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Abstract 

In this paper, we propose a fast and robust tracking method based on reversed sparse 

representation. Be different from other sparse representation based visual tracking methods, 

the target template is sparsely represented by the candidate particles which are gotten by 

particle filter. In order to improve the robustness of the method, we use a target template set. 

Meanwhile, a two level competition mechanism is also introduced. In the first level, each 

target template is sparsely represented and all the candidate particles compete with each 

other by a similarity calculation, which is based on sparse coefficients. Then, the winners 

construct a target candidate set. In the second level, all the target candidates in the target 

candidate set compete with each other and the one which is the most similar to the template 

set is considered as the target. In addition, a template set update strategy is proposed to 

adapt the appearance variations of the target. Experimental results on challenging 

benchmark video sequences demonstrate that the proposed tracking algorithm performs 

favorably against several state-of-the-art methods.  

 

Keywords: Visual tracking, Sparse representation, Particle filter, Competition mechanism 

 

1. Introduction 

Visual tracking is one of the important tasks in computer vision, as it can be widely applied 

in many fields [1-4]. Though it has been an active research area for several decades, it is still 

a challenge to design a robust tracking system, due to the intrinsic and extrinsic appearance 

variations of the target [5]. The intrinsic appearance variations are pose variation and shape 

deformation of the target. The extrinsic variations include changes resulting from different 

illumination, camera motion, and partial occlusion.  

Current tracking method can be divided into two main categories: Generative methods and 

Discriminative methods. Discriminative methods usually train a classifier to separate the 

object from background. Because the data are coming in sequence, the classifier in these 

methods needs to be trained and updated online. Grabner, et al., [6, 7] propose an online 

adaboost tracker, which selects the best discriminative features from the feature candidates 

pool. Saffari, et al., [8] also proposes an online classifier for tracking, which is based on the 

online version of random forest algorithm. Generative methods use the explicit model to 

describe the target. These methods rely on the knowledge of the foreground and locate the 

object by finding a region with highest similarity. In reference [9], Zhou, et al., construct an 

appearance adaptive model and cast the visual tracking as a particle filter framework. In [10], 

the changes of the target appearance are incrementally learned by an eigenspace 

representation and an online subspace learning algorithm is also proposed.  

Recently, a new kind of generative method that achieves target tracking based on sparse 

representation has been extensively studied [11-13]. A typical example is the tracking method 
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proposed by Mei and Ling [12]. In their method, a sparse representation based appearance 

model for visual tracking is presented. The target appearance is expressed as a sparse linear 

combination with a basis library consisting of target templates and trivial templates via “11-

minimization”. After that, tracking is continued using the particle filter framework. Finally, 

the tracking result is assigned to the observed sample that has the smallest reconstruction 

residual with the target templates and corresponding target coefficients. Although this method 

is effective, sparse representation needs to be calculated for each particle. Therefore the time 

cost is very large, which limits its performance. Although some works [14] have been 

proposed to speed up this tracker [12], they do not make much improvement. 

In this paper, we propose a fast and robust tracking method based on reversed sparse 

representation. Be different from other sparse representation based visual tracking methods, 

the target template are sparsely represented by the candidate particles which is gotten by 

particle filter. Thus, the sparse representation only needs to be calculated once and the time 

cost is dramatically decreased. In order to improve the robustness of the method, we use a 

target template set and a two level competition mechanism. In the first level, each target 

template is sparsely represented and all the candidate particles compete with each other by a 

similarity calculation, which is based on sparse coefficients. Then, the winners construct a 

target candidate set, which is the output of the fist level competition. In the second level, all 

the target candidates in the target candidate set compete with each other and the one which is 

the most similar to the template set is considered as the target. In addition, a template set 

update strategy is proposed to adapt the appearance variations of the target.  

The reminder of the paper is organized as follows. Section 2 gives the details of the 

reversed sparse representation. The proposed visual tracking with reversed sparse 

representation is described in Section 3. The experimental results are shown in Section 

4, which demonstrate the effectiveness of the proposed tracking algorithm using some 

challenging videos. Finally, we conclude this work in Section 5. 

 

2. Reversed Sparse Representation  

Recently, sparse representation based methods are popular in visual tracking. The core idea 

of these methods is following the simple observation: A valid candidate can be sufficiently 

represented using only the target templates of the same class.  So they use the target templates 

and trivial templates to construct the dictionary and each candidate is sparsely represented on 

it. If the candidate is valid, the sparse coefficients of the target templates will be much larger 

than those of trivial templates. Because it is a linear representation problem, we can also 

consider it reversely that a target template can also be sparsely represented on the candidates 

set, if there is at least one valid candidate in it. The sparse coefficients of the valid candidates 

will be larger than those of others. In order to be different from other methods, we call it 

reversed sparse representation.  

Given a template
d

t R  and N  corresponding candidates { , 1, 2 , , }
i

x i N  (at least one 

valid candidate in it), the template t  can be represented as 

  t X                                                                        (1) 

Where, 
1 2

[ , , ]
N

X x x x is a d N ( d N ) candidate matrix, which contains 

N candidates. 
1 2

[ , , ]
T

N
    is the sparse coefficient vector. As can be seen, the linear 

equation in (1) is underdetermined. Then a 
1

l  regularization term is added to solve this 

problem [12]. 
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2

2 1
m in X t                                                         (2) 

Where, 
2
and 

1
are the

2
l norm and

1
l norm respectively. 

The reserved sparse representation is especially useful for visual tracking. Firstly, the 

sparse coefficient vector   reflects the relation between the template and the candidates. The 

largest one usually corresponds to the target. So the similarity can be calculated based on it. 

Figure 1 gives an illustration, which demonstrates a good similarity measurement and an 

excellent distinguishing capability. Secondly, it only needs to calculate the sparse 

representation once and the time cost is dramatically decreased. If the method in reference [12] 

is used, N times sparse decompositions are required. Suppose each decomposition needs m  

iterations and each iteration costs 
0

t seconds, then the sparse presentation in [12] will cost 

0
N m t  seconds. If under same condition, the sparse presentation of our method will cost 

0
m t seconds for one template. Suppose there are T templates, then the total cost 

will
0

m t T  . Because N T , our method is obviously timesaving and efficient.  

 

 

Figure 1. The Reversed Sparse Representation, (a) Target Template, (b) 
Candidates in the Frame, (c) The Largest Coefficient is Corresponding to the 

Target 
 

3. Visual Tracking Based on Reversed Sparse Representation 

Given a target template and candidates which are gotten by particle filter , the reversed 

sparse representation can be naturally used for tracking. However, in order to improve the 

robustness of the tracking, we use a target template set and a two level competition 
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mechanism. In the first level, each target template is sparsely represented and all the 

candidate particles compete with each other by a similarity calculation, which is based 

on sparse coefficients. Then, the winners construct a target candidate set. In the second 

level, all the target candidates in the target candidate set compete with each other and 

the one which is the most similar to the template set is considered as the target. In 

addition, a template set update strategy is proposed to adapt the appearance variations 

of the target. The whole framework is demonstrated in Figure 2. 

 

 

Figure 2. The Framework of the Proposed Visual Tracking Method 

3.1. First Level Competition 

In the first level competition, each target template is sparsely represented based on 

reversed sparse presentation and all the candidate particles compete with each other by 
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a similarity calculation, which is based on reversed sparse coefficients. Then, the 

winners construct a target candidate set, which is the output of the first level 

competition. 

Particle filter is used in the first level competition, which needs two components: 

motion model 
1

( | )
t t

p X X


 and observation model ( | )
t t

p Z X . The motion model 

describes the state transition between two consecutive frames and products many 

particles to decide where and how we extract the candidates. In this paper, we use an 

affine image warping which can transform the coordinate and center the image to model 

the target motion. Six parameters
t

x ,
t

y ,
t

 ,
t

s ,
t

 , 
t

 ( x translation, y translation, 

rotation angle, scale, aspect ratio, and skew direction at time t ) are used to represent the 

state variable [ , , , , , ]
t t t t t t t

X x y s   .All parameters are independent and can be  

modeled in  Gaussian distribution around 
1t

X


. Namely, 

1 1
( | ) ( , , )

t t t t
P X X N X X

 
                                                          (3) 

Where,   is a diagonal covariance matrix which contains
2

x
 ,

2

y
 ,

2


 ,

2

s
 ,

2


 , 

and
2


 . 

Observation model ( | )P Z X reflects the similarity between the target candidate and 

the template. In this paper, the reversed sparse coefficients are used to construct the 

observation model. Given a template and N candidates extracted by the motion model, 

the reversed sparse coefficient of each candidate can be gotten. We denote the 

coefficient as 
i

  and define the similarity measurement as: 

1

i

i N

jj

S








                                                        (4) 

The observation model can be gotten as: 

( | ) i
S

P Z X e                                                                      (5) 

For a template, N candidates extracted by the motion model compete with each other 

using (5).The largest one is the winner and is considered as a best candidate 

corresponding to the template. Suppose there are T templates in the template set, 

N candidates will compete T times. Finally, a target candidate set can be obtained with 

T candidates. Figure 3 demonstrates the first level competition. 

 

3.2. Second Level Competition 

After the first level competition, all the T  target candidates in the target candidate 

set compete with each other again and the one which is the most similar to the template 

set is considered as the target. 

Define Similarity with the object nearest neighbor: 

                             ( , ) m a x ( , )
i e

e t T i
S c T S c t


                                             (6) 

Where, c  represents the target candidate, 
e

T  is the template set. The formula 

measures the similarity between the target candidate and the template set. Any 

similarity function can be used, such as c o s ( )  (   is the angle between the two 

normalized vectors).  

Then, the final target is chosen by 
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                             ˆ a rg m a x{ ( , ) , | 1, 2 , }
i e

C

Y S c T i T                                                   (7) 

Where, C is the target candidate set which contains T  target candidates. 

 

 

Figure 3. The First Level Competition 

3.3. Template Update 

Because of the inevitable appearance variations caused by factors such as 

illumination and pose change, the template update is needed. Motivated by reference 

[13], we dynamically update the template set in this paper. Firstly, a probability 

sequence is generated according to the number of templates T .  

1 1 1

1 3 7
{0 , , , , ,1}

2 1 2 1 2 1
p T T T

L
  


  

                        (8) 

We order the templates by their obtaining time and assign a corresponding element 

in 
p

L  to each one according to the order. Secondly, we generate a random number on 

the interval [0, 1] in uniform distribution. Finally, the template to be replaced is chosen 

according to the section that the random number lies in. This update mechanism can 

keep the earlier templates longer than the new templates, which reduces the drifting. 
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However, the template set will also degrade if we use some imprecise samples to 

update it. Given the tracking result Ŷ  and the template set
e

T , we evaluate Ŷ  by the 

similarity with the object nearest neighbor: 

          
m a x

ˆ ˆ( , ) m a x ( , )
i e

e t T i
S Y T S Y t


                                                   (9) 

                 
m in

ˆ ˆ( , ) m in ( , )
i e

e t T i
S Y T S Y t


                                                   (10) 

Two thresholds 
1

  and 
2


1 2

( )  are used.  If 
m in 1

ˆ( , )
e

S Y T   ，the tracking result 

is so similar to the template set that template update is not needed. If
m a x 2

ˆ( , )
e

S Y T  , 

the tracking result is too different to be used to update the template set. 

If
2 m a x 1 2 m in 1

ˆ ˆ( , ) & ( , )
e e

S Y T S Y T       , the tracking result Ŷ is used to update the 

template set. Algorithm 1 summarizes the template update. 
 

Algorithm 1: Template Update                   

Input: The new tracking result Ŷ ,Template set { | 1, 2 , , }
e i

T t i T   

1 Generate the probability sequence in (8). 

2 Generate a random number on the interval [0, 1] in uniform distribution. 

3 Evaluate Ŷ  using (9) and (10). 

4 If
2 m ax 1 2 m in 1

ˆ ˆ( , ) & ( , )
e e

S Y T S Y T       , then replace the chosen template by Ŷ ; 

Else, don’t update the template set. 

Output: New template set 

 

3.4. Summary of the Proposed Visual Tracking Algorithm 

When a new frame comes, candidates are extracted using the motion model in 

(3).Each template is sparsely represented on the candidates and the similarity can be 

calculated by (5). Then, T target candidates that recommended by the T templates are 

evaluated by (6). Finally, the tracking target is chosen by (7). In addition, template set 

is updated in order to adapt to the appearance variations of the target. The whole 

tracking algorithm is summarized in Algorithm 2. 

     

Algorithm 2: Visual Tracking based on Reversed Sparse Representation                  

Input: The initial state of the target 
0 0 0 0 0 0 0

[ , , , , , ]X x y s    and T  templates 

1 Sample the candidates according to the motion model in (3). 

2 Sparsely represent each template on the candidates and obtain the likelihood under the 

observation model (5). 

3 Evaluate T target candidates by (6). 

4 Estimate the current state of the target
t

X according to (7). 

5 Update the template set using Algorithm 1. 

6 Go to step 1 until the last frame. 

Output: The current state of the target
t

X  
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4. Experimental Results 

We evaluate the performance of our method from two aspects: time cost and the accuracy. 

Five challenging videos are used and the details are demonstrated in Table 1. Figure 4 also 

shows the tracking target in the five videos.L1 tracker [12], IVT tracker [15] and MIL tracker 

[16] are also used here for comparation. Firstly, we compare the proposed method with the L1 

tracker in the aspect of time cost. Then, all three state-of-the-art trackers are used to compare 

the accuracy. 

 

Table 1. Challenging Videos 

 

 

            
(a)                                           (b) 

                                                

                       
(c)                                  (d)                                    (e)            

Figure 4. Targets Tracked in the Videos, (a) Car 4 (b) David (c) Sylvester (d) 
Faceocc2, (e) Three Past Shop 2 cor 

 4.1. Evaluation the Time Cost of the Trackers 

In this experiment, we evaluate the time cost of the L1 tracker and the proposed tracker. 

The two trackers are both based on spare representation. The main difference is that L1 

tracker uses target templates and trivial templates as the dictionary and each candidate is 

sparsely represented on it, while our tracker uses the candidates as the dictionary and each 

target template is sparsely represented on it. Car4 sequence is used here. In both trackers, we 

use 1024 particles and 20 templates. The measurement is implemented on the computer with 

3G CPU and 3G RAM. Figure 5 shows the tracking time cost of the two methods. As can be 

Video Frame Main challenge 

Car4[12] 659 Illumination variation, scale change 

David[15] 462 Moving camera, illumination variation 

Faceocc2[13] 819 Occlusions, heavy appearance variation 

Sylvester[16] 900 3D motion, illumination variation 

ThreePastShop2cor[17] 351 Occlusions, scale change 
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seen, the proposed method is much faster than the L1 tracker. The average time cost of our 

tracker is 4.2seconds for one frame, while the average time cost of L1 tracker is about 30 

seconds. 

 

 

Figure 5. Time Cost of the Two Trackers 

4.2. Evaluation the Accuracy of the Trackers 

In this experiment, four challenging videos are used to evaluate the accuracy of the four 

trackers (L1 tracker, IVT tracker, MIL tracker and our tracker). For fair evaluation, we use 

the source codes of the three trackers provided by the authors. Each tracker runs with their 

parameters. Four videos (David, Sylvester, Faceocc2, and ThreePastShop2cor) are used here. 

The tracking errors in each frame are calculated as the distance between the ground truth and 

the center of the tracking rectangle. Some result images are shown, in which the boxes in red, 

black, blue and green are corresponding to the proposed tracker, L1 tracker, MIL tracker and 

IVT tracker respectively. 

David sequence is used to evaluate the performance of the trackers when the target 

undergoes illumination variations, in which the boy walks out of the dark room and into an 

area with spot lights. Figure 6 shows some exemplar frames of the tracking results and Figure 

7 demonstrates the tracking error in each frame. As can be seen, the MIL tracker and L1 

tracker drift far away from frame 200. Our tracker and the IVT tracker do a good work. 

Although the tacking errors of our tracker is larger than the IVT tracker in some occasions 

after frame 300, our tracker still has the lowest mean error(Table 2). 

Table 2. Mean Tracking Errors of the Videos 
  

 

 

 

 

 

 David Faceocc2 Sylvester ThreePastShop2cor 

MIL tracker 45.66 30.88 45.69 88.21 

IVT  tracker 11.39 27.88 49.73 43.82 

L1  tracker 68.99 19.33 39.45 38.17 

Proposed  tracker 9.54 12.02 20.25 25.25 
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Figure 6. Tracking Results of David Sequence 

 

Figure 7. Tracking Errors of David Sequence 

The Sylvester sequence in which the target has pose variations is also used to evaluate the 

trackers. The tracking results and tracking errors are shown in Figure 8 and Figure 9 

respectively. From the results, we can see that the proposed tracker tracks the doll 

successfully when large variation happens, while other three trackers drift away. Failures are 

observed from frame 391 for IVT tracker, frame 101 for L1 tracker and frame 300 for MIL 

tracker respectively. The mean tracking error of our tracker is also the lowest among the four 

trackers. The results of this video demonstrate that our tracker can deal with the large pose 

variations of the target.   

We use the Faceocc2 and ThreePastShop2cor sequences to evaluate the tracker when there 

is occlusion. In Faceocc2 sequence, The L1 tracker tracks the target in the first 300 frames, 

but then drifts away and fails to locate the face at frame 451.The IVT tracker and MIL tracker 

also drift away when long duration occlusion occurs. Our tracker still does best in this video.    

Its mean tracking error is 12.02, which is the lowest among the four trackers. The 

ThreePastShop2cor is a very challenge sequence, in which the target is occluded completely 

from frame 107 to frame 120. After the heavy occlusion, other three trackers drift far away 

and begin to track wrong target. Although our tracker also drifts away, it still tracks partial of 

the target. The tracking errors in Figure 13 also demonstrate that the proposed tracker has the 

lowest tracking error.  
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Figure 8. Tracking Results of Sylvester Sequence 

 

Figure 9. Tracking Errors of Sylvester Sequence 

 

Figure 10. Tracking Results of Faceocc2 Sequence 
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Figure 11. Tracking Errors of Faceocc2 Sequence 

 

Figure 12. Tracking Results of ThreePastShop2cor Sequence 

 

Figure 13. Tracking Errors of ThreePastShop2cor Sequence 

5. Conclusion 

In this paper, we propose a fast and robust tracker based on reversed sparse representation. 

Be different from the state-of-the-art trackers based on sparse representation, the target 

template is sparsely represented by the candidate particles which is gotten by particle filter. In 

order to improve the robustness of the method, a target template set and a two level 

competition mechanism are introduced. In addition, a template set update strategy is proposed 

to adapt the appearance variations of the target. The tracking results on challenging sequences 
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demonstrate that the proposed tracking algorithm performs favorably against several state-of-

the-art methods. Although our proposed tracker does well in the experiments, drifts are 

observed in some extreme conditions. This should be investigated in the future work. 
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