so as to be cen-
tered at f-(z). Then, the tracking process will be
restarted.

. 33



In frame t

5D feature space

Fig. 17 Failure recovery in the 5D feature space.

5. Verification of the Recovered Target Color

Since the color of a target cluster is updated con-
tinuously during tracking, it will be quite possi-
ble that the updated target color will be different
from the initial one. Therefore, it is very neces-
sary to check whether the color of the recovered
target cluster center is correct or not by examin-
ing the similarity between the recovered target color
and the initial target color. Here, this verification is
achieved with a Bayesian formulate to confirm the
reliability of the recovered target color as:

Crec(ihlC Plc
PVO(CT(k)Icrec(i)) _ Kp( rec(t)l T(k)) ( T(k)) 7
2. {p(ercler(y) Pler))}
J=1

(34
in Eq(34), () is the recovered i*" target color,
and ¢y is the initial color of an arbitrary k™ tar-
get cluster. p(cm(,-)|cT(k)) is the likelihood between
Crec(s) and €y, which is described by a Gaussian
normal distribution model. And the mean value of
this model is ¢ () and its color variance is calcu-
lated in the previous frame. P(cp(y) is the prior
probability of the k' target color, and here this prior
probability is described by the ratio between the
area of the '/ target color and the whole target area
in the previous frame. Pro (cT(k)lcm(,)) is the pos-
terior that describes similarity between the i re-
covered target color and the initial color of arbitrary
k™ target color.

By iterating Eq(34) K times, we can get one
maximum posterior value and here we assuming
the corresponding initial target color is the n* one
(n=1~ K). When n = i, it indicates that the re-
covered target color is just the lost target color and
the failure recovery step is correct. Otherwise, the
failure recovery is wrong, the tracking process will
be stopped.

6. Radial Sampling

In order to reduce the computational cost of RK-
means tracker, one of the most effective method
is to reduce the volume of the dataset which will
be processed while clustering. Therefore, the sam-
pling technique is required for this purpose.

Random sampling sometimes can be a useful
sampling method for object tracking, but since it
randomly selects the sample points, the property of
the selected sample points is usually un-predictable.
The selected sample point may be a target point and
also may be a background one. Therefore, the clus-
tering result among the sample points produced by
random sampling will become unstable.

In order to keep the correctness of the clustering
result, a radial sampling method is used in this re-
search as shown in Fig.18.

Fig.18 Illustration of the radial sampling.

The radial sampling is set up according to such
an assumption: when the target object is solid and
included within the search area, the closer a pixel
is to the center of the search area, the more possi-
ble it is a target pixel. In this research, because the
search area is described by an ellipse model, this
assumption becomes: the closer to the ellipse cen-
ter, the more possible a pixel is a target pixel. In this
research, because the search area is updated accord-
ing to the distribution of the detected target pixels,
the target center is the center of search area. There-
fore, this assumption is reasonable.

This radial sampling method is performed in the
following way: all the sample points are selected
from the ellipse radius at constant intervals; each
ellipse radius is produced at the intervals of con-
stant degree. This radial sampling is also equivalent
to produce a density (or probability) map (which is
quite similar to the kernel-weighted map of mean-
shift algorithm) where the ellipse center has the
highest density, while the pixels near the ellipse
contour have low probability to be the target ones
(as shown in Fig.19). Since there are few sample
points selected from the regions far away from the



ellipse center, the affection of noise pixels (or the
mixed background pixels) has been reduced, thus
improving not only the processing speed but also
the robustness of the RK-means clustering.

Fig. 19 Radial sampling and the center-weighted density map.

7. Experiment and discussion

For concision, hereafter the Hard (or existing)
K-means clustering, Fuzzy K-means and our RK-
means are abbreviated as EKM, FKM and RKM, re-
spectively. In all the experiments, we give the same
the initial number of clusters and the cluster centers
points for the same image sequence, and all the al-
gorithms run at the same iterations for one image
frame.

7.1 Evaluating the effectiveness of RK-

means

We compared the clustering results of RKM with
those of EKM and FKM within the same simulated
data sets.
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Fig.20 Clustering results when an undefined cluster exists.

Fig.20 shows the clustering results when an un-
defined cluster exists. In this experiment, we gave
three initial clusters. In the figure, the sky blue “0”
denotes the initial cluster centers and the yellow “e”
shows the updated cluster centers during iteration
and the resulted cluster centers are the ones pointed
by arrows. The EKM only succeeded in setting
one cluster center correctly. The FKM also failed
to gave good clustering result. Our RKM found
three of the four groups of the data vectors success-

fully and gave the correct cluster centers for them.
The data vectors of the fourth group were given ex-
tremely low reliability by RKM. This means they
can not be classified reliably and should not be as-
signed to any of given clusters.
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Fig.21 Clustering results when a redundant cluster exists.

As shown in Fig.21, we give four initial clusters
for the data set only having three groups of crowded
data vectors. The hollow “0” indicates the initial
cluster centers, and the solid sky blue “0” shows
the resulted cluster centers. The EKM and FKM al-
gorithm brutally divided the data vectors of group
2 into two separated clusters (Fig.21(A) and (B)).
Meanwhile, the RKM removed one redundant clus-
ter during the iteration of data grouping and gave
only one cluster for that data group (see Fig.21 (C)).

7.2 Convergence of the RK-means

One important thing that needs to be confirmed
is whether the RKM clustering algorithm con-
verges. We used the IRIS dataset* that is a com-
mon database often used for testing data grouping
algorithms to check the convergence of RKM. The
IRIS dataset has 150 data points. It is divided into
three groups and two of them are overlapping. Each
group contains 50 data points. Each point has four
attributes.

Convergence Experiments betwaen the EKM and RKM
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Fig.22 Convergence of the EKM and the RKM algorithms.

From the experimental result shown in Fig.22,
we confirmed that the convergence of the RKM al-
gorithm is as good as the EKM algorithm, and the
speed of convergence is not slower than the EKM.

7.3 Affection of the cluster volume on RKM

Another important element that will affect the

* http://www.ics.uci.edw/” mlearn/databases/iris/iris.data



performance of RKM is the volume (sometimes the
size) of each cluster.

Fig.23 shows a case that both the distribution and
volume of one cluster increase. Here, the distri-
bution of the left cluster is a circle, and both its
distribution and volume are fixed, the distribution
of the right cluster is an ellipse and its distribution
will increase as its volume increase. In the graph
of Fig.23, the horizontal axis shows the ratio be-
tween the volume of each cluster (and this ratio will
be increased larger and larger), the vertical axis is
the average reliability of each cluster. The red line
shows the changes of the average reliability of the
left cluster and the green one shows that of the right
cluster. From this image, it is obvious that the in-
crease of the distribution and volume of one cluster
has very little affection on the average reliability of
each cluster calculated by the RKM. In other words,
the RKM is insensitive to the changes of volume
and distribution of clusters.

Fig.24 shows the comparative experiment on the
displacement between the EKM and RKM in the
case of Fig.23. The red line shows the displace-
ment of the EKM and the green line shows that
of the RKM. The left graphics shows the compara-
tive results of RKM and EKM on the left cluster of
Fig.23, correspondently, the right graphics shows
the results on the right cluster. According to both
graphics, obviously the RKM works better than the
EKM in this case. That is because the EKM will
mistakenly take some outliers as the pixels belong-
ing to some clusters. While the RKM can give low
reliability to such outliers.
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Fig.23 Experiment of the RK-means clustering under variable
distribution. In the right graph, the horizontal axis
shows the ratio between the volumes of two clusters,
the vertical axis shows the average reliability of each
cluster. The red curve shows the average reliability of
the left cluster, and the green one shows that of the right
cluster.

Fig.25 shows the result of an image segmenta-
tion experiment for testing the effect of the redun-
dant cluster deletion. Fig.25(A) was extracted from
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Fig.24 The displacements between the EKM and RKM on
each cluster in the case of Fig23. Left graph: on the
left cluster; Right graph: on the right cluster. Green
curve: the displacement of RKM; Red Curve: the dis-
placement of EKM

(A) (B) © D)
Fig.25 Image segmentation with redundant cluster deletion.
A: Input Image; B: Iteration 1; C: Iteration 2; D: It-
eration 3.

frame 285 in an image sequence used for the ex-
periments shown in Fig.28. The yellow cross indi-
cates the target cluster centers. The target clusters
become less during the iteration of data grouping,
as shown in (B)~(D). These results show that the
RKM algorithm can automatically delete the redun-
dant clusters.

7.4 Object tracking with RK-means tracker

7.4.1 [Initialization

In order to achieve the robust tracking result, the
initial target centers are manually selected in this
research.

Fig.26 Initialization for multi-color object tracking.

As shown in Fig.26, in the first image, K points
are manually selected as the initial target points,
where the number of K depends on the main col-
ors contained by the target object. Then, the cen-
troid of these initial target points will be calculated
and be regarded as the center of the initial search
area. Thirdly, one initial background point out of
the target object will be selected. Finally, an initial



search area will be constructed, which is a circle in
the first image. The center of search area is located
at the centroid of the initial target points and its ra-
dius is the distance between the initial background
point and the center of circle.

7.5 Object tracking with RK-means tracker

Hua et al. [13] have compared* K-means tracker
with some famous tracking algorithms. Here we
only compare our RK-means tracker with the K-
means tracker.

Fig.27 shows the experimental result of RK-
means tracker in the case that the target person
disguises himself while tracking. In this experi-
ment, the target person uses the sunglass, towel
and the hat to changes his appearance. Because
the RK-means clustering is applied between the tar-
get and background samples, the RK-means tracker
can distinguish such objects from the target. By up-
dating the search area dynamically, the RK-means
tracker can also deal with the rotation of target ob-
ject.

Fig.28 shows a sequence of hand tracking. As for
the K-means tracker, the tracking failed since frame
285. In frame 285, since the color of some sur-
rounding background parts (e.g. a corrugated car-
ton) was similar to the skin color for some degree,
the k-means tracker mistakenly took them as the tar-
get pixels. This caused the update of the search
area to fail, so did the tracking. As for our RK-
means tracker, in frame 2835, the influence of the
background parts having color similar to the skin
color was effectively repressed through the reliabil-
ity evaluation. As the result of it, the RK-means
tracker could detect the target area (e.g. hand) and
update the search area correctly.

Fig.29 shows the performance of RK-means
tracker when the target person is fighting against
another person **. Since two persons are grabbling
with each other, the other person is mixed into the
search, which is difficult for the conventional algo-
rithms to work correctly. But the RKM algorithm
can successfully discriminate the target person from
another one, because the pixels of another person
has low reliability to be considered as the target
ones.

All the experiments were performed with a desk-
top PC with a 3.06GHZ Inte!l XEON CPU, and the
image size was 640 x 480 pixels. When the tar-
get size varied from 100 x 100 ~ 200 x 200 pix-
els, the processing time of our algorithm was about

* hitp://vrl.sys.wakayama-u.ac.jp/ VRL/studyresult/study
_result_3_en.html
** The video is taken from PETS-ECCV2004.

9 ~ 15ms/frame.

8. Conclusion

In this paper, we have proposed a robust pixel-

wise object tracking algorithm which is based on a
new reliability-based K-means clustering algorithm
(called as RK-means tracker). By applying the
RK-means clustering into both the target and back-
ground samples, the RK-means tracker can give low
reliability value to both the background and noise
pixels to delete them, thus it achieves the robust
object tracking under the cluttered condition. By
dynamically updating the search area according to
the distribution of the target pixels, the RK-means
tracker can follow the target deformation smoothly.
When the target is partial lost, the tracking failure
detection and recovery processes are brought out to
solve this problem. Through the extensive experi-
ments, we have confirmed that the effectiveness and
advantages of the RK-means tracker.
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