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Adaptive Appearance Modeling with Point-to-Set
Metric Learning for Visual Tracking
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Abstract—In visual tracking, developing an efficient appear-
ance model is a challenging task due to the influence of various
factors such as illumination variation, occlusion, background
clutter, etc. Existing tracking algorithms use appearance samples
from previous frames to form a template set, upon which target
appearance models are built. However, these appearance models
are data-dependent, so they may be corrupted by significant
appearance variation. It is difficult to update the templates in
challenging environments. In this paper, we propose a robust
visual tracking algorithm with an adaptive appearance model
using a point-to-set metric learning technique. To do this, we
first model a target representation by using a set of target
templates and a regularized affine hull spanned by the target
templates. Then, we learn a point-to-set distance metric, which is
incorporated into the optimization process to obtain an adaptive
target representation. The regularized affine hull model covers
unseen target appearances by affine combinations of the target
templates. Based on the proposed target appearance model,
we design an effective template update scheme by adjusting
the weights of the target templates. Experimental results on
challenging video sequences with comparisons to several state-
of-the-art tracking algorithms demonstrate the effectiveness and
robustness of the proposed tracking algorithm.

Index Terms—Visual tracking, Appearance model, Metric
learning, Affine hull.

I. Introduction

V ISUAL tracking is an important task in computer vi-
sion with a wide range of applications such as video

surveillance, human-computer interaction, vehicle navigation
and action recognition. The goal of visual tracking is to
continuously predict the locations of target objects in video
sequences. A large number of tracking algorithms have been
proposed in recent decades [1, 2]. However, developing a
robust tracking algorithm is still challenging due to the
influence of various factors such as occlusion, background
clutter, illumination variation, out-of-plane rotation and non-
rigid object deformation.

Generally speaking, tracking algorithms can be categorized
as either generative [3–12] or discriminative [13–23]. Gener-
ative tracking algorithms localize the target by searching for
the image region which has the highest similarity measure to
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the target model in each image frame. Discriminative tracking
algorithms usually treat tracking as a binary classification
problem, in which a classifier is learnt to distinguish a target
from its surrounding background.

For generative tracking algorithms, a key problem is to
represent target appearance in a way that is robust to sig-
nificant appearance variations (caused by rotation, occlusion,
variations in illumination or scale, etc.) across video frames.
Existing tracking algorithms utilize a set of templates or basis
vectors to represent a target. For example, Ross et al. [8]
propose an incremental visual tracking (IVT) algorithm, which
learns and updates a low dimensional target representation
in a principle component analysis (PCA) subspace. The IVT
algorithm is effective to deal with pose variation, but it is not
robust to partial occlusion. Wang et al. [3] propose a generative
tracking algorithm based on linear regression technique, where
the tracked target is represented by a dictionary that consists of
a set of PCA basis vectors. In [3], the observation likelihood
is derived according to the least soft-thresold squares (LSS)
distance. The LSS tracking algorithm is robust to partial
occlusion.

Sparse representation techniques [27] have been success-
fully applied to visual tracking [6, 12, 24, 25, 28]. Mei et
al. [6] propose the `1 (L1) tracking algorithm, which sparsely
represents a target candidate by using both target templates
and trivial templates. The L1 algorithm is robust to partial
occlusion and outliers, but it is computationally expensive
due to the requirement of solving the `1-regularized least
square problem in the minimization process. In order to reduce
the computational cost, Wang et al. [12] only use a set of
target templates to represent the target without using trivial
templates. Xiao et al. [29] propose a robust tracking algorithm
by solving the `2-regularized least square problem.

Besides the sparse representation techniques, Wang et al.
[12] learn a non-negative dictionary for updating target tem-
plates. The learnt dictionary can capture the appearance vari-
ations of the tracked target. Wu et al. [11] propose a tacking
algorithm based on non-negative matrix factorization. In [11],
a target is represented by a linear combination of a set of non-
negative bases, which are incrementally learnt from a set of
target templates.

Distance metric learning as a useful tool has been suc-
cessfully applied to visual tracking [30–35]. For example, in
[30], a Mahalanobis distance metric is learnt and incorporated
into the optimization of the target representation. In [34],
Wang et al. introduce a local cosine similarity measure to
match target candidates and the target template, and devel-
op a discriminative weight learning scheme to enhance the
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matching processing. Wu et al. [35] seek an appropriate metric
in the feature space of sparse codes for visual tracking with
a structured appearance model. However, the distance metric
learning algorithms [36–39] used in these tracking algorithms
are all based on point-to-point distance metrics. Although
these point-to-point distance metric learning algorithms have
achieved interesting results in visual tracking, they cannot
readily measure the distance between a target candidate and
the corresponding template set.

Recently, the image-to-class [40] and point-to-set distance
metrics [41] have been proposed and used to several computer
vision tasks (e.g., image classification and face recognition).
In [42–44], an image class or an image set is modeled as
an affine or convex hull of the data set. In comparison,
these affine/convex hull based algorithms have achieved better
performance for image-set-based face recognition.

Inspired by the above-mentioned work, we propose a Regu-
larized affine hull and learnt Point-to-set distance Metric based
Tracking (referred to as RPMT) algorithm in this paper. To the
best of our knowledge, the proposed RPMT algorithm is the
first one that combines a learnt point-to-set distance metric
and a regularized affine hull (RAH) model spanned by target
templates for visual tracking. The distance metric learning
strategy, which is originally proposed for face recognition [41],
is employed in the proposed RPMT algorithm for measuring
the distance between a target candidate and the target template
set. Different from the AHT tracking algorithm [45], we model
the appearance model based on the regularized affine hull and
learnt point-to-set distance metric. Meanwhile, the observation
likelihood is evaluated with the learnt point-to-set distance
metric. Furthermore, different template update schemes are
used in the proposed RPMT and AHT.

The main contributions of this work are summarized as
follows:

1) We propose a joint target representation which consists
of a set of target templates and a regularized affine
hull model for the target templates. A learnt point-to-
set distance metric is incorporated into the optimization
process of the target representation. The target represen-
tation model has the advantages of both the affine hull
(i.e., covering unseen target appearances) and template
set (i.e., maintaining the diversity and effectiveness of
target templates).

2) We learn a point-to-set distance metric to measure the
distance between a target candidate and the template
set. The learnt point-to-set distance metric captures the
correlation information between different feature dimen-
sions. We incorporate the learnt point-to-set distance
metric into the joint target representation to obtain an ef-
fective and adaptive appearance model. The observation
likelihood of a target candidate belonging to the target
is evaluated by the learnt point-to-set distance metric.

3) In order to handle appearance variations and main-
tain the effectiveness of target templates, we design
an effective template update scheme to update target
templates. The proposed update scheme can adaptively
adjust the weight of each target template using the target
representation model.

The remainder of this paper is organized as follows: Section
II reviews the particle filter framework for visual tracking
and the histograms of sparse codes. Section III presents
the proposed RPMT algorithm. Section IV evaluates and
compares the performance of RPMT and several state-of-the-
art algorithms on some challenging video sequences. Section
V concludes the paper.

II. Background
In this section, we briefly review the particle filter frame-

work for visual tracking and histograms of sparse codes
(HSC), which is used as the feature descriptor in the proposed
RPMT algorithm.

A. Particle filter for visual tracking

The particle filter [46] is a Bayesian sequential importance
sampling technique for estimating the posterior distribution of
state variables characterizing a dynamic system. It consists
of the prediction and update steps. It uses a set of weighted
particles to approximate the posterior distribution of the state.

Let xt and yt denote the state variable and the corresponding
observation at time t, respectively. The tracking problem can
be formulated as an estimation of the posterior distribution
p(xt |y1:t), where y1:t = {y1, y2, · · · , yt} represents the observa-
tions from previous t frames. p(xt |y1:t) is approximated by a set
of target candidates (called particles) {xi

t}
m
i=1 with importance

weights {wi
t}

m
i=1. The target candidates {xi

t}
m
i=1 are drawn from an

importance distribution q(xt |x1:t−1, y1:t) that is often assumed
to follow a first-order Markov model. Thus, the importance
distribution q(xt |x1:t−1, y1:t) is simplified to the state transition
model p(xt |xt−1), which can be assumed to be a Gaussian
distribution. The importance weight wi

t of particle xi
t is updated

by using the observation likelihood as

wi
t = wi

t−1 p(yt |x
i
t). (1)

The importance weight wi
t of particle xi

t is proportional to
p(yt |xi

t) after being updated because the target candidates are
equally weighted before being updated. The state xt at time t
is estimated as

x̂t =

m∑
i=1

wi
tx

i
t. (2)

In the particle filter framework, an importance issue is to
effectively measure the observation likelihood p(yt |xt), which
represents the similarity between a target candidate (i.e., a
particle) and the target template. Here, we use a set of
target templates instead of one target template to improve
the robustness of the proposed RPMT. In this work, p(yt |xt)
is computed according to the reconstruction error between a
target candidate and the template set. In the implementation,
we simply consider the 2D position and scale of the tracked
target as the parameter of the target state. Given a target
state xt, the observation yt is collected by cropping the
corresponding image region in terms of the target state xt and
normalized to the same size as the target templates in the
template set. In our case, the observation likelihood p(yt |xt) is
computed using the learnt point-to-set distance metric as Eq.
(19) in Section III-C.
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B. Histograms of sparse codes

HSC has been used as feature descriptors for object detec-
tion [47]. HSC features represent each local patch in an image
with a set of codewords. The core of HSC is the representation
of local pattern at every pixel using sparse codes based on
dictionaries which are automatically learnt through K-S VD.
Given a set of image patches U = [u1,u2, · · · ,ur], K-S VD
jointly finds a dictionary A = [a1, a2, · · · , a f ] and an associated
sparse code matrix Q = [q1,q2, · · · ,qr] by minimizing the
following optimization problem [47]:

min
A,Q
‖ U − AQ ‖2F s.t. ∀i, ‖ qi ‖0≤ K, (3)

where qi is the i-th column of Q, K is the predefined sparsity
level. Once per-pixel sparse codes are computed, the sparse
codes on regular cells in a block are aggregated into his-
tograms. The histograms for all blocks are then concatenated
to yield a final histogram, which is called histograms of sparse
codes. Experimental results [47] have shown the superior
performance of HSC over HOG [48] in object detection. In
this work, we will introduce HSC into visual tracking and
show that HSC is also beneficial for tracking.

III. The proposed tracking algorithm

In this section, we describe the details of the proposed
RPMT algorithm including: regularized affine hull based target
representation, point-to-set distance metric learning, likelihood
evaluation and template update.

A. Regularized affine hull based target representation

In visual tracking, target appearance variations may lie in
a low-dimension subspace, which is usually spanned by a set
of target templates. A target candidate y can be represented
as a linear combination of a set of templates D obtained from
previous frames:

y ≈ Dα = d1α1 + d2α2 + · · · + dnαn, (4)

where D = [d1,d2, · · · ,dn] is a set of target templates, di is
a feature vector representing the i-th target template, n is the
number of the target templates, α = [α1, α2, · · · , αn]T ∈ Rn

is a coefficient vector which needs to be estimated. Usually,
in Eq. (4), the target representation can be achieved through
solving an `1 minimization problem [6, 12, 24, 25]. However,
it is computationally expensive. Inspired by the work of [42],
we characterize a template set as an affine hull (AH), i.e.,
the smallest affine subspace containing the templates in the
template set:

AH(D) =

 n∑
i=1

diαi

∣∣∣∣∣ n∑
i=1

αi = 1

 . (5)

We represent a target candidate as a feature vector in an
affine feature space. Given a template set D, a target candidate
y can be approximately represented by a feature vector through
solving the following optimization problem:

min
α
‖y − Dα‖22, s.t.

n∑
i=1

αi = 1, (6)

where α are the coefficients derived from the templates in D.
Although the affine hull is an approximate representation

of the target, it can account for unseen target appearances,
which do not appear in the template set, in the form of
affine combinations of the target templates. As experiments
show, even when the number of target templates is small,
the affine hull is still effective for representing unseen target
appearances. With sufficient target templates, the affine hull
model can effectively model a target. As we will show next,
the affine hull model is suitable for visual tracking.

The affine hull model may be influenced by inaccurate
target templates caused by outliers, occlusion, etc. In order
to obtain a stable and robust target representation, we use
`2-norm to regularize the coefficients in Eq. (6). This is
because the `2-norm regularization can alleviate the influence
of some challenging factors such as noise, partial occlusion,
illumination variation in approximating a target, which makes
the target representation more stable and robust. Furthermore,
the `2-norm regularization needs less computational cost than
`1-norm regularization.

Due to the influence of illumination variation, deformation
and other challenging factors, features with different dimen-
sions differ greatly in discriminative power for visual tracking.
In order to capture the correlation information between feature
dimensions of the target appearances, we learn a point-to-
set distance metric and incorporate it into the optimization
process in Eq. (6) to obtain an adaptive and discriminative
target representation.

For the point-to-set distance metric learning, the goal is to
learn a linear transformation matrix L or a positive semidefi-
nite matrix M = LT L. The linear transformation matrix L can
project a target candidate into a desired feature space. With the
`2-norm regularized affine hull and the linear transformation
matrix L, the solution of α̂ is obtained by the following
equation:

α̂ = arg min
α

{
‖Ly − LDα‖22 + λ‖α‖22

}
, s.t.

n∑
i=1

αi = 1, (7)

where λ is a regularization parameter. For representational
convenience, we rewrite the right side item of Eq. (7) as

min
α

{
‖Lyk − LDα‖22 + λ‖α‖22

}
, s.t. k = 1. (8)

Using the Lagrangian function, Eq. (8) becomes to minimize
the following equation:

F(α, λ1) = ‖kLy − LDα‖22 + λ‖α‖22 + λ1(k − 1)

=

∥∥∥∥∥∥L
[
y −D

] [k
α

]∥∥∥∥∥∥
2

2

+
[
k αT

] [0 0T

0 λI

] [
k
α

]
+

λ1(
[
1 0T

] [k
α

]
− 1)

(9)

where 0 is a column vector whose elements are 0. Let X =[
y −D

]
, γ =

[
k
α

]
, Y =

[
0 0T

0 λI

]
, and b =

[
1 0T

]
. Then, Eq.

(9) becomes:

F(α, λ1) = γT XT MXγ + γT Yγ + λ1(bγ − 1). (10)
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The optimal solution of Eq. (10) can be obtained by setting
the derivatives of F(·) with respect to γ and λ1 to be zero,
respectively:

∂F
∂γ

= XT MXγ + Yγ + λ1bT = 0, (11)

and
∂F
∂λ1

= bγ − 1 = 0. (12)

According to Eqs. (11) and (12), the solution of γ in Eq. (10)
is obtained as:

γ̂ =

[
k
α̂

]
= (XT MX + Y)−1bT [b(XT MX + Y)−1bT ]−1. (13)

After α̂ is obtained, a target candidate y can be approximately
represented by a set of target templates D as Dα̂, which can
be considered as the closest point to the target candidate y on
the regularized affine hull.

B. Point-to-set distance metric learning

The distance between a target candidate and the template
set cannot be readily measured by using conventional point-
to-point distance metric algorithms. In our case, instead of
learning a point-to-point distance metric, we learn a point-to-
set distance metric to measure the distance between a target
candidate and the template set. Thus, we obtain a stable and
discriminative target representation by incorporating the learnt
point-to-set distance metric into the optimization process of the
target appearance model.

Before formally presenting the metric learning process, we
simply describe some notations used in this work. Let si ∈ R

d

be a sample, where i = 1, 2, · · · , b. l(si) denotes the class label
of si. Let Sc be a sample set, where c is a class label. Here,
we label the positive and negative samples as +1 and −1,
respectively. Let S̄l(si) be the training sample set of class l(si)
except for the sample si.

In the point-to-set metric learning process, positive and
negative sample pairs are used to iteratively update the metric
matrix. The sample pairs are generated using positive and
negative samples. Similar to [20], positive and negative sam-
ples are selected via a spatial-based mechanism, as shown
in Fig. 1. The image patches close to the target location are
selected as positive samples, as shown in Fig. 1(b). The image
patches which are relatively far from the target location are
selected as negative samples, as shown in Fig. 1(c). Let S+1
and S−1 be the positive sample set and the negative sample set,
respectively. After obtaining the positive and negative samples,
we generate a positive training sample pair p+

i = (si, S̄l(si)β̂l(si))
and a negative training sample pair p−i = (si,Sc,c,l(si)β̂c,c,l(si))
for each sample si, where

β̂l(si) = (S̄T
l(si)MS̄l(si) + λI)−1S̄T

l(si)Msi, (14)

and
β̂c,c,l(si) = (ST

c MSc + λI)−1ST
c Msi. (15)

The generated positive and negative training sample pairs are
labeled as +1 and −1, respectively. M is the learnt point-to-set
distance metric matrix.

(a) Target location (b) Positive samples (c) Negative samples

Fig. 1: An illustration of training sample selection. (a) The
current target is represented by a red rectangle box. (b) The
selected positive samples are represented by a set of rectangle
boxes closing to the target. (c) The selected negative samples
are represented by a set of rectangle boxes far from the target.

In metric learning, the distance between any two samples in
a positive sample pair should be as close as possible, while the
distance between any two samples in a negative sample pair
should be relatively far. Thus, to obtain an effective point-to-
set distance metric for tracking, we adopt the metric learning
model [41], which is originally proposed for classification
problem:

min
M,βl(si ),βc,ξ

P+

i ,ξP−
ic ,τ
‖M‖2F + ν(

∑
i,c

ξP−
ic ,+

∑
i

ξP+

i )

s.t. dM(si,Sc) + τ ≥ 1 − ξN
ic , c , l(si);

dM(si, S̄l(si)) + τ ≤ −1 + ξP
i ;

M � 0,∀i, c, ξP−
ic ≥ 0, ξP+

i ≥ 0,

(16)

where ‖ · ‖F denotes the Frobenius norm, dM(·) denotes the
distance between two samples in a sample pair. τ is a bias and
ν is a positive constant. ξP+

i and ξP−
ic are the slack variables

for the positive sample pairs P+ = {p+
i }

b
i=1 and the negative

sample pairs P− = {p−i }
b
i=1, respectively. βl(si) and βc are the

coefficient vectors for the sample set S̄l(si) and Sc, respectively.
The optimizing problem in Eq. (16) can be formulated as the
the Lagrange dual problem and solved by LIBSVM (refer to
[41] for more details).

In the visual tracking process, after generating a set of
positive and negative samples {si}

b
i=1 in each frame, we can

generate the positive training sample pairs P+ and the negative
training sample pairs P−. Then, the distance metric matrix is
updated as:

M =

b∑
i=1

(µ−i (si − Sc,c,l(si)β̂c,c,l(si))(si − Sc,c,l(si)β̂c,c,l(si))
T

−µ+
i (si − S̄l(si)β̂l(si))(si − S̄l(si)β̂l(si))

T ),

(17)

where µ+
i and µ−i are the corresponding weights of the sample

pairs p+
i and p−i , respectively. In the point-to-set distance met-

ric learning process, M and {βl(si),βc} are updated alternatively.
Once {βl(si),βc} are obtained, we fix them and update the metric
matrix M. Then we update {βl(si),βc} while fixing M, and so
on.

The procedure of the point-to-set distance metric learning
for visual tracking is summarized in Alg. 1.

C. Likelihood evaluation
The likelihood evaluation is a key issue in visual tracking.

The observation likelihood represents the similarity between a
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Algorithm 1 Point-to-set distance metric learning

Input: Positive samples S+1 = [s1, · · · , si], negative sam-
ples S−1 = [si+1, · · · , sb], the corresponding class label
{l(s j)}bj=1, initial distance metric matrix M = I where I is
an identify matrix, maximum number of iterations num.

Output: The updated distance metric matrix M.
1: while iteration number < num && not converged do
2: Extract the corresponding HSC features for the samples

{s j}
b
j=1.

3: Generate positive sample pairs (s j, S̄l(s j)β̂l(s j)) with Eq.
(14), j = 1, · · · , b.

4: Generate negative sample pairs (s j,Scβ̂c) with Eq. (15),
c , l(s j) and j = 1, · · · , b.

5: Update the distance metric matrix M via Eq. (17).
6: Project M onto the cone of positive semidefinite matri-

ces for keeping M � 0.
7: end while
8: Return M.

target candidate and the template set. In this work, the observa-
tion likelihood is computed from the distance between a target
candidate and the template set modeled as a regularized affine
hull. Based on a template set D collected from the previous
frames and a learnt point-to-set distance metric M, the distance
from a target candidate y to the template set D is computed
as

dM(y,D) = (Ly − LDα̂)T (Ly − LDα̂)

= γ̂T
[
y −D

]T
M

[
y −D

]
γ̂,

(18)

where γ̂ =

[
1
α̂

]
as in Eq. (13). The distance dM(y,D) can be

considered as the displacement from the target candidate y
to the closest point (i.e., Dα̂) on the regularized affine hull
spanned by the template set D, as illustrated in Fig. 2.

y

RAH

dM(y,D)

Fig. 2: An Illustration of the distance between a target candi-
date y and the regularized affine hull spanned by the template
set D. The left is a target candidate. On the right, each image
is either a target template or an affine combination of the target
templates.

After obtaining the distance dM(y,D), the observation like-
lihood of a target candidate y is measured as

p(y|x) ∝ exp{−σdM(y,D)}, (19)

where σ is a positive constant controlling the shape of the
Gaussian kernel.

D. Template update

Since the target appearance may change significantly over
time, a robust template update scheme is required for tracking.
In this subsection, we develop an effective template update
scheme to update the template set. The template update
scheme remains the representative target templates and dis-
cards one template with the smallest weight in the template set
at each frame. This is implemented by adjusting the template
weights with respect to the coefficients of the target templates.
In the first frame, the first target template (i.e., the tracked
target) is manually selected. The other target templates are
selected by perturbing a few pixels at the target center location.
All of the target templates are assigned with the same weights
in the first frame. During tracking, the target templates and
their weights are updated with respect to the coefficients of the
obtained regularized affine hull model. The current tracking
result is used as a target template which is added to the
template set, while the target template with the smallest weight
is removed from the target template set. The size of the
template set remains 25 in our experiments for balancing both
template diversity and computational efficiency.

An illustration of the template update process is shown in
Fig. 3. Fig. 3 (a) shows the obtained tracking result at the
current frame represented by the red rectangle box. Fig. 3
(b) shows the target templates which are used to approximate
the target candidates at the current frame. Fig. 3(c) shows the
coefficients of the used target templates. The template weights
are updated using the coefficients and are shown in Fig. 3 (d).
The target template with the smallest weight is deleted from
the template set. The tracking result shown in Fig. 3 (a) is
added to the template set. To avoid that the newly added target
template is replaced too fast or too slow in subsequent frames,
the newly added target template is initially assigned with the
median weight value of the current target templates.

(a) (b)
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(d)

Fig. 3: An illustration of the main components of the template
update process. (a) The obtained tracking result represented
by the red rectangle. (b) The used target templates. (c) The
coefficients of the used target templates. (d) The weights of
the used target templates.
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Algorithm 2 The template update scheme

Input: The estimated target state x̂t at the current frame t;
the template set Dt−1 = [d1,d2, · · · ,dn], the corresponding
weights Φt−1 = [φ1, φ2, · · · , φn] of the target templates
in Dt−1 and the learnt point-to-set distance metric matrix
Mt−1 at the (t − 1)th frame, n is the number of the target
templates.

Output: The updated template set Dt and the corresponding
weights Φt of the target templates at the current frame t.

1: Crop out the image region corresponding to x̂t, and extract
the corresponding HSC feature yt.

2: Compute the coefficient vector α̂ = [α1, α2, · · · , αn]T for
the template set via Eqs. (7) and (13) with yt, Mt−1 and
Dt−1.

3: Update the weights φi for each target template according
to the obtained coefficients α̂ by using the following
manner:
φi ← φi ∗ exp(αi), 1 ≤ i ≤ n.

4: h← argmin
i

(φi);
φh ← median(Φt−1).

5: Φt ← Φt−1/sum(Φt−1).
6: Dt = [d1, · · · ,dh−1, yt,dh+1, · · · ,dn].
7: Return the updated Dt and Φt.

The template update scheme is outlined in Alg. 2. With the
above template update scheme, the proposed RPMT algorith-
m can adapt to significant target appearance variations and
alleviate the drift problem.

E. The complete tracking algorithm

By integrating the above-mentioned four modules (i.e., the
regularized affine hull based target representation, the point-to-
set distance metric learning, the likelihood evaluation and the
template update scheme) into the particle filtering framework,
we obtain the proposed RPMT algorithm whose complete
procedure is shown in Alg. 3. The framework of the proposed
RPMT algorithm is also illustrated in Fig. 4. It consists of six
major components: particle generation, likelihood evaluation,
target localization, training sample selection, template update
and point-to-set distance metric learning. In the first frame,
target templates and particles are initialized (i.e., step 3 in
Alg. 3). Then, positive and negative samples are selected (i.e.,
step 13 in Alg. 3), and the initial distance metric matrix is
learnt (i.e., step 14 in Alg. 3).

When the subsequent frames are input, the tracking process
is as follows. In Fig. 4(b) (i.e., steps 5-9 in Alg. 3), a
number of particles are generated around the target location
at the previous frame. The histograms of sparse codes for
the particles are computed and the corresponding observation
likelihoods are evaluated. Then, the current target location is
estimated in the particle filter framework, as shown in Fig. 4(c)
(i.e., step 10 in Alg. 3). Based on the template set obtained at
the previous frame, the learnt point-to-set distance metric, and
the estimated target location at the current frame, the template
set is updated in Fig. 4(d) (i.e., step 12 in Alg. 3). Both positive
and negative samples (in yellow and green, respectively) are

Algorithm 3 The proposed tracking algorithm

Input: Video frames F1, · · · , FL, the target state x1 in F1.
Output: The target state x̂t at the current frame t.

1: for t = 1 to L do
2: if t == 1 then
3: Initialize the target templates D1 = [d1,d2, · · · ,dn]

and the corresponding weights Φ1 = [φ1, φ2, · · · , φn],
initialize m particles {xi

t}
m
i=1 with equal weights. Go

to step 13.
4: else
5: Generate m particles {xi

t}
m
i=1 using the particle filter

framework.
6: Crop out the corresponding image regions of {xi

t}
m
i=1,

and extract the corresponding HSC features {yi
t}

m
i=1

for the image regions.
7: for each particle xi

t do
8: Compute p(yt |xi

t) using Eqs. (18)-(19) with Dt−1
and Mt−1, update the particle’s weight via Eq. (1).

9: end for
10: Estimate the target state using Eq. (2).
11: end if
12: Update the template set in Alg. 2.
13: Select positive and negative samples according to x̂t.
14: Run the point-to-set distance metric learning algorithm

(Alg. 1) and obtain Mt.
15: Propagate particles with resampling w.r.t p(xt |xt−1).
16: Return x̂t.
17: end for

selected in Fig. 4(e) (i.e., step 13 in Alg. 3). With the selected
positive and negative samples, a number of training sample
pairs and the point-to-set distance metric matrix are updated
alternatively, as illustrated in Fig. 4(f) (i.e., step 14 in Alg. 3).

IV. Experiments
The proposed RPMT algorithm is implemented in MAT-

LAB on a PC with Intel i7-3770 3.4GHZ and 16GB memory.
The proposed RPMT runs 0.44 frames per second in this
platform. We conduct experiments on twelve challenging video
sequences from [1, 5, 6, 8, 20, 26]. Fig. 5 shows the first and
last frames of the video sequences. Table I summarizes the
main attributes of the video sequences.

As a tradeoff between accuracy and speed, the number of
particles is set to 300. For each particle, the corresponding
HSC feature is extracted. The value of λ in Eq. (7) is set to
0.001. The value of σ in Eq. (19) is set to 20. The maximum
iteration number num in Alg. 1 is set to 240. For computing
the HSC feature, the sparsity level K in Eq. (3) is set to 1, and
we set the dictionary size to 50 for 5 × 5 patches. Positive
samples are selected from a region with a radius of 4 pixels
centered at the current target, and negative samples are selected
from a region with an inner radius of 12 pixels and an outer
radius of 30 pixels centered at the current target. For each
video sequence, the bounding box of the target is manually
initialized in the first frame.

In order to validate the effectiveness and robustness of the
proposed RPMT algorithm, we compare RPMT with eleven
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Fig. 4: The framework of the proposed tracking algorithm.

state-of-the-art tracking algorithms qualitatively and quantita-
tively. These competing algorithms include: Struck[15], SCM
[24], ASLA [25], VTD [5], Frag [4], OAB [13], MTT [28],
CT [14], L1 [6], LSHT [26] and LSST [3]. For fairness, in
our experiments, we use the source codes or binary codes
provided by the authors, and initialize these algorithms with
default parameters.

A. Quantitative comparison

We use four criteria to evaluate the performance of all the
tracking algorithms adopted in [1]. These criteria are precision,
average center location error (ACLE), overlap rate (OR) and
success rate (SR).

Fig. 6 shows the plots for the precision obtained by all the

(a) CouponBook (b) Subway (c) Basketball (d) David3 (e) Football (f) Singer2

(g) Football1 (h) MountainBike (i) Bolt (j) Sylvester (k) Fish (l) Man

Fig. 5: The images on the first and second rows are the first and last frames of the twelve video sequences, respectively. The
targets are represented by the red rectangle boxes.
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tracking algorithms on the twelve sequences. We also report
the average center location errors obtained by all the tracking
algorithms in Table II. From Fig. 6 and Table II, we can see
that the proposed RPMT achieves the best or the second best
tracking results in all of the video sequences.

Fig. 7 shows the plots for SR obtained by all the tracking
algorithms on the twelve sequences. Table III summarizes the
success rates where the overlap rate is set to 0.5. From Fig. 7
and Table III, we can see that the proposed RPMT algorithm
obtains the best tracking results in ten of the twelve video

sequences and the second best results in the other two video
sequences. RPMT obtains the highest average success rate
among the twelve sequences.

We report the average overlap rates obtained by the com-
peting tracking algorithms in Table IV. As seen from Table
IV, the proposed RPMT algorithm has achieved the best or
the second best tracking results in all of the twelve sequences.
Although the proposed RPMT obtains the second best results
in five sequences (i.e., the CouponBook, S ubway, Basketball,
David3, and MountainBike sequences), the performance gap

TABLE I: The main attributes of the twelve video sequences. Target size: the initial target size in the first frame; BC: background
clutter; OPR: out-of-plane rotation; IPR: in-plane rotation; Occ: occlusion; Def: deformation; IV: illumination variation; SO:
similar object.

Sequence Frames Image size Target size Color BC OPR IPR Occ Def IV SO
CouponBook 327 320 × 240 62 × 98 RGB

√ √ √

Subway 175 352 × 288 19 × 51 RGB
√ √ √

Basketball 725 576 × 432 34 × 81 RGB
√ √ √ √ √ √

David3 252 640 × 480 35 × 131 RGB
√ √ √ √

Football 362 624 × 352 39 × 50 Gray
√ √ √ √ √

Singer2 366 624 × 352 67 × 122 RGB
√ √ √ √ √

Football1 74 352 × 288 26 × 43 RGB
√ √ √ √

MountainBike 228 640 × 360 67 × 56 RGB
√ √ √

Bolt 350 640 × 360 26 × 61 RGB
√ √ √ √

Sylvester 1345 320 × 240 51 × 61 Gray
√ √ √

Fish 476 320 × 240 60 × 88 Gray
√

Man 134 241 × 193 26 × 40 RGB
√
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Fig. 6: The plots for precision obtained by the twelve tracking algorithms in terms of location error threshold (in pixels).
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between it and the competing algorithms with the best results
is very small (e.g., in the S ubway sequence, the tracking result
obtained by the proposed RPMT is 0.694, and the best tracking
result obtained by LSHT is 0.696).

Overall, the proposed RPMT performs favorably against the
other competing algorithms on the twelve sequences in SR,
ACLE and overlap, in spite of the influences of background
clutter, illumination variation, partial occlusion, rotation, etc.
This is because the proposed appearance representation can
cover unseen target appearances by the affine combinations of

target templates. Meanwhile, the learnt point-to-set distance
metric captures the correlation information between feature
dimensions of the target appearance. This information provides
discriminative power for visual tracking.

The comparison results on benchmark dataset [1] in OPE
are shown in Fig. 8. Despite the fact that several the state-of-
the-art algorithms perform better, there are certain classes of
sequences where RPMT is superior, e.g. in the Bolt, David3
and Football sequences that contain background clutters and
out-of-plane rotation, etc.

TABLE II: The average center location errors (in pixels) obtained by the twelve competing algorithms. The best and the second
best results are shown in red color and blue color, respectively.

Sequence Struck SCM ASLA VTD Frag OAB MTT CT L1 LSHT LSST RPMT
CouponBook 15.0 6.0 4.4 65.2 56.2 24.9 4.3 4.9 66.3 4.3 8.0 4.1

Subway 118.3 5.0 142.0 140.3 8.1 97.7 172.2 8.2 5.2 6.6 146.8 4.2
Basketball 176.7 13.3 22.4 6.4 29.0 136.1 289.0 116.2 77.8 25.7 19.9 8.6

David3 85.1 66.0 106.0 66.3 17.0 55.8 384.3 11.6 212.1 54.1 6.3 5.9
Football 15.3 6.9 6.3 218.3 14.6 19.5 13.7 10.8 68.4 7.2 13.2 4.4
Singer2 174.7 172.2 17.0 20.1 35.9 170.5 197.1 40.4 145.7 18.4 14.2 7.7

Football1 7.1 10.4 15.5 6.4 11.9 36.7 9.9 11.2 59.3 30.8 8.6 4.8
MountainBike 12.9 10.1 10.3 65.7 34.0 12.6 5.8 211.1 141.8 83.6 131.3 7.1

Bolt 387.8 203.2 395.6 347.8 150.5 31.2 394.8 333.3 118.4 40.8 376.4 5.8
Sylvester 11.7 8.0 7.1 58.4 22.7 11.9 6.4 16.2 31.0 13.6 67.5 6.1

Fish 3.9 8.3 3.3 24.6 24.7 39.8 24.0 12.6 36.8 7.2 2.9 2.7
Man 2.3 2.9 3.1 22.7 44.6 2.8 3.2 33.5 2.6 3.1 3.4 2.4

Average 84.2 42.7 61.1 86.9 37.4 53.3 127.1 67.5 80.4 24.6 66.5 5.3
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Fig. 7: The plots for the success rates obtained by the twelve tracking algorithms in terms of overlap threshold.
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TABLE III: The success rates (in percentage) obtained by the twelve competing algorithms. The best and the second best
results are shown in red color and blue color, respectively.

Sequence Struck SCM ASLA VTD Frag OAB MTT CT L1 LSHT LSST RPMT
CouponBook 100 100 100 39.4 40.9 57.6 100 100 39.4 100 97.0 100

Subway 29.7 82.3 20.0 21.7 81.1 45.1 8.0 79.4 81.1 90.3 20.6 96.6
Basketball 11.5 59.0 79.6 91.0 51.7 1.2 2.6 36.4 24.0 64.4 11.3 82.8

David3 48.4 60.3 32.9 52.4 64.7 67.1 9.9 73.0 6.0 66.3 98.0 90.5
Football 69.3 88.6 66.9 16.9 72.9 68.5 72.5 79.3 16.3 79.6 62.7 93.1
Singer2 3.6 3.0 88.3 33.3 45.9 3.6 3.6 47.5 4.1 67.5 74.9 100

Football1 89.2 39.2 51.4 81.1 43.2 44.6 74.3 37.8 12.2 14.9 51.4 91.9
MountainBike 81.6 95.2 95.6 59.2 70.6 81.1 100 17.1 25.9 61.4 44.3 100

Bolt 1.4 14.3 0.9 3.1 3.7 2.3 1.1 1.1 1.4 32.0 0.9 96.6
Sylvester 80.3 86.6 81.6 48.4 50.3 71.2 87.8 80.2 55.5 83.3 30.3 99.9

Fish 100 86.6 100 39.7 47.3 23.5 4.0 81.5 20.2 100 100 100
Man 99.3 98.5 98.5 22.4 20.9 99.3 99.3 23.1 98.5 100 100 100

Average 59.5 67.8 68.0 42.4 49.5 47.1 46.9 54.7 32.1 71.6 57.6 96.0

TABLE IV: The average overlap rates (in percentage) obtained by the twelve competing algorithms. The best and the second
best results are shown in red color and blue color, respectively.

Sequence Struck SCM ASLA VTD Frag OAB MTT CT L1 LSHT LSST RPMT
CouponBook 70.2 82.3 86.9 36.2 37.1 57.1 86.9 83.3 35.2 89.2 80.2 87.8

Subway 22.0 61.8 15.5 18.0 62.3 36.6 6.7 62.8 62.2 69.6 15.6 69.4
Basketball 12.9 55.3 56.5 71.2 49.2 2.5 2.3 28.3 44.6 52.4 24.1 64.8

David3 41.5 45.2 24.9 43.2 55.8 54.7 9.3 62.4 6.4 52.8 71.2 69.0
Football 55.7 60.3 52.0 13.0 56.2 52.1 57.8 61.8 16.2 66.0 53.0 71.5
Singer2 4.2 5.3 68.3 46.9 44.9 4.3 3.8 43.6 6.0 58.1 66.4 78.0

Football1 66.0 45.4 49.0 63.1 48.4 37.8 60.9 45.5 13.1 26.0 53.9 70.6
MountainBike 62.2 67.3 68.9 47.3 53.7 62.6 72.4 14.3 23.4 48.1 36.4 71.1

Bolt 1.7 12.9 0.9 3.0 3.3 2.2 1.0 1.2 3.5 25.7 1.0 73.5
Sylvester 66.0 67.8 66.5 37.4 46.4 61.4 71.7 61.2 46.4 65.8 27.7 72.2

Fish 84.3 74.0 86.1 47.3 48.9 31.6 18.8 66.6 28.6 78.1 80.9 89.4
Man 81.9 71.9 74.3 28.8 17.5 80.0 77.4 25.3 65.3 77.8 70.0 84.2

Average 47.4 54.1 54.2 38.0 43.6 40.0 39.1 46.4 29.2 59.1 48.4 75.1

We also aim to investigate the influence of some key
parameters for visual tracking. Table V shows the ACLE, OR
and SR performance on the S ylvester sequence with different
values of λ. Compared with Table II, III and IV, the proposed
RPMT algorithm achieves better tracking results with different
values of λ than most of the competing algorithms. It is clear
that the proposed RPMT achieve the best result with λ being
set to 0.001 or 0.002.

We examine the tracking performance of the proposed track-
ing algorithm with respect to different template set sizes. Table
VI shows the quantitative evaluation on the MountainBike se-
quence with five different template set sizes. The OR obtained
by the proposed RPMT increases as the template set size
increases, although the proposed RPMT achieves the smallest
ACLE when the size is set to 25.
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Fig. 8: The plots OPE on benchmark dataset.

TABLE V: Quantitative evaluation of the proposed RPMT by
varying the value of λ on the S ylvester sequence. The values
of λ are shown in the head row of the table.

Measure 0.0005 0.001 0.0015 0.002 0.0025
ACLE 8.9 6.1 7.6 5.9 8.8

OR 65.9 72.2 68.2 71.6 66.3
SR 94.1 99.9 95.3 99.9 94.4

TABLE VI: Quantitative evaluation of the proposed RPMT by
varying the template set size on the MountainBike sequence.
The template set sizes are shown in the head row of the table.

Measure 10 15 20 25 30
ACLE 8.8 9.2 9.0 7.1 7.8

OR 70.9 69.3 70.0 71.1 72.1
SR 100 100 100 100 100

B. Qualitative comparison

Next, we will analyze the tracking results obtained by the
competing algorithms on the twelve sequences in Fig. 9.

Fig. 9(a) shows some tracking results in the CouponBook
sequence, which undergoes significant appearance variations.
OAB stays away from the target after the 51st frame due to the
influence of the significant appearance variations. Distracted
by background clutter, when the other coupon book appears,
VTD, Frag and L1 drift to the distracter after the 131st frame.
The other competing algorithms and the proposed RPMT
track the target successfully throughout the video sequences.
However, compared with these competing algorithms, RPMT
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achieves more accurate tracking results.

The S ubway sequence shown in Fig. 9(b), is captured in
a subway scene with background clutter. The target is one
pedestrian, who is occluded by the other four pedestrians.
Affected by severe occlusion, background clutter and non-
rigid object deformation, both ASLA and VTD fail to track
the target after the 40th frame, while LSST fails to track the
target after the 37th frame. MTT can only track the target
before the 16th frame, and loses the target entirely after that.
OAB and Struck lose the target and wrongly track the other
pedestrian after the 80th and the 58th frames, respectively.
Frag stays far away from the target in some frames, e.g.,
from the 126th frame to the 133rd frame. CT, L1 and Struck
are not robust to partial occlusion, and thus they drift away
from the target in some frames (e.g., the 41st, 43rd and
98th frames, respectively) where partial occlusion occurs. In
contrast, only LSHT and RPMT keep tracking the target

accurately throughout the video sequence.

In the Basketball sequence shown in Fig. 9(c), a basketball
match is going on. The tracked target is a basketball player.
Because of background clutter, partial occlusion, non-rigid ob-
ject deformation, out-of-plane rotation and drastic illumination
variation, OAB, MTT and LSST fail in tracking the target
after the 7th, 21st and 117th frames, respectively. After the
160th, 661st, 450th and 661st frames, Struck, LSHT, L1 and
ASLA lose the target, respectively. From the 369th frame to
the 634th frame, Frag fails to track the target. CT fails to track
the target from the 208th frame to the 578th frame, and tracks
another player from the 579th frame to the 665th frame. SCM
tracks the target with less accurate scale estimates in some
frames (e.g., from the 698th frame to the 712th frame). In
contrast, only VTD and RPMT can accurately track the target
throughout the video sequence.

In the David3 sequence shown in Fig. 9(d), a man with

(a) CouponBook (b) Subway

(c) Basketball (d) David3

(e) Football (f) Singer2

(g) Football1 (h) MountainBike

(i) Bolt (j) Sylvester

(k) Fish (l) Man

Fig. 9: The tracking results obtained by the twelve competing algorithms on the twelve sequences.
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large pose changes walks along a pavement with background
clutter. The target (i.e., the man) is occluded several times by
a tree and an iron post. Because MTT and L1 are not robust
to partial occlusion, they lose the target after the 25th and the
29th frames, where occlusion occurs, respectively. Affected
by partial occlusion, ASLA fails to track the target after the
83rd frame, while OAB and LSHT fail to track the target after
the 187th and the 189th frames, respectively. When the target
undergoes out-of-plane rotation, SCM, Frag, CT, VTD and
Struck fail to track the target after the 118th, 123rd, 124th,
126th and 125th frames, respectively. SCM, Frag and CT can
track the target again from the 132nd, 154th and 167th frames,
respectively. In contrast, only LSST and the proposed RPMT
can track the target successfully.

In the Football sequence shown in Fig. 9(e), severe oc-
clusions occur in some frames (e.g., from the 284th to the
288th frames). The target (i.e., a football player) shares the
similar color with the other players. Distracted by background
clutter, severe occlusion, in-plane and out-of-plane rotations,
both VTD and L1 begin to lose the target from the 62nd
and the 59th frames, respectively. MTT loses the target from
the 186th frame to the 199th frame, while Struck, Frag and
OAB fail to track the target after the 270th, 277th and 272nd
frames, respectively. CT, LSST and LSHT fail in tracking the
target from the 290th, 294th and 301st frames, respectively.
ASLA loses the target from the 324th to the end of the video
sequence. In contrast, only SCM and the proposed RPMT can
track the target successfully. However, RPMT obtains more
accurate tracking results than SCM.

In the S inger2 sequence shown in Fig. 9(f), a singer
with varying body poses is singing on a ballroom. Affected
by significant background clutter and illumination variation,
OAB, MTT and Struck lose the target after the 13th frame,
while SCM and L1 fail to track the target from the 12th and
41st frames, respectively. Due to the influence of non-rigid
object deformation, in-plane rotation, out-of-plane rotation,
background clutter and illumination variation, VTD, ASLA
and LSST fail to track the target after the 110th, 324th and
273rd frames, respectively. LSHT, Frag and CT can keep
tracking the target, but they obtain inaccurate tracking results.
Compared with these competing algorithms, the proposed
RPMT succeeds in accurately tracking the target till the end
of the video sequence.

As shown in Fig. 9(g), a football game is going on in
the Football1 sequence. Affected by background clutter, in-
plane and out-of-plane rotations, L1, LSHT, CT and SCM
fail in tracking the target from the 9th, 13th, 27th and 29th
frames, respectively. LSST, ASLA and MTT lose the target
after the 42nd, 44th and 56th frames, respectively. OAB fails
to accurately track the target from the 28th frame to the
31st frame, and loses the target after the 38th frame. Frag
drifts away from the target from the 13th frame to the 30th
frame, and completely loses the target after the 55th frame. In
contrast, only Struck, VTD and RPMT are able to accurately
track the target throughout the video sequence. However,
among these three tracking algorithms, the proposed RPMT
achieves the most accurate tracking results.

Fig. 9(h) shows some tracking results in the MountainBike

sequence. Because of background clutter, in-plane and out-
of-plane rotations, L1 starts to lose the target after the 29th
frame, while CT fails to track the target from the 40th frame.
OAB loses the target from the 168th frame to the 208th frame,
while Struck fails to track the target from the 175th frame to
the 215 frame. LSST, LSHT, VTD and Frag lose the target
after the 106th, 148th, 155th and 182nd frames, respectively.
In contrast, MTT, SCM, ASLA and RPMT can track the target
successfully throughout the video sequence, but MTT and
RPMT achieve more accurate tracking results than SCM and
ASLA.

In the Bolt sequence shown in Fig. 9(i), the target is a
running athlete with rapid appearance variations. Due to the
influence of non-rigid object deformation, partial occlusion, in-
plane and out-of-plane rotations, all of Struck, ALSL, VTD,
Frag, OAB, MTT, CT, L1 and LSST fail to track the target
after the first 20 frames. SCM and LSHT lose the target
after the 54th and 119th frames, respectively. Compared with
these competing algorithms, the proposed RPMT is capable of
accurately tracking the target in case of the rapid appearance
variations.

Fig. 9(j) shows some tracking results in the S ylvester
sequence. Suffering from illumination variation, in-plane and
out-of-plane rotations, LSHT loses the target after the 1130th
frame, while VTD loses the target from the 608th frame to the
1282nd frame. From the 422nd frame to the 494th frame, L1
stays away from the target. Struck, SCM, ASLA and OAB can
keep tracking the target intermittently, however, they obtain
inaccurate tracking results. From the 272nd frame to the 678th
frame, LSST fails to accurately track the target, and it loses the
target from the 678th frame to the end of the video sequence.
CT fails to track the target from the 1019th frame to the 1285th
frame. From the 599th frame to the 1062nd frame, Frag fails
to track the target. In contrast, MTT and the proposed RPMT
are capable of accurately tracking the target throughout the
video sequence. However, RPMT can achieve more accurate
tracking results than MTT.

Fig. 9(k) shows some tracking results in the Fish sequence.
Due to the influence of illumination variation, MTT fails to
track the target after the 20th frame, while L1 fails to track
the target from the 29th frame. VTD tracks the target with
less accurate scale estimates from the 168th to the 237th
frames. Frag stays away from the target from the 46th to
the 120th frames. OAB is not robust to illumination variation,
and it fails to track the target after the 126th frame. CT loses
the target in some frames (e.g., from the 158th to the 181st
frames). SCM achieves inaccurate tracking results in some
frames (e.g., from the 357th to the 387th frames). Struck,
ASLA, LSHT, LSST and the proposed RPMT can track the
target successfully throughout the video sequence. Among
these competing algorithms, RPMT obtains the most tracking
performance.

The Man sequence, shown in Fig. 9(l), is captured in an
indoor scene. A man undergoing drastic illumination variation
moves from side to side. After the 30th, 29th and 32nd frames,
VTD, Frag and CT start to lose the target, respectively. The
other competing algorithms can track the target successfully
throughout the video sequence. Compared with these com-
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(a) Deer

(b) Shaking

Fig. 10: Two cases of failure.

peting algorithms, the proposed RPMT obtains more accurate
tracking results.

From the quantitative comparisons and qualitative analysis,
we can see that the proposed RPMT is preferable in some
scenarios undergoing appearance variations including partial
occlusion, illumination variation, in-plane and out-of-plane
rotations, background clutter, etc. The proposed RPMT is
robust to these appearance variations and performs well against
some state-of-the-art tracking algorithms.

C. Limitations
Although the proposed RPMT algorithm performs well in

complicated scenes, it also fails in some video sequences.
As seen from Fig. 10 (a), RPMT loses the target in the
34th frame when it undergoes fast motion, motion blur and
background clutter simultaneously. In the S haking sequence
(see Fig. 10 (b)), RPMT achieves inaccurate tracking results
due to the influence of significantly illumination variation and
background clutter (e.g., in the 59th and 292nd frames). The
tracker drifts away from targets because of the influence of
the cluttered appearance variations for not containing a re-
initialization mechanism to discover the target again.

V. Conclusion
In this paper, we propose an efficient visual tracking al-

gorithm based on an adaptive appearance model. The target
appearance model consists of a set of target templates and
the regularized affine hull model spanned by the target tem-
plate set. This target appearance model enables the proposed
tracking algorithm to adapt to complicated appearance changes
over time. A point-to-set distance metric is adaptively learnt
and incorporated into the optimization process of the target
appearance model. The distance between a target candidate
and the template set is measured under the learnt point-to-
set distance metric. Moreover, we also propose an effective
template update scheme to maintain the diversity and effective-
ness of the target template set. Experimental results on twelve
challenging video sequences demonstrate that the proposed
tracking algorithm is robust to challenging factors including
background clutter, rotation, illumination variation, occlusion,
etc. Both quantitative and qualitative comparisons show that
the proposed tracking algorithm performs favourably against
eleven state-of-the-art tracking algorithms.
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