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Abstract—Visual object tracking is a fundamental problem 
in many real applications, like video security surveillance, 
human computer interaction (HCI), video communication 
and compression, augmented reality, traffic control, medical 
imaging and video editing. The common challenge towards 
this task is the ambiguity existing among object and the 
background. To differentiate object from background, 
SURF descriptor [12] is applied in this paper to enable the 
efficient tracking-by-detection. SURF descriptors are 
extracted only in region of interest in each frame, to ensure 
the tracker’s high efficiency. Under the recently proposed 
framework, nearest-neighbor criterion is used to match the 
corresponding feature points within or out of the object 
appearance. Efficient sub-window search method is applied 
to accelerate the searching process while without sacrificing 
to searching accuracy. Experimental results prove the 
proposed tracker could be used in a real time tracking scene. 
 
Index Terms—Visual tracking, Feature extraction, Nearest 
neighbor classifier, Surf  

I.  INTRODUCTION 

Visual tracking is crucial to computer vision not only 
theoretically such as visual understanding, but also for 
application like surveillance and robotics. The state of 
this art has advanced significantly during the past several 
decades.  

Tracking can be regarded as the estimation of states for 
a time series model. In visual tracking context, it 
generally involves an appearance based model to describe 
the target, and matching is conducted to differentiate the 
object from background based on the appearance variety.  

Local invariant features exhibit competitive 
performance in computer vision and pattern recognition 
tasks thanks to their appealing representation 
characteristics. [7] gives a thorough empirical study on 
the performance of various local features. SIFT [8] 
outstands among many types of local features including 
shape context [10], PCA-SIFT [9], etc. The later 
proposed SURF descriptor [11,12] can be regarded as a 
variant of SIFT and has been verified for sharing the 
approximate repeatability, distinctiveness and robustness, 
yet at a lower computational price.  

In this paper, in line with the framework of tracking-
by-detection, we leverage the SURF feature descriptors to 

represent the target appearance model. Such localized 
appearance representation allows a set of features to 
describe the target in the initial frame, in addition with 
another set of features to describe the background. Our 
tracker separates target from background in image 
sequences.  

The rest of this paper is organized as follows. Section 
II reviews the related work. Section III describes the 
tracking by detection model built on SURF. Section IV 
gives the tracking algorithm. Experimental results are 
shown in section V and Section VI concludes this paper.  

II.  RELATED WORK 

During past decades, many algorithms and systems 
have been proposed for tracking [1,2,3,4,5,6]. Recently, 
progress among feature representation, object detection 
and recognition [17,15], etc. have lead to the new 
framework namely tracking-by-detection [19,20]. Shi and 
Tomasi [2] adopt search methods in a Newton-Raphson 
manner to handle object tracking under affine 
transformations. Their tracker monitors the feature 
qualities during tracking via a measure of feature 
dissimilarity.  

Recently, a generative model leveraging on SURF 
feature is proposed by He et al. [21] to deal with 
appearance changes, background clutter, illumination 
changes and occlusion, which is common in visual 
tracking. Other state-of-the-arts in this field are such as 
[14,23]. By building an evolving boosting classifier, the 
tracker proposed by Babenko et al. [14] achieves 
promising tracking results on challenging video 
sequences under the multiple instance learning (MIL) [24] 
framework. Santner et al. [23] proposed a tracker which 
integrates three subtrackers: namely template matching 
via normalized across correlation, online random forests 
[26] and mean shift optical flow [27] to filter out the 
target location, yet at the price of more computational 
price. More related paper regarding with this paper is 
feature point based approach, such as [28,12,22]. In [28], 
the tracker tracks a single maximally stable external 
region(MSER) feature. Ta et al. [22] present an efficient 
algorithm for continuous image recognition and feature 
descriptor tracking without computing the descriptors. He 
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et al. proposed the Bayesian inference of target location 
after extracting SURF points in each frame. In this paper, 
we also build our tracker on this descriptor, whose 
computational time is faster than SIFT, while maintaining 
the approximate efficacy. Perhaps the most relevant work 
is [18] proposed by Gu et al. Following their nearest 
neighboring framework, our tracker identifies the object 
target feature points compared with rest points, and 
updates the appearance model in an online style. 
Compared with the tracker in [18], our main 
improvements consist of the adoption of SURF features 
(SIFT are used in their paper), another improvement is 
the computation of feature extraction is only limited 
within the region of interest in the temporal tracking 
context. These two improvements significantly speed up 
the computational efficiency of the tracker.  

III.  PRELIMINARY 

A.  SURF Descriptors and  SURF Localization 
In this section, we have a brief review on the SURF 

detector-descriptor scheme [12]. The performance of 
SURF can be mainly attributed to the use of the Integral 
Image [25].  

SURF takes advantage of the property of Integral 
Image to perform quick convolutions of varying size box 
filters at a near constant time. The SURF detector is 
based on the determinant of the Hessian matrix.  

( ( )) xx xy

xy yy

f f
H f x y

f f

′′ ′′⎛ ⎞
, = ⎜ ⎟⎜ ⎟′′ ′′⎝ ⎠

                 (1) 

The determinant of this matrix, also known as the 
discriminant is calculated as:  

   2( ) ( )xx yy xydet H f f f′′ ′′ ′′= −                 (2) 
Translating this mathematics into practice in the 

context of SURF, one can leverage a Gaussian kernel to 
calculate the determinant of Hessian for each pixel across 
the image and detect the points of interest based on the 
value. Then the scale-space iscreated by varying the size 
of kernels while leaving the the original image unchanged, 
without the process of subsampling as done in SIFT [8]. 
As a result, it provides performance increase. There are 
three steps for localizing the SURF points in the image. 
First the responses are threshold such that all values 
below the predetermined threshold are removed. A non-
maximal suppression is performed to obtain a set of 
candidate. Finally, the neighboring feature points are 
interpolated to localize them in both space and scale to a 
sub-pixel accuracy.  

The SURF descriptor is similar to the SIFT one [8]. 
The main difference lies in the adoption of integral 
images which are applied in conjunction with the Haar 
wavelets filters. The descriptor extraction can be boiled 
down into two steps. First a reproducible orientation 
assignment is performed in order to achieve rotation 
invariance. Then one should construct a square window 
around the interest point. More specifically, the 
descriptor window is divided into 4 4×  regular sub-
regions, and each sub-region contributes four values to 

the descriptor vector such that the final descriptor has its 
dimension of 64. After reduction to unit length, contrast, 
the resulting SURF descriptor is regarded as invariant to 
rotation, scale and brightness.  

B.  The Nearest Neighbor Classifier Tracking Model 
First, we hereby describe the state-of-the-art tracking-

by-detection model proposed by the recent work [18].  
Let 1 1 2 2[( ) ( ) ( )]n nx f x f x f= , , , ,..., ,V  denote the 
feature representation of the set of SURF points where 

ix  indicates the i th point location, and if  for the i th 
point’s descriptor vector. For the resulting tracking 
rectangle window kW  in the k th frame, one set the 
following criterion for filtering:  

1 1
|| ( ) || || ( ) ||

k kO Bv NN v v NN vλ
− −

− < −             (3) 

where 
1 1
( ) arg || ||

k kO u ONN v min u v
− −∈= −  is the 

nearest neighbor of v  in the set of object appearance 

1kO − , and similarly ( )BNN v  corresponds to the case of 

background 1kB − .  
If point v  suffices Eq. 3, then v  would be taken into 

the current object appearance model i.e. 

1k kO O v−← ∪  as such online appearance updating is 

performed. Similarly the set of kB  would then be 

updated as 1k kB B v−← ∪  by computing the 

corresponding criteria. Here λ  is a selection parameter 
and in the original surf paper [11] the author claims 0.7 is 
a good choice for matching, while in the context of 
tracking, we experimentally find 0.5 is more suitable in 
order to avoid mismatching.  

In addition, we keep most recent T  frames to keep the 
tracker’s adaption to dynamic environment. The set of 
features are stored in the k-d tree structure for matching 
efficiency. For each coming frame, the points meet Eq. 3 
would be inserted into the set of points that represent 
object, while at the same time, a previous frame (current - 
T ) would be removed.  
Given the 1 1 1k k kO B W− − −, , , the matching measurement 

model is aimed to guide the window kW  locating near 

the previous window 1kW − . As the same with [18], based 
on Eq. 3, one can build the following model:  

1 1 1

1

( )

( ) ( )
k k k k

k

S W O B W

sign A W Wκ
− − −

−

; , ,

= − ,∑
           (4) 

where 
1 1

|| ( ) || || ( ) ||
k kO BA v NN v v NN vλ

− −
= − < −  and 

( ) 1sign A =  if A  is true and -1 otherwise. The second 
term is modeled as [18]:  

1 1 1( ) ( ( ) ( ))k k k k k kW W s W W t W Wκ γ′ ′ ′− − −, = , + ,     (5) 
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where 

1 1

1 1

( ) || ||
|| || || ||

k k k k

k k k k

s W W pos pos
height height width width
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′ ′− −

, = − +
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     1 2 1 2

1 2 1 21( ) { }h h w w
k k w w h ht W W max′ −, = | − |,| − |  penalizes 

variations in the aspect ratio. A further tuning for 
parameter γ  is performed as follows: for the initial frame, 
we set 0 075λ = . , and let ini_ft_num  denote the 
number of corresponding feature points across the first 
two frame. For the following frames, to remove the 
influence of the variation of detected feature points, let 

kft_num  denote the we set 0 075 kft_num
ini_ft_numλ = . . But 

we set λ  cannot be slower than 0 025. .  
In terms of window localization, the target window kW  
can be exhaustively searched by:  

1 1 1arg ( )k W k k kW max S W O B W− − −= ; , ,                 (6) 

Since exhibitive search would cost at the price of 2 2m n  
where m  and n  is the image height and width 
respectively. By laying down the constraint of a rectangle 
window on target, one can leverage the recently proposed 
state-of-the-art Efficient Sub-window Search (ESS) 
method to decrease the computational price. Specifically, 
one can use the following modified measurement 
function [18] to achieve near linear searching 
performance.  

1arg ( )new old
W kS S min W Wκ −= − ,                  (7) 

IV.  PROPOSED METHOD 

Our improvements consist of the adoption of SURF 
features, another improvement is the computation of 
feature extraction is only limited within the region of 
interest in the temporal tracking context. These two 
improvements significantly speed up the computational 
efficiency of the tracker. 

Detailed algorithm and implementation with respect to 
the tracker is described as follows.    
Algorithm 1 Surf tracking using nearest neighboring classifier
Input:  
I.The initial location for tracking 0P ,(here we use two 
points: lefttop and rightbottom to determine the rectangle 
location and shape, notice that in this tracker, affine 
transform is not in consideration to enable the efficiency 
from EES [16]);  
II.The initial set of SURF descriptors S  within the object 
rectangle;  
Tracking: 
For t = 1 to number of frames do: 
1: Extract SURF feature points and calculate the descriptor 
vector in region of interest. 
2: Search Wk using Efficient Subwindow Search (ESS) method 
based on Eq. 6 Eq. 7. 
3: Update the object appearance model Ok ← Ok−1∪v that v 
suffices the nearest neighboring criterion:Eq. 3 and update the 
background appearance in a similar way. 
Endfor 

V.  EXPERIMENTAL RESULTS 

We implemented the proposed tracker in MATLAB 
based on the implementation of the tracker from [18]. For 
SURF features extraction, we leverage the publicly 
available executable from http://www.vision.ee.ethz.ch/ 

~surf/download.html [12]. Four sequences 
[29,30,14,31]  are tested to validate the performance of 
the proposed tracker.  

A The david sequences. The first test sequence is 
downloaded from http://www.cs.toronto.edu/ dross/ivt/ 
[29], namely david with the length of 462 frames. Figure 
1 shows some typical sampling results of the tracking 
sequence. The challenge of this sequence is the 
illuminations are variant in different frames. Even though 
our methods can track the face very accurate and fast. 

B occlusion face for a woman. The second (888 frames) 
sequences are from [31]. In this sequences, the tracking 
head is under severe occlusions by a book. In the 
condition of occlusion, the proposed method can work 
well and track the face successfully in all the frames. 

 C Occlusion face for a man. The third sequences (816 
frames) are from[14]. Figure 2 and Figure 3 respectively 
demonstrates the efficacy of the proposed tracker on the 
third and fourth sequence. One can observe the tracker 
performs robustly towards different tracking scenarios 
against noise and variation.  

D The girl sequences. The fourth sequence namely girl 
(502 frames) comes from [30]. In that video, the girl 
rotates her heads to a remarkable extent while another 
person occlude her face in some frames. Figure 4 gives 
some typical samples of the tracking results.  
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Fig.1:The tracking results of the david  sequence 

 

 

 

 

 
Fig. 2: The tracking results of the face occlusion face sequence. 

 

 

 

 

 
Fig. 3: The tracking results of the face occlusion face  sequence. 

 

 

 

 

 
Fig. 4: The tracking results of the girl [30] sequence 
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In this section we also make a comparison of the 
tracking velocity between our proposed methods and the 
solution in work [18].  Work [18] takes advantage of 
SIFT features as the tracking cue.  The proposed solution 
in this paper are faster more than 2 times than the way in 
[18]. 

TABLE 1.  
THE COMPARISON OF TRACKING COSTS 

 david  woman 
face 

man 
face 

girl 

proposed 
work 

21F/S 22F/S 22F/S 19F/S 

work in 
[18] 

8F/S 9F/S 9F/S 6F/S 

VI  CONCLUSION 
In this paper we propose using the SURF feature for 

visual tracking under a tracking-by-detection framework. 
Compared with [22], we leverage the efficient nearest 
neighboring criteria [18] and efficient subwindow search 
[16] to speed up the tracking process. While compared 
with [18], we improve the efficiency by using surf feature 
which has been verified its excellence in visual tracking 
[22]. On the other hand, we improve the scheme by 
updating the background appearance model in addition 
with the online adaptive tuning of parameter that 
measures the relative weight of tracking temporal spatial 
continuity. In experiments involving four challenging 
sequences, the proposed tracker demonstrates competitive 
performance. Future work would explore the possibility 
to take the affine transform into consideration while at 
the same time maintaining the efficiency thanks to the 
technique of efficient subwindow search. Another 
perspective is to combine a variety of features 
representation into a unified framework to compensate 
current appearance ambiguity in some cases where the 
SURF features are hardly to extract, e.g. few textures 
object. At least, current tracker can be extended to 
specific scenario like face, car detection and tracking, by 
leveraging on more particular features.  
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