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ABSTRACT

In this paper, we propose a new visual tracking method via the man-
ifold regularized local structured sparse representation model under
the particle filtering tracking framework. First, in order to tackle
the difficulties of partial occlusion and illumination variation, the
local structured sparse representation model is incorporated by ex-
ploiting both partial and spatial information of the target. Second,
the manifold regularization is used to ensure that neighboring par-
ticles should share similar representation coefficients, so that these
particles can cooperate with each other. Extensive experiments are
performed on various video sequences, showing improvement over
the state-of-the-art approaches.

Index Terms— Visual Tracking, Sparse Representation, Mani-
fold Regularization

1. INTRODUCTION

Visual tracking is an important topic in computer vision area, and
has been used for many computer vision applications, such as video
surveillance, access control and human-computer interaction. How-
ever, it is still an intractable problem due to a variety of challenges,
i.e., illumination variation, occlusion, pose variation, and back-
ground clutter. To tackle these difficulties, many approaches have
been proposed, including appearance based [1, 2, 3], dynamical-
model based [4, 5, 6], online-learning based [7, 8, 9, 10, 11] and
sparse representation based methods [12, 13, 14, 15].

Recently, sparse representation has been applied to visual track-
ing. Mei et al. proposed the first sparse representation based track-
ing method in [12]. The core idea behind this model is to utilize
a set of target and trivial templates to reconstruct the object with
the sparse representation coefficients. As reported in this paper, the
tracking results have been improved in comparison with the classi-
cal approaches. The occlusion is represented by trivial templates,
which makes this method suffer from huge computational cost. To
prevent introducing trivial templates, Wang et al. proposed a kernel
based sparse representation model in [15] and Xu et al. proposed a
local sparse representation model in [13]. For example, in [13], the
overlapped local patches within the templates are first sampled to
construct a dictionary. Then, the sparse coding (or sparse represen-
tation) of local patches is performed on each local patch. Due to the
utilization of the spatial and partial information of the target object,
this method can deal with partial occlusion efficiently. Motivated by
[13], we also utilize local patches to represent the target of interest.

Most sparse representation based tracking methods are imple-
mented under the particle filtering framework. In this framework,
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each particle corresponds to a candidate target. In traditional sparse
representation based tracking methods, the particles are handled
independently. To improve tracking performance, in [14], Zhang
et al. proposed a multi-task learning algorithm to mine the inter-
dependencies between particles, namely, this method ensures that
the neighboring particles should share similar representation coeffi-
cients. Motivated by [14], we also introduce the interdependencies
between particles by using manifold regularization.

Motivated by the previous work, in this paper, we propose a new
manifold regularized local structured sparse representation model
(MRLSSR) for visual tracking. The details or main advantages of
our method are summarized as follows:

• Due to local sparse representation model, our method can
effectively solve partial occlusion and illumination variation
problems. Experimental results also indicate that our method
can outperform the state-of-the-art approaches with global s-
parse representation, such as SR [12] and MTT [14].

• Based on the manifold regularization, the particles can co-
operate with each other. As a result, our method can pro-
vide smoothness tracking result. Experiments show that our
method can provide better results as compared with LSSR
[13], which does not utilize manifold regularization.

The reminder of this paper is organized as follows: Section 2
presents the proposed MRLSSR model with formulation and opti-
mization details. In Section 3, we summarize our tracking algorithm
within particle framework. Experimental results are given in Section
4. The concluding remarks are discussed in Section 5.

2. THE PROPOSED MODEL

2.1. Problem Formulation and Definitions

Let T = {T1, T2, ..., TN} be N target templates obtained in the ini-
tial frame. The tracking algorithm is implemented within particle
filtering framework. Thereby, the candidate templates are defined as
Y = {Y1, Y2, ..., YM}, where M is the number of candidate tem-
plates. In our model, each template, either target or candidate, is
divided into B blocks. Hence, the target templates are redefined as

T̂ = {T1,1, T1,2, ..., T1,B,

T2,1, T2,2, ..., T2,B, ...,

TN,1, TN,2, ..., TN,B}, (1)

where Ti,b is the b-th block of the i-th target template. Similarly, the
candidate templates are redefined as

Ŷ = {Y1,1, Y1,2, ..., Y1,B,

Y2,1, Y2,2, ..., Y2,B, ...,

YM,1, YM,2, ..., YM,B}, (2)
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Fig. 1. Block definition and sub-dictionary Di construction.

where Yi,b is the b-th block of the i-th candidate template.
With the above definitions in mind, we define the dictionary as

D = [D1;D2; ...;DB], (3)

where Db = [T1,b, T2,b, ..., TN,b] is the b-th sub-dictionary defined
as the corresponding blocks of all target templates, as illustrated in
Fig. 1. Similarly, we define

X = [X1;X2; ...;XB], (4)

where Xb = [Y1,b, Y2,b, ..., YM,b].

2.2. Manifold Regularization Local Structured Sparse repre-
sentation (MRLSSR)

Local Sparse Representation: As in the sparse representation
based tracking algorithm proposed in [12], each local patch Yi,b of
the candidate template is sparsely represented by the dictionary D
by solving the following equations

min
Ci,b

‖Yi,b −DCi,b‖22 + λ‖Ci,b‖1, s.t. Ci,b � 0, (5)

where λ is a weighting parameter and Ci,b is the sparse representa-
tion coefficients corresponding to Yi,b. Equation Ci,b � 0 means all
elements in the coding vector Ci,b should be non-negative.

By considering all patches together, Eqn. (5) can be rewritten as
the following compact form, given by

min
C

‖X −DC‖2F + λ‖C‖1, s.t. C � 0, (6)

where C = [C1, C2, ..., CB], in which Cb = [C1,b, C2,b, ..., CM,b]
corresponds to the representation coefficients of Xb.

Manifold Regularization: From Eqn. (6), the sparse repre-
sentation coefficients of all candidate templates are independent. In
[14], Zhang et al. have proposed a manifold regularization to ensure
that the candidates should have similar representations if they are
spatially located near each other in the same frame. Motivated by
[14], we also introduce the interdependencies between local patches
by using manifold regularization.

Let W ∈ R
M×M be a similarity matrix, which measures the

similarity of all candidates. Within particle filtering tracking frame-
work, each candidate corresponds to a particle. Hence, the similarity
between two candidate templates can be calculated by the similarity
of the corresponding particle states, namely

Wij = exp

(
−‖ci − cj‖22

2δ2

)
, (7)

where ci and cj are the center position of the i- and j-th particles (the
particle filtering process is described in Subsection 3). To decrease
the effect of noise, the similarity is improved by

Wij =

{
Wij , Wij ≥ ε

0, otherwise
, (8)

where ε is a small positive value. We then define d̂i =
∑M

j=1 Wij

as the sum of the i-th row of W , and

D̂ = diag(d̂1, d̂2, ..., d̂M) (9)

is a diagonal matrix.
With the similarity matrix and its diagonal matrix, the manifold

regularization is then defined on the corresponding block of all can-
didate templates, given by

R(C) =
B∑

b=1

⎛⎝1

2

M∑
i=1

M∑
j=1

Wij

∥∥∥∥∥∥ Ci,b√
d̂i

− Cj,b√
d̂j

∥∥∥∥∥∥
⎞⎠

=
B∑

k=1

Tr(CbLC
T
b ), (10)

where L = D̂− 1
2 (D̂−W )D̂− 1

2 , and Tr(.) is matrix trace operation.
MRLSSR Model: By considering Eqns. (6) and (10) together,

we can obtain our MRLSSR model as

min
C

‖X −DC‖2F + λ‖C‖1 + η
B∑

k=1

Tr(CbLC
T
b ),

s.t. C � 0, (11)

where η is a weighting constant.

2.3. Optimization of Eqn. (11)

To optimize our MRLSSR model, we first divide it into B sub-
problems, and each of them is defined as

min
Cb

O(Cb) = ‖Xb −DCb‖2F + λ‖Cb‖1 + ηTr(CbLC
T
b ),

s.t. Cb � 0, (12)

where 1 ≤ b ≤ B. For each sub-problem in Eqn. (12), we adopt an
iterative algorithm to get the optimal value.

Let φij be the Lagrange multiplier for the constraint Cb ≥ 0 and
Φ = [φij ]. Therefore, Eqn. (12) can be be written as

min
Cb

‖Xb −DCb‖2F + λ‖Cb‖1 + ηTr(CbLC
T
b ) + Tr(ΦCT

b ). (13)

We can further obtain the partial derivative of Eqn. (13) with respect
to Cb and finally get the updating rule as

(Cb)ij = (Cb)ij
(DTXn + ηCbW )ij

(DTDCb + ηCbD̂ + λ)ij
, (14)

where (Cb)ij means the ij-th element of matrix Cb. The algorithm
is summarized in Algorithm 1. In Algorithm 1, O is the objective
function value calculated by Eqn. (12).
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Algorithm 1: MRLSSR
Data: Dictionary D, patches X and weighting constants λ, η.
Result: The coding vector C.

1 Constructing similarity matrix W and diagonal matrix D̂ by
Eqns. (8) and (9);

2 Initializing C with random positive values;
3 for b = 1 to B do
4 for k = 0 to maxIter do
5 Updating Cb by Eqn. (14);
6 if ‖Oold−Onew‖2

Oold
≤ τ then

7 Break;
8 end
9 end

10 end

3. TRACKING ALGORITHM VIA MRLSSR WITHIN
PARTICLE FILTERING FRAMEWORK

Let xt be the state variable used to describe the state of the object,
and z1:t = {z1, z2, ..., zt} be the observations from the first frame
up to the t-th frame. Particle filtering is composed of two steps, i.e.,
prediction and update. The posterior p(xt|z1:t) is approximated by a
set of n particles {xi

t}ni=1 with importance weights {wt}ni=1, namely

p(xt|z1:t) =
n∑

i=1

δ(xt − xi
t)w

i
t,

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

wi
t = wi

t−1p(zt|xi
t), (15)

where wi
t−1 is the weight of the i-th particle at previous time t− 1,

and p(zt|xi
t) is the observation likelihood of the i-th particle. The

weights {wi
t}ni=1 are normalized.

Within particle filtering framework, we only need to focus on
two parts, i.e., the dynamical model p(xt|xt−1) and the observation
model p(zt|xt). As far as we know, all typical tracking algorithms
based on sparse representation focus on improving observation mod-
el p(zt|xi

t).
State and Dynamical Model: As the sparse representation

based tracker in [12], the object state is formulated as affine transfor-
mation with five parameters. The dynamic model is p(xt|xt−1) =
N (xt;xt−1,Σ), where Σ is a diagonal covariance matrix whose
elements are the variances of affine parameters.

Observation Model: In our MRLSSR model, the candidate
template is divided into B patches. For each patch (such as the b-
th patch in the i-th particle), we have its corresponding sparse rep-
resentation coefficient Ci,b. From Eqn. (5), the coefficients Ci,b

are related to the full dictionary D. In practice, the b-th local patch
should be the most similar to the b-th sub-dictionary Db. Hence, for
b-th local patch, we only consider the coefficients related to the b-th
sub-dictionary Db. Denote Cb

i,b as the sub-vector of Ci,b with co-
efficients only related to the b-th sub-dictionary Db. Therefore, the
observation model of i-th particle is defined as

p(zt|xi
t) =

B∑
b=1

‖Cb
i,b‖1. (16)

Eqn. (16) means the sum pooling of all patches.

Fig. 2. Visual comparative results of our method (in blue) with MT-
T (in yellow), SCM (in green) and LSSR (in red) on three video
sequences. From top to bottom are the sequences of Shaking and
Soccer.

4. EXPERIMENTAL RESULTS

Extensive experiments are performed to evaluate the proposed track-
ing algorithm on several video sequences, which present several
challenges, such as illumination variation, partial occlusion, pose
variation, background clutter and scale change. We compare our M-
RLSSR model with the state-of-the-art approaches, i.e., Mean-shift
(MS) [1] 1, Online Boosting (OB) [7] 2, TLD [10] 3, SR [12] 4, IVT
[16] 5, Frag [17] 6, SCM [18] 7, MTT [14] 8 and LSSR [13] 9.

In our method, the major parameters are set as follows: 1) the
weight constants λ and η are set to 0.05 and 0.01; 2) the particle
number n is set to 600; 3) the parameter δ is set to the average of
all state distances and parameter ε is set to 0.1; 4) the template is
divided into 3× 3 patches with half overlap.

Both qualitative and quantitative comparisons are evaluated. For
quantitative comparison, we utilize two criteria, such as PosErr and
F-score. PosErr measures the Euclidean distance between the track-
ing center and the ground truth center, which is defined as

PosErr =
√

(cxtrk − cxgt)
2 + (cytrk − cygt)

2,

where (cxtrk, c
y
trk) and (cxgt, c

y
gt) denote the tracked central position

and ground truth central position, respectively. F-score evaluates
tracking accuracy by taking both the recall and precision into ac-
count. In visual tracking, F-score can be simply calculated as

F-score =
Rtrk ∩Rgt ∗ 2

Rtrk ∩Rgt +Rtrk ∪Rgt
,

where Rtrk denotes the object region within tracking bounding and
Rgt denotes the object region obtained through ground truth. ∩ and

1The code is available at www.sigvc.org/lfwang.
2The code is available at www.vision.ee.ethz.ch/

boostingTrackers.
3The code is available at info.ee.surrey.ac.uk/Personal/Z.

Kalal/tld.html.
4The code is available at www.ist.temple.edu/˜hbling/code_

data.htm.
5The code is available at www.cs.toronto.edu/˜dross/ivt/.
6The code is available at www.cs.technion.ac.il/˜amita/

fragtrack/fragtrack.htm.
7The code is available at ice.dlut.edu.cn/lu/Project/

cvpr12_scm/cvpr12_scm.htm.
8The code is available at https://sites.google.com/site/

zhangtianzhu2012/.
9The code is available at ice.dlut.edu.cn/lu/Project/

cvpr12_jia_project/cvpr12_jia_project.htm.

1152



Table 1. Numerical comparisons of the averages of PosErr. The best results are indicated by red color. The second best results are indicated
by green color. #: some tracked rectangles are out of image domain.

Table 2. Numerical comparisons of the averages of F-score. The best results are indicated by red color. The second best results are indicated
by green color. #: some tracked rectangles are out of image domain.

∪ are the intersection and union operations. A good tracking result
should provide low PosErr and high F-score.

We compare our tracking algorithm with the state-of-the-art ap-
proaches on five challenging video sequences. The visual compar-
isons are illustrated in Figs. 2 and 3. From these two figures, we can
see that all the video sequences present many tracking difficulties.
For example, in Soccer sequence, the targets are severely occluded.
In Shaking and Car11 sequences, the targets undergo large appear-
ance variation due to drastic illumination. In Animal, Shaking and
Soccer sequences, the targets are blurred in some frames. In David
sequence, the targets present pose variation. Our algorithm can track
the targets well regardless of these difficulties while others fail in
some video sequences.

The numerical comparisons on the above five video sequences
by PosErr and F-score are shown in Table 1 and Table 2, respective-
ly. From these two tables, we can see that our method holds lower
PosErr values as well as higher F-score values (at least reaches a
second best result). Especially, only our method can track all video
sequences successfully.

5. CONCLUSION

In this paper, we propose a new tracking algorithm based on the M-
RLSSR model, which can incorporate both partial and spatial infor-
mation within particle filtering framework. Experiments with several
challenge video sequences show that our model is efficient and ro-
bust in solving the occlusion and corruption problems. In addition,
our method can be improved in two aspects. On the one hand, we
can introduce the relationship between local patches within one can-
didate template to further smooth the representation coefficients. On
the other hand, some invalid patches due to the illumination varia-
tion and occlusion can be abandoned or adjusted, so that our model

Fig. 3. Visual comparative results of our method (in blue) with MTT
(in yellow), SCM (in green) and LSSR (in red) on three video se-
quences. From top to bottom are the sequences of Animal, David
and Car11.

can weaken the influence of invalid patches.

6. REFERENCES

[1] Dorin Comaniciu, Visvanathan Ramesh, and Peter Meer,
“Real-time tracking of non-rigid objects using mean shift,” in
IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2000, pp. 142–149.

[2] Robert T. Collins, “Mean-shift blob tracking through scale s-

1153



pace,” in IEEE Conference on Computer Vision and Pattern
Recognition, 2003, pp. 234–240.

[3] Dorin Comaniciu, Visvanathan Ramesh, and Peter Meer,
“Kernel-based object tracking,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 25, no. 5, pp. 564–577,
2003.

[4] M. Sanjeev Arulampalam, Simon Maskell, Neil Gordon,
and Tim Clapp, “A tutorial on particle filters for online
nonlinear/non-gaussian bayesian tracking,” IEEE Transactions
on Signal Processing, vol. 50, no. 2, pp. 174–188, 2002.

[5] Michael Isard and Andrew Blake, “Condensation - conditional
density propagation for visual tracking,” International Journal
of Computer Vision, vol. 29, no. 1, pp. 5–28, 1998.

[6] M. Sanjeev Arulampalam, Simon Maskell, and Neil Gordon,
“A tutorial on particle filters for online nonlinear/non-gaussian
bayesian tracking,” IEEE Transactions on Signal Processing,
vol. 50, pp. 174–188, 2002.

[7] Helmut Grabner, Michael Grabner, and Horst Bischof, “Real-
time tracking via on-line boosting,” in British Machine Vision
Conference, 2006, pp. 47–56.

[8] Boris Babenko, Ming-Hsuan Yang, and Serge Belongie, “Vi-
sual tracking with online multiple instance learning,” in
IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2009, pp. 983–990.

[9] Xiaofeng Ren and Jitendra Malik, “Tracking as repeated fig-
ure/ground segmentation,” in IEEE Conference on Computer
Vision and Pattern Recognition, 2007, pp. 1–8.

[10] Zdenek Kalal, Jiri Matas, and Krystian Mikolajczyk, “P-n
learning: Bootstrapping binary classifiers by structural con-
straints,” in IEEE Conference on Conference on Computer
Vision and Pattern Recognition, 2010, pp. 49–56.

[11] S. Avidan, “Ensemble tracking,” in IEEE Conference on Com-
puter Vision and Pattern Recognition, 2005, pp. 494–501.

[12] Xue Mei and Haibin Ling, “Robust visual tracking and vehicle
classification via sparse representation,” IEEE Transaction on
Pattern Analysis and Machine Intelligence, vol. 33, no. 11, pp.
2259–2272, 2011.

[13] Xu Jia, Huchuan Lu, and Ming-Hsuan Yang, “Visual track-
ing via adaptive structural local sparse appearance model,” in
IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2012, pp. 1822–1829.

[14] Tianzhu Zhang, Bernard Ghanem, Si Liu, and Narendra Ahuja,
“Robust visual tracking via structured multi-task sparse learn-
ing,” International Journal of Computer Vision, vol. 101, no.
2, pp. 367–383, 2013.

[15] LingFeng Wang, Hongping Yan, Ke Lv, and Chunhong Pan,
“Visual tracking via kernel sparse representation with multik-
ernel fusion,” IEEE Transactions on Circuits and Systems for
Video Technology, vol. 24, no. 7, pp. 1132–1141, 2014.

[16] David A. Ross, Jongwoo Lim, Ruei-Sung Lin, and Ming-
Hsuan Yang, “Incremental learning for robust visual tracking,”
International Journal of Computer Vision, vol. 77, no. 1, pp.
125–141, 2008.

[17] Amit Adam, Ehud Rivlin, and Ilan Shimshoni, “Robust
fragments-based tracking using the integral histogram,” in
IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2006, pp. 798–805.

[18] Wei Zhong, Huchuan Lu, and Ming-Hsuan Yang, “Robust
object tracking via sparsity-based collaborative model,” in
IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2012, pp. 1838–1845.

1154


