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Abstract 
 

In this paper, we propose a new method for object 
tracking based on mean shift algorithm using a kernel 
which has the shape of the target object, and with 
probabilistic estimation of the orientation change and 
scale adaptation. The proposed method uses an object 
mask to construct a kernel which has the shape of the 
actual object for tracking. Orientation is adjusted us-
ing probabilistic estimation of orientation and scale is 
adapted using a newly proposed descriptor for scale. 
Tests results show that the proposed method is robust 
to background clutter and tracks objects very accu-
rately. 

 

1. Introduction 
 

Tracking of objects using the mean shift algorithm 
is a popular way in the field of object tracking. The 
algorithm has its advantages in the fact that it is rela-
tively easy to implement and it does not require heavy 
computation, and yet it shows robust results in practic-
al object tracking tasks. However, the traditional mean 
shift algorithm has three major problems. The first 
problem is that although choosing the correct scale (i.e. 
the correct kernel bandwidth) is critical to the tracking 
performance, there is no robust way of adapting to 
scale changes. The second problem is adapting to 
orientation changes. The last problem is the inclusion 
of background information inside the object model due 
to the restriction of kernel shape. These problems 
greatly affect the tracking performance and need to be 
solved. 

The first problem was intuitively solved in [1] by 
the 10% method. This method however, does not work 
well due to its nature of preferring the smaller kernel. 
To overcome this problem, R. Collins proposed a me-
thod using difference of Gaussian mean shift kernel in 

scale space [2]. This method performs well but needs 
heavy computation and is not suitable for real-time 
purposes. The second problem has not been covered 
much due to the limitation of the shape of kernels 
(which is the third problem), but still this problem also 
affects the tracking performance. The third problem 
was usually approached with the use of anisotropic 
kernels such as ellipsoids [1]. This method still con-
tains background pixels inside which causes back-
ground clutter problems. 

Our newly proposed algorithm overcomes the three 
problems stated above by adapting to scale using a 
newly defined descriptor for scale, estimating the 
orientation using histograms constructed for each 
orientation of the object model, and using a kernel 
constructed based on a mask for the object model. And 
also, our method does not need additional iteration for 
orientation and scale so the fast computation time of 
the mean shift algorithm is preserved. The test results 
show that the proposed algorithm is superior to the 
traditional mean shift and is also comparable to anoth-
er popular tracking algorithm, with high computation, 
the particle filter, as in [3], [4], and [5]. 

 

2. Mean Shift Tracking: Brief Review 
 

In this section, since our method is based on the 
traditional mean shift method, we give a brief review 
of the traditional mean shift algorithm. The mean shift 
method is a fast way of finding the local maxima of a 
sample distribution iteratively from a given starting 
position. In the field of object tracking this sample is 
the color observed at a pixel x . To this x , the sample 
weight ( )w x is defined as the following:  

m c( ) ( ( )) / ( ( ))w h I h I=x x x , 

where ( )I x  is the pixel color, mh and ch  being the 
color distribution functions generated from the model 
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and candidate object regions, respectively. If we let the 
initial hypothesized position be ˆoldx , the computed new 
position be ˆnewx , ˆ ˆnew old−Δ =x x x , and (.)K  to be the 
radially symmetric kernel defining the tracking object 
region respectively, then using the weight above, the 
mean shift vector is computed as the following: 
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This mean shift vector is an estimated of the gradient 
of the sample distribution and using this mean shift 
vector, tracking of the object is performed iteratively. 

 
3. The Proposed Method 
 

The following subsections describe the kernel and 
methods the proposed method uses. 
 
3.1. The Proposed Kernel 
 

In traditional mean shift, a symmetric kernel or an 
isotropic kernel is used for tracking. These kernels are 
not capable of describing the object’s shape accurately. 
Thus, these kernels, regardless of their choice, have 
background information inside the object model. This 
brings background clutter problems and may result in 
tracking failures. To overcome these problems, we 
propose a new kernel which is not symmetric or iso-
tropic in shape. 

In a lot of cases, tracking is done after detection. 
From the detection results, a mask of the foreground 
object can be created. Using these kinds of masks, we 
create a kernel which the value of the kernel is the dis-
tance from the boundary of the mask (illustrated in 
figure 1.).  

 

  
Figure 1. The original image (top), the de-
tected image mask (bottom left) and the con-
structed kernel (bottom right).  
 
This kernel is a smooth kernel and can be used effi-
ciently for mean shift. Using this kernel allows the 
minimum inclusion of the background information 
inside the object model and thus makes the tracking 
algorithm robust to background clutters. This kernel is 

similar to the one proposed by A. Yilmaz in [6] but 
differs in the fact that it is based on object mask which 
can be given by detection systems beforehand. 

 
3.2. Orientation Estimation 
 

When we do not consider scale change, at the last 
steps of the iteration when the tracking of the object’s 
translation is almost finished, most of the object is 
likely to be inside the tracking window, and also since 
the time difference is very small between frames, the 
object’s orientation is likely to change little. This al-
lows the assumption that the target candidate’s color 
distribution has not changed much from the object 
model in the last steps of the mean shift iteration. If we 
let mp and cp be the probability with respect to the 
object model and target candidate respectively, under 
this assumption we can assume the following: 

c mˆ ( | ) ( | )p pθ υ θ υΔ ≈ Δ , 

where θΔ  is the relative angle of the object inside the 
tracking window, υ is the color value, and ^ denotes 
the estimator, respectively. From this approximation, 
we can derive the following: 

c c c

m c
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where m( | )p θ υΔ , which is the probability distribu-
tion for orientation according to each color of the ob-
ject model, can be constructed as the following: 
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The probability of color values for each θΔ , 
m( | )p υ θΔ  can be calculated using histograms con-

structed for each orientation range. From equations (3), 
(4), (5) we can obtain the ˆ (E θΔ ) estimator for the 
expectation of θΔ : 

cˆ ˆ( (E p
θ

θ θ θ
Δ

Δ ) = Δ Δ )∑ . 

For objects with symmetric shape, the probability 
of orientation can be similar for both positive and neg-
ative angle directions (i.e. ˆ ˆ( (E Eθ θΔ ) −Δ ) ). There-
fore, we estimate the direction of the orientation in 
another way.  We divide the tracking window into four 
divisions and investigate the average of the sample 
weights (from equation (1)) inside these areas. If we 
denote the average of the weights of the top-left, top-

(2)
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right, bottom-left, bottom-right regions avg,tlw , avg,trw , 
avg,blw , and avg,brw  respectively, and denote the direc-

tion of the orientation as δ , we can define the value of 
δ as +1 if max( avg,tlw , avg,brw ) > max( avg,trw , avg,blw ) 
and as –1 if otherwise, where +1 denotes clockwise. 
Using this  δ  and equation (6) we can obtain the esti-
mate of the θΔ as the following: 

ˆ ˆ (Eθ δ θΔ = | Δ ) | . 

3.3. Scale Adaptation 
 

Scale adaptation is a different issue from the orien-
tation estimation.  For scale adaptation, most of the 
object is not likely to be inside the tracking window 
since the object’s size changes. Because of this, the 
assumption in Section 3.2 is not possible. Therefore, 
we propose a new type of descriptor for scale and 
adapt to scale using this descriptor. 

Let σ be the relative distance from the center (“dis-
tance from the center”/“distance from the center to the 
boundary”), then we divide the target candidate win-
dow into areas according to σ , i.e. scale divisions. 
Since in mean shift tracking the mean of weights is the 
new position for each iteration, the weights value is the 
contribution of the pixel to the new position, and there-
fore the average of the weights for each scale divisions 
are equal to the amounts those scale divisions contri-
buted to the new position of the iteration. Using this 
approach, we can define the following new descriptor 
for scale: 

avg, mean, j j
j
wσ σ= ∑ , 

where avg, jw and mean, jσ are the average of the weight 
defined in equation (1) and mean of the σ s of each 
pixel inside the j th scale division,  respectively. This 
descriptor shows where the mean of the contribution 
respect to the scale is located. Using this descriptor, we 
adapt the current target candidate to match candidateσ  
(the currentσ ) to be 0σ  (the initial σ of the model) 
as the following: 

candidate
new old

0

σσ σ
σ

= . 

By matching the current and initial σ s, we can keep 
track of the target object’s scale change 
 
3.4. Summary 
 

When tracking objects, mean shift finds the most 
probable position of the target object through iteration. 
During this iteration, the pixel information inside the 
tracking window is not reliable. This is especially true 

when the iteration is moving the target candidate for 
significant amounts. Thus, our method estimates orien-
tation and adapts to scale only when the target candi-
date is moving slowly, i.e. only when the iteration is 
almost finished. 

Given the object model  q  (the kernel, histogram 
and the angular histograms) and 0σ , the tracking algo-
rithm is as follows: 

1. Create the target candidate model p  
2. Compute the Δx using  q (equation (2)) 
3. new old← + Δx x x  
4. If ε ′Δ >x  go to 1. 

5. 
candidate

new old
0

σσ σ
σ

←  (equation (8)) 

6. new old ˆθ θ θ← + Δ   (equation (7)) 
7. Repeat steps 1 to 6 until ε ′′Δ <x , 

where ε ′ is the threshold for performing orientation 
estimation and scale estimation and ε ′′ is the threshold 
for convergence of the mean shift. 
 

4. Experiments 
 

To demonstrate the performance of the proposed 
method, we tested with two image sequences. The pro-
posed method was implemented in C++ using 
16 16 16× ×  RGB histogram, 16 orientation divisions, 
10 scale divisions, 2 for ε ′  and 0.9 for ε ′′  and was 
tested on a dual core 2.0GHz PC.  

  

 
Figure 2. Result of the traditional mean shift 
tracker (top-left), traditional mean shift tracker 
with the 10% scale adaptation (top-right) and 
the proposed method (bottom). 
 

Figure 2 is a single frame of an image sequence of 
cars moving on some highway. Using this image se-
quence, the proposed algorithm was compared with the 
traditional mean shift with and without 10% scale 
adaptation. The result of the original mean shift algo-
rithm without scale adaptation on the top-left resulted 

(7)

(8)

(9)



in tracking failure since it failed to adapt to scale 
change and another similar object entered the target 
candidate region. In the top-right, the 10% method 
failed to adapt to scale change and shrank to a small 
box. Our method on the bottom shows some minor 
errors in tracking the orientation of the object due to 
the drastic change in scale and some change in the 
viewpoint, but still succeeded in following the target 
object. 

Figure 3 is the tracking result of the proposed me-
thod compared with a particle filter tracker on an im-
age sequence of a medicine bottle captured using a 
handheld webcam. The image sequence is very shaky 
and therefore the medicine bottle shows fast random 
movements. The particle filter implementation method 
was implemented as a traditional particle filter with 
grayscale value as the pixel information. As shown in 
frame 20 in both tracking results, the particle filter fails 
to adapt to fast scale change and results in some inac-
curate result, whereas the proposed method succeeds. 
In frame 109, the webcam was moved very fast and we 
can see that the proposed method still tracks the object 
very neatly, whereas the traditional particle filter fails 
to do so. Moreover, the particle filter was tested with 
200 particles and was much slow compared to the pro-
posed method. 

 

5. Conclusion and Future Work 
 

The method proposed in this paper allows the tradi-
tional mean shift algorithm to track objects which vary 
in scale and orientation and be more robust to back-
ground clutters. This is made possible by the use of the 
kernel constructed based on object region masks, 
orientation estimation through the reconstruction of the 
orientation probability distribution based on the object 
models histogram for each orientation range, and the 

newly proposed descriptor for scale which allows scale 
adaptation. Based on test results, the method showed 
good results. 

However, the method has its problems on some un-
stable estimation results on orientation. We believe this 
problem can be solved using some filtering techniques 
on the estimation results. We are currently working to 
improve this new method to be more robust and to 
apply learning techniques so that this method would be 
able to track viewpoint changes as well. 
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Figure 3. Tracking results for the traditional particle filter (above) and the proposed 
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