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Abstract: Visual tracking is the most challenging fields in the 
computer vision scope. Occlusion full or partial remains to be a 
big mile stone to achieve .This paper deals with occlusion along 
with illumination change, pose variation, scaling, and unexpected 
camera motion. This algorithm is interest point based using 
SURF as detector descriptor algorithm. SURF based Mean-Shift 
algorithm is combined with Lukas-Kanade tracker. This solves the 
problem of generation of online templates. These two trackers 
over the time rectify each other, avoiding any tracking failure. 
Also, Unscented Kalman Filter is used to predict the location of 
target if target comes under the influence of any of the above 
mentioned challenges. This combination makes the algorithm 
robust and useful when required for long tenure of tracking. This 
is proven by the results obtained through experiments conducted 
on various data sets. 

Keywords: Visual tracking, SURF, Mean-Shift, Lukas 
Kanade method, Unscented Kalman Filter predictor, GrabCut, 
Online template generation and Updation. 
  

I. INTRODUCTION 

Applications like augmented reality, human computer 
interaction, video indexing and surveillance, dependable 
robotics etc.[1],[2], all have observed the dire need of 
tracking and interpretation of human motion. The ability to 
track any human in real time condition is of great significance 
in visual tracking. The physical challenges faced during the 
real time tracking are illumination change, camera motion, 
pose variation, scaling and last but not the least occlusion 
[3],[4].  
To address the above defined challenges we have developed 
an algorithm which is implementable in the real time. Here the 
Lukas Kanade tracker (LK)[5] is merged with the SURF 
based Mean-Shift tracker (SBMS)[6]. This combination 
results in a robust algorithm. This hybrid multi tracker fulfills 
considerable purposes like providing robust tracking, 
successful long term tracking and solves the issue of online 
generation and its regular update. word) Also deals with out 
of plane rotation which remains to be a big issue in interest 
point based methods. This hybrid tracking gives better results 
as compared to individual LK and SBMS tracker. This 
combination rectify each other over failure situations.  
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Same way, if pose variation occurs and SBMS fails to 
converge, LK comes to rescue by localizing target region. 
SBMS defines a template pool of intermittently occurring 
SURF descriptors but the biggest task is to keep away the 
background descriptors from the template pool, else it results 
in model drifting. To overcome this problem, region growing 
approach is applied to the segment [7]. In our case GrabCut 
[8] is used for image segmentation of fore ground from 
background. This is applied to the SURF descriptors lying 
outside the target polygon, they are treated as background 
descriptors and washed away. The primary goal of the work 
presented here is to amplify the robustness of the human 
tracking algorithm based on interest point method [9]. It is 
conventional that adequate number of descriptors are 
obtained, for that it is expected for the target to be colossal 
enough. So, the work done presented may not be suitable for 
surveillance as the target appearance is very small [1],[2]. It 
would be preferable to be used for human following robots 
and its robotic operations. 
The paper further is categorized into number of segments. 
Problem statement is stated in next section. In Section III 
tracking algorithm is explained in detail. Experimental set up 
is shared in Section IV. All the experimental results are stated 
followed by comparative analysis with existing algorithm in 
Section V. Conclusion is delivered in Section VI. 

II. PROBLEM STATEMENT 
Assume a set of frames Fi, where i = 0, 1, 2….N of the video 

 
sequence. For the first frame F0 a rectangular box B0 is 
drawn over the target region to be detected. To compute 
SURF descriptors in box Bi, set of SURF descriptors of 
frame Fi is stated as 

 
L ( Bi ) ={(k1 , l1 , w1) , (k2 , l2 , w2) …...(kn , ln , wn)}(1) 

 
Where xi is the feature point location in 2D of 64-dimensional 
SURF features Li. wi are the weights allocated to SURF 
descriptors Li .lk is a set of feature point locations in a given 
frame within a window and ly is the corresponding set of 
descriptors to lk. Bs and Bt are source and target window. Now 
the set of good matching points between Bs and Bt are 
computed and they are 

L ( Bs~Bt ) = {(k1 , l1 , w1)
s
 , (k2 , l2 , w2)

s
 .....(km , lm , wm)

s
, (k1 

, l1 , w1)
t
 , (k2 , l2 , w2)

t
 .… (km , lm , wm)

t
} (2) 

Where (km , lm , wm)
t
 are SURF descriptors for target window 

and (km , lm , wm)
s
 are SURF descriptors for source window .  
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The tracking window B has parameters centre (c), width (w) 

 
and height (h) and is represented as  

B=(c, w, h)  (3) 
Now our target is to find tracking window Bi = (ci, wi, hi) for 
all the given frames. In this rectangular window, both 
foreground and background SURF descriptors are present 
which may lead to false tracking. In order to avoid it an 
elliptical region [E0] is drawn which fits inside rectangular 
window removing background descriptors.  The set of such 
descriptors in elliptical region in the first frame is given by  

        L ( E0 ) = {(ki, li, wi) | (ki, li, wi) Є L(Bn) Ʌ ki Є E0 }  (4) 
Where wi=20 and i = 1,2,3...m. This is how the segmentation 
of the foreground from background is done. From here object 
template can be quoted as             
       
Ot = {(ki, li, wi) | (ki, li, wi) Є L(Bn) Ʌ ki Є E0 Ʌ kn  Ɇ BGR} 
(5)             
BGR  is the segmented background region. Ot  initializes the 
object model Om. The ultimate goal is to make object model 
which is explained in detail in tracking algorithm section. 

III.  TRACKING ALGORITHM 

 
Fig 1: Tracking Flowchart 

 
 The flow chart mainly works on two primary algorithms 

discussed previously. The first one is SBMS. Here the 
SURF features are combined with Mean-Shift tracker 
which basically is based on color Histogram matching. 
One can directly use SURF matching amid successive 

images but due to build in noise which results in fading 
away of descriptors in the course of matching. This 
makes the entire process computationally expensive and 
system becomes prone to failure in long run [10]. In 
SBMS, Histograms of source and target windows are 
generated. The K-means clusters are created only once 
for the source window and not for every frame, this 
reduces the computational time [11].  This  is similar to 
bag of words approach [12] but difference is no offline 
database is created instead the most stable descriptor 
points are reprojected to provide a decent number of 
feature points over the entire tracking[12]. RANSAC 
based Homography [13], [14] is used to remove outliers.  
Mean-Shift computes the new centre[6].  

 Second important algorithm used here is Lucas-Kanade 
technique.  It is explained as movement of objects 
between successive frames in a sequence, which occurs 
because of relative movement that pops up between 
target and camera [5]. Lucas-Kanade came up with a 
proposal to efficiently estimate the motion of feature 
keypoints by comparing successive frames. 

 As seen in the flowchart of proposed algorithm in Fig 1, 
the first case is where SBMS and LK are equal to 1, the 
corresponding action is tracking. In simpler words this is 
the condition when both the trackers are able to detect
 the target. This tracking by detection framework. 
Any target detection is said to be successful when SURF 
descriptor matching between target window and 
template is above a threshold defined by user. In this 
case the value of threshold is kept 0.2. Since both 
trackers are able to detect the target, we use matching 
index as benchmark to identify the higher quality 
window. Matching index is defined as a ratio tracking 
window SURF descriptor (which match with  template 
pool) to that of the total number descriptors  available  in  
the  window,  with  added  weights  of window  obtained   
between  the   centres  of  two  successive windows. The 
one with higher matching index gets the power of 
defining the scaling and repositioning of final tracking 
window.   

 The second case is when SBMS =1 and LK=0. This 
accounts for abrupt motion of camera or the falling rate of  

frame .In this reduces [5] which ommonly observed in 
LK method that matching points keep on decreasing 
over the course of time. So a  user defined threshold is 
declared, if matching points  go below this level the LK 
tracker of reloaded and this  happens  whenever  there  is  
instant  change  in tracking window. In this case SBMS 
initializes the LK tracker by providing its current SURF 
feature points 

which  acts as  input  estimating  the  location  of  these  
feature  points  incoming frame.When SBMS=0 and 
LK=1, this  is the case of pose change. If pose change 
is detected a new template is selected.  
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When SBMS tracker fails to detect the target it is because 

when pose change occurs a large number of matching 
descriptors fades away but LK tracker has decent number 
of matches which estimates the location of feature points in 
next available frame This makes tracking successful 
under pose change even. But not all the templates 
provided by LK tracker are suitable to add to the 
template pool. For checking the quality a SURF 
correspondence based on Euclidean distance between 
descriptors of two sets is computed. Also matching index 
should be below the user defined threshold and scaling 
of bounded box should be less than 20%. Any scaling 
beyond this is includes background descriptors in order 
to achieve matching points. If the template meets these 
conditions then only it is included in template pool.  

 The last case is when SBMS and LK both are equal to 0. This 
gives clear indication of an occlusion encountered. Here, 
the role of motion predictor steps in. In this case we are 
using Unscented Kalman filter (UKFP)[19]. Occlusion 
could be full or partial. It’s easy to recover tracking in 

partial occlusion, because few descriptors from the 
template pool are recovered. But in case of complete 
occlusion both trackers fail due to unavailability of 
matching points. So, UKFP estimates a tentative window. 
When one such window is obtained, target is locally 
searched in next frame. But target could be occluded in 
couple of frames, then there is a possibility of model 
drifting. To deal with it tracking windows are expanded 
and local search is conducted. Lastly direct feature 
matching is conducted to locate target. It is always 
beneficial to expand the tracking window to locate target 
than frame to frame matching, because it contributes to low 
computational time. 

IV. TEST BED 
 

The set up used for implementation requires simulation in 
C++using OPENCV 3.4.0. LINUX is the operating 
system used on i5 processor. Four datasets are chosen to 
show experimental results which includes all the visual 
tracking challenges like pose change, occlusion, abrupt 
motion etc. Two real-time videos are picked from 
Youtube (YT-1 and YT-2) and two videos belong to our 
data sets (PP-1 and PP-2). All videos are of 640X480 
resolution. 

 
 

V. EXPERIMENTAL ANALYSIS 

 
Here we discuss the results obtained .We have applied the 
algorithm on four datasets. The first step is to manually 
select the target in a given frame and bounded in a 
rectangular box. An ellipse is drawn over target and well 
fitted inside rectangular box to remove background 
descriptors. The entire body is divided into three segments 
of head, torso and legs still few background descriptors are a 
part of foreground ones. In order to remove the leftovers we 
have applied GrabCut which is a region growing approach. 
Later on this segmented image the SURF descriptors are 

computed. This is clearly shown in Fig 2 
 
 

 
Fig 2: The first horizontal set shows the target fitted into 
ellipse and divided in three portions offff head , torso and 

legs. The second set is obtained by GrabCut image 
segmentation and in third set SURF descriptor are 

computed over segmented image. 
Fig 3 shows presents the templates obtainedfor each 

dataset. The templates shows the various poses. The scaling 
effect is prominently seen. The occlusion templates are 

discarded as they could drift the object 
model.

Fig 3:Template  selection  for each database. 

Fig 4 shows how algorithm recovers from occlusion. White 
tracking window is predicted location UKFP. The blue 

tracking window emerges from re-initialization of LK tracker. 
Tracking results are shown in Fig 5. Tracking video is 

available online for verification 
[15].
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Fig 4: Occlusion recovery steps 

Fig 5: Tracking snapshots.White, blue and green 
tracking windows are for UKFP, LK and SBMS 

trackers. 
TABLE-I 

Dataset Total 
no. Of 
frame
s 

Camera motion 
and Pose change 

Scaling 
upto 

No. of 
descript
ors 

No. of 
templates 
generated 

Averag
e time 
(ms) 

Number of 
Occlussions 
detected 

YT-1 260 Smooth, Yes 160% 180-5
50 

9 202 8 

YT-2 260 Smooth, Yes 165% 150-5
00 

11 431 6 

PP-1 368 Abrupt, No 220% 160-6
00 

19 199 9 

PP-2 368 Abrupt, No 180% 180-3
00 

10 168 5 

Table I presents overall performance for the various 
datasets. Robustness of algorithm is reflected in the results 
against the occlusion, abrupt camera motion and pose 
change. The maximum descriptor range is 600 which is 
quite less than obtained in other algorithms, leading to less 
memory requirement in order to store templates. 

TABLE-II 

 
 

DataSet 

 
 

Para-
meter

s 

Algorithms Comparative Analysis 

Reprojection 
based MeanShift 

SURF-Mean-  Shift 
based object 

model 

Proposed 
algorithm 

 
PP-1 

SR 45.64 16.20 86.23 

AOL 49.64% 25.23% 67.24% 

AT 121 ms 1020ms 199 ms 

 
PP-2 

SR 64.24 30.58 83.74 

AOL 61.9% 34.34% 63.2% 

AT 130 ms 900ms 168 m
s 

To prove the efficiency of the proposed algorithm, a 
transparent comparison is done with other existing 
algorithms. Here, we compare our proposed algorithm with 
reprojection based Mean-Shift-SURF algorithm [6] and 
SURF Mean-Shift based object model [16]. The comparison 
is done using Success Rate, Computational time and 
percentage of overlap. Results are displayed in Table II 
.Computational time is average time taken to process. The 
other important parameter to evaluate efficiency of any 
tracking algorithm is the overlap percentage. To obtain this 
the ground truth is manually computed for each frame. The 
covered region is then compared with tracking window. The 
percentage area which is common is termed as overlap 
percentage. When the common area is greater than 50 %, 
successful tracking is attained else it is considered to be 
failed. Success rate is obtained from this overlap percentage  
[17].Mathematically it is presented as  

                         SR = (n/N) X 100 (6) 

 Where n is the total number of successfully tracked frame and 
N is of the total number of frame. The results shown in Table 
II are only for two data sets. Highest success rate is achieved 
by the proposed algorithm. The minimum time is taken by 
Mean-Shift but it cannot deal with pose change and occlusion. 
The average time is less than 200 ms and that makes it useful 
in real time tracking. 

VI. CONCLUSION 

The proposed algorithm is interest point based challenges like 
pose change, illumination change, scaling, occlusion etc. The 
proposed hybrid  algorithm is able to overcome all these 
challenges .It also overcomes  the shortcomings of fixed 
template-based tracking by offering online generation and 
update of templates. The average time for computation is less 
than 200 ms which makes it adequate for real time 
implementation without compromising over success rate. 
Also, SURF is the only visual feature used no other features 
like blob, edges or color is required [20]. 
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