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Abstract— In recent years, lots of object tracking methods
have been presented for better tracking accuracies. However,
few of them can be applied to the real-time applications due
to high computational cost. Aiming at achieving better real-
time tracking performance, we propose an adaptive robust
framework for object tracking based on the CamShift approach,
which is notable for its simplicity and high processing efficiency.
An adaptive local search method is presented to search for
the best object candidate to avoid that the CamShift tracker
gets confused by the surrounding background and erroneously
incorporates it into the object region. A Kalman filter is also
incorporated into our framework for prediction of the object’s
movement, so as to reduce the search effort and possible
tracking failure caused by fast object motion. The experimental
results demonstrate that the proposed tracking framework is
robust and computationally effective.

I. INTRODUCTION

V ISUAL object tracking is an important task within the
field of computer vision and is widely used for many

applications such as motion-based recognition, automated
surveillance, video indexing, human machine interface, traf-
fic monitoring, and vehicle navigation. However, tracking
objects is complex and challenging regarding non-rigid de-
formation, complex object motion and object shapes, partial
or full occlusions, scene illumination changes, etc [1].

In order to address those challenging issues of object
tracking and improve tracking accuracies, many tracking
approaches have been proposed in the past decades, such
as histogram-based mean shift methods [2], [3], contour-
based tracking methods [4], feature-based tracking methods
[5], and the tracking-by-detection methods [6], [7] that are
quite popular in recent years. Objects are also represented by
complex models so as to acquire more information, including
feature points, primitive geometric shapes, object silhouette,
etc. However, most of these methods are computationally
intensive while achieving better tracking accuracy, and thus
hardly be applied to real-time applications.

Histogram-based mean shift methods [2], [3] are well
known for their simplicity and high processing speed, which
generally apply an iterative mean shift procedure to find
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the local mode that is considered as the object’s new lo-
cation. One of them is the continuously adaptive mean-shift
(CamShift) algorithm [3] that can adapt to the object’s scale
and rotation changes. But due to its simplicity, CamShift is
suffered from some challenging situations, e.g., confusing
background and fast object motion. Some approaches have
been presented in recent years to gain better performance
by applying a modified version of CamShift or combining
CamShift with other approaches. In [8], the CamShift Algo-
rithm is performed in the joint color and spatial space. [9]
enhances the CamShift tracker based on the analysis of a two-
dimensional image distribution histogram calculated from
two colorimetric channels, while an adaptive background
model is used for CamShift tracking in [10]. CamShift is
also used to balance with a kernel-based tracking method
[11] or guide a particle filtering framework [12].

In this paper, we address the problem of robust object
tracking under real-time processing constraint, and introduce
a new adaptive robust framework for real-time object track-
ing. Based on the CamShift tracker, which may fail under
the situations of rapid motion and background distraction, we
propose an adaptive local search algorithm for more robust
performance. A Kalman filter is also incorporated into our
framework to predict positions of the moving object, aimed at
improving the performance of the tracker when the tracked
object confronts occlusion. The experimental results show
that the framework we proposed is computationally fast,
effective and robust.

II. CAMSHIFT TRACKING

The CamShift algorithm utilizes histogram-based object
model representation, and iteratively performs a mean shift
procedure on the back-projected images generated from new
incoming video frames to locate the object’s location while
adjusting the size of the search window at the same time.
Because CamShift can automatically adjust the object scale
during tracking, it allows this algorithm to track objects
effectively even with target deformation.

A. Calculation of the Back-projection Image

When tracking objects, CamShift uses the HSV color
space to present the color distribution of the object, and
then a back-projection image is generated from every new
incoming frame for later processing. In order to reduce the
computational consumption during tracking, the histogram of
the Hue channel is used as the feature.
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When the Hue channel of the image is extracted, which we
denote as Ihue, the histogram of object model q̂ = {q̂u}mu=1

can be calculated using the following formula:

q̂u =
n∑

i=1

δ [c (xi)− u], (1)

where function c : R2 → {1...m} associates the value of
pixel xi to a bin number, δ is the Kronecker delta function,
and n is the number of pixels in the object region. In order
to make the probability density image fall into the range
[0,255], CamShift uses a normalization process to rescale
the histogram value, according to the following formula:{

pu = min

(
255

max(q̂)
q̂u, 255

)}
u=1...m

(2)

Thus, after the pixel value of xi in Ihue is replaced by pu,
the back-projection image Ibp is generated.

B. Centroid Location via Mean Shift

When the back-projection image Ibp is ready, given a
search window W = (x, y, w, h), where (x, y), w and
h respectively denote the center, width and height of the
window, the centroid location can be calculated as follows:

The 0-th moment:

M00 =
∑
x

∑
y

Ibp(x, y) (3)

The first moment for x and y :

M10 =
∑
x

∑
y

xIbp(x, y);M01 =
∑
x

∑
y

yIbp(x, y) (4)

The centroid of search window:

xc =
M10

M00
; yc =

M01

M00
(5)

where Ibp(x, y) is the value of pixel (x, y) in the back-
projection image.

Every time the centroid location of the search window
is found, the mean shift algorithm moves the center of
the search window to its centroid location and re-calculates
the new centroid location. Mean shift repeats the above
procedure until convergence.

C. Analysis of CamShift Algorithm

Based on the back-projection image Ibp and the mean shift
procedure, the CamShift tracking process can be described
as follows:

Given an initial location window W , use mean-shift to find
the object’s new center location and set the search window
size equal to a function of the 0-th moment. Repeat this
procedure until convergence. Let Acs(W ) denote the object
window returned by CamShift using W as the input window.
Finally, an elliptical shape that depicts the object can be
calculated from Ibp and Acs(W ). See [3] for details.

Although the CamShift algorithm is computationally fast
and easily applied in real-time applications, there exist some
defects in CamShift: firstly, it searches only from the initial

position and converges to a local maximum, which makes
CamShift unable to re-track the missing target; secondly,
if there exists background distraction, the extension of the
search window may easily bring in some other components
of the background and thus leads to poor tracking accuracy;
finally, it easily loses rapidly moving objects that go beyond
the search window. Therefore, we present an adaptive robust
framework to address some of these problems.

III. ADAPTIVE LOCAL SEARCH BASED ON CAMSHIFT

When the object is in rapid motion or passes the obstacle
slowly, CamShift algorithm will fail easily. In order to
improve the tracking performance, we propose an adaptive
local search (ALS) approach based on CamShift.

A. Iterative Split Search

We first introduce a similarity constraint, and then present
an iterative split search method used by ALS.

Let p = {pu}mu=1 and q̂ = {q̂u}mu=1 denote the histograms
of a candidate and the object model respectively. We use the
Bhattacharyya coefficient [2] as the similarity measure:

ρ(p, q̂) =
m∑

u=1

√
puq̂u. (6)

We use ρcs(W ) to denote the Bhattacharyya similarity be-
tween the object model and the candidate found by CamShift
using W as the input window.

Fig. 1. The split process for search window.

Initially, given an input search window W , let Wm =
Acs(W ) and ρm = ρcs(W ). The iterative split search (ISS)
method processes as follows.

If ρm is above a predefined threshold T , we just return Wm

as the object candidate. Otherwise, to obtain a more accurate
candidate, we assign Wm to W0 and iteratively perform the
following procedure.

We split the window W0 into five sub-windows (shown
in Fig. 1): First we use a cross to get four quartered sub-
windows, and then we set the fifth sub-window of the same
size in the center.

We try to find the better candidate from the five sub-
windows, which can be formulated as:

Wm = Acs(Wk∗), if ρcs(Wk∗) > ρm, (7)

where
k∗ = argmax

k
ρcs(Wk), k = 1...5. (8)

We will then assign Acs(Wk∗) to W0, and repeat the above
procedure until the following conditions are met:

ρcs(Wk∗) > T or ρcs(Wk∗) < ρm. (9)
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By repeating the split and CamShift process, the iterative
split search algorithm would find the most suitable window
for the object if the object is exactly in this search window.

B. Adaptive Local Search

Based on the ISS method mentioned above, we introduce
the adaptive local search (ALS) method, which takes an extra
parameter of extension length lext decided by the Kalman
filter presented in the next section.

Let Aiss(W ) represent the object candidate returned by
the ISS algorithm using W as input window, and ρiss(W ) as
the similarity between the returned candidate and the object
model.

Initially, given an input window W , we have Wn =
Aiss(W ) and ρn = ρiss(W ). If ρn is below T , we iteratively
perform the following procedure: for the i-th iteration, we
get W i

ext via extending W at each side by the length
l = 2i−1 · lext, and then execute the ISS method. The ALS
procedure can be formulated as:

Wn = Aiss(W
i
ext), if ρiss(W

i
ext) > ρn. (10)

The ALS procedure ends with the following stop condi-
tions:

ρiss(W
i
ext) > T or W i

ext 6⊆Wimage, (11)

where Wimage is the window of the input image.

IV. OBJECT TRACKING FRAMEWORK WITH ALS AND
KALMAN FILTER

The CamShift tracker is easy to fail when the target
undergoes fast motion or full occlusion, for it doesn’t make
use of the object’s motion information in consecutive frames.
Thus we consider using the Kalman filter to first predict the
position of the search window, and then execute the ALS
approach, which forms the proposed tracking framework in
this paper.

A. Kalman Filter Prediction

The Kalman filter solves the state estimation problem
described by the following dynamic systems:

Xt = FtXt−1 + wt, (12)

Zt = HtXt + vt. (13)

Eq.s (12) and (13) are respectively the dynamic state
equation and observation equation, where the matrix Ft

is called the transition matrix and Ht is the measurement
matrix, wt and vt are zero-mean Gaussian noise.

As in [2], a constant-velocity dynamic model with accel-
eration affected by white noise has been assumed in this
paper. The object state include the location and velocity of
the object. The Kalman filter solves the problem in two steps:
prediction and correction. We use the Kalman filter to predict
the object position in the next frame, and at the same time
we set the extension length lext equal to the displacement of
the object. After the new object position has been found, we
use it to correct the Kalman filter.

B. Implementation of the Framework

As was discussed, the CamShift algorithm can automati-
cally adjust the search window to fit the target size, while
ALS can actually re-search the target which may have been
lost. The Kalman filter can effectively predict the target’s mo-
tion. Based on these methods, we propose a robust tracking
framework that can be applied to real-time applications.

The CamShift-based object tracking framework we pro-
pose in this paper is described in Algorithm 1.

Algorithm 1 CamShift-Based Object Tracking Framework
with ALS and Kalman Filter
Input: current frame It, the object window from last frame
Wt−1, similarity threshold T .
Output: the object window in the current frame Wt.
1: Calculate the back-projection image.
2: Use the Kalman filter to predict new location and lext.
3: Wtmp = Acs(Wt−1).
4: Calculate similarity ρ = ρcs(Wt−1).
5: if ρ > T then
6: Wt =Wtmp.
7: else
8: Wt = ALS(Wt−1, lext).
9: end if

10: Update the Kalman filter.
11: return Wt.

V. EXPERIMENTAL RESULTS

We implement the proposed tracking framework in C++.
Averagely, for 320 × 240 resolution videos(e.g., the player
sequence), it can run at about 21fps on a Pentium IV 2.4G
PC. In this section, the tracking performance of the proposed
framework is compared with the CamShift tracker in the
following cases.

A. Tracking with similar candidates in search window

Fig. 2 shows the result comparison of CamShift and our
method for tracking the football player in red. In the frame
91 of this video sequence, the player we tracked meets
his teammate. CamShift tracker is distracted by the similar
candidate (i.e., teammate) and extends its target window to a
much larger size, while our method can accurately track the
object whether before or after the meeting.

(a) Frame 59 (b) Frame 91 (c) Frame 107 (d) Frame 120

Fig. 2. Player sequence. The frames 59, 91, 107, 120 are shown. 1st row:
CamShift. 2nd row: ours.
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(a) Similarity comparison (b) Area comparison (c) Iteration number

Fig. 3. Data analysis of the Basketball sequence.

B. Tracking with background distraction

Fig. 4 demonstrates the result for tracking the hand. In
this video, the background is similar to the hand in color
feature. CamShift algorithm fails to locate the object due
to distraction while our method can still keep the tracking
accuracy owing to the adaptive local search.

(a) Frame 2 (b) Frame 6 (c) Frame 11 (d) Frame 18

Fig. 4. Hand sequence. The frames 2, 6, 11, 18 are shown. 1st row:
CamShift. 2nd row: ours.

C. Tracking with fast motion and occlusion

Fig. 5 shows the result for tracking the basketball. In
this video, the basketball is in fast motion and sometimes
partially occluded by the player. Moreover, the color of the
basketball is similar to the skin color of the players. During
the tracking process, our method tracks the ball accurately
while CamShift returns the wrong target. Fig. 3 shows some
analysis of the basketball sequence. Fig. 3(a) shows the
similarity’s comparison of CamShift and our method for
tracking the basketball. The similarity of our method is much
better than that of CamShift. Fig. 3(b) shows the comparison
of the candidate model’s size, from which we can see the area
of candidate model tracked by our method keeps in a much
more stable range than that of CamShift. Fig. 3(c) displays
the iteration number of our method.

VI. CONCLUSIONS

Aimed at the real-time tracking problems, an adaptive ro-
bust framework for object tracking is presented in this paper.
We use the Kalman filter to predict the location of object,
and then introduce a CamShift-based adaptive local search
method for robust tracking, using the parameter resulted
from the Kalman filter. The experimental results show the
framework performs quite well in accuracy and robustness.
In future work, we will examine other adaptive techniques for

(a) Frame 2 (b) Frame 23 (c) Frame 29 (d) Frame 36

Fig. 5. Basketball sequence. The frames 2, 23, 29, 36 are shown. 1st row:
CamShift. 2nd row: ours.

this framework, and meanwhile, incorporate other tracking
methods(e.g., particle filtering) into our framework.
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