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Abstract
Handling appearance variations is a challenging issue in visual tracking. Appearance models of existing tracking algorithms are
usually built upon a linear combination on template set. With such kind of representation, accurate visual tracking is not desirable
when heavy appearance variations are in presence. In this paper, under the framework of particle filtering, we propose a novel
representation for the target. Namely, the target candidates are represented by affine combinations of template set, which leads to
better capability in describing unseen target appearances. Additionally, to adapt this representation to dynamic contexts across the
video sequence, a novel template update scheme is presented. Different from conventional approaches, the scheme considers the
importance of one template to a target candidate in current frame as well as the recentness of the template that is kept in the template
set. Comprehensive experiments show the proposed algorithm achieves superior performances in comparison with state-of-the-art
works.
Keywords: Visual tracking, Particle filter, Affine hull, Histograms of sparse codes.

1. Introduction
Video tracking is the process of locating a tracked target
across video sequences. It can be applied in variety of tasks
such as human-computer interaction, security and surveillance,
video communication and compression, augmented reality,
and video editing. Video tracking can be a time consuming
process due to the amount of data that is contained in video.
Despite much progress has been made in the past decades
[1, 2], it remains a hard issue due to a wide variety of effects
along with the tracked target such as illumination variations,
occlusions, out-of-plane rotations, non-rigid object deformation
and background clutters.
As a common practice, the target is manually selected in
the first frame. Thereby, a tracking algorithm is required to
associate the tracked target in the rest frames across the whole
video sequence. There are two major components in a typical
tracking system: appearance model and motion model. The
appearance model is important, and it represents the target
and is used to evaluate the observation likelihood of each
target candidate in the current frame. A good appearance
model should be robust to illumination variations, occlusions
and other significant appearance variations. In the meantime,
computation costs for the target representation should be kept as
low as possible such that the whole process is efficient enough.
In visual tracking, a target is may be represented by a set
of templates, which is sometimes called as a dictionary. Each
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target candidate is linearly described as a vector spanned by
a pre-defined template set. The observation likelihood of a
target candidate belonging to the target is evaluated based on
the reconstruction residual. Usually, the target candidate which
gives the minimum reconstruction residual is selected as the
tracking result in the current frame.
In general, the template set is composed of the most representative instances of the tracking results from previous
frames across the video sequence. In [3], a target candidate
is linearly represented by a set of basis samples, which are
directly sampled from video sequence. In [4], the representative
samples are undergone the principle component analysis (PCA)
before they are used as the representation templates. Such a
target candidate is represented by a set of PCA basis vectors,
which is in low dimension and robust to illumination and
pose variations. However, this representation turns out to be
vulnerable to background clutters. In [5], a target candidate
is represented by both target templates and trivial templates.
Different from the L1 algorithm [5], Zhang et al. [6] use both
target and background templates to collaboratively represent a
target candidate.
For all the approaches discussed so far, the representation
for a target candidate is a linear combination of templates.
Despite representative instances for the target are included in
the template set, this linear combination may fail to cover some
of target appearances. It is particularly true in the cases that
the target undergoes heavy occlusions and other significant
appearance variations. To address this problem, we propose to
represent a target candidate with an affine combination of target
templates, which is able to cover unseen target appearances.
During the tracking, the target object could be embedded
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in dynamic backgrounds. The shape and appearances of the
tracked target also change dynamically. In order to achieve
better approximation to the target, the template set should be
adaptive to reflect these variations. Traditionally, the template
which contributes the lowest weight to the target object in the
current frame is swapped out and replaced by the tracking result
in the current frame. In our work, a novel template update
scheme is proposed, which considers not only the weight of one
template that contributes to the target, but also the recentness
of the template. Moreover, we propose a novel likelihood
evaluation function based on both the reconstruction residual
and the template coefficient vector, which makes the tracking
more stable. Finally, we propose an Affine Hull based Tracking
(referred to as AHT) algorithm. Comprehensive experiments on
several challenging video sequences against some state-of-theart tracking algorithms demonstrates that the proposed AHT
algorithm achieves superior tracking performance.
The remainder of this paper is organized as follows. Section
2 summarizes the related work. Section 3 briefly reviews
the particle filter framework for visual tracking. Section 4
presents the proposed tracking algorithm, which includes the
target representation, the likelihood evaluation and the template
update scheme. Section 5 evaluates the performance of the proposed AHT algorithm in comparison with several state-of-theart tracking algorithms on some challenging video sequences.
Section 6 concludes the paper.

target to build background templates, and use both target and
background templates to collaboratively represent each target
candidate. In [23], visual tracking is formulated as a multitask sparse learning problem, where the representation of target
candidates are jointly learned by using the accelerated proximal
gradient algorithm. The tracking algorithm [23] is robust
to drastic illumination and pose variations. However, these
tracking algorithms [5, 23, 26] normalize each target candidate
to a low resolution image patches (e.g., 12 × 15 in [5]),
which are incapable of capturing sufficient visual information
to represent the target. Although sparse representation based
tracking algorithms have shown interesting results, expensive
computation requirement due to solving the `1 minimization
problem limits the tracking performance in real time.
Wang et al. [9] propose a Least Soft-thresold Squares (LSS)
distance based tracking algorithm. In [9], a target candidate
is modeled by a dictionary, which consists of a set of PCA
basis vectors. The reconstruction residual between a target
candidate and the dictionary is computed by the LSS distance.
The LSS tracking algorithm is robust to partial occlusions and
background clutters. In [8], a target is represented via a PCA
subspace, and the continuous outliers are depicted by using a
probability continuous outlier model.
For generative tracking algorithms, a robust appearance
model plays a very important role to the tracking performance.
Usually, a target candidate is linearly approximated by a set
of templates or basis vectors. However, this turns out to be
insufficient to cover possible appearances of a target due to
significant appearance variations during visual tracking.
Inspired by the convex hull representation that is used in
image set classification [27] and face recognition [28, 29], a
target candidate is approximated by an affine combination on
a set of templates in our work. This affine hull based target
representation has several advantages. First, target appearance
models based affine combinations are more discriminative than
other linear combinations based ones, since the affine hull
can account for unseen target appearances. Such a target
representation is particularly appealing in the cases that heavy
occlusions and other significant appearance variations are in
presence. Moreover, this affine hull based target representation
can be reduced to as simple as a projection operation, which
is approximated efficiently by using the ridge regression technique.

2. Related work
Visual tracking is an important research topic in computer
vision. Based on the types of appearance models adopted,
tracking algorithm can be broadly categorized into two groups,
namely generative tracking and discriminative tracking. Generative algorithms [4, 5, 7–12] usually learn an appearance
model to represent a target, and use it to search for the region
which is the most similar to the target model in each image
frame. Unlike generative algorithms, discriminative algorithms
[13–21] formulate visual tracking as a binary classification
problem, in which a classifier is learnt to separate a target from
its surrounding backgrounds. Here, we briefly review some
representative tracking algorithms and techniques related to our
work.
Recently, several tracking algorithms based on sparse representation techniques [22] have been proposed [5–7, 23–
26]. These tracking algorithms represent each target candidate
by a sparse linear combination of atoms (or templates) in a
dictionary. In [5], a target candidate is linearly represented as a
linear combination of both target and trivial templates, where
trivial templates are used to describe outliers or occlusions.
The L1 tracking algorithm [5] is robust to various appearance
variations (e.g., partial occlusions and illumination variations),
however, it is computationally expensive due to the requirement
of solving the `1 -regularized least-square problem. Bao et al.
[26] extend it via an accelerated proximal gradient algorithm,
which achieves better tracking performance and faster speed.
In order to further improve tracking stability and accuracy,
Zhang et al. [6] utilize the background information around the

3. Particle filter for visual tracking
The particle filter framework [30], also known as a sequential
Monte Carlo method for importance sampling [31], is popularly
used for visual tracking due to its simplicity and effectiveness.
Given the target state s1 in the first frame, the estimated state of
the target at frame t is st , and the corresponding observation
is denoted as yt . The tracking problem is modeled as an
estimation of the posterior distribution p(st |y1:t ), where y1:t =
{y1 , y2 , · · · , yt } are observations from previous t frames. To
fulfill the tracking, a set of particles (i.e., target candidates)
X1 = {x11 , x21 , · · · , xm
1 } are initialized by sampling regions
2

surrounding s1 . With this set of particles, the state of target
st at time t is estimated as

…

wit xit ,

(1)

candidate yti

i=1

where wit is a weight associated with particle xit . As the tracking
is consequentially undertaken, wit is dynamically updated. In
the updating process, xit is often assumed to follow a first-order
Markov model. That is the state of xit at time t is only related
to the state of particle xi at time t − 1, namely p(xit |xit−1 ). As a
result, wit is updated as
wit

=

wit−1 p(yit |xit ),

(2)

α̂ = arg min kyit − Dαk22 , s.t. kαk22 < ε,
α

dn

n
X

α j = 1.

(4)

j=1

In Eqn. (4), the term kαk22 < ε prevents a template having a
dominant role in approximating a target candidate. As shown in
Eqn. (4), we need to estimate α which minimizes the residual
of reconstructing the target candidate yit . Given a dictionary D,
the spanned affine hull is defined as [28]


n
n


X
X




H(D) = 
α j = 1
.
(5)
Dα =
d jα j




i=1

i=1

In Eqn. (4), the solution of α̂ can be conveniently obtained
by using ridge regression as

In this section, under the framework of particle filtering, we
propose a novel representation for a target candidate. Namely,
a target candidate is represented by an affine combination of
a template set (or dictionary). Accordingly, the observation
likelihood p(yit |xit ) is estimated with this new representation.
Additionally, in order to adapt this representation to dynamic
contexts across a video sequence, a novel template update
scheme is presented. Different from conventional approaches,
this template update scheme considers the importance of a
template in approximating a target candidate as well as the
recentness of the template that is kept in the template set.

α̂ = (DT D + λI)−1 DT yit ,

(6)

where I is an identify matrix, λ is a constant. With the solution
of α̂, the target candidate yit can be approximated as
ŷit = D(DT D + λI)−1 DT yit .

(7)

As shown in Fig. 1, a target candidate is approximated by a
set of target templates and the affine hull spanned by the target
templates. Note that the template set D is updated accordingly
after the target has been tracked in each frame. As seen from
Eqn. (7), the approximation ŷit of a particle xit depends on yit and
the template set D in each frame. D is fixed for all particles
in each frame. Let P = D(DT D + λI)−1 DT , and it can be
pre-calculated after obtaining the template set D. Then, the
approximations of all particles can be calculated by using P.
When a particle xit is handled, we can simply estimate ŷit via
Pyit .
The affine hull spanned by a template set is a rough approximation representation, however, it is able to cover most possible
affine combinations of the templates. It is therefore capable of
approximating unseen target appearances which do not appear
in the template set. As a result, the appearance model based
on affine hull turns out to be robust to significant appearance
variations as it is shown in the following experiment section.

4.1. Target representation
In visual tracking, a particle is associated with an appearance subspace spanned by a set of templates, which represent
different target appearances. Given a particle xit at time t,
its observation yit is usually coded as a linear combination of
templates in a dictionary D:
d j α j + β,

…

Different from this simple linear combination of templates,
in our algorithm, yit is approximated in the form of affine
combination of the templates in D:

4. The proposed tracking algorithm

n
X

d2

Figure 1: An illustration of representing a target candidate
with a template set and the affine hull spanned by the target
templates.

where p(yit |xit ) is the observation likelihood of particle xit belonging to the target. From Eqns. (1) and (2), we can see
that it is critical to estimate the observation likelihood for each
particle. In the following section, a novel estimation function
is presented based on the affine hull representation for the
particles.
In our implementation, the state xit is simply defined by its 2D
position and scale in the t-th current frame. Correspondingly,
the region defined by xit is normalized to the target size and the
histograms of sparse codes (HSC) [32] as the feature descriptor
are computed from it. The HSC feature for each particle is
treated as the observation yit .

yit =

d1

…

ŝt =

m
X

Target template D

(3)

j=1

where D = [d1 , d2 , · · · , dn ] is a set of templates, α =
[α1 , α2 , · · · , αn ]T ∈ Rn is the template coefficient vector that is
to be estimated, β is a noise term with bounded energy kβk2 < ε,
ε is a small constant.
3

4.2. Likelihood evaluation

Algorithm 1: Template update procedure
Input: The tracking result yt at time t, the template set
Dt−1 = [d1 , d2 , · · · , dn ] at time t − 1, and the
template weights Ωt−1 = [ω1 , ω2 , · · · , ωn ] at time
t − 1.
Output: The template set Dt and the corresponding
template weight Ωt at time t.
T
1 Compute the template coefficient α = [α1 , α2 , · · · , αn ]
with yt and Dt−1 via Eqn. (6).
2 Update ωi with Eqn. (11).
3 k ← argmin(ωi ).

The observation likelihood represents the similarity between
a target candidate and the corresponding template set. Usually,
the observation likelihood is derived from the reconstruction
residual. In this work, it is computed from both the reconstruction residual and the target template coefficients. Given
a target candidate yit and the corresponding template set D, the
reconstruction residual is defined as
d(yit , H(D)) = kyit − Pyit k22 = (yit )T Myit ,

(8)

i

where

4

P = D(DT D + λI)−1 DT , and M = [I − P]T [I − P].

5

(9)

6

Based on Eqn. (8), the observation likelihood of a target
candidate yit belonging to the target is measured as
o
n
(10)
p(yit |xit ) ∝ exp −σ(d(yit , H(D)) + λ kα̂k22 ) ,

7
8

Algorithm 2: The proposed AHT algorithm
Input: Video frames F1 , · · · , F L .
Output: Target state series ŝt , t = 1, · · · , L.
1 Initialization:
1) t = 1, manually select the initial target state s1 in F1 .
2) Initialize the template set D1 = [d1 , · · · , dn ] and its
weight ωi = 1n .
3) Initialize m particles {xit }m
i=1 using the particle filter.
2 for t = 2 to L do
3
Generate m particles {xit }m
i=1 according to p(xt |xt−1 ).
i m
4
Extract HSC features {yit }m
i=1 for {xt }i=1 .
i
5
for each particle xt do
6
Compute p(yit |xit ) with Dt−1 using Eqn. (10).
7
Update wit using Eqn. (2).
8
end
9
Estimate the target state ŝt using Eqn. (1).
10
Obtain the HSC feature yt according to the state ŝt .
11
Update the template set Dt via Alg. 1.
12
Return ŝt .
13 end

where σ is the standard deviation of the Gaussian kernel; D is
the template set; and α̂ is the template coefficient vector.
Different from the likelihood functions adopted in [5], we
introduce the template coefficient vector α̂ into the likelihood
function. The term kα̂k22 makes the likelihood evaluation more
stable since it introduces some discriminative information to the
likelihood function.
4.3. Template update
The target appearances vary dynamically across the video
sequence. Visual tracking with fixed target templates is not
robust to significant appearance variations. It is necessary to
incorporate the target templates extracted from recent frames to
reflect these variations, and swapped out the “outdated” target
templates which have less contributions in approximating a
target candidate in the current frame. In order to handle appearance variations and alleviate the drift problem, we develop
a time-weighted template update scheme to effectively update a
template set. The representative templates are maintained and
the target template with the smallest weight is replaced by the
new tracking result at each frame. In the first frame, we select
some image patches as target templates within a neighborhood
(3 pixels in the experiments) around the center of the current
target.
In the proposed update scheme, a template d j in D is
associated with a weight ω j , which can be written as
ω j ← ω j ∗ ct0i ∗ exp(α j ), 1 ≤ j ≤ n,

ωk ← mean(Ωt−1 ).
dk ← yt .
Ωt ← Ωt−1 ./sum(Ωt−1 ).
Dt ← Dt−1 .
Return Dt and Ωt .

4.4. Visual Tracking with Affine Hull Representation
After the discussion about the three major components (i.e.,
the affine hull based target representation, the likelihood function and the template update scheme), we present the proposed
AHT algorithm whose complete procedure is outlined in Alg.
2. As shown in Alg. 2, there are five major components: generating particles, evaluating observation likelihood, localizing
target, updating template and their corresponding weights. In
the first frame, we manually select the initial bounding box and
initialize a set of target templates; then, a number of particles
are generated in the particle filter framework (i.e., step 1 in Alg.
2). For visual tracking in the subsequent frames, the process
is undertaken as follows: a number of particles are generated
around the target location at the previous frame, and the HSC
feature for each particle is extracted (steps 3-4 in Alg. 2). Based

(11)

where c0 is experimentally set to 1.1, and ti is the time slot
where d j joins into the template set. At the first frame, ω j
is initialized to 1/n. For a template newly swapped-in, its ω
is initialized to the average weight value of the current target
templates. As seen from Eqn. (11), the update scheme considers
both the current weight of a target template and the timevarying properties of the target template. The detailed steps
of the update scheme are given in Alg. 1.
4

on the HSC features and the updated template set Dt−1 at the
previous frame, the observation likelihood of each particle is
computed at step 6 and the weight of each particle is updated
at step 7 in Alg. 2. Subsequently, we are able to estimate the
current target location at step 9 in Alg. 2. With the template
coefficient vector, the template set is updated, which is shown
as step 11 in Alg. 2.

CT [38], VTD [39] and ONNDL [40]. Table 1 summarizes the
main characteristics of the state-of-the-art tracking algorithms.
For fairness, in the experiments, we use the source codes
or binary codes provided by the authors, and initialize these
algorithms with default parameters. Fig. 2 shows the first and
last frames of the eight video sequences. Table 2 summarizes
the main attributes of the video sequences. For each video
sequence, the bounding box of the target is manually initialized
in the first frame.

5. Experiments

The proposed tracking algorithm is implemented in MATLAB. All the algorithms in the experiment are tested on a
PC with Intel(R) i7-3770 CPU (3.4GHZ) and 16GB memory.
The number of particles is set to 300. For each particle, the
corresponding HSC feature [32] is extracted. In the feature
extraction, the sparsity level K is set to 1. The dictionary is

The performance of the proposed AHT algorithm is evaluated in comparison with several state-of-the-art tracking algorithms on eight challenging video sequences from [1, 9, 12, 17,
18]. The state-of-the-art tracking algorithms include: Struck
[33], LOT [34], Frag [35], VTS [36], OAB [37], L1APG [26],

Table 1: The main characteristics of the competing tracking algorithms.
Algorithm

Observation model

Framework

Object Representation

Appearance model / Classifier

Struck [33]
LOT [34]
Frag [35]

discriminative
generative
generative

dense search
particle filter
dense search

– / structured SVM
–/–
–/–

VTS [36]

generative

markov chain monte carlo

OAB [37]
L1APG [26]
CT [38]

discriminative
generative
discriminative

dense search
particle filter
dense search

VTD [39]

generative

markov chain monte carlo

ONNDL [40]

generative

particle filter

haar-like features
superpixels
local intensity histogram
hue, saturation, intensity
and edge templates
haar-like features
holistic image intensity
H, haar-like features
hue, saturation, intensity
and edge templates
holistic image intensity

(a) Football

(b) Face

(c) David2

(d) Sylvester (e) Badminton

sparse principal component analysis / –
– / online boosting
sparse representation / –
– / naive bayes
sparse principal component analysis / –
sparse representation / –

(f) Man

(g) Coke can (h) MountainBike

Figure 2: The images on the first and second rows are the first and last frames of the eight video sequences. The targets are
represented by the red rectangle boxes at the corresponding frames.
Table 2: The main attributes of the video sequences. Target size: the initial target size in the first frame, BC: background clutters,
OPR: out-of-plane rotation, IPR: in-plane rotation, Occ: occlusions, Def: deformation, IV: illumination variations, SO: similar
objects, FM: fast motion, MB: motion blur.
Sequence

Frames

Image size

Target size

Color

Football
Face
David2
Sylvester
Badminton
Man
Coke can
MountainBike

362
493
537
1345
281
134
292
228

624 × 352
640 × 480
320 × 240
320 × 240
640 × 360
241 × 193
320 × 240
640 × 360

39 × 50
95 × 111
27 × 34
51 × 61
28 × 50
28 × 42
24 × 40
67 × 56

Gray
RGB
Gray
Gray
RGB
RGB
RGB
RGB

BC
√
√

√
√
√

5

OPR
√
√
√
√
√
√
√

IPR
√
√
√
√

Occ
√

IV

SO
√

√

FM

MB

√

√

√

√

√
√

√
√

Def

√

√

√
√
√

√

Face

100
0
0

100

200
300
Frame #

300
200
100
0
0

400

100
50
0
0

600

50

Center Error

Center Error

100

60
40
20
0
0

300

100
50
0
0

600

50
100
Frame #

150

1500

400

100
50
0
0

500
1000
Frame #

MountainBike

150

80

150

200
400
Frame #

150

Coke can

100

100
200
Frame #

150

Man

Badminton
200

Center Error

200
400
Frame #

200

Center Error

200

Sylvester

200

Center Error

Center Error

Center Error

300

0
0

David2

400

Center Error

Football
400

100
200
Frame #

300

300
200
100
0
0

100
200
Frame #

300

Figure 3: Quantitative evaluation of the ten tracking algorithms on the eight video sequences in terms of center location errors (in
pixels).
Table 3: The average center location errors (in pixels) obtained by the ten tracking algorithms. The best result and the second best
result are shown in red color and blue color, respectively.
Sequence

Struck [33]

LOT [34]

Frag [35]

VTS [36]

OAB [37]

L1APG [26]

CT [38]

VTD [39]

ONNDL [40]

AHT

Football
Face
David2
Sylvester
Badminton
Man
Coke can
MountainBike

15.3
77.1
1.6
11.7
49.9
2.3
10.5
12.9

6.9
33.2
5.1
10.5
8.4
38.6
56.3
62.9

14.6
46.8
4.5
22.7
20.7
44.6
69.0
34.0

115.3
55.3
55.1
22.0
59.6
22.7
68.1
17.0

19.4
80.6
28.8
11.9
11.1
2.8
14.6
12.6

31.9
40.6
10.6
29.3
29.5
2.8
59.3
123.8

10.8
74.8
11.5
16.3
30.7
33.5
20.2
211.1

218.3
56.2
55.8
58.4
30.3
22.7
53.6
65.7

16.3
128.6
24.5
10.4
30.6
3.0
9.8
7.4

4.7
7.7
4.4
4.8
8.9
2.3
8.9
7.0

Average

22.6

27.8

32.1

51.9

22.8

40.9

51.1

70.1

28.8

6.1

defined on 5×5 patches, and its size is set to 50. The value of
σ in Eqn. (10) is set to 20. The values of λ in Eqns. (6), (7)
and (10) is set to 0.001. For balancing template diversity and
computational efficiency, the size of the template set is set to 25
in the experiments.

5.2. Quantitative evaluation
Fig. 3 shows the plots of the center location errors (in pixels)
obtained by all the competing tracking algorithms on the eight
video sequences. Table 3 shows the average center location
errors (in pixels) obtained by all the competing tracking algorithms. In Fig. 3 and Table 3, a smaller error value means
a more accurate tracking result. From Fig. 3 and Table 3,
we can see that the proposed AHT algorithm achieves very
favorable performance against the other competing algorithms.
The proposed AHT is among the best tracking results in six of
the eight video sequences, while it obtains the smallest average
center location error over the eight video sequences.
Fig. 4 shows the plots of the overlap rates obtained by all the
competing tracking algorithms on the eight video sequences.
Table 4 shows the average overlap rates obtained by all the
competing tracking algorithms. In Fig. 4, and Table 4, a higher
score means a more accurate tracking result. From Fig. 4 and
Table 4, we can see that the proposed AHT algorithm achieves
the best or the second best tracking results in all of the video
sequences. Moreover, it obtains the highest average overlap
rate over the eight video sequences.
Table 5 reports the success rates obtained by all the compet-

5.1. Evaluation measures
Three evaluation measures, which are popularly used in the
literature, are adopted to assess the performance of all the
competing tracking algorithms. They are the center location
error, the overlap rate and the success rate. The center location
error is defined as the Euclidean distance between the center
location of the estimated target region and the center of the
ground truth bounding box. We also use the average center
location error over all the frames of each video sequence to
evaluate the overall performance on that video sequence. The
T ∩RG )
overlap rate is defined as area(R
area(RT ∪RG ) where RT and RG are the
bounding boxes of the tracking result and the corresponding
ground truth, respectively. For each frame, the tracking result is
considered as a successful result when the overlap rate exceeds
0.5.
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Face

0.25
100

200
300
Frame #

0.75
0.5
0.25
0
0

400

Badminton

200
400
Frame #

0.75
0.5
0.25
0
0

600

Man

0.5
0.25
0
0

100
200
Frame #

0.75
0.5
0.25
0
0

300

0.5
0.25
0
0

600

50
100
Frame #

0.5
0.25
0
0

1500

1

0.75

150

500
1000
Frame #

MountainBike

1
Overlap Rate

0.75

200
400
Frame #

0.75

Coke can

1
Overlap Rate

1

1
Overlap Rate

0.5

Sylvester

1
Overlap Rate

Overlap Rate

Overlap Rate

0.75

0
0

Overlap Rate

David2

1

Overlap Rate

Football
1

100
200
Frame #

300

0.75
0.5
0.25
0
0

100
200
Frame #

300

Figure 4: Quantitative evaluation of the ten tracking algorithms on the eight video sequences in terms of overlap rates.
Table 4: The average overlap rates (in percentage) obtained by the ten tracking algorithms. The best result and the second best
result are shown in red color and blue color, respectively.
Sequence

Struck [33]

LOT [34]

Frag [35]

VTS [36]

OAB [37]

L1APG [26]

CT [38]

VTD [39]

ONNDL [40]

AHT

Football
Face
David2
Sylvester
Badminton
Man
Coke can
MountainBike

55.7
25.7
85.7
66.1
36.0
81.9
50.1
62.2

64.8
50.1
64.9
55.8
63.3
16.6
5.3
51.4

56.2
39.5
67.8
46.4
53.5
17.5
7.4
53.7

30.8
30.9
25.7
57.6
19.4
27.4
6.4
60.5

52.1
26.0
39.2
61.4
57.1
80.1
40.4
62.6

49.4
46.9
55.5
22.0
35.4
75.4
6.7
38.7

61.8
22.6
54.3
61.2
49.3
25.3
32.5
14.3

13.0
31.0
26.7
37.4
25.8
28.7
7.1
47.3

57.7
15.9
61.0
62.7
49.0
80.1
53.8
72.3

70.3
79.9
68.5
75.1
57.6
83.4
60.8
73.7

Average

57.9

46.5

42.7

32.3

52.4

41.3

40.5

27.1

56.5

71.5

Table 5: The success rates (in percentage) obtained by the ten tracking algorithms. The best result and the second best result are
shown in red color and blue color, respectively.
Sequence

Struck [33]

LOT [34]

Frag [35]

VTS [36]

OAB [37]

L1APG [26]

CT [38]

VTD [39]

ONNDL [40]

AHT

Football
Face
David2
Sylvester
Badminton
Man
Coke can
MountainBike

69.3
23.2
100
80.3
39.5
99.3
64.4
81.6

79.0
55.6
87.2
62.3
82.6
22.4
3.4
64.9

72.9
21.3
89.8
50.3
65.9
20.9
6.8
70.6

41.4
15.2
36.1
69.7
17.1
22.4
8.4
86.0

68.5
32.3
36.7
71.3
60.5
99.3
28.8
81.1

67.1
47.5
70.6
26.0
42.4
100
6.8
54.0

79.3
13.1
64.7
80.2
61.9
23.1
30.5
17.1

16.9
8.5
33.7
48.4
16.1
22.4
8.5
59.2

74.9
15.2
74.8
87.2
61.2
99.3
66.1
97.4

96.7
96.0
100
100
66.9
100
76.3
100

Average

69.7

57.2

49.8

37.1

59.8

51.8

46.3

26.7

72.0

92.0

ing tracking algorithms, where a higher score means a more
successful tracking result. From Table 5, we can see that the
proposed AHT algorithm obtains the best results in seven of
the eight video sequences and the second best result in the other
video sequence. Moreover, AHT achieves the highest average
success rate over the eight video sequences.

Fig. 5(a) shows some tracking results in the Football
sequence, in which the background is full of clutters. The target
(i.e., a football player) shares the similar color with the other
players. Distracted by background clutters, occlusions, inplane and out-of-plane rotations, VTD, VTS, CT and L1APG
fail to track the target after the 62nd, 170th, 289th and 247th
frames, respectively. Struck fails to track the target from the
152nd frame to the 163rd frame, and it completely loses the
target after the 270th frame. LOT obtains less accurate tracking
results from the 160th frame to the 202nd frame. ONNDL
drifts away from the target from the 104th frame to the 112th

5.3. Qualitative evaluation
In this section, a detailed analysis on the tracking results
obtained by the ten competing algorithms is given on the eight
video sequences. Some tracking results are shown in Fig. 5.
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frame, and it loses the target after the 287th frame. Frag fails
to track the target after the 276th frame, while OAB tracks
the other player from the 287th frame to the end of the video
sequence. In contrast, only the proposed AHT algorithm is able
to successfully track the target throughout the video sequence,
and achieves accurate tracking results.
In the Face sequence which is shown in Fig. 5(b), the target
is a moving face in an indoor environment. Due to the influence
of fast motion, background clutters, motion blur, in-plane and
out-of-plane rotations, VTD stays away from the target from
the 201st frame to the 337th frame, and it loses the target from
the 249th frame to the 384th frame. CT loses the target from
the 21st frame to the 158th frame, while Frag fails to track the
target from the 282nd frame to the 340th frame. OAB loses
the target after the 163rd frame. L1APG obtains inaccurate
tracking results from the 119th frame to the 265th frame. LOT
fails in tracking the target from the 190th frame. ONNDL and
Struck fail to track the target after the 103rd frame and the 187th
frame, respectively. VTS loses the target from the 213th frame
to the 384th frame. In contrast, the proposed AHT algorithm
can accurately track the target throughout the video sequence.
The David2 sequence shown in Fig. 5(c) is recorded in
an indoor environment. Affected by in-plane and out-of-plane
rotations, CT drifts away from the target from the 25th frame to
the 61st frame, and it completely loses the target after the 397th
frame. VTS, L1APG, VTD and ONNDL fail to track the target
after the 205th, 385th, 219th and 402nd frames, respectively.
LOT obtains inaccurate tracking results in some frames (e.g.,
from the 433rd frame to the 455th frame). Frag drifts away
from the target from the 421st frame to the 457th frame. OAB
achieves inaccurate tracking results in some frames (e.g., from
the 93rd frame to the 110th frame), and it loses the target
from the 160th frame to the 478th frame. In contrast, Struck
and AHT keep tracking the target throughout the entire video
sequence.
Fig. 5(d) shows some tracking results in the S ylvester
sequence. Due to the influence of illumination variations, inplane and out-of-plane rotations, VTD loses the target from the
608th frame to the 1282nd frame. L1APG and LOT fail to track
the target after the 352nd and 1282nd frames, respectively. Frag
loses the target from the 599th frame to the 1161st frame, and
it completely fails to track the target after the 1183nd frame.
VTS stays away from the target from the 1072nd frame to the
1323rd frame. OAB loses the target from the 341st to the 393rd
frames. CT drifts away from the target from the 1016th frame
to the 1056th frame, while it completely loses the target from
the 1076th frame to the 1285th frame. ONNDL fails to track
the target from the 1146th frame to the 1284th frame. Struck
obtains inaccurate tracking results from the 1138th frame to
the 1196th frame, and it completely loses the target after the
1250th frame. In contrast, only the proposed AHT algorithm
can successfully track the target throughout the video sequence.
Fig. 5(e) shows a video about a badminton match. Distracted
by partial occlusions, non-rigid object deformation, out-ofplane rotation, fast motion, motion blur and background clutters, CT fails to track the target from the 116th frame to the 206th
frame. VTD and VTS lose the target after the 112th and 111th

frames, respectively. ONNDL drifts away from the target from
the 37th frame to the 53rd frame, and loses the target after the
193rd frame. Frag loses the target from the 185th frame to the
225th frame, while OAB loses the target in some frames (e.g.,
from the 190th frame to the 207th frame). L1APG achieves
inaccurate tracking results from the 28th frame to the 63rd
frame, while it fails to track the target from the 185th frame to
the 206th frame. Struck is not robust to partial occlusions and
non-rigid object deformation, and it fails to track the target in
some frames (e.g., from the 49th frame to the 115th frame). In
contrast, LOT and AHT obtain more accurate tracking results
in the case of partial occlusions, non-rigid object deformation
and background clutters.
As shown in Fig. 5(f), the target undergoes drastic illumination variations in the Man sequence. After the 32nd
frame, CT fails to track the target because of the influence
of illumination variations, while VTD and VTS fail to track
the target after the 30th and the 31st frames, respectively.
When the target undergoes drastic illumination variations, Frag
and LOT lose the target after the 29th and the 31st frames,
respectively. The other competing algorithms and the proposed
AHT algorithm keep tracking the target throughout the video
sequence. Compared with these competing algorithms, AHT
achieves more accuracy tracking performance.
Fig. 5(g) shows some tracking results in the Coke can
sequence. Suffering from illumination variations, background
clutters, occlusions, fast motion, in-plane and out-of-plane
rotations, LOT, L1APG and VTD lose the target after the 12th,
23rd and 36th frames, respectively. Frag fails to track the target
from the 65th frame, while VTS loses the target after the 37th
frame. CT achieves inaccurate tracking results from the 57th
frame to the 116th frame, and it completely loses the target
after the 177th frame. OAB stays away from the target from the
39th frame to the 53rd frame, and it completely fails to track
the target after the 104th frame. Struck and ONNDL can keep
tracking the target, but obtain inaccurate tracking results. In
contrast, the proposed AHT algorithm achieve better tracking
results than all the other competing algorithms.
Fig. 5(h) shows some tracking results in the MountainBike
sequence. Affected by background clutters, in-plane and outof-plane rotations, Struck loses the target from the 175th frame
to the 215th frame. Frag, CT, VTS, and L1APG fail to track
the target after the 182nd, 40th, 197th and 124th frames,
respectively. VTD obtains inaccurate tracking results in some
frames (e.g., from the 127th frame to the 146th frame), and it
completely loses the target after the 155th frame. OAB fails
to track the target from the 168th to the 208th frames, while
ONNDL loses the target from the 198th frame to the 204th
frame. LOT drifts away from the target from the 140th frame
to the 158th frame, and it completely loses the target after the
163rd frame. In contrast, only the proposed AHT algorithm is
able to successfully track the target at all times.
6. Conclusion
We have presented a simple but effective tracking algorithm,
in which a target is represented with the affine hull spanned
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(a) Football

(b) Face

(c) David2

(d) Sylvester

(e) Badminton

(f) Man

(g) Coke can

(h) MountainBike

Figure 5: The tracking results obtained by the ten tracking algorithms on the eight video sequences.
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by the target templates. As shown in the paper, the affine hull
based target representation is robust to significant appearance
variations. In addition, an adaptive template update scheme is
proposed. The update scheme considers both the contribution
weight and its recentness of a template, such that the diversity
and representativeness of the target templates are maintained.
Moreover, a novel likelihood function is introduced, which
helps to locate the target accurately. In combination with the
affine hull based target representation, the proposed algorithm
demonstrates satisfying performance in comparison to nine
state-of-the-art tracking algorithms. In particular, the proposed
algorithm turns out to be robust to background clutters, out-ofplane rotation, illumination variations, etc.
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