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Learning Common and Feature-Specific Patterns: A
Novel Multiple-Sparse-Representation-based Tracker

Xiangyuan Lan, Shengping Zhang, Member, IEEE, Pong C. Yuen, Senior Member, IEEE,
and Rama Chellappa, Fellow, IEEE

Abstract—The use of multiple features has been shown to
be an effective strategy for visual tracking because of their
complementary contributions to appearance modeling. The key
problem is how to learn a fused representation from multiple
features for appearance modeling. Different features extracted
from the same object should share some commonalities in their
representations while each feature should also have some feature-
specific representation patterns which reflect its complementarity
in appearance modeling. Different from existing multi-feature
sparse trackers which only consider the commonalities among the
sparsity patterns of multiple features, this paper proposes a novel
multiple sparse representation framework for visual tracking
which jointly exploits the shared and feature-specific properties
of different features by decomposing multiple sparsity patterns.
Moreover, we introduce a novel online multiple metric learning to
efficiently and adaptively incorporate the appearance proximity
constraint, which ensures that the learned commonalities of
multiple features are more representative. Experimental results
on tracking benchmark videos and other challenging videos
demonstrate the effectiveness of the proposed tracker.

Index Terms—Visual tracking, feature fusion, sparse represen-
tation, metric learning

I. INTRODUCTION

AS an important and active research topic in computer
vision community, visual tracking is a key component in

many applications ranging from human computer interaction
to video surveillance and robotics [1–8]. Although it has been
extensively studied in last two decades and significant progress
has been made in recent years, it still remains to be challenging
problem mainly due to numerous appearance variations caused
by illumination, pose, occlusion and so on. Therefore, one of
the key issues is how to design an effective object appearance
model, which could handle the different variations (e.g. [9])
mentioned above. Due to irregular changes in each individual
variation as well as their complicated interactions, using a
single feature to model the object appearance could not totally
solve the problems. Multiple features have been used to realize
a more robust approach for appearance modeling [10–13].
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With multiple features of object appearance, a key problem
is how to learn a fused representation from multiple features
for appearance modeling.

Motivated by the recent success of sparse representations in
pattern classification [14], several efforts have been made to
develop multi-feature trackers based on sparse representation
with promising results. With the assumption that different
features of the tracked object are strongly correlated, instead
of learning sparse representation for each kind of feature inde-
pendently, most existing multi-feature sparse trackers attempt
to collaboratively learn the common or similar representations
For example, Wu et al.[15] concatenated multiple sources of
data and learned the sparse pattern for the concatenated feature
using `1 norm minimization, which exploits the commonalities
of multiple features by implicitly enforcing all the sparse
representations of different features to be the same. To learn a
robust fused representation of multiple features, Hu et al. [16]
employed a multi-task joint sparse representation [17] with a
weighted `1,2 regularization. Although their method does not
enforce the representations of all features to be the same, it
still requires that the representations have the same positions of
non-zero sparse coefficients. Such `1,2 regularization scheme
is also exploited in the multi-task multi-view tracker [13],
which still strictly restrict non-outlier tasks to share the same
set of features from multiple views.

Generally speaking, exploiting the commonalities among
their representations is reasonable, as different features are
extracted from the same object and hence should share some
similarity in their underlying representations. However, as
each feature also describes different characteristics of the
tracked object (e.g. edge, color, texture), their own distinctive
properties which would complement each other in appearance
modeling should also be considered. As observed from Fig. 1
which illustrates the representations of different features for a
subject’s face under illumination and pose variation, different
features share some commonality in their representation while
each one has some diverse patterns which may reflect some
feature-specific properties. As discussed in [18], commonality
is closely related to the concepts of agreement or consensus,
while complementarity may be provided by some feature-
specific properties and thereby is related to disagreement or
diversity. Therefore, it is important to allow these features
to have some diversities to reflect their distinctive properties
in their representations when employing their commonality,
which can further exploit their complementarity in appearance
modeling.

In addition, the commonality for multi-feature sparse track-
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ers determines the common set of object templates from
different features that are fused for appearance modeling. As
discussed in [16], directly imposing the sparsity constraint
on the commonality may not be effective in selecting object
templates with similar appearance in multiple feature for
object representation. That is to say, the commonalities learned
under sparsity constraint may not be able to determine accurate
shared patterns of the tracked object. If non-representative and
dissimilar templates with multiple features are selected for
appearance modeling, it is more likely that the background
image patch is decided as the final result [16]. Although
Hu et al. [16] incorporated proximity information based on
Euclidean distance to favor the activation of more similar
and representative templates for appearance modeling, the
metric based on the predefined Euclidean distance may not
be able to achieve the best matching between the object
and the templates [19]. As such, the metric which measures
the appearance proximity between the tracked object and
the templates should also be adaptively updated during the
tracking process.

To overcome the aforementioned limitations of existing
multi-feature sparsity-based trackers in shared and feature-
specific property modeling, this paper proposes a novel multi-
features multiple sparse representation framework for visual
tracking. Compared to existing trackers based on multiple
sparse representations that only consider the commonalities
among multiple sparse representations, e.g. [16, 20], the pro-
posed method aims to model the shared and feature-specific
properties among multiple sparse representations by using
sparsity pattern decomposition within a unified framework,
leading to a more flexible and informative appearance model
using multiple features. In addition, we introduce a novel
online multiple metric learning algorithm which adaptively
and efficiently incorporates the proximity constraint into the
proposed framework, so that templates with similar appearance
in multiple features can be jointly selected for sparse repre-
sentation. This ensures that the learned commonalities among
multiple features is more accurate in appearance modeling.

It should be noted that the advantages of simultaneously
employing common and feature-specific properties in multiple
features/views/modalities have been demonstrated in several
pattern classification tasks. Liu et al. [21] proposed a partially
shared latent factor learning method with a novel nonnegative
matrix factorization (NMF) model to learn the shared and the
diverse latent factors of multiple view data, which exploits
the common and feature-specific properties of multiple views
for multiple-view semi-supervised learning and achieves better
result than methods which exploit the commonality only. Hu et
al. [22] proposed to exploit the shared information and some
feature-specific structures of features from different channels
for heterogeneous feature learning. In [23], a multi-modal
sharable and specific feature learning algorithm is proposed
to obtain features which reflect their shared properties as well
as modal-specific properties for RGB-D object recognition.
However, their models are specific for off-line classification
and cannot be learned dynamically and adaptively to handle
appearance variations of the target, which disables them to
be employed in tracking application. The proposed model

Fig. 1. Graphical Illustration of Common and Feature-Specific Patterns
in Different Feature Representations. (a) A subject whose face undergoes
illumination and pose variation. (b) The sparse pattern for each feature
including the HOG and the local covariance descriptors obtained by solving
an `1 norm minimization problem. (c) The diverse feature-specific pattern.
(d) The common pattern. The y-coordinate of all above figures denotes the
value of the sparse patterns, and the x-coordinate denotes the index of the
template in the template set. These figures can be seen more clearly in the
e-copy of this article.

in this paper can adaptively learn the common and feature-
specific pattern among multiple sparse representations for
appearance modeling, which is more effective in dealing with
the appearance changes of the target during the tracking
process.

The contributions of this paper are as follows:
• A novel multiple sparse representation framework is

proposed for multi-feature visual tracking. By explicitly
learning the common and feature-specific representation
patterns of multiple features, both consistent and comple-
mentary properties of multiple features are exploited for
appearance modeling, which leads to a more informative
appearance model using multiple features.

• A novel online LogDet regularized multiple metric learn-
ing algorithm is developed. By jointly learning multiple
metrics of multiple features and adaptively determining
the proximity constraint, the proposed tracking model can
further exploit the relationship among multiple features
for the close matching between the templates and the
object with multiple features. Therefore, more accurate
shared sparse patterns among multiple features are ob-
tained for appearance modeling. The mistake bound for
the proposed metric learning algorithm is also derived as
a part of our theoretic analysis.

The rest of this paper is organized as follows. In Section II,
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we review some related works from two kinds of approaches:
sparsity-based trackers and metric learning-based trackers. In
Section III, we present the proposed tracking framework as
well as the corresponding optimization algorithm. We further
discuss the implementation details in Section IV. Experimen-
tal results and conclusion are given in Sections V and VI,
respectively.

II. RELATED WORK

Since the tracking framework developed in this paper is
grounded on a new multiple sparse representation model and a
novel multiple metric learning algorithm, this section presents
a brief discussion of some related works in sparse trackers
and metric learning-based trackers, respectively. For more
comprehensive reviews of tracking methods, the interested
readers can refer to [24–28].

A. Sparsity-based Trackers

1) Sparse Trackers with Single Feature: Based on the
intuition that the appearance of a tracked object can be sparsely
represented by its appearances in previous frames, Mei and
Ling [29] proposed the `1 tracker which is robust to occlusion
and noise. Hu et al. utilized the multi-task `0 minimization
technique to improve the tracking accuracy and efficiency
using sparse representations [30]. Ma et al. [31] designed the
structural local sparse descriptors and combined them into a
boosting-based strong classifier for visual tracking. To perform
even more effective feature pooling for local sparse coding, a
tensor pooling method which exploits the intrinsic structural
information is proposed for tracking [32]. A more generalized
pooling method which models the statistical distribution of
sparse codes is proposed to capture higher order statistics
in local sparse codes [33]. To utilize the intrinsic manifold
structure of the data and enhance the discriminative power, a
semi-supervised discriminative dictionary learning and sparse
coding model is developed for appearance modeling [34]. To
deal with the motion blur which is usually encountered in
tracking process, a unified framework for blur kernel esitima-
tion and multi-task sparse representation model is proposed
in [35]. More efforts have also been made to improve the `1
tracker in terms of accuracy and efficiency [36] by removing
outliers [10], reducing feature dimensions [37], improving
discriminability [38–40], utilizing local appearance informa-
tion [41, 42], learning dictionaries [11, 43, 44], exploiting
similarity among particles [45], and so on. Most sparsity-based
trackers use a single feature only, e.g. intensity, which may
not be sufficient to account for irregular and combinatorial
appearance variations. Inspired by the significant process in
correlation filter-based trackers [46], Dong et. al combine
the effectiveness of sparse representation and computational
efficiency of correlation filters to enhance the tracking perfor-
mance [47].

2) Sparse Trackers with Multiple Features: Exploiting mul-
tiple features has been shown to beneficial to many pat-
tern classification tasks. For example, Yu et al. explored
the fusion of multiple features using the random subspace
techniques [48–53]. The benefit of feature fusion can also

be found in [54–58]. To improve the tracking performance
using sparse representations, multiple features are exploited
for appearance modeling. Wu et al. [15] concatenated mul-
tiple features for designing a sparse representation of object
appearance. Since the performance of feature concatenation
may be downgraded if some corrupted features exist, Wu et
al. [15] employed a trivial template set to model the missing
elements of corrupted features. However, trivial templates may
be activated to represent any object, which leads to inaccurate
object representation [59]. Inspired by multi-task joint sparse
representation [17], Hu et al. [16] proposed a sparse tracker
based on multi-feature joint sparse representation. Different
from the feature concatenation-based sparse tracker [15], the
feature fusion scheme in [16] did not require the representation
coefficients of all feature templates to be the same. However,
the assumption that all feature representations share the same
sparsity pattern may not hold for tracking. Each feature should
be allowed to have some diverse sparse patterns, which enables
their complementarity to account for different object appear-
ance variations. Hong et al. [13] proposed a multi-task multi-
view sparse tracker to fuse multiple features for appearance
modeling and detect the outlier particles. This method assumes
that all features of non-outlier particles share the same sparsity
patterns. Lan et al. [12, 20] introduced an unreliable feature
detection scheme to detect unreliable features with non-sparse
patterns, but the representation of reliable features are still
subject to the joint sparsity constraint, which restricts them to
have the similar sparse patterns. Dong et al. [60] proposed the
occlusion-aware real-time object tracking algorithm which ex-
ploits the entropy minimization criterion to select the optimal
classifiers from a classifier pool. Huang et al. propose to select
and fuse information from multiple parts from the perspective
of probability sampling for tracking [61].

B. Metric Learning-based Trackers
In order to enhance robustness to background distracters,

Jiang et al. [19, 62] exploited neighborhood component anal-
ysis to learn adaptive metric for differential tracking. In [63],
the adaptive metric for tracking is learned by unifying spatial
and attribute selection. Wang et al. [64] exploited the principal
metric learning framework to learn a discriminative metric
for appearance modeling. Different from the aforementioned
methods that learn the metric in a computationally expensive
off-line manner, Li et al. [65] exploited online metric learning
for metric-weighted least square regression-based tracking.
Wu et al. exploited an online multiple instance metric learning
to deal with the potential noisy samples for tracking [66].
The trackers mentioned above only learn a metric for a
single feature. Although single feature-based metric learning
algorithm can be applied to multiple features via feature
concatenation, it ignores the different properties of multiple
features and the learning efficiency may be degraded.

III. PROPOSED TRACKING ALGORITHM

The proposed tracker consists of two components: learning
common and feature-specific representations with the proxim-
ity constraint and learning the adaptive proximity constraint
using online LogDet regularized multiple metric learning.
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A. Learning Common and Feature-Specific Representations
with the Proximity Constraint

In the particle filtering based-tracking framework, we have
an object template set with multiple features, e.g. color, shape,
texture to represent the object in the current frame. Let yk and
xkn denote the k-th feature of the current tracking result and the
k-th feature of the n-th template, respectively. Inspired by the
sparse tracker [29], the current tracking result can be sparsely
represented by a linear combination of the object templates
with an addictive noise vector εk, i.e.

yk = Xkwk + εk, k = 1, · · · ,K (1)

where wk ∈ RN is the coefficient vector to reconstruct the
k-th feature of the current tracking result using template set
Xk = [xk1 , ..., x

k
N ], and N is the number of templates.

In (1), the representations for the features {yk}Kk=1 of the
current tracking result with respected to the template sets
{Xk}Kk=1 are encoded in the coefficient vectors {wk}Kk=1.
Therefore, the feature fusion of different features {yk}Kk=1 can
be exploited by regularizing the coefficient vectors {wk}Kk=1.
Here we treat each feature representation in (1) as a sparse
pattern of the current tracking result. Then, in order to learn
the fused representation among multiple sparse patterns, the
optimization model can be defined using the multiple sparse
representation framework as follows:

min
{wk}Kk=1

K∑
k=1

(
1

2
‖yk −Xkwk‖22 + λ1‖wk‖1) + λ2Ω({wk}Kk=1)

(2)
where the first two terms are the sparse representations of
the current tracking result with multiple features using `1
norm minimization [29], λ1 is the trade off between the
reconstruction error and the sparseness, Ω is the regularization
function on {wk}Kk=1 with parameter λ2 for the fusion of
multiple sparse representations.

With the goal of learning the common and feature spe-
cific representation among multiple features, we introduce
the regularization function for the fusion of multiple sparse
representations in (2) as follows,

Ω =

K∑
k=1

αk‖wk − w∗‖22 (3)

where w∗ is the consensus vector to be learned to reflect
the commonalities of representation coefficients {wk}Kk=1 of
multiple features, and αk is the parameter to control the
disagreement between wk and w∗. Different from feature
concatenation [15] or joint sparse representation [16] which
enforces all representations to be the same or with the same
sparsity pattern, the function Ω in (3) softly regularizes the
representation of each feature toward a common consensus,
making them similar while allowing them to have some dis-
agreement with the consensus, which leads to a more flexible
and informative representation for the object. Therefore, both
common and feature-specific representations among features
are exploited for appearance modeling. It also should be noted
that with some proper priors on {αk}Kk=1, the degree of

disagreement of different features with the consensus could
be different. A larger (less) αk will lead to a less (larger)
disagreement between wk and w∗, which further exploits the
feature-specific knowledge of different features.

We provide a better interpretation of (2) using the regular-
izer in (3). Let wk = w∗+vk, k = 1, ...,K. Then (2) with the
regularizer in (3) can be rewritten as,

min
{vk}Kk=1,w

∗

K∑
k=1

(
1

2
‖yk −Xk(w∗ + vk)‖22+

λ1‖w∗ + vk‖1 + λ2α
k‖vk‖22)

(4)

Since ‖w∗ + vk‖1 ≤ ‖w∗‖1 + ‖vk‖1 holds, in order to
decouple w∗ and vk in ‖w∗ + vk‖1 for tractable optimization
while explicitly modeling the common and feature-specific
representations, we relax (4) by minimizing the upper bound
of ‖w∗ + vk‖1, i.e. ‖w∗‖1 + ‖vk‖1 as,

min
{vk}Kk=1,w

∗

K∑
k=1

(
1

2
‖yk −Xk(w∗ + vk)‖22+

λ1‖w∗‖1 + λ1‖vk‖1 + λ2α
k‖vk‖22)

(5)

In (5), we can clearly see that the representation coefficients
wk of each feature are decomposed into w∗ and vk, which
model the common and feature-specific representation pattern
respectively. We can also see that the commonality compo-
nent w∗ determines the shared representation pattern of each
feature. If dissimilar multi-feature templates are selected for
sparse representation of the tracked target, it would be a high
risk that the background samples are determined mistakenly as
target [16]. Therefore, to favor the joint selection of templates
with multiple features which are more representative and
similar to object appearance, we incorporate the proximity
constraint into (5). Then (5) can be further developed as,

min
{vk}Kk=1,w

∗

K∑
k=1

(
1

2
‖yk −Xk(w∗ + vk)‖22+

λ1‖d� w∗‖1 + λ1‖vk‖1 + λ2α
k‖vk‖22)

(6)

where � denotes the element-wise multiplication, d =
1
Z [d1, ..., dN ]T ∈ RN , dn =

√
ĝ({yk}Kk=1, {xkn}Kk=1), n =

1, ..., N encode the proximities between the object and the
templates with multiple features, ĝ(·, ·) is the learned distance
function of two samples with multiple features, and Z is the
normalization factor. Instead of using a predefined distance
function (e.g. Euclidean distance), the proposed model adap-
tively learns the proximity constraint using a novel online
multiple metric learning method, which guarantees the closest
matching between the object and the representative templates
with multiple features so that the commonalities among their
representations are more adaptive and more accurate as the
object representation. The proposed online LogDet regularized
multiple metric learning algorithm which learns the distance
function ĝ(·, ·) and the optimization procedure for (6) will be
given in Sections III-B and III-C, respectively.
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B. Learning Adaptive Proximity Constraint Using Online
LogDet Regularized Multiple Metric Learning

Since a fixed predefined metric may not be able to achieve
the closest matching between objects of interest in feature
space under large appearance changes, to adaptively learn
the distance function of the proximity constraint in (6), we
propose and derive an online LogDet regularized multiple
metric learning algorithm as follows.

Assume that the sample pair with multiple features for
metric learning is given with this form({xk1}Kk=1, {xk2}Kk=1, y)
where {xk1}Kk=1 and {xk2}Kk=1 are training samples with K
types of features, the subscripts 1 and 2 are the order indexes
in the sample pair, and y = +1(−1) if {xk1}Kk=1 and {xk2}Kk=1

are considered similar (dissimilar). The distance function with
K types of feature in (6) is defined as a linear weighted
combination of distance function of each feature, i.e.

ĝ({xk1}Kk=1, {xk2}Kk=1) =

K∑
k=1

ωkgk(xk1 , x
k
2) (7)

where ωk is the nonnegative weight associated with gk(·, ·),
and

∑K
k=1 ω

k = 1, and gk(xk1 , x
k
2) = (xk1−xk2)TMk(xk1−xk2)

is the distance function for each feature with Mahalanobis
metric Mk for k = 1, ...,K. The proposed learning strategy
aims to learn {ωk}Kk=1 and {Mk}Kk=1 such that all the training
sample pairs obey the following constraints as well as possible,

∀({xk1}Kk=1, {xk2}Kk=1, y) : y = +1⇒
K∑
k=1

ωkgk(xk1 , x
k
2) ≤ θ − ρ

2

∀({xk1}Kk=1, {xk2}Kk=1, y) : y = −1⇒
K∑
k=1

ωkgk(xk1 , x
k
2) ≥ θ +

ρ

2

(8)

where θ is a predefined threshold. The constraints in (8) can
be further combined as,

K∑
k=1

ωky(gk(xk1 , x
k
2)− θ +

yρ

2
) ≤ 0 (9)

The above constraint ensures that all pairs of similar and
dissimilar training samples are separated by the margin ρ.
Therefore, by putting it into the large-margin learning frame-
work, the loss function of a training sample pair in each feature
is defined as the square of hinge loss, i.e.

Lk(gk(xk1 , x
k
2), y) =

1

2
max(0, y(gk(xk1 , x

k
2)− θ +

yρ

2
))2

(10)
Then the loss function of K types of features is defined
as L̂ =

∑K
k=1 ω

kLk(gk(xk1 , x
k
2), y). In order to control the

model complexity, we adopt the LogDet divergence [67] as
the regularizer, i.e.

R(Mk;Mk,0) = tr(Mk(Mk,0)−1)−log
∣∣Mk(Mk,0)−1

∣∣−mk

(11)
where tr(·) is the trace operator, log |·| is the log determinant
operation, mk is the dimension of Mk. Such a regularizer
can automatically preserve the positive definiteness of Mk

without an inefficient projection onto positive semi-definite
cone, which is suitable for efficient online tracking. Besides,

Algorithm 1 Online LogDet-Regularized Multiple Metric
Learning
Input: Initial Metrics: {Mk,0}Kk=1; Discounting parameter: β; η

1: Initializaiton: ωk0 = 1
K
, k = 1, ...,K

2: for t = 1 to T do
3: receive the training sample pair: ({xk,t1 }Kk=1, {xk,t2 }Kk=1, y

t)
4: for k = 1 to K do
5: if yt(gk,t−1(xk,t1 , xk,t2 )− θ) ≥ 0 then
6: τk,t = 1
7: Update Mk using (15).
8: else
9: τk,t = 0

10: end if
11: end for
12: Update {ωk,t}Kk=1 using (13).
13: end for
Output: {Mk,t}Kk=1 and {ωk,t}Kk=1, t = 1, ..., T

it also can impose some prior information by regularizing the
learned metric close to Mk,0. Assume that we are given T
training sample pairs, the objective can be defined by the loss
function plus the regularizer, i.e.

min
{ωk}Kk=1,{Mk}Kk=1

K∑
k=1

R(Mk;Mk,0)+

η

T∑
t=1

K∑
k=1

ωkLk(gk(xk,t1 , xk,t2 ), yt)

s.t.
K∑
k=1

ωk = 1, ωk ≥ 0, k = 1, ...,K

(12)

Since all the training sample pairs during the tracking
process cannot be obtained at the same time, the model
parameters should be learned in an online manner. Inspired
by the online multiple kernel classification method reported
in [68], we employ the Hedging algorithm [69] to learn the
weights based on historical information, and then apply the
LEGO algorithm [70] to update the metric for each feature. In
the t-th trial of the Online LogDet-Regularized Multiple Metric
Learning Algorithm, the weight and the metric for each feature
can be estimated as discussed in the following two steps:
Weight Updating: By employing the Hedging algorithm, the
combination weights are updated as follows,

ω̃k,t = ωk,t−1βτ
k,t

,

ωk,t =
ω̃k,t∑K
k=1 ω̃

k,t
.

(13)

where β ∈ (0, 1) is the discounting parameter, and τk,t

equals to 1 if yt(gk,t−1(xk,t1 , xk,t2 ) − θ) ≥ 0, and 0 other-
wise. We can see that τk,t = 1 indicates that the distance
function gk,t−1(·, ·) make a prediction mistake on the sample
{xk,t1 , xk,t2 , yt}.
Metric Updating: After the weight updating step, we de-
termine the index set O of the distance function such that
O = {k′, s.t. yt(gk

′,t−1(xk
′,t

1 , xk
′,t

2 )−θ) ≥ 0}. By employing
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the LEGO algorithm [70], the distance metric Mk′,t, k′ ∈ O
is estimated by minimizing the following objective function:

min
Mk′

R(Mk′ ;Mk′,t−1) + ηLk(gk(xk,t1 , xk,t2 ), yt) (14)

Let zk
′,t = xk

′,t
1 − xk

′,t
2 , ŝt = (zk

′,t)T (Mk′,t−1)zk
′,t and

st = θ + ytρ
2 ). The solution to (14) can be obtained:

s̄ =
ηstŝt − 1 +

√
(ηst(ŝ)t − 1)2 + 4η(ŝt)2

2ηŝt

Mk′,t = Mk′,t−1 − η(s̄− st)Mk′,t−1zk
′,t(zk

′,t)TMk′,t−1

1 + η(s̄− st)(zk′,t)TMk′,t−1zk′,t

(15)

The Online LogDet-Regularized Multiple Metric Learning
is summarized in Algorithm 1 .

Theorem 1. Assume the norm of each training sample of each
feature is bounded:‖xk,t‖22 ≤ B for k = 1, ...,K, t = 1, .., T ,
and the optimal metric for all features satisfy 0 ≺ Mk

∗ ≺
I, k = 1, ...,K, then the number of trials that make mistakes
by running the proposed metric learning algorithm is bounded
as follows:

M ≤ 8 · ln(1/β)

κρ2(1− β)
min

1≤k≤K
Uk +

lnK

κ(1− β)

where κ = min{ωk,t|t = 1, ..., T, k = 1, ...,K},
Uk =

(
1 + η

(
B
2 +

√
B2

4 + 1
η

)2)
LMk

∗
+(

1
η +

(
B
2 +

√
B2

4 + 1
η

)2)
R(Mk

∗ ,M
k
0 ) is the

loss bound of the LEGO algorithm [70], and
LMk

∗
=
∑T
t=1

1
2 max(0, yt(gMk

∗
(xk,t1 , xk,t2 )− θ + yt ρ2 ))2

The proof of theorem (1) is provided in appendix. From
theorem (1), we can see that the number of trials which
contributes to prediction mistake is bounded and related to
the loss bound of each feature, which shows that the multiple
metric learning method implicitly incorporates the dependence
among multiple metrics. With background samples used for
metric learning, the metric learning method also provides more
discriminative information for the tracking algorithm, which
enhances its robustness to background distracters.

C. Optimization Procedure

The objective function in (6) consists of a differential func-
tion and a non-differential one and can be efficiently optimized
by using the Accelerated Proximal Gradient Method [71]. Let

F (w∗, {vk}Kk=1) =

K∑
k=1

(
1

2
‖yk −Xk(w∗ + vk)‖22 + λ2α

k‖vk‖22)

G(w∗, {vk}Kk=1) = λ1

K∑
k=1

(‖d� w∗‖1 + ‖vk‖1)

(16)

where F (w∗, {vk}Kk=1) are differential convex function with
Lipschitz continuous gradient, while G(w∗, {vk}Kk=1) are non-
differential convex function. In the (t+1)-th iteration, with the
aggregation pt and {qk,t}Kk=1, the solution {vk,t+1}Kk=1 and

w∗,t+1 are obtained via solving the following minimization
problem:

min
{vk}Kk=1,w

∗
F (pt, {qk,t}Kk=1) +∇FTpt(w∗ − pt)

+

K∑
k=1

∇FTqk,t(v
k − qk,t) +

µ

2
‖w∗ − pt‖22+

µ

2

K∑
k=1

‖vk − qk,t‖22 + λ1 ·K‖d� w∗‖1 + λ1

K∑
k=1

‖vk‖1

(17)

where µ is the Lipschitz constant [71]. With some algebraic
manipulations, (17) can be decomposed into the following
subproblems:

min
w∗

1

2
‖w∗ − (pt − 1

µ
∇Fpt)‖22 +

λ1 ·K
µ
‖d� w∗‖1

min
{vk}Kk=1

K∑
k=1

{1

2
‖vk − (qk,t − 1

µ
∇Fqk,t)‖22 +

λ1
µ
‖vk‖1}

(18)

where the partial derivatives of F with respective to
p and {qk}Kk=1 at pt and {qk,t}Kk=1 are given by
∇Fpt =

∑K
k=1(Xk)T (Xk(pt + qk,t) − yk) and ∇Fqk,t =

(Xk)T (Xk(pt + qk,t) − yk) + 2αkλ2q
k,t. Then the above

subproblems can be solved in two steps iteratively:
Gradient Mapping Step: Given the aggregation pt and
{qk,t}Kk=1, the w∗,t+1 and {vk,t+1}Kk=1 can be updated by
(19) as follows,

pt+
1
2 = pt − 1

µ
∇Fpt ,

w∗,t+1
n = sign(p

t+ 1
2

n ) max(
∣∣∣pt+ 1

2
n

∣∣∣− dnKλ1
µ

, 0).

qk,t+
1
2 = qk,t − 1

µ
∇Fqk,t ,

vk,t+1
n = sign(q

k,t+ 1
2

n ) max(
∣∣∣qk,t+ 1

2
n

∣∣∣− λ1
µ
, 0).

for n = 1, ..., N, k = 1, ...,K.
(19)

It can be seen that the shrinkage operator for w∗,t+1
n in

(19) is closely related to dn, and a smaller dn which means
the corresponding object template is more similar to the
object’s appearance will result in a smaller threshold, so that
the template will be more likely to be selected for object
representation.

Aggregation Step: The aggregation pt+1 and {qk,t+1}Kk=1

can be updated as follows [71]:

pt+1 = w∗,t+1 +
at − 1

at+1
(w∗,t+1 − w∗,t)

qk,t+1 = vk,t+1 +
at − 1

at+1
(vk,t+1 − vk,t), k = 1, ...,K

(20)

where at+1 =
1+
√

1+4a2t
2 , and a0 = 1. The overall optimiza-

tion procedure for (6) is summarized in Algorithm (2), and
the setting of the Lipschitz constant is discussed in Appendix
B.
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Algorithm 2 Optimization Procedure for Problem (6)
Input: Template set {Xk}Kk=1, target candidate sample {yk}Kk=1,

regularization parameters λ1 and λ2, Lipschitz constant µ,
{αk}Kk=1.

1: Initializaiton: p0 ← 0, qk,0 ← 0, G0
p ← 0, Gk,0q ← 0, and

a0 = 1.
2: repeat
3: Gtp =

∑K
k=1(X

k)T (Xk(pt + qk,t)− yk).
4: Gk,tq = (Xk)T (Xk(pt + qk,t) − yk) + 2αkλ2q

k,t, k =
1, · · · ,K.

5: pt+
1
2 = pt − 1

µ
Gtp.

6: qk,t+
1
2 = qk,t − 1

µ
Gk,tq , k = 1, · · · ,K.

7: w∗,t+1
n = sign(p

t+ 1
2

n )max(

∣∣∣∣pt+ 1
2

n

∣∣∣∣ − dnKλ1
µ

, 0), n =

1, ..., N, k = 1, ...,K.

8: vk,t+1
n = sign(q

k,t+ 1
2

n )max(

∣∣∣∣qk,t+ 1
2

n

∣∣∣∣ − λ1
µ
, 0), n =

1, ..., N, k = 1, ...,K.

9: at+1 = 1+
√

1+4a2t
2

.
10: pt+1 =w∗,t+1 + at−1

at+1
(w∗,t+1 − w∗,t).

11: qk,t+1 = vk,t+1 + at−1
at+1

(vk,t+1 − vk,t), k = 1, ...,K.
12: until convergence
Output: w∗ and {vk}Kk=1.

Computational Complexity Analysis The computational
complexity of each iteration in the above optimization al-
gorithm is dominated by the gradient computation. Let l be
the maximum dimension among all features, n the number
of particles, K the number of features, and N the number
of templates, the computational complexity of the gradient
computation is O(nKN2l). For the online multiple metric
learning, each metric update step takes O(Kl2) computation.
As measured on an i7 Quad-core machine with 3.4 GHz CPU,
the running time of the proposed tracker is about 2 frames per
second.

D. Discussion

The proposed tracker fuses multiple sparse representations
by learning common and feature-specific representations a-
mong multiple features using sparse pattern decomposition. It
is closely related to the `1 tracker [29], and provides a more
general formulation of the `1 tracker in term of feature fusion.
On the other hand, the proposed tracker differs with other
decomposition-based multi-feature sparse trackers [13].
Relationship with the sparse representation-based track-
er [29]: The proposed tracker can be considered as a general-
ized sparse multi-feature compared with the `1 tracker [29]. On
the one hand, if the commonality component is left aside in our
tracking model (6), learning the feature-specific components
of each feature is equivalent to learning multiple `1 track-
ers independently, which may lead to diverse representation
patterns among multiple features. On the other hand, if all
feature-specific components are ignored in (6), obtaining the
commonality component of all features is similar to learning
the `1 tracker of concatenated features with proximity con-
straint, which discovers their shared patterns. Therefore, by
modeling both common and feature-specific representations
and fusing multiple `1 trackers implicity, the proposed tracking

framework is able to exploit different features for appearance
modeling so that it is more capable of accounting for different
appearance and background changes while taking advantages
of the `1 tracker.
Difference with the decomposition-based multi-feature s-
parse tracker [13]: It should be noted that the multi-task
multi-view tracker (MTMVT) [13] also uses some decom-
position techniques to learn the representation of multiple
views of multiple particles. The proposed tracker is totally
different from [13] in the following aspects. First, by de-
composing the representation matrix into outlier and non-
outlier parts, the MTMVT method aims to capture the outlier
particles to increase the tracking accuracy and efficiency.
But for the multiple views of non-outlier particles, they are
strictly restricted to share the same sparsity patterns. That is
to say, only the same templates of multiple features from
non-outlier particles are allowed to be selected for object
representation, which may not be true actually and lead to
an inflexible representation scheme. The proposed tracker
aims to learn the common and feature-specific representation
patterns in every particle, which is more flexible and more
fully unleash the capability of the object templates. Second,
the MTMVT method is developed under the robust multi-task
learning framework [72] in which the representation matrix
is decomposed explicitly using group lasso penalty. Instead,
the decomposition formulation of the learning model in the
proposed tracker is derived from relaxing the regularizer in
(3). Furthermore, as discussed in [73], If non-representative
and dissimilar templates with multiple features are jointly
selected for sparse representation, background image patches
may be decided as the final result. The proposed tracker further
incorporates the adaptive proximity constraint into the tracking
model to select similar templates for representation. This is not
considered in the MTMVT method [13].

IV. IMPLEMENTATION DETAILS

A. Particle Filter

The proposed tracking algorithm is formulated under the
framework of sequential Bayesian inference [9]. Let ot and lt
be the observation and state variable at time t, respectively.
Once the set of observation Ot = {ot, t = 1, ..., T} up to time
T is given, the particle filter approximates the true posterior
P (lt|Ot) using a set of weighted particles lit, i = 1, ..., n. Then
the tracking result, which is described by the state variable lt,
is estimated by,

l̃t = arg max
lit

p(lit|Ot) (21)

The tracking problem is thus formulated as recursively esti-
mating the posterior probability p(lt|Ot),

p(lt|Ot) ∝ p(ot|lt)
∫
p(lt|lt−1)p(lt−1|Ot−1)dlt−1 (22)

where P (ot|lt) and P (lt|lt−1) denote the observation model
and the motion model, respectively. The motion model in [9]
is applied in our proposed tracker. After the representation
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coefficients of different features are obtained via solving (6),
the observation likelihood function in (22) is defined as,

p(ot|lt) ∝ exp(−
K∑
k=1

‖yk −Xk(w∗ + vk)‖22) (23)

The right hand side of this equation denotes the total re-
construction error of the object using the template set with
multiple features.

B. Model Update Scheme

In order to adapt to appearance changes and enhance
robustness to outliers, we define a reconstruction threshold
and similarity threshold for the model updating scheme. As
in most sparsity-based trackers [29, 59], each template of
multiple visual features is associated with a weight to indicate
the importance of it, and all these weights are updated in each
video frame. If the reconstruction error of current tracking
result in (23) is smaller than the reconstruction threshold
and the similarity between the current tracking result and
the template with the largest weight is smaller than the
similarity threshold, then the template with the smallest weight
is replaced by the current tracking result. It should be noted
that different from the update scheme in the `1 tracker that
updates the template with a single feature, once the template
in one feature of the proposed tracker is updated, the templates
of other features are updated simultaneously to maintain the
correlation between different features of the same template
for commonality learning, and the current tracking results, the
template set and some random sampled background image
patch are also collected for distance function updating. We
adopt the cosine similarity as the similarity measurement, and
the similarity threshold is set to be cos(20◦) ≈ 0.9387. For the
reconstruction threshold, we set it to be the average reconstruc-
tion error of previous five frames. The model updating scheme
is summarized in Algorithm 3.

V. EXPERIMENTS

In this section, we evaluate the proposed tracker using real
videos from publicly available datasets and tracking bench-
mark.

A. Experiment Setting

To show the effectiveness of the proposed multi-feature
tracking framework, we use two kinds of hand-crafted features
for fusion. For global features, we use HOG [74] to represent
the whole object. For local features, the object is divided into
2 by 2 non-overlapped blocks and covariance descriptors [73]
are extracted in each block. The parameters are set as follows:
λ1 and λ2 in (6) are set as 0.001 and 0.033. respectively,
and αk, k = 1, ..., 5 are all set as 3. η in (6) is set as
0.125. We set the θ and ρ in (9) to be 1.5 and 1. And the
discounting parameter β in (13) is set as 0.9. The number
of templates maintained in the template set is set as 12. The
initial Mahalanobis metric of each feature are learned by the
ITML algorithm [67]. When distance metrics are decided to
be updated, the tracker location is perturbed a bit to get 5

Algorithm 3 Model Update Scheme
Input:

Xk, k = 1, ...,K: the object template set of multiple features.
yk, k = 1, ...,K: the current tracking result of multiple features..
ωkn, k = 1, ...,K, n = 1, ..., N : the weights associated with each
template of each reliable feature.
wk, k = 1, ...,K: the reconstruction coefficients of each tem-
plate of each reliable feature.(wk = w∗ + vk)
τ : similarity threshold.
ρ: reconstruction error threshold.
res: reconstruction error of the current tracking result.

1: //Updating Importance Weight:
ωkn ← ωkn · exp(wkn), k = 1, ...,K.

2: //Selecting the template with maximum weight:
(n′, k′)← argmaxn,k ω

k
n

3: // Similarity computation: θ ← sim (yk
′
, xk
′
n′).

4: if θ < τ and res < ρ then
5: //Selecting the template with minimum weight:

(n̂, k̂)← argminn,k ω
k
n

6: // Updating templates:
xkn̂ ← ykn̂, k = 1, ...,K

7: // Assigning weight:
ωkn̂ = median(ωk), k = 1, ...,K

8: Normalize ωk, k = 1, ...,K such that ‖ωk‖22 = 1.
9: end if

Output: ωkn, k = 1, ...,K, n = 1, ..., N
Xk, k = 1, ...,K, n = 1, ..., N

nearby examples, 12 examples far away the tracker location
is randomly sampled as the background samples. We use the
5 nearby examples and the 12 templates in the template set
to compose the similar pair of samples, and the 5 nearby
examples and the 12 examples far away the tracker location to
compose the dissimilar pair of samples. Therefore, there are
totally 60 pairs of similar sample and 60 pairs of dissimilar
samples used for metric updating. The random sample scheme
for collecting training samples is similar to the one in [75].

B. Evaluation on Publicly Available Sequences

In this section, we evaluate the proposed tracking algorithm
by conducting experiments on sixteen publicly available image
sequences1, which covers different kinds of challenging factors
including cluttered background, pose, non-rigid deformation,
illumination. We compare the proposed tracking algorithm
with twelve trackers which include follwing multi-feature
trackers: OAB [83], SemiT [84], MIL [85], MTMVT [13],
sparse representation based-trackers: MTT [45], L1APG [59],
ASLA [41], SCM [38], SCSPT [31] and other four methods:
Struck [86], DFT [87], CSK [46]. The source codes for other
compared trackers are provided by the authors of their papers.
To validate the effectiveness of learning the feature-specific
representation among multiple features, we implemented the
tracker which considers the commonality and fuses multiple
features using concatenation, and we call this method COM

1can be downloaded from http://www.cs.technion.ac.il/∼amita/fragtrack/
fragtrack.htm [76] http://www.cs.toronto.edu/∼dross/ivt/ [77] http:
//www.shengfenghe.com/visual-tracking-via-locality-sensitive-histograms.
html [78] http://ice.dlut.edu.cn/lu/publications.html [79] http://cv.snu.ac.kr/
research/∼vtd/ [80] https://www.tugraz.at/institute/icg/research/team-bischof/
lrs/downloads/ [81] http://www.umiacs.umd.edu/∼fyang/spt.html [82] http:
//homepages.inf.ed.ac.uk/rbf/CAVIARDATA1/.
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TABLE I
CENTER LOCATION ERROR. THE BEST THREE RESULTS ARE SHOWN IN RED, BLUE AND GREEN, RESPECTIVELY.

Struck CSK DFT OAB SCM SemiT MIL MTT L1APG ASLA MTMVT SCSPT Ours COM EP ND
Basketball 118.4 6.6 18.4 205.5 52.8 328.4 92.2 106.9 137.7 82.6 22.6 185.5 9.5 123 79.7 19.5

Crowds 4.7 4.4 3.5 8.1 8.3 339 26.3 448.3 315 4.7 206.9 325.5 3.2 29.6 9 3.6
Football 17.2 16 9.2 72.6 16.2 244.7 12.2 13.4 15 14.9 93.8 22.8 13.2 13 14.1 11.8
Trellis 7.1 19.2 44.3 98.7 6.9 69.5 72 69 62.3 7.6 18.8 63 7.4 11.7 17.2 6.1

Singer2 174.8 185.7 21.4 188.1 113.9 356.3 22.9 210.1 181.3 175.7 11.8 28.8 11.7 152 43.9 10.9
Skating1 83.2 8 174.6 43.2 16.5 288.3 139.6 293.8 159.2 60.1 22.8 102.6 10 102.8 62 44

Mountain-bike 9 6.4 154.7 12.2 10.8 240.7 72.6 7.3 8.5 9.2 38.1 13.5 7.2 122.4 8.3 5.8
Subway 4.1 164.8 3.2 113.2 3.4 105.6 8 166.3 148.1 138.9 5.9 3.7 6 104.5 6.9 5.7

Face 19.3 12.5 23.8 25.1 13.6 75.1 30.1 21.6 17.8 78 14.2 8.8 15.1 22 14.7 14.3
Walking 10.7 17.3 28.5 28.7 1.5 11.9 60.2 3.5 4.5 37 3.5 3.4 4.9 24.7 49.5 4.6
Woman 4.7 207.1 8.2 32.4 8.1 212.2 124.7 137 128.3 139.2 110.2 4.2 11.8 134.9 113.2 124.3
Bolt2 111.8 11 276.5 7.3 11.1 74 6.6 109.1 61.6 116.9 111.4 211.6 10.7 44.8 179.7 52.3
Surfer 7.8 175.5 207 110.9 64.7 53.4 5.5 24.6 6.5 17.4 189.4 126.8 5.5 9.7 4.7 16.1
Bolt 399.3 430 367.7 256.5 456.9 363.7 394.1 409.2 409 375.2 66.7 296.3 10.8 351.7 122.9 8.5

Shaking 30.1 17.6 26.3 191.6 11.2 275 24 97.3 109.7 22 8.6 12 14.1 65.5 54.2 78.2
David indoor 42.3 17.8 42.5 22.2 4.1 46.8 17.3 32.5 13.8 4.6 6 19 5.8 9.7 5.2 6.2

TABLE II
OVERLAPPING RATE. THE BEST THREE RESULTS ARE SHOWN IN RED, BLUE AND GREEN, RESPECTIVELY.

Struck CSK DFT OAB SCM SemiT MIL MTT L1APG ASLA MTMVT SCSPT Ours COM EP ND
Basketball 0.2 0.71 0.61 0.03 0.47 0.02 0.22 0.2 0.23 0.39 0.47 0.02 0.47 0.15 0.35 0.57

Crowds 0.71 0.73 0.78 0.56 0.55 0.05 0.62 0.1 0.08 0.66 0.1 0.03 0.75 0.26 0.58 0.72
Football 0.55 0.56 0.66 0.34 0.49 0.15 0.59 0.58 0.56 0.54 0.36 0.51 0.62 0.57 0.6 0.6
Trellis 0.62 0.49 0.36 0.14 0.68 0.2 0.25 0.22 0.2 0.8 0.61 0.16 0.65 0.6 0.64 0.73

Singer2 0.04 0.04 0.63 0.05 0.17 0.03 0.52 0.04 0.04 0.04 0.72 0.41 0.75 0.06 0.38 0.73
Skating1 0.31 0.5 0.14 0.4 0.47 0.08 0.13 0.1 0.1 0.5 0.52 0.07 0.58 0.3 0.5 0.35

Mountain-bike 0.71 0.71 0.3 0.64 0.68 0.23 0.46 0.75 0.74 0.73 0.56 0.58 0.76 0.32 0.71 0.74
Subway 0.66 0.2 0.74 0.17 0.73 0.29 0.66 0.07 0.16 0.19 0.63 0.69 0.56 0.27 0.54 0.59

Face 0.73 0.8 0.69 0.66 0.8 0.57 0.6 0.7 0.75 0.32 0.77 0.80 0.78 0.69 0.78 0.77
Walking 0.53 0.47 0.41 0.37 0.82 0.47 0.29 0.79 0.76 0.38 0.8 0.76 0.56 0.34 0.33 0.55
Woman 0.73 0.2 0.76 0.49 0.67 0.11 0.16 0.17 0.16 0.15 0.15 0.63 0.54 0.07 0.15 0.14
Bolt2 0.4 0.51 0.01 0.68 0.58 0.2 0.74 0.01 0.17 0.01 0.01 0.02 0.53 0.22 0.24 0.23
Surfer 0.47 0.03 0.03 0.03 0.04 0.17 0.48 0.27 0.56 0.38 0.01 0.06 0.67 0.43 0.7 0.47
Bolt 0.01 0.02 0.03 0.04 0.02 0.06 0.01 0.01 0.01 0.01 0.01 0.02 0.56 0.04 0.22 0.6

Shaking 0.35 0.58 0.64 0.01 0.69 0.01 0.43 0.04 0.08 0.47 0.74 0.64 0.63 0.11 0.16 0.08
David indoor 0.24 0.41 0.3 0.39 0.73 0.25 0.43 0.3 0.54 0.75 0.7 0.51 0.64 0.54 0.74 0.71

TABLE III
RUNNING TIME IN TERMS OF FRAME PER SECOND

Struck CSK DFT OAB SCM SemiT MIL MTT L1APG ASLA MTMVT SCSPT Ours
FPS 18 300 11 20 1 11 36 3 22 1.5 1 2 2

TABLE IV
PRECISION PERFORMANCE SCORE IN TERMS OF CENTER LOCATION ERROR. THE BEST THREE RESULTS ARE SHOWN IN RED, BLUE AND GREEN

Struck MIL OAB SemiT SCM CSK DFT L1APG ASLA MTT MTMVT SCSPT Ours
Illumination variation 0.558 0.349 0.388 0.291 0.594 0.481 0.475 0.341 0.517 0.351 0.555 0.556 0.658
Out of plane rotation 0.597 0.466 0.503 0.381 0.618 0.54 0.497 0.478 0.518 0.473 0.626 0.618 0.703

Scale variation 0.639 0.471 0.541 0.372 0.672 0.503 0.441 0.472 0.552 0.461 0.659 0.649 0.729
Occlusion 0.564 0.427 0.483 0.403 0.640 0.5 0.481 0.461 0.46 0.426 0.573 0.632 0.657

Deformation 0.521 0.455 0.47 0.436 0.586 0.476 0.537 0.383 0.445 0.332 0.619 0.596 0.692
Motion blur 0.551 0.357 0.36 0.338 0.339 0.342 0.383 0.375 0.278 0.308 0.491 0.532 0.515
Fast motion 0.604 0.396 0.416 0.352 0.333 0.381 0.373 0.365 0.253 0.401 0.483 0.548 0.497

In plane rotation 0.617 0.453 0.471 0.366 0.597 0.547 0.469 0.518 0.511 0.522 0.635 0.595 0.717
Out of view 0.539 0.393 0.454 0.323 0.429 0.379 0.391 0.329 0.333 0.374 0.573 0.563 0.395

Background clutter 0.585 0.456 0.446 0.372 0.578 0.585 0.507 0.425 0.496 0.424 0.675 0.571 0.741
Low resolution 0.545 0.171 0.376 0.471 0.305 0.411 0.211 0.46 0.156 0.51 0.498 0.545 0.594

Overall 0.656 0.475 0.504 0.419 0.649 0.545 0.496 0.485 0.532 0.475 0.660 0.677 0.737

TABLE V
AUC OF SUCCESS PLOTS IN TERMS OF SUCCESS RATE. THE BEST THREE RESULTS ARE SHOWN IN RED, BLUE AND GREEN.

Struck MIL OAB SemiT SCM CSK DFT L1APG ASLA MTT MTMVT SCSPT Ours
Illumination variation 0.428 0.311 0.300 0.273 0.473 0.369 0.383 0.283 0.429 0.305 0.454 0.435 0.471
Out of plane rotation 0.432 0.350 0.358 0.303 0.470 0.386 0.387 0.360 0.422 0.362 0.470 0.453 0.496

Scale variation 0.425 0.335 0.370 0.285 0.518 0.350 0.329 0.350 0.452 0.348 0.476 0.472 0.485
Occlusion 0.413 0.335 0.368 0.313 0.487 0.365 0.381 0.353 0.376 0.342 0.441 0.471 0.460

Deformation 0.393 0.369 0.351 0.337 0.448 0.343 0.439 0.311 0.372 0.280 0.473 0.459 0.475
Motion blur 0.433 0.282 0.324 0.296 0.298 0.305 0.333 0.310 0.258 0.274 0.421 0.424 0.410
Fast motion 0.462 0.326 0.358 0.300 0.296 0.316 0.320 0.311 0.247 0.333 0.415 0.427 0.402

In plane rotation 0.444 0.340 0.345 0.297 0.458 0.399 0.365 0.391 0.425 0.395 0.477 0.448 0.521
Out of view 0.459 0.382 0.414 0.319 0.361 0.349 0.351 0.303 0.312 0.342 0.485 0.482 0.377

Background clutter 0.458 0.373 0.341 0.317 0.450 0.421 0.407 0.350 0.408 0.337 0.507 0.448 0.534
Low resolution 0.372 0.153 0.304 0.330 0.279 0.350 0.200 0.381 0.157 0.389 0.388 0.462 0.409

Overall 0.474 0.359 0.370 0.332 0.499 0.398 0.389 0.380 0.434 0.376 0.496 0.503 0.514
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Struck CSK DFT OAB SCM SemiT MIL MTT L1APG ASLA MTMVT SCSPT
COM EP ND Ours

Fig. 2. Qualitative results on some typical frames including some challenging factors.(a) Cluttered background. (b) Deformation. (c) Occlusion. (d) Illuminations

for short. To illustrate the effectiveness of the constraint in (3),
we implement the multiple-sparse-representation-model which
is equivalent to (2) without the λ2 constraint. We call this
method ND for short. To better understand the importance
of the adaptive proximity constraint in our proposed tracking
algorithm, we implemented the tracker which is also with
proximity constraint but it is defined by Euclidean distance
for comparison. We call this method EP for short. For fair
comparison, all trackers are set to be with the same initializa-
tion parameters.

1) Quantitative Comparison: Following [38, 79, 82, 88],
two evaluation metrics are adopted for quantitative compari-
son: center location error and VOC overlapping rate. Center
location error (CLE) is the Euclidean distance between the
centers of bounding box and ground-truth, and the VOC
overlapping rate is define as area(BT

⋂
BG)

area(BT
⋃
BG) where BG and

BT are the bounding boxes of the tracker and ground-truth.
Table I and Table II2 illustrate the video-by-video comparison
results of the evaluated trackers in terms of center location
error and overlapping rate, respectively. The proposed tracking
algorithm ranks in the top three in most videos in terms of
center location error and overlapping rate, and it achieves
much better performance than sparsity-based trackers with
single feature, e.g. MTT, L1APG, ASLA, and SCM. This is
because the proposed tracker is able to fuse multiple sparse
representations with multiple features and dynamically exploit
complementarity among multiple features to handle different
variations. In addition, different from other sparse trackers,
e.g. L1APG which only utilizes target information and ignores
interclass proximity between foreground and background, the

2The last two columns are for self-comparison and do not participate in
performance ranking.

proposed online multiple metric learning algorithm effec-
tively incorporates proximity information into the tracking
framework, which further enhances the tracking performance.
Compared with existing trackers with multiple features, e.g.
OAB, SemiT, MIL and MTMVT, the proposed tracker also
achieves much better performance. This is because the fusion
of multiple sparse representations can simultaneously utilize
the common and feature-specific property among features and
take advantages of the robustness of sparse representation.
Both the EP method and the proposed tracker achieve a better
overall performance than the the COM method, which suggests
that exploiting the feature-specific properties among different
feature representations can increase the tracking accuracy. A
comparison between the proposed tracker and the EP method
suggests that learning an adaptive metric for template matching
is more effective in dealing with changing appearance and
background, compared with predefined and fixed Euclidean
proximity metric. From the comparison results between the
performance of the proposed method and the ND method, we
can see that the proposed method performs much better when
the target encounters some large appearance changes (e.g.
severe occlusion in Woman, large deformation in Bolt2, large
pose changes in Shaking), which suggests the importance of
exploiting the relationship of multiple features for appearance
modeling and illustrate the effectiveness of the lambda2
constraint. Table III shows the running time comparison on
the tracking speed in terms of frame num per second. Since
the CSK method exploits the Fast Fourier Transformation
to construct the tracking model and determine the target
location, it achieves the highest speed among all compared
methods. The proposed method exploit the fast gradient decent
technique and adaptively adjust the step size based on the
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Lipschitz constant, and thereby it is faster than other multi-
feature sparse tracker, e.g. MTMVT.

2) Qualitative Comparison: We qualitatively evaluate the
trackers in four aspects based on some typical video sequence
which are shown in Fig. 5 as follows.

a) Cluttered background: For the challenging videos
Trellis, the face of a man undergoes some large changes of
illumination and pose with cluttered background. We can see
that all the methods except the struck, the ND and the proposed
method drift away from or lose the target in some frames (e.g.
Frame 454). Although the EP method fuses the same types
of features for appearance model, it does not perform well as
our proposed method when cluttered background appears (e.g.
Frame 467).This is because the incorporated multiple metric
learning algorithm, which aims to maximize the interclass
distance and minimize the intraclass distance using multiple
features, make it more easy for the targets to be septated
from background by the tracker. Shaking is also challenging
in which a man’s face undergoes dramatic changes in pose
and illumination within cluttered background. Some partial
occlusion also occurs in several frames. We can see that the
proposed tracker can track the target through the whole video
while the COM, EP, L1APG, OAB, SemiT methods drift
away from the target. In the challenging video Skating1, the
subject is skating under variations of pose, illumination and
background. The proposed tracker is able to track the subject
even under the cluttered background and large illumination
change while the other trackers except the CSK tracker lose
the target because of variations in pose (e.g. Frame 182),
illumination (e.g. Frame 308) or cluttered background (e.g.
Frame 316).

b) Deformation: For the video Bolt where the subject
is runing on the track with non-rigid deformation of his
body. The proposed tracker can reliably track the target while
other trackers except the EP method lose the target when
the subject changes his pose near the starting line around
the frame 30. Although the COM method fuses the same
kind of local and holistic features as the proposed method,
it cannot deal with the deformation effectively because it
enforces all representation patterns of local features to be the
same, which makes it less flexible for each local feature to
model the deformation of the target. By explicitly modeling the
feature-specific representation patterns, the proposed tracking
model enables each features from local parts to have different
representations which is more flexible to handle irregular non-
rigid deformation adaptively. For the video Bolt2, the proposed
tracker can accurately track the target through the whole video
with body deformation. Because of large variations in pose
and the deformation of the subject’s body, other trackers such
as the SCM, L1APG, ASLA methods lose the target around
Frame 186. In the video basketball when the player speeds up
with accompanying changes of pose, several trackers such as
the ALSA, SCM, EP, COM methods have small drift from the
target around Frame 88. Other basketball players with similar
appearance as the tracked target also distract several trackers
such as the COM, L1APG, and the EP method and make
them loss the target. The proposed tracker successfully tracks
the target through the whole video.

c) Occlusion: For the video Walking, a walking woman
is partially occluded by a man around Frame 196. The OAB,
MIL, COM, and EP methods cannot handle the variation well
and drift from the tracked woman. By fusing holistic and local
features and learning the feature specific representations, the
proposed tracker can track the target stably. This is because
the feature-specific representations of the local parts which are
not occluded enable the target to be accurately described. For
the videos Face and Woman, the proposed tracker can track
the target undergoing partial occlusion through the videos,
which further demonstrates its effectiveness to deal with partial
occlusion.

d) Illumination: Fusing various kinds of illumination in-
sensitive features (i.e. HOG, convariance descriptors) enables
the proposed tracker to deal with illumination change more
effectively. Even if tracked targets undergo large illumination
changes, the proposed tracker stably tracks the target. For
other trackers such as the SCM, L1APG, and ASLA method
which only use grey-scale intensity as the feature, they cannot
effectively handle the illumination variation and suffer from
the drift problem (e.g. Frame 156 in Singer2, Frame 22 in
Crowds, Frame 408 in David).

C. Evaluation on Visual Tracking Benchmark

As in [33, 37, 61], we also compared the proposed trackers
with the other twelve trackers using One-Pass-Evaluation
(OPE) on the tracking benchmark [28] which contains totally
51 videos covering numerous challenging factors such as
cluttered background, low resolution, illumination and so on.
It should be noted that the Struck and the SCM methods are
the top 2 trackers based on OPE as reported in [28]. Two
kinds of widely accepted metrics, precision plot and success
plot are used for benchmark evaluation [28]. For the success
plot which shows the percentage of success frames over a
given threshold varying from 0 to 1, the performance score
is computed based on the area under the AUC curve. For
the precision plot which shows the ratio of frames whose
CLE is within a given threshold changing from 0 to 50, the
performance sore is the precision value on the threshold 20 as
in [28].

1) Precision Plots and Success Plots: Fig. 3 demonstrates
the success plots and the precision plots of the One-Pass-
Evaluation (OPE) on the whole set and a subset of sequences
contains different challenging factors, repetitively. As shown
in Tables IV and V, the proposed tracker achieves the best
overall performance using the two metrics. Our tracker
also ranks in the top three among the compared trackers
using precision plots and success plots for 10 and 8 out of
11 challenging subsets, respectively. Moreover, the proposed
tracker demonstrates excellent performance on the subsets of
sequences which covers cluttered background, low resolution,
in-plane/out-plane rotation. This is because the effectiveness
of the fusion scheme and adaptive proximity constraint learned
by the proposed metric learning method make it less sensitive
to cluttered background and enable the target to be distin-
guished from low resolution images with multiple features.
As observed in [73], the fusion of local covariance descriptors
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Precision plots of OPE - fast motion (17)
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Success plots of OPE - fast motion (17)
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Precision plots of OPE - background clutter (21)
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Success plots of OPE - background clutter (21)
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Precision plots of OPE - motion blur (12)
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Success plots of OPE - motion blur (12)
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Precision plots of OPE - deformation (19)
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Success plots of OPE - deformation (19)
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Precision plots of OPE - in-plane rotation (31)
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Success plots of OPE - in-plane rotation (31)
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Precision plots of OPE - out-of-plane rotation (39)
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Success plots of OPE - out-of-plane rotation (39)
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Precision plots of OPE - low resolution (4)
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Success plots of OPE - low resolution (4)

0 5 10 15 20 25 30 35 40 45 50
Location error threshold

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

P
re

ci
si

on

Precision plots of OPE - occlusion (29)
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Success plots of OPE - occlusion (29)
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Precision plots of OPE - illumination variation (25)
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Success plots of OPE - illumination variation (25)
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Precision plots of OPE - out of view (6)
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Success plots of OPE - out of view (6)
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Precision plots of OPE - scale variation (28)
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Success plots of OPE - scale variation (28)
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Precision plots of OPE
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Success plots of OPE

Struck MIL OAB SemiT SCM CSK DFT L1APG ASLA MTT MTMVT SCSPT Ours

Fig. 3. The precision plots and the success plots of One-Pass-Evaluation on a subset of sequence contain different challenging factors. (a) Fast motion and
background clutter. (b) Motion blur and deformation. (c) In-plane and out-plane rotation. (d) Low resolution and occlusion. (e) Illumination and out of view.
(f) scale variation. The ranking result and performance score of each tracker is shown in the legend of each figure. The precision plots and the success plots
of One-Pass-Evaluation of all video sequence are shown in the last two figures of (f). These figures can be seen more clearly in the e-copy of this article.

also enables it to describe the object appearance under pose
variation.

2) Survival Curve: To provide a cumulative rendition of
the quality of the tracker on a set of videos and avoid the risk

of being trapped in the peculiarity of the single video instance
in tracker performance evaluation, similar to the ALOV++
evaluation [27], we evaluate the trackers with the survival
curves using the F-scores computed from the tracking results
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Fig. 4. The survival curve based on the F-score for the entire fifty-one videos.

TABLE VI
AVERAGE SUCCESS RATE UNDER DIFFERENT VALUES OF λ1 AND λ2 . THE

BEST RESULT IS IN Italic FONT.

λ2

λ1 0.0005 0.001 0.0015 0.002

0.03 0.66 0.65 0.72 0.63
0.033 0.69 0.76 0.68 0.69
0.036 0.63 0.70 0.70 0.63
0.039 0.64 0.67 0.63 0.69

of each tracker on each video. The F-score for each video can
be computed as 2 · (precision · recall)/(precision+ recall),
where precision = ntp/(ntp + nfp), recall = ntp/(ntp +
nfn), and ntp, nfp, nfn denote the number of true positives,
false positives, false negatives in a video. For each tracker,
after the F-score of each video in the video set is obtained,
we sort the sets of videos in the descending order and plot the
survival curve of F-scores with respect to the sorted videos
as shown in Fig. 4. We can see that the proposed tracker
achieves the best overall performance compared to the other
twelve trackers with highest average F-score on all videos,
which further validates the robustness of the proposed tracking
algorithm.

D. The effects of regularization parameters

In the proposed method, the regularization parameters λ1
and λ2 are critical parameters which control the sparsity level
of the representation patterns and the diversity of different
feature patterns. To study the effects of these regularization
parameters, we vary λ1 from 0.0005 to 0.002 with an interval
0.005 and λ2 from 0.03 to 0.039 with an interval 0.003
respectively, and compute the average success rate3 in the
sixteen videos as listed in Section V-B. The success rate under
different values of λ1 and λ2 is shown in Table VI. We can see
that the proposed method achieves the highest average success
rate around the point where λ1 and λ2 are 0.001 and 0.033
respectively. Higher sparsity level and higher diversity level
do not mean a better result can be obtained.

E. The effects of the similarity threshold

For the model updating scheme, the similarity threshold
is a critical parameter which control the model updating

3A frame is successfully tracked means that the overlap ratio is larger than
0.5

TABLE VII
AVERAGE SUCCESS RATE UNDER DIFFERENT VALUES OF SIMILARITY

THRESHOLD. THE BEST RESULT IS IN Italic FONT.

cos(10◦) cos(15◦) cos(20◦) cos(25◦) cos(30◦)
0.54 0.59 0.76 0.65 0.60

frequency. If the model is updated too frequently, small
tracking error would be accumulated and gradually the tracker
would drift. On the other hand, if the model kept unchanged
for a long period, the tracking model may not well adapted
to appearance variations and background changes. Therefore,
setting the similarity threshold to a proper value and keeping
a good tradeoff between the stability and the adaptivity is
very important to robust tracking. In this section, we study
the effects of the similarity threshold. We vary the input of
the cosine function from 10◦ to 30◦ with an interval 5◦ and
the corresponding output of the cosine function is set as the
similarity threshold. Then we compute the average success rate
in the sixteen videos listed in Section V-B. From Table VII,
we can see that the proposed method achieves the highest
average success rate around the value cos(20◦). Too high (low)
value of the similarity threshold can not achieve good tracking
performance.

F. Some Failure Cases

(a) (b) (c)

Fig. 5. Failure cases in testing videos: (a) Skiing (b) MotorRolling (c) Suv.

Although the experimental results show the robustness of
the proposed tracker, the proposed tracker fails to track the
target in some cases. As illustrated in Figures 5(a) and 5(b),
when the tracked target encounters some rotation and large
scale changes in the videos skiing and MotorRolling, the
proposed tracker fail to track the target throughout the videos.
One possible reason for it is that the dynamic model adopted
in the paper cannot model such kinds of motions. Since the
proposed tracker does not have a target re-detection module,
when the target undergoes full occlusion or out-of-view, the
tracker may not be able to re-capture the target when the target
re-appears. Figure 5(c) illustrates the failure case in the video
Suv where the tracker loses the vehicle after the vehicle is
occluded by the trees.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a multiple sparse representa-
tion framework with adaptive proximity constraint for multi-
feature visual tracking. By explicitly learning both common
and feature-specific representation patterns among multiple
features, the proposed tracker is able to construct a more
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flexible and informative appearance model than other multi-
feature sparse trackers. Experimental results on publicly avail-
able data show that the proposed tracker performs favorably
against other twelve tracking methods which include multi-
feature trackers, sparse trackers and the top two trackers as
reported in [28], under appearance variations due to pose,
illumination and occlusion. Although appearance modeling
can be enhanced by exploiting hierarchical feature represen-
tation that can be learned from deep neural network using
large scale image data [89], the proposed hand-crafted feature-
based tracker does not require pre-train model and explore
a new perspective about how to exploit the common and
feature-specific properties for feature fusion-based appearance
modeling. Our future work will be to extend this model to
solve other computer vision problems.

APPENDIX A
PROOF OF THEOREM 1

Proof. With the assumption in Theorem 1, let LMk denote the
loss incurred by series of the k-th metric after T trials, i.e.,

LMk =
T∑
t=1

Lk(gk,t(xk,t1 , xk,t2 ), yt), then according to theorem

2.5 in [70], we have LMk ≤ Uk. And if the distance function
of the k-th feature gk,t(·, ·) makes a mistake at trial t, then
Lk(gk,t(xk,t1 , xk,t2 ), yt) ≥ ρ2

8 . So we have,

T∑
t=1

τk,t ≤ 8

ρ2
LMk ≤

8

ρ2
Uk

Following the analysis in [69], we have

T∑
t=1

K∑
k=1

ωk,t−1τk,t ≤ ln(1/β)

(1− β) min
1≤k≤K

T∑
t=1

τk,t +
lnK

(1− β)

Let I(·) denotes the indicator function such that I(a) =
1 if a > 1 and I(a) = 0 if a ≤ 0. Since the dis-
tance functions in the trial t make a mistake if and only

if
K∑
k=1

ωk,t−1τk,t > 0, and
T∑
t=1

I(
K∑
k=1

ωk,t−1τk,t > 0) ≤
T∑
t=1

K∑
k=1

τk,t ≤ (1/κ)
T∑
t=1

K∑
k=1

ωk,t−1τk,t, we have

M =

T∑
t=1

I(

K∑
k=1

ωk,t−1τk,t > 0)

≤
T∑
t=1

K∑
k=1

τk,t

≤ (1/κ)

T∑
t=1

K∑
k=1

ωk,t−1τk,t

≤ ln(1/β)

κ(1− β) min
1≤k≤K

T∑
t=1

τk,t +
lnK

κ(1− β)

≤ 8 · ln(1/β)
κρ2(1− β) min

1≤k≤K
Uk +

lnK

κ(1− β)

APPENDIX B
SETTING OF LIPSCHITZ CONSTANT

Since the Hessian matrix of F (w∗, {vk}Kk=1) in (16) is a
constant matrix as shown in (24), following [71], we set the
Lipschitz constant µ as 2 times the maximum eigenvalue of
the Hessian matrix H as shown in (24), and the maximum
eigenvalue of H is the smallest Lipschitz constant.
H = (24)

K∑
k=1

(Xk)T (Xk), (X1)T (X1) + 2λ2α
1I, · · · , (XK )T (XK ) + 2λ2α

KI

(X1)T (X1), (X1)T (X1) + 2λ2α
1I, 0 0

.

.

. 0

. . . 0

(XK )T (XK ), 0 0 (XK )T (XK ) + 2λ2α
KI



µ = 2λmax(H) (25)

where λmax(H) is the maximum eigenvalue of H.
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