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Abstract

Online learned tracking is widely used for it’s adap-
tive ability to handle appearance changes. However, it in-
troduces potential drifting problems due to the accumula-
tion of errors during the self-updating, especially for the
occluded scenarios. The recent literature demonstrates
that appropriate combinations of trackers can help bal-
ance stability and flexibility requirements. We have de-
veloped a robust tracking algorithm using a local sparse
appearance model (SPT). A static sparse dictionary and
a dynamically online updated basis distribution model the
target appearance. A novel sparse representation-based
voting map and sparse constraint regularized mean-shift
support the robust object tracking. Besides these contri-
butions, we also introduce a new dictionary learning al-
gorithm with a locally constrained sparse representation,
calledK-Selection. Based on a set of comprehensive exper-
iments, our algorithm has demonstrated better performance
than alternatives reported in the recent literature.

1. Introduction
Generative and discriminative methods are two major

categories used in current tracking techniques. The gen-
erative models formulate the tracking problem as search-
ing for the regions with the highest likelihood [5, 7, 16, 18,
19, 25, 28, 15], either using a single appearance model or
multiple appearance models [27]. Discriminative methods
formulate tracking as a classification problem [3, 4, 6, 11].
The trained classifier is used to discriminate the target from
the background and can be updated online. Grabner et. al.
[9] proposed to update the selected features incrementally
using the current tracking result, which may lead to poten-
tial drifting because of accumulated errors, aggravated by
occlusions.

In order to handle the drifting problem, semi-online
boosting [10] was later proposed to incrementally update
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Figure 1. The target appearance (a) is modeled with a dictionary
(b) and a sparse coding histogram (c). The confidence map (e) of
the image (d) is the inverse of the reconstruction error from the
learned target dictionary. The target center is found by voting and
sparse constraint with regularized mean-shift on the probability
map (f).

the classifier using both unlabeled and labeled data. The
Multiple Instance Learning boosting method (MIL) [4] puts
all samples into bags and labels them. The drifting prob-
lem is handled in this method since the true target included
in the positive bag is learned implicitly. Recently, it has
been shown that an appropriate combination of complemen-
tary tracking algorithms can help alleviate drifting problems
[12, 26, 21, 20]. In [17, 13], a sparse representation mod-
els the dynamic appearance of the target and handles the
occlusion as a sparse noise component. All these methods
model the target as a single entity, and therefore cannot han-
dle partial occlusion very well. Fragment-based tracking in
[1] coupled with a voting map can accurately track the par-
tially occluded target. However, this method tracks each
target patch with a static template, which limits its expres-
sive power. It may fail in a dynamic environment which
exhibits appearance changes or pose variations.

In the present paper, we propose and test a robust track-
ing algorithm with a local sparse appearance model (SPT).
The algorithm’s key components are a static sparse dictio-
nary which is used to limit drifting and keep the flexibil-
ity in its linearly spanned subspace; a dynamic basis distri-
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bution which is represented by a sparse coding histogram
and is updated online; a sparse representation based voting
map and reconstruction error regularized mean-shift which
are used to finally locate the center of the object. Besides
all these contributions, a novel sparse dictionary learning
method, called K-selection, is introduced to learn the tar-
get sparse representation library. Figure 1 illustrates an
overview of the proposed algorithm. The contributions of
this paper are:
• A natural combination of static sparse dictionary and

dynamic online updated basis distribution considering
both adaptivity and stability.
• A novel sparse dictionary learning method by directly

selecting the most representative basis.
• A sparse-representation-based voting map and sparse

constraint regularized mean-shift for object tracking.

The paper is organized as follows: The local sparse ap-
pearance modeling is introduced in Section 2; In Section 3,
we describe the new sparse dictionary learning method, K-
selection; The tracking procedure is presented in Section 4;
Section 5 presents the experiments and section 6 concludes
the paper.

2. Local Sparse Appearance Model
Sparse representation has been widely used in many

fields including visual tracking [17, 13]. With the sparse
assumption, the given signal x can be represented as the
linear combination of a few basis vectors in the collected
library Φ with component f representing the noise:

x = Φα+ f. (1)

The representation coefficient α can be computed by opti-
mizing the l1 regularized least square problem, which typi-
cally provides a sparse solution [24]:

α∗ = argminα||x− Φα− f ||2 + λ||α′||1 (2)

where α′ = (αT , fT )T and the parameter λ controls the
sparsity of both coefficient vector and noise.

In our algorithm, a local sparse representation is used to
model the appearance of target patches, and the sparse cod-
ing histogram represents the basis distribution of the target.

2.1. Locally Sparse Representation

Given an image I of the current frame, we can sample a
set of small image patches X = {xi|i = 1 : N} centered
at each pixel inside the target region by sliding a window
of size m× n, where xi is the ith column vectorized image
patch. If p = m × n is its dimension, and Φ ∈ Rp×K is
the basis dictionary learned from the target patch set, the
target patches can be reconstructed by solving Eqn. (2). In
tracking applications, since similarity is more essential than

sparsity, Locality-constrained Linear Coding (LLC) [23] is
utilized in our algorithm. In LLC, the objective function in
Eqn. (2) is changed to:

min
α
||x−

K∑
i=1

Φiαi||2 + λ||d� α||2,

s.t.1Tα = 1 (3)

where � denotes element-wise multiplication and d is the
Euclidean distance vector between y and all basis vectors in
Φ. Constraint 1T c = 1 ensures the shift-invariance. The so-
lution α is not l0 norm sparse, but has only a few significant
components.

The second term in Eqn. (3)penalizes the distance from
the candidate patch to the basis. LLC actually selects a set
of local basis vector for x to form a local coordinate system.
Thus, a faster approximate LLC can be derived by solving a
smaller linear system B containing the k nearest neighbors
of x [23].

min
α̂
||x−Bα̂||2,

s.t.1T α̂ = 1 (4)

The sparse solution of Eqn. (3) can be approximated by
projecting back from α̂. In terms of tracking, LLC is used to
compute the representation with the local template patches
(basis) in Φ that are similar to the candidate sample x.

2.2. Sparse Coding Histogram

Since the target appearance is modeled by local patches,
global structure information is necessary for accurately
identifying the target. Here we define the sparse coding
histogram representing the basis distribution for both target
model and target candidates.

Target Model: Define xi, i = 1 : N as the vectorized
image patches centered at pixel position ci, an isotropic ker-
nel k(ci) is applied to assign smaller weights to pixels far
away from the center. The value of the j-th bin, qj , in the
target model can be computed as :

qj = C

N∑
i=1

k(||ci||2)|αij | (5)

where C is a normalization constant to ensure
∑K
j=1 qj =

1, and αij is the j-th coefficient of the i-th image patch.
Target Candidate: Define x∗i , i = 1 : N ′ as the vector-

ized image patches centered at pixel position ci inside the
window centered at y. The value of the j-th bin, p̂j(y), in
the candidate model can be computed as :

p̂j(y) = C

N ′∑
i=1

k(||y − ci
h
||2)|α∗ij | (6)
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where α∗ is the solution of Eqn. (3) and h is the scale factor.
The sparse coding histogram is dynamic when a target

experiences variations and is updated online. Let y be the
new target center found in the current frame and p̂j(y) its
coding histogram from Eqn. (6), then the new appearance
basis histogram can be updated with learning rate γ:

q′j = qj(1− γ) + p̂j(y)γ (7)

3. Dictionary Learning by K-Selection
We assumed that the dictionary Φ is given in all the

above. Many methods have been proposed to learn a dic-
tionary for minimizing the overall reconstruction error for
sparse representations [8, 14, 2]. The target templates
are stored and updated to form the dynamic dictionary in
[17, 13]. Here, we proposed a new method for learning the
dictionary as basis selection by gradient descent. Given a
dataset X = {xi|i = 1...N}, the problem can be formu-
lated as selecting K data vectors as a basis from the dataset
which can minimize the objective function:

f(Φ) =

N∑
i=1

||xi −
K∑
k=1

Φkαik||2 + λ||di � αi||2,

s.t.1Tαi = 1,∀i. (8)

where Φk = xbk and bk is the index of data vector selected
as the k-th basis vector. The di and αi are the xi’s dis-
tance to the dictionary and the representation coefficients.
Exhaustive search could be needed to find the optimal solu-
tion, so we propose an efficient method which can converge
to a suboptimal solution, called K-Selection.

3.1. Basis Initialization

The initial set of basis vectors is chosen by the following
criterion. For any data point xi ∈ X , the sparse representa-
tion with all other points as a dictionary can be solved by

minωi ||xi −
N∑

j=1,j 6=i

xjωij ||2 + λ||di � ωi||2,

s.t.1Tωi = 1, (9)

where ωij indicates the importance of the j-th data point
for sparsely representing the i-th data point. Thus, the im-
portance of the j-th data point, wj , to be selected as a basis
vector is

wj =

N∑
i=1

|ωij |e−ε
2
i /σ

2

. (10)

The reconstruction error εi indicates the reliability of this
representation. In other words, the importance of the j-th
data point is its weighted contribution in representing the
entire dataset. The first K data vectors with the largest w
are selected as the initial basis.

3.2. Gradient Descent

After initialization, a new data vector will be selected to
replace the t-th basis to minimize the cost function itera-
tively. Let αi be the LLC for xi with the current Φ and,
setting low-value components to zero, the dictionary is up-
dated to fit the dataset without the locality constraint. The
gradient with respect to the t-th basis can be approximated
as

∇ft = ∂f/∂Φt = −2

N∑
i=1

(xi −
K∑
k=1

Φkαik)αit. (11)

Instead of directly updating the basis in the direction of
the negative derivative rt = −∇ft, we perform the update
by selecting the data point xl which has the largest correla-
tion between the displacement and the t-th basis

COR(xl, xbt , rt) =
(xl − xbt)T rt

||(xl − xbt)||2||rt||2
. (12)

The data point x∗l with the maximal value of COR is se-
lected as a potential candidate to replace the t-th basis. Let
fmin be the current residual and frep the residual after re-
placing the t-th basis with x∗l , then the replacement will be
done only if fmin > frep.

Compared to other dictionary learning methods, such as
K-SVD, the dictionary learned withK-Selection has a con-
strained capability to represent the dataset. However, the
target library learned with K-SVD is so general that some
of the background image patches can also be well repre-
sented. This is not desirable in visual tracking, which re-
quires strong discriminative ability. In order to provide
higher discriminative power, we limit the space spanned by
the learned target library strictly to the target model itself,
by directly selecting the K data vectors from the dataset.
This discussion will be revisited in Section 5.1.

4. Tracking
4.1. Sparse Constraint Regularized Mean-shift

In this section we present an iterative tracking algorithm
to locate a target with a local appearance model. Let y be the
target center candidate, while X = {xi, i = 1...N} repre-
sentsN patches in the windowW centered at y. Tracking is
aimed at locating the target with maximum generative like-
lihood, and match the target model and candidate models.

The probability of y being the target center can be esti-
mated by the likelihood of all patches within W ,

P (y|Φ) = C

N∏
i=1

e−k(||
y−ci
h ||

2)
ε2i
σ2 . (13)

where εi is the sparse reconstruction error for the i-th patch.
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The log likelihood of the target candidate is then:

L(y|Φ) =

N∑
i=1

−k(||y − ci
h
||2)

ε2i
σ2
. (14)

The Bhattacharyya metric is used to measure the dis-
tance between the sparse coding histograms of the target
and candidate models

d(y) =
√

1− ρ(p̂(y), q), (15)

ρ(p̂(y), q) =

K∑
j=1

√
p̂j(y)qj . (16)

The target then can be located by maximizing:

ρ̂(y,Φ) =

K∑
j=1

√
p̂j(y)qjL(y|Φ). (17)

The first component in ρ̂(y,Φ) measures the match between
the distribution of the target model and candidate model,
while the second term measures the probability of the can-
didate being generated from its target library Φ.

Assume we have an initial guess of the center as y0. By
Taylor expansion, Eqn. (17) can be rewritten as:

ρ̂(y,Φ) ≈ −1

2

K∑
j=1

√
p̂j(y0)qjL(y0|Φ)

+

K∑
j=1

√
p̂j(y0)qjL(y|Φ)

+
1

2

K∑
j=1

p̂j(y)

√
qj

p̂j(y0)
L(y0|Φ)

= C1 +
1

2

N∑
i=1

wik(||y − ci
h
||2), (18)

wi =

K∑
j=1

√
p̂j(y0)qj

(
L(y0|Φ)|αij |

p̂j(y0)
+
−2ε2i
σ2

)
(19)

whereC1 in ρ̂(y,Φ) does not depend on y. The second term
in Eqn. (18) has to be maximized to minimize the Bhat-
tacharyya distance. It also represents the density estimation
computed with kernel k(.) at y with weight wi. The target
center can be found iteratively using Mean-shift.

ŷ1 =

∑N ′

j=1 ciwig(|| ŷ0−cih ||2)∑N ′

j=1 wig(|| ŷ0−cih ||2)
(20)

To measure the size of the target, the tracking procedure
can be carried out with several scale values and the target
center and scale with the maximum of Eqn. 17 selected as
the tracking result. The motion and scaling are assumed to
be continuous.

Algorithm 1: Compute sparse representation based voting
Define: xi as the ith image patches centered at position ci.

1. initialize V = 0.
2. for i = 1 : N
3. α∗i ← solution of LLC Eqn. (3)
4. εi = ||xi − Φα∗i ||2;
5. for j = 1 : K

6. V (c∗) = V (c∗)+P (c∗−ci, j)(1−δ(αij))e−ε
2
i /σ

2

7. end
8. end

4.2. Voting in a Sparse Representation

For accurately locating the target center in an occlusion
scenario, a voting map is used to improve the robustness of
our tracker. In the training stage, not only is the appear-
ance of the image patch, but also the spatial configuration
in relation to the target center as origin, is encoded in the
learned sparse target library. Denote the target center as c0,
for a training patch at position ci, its spatial information is
recorded in the j-th basis as:

Pc(dc, j) = Pc(dc, j) + α2
ijk(||dc/h||2) (21)

where dc = c0 − ci is the offset of the target center relative
to the training patch.

In the testing stage, denote xi as the i-th image patch
centered at ci and α∗i as its coefficients calculated by LLC.
The overall target center voting score is:

V (c) =

N∑
i=1

K∑
j=1

Pc(c− ci, j)(1− δ(αij))e−ε
2
i /σ

2

(22)

The e−ε
2
i /σ

2

in Eqn. (22) weighs the voting by its sparse
reconstruction accuracy. Patches with larger errors con-
tribute less to the overall voting map. The details of the
voting algorithm in the testing stage are given in Algorithm
1. Using the voting map, the final tracking result can be
found iteratively with

ŷ1 =

∑N ′

j=1 ciwiV (ci)g(|| ŷ0−cih ||2)∑N ′

j=1 wiV (ci)g(|| ŷ0−cih ||2)
(23)

5. Experiment
In this section, we evaluate our sparse tracking algo-

rithm (SPT) on eight challenging sequences and compare
its performance with five other latest state-of-the-art track-
ers . For the comparison, either the binaries or source codes
provided by the authors with the same initialization and pa-
rameter settings were used to generate the comparative re-
sults. The first three sequences (David, girl, car), the fourth
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sequence (faceocc2) and other sequences (lemming, box,
board, liquor) can be downloaded from the URLs 1 2 3

respectively. The challenges of these sequences are sum-
marized in Table 1, including pose variation, illumination
changes, occlusions and scaling. Overall, our SPT method
provides more accurate and stable tracking results. The
videos and codes are provided on the project website4.

Table 1. The challenges of the experimental sequences
Sequence 3D Pose Illumination Occlusion Scaling

David
√
‡

√
† ×

√

girl
√
‡

√ √
‡

√

car ×
√
‡ ×

√

faceocc2 ×
√
†

√
‡ ×

lemming
√

×
√
‡

√

box
√ √ √

‡
√

board
√
‡ ×

√ √

liquor
√ √ √

†
√

‡ Heavy variation or occlusion.
† Partial illumination changes or occlusion.

5.1. Reconstruction vs. Discriminative Power

As noted in Section 3, it is worthwhile to evaluate not
only the reconstruction error, but also the discriminative
power for a sparse dictionary learning method. We claim
that under certain conditions, discriminative power weighs
more than actual reconstruction error. In this set of exper-
iments, more than a hundred thousand image patches were
extracted from the target region, and the same number of
background patches were randomly generated from the re-
gions outside the target. The dictionaries were trained using
the target patches extracted from the first frame only.

If X+ and X− are the set of target patches and back-
ground patches, the reconstruction error is measured as

E(X) =
1

N

N∑
i=1

||xi − Φα∗i || (24)

where α∗i is the sparse solution of the i-th patch using Eqn.
(3). The difference between E(X+) and E(X−) is used to
measure the discriminative power of the learned dictionary.
A larger difference |E(X+) − E(X−)| indicates stronger
discriminative power.

The popular K-SVD method [2] using Orthogonal
Matching Pursuit (OMP) [22] is used for comparison. As
shown in Figure 2(a), it is not surprising that the dictionary
learned withK-SVD has a smaller reconstruction error than
ourK-Selection method as it explicitly minimizes the l2 re-
construction error. However, the dictionary learned by K-
SVD with OMP can also represent the background patches,

1http://www.cs.toronto.edu/∼dross/ivt/
2http://vision.ucsd.edu/∼bbabenko/project miltrack.shtml
3http://gpu4vision.icg.tugraz.at/index.php?content=subsites/prost/prost.php
4http://paul.rutgers.edu/∼baiyang/spt

(a) Reconstruction errors (b) Discriminative powers

Figure 2. Performance of the learned dictionaries using K-
Selection (red) and K-SVD (blue dash) evaluated by reconstruc-
tion errors (a) and discriminative power (b).

(a) Size of the patches (b) Percentage of the basis

Figure 3. Analysis of the tracking performance with different size
of patches (a) and different percentage of the selected basis (b).

which leads to relatively weaker discriminative power com-
pared with our K-Selection algorithm, as shown in Fig-
ure 2(b). Therefore, K-Selection exhibits larger recon-
struction errors but stronger discriminative power, which
makes it more suitable for tracking and some other appli-
cations. Also, discriminative power does not always in-
crease by adding more basis patches, because the added ba-
sis will contribute to the reconstruction of both background
and target. We experimentally found that a very small basis
set is frequently sufficient to discriminate target from back-
ground.

5.2. Parameter Analysis

Our algorithm has two important parameters: patch size
s and percentage β of the selected basis over the whole
training set. Four sequences(David, girl, faceocc2, board),
exhibiting illumination changes, pose variations and occlu-
sions were tested with s = (3×3, 5×5, 7×7, 9×9, 11×11)
and β = (5%, 10%, 15%, 20%, 25%, 30%).

As we can observed in Figure 3(a), patch sizes 5 and 7
provide the best results. A dictionary learned with smaller
image patches have more representation ability but less dis-
criminative power. Similar trends can be observed for the
percentage of selected basis vectors over the entire training
set, shown in Figure 3(b). A larger dictionary will degener-
ate tracking performance due to the loss of discrimination.

5.3. Comparative Tracking Results

Benchmark Sequences: Our SPT method was first eval-
uated on four benchmark sequences compared with: Mul-
tiple Instance Learning (MIL) [4], Online Simple Track-
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Table 2. Comparative results on the benchmark datasets.
david girl car faceocc2

PROST[20] 0.124 0.115 NA 0.116
TST[13] 0.052 0.131 0.065 0.139
MIL[4] 0.127 0.161 0.700 0.095
IVT[19] 0.059 0.147 0.020 0.081

SPT 0.026 0.066 0.031 0.065

Table 3. Comparative results on the PROST datasets.
lemming box board liquor

PROST[20] 0.189 0.091 0.157 0.101
FragTrack[1] 0.625 0.406 0.363 0.145

MIL[4] 0.112 0.740 0.206 0.619
SPT 0.101 0.073 0.059 0.016

ing (PROST) [20], Two Stage Sparse Tracker (TST) [13]
and Incremental Visual Tracking (IVT) [19]. The quanti-
tative results are shown in Table 2. For a fair comparison,
the mean ratio of a target center’s offset over the diagonal
length of the target is used to measure the performance. The
pixel-wise tracking errors (measured by the Euclidean dis-
tance from the center of the target to the ground-truth) are
shown in Figure 4. Comparative results for selected frames
are presented in Figure 5. Our method produces the small-
est tracking error for David, girl, faceocc2 sequences which
have large appearance changes. IVT yields slightly bet-
ter results for car sequence, which has heavy illumination
change but smaller appearance changes. MIL is good in
general, but experiences difficulty in handling partial illu-
mination change (#44 David). As shown in Figure 4(c),
MIL drifted away after heavy illumination changes of the
target under a bridge (#240 car). IVT and TST have rel-
atively larger errors in the girl’s sequence when the target
is occluded by similar faces (#424,#436 girl). When the
target varies due to either illumination changes, pose varia-
tions or similar occlusion, our SPT method provides robust
and accurate tracking results.

PROST Sequences: To further evaluate our SPT
method for accurate tracking under occlusion, appearance
blur, and pose variation, the latest four sequences provided
in [20] are selected to compare with PROST, MIL, and
FragTracker [1]. Our SPT method gave the best perfor-
mance for all sequences, as shown in Table 3, while PROST
has the second best performance. Pixel-wise tracking re-
sults and the results of selected frames show that other
methods have difficulties in accurately locating the target
under heavy occlusion (#336 lemming, #300 box, #731
liquor). MIL and PROST cannot track the target accurately
when large pose variation occurs (#994 lemming, #600
box, #497 board), while our SPT method can track the tar-
get even under 90 degree off-plane rotation (#497 board).

6. Conclusion
We have developed and tested a robust tracking algo-

rithm with a static sparse dictionary and dynamic online
updated basis distribution, which can adapt to appearance
changes and limit the drifting. The target appearance is
modeled using a sparse coding histogram based on a learned
dictionary with K-Selection. The natural combination of
static basis and dynamic basis distribution provides a more
robust result. The novel sparse representation based voting
map and sparse constraints regularized mean-shift together
contribute to the robust performance. Experimental results
compared to the most recent literature demonstrates the ef-
fectiveness of the SPT method.The algorithms described
in this paper, such as K-Selection, voting and sparse con-
straint regularized mean-shift, could be extended to other
computer vision applications.
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