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Visual tracking is used in a wide range of applications such as 
robotics, industrial auto-control systems, traffic monitoring, and 
manufacturing.  This paper describes a new algorithm for track-
ing objects.  Existing object tracking algorithms maintain a static 
understanding of the object to be tracked.  Our algorithm takes a 
dynamical approach by consistently reexamining the current state 
of the tracked object to better understand how the object is chang-
ing.  As a result, objects tracked using this dynamical approach can 
generally change in appearance while still being tracked.We also de-
velop a new recognition technique that is a composite of two existing 
methods. To overcome the resulting computational complexity, we 
develop a search technique that anticipates where the object is going 
to be and searching only in that area.

Computer Science

One category of visual tracking 
is based on the block match-
ing algorithm [1].  This algo-
rithm searches for a template 

of pixels called a target in an incoming 
video frame to find the location where 
the target and video frame most closely 
match.

The performance of block matching 
based visual tracking is dependent on how 
the best match between the target and in-
coming video frame is measured and how 
efficiently the block search is done. 

To determine the similarity between 
the target and video frame, other algo-
rithms use techniques based on the mean 
absolute difference (MAD) or sum of 
square difference (SDD) [2].  Although 
MAD is conceptually simple, it is vulner-
able to noise and interference. We there-
fore propose a more robust similarity 
measure.

The typical block search algorithm is 
the three-step-search (TSS) algorithm [2] 

which was originally used in video com-
pression, where a fixed search range is 
acceptable. However, in the visual track-
ing field, the search range should change 
adaptively with the target’s velocity in or-
der to improve the precision of the target’s 
location.  Hence, we modified the TSS al-
gorithm with an adaptive search range to 
better fit the needs of the system.

Another challenge facing the visual 
tracking field is how to deal with the grad-
ual change of target appearance and abrupt 
obstructions by other objects. In order to 
keep track of a target with a changing ap-
pearance, the template has to change with 
it.  However, when an obstruction appears, 
the algorithm should recognize something 
unusual has occurred and should not au-
tomatically update the template.  This 
problem necessitates a strategy of adaptive 
template renewal.

Thus, overall, in this paper, we propose 
a new measure of similarity to determine 
where the correlation between the tem-

plate and the video frame is highest.  This 
hybrid correlation takes into account both 
structural similarity and histogram simi-
larity.  We also propose an adaptive-three-
step-search (ATSS) algorithm to make the 
original TSS algorithm better fit for visual 
tracking.  Finally, we propose a strategy of 
adaptive template renewal that strikes a 
good balance between template flexibility 
and stability.

The paper is organized as follows. 
The next section will further illustrate the 
defect of MAD-based similarity measure 
and elaborate the new similarity measure 
based on hybrid correlation. In Section 
3, the original TSS algorithm is reviewed 
and a detailed description of ATSS algo-
rithm is provided. Section 4 will focus on 
the strategy of adaptive template update.  
Experimental results are given in Section 
5 and we conclude this paper in Section 
6.
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In order to locate the best-fit position
of the target in the video frame, various 
areas of the video frame have to be rated
so it can be determined at which location
the template best matches the video frame.
We first have to find a numerical mea-
sure of similarity between the two image
blocks.  The ideal measure of similarity 
is exclusively large only when two image
blocks are very similar and drops rapidly 
when similarity decreases.  This property 
of similarity ensures the robustness that 
the target was positively identified.  Also,
the peak where the target is found should
be as sharp as possible so there is a clear
distinction of where the location of the 
template best fits on the frame.  This dis-
tinction of best fit allows us to unambigu-
ously determine a narrow area of where 
we believe the object to be.

Another benefit of this model is that 
we are able to rate the certainty with which
we believe the match to be correct.  As we
will see later, we will make use of this cer-
tainty to determine if we should update 
the target template.

Mean Absolute Difference (MAD) has
been widely used by block matching algo-
rithms as a measure of similarity.  MAD 
of two image blocks is defined as follows,
where S(i,j) and T(i,j) indicates the grey-
scale value of the pixel located at the i-th 
line and the j-th column of image block S
and image block T.

Although MAD method is conceptu-
ally simple, it is not a robust measure of 
similarity due to its intrinsic defect of los-
ing phase information, as is demonstrated 
in Figure 1. As we can see, although the 
MAD of the two test signals with respect 
to the original signal are identical, it is evi-
dent that relative to the original signal, the 
similarity of test signal 1 is much higher
than that of test signal 2. Therefore, MAD 
is not ideal for measuring similarity.

A more mathematically sophisticated
comparison involves the normalized linear
correlation equation shown in the equa-
tion below.  Normalized linear correlation
preserves relative grayscale information
and is thus free from the problem that 
MAD suffers. Normalized linear correla-
tion between two image blocks is defined
as follows, where S(i,j) and T(i,j) indicates
the grey-scale value of the pixel located at 
the i-th line and the j-th column of image 
block S and image block T. mS and mTmm are 
the mean of all pixel values of image block 
S and image block T and N and M are the
number of lines and the number of col-
umns, respectively.

Since correlation reflects the overall
structural difference, rather than just the 
absolute value difference between two
image blocks, linear correlation exhibits
much higher robustness than MAD does. 
Linear correlation is an ideal measure of 
similarity in terms of using all the infor-
mation in both the structure and grayscale
of the images to find where the template
is most similar to the frame.  This is illus-
trated in Figure 2, where the x-y plane is a 
part of a video frame that contains an im-
age block very similar to another template 
image block. The z-axis is the correlation 
between the template and the image blocks 
centered at various coordinates of the x-
y plane.  The sharp peak clearly demon-
strates the robustness and preciseness of 
correlation as a measure of similarity.

Figure 1  
Two signals 
with equal 
MAD but 
very different 
similarity

Figure 2  
Plotting of 
Correlation
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There are many visual tracking in-
stances when objects of similar structure
get very close to the target. For example,
when tracking a vehicle on a highway and 
the target vehicle is overtaking another 
vehicle, the tracking algorithm will have 
a hard time determining which vehicle to
track, since they are so similar in structure. 
The chance of locking onto another vehicle
is may be high because the two correlation
peaks are close. In order to enhance the
robustness of target identification under
such situations, more information related
to the target should be extracted from the 
given image.

The histogram of an image is a very 
important feature that reflects the overall
grey-scale distribution within the image.
A histogram of an image is a 256-dimen-
sional vector, each element of which is the
percentage of the number of pixels whose
grayscale values fall in the interval corre-
sponding to the element. If we compare 
the similarities between two histograms of 
image blocks in addition to the structural
similarity fulfilled by correlation in the
space domain, the credibility of a positive 
target identification is even higher.

We denote the histogram of an image
S as HS(g), which means the percentage of 
pixels with grey-levels between g and g+1. 
We again use normalized linear correla-
tion as the measure of histogram similar-
ity, which is defined as follows, where HS
and HT are the histograms of image block 

S and image block T, respectively. SH

and TH are the mean value of the cor-
responding histograms.

This equation reflects the similarity 
of grey-scale composition of two images
blocks.

The final measure of image similarity 
is a composite of structural similarity and 

histogram similarity. If we let denote

the structural similarity,  denote the 

histogram similarity, and sim denote the
hybrid correlation, then these variables
are related by:

In this equation, is the combination 
coefficient whose optimal value we have
found is 0.88.  With this optimal value we
have found that sim exhibits high robust-
ness in target identification.

In the expression of hybrid correlation, 
more weight is put on structural similar-
ity, because the information of target ap-
pearance is mostly conveyed by structural
similarity, while histogram similarity only 
plays an auxiliary role that helps identify 
the target when interference is structurally 
similar to the target.

In visual tracking, similarity is is 
much greater than for other blocks, which
enables the computer to determine the 
position of the target.  The problem here is 
that if we search the region in an exhaus-
tive manner, it will be too computationally 
heavy for any real-time system. Therefore, 
many fast search algorithms have been 
proposed.  The three-step-search (TSS)
algorithm is one of the most widely used 
algorithms. 

As Figure 3 shows, TSS begins search-
ing by examining the original point where 
the object last was and the adjacent 8
points spaced 4 pixels apart. In the second
step, TSS moves the search center to the 
point having the maximal similarity value
and continues to examine its 8 neighbors 
spaced 2 pixels apart. In the third step, TSS
does the same as in the second step except 
that the 8 neighbors are tightly adjacent. 
The point with the maximal similarity 
value in the final step is assumed to be the
target position. For a 15-by-15 search re-
gion, the exhaustive search measures 225 
points, while the TSS algorithm measures
only 25 points, which reduces computa-
tional burden by 88.9% with little loss in
performance.

However, the TSS algorithm was ini-

tially proposed for video compression ap-
plications where a fixed searching region 
(15 by 15) is sufficient. In visual tracking
applications, the velocity of the target 
varies significantly. When target velocity 
is too large, the correlation peak may be
more than 7 pixels away from the initial 
searching position, which means the tar-
get is out of the reach of the TSS algorithm.
On the other hand, when target velocity is 
too small, the initial interval between two 
points (4 pixels) may be too large.

In order to solve this problem, we pro-
pose an adaptive three-step-search (ATSS) 
algorithm in which the size of the search-
ing region adaptively changes with the
target velocity. The algorithm determines
the searching range of the TSS for the cur-
rent frame according to the displacement 
of the target in the previous frame. A large
displacement in the previous frame indi-
cates that the target is moving at a rela-
tively high velocity, and vice versa. Since 
target velocity cannot change abruptly 
during a short frame interval, it is reason-
able to expect that the displacement in the
current frame will be close to the previous
one. Then the search range of the TSS al-
gorithm can be set based on the expected
value of displacement. If the displacement 
is large, a larger search range is set to cover 
the region where the target may possibly 
reach; if the displacement is small, a small-
er search range is used.

The adjustment of the search range
can be realized by changing the spaces

Figure 3  Three-step Search Algorithm
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between adjacent search points in various 
steps.  In the standard TSS algorithm, the
spaces between adjacent search points are
4, 2, and 1 for each of the three steps. To
enlarge the search range, the spaces may 
be set as 8, 4, 2, and 1 for sequential steps. 
Note that there are four steps here. A re-
duced-range search may involve only two
steps with spaces of 2 and 1 for each step.

Search range of the ATSS algorithm
is related to the number of search steps
by the following equation, where d1 is the
space between adjacent search points in
the first step, n is the number of search
steps, and R is the search range.

The relation between target displace-
ment and search range is listed in Table 1.

The ATSS algorithm selects the search 
range for each frame according to Table 
1 by a look up table operation, and thus
requires almost no extra computational
burden.

In most visual tracking cases, the ap-
pearance of the target gradually changes 
due to its rotation, deformation, or ambi-
ent light intensity. If the template remains
unchanged, the difference between the
actual target and the template will get in-
creasingly large, which will finally lead to
the loss of the target.

However, template update will bring 
about serious problems if an obstruction 
occurs in which part of the target is tem-
porarily covered by other objects. If the
template continues to be updated in this 
situation, it will be corrupted by the ob-
struction and unable to serve as a refer-
ence for searching the target. Most prob-
ably this will lead to an immediate loss of 
the target. 

In order to strike a balance between
updating the template under normal cir-
cumstances and keeping the template sta-
ble when there is an obstruction, we pro-
pose a strategy of adaptive template update.
It is observed that when an obstruction 
occurs, the hybrid correlation value drops

Table 1.  The relation between target displacement, 
search range and number of search steps

Figure 4  Plotting of hybrid correla-
tion over frame indices

Figure 5  An obstruction occurs (Frm. 23)   Figure 6  Normal situation (Frm. 31)
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significantly, as opposed to slight fluctua-
tion of the hybrid correlation value when 
only target appearance changes. This fact 
is best illustrated in Figure 4 through Fig-
ure 6. In Figure 4, we can see a dramatic 
drop of hybrid correlation around Frame 
23. In the other parts of the figure, there 
is only minor fluctuation of hybrid corre-
lation. Based on Figure 4, we expect that 
obstruction occurs around Frame 23. The 
actual video frames have confirmed our 
expectation, as are shown by Figure 5 and 
Figure 6. Figure 5 is taken from Frame 23, 
in which a TV antenna obscures the ve-
hicle, and Figure 6 is taken from Frame 31, 
where there is no obstruction.

Therefore, a threshold can be set to dis-
tinguish between the two situations.  Thus, 
if the hybrid correlation value is higher 
than the threshold, we keep updating the 
template to make it adapted to the target 
appearance change.  If the hybrid correla-
tion value is lower than the threshold, we 
stop updating the template to preserve its 
integrity until the hybrid correlation value 
is above the threshold again. In most cas-
es, the threshold can be set to 0.88.

In this section the experimental results 
of employing the new algorithms we have 
proposed will be given. The experiments 
are conducted on real-world video clips 
and the simulation platforms are Matlab 
6.5 and Visual C++ 6.0.

Figure 7a through Figure 7d are taken 
from the tracking of a dog using MAD as 
measure of similarity. Figure 8a through 
Figure 8d are taken from the same clips 
employing hybrid correlation as similar-
ity measure. As we can see, under com-
plex circumstances, MAD-based tracking 
algorithm loses the target while hybrid-cor-
relation-based one demonstrates high robust-
ness.

Figure 9a through Figure 9d are 
taken from the tracking of a flying plane 
with standard TSS algorithm. Figure 10a 
through Figure 10d are dealt with us-
ing the ATSS algorithm. It is evident that 
when the velocity of the flying planes is 

Top Row: Figure 7a, Figure 7b
Second Row: Figure 7c, Figure 7d
Third Row: Figure 8a, Figure 8b
Fourth Row: Figure 8c, Figure 8d
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very high, the standard TSS algorithm fails 
to keep track of it, but the ATSS algorithm 
can handle it successfully.

Figure 11a through Figure 11d shows 
the case when the car being tracked is 
partly covered by an obstruction and the 
template is updated for every frame re-
gardless of whether an obstruction ap-
pears. In Figures 12a through 12d, the 
same car is being tracked but the adap-
tive template update strategy is employed. 
The small figure immediately beside each 
frame is the current template. 

We can see that updating the tem-
plate during a period when the target is 
obstructed brings about disastrous con-
sequences to the visual tracker.  On the 
other hand, the adaptive template update 
strategy stops template updates on detec-
tion of an obstruction and has satisfactory 
performance under such situations.

In this paper we propose a novel visu-
al tracking algorithm based on the adap-
tive three-step search of hybrid correla-
tion and adaptive template update. Hybrid 
correlation, defined as the linear combi-
nation of structural similarity and histo-
gram similarity, has been shown to be an 
ideal similarity measure for visual track-
ing purposes.  The adaptive three-step 
search algorithm adjusts the search range 
according to target velocity to achieve the 
capability of tracking high-speed targets. 
The adaptive template update solves the 
problem of interference by detecting when 
the target object is obscured using a hy-
brid correlation threshold and by pausing 
the updating template when interference 
is detected. Finally, experimental results 
have shown that the algorithm we have 
proposed greatly enhances visual tracking 
effects. 

Top Row: Figure 9a, Figure 9b
Second Row: Figure 9c, Figure 9d
Third Row: Figure 10a, Figure 10b
Fourth Row: Figure 10c, Figure 10d
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