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Abstract
Sparse representation based methods have recently attracted much attention in visual
tracking due to the robustness to corruption, occlusion and other challenging issues. The
target templates and the candidates have been applied as training samples and inputs for
the method. However, the sparse coefficients can not be made full use to discriminate
between the target and the background, hence tracking method may fail when there is
similar object or occlusion in the scene. In this paper, we propose a novel visual tracking
method based on collaborative voting with sparse representation. Different from previous
methods, visual tracking is formulated as an object recognition problem in the proposed
method, which makes the tracking task more robust to occlusion. The collaborative voting
exploits the contributions of the bases in dictionary based on alignment-sum and
alignment-max pooling operating, which take the special layout of local patches into
consideration and improve the robustness of the proposed method. In addition, a weight
vector is generated based on alignment pooling to measure the importance of a template.
Then incremental subspace learning is used to learn a new template to replace the
template with the lowest weight. Furthermore, the update scheme considers both the latest
observation and the original template, thereby enabling the tracker to deal with
appearance change effectively and alleviate the drift problem. The proposed tracker is
empirically compared with state-of-the-art trackers on some challenging sequences. Both
quantitative and qualitative comparisons show that the proposed tracker is effective and
robust.
Keywords: visual tracking, collaborative voting, structured sparse representation,
object recognition, template update

1. Introduction
Visual tracking is widely used in computer vision, such as video surveillance, humancomputer interaction, robotic navigation, image compression and so on. Although much
progress has been made in recent years, it remains a challenging problem due to large
appearance change caused by factors such as partial occlusion, illumination change, pose
change, background clutter and viewpoint variation.
Over the years, many tracking algorithms have been proposed to deal with these
difficulties. Incremental visual tracking [1] is proposed to learn the dynamic appearance
of the tracked target via incremental principal component analysis. Grabber and Bischof
[2] present a tracking method using the online AdaBoost algorithm, which achieves realtime performance. Babenko,Yang and Belongie[3] put all ambiguous positive and
negative samples into bags based on multiple instance learning(MIL) to learn a
discriminative model for tracking. Among the challenging problems, serious occlusion is
one of the most challenging (See Figure.1). A truly robust tracking method must be able
to handle occlusion. However, modeling occlusion is not straightforward and non-trivial
by far. Motivated by the success of sparse representation in face recognition[4], sparse
representation has been successfully applied to visual tracking under the particle filter
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framework[5] as an attempt to alleviate the occlusion problem and improves the
performance of visual tracking. In [6, 7] a target candidate is sparsely represented by a
linear combination of the atoms of a dictionary composed by dynamic target templates
and trivial templates. By introducing trivial templates, the tracker can handle partial
occlusion. The sparse representation problem can be solved through l1 minimization with
non-negativity constraints. Up to now, many improved tracking algorithms have been
proposed. We consider these algorithms based on sparse representation lying in two
categories as generative or discriminative methods. The generative methods proposed in
[8-12] use appearance models and formulate the problem as finding the image observation
with minimal reconstruction error. Discriminative methods [13-15] regard the target
tracking as a binary classification problem and distinguish the target from the background.
The trained classifier is used to discriminate the target from background. Several
algorithms [16, 17] that exploit the advantages of both generative and discriminative
models have been proposed. The method [18] solved in closed-form has been proposed
based on non-sparse linear representations. A new minimization model for sparse
representation is proposed to improve the accuracy and efficiency [19].The relationship
between particles is exploited and matrix learning is proposed for tracking in [20]. In this
paper, we focus on developing a robust algorithm using a generative appearance model
that takes occlusion and appearance changes into consideration to alleviate tracking drift.

Figure 1. Challenging Videos Including Serious Occlusions
Different from previous algorithms, we formulate the tracking task as a
recognition problem. It means that the roles of templates and candidates are
reversed in l1 minimization. In the previous work, visual tracking is considered as a
searching problem which checks all the candidates one by one. All the candidates
are represented by a linear combination of the templates. The combination
coefficients are obtained by using the minimum l1 -norm solution. The result is the
candidate that has the most similar appearance with the target template. The
methods are complex and time-consuming. Motivated by the successful application
of sparse representation in face recognition, we consider tracking task as recognition
problem, in which templates and candidates are used as observed samples and
dictionary. The proposed framework can deal with occlusion and corruption
uniformly by exploiting the fact that the errors due to occlusion and corruption are
often sparse with respect to the standard basis.
Motivated by the success of sparse representation for image classification as well as
visual tracking [21], we present a robust tracking method using a collaborative voting
based on a structured local sparse coding model that takes the spatial information of
patches into account. Firstly, the proposed method samples overlapped local image
patches within the target region. Secondly, we obtain the response matrix of patches in
templates to all bases in dictionary. Next, the collaborative voting consists of two voting
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processes. One voting process is to measure the contribution of each basis in dictionary to
all the observed patches and cast votes to candidate with more contribution, which is
based on alignment-sum pooling operating. The other voting process is to measure the
contribution of alignment bases to a specific observed patch and cast votes to candidate
with more contribution, which is based on alignment-max pooling operating. Finally, the
collaborative voting is used as the probability of a candidate as tracking result.
The appearance of a template often changes significantly during the tracking process.
Therefore, the update scheme is important and necessary. Since our representation is
constructed at the pixel level, misalignment between templates and candidates might lead
to degraded performance. To alleviate this problem, one of two strategies can be
employed [22]: (1) Templates can be constructed by an over completely dictionary of the
target object, which includes transformed versions of both. (2) Columns of candidates can
be aligned to columns of templates as in [23]. In this paper, we employ the second
strategy. The templates are updated based on both incremental subspace learning and
sparse representation. The weights of the templates are introduced and the template with
the lowest weight is replaced, which reduces the influence of the template with partial
occlusion. The update scheme facilitates the tracker to account for appearance changes
and makes the proposed method more accurate and robust.

2. Collaborative Voting Based on Structured Sparse Representation
In this section, the details of the proposed method are presented. Firstly, we formulate
visual tracking as a recognition problem. The main point is that we reverse the roles of the
templates and all the candidates in sparse representation. The framework can handle
errors due to occlusion and corruption uniformly by exploiting the fact that these errors
are often sparse with respect to the standard basis. Secondly, the collaborative voting
based on structured sparse representation is discussed in detail. Intuitively, a basis is more
similar to template when its response is bigger, and we consider the basis with bigger
contribution in sparse representation. Be driven by this assumption, we exploit the
contribution of each basis in dictionary and cast votes to candidates with bigger
contribution.
2.1. Problem Formulation
The tracking task is formulated as a recognition problem. It means that we consider a
candidate as a sample of a class. All the candidates form the training samples, and we
must classify a template or some templates into a candidate. Just as the method in [4], an
observed template is represented by the linear combination of all the candidates. Given a
template y , the target state xt 1 in the time instant t  1 , the particle states xt1 xt2 … xtN
are randomly sampled around the state xt 1 according to a zero-mean Gaussian
distribution in the current time t and C  [C1 C2   CN ] denotes target candidates. If
we assume that the target templates and all target candidates lie in a special lowdimensional feature space, often called a manifold, then the target template can be
represented by a linear combination of all target candidates, see Equation (1):
y  1C1  2C2    N CN
(1)
where the elements of y and Ci are the feature values (for example the gray values),

  [1  2    N ] denotes the coefficient vector whose entries are zero except one
(corresponding to the jth candidate) having the most similar appearance with the target
template in ideal condition. In fact, the coefficient vector is sparse due to better
representing the observed template. Then, the linear representation of y can also be
rewritten in matrix form as Equation (2):
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y  C

(2)
Because the linear system (2) is usually underdetermined, its solution is not unique.
Recent development in the emerging theory of sparse representation and compressed
sensing reveals that if the sparse code, i.e.  , is sparse enough, the solution of Equation
(2) is equal to the solution to the following l1 -minimization problem (3):

arg min


y  C 2   
2

(3)

1

where  is a tradeoff parameter between reliable representation and joint sparsity
regularization. If given some template images T  [T1 T2   Tn ] as observed samples,
then the linear representation of T can be rewritten in matrix form as Equation (4):
n

arg

1 2 …n

min  Ti  Ci 2   i 1
2

(4)

i 1

In general, taking local patches as feature makes the algorithm more robust than the
complete image as feature in many researches such as classification, recognition and also
tracking tasks. When sample M local patches inside all the template and candidate
images, a local patch of a template is represented by the linear combination of all the local
patches of the candidates. Then, the representation of T is computed by the Equation (5):
n

arg
11 12 …nM

where D  [d1 d 2 

M

min   yij  Di j   i j
i 1 j 1

2
2

(5)

1

 d N M ] , d i is a local patch sampled in candidates. yij denotes the

jth local patch of the ith template, and  i j denotes the corresponding coefficient vector.
In the proposed method, we sample overlapped local image patches inside the templates
and candidates. Then all the above operations are conducted. In the recognition
framework, a local patch of a template is represented by the linear combination of training
patches coming from candidates. Then we can obtain the coefficients of the local patch.
Next, we cast a vote to the candidate which holds the biggest coefficient based on
structured sparse representation. Finally the candidate with the most votes is recognized
as the tracking result. The details are shown in subsection 2.2.
2.2. Collaborative Voting Based on Alignment-max and Alignment-sum Pooling
We propose collaborative voting for visual tracking. We measure the contribution of a
basis in dictionary to all local patches in T based on alignment-sum pooling operating
and cast votes according to contributions. In addition, we use the coefficients of a local
patch in a certain position in T to all the patches with according spatial layout inside
candidates to cast votes based on alignment-max pooling. Finally, we propose a
collaborative voting within the particle filter framework.
Alignment-sum pooling for a basis to all observed patches
A row of response matrix shows the contribution of a basis to all observed samples in
representation task. We cast a vote to some candidate based on this fact. Let
D  [d1 d2   dk ]  R mk , where k  M  N ,and A  [a1 a2   ar ]  Rkr , where ai
denotes the sparse vector of ith observed patch in T , r  n  M . We want to check the
contribution of a basis in dictionary. Since each row of A corresponds to the response of
all local patches in T to one specific basis in dictionary D . There are some pooling
methods may be used for image statistics. The sum pooling has shown good performance
in image classification. In order to make the representation more robust, we use the sum
pooling function on the sparse coefficients.
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r

bi   ai  j

(6)

j 1

Note bi is the element of vector b  R k 1 . We rewrite b  [h11 h12 

 hN M ]T , where

hi  j denotes the sum pooling operator of the response of the jth patch in the ith
candidate. The contribution that the basis hold is bigger in representation task, the basis
appearance is more similar to observed patch. Only sum pooling operating is not enough
to improve the discriminative ability of sparse coefficients. Therefore, alignment-sum
pooling is used to obtain better performance. We compare the contributions of bases at the
fixed position and find the most one to cast vote.
(7)
max  hps   p  1 2  N

arg
p

It means to find the maximal contribution for all the patches in all candidates. Then we
cast a vote to the pth candidate. The alignment-sum pooling is well established with
biophysical evidence in visual area and it is effective for image classification with local
features. After checking all the bases in dictionary, the ith candidate holds some number
of votes conri . The probability can be computed by Equation (8):

Pr  r 

1
exp( conri )

(8)

where r is a constant defined by user.
Alignment-max pooling for an observed patches to all alignment basis
A column of response matrix shows the contribution of all bases to a specific observed
sample in representation task. We vast a vote to some candidate based on this fact.
Motivated by the success of sparse coding for object tracking[21], we propose our voting
algorithm based on alignment-max pooling. The aim of this work is to check the
contribution of all the alignment basis in dictionary to the corresponding observed patch
in T . For an observed patch that is the sth patch sample inside target region, we can
obtain its sparse vector ai  [a1i  a2i   ak i ]T , the ith column of A . Let

ai  [v11 v12   v1 M  v21  vN  M ] , where vi  j is the coefficient of the i th candidate
and the j th patch. We use alignment-max pooling to find the biggest contribution of a
basis in the corresponding position with the observed patch.
arg max vqs   q  1 2  N

(9)

q

It means that the basis of the qth candidate has the most similar appearance with the
observed patch, and we cast a vote to the qth candidate. The voting process is involved
in all the patches in T . Finally, each candidate holds some number of votes conci ,
which demonstrates the probability of a candidate as tracking result.

Pc  c 

1
exp( conci )

(10)

where c is a constant defined by user. The alignment-max pooling operating makes the
representation more robust to occlusion and noise. The spatial structure of patches is
taken into consideration. The spatial layout of local patched represent the structure of the
target. Each local patch represents one fixed part of the target object. Without occlusion, a
local path can be best described by the patches at the same positions of the candidates.
When the candidates contain the target object with some appearance variation, the blocks
that appear frequently in these candidates (as indicated by their sparse codes) should be
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weighted more than others for more robust representation. By this voting operation, the
spatial information of a single local patch is considered, which can decrease the negative
influence brought by occlusion and improve the tracking performance. Figure.2 shows an
example of the coefficients of a local patch with occlusion and a local patch without
occlusion. In the proposed method, we only hold the coefficients obtained from the
training patches at the same position, which improves the tracking performance due to the
consideration of spatial layout of local patches.

Figure 2. Coefficients of a Patch
If the number of the patches of templates is too small, it is difficult to track target
successfully due to the fact that the votes are too dispersed to obtain the candidate with
the most votes. It may occur that two candidates have the same number of votes, in
addition, the number of votes is small. To address this problem, we take ten templates, i.e.
n  10 , and sample nine patches in a template, i.e. M  9 . Then we have 90 times to
cast a vote, which is enough to recognize the target from the candidates.

3. Template Update
If we do not update the template, a fixed template is not sufficient to capture
appearance variations due to occlusion or pose changes in the video. Therefore, it is
necessary and important to update the templates. While a rapidly changing model is
susceptible to drift. Small errors are introduced each time when the template is updated.
The errors are accumulated and the tracker drifts away from the target. We tackle this
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problem by dynamically updating the target template set T. In this paper, subspace
learning into sparse representation and alignment-pooling are introduced to adapt
templates to the appearance change of the target, and reduce the influence of the occluded
target template as well.
The larger coefficient of  is, the bigger contributions of the corresponding candidate
is needed in the approximation T  C 2 . We exploit the characteristic by introducing a
weight wi associated with each template Ti . Intuitively, the larger the weight is, the
more important the template is. Set the weight vector W  [w1, w2 ,
templates.

Note

, wn ]T

for the

  [1, 2 , , n ] represents the coefficients of templates

corresponding to a candidate, where  i is the coefficients of the ith template. Each
template and candidate has several local patches, for example 9, thus  i is a 9  9
matrix. Each local patch at a certain position of a template is represented by patches at
different positions of all the candidates. The local appearance variation of a patch can be
best described by the blocks at the same positions of the candidates (i.e. using the
coefficients with the aligned positions). Based on this alignment-pooling[12], compute
wi using Equation (11) ：

wi   (diag(i ))
(11)
We update the templates every m frames (5 in our experiments) from the current
tracking result. The weights wi of the m frames are added together to be final weights for
a template, as shown in Equation (12). The template corresponding to the minimum of wi
is selected to be deleted and the target template set T is then updated using new template.
m

wi   (diag(i ))

(12)

f 1

Sparse representation and subspace learning are combined to model the new template
to update the target template set T . The tracking results of the target (5 in our
experiments) are collected and thrown into the incremental learning method proposed in
[2]. The result candidate can be modeled by a linear combination of the PCA basis
vectors, which preserve the main and common information of the observed image. Trivial
templates are introduced Motivated by the method proposed in [1].

y  Dt  e  [ Dt

 
Id ]  
e

(13)

In Equation (13), where y denotes the observation vector, Dt is the matrix composed
of eigenbasis vectors,  is the coefficients of eigenbasis vectors and e indicates the
pixels in that are corrupted or occluded. The nonzero entries of e indicate the pixels in y
that are corrupted or occluded. Because particles are densely sampled around the current
target state, the representations of templates with respect to Dt will be sparse (few
candidates are required to represent them) and similar to each other in general. Therefore,
we need to solve the convex optimization problem as l1 regularized least square problem
in Equation(14)：

min y  Bq 2   q 1
2

q

(14)

where  is a tradeoff parameter between reliable reconstruction and joint sparsity
regularization, B  [ Dt I d ] , q  [ e]T . The coefficients of trivial templates are
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employed to account for noise or occlusion and avoid much occlusion to be updated into
the template set. The reconstructed image is then used for updating the template to be
replaced.
Figure 3 shows some examples of templates. When the target is not occluded, the
templates can adapt to the appearance change of the target. When the target is occluded,
the templates focus on the parts which are not contaminated. In addition, the small
number of templates characterizes the occluded target. With the proposed template update
strategy, the proposed method can adapt to the appearance change of the target and handle
the serious occlusion as well. The template update strategy is summarized in Algorithm 1.

Figure. 3 The Examples of Templates

4. Visual Tracking based on Particle Filter
Particle filters have been used extensively in object tracking task[24]. In this paper,
particle filters is employed to track the target object. Let xt and yt denote the state
variable and its observation of an object at time t respectively. The sparse representation
model aims at calculating the observation likelihood for sample state xt , i.e. p( yt xt ) . In
general, it should reflect the similarity of a particle and the object templates while being
robust against occlusion or appearance changes. At the frame t , given the target template
set T  [ yt1, yt2 , ytn ] , let St  [ xt1, xt2 ,, xtn ] denote the sampled states and

Dt  [d t1, d t2 ,, d tk ] denote the corresponding candidate target patch in target template
space. Then, the optimal state xt* of frame t can be obtained by Equation(15)
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xt*  arg max p( yt xti )

(15)

xti St

We apply the affine transformation with six parameters to model the target motion
between two consecutive frames. The state transition is formulated as
p( xt xt 1 )  N ( xt ; xt 1 , ) , where  is a diagonal covariance matrix whose elements are
the variances of the affine parameters. In the proposed method, the observation model is
constructed by Equation(16)

p( yt xti )  Pr  Pc

(16)

where the right side of the Equation denotes the similarity between the candidate and the
target based on the vote value. With the template updated incrementally, the observation
model is able to adapt to the appearance change of the target.

5. Experimental Results
In this section, we compare the visual tracking performance of the proposed tracker
with several state-of-the-art trackers on eight challenging video sequences, in which the
challenges include serious occlusion, background clutter, illumination variation, pose
variation, and scale change. The proposed approach is compared with eight state-of-theart tracking methods including incremental visual tracking (IVT) method[1], L1
tracker[6], structural local sparse appearance model(LSAM)[21], multiple instance
learning (MIL) tracker[3], online multiple support instance tracking (OMSIT)
method[25], compressive tracking(CT)[14], learning a deep compact image
representation(DLT)[26] and object tracking with local sparse representation (OLSR)[13].
We downloaded the source codes of these methods from the websites of their authors. The
proposed algorithm is implemented in MATLAB and runs at 0.1 seconds per frame
compared to 0.2 seconds per frame on a Pentium 3.2 GHz Dual Core PC with 3.4 GB
memory. The l1 minimization problem is solved with the SPAMS package [27].
5.1. Parameter Setting
The numbers of object templates and the particles are set as 10 and 200, respectively.
In many other methods, the number of particles is 600. However, more particles is not
suitable in the proposed method due to the fact that more candidates make the errors
between different classes is too small to recognize the accurate result. We set the template
size to 32  32 and extract overlapped 16  16 local patches within the target region with
8 pixels as step length. The regularization constant is set to 0.001 in all experiments. As
for the templates update, 8 eigenvectors are used to carry out incremental subspace
learning method in all experiments. And we update templates every 5 frames.
5.2. Quantitative Evaluation
To quantitatively assess the performance of the proposed trackers, we use two common
performance metrics for quantitative comparison: relative overlap area and central pixel
error. The center location error is defined as the Euclidean distance (in pixels) between
the central location of the tracked target and the manually labeled ground truth data. The
relative overlap area [28] is defined by the Equation (20) to evaluate the success rate.

rate 

area( Bp  Bgt )
area( Bp  Bgt )

(20)

where B p and Bgt denote the predicted bounding boxes and the ground truth boxes
respectively. The value of the rate is bigger, tracking is considered more successful. The
quantitative comparison results are summarized in Table 1 and Table 2.
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Table 1.
CT
L1
LSAM
MIL
OLSR
DLT
IVT
OMSIT
Ours

The Comparison of Average Center Error (in pixels)
panda
107.7
120.7
15.4
89.1
15.4
14.2
143.6
142.8
2.9

animal
231.6
189.8
6.1
262.4
10.2
9.4
7.0
115.2
6.7

face
16.8
18.7
3.9
14.9
47.1
23.2
22.1
38.0
4.2

woman
107.6
130.3
2.5
137.2
147.2
4.6
172.5
147.3
3.0

girl
35.5
12.8
12.1
30.0
14.0
11.9
66.1
143.1
12.5

singer
18.7
3.8
4.0
23.8
4.2
2.9
10.5
9.1
3.8

car caviar
27.3 64.3
33.5 25.5
2.2
5.7
46.4 65.9
5.6 57.4
1.7 55.6
2.2 70.2
67.3 73.8
2.2
5.5

Table 2. The Comparison of Success Rate
CT
L1
LSAM
MIL
OLSR
DLT
IVT
OMSIT
Ours

panda
15.8
3.4
75.2
24.7
74.1
67.0
45.4
19.4
79.8

animal
3.0
4.8
62.9
5.9
60.0
60.6
62.0
20.1
62.8

face woman girl singer car caviar
59.7 17.0 48.0 34.0 35.3 13.2
58.6 16.3 65.2 78.9 44.3 4.3
82.3 79.0 68.4 82.9 80.9 73.2
58.4 14.9 54.1 30.2 2.6 13.5
52.9 17.2 67.7 78.8 52.0 13.3
50.5 70.1 66.6 83.2 74.2 15.7
42.7 18.4 14.0 53.2 80.6 14.1
40.8 5.9 12.2 56.7 9.4 11.9
83.8 83.3 64.5 83.1 81.2 75.4

Figure 4 shows the relative position errors (in pixels) between the center and the
tracking results. These results indicate that the overall performance of the proposed
tracker outperforms the most of other trackers in these sequences, especially for the
videos with serious occlusion.

Figure 4. Quantitative Evaluation in Terms of Center Location Error (in pixel)
5.3 Qualitative Evaluation
Figure 5 shows csome key frames with bounding boxes reported by all eight trackers
for each of the 8 video sequences.
In the animal sequence, the target is a fast moving animal with motion blur. LSAM,
OLSR, DLT, IVT and the proposed tracker can track the target to the end. The other four
trackers fail when some similar objects appear in the background.

134

Copyright © 2017 SERSC

International Journal of Hybrid Information Technology
Vol. 10, No.1 (2017)

In the car11 sequence, the tracked target is a car moving on a road where the
environment is very dark. Since the similarity between the car and background, L1, MIL,
OMSIT drift away from about the frame 50 and CT can not track the car from about the
frame 260. LSAM, DLT, IVT and the proposed tracker can also track the car accurately.
In the Caviar sequence, the tracked target is a man walking in a piazza. The man is
severely occluded three times by the other persons. The numerous methods fail to track
the target because there are similar objects around it when heavy occlusion occurs. When
appear occlusion first time, the methods except LASM, L1 and the proposed tracker track
the person with red dress. When appear occlusion second time, L1 tracks the person
beside the target from frame 118. Only LSAM and our tracker do not drift away from
beginning to frame 439 when appear occlusion again. From 439 to 477, LSAM and our
tracker drift away and track the person beside the target. And from frame 477 to end, our
tracker tracks the target successfully due to the fact that the structured local information
and the robust template update scheme can distinguish the target and similar objects.
In the faceocc2 sequences, the challenging are the serous occlusion and in-plane
rotation. When the face is occluded by the book from the side, IVT fails at frame 284
because the occlusion. OMSIT and OLSR fail at the frame 433 and the frame 516 because
of the occlusion with in-plane rotation. The tracking box of IVT, L1 and DLT are
gradually narrowing, which leads to failure tracking. LSAM, CT, MIL and our trackers
can track the face accurately along the whole sequence.
In the girl sequences, the challenging consists of occlusion, in-plane and out-of-plane
rotations. The IVT and OMSIT trackers can not deal with out-of-plane rotation. The CT
tracker drifts away when the girl is occluded. The LSAM, L1, MIL OLSR, and DLT can
track the girl accurately. Our tracker hold plain performance when deal with in-plane and
out-of-plane rotations, which can be concluded from the quantitative evaluation.
In the panda sequence, the target experiences more and larger in-plane rotations in
addition to occlusion. CT, L1, MIL and OMSIT tracker drift after the target undergoes
large rotations whereas our method performs well throughout this sequence. IVT tracker
fails to detect occlusions and tracks the target object after frame 132. Furthermore,
LSAM, DLT and OLSR drift away when the sequence undergoes occlusions again at
frame 213. While our tracker still performs well owing to the historical and the updating
templates.
In the singer1 sequence, the stage light changes drastically. All trackers can track the
target but CT and MIL do not support scale change and hence the results are less
satisfactory.
In the woman sequence, the tracked target is a woman walking in the street. The
woman is severely occluded several times by the parked cars. OMSIT first fails at frame
45 because of the pose change and the background change. All other trackers except DLT
and our trackers fail when the woman walks close to the car at about frame 130. DLT can
follow the target accurately but with reduced tracking box. LSAM and our tracker
perform well accurately along the entire sequence.
In summary, our tracker can deal with serious occlusion, illumination change, motor
blur, rotation and background clutter. Especially when the targets undergo serious
occlusion (woman, caviar, panda), our tracker demonstrates satisfactory performance.

6. Conclusion
In this paper, we propose a novel visual tracking method based on structured local
information and collaborative voting scheme with the considering visual tracking as
recognition problem. Different from the traditional methods, the set of candidates is used
as training samples and the goal is to recognize the target template from all target
candidates. The collaborative voting exploits the contribution of each basis in dictionary
and takes the spatial layout of local patches into consideration, which helps distinguish
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target. The candidate with the more votes has higher probability as the tracking result.
Besides, sparse representation is combined with incremental subspace learning and
alignment-pooling for template update, which reduces drifts and enhances the proposed
method to adaptively account for appearance change in dynamic scenes. Experiments
have been conducted on some challenging benchmark video sequences. The quantitative
and qualitative comparisons with several state-of-the-art methods demonstrate the
effectiveness and robustness of the proposed algorithm. However, one drawback in the
proposed method is the stability for that we use only 200 particles to track target. In the
future, the velocity, acceleration and orientation of the target associated with the time are
considered in sowing particles to prevent drifting problem.

Figure. 5 Qualitative Evaluations in Terms of the Bounding Box
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