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Abstract Correlation tracker is computation intensive (if
the search space or the template is large), has template drift
problem, and may fail in case of fast maneuvering target,
rapid changes in its appearance, occlusion suffered by it and
clutter in the scene. Kalman filter can predict the target coor-
dinates in the next frame, if the measurement vector is sup-
plied to it by a correlation tracker. Thus, a relatively small
search space can be determined where the probability of find-
ing the target in the next frame is high. This way, the tracker
can become fast and reject the clutter, which is outside the
search space in the scene. However, if the tracker provides
wrong measurement vector due to the clutter or the occlusion
inside the search region, the efficacy of the filter is signifi-
cantly deteriorated. Mean-shift tracker is fast and has shown
good tracking results in the literature, but it may fail when
the histograms of the target and the candidate region in the
scene are similar (even when their appearance is different).
In order to make the overall visual tracking framework robust
to the mentioned problems, we propose to combine the three
approaches heuristically, so that they may support each other
for better tracking results. Furthermore, we present novel
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method for (1) appearance model updating which adapts the
template according to rate of appearance change of target,
(2) adaptive threshold for similarity measure which uses the
variable threshold for each forthcoming image frame based
on current frame peak similarity value, and (3) adaptive ker-
nel size for fast mean-shift algorithm based on varying size
of the target. Comparison with nine state-of-the-art tracking
algorithms on eleven publically available standard dataset
shows that the proposed algorithm outperforms the other
algorithms in most of the cases.

Keywords Object tracking · Template drift · Clutter ·
Occlusion · Fast mean shift · Kalman filter · Normalized
correlation

1 Introduction

The aim of visual object tracking is to consistently label-
ing the position of the object of interest (OI) in the consec-
utive frames of a video [1]. It is an important field of com-
puter vision and its usefulness as well as usability spans from
commercial to military applications such as visual surveil-
lance and security systems [2–6], activity recognition [7–9],
motion capture and animation [10,11], video games [12],
vehicle tracking [13,14], traffic monitoring [15], human-
machine interaction [16], industrial robotics [17], and med-
ical diagnosis systems [18–20]. Although a lot of research has
been carried out in this field for many years [21,22], it is still
an open avenue for computer vision community due to vari-
ous complex issue; a few of them include clutter (presence of
other objects or high texture in background), occlusion (hid-
ing of OI by other objects in the scene), complex motion, out-
of-plane rotation, variation in size of the object as it moves,
and rapid change in its appearance, especially in case of non-
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rigid object. We present correlation, Kalman filter (KF), and
adaptive fast mean shift based heuristic approach to make
the visual object tracking robust to these issues. The contri-
butions of the proposed approach include (1) integration of
correlation, KF and mean-shift tracker, and switching back
and forth between the correlation tracker and the KF tracker
based on the closeness of the mean-shift tracker results to
either measured or predicted object position, respectively, (2)
algorithm to update the template according to rate of appear-
ance change of the target, (3) use of variable thresholding
for similarity measure in forthcoming image frame based on
peak correlation value in the current image frame, and (4)
adaptive kernel size for fast mean-shift algorithm according
to changing target size.

Correlation based visual template tracking is in use since
very start of this field [22–25], and it has shown its strength for
long-term tracking session [26,27], but classically, there are a
few inherent issues with this approach which are as follows:
(1) It is computation intensive, (2) it has serious template
drift problem, and (3) it may fail in case of fast maneuvering
OI, rapid changes in its appearance, or occlusion and clut-
ter in the scene. These issues are handled, to some extent,
by integrating KF with the correlation based tracking and
temporarily updating the template [28,29]. Considering the
position of peak correlation value as position of OI in the cur-
rent image frame, KF predicts its position in the upcoming
image frame. Thus, a relatively small search window can be
determined where the occurrence of OI is highly likely [30].
Moreover, KF helps tracker get out of occlusion faced by the
target. Occlusion is assumed to be happening if correlation
value of the target in search window falls below a thresh-
old. Therefore, choosing the right value of the threshold is
very important. Many papers [27,29–32] use fixed thresh-
old, but it does not work as complexity of tracking scenario
changes. We propose a new method for adaptive threshold
based on the current frame peak correlation value. During
occlusion, correlation based measurement vector is ignored
and KF-predicted vector is used as next measurement vector.
This way, the tracker becomes (1) fast, (2) its performance
remains safe from a lot of clutter outside the search window,
and (3) it shows robustness to occlusion as well. However,
due to all or any of the above-mentioned issues occurring
inside the search window, tracker may provide wrong mea-
surements to KF, which in return generate wrong predictions
and whole tracking process is deteriorated. Now the ques-
tion arises, how to get to know automatically that this sit-
uation has happened? In order to answer this question, we
propose to use difference between KF-predicted and correla-
tion based measured coordinates; this difference is checked
against another adaptive threshold based on the target size.
The next question that comes, intuitively, in mind is whether
the tracker should go with the predicted or the measured
coordinates? We use adaptive fast mean-shift algorithm to

answer this question. It is applied to find out the clusters
in difference of the search windows in the two consecutive
frames of the video. These clusters are moving regions in the
video, and thus, they become potential candidates for being
OI. Nearest neighborhood technique is used to check whether
a candidate OI is close to predicted or measured coordinates.
In such a way, fast mean-shift algorithm acts as an arbitrator
for the validity between KF- and correlation based results.
Thus, KF can be protected from being misled by wrong mea-
surement vector. The size of the kernel for mean shift is set
adaptively according to the changing target size. To tackle
the issue of rapid change of target appearance, we present a
novel method which updates the target model according to
rate of appearance change in the target. In general, the pro-
posed tracking strategy can be considered as an ensemble
of the three techniques, complementing each other in com-
plex situations. The switching from one technique to other
technique is decided heuristically as described above.

The paper is organized as follows: Sect. 2 describes the
related work, Sect. 3 explains the proposed visual object
tracking algorithm, Sect. 4 presents the experimental results,
and Sect. 5 concludes the paper.

2 Related work

Brief summary of different tracking techniques can be stud-
ied from [1]. In this section, we describe only the tracking
algorithms related to correlation, Kalman filter, and mean-
shift algorithms followed by different template updating
strategies. Different correlation based similarity measuring
metrics, e.g., phase correlation, normalized correlation, and
normalized correlation coefficient, are used for visual track-
ing. Phase correlation has been used by [33,34], and [35] for
image registration and tracking, but it is not robust to noise
[36] and sometimes produce higher peaks at wrong posi-
tions resulting in false alarms [30,37,38]. This problem was
overcome by [31] by using edge-enhanced image instead of
gray-scale image. Ahmed et al. [39] used extended flat-top
Gaussian weighting function with gray-scale image to han-
dle it. Some other papers such as [40–42] also propose algo-
rithms to enhance the performances of phase correlation. All
these methods do not produce as much good tracking results
in case of changes in appearance, shape, and brightness etc,
as normalized correlation does [28,30,31]. Normalized cor-
relation coefficient (NCC) is another widely used similar-
ity measure for object localization [43–47]. NCC imposes
constraint of nonuniformity on template and search window.
The issue of occlusion handling using NCC was tackled in
[29] with the help of Kalman filter. It checks the value of
NCC against an empirically determined threshold; if NCC
is less than the threshold, it is considered as occlusion and
next position of target is calculated by Kalman filter. Sim-
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ilar technique for occlusion handling was used in [27,30]
with normalized correlation which is computationally more
efficient than NCC in spatial domain and does not restrict
the template as well as search window to be nonuniform. It
was shown in [28] that normalized correlation produces bet-
ter results than NCC when edge-enhanced image is used for
matching instead of gray-scale images. Ali et al. [32] com-
bined NCC with Kalman filter and fast mean shift to handle
complex object motion only; their technique was not robust
to clutter and occlusion.

Baleznai et al. used fast mean-shift algorithm for the detec-
tion of humans in groups [48,49]. They further extended their
work to track humans [50–52] . Wang et al. [53] used mul-
ticue fusion-based mean-shift algorithm to track a human in
infrared imagery. Sutor et al. [54] presented efficient mean-
shift clustering to detect and track humans. Shan et al. [55]
proposed mean-shift embedded particle filter for hand track-
ing. Yilmaz et al. [56] used mean shift with motion compen-
sation to track target in forward-Looking infra red (FLIR)
imagery. Comaniciu et al. [57] employed color histogram
for real-time visual object tracking of nonrigid objects using
mean shift. They used Bhattacharya coefficient as similarity
metric to find out the candidate target, obtained by mean-
shift algorithm, that is the most similar to OI. Afterward,
Comaniciu and Ramesh combined mean shift and KF for
object tracking based on color histogram [58]. They used
mean-shift iterations to get best candidate target, and KF is
used for next target position in the upcoming image frame.
When the next frame arrives, mean shift is initialized at the
target position predicted from the previous frame. Li et al.
[59] suggested adaptive KF with mean shift for object track-
ing. It adaptively updates the parameters of KF as opposed
to previous techniques that keep KF parameters constant.
Similar to [57] and [58] color histogram-based target repre-
sentation is considered in [59]. Since color histogram does
not carry spatial information of pixels [60], it is likely to
detect a wrong target with similar histogram as that of OI
[30]. Therefore, we propose the idea of heuristically com-
bining correlation, Kalman filter, and adaptive kernel fast
mean-shift algorithm for better visual tracking results.

2.1 Appearance model updating

Template or appearance model updating is the most important
and one of the most difficult steps in a tracking process. By
the time, target may suffer from noise, illumination, shape,
and appear (especially in case of articulated objects) changes
in image plane, so it necessitates the requirement of appear-
ance model updating for a long and successful tracking ses-
sion. Whenever the template is updated, it is likely to contain
some background pixels because spatial location based on
peak correlation value might not be a true position of the
target; these flawed pixels in template model may result in

template walk-off (drift) problem. There are numerous and
different template updating schemes available in literature,
and each depends upon its underlying tracking algorithm. In
this section, we will first discuss the some already presented
template updating techniques relevant to correlation based
tracking, and then, the proposed algorithm will be presented.

2.1.1 Naive template updating method

In this method, template is updated in every next frame, or
after a number of frames provided, peak correlation value
is greater than a threshold. Equation (1) is the mathematical
formulation of this scheme,

Tn+1 =
{
bn if Cpeak ≥ t
Tn otherwise

(1)

where bn is the best candidate target for new template in cur-
rent image, Tn and Tn+1 show the current and updated tem-
plates, respectively, Cpeak is the peak correlation value, and
t is the fixed threshold value. This scheme always assumes
bn as the true target (which is not the case in reality) and
completely replaces the current template. Furthermore, there
is no mechanism to check whether the template is updated
correctly or not. Therefore, it is highly prone to template drift
problem as shown in the first row of Fig. 1.

2.1.2 α-Template updating method

This method does not replace the current template with
the new template at once, rather it introduces a parameter
α, 0 ≤ α ≤ 1, to smoothly update the template. Equation (2)
explains this method,

Tn+1 =
{
Tn + α(bn − Tn) if Cpeak ≥ t
Tn otherwise

(2)

For α = 1, this method becomes the naive method and if
α = 0, there will be no template updating. If α is assigned
a small value (e.g., 0.02) as in [23,61], it does not cater for
rapid changes in appearance of the target due to stagnation
to target old state [31]. In order to handle this issue, the idea
of using α = Cpeak was presented [31]. However, during
normal tracking, the value of Cpeak is greater than 0.9, so it
behaves the same way as the naive method does, as shown in
the second row of Fig. 1.

2.1.3 β-Template updating method

This method was proposed by Ahmed et al. [27,30] and has
the same mathematical formulation [see Eq. (3)] as that of
α method for template updating. The only difference is the
assignment of value to the filter coefficient (which is β in
this case). Here, β = 0.15Cpeak, which helps to cope with
stagnation as well as drift problem of α-template updating

123



1570 SIViP (2015) 9:1567–1585

Fig. 1 Comparison of different updating schemes (i.e., Naive, α, and β methods in first, second, and third row, respectively) with the proposed
method (fourth row) on girl sequence. It shows that the proposed method has the lowest, negligible template drift and keeps locking the target
successfully

method. The performance of this technique is better than
above-mentioned both methods as can be verified by the third
row of Fig. 1.

Tn+1 =
{
Tn + β(bn − Tn) if Cpeak ≥ t
Tn otherwise

(3)

3 Proposed visual object tracking

The proposed VOT consists of correlation- and KF-based
tracking with novel approach of template updating, adap-
tive thresholding, and adaptive kernel fast mean-shift algo-
rithm. These techniques are heuristically combined to rein-
force each other for better performance of robust visual object
tracking. The detail of each is given as follows.

3.1 Correlation- and KF-based tracking

In order to initiate the correlation based tracking process,
(a) target may be selected by the user, (b) it may already be
stored in the system, or (c) it may be selected automatically
by some target detection system. The subimage of the target
is taken as the template. Edge-enhanced representation of
template is used as target appearance model. Search window
of the template is also made edge-enhanced for better similar-
ity measure results. The process of edge enhancement starts

with Gaussian smoothing to remove the noise in the image,
followed by the operations of gradient magnitude, normaliza-
tion, and thresholding. Interested readers may study [30] for
its further detail. The size of search window is not kept con-
stant rather it is made dynamic with the help of KF through-
out the tracking session. This way, tracker becomes compu-
tationally efficient, rejects a lot of clutter outside the search
window, and generates better tracking results. Detailed expla-
nation about the dynamic search window can be studied from
[27]. Varying size of the target is an important issue for
robust and successful tracking, it is handled by following
two processes: (1) correlating the original template as well
as 10 % smaller and 10 % larger templates with the search
space. The size of the template with highest peak correlation
value is considered as the new template size. Similar tech-
nique has been used for scale handling in many other papers
[27,62–64]. (2) Best-match rectangle adjustment algorithm
[65] is used to resize the template according to target size
and to keep the target at the center of the template. It divides
the template into nine nonoverlapping fragments and checks
the statistical properties of each fragment. Combined voting
scheme is used for adjustment of best-match rectangle. Thus,
it helps to keep target at center and to tackle the problem
of template drift, especially in case of tracking an airborne
object such as airplane, flying kites, birds, and helicopter.
The detail of best-match rectangle adjustment algorithm can
be studied from [65]. The template is matched in the search
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window of next image frame using normalized correlation,
and the spatial location of the peak correlation value is con-
sidered as the current position of the target in the search
window. The matching is considered successful if the peak
value of the normalized correlation is greater than a thresh-
old. The reason for using normalized correlation is that it
has shown its strength over the other similarity measures for
object localization in case of edge-enhanced images [28].
The next step after matching is to update the template. It is
explained in the following subsection. Algorithm 1 summa-
rizes the correlation- and KF-based tracking methodology.

Algorithm 1:  Correlation and Kalman Filter Tracking
Input: Video sequence of n frames, template image of the target, T, and 
target bounding rectangle in the1st frame, R
Output: target position in each frame of the video sequence

for  1st frame to n frames
1. Make the template, T, edge enhanced 
2. Extract search window, S
3. Make the search window, S, edge enhanced
4. Match T  with S using normalized correlation (NC)
5. Cpeak  max(NC)
6. Update size of the T
7. Occlusion handling using Kalman filter
8. Update T
9. Output bounding rectangle of T according to Cpeak

end for

3.1.1 Proposed template updating method

A good template updating scheme should handle the prob-
lems of template drift as well as stagnation to old appear-
ance. For this, the updating scheme should be such that (1)
it may incorporate maximum target changes, i.e., template
updating scheme should be dynamic based on the fact that
whether target is changing its appearance rapidly or slowly,
(2) it should contain as small background as possible, and
(3) if the template is poorly updated with some background
or noisy pixels, the updating scheme should have the ability
to restore the template to a better representation.

In the proposed method, the first template (which is
selected by the user) is considered as the most trusty one,
and it is kept in buffer throughout the tracking session. Let it
be denoted by T1. The last updated template, say at (n−1)th
frame, is assumed to contain the maximum changes in the
target within itself. It is represented by Tn , where subscript
shows frame number where template will be used to find
target. It is possible that Tn may have noise, background pix-
els, sudden illumination changes, or blurriness of the target
changing its appearance heavily and rapidly. Therefore, the
second last template, symbolized by Tn−1, is also kept in
memory to validate whether the updated template is the cor-
rect one or to revert it back to the second last template in case
of poor updating. At frame n, we proceed with the process
to make template representation better (if needed) followed

by the template updating process for the next frame (i.e.,
n+ 1). The former process consists of two steps. At first, the
both templates, Tn and Tn−1, are correlated with the search
window. We, respectively, represent their peak correlation
values as C(n)peak and C(n−1)peak. If C(n)peak ≥ C(n−1)peak,
it is considered that the last updated template is the correct
one and Cpeak = C(n)peak, otherwise Tn is replaced by Tn−1

and Cpeak = C(n−1)peak . As a second step, T1 is correlated
with the search window. Its peak correlation value is repre-
sented by C(1)peak . If T1 fails to find, at least, its 50 % match
in the search window, it is assumed that slowly occurring
occlusion is being faced by the target, which corrupted both
Tn and Tn−1. Therefore, we start updating Tn partly by T1.
Equations (4)–(6) describe the process mathematically,

an =
{
Tn−1 if C(n)peak < C(n−1)peak

Tn otherwise
(4)

Cpeak =
{
C(n−1)peak if C(n)peak < C(n−1)peak

C(n)peak otherwise
(5)

dn =
{

ωan + (1 − ω)T1 if C(1)peak < 0.50
an otherwise

(6)

where 0 < ω ≤ 1. We have used ω = 0.25 in our experi-
ments for satisfactory results. The latter process of template
updating is mathematically represented by Eqs. (7)–(11).

Tn+1 =
⎧⎨
⎩
dn + γ (bn − dn) if Cpeak ≥ t
dn if (Cpeak < t) ∧ ( f ≤ λ)

σdn + (1 − σ)T1 if (Cpeak < t) ∧ ( f > λ)

(7)

f =
{

0 if Cpeak ≥ t
f + 1 otherwise

(8)

γ = δ∗	Cref + (1 − δ)	C (9)

	Cref = 1 − Cpeak (10)

	C = |Cpeak − oldCpeak| (11)

where oldCpeak is the peak correlation value of the last frame,
0 ≤ γ ≤ 1, 0 ≤ σ ≤ 1, 0 ≤ δ ≤ 1, and λ > 0, t is threshold,
which is made adaptive by the proposed method. We set the
values of these parameters as follows: σ = 0.035, δ = 0.3,
and λ = 3. The pseudocode for the proposed template updat-
ing method is given in Algorithm 2. Equations (6)–(11) are
explained as follows.

Case I (WhenCpeak ≥ t): In this case, template is updated
as weighted average of current template and best match found
in the image. The weight, γ , is calculated dynamically as
described by Eq. (9). It is made as function of difference of
peak correlations, 	C , in the two latest frames and differ-
ence of peak correlation from its upper limit (which is 1),
	Cref . For an object changing its appearance heavily and
rapidly,	C , calculated by Eq. (11),will be higher, otherwise
it will have smaller value. Thus, the template will be updated
according to rate of change in appearance of the target. Ide-
ally, updated template should have 100 % or, at least, near
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100 % match in the next image. This is achieved by incorpo-
rating 	Cref term in Eq. (9). Furthermore, 	Cref accelerates
the updating process, which is normally slow due to very
small value of 	C in consecutive image frames.

Case II (When Cpeak < t and f ≤ λ): In this case, we
do not update the template considering that the template has
been occluded. If the situation holds for a certain number of
frames, f , then it may be due to the following reasons: (1) The
template is poorly updated, and therefore, it is consistently
failing to find good match in upcoming image frames; (2)
the target moved so fast that it had gone outside the search
window.

Case III (When Cpeak < t and f > λ): In order to deal
with the issues mentioned in Case II, we smoothly update the
template with the most trusty one, i.e., T1, to solve the first
issue and start increasing the search area of template to handle
the second issue. Figure 1 (row four) shows that the proposed
strategy updates the template (shown at top-right corners of
frames) better than the any of the other updating methods.
Yellow rectangle in Fig. 1 represents the current best match
in the frame. It is clear that naive method and α-method
start sliding off at frame 101, and β-method suffers from
drifting problem at frame 211, while the proposed method
does not face any such issue and keeps locking the target
more accurately. We will discuss the efficacy of our algorithm
further in Sect. 4.

3.1.2 Adaptive threshold

Fixed threshold scheme is presented in many papers such
as [27,29,30,32]. This scheme sets a global fixed value for
all frames of a video and does not take into account any
local information obtained through correlation surface at
each image frame. Thus, it always uses same barrier at every
image frame without considering scene and target dynam-
ics. Therefore, the method is more likely to fail in case of
very fast maneuvering object changing its appearance heav-
ily and rapidly. Peak correlation value indirectly provides
clue about changes in target and acts as heuristic informa-
tion to introduce adaptability in the threshold; e.g., if current
peak value of normalized correlation is 0.85, it means this
value may drop more in next image frame . So, threshold
value should be set well below the current peak correlation
value for upcoming frames. In this way, the scheme uses
local information of target matching score to set its thresh-
old at each frame instead of using global value for all the
frames. To avoid the possibility of too low threshold value
to be accepted as good matching, we put a lower limit on
adaptive threshold. Mathematically, the process is described
by Eq. (12).

t =
{
Cpeak − τ if t ≥ tl
tl otherwise

(12)

where 0.10 ≤ τ ≤ 0.17 and 0 < tl < 1, i.e., it is being
assumed that the target may change its appearance by at
most 17 % in the next image frame. We have found this limit
empirically, and it works well for slow and fast maneuvering
object changing its appearance slowly or rapidly. Moreover,
we use τ = 0.12 and tl = 0.65. Pseudocode of the adaptive
threshold method is presented in Algorithm 3.

3.2 Occlusion handling with Kalman filter

When the target is hidden by another object in the scene, it
is said that the occlusion has occurred. It is a critical task for
all visual object tracking algorithms to handle this situation.
Peak correlation value may be used as an occlusion indicator
because its value drops as target suddenly get occluded by
another object. As its value becomes less than the threshold,
we stop updating the template and assume that the target coor-
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dinates provided by the correlation tracker are no more trust
worthy. Previously, Kalman filter predicted position is con-
sidered as current position of the target, and Kalman filter is
updated according to its own prediction. The value of thresh-
old is iteratively reduced. It is due to the fact that changes
in target during occlusion are not incorporated in template,
so the peak correlation value may drop below the thresh-
old. Moreover, size of dynamically created search window is
made larger and larger at each iteration to take into account
the possible variations in the direction and speed of the target
during occlusion. The template is correlated with the search
window at each image frame but tracker remains in Kalman
mode (i.e, the bounding box for the target is decided by
Kalman predicted coordinates) till best-match score exceeds
the threshold. Algorithm 4 summarizes these steps.

3.3 Adaptive fast mean-shift algorithm

Mean shift is used for segmentation and tracking due to its
clustering and mode seeking capability. It is an iterative algo-
rithm centered at a random point, finds mean value in its
neighborhood and shifts center point to the newly found
mean position. The process ends up when change in posi-
tion is extremely small, or maximum number of iterations is
reached. Mathematical detail of mean shift is simple, and it
is easy to apply on images; interested readers may study it in
[48]. In order to find weighted mean of data points, a kernel
function is used to assign weight to each data point. In case
of uniform kernel, integral image technique can be exploited
for fast calculation of mean shift [48]. Difference of two con-
secutive frames usually shows moving regions; the regions
can be considered as potential candidates for target in track-
ing scenario. Mean-shift technique can be used to find these
regions in difference image. Beleznai et al. exploited fast
mean shift approach with uniform kernel for human detec-
tion and tracking [48–52]. We manipulate the same technique
but we introduce novelty by making size of kernel adaptive at
each frame. Moreover, we compute the difference of search
windows instead of full frames. For this, the size of the both
search windows is kept same, and their difference is obtained
by subtracting the previous search window from the current
one. In this way, too many moving regions and outliers in
difference image can be avoided. Furthermore, the process
becomes more efficient, computationally, because mean shift

is now calculated in the search window only. We set the size
of kernel at each image frame equal to the size of the tem-
plate. The template size is made adaptive by the following
two methods: (1) correlating the original template as well
as 10 % smaller and 10 % larger templates with the search
space. The size of the template, which provided the highest
peak correlation value, is considered the new template size.
Similar technique was used for scale handling in many other
papers too; some of which are [27,62–64]. (2) Best-Match
Rectangle Adjustment (BMRA) algorithm is used to resize
the template according to the target size and keep the target
at the center of the template. It divides the template into nine
nonoverlapping fragments and checks the energy contents
in each fragment. A voting scheme is used for adjustment
of best-match rectangle [65]. Algorithm 5 summarizes these
steps.

3.4 Combining correlation, Kalman filter, and adaptive
kernel fast mean-shift algorithms

Kalman filter is measurement follower. It predicts the posi-
tion of the target in next frame based on the position of the
target (determined by the correlation tracker) in the current
and the previous frames. It works in prediction-correction
cycle. That is, it predicts the next position of the target and
corrects itself exploiting the actual position of the target. It
works in recursive manner and takes a few number of mea-
surements to come to its steady state. After that, its accu-
racy is determined by the closeness of its predicted value
with the measurement value at each image frame. When dif-
ference between predicted and measured values gets larger
than a threshold, it indicates an alarming situation for track-
ing scenario. It may be due to any of following reasons: (1)
correlation tracker provided wrong measurement due to clut-
ter, blurriness, occlusion (especially slowly occurring long-
term occlusion), out-of-plane rotation of target, or any other
issue in search window, or (2) target has suddenly changed its
direction (e.g., target may be moving back and forth briskly);
correlation measurement is correct one in this case. The prob-
lem becomes worse when there is no significant decrease in
peak correlation value, i.e., no indication of occlusion. To
grip this problematic issue and to decide whether to follow
Kalman filter prediction or correlation tracker measurement,
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we propose to combine the strengths of correlation, Kalman
filter, and adaptive kernel fast mean-shift algorithm. For this,
we calculate the difference between the measured and the
predicted target position at each image frame. If the differ-
ence is greater than a threshold, the difference of the current
and the previous search window is calculated. The adaptive
fast mean-shift algorithm is applied on the difference search
window to find the position of the potential candidate for
the target. It is checked whether the measured or the pre-
dicted target position is the nearest neighbor to this value.
If it is the measured one, we consider it the correct position
of the target, otherwise, the predicted position is considered
correct. Moreover, the template is not updated in this case,
and the area of the search window is increased iteratively
so that the possibility of the target going out of the search
window may be avoided. Algorithm 6 presents these steps
briefly, and Fig. 19 shows the proposed tracking algorithm
diagrammatically.

4 Results and discussion

In this section, we present (1) the efficacy of the proposed
template updating method, (2) effect of different values of
τ for adaptive threshold on tracking results, (3) the compar-
ison of correlation tracker, correlation and KF tracker, and
correlation, KF, and adaptive fast mean shift based proposed
tracker, and (4) the comparison of the proposed tracking strat-
egy with nine state-of-the-art tracking methods on different
publically available videos.

4.1 Dataset

We use eleven publically available challenging videos for
different experimentation to show the robustness of our algo-
rithm. The videos are Girl, Faceocc, Faceocc2, ThreePast-
Shop2Cor2 (from Caviar dataset), Woman, Car11, David,
Singer, Board, Box, and Liquor. Several papers have used
these videos for benchmarking their algorithms in recent
years, some of which are [26,60,66–71]. Thus, the videos
may be considered as de-facto standard videos for tracking
algorithm evaluation. Girl, Faceocc, Faceocc2, and David
videos can be downloaded from [72], Board, Box, and
Liquor videos are available at [73], and Woman, ThreePast-
Shop2Cor2, Singer, Car11 videos can be downloaded from
[74–77], respectively. Table 1 provides description of these
videos.

4.2 Analysis for proposed tracking algorithm

We have analyzed the proposed algorithm qualitatively
as well as quantitatively. For qualitative analysis, sample
tracked frames of the proposed method are shown and

Table 1 Description of test
videos

Sequence No. of frames Challenges involved

Faceocc2 812 Slowly occurring heavy occlusions, high appearance
changes

ThreePastShop2Corr2 351 Similar objects, Heavy occlusion, appearance and
scale changes

woman 552 Occlusions, appearance changes

Car11 393 Low light conditions

David 462 Illuminations changes, appearance changes

Singer 351 Illuminations changes, scale changes

Board 698 3D motion, cluttered background

Box 1161 Fast 3D motion, occlusions, motion blur, cluttered
background, scale changes

Liquor 1741 Fast 3D motion, occlusions, motion blur

Faceocc 887 Slow occurring long-term occlusions, high
appearance changes

Girl 502 360◦ out-of-plane rotation, appearance change,
occlusion
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Fig. 2 Comparison of different updating schemes (i.e., Naive, α, and β methods in first, second, and third row, respectively) with the proposed
method (fourth row). It is clear that the proposed method works better than any of the other methods

Fig. 3 Comparison of different updating schemes (i.e., Naive, α, and β methods in the first, second, and third row, respectively) with the proposed
method (fourth row). The proposed method successfully handles slow occurring long-term occlusion
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Table 2 Pascal score on test video sequences with different values of
τ

Value of τ sequence 0.1 1.2 1.4 1.6 1.7

Faceocc2 1.00 1.00 1.00 1.00 1.00

Caviar 0.629 0.894 0.211 0.211 0.731

woman 0.091 1.00 1.00 1.00 1.00

Car11 1.00 1.00 1.00 1.00 1.00

David 1.00 1.00 1.00 1.00 1.00

Singer 0.277 1.00 1.00 1.00 1.00

Board 0.312 0.75 0.77 0.78 0.78

Box 0.927 0.923 0.884 0.901 0.901

Liquor 0.831 0.954 0.736 0.711 0.562

Faceocc 0.983 0.933 0.865 0.865 0.865

Girl 0.663 0.891 0.743 0.743 0.743

Table 3 Mean distance error on test video sequences with different
values of τ

Value of τ sequence 0.1 1.2 1.4 1.6 1.7

Faceocc2 9.463 9.463 9.463 9.463 9.463

Caviar 43.131 4.963 66.539 66.315 24.805

woman 111.211 2.353 2.353 2.353 2.353

Car11 1.559 1.559 1.559 1.559 1.559

David 6.079 6.079 6.079 6.079 6.079

Singer 88.129 2.630 2.630 2.630 2.630

Board 75.571 34.960 33.524 33.125 33.125

Box 10.703 12.122 13.818 13.130 13.130

Liquor 35.566 20.469 62.426 63.640 73.473

Faceocc 6.357 11.066 17.321 17.321 17.321

Girl 40.236 21.428 25.017 25.017 25.017

compared visually with the results of benchmark algorithms.
The visually better results are considered those which have
tracked rectangle closer to the target of interest. Qualitative
analysis does not provide fair comparison between differ-
ent algorithms. Therefore, quantitative solution is calculated
to have better understanding of robustness of the proposed
algorithm. For this, two measures have been employed: one is
the mean distance from center location, it provides the error
between center location of tracked rectangle and its ground
truth value, and the other is Pascal VOC criteria [78], which
outputs the number of correctly tracked frames. Pascal score
can be computed using Eq. (13):

s = area(Rt ∩ Rg)

area(Rt ∪ Rg)
(13)

where Rt is target tracked rectangle, and Rg is its ground
truth. A frame is considered as correctly tracked if s > 0.5.

Fig. 4 Comparison of results for simple correlation tracker, correlation
and KF tracker, and adaptive fast mean shift embedded with correlation
and KF tracker. It proves the claim that adding mean-shift approach in
the proposed way with correlation and KF tracker improves the results

Fig. 5 Comparison of results for simple correlation tracker, correlation
and KF tracker, and adaptive fast mean shift embedded with correlation
and KF tracker. It proves the claim that adding mean-shift approach in
the proposed way with correlation and KF tracker improves the results

4.3 Performance Of proposed template updating method

Figures 1, 2, and 3 highlight a few frames of Girl, Woman,
and Faceocc sequences, respectively. Girl sequence mainly
contains challenges of fast appearance change and out-of-
plane rotation, Woman sequence provides challenges of high
appearance change as well as heavy and long-term occlusion,
andFaceocc sequence has slowly occurring heavy occlusion.
The first three rows in each figure are glimpses of results of
naive, α, and β methods, respectively, and the fourth row
represents the results of the proposed method. Template has
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Table 4 Comparison of correlation–KF tracker with and without adap-
tive fast mean-shift algorithm

Sequence Pascal VOC score Mean distance error

Without
mean shift

With
mean shift

Without
mean shift

With
mean shift

Faceocc2 0.939 1.00 14.014 9.463

Caviar 0.477 0.894 9.266 4.963

Woman 1.000 1.00 2.353 2.353

Car11 1.000 1.00 1.608 1.559

David 0.645 1.00 15.735 6.079

Singer 1.000 1.00 3.035 2.630

Board 0.064 0.75 206.746 34.960

Box 0.335 0.923 213.631 12.122

Liquor 0.756 0.954 55.492 20.469

Faceocc 0.908 0.933 16.961 11.066

Girl 0.713 0.891 23.282 21.427

been shown at top-right corner of each image frame. The
yellow rectangle in the figures shows the position of high-
est match of template in the image, and white rectangle in
some image frames explains that the peak correlation value
has been dropped below the threshold and tracker is now in
Kalman filter prediction mode. β-method in Girl and Woman
sequences gives better results than naive and α methods but
in case of Face-occlusion sequence it does not. The reason
is that Faceocc sequence has fixed background as well as
stationary target while the other two sequences contain non-
stationary background as well as target. It is obvious from the
figures that the proposed method performs better than each
of the other methods in all the sequences.

4.4 Adaptive threshold with different parameter values

Value of τ plays a pivot role in adaptive threshold. We have
performed various experiments with different values of τ in

the range of 0.10–0.17 (both ends closed) and calculate Pas-
cal score and mean distance error of all test video sequences.
The results are summarized in Tables 2 and 3, respectively. It
can be concluded from these results that τ = 0.12 provides
better results for most of the test video sequences.

4.5 Comparison of correlation tracker, correlation and KF
tracker, correlation, KF, and adaptive fast mean shift
based tracker

In this section, we compare the results of three tracking algo-
rithms, i.e., (1) simple correlation tracker, (2) correlation- and
KF-based tracker, and (3) the proposed correlation, KF, and
adaptive fast mean-based tracking algorithm. This way, we
may certify that our claim of heuristically switching (with the
help of mean shift approach) between correlation based mea-
sured and KF-based predicted target coordinates makes the
tracking robust and hence improves its results. The proposed
adaptive threshold and template updating methods have been
used in these three methods. Figures 4 and 5 show the center
location error for ThreePastShop2Corr2 and Liquor videos,
respectively. It is clear from Fig. 4 that the occlusion occur-
ring during frames 107–130 is not handled by simple cor-
relation tracker and produces mean center error of 13.196,
KF helps in this situation and reduces the average center
distance to 9.266, and the performance of correlation–KF
tracker improves significantly when embedded with adap-
tive fast mean-shift approach with the average score center
distance to 4.963. Similar situation can be seen in Fig. 5
for Liquor video with mean center errors of 57.239, 55.492,
and 20.469 for these three approaches, respectively. We have
marked the occluded regions in both Figures by downward
directed arrow with the labels of occlusion. In order to elab-
orate the advantage of integrating adaptive fast mean-shift
approach in correlation–KF tracker, we have calculated the
mean distance error as well as Pascal score on all the test

Fig. 6 Comparison of Pascal
score of correlation–KF tracker
with and without adaptive fast
mean-shift algorithm
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Fig. 7 Comparison of mean
distance error of correlation–KF
tracker with and without
adaptive fast mean-shift
algorithm

Table 5 Mean center location error

IVT
(2008)

L1
(2009)

PN
(2010)

VTD
(2010)

MIL
(2011)

FragTrack
(2006)

LSAM
(2012)

EENC
(2008)

PROST
(2010)

The
proposed

Faceocc2 10.2 11.1 18.6 10.4 14.3 15.5 3.8 41.309 17.2 9.463

Caviar 66.2 65.9 53.0 60.9 83.9 94.2 2.3 91.867 – 4.963

Woman 167.5 131.6 9.0 136.6 122.4 113.6 2.8 104.549 – 2.353

Car11 2.1 33.3 25.1 27.1 43.5 63.9 2.0 2.332 – 1.559

David 3.6 7.6 9.7 13.6 15.6 46.0 3.6 17.418 15.3 6.079

Singer 8.5 4.6 32.7 4.1 15.2 22.0 4.8 15.589 – 2.630

Board 165.5 177.0 97.0 96.1 51.2 90.1 7.3 165.347 37.0 34.960

Box – 196.0 – – 104.6 57.4 – 117.866 12.696 12.122

Liquor – – – – 115.1 30.7 – 100.733 21.487 20.469

Faceocc – – – – 18.4 6.5 – 48.641 7.0 11.066

Girl 48.5 62.5 23.2 21.5 31.5 26.5 – 53.711 19.0 21.427

Average 59.013 76.622 33.537 46.287 55.973 51.491 3.8 69.033 18.526 11.554

Table 6 Pascal VOC score

IVT
(2008)

L1
(2009)

PN
(2010)

VTD
(2010)

MIL
(2011)

FragTrack
(2006)

LSAM
(2012)

EENC
(2008)

PROST
(2010)

The
proposed

Faceocc2 0.59 0.84 0.49 0.59 0.96 0.60 0.82 0.515 0.82 1.00

Caviar 0.21 0.20 0.21 0.19 0.19 0.19 0.84 0.309 – 0.894

Woman 0.19 0.18 0.60 0.15 0.16 0.20 0.78 0.182 – 1.00

Car11 0.81 0.44 0.38 0.43 0.17 0.09 0.81 0.886 – 1.00

David 0.72 0.63 0.60 0.53 0.70 0.47 0.79 0.742 0.80 1.00

Singer 0.66 0.70 0.41 0.79 0.33 0.34 0.74 0.246 – 1.00

Board 0.17 0.15 0.31 0.36 0.679 0.679 0.74 0.136 0.75 0.75

Box – 0.05 – – 0.245 0.614 – 0.506 0.914 0.923

Liquor – – – – 0.206 0.799 – 0.504 0.854 0.954

Faceocc – – – – 0.93 1.00 – 0.449 1.00 0.933

Girl 0.42 0.32 0.57 0.51 0.70 0.70 – 0.287 0.89 0.891

Average 0.471 0.390 0.446 0.444 0.479 0.516 0.789 0.433 0.861 0.940
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videos with and without adaptive fast mean-shift algorithm
as shown in Table 4. It is clear from the table that integration
of mean-shift approach into correlation– KF tracker signifi-
cantly improves the results. Figures 6 and 7 summarize these
results for Pascal score and mean distance error, respectively.

4.6 Performance comparison of proposed tracking method
with other methods

Tracking results of the proposed method are compared with
the nine state-of-the-art tracking methods, i.e., incremental
visual tracking (IVT) [79], λ1 tracker [80], PN learning [81],
visual tracking decomposition (VTD) [70], MIL tracker [66],
FragTrack [60], local sparse appearance model (LSAM) [69],

PROST [67], and EENC tracker [27,30]. We have mentioned
the already cited results of these trackers from the papers
[67,69] (except EENC tracker, it was run on all the videos).
Therefore, if the result on a certain video is not found in the
papers, we do not mention it.

Table 5 summarizes the results of mean center location
error in pixels, and Table 6 shows the mean Pascal score.
First row of both tables show the name of the algorithm with
its publishing year. The best result for each video is shown in
bold–underline, the second best is in italic–underline, and the
third best result is in italic format. The last row of each table
shows the average score of the algorithms for all 9 videos. It
is clear from the tables that the proposed algorithm, overall,
performs better than each of the other algorithms. The algo-

Fig. 8 Distance and Pascal score for box video sequence

Fig. 9 Distance and Pascal score for board video sequence
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rithm was implemented using OpenCV on Core i5 machine
with 4 GB RAM. The number of frames processed per second
(fps) depends upon the size of template and search window.
The normalized correlation is calculated in Fourier domain or
spatial domain depending on the sizes of the template and the

search window for fast processing. Adaptive fast mean shift
is also efficient as compared to the original mean-shift algo-
rithm due to usage of integral histogram technique. Further-
more, it is calculated only when there is no overlap between
predicted and measured target coordinates, or the peak cor-

Fig. 10 Distance and Pascal score for liquor video sequence

Fig. 11 A few tracked frames of Liquor video sequence. The proposed approach successfully tracks during occlusions, 3D motion causing
blurriness, and background clutter
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Fig. 12 Sample tracked frames of Box video sequence. The proposed algorithm successfully tracks the target during occlusions, scale changes,
3D motion causing blurriness, and clutter background

Fig. 13 Results for Board video sequence. The proposed algorithm successfully handles the out-of-plane motion of the target in cluttered back-
ground

Fig. 14 A few frames of Faceocc2 video sequence. The proposed algorithm tracks the target with large appearance changes and slowly occurring
heavy occlusions

Fig. 15 Some tracked frames from the sequence ThreePastShop2Cor2 (Caviar dataset). The main challenges in the sequence are (1) the similar
objects and (2) the occlusions, which occur while the persons in the sequence cross each other. The proposed method successfully tracks the target
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relation value is less than the threshold. On the average, the
whole algorithm runs in real time (i.e., 25 fps).

Figures 8, 9, and 10 depict graphically the center distance
error and Pascal score for the Board, Box and Liquor videos,
respectively, for each fifth frame (as ground truth is available
for only these frames). The graphs show the results of the
proposed, EENC, MIL, PROST, and FragTrack in blue, red,
green, black, and magenta colors, respectively.

Figure 11 shows a few sample tracked frames for Liqour
video sequence. The proposed algorithm successfully tracks
the target during occlusions (as shown in Frames 360, 607,
776, 1115, 1183, 1236, 1319, 1355, 1438, and 1462) and 360◦
rotation causing motion blur (e.g., frames 1404 and 1407).

Figure 12 shows the performance of the proposed tracking
method for Box video during occlusions (e.g., Frames 297
and 486), scale changes, complex target motion including
its 3D rotation creating motion blur in cluttered background
(for example, Frame 555 and 928). Figure 13 explains that
the proposed algorithm successfully handles the out-of-plane
rotation of the target with cluttered background in Board
video. Figure 14 depicts the results of the proposed algorithm
on Faceocc2 video. The video contains large appearance
changes (for example, appearance in Frame 19 and Frame
577) and slowly occurring heavy occlusions (e.g., more than
90 % of the face is occluded as shown in Frame 720). The
proposed template updating and tracking strategy keeps lock-

Fig. 16 Some frames from David video sequence. The proposed algorithm tracks the target in varying illuminations and appearance changes

Fig. 17 A few frames from Singer video sequence. The proposed algorithm successfully handles high illumination effects as well as large scale
changes

Fig. 18 Frames of Car video sequence. The proposed algorithm successfully tracks the target in low light conditions
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Fig. 19 Proposed Tracking Algorithm

ing the target successfully. Figure 15 shows some frames of
ThreePastShop2Cor2 video from Caviar dataset. The video
contains similar objects, which makes it difficult to track the
target. The situation becomes worse due to the occlusions

which occur when the target and the other objects in the video
cross each other (e.g., Frames 83 and 120). The proposed
method shows prominent results and successfully tracks the
target. Figure 16 shows a few frames of David video. The
proposed algorithm handles varying illumination conditions
(e.g., Frame 1 and 25), complex target motion (e.g., Frame
160), and target appearance changes (e.g., Frame 383). Fig-
ure 17 shows some frames of Singer video. The proposed
algorithm successfully handles the high illumination effects
on the target (e.g., Frame 115) and large change in its scale
(e.g., Frame 333). Figure 18 (Car11 video frames) shows that
the proposed algorithm tracks the target in low light condi-
tions (Fig. 19).

5 Conclusion and future work

The contribution of the research presented in the paper is
as follows: (1) combining of correlation, Kalman filter, and
fast mean shift algorithms for robust object tracking, (2) the
novel template updating method, which updates the template
according the rate of change in target appearance, (3) adaptive
threshold for peak correlation value; the threshold varies for
each upcoming image frame according to the current frame
peak correlation value, (4) adaptive kernel size for fast mean
shift; the size of kernel varies according to changing size of
target. Comparison of the proposed method with nine other
methods on eleven different challenging videos shows the
efficacy of the algorithm. We conclude from our results that
the proposed tracking algorithms handles high illumination
effects (Singer video), low light conditions (Car11 video),
varying illumination with target appearance changes (David
video), slowly occurring heavy occlusions (Faceocc video)
with appearance changes (Faceocc2 and Woman videos),
out-of-plane rotation of the target (Girl and Board videos),
motion blur, complex object motion, 360◦ rotation of the
target, clutter in background, and occlusions (Liquor and
Box videos). The algorithm assumes that the target does
not change its appearance more than fifty percent during the
course of tracking. This constraint holds true for all the test
videos discussed in the paper, but there might be cases where
the assumption does not remain valid (e.g., airborne objects
such as kite, aero plane moving away or toward the camera
and taking turn). Parameters tuning may also be required for
some other videos. Future extension of the algorithm includes
the development of constraint free tracking technique. The
assumption of appearance change in the target less that 50 %
may be handled by considering current template after cer-
tain numbers of frames as the most trusty template if the
peak correlation value is greater than a certain value, e.g.,
0.95, but it requires adding two more parameters in the algo-
rithm.
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