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ABSTRACT: Visual tracking has emerged as an important 

component of systems in several application areas including 

vision-based control, human-computer interfaces, surveillance, 

agricultural automation, medical imaging and visual 

reconstruction. The central challenge in visual tracking is to 

determine the image configuration of a region (or features) of an 

object as tracked object moves through a camera’s field of view. 

What makes tracking difficult is the potential variability in the 

images of an object over time. This variability arises from three 

principle sources: variation in target pose or target deformations, 

variation in illumination, and partial or full occlusion of the 

target. When ignored, any one of these three sources of 

variability are enough to cause a tracking algorithm to lose its 

target. Thus, the two principal challenges for visual tracking are 

to develop accurate models of image variability and to design 

effective and computationally efficient tracking algorithms. This 

work is based on region tracking where object representations 

are regularized by spatial masking of an isotropic region. Several 

examples about region tracking are presented to validate the 

approach and to show its efficiency. Extensions of the basic 

framework were investigated regarding the use of histogram 

information. A histogram-based method is successfully 

implemented and then tested on several sequences of images of 

different scenes, showing their generality and robustness for 
color images.  

Key words: Object tracking, Meanshift algorithm, region 

tracking, spatial Histogram.  

I. INTRODUCTION 

Object tracking is an important task within the field of 
computer vision. The proliferation of high-powered 
computers, the availability of high quality and inexpensive 
video cameras, and the increasing need for automated video 
analysis has generated a great deal of interest in object 
tracking algorithms. The objective of object tracking is to 
establish correspondence of objects and object parts across 
consecutive frames of video. In its simplest form, tracking 
can be defined as the problem of estimating the trajectory of 
an object in the image plane as it moves around a scene. In 
other words, a tracker assigns consistent labels to the tracked 
objects in different frames of a video. Additionally, 
depending on the tracking domain, a tracker can also provide 
object-centric information, such as orientation, area, or shape 
of an object. in the image plane as it moves around a scene. 
In other words, a tracker assigns consistent labels to the 
tracked objects in different frames of a video. Additionally, 
depending on the tracking domain, a tracker can also provide 

object-centric information, such as orientation, area, or shape 
of an object. Difficulties in object tracking can arise due to 
abru40pt object motion, changing appearance patterns of the 
object and the scene, non-rigid object structures, object-to-
object -and object-to-scene occlusions, and camera motion. 
Tracking is usually performed in the context of higher-level 
applications that require the location and/or shape of the 
object in every frame. Typically, assumptions are made to 
constrain the tracking problem in the context of a particular 
application. To our knowledge, there is not yet a method that 
has demonstrated its generality and its effectiveness on all 
types of moves, and whose strength is facing the various 
changes and modifications that may distort the track during 
the sequence. One can simplify tracking by imposing 
constraints on the motion and/or appearance of objects. For 
example, almost all tracking algorithms assume that the 
object motion is smooth with no abrupt changes. One can 
further constrain the object motion to be of constant velocity 
or constant acceleration based on a priori information. Prior 
knowledge about the number and the size of objects, or the 
object appearance and shape, can also be used to simplify the 
problem. Numerous approaches for object tracking have 
been proposed. A large number of tracking methods have 
been proposed which attempt to deal with a variety of 
scenarios. Mean Shift based-methods are widely used in 
object tracking due to its robustness and simplicity to employ 
in different applications. In a tracking scenario, an object can 
be defined as anything that is of interest for further analysis. 
For instance, boats on the sea, fish inside an aquarium, 
vehicles on a road, planes in the air, people walking on a 
road, or bubbles in the water are a set of objects that may be 
important to track in a specific domain. Objects can be 
represented by their shapes and appearances. Selecting the 
right features plays a critical role in tracking. In general, the 
most desirable property of a visual feature is its uniqueness 
so that the objects can be easily distinguished in the feature 
space. Feature selection is closely related to the object 
representation. For example, colour is used as a feature for 
histogram-based appearance representations, while for 
contour-based representation, object edges are usually used 
as features. In general, many tracking algorithms use a 
combination of these features. Common visual features are 
colours [34] [35], edges [36] [37] [38] [39] [40] [41] [42] 
[43] and texture [44] [45] [46] [47]. 

The three main tracking categories are: 
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• Point Tracking: objects detected in consecutive 
frames are represented by points, and the association of the 
points is based on the previous object state which can include 
object position and motion.  

• Contour Tracking: tracking is performed by 
estimating the object region in each frame.  

• Region Tracking: region refers to the object shape 
and appearance. 

The method used in our work is based on the Mean-Shift 
algorithm. It is simple an iterative procedure that shifts each 
data point to the average of data points in its neighborhood. 
The data could be visual features of the object such as 
colour, texture and gradient. Their statistical distributions 
characterize the object of interest, e.g., in [02], the spatial 
gradient of the statistical measurement is exploited. In [04], a 
modified Mean-Shift algorithm named Continuously 
Adaptive Mean-Shift is applied, which finds the centre and 
size of the colour object on a colour probability image of the 
frame. The probability is created via a histogram model of 
the skin colour or other specific colours. The tracker moves 
and resizes the search window until its centre converges with 
the centre of mass. The histograms of the image allow a 
better analysis on a color image than on the grayscale images 
since the latter contain only information through which we 
can calculate a histogram mono-dimensional, unlike color 
images that have three colorimetric components.  

II. TRACKING ALGORITHM 

The Mean-Shift algorithm is a robust, non-parametric 

technique that climbs the gradient of a probability 

distribution to find the mode of the distribution. Primarily, 

Mean-Shift was applied to the problem of mode seeking, on 

colour distributions. Mean Shift is based on static 

distributions, which are not updated unless the target 

experiences significant changes in shape, size or colour. In 

the conventional implementation of the Mean Shift 

algorithm, the target and distributions are used to iterate 

towards the maximum increase in density using the ratio of 
the current distribution over the target. Figure 1 describes the 

schematic architecture of the method. 
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Figure 1. Flow chart of the algorithm. 

 
Following are the steps taken to implement the proposed 

algorithm and are summarized here: 

1. Change the video to sequence images.  

2. Select search window at interest region (R O I)  

3. Find the centre of gravity of the search window 

 

4. Iterate the algorithm to find the centroid by the 
moment.  

5. Repeat step 3 and 4 until the search window centre 
converges until it has moved for a distance less than the 
present threshold. 

III. ALGORITHM STAGES 

 
Search Window 

The window of the target is selected by the operator, to 
determine a window around the target. The main 
disadvantage of this type of selection is that some pixels may 
overlap or shifted or may partially represent, according to the 
shape of the desired object to be followed. To overcome this 
problem, John G. Allen [01] and Comaniciu [02] have 
suggested a window weighting to assign weights according 
to the pixels strengths located in the center of the window 
and assigned low weight to locate the pixels along the 
window target. In our study, the red box represents the 
window selection as shown in Figure 2. 

 

Figure 2. Search Window. 

 

Optional components colorimetric 

 The implementation is based on analysis of histograms 
distribution of the image. The use of these histograms is to 
characterize the object sought by a model and return the area 
with the same characteristics of image. In our study, firstly 
we used the R G B colour space while automatically 
selecting two colorimetric components: 

1. The component representing the best subject.  

2. The component representing the least substance  

 The first choice finds the information that best represents 
the subject, which will give us a good characterization of the 
object. The second sets the component representing less 
substance so as not to include in the modelling objects 
substantive may have the same characteristics as the object 
target (Rn ). In the second case we have used the colour 
space – H S V. However, the histograms multidimensional 
space of any colour uses the hue saturation and Value or 
mainly the “Hue” to detect only the object in the sequences 
of images because these colours more information about the 
human for example. 
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These histogram bin values are rescaled from [0, max ( 

( Ĥ ))] to the new range [0   255] where pixels with the 
highest probability of being in the sample histogram that map 
as visible intensities in the 2D histogram back projection 
image. 

Mass centre Calculation 

The calculation of gravity in the search window of the 
discreet probability image is calculated in step 4 using 
moments. For a given pixel (x, y), we use the moments for 

the value of the probability density  ),( yxIP  because they 

represent the transformations affine invariants and exhibit 
characteristics that are practical. 

•    The moment of zero order is the intensity of the 
object 
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• The first moments give the centre of gravity of the 
image of probability which indicates the position of our 
object Rn +1 in the image In +1: 


x y

P yxxIM ),(01  , 
x y

P yxyIM ),(10   (3) 

• The place through the window of research is thus 
given by: 

00

10

M

M
xc   , 

00

01

M

M
yc       (4)       

                                       

 

cy
 

 

cx
 

Figure 3. Calculating the centre of the search window 

Calculation of area from centroid 

The use of moments can be used to propagate the size 
(scale) of a distribution from the calculated centroid [3]. The 
size of the distribution is determined by finding an equivalent 

rectangle which has the same moments as those measured 
from the of probability density distribution of the image. The 
second moments, defines for the density of probability; they 
describe the size: 
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The distances   and   centre surface distribution (the 
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However, the problems for calculating the direction and scale 
of the probability density have been identified. Indeed, from 
the probability density, it is difficult to calculate the correct 
dimensions of the target when there are changes in color. We 
found a small variation in appearance leads to errors in 
calculating the size as seen in the figure below. 

 

Figure 4. Calculating the size of the object Rn +1 

 

MeanShift Convergence Criteria 

The component MeanShift is implemented continuously to 
calculate new positions ( xc,yc ) of the object Rn +1 in the 
image of probability Ip until there is no significant gap 
between two successive iterations.  A minimum gap in one 
direction or another of x and / or y there is chosen as the =0, 
which is the convergence criterion. In addition, the algorithm 
must stop if corresponds to a window to zero intensity where 
the object is no longer present in the image. In summary, in 
this chapter we propose a method for tracking of object on 
the colour image by analysing histogram. The mean-shift 
tracker can find the correct localization of a region in the 
following frame using the region’s characteristic 
distributions, e.g. colour histogram and change detection 
mask. However, it cannot initialize the region by itself. 



53 

ICTS24632019-CM4027 

 

IV. APPLICATION 

The MeanShift procedure enables to locate the maximum 
colour density of an image. It is an iterative algorithm which 

converges toward a position. Since it requires an 

initialization, it uses the previously found position to locate 

the next target. The algorithm uses MeanShift for 

calculating moments. A binary image gives a description of 

the form which helps in the convergence towards the centre 

of gravity of the subject by calculating its moments. The 

principle of MeanShift is that one part of a position (Rn) 

originally given on the probability image with a search 

window of fixed size (window of the target). If the centre of 

gravity of the distribution in this window is different from 

the centre of the window, then the MeanShift method moves 
on the window to the new centre of gravity. This procedure 

is repeated until the centre of gravity of the distribution in 

the window becomes identical to the centre window. This 

procedure can also be ended if a predetermined minimum 

variation between the new position of the window and the 

previous one is achieved, or a maximum number of 

iterations are reached. As shown in Figure 5, the starting 

position Rn and the consecutive frame Rn+1 are converged 

for estimating the colour density for the selected rectangle 

windows. 

 
 

 

 
Figure 5. MeanShift procedure on the probability density 
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Figure 6. Determination of search window in the image 

Rn+1 
 

 

An area of search must be determined around the 

target. This area is generally larger than the window target 

by the number of pixels (i.e. 10 to 20). After determining the 

search area, the regions are segmented. The necessity of this 

segmentation is for using the same thresholds calculated 

around, which allows us to affect the average values of 
classes target Rn in the search area, despite the small 

variations in brightness or colour. The information 

contained in the target is unchanged and will remain as the 

average level/ value of the target Rn. as shown in Figure 6. 

 

 

V.   RESULTS 

The method is implemented successfully and tested on 

several sequences of images with different scenes, showing 

their generality. Regarding colour images, we chose three 

movies to identify each movement, on a person sliding the 

chair, a person driving a bicycle on a road, and finally a ping 
pong ball. The implementation of the algorithm is based on 

colour histogram on the sequence of images of hunting. In 

this sequence, the object of interest is the "Chair" of the 

image fig.1. In this example, we determined manually the 

target window to monitor the subject in an automatic way to 

images that follow. The place of the Chair changes, as can 

be seen on different images, but there is not much variation 

in terms of its appearance. Note also that while the object 

changes its position (a), the window is still following the 

objects. From these observations, we can say that the color 

of the algorithm window automatically follow the objects in 
relation with histogram analysis which is robust to changes. 

 

 

             
Figure 7. (a) image Rn. (b) Historgram Rn. (c) tracking 

window. (d) Historgam window 

The second application on ping-pong, this 

sequence is very noisy and is marked by rapid movement of 

our target which is the ping pong ball. Despite a significant 

speed, the algorithm happens to follow the ball. Indeed, the 

ball moves in with an average speed faster, sometimes 

following the ball bounces swiftly at higher speeds it may be 

very difficult for the algorithm track between two successive 
images. 

 



54 

ICTS24632019-CM4027 

 

 
Figure 8. Tracking the ball on the tennis table  

 

The implementation on this application of the algorithm, 

after transfer this video to sequence images and selection 

tracking object of interest is the "Lady" in the image 1. 

 
 

VI. CONCLUSION 

In our study, we presented the method of tracking 

target, is color image sequences using an approach based on 

the analysis of distribution histograms the image this 

method is based on a histogram distribution of the image in 

order to implement an iterative algorithm that allows both to 

calculate the new position of the target. This iterative 

algorithm - "MeanShift", calculates the first moments of the 

density of probability to identify about the new position of 

the object, and second moments to give its dimensions.  

Indeed, the calculated histogram solely from colorimetric 
two components: one the most representative of the object 

and the other less representative of the substance. This 

reduces the time calculations which are significant while 

using it in a three-dimensional histogram; although the 

processed result shows are slightly less efficient. The 

experimental results have shown the effectiveness of 

proposed approaches. The method is broad and robust to 

changes in appearance and geometric target, however, work 

remains for improvement. Indeed, it is still possible to: 

• improve the model target through better detection 

target. - We also propose updating the permanent model 
target histogram using weighted means to overcome any 

variations in appearance of the target;  

• introduce additional information or other tracking 

technologies for more robust, such as particle filtering or 

curves level; 

•  reduce the advantage of time calculations - To 

improve further in tracking, our finding shows the algorithm 

is insensitive to changes in appearance and can also delay in 

updating the model target. Therefore, reduction in 

computational calculations needs to be improved. Last but 

not the least, we found that tracking of targets is a very 

broad field that is still far from being fully explored. We 
hope that the work done will be of great value and motivates 

in the future applications. 
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