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Visual Tracking Via Kernel Sparse Representation
With Multikernel Fusion

Lingfeng Wang, Hongping Yan, Ke Lv, and Chunhong Pan

Abstract—It remains a challenging task to track an object
robustly due to factors such as pose variation, illumination
change, occlusion, and background clutter. In the past decades,
a number of researchers have been attracted to tackling these
difficulties, and they proposed many effective methods. Among
them, sparse representation-based tracking method is a promis-
ing. While much success has been demonstrated, there are several
issues that still need to be addressed. First, the introduction
to trivial occlusion templates brings a high computational cost
of this method. Second, the utilization of raw template object
representation makes this method difficult to adopt sophisticated
object features. To solve these problems, we consider the sparse
representation problem in a kernel space and propose a kernel
sparse representation (KSR)-based tracking algorithm. Under
the kernel representation, it is not necessary to introduce trivial
occlusion templates in order to reduce the computational cost.
Furthermore, multikernel fusion allows our method to use
multiple sophisticated object features, such as spatial color his-
togram and spatial gradient-orientation histogram, and let these
features complement each other during the tracking process.
Comparative experiments on challenging scenes demonstrate that
our KSR-based tracking algorithm outperforms the state-of-the-
art approaches in tracking accuracy.

Index Terms—Kernel sparse representation (KSR), multikernel
fusion, visual tracking.

I. Introduction

V ISUAL OBJECT tracking is an important research field
in computer vision applications, such as security surveil-

lance, access control, and human–computer interaction. The
main difficulties of visual tracking lie in the following aspects:
1) illumination variation; 2) background clutter; and 3) partial
or full occlusion (Fig. 1). To handle these problems, many
tracking algorithms have been proposed. Among them, the
sparse representation (SR)-based tracking methods [1]–[5] are
effective and have attracted much attention recently.
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Fig. 1. Video sequences with tracking difficulties. By introducing multi-
kernel fusion into kernel sparse representation (KSR), the proposed tracking
algorithm can track the objects under serious difficulties, such as the illumi-
nation variation and background cluster in the first video sequence, and the
(partial) occlusion in the second one.

To the best of our knowledge, the SR is first introduced
into visual object tracking by Mei and Ling [1]. In this
method, the object tracking is formulated as a SR problem
under the particle filter framework, in which each candidate
object is sparsely represented by a set of templates obtained
in the initial frame. To tackle the occlusion and corruption
problems, a set of trivial templates represented by the identity
matrix are utilized. Motivated by [1], the local SR is proposed
in [2] and [3] to solve partial occlusion difficulty. In [4],
a manifold regularization is used to ensure that all candi-
date objects should share the same representation coefficients
(or coding vectors).

Unfortunately, the traditional SR-based tracking methods
suffer from huge computational cost. To decrease the compu-
tational cost, Bao et al. [6] adopted an accelerated proximal
gradient approach. As reported in their paper, the tracking
algorithm can be real time. However, its computational cost
is sensitive to the parameter tuning. As a result, plenty of
time is still taken to obtain an excellent representation result.
In addition, the traditional SR-based trackers just use raw
templates to represent tracking object without sophisticated
features. Hence, the tracking accuracy of these trackers is not
satisfactory.

To solve the two problems mentioned above, we propose
a new multikernel fusion-based SR for visual tracking. First,
kernel sparse representation (KSR) is presented by introduc-
ing the kernel method into SR. To solve the KSR problem
expediently, a kernel coordinate descent-based optimization
approach is further proposed. After that, we integrate the
KSR algorithm into particle filter framework and modify the
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observation likelihood with a reconstruction error term in
KSR. Furthermore, to overcome the vulnerability of single
feature in object description, we propose a multikernel fusion
method for multifeature integration.

The details or main advantages of our method are summa-
rized as follows.

1) The utilization of the kernel method enables us to
introduce some sophisticated features in SR, such as
spatial-color and spatial-gradient histograms. Compared
with the raw template used in the traditional SR-based
tracking methods, the histogram features are less sen-
sitive to partial occlusion, illumination variation, and
object deformation. Thus, our tracking results can be
more accurate.

2) Due to the kernel method, we avoid introducing a large
number of trivial templates. Therefore, our KSR-based
tracking algorithm speeds up at least four as compared
with the traditional SR-based methods (see Section VI).

3) The adoption of multikernel fusion makes it necessary to
incorporate multifeature fusion to achieve a complemen-
tary effect in object representation. Experimental results
indicate that our method can outperform the state-of-the-
art approaches in different video clips.

The rest of this paper is organized as follows. Section II
gives a brief introduction of the related tracking approaches.
Sections III and IV describe the KSR representation with for-
mulation and optimization details, respectively. In Section V,
we summarize the tracking algorithm intuitively after present-
ing the particle framework, model representation, and feature
descriptions. Experiments results are given in Section VI.
Section VII represents the discussions of the limitations of
our method. Section VIII concludes the paper.

II. Related Work

The visual tracking methods particularly related to our
work can be classified into three categories generally, i.e.,
the appearance-based methods, the dynamical model-based
methods, and the online-based methods.

In the appearance-based methods, an object is often rep-
resented by a template (sometimes a set of templates) or its
statistical result. Note that the SR-based method belongs to
this group. Primitive template-based tracking algorithms utilize
the fixed object template, which perform poorly with ever-
changing object appearance. To solve this problem, on one
hand, some methods [7], [8] are proposed to improve template
representation. For instance, the incremental visual tracker
(IVT) algorithm proposed in [7] represents the object with
a set of subspace templates. On the other hand, some methods
[1], [3], [4] are proposed by utilizing multiple templates under
the SR framework. Another type of appearance-based method
relies on the utilization of invariant features, such as histogram
[9]–[11], spatiogram [12], spatial-color mixture of Gaussians
[13], and fragment-based spatial histogram [14].

The dynamical model-based approaches, such as the
Kalman filter-based methods and particle filter-based methods
[15], [16], implement object tracking under the probabilistic
model framework. These approaches generally accomplish the

tracking process with two recursive stages, i.e., prediction and
update. In the prediction stage, the object state is obtained by
using a dynamical probabilistic model. In the update stage, the
predicted result is modified by incorporating new information
obtained from the current observations. In practice, the particle
filter is often regarded as a tracking framework. Under this
framework, the tracking algorithms only need to focus on the
construction of the observation model. Our tracking algorithm
works within this framework.

The online-based method can be further classified into two
groups, i.e., online selection [17]–[20] and online learning
[21]–[26]. Collins et al. [17] proposed an online selection-
based tracking algorithm. The core idea behind this method
is to switch the mean-shift tracking algorithm by selecting
different features that can distinguish between the target
(foreground) and the background. The online learning-based
tracking algorithms are always taken as tracking-by-detection
approaches. The key idea behind these methods is to construct
a classifier, which is updated online. Then object tracking is
viewed as a process of discriminating the object from the
background (local). Due to the tracking-by-detection, these
methods can recover from the tracking failures. However, the
trajectories provided by these methods often have a little jitter.

III. From SR to KSR

A. Brief Review SR in Visual Tracking

Let X = [x1, x2, . . . , xn] ∈ Rd×n be n training samples,
where d is the feature length. In SR, the testing sample y ∈
R

d×1 is sparsely represented on X via �1 minimization

β̂ = min
β

E(β) = min
β

(
1

2
‖y − Xβ‖2

2 + λ‖β‖1

)
(1)

where λ is a tradeoff parameter that balances the reconstruction
error and the sparseness of the coding vector β. The coding
vector β is an Rn×1 vector.

In the SR-based tracker [1], training samples are the tem-
plates obtained in the initial frame, and the testing sample is a
candidate obtained in the current frame. To describe occlusion,
Mei and Ling [1] introduce a set of trivial templates O defined
as

O = [I; −I] ∈ Rd×2d (2)

where I ∈ Rd×d is an identity matrix. Each column of the
matrix I represents a positive occlusion template, while each
column of the matrix −I represents a negative one. Hence, in
[1], the samples for SR are X̂ = [X; O] ∈ Rd×(n+2d), and the
SR problem is performed on X̂, namely

β̂ = min
β

E(β) = min
β

(
1

2
‖y − X̂β‖2

2 + λ‖β‖1

)
. (3)

The computational complexity of SR is proportional to the size
of training samples, i.e., the column number of X in (1). In
practice, the training sample number n is greatly smaller than
the feature length d. For example, in [1], n = 10 and d = 180.
Hence, the column number of X is much smaller than that
of X̂. Hence, solving (3) is more expansive than solving (1),
which results in a very high computational cost of SR-based
tracker [1].
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B. KSR

The KSR improves (1) by introducing a kernel trick on both
the training samples X and the testing sample y

β̂ = min
β

⎛⎝1

2

∥∥∥∥∥
n∑

i=1

βiϕ(xi) − ϕ(y)

∥∥∥∥∥
2

2

+ λ‖β‖1

⎞⎠ (4)

where ϕ(·) is an implicit function that maps a feature vector
into the kernel space. ϕ(·) satisfies ϕ(x)Tϕ(x) = 1 when
‖x‖2

2 = 1. Recently, the KSR model has been applied to other
computer vision areas, such as image classification [27]. In the
kernel method, we only need to know the inner production
of ϕ(·) in the kernel space, namely, ϕ(xi)Tϕ(xj) without
specifying the function ϕ(·). Hence, (4) can be reformulated
as

β̂ = min
β

(
1

2
βTKβ − K(·, y)Tβ + λ‖β‖1

)
(5)

where K is an n × n kernel matrix satisfying

K =

⎡⎢⎢⎢⎣
k(x1, x1) k(x1, x2) · · · k(x1, xn)
k(x2, x1) k(x2, x2) · · · k(x2, xn)

...
...

. . .
...

k(xn, x1) k(xn, x2) · · · k(xn, xn)

⎤⎥⎥⎥⎦ (6)

and K(i, y) = ϕ(xi)Tϕ(y) is an n × 1 vector.
The KSR of (5) holds following superiors over the SR of

(3).
1) From the feature representation view, the function ϕ(·)

can be regarded as a feature-extraction function. Thus,
KSR can introduce sophisticated features, which can be
insensitive to partial occlusion and illumination varia-
tion, to represent training samples implicitly. Hence, in
KSR, we do not specify occlusion templates and the
computational cost in visual tracking can be significantly
reduced.

2) By applying multikernel fusion, it is easy to introduce
multiple features into KSR. Among all multikernel fu-
sion methods, one branch is the weighted multikernel
fusion, in which a weighted summation is used to obtain
a kernel

K =
n∑

i=1

ωiKi (7)

where K is the fused kernel; Ki is the kernel of ith
feature and ωi is its corresponding weight, satisfying∑n

i=1 ωi = 1 and ωi ≥ 0. Similarly, the kernel vector

K(., y) =
n∑

i=1

ωiKi(., y). (8)

Adaptive multikernel fusion methods focus on the calcula-
tion of ωi. One simple yet effective way of calculating ωi is to
set all of them to 1

n
. For solving a visual tracking problem, a

certain feature cannot be robust to all conditions. For example,
the color feature is robust to deformation and partial occlusion,
but sensitive to illumination variation, while the edge feature
can perform well in the variable illumination scene but poorly
with background clutter. Hence, it is wise to fuse multiple
features and make them complementary. Fortunately, the KSR
with multikernel fusion can just achieve this aim.

Algorithm 1: Calculating β by Kernel Coordinate Descent

Data: The kernel matrix K and the kernel vector K(·, y).
Result: The coding vector β.
Initializing the coding vector βinit = (K + γI)−1K(·, y);1
for k = 0 to maxIter do2

for j = 0 to n do3
Calculating e(xj) by (11);4
Updating βj by (12);5

end6
end7

IV. Optimization of KSR

To optimize (5) and obtain the coding vector β, we present
a kernel coordinate descent (KCD) algorithm. The KCD
employs the coordinate descent approach in [28] due to its
simplicity and efficiency. First, taking the partial derivative of
E(β) with respect to βj and set it to 0, namely

0 =
∂E(β)

∂βj

= ϕ(xj)T

(
n∑

i=1

βiϕ(xi) − ϕ(y)

)
+ λsgn(βj) (9)

where sgn(.) is the sign function. By reforming (9), we get
that

0 = −e(xj) + ϕ(xj)Tϕ(xj)βj + λsgn(βj)

= −e(xj) + λsgn(βj) + βj (10)

yielding

e(xj) = ϕ(xj)T(ϕ(y) −
n∑

i=1,i�=j

βiϕ(xi))

= K(xj, y) −
n∑

i=1,i�=j

βiK(xj, xi). (11)

In the proposed KCD algorithm, the updating of the coding
value βj is independent of other coding values {βi}ni=1,i�=j . That
is, when calculating βj , we fix {βi}ni=1,i�=j . Hence, the coding
value βj is calculated as

βj = sgn(e(xj))
[|e(xj)| − λ

]
+ (12)

where function [·]+ is defined as

[s]+ =

{
s, s > 0

0, otherwise.

In summary, by making efficient use of KCD algorithm, we
can update iteratively the coding vector β by (12). The KCD
algorithm is summarized in Algorithm 1. The initialization of
β is obtained by kernel ridge regression

βinit = (K + γI)−1K(·, y) (13)

where γ is set to a small positive value. In practice, we set to
γ = 2λ. During implementation, the iterative number maxIter
is set to five, which is sufficient to obtain a sparse solution.



WANG et al.: VISUAL TRACKING VIA KERNEL SPARSE REPRESENTATION WITH MULTIKERNEL FUSION 1135

V. Particle Filter−Based Tracking Algorithm

We implement our tracking algorithm within the particle
filter framework [15], [16]. Let αt be the state variable at time
t, which is used to characterize the state of object, such as
position, size, speed, and shape. Let zt be the observation at
time t, while z1:t be all observations up to time t, namely,
z1:t = {z1, z2, · · · , zt}.

As a classical Bayesian filtering method, the particle filter
estimates the posterior probability of the object state p(αt|z1:t)
through two recursive steps, i.e., prediction

p(αt|z1:t−1) =
∫

p(αt|αt−1)p(αt−1|z1:t−1)dαt−1 (14)

and update

p(αt|z1:t) =
p(zt|αt)p(αt|z1:t−1)

p(zt|z1:t−1)
. (15)

In particle filter, p(αt|z1:t) is approximated by a set of N
particles {αi

t}N
i=1 with importance weights {wt}N

i=1, namely

p(αt|z1:t) =
∑N

i=1
δ(αt − αi

t)w
i
t

where δ(.) is the Dirac function. When using prior distribution
as the importance sampling function, the weight of the ith
particle is iteratively updated by

wi
t = wi

t−1p(zt|αi
t) (16)

where wi
t−1 is the weight of the ith particle at previous time

t − 1 and p(zt|αi
t) is the observation likelihood of the ith

particle. The weights {wi
t}N

i=1 are normalized.
In summary, in the particle filter tracking framework,

we need to focus on two parts, i.e., the dynamical model
p(αt|αt−1) (see Section V-A) and the observation model
p(zt|αi

t) (see Section V-B).

A. State Representation and Dynamical Model

For modeling the object motion in video sequence under the
particle filter framework, we adopt an affine image warping
method that is similar to the SR-based tracker proposed in
[1]. The object state is formulated as[

a11 a12 tx
a21 a22 ty

]
with four deformation parameters {a11, a12, a21, a22} and two
translation parameters {tx, ty}. In visual tracking, the candidate
object region in the image is normalized to the same size as
object template via the object state[

a11 a12 tx
a21 a22 ty

]
.

The state variable α is represented as a vector with above
six parameters, given by

α = [a11 a12 a21 a22 tx ty].

The dynamical model p(αt|αt−1) is modeled by a Gaussian
distribution under the assumption that the six parameters are
independent of each other,1 that is

p(αt|αt−1) = N (αt; αt−1, �) (17)
1Note that other complex dynamics can be used, such as first or second

order dynamic systems.

Algorithm 2: KSR-Based Tracking Algorithm

Initializing K and K(., y) by (7) and (8);1

Initializing N particles {αi
1}N

i=1 at time t = 1 by (21);2

Initializing the weights of N particles {wi
1 = 1

N }N
i=1;3

for t = 2 to videoLength do4

for i = 0 to N do5

Predicting the state of the ith particle αi
t by (20);6

Calculating the coding vector β by Algorithm 1;7

Calculating the observation likelihood by (18);8

Updating the weight of the ith particle by (16);9

end10

Computing the index of maximum weight, i.e.,11

maxI = max({wi
t}N

i=1);
Obtaining the tracking state αt = αmaxI

t ;12

Resampling (sampling with replacement) according13

to the weights {wi
t|i = 1, . . . , N};

end14

where N (·) is a Gaussian distribution with the mean αt−1

and the covariance �. The covariance matrix � is a diago-
nal covariance matrix whose elements are the corresponding
variances of affine parameters.

B. Feature Representation and Observation Model

Actually, the core of particle filter–based tracking depends
on the observation likelihood model p(zt|αi

t). Essentially, the
SR-based tracking method in [1] just improves it by using the
SR. In our method, for the ith candidate object y, we first
perform the KCD algorithm (refer to Algorithm 1) to obtain
the coding vector β. Then, the observation likelihood p(zt|αi

t)
is calculated as the residual

p(zt|αi
t) = exp

(
−

∥∥∥∑n

j=1
βϕ(xj) − ϕ(y)

∥∥∥2

2

/
σ2

)
(18)

where σ is a constant.
To compute (18), we need to specify kernels, which corre-

spond to the selected features. In this paper, spatial-color his-
togram and spatial-gradient histogram are adopted to represent
the object. The color feature has gained more attention as it is
a powerful alternative to characterize the appearance of object,
especially if it can achieve robustness against deformation
and partial occlusion. For the ith candidate, we first obtain a
rectangular region via its state parameter αi

t . Then, we divide
the rectangle into four subregions. In each subregion, we
calculate a color subhistogram. The spatial-color histogram
hc is obtained by connecting four subhistograms together.
For the gradient feature, we first obtain image gradients by
performing two filtering operations with kernels [− 1

2 0 1
2 ] and

[− 1
2 0 1

2 ]T. As with the spatial-color histogram, we can obtain
four subhistograms of oriented gradients [29] (9 bins). The
spatial-gradient histogram hg is obtained by connecting four
subhistograms together.

Let Kc and Kg be kernel matrices obtained based on the
color and gradient features. Each value in kernel matrices Kc
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Fig. 2. Tested eight video sequences. The yellow rectangles represent the
objects to be tracked, while the red texts in the bottom-left are the corre-
sponding video names.

or Kg is denoted as the similarity between two histograms.
For example, each value in kernel matrix Kc is calculated by

Kc(i, j) = BhaCoff(hi
c, h

j
c) (19)

where hi
c and hj

c are two spatial-color histograms, and
BhaCoff(.) is the Bhattacharyya coefficient function. The
calculations of kernel vectors Kc(., y) and Kg(., y) are the
same with the calculation of kernel matrices Kc and Kg.

C. Summarization of Tracking Algorithm

The algorithm flow of our tracking algorithm is summarized
as Algorithm 2. Particularly, from the 10th and 11th steps,
we see that the object state is determined by the state of the
particle that holds the maximum weight.

In the first frame, the initial position of the object is selected
manually and it is used as the first template (or training sam-
ple). The remaining templates are generated by perturbating a
few pixels around corner points of the first template. In our
experiments, the template number n is set to ten by balancing
the computational efficiency and the tracking effectiveness. In
Section VI, we will further discuss the tracking performance
with respect to the template number n. To handle the change
of target appearance, the templates are updated by replacing a
template that has the smallest representation coefficient of the
current tracked object.

The particles are initialized or updated according to (17).
At current time t, the state αi

t = [a11 a12 a21 a22 tx ty]it for the
ith particle is calculated as

[a11 a12 a21 a22 tx ty]it = [a11 a12 a21 a22 tx ty]it−1 + ε (20)

where αi
t−1 = [a11 a12 a21 a22 tx ty]it−1 is the state of the ith

particle at previous time t − 1 and ε is Gaussian white noise
with the covariance �. Specifically, in the first frame, the state
αi

1 of the ith particle is initialized as

[a11 a12 a21 a22 tx ty]i1 = [a11 a12 a21 a22 tx ty]0 + ε (21)

where α0 = [a11 a12 a21 a22 tx ty]0 is the initial state obtained
from the manually selected object. In practice, we need to
resample the particles to avoid the degeneracy of the important
weights, that is, the concentration of most of the weights on
a single particle. In this paper, the new particle set {(αi

t, w
i
t =

1
N )|i = 1, . . . , N} is resampled (sampling with replacement)
according to the weights {wi

t|i = 1, . . . , N}.

Fig. 3. Visual comparison on two video sequences in CAVIAR dataset.

Fig. 4. Visual comparison on two video sequences in PET dataset. The
enlarged image patches illustrate the closeups.

VI. Experimental Result

Extensive experiments are performed to evaluate the pro-
posed tracking algorithm by comparing with several state-of-
the-art approaches, i.e., mean-shift (MS) [9],2 online boosting
(OB) [22],3 TLD [25], [30],4 SR-based (L1) [1],5 IVT [7],6

Frag-based (Frag) [14],7 MTT [4],8 and SCM [5].9 In our
method, the major parameters are set as follows: 1) the weight
constant λ is set to 0.1; 2) the constant σ2 is set to 0.05; and
3) the particle number N is set to 100.

A. Qualitative Comparison

We evaluate our tracking algorithm on eight video se-
quences illustrated in Fig. 2, which cover pose variation,
illumination change, occlusion, and background clutter diffi-
culties.

CAVIAR Sequences: In this experiment, we compare our
tracking algorithm with the state-of-the-art approaches on two
video sequences in the CAVIAR dataset,10 and the results
are illustrated in Fig. 3. In these video sequences, we track

2The code is available at www.sigvc.org/lfwang.
3The code is available at www.vision.ee.ethz.ch/boostingTrackers.
4The code is available at info.ee.surrey.ac.uk/Personal/Z.Kalal/tld.html.
5The code is available at www.ist.temple.edu/∼hbling/code data.htm.
6The code is available at www.cs.toronto.edu/ dross/ivt/.
7The code is available at www.cs.technion.ac.il/∼amita/fragtrack/fragtrack.

htm.
8The code is available at https://sites.google.com/site/zhangtianzhu2012/.
9The code is available at ice.dlut.edu.cn/lu/Project/cvpr12 scm/cvpr12

scm.htm.
10The video sequences are obtained from homepages.inf.ed.ac.uk

/rbf/CAVIARDATA1.
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Fig. 5. Visual comparison on a video sequence in OSU dataset. The enlarged
image patches illustrate the closeups.

Fig. 6. Visual comparison on three face sequences.

difficulties including high similarity between the object and
the background, such as the dark pillar and the tracked object
in the first sequence, and partial occlusions (see the second
sequence). As illustrated in Fig. 3, our method is capable
of keeping preferable tracking accuracy despite the different
tracking distractions. In the first result, although TLD tracks
the object successfully, the rectangles cannot fit it well.

PET Sequences: We further select two video sequences from
the PET dataset to evaluate our method.11 As illustrated in
Fig. 4, the appearance of objects are very similar to the local
background. Moreover, the resolutions are both very low, i.e.,
17 × 50 in the first sequence and 17 × 24 in the second
sequence. In the first sequence, the object is partially occluded
by a bicycle. In the second sequence, it is even difficult for a
human observer to recognize the object in some frames.

In the first sequence, only our method can successfully track
the target, while OB, TLD, IVT, L1, Frag, MTT, and SCM al-
gorithms lose the object quickly. Note that the TLD algorithm
can redetect the object after tracking failure; however, this
algorithm fails again quickly as the object is partially occluded
by the bicycle. The main reason is caused by the utilization
of a optical flow framework, which is sensitive to occlusion.
As illustrated in the second result, in all algorithms except for
ours, Frag and SCM fail to track the object.

OSU:1b As shown in Fig. 5,12 the object is covered by the
shadow in some frames, which causes tremendous variation in

11The PET2001 sequences is obtained from ftp://ftp.pets.rdg.ac.uk/pub
/PETS2001/, and the PET2006 sequences is obtained from www.cvg.
rdg.ac.uk/PETS2006/data.html.

12The sequences is obtained from www.cse.ohio-state.edu/otcbvs-bench/.

Fig. 7. PosErr comparisons about the above eight video sequences.

the object appearance. Our method still can track the object
successfully throughout the whole sequence.

Face Sequences: In this experiment, we aim at tracking
heads and the results are shown in Fig. 6.13 In the first and
third sequences, the heads have obvious pose variations. In the
second and third sequences, the heads (or faces) are partially
occluded. Our algorithm can track the heads well regardless
of these difficulties.

B. Quantitative Comparison

Quantitative Evaluation Criteria: The tracking accuracy
is quantitatively evaluated by two widely used criteria, i.e.,
position error PosErr and F-score. The ground truth is created
by manually selecting the image region that best covers the
target. PosErr measures the difference with pixels between
the ground truth center and the tracking result center, and is
defined as

PosErr =
√

(cx
trk − cx

gt)2 + (cy

trk − c
y
gt)2

where (cx
trk, c

y

trk) and (cx
gt, c

y
gt) denote the tracked central po-

sition and ground truth central position, respectively. The
F-score evaluates tracking accuracy by taking both the recall
and precision into account, given by

F-score =
TP ∗ 2

TP ∗ 2 + FP + FN

where TP, FP, and FN are the true positive, false positive, and
false negative, respectively. In visual tracking, F-score can be
simply calculated as

F-score =
Rtrk ∩ Rgt ∗ 2

Rtrk ∩ Rgt + Rtrk ∪ Rgt

where Rtrk denotes the object region within tracking bounding
and Rgt denotes the object region obtained through ground
truth. ∩ and ∪ are the intersection and union operations,
respectively. Good tracking result should provide low PosErr
and high F-score.

Comparisons: The numerical comparisons on the above
eight video sequences by PosErr and F-score are shown in
Figs. 7 and 8, respectively. For further comparison, we present
the average PosErr in Table I and the average F-score in
Table II. From the quantitative comparison, we see that our
method holds lower PosErr values as well as higher F-score

13The Face:bb and Face:mb sequences are downloaded from www.ces.
clemson.edu/∼stb/research/headtracker/seq/ , and the Face:po sequences is
downloaded from www.cs.technion.ac.il/∼amita/fragtrack/fragtrack.htm.
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Fig. 8. F-score comparisons about the above eight video sequences.

TABLE I

Numerical Comparisons of Averages of PosErr. Best Results

are Indicated by Red Color. Second Best Results are Indicated

by Green Color. #: Some Tracked Rectangles are Out of

Image Domain. Same as Tables II, V, and VI

TABLE II

Numerical Comparisons of the Averages of F-score

values (at least reaches a second best result). Especially, only
our method can track all video sequences successfully.

C. Evaluation of Our Method

In this section, we further evaluate our method with respect
to following three aspects, i.e., statistics, template number n,
and standard deviation (STD) of particles.

Statistics: As a stochastic-based method, our tracking result
will vary with random sampling. To evaluate this, for each
video sequence, we test our method 20 times; results are shown
in Table III. We present mean and STD for two statistics, i.e.,
all frames and last frame. Note that the results in Tables I
and II are just the mean of all frames. From this table, we see
that the STDs of all sequences are very small. That is, our
tracking result is stable.

Template Number n: In this experiment, we evaluate our
method with respect to the template number n. The results
are shown in Table IV. We use four template number settings,
i.e., n = {5, 10, 15, 20}. For each template number setting,
we conduct our method five times. We only present the mean
of two criteria. From this table, we see that our method is

TABLE III

Statistics of Our Method on the Eight Video Sequences

TABLE IV

Our Results With Respect to Different Template Number n

Fig. 9. STD value of particle weights for each frame on eight video
sequences.

relatively stable under different template numbers. However,
when n = 5, the tracking accuracies in two video sequences
are lower than the others (see red numbers in Table IV),
which means our result may fail to track objects in two video
sequences. Accordingly, it is better to set the template number
n larger to obtain more accurate tracking result. In this paper,
the template number is set to ten, which is a tradeoff between
the computational efficiency and the tracking effectiveness.

STD of Particles: Fig. 9 presents the STD value of particle
weights for each frame on the eight video sequences. From
this figure, we see that STD values are relatively stable in
the whole sequences. However, STD values often become
large when presenting following tracking difficulties, i.e., the
appearance of object is varied (see purple ellipses), the back-
ground is clutter or is similar to the object (see red ellipses),
and the object is partially occluded (see green ellipses).

D. More Comparative Results

In this section, we further compare our method with MTT
and SCM on other nine video sequences. The comparative
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Fig. 10. More comparative results of our method (in black) with MTT
(in blue) and SCM (in green) on four video sequences. From top to bottom
are the sequences of Panda, Shaking, Soccer, and Animal.

Fig. 11. More comparative results of our method (in black) with MTT
(in blue) and SCM (in green) on five video sequences. From top to bottom
are the sequences of Trellis70, David, Coke11, Car4, and Car11.

results are shown in Figs. 10 and 11, respectively. In the
Panda and Animal clips, parameters σ2

tx
and σ2

ty
are set to

ten; in the Shaking, Trellis70, and Car11 clips, they are
set to four; and in the Soccer, David, and Coke11, clips,
they are set to two. From these two figures, we see that all
the video sequences face tracking difficulties. For example,
in the Shaking, Trellis70, and Car11 sequences, the objects
undergo large appearance variation due to drastic illumination.
In the Soccer and Coke11 sequences, the objects are severely
occluded. With the help of KSR and multifeature utilization,
our method can successfully track most of these objects. As
a result, our method is better than MTT and SCM in most of

TABLE V

Numerical Comparisons of Averages of PosErr

TABLE VI

Numerical Comparisons of Averages of F-score

TABLE VII

Comparison of Computational Cost or Speed by Frames/s

the sequences. The numerical comparisons on the above nine
video sequences by the average PosErr and F-score are shown
in Tables V and VI, respectively. From these two tables, our
method is better than the others.

E. Comparison of Computational Cost

The speed of our algorithm is also measured in frames/s.
The template number is set to ten. We test all algorithms
on a Intel(R) Core(TM) 2 personal computer (PC) with 2.40
GHz Central Processing Unit (CPU) and 1GB Random Access
Memory (RAM). Our tracker is implemented in MATLAB.
The comparative result is shown in Table VII. Although our
method is slower than most of the methods, it is much faster
than three SR-related methods, such as L1, MTT, and SCM.
For example, as illustrated in Table VII, the speed of our
KSR-based tracking algorithm is ten times faster than the L1
method, which is primarily achieved by avoiding computing
the large amount of occlusion templates.

VII. Discussions

Our method is able to successfully track objects in most
cases. However, it still has some limitations. In the following,
we discuss the major limitations of our method and provide
their potential solutions.

1) As with the traditional SR-based methods, our KSR
is a kind of similarity-based method. As a result, our
tracking algorithm easily fails to track the object whose
appearance is very similar to its local background. To
solve this problem, we can introduce discriminative
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information into KSR, such as the utilization of back-
ground templates proposed in [31].

2) Our method cannot track the object that is long-term
entirely occluded. In such a situation, the observations
obtained by KSR will be invalid. It is worth noting that
our method can track the objects under the short-term
partially occlusion successfully (video clips PET2001,
Face:mb, and Cook11 as examples). Moreover, due to
the utilization of particle filter framework, our method
cannot achieve superior results for a fast moving object.
One potential solution to solve these two problems is
adding an object detection module.

3) The current version of our tracking algorithm is imple-
mented in a PC with CPU as a processor and it is hard to
achieve real time speed. The most time-consuming mod-
ular in our algorithm is the calculation of KSRs for all
particles, which can be implemented parallely. Thereby,
we can implement concurrent computation with the help
of other hardware such as graphics processing unit to
accelerate our method.

VIII. Conclusion

In this paper, we introduce a kernel method with
multikernel fusion into SR for robust visual tracking within
the particle filter framework. Extensive experiments show
that the proposed tracker can effectively tackle the following
tracking difficulties, i.e., illumination variation, occlusion, and
background clutter. Due to the proposed multikernel fusion,
our KSR-based tracking algorithm can be effectively used
in multisensor or multicamera tracking cases, which is one
potential research direction for further pursuit. Furthermore,
we also desire to utilize the adaptive multikernel fusion
strategy to improve our method.

References

[1] X. Mei and H. Ling, “Robust visual tracking and vehicle classification
via sparse representation,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 33, no. 11, pp. 2259–2272, Nov. 2011.

[2] Q. Wang, F. Chen, W. Xu, and M.-H. Yang, “Online discriminative ob-
ject tracking with local sparse representation,” in Proc. IEEE Workshop
Applicat. Comput. Vision, 2012, pp. 425–432.

[3] X. Jia, H. Lu, and M.-H. Yang, “Visual tracking via adaptive structural
local sparse appearance model,” in Proc. IEEE Conf. Comput. Vision
Pattern Recognit., Jun. 2012, pp. 1822–1829.

[4] T. Zhang, B. Ghanem, S. Liu, and N. Ahuja, “Robust visual tracking via
multi-task sparse learning,” in Proc. IEEE Conf. Comput. Vision Pattern
Recognit., Jun. 2012, pp. 2042–2049.

[5] W. Zhong, H. Lu, and M.-H. Yang, “Robust object tracking via sparsity-
based collaborative model,” in Proc. IEEE Conf. Comput. Vision Pattern
Recognit., Jun. 2012, pp. 1838–1845.

[6] C. Bao, Y. Wu, H. Ling, and H. Ji, “Real time robust l1 tracker using
accelerated proximal gradient approach,” in Proc. IEEE Conf. Comput.
Vision Pattern Recognit., Jun. 2012, pp. 1830–1837.

[7] D. A. Ross, J. Lim, R.-S. Lin, and M.-H. Yang, “Incremental learning
for robust visual tracking,” Int. J. Comput. Vision, vol. 77, no. 1,
pp. 125–141, 2008.

[8] J.-B. Huang and M.-H. Yang, “Fast sparse representation with proto-
types,” in Proc. IEEE Conf. Comput. Vision Pattern Recognit., Jun. 2010,
pp. 3618–3625.

[9] D. Comaniciu, V. Ramesh, and P. Meer, “Real-time tracking of non-rigid
objects using mean shift,” in Proc. IEEE Conf. Comput. Vision Pattern
Recognit., Jun. 2000, pp. 142–149.

[10] R. T. Collins, “Mean-shift blob tracking through scale space,” in Proc.
IEEE Conf. Comput. Vision Pattern Recognit., Jun. 2003, pp. 234–240.

[11] D. Comaniciu, V. Ramesh, and P. Meer, “Kernel-based object tracking,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 25, no. 5, pp. 564–577,
May 2003.

[12] C. O. Conaire, N. O. Connor, and A. Smeaton, “Feature fusion for object
tracking using multiple spatiogram trackers,” Mach. Vision Applicat.,
vol. 19, nos. 5–6, pp. 483–494, Sep. 2008.

[13] H. Wang, D. Suter, K. Schindler, and C. Shen, “Adaptive object tracking
based on an effective appearance filter,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 29, no. 9, pp. 1661–1667, Sep. 2007.

[14] A. Adam, E. Rivlin, and I. Shimshoni, “Robust fragments-based tracking
using the integral histogram,” in Proc. IEEE Conf. Comput. Vision
Pattern Recognit., Jun. 2006, pp. 798–805.

[15] M. Isard and A. Blake, “Condensation: Conditional density propagation
for visual tracking,” Int. J. Comput. Vision, vol. 29, no. 1, pp. 5–28,
1998.

[16] M. S. Arulampalam, S. Maskell, N. Gordon, and T. Clapp, “A tutorial
on particle filters for online nonlinear/non-Gaussian Bayesian tracking,”
IEEE Trans. Signal Process., vol. 50, no. 2, pp. 174–188, Feb. 2002.

[17] R. Collins, Y. Liu, and M. Leordeanu, “On-line selection of discrimina-
tive tracking features,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 27,
no. 1, pp. 1631–1643, Oct. 2005.

[18] D. Liang, Q. Huang, W. Gao, and H. Yao, “Online selection of
discriminative features using Bayes error rate for visual tracking,” in
Proc. Pacific-Rim Conf. Multimedia, 2006, pp. 547–555.

[19] B. Kwolek, “Object tracking using discriminative feature selection,” in
Proc. ACIVS, 2006, pp. 287–298.

[20] H. T. Nguyen and A. W. M. Smeulders, “Robust tracking using
foreground-background texture discrimination,” Int. J. Comput. Vision,
vol. 69, no. 3, pp. 277–293, 2006.

[21] S. Avidan, “Support vector tracking,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 26, no. 8, pp. 1064–1072, Aug. 2004.

[22] H. Grabner, M. Grabner, and H. Bischof, “Real-time tracking via on-line
boosting,” in Proc. BMVC, 2006, pp. 47–56.

[23] B. Babenko, M.-H. Yang, and S. Belongie, “Visual tracking with online
multiple instance learning,” in Proc. IEEE Conf. Comput. Vision Pattern
Recognit., Jun. 2009, pp. 983–990.

[24] X. Ren and J. Malik, “Tracking as repeated figure/ground segmentation,”
in Proc. IEEE Conf. Comput. Vision Pattern Recognit., Jun. 2007,
pp. 1–8.

[25] Z. Kalal, J. Matas, and K. Mikolajczyk, “P-N learning: Bootstrapping
binary classifiers by structural constraints,” in Proc. IEEE Conf. Comput.
Vision Pattern Recognit., Jun. 2010, pp. 49–56.

[26] S. Avidan, “Ensemble tracking,” in Proc. IEEE Conf. Comput. Vision
Pattern Recognit., 2005, pp. 494–501.

[27] S. Gao, I. W.-H. Tsang, and L.-T. Chia, “Sparse representation with
kernels,” IEEE Trans. Image Process., vol. 22, no. 2, pp. 423–434,
Feb. 2013.

[28] J. Friedman, T. Hastie, and R. Tibshirani, “Regularization paths for
generalized linear models via coordinate descent,” J. Stat. Softw., vol. 44,
no. 1, pp. 1–22, 2010.

[29] N. Dalal and B. Triggs, “Histograms of oriented gradients for human
detection,” in Proc. IEEE Conf. Comput. Vision Pattern Recognit.,
Jun. 2005, pp. 886–893.

[30] Z. Kalal, K. Mikolajczyk, and J. Matas, “Face-TLD: Tracking-learning-
detection applied to faces,” in Proc. Int. Conf. Image Process., 2010,
pp. 3789–3792.

[31] X. Li, C. Shen, Q. Shi, A. R. Dick, and A. van den Hengel, “Non-
sparse linear representations for visual tracking with online reservoir
metric learning,” in Proc. IEEE Conf. Comput. Vision Pattern Recognit.,
Jun. 2012, pp. 1760–1767.

Lingfeng Wang received the B.S. degree in com-
puter science from Wuhan University, Wuhan,
China, in 2007 and the Ph.D. degree from Institute of
Automation, Chinese Academy of Sciences, Beijing,
China, in 2013.

He is an Assistant Professor with the National
Laboratory of Pattern Recognition, Institute of Au-
tomation, Chinese Academy of Sciences. His re-
search interests include computer vision and image
processing.



WANG et al.: VISUAL TRACKING VIA KERNEL SPARSE REPRESENTATION WITH MULTIKERNEL FUSION 1141

Hongping Yan received the Ph.D. degree from Insti-
tute of Automation, Chinese Academy of Sciences,
Beijing, China, in 2002.

In 2002 she was in Japan and France for her Post-
Doctoral research. In 2004 she returned to China
and joined China University of Geosciences, Bei-
jing, where she is currently an Associate Professor.
During her current tenure as a university teacher,
she was invited to the Institute of Automation and
Technology in France as a Visiting Scholar for
cooperative research. She is currently responsible for

several national research projects. Her research interests include computer
graphics, image processing, and 3-D reconstruction.

Ke Lv received the master’s degree from China
University of Geosciences, Beijing, China, in 2013.

Her research interests include computer vision.

Chunhong Pan received the B.S. degree in au-
tomatic control from Tsinghua University, Beijing,
China, in 1987; the M.S. degree from Shanghai
Institute of Optics and Fine Mechanics, Chinese
Academy of Sciences, Beijing, in 1990; and the
Ph.D. degree in pattern recognition and intelli-
gent system from Institute of Automation, Chinese
Academy of Sciences, in 2000.

He is a Professor with the National Laboratory
of Pattern Recognition of Institute of Automation,
Chinese Academy of Sciences. His research interests

include computer vision, image processing, computer graphics, and remote
sensing.


